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Abstract—With the servitization of business, understanding how users experience services becomes a crucial success factor for
companies. Therefore, there is a need to include feedback from user experiences in the software engineering process. Behavioral
models of user journeys, describing how users experience their interaction with a service, can provide insights and potentially improve
services. In this paper, we investigate techniques that allow the automatic generation of behavioral models from user interactions with a
service, recorded in an event log. We first compare two established techniques that generate behavioral models from a given event log:

automata learning and process mining. Afterward, we present a novel, hybrid method that combines both automata learning and
process mining methods to overcome their limitations. For the existing techniques, we present methods to learn models of user
journeys and evaluate the accuracy of the resulting models. We then compare these techniques with our novel method for the
automatic extraction of user journey models from the event logs of digital services. We assess the practical applicability of all
techniques by evaluating real-world applications. Our results show that process mining techniques rely on expert knowledge, while
automata learning techniques depend on the distribution of events in the given event log. We further show that the proposed hybrid
technique combines the strengths of both process mining and automata learning, automatically selecting the best method and
parameter settings for a given event log to learn very accurate models.

Index Terms—passive automata learning, process discovery, model inference, model learning, customer journeys, AALpy

1 INTRODUCTION

Software products increasingly rely on service-oriented
business models [1], making user satisfaction a key factor
in a business’ financial success [2]. User (or customer) jour-
neys [3] are models that describe how users experience a ser-
vice. These models have been highly successful in explain-
ing and improving services [4], but their construction and
analysis typically require significant manual effort [5]. This
paper investigates the automated, data-driven construction
of behavioral models of user journeys, that are amenable to
tool-driven analysis. We compare two techniques for learn-
ing such behavioral models from the system logs of services:
automata learning (AL) [6] and process mining (PM) [7].

For user-centric services, it is important to feed insights
about user behavior back into the continuous development
process (e.g., [8]). These services are typically personal-
ized [9], and changes to the service might directly affect user
behavior. For the service provider, it is crucial to know why
and in which steps of the service they lose users. Usually,
if companies grow over time, so do the number of users
and the variations in the service. Companies are confronted
with evolving user expectations [9, 10]; their success
depends on maintaining the quality of the constructed
behavioral models. However, user journey models are
usually generated and analyzed manually, typically with a
few selected users through questionnaires, relying heavily
on domain experts [11]. Thus, the creation of user journey
models lacks both agility and scalability to large user bases.
The process suffers from a lack of tool support and is
inherently limited by the high amount of manual labor [5].

User journeys record and analyze the time sequence of
interactions between a service provider and a user from
the user’s perspective. Users interact with a service to

reach some goal, e.g., to order an item online. The steps
of the user journey, called touchpoints, record actions or
communications between a service provider and a user.
Touchpoints are observable and stateful, which makes user
journeys amenable to behavioral modeling. Behavioral
models of user journeys describe user behavior using
a finite-state representation, providing insights into an
underlying user journey. A formal representation of the
user behavior enables automatic analysis of properties,
e.g., checking whether a user can achieve a certain task.
In practice, the presence of such behavioral models is
limited. Therefore, this paper investigates techniques to
automatically construct behavioral models of user journeys.

Automatically constructed behavioral models of user
journeys have recently been used to analyze weaknesses
in service offerings by Kobialka et al. [12, 13]; the user
journeys were formalized as transition systems, constructed
from system logs using PM and AL techniques. Figure 1
illustrates the three-step procedure introduced by Kobialka
et al. [12] to automatically generate behavioral models from
logs, enabling advanced model-based analysis. In Step 1,
we can either use AL or PM to create behavioral models
from logs. Compared to manually constructed models, the
approach enables the analysis of user journeys at a com-
pletely different scale; system logs may span from days to
years of interaction between service and users, captured
in possibly more than thousands of traces. Pain points in
the offered service are automatically detected by (proba-
bilistically) model checking [14, 15] the behavioral model
in Step 2. Step 3 includes further visualization; e.g., Sankey
diagrams [16] can then show us the actions most viable for
improvements. The pipeline shown in Fig. 1 demonstrates
that finite transition systems enable an in-depth analysis of
user behavior. Analysis techniques such as model checking
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Fig. 1: Three step procedure for the creation and analysis of
user journey models. This work focuses on Step 1, indicated
by the red square, i.e., the automatic creation of behavioral
models from event logs.
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can identify bottlenecks in a service. Kobialka et al. [12] also
use model checking to visualize user flows in a more under-
standable way for service providers, via Sankey diagrams.

In this paper, we focus on Step 1 in Fig. 1 and compare
the two alternatives for constructing user journey models,
using either PM or AL techniques. Both are well-established,
but stem from different communities: PM techniques aim to
gain insights into business processes, while AL techniques
aim to derive the most general representation of a black-
box system as a behavioral model. Nevertheless, there are
similarities: Process discovery is a step in the PM pipeline that
addresses the problem of finding a model representation
from a given event log. Passive automata learning has a
similar goal, but focuses on finding the most general repre-
sentation. Recent developments in PM emphasize discovery
techniques for rich behavioral models, e.g., Petri nets or pro-
cess trees that allow the formalization of advanced system
characteristics such as parallelism [17]. However, user jour-
neys do not require such a feature-rich modeling formalism.
As shown by Kobialka et al. [18, 19], finite transition systems
model user journeys sufficiently and allow for rich analyses.
Therefore, to enable realistic analyses, we compare PM and
AL for learning behavioral models of user journeys.

Finite transition systems enable the application
of AL techniques, which provide well-established
algorithms [20, 21, 22] for learning a minimal finite-state
representation of a given set of system traces. However,
finding the right level of behavioral approximation defined
by a generated model is the most interesting challenge in pro-
cess mining [23]. The comparison of AL and PM techniques
specifically addresses this challenge: AL targets the most
general state representation in terms of overapproximation,
whereas PM approaches an underapproximation. Our
comparison between PM and AL shows that the accuracy
of the generated model strongly depends on the underlying
event log, where PM is beneficial for sparse event logs
and AL for larger, well-distributed logs. In this paper, we
propose a novel method, called HYBRID, that automatically
applies either PM or AL depending on characteristics of the
event log to obtain the most accurate model.

Contributions. The key contributions of this paper are:
(1) a novel benchmark suite for the evaluation of user
journey learning techniques, (2) an exhaustive comparison
of different AL and PM learning setups based on the bench-
mark suite, (3) the novel method HYBRID that combines
established AL and PM methods to extract behavioral user
journey models in practice, (4) a practical evaluation that
includes four different real-world case studies, and (5) a
discussion of actionable insights from these experiments.

2 RELATED WORK

Recent work on user journey modeling by Halvorsrud et al.
[5, 24] emphasize the need for digital support. In their
work, the actual journeys, reflected as user experience in
the models, are manually discovered through interviews
with users [4]. We here discuss previous work on automatic
model generation for user journeys, based on PM and AL
techniques. In contrast to all related work, our work focuses
on comparing and combining PM and AL techniques. To
the best of our knowledge, we are the first to propose a
combination of AL and PM techniques.

Process discovery methods in PM enable a data-driven
approach to generate user journey models. Positioning user
journey mappings in the PM landscape, Bernard and An-
dritsos [25, 26, 27, 28] consider methods to abstract large
numbers of user journeys into compact representations,
including an XML format for user journeys [25], hierarchical
clustering [26], user journey maps with different levels of
granularity based on process trees [27], and a genetic al-
gorithm to build representative user journeys [28]. Harbich
et al. [29] discover user journey maps using mixtures of
Markov models. Terragni and Hassani [30, 31] use PM tools
to generate models of an underlying user journey for differ-
ent user groups, and optimize towards specific key perfor-
mance indicators. The BPI Challenge 2012 [32, 33] makes
real-life event logs from a financial institution available
for analysis. Verbeek [34] addresses the challenge by con-
structing multiple transition systems for different aspects
of the event log, each with an adjusted representation. The
results show the potential of analyzing transition systems to
gain process-specific insights. We include the BPI challenge
2012 and 2017 [35] among the use cases for evaluating our
approach. Kobialka et al. [18, 19, 13] develop PM techniques
to generate and analyze weighted games that reflect the
user experience from logs. This line of work demonstrates
the usefulness of finite state automata for representing user
journeys; hence, we use them in this paper. There are also
process discovery techniques without an explicit model
representation; e.g., declarative process discovery [36, 37]
represents models by temporal logic formulae. These repre-
sentations are not addressed in our work.

In AL, methods for passive learning can be used for
event logs. The earliest work we know that uses AL for
process models is by Cook and Wolf [38], who learn a
model from software logs. Esparza et al. [39] proposed
an active AL algorithm to learn automata from Petri nets.
Their paper also discusses an extension to learning from
event logs that requires comprehensive logs. Agostinelli
et al. [40] evaluate AL methods for event logs and conclude
that the active L*-algorithm of Angluin [41] is not suitable
for model generation, but passive algorithms perform well
compared to the PM algorithm Declare of Pesic et al. [42],
e.g., RPNI [20], MDL [43], and EDSM [44]. In contrast to
this work, they assume that only traces of specific length
should be included in the model. Kobialka et al. [12] also
apply AL using the complete event log, but unlike this
work, they learn stochastic weighted games. In a similar
work, Johnsen et al. [45] show the capability of AL for
dealing with large data sets, creating timed stochastic games
for music streaming behavior. Wieman et al. [46] report on
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Fig. 2: Example of a transition system.

experiences from an industrial case study using passive AL
to mine models of the developed software tool from test
logs, and discuss practical applications of AL to improve
software development. A similar empirical approach could
be applied using learned user journeys to improve services.

Akin to user journeys, software product lines (or software
process lines) define a base process from which multiple
variations are derived. There are both PM [47, 48, 49] and
AL [50] techniques to generate and analyze models of the
underlying process. The PM techniques for software pro-
cess lines have a similar setup as for user journey mining,
i.e. using process discovery techniques to generate a model
from a process log. However, the AL approaches differ:
Damasceno et al. [50] extend AL techniques for software
product lines by learning featured finite state machines over
collections of product models. Software product lines are not
addressed in our current work.

No related work compares PM and AL in terms of
learning behavioral models of user journeys. Our paper
addresses this gap by focusing on logs of varying sizes as
observed in practice. No related work investigates whether
learned behavioral models over- or under-approximate the
given event log, and which parameter settings are adequate
for user journeys. Our work examines how to set model
parameters for PM and AL for sparse logs and proposes a
novel HYBRID technique which applies PM on small and
AL on large logs. We summarize the lessons learned from
our experiments into practical insights for practitioners.

3 PRELIMINARIES

We briefly introduce the required techniques from PM and
AL, after providing some basic definitions. Given a finite set
A of events, a trace 0 € A* is a finite sequential sequence
over A, possibly with duplicates. An event log L is a multiset
of traces in A*. Let € denote the empty trace. For a trace o =
{ag, . .., a,) with length |o| = n+1, o; denotes the i event
of o (so 0; = a;) and 0;.; the subtrace (a;,...,a;_1).1fi > j,
then 0;.; = €. We abbreviate Tiilol by o;. and o¢.; by ;.

A transition system (TS) [51, 52] is a tuple TS =
(T,A,E,1,T), where

o [I'is a finite set of states,

o A a finite set of events,

e F CT x A xT the finite set of transitions,
e I C T the finite set of initial states, and

e T C T the finite set of final states.

A run in TS is an alternating sequence of states and
events (sg,ag,S1,...) such that (s;,a;,siy1) € E, starting
from an initial state sg € I. Let R denote the set of all runs
in TS and 7 (r) = {(ag, a1, ...) the projectionofarunr € R
to its corresponding trace of events. Let £(1'S) denote the
language induced by 7'S, defined by all runs that end in a
final state, i.e.,, L(TS) = {n(r) |r € RAs, € T}. We call a
trace o € A* positive iff o € L(TS), otherwise it is negative.
TS is deterministic if (s,a,s'),(s,a,s") € E — s =" In
the sequel, we assume a TS to be non-deterministic. Runs
and traces highlight the difference between a transition
system and an event log: in a run on the transition system
both the events and the visited states are known, while the
corresponding trace in the log only records events.

Example 1 (Transition System). In the transition system
shown in Fig. 2, the initial state is indicated by an
arrow with an empty source, and the final states are
double-lined. A run in this transition system could
be r = (start, answer Q1,Q1 answered, answer Q2,
Q2 answered, . . .), with the corresponding trace 7(r) =
(answer Q1, answer Q2,...).

We assume that user journeys have a sequential struc-
ture; i.e., users only engage in one action at a time and
logs do not contain noise. With this assumption, transition
systems suffice as underlying formalism for user journeys.

3.1 Process Mining

Process mining (PM) [7] supports the model-based analysis
of processes. In PM, process discovery (PD) techniques
extract models of processes, e.g., Petri nets, from a sample
of process observations, e.g., event logs. Kobialka et al.
[19, 13, 53] recently applied PD techniques to automatically
generate behavioral models of user journeys from event
logs, based on the directly-follows graph (DFG) construction
of van der Aalst [54]. Well-established process discovery
algorithms include, e.g., approaches based on genetic
algorithms [55], Inductive Miner [56] for learning process
trees, Alpha Miner [57] for learning workflow nets, and
Heuristics Miner [58] for dealing with noise. We focus on
DEFGs as they represent a fundamental modelling technique
in process discovery. DFGs are well-suited for user journeys
as they are sequential and their state-based representations
can be used for, e.g., model checking [12, 19].

We review PD techniques within PM to generate DFGs
for user journeys. In short, PD consists of three phases:
(1) preprocessing, which prepares the event log; (2) construc-
tion, which generates the behavioral model; and (3) postpro-
cessing, which prepares this model for further analysis.

Preprocessing. The event log L is modified according
to a target granularity. Typically, L is filtered for outliers
(i.e., rare journey variations) by removing spurious traces.
Rare events may be filtered out, but this can remove too
many user interactions at this early stage of the discovery
process [54]. Note that a preprocessed L is still an event log.

Construction. Commonly, a DFG is a TS G =
(T,A,E, {so},T) where I = AU {sg}, transitions connect
consecutive events, so two states a,b € I' are connected,
(a,b,b) € E, if the log contains a trace where a € A is
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directly followed by b € A. The state so is a designated
initial state with outgoing transitions to the first event of
the traces in the log, and T contains the observed last
states in traces (or designated final states introduced in the
preprocessing). For process analysis, the DFG can be used
to highlight the most common behavior [54]. Directly follow
systems (DFS) introduce richer state representations than
DFGs by considering additional context and different con-
text representations [23]. DFSs have been used to model the
interactions between service providers and users [18, 19, 13].
Postprocessing. This phase consists of filtering rare tran-
sitions and completing the constructed DFS. The filtering of
rare transitions can be done in terms of their frequency in
the log, adjusting the neighboring transitions traversed by
the traces iteratively if needed to preserve model sound-
ness [54, 59]. Completing a DFS introduces common process
patterns that are not found in the log; e.g., enabling event in-
terleavings or alternative executions can be done by closing
“diamond” patterns and resolving self-loops [23].

3.2 Automata Learning

AL aims to learn a minimal automaton from a finite set
of system traces. AL stems from the problem of learning
an unknown regular language from a set of traces. AL can
be active or passive, depending on the set of traces that
are actively generated by interacting with the system under
learning (SUL) during learning or (passively) given traces.
For user journeys, we cannot generally assume access to a
SUL. Hence, we discard active AL and use passive learning
to generate a behavioral model from event logs. Gold [60]
showed that learning a regular language requires positive
and negative traces, where positive traces are those accepted
by the language and negative traces are those that are not ac-
cepted. However, Angluin [61] showed that the underlying
stochastic distribution of events can be used to learn models
from only positive traces. Since event logs for user journeys
only contain positive traces, we learn probabilistic models.
Alergia [21] is a state-merging algorithm for learning behav-
ioral models of probabilistic systems from positive traces,
where state-merging is a passive AL technique for learning
behavioral models of black-box systems from a set of traces.

Let £L(SUL) C A* be the language defined by the SUL.
Given a set of traces L C L(SUL), an AL algorithm con-
structs a frequency prefix tree acceptor (FPTA) T, where states
in the tree represent events in the traces of L. Let 0 < o’
denote the reflexive prefix relation on traces, expressing that
o is a prefix of o’. The FPTA T is constructed such that
o < ¢’ holds for every pair of traces, where o € A* is a
prefix generated from the root of 7 and ¢’ € L. Transitions
in 7 are labeled by the number of traces from L with the
same prefix in 7.

AL merges states of similar events in 7 by assuming the
Markov property; i.e., subsequent events depend only on
the current event. State merges are based on an evaluation
function that allows to assess whether states can be merged,
but also to create a ranking of possible merge candidates.

Alergia [21] is a well-established passive AL algorithm
based on state-merging. Alergia’s evaluation function for

4

merging states uses the Hoeffding bound [62]: two states
s,s"in T differ if, for any event a € A4,

o

Ng Ury

1 ) 2,1 1
2o ot
holds, where n, € N is the sum of the frequencies on the
outgoing transitions from state s and f; the frequency
of the current event a in s. The parameter @ € (0,1]
expresses the confidence that the distribution of events
in the log reflects the system’s behavior. An event log
is well-distributed if the events in the log are statistically
significant, i.e., the traces in the log follow the underlying
unknown distribution of events of the SUL. High values for
o express low confidence in the distribution of the event log
and thus favor little merging in the FPTA, while low values
favor eager merging. After state merging, the transition
frequencies are converted to probabilities, reflecting the
proportions of the sum of frequencies on the outgoing
transitions. The result is a Markov chain [63] (see Fig. 3a).
To obtain a TS from the learned Markov chain, we then
erase the probabilities on the transitions and extend the
transition relation by the event of the target state. In the
generated TS, all states are considered final.

>
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4 MINING BEHAVIORAL MODELS OF USER JOUR-
NEYS

This section demonstrates by example how behavioral mod-
els for user journeys can be learned using methods from AL
or PM. We also show how, depending on their parameter
settings, both methods can generate the underlying model.

Example 2 (Assessment System). GrepS is a company that
offers programming skill assessments as a service. The
generation of user journey models from the event logs
of GrepS has previously been studied by Kobialka et al.
[18]. This example presents a simplified version of a user
journey model, based on the GrepS service. Figure 3a
shows a Markov chain of user journeys, where users
are asked to answer questions to obtain a programming
skill evaluation. A user journey always begins with a
start event. After attempting to answering Question 1,
the user can improve their answer once by repeating
Question 1, or move to Question 2. Question 2 cannot
be repeated. Users may quit the evaluation process
or request their results at any point after starting the
evaluation. After receiving the results, the user accepts
them or repeats the whole questionnaire. A user journey
is considered successful if the user accepts the evaluation
results and unsuccessful otherwise. The Markov chain
includes probabilities for subsequent events.

Example 2 already illustrates the challenge of automati-
cally generating user journey models, since the example in-
cludes looping behavior and repeating events. Furthermore,
the example also shows that user behavior may differ.

4.1 Event Logs for User Journeys

User journeys are goal-orientated processes, where users
interact with a service provider to reach a certain goal, e.g.,
receiving a programming skill evaluation. Event logs for
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Fig. 3: Markov chain, learned PM and AL models of an assessment system. Different state representations (for PM) and
confidence values (for AL) are used to learn models from a log with 80 traces. For simplicity, we omit transition labels.

user journeys record all interactions with different users, i.e.,

both successful (when the goal is reached) and unsuccessful

user journeys. Therefore, a trace in an event log is a sequence

of observable events that reflect a user’s interaction with the

service provider or actions along the user journey.

Example 3 (Event Log for the Assessment System). A possi-
ble event log for user journeys derived from Example 2:

(start, questionl, question2, results, accept)  (UJ-01)
(start, question1, results, accept) (UJ-02)
(start, questionl, questionl, quit) (UJ-03)

The traces (UJ-01) and (UJ-02) are successful user jour-
neys, indicated by accept as their last event. (UJ-03) is an
unsuccessful journey, where the user quits early.

4.2 Process Mining for User Journeys

We extend the DFG construction from a preprocessed event
log L (Sect. 3, Phase 2) to directly follows systems (DFSs)
by means of two functions: trace projection and structure
projection [23, 7]. The purpose of the trace projection is to
create a trace abstraction, while the purpose of the structure
projection is to map the abstracted trace to states of a TS.
Together, the two functions define the state representations.
Trace projections commonly (1) filter the horizon of the
trace, e.g., a sliding window abstraction and (2) filter events,
i.e., decide to ignore certain events. Structure projections
define state representations from (abstracted) traces.
Structure projections typically map traces to lists, sets, or
multisets, thereby deciding how the underlying states are
generalized: Lists reflect the traces as observed, multisets
abstract from the order of the events, and sets abstract from
their frequency. Formally, the monoid (M, ®) over events
A C M with neutral element 0 defines a structure projection
@ : A* — M for trace 0 = (ag,...,a,), with ®(e) = 0,
and ®(0) = Q(D(00:n), an). State representations [23] define
states in a TS from (abstracted) traces by composing the
trace and structure projections.
Example 4 (State representations). Let head; : A* — A*
be a trace projection that maps a trace o = (ag, ..., an)

to its first k events oy, ignoring subsequent events (and

assuming k < n). Similarly, let tail;, : A* = A* map o to

the tail o ax(0,n—k):, ignoring (up to) the first k events.

We define structure projection & on the monoid (M, ®)

of lists, where A C M and ® is list concatenation. A trace

o = {a,b,a) € A* is mapped by @(0o) to the list [a, b, a]

by concatenating single events. The state representation

[t],, which composes the trace projection tail, with @,

only considers the list of the last k events, i.e., states

with the same last k events in sequence are considered
equal. The state representation [h],, which composes the
trace projection head;, with @, equates traces if the next

k events are the same, resulting in a k-step look-ahead

state representation. By mapping to the monoid of sets,

we obtain the state representation {t}, which ignores
the position and frequency of the last three elements,

eg. {t};(o) = {a,b}.

A DFS can be efficiently constructed by applying the
DFG construction (see Sect. 3) to state representations.
While states in a DFG only depend on the previous
event in the trace prefix, states in the DFS depend on
state representations for the trace prefix and suffix over k
events, respectively. Thus, the state representation becomes
sensitive to both past and future events (see Example 4).
Depending on the state representation for the trace suffix,
the DFS might contain several initial states.

Definition 1 (DFS from state representations). Let L be
an event log over events A and let r and ' be state
representations. A directly follows system (DFS) over L
that uses r as a prefix and r’ as a suffix representation, is
a transition system S}, = (T', A, E, I, T) such that
o I'={(r(ox),7"(on)) |0 € L,0 <k <lol},

e A={a](s,a,8)€E},

o E={{(r(or), 7' (0n:)), ont1, (r(0k41), 7 (00412))) |

c€L,0<Ek<|ol},

e I={(r(e),r'(0)) | o € L}, and

e T ={(r(o),r(¢)) | o € L}.

DFSs can be constructed similarly to DFGs after con-
structing the states, by applying the state representation
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functions to every event o; € o for all traces in a log L.
While the state computation must be applied to all o;, it
can be efficiently computed as the horizon used in the trace
projections is usually small, e.g., a finite number of previous
events. Further improvements like filtering for unique traces
and efficient log representations can further speed-up this
computation.

Example 5 (PM for the Assessment System). We consider
different state representations for an event log with 80
traces, generated by sampling the Markov chain from
Example 1, where an event is sampled with the proba-
bility of its associated transition. Thus, traces in the log
have different probabilities, to reflect event logs of user
journeys. We select the length of the traces uniformly
at random, between two and 15 events. Independent
of the selected maximum length, a user journey stops
after an accept or quit event. Every trace starts with an
initial start event. Figure 3 presents DFSs for different
state representations for the survey system: Fig. 3b
shows the DFG, only considering the most recent event
(technically, the state representation S [t]l). Note that we
omit transition labels, but they can be obtained from the
state labels as shown in Fig. 2. Figure 3¢ presents the DFS
considering the current event and the next event (i.e.,
S [[Z]]ll). Observe that the DFG (S!"1) does not recognize
that the initial question can only be answered once,
but displays it as a self-loop; i.e., users cannot improve
their answers arbitrarily often. In contrast, the DFS S [Z]]ll
covers the original model and displays that the answer to
question 1 can only be improved once, thereby covering
the different possibilities to answer the two questions.

DEFSs satisfy the following properties: (1) every DFG is
a DFS, (2) there are no dead transitions or states, i.e., every
state can reach a final state, and (3) all log traces are traces
of the generated DFS.

4.3 Automata Learning for User Journeys

We generate behavioral models of user journeys from event
logs using passive AL. Classic passive learning techniques
require a log with traces that are part of the language of the
system under learning as well as traces that are not part of
the language. [64]. Agostinelli et al. [40] compared different
AL algorithms for mining deterministic finite automata of
business processes. Their work separates the event log into
traces that are in the language and traces that are not,
according to trace length. For learning behavioral models of
user journeys, this approach is less suitable since later model
analysis might be interested in investigating the length of
user interactions. Classifying according to the success of the
user journey could also limit the insights gained, as user
journey models should also allow conclusions to be drawn
about the reasons for not achieving a goal. Thus, we want to
learn a behavioral model whose language includes all traces
of a given event log.

Angluin [61] observed that passive learning from only
positive examples is possible when considering the prob-
ability distribution of the underlying event log. AL algo-
rithms of this kind generate a Markov chain, which can then
be translated to a TS by erasing the transition probabilities,
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as described in Sect. 3. Alergia [21] is an example of a state-
merging algorithm that evaluates possible state-merges ac-
cording to the Hoeffding-bound. For this, Alergia assumes
that the provided log follows a certain probability distribu-
tion. However, this introduces the challenge of determining
whether a given event log contains enough user journeys
to distinguish states when applying AL for learning user
journey models.

The Hoeffding-bound (Eq. (1)) considers « as a
parameter to steer our confidence in the event log following
a certain distribution. The parameter « is an arbitrary
small real within (0,1] defining the error, such that a
higher o expresses less confidence in the distribution of
the underlying event log. For learning user journeys, we
prefer a cautious state merging, i.e. a higher «, based on
the following assumptions about user journeys. First, we
assume that user behavior implements a regular language.
The regular language defining a user journey includes in
contrast to classical language identification problems, e.g.,
Tomita grammars [65], at least one order of magnitude
more possible events in the considered alphabet. Second,
user journeys frequently follow a strict sequential structure
of events towards achieving the desired goal. This might be
explained by the fact that the degree of freedom of actions
taken by the user to interact with a service provider is
usually limited and that following events are only useful for
achieving a goal after a certain sequence of previous events.

Example 6 (AL for the Assessment System). Figure 3 depicts
models learned by Alergia with different values for .
The event log is generated from the assessment system of
Example 1. We evaluated a higher confidence (o = 0.1),
Fig. 3b, and a lower confidence (o« = 0.9), Fig. 3d, on
the log with 80 traces from Example 5. Alergia generates
Markov chains, which we translate into TSs. The results
show that learning with o = 0.1 (Fig. 3b) generates
an overapproximation, i.e., the model describes a more
general language than the ground truth. The reason is
that low « promotes state merging since more states are
similar according to Eq. (1). Note that this model is the
same as the DFG generated in Example 5, which does not
distinguish the two Question 1 events. By an increase to
a = 0.9, Alergia merges fewer states. The corresponding
model (Fig. 3d) is an underapproximation; i.e., the model
cannot produce all traces observable in the ground truth.

Example 6 shows that different experimental setups
influence the resulting models. Thus, Examples 5 and 6
demonstrate the impact of the event log on both PM
and AL. For PM, creating a DFG might lead to an
overapproximation; however, selecting the right size for
trace prefix and suffix requires expert domain knowledge.
Therefore, PM techniques usually apply preprocessing
to reduce and adapt the log. For AL, a correct model
requires the right assumption about the underlying
distribution of events. Otherwise, AL may learn an over- or
underapproximation. The degree of generality of the model
depends strongly on the underlying event log, and poses a
challenge for finding appropriate parameter settings for the
learning algorithm. We address these challenges in Sect. 5.
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5 A HYBRID LEARNING METHOD COMBINING PM
AND AL

We introduce a novel learning method, called HYBRID,
that combines AL and PM techniques to overcome
the limitations of these techniques with respect to the
quality of the underlying event log. This technique
automatically selects the best suited method, depending on
the characteristics of the log. HYBRID is a general method
independent of specific PM and AL methods. It can be
instantiated with any PM and AL methods that allows to
infer a TS from an event log. In the following, we present
HYBRID based on the PM and AL methods introduced in
Sect. 4. By design, the PM method (Sect. 4.2) risks to create
an underapproximation on large logs, as the selected state
presentation might not enable a sufficient generalization
of the behavior. In contrast, AL (Sect. 4.3) tends to learn
an overapproximation, as AL techniques are designed to
create the minimal automaton by merging as many states
as possible. This might lead to overly general models, due
to the sparsity of the provided event log. HYBRID will be
validated by the experiments in Sects. 6 and 7.

HYBRID applies PM on small and AL on well-distributed
event logs. The idea is to switch from PM to AL if the event
log is sufficiently well distributed. For AL, state merging
is guided by the confidence parameter 1 — «. Therefore,
HYBRID aims to automatically switch from PM to AL if
confidence in the event log being well distributed is high
enough. This decision is implemented in a certainty threshold
A such that the model is constructed using PM for A > «,
otherwise AL is used.

To estimate the certainty threshold A, we propose a
function \,pprox based on three different aspects of an event
log L that influence our confidence «: (1) the number of
different traces in an event log L [17] (i.e., the number of
trace variants recorded in L: var(L) = {0 € A* | 0 € L}|,
where var(L) is logarithmically scaled) and (2) the event
log size |L|. We further introduce (3) a coefficient Cy to
adapt the function in the presence of domain knowledge.
Let Aapprox be defined as follows:

Cy-lo var(L
Aapprox = 0 gllz( ( )) (2)

For user journeys, we set Cy = |A|, accounting for the
number of distinct events. Observe that for logs with a
fixed event set size |A|, Aapprox Shrinks rapidly in the size
of the log, thus, returning a clear decision point between
AL and PM. The intuition behind Eq. (2) is as follows:
Small log sizes result in low confidence that the log is
adequately distributed, especially for large event set sizes.
In this case, we target the usage of PM techniques. However,
we want to switch to AL as early as possible to avoid un-
derapproximations caused by PM. By letting Aypprox shrink
rapidly and o decrease with increasing log sizes, HYBRID is
able to learn behavioral models of user journeys to avoid
overapproximations as explained in Sect. 4.3.

When selecting « values for learning user journey
models with AL, our goal is to find parameters for
the AL setup that avoid both overapproximation and
underapproximation in the learned models. Investigating
the impact of different v values on AL, Mao et al. [66] show
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that with a sufficiently large event log L, @ = 4 can be a
good approximation, where N = }~__;|o|. However, we
cannot generally assume that event logs for user journeys
are large enough to use this approximation. Therefore, we
propose an alternative o setup to what is normally done for
AL, and adopt a sigmoid function

1
aapprox = 1 - 1 + e(_lLH‘Cl)C2 . (3)

In this function, the constant C; shifts the inflection point,
and the coefficient C'; adapts the slope. By choosing C; and
Csy appropriately, the function allows an a-selection based
on the size of L. The a-values that are close to 1 for very
small logs L and approach - for larger L.

Example 7 (a-Approximation for AL).
For the event log with 80 traces in Example 5,
Eq. (3) calculates aapprox = 0.49 by setting the
coefficients according to the event set size |A| = 6,
where C; = 10-|A| and C2 = m. When using
Oapprox = 0.49 for a, AL learns a TS which is equivalent
to the TS representation of the Markov chain shown
in Fig. 3a. Note that with the standard approximation
o = % and this event log, the resulting value for a

would be lower than 0.1, which would lead to an

overapproximation similar to the one shown in Fig. 3b.

6 EXPERIMENTS ON SYNTHESIZED BENCHMARKS

In this section, we evaluate our hybrid method and compare
it to different AL and PM configurations. For this purpose,
we develop a novel benchmark suite for user journeys,
which allows comparisons with “ground-truth” models.
To this aim, the benchmark suite includes synthesized be-
havioral models of user journeys, represented as process
trees, and the corresponding event logs sampled from the
process trees. For AL, we evaluate different setups for the
parameter . For PM, we investigate different abstractions
and state representations. By comparing with the ground-
truth models, we can evaluate the precision and recall of the
user journey models generated by AL and PM and assess
the degree of over- or under-approximation. In this section,
we answer the following research question:

RQ1: How well do behavioral models learned by AL and PM
techniques represent ground-truth models?

6.1 Experimental Design and Setup

We implemented our evaluation framework in Jupyter
Notebooks, using Python 3.10.12. The generated benchmark
set and the code is available online.! Due to the numerous
experiments, we distributed the executions over (1) a laptop
with 32GB memory and an i7-1165G7 @ 2.8 GHz Intel
processor, and (2) a workstation with 128 GB memory and
a 64-core AMD EPYC processor.

Synthesizing User Journeys. We aim to synthesize be-
havioral models of user journeys, therefore, our genera-
tion incorporates structural elements that can be found
in real-world user journeys. The PM library PM4PY [67]
enables the randomized creation of models such as Petri

1. https:/ /figshare.com/s/3acae9725dda09cce811
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nets. PM4PY implements also a generator for process trees
as proposed by Jouck and Depaire [68]. Process trees are
inherently sound, can be generated stepwise, and can be re-
stricted to the same languages as transition systems [69]. The
process tree generator allows the regulation of the creation
of behavioral characteristics via parameters. For the creation
of user journeys, we consider the following four control-
flow features: (1) sequential structures, (2) branch state-
ments, (3) loops, and (4) duplicate event symbols. We either
enable or disable these features. Considering all parameter
combinations, we generate 14 different setups (excluding
the setup where all features are disabled and only duplicate
events are allowed). For all generated process trees, we
disable certain behavioral concepts that do not apply to
user journeys, e.g., parallelism and silent transitions since
user behavior is assumed to be sequential and observable.
Furthermore, we align the size of the event alphabet to the
real-world examples presented in Sect. 7, where the number
of different event symbols ranges between 20 and 30. From
each generation setup, we use PM4PY to randomly generate
10 process trees, leading to 140 generated trees.

Synthesizing Event Logs. PM4PY enables the creation
of event logs from process trees. A trace in the event log is
generated by traversing through the process tree, where the
generator selects the next event uniformly at random when
several paths are enabled. To evaluate the impact of event
log sizes, we create event logs for each process tree with
the following number of traces: 10, 50, 100, 200, 500, and
1000. For each event log size, we repeat the generation 10
times, which sums up to 8400 generated event logs in the
benchmark set.

Process Mining Setup. For PM, we implement the DFS
construction from Def. 1 by reducing traces to the consid-
ered length of past (prefix) and future (suffix) events and
choosing a state representation from set, list, and multi-
set for pre- and suffixes independently. We learn DFS in
three settings: (1) PM-DFG, a DFG S, (2) PM-LoNG,
a four-element prefix and suffix DFS S[[Z]i and (3) PM-
UJ, a model imitating domain knowledge Ly generating a
DEFG if it is known that no events appear twice. To choose
one DFS S among the possible configurations, we evaluate
the number of loops, loopsg, and states, |I's|, and aim
to minimize loopsg +|I's|, thereby squaring the number
of loops to favour simpler models. Counting loops might
be computationally expensive, so we search for DFS with
loopsz +|T's| < 106. If no such model is found, we default
to a DFG.

Automata Learning Setup. For AL, we use the imple-
mentation of Alergia for learning Markov chains in the
Python library AALPY [70], version 1.4.3. The learning
results for Alergia depend on the parameter ¢, which reg-
ulates confidence about the underlying distribution of the
log. To evaluate the impact of «, we learn TS with three
different a-setups: (1) AL-0.1, higher confidence a = 0.1, (2)
AL-0.9, lower confidence oo = 0.9, (3) AL-UJ, @ = Qtapprox
using the approximation function in Eq. (3), with coefficients
according to the alphabet size |A|, C; = 10 - |A| and
Cz = o

Hybrid Learning Setup. For HYBRID, we switch between
PM and AL based on the decision threshold Aipprox. We

TABLE 1: Average scores for all learning setups. 8

Precision Recall F-Measure

avg std avg std avg std
AL-0.1 0930 0123 0935 0152 0919 0.123
AL-0.9 0952 0.098 0929 0153 0929 0.118
AL-uJ 0.943 0.108 0935 0.152 0.927 0.119
PM-DFG 0869 0174 0.935 0.152 0880 0.136
PM-LONG0.999 0.001 0661 0321 0743 0273
PM-uj 0921 0150 0.898 0.216 0.880 0.183
HYBRID 0950 0.107 0900 0217 0899 0.177

calculate A according to Aapprox in Eq. (2) with Cy = |A|.
When PM is selected, we use PM setup (3) PM-uJ. In the
case of AL, we apply the AL setup (3) AL-UJ. In both cases,
we assume that these setups are the most accurate for each
method as they are designated to generate user journey
models from event logs.

Evaluation Setup. The language difference between the
generated model 7'S and the ground-truth model T'Ssur,
is evaluated using the language comparison technique for
TSs proposed by Walkinshaw and Bogdanov [71]. For this,
we create a confusion matrix [72] based on a finite test suite
S C A*. For example, we classify a trace 0 € S as false
negative (FN) if ¢ ¢ L(TS) and ¢ € L(TSsur). We then
calculate precision, recall, and the F-measure (the harmonic
mean between precision and recall) following the standard
definitions [71]. The generated test suite provides transition
coverage for T'Ssur, and T'S. A test sequence can be written
as a triple (p,a,s) € S, where p € A* is a sequence
leading to a state, a € A is the event of currently considered
transition, and s € A* is a randomly generated suffix of
length [0, njen ). For each transition, we generate n, traces.
For the evaluation, we set n, to the difference in the number
of states between T'Squr, and T'S, but at least to two. We set
Nlen = 2 since the probability of generating true negative
traces is high.

6.2 Results

Figure 4 shows the results of the learning setups for the
generated benchmark sets, for a total of 58800 learned
TSs. Table 1 shows the aggregated values. The precision
results for the AL experiments, Fig. 4a, show that precision
increases with the size of the event log, especially for AL-
0.1 and AL-uj. For the recall, Figs. 4b and 4c, AL-0.9
tends to underapproximate the log, since it is below AL-0.1
and AL-uj. The function capprox for AL-UJ creates a good
approximation for learning models.

For PM, the DFG already contains all possible transitions
on small event logs. Therefore, it does not improve with
more samples. Compared to the DFG, the models generated
with AL-0.1 overapproximate less, since the precision of
AL-0.1 is higher. The results show that considering a long
prefix of events, PM-LONG models create an underapprox-
imation, i.e., the models overfit the traces in the event log.
The PM-uJ technique based on domain knowledge achieves
the best approximation for all considered PM techniques,
yet tends to learn an overapproximation compared to AL.

For HYBRID, we observe that selecting the setups PM-
UJ and AL-UJ has been the right choice, as both setups are
best within their learning technique. Furthermore, switching
between PM and AL based on Aspprox provides a well-
balanced solution. In Fig. 4a, we can clearly see that HYBRID
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Fig. 4: Results for the six evaluated learning setups on the synthesized benchmark set.

overcomes the limitations of AL and PM. For small log sizes,
HYBRID adapts PM-UJ and, therefore, avoids overapproxi-
mating with AL-uJ. However, we switch exactly at the inter-
section of PM-UJ and AL-UJ, avoiding underapproximations
as shown in Fig. 4b.

To answer RQ1, we conclude that AL benefits from large
event logs to learn accurate models. The sigmoid approxi-
mation a,pprox achieves highly accurate models on average.
For PM, the state representation is crucial to avoid under-
approximations, preferably exploiting domain knowledge.
By combining AL-UJ and PM-uUj, HYBRID learns accurate
models independent of the event log size.

6.3 Threats to Validity

We developed our own benchmark to simulate user jour-
neys, as we assume that the existing benchmarks for AL
and PM do not reflect the behavioral aspects of the user
journeys. The random generation of ground-truth models
still bears the risk of creating user journeys that might
be unlikely in practice. Therefore, we evaluate AL and
PM also on real-world case studies in Sect. 7. In addition,
although the test method covers the transitions, it does not
exhaustively test all behavior. We assume that transition
coverage sufficiently tests critical behavior of user journeys.
Other testing methods, e.g., W-Method [73, 74] or probably
approximately correct (PAC) testing [75], would test many
negative traces due to the restrictive sequential structure of
user journeys. HYBRID uses a syntactic criterion to decide
between PM and AL technique, where the variance in the
event log is compared to its size. This criterion can be
extended to include the semantics of the event log; e.g., Back
et al. [76] propose entropies specifically for event logs.

The performance of HYBRID depends on the AL and PM
methods that it uses. We chose Alergia for the AL part as
it is a well-established algorithm with a maintained imple-
mentation in publicly available learning libraries such as
AALPY [70]. Alergia naturally supports the use of the confi-
dence parameter « to decide between AL and PM. However,
in the literature on AL benchmarking [77], Evidence Driven
State Merging (EDSM) [44] shows favorable performance
over Alergia for classical grammatical inference problems.

Recently, a general state-merging approach based on
EDSM was included in AALPY [70, 78]. A general scoring
function to rank possible merges enables the algorithm to
favour merges with the largest support in the underlying

log. This implementation allows to combine evidence-drive
state merging with other state-merging based algorithms,
such as Alergia.

In further experiments (not reported in this paper), we
tested EDSM as defined by Lang et al. [44] and EDSM in
combination with Alergia, instantiated with default param-
eters, and it did not achieve a better performance than our
reported results in Sect. 6.2. We envision that for better per-
formance, EDSM would also require a parameter optimiza-
tion, as we have done in AL-UJ. Additionally, the scoring
function could be adapted to include domain knowledge to
further adjust state merges in user journey models.

7 EXPERIMENTS ON REAL-WORLD CASE STUD-
IES

We now evaluate the applicability of AL and PM techniques
in practice. As no ground-truth models exist, we here
compare behavioral similarities between the models
learned by AL, PM, and HYBRID. Our results demonstrate
that the quality of learned models depends on the sparsity
of the event log, and that preprocessing may be crucial
in practice. In summary, we address how AL and PM
techniques scale to real-world user journeys by addressing
the following research questions:

RQ2: What is the impact of sparse event logs on learning with
PM and AL?

RQ3: How do the models learned by PM and AL for real-world
user journeys compare?

7.1 Real-World Case Studies

For the practical evaluation of how the proposed AL and PM
techniques scale to real-world case studies, we considered
four different event logs. The event logs are constructed
from datasets by grouping events into traces and ordering
the events in a trace by their timestamps.

GrepS. Event log for user journeys from the company
GrepS, for conducting programming skill evaluations with
job applicants; this case study is taken from Kobialka et al.
[13]. The user journey consists of (i) a sign-up phase, (ii)
a task-solving phase where the users are presented with a
range of real-world programming tasks, and (iii) a review
phase, where users are presented with their evaluation and
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are asked to approve their results. The provided log contains
33 traces.

BPIC12, BPIC17a & BPIC17b. BPIC, the Business Pro-
cess Intelligence Challenge, is organized regularly by the
IEEE Task Force on Process Mining.2 We use the BPIC12 [32]
and BPIC17 [35] event logs from a Dutch financial institu-
tion. The logs provide detailed user interactions, e.g. phone
calls, between a bank (the service provider) and applicants
(the user) in a loan application process. We preprocess
the BPIC12 and BPIC17 event logs following setups from
the literature [33, 79, 19]. BPIC17 records a change in the
underlying behavior, a so-called concept drift [80]. Thus, we
split BPIC17 into BPIC17a and BPIC17b containing traces
before and after the concept drift, respectively. BPIC12 con-
tains 5 053, BPIC17a 10 746 and BPIC17b 12 344 traces. With
preprocessing, BPIC17a reduces to 5515 and BPIC17b 6 989
traces; BPIC12 remains at the same size.

7.2 Experimental Design and Setup

To find adequate state representations for AL and PM for
the real-world case studies, we exploit the insights gained
in the benchmark evaluation presented in Sect. 6, and used
the same parameter setup for HYBRID. Note that when
applying AL and PM to logs, the techniques have different
semantic definitions of states in their learned TSs: AL
defines states by the distribution over the observed future
states, while PM defines states over a state representation
function including, e.g., a trace prefix and suffix.

In practice, model performance and later analysis ben-
efit from small models with a feasible number of loops.
For PM, we propose to generate models with the state
representations in question and choose a possible small
model with a feasible number of loops. This approach was
approximated by minimizing the sum of loops and states
in Sect. 6. For AL, low values for a promote state merging,
whereas a higher o prevents merging. Since user journeys
tend to follow sequential structures and loops should be
reduced to a necessary minimum, we use a more restrained
state merging for learning user journeys than the parameter
setting proposed in the literature, as discussed in Sect. 6.

Learning Setup. For the state representation in PM, we
chose state representations for trace prefix and suffix which
are a good compromise between the number of states and
the number of loops. For AL, we evaluate the impact of the
confidence parameter « by considering two setups: (1) « set
by aapprox in Eq. (3) using similar alphabet-size coefficients
as in Sect. 6, and (2) low confidence (o = 0.9). For HYBRID,
we use the setup of PM-UJ and AL-UJ, in case PM or AL
is selected, respectively. We set A = Aypprox similar as in
Sect. 6. To automatically decide between AL and PM in
HYBRID, we compare Aapprox > Qapprox (€€ Sect. 5). Note
that we limit the comparisons between certainty threshold
Aapprox and confidence aapprox to two digits.

For each case study, we consider two different event
logs, with and without preprocessing: (1) the full event
log keeps single-occurrence traces and does not enumerate
duplicate events. (2) the preprocessed event log removes all
single-occurrence traces and enumerates iterative dupli-
cated events, e.g., Offer 1, ..., Offer 2, etc. In the sequel, we

2. https:/ /www.tf-pm.org/
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refer to different experimental setups by a string stating the
learning technique, an indication if the log is preprocessed,
and special algorithm parameters, e.g., AL-FULL-0.9 would
refer to AL on the non-preprocessed event log with oo = 0.9,
and AL-UJ to AL on the preprocessed event log with the
computed & = qapprox (cf. Eq. (3)). The experiments were
run in the evaluation framework described in Sect. 6.1, using
only machine (1).

We do not explicitly highlight in the following plots
the individual results for HYBRID as it completely overlaps
with either PM-ujy or AL-UJ. PM-UJ is always selected in the
GrepS case study, and AL-UJ in all three BPIC case studies.
This selection corresponds to our intention to use PM for
sparse logs and AL for well-distributed logs.

RQ2. To investigate the impact of sparse event logs on
learning, we split the event logs into two disjoint logs: a
training log and a test log. The training log is used to learn
the TS and the test log to evaluate the generality of the
learned model. For this purpose, we consider training and
test suites with different proportions of the full event logs
going into the training log and into the test log. We divide
the event logs with proportions ranging from 0.4 to 0.9
of the traces going into the training log, in 0.1 increments
(thus, each increment corresponds to 10% of the traces in
the log). Due to the randomness in the division of logs, ten
training and test suites are created for each proportion-wise
split. We then run the traces of the test log on the learned
model. We say that a trace ¢ in the test suite fails for a T.S
if o ¢ L(TS), otherwise it is accepted. We consider event
logs with and without preprocessing.

RQ3. The results reported in Sect. 6 and Tbl. 2 sug-
gest that the compared learning techniques yield different
TSs. To compare the models, we analyze the number of
overlapping failed traces for the different TSs. For this, we
run all failed traces from TS A on TS B and vice versa.
However, these test-based experiments are biased towards
the generality of models, where a general model accepts
more traces from an event log. Therefore, we also investigate
the differences in the defined languages by the learned TSs.
To quantify the overlap between the accepted languages of
the two models, we define one model to be the ground
truth and test the recall of the other model by creating a
transition coverage test suite as described in Sect. 6. If we do
the same in both directions, we can see the overlap between
the languages. We assume that TS A is more general than TS
B if A accepts many traces generated by B, but B accepts
fewer traces generated by A.

As an additional metric to evaluate the generality of a
TS, we use the average frequency of traversing a transition
by running all traces. The traversal frequency of a transition
is the sum of appearances of the transition in the set of runs
generated when running all traces in an event log.

7.3 Results

Table 2 shows the execution time and the number of states
of the learned TSs for the different learning setups in all
case studies. The computation times are measured over one
execution as the algorithms are determinstic. We considered
an event log (without preprocessing, indicated by “full”)
and a preprocessed event log. Note that all learned TSs
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TABLE 2: Execution time and the number of states of the learned TSs for the different AL and PM techniques.

AL-0.9 full log AL full log PM full log Events AL-0.9 preprocessed AL preprocessed = PM preprocessed Events
time (s) #states time (s) #states time(s) #states time (s) #states time (s) #states time (s) #states
GrepS 4.2-107% 37 1.1-107% 19 1.4-107% 20 25 3.9-107% 40 1.2-107% 28 1.1-107% 29 25
BPIC12 0.11 84 0.03 32 0.12 384 18 0.21 108 0.04 42 0.12 707 18
BPIC17a 1.79 156 0.11 39 1.09 337 23 0.06 68 0.03 43 0.46 143 26
BPIC17b 2.67 194 0.13 42 0.31 394 23 0.12 88 0.04 40 0.13 168 26

TABLE 3: States and loops of DFS S [{,f]}: for BPIC17a for row
and column indices r and ¢; loops are given in parenthesis.

Prefix Suffix length

length 0 1 2 3
1 27(103) 79(46) 156(5) 265(0)
2 69(88) 143(5) 248(0) 380(0)
3 123(16) 226(0) 356(0) 512(0)
4 186(0)  311(0) 467(0) 632(0)

define a language that includes all traces in the event
logs. The results show little execution-time differences,
but Alergia’s iterative state-merging had an impact on the
BPIC17 case studies. Comparing the two AL setups, we
observe that setting o = aapprox (cf.Eq. (3)) yields TSs
with fewer states than oo = 0.9. The models generated with
PM-uUj are mostly larger in the number of states, which
relates to the construction of DFSs.

To choose state representations for PM-UJ, we compare
different horizons for trace projection and structures for
state projection. Table 3 presents state and loop numbers
for the different trace projections when using set structures
for prefixes and list structures for suffixes on the BPIC17a
event log. Table 3 shows that prefix representations of
length 2 and suffix representations of length 1 result in a
reasonable number of states and loops (cf. parenthesis),
still maintaining sufficient generality. We repeated this
process for all case studies, selecting individual state
representations, leveraging domain knowledge from
Bautista et al. [33], Rodrigues et al. [79], Kobialka et al. [19].

To evaluate the quality of the learned models under a
lack of ground-truth models, we conduct additional experi-
ments in RQ2 and RQ3.

RQ2. To evaluate the impact of sparse logs, we con-
ducted a growing sliding window experiment, splitting the
available traces into a training and a test log. Figure 5
displays each iteration with the percentage of test traces that
failed in the corresponding case study; the lines represent
the average over the 10 models learned, the surrounding
hue indicates maximum and minimum results. In general,
all techniques failed fewer traces when provided with larger
training logs. The models generated with AL and an oo = 0.9
serve as a baseline for AL-UJ and PM-Uj to evaluate over-
approximations, as AL with o = 0.9 should represent an
underapproximation. Overall, we see that the testing error
for AL is low, which might be an indicator for an over-
approximation. The results also show that PM has similar
performance as AL with o = 0.9, which means that models
learned with PM tend to represent an under-approximation.
Furthermore, AL methods generate more general models
on sparse logs than the PM method. For BPIC17, the models
created by AL-0.9 and PM-uJ have comparable performance
with similar generalizations on unseen test traces. Since the

event log of GrepS is very small, training with only a subset
bears a high risk that the learned model misses behavior.

The results reveal that both AL-0.9 and PM-uUj benefit
from preprocessing. These results highlight that suitable
preprocessing enables PM to successfully cope with
sparsity. The HYBRID method correctly selects PM-UJ on
smaller event logs, such as the log provided for GrepS. On
larger event logs, such as the logs for the BPIC case studies,
HYBRID selects AL-UJ, which achieves better generalizing
approximations according to Fig. 5. To answer RQ2, our
experiments show that sparse event logs—such as the log
for GrepS—can be challenging for AL, while PM creates
accurate models already on sparse logs, especially if the
log is preprocessed. If the sparsity of the event logs is
reduced—such as in the logs for BPIC—AL learns models
with few failing tests, where PM might not generalize well
enough on large event logs.

RQ3. The results reported in Sect. 6 and Tbl. 2 indicate
that the evaluated techniques yield different TSs. To com-
pare the differences between the models, we investigated
the overlapping failing traces. Table 4 shows the average
number of overlapping failing traces between models
trained on the same log; e.g., for BPIC12-full, the average
failing traces for AL-UJ is two, we see approximately the
same number of failing traces for AL-0.9 and PM-UJ in the
same column. For AL-0.9 and PM-U]j, we see that 8.4 and
16.9 traces fail on each technique, respectively. However,
only 5.2 failing traces overlap for AL-0.9 and PM-uJ. In
general, Tbl. 4 reports a similar trend between the full and
preprocessed logs. The results show that approximately all
failing traces of AL-UJ models also fail for AL-0.9 and PM-
UJ models. Recall from Sect. 3 that a TS T'S 4 defines more
general behavior than another TS TS if L(TSp) C L(TS4)
holds. This indicates that the AL-UJ models represent
an overapproximation of the PM-UJ and AL-0.9 models.
Further, the number of overlapping tests is around half of
the total number, which suggests that there are behavioral
differences between the PM-uUJ and AL-0.9 models.

Table 5 shows the average recall values, with the row
indicating the assumed ground-truth models; i.e., these
models represent the basis for the assessment of the test
verdict. The columns specify the tested model. We observe
that the models generated by the same technique differ; e.g.,
on average the BPIC12 AL-FULL models accept a proportion
of 0.76 of the traces generated by the ground-truth AL-FULL
models. The results further support our assumption about
overapproximation: AL-FULL accepts many traces generated
by other models, but traces generated by the AL-FULL model
are more likely to fail on other models. By preprocessing the
log, AL tends to create traces that are more likely to be in the
language of the other models. The AL-0.9 and PM-UJ mod-
els produced traces that were accepted by most other mod-
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Fig. 6: Average transition frequencies for the case studies.
TABLE 4: Average overlapping failing traces with training log proportion 0.8.
BPIC12-full BPIC17a-full BPIC17b-full GrepS-full BPIC12  BPIC17a BPIC17b  GrepS
N - o - o) . N — N - N — N — N —
525525535535 535535535533
HRE S A 233333233 H 4 S AdSAaasSaAasS
<L A < <€ < €Oy < < p << <<y < an
AL-UJ 2019 20 58 43 5059 50 55 11 1.0 10 50 45 50 14 1.2 08 1.9 1.6 1.8 1.0 1.0 1.0
AL-0.9 1.9 84 52 43 33.0 126 50 328 161 1.0 1.9 1.0 45 135 108 12 43 2.0 1.6 55 3.5 1.0 1.0 1.0
PM-UJ 2.0 52 169 5.0 12.6 395 55 16.1 43.6 1.0 1.0 1.0 5.0 10.8 27.2 0.8 2.0 4.6 1.8 3.5 7.6 1.0 1.0 1.0
TABLE 5: Average recall over all generated model pairs with training log proportion 0.8.
BPIC12-full BPIC17a-full BPIC17b-full GrepS-full BPIC12 BPIC17a BPIC17b GrepS
o = o = o = o = o = o = o = o =
et 2 9 2292822532 932 H5e2532 5972
DR R B~ I S [ = = I I~ H 2 5 9 Q5 29 25 A 253
base < < M~ < < e << e << < < 0 << e <<y <<

AL-UJ 076 0.72 0.73 0.96 0.73 0.57 0.95 0.69 0.52 0.85 0.75 0.84
AL-0.9 090 0.87 0.81 0.96 0.88 0.74 0.96 0.87 0.72 0.87 0.83 0.88
PM-UJ 099 096 093 0.94 0.78 0.92 0.98 0.84 0.93 0.84 0.76 0.84

0.64 0.62 0.71 0.95 0.82 0.84 0.95 0.82 0.84 0.88 0.75 0.88
0.75 0.75 0.74 0.92 0.93 0.85 0.98 0.95 0.91 0.89 0.84 0.89
0.98 0.90 0.92 0.95 0.87 0.97 0.97 0.91 0.97 0.88 0.75 0.88

els. On average proportions of 0.86 and 0.90 of the traces are
positive, respectively, which are the lowest recall values ob-
served. We assume that AL-0.9 and PM-UJ approach a sim-
ilar level of approximation. These results show that prepro-
cessing can prevent AL from overapproximating the event
log and could be used for sparse logs with a high variety.
The analysis of our second metric on transition traversal
frequency indicates that AL-UJ models define more general
languages. Figure 6 compares the average transition
frequency when running the training log for each of the 10
trained models of each proportion-wise split with training
log proportions between 0.4 and 0.9. The results show
that the runs performed on the AL-UJ model traverse
the same transitions more often. The average values are
increasing. This indicates that that a larger training log
did not necessarily lead to models with more states, but
to more general models. The average transition frequency
of the PM-UJ model grows at the same rate as AL-0.9. A

similar observation applies to the full event logs. However,
AL-0.9 seems to create more general models than PM-UJ.
Further, the AL-FULL models have the highest fluctuations
in the average traversals, while the PM-UJ models are the
most constant. This highlights that the behavior defined
by models learned by AL techniques highly depend on the
underlying event log, and that PM techniques are more
robust to minor fluctuations in the event log. In summary,
we answer RQ3 by observing that models learned by AL
are more general and have fewer states, while models
created with PM are less general and have more states.

7.4 Threats to Validity

To avoid a biased evaluation, we considered four case stud-
ies with four event logs ranging in size from 33 to several
thousand traces. The case studies record digital services
assuming that users do not perform actions simultaneously.
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For RQ?2, the results for GrepS seem to not align with the
BPIC results. We believe this is due to the small event log
provided for GrepS, where subsets of the event log are
likely to not include all behavioral aspects. Furthermore,
we note that the evaluation for RQ2 favors models that
define a more general behavior. Our experiments use
a preprocessing adjusted for user journeys, originally
introduced by Kobialka et al. [81]. Our results show that
appropriate preprocessing has a strong influence on the
PM and AL models. To answer RQ3, we used a similar
conformance-testing technique based on transition coverage
as in Sect. 6. We assume that transition coverage is sufficient
to estimate the language overlap as exhaustive testing
methods were not computationally feasible, see Sect. 6.3.
Although complimentary in size, the real-world case studies
in our experiments all exhibit a fairly protocol-like behavior,
where users aim for a final goal. We believe this reflects
the shape of most user journeys; user journeys in which a
large set of actions could be chosen in near arbitrary and
repetitive order lie outside of the conducted experiments.

8 DISCUSSION ON ACTIONABLE INSIGHTS

In software engineering research, we aim for tools that
support and improve the development process. The success
of service-oriented software solutions depends on the user
experience, which needs to be considered in the software
engineering process. This paper compared AL and PM,
two techniques that provide insights into user behavior via
transition systems. Our extensive evaluation shows that
both techniques are capable of accomplishing this task. Still,
the question remains which technique should be applied in
practice to a given event log?

Actionable Insights. The HYBRID method combines
practical insights from our experiments, and is
recommended for learning behavioral models of user
journeys in practice: HYBRID automatically selects PM or
AL considering that (1) PM requires domain knowledge and
is well-suited for small event logs, and (2) AL requires an
adapted confidence parameter estimation and larger logs.
HYBRID should be applied with a preprocessing of the event
log, independent of the learning technology it selected.
Further, HYBRID can be instantiated with any PM and AL
algorithm, leveraging hand-curated evaluation functions
for the given log. The following discussion provides further
explanations for these findings.

For real-world applications, there exists no ground-truth
model. To evaluate the ability of AL and PM to adequately
capture the ground truth (RQ1, cf. Sect. 6), we created a
synthetic benchmark suite. The results in Sect. 6 suggest that
PM techniques are beneficial for sparse logs when expert
domain knowledge is available, i.e., knowledge about the
interdependence of past and future events. Our evaluation
investigated different state representations for PM. Without
a suitable state representation, models generated by
PM methods risk to not define the behavior adequately.
Therefore, we suggest to apply PM techniques for the
early stages of software engineering, when only few user
interactions are recorded. AL can generate user-journey
models even from complex event logs, by taking into
account the underlying distribution of events in the log in
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the form of confidence parameter a. Our results showed that
the approximation of o proposed by Mao et al. [66] allows
too many states to be merged, creating overapproximating
models. We  proposed a  confidence-parameter
approximation capprox that supports the creation of models
that are neither over- nor underapproximations. As AL
benefits from large, well-distributed event logs, AL is better
suited for later stages in the software engineering process.

The results from four real-world case studies (Sect. 7) are
consistent with the findings from the synthetic benchmark
(Sect. 6). In RQ2 (cf. Sect. 7), we investigated the learning
algorithms for different levels of sparsity in the underlying
event log. Our results show that AL struggles for very
sparse event logs, but creates accurate models on larger
event logs. We observed that PM could handle sparse event
logs, but learns underapproximations for large event logs.
In RQ3 (cf. Sect. 7), we compared the behavioral differences
between the learned models, reinforcing the previous find-
ings. For PM, we used domain knowledge to learn models
established for the case studies. Still, the resulting models
generalized less than models learned by other techniques.

For AL, the learned models overapproximated the
behavior. Using the proposed approximation aapprox,
prevented AL from creating overapproximations. Note that
Qtapprox is optimized for the goal-oriented behavior observed
in user journeys, with limited repetitions of events in a trace.

Finally, user journeys have particular characteristics,
which PM techniques take into account by preprocessing the
event log. Our evaluation showed that these preprocessing
techniques are also beneficial for AL, as the learned models
from preprocessed event logs achieve often higher accuracy.

Further Analysis Steps and Managerial Implications.
We briefly consider analysis steps once a user journey model
has been learned from the event logs. Postprocessing of
learned models is common in PM to utilize manual model
analyses: For example, observed patterns are completed by
introducing missing transitions, transitions between states
are merged, and states are merged into groups representing,
e.g., the different phases of the process [23]. Furthermore,
transition systems can be transformed into other process
models, such as Petri nets [23]. Leemans [82] compares
techniques for generating process models from very large
logs and provides practical recommendations. Furthermore,
Aichernig et al. [83] show that AL-generated models can
provide a baseline for model-based analysis and verification
such as testing or model-checking. Hence, it is important
to know whether the learned model represents an over-
or under-approximation. Finally, AL models can be refined
through counterexamples showing behavioral differences
between the learned model and the system under learning,
adapting the idea of Walkinshaw et al. [84].

These analyses can be exploited from a managerial per-
spective to assess service changes and usage trends. As
HYBRID is an automated technique, realistic models of the
current user journeys can be constructed in a timely fashion.
Leveraging automated analysis techniques [12], the models
constructed by HYBRID can support managerial decision-
making processes when further developing a service.

Log Quality. Throughout this work, we implicitly as-
sumed that the used logs were of sufficient quality. How-
ever, event log quality is essential for applying process
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mining techniques successfully but in practise, most event
logs are “incomplete, noisy, and imprecise” [85]. Quality
aspects of event logs are actively researched in process
mining, e.g., tthe one to five star rating proposed by the
“Process Mining Manifesto” [86]. Preprocessing (cf. Sect. 3)
can enhance later analysis results by improving the quality
of the log [87]. Marin-Castro and Tello-Leal [87] review
preprocessing techniques and highlight that there is not one
preferable preprocessing technique, rather, multiple tech-
niques are needed for addressing several quality aspects of
the given event log. Recently, the representativeness of event
logs for the underlying process has been studied [88, 89, 90]
by formalizing the notion of completeness for event logs.
All these works complement our proposed method.

9 CONCLUSION

This paper presents a comprehensive evaluation of passive
AL and PM for learning user journey models, with the
following main contributions: (1) A novel benchmark suite
for generating ground-truth models of user journeys with
corresponding event logs. (2) A comprehensive evaluation
of AL and PM techniques, using the benchmark set. The
results show that both techniques can generate user journey
models, but both have limitations that depend on the given
event log. (3) A novel method, HYBRID, to automatically
select between available AL and PM algorithms depending
on the properties of a given event log. Our evaluation shows
that HYBRID can support software engineering processes
with a very accurate model independent of the event log. (4)
An evaluation of the practical feasibility of applying these
methods to real-world user journeys. Evaluating the inves-
tigated learning techniques based on their performance on
sparse event logs, we learn that sparse logs are not suited
for AL, while PM handles them well. Larger event logs
improve AL results, while PM struggles to create models
that generalize well. Comparing the behavioral differences
between the learned models, we observe that AL learns
models that overapproximate the behavior; i.e., the models
describe behavior that is not observable in practice. How-
ever, PM creates underapproximations. We further discuss
actionable insights for applying AL or PM to learn real-
world user journeys. For AL, we see a strong dependence on
the distribution in the event log. Therefore, the parameters
of the learning algorithm must be carefully selected to learn
accurate models. For PM, domain knowledge about the
underlying service is required to find an adequate state
representation of the learned model. Both methods may
benefit from preprocessing the event log, ideally exploiting
domain knowledge.

Future Work. For future work, we plan to investigate
the use of different model-based verification techniques,
e.g. model-checking, to analyze user behavior based on
the learned models. Such automated analyses may create
valuable insights into the service design and user experience
for improving services. Furthermore, it is interesting to
investigate how models learned with AL can be integrated
with established process analysis steps used in PM. This
might also include the consideration of other case studies
from PM beyond user journeys such as software product
lines, e.g., as presented by Damasceno et al. [50].
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10 DATA AVAILABILITY

An artifact to replicate the presented results is available at
https:/ /figshare.com/s/3acae9725dda09cce811.
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