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Abstract. A plethora of automated process discovery techniques have
been developed which aim to discover a process model based on event
data originating from the execution of business processes. The aim of the
discovered process models is to describe the control-flow of the underly-
ing business process. At the same time, a variety of sequence modeling
techniques have been developed in the machine learning domain, which
aim at finding an accurate, not necessarily interpretable, model describ-
ing sequence data. Both approaches ultimately aim to find a model that
generalizes the behavior observed, i.e., they describe behavior that is
likely to be part of the underlying distribution, whilst disallowing un-
likely behavior. While the generalizing capabilities of process discovery
algorithms have been studied before, a comparison, in terms of gener-
alization, w.r.t. sequence models is not yet explored. In this paper we
present an experimental evaluation of the generalizing capabilities of au-
tomated process discovery techniques and black-box sequence models, on
the basis of next activity prediction. We compare a range of process dis-
covery and sequence modeling techniques on a range of real-life datasets
from the business process management domain. Our results indicate that
LSTM neural networks more accurately describe previously unseen traces
(i-e., test traces) than existing process discovery methods.

Keywords: Process mining, behavioral generalization, next activity pre-
diction, process discovery, sequence modeling

1 Introduction

In recent years, the spectacular off-take of data-driven business process anal-
ysis, i.e., process mining [1], has lead to the availability of a wide variety of
tools and techniques that allow business owners to get a better understanding
of the execution of their processes. The vast majority of existing process mining
techniques either focuses on process discovery, i.e., discovering a process model
based on process execution data, or conformance checking, i.e., assessing whether
a process model indeed is in correspondence with the observed behavior. Process
discovery techniques allow a business analyst to get a static view of the process,



aiding in restructuring and/or reorganization of the process. In recent years,
many algorithms have been developed that automatically discover a model of
the process from execution data [BI7IT6I22I2325]3837]. These algorithms’ result-
ing process models provide a visual and interpretable model of the process. The
main challenge of process discovery is to accurately generalize the behavior to
unseen but possible executions of the business process.

The data on which process discovery algorithms typically operate, i.e. event
logs, are typically formalized as a collection of sequences of business process
activities, i.e. traces. Within machine learning, techniques have been developed
for sequence modeling, addressing the task of finding a model that accurately
describes a collection of sequences. Well-known examples of sequence models
include n-gram models [I4], Markov models, and Recurrent Neural Networks
(RNNs) [18]. In contrast to process discovery techniques, sequence modeling
techniques are less domain specific, e.g., they do not explicitly account for the
parallel behavior that is often inherently present in business processes. Sequence
models have been successfully applied to sequence data in many other applica-
tion domains, including natural language modeling [14], music sequences [24],
and DNA sequences in bioinformatics [33]. Moreover, where process discovery
aims to find interpretable models, sequence models are generally black-box mod-
els, focusing purely on accurately describing the sequences.

While the fields of process discovery and sequence modeling are conceptually
very close, the main difference between the two approaches is related to the visual
interpretability of the result as well as the explicit assumption on the existence of
parallelism in the input data. Generally, interpretability of discovered models is
seen as important in the process mining/BPM field. However, we argue that this
is not always the case and that in some circumstances the accuracy and generaliz-
ing capabilities of the model are more important than its interpretability. In fact,
recent efforts in the area of predictive business process monitoring, i.e., the pre-
diction of expected properties of process instances at runtime (e.g., the outcome,
remaining cycle time) have already applied black-box sequence models in the
BPM domain. For example, the recent interest in deep learning [21] motivated
several researchers to study the applicability of neural networks for the purpose
of predictive business process monitoring [I52834/35]. However, to date, it has
not been investigated how the capabilities of sequence models to describe the
control-flow of a process compares to existing process discovery techniques.

In this paper, we investigate the applicability of both process discovery tech-
niques and black-box sequence models on next activity prediction. In particular,
we assess to what degree the techniques are able to generalize, i.e. to account
for unseen behavior. We additionally present means to use discovered process
models as probabilistic classifiers, i.e., to predict a probability distribution over
the next activity that follows some prefix of a case. This enables the comparison
of existing process discovery and sequence modeling techniques, using standard
evaluation methods from the sequence modeling domain. |[Fig. 1| shows the setup
for this comparison, where an event log is first split into a train and a test log.
A model (i.e., either a sequence model or a process model) is fitted on the train-
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Fig. 1: Overview of the proposed evaluation.

ing log, which is then used to generate probability distributions over the next
activity for each prefix of the test log. The quality of the generated probability
distributions for the prefixes in the test log indicates the degree to which the
model is able to generalize to unseen data. We compare sequence models and
process discovery techniques on a range of real-life event logs from the BPM field.

The remainder of this paper is structured as follows. In we de-
scribe related work. In we describe basic concepts and notations that
are used throughout the paper. In we describe how to use Petri nets as
probabilistic classifiers to predict the next activity given a prefix, and we give an
overview of sequence modeling techniques. We describe the experimental setup in
and discuss the results of the experiments in[Section 6] Finally, we con-
clude this paper and identify several interesting areas of future work in[Section 7}

2 Related Work

Several approaches have been proposed in the literature to tackle the challenge
of predicting the next activity in an ongoing business process instance. Some of
these methods encode the available data as a feature vector and apply a classifier
to predict the next event [3II3627]. Others discover a process/sequence model
from the control flow using sequential pattern mining [8], Markov models [20] or
a Probabilistic Finite Automaton [4]. Often, as a second step after discovering
the process model, classifiers are built for each state in the model, enabling to
include the data payload of the ongoing case into the prediction process [820].
More recently, deep learning approaches (mostly LSTMs) have been applied to
the task of next activity prediction [I52834]. However, none of these studies
compare their method to existing process discovery techniques. In this work
we aim to bridge this gap by comparing the most widely used representatives
from the sequence modeling field to well-known process discovery techniques.
Furthermore, while most of the next activity prediction methods strive for a high
accuracy for a given process instance, our focus in this paper is on assessing the
generalizing capabilities of the sequence modeling/process discovery techniques
in terms of control-flow, i.e. we tackle the question of how good are the states
that each technique is able to learn.

Other work in the predictive monitoring field focuses on predicting the entire
continuation of the case beyond the immediate next activity [32I34], deadline
violations [29], remaining cycle time [34], and the outcome of a case [TTI35].



3 Background

In this section, we introduce concepts used in later sections of this paper.

3.1 Events, Sequences, and Sequence Databases

X* denotes the set of all sequences over a set X and o=(a1,as,...,a,) a se-
quence of length n, with o(i)=a; and |o|=n. (2 is the empty sequence and o -074 is
the concatenation of sequences o1 and oo. hd”(0)=(ay, as, ..., ax) is the prefix of
length k (with 0<k<|o|) of sequence o, for example, hd?({(a,b, ¢, d, €))=(a,b). A
multiset (or bag) over X is a function B : X —N which we write as [a}", a5?, ..., a¥"],
where for 1<i<n we have a;€X and w;ENT. The set of all multisets over X is
denoted B(X). A partial function f: X - Y is a function which is not neces-
sarily defined on each element in X. A partial function fe XY can be lifted

to sequences over X using: (1) f(())=(); (2) for any c€X* and z€X:
flo-ta = {fio) T R Y

f(o) otherwise.

An event e denotes the occurrence of a process activity. We write X' to
denote the universe of business process activities. A trace is a sequence oc€X™*.
An event log is a finite multiset of sequences, LeB(X*). For example, the event
log L=[{a,b,c)?, (b, a,c)?] consists of two occurrences of trace (a,b,c) and three
occurrences of trace (b, a, c).

3.2 Process Models and Process Discovery

We use Petri nets to represent process models, as most state-of-the-art process
discovery discover Petri net-like models. A Petri net is a directed bipartite graph
consisting of places (depicted as circles) and transitions (depicted as rectangles),
connected by arcs. A transition describes an activity, while places represent
the enabling conditions of transitions. Labels of transitions indicate the type
of activity that they represent. Unlabeled transitions (7-transitions) represent
invisible transitions (depicted as gray rectangles), which are only used for routing
purposes and are typically unobservable. As an example of a Petri net, consider
which contains 7 places and 6 transitions. The activity corresponding to
transition t; is activity A, whereas transition t3 is unobservable.

Definition 1 (Labeled Petri net). A labeled Petri net N = (P, T, F,{) is a
tuple where P is a finite set of places, T is a finite set of transitions such that
PNT=0, FC(PxT)J(TxP) describes the Petri net flow relation (graphically
represented by means of arcs), and 6:T-»X is a partial labeling function that
assigns a label to a transition, or leaves it unlabeled (the T-transitions).

We write en and ne for the input and output nodes of n € PUT (according
to F'), e.g. in we have pe = {t1,t2} and et3 = {py}. If the labeling function
is undefined for t € T, we write £(t) = 7. A state of a Petri net is defined by its
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Fig.2: An example accepting Petri net APN with £(APN) =
{(4,B,C),(A,C,B),(D,B,C),(D,C,B)}.

marking meB(P) being a multiset of places. A marking is graphically denoted
by putting m(p) tokens on each place peP. For example, consider the marking
of the example Petri net in i.e. [p1], represented by the black dot drawn
in p;. State changes of a Petri net occur through transition firings. A transition
t is enabled (can fire) in a given marking m if each input place pEet contains at
least one token. Once ¢ fires, one token is removed from each input place pcet
and one token is added to each output place p’cte, leading to a new marking
m/=m— et + te. Firing a transition ¢ in marking m, yielding marking m/, is
denoted as step m—Ssm/. Several subsequent firing steps are lifted to sequences
of firing enabled transitions, written m—-m’ and y€T* is a firing sequence.

Defining an initial and final markings allows to define the language accepted
by a Petri net as a set of finite sequences of activities. To this end we define the
notion of an accepting Petri net, i.e. a Petri net including an explicit initial and
final marking.

Definition 2 (Accepting Petri Net). An accepting Petri net is a triplet
APN = (N, mg,my), where N = (P, T, F,{) is a labeled Petri net, moeB(P) is
its initial marking, and myeB(P) its final marking. A sequence c€X* is a trace

of an accepting Petri net APN if there exists a firing sequence m0i>mf, ~yeT™
and £()=

In this paper, places that belong to the initial marking contain a token and
places belonging to the final marking are marked as O.

The language £(APN) of an accepting Petri net is defined as the set of all its
traces, i.e., £(APN) = {o € X* | 3y € T*(¢(y) = 0 Amo——>my)}, which is po-
tentially of infinite size, i.e. when APN contains loops. [Fig. 2shows an example of
an accepting Petri net with £(APN) = {(4, B,C),(A,C, B),(D, B,C),(D,C, B)}.
While we define the language for accepting Petri nets, in theory, £(M) can be
defined for any process model M with formal semantics. We denote the universe
of process models as M and assume that for each MeM, £(M) C X* is defined.

A process discovery method is a function PD : B(X*) — M that produces a
process model from an event log. The discovered process model should cover as
much as possible the behavior observed in the event log (a property called fitness)
while it should not allow for too much behavior that is not observed in the event
log (called precision). For an event log L, L={c€X*|L(c)>0} is the trace set of
L. For example, for event log L=[(a, b, c)?, (b, a,c)?], i:{(a, b, c)(b,a,c)}. For an



event log L and a process model M, we say that L is fitting on M if LCL(M).
Precision is related to the behavior that is allowed by a model M that was not
observed in event log L, i.e., £(M)\L.

4 Next Activity Prediction

In this section, we present several means to predict the probability distribution
over the next activity following a given prefix of a case. We first introduce a
method based on (discovered) Petri nets in Section after which we briefly
describe sequence models from the machine learning domain in Section

4.1 Petri Net Based Prediction

To generate a probability distribution over the set of process activities X' for the
event following the prefix o of a trace using an accepting Petri net APN, we use
a two-step approach:

1. We compute the marking m corresponding to prefix ¢ in Petri net APN.

2. Based on this derived marking m we consider the subset of the process
activities X that are reachable from m in APN to have nonzero probability
and construct a probability distribution over them.

We now continue by detailing these two steps.

Step 1) Computing Prefix-Based Markings in a Petri net To deduce
what activities follow a prefix o, using Petri net APN as a sequence model,
we need to obtain the marking corresponding to o. A naive approach to this
problem is to play the so-called “token-game”, to find a firing sequence v € T*
that projected on ¢ equals o, and marks some arbitrary marking m’ in APN.
Subsequently, based on marking m’, we determine the probable next activities.

Finding such sequence is however far from trivial. Since ¢ is a partial func-
tion, it is possible that multiple transitions have the same label and that some
other transitions have no label at all. Hence, finding such v € T* is actually a
combinatorial problem. Aside from these model-based issues, in real-life scenar-
ios, noise is possibly present in the event data as well and the event data might
not be completely fitting on the discovered process model APN. For these rea-
sons, a prefix is potentially not completely explainable in terms of the underlying
model. Therefore, we apply a technique called prefiz-alignments [2] to find the
path through the model that most closely resembles the prefix.

A prefix-alignment allows us to explain a partial sequence of observed behav-
ior in context of an accepting Petri net. In particular, such alignment assumes
that the behavior starts from the initial marking of the model, yet is incomplete,
i.e. future behavior is potentially possible. Essentially, a prefix-alignment maps
each activity in a prefix to the execution of a transition in the model. Observe
that such mapping manipulates the marking of the corresponding model. If we
are able to construct a direct mapping between an observed activity and the
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Fig.3: Example prefix-alignments for prefixes (4, B) and (A, D, B) with the

example APN of

execution of a transition, we call such mapping a synchronous move. In some
cases, we observe behavior in the prefix that we are not able to explain in terms
of the model, in such case, we decided not to map an activity on the execution of
a transition. Such construct is called a log move. The reverse is also possible, i.e.
we observe behavior that is likely according to the model, however, we did not
observe an activity that actually enables this behavior. In such case we insert
the firing of a transition without the explicit binding to an observed activity,
which we call a model move.

Consider in which we depict two prefix-alignments of two different pre-
fixes of traces, i.e. (A, B) and (A, D, B), originating from the process as described
by the example accepting Petri net in[Fig. 2] The leftmost prefix-alignment refers
to a behavioral prefix that fits completely with the model, i.e. we map the A
activity in the trace onto an execution of ¢1, for which we have ¢(t1) = A, i.e. a
synchronous move. Subsequently we observe a model move on t3, with £(t3) = 7,
i.e. inherently unobservable, and finally we map the second activity, i.e. B, on
the execution of t4. The prefix-alignment of prefix (A, D, B) depicts some defi-
ciencies. We map the first activity, i.e. A, on the execution of transition ¢;. The
second activity, i.e. D is not mapped on the execution of any transition, i.e. there
is a choice between A and D in the model, and hence we obtain a log move. Again,
we use a model move on t3 to finally obtain a synchronous move on activity B.

In general, a multitude of prefix-alignments exists for a given prefix and a
process model. For example, in trace (A4, D, B), as opposed to the right-most
alignment in we are also able to synchronize on D rather than A. The
only requirement is that, after explaining the prefix in terms of the model, the
corresponding marking still allows us to reach the final marking, in some way.
Often we therefore assign costs to the different types of moves as presented ear-
lier. Typically, synchronous moves have zero-costs, model and log moves usually
get a cost of 1 assignecﬂ Computing prefix-alignments is performed by means
of solving a shortest path problem on an extended state-space of the accepting
Petri net [2]. The costs of a move define the edge costs within such state-space.

For the purpose of this paper, we simply assume the fact that given a prefix
and a process model, we are able to obtain the corresponding marking in the
accepting Petri net. Observe that, as described, prefix-alignments are the most
suitable approach. However, in general any technique that given a prefix and a
model results in a corresponding marking is feasible to use.

1 Except for model moves that relate to unobservable activities, which also get cost 0 assigned.



Step 2) Generating Next Activity Distributions We propose two ways
to generate a probability distribution describing the next activity, based on a
marking m obtained for a prefix o in step 1. From a certain marking, several
transitions can be enabled at the same time, e.g. consider marking [p] in
in which both transition t; and ¢y are enabled. Note that the same holds for
marking [ps, p4] in which both transition ¢4 and ¢5 are enabled. Both in the case
of choice and parallel constructs, multiple transitions are usually enabled. Al-
ternatively, e.g. in marking [ps], the only transition that is enabled, which is ¢3,
has no associated label. For a given marking m € B(P) in an accepting Petri net
APN, w(m) = {t[t € T A ot C m} is the set of enabled, or firable, transitions.
Note that w(m) can contain labeled as well as invisible transitions. A probability
mass function prob,, : T — [0, 1] assigns a firing probability to each transition
that is enabled from marking m, such that X;c.(m)prob,, (t) = 1. In the first ap-
proach, we assume this probability distribution over the enabled transitions to be

m if t € w(m),
a uniform categorical distribution, i.e., prob®™/or™ (t) =

0 otherwise.

To transform the probability distribution prob,, over the next transition to
fire into a probability distribution over the next activity, we apply the following
procedure. Starting from marking m in Petri net APN we pick an enabled tran-
sition at random according to probability distribution probum"if‘”m. Whenever
that transition has a corresponding label, we pick it as the next activity. If it
relates to an unobservable transition, we fire it, leading to a new marking m’
and apply the same procedure from up-until we select a transition that has a
label. This procedure to select the next activity from a marking m is repeated
a number of times and we set the probabilities over the activities according to
how often they were selected, i.e. by Monte Carlo simulation. For example, in
marking ps in we always fire transition t3 which yields marking [ps, pa].
In that marking we randomly pick any of the two transitions, i.e. t4 or 5, and
register their corresponding labels as a next activity, i.e. either B or C. Thus,

we obtain prob&iﬁform(B) = probﬁzljfwm(C) =0.5.

In the second approach, after discovering a process model based on the
training log, we compute an empirical distribution prob<™*® This is rather
straightforward: for each prefix of each trace in the training log we apply step 1
to obtain the corresponding marking m in the discovered Petri net APN, and we
base probZ"P°! on how often each enabled transition t € w(m) was fired when
this marking was reached in the training log. This leads to a probability mass
function for each marking in the model that is trained/estimated based on the
training data. We again apply the same Monte Carlo sampling approach to trans-
form prob P into a probability distribution over the next activity, instead of
over the next transition. For example, in marking po inwe always fire tran-
sition ¢35 which yields marking [ps, p4]. From that marking, both B and C are en-
abled and probability mass values prob®™P"“* ( B) and prob2™?¢""**(C) are pro-

[p2] [p2]
portional to how often activities B and C followed marking p» in the training log.



Fig.4: (a) A simple recurrent neural network consisting of a single hidden layer,
and (b) the recurrent neural network unfolded over time.

b uniform
m

Both the Petri-net-based probabilistic classifier based on pro and
based on the trained prob ™ have been implemented and are openly avail-

able as part of the ProM process mining toolkit [I3] in the package SequencePre-
diction WithPetriNetsl

4.2 Black-Box Sequence Models

We proceed by introducing sequence models from the machine learning field.

Neural Networks & Recurrent Neural Networks A neural network con-
sists of one layer of input units, one layer of output units, and in-between are
multiple layers that are referred to as hidden units. The outputs of the input
units form the inputs for the units of the first hidden layer (i.e., the first layer
of hidden units), and the outputs of the units of each hidden layer form the
input for each subsequent hidden layer. The outputs of the last hidden layer
form the input for the output layer. The output of each unit is a function over
the weighted sum of its inputs. The weights of this weighted sum performed in
each unit are learned through gradient-based optimization from training data
that consists of example inputs and desired outputs for those example inputs.
Recurrent Neural Networks (RNNs) are a special type of neural networks where
the connections between neurons form a directed cycle.

RNNs can be unfolded, as shown in Each step in the unfolding is re-
ferred to as a time step, where z; is the input at time step ¢. RNNs can take an ar-
bitrary length sequence as input, by providing the RNN a feature representation
of one element of the sequence at each time step. s; is the hidden state at time
step ¢t and contains information extracted from all time steps up to ¢. The hidden
state s is updated with information of the new input x; after each time step: s; =
f(Uzi+Wsi_1), where U and W are vectors of weights over the new inputs and
the hidden state respectively. In practice, either the hyperbolic tangent or the
logistic function is generally used for function f, which is referred to as the activa-
tion function. The logistic function is defined as: sigmoid(z) = m. In neu-

2 https://svn.win.tue.nl/repos/prom/Packages/SequencePredictionWithPetriliets/
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ral network literature, the sigmoid function is often represented by o, however,
to avoid confusion with traces, we fully write sigmoid. o; is the output at step ¢.

Long Short-Term Memory for Sequence Modeling A Long Short-Term
Memory (LSTM) model [I7] is a special Recurrent Neural Network architecture
that has powerful modeling capabilities for long-term dependencies. The main
distinction between a regular RNN and an LSTM is that the latter has a more
complex memory cell C; replacing s;. Where the value of state s; in an RNN is
the result of a function over the weighted average over s;_; and x;, the LSTM
state C is accessed, written, and cleared through controlling gates, respectively
o, 1y, and f;. Information on a new input will be accumulated to the memory
cell if 4; is activated. Additionally, the previous memory cell value Cy_; can be
“forgotten” if f; is activated. The information of C; will be propagated to the
output h; based on the activation of output gate o;. Combined, the LSTM model
can be described by the following formulas:

fr = sigmoid(Wy - [hy—1, x¢] + by) iy = sigmoid (W - [hp—1, x| + b;)
ét tanh(WC . [ht,l,xt] + bC) Ct = ft * thl + ZZ * ét
o = sigmoid(Wylhi—1,x¢] + by) hy = oy x tanh(CYy)

In these formulas all W variables are weights and b variables are biases and both
are learned during the training phase.

Gated Recurrent Units Gated Recurrent Units (GRU) were proposed by
Cho et al. [9] as a simpler alternative to the LSTM architecture. In comparison
to LSTMs, GRUs do not keep a separate memory cell and instead merge the
cell state C; and hidden state h;. Furthermore, a GRU combines the input gate
14 and the forget gate f; into a single update gate. While the LSTMs and GRUs
are identical in the class of functions that they can learn, GRUs are simpler in
the sense that they have fewer model parameters. Empirically, GRUs have been
found to outperform LSTMs on several sequence prediction tasks [10].

5 Experimental Setup

In process mining, generalization, is commonly described as “the likelihood that
the process model is able to describe yet unseen behavior of the observed sys-
tem” [7]. Several measures have been proposed to measure the generalization
of a process model [6/12], all of which calculate the generalization of the pro-
cess model with respect to the same event log from which the process model was
discovered. In contrast, in the sequence modeling field it is common to measure
generalization by splitting the data into a separate training set that is used to
learn the model and a test set on which it is evaluated how well the model fits this
data. Because the test set is a separate data set from the training set, the fit be-
tween model and test set can be considered to measure the generalization of the
model to the test data. [Fig. 1| describes the experimental setup on a high level.



We apply this experimental setup to a collection of event logs and for a collection
of discovery/sequence modeling techniques. For each combination of modeling
method and event log we make a random 70/30%-split of the log into training log
and test log and after generating the model on the training log we evaluate how
well the actual next activity predicted for each prefix in the test log fits the prob-
ability distribution over all possible next activities according to the model. For
each combination of event log and modeling technique we repeat the experiment
three times and calculate the 95% confidence interval around the model perfor-
mance, to prevent that the results are too dependent on the random sampling of
the event log into train and test split. We calculate the Brier score [5] between
the probability distribution over the next activity for given a prefix and the ac-
tual next activity to express the quality of the prediction. The Brier score is a
well-known measure to evaluate a probabilistic classifier and it can intuitively be
interpreted as being the mean squared error of the predicted likelihood of a given
class (i.e. activity), averaged over all activities and over all prefixes in the test set.

Modeling Methods As modeling techniques we apply the RNN, LSTM, GRU
neural networks that are described in Section [4.2] For each of those types of
neural networks we explore its performance using only one layer as well as using
three layers. We learn the weights of the model with Adam [I9]. Furthermore,
we first order as well as second order Markov models, i.e. probabilistic models
where the state of the model depends on the last k& events, with k the order of
the Markov model. The predicted probability distribution over the next activity
is static for each state. We explore higher order Markov models by including
a sequence model called all k-order Markov models (AKOM) [30] that fits all
Markov models of any order k to the training set. When making an prediction
(on the test set), AKOM uses the Markov model with the highest & that has a
state that matches the test sequence.

We evaluate the following process discovery techniques: Inductive Miner
(IM) [22], the Inductive Miner with infrequency filtering (IMf) [23] (using dif-
ferent thresholds), the Heuristics Miner [37], the Split Miner [3], the Hybrid-ILP
Miner [38], and the Evolutionary Tree Miner (ETMd) [7]. Unless parameter val-
ues of these process discovery techniques are stated explicitly they are left to
their default values. We add the flower model, i.e. the model that allows for all
behavior over the set of activities, for comparison. Note that the Brier score of
the flower model with a uniform distribution represents random guessing.

Event Logs We evaluate the generalizing capabilities of process discovery tech-
niques and sequence modeling techniques on three real-life event logs. The first
log is the receipt phase log from the WABO projecﬂ containing 8577 events of
27 activities originating from 1434 cases of the receipt phase of the building per-
mit application process at a Dutch municipality. The second log contains cases
from a financial loan application process at a large financial instituteEl, consisting

3 https://doi.org/10.4121/uuid:a07386a5-7be3-4367-9535-70bc9e77dbe6
*https://doi.org/10.4121/uuid: 3926db30-£712-4394-aebc-75976070e91f
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Table 1: Experimental Results showing the 95% confidence interval lower bound
(LB), upper bound (UB) and the mean of the Brier score.
|Method BPI'12

‘ Process Discovery: Uniform distribution per marking

SEPSIS
LB | UB | » | LB | UB

Receipt Phase
LB ‘ UB ‘ 1

Flower

M [22]

IMf 20% [23]
IMf 50% [23]
HM [37]

SM [3]
Hybrid-ILP
ETMd [7]

Discovery: Trained distribution per

Process

Flower

M

IMf 20% [23]
IMf 50% [23]
HM [37]

SM [3]
Hybrid-ILP [38]
ETMd [7]

RNN (1 layer)
RNN (3 layers)
LSTM (1 layer)
LSTM (3 layers)
GRU (1 layer)
GRU (3 layers)

3
g
el
z
S
S

1st-order Markov Model
2nd-order Markov Model
AKOM

of 164506 events divided over 13087 cases and 23 activities. As the third log we
use the sepsis event log [26], containing medical care pathways of 1050 sepsis
patients, for which in total 15214 events were logged from 16 different activities.

6 Results

[Tab. 1l shows the results in terms of Brier score on the three datasets for each of
the techniques. The worst Brier score value of each column in the table is colored
red and the best value is colored green, with the other values taking a color in be-
tween. For the process discovery methods it seems that learning the probability
distribution on the training data leads to better fitting probability distribu-
tions on the test data compared to assuming this probability distribution to be
uniform. Note, however, that when using the discovered process model for stake-



holder communication about the process there are typically no branching prob-
abilities shown in the model. Therefore, one could say that the uniform distribu-
tion matches the graphical representation of the Petri net. The Split Miner [3] is
the best performing process discovery technique on two of the three logs when
we learn the probability distribution per marking from the training data. The
Hybrid-ILP Miner [38] is the best performing process discovery technique on two
of the three logs when we consider a uniform distribution per marking, indicat-
ing that this miner finds and the most informative states (i.e., markings) and
communicates the behavior of the process most effectively to the process analyst.

On all three event logs the Brier scores for the neural network models are con-
siderably better, meaning that they provide considerably more accurate proba-
bility distributions over the next event for prefixes from previously unseen traces.
These models are black-box and therefore not suitable for communicating the
process, however, they seem to be much better generalizing the behavior of the
process. We found that it depends per log which neural network architecture
performs the best, although the differences between their Brier scores are only
minor. Comparing process discovery techniques to Markov models, we find that
discovered process models are better at generalizing the behavior when we learn
a probability distribution per marking. This holds for 1st-order and 2nd-order
Markov models as well as AKOM [30].

7 Conclusions & Future Work

In this paper we have introduced two ways in which (discovered) Petri nets can
be used as probabilistic classifiers to predict the next activity for a given prefix
of a trace: a uniform distribution approach, which uses only the information that
is visually communicated by the graphical representation of the Petri net, and
an empirical distribution approach that optimizes a categorical probability dis-
tribution per marking using a training log. We have compared how well process
models discovered with process discovery techniques are able to generalize by
producing accurate probability distributions for a test set of prefixes that were
not used to obtain the model. On three real-life business process event logs we
have compared process discovery techniques with existing (non-interpretable)
sequence modeling techniques from the Machine Learning domain, and have
found that machine learning models possess better generalizing properties than
discovered process models. This shows that machine learning sequence modeling
might be a better choice than process discovery methods to model a business
process when interpretability of the model is not a requirement. In future work,
we would like to extend our analysis to a larger collection of event logs, process
discovery techniques, and sequence modeling methods.
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