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Abstract

Business processes of different domains are potentially prone to high variability,
leading to high amounts of uncertainty with respect to future case execution.
The field of predictive process monitoring has recognized this fate and developed
handling this uncertainty as one its core concerns for building reliable predic-
tive or prescriptive methods. Over the last decade, deep learning methods have
increasingly emerged as a product of this research field and are considered as the
preferred approach when it comes to the prediction of next activities or activ-
ity suffixes. However, it remains an open question whether deep learning models
finally surpass traditional data mining techniques for these tasks. We address



this question in our paper by proposing a framework for process event sequence
prediction framework which is based on a hierarchical structuring of bilater-
ally expanding subtraces mined from activity traces which takes their structural
relationship and inter-pattern distances into account. The resulting tree struc-
ture serves as an effiecient alternative approach for currently established deep
learning techniques due to its drastically lower model complexity. The hierar-
chical arrangement can directly be leveraged for forecasting the most probable
future activities given the recent trace history. We achieve competitive fore-
casting results for remaining trace prediction, even surpassing state-of-the-art
deep learning approaches on the majority of the analyzed real-world benchmark
process event logs while only relying on the available control-flow information.

Keywords: Sequential Pattern Mining, Tree Mining, Predictive Process Monitoring

1 Introduction

In the field of Predictive Process Monitoring (PPM) one of the main challenges lies in
the development of data-aware predictive models and inference tools that are able to
deliver meaningful insights into the main drivers of process execution as well as key
performance indicators (KPIs) like the scrap rate or throughput times. Moreover, it is
highly valuable if knowledge about the future execution of a process can be uncovered
with a reasonable amount of foresight. Due to the highly complex nature of many busi-
ness processes, we are required to manage the prevailing uncertainty in these processes
to deliver robust recommendations. As a key factor of uncertainty, the occurrence
or non-occurrence of certain activities and their order of occurrence inside a process
have a high influence and serve as the most basic building block of a business process.
Resulting from that, it is undeniably important to incorporate accurate estimations
of the future process execution in order to further proceed with inference tasks that
are heavily influenced by the manifesting activity sequence like specific positive or
negative process outcomes, throughput time prediction or identifying meaningful pro-
cess treatments. Especially regarding final results of process instances, the need for
a as early as possible prediction of the future process and not only for the next few
activities but gets even clearer.

In the last decade, the research field of PPM experienced an increased amount
of contributions from different data analytics domains — especially for the tasks of
Next Activity Prediction and Remaining Trace Prediction as one of the main areas of
uncertainty in business process management. Especially in recent years, a large share
of these contributions leveraged the state-of-the-art techniques from the area of deep
learning due to their high popularity and the increased and successful application of
its different architectures on relevant prediction tasks from other fields of research.

Contrary to the ongoing trend in PPM of applying and enhancing different deep
learning tasks for tasks like remaining trace or runtime prediction, we propose that
there is still existing potential of more traditional techniques in PPM which has not
yet been fully leveraged. To test this claim, we introduce a novel framework based
on a hierarchically structureable bilateral expansion of activity subtraces along with



a forecasting algorithm that is based on local and global pattern distances in terms
of a newly introduced distance measure. The forecasting framework is tailor-made to
the task of Remaining Trace Prediction — predictions are generated dynamically along
the execution of ongoing cases and are able to flexibly grasp the case history, and also
incorporate the current state of the process by incorporating the past sequence length
into the decision-making process. The main contributions of this work are as follows:

o We propose a hierarchical tree structure consisting of bilaterally expanding activity
subtrace patterns of different sizes

o Our framework leverages a tailor-made prediction algorithm for discrete sequential
data that predicts future activities based on conditional pattern occurrence prob-
abilities and acts dynamically with respect to the current sequence length while
considering the maximum possible case history

o We achieve promising results on common benchmark event logs and surpass state-
of-the-art deep learning models in prediction performance for Remaining Trace
Prediction in many cases while only relying on control-flow information

This work is an extension of previous work 'BEST: Bilaterally Expanding Subtrace
Tree for Event Sequence Prediction’ [1] published at the International Conference on
Business Process Management (BPM) 2025 in Seville, Spain. We build on the core
concepts and definitions introduced in the original contribution and extend it by:

® A more flexible selection procedure in the main prediction loop that allows for fine-
tuning of the approach to specific criteria of individual datasets and extends the
potential of BEST for full-scale hyperparameter optimization

e An extended evaluation, including a training and inference duration comparison of
our approach with existing deep learning techniques

e Effects of the application of pruning techniques for the tree generation procedure

® A larger body of related work as well as a direct comparison with landmark papers

([2))-

2 Related Work

We embed our approach into existing research on the described topic of activity pre-
diction and analyze works from the domains of deep learning as well as pattern-based
approaches. Eventually, we list and shortly discuss similarities and differences to a
landmark paper for temporal predictions by van der Aalst et al. [2].

Deep learning. In the last decade, a surge of contributions leveraging deep learn-
ing approaches for the tasks of Next Activity and Remaining Trace / Suffix prediction
was apparent. For a longer part of that period, recurrent neural networks (RNNs),
specifically long short-term memory (LSTM) networks were the method of choice for
activity and temporal predictions with more seldom applications of gated recurrent
units (GRU). Among others, the works of Tax et al. [3], Camargo et al. [4], Ever-
mann et al. [5], and Hinkka et al. [6] presented and evaluated their deep learning
techniques which were tuned for the common PPM tasks of Next Activity Prediction,



Remaining Trace Prediction and Next Timestamp as well as Remaining Time Predic-
tion. Key differences that are apparent between those works are mostly bounded to
the usage of different architectures and embedding strategies. Through presenting a
holistic overview and a comparative benchmark of those contributions, Rama-Maneiro
et al. [7] thoroughly evaluate their performance for different benchmark datasets and
uncover strong suits and weaknesses for the different forecasting tasks. They report
a superiority of the approaches of Camargo et al. [4] and Evermann et al. [5] for the
case of predicting the complete remaining activity sequence. Moreover, the approaches
of Tax et al. [3] and Hinkka et al. [6] perform very well for the case of Next Activity
Prediction.

Tackling the popularity of LSTM networks in PPM, Wuyts et al. [8] recently
proposed an encoder-decoder transformer-based neural network structure for suffix
prediction. Their sequence-to-sequence trained deep learning architecture is specif-
ically tailored to this task, leading to advantages over the previously discussed
approaches. The authors attribute this performance to the novel model architecture
which incorporates all available context information along the execution of a process
instance. However, their model architecture shows a increased complexity over the also
already complex LSTM networks, as the size of the sequence vectors also increases
with overall trace length. This comes with an increase in computational cost, making
it a resource-intensive approach for complex event logs. In contrast to that, we lever-
age subtrace patterns up to specified sizes that are matched dynamically with the
running case sequence, independent of the overall trace length and are, therefore, not
constrained by the maximum trace length of a business process.

Rama-Maneiro et al. [7] also propose their own suffix prediction approach based
on deep reinforcement learning that achieves intelligent learning of sampling strate-
gies. They leverage the powerful proximal policy optimization algorithm and achieve
superior results suffix prediction in comparison to the previous approaches evaluated
in their earlier work. However, as the complexity of the deep reinforcement learning
as well as the needed training is expected to be even higher than that of all previously
discussed approaches, the argument of increased computational cost holds here as well.

Sequential patterns. Regarding other aproaches based on frequent patterns, we
find existing research regarding various tasks in the broader picture of PPM, Process
Mining in general, as well as approaches from areas of research that are not consid-
ered to be primarily aimed at developing solutions for the area of Business Process
Management (BPM).

Starting from the latter, Yap et al. [9] build a recommender system for next items of
users. They do so by taking their individual user characteristics as well as the recorded
item selection behavior. They choose sequential pattern mining as the method to
gather these recommendations and mine for important patterns in the historical and
user-specific item data. To arrive at the most fitting next item recommendation, they
implement frequency-based choice metrics. Due to their focus on user-specific datasets,
the general applicability of their approach is not guaranteed for the current state of the
domains of BPM or PPM as those disciplines are usually more process-centered and
less concerned with user-specific criteria. Shifting our view towards techniques devel-
oped in and for BPM, Ceci et al. [10] present an approach based on tree structures



built from different sequential patterns discovered from a process event log. At the
core of their model, they leverage the tree structure to train individual C4.5 decision
trees and are able to produce iterative forecasts of next activities up until a complete
predicted suffix. Key differences to our work are that we leverage the activity and
transition frequencies directly in the procedure of mining for the bilaterally expanding
subtraces, rather than to rely on the C4.5 entropy-based training procedure of C4.5.
However, since the decision trees are also able to represent the temporal perspective,
they are able to design a tree-based process duration predictor. Although our and
their approach share similarities in terms of hierarchical tree generation, the funda-
mental difference lies in the format of the mined patterns, as we introduce bilaterally
expanding subtrace patterns and process those patterns differently for our predictions.

Regarding the mining of hierarchical subtraces, there are already contributions by
Diamantini et al. [11] and Tax et al. [12], which leverage the hierarchical patterns to
discover frequent subprocesses. Despite the shared terminology, we would assign our
work to a different field as we are focussing on process prediction rather than using
the patterns for discovery tasks as they do. Nonetheless, we borrow their notion of
subprocesses or subtraces as a core building block of our approach.

Time and duration prediction. The authors of [2] provide a seminal approach
that involves discovering a process model and converting it into an Annotated Tran-
sition System (ATS). This ATS includes time-related annotations such as average
sojourn times and estimated remaining times learned from historical process instances.
Hence, this work addresses the question of when a case will finish for different paths
a process instance might take bound by the discovered process model. Furthermore,
the ATS serves as a model-based alternative to modern deep learning models [3, 6],
which integrate time prediction. Although there are similarities with respect to possi-
ble insights which paths a process might take, the approach contrasts with our method
based on subtrace patterns, as our work focuses on, predicting future activity sequences
rather than timing. We touch upon additional similarities between the approach in
the following Section.

3 Preliminaries

For preliminary concepts, we repeat the introduced key concepts from the original
contribution [1]. We start with basic notations for business processes [13].

Definition 1 (Event/Trace/Event Log) An event is defined as a tuple € := (c, a, t) describing
the case id c out of a set of case identifiers C, the executed activity a from an activity set A
and the recorded timestamp t from the temporal domain 7. A trace o is an ordered, finite
sequence of events o = (eq,. .., e|g|> that belong to the same process instance, i.e., case id. An
Event Log L is a multiset of traces {01, ..., o"L|} that are recorded during the execution of a
given business process. The activity sequence S of trace o is defined as S(0) := (a1, ..., a/4|)-
We refer to unique sequences of activities inside an event log as variants.



As mentioned in the introduction, we base our approach upon the core building
block of subtrace patterns of process traces. We define them like in our original con-
tribution [1] and follow up with a definition of event prefixes and suffixes of process
events, similar to [7]:

Definition 2 (Subtrace Pattern) Given an activity sequence S, we define a sequential pattern
P C S as an activity subtrace pattern of length ! with 0 < [ < |S| that preserves the
sequential order of the original sequence. The total number of possible subtrace patterns
within a sequence is given by 1+ (S| - (|S| + 1)/2).

Definition 3 (I-Prefix/I-Suffix). An I-prefix p} of an activity a,(:) € S(oy) is an activity

subsequence of S(o;) with activities <a§jll, ceey al(fll) that precede al(f). An [-suffix (Z)fc of an
activity ag) € S(oy) is an activity subsequence of S(o;) with activities (a](jj_l, ce a,(jj_ﬁ that
succeed a,(j). We refer to the full prefix py or full suffix ¢ of an activity a,(;) ifl=k—1or

l = |o;| — k, respectively.

We aim for bilaterally expanding patterns around a designated source activity
ac(p)- Identical to the original contribution [1], we refer to it as the center activity of
a subtrace pattern P, i.e.,:

Definition 4 (Center Activity) Given a pattern P, we refer to the activity at index ¢(P) =
P—IQDI—‘ as the center activity of a pattern P.

Our definition of [-Prefix shows similarities to the mazimal horizon abstraction
function in the work of van der Aalst et al. [2]. However, the original work applies
this concept only to the prefix. We extend the application to the suffix as well and
will build further upon the concept of scanning the current neighborhood in both
directions when describing our approach in detail in the following Section.

4 BEST: Bilaterally Expanding Subtrace Tree

In this section, we introduce the building procedure of the Bilaterally Expanding Sub-
trace Tree (BEST), which we developed for predictions of activity suffixes in our
original work [1]. A repository containing a reference to an implementation of the
method as well as all datasets used and results gathered is available online'.

We provide the needed theory of our approach in the following sections and reuse
definitions that were developed for the corresponding conference paper [1]. The pro-
posed framework of BEST is visualized in total in Fig. 1. We touch upon each of its
components in the following sections. Specifically, we describe in detail how the tree
structure of BEST is generated from event data in Sections 4.1 and 4.2. Subsequently,
the mechanism for the prediction of future activities and complete remaining traces

1https://doi.org/10.5281/zcnodo.15547095— remark to the editors: we provide supplementary experimen-
tal results focussed on the extended parts of this paper via the submission portal.
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based on the tree generated structure is outlined in Section 4.3. The definitions and
algorithmic procedures listed in the following sections are mostly kept from our orig-
inal contribution [1]. We add Def. 8 and Equations 3 and 4 as concepts needed for
our extension regarding a weighted probability metric for pattern selection. The pre-
diction procedure in Algorithms 2 and 3 is slightly adjusted to account for the added
filtering metric.

4.1 Hierarchical Structuring of Bilaterally Expanded Subtrace
Patterns

We introduce BEST by describing how the mechanism for the pattern expansion
around a given center activity works in Def. 5. After gathering all possible extended
patterns, the patterns are organized in the tree structure we define in Def. 6.

The bilateral pattern extension around the given center activity serves as a means
to stepwise gather more contextual control-flow information of the respective trace.
We define it as follows:

Definition 5 (Bilateral Pattern Expansion) Given a pattern P = (al(-s)

ai(sl)g), e, a;S)> C S of a sequence S := <a§S)7 R a|(§|)>’ we define an extension by the activ-

(5) (5)

., respectively, the [°-suffix of a;”’, where the expanded pattern

is defined by P := (al(f)lp, e ags), R ag(sl)j), e a;s), e ,aﬁi)ls). For an equally bilateral
expansion, we set [ = [P = [°. In case the expansion exceeds the sequence length boundaries,
ie, i <P orI® > |S| — 4, we fill the expansion with dummy activity tokens 'START’ and

"END’; respectively.

gy

ities of the [P-prefix of a

For the remainder of our paper, we perform equally bilateral pattern expansions by
their respective [-prefix and [-suffix for [ = 1, extending a pattern in both directions
by one additional activity per extension step.

The gathered subtrace patterns of increasing sizes are subsequently organized in
the hierarchical tree structure of BEST to allow for efficient Next Activity and Remain-
ing Trace Prediction. We define the Bilaterally Expanding Subtrace Tree (BEST) as
follows:

Definition 6 Let BEST := (V,E,w) be a weighted tree with w : R — E denoting a
weighting function for edges and v : P — V for mapping patterns to the nodes V within the
tree. The tree is fully described by the following;:

1. The root node on level 0 of a BEST denotes an empty pattern, i.e., v(f) =:
root(BEST).

2. The root node is connected to singleton patterns on level 1, i.e., to all patterns
holding a single activity over all sequences in the event log defining the central
activities for respective branches in the tree.

3. Given a node v(Pp,) on the i-level, we apply a bilateral pattern expansion accord-
ing to Def. 5 over all sequences in the event log yielding a set of child nodes



{PS1, ..., P%} for the (i + 1)-th level, where for a parent-child relationship in the

tree, i.e., for the edge (V(Ppa),¥(Por)), it holds by construction that P,, C P

(Ppa) _ o(Pen)_

c(Ppa) c(Pen)

4. By construction, each level d within the tree contains patterns of length |P4| =
d=1)-P+1+(d—-1)-1°.

5. We define the weighting function w as the bilateral expansion distance between a
pattern P,, and its child pattern P, incorporating conditional subtrace pattern
probabilities and differences in pattern sizes (see Defs. 7 and 9).

with a

Simply put, a parent-child relationship of two subtrace patterns in our tree cap-
tures the identical activity at their respective centers. Tree nodes at deeper levels
are containing incrementally expanding subtraces that emerge from the same context
in control-flow that is expanded into the respective activity’s history and future the
deeper we traverse into the tree.

Definition 7 (Conditional Subtrace Pattern Probability). We define the conditional prob-
ability Pr(P.p|Ppa) as the probability of the child pattern P, emerging from the parent
pattern Ppq given the set of sequences S. The probability is calculated by dividing the over-
all pattern occurrence count of the child pattern by the overall pattern occurrence count of
the parent pattern

_ [{PIP = Py¥P € S|

PriFenlPra) = (5[ = PpuvP € 8}

Definition 8 (Global/Unconditional Subtrace Pattern Probability). We define the global,
i.e. unconditional, probability Pr(FP;) as the probability of a subtrace pattern P; occurring
in the set of sequences S. The probability is calculated by simply dividing the overall pattern
occurrence count of the pattern by the overall count of all patterns mined from the set of
sequences S
Pr(Py) = {P|P = P,VP € S}|

{P|P € S}

With the tree generation described from the structural point of view, we need to
assign importances to the respective subtrace patterns contained in the tree’s nodes
to transform the tree into an inference tool about highly probable future activities
given a certain activity prefix. Therefore, we introduce a probabilistic distance metric
that serves as a dynamic indicator of the current importance of all possible different
subtrace patterns given their hierarchical relationships to other subtrace patterns.
The distance measure combines conditional occurrence probabilities of patterns (see
Def. 7) with their differences in pattern size and maps both to a single numeric value.



Definition 9 (Bilateral Expansion Distance (BED)) The BED between a pattern P{ of

K]
hierarchy level d and a child pattern PJle is given by

d+1

cxpn(PF =P 1 a=o "
pr(Pil|pd) 05 d>0

The factor n controls for varying length differences between patterns of different levels

as we only have a length difference of one between levels d = 0 (empty pattern) and d = 1
(singleton activity patterns).

BED(P{, P{t1) =

Taking the logarithm of the BED leads to

patl _ | pd
log(BED<Pid7PJd+1)) = log <exp(77(| J | — | i |))>

Pr(P{*|Pe)
= ([P = |P]) — log(Pr(P{™*!P)).

(2)

This ensures that distances between levels are additive so that the following prop-

erty holds for multiple hierarchically connected patterns P, ..., P, of corresponding
sequentially adjacent levels D;, ..., D,:
n—1
log(BED(P*, P")) = ) log(BED(P”", i)

Having defined this probabilistic relatiorllship, we can assign local pattern distances
between child patterns and their respective parent pattern and can calculate distances
of adjacent levels as well as distances ranging over multiple levels in a more global
sense. We can observe from the formulation of the distance metric, that local pattern
distances calculated between adjacent levels are mainly influenced by the log condi-
tional probability of the child pattern (see Definition 7) as the first term of Equation 2
accounting for the length differences always equals to one. For calculating the global
distance, i.e., the distance of a pattern to the empty pattern, we can leverage the
logarithmic formulation of the BED. The global distance can simply be calculated as
the cumulative sum of all logarithmic local distances of the nodes along the path of
traversal between the tree’s root node and the pattern in question (see Figure 2).

4.2 Subtrace Pattern Mining and Hierarchical Matching

The procedure for mining of the bilaterally expanding subtrace patterns from indi-
vidual activity sequences S; from a set of sequences S is performed by a one-by-one
traversal of the activities inside the sequences, taking each activity of the sequence
as the respective center activity. For each center activity, we can extract patterns of
different sizes. The total amount of patterns contained in a set of sequences S for a
given pattern size is then given by

S|
1+ Z |Sz| : Dmax
=0
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Fig. 1: Hierarchical Sequential Pattern Prediction Framework including the pattern
extraction from event data (1) and tree structure generation (2). The remaining trace
of a query activity sequence can be predicted by extracting matching patterns from
the tree based on the given activity prefix (3) and selecting the fittest pattern through
filtering for different criteria (4).

where Dj,q, is the maximum tree depth. Having all patterns of the desired sizes
extracted from S, we extract the unique subtrace patterns to generate the hierar-
chical tree structure outlined in the previous section. We arrange the unique nodes
hierarchically by honoring their parent-child relationships (see Def. 6).

Since the transition probabilities between activities and, therefore, the hierarchical
relationships between subtrace patterns as well as the relevance and mere occurrence
of subtrace patterns can change across different phases of the process, we also want to
account for those dynamic changes in control-flow of the given event log. To recognize
those dynamics in control-flow, we introduce the notion of process stages into the
model training and prediction procedures. We place the beginning and end of a process
stage by the amount of already executed activities for a case. With a simple slicing
operation, we separate all process traces into slices of a predefined process stage width
(see Fig. 3). The dynamics mentioned previously can then be introduced into the
training of BEST by performing one procedure of pattern mining and hierarchical
matching for each of the process stages extracted. This results in n BESTs where n
is the number of process stages defined with respect to the maximum trace length of
the log. The recursive procedure for the tree generation is detailed in Algorithm 1.
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log(BED)

o]

log(BED)

local global

| Level 3 l— - 'I(START, START, A, B, C)| | (START, A, B, C, END) | | (A, B, C, END, END) |—

Fig. 2: Hierarchical bilaterally expanding subtrace tree for a single trace event log
L = {oapc} with S(capc) = (A, B,C). Also schematically depicted are the local
edge weights in terms of the logarithmic BED and the global logarithmic BED for
subtrace pattern (A4, B,C, END,END) .

4.3 Sequence Prediction based on Hierarchical Bilateral
Subtraces

In the following, we present the algorithmic procedure to generate future activity
predictions for running cases, i.e., a trace where we find at least one 'START’ and no
"END’ activity token. For this, we search for fitting patterns inside our generated tree
structure like stated in Algorithm 2 aided by a helper function outlined in Algorithm 3.
Algorithm 2 specifies the overall forecasting loop where we are trying to generate
a prediction for the current process stage given the current prefix information of the
sequence we want to predict for. If no fitting pattern could be found, we iteratively
check the trees generated for adjacent process stages for valid predictions. Only if no
valid activity prediction could be generated in any of the process stages, we break out
of the forecasting loop and return the sequence forecasted until the faulty iteration.
The steps to find and decide a valid activity prediction given the current sequence
and respective process stage can be followed in Algorithm 3. In this prediction pro-
cedure, we first extract a set of matching patterns from our generated tree structure.
Here, we leverage the hierarchical structuring of our tree that has separate branches
for each unique activity in the original trace data. Since we want to infer from the
prefix information of a pattern to the most likely future activity sequence, we consider
a pattern P to be matching onto our sequence prefix in question if its activities up to
and including the center activity are identical to the last ¢(P) elements of the query
sequence?. The separate branches of our tree come in handy here as we only need to

2We show this also schematically in the lower left panel of our framework visualization in Fig. 1

w=4
L

I
Process Stage | 1 3

LI | LI |

| | | |
Activity Trace ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )
Activity Index |I| E E E E E El

Fig. 3: Process stage slicing of activity traces for process stage width of w = 4.

2
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Algorithm 1 buildBEST (initP, P, d)

Require: input pattern node init P (default: [ ]) to build the tree for, set of occurring
subtrace patterns P inside a process stage S, maximum tree depth D,
Ensure: BEST in form of a hierarchical node dictionary
currentSize = |initP|
childPatterns < getChildPatterns(initP, P)
local BEDs < calcLocal BED(childPatterns, init P)
global BEDs < local BEDs + get Local BED(init P)
global Prs < getGlobal Pr(childPatterns, init P)
local Prs < getLocal Prs(childPatterns, init P)
children <[]
if (currentSize — 1)/2 == D,,4, then
return {pattern,local BED, global BED, local Pr, global Pr, children}
else
for pattern in childPatterns do
children + append(children, build BEST (pattern, P, Dyar + 1)
end for
return{pattern,local BED, global BED, local Pr, global Pr, children}
end if

© @ 3> a R e

e el e e
BAN I

search for nodes emerging from the respective center activity we see in our activity pre-
fix. Moreover, the hierarchical structure ensures that the query for matching patterns
is stopped for all the decendants of a node where we cannot find a match regarding the
historical information of our query sequence. This ensures that our tree-based search
for matching patterns we can use for predictions stays effient as the deeper levels of
the tree are only entered in case of a pattern match.

From the set of matching patterns, we apply a pattern selection strategy to arrive
a a chosen predicted pattern. In this step, we either apply a strict pattern selection
procedure using the introduced local and global BED (see Eq. 2) or employ a more
flexible pattern filtering with respect to a weighted probability metric. For the former
case, we filter for patterns with the smallest local BED. If we find multiple matching
patterns showing the minimum local BED, we refine the set of candidate patterns
by choosing those patterns that show the maximum match length, i.e., the longest
possible subtrace patterns and — if needed — search further for the patterns with the
minimal global BED, i.e., their distance to the empty pattern. For the latter case, we
introduce the weighted probability metric Pry that is tunable with respect to dataset
characteristics regarding a weight parameter w € [0, 1]. It is defined as follows:

Priy(PY, PAY) = Pr(PS +1|PY) - Pr(Pg+h) (=) 3)
log(Priy (P, PIY)) = w - log(Pr(P{ + 11PY) + (1 - w) - log(Pr(PLHY)  (4)
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Algorithm 2 Hierarchical Subtrace Pattern-based Sequence Prediction

Require: input sequence, S, maximal process stage psM ax, filtering method method
with parameters params
Ensure: sequence extended by predicted activities S

1: while last(S) # END do

2. ps < psL < psR + ||S|/pswidth |

3: predP = predictForStage(ps, S, method, params)

4: while predP = NULL do

5: predL + predictForStage(psL, S, method, params))
6: predR < predictForStage(psR, S, method, params))
7: if getLocal BED(predL) < getLocal BED(predR) then
8: predP <+ predL

9: else

10: predP <+ predR

11: end if

12: psL + max(psL — 1,0)

13: psR + min(psR + 1,psMax)

14: end while

15: pred < predP [(Ppmdpl—‘ + 1) : |predP|}

16: S = append(S, pred)
17: end while
18: return S

We can use Pryy either in original form (see Eq. 3) or with logarithmized probabil-
ities (see Eq. 4) leading to the same filtering. With Pry,, we first select the patterns
from the set of matching patterns that show the maximum weighted probability. In
case we find multiple patterns with that weighted probability, we filter further for the
patterns that show the maximum match length. Regardless of which selection method
is chosen, if we still have multiple candidate patterns, we choose randomly between
the remaining ones to arrive at a valid prediction (see lines 19-21 of Algorithm 3).
Then, the remaining activities subsequent to the center activity of the chosen pattern
form the prediction of the respective iteration of Algorithm 2.

The weight parameter has the function to put the focus on either the global pat-
tern probability or the conditional pattern probability. Choosing values close to one
puts more emphasis on the conditional probability, choosing values close to zero puts
more emphasis on the global pattern occurrence probability, while also a more bal-
anced probabilistic choice metric is possible with values around 0.5. This aids the
overall applicability of our approach for various domains and types of process data of
business processes with different behaviors in terms of their activity transition profiles.
Additionally, it opens up the potential for an enriched hyperparameter optimization
strategy that ensures tailor-made training of our approach for the respective event log
at hand.

Regarding the strict pattern selection method using the local and global BEDs
of the patterns, we can argue that filtering first for the minimum local BED leads

13



Algorithm 3 predictForStage(ps, S, method, params)

Require: matching patterns from BEST candidate Patterns subject to ps,S and
maximum tree traversal depth, filter method method and filter params params
Ensure: single prediction predP
1: if |candidate Patterns| = 0 then
2 return NULL
3: end if
4: if method =7 BED” then

5 predP < argmin(getLocal BED(candidate Patterns))
6: if |predP| > 1 then

7 predP <« argmax(getPatternSize(predP))

8 if |predP| > 1 then

9: predP < argmin(getGlobal BED(predP, { ))
10: end if

11: end if

12: else

13: if method ="WEIGHTED” then

14: predP < argmaz(get PrW (candidate Patterns, params))
15: if |predP| > 1 then

16: predP < argmax(get PatternSize(predP))

17: end if

18: end if

19: end if

20: if |predP| > 1 then

21: predP < randomChoice(predP)
22: end if

23: return predP

to the fact that high-entropy decisions where multiple child subtrace patterns are
equally probable are avoided. Moreover, focussing on the local BED initially leads us
to decisions that are easier given the current historical activity context of our query
sequence as we can identify more clear-cut decisions that have fewer competing sibling
subtrace patterns to choose from. In contrast to that, only filtering for the minimum
global BED mostly leads to the selection of very short subtrace patterns, as we favor
the globally most frequent, i.e., in most cases the smallest, subtrace patterns. As those
patterns include only a short amount of history as well, this leads to overall lower
performance for the prediction of the remaining traces compared with the ground
truth. Experiments showed that the strict pattern selection method starting with
a filtering for the minimal local BED performs extraordinary well on all datasets
analyzed as we can record high performance in the prediction of remaining traces.
Our approach has three main parameters — the maximum depth of the tree gen-
erated, i.e., the maximum size of the mined subtrace patterns, the respective pattern
selection method in the prediction loop, and the total number of distinct process stages
we introduce in the training procedure, i.e., how many distinct tree models are trained

14



Dataset events | cases | activities trace le‘ngth variants
mean|median|max
Helpdesk 21348 4580 14 4.66 4.0 15 226
BPI'12 Full* 262200 13087 36 20.04 11.0 175 4366
BPI'12 C 164506 13087 23 12.57 7.0 96 4336
BPI'12 W* 170107 9658 19 17.61 14.0 156 2921
BPI'12 WC 72413 9658 6 7.50 6.0 74 2263
BPI’13 Closed Problems 6660 1487 7 4.48 3.0 35 327
BPI'13 Incidents 65533 7554 13 8.68 6.0 123 2278
Env Permit 8577 1434 27 5.98 6.0 25 116
Sepsis 15214 1049 16 14.48 13.0 185 845
Nasa 73638 2566 47 28.70 28.0 50 2513

Table 1: Datasets used for performance evaluation

*: In these logs, the activity identifier is generated by a concatenation of the raw activity
identifier and the activity lifecycle information (SCHEDULE, START, COMPLETE).

for the respective event log. This can range from one single tree generated for the whole
event log to n trees, where n is the maximum trace length that is observed in the event
log. In the following section, we provide a thorough evaluation of our approach regard-
ing various configurations of those parameters. We provide a comparative benchmark
analysis where we compare our results to existing techniques and also touch upon the
runtime of our approach in general and for specific parameter combinations.

5 Evaluation

Conducting a thorough evaluation of our approach, we carry out various experiments
with real-world benchmark event logs that show different characteristics regarding the
overall event count, log variability in terms of the amount of dinstinct trace variants
and the overall number of distinct activities as well as the length of the different traces
recorded in the event log. We keep a steady evaluation routine across all datasets and
perform a extensive set of experiments with different parameter combinations. As our
predictive task, we perform Next Activity Prediction and Remaining Trace Prediction
and evaluate the different experimental runs in terms of their predictive performance.

5.1 Evaluation Setup

Datasets.

For our evaluation, we use the following datasets: Helpdesk [14], BPI2012 [15] with
multiple variations thereof that are commonly analyzed in existing contributions on
activity prediction tasks (BP12012 C - COMPLETE events, BP12012 W - only work-
flow events, BP12012 WC - only COMPLETE workflow events), BP12013 (Closed
Problems [16], Incidents [17]), Env Permit [18], Sepsis [19], Nasa [20]. See Table 1 for
an overview of the analyzed dataset and their core characteristics that are relevant for
a sound assessment of predictive performance under different conditions.
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Model Setting.

We run multiple experiments for the main parameters of our model — maximum traver-
sal depth, i.e., maximum pattern size, the number of process stages defined by the
process stage width calculated from a percentage of the overall maximum trace length
of an event log, and also perform experiments with different selection methods. For a
comparative benchmark analysis, we test all combinations of the parameters pattern
size — ranging from [3,5,7,11,17,21] — and the percentages defining the process
stage width — ranging from [0.0,0.025,0.1,0.2,0.5,1.0]. For each parameter combi-
nation, we train our model in a 5-fold cross validation setting. We split the folds by
case id leading to each of the folds consisting of 20% of all available cases. Effectively,
we perform a 80%-20% train-test-split where we use each of the folds once as a set of
test instances and train our models on the remaining 4 folds. For each fold, we split
the contained activity traces o; into full prefixes pgz) with 5 = 0,...,|o;| to perform
our experiments where j is the length of the resulting prefix starting from an empty
prefix. For both tasks — Next Activity Prediction and Remaining Trace Prediction
— we report the average results over the 5 folds for their individually best parameter
combination in Table 2.

5.2 Comparative Benchmark Analysis

To guarantee a sound assessment of the performances achieved for each prediction
tasks, we compare our results with previously presented approaches from deep learn-
ing. We rely on the work of Rama-Maneiro et al. [7] for the achievable performance of
multiple approaches ([3-6, 21, 22| since they thoroughly evaluated these deep learning
approaches also for the tasks of Next Activity Prediction and Remaining Trace Pre-
diction while maintaining a rigorous and unified benchmarking setup?. The achieved
accuracies of predicted next activities and similarities of predicted traces we report in
Table 2 are identical to the ones reported in [7] while always including the respective
best performing approach for each dataset. To ensure parity between the results from
an external contribution and ours, we recreated their experimental setup (train-test-
split ratio, 5-fold cross validation) for the evaluation of our own approach as well as
for an additional and more recent approach by Wuyts et al. [8] using a Transformer
network for suffix prediction. We performed experiments based on the available imple-
mentations and specified parameter setting accompanying their publication*. As the
implementation of the Transformer network has no inherent functionality to predict
next activities, we extracted the first activity of the resulting predicted suffix for each
test case and calculated the performance in an identical manner as for our approach.
Eventually, we also include a recent deep reinforcement learning approach for activity
suffix prediction by Rama-Maneiro et al. [23] and their reported performances into our
comparison. They maintain a steady evaluation routine between their contributions,

3The results reported in [7] for Camargo et al. [4] are split up between two individual approaches (random
choice and argmaz). For each dataset in Table 2 we report results of the better performing approach. We
do the same for Theis et al. [22].

4VVuyts et al. [8] apply a dataset-specific train-test-split and also manipulate the set of process instances
instances by filtering longer sequences for their experiments. We executed their approach and computed
the results in Table 2 while employing the same 5-fold cross validation procedure with a random split and
abstained from performing filtering operations. Overall, we expect to have reached a very high amount of
parity between all approaches included in our comparison.
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| | BPI'12 | BPI'13 | | |

Closed
Prob-
lems
5467

Helpdesk Incidents Sepsis

nv
Permit

8578

Full ‘ w C ‘ wC

Camargo [1] .8293 .6668

8328 | 7640

Hinkka [6] .8308 8478 .6347 .8443 .8842
Theis [22] o .7969 7575 .5948 .8512 .8896
Pasquadibisceglie [21] | < .8393 .7460 .6834 AT45 .8669
Tax [3] Z | 8419 8571
Wuyts (8]

Our Approach
Camargo [4]
Evermann [5]

Tax [3]
Wuyts (8]
Rama-Maneiro [23]

Our Approach J
*: Results were achieved with the non-data-aware (NDA) architecture of Wuyts et al. [8].

RTP

Table 2: Performance comparison for Next Activity Prediction (NAP - Accuracy)
and Remaining Trace Prediction (RTP - Damerau-Levenshtein Similarity). The best,
second best and third best approaches are shaded in egreen, eblue and »orange, respec-
tively.

keeping the resulting performance values comparable to the ones reported in their
initial benchmark study and also to our approach using the same evaluation setup.
Finally, to evaluate our approach in comparison with the remaining contributions, we
also use the same and already established evluation metrics for Next Activity Predic-
tion and Remaining Trace Prediction — accuracy of the forecasted next activity and
the normalized Damerau-Levenshtein-Similarity [24] for the predicted activity suffix
in Remaining Trace Prediction.

Looking into our achieved performances for Remaining Trace Prediction, we can
observe notably higher performance of BEST in comparison to the existing deep learn-
ing techniques for the greater part of the benchmark event logs. However, considering
also the deep learning approach by Rama-Maneiro et al. [23], BEST seems to fight
a closer battle where it is not consistently the best performer. Nonetheless, we still
achieve results that are on par with the remaining contributions in the field on those
datasets where we do not achieve the best performance and notice a very high level of
consistency of our approach for the task of Remaining Trace Prediction in compari-
son to most of the deep learning approaches. In fact, only the approaches of Camargo
et al. [4] and Rama-Maneiro et al. [23] seem to be consistent across datasets as the
former is able to at least achieve top-3 results for most of the datasets and the latter
shows high performance across the board as well.

We attribute the high performance of BEST to the fact that the tree consists only
of subtrace patterns that are actively taking place in the recorded event log data. Since
these patterns are the direct source of our generated predictions, we can achieve exist-
ing patterns with absolute certainty, while the LSTM and Transformer approaches
might predict future transitions between activities that their model deems to be the
most probable one given the context but might actually be contradicting the under-
lying process behaviour as they never actually occur inside the data. Choosing only
actively occurring patterns seems to be especially beneficial for the case of predicting
future activity suffixes when we generate trees with larger pattern sizes.
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Fig. 4: Distribution of forecasting accuracies in terms of distance to the maximum

achieved value across all runs for the specified pattern size used in the prediction.

Regarding Next Activity Prediction, our results suggest that BEST is capable of
outperforming existing techniques for some of the analyzed benchmark event logs.
However, from the overall perspective, BEST shows to be prone to deficits compared
with some of the competing approaches as it cannot outperform them on a consistent
basis. For some of the event logs BEST is also not in striking distance, e.g., when
comparing to approaches of Hinkka et al. [6] and Theis et al. [22] (BPT’12 W, Sepsis).
Although BEST is not deemed the best performing approach for all datasets, it takes
the third place or higher for the larger part of the analyzed benchmark datasets.

5.3 Sensitivity Analysis

We perform a sensitivity analysis with respect to the main parameters of our approach
by looking into how different parameter settings for the maximum pattern size as well
as the number of specialized trees generated affect our predictive performances. We
show a visual analysis of these effects in Figures 4 and 5. Increasing the size of the
patterns considered in the pattern search, i.e., traversing deeper into the hierarchical
pattern tree and scanning for longer matching patterns, leads to an overall increase and
a stabilization of the performance recorded for the case of Remaining Time Prediction.
Having a deeper tree with longer subtrace patterns in it allows for a more nuanced
decision where we can also honor longer distance relationships between activities or
subtraces. In contrast, stopping pattern search at shorter pattern lengths translates to
only looking into a short activity history and an equally short amount of future activi-
ties able to be picked as a forecast. We therefore recommend to increase the tree depth
for the task of Remaining Trace Prediction to guarantee higher performances with
respect to the achieved pattern similarities. In contrast to this recommendation, we
can observe the highest performances of BEST for shorter pattern sizes when consid-
ering the task of Next Activity Prediction. Although the accuracies show an increasing
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terms of distance to the maximum achieved value across all performed experiments

for the specified pattern size used in the prediction.

trend for an increase of the pattern length, the maximum accuracy values observed
for short patterns of pattern size |P| = 3 is never surpassed in our experiments. Con-
sequently, we formulate an analogous recommendation for the task of Next Activity
Prediction to limit the tree traversal depth to this pattern size.

Although different pattern sizes show to be favorable for different settings, our
approach is still flexible once it is trained. The maximum search depth can simply be
specified in the pattern matching and search procedure according to the respective
forecasting task without having to retrain the model from scratch.

Shifting to the effects of training multiple specialized tree models for different pro-
cess stages, we can observe how this parameter affects the accuracies in Figure 6.
Looking at the smaller process stage widths, i.e., the training of more specialized mod-
els for a given event log, we can recognize a smaller variance in predictive performance
and an overall higher performance when considering the task of Remaining Trace Pre-
diction. This effect can, however, not be shown for all analyzed logs (Helpdesk, Env
Permit, Nasa). These datasets are excluded from the visualization as they do not
exhibit the effect in the same extent as the remaining datasets. Taking the strict slic-
ing mechanism presented in Section 4 into account, we suspect that the reason for this
is that we cannot achieve a perfect mapping from the sliced process stages to actual
phases of the process.

5.4 Predictions Using the Weighted Probability Metric

In addition to the pattern selection by using the local and global BEDs we analyze
the effect of the introduced flexible pattern filtering via the weighted probability met-
ric Pry (see Egs. 3 and 4). Within this analysis, we also highlight the sensitivity of
chosing a fitting weight parameter value w with respect to the dataset analyzed and
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forecasting task performed (NAP or RTP). We provide a visual analysis of our results
for different parameter settings, prediction tasks and datasets BP12012 and its varia-
tions in Figure 7 and a subset of the remaining datasets analyzed in the same manner
in Figure 8.

Regarding the results of the BP12012 datasets in Figure 7 we can see the effects of
the choice of the weight parameter w in combination with the chosen pattern size for
which the tree is searched in the prediction procedure. In the left column, for the results
on NAP, we can see a high variation in achieved accuracies if we search the tree for
longer patterns. Scanning only for short patterns of size 3, the weight parameter seems
to be neglectable as we achieve the maximum accuracy for the respective datasets —
as long as we set a non-zero value for w. We can see a similar trend for the datasets
in Figure 8. However, the variance in achieved accuracies seems to be only apparent
for smaller pattern sizes between 5 and 11. These results are in line with our previous
analyses for the NAP task from Figure 4 where maximum accuracies were achieved
for very small pattern sizes.

Looking into the RTP case, the relationship appears to be somewhat more complex.
Datasets BP12012 W and BPI2012 WC in Figure 7 as well as dataset EnvPermit and
BPI2013 Incidents in Figure 8 can identify sweet spots for the weight parameter w
for given pattern sizes. This highlights the apparent differences in the analyzed real-
world datasets in terms of their sequential transitions between activity patterns. At
the same time, this makes clear that a more flexible and tunable pattern filtering can
help in adapting our model to the specific characteristics of each dataset in addition to
the results visualized with respect to the maximum pattern size (see Figures 4 and 5).
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Fig. 7: Visual Sensitivity Analysis of the weight parameter w for trees generated with
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BPI2012 C and BPI2012 WC. The left column of plots shows results for task NAP,
the right column of plots shows results for task RTP
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Fig. 9: Schematic visualization of a global occurrence probability cutoff at a cutoff
probability of 0.01%. Pattern nodes of the tree are visualized (epruned, e: unpruned)
comparison of non-constrained tree generation and tree generation with applied pre-
pruning via global pattern probability cutoff.

5.5 Applying pruning

To keep the complexity of our model small enough and to not generate huge tree
structures of all possible (but potentially non-informative) subtrace patterns, we can
apply pruning strategies. Multiple strategies to prune the tree are possible and can be
applied either during tree generation (pre-pruning) or after the tree has been generated
completely (post-pruning). We opt for the description and a showcase of the effects
of a pre-pruning that is easily applied during the training of the model, specifically
setting a global probability cutoff. The probability cutoff decides if the hierarchical tree
generation algorithm should go forward with potential extensions of a given subtrace
pattern or if the branch of the tree is stopped at the respective node. The decision
is based on the global pattern occurrence probability Pr(P;) of a subtrace pattern
P; and enforces a stoppage of the pattern search and matching when this probability
gets lower than the cutoff. A visual representation of this cutoff mechanism is depicted
in Fig. 9. In this slightly different visualization of the tree structure, the height of
the nodes represents their global occurrence probability and the depth of a node and
respectively the size of the contained pattern can be determined by the number of
edges between the respective node and the root node. We also want to highlight the
case for which patterns of a smaller size can be pruned by the global occurrence
probability cutoff it occurs less frequently than an arbitrary larger pattern. This case
can be observed in the middle branch of the tree, where a pattern of size 1 is pruned
due to a global occurrence probability of less than the cutoff probability but other,
larger patterns are still unpruned.
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The pruning drastically affects the number of patterns generated and therefore can
reduce the complexity of the generated trees heavily. Experiments showed that the
reduction in mined and matched subtrace patterns for trees amounts to ~99% when
setting a probability cutoff value of 0.001%. The effects of this reduction in model
complexity are also directly apparent in terms of training and inference times of our
approach. We elaborate on this in Section 5.6 while also considering the implications
for the resulting predictive performance.

5.6 Runtime Analysis

In the following, we compare average computation times split up between training
time and inference time for the complete suffix prediction for all datasets. In that,
we report the times for BEST and a subset of existing deep learning approaches
where implementations were available, i.e., Camargo et al. [4] (LSTM) and Wuyts et
al. [8] (Transformer). Figure 10 provides a visual comparison of training and inference
times, respectively. Moreover, we provide an analysis on the effect of the pruning by
a global probability cutoff in terms of training and inference times, while also looking
at the effects on predictive accuracy of our approach. Figs. 11a and 11b depict the
interconnection between setting different probability cutoff values for training time
and inference time, respectively.

Regarding the training times, we achieve an average duration (across all datasets)
of training our models that is orders of magnitude smaller than existing approaches. To
further put the results into perspective, we want to note that the deep learning archi-
tectures rely on popular libraries like PyTorch and Tensorflow that provide CUDA
support and enable heavily parallelized and efficient training of large model architec-
tures on GPUs. In contrast to this, the implementation of our proposed framework is
evaluated on the CPU only. The training and inference times of the evaluated deep
learning architectures were performed on a NVIDIA GeForce RTX 2080 Ti GPU fea-
turing 11 GB of GDDR6 VRAM, experiments of our approach were executed on a
virtual machine running with an Intel Xeon Skylake processor featuring 8 CPU cores
clocked at 2.7 GHz and 64GB of RAM.
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Fig. 11: Connection between different probability cutoff values for training and infer-
ence times and the corresponding achieved average accuracies and similarities across
all datasets averaged over all datasets for BEST

In Fig. 11a shows the stark positive effect of employing a pre-pruning strategy in the
training procedure by executing a global pattern probability cutoff. The reduction in
average training time amounts to about a decrease of up to 80%. Consequently, we can
record a drop off in similarity of predicted future activity traces for a probability cutoff
value of 1%. However, the decreased training duration can still be upheld by using a
smaller probability cutoff of 0.001% while still being able to have steady performance
for the prediction of activity suffixes. Regarding inference time, we can see a similar
pattern, and inference time can be reduced by an even higher factor of >97%. Looking
at the slight trade-off in applying pruning and reducing inference times, we propose
to set the probability cutoff value at a value of 0.01% to keep training and inference
times minimal while still being able to receive high-performing prediction models.

5.7 Limitations and Future Work

As the gathered results from our comparative benchmark analysis show, BEST suffers
from slight drawbacks for the case of predicting next activities. When considering that
we achieve the best results for our approach when limiting the patterns to smaller sizes
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(see Fig. 4), the main reason for this might be that only a smaller amount of prefix
context can be taken into account. In turn, allowing for larger patterns shifts the focus
from the next activity to activities further down the road. As a result, due to using
the conditional probability of an extended pattern as the main driver of our pattern
selection procedure, we select patterns that are not the best fit regarding the next
activity. To tackle this problem and to also be able to take a longer prefix context into
account also for the prediction of next activities, we want to investigate asymmetrical
subtrace pattern extension with longer prefixes and 1-suffixes. Additionally, BEST is
mainly developed for the task of activity prediction. In future research, we want to
also look into ways of incorporating additional event information into the training and
inference phases. By taking additional event information into account, BEST could
be elevated into a generally applicable framework for other common prediction tasks
from PPM like attribute or outcome prediction.

Since the training of multiple specialized tree models for different process stages
showed interesting but not generally improved results, we want to look into possi-
bilities of refining the slicing method to be able to better grasp the starts and ends
of actual phases in the process. Although we might take the current sequence length
as an indication of a currently active process phase, there should still be potential
in including also additional information from event attributes. Finally, as the process
stages showed beneficial effects only for some of the datasets, we want to investigate
how to perform a smarter stage slicing across the event sequences. We hope to be able
to eliminate the detrimental effects that most likely occurred due to slicing of poten-
tially coherent process phases into distinct stages. Possible avenues for improving the
slicing mechanism implemented here might be to look into event abstractions [25] or
to perform hierarchical modeling of process phases of different granularities.

6 Conclusion

In this work, we described BEST, an efficient tree-based prediction model for the task
of Next Activity Prediction and Remaining Trace Prediction in the domain of Predic-
tive Process Monitoring. Our model leverages hierarchical a hierarchical structuring
of bilaterally expanding subtrace patterns and makes use of efficient pattern matching
as well as a choice of pattern selection methods to arrive at a suitable activity suffix
prediction for ongoing process instances. As we can show with our experiments, BEST
is able to achieve superior predictive performance for the task of Remaining Trace
Prediction in comparison to established techniques from the domain of deep learning
while being orders of magnitude faster to train. BEST is also capable of grasping
intra-trace dynamics by training individual and specialized models for different pro-
cess stages an ongoing case currently resides in. Moreover, we provide a thorough
empirical evaluation using also a weighted probability metric in pattern selection,
showing the trade-off between favoring local, i.e., conditional, and global pattern
occurrence probabilities, the effect of pruning strategies for efficiency. Eventually, our
approach shows to be lightweight and efficient, as we demonstrate in a dedicated
runtime analysis and comparison with existing techniques for identical tasks.
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