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Toward Efficient Support for Business Process Event
Log Sampling
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Abstract—Large volumes of event logs have been accumulated
by business information systems. Accompanied by that, various
process discovery techniques are invented to uncover underlying
business processes based on event logs. Event log sampling, rec-
ognized as one of the most effective techniques for accelerating
discovery efficiency, has gained significant attention in recent days.
However, achieving high performance in sampling while maintain-
ing superior sample log quality remains a challenge for current
techniques. To tackle the problem, a novel event log sampling
technique, denoted as sigRank, is introduced to improve both the
sampling efficiency and the quality of the sample log by quantifying
the significance of each trace. The proposed sampling technique has
been implemented as a publicly available tool in the open-source
process mining platform ProM. Compared with state-of-the-art
techniques using 12 public event logs, we experimentally illustrate
that the proposed approach can significantly accelerate sampling
efficiency while guaranteeing superior sample log quality for pro-
cess discovery.

Index Terms—Petri nets, process discovery, event log sampling,
efficiency, quality evaluation.

I. INTRODUCTION

ROCESS mining is recognized as a pivotal technique for
P enabling business process automation in the era of digital
transformation. Specifically, it provides a set of techniques to
extract process insights from event logs to monitor, analyze
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and control the execution of processes [1]. As one of the
most fundamental process mining techniques, process discovery
has received much attention recently. Dozens of discovery ap-
proaches, e.g., Alpha Miner [2], Heuristic Miner [3], Inductive
Miner [4], Hierarchical Miner [5], Split Miner [6] and CrossOrg
Miner [7], have been proposed to construct process models from
event logs. However, existing process discovery techniques still
meet severe performance problem when processing large-scale
event logs [8].

To tackle the limitation, process discovery techniques over
distributed platforms such as the ones based on MapReduce and
Spark frameworks become desirable [9]. These platforms scale
computing resources effectively and provide straightforward
scale-out for event log processing [10]. For example, Evermann
introduced the MapReduce-based distributed Alpha Miner and
Heuristic Miner via reprogramming existing programs in [11].
Although these approaches have shown remarkable ability to
speed up process discovery from large-scale event logs, the
re-programming process itself is actually not easy, and in-depth
knowledge of the process discovery algorithms as well as the
programming syntax is required. Moreover, high-end computer
clusters or cloud instances are always required for execution,
the analysis cost of which will be high for end users. In con-
trast, event log sampling techniques are proved to be one of
the most promising techniques to improve process discovery
efficiency [12], [13], [14].

Although event log sampling improves process discovery
efficiency, existing techniques may still struggle on large and
complex event logs, e.g., those with thousands of variants. To
tackle this problem, anovel event log sampling technique, named
sigRank, is introduced to improve both sampling efficiency and
sample log quality. More specifically, we give the general design
of the proposed technique. In addition, the proposed technique is
integrated into the open-source process mining platform ProM,
and experimental evaluation using 12 public event logs illus-
trated that the proposed sigRank can significantly accelerate
the sampling efficiency while guaranteeing superior sample log
quality for process discovery, compared to existing event log
sampling techniques.

The remainder of this paper is organized below. Section II
introduces the related work. Section III presents the background
knowledge. Section IV details the sigRank sampling technique.
Section V details the tool implementation. Section VI presents
an experimental evaluation using public event logs. Finally,
Section VII concludes the whole paper.

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/
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II. RELATED WORK

In this section, we briefly introduce existing work related to
process discovery, distributed process discovery, and event log
sampling.

A. Process Discovery

Since 2000 s, dozens of process discovery algorithms are
invented to uncover process models from event logs. As one of
the most well-known process discovery techniques, Alpha Miner
constructs a Petri net-based process model by analyzing directly-
follow relation, concurrency relation, and causality relations
among activities from event logs [2]. To cope with limitations
of Alpha Miner, some extensions have been made, such as
non-free-choice constructs [15], duplicated activities [16], short
loops [17], and invisible activities [18]. In addition, Heuris-
tic Miner [19] is introduced to handle infrequent behavior by
considering the dependency frequency. As the state-of-the-art
process discovery technique, Inductive Miner [4], has been
proposed to deal with noisy logs [20] and incomplete logs [21]
to support high-quality discovery. Furthermore, Split Miner [6]
is proposed to ensure the generation of deadlock-free process
models. More recently, Hierarchical Miner is proposed to sup-
port multi-layered sub-process discovery in [22] and CrossOrg
Miner is proposed to support cross-organization process model
discovery in [7].

B. Distributed Process Discovery

With the continually increasing volume of accumulated event
logs in the Big Data era, existing process discovery techniques
are bothered by performance challenges. This may attributes
to the fact that existing process discovery techniques typically
running on a single machine, i.e., CPU, GPU, memory, and other
hardware resources are limited. In this setting, by leveraging
a large amount of computing resources, performing process
discovery over distributed platforms becomes desirable. For
example, the well-known MapReduce framework [23] has been
adopted and reprogrammed to support process discovery in [11].
Generally speaking, the distributed implementations mainly rely
on constructing log abstractions for a specific technique, and
then, the whole computation tasks are decomposed into a set of
MapReduce jobs and executed by multiple machines in parallel.
Although such approaches have been proved to achieve speedups
over traditional single-machine discovery architecture, their
computation paradigm typically follows the traditional manner,
i.e., re-programming existing implementations and performing
computations to all traces in an event log.

C. Event Log Sampling

Different from distributed process discovery techniques that
reprogram existing process discovery techniques, event log
sampling techniques offer a novel way to speed up process
discovery efficiency. Generally, it enables fast process discovery
over event logs via reusing existing algorithms (tools or codes)
directly. For instance, the well-known LogRank sampling tech-
nique presented in [8] and [24] first obtains a small representative
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sample log from a large-scale one, then the retrieved sample
log is used instead of the original one by process discovery
techniques. In [25], a series of log sampling techniques based
on biased trace selection strategies are introduced. Among these,
frequency-based and similarity-based sampling techniques are
shown to be particularly effective in preserving representative
behavior. More specially, the frequency-based sampling tech-
nique assigns high priority to traces that have higher occurrence
frequency. Differently, the similarity-based sampling technique
first computes a similarity for each trace, and the priority of each
trace is assigned based on its similarity value. Note that both
the similarity-based and the LogRank sampling techniques aim
to keep the main-stream behavior in the retrieved sample event
log. Additionally, Pasquadibisceglie et al. proposes PROMISE+,
an abstraction-based event log summarization technique that
leverages predictive process mining using LSTM to generate
representative traces for process discovery in [26]. In [27], an
incremental prototype selection algorithm is presented, which
applies K-medoids clustering based on edit distance to group
similar process instances and selects the central trace of each
cluster as a representative.

However, these event log sampling techniques may be very
slow if the original event log is large and complex. For exam-
ple, the sampling time required by the LogRank may be much
longer than the discovery time required from the original log for
some special cases. To improve sampling efficiency, a sampling
technique LogRank™ has been proposed in [14]. In addition,
several machine learning- and clustering-based summarization
techniques, such as PROMISE+ and K-medoids-based selec-
tion, achieve high representativeness but typically require model
training or iterative optimization, which increases computational
cost. These limitations motivate lightweight and training-free
heuristic techniques that can be applied directly to event logs.
As shown in this work, such designs improve the sampling
efficiency while preserving representativeness.

III. BACKGROUND KNOWLEDGE

This section introduces background knowledge on event log,
process discovery, Petri nets, and event log sampling.

A. Event Logs

An event log refers to a finite set of events with multiple
attributes.

Definition 1 (Event Log): Let U 4 be the universe of activities.
A trace o € U} is defined as a sequence of activities/events.
L € B(U}) is an event log such that B(U7) is the set of all
multisets of sequences on U 4.

Besides activity, events contain additional attributes, i.e., the
resource (e.g., person or equipment) to execute or initiate an
activity, or the timestamp of an event to conduct performance
evaluation. Considering, for example, some process discovery
techniques depend on extra information like resource and cost.
Note that this paper is limited to event logs of activity sequences
and other attributes are not considered.

Considering, for example, an event log L with 75 traces (23
distinct traces, also known as variants) and 8 activities.
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Fig. 1. Process model discovered from L using IM.
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B. Process Discovery and Petri Nets

By taking as input an event log, a process model that en-
codes the execution behavior of a business process is built
by existing process discovery techniques. To describe process
behavior, various process models, e.g., Petri nets, Event-driven
Process Chains (EPC), and Business Process Modelling Nota-
tions (BPMNs), can be used.

Definition 2 Process Discovery): Let Uy, be the universe of
process models. A process discovery technique is defined as a
function © from an event log L € B(U?}) to a process model
M € Uy, ie., we have ©(L) = M.

Petri nets are broadly applied to formalize business pro-
cesses [28], [29], [30], service processes [31], software pro-
cesses [32],emergency response processes [33], [34], etc. With-
out loss of generality, Petri nets is used to describe discovered
process models in the following discussion.

Definition 3 (Petri Nets [35]): PN = (P,T,F,l) is a
Petri net satisfying: (1) P is a set of places and 7' is a
set of transitions such that PNT =( and PUT # 0; (2)
FC(PxT)U(T x P) is a set of flow relations; and (3)
l:T — o is defined as a transition labeling function such
that o/ is a label set and 7 € &/ refers to an invisible
label.

Forany x € PUT, *z = {y|(y,x) € F} is the pre-set of x
and z* = {y|(z,y) € F} is the post-set of x. m € B(P) is a
marking of a Petri net, which denotes the number of tokens each
place contains. A marked Petri net is defined as (PN, mg) with
my be its initial marking.

The Petri net-based process model discovered from L using
Inductive Miner (IM) [4] should look like the one shown in Fig. 1
where [source] is its initial marking.
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C. Event Log Sampling Techniques

In general, event log sampling techniques typically implement
an inner trace ranking mechanism to build sample logs by
selecting highly-ranked traces from the original log.

Definition 4 (Log Sampling Techniques): Let Uy, be the uni-
verse of event logs. A log sampling technique is defined as a
function II from an original log Ly € B(U}) to a sample log
Ls; € B(U}), i.e., II(Lg) = Ly, where Vo € Ly : 0 € Ly, ie.,
L is a subset of L.

Definition 4 indicates that an event log sampling technique
typically takes as input an event log and returns one of its subsets
as the sample log based on a certain strategy. Taking the LogRank
sampling technique in [8] as an example, a sample log of L¢
with the sampling ratio 15%, denoted as L, is obtained and
shown below. It is observed that L¢, contains 12 traces/variants,
152 events, and 8 activities.

L = [{(a,c,d e, f,d, b,e,h>17 {a,c,d,e, f,b,d, e, g)t,
{a,d,c,e, f,d,b,e h)t, <acdef,dbeg>1,
(adcef,bdef,cdef,bdeg)
<adcef,dbef,cdef,dbeg>
{a,d,c,e, f,b,d,e, f,b,d,e,g)t, (adcef,dbeg)l,

<adcef,dbef,cdef,bdefbdeg)

{a,d,c,e, f,d,b,e, f,b,d, e, h)!,

{a,d,b,e, f,b,d,e, f,d b e, g)t,

<acdef,bdef,dbeg>]

IV. SIGRANK SAMPLING TECHNIQUE

A novel and efficient event log sampling technique is first
detailed, and then introduce how to quantitatively compare
different sampling techniques.

A. An Approach Overview

Fig. 2 shows an approach overview of the novel sampling and
evaluation techniques with the following two phases:

® Phase 1: sigRank Sampling Technique: Given a large-scale
event log and a user-defined ratio, sigRank applies an inner
ranking of traces and selects the most important ones to
construct the sample log.

® Phase 2: Effectiveness Evaluation: The effectiveness of an
arbitrary sampling technique is evaluated from both the
efficiency and quality aspects.

e Efficiency Evaluation: The sum of sampling time and
model discovery time using the sample log is computed
and compared to the model discovery time using the
original log. If the former is smaller than the latter, it is
concluded that the sampling is effective.

® Quality Evaluation: Assume L is an arbitrary log and
Lg is its sample log based on a sampling technique.
We take these logs as input and perform process dis-
covery. The discovered models are denoted as M, and
Mg, respectively. Then, the sample log quality can be
evaluated as follows:

Q(L07 MS)

QUCI,(LS,LO) = Q(LO M0)7

)]
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Fig. 2. An approach overview.

where (Lo, Mg) represents the quality of the model
discovered from the sample log Mg against original
log, and Q(Lg, M) represents the quality of the model
discovered from the original log against original log.

B. Sigrank Sampling Technique

Sampling techniques are designed to extract a subset of sig-
nificant traces from the original log to be analyzed using less
time and computing resources. The significance of a trace can be
quantified by the behavior it contains. Here, the behavior refers to
activities, directly-follows relations, etc, if the sampling targets
at improving discovery efficiency. In this way, the significance
of a trace can be quantified by the significance of its activities
and directly-follows relations. The proposed sigRank technique
first computes a significance score for each trace in the original
log. It then selects the most significant traces to construct the
sample log.

Given an arbitrary, the activity set and the directly-follows
relation set are first defined.

Definition 5 (Activity Set): Let L € B(U) be an event log,
its activity set is: actS(L) = J, e {0(i)|1 <i < |o|} where
o (i) represents the ith element of o.

Definition 6 (Directly-follows Relation Set): Let L € B(U?%)
be an event log, its directly-follows relation set is: df gS(L) =

Userd(o(i)o(i+ 1)1 < i < o] —1}.

Consider an example log Lg = [o1 = (a,b,d,e), 00 =
(a,c,e),03 = (b,c),04 = (b,d)], we have actS(Lc )
{avbac7d76}7 and dfgS(LC) = {<a7b>7<bad>a < > < >

(c,e), (b c)}.
The significance of activity a in event log L, denoted as
sig(a, L), is calculated below:

|User{oB1 < i <lof Ao(i) = aj|

sig(a, L) = 7

@)

where |J, ;{031 <i < |o| Ao(i) = a}| denotes the num-
ber of traces that contain activity a in L.

The significance of directly-follows relation (a,b) in L, de-
noted as sig({(a,b), L), can be calculated as follows:

sig({a,b), L) =

|Uper {0131 <i< o]l —1A0(i) =ano(i+1) =0}
L] ’

3

where ||J,c {031 <i<|o|—1A0(i) =ano(i+1)=0b}
denotes the number of traces that contain directly-follows re-
lation (a, b) in L.

Given a trace o € L, its average activity significance in L,
denoted as sigAvgAct(o, L), is calculated as follows:

S sig(o(i), L)

sigAvgAct(o, L) = o]

) “

where Z‘;;'l sig(o(i), L) denotes the sum significance val-
ues of all activities in trace o. Given a trace o € L, its av-
erage directly-follows relation significance in L, denoted as
sigAvgD fr(c, L), is calculated below:

S sig((o(i),0(i + 1)), L)

sigAvgD fr(o,L) = =1 ,

)

where ZL‘iIl sig({o(i),0(i 4+ 1)), L) denotes the sum of sig-
nificance values of all directly-follows relations in trace o.
Given a trace o € L, its significance is calculated as follows:

sigTotal(o, L) = weet - sigAvgAct(o, L)
+ wqyy - sigAvgD fr(o, L), 6)

where wye, wer > 0 and wye + werr = 1. By default, wye =
war = 0.5. sigTotal combines sigAvgAct and sigAvgD fr to
balance complementary signals. sigAvgAct captures activity
frequency, while sigAvgD fr reflects structural connectivity.
Equal weighting avoids bias toward either frequent activities
or dense directly-follows relations, yielding a more stable and
representative importance score.
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Fig. 3. Anillustrative example of the sigRank sampling algorithm.

Given an arbitrary event log and a ratio, the working process
of the sigRank sampling technique is described below.

e Step I: the activity set and the directly-follows relation
set are first obtained from the original event log based on
Definitions 5-6;

e Step 2: the significance of each activity and directly-
follows relation is calculated based on (2)—(3);

e Step 3: the significance of each trace is computed using
(4—(06);

e Step 4: all traces are ranked according to their significance
values, and the top-N ranked traces are selected to build
the sample log based on the input sample ratio.

By design, a larger sigTotal indicates a trace dominated by
higher-frequency activities and representative directly-follows
relations. During sampling, we rank traces in descending order
by sigTotal and select the top-N according to the user-defined
ratio. The sigRank sampling technique has an overall time
complexity of O(nlogn), where n is the number of traces
in the event log. The dominant operations include computing
trace significance (O(n - m)) and sorting traces by significance
(O(nlogn)). Since m < n in real-world event logs, the sorting
step dominates the overall complexity.

An illustrative example of the sigRank working process is
given in Fig. 3, by taking the example log L and 15% sampling
ratio as input. The sample log, denoted as SCC is obtained, based
on which we see that Léﬁ contains 12 traces, 132 events, and 8
activities.

L = [{a,c,d, e, h)t, (a,d, c,e, h)?t,
<a7b7d7e7h>17<a’c7d7€7g>1’
{a,c,d,e, f,d,b,e,h)t (a,d, c,e, f c d e h)t,
{a,d,c,e, f,b,d,e, f,c,d,e, f,b,d,e,g)t,
{a,d,c,e, f,d,b,e, f,c,d,e, f,d,be,g)t,
{a,d,c,e, f,d,b,e, f,c,d e, f,b,d,e, f bd e g)t,

(a,d,c,e, f,d,b,e, f,b,d, e h)!

{a,d,b,e, f,b,d,e, f,d,b,e,g)

{a,c,d,e, f,b,d,e, f,d,b, e, g)!

7

!

C. Effectiveness Evaluation

This section introduces how to quantify the effectiveness of
the sampling technique from both the sampling efficiency and
the sample log quality aspects. To evaluate the quality of the sam-
ple log for process discovery purposes, we need to investigate
whether the process model discovered from a sample log is good
enough by comparing to the process model discovered directly
from the original log directly. Therefore, it makes no sense if
the model discovered in the sample log cannot guarantee 100%
(replay) fitness. To meet this requirement, we select Inductive
Miner [4] as the underlying process discovery technique, as it
guarantees perfect fitness.

Three alignment-based evaluation metrics, including fitness,
precision, and F-measure, are used to quantify the quality of the
model. Fitness quantifies the proportion of traces that can be
replayed by a process model. If all traces can be replayed using
a process model, then fitness is 1. In this study, we adopt the
definition of fitness as proposed in [36]. In contrast, precision
quantifies the proportion of traces generated from the process
model that can be covered by the event log. If all traces generated
from a process model are covered by the event log, then the
precision is 1. We adopt the definition of precision introduced
in [37]. As discussed in [38], there exists a balance between
fitness and precision, adding a small fraction of behavior in the
event log can lead to a slight decrease in fitness, but the precision
value may increase a lot. Based on the above observation, the
F-measure is introduced.

2 x fitness X precision

)

F—measure = - —
fitness + precision

The quality of a sample log against the original one from the
process discovery point of view is computed as follows:

F—measure(Lg, Mg)

lity(Ls, Lo) = .
Quality(Ls, Lo) F—measure(Lg, M)

®)
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Fig. 4. Model of sample log L¢, using IM.

To measure the quality of sampling techniques, we first need to
discover the underlying process models. Consider, for example,
asamplelog L7, the process model discovered by IM, denoted as
Mg, is shown in Fig. 4. Similarly, the process model discovered
by IM from sample log LY, denoted as My, is identical to that
obtained from the original log in Fig. 1. This indicates that
the sample log obtained by the proposed sampling technique
with 15% ratio plays the same role as the original log from a
process discovery point of view, i.e., the model re-discoverability
is guaranteed in this case. By comparing Figs. 1 to 4, we see
that their behavior varies a lot. It is argued that the selection of
sampling technique and sampling ratio have a huge impact on
the sample log quality as well as the discovered process models.

More specifically, we have fitness(Lo, Mg) = 0.89 and
fitness(Lc, M) = 1, indicating that the process model
obtained from the 15% sample log is capable of replay-
ing all behavior in the original log. For precision, we have
precision(Le, Mg) = 0.38 and fitness(Lco, Mg) = 0.92.
In this way, we have F—measure(Lc,Mg) = 0.53 and
F—measure(Lc, Mf) = 0.96. According to Fig. 4, the model
involves a flower like structure, i.e., branches can be skipped and
repeated in an arbitrary number, which indicates low precision.
In summary, we argue that the sample log obtained from sigRank
technique with 15% ratio performs better than the LogRank
sampling technique from the discovery viewpoint.

Moreover, it should be noted that the applicability and useful-
ness of a sampling technique heavily depends on the efficiency.
The reason is that a sampling technique will be not interesting
for end-users if the sampling process itself is time costly, even in
the condition that the quality of discovered models is high. This
paper also evaluates the running time of sampling techniques.
Specifically, for a given event log, the less runtime a sampling
technique requires, the more efficient the underlying technique
is.

V. TooL IMPLEMENTATION

The novel proposed sampling technique is fully implemented
as an independent tool called sigRank-based Event Log Sam-
pling in the open-source framework ProM 6.' The tool pro-
duces as output an XES-based sample log by taking as input

Thttps://github.com/promworkbench/SoftwareProcessMining
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Fig. 5. A screenshot of the sampling plugin.

TABLE I
BASIC STATISTICAL INFORMATION (#T1race: NUMBER OF TRACES, # Event:
NUMBER OF EVENTS, #V ariant: NUMBER OF VARIANTS, AND # Activity:
NUMBER OF ACTIVITIES)

Event Log #Event | #Trace | #Variant | #Activity
trainingLog1 13608 1000 851 18
trainingLog?2 9251 1000 907 20
Synthetic trainingLog3 8197 1000 590 22
Logs trainingLog5 22299 1000 970 28
trainingLog7 15187 1000 993 28
SimulateLog2000 [ 52000 2000 2000 26
2000AlINoise 128823 2000 2000 113
NASA 73638 2566 2513 47
Real-life ETMC4200 23168 4203 16 7
Logs order 6358 1000 9 8
Final 21348 4580 226 14
BPI2012_A 146044 13087 32 10

a large-scale event log and sampling ratio. A screenshot of the
implemented plugin is given in Fig. 5.

VI. EXPERIMENTAL EVALUATION

An extensive experimental evaluation of the proposed sam-
pling technique is performed by comparing with state-of-the-art
event log sampling techniques. In particular, 12 public event logs
are first introduced as datasets. Next, baseline sampling tech-
niques are introduced for comparison. Finally, the comparative
evaluation results are analyzed.

A. Datasets

This section introduces 12 public event logs, including 6
synthetic logs and 6 real-life ones to perform the comparative
experiments. Table I summarizes the basic information.

B. Baseline Techniques

The following seven state-of-the-art event log sampling tech-
niques, along with a filter-based model discovery technique, are
used as baselines in the experimental evaluation.

® LogRank sampling technique [24], known as one of the

pioneered sampling techniques, is a graph-based ranking
model that applied PageRank mechanism to compute the
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importance of traces, based on which a subset is selected
to construct the sample log.

e LogRank™t sampling technique [14] defines the impor-
tance of a trace as its similarity against all remaining traces
in the log. It aims to distill mainstream traces as a sample
log.

® Frequency-based sampling technique [25] ranks the im-
portance of traces according to their frequencies. Then, a
sample log is constructed by selecting the most frequent
traces.

o Similarity-based sampling technique [25] first computes
directly-follows relations as well as their weight. A
directly-follows relation is considered as the mainstream
behavior of the log if its weight exceeds an input threshold.
Then, the similarity of a trace is obtained by counting the
number of mainstream directly-follows relations.

® Hybrid-based sampling technique [25] combines
frequency- and similarity-based techniques. It normalizes
them to values between 0 and 1 and uses a weighting
average mechanism to aggregate normalized values.

® Longer-based sampling technique [25] sorts trace variants
based on their length and chooses the longest ones. It keeps
long traces in the sample log and leaves out incomplete
traces.

o Shorter-based sampling technique [25] sorts variants based
on their length and chooses the shortest ones. It may keeps
variants with simpler behavior.

® [nductive Miner Infrequent (IMi) model discovery tech-
nique [20] extends the classical Inductive Miner (IM) by
incorporating infrequent behavior filters at all stages, en-
abling localized filtering of uncommon behavior patterns
during process discovery.

C. Experimental Results

For each event log, we generated sample logs using sigRank
and seven state-of-the-art sampling techniques at ratios 30%
— 5% (step -5%). To mirror this setting for the filter-based
discovery technique, IMi was executed with complementary
noise_threshold values 0.70 — 0.95 (step +0.05), corresponding
to the 30% — 5% sampling ratios. These IMi noise thresholds
were not tuned for each event log. We followed a fixed heuristic
and set the threshold to § = 1 — r for each sampling ratio r.
This choice aligns the filtering aggressiveness with the degree
of log reduction. Unless otherwise stated, results per dataset
are averages across the six settings for each technique. To assess
sample log quality, we first discover a Petri-net model from each
sample log using Inductive Miner (IM), then compute fitness,
precision, and F-measure against the original event log.

We evaluate with /M because it produces sound, block-
structured models with deterministic outputs and exhibits strong
robustness to noise, which isolates the effect of sampling. While
sigRank is especially compatible with discovery approaches that
rely on directly-follows relations (e.g., IM and Split Miner), it re-
mains applicable to other algorithms (e.g., Heuristics Miner) as
an algorithm-agnostic sampling layer that reduces log size while
retaining salient behavior. As future work, we plan a broader
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cross-algorithm study, e.g., Heuristics Miner and ILP-based
discovery. We will quantify how sigRank interacts with different
discovery biases, e.g., causal-net and frequency-thresholding.
We will also identify settings where sigRank provides the great-
est benefit.

Detailed F-measure values of the LogRank, LogRank™,
sigRank, Frequency-based, Similarity-based, hybrid-based,
Longer-based, shorter-based sampling techniques, and a filter-
based model discovery technique IMi over the 12 experimental
event logs are reported in Table II. In addition, the efficiency
of the eight sampling techniques is evaluated by quantifying
their respective sampling time. Note that we run each sampling
technique five times for a given sampling ratio and report the
average values. Performance comparison results are shown in
Fig. 6 . According to Table II, Fig. 6 and Table III, we have the
following observations.

Generally speaking, the F-measure quantifies the quality of
the sample log. A large F-measure normally means a sample
log with better quality. We first compare the Frequency-based
sampling technique with the Similarity-based one. The former
builds sample log by selecting traces with higher frequency
while the latter selecting traces that are computed as more similar
to the mainstream behavior in the original log. According to
Table II, the quality of sample logs obtained by the Similarity-
based technique is higher than that of the Frequency-based
technique for most of the experimental logs (9/12). An exception
is the Final log where these two techniques return sample logs
with identical F-measure value.

Among LogRank, LogRank+, and sigRank, sigRank achieves
the best sample-log quality on most datasets. Table II shows
that sigRank attains the highest F-measure (10/12). In contrast,
LogRank and LogRank+ exhibit similar quality. Each method
performs best on six event logs.

Then a comparative analysis between sigRank and IMi is
also presented. As shown in Table II, sigRank outperforms IMi
in most of the evaluated logs (8/12) or exhibits alternating
performance depending on the sampling ratio. These results
indicate that the sample logs generated by sigRank are of higher
quality for process discovery, particularly under lower sam-
pling ratios. sigRank demonstrates a stronger ability to preserve
key behavioral characteristics and extract representative traces
effectively.

Finally, we compare the Similarity-based and sigRank tech-
niques in detail. In general, the sigRank technique performs
better in most cases (8/12). As a result, the sigRank technique
achieves the best sample quality based on the experimental
evaluation. The rationale is that sigRank scores each trace by
combining the significance of its activities and directly-follows
relations, which capture core behavioral characteristics of log.

In a small subset of event logs (e.g., traininglog7), other
sampling techniques outperform sigRank. These logs exhibit: (i)
many unique or low-frequency variants and sparse, weakly con-
nected directly-follows relations; and (ii) rare structural patterns
that frequency-weighted signals capture poorly. Under such
conditions, similarity-based sampling retains a wider spectrum
of structurally distinct traces and can yield better model quality.
By contrast, sigRank prioritizes statistically dominant activities
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TABLE II
QUALITY COMPARISON RESULTS (F-MEASURE-BASED SAMPLE-LOG QUALITY COMPARISON ACROSS SAMPLING RATIOS (5% - 30%, STEP -5%) ON 12 EVENT
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tril:;g' Sample Ratio tr;‘:;gg- Sample Ratio
Techniques 5% 10% 15% 20% 25% 30% Techniques 5% 10% 15% 20% 25% 30%
IMi 0.8943 | 0.8943 | 0.8943 | 0.8943 | 0.8943 | 0.8281 IMi 0.6789 | 0.6789 | 0.6789 | 0.6789 | 0.6789 | 0.4882
Fre_Based | 0.8126 | 0.8006 | 0.8787 | 0.8464 | 0.849 | 0.8351 Fre_Based | 0.24438 | 0.6590 | 0.5304 | 0.5215 | 0.4632 | 0.5880
Sim_Based 0915 | 0.8999 | 0.8999 | 0.7767 | 0.7767 | 0.8464 | Sim_Based 0.7859 | 0.7819 | 0.6191 | 0.4502 | 0.4963 | 0.6611
hybrid 0915 | 0.8999 | 0.8999 | 0.8097 | 0.7767 | 0.7767 hybrid 0.6634 | 0.7819 | 0.5896 | 0.5367 | 0.5246 | 0.6937
Longer 0.7914 | 0.7902 | 0.8186 | 0.8186 | 0.8186 | 0.8186 Longer 0.5812 | 0.4707 | 0.4531 | 0.6879 | 0.5574 | 0.6204
shorter 0.8835 | 0.8824 | 0.8824 | 0.8859 | 0.8859 | 0.8859 shorter 0.2443 | 0.4802 | 0.6512 | 0.7170 | 0.3863 | 0.4949
LogRank 0.7902 | 0.8186 | 0.8186 | 0.8186 | 0.8186 | 0.8186 LogRank 0.4147 | 0.4802 | 0.3327 | 0.6080 | 0.4831 | 0.5353
LogRank+ 0.7902 | 0.7902 | 0.8186 | 0.8186 | 0.8186 | 0.8186 | LogRank+ 0.5014 | 0.6675 | 0.4775 | 0.7275 | 0.6013 | 0.6252
sigRank 0.9253 | 0.8344 | 0.8787 | 0.8491 | 0.847 | 0.8404 sigRank 0.7038 | 0.7123 | 0.7135 | 0.6123 | 0.6802 | 0.6629
tril:;gg- Sample Ratio tril:g;g- Sample Ratio
Techniques 5% 10% 15% 20% 25% 30% Techniques 5% 10% 15% 20% 25% 30%
IMi 0.7387 | 0.7387 | 0.7387 | 0.8062 | 0.8404 | 0.8916 IMi 0.5929 | 0.5929 | 0.6406 | 0.5987 | 0.5987 | 0.5062
Fre_Based 0.5994 | 0.8773 | 0.8826 | 0.6229 | 0.5568 | 0.5568 | Fre_Based 0.2097 | 0.1708 | 0.1761 | 0.1724 | 0.1661 | 0.1661
Sim_Based | 0.8576 | 0.8054 | 0.8054 | 0.8153 | 0.5568 | 0.5978 | Sim_Based 0.3281 | 0.3281 | 0.2546 | 0.1974 | 0.1824 | 0.1824
hybrid 0.8374 | 0.8576 | 0.8054 | 0.8153 | 0.5988 | 0.5988 hybrid 0.3281 | 0.3281 | 0.2546 | 0.1974 | 0.1824 | 0.1824
Longer 0.4167 | 0.3605 | 0.3605 | 0.3605 | 0.3605 | 0.3605 Longer 0.1865 | 0.1652 | 0.1661 | 0.1661 | 0.1661 | 0.1661
shorter 0.5597 | 0.5994 | 0.7343 | 0.4599 | 0.4599 | 0.4654 shorter 0.6226 | 0.6226 | 0.5262 | 0.565 | 0.5403 | 0.5689
LogRank 0.5994 | 0.5994 | 0.3413 | 0.3376 | 0.3376 | 0.3366 LogRank 0.2171 | 0.2092 | 0.2092 | 0.2056 | 0.2056 | 0.1904
LogRank+ 0.401 | 0.4073 | 0.4073 | 0.4073 | 0.4073 | 0.4073 | LogRank+ 0.2137 | 0.1901 | 0.1661 | 0.1661 | 0.1661 | 0.1676
sigRank 0.9018 | 0.9018 | 0.9018 | 0.9018 | 0.9018 | 0.9018 sigRank 0.2754 | 0.2877 | 0.2766 | 0.2349 | 0.1857 | 0.1857
ter\j:;I;g- Sample Ratio Sﬁg:g‘;lg(t)g- Sample Ratio
Techniques 5% 10% 15% 20% 25% 30% Techniques 5% 10% 15% 20% 25% 30%
IMi 0.5662 | 0.3393 | 0.4534 | 0.4368 | 0.6347 | 0.6170 IMi 0.9338 | 0.9338 | 0.9071 | 0.9071 | 0.9188 | 0.9188
Fre_Based | 0.2205 | 0.2055 | 0.2018 | 0.2018 | 0.2018 | 0.2026 | Fre_Based 0.4457 | 0.4458 | 0.4442 | 0.4786 | 0.4786 | 0.4787
Sim_Based | 0.2085 | 0.2001 | 0.2021 | 0.1997 | 0.2085 | 0.2085 | Sim_Based 0.5613 | 0.5613 | 0.5613 | 0.5613 | 0.5613 | 0.5613
hybrid 0.3074 | 0.2001 | 0.2021 | 0.1997 | 0.2085 | 0.2085 hybrid 0.5613 | 0.5613 | 0.5613 | 0.5613 | 0.5613 | 0.5613
Longer 0.2052 | 0.2004 | 0.2004 | 0.2004 | 0.2004 | 0.2085 Longer 0.4457 | 0.4458 | 0.4442 | 0.4786 | 0.4786 | 0.4787
shorter 0.7202 | 0.4811 | 0.6061 | 0.3323 | 0.2566 | 0.238 shorter 0.4457 | 0.4458 | 0.4442 | 04786 | 0.4786 | 0.4787
LogRank 0.3593 | 0.253 | 0.2218 | 0.2004 | 0.1997 | 0.1997 LogRank 0.5678 | 0.5678 | 0.5235 | 0.4786 | 0.5154 | 0.5154
LogRank+ 0.2457 | 0.2337 | 0.2174 | 0.1919 | 0.2036 | 0.2036 | LogRank+ 0.4824 | 0.4825 | 0.5677 | 0.4785 | 0.4785 | 0.4787
sigRank 0.6935 | 0.3769 | 0.2367 | 0.1927 | 0.2118 | 0.2342 sigRank 0.5613 | 0.5613 | 0.5613 | 0.5613 | 0.5613 | 0.5613
2(1]\?0.A“- Sample Ratio NASA Sample Ratio
oise
Techniques 5% 10% 15% 20% 25% 30% Techniques 5% 10% 15% 20% 25% 30%
IMi 0.8490 | 0.8490 | 0.8490 | 0.8490 | 0.8490 | 0.8490 IMi 0.1366 | 0.1333 | 0.1333 | 0.1333 | 0.1333 | 0.1481
Fre_Based | 0.7072 | 0.7159 | 0.7273 | 0.7273 | 0.7363 | 0.7363 | Fre_Based 0.3683 | 0.2333 | 0.2333 | 0.2333 | 0.2333 | 0.2333
Sim_Based | 0.6099 | 0.7273 | 0.7363 | 0.7363 | 0.7363 | 0.7363 | Sim_Based 0.346 0.3361 | 0.3417 | 0.342 | 0.3421 | 0.3528
hybrid 0.6125 | 0.7159 | 0.7273 | 0.7791 | 0.7791 | 0.7791 hybrid 0.346 0.3361 | 0.3417 | 0.342 | 0.3528 | 0.3528
Longer 0.7017 | 0.7226 | 0.7226 | 0.7226 | 0.8305 | 0.8414 Longer 0.2105 | 0.2105 | 0.2105 | 0.2105 | 0.2105 | 0.2105
shorter 0.6105 | 0.6105 | 0.6105 | 0.6105 | 0.6105 | 0.6105 shorter 0.3432 0.349 | 0.3422 | 0.3422 | 0.3422 | 0.368
LogRank 0.6403 | 0.6403 | 0.6826 | 0.7363 | 0.7363 | 0.7363 LogRank 0.3696 | 0.3597 | 0.3886 | 0.2425 | 0.2425 | 0.2333
LogRank+ 0.1888 | 0.5015 | 0.6037 | 0.6045 | 0.6394 | 0.6924 | LogRank+ 0.2105 | 0.2105 | 0.2105 | 0.2105 | 0.2105 | 0.2105
sigRank 0.3146 | 0.6878 | 0.7379 | 0.828 | 0.8341 | 0.8463 sigRank 0.3146 | 0.3587 | 0.3489 | 0.349 | 0.3424 | 0.3424
ETMC4200 Sample Ratio order Sample Ratio
Techniques 5% 10% 15% 20% 25% 30% Techniques 5% 10% 15% 20% 25% 30%
IMi 0.9773 | 0.9773 | 0.9773 | 0.9773 | 0.9773 | 0.9773 IMi 0.8938 | 0.8938 | 0.8938 | 0.8938 | 0.8363 | 0.8363
Fre_Based 0.867 0.867 | 0.9251 | 0.9251 | 0.9251 | 0.9762 | Fre_Based 0.4351 | 0.4351 | 0.4351 | 0.4351 | 0.689 0.689
Sim_Based 0.867 0.867 | 0.9236 | 0.9236 | 0.9762 | 0.9762 | Sim_Based 0.1584 | 0.5337 | 0.5337 | 0.5337 | 0.5337 | 0.5337
hybrid 0.867 0.867 | 0.9251 | 0.9251 | 0.9251 | 0.9762 hybrid 0.5706 | 0.5706 | 0.5706 | 0.5706 | 0.5706 | 0.5706
Longer 0.9284 | 0.9773 | 0.9773 | 0.9773 | 0.9773 | 0.9773 Longer 0.7097 | 0.7097 | 0.7097 | 0.7097 | 0.7097 | 0.7097
shorter 0.967 0.867 | 0.9236 | 0.9236 | 0.9762 | 0.9762 shorter 0.6837 | 0.6837 | 0.6837 | 0.6837 | 0.6837 | 0.6837
LogRank 0.9036 | 0.9161 | 0.9773 | 0.9773 | 0.9773 | 0.9773 LogRank 0.214 0.214 | 0.3512 | 0.3512 | 0.4009 | 0.4645
LogRank+ 0.9773 | 0.9773 | 0.9773 | 0.9773 | 0.9773 | 0.9773 | LogRank+ 0.5295 | 0.5295 | 0.5295 | 0.5295 | 0.5295 | 0.5295
sigRank 1 1 1 1 1 1 sigRank 0.8076 | 0.8076 | 0.8076 | 0.8076 | 0.8076 | 0.8076
Final Sample Ratio BPI2012_A Sample Ratio
Techniques 5% 10% 15% 20% 25% 30% Techniques 5% 10% 15% 20% 25% 30%
IMi 0.6789 | 0.6789 | 0.6789 | 0.7717 | 0.7717 | 0.7717 IMi 0.5050 | 0.5050 | 0.5050 | 0.5050 | 0.5050 | 0.5050
Fre_Based | 0.9551 | 0.9551 | 0.9551 | 0.9551 | 0.9551 | 0.9551 Fre_Based 0.5251 0.569 | 0.3892 | 0.3942 | 0.3479 | 0.3124
Sim_Based | 0.9551 | 0.9551 | 0.9551 | 0.9551 | 0.9551 | 0.9551 | Sim_Based 0.1556 | 0.2633 | 0.2593 | 0.2593 | 0.2672 | 0.286
hybrid 0.9551 | 0.9551 | 0.9551 | 0.9551 | 0.9551 | 0.9551 hybrid 0.2593 | 0.2593 | 0.2593 | 0.2593 | 0.2672 | 0.2672
Longer 0.6099 | 0.6099 | 0.5768 | 0.6646 | 0.6645 | 0.6646 Longer 0.1556 | 0.2633 | 0.2593 | 0.2593 | 0.2672 | 0.286
shorter 0.9513 | 0.9513 | 0.9513 | 0.9513 | 0.9513 | 0.9513 shorter 0.1782 | 0.1782 | 0.2157 | 0.2593 | 0.2672 | 0.286
LogRank 0.641 | 0.6096 | 0.6373 | 0.6015 | 0.6015 | 0.6015 LogRank 0.0926 | 0.2622 | 0.2622 | 0.3128 | 0.3128 | 0.3128
LogRank+ 0.6312 | 0.6312 | 0.6295 | 0.6295 | 0.6295 | 0.6295 | LogRank+ 0.2622 | 0.2622 | 0.2622 | 0.4352 | 0.4352 | 0.4352
sigRank 0.9712 | 0.9712 | 0.9629 | 0.9629 | 0.9629 | 0.9629 sigRank 0.5243 | 0.5243 | 0.5243 | 0.5243 | 0.5243 | 0.5243
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Fig. 6. Time performance comparison results.
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TABLE III
OVERALL TIME PERFORMANCE (SUMMARY OF TIME PERFORMANCE IN MILLISECONDS: SAMPLING TIME PLUS DISCOVERY TIME, AVERAGED OVER SAMPLING
RATIOS FROM 30% TO 5% (STEP -5%) FOR EACH EVENT LOG; LOWER IS BETTER.)

Average Overall Time(ms) | Fre_Based | Sim_Based hybrid Longer shorter LogRank LogRank+ sigRank
trainingLog] 5171.16 6608.83 6876.83 5557.66 5665.16 29018.66 2625.49 2057.99
trainingLog?2 9257.16 7638.33 7095.32 7618.83 6886.99 29548.99 4972.16 3564.5
trainingLog3 4978.66 6541.66 6518.16 6013.99 6907.5 17089.66 3225 2585.33
trainingLog5 8201.82 8309.33 9554.49 8277.66 7545.16 65275.49 7194.33 5739.16
trainingLog7 6906.32 8700.16 8047.32 7188.16 7560.33 65152.82 8024.99 5486

SimulateLog2000 19137.82 18623.33 18232.66 | 21001.66 | 20523.66 524498.5 24589.66 | 13539.83
2000Al1INoise 18426.49 15846.49 26591.66 | 26850.16 | 27145.66 | 2622291.82 | 40099.99 | 25360.82
NASA 9125 9489.49 10089.99 | 8839.49 8426.66 746341.5 33092.16 12119.83
ETMC4200 14949.99 16685.32 17269.49 | 15819.49 | 18144.66 | 186804.32 13286.66 5799.49
order 1499.16 1341.32 4875.33 3989.66 4257.49 14872.16 685.66 359.33
Final 10367.82 11319.83 10884.49 | 11258.49 | 11240.16 | 130979.33 8325.82 3380.5
BPI2012_A 10260.32 6961.66 7705.16 6989.83 6559.16 147261.16 88527.16 9899.32

and relations to ensure scalability, which can under-sample rare
but informative variants. In a few datasets with substantial noise
or unstable control-flow, IMi yields higher quality results by
filtering infrequent behavior during discovery. It often produces
simpler models. This comes at the cost of potential informa-
tion loss, sensitivity to the noise threshold, and the absence
of a reusable sampled log. Overall, these cases indicate that
sigRank may be less suitable when rare variants are semantically
critical or when the log exhibits high behavioral diversity with
weakly connected directly-follows relations. In such settings,
diversity-oriented sampling or discovery-time filtering can be
preferable, depending on whether the objective is to preserve
rare behavior or to simplify noisy control-flow. These exceptions
do not contradict the strengths of sigRank on large and com-
plex logs. They highlight different objectives across techniques.
Similarity-based sampling prioritizes behavioral diversity. IMi
emphasizes noise filtering during discovery. sigRank provides
efficient and representative pre-discovery reduction.

Efficiency of different sampling techniques is quantified by
the total time for sampling and model discovery. The shorter
the time required, the higher the sampling efficiency. Accord-
ing to Fig. 6, the LogRank requires longer time than others.
The efficiency is even worse for large event logs, e.g., for the
BPI2012_A log, the sampling time of LogRank is 141549 ms,
which is approximately 100 times longer than other techniques.
It is because LogRank computes the similarity between each
pair of trace and then implements a PageRank-based ranking
strategy that is relatively complex and time consuming. The
sigRank achieves the best performance than others for most
cases (9/12). Exceptions are the 2000AllNoise, NASA and
BPI2012 A logs where the Frequency-based, Similarity-based,
hybrid-based, shorter-based and Longer-based techniques show
roughly the same efficiency with the sigRank (10296 ms vs
9127 ms vs 12006 ms, 6093 ms vs 5690 ms vs 6544 ms, 4933 ms
vs 4448 ms vs 6217 ms vs 3040 ms vs 4929 ms vs 6984 ms).
The rationale behind is that all these three techniques require
to traverse the event log once trace-by-trace to obtain their
importance values based on different strategies.

To provide an overall view of efficiency comparison, Table III
reports each sampling technique’s average total time (sampling
time + model discovery time) across all twelve event logs. Values
are averaged over six sampling ratios (from 5% to 30%), and

the most efficient technique for each dataset is boldfaced. As
shown in Table III, sigRank achieves the lowest average total
time in 9/12 datasets, confirming superior efficiency compared
to state-of-the-art techniques.

In summary, it is shown that the sigRank sampling technique
achieves the best sample log quality and sampling efficiency
according to the comparative evaluation against state-of-the-art
sampling techniques.

D. Threats to Validity

In this section, we discuss the primary factors that may affect

the validity and generalizability of the proposed approach.

e The effectiveness of the proposed sigRank is based on the
assumption that activities and directly-follows relations
with higher frequency reflect more significant behavior.
This assumption enables efficient log reduction. However,
it can omit infrequent yet important behavior and overlook
critical aspects of the global process. This issue is particu-
larly relevant when rare variants are semantically critical,
such as compliance violations or risk-sensitive exceptions.
In such settings, sigRank may not be the most suitable
choice.

® The experimental evaluation is conducted on a limited
number of publicly available event logs. Although these
logs are selected to cover a range of scenarios, they may
not fully capture the diversity and complexity of real-world
industrial processes. As a result, the generalizability of the
proposed approach to other domains and larger-scale event
logs may be constrained; and

® The experimental analysis evaluates sigRank using fixed
sampling ratios ranging from 5% to 30%. However, these
predefined ratios may not generalize well across different
event logs, as the optimal sampling ratio can vary signifi-
cantly depending on the characteristics of the dataset. The
effectiveness of alternative or adaptive sampling strategies
remains an open question for future investigation.

VII. CONCLUSION

We introduce a novel event log sampling technique named
sigRank. It improves sampling efficiency and sample log quality.
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More specifically, we give the general design of the proposed
technique. In addition, the proposed sampling technique is inte-
grated as an independent tool into the open-source ProM frame-
work, and experimental evaluation using 12 public event logs
illustrated that the proposed sigRank sampling technique can
significantly accelerate sampling efficiency while guaranteeing
superior sample log quality for process discovery, compared to
existing event log sampling techniques.

Our future work mainly lies in extending the applicabil-
ity of the proposed sigRank sampling technique to a broader
range of process mining tasks, e.g., hierarchical process discov-
ery [39], [40], cross-organization process mining [30], confor-
mance checking [41], [42], and process prediction [43], [44],
[45], [46]. In addition, developing novel sampling techniques
that preserve behavioral invariants remains a critical direction
for future research. We also intend to systematically evaluate the
performance of sigRank and other sampling strategies across
various process model discovery paradigms. In addition, we
plan to incorporate structural complexity metrics, such as the
Extended Cardoso metric [47], to enable a more comprehensive
assessment of the trade-offs between model quality, complexity,
and efficiency.
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