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ARTICLE INFO ABSTRACT

Keywords: This study addresses the critical challenge of identifying and labelling the case ID attribute in unlabelled
Process mining event logs, a fundamental task in process mining. Case IDs uniquely associate events with individual process
Unlabelled event logs instances, enabling accurate analysis and discovery of operational insights. Manual identification of case IDs

Case ID identification

Heuristi is error-prone and labour-intensive, often hindering the scalability and reliability of process mining analyses.
euristics

This paper introduces a novel heuristic method that automates case ID identification, improving efficiency and
accuracy for diverse real-world datasets. The proposed heuristic leverages unique temporal patterns observed
in event logs to distinguish case ID attributes from other attributes. It calculates a weighted average of
temporal spans and applies customisable parameters to prioritise relevant attributes. The method was validated
using 27 datasets from the Business Process Intelligence (BPI) Challenge, representing a variety of industries
and event log complexities. Performance metrics, including success rates and computational efficiency, were
benchmarked against existing approaches. The heuristic achieved an 85.2% top-1 success rate, and remains
effective provided at least one repeating categorical attribute is present - a condition met by virtually all
publicly available business and industrial logs. It consistently ranked case IDs among the top attributes even in
challenging scenarios, such as cyclic processes and multi-correlated data. The method demonstrated robustness
across diverse datasets, processing large event logs within seconds, highlighting its practicality for real-world
applications. This research contributes an innovative and explainable approach to case ID identification that
requires only raw event logs, contrasting with existing methods reliant on pre-labelled data or complex
pipelines. Its simplicity, efficiency, and adaptability to various process types make it a valuable tool for
advancing process mining capabilities.

1. Introduction ID attribute represents an essential element which uniquely identifies
the events related to a certain process case.

In the field of Process Mining (PM), event logs play a crucial role in However, in many real-world scenarios, these event logs often lack a
discovering, understanding and improving business processes and the dedicated labelled header line, including a case ID attribute identified.
quality of their analyses. These event logs capture a wealth of informa- Usually, process engineers load a dataset into a PM tool, and manually
tion about the sequence of activities performed in a process, its assigned identify, one by one, each column of this log, including not only its case
roles and participants and the quality of its data, providing insights ID, but also timestamps, activities, resources and costs, among other
into process execution, bottlenecks and deviations, conformance degree valuable data for process analysis. This identification heavily relies on
and potential improvements. Event logs consist of structured records of the process engineer’s expertise and knowledge of the process being
events or activities in business processes, documenting actions chrono- evaluated. Identifying the case ID attribute is a critical pre-processing
logically with timestamps and other relevant data about cost, human step that enables a correct and subsequent analysis, as well as the
labour, and other resource expenditures. Nevertheless, the journey from PM techniques to be applied effectively, namely process discovery,
raw data to event logs suitable for PM can be long, and addressed by conformance and enhancement techniques. It can even be applied in
a variety of methods and techniques [1]. This includes techniques for automated identification and discovery of process case information in

identification and extraction of the required event data, where the case non-standard (event log) formats such as relational databases [2].
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In fact, PM tools such as ProM and Disco, among others, require, as a
first step to process mining analyses, the loading of an event log dataset
and the proper identification of a minimum set of attributes including
case ID, activity and timestamp(s). This is usually done manually
by process engineers and, with large attribute count event logs and
inexplicit labelling, requires significant effort and time. Additionally,
this manual identification and labelling of attributes, especially the case
ID, is a daunting and error-prone task, since event logs often contain
dozens or even hundreds of attributes, many of which have overlapping
or ambiguous roles. Without clear labelling, process engineers must
rely on domain knowledge and intuition to discern which attribute
represents the case ID — a process that is inherently subjective and
inconsistent [3].

Indeed, manual labelling does not scale. A multi-company sur-
vey [4] found that attribute labelling — including case-ID choice —
consumed a median 28% of preparation effort. Other studies reported
that data preparation accounts for 40 to 60% of the end-to-end PM
effort, with case-ID identification recognised as the single most time-
consuming step [5,6]. For instance, logs exported from operational
databases or data lakes often arrive as flat Comma Separated Values
(CSV) files with cryptic or missing headers. When dozens - or in
some industrial historians, hundreds — of attributes are present, ana-
lysts must iteratively load the file into a PM tool, select a candidate
column, inspect partial traces and repeat until the discovered model
“looks plausible”. Apart from wasted analyst hours, this trial-and-error
procedure introduces subjectivity and the risk that an incorrect case
notion propagates through subsequent dashboards, leading to wrong
managerial decisions [3].

Additionally, two trends exacerbate this problem. First, the data
deluge means that logs routinely exceed millions of events, where
exhaustive, interactive inspection becomes infeasible. Second, PM is
moving from expert-driven exploratory analyses towards continuous
and citizen-developer scenarios, where domain specialists with limited
PM expertise expect the tooling to “just work” [7]. In these settings, a
robust, transparent and computationally lightweight way of detecting
the case ID automatically is indispensable.

One of the primary challenges of case ID identification stems from
the temporal and structural complexity of event logs. Attributes may
exhibit similar patterns or distributions, making it difficult to distin-
guish the case ID from other attributes, such as resources or activities.
In cyclic processes, where cases may restart or overlap, manually
identifying the correct case ID becomes even more challenging.

The manual approach also introduces the risk of mislabelling, which
can compromise the integrity of subsequent process mining analyses.
Incorrectly identified case IDs lead to fragmented or erroneous process
models, undermining the reliability of discovered insights. Further-
more, the time-intensive nature of manual labelling detracts from
the overall efficiency of process analysis, particularly in real-time or
high-frequency contexts where rapid decision-making is crucial [4].

Prior research has produced two main classes of approaches: (1)
Model-driven methods, which evaluate every column (or combination of
columns) as a tentative case ID, discover a process model and score
the model by fitness or precision. Andaloussi et al. [8] pioneered
this line with token-based replay, and later work refined the scoring
techniques [2]. These methods are unsupervised and can, in principle,
handle cyclic behaviour, but they are computationally heavy: discover-
ing and replaying a model for each of n columns incurs O(n) mining
calls and becomes prohibitive on large logs; and (2) Learning-based
methods, which train classifiers to recognise the “signature” of a case-
ID column using engineered features such as uniqueness ratio, entropy
or numeric patterns. Toyoda et al. [9] combined such a classifier with
a second-stage miner to resolve ambiguities, and Sim et al. [10] use
convolutional neural networks on image encodings. These methods can
be highly accurate but depend on labelled corpora drawn from the same
domain. Their performance may drop on unseen industries or when
data protection rules prohibit log sharing.
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Other lines of research address event-case correlation when the case
ID is entirely absent [6,11,12]. They reconstruct traces by optimisa-
tion, sequence partitioning or probabilistic matching, often assuming
a known process model or independence between parallel instances.
While valuable, these techniques target a different problem formula-
tion: they correlate events, not identify which column already contains
the case ID.

This paper proposes a novel approach for identifying the case ID
attribute in unlabelled event logs, based on a heuristic expression that
measures the average time span of the values of each attribute in the
event log.

The heuristic is designed for the post-ingestion stage, after the raw
data have been flattened into a regular event log (one row = one event).
It relies on two lightweight, yet essential, pre-conditions:

1. At least one repeating categorical attribute. A true case iden-
tifier is discrete and appears in multiple events. Hence the log
must contain > 1 string, code, or enumerated column whose val-
ues recur. If every column is either continuous (e.g. timestamps,
amounts) or unique per event (e.g. UUIDs), automatic case-ID
recovery is infeasible for any method.

2. Single-process scope. The log should already describe one co-
herent business process. Records from unrelated processes must
be filtered out beforehand. Our method selects the case-ID col-
umn but does not decide what constitutes a process in the first
place.

All 27 public logs used in our evaluation satisfy these assumptions,
and they are typically met in industrial data preparations we have
observed.

The proposed approach is intrinsically explainable and only requires
the event log as input to be applied, being completely agnostic regard-
ing the cyclic/acyclic nature of the business process subjacent to the
event log.

This research seeks to contribute to the development of an auto-
mated and reliable method that can aid process engineers in handling
unlabelled event logs more effectively. This method can then be imple-
mented, for instance, as a software library, to be integrated in process
mining tools, to help process engineers in this task. By systemati-
cally analysing temporal patterns and leveraging objective metrics, the
proposed heuristic eliminates much of the guesswork and subjectivity
inherent in manual methods. This not only improves accuracy and con-
sistency but also significantly reduces the time and expertise required,
enabling process engineers to focus on higher-value analytical tasks.
Crucially, the heuristic needs no training data or process discovery, runs
in O(nlogn) time dominated by sorting, taking milliseconds for typical
logs, and is intrinsically explainable: the chosen column is simply the
one whose values occupy the narrowest temporal footprint.

The paper is structured as follows: Section 2 provides background
information and reviews of related work. Section 3 describes the pro-
posed method in detail. Section 4 presents the results and a case study
dataset that verifies the effectiveness of the proposed method through
various executions of event logs. Finally, in Section 5, we draw some
conclusions and envisage future work.

2. Background and related work

In this section, we provide an overview of the background and
related work in the field of process mining and the identification of
the case ID attribute in event logs.

2.1. Process mining

Process Mining (PM) is a research field between data mining and
Business Process Management (BPM) and analysis that aims to improve
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Fig. 1. Process Mining overview.

operational processes using event data [13]. The method begins by
extracting data from databases in the form of event logs. These event
logs serve as input for PM algorithms, and the output is then analysed.
The results are presented visually through graphical images, as depicted
in Fig. 1. This figure presents a portrait of the real world, where human
or machine interactions take place within an environment. Information
systems capture these interactions, giving rise to unlabelled event logs.
These event logs serve as the foundation for PM. They flow through a
sequence involving PM algorithms, leading to the revelation of crucial
insights from data. This method facilitates the acquisition of key busi-
ness process perspectives, including performance, data, organisational
(resources), and control-flow.

The yielded results extend their utility beyond their visualisation.
They offer insights, identifying bottlenecks and deviations, and even
anticipating and diagnosing performance and compliance issues. This
approach is adaptable across a broad spectrum of organisations and
industries, underlining the wide applicability of PM principles.

2.2. Event logs

An event log is a record in the form of a list of events describing
all the steps required during the execution of a business process. To
be effective, each line of the log should contain certain key pieces of
information, including a unique case ID, a label describing the event or
activity being recorded, a start time indicating when the event began,
and an end time indicating when the event ended. These four attributes
are essential for accurately and effectively tracking and analysing the
events recorded in the log. Other attributes can be used as well, such
as for example, the resource(s) used to perform the activity (including
rooms, machines and/or human resources), the cost of that activity, or
any other data-related attribute to be further analysed.

The standard format for an event log is the eXtensible Event Stream
(XES) format, which is supported by most PM tools [5]. In between the
extraction of data from a data source and the creation of an event log
in the XES format, it is common to use the Comma-Separated Values
(CSV) as an intermediate format. It is used for storing tabular data

in which the first row usually contains the names of each attribute,
and the following rows are for values. The values in the fields are
separated by commas. CSV files are commonly used for storing data
from spreadsheets and databases and are often used for importing and
exporting data between different information systems.

2.3. Related work

The problem of automatically identifying case-ID attributes in event
logs has been approached from several angles. Early methods assume
the existence of process models or structures and apply probabilistic or
statistical techniques. For example, Ferreira and Gillblad [6] propose
a Hidden Markov Model approach (Expectation-Maximisation) to cor-
relate events into cases, and Walicki and Ferreira [11] use sequence
partitioning (Markov chains) to detect event-case correlations. These
model-based methods require prior knowledge (e.g., a process model or
transition constraints) and are explicitly designed for acyclic processes,
so they generally cannot handle loops or concurrency. This limits their
generality and scalability to more complex workflows.

Building on this, Bayomie et al. [14] developed decision-tree and
probabilistic models to infer case IDs. In their Deduce Case IDs (DCI)
approach, Bayomie et al. use a decision-tree built from an unlabelled
log and known process model to hypothesise possible case labels for
each event. This approach requires as input both the process model and
heuristic execution-time information; it outputs a (possibly probabilis-
tic) labelling for each event. Bayomie et al. [12](2016) extend DCI to
cyclic processes (DCIc) by adding a preprocessing step on the process
model to encode loop behaviour, allowing case correlation in cyclic
workflows. In all cases, these methods are computationally intensive
(they often enumerate many label combinations) and their performance
depends on the quality of the given model. For instance, Bayomie
et al. [12] report ranking multiple candidate logs rather than a single
solution. A later probabilistic approach by Bayomie et al. [15] also
relies on a known model structure and infers case labels via Bayesian
networks, again limiting interpretability. The authors in [16] take
a pattern-mining approach: they subdivide the log, detect recurring
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sequences of events, and then stitch them into traces. This three-step
method can handle cyclic behaviour, but it presumes that repeated
patterns uniquely identify cases, which may not hold in noisier settings.

Another category of methods treats case-ID identification as a pat-
tern or heuristic discovery problem without requiring a full model.
Andaloussi et al. [8] propose the Infer Case Id (ICI) method, which
heuristically estimates the number of distinct values per attribute and
then “labels” each candidate attribute by discovering a process model
and computing control-flow quality metrics (fitness, precision, general-
isation, simplicity). The attribute whose induced model scores highest
is chosen as the case ID. This approach is conceptually simple and pro-
duces interpretable scores, and Andaloussi et al. report high accuracy
on several real logs. However, it requires running a discovery algorithm
for each candidate attribute (often using a fixed miner and a sample
of the log), making it computationally expensive and sensitive to the
choice of process-mining techniques. In fact, the authors note that their
evaluation — though promising — is limited in scope and would benefit
from testing with additional miners and logs.

Burattin & Vigo [17] take an even lighter-weight heuristic stance.
Their chain-filtering algorithm scans the log for attributes whose values
form “chains” of equality across successive events — in other words,
a value that re-appears in temporally contiguous events is deemed a
strong candidate for a case key. The attribute that yields the longest,
most contiguous chains is selected as the case ID. The method is
computationally inexpensive (essentially a single pass plus counting),
requires no process model, and is fully interpretable: the output can
be justified by showing the longest chains to an analyst. Its limitations
are two-fold: (i) it implicitly assumes that case-ID values re-occur in an
unbroken temporal block (no interleaving of cases), which is violated
in logs with high concurrency, and (ii) it cannot handle continuous
attributes or attributes that seldom repeat. In the authors’ tests on
document-management logs the heuristic was effective, but they did
not report a general accuracy measure across multiple datasets.

Similarly, in [10] the authors apply a heuristic image-based ap-
proach: they convert each attribute’s data into an “event density”
image and train a Convolutional Neural Network (CNN) to classify
attribute types (case ID, activity, etc.). This ML-driven method achieves
very high overall accuracy (above 92%) on benchmark logs, but it
requires a large labelled training set and is limited to the attribute
types seen during training. Moreover, as noted by Brzychczy et al. [18],
such classification models are black-boxes, lack guarantees beyond the
chosen classes, and need manual filtering of unrelated attributes to
avoid misclassification.

More recently, Toyoda et al. [9] propose a hybrid two-stage ML
approach. In the first stage they use supervised learning to shortlist
candidate columns for each key role (case ID, activity, timestamp),
then in the second stage they exhaustively combine candidates and
evaluate them by discovering process models and scoring them. This
method significantly reduces combinatorial cost (from O(n*) to O(k?)
where k is the number of candidates retained). The authors evaluate
their method on 14 public event logs (BPI Challenge 2011-2020) and
report that it correctly identifies the case-ID with about 71% accuracy
(averaged over datasets). While this two-stage approach is effective
on labelled business logs, it still relies on using process discovery and
(implicitly) assumes the data are discrete event logs. Its ML component
also requires labelled examples for each key attribute.

In the realm of continuous industrial process monitoring, researchers
have developed methods to infer process instance boundaries (case
IDs) from unlabelled sensor event streams. Helal et al. [19] present
a real-time CEP-based technique that correlates raw IoT events into
cases on the fly, showing competitive accuracy on live sensor data and
outperforming baseline methods in throughput. Bayomie et al. [20]
propose a probabilistic event-correlation approach that uses process
model constraints to split continuous event sequences into traces,
achieving Fl-scores up to ~92.5% in correctly segmenting cases on
real-world logs. Similarly, Brzychczy et al. [18] devise a rule-based
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algorithm for cycle detection in mining sensor data, which identifies
case boundaries by detecting significant changes in time-series sig-
nals. Their method was validated on both synthetic and industrial
datasets, yielding F1 scores of ~96%-97% on mining equipment logs
and ~92.6% on manufacturing sensor data.

These works provide evidence that automated trace segmentation
from continuous signals is feasible, with high accuracy, in practi-
cal process mining scenarios. While these methods focus on the up-
stream task of deriving structured event logs from raw continuous
data (e.g., via CEP-based streaming segmentation, probabilistic event-
case correlation, or rule-based cycle detection in time-series data), our
heuristic addresses the subsequent step in the pipeline. These existing
approaches transform unlabelled sensor or time-series streams into
event logs by correlating events into process instances — a necessary
precursor to any process mining analysis. In contrast, our proposed
heuristic assumes that such an event log has already been obtained
and operates after this segmentation/correlation step, automatically
selecting the most likely case-ID attribute from the resulting log. In this
way, it complements prior correlation methods as a lightweight post-
processing technique: once continuous data has been converted into an
event log, our method can swiftly identify the case identifier. Moreover,
the heuristic is deliberately lightweight and domain-agnostic — it
requires no predefined process model, no complex CEP engine or rules,
and no labelled training data. Instead, it leverages only the temporal
properties of the event data to rank candidate attributes, running in
milliseconds of computation. This makes our approach an efficient add-
on to any continuous-data event correlation pipeline, providing quick
case-ID labelling without the overhead of more involved modelling or
training steps.

In summary, existing approaches to case-ID detection trade off dif-
ferent strengths and limitations. Model-based and tree-based methods
(Ferreira et al., Walicki et al., Bayomie et al.) can leverage control-
flow structure but require known models and do not scale well to large
attribute sets or noisy data. Heuristic methods (Andaloussi et al., Sim
et al.) need no training but often need many discovery steps or manual
tuning of parameters, and may implicitly assume finite sets of attribute
types or log maturity. ML approaches (Toyoda et al., Sim et al.) can
automate detection with fewer assumptions about domain, but they
need training data and their outputs can be hard to interpret. Crucially,
none of the above (aside from Brzychczy et al.) are designed for
continuous sensor streams. As a result, most prior methods offer limited
scalability or generality: for example, they cannot easily incorporate
new events or attributes without re-running costly discovery, nor do
they explain their decisions in human-understandable terms.

3. Method

This section formalises the proposed method. It first specifies a log-
independent normalisation procedure that converts any raw dataset
into a canonical event-log representation; the same procedure is applied
to every dataset. It then derives the heuristic score A, and justifies the
default exponent parameters (a, b, ¢). All matters pertaining to empirical
validation - including the composition of the BPI-Challenge datasets,
the experimental protocol, and the performance metrics — are deferred
to Section 4.

3.1. Input normalisation (log-independent)

The data input normalisation step was divided into three phases:
event log cleaning, temporal columns identification, and column prepa-
ration (each column corresponds to an event log attribute). The event
log cleaning step began with the removal of date columns to streamline
the dataset, followed by the elimination of empty columns and lines
with null values. Columns with only one or two unique values were
excluded, as well as columns with only distinct values (where no value
occurs more than once). Finally, any columns found to be redundant
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Table 1
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Literature overview of process-instance case-ID identification. Figures are quoted verbatim from their sources and are not directly comparable. “Categorical
attributes” means the method expects discrete column values (codes, strings). “Training?” notes whether labelled traces are required; “Cyclic?” whether loops
are handled. Accuracy and runtime are those reported by the original authors; “n/a” indicates none given. Interpretability is a qualitative tag (high for rule/DT

models, low for complex ML). A uniform benchmark with common data and metrics appears in Table 5.

Reference Approach Training? Data Cyclic? Complexity Runtime Accuracy Interpretability
(reported)
Model-based Yes Discrete event types No High Sec. to min. Up to 98% Moderate

Ferreira & (EM) (Markov) G-score on (probabilistic)

Gillblad [6] synthetic logs

Walicki & Model-based No Symbolic sequences Yes Very High min. to hours Exact solutions High (algorithmic)

Ferreira [11] (partition) found; minimal

pattern sets
Bayomie et al. Model-based No Timestamped events Yes High 35 min-11 h Precision: High (tree structure,
[12] (alignment) 47%—82%, ranked logs,

Recall:47-80% model-based)
Andaloussi et al. Heuristic No Discrete event No Moderate min. per log 81%-94% High (score-based)
[8] (discovery-based) attributes (depending on

log and miner)
Burattin & Vigo Heuristic (chain No Decorative attributes ~ No Moderate Sec. to min. Validated by High (simple rules)
[17] filtering) domain experts,

not quantified

Lichtenstein et Attribute-driven Yes Discrete event Yes High 20 s for small Gsim-score: up High (attribute

al. [3] ML-based types, categorical datasets to 80% weights and trace

heuristic attributes generation)

Sim et al. [10] Deep CNN Yes Mixed categorical Yes High Slow (depends Up to 97.8% High (embedding
and numerical on log size and visualisations and
attributes GPU) quality metrics)

Toyoda et al. [9] ML-based Yes Discrete sequences, Yes Moderate (O(k?)) 20 s for small Up to 80% (key Moderate

(classification + categorical datasets attribute id) (two-stage)
miner) attributes

Brzychczy et al. Heuristic No Mixed Yes Moderate Sec. per dataset F1 ~ 96.8-97.0%  High (rule-based)

[18] (pattern rules) continuous/binary (mining), 92.6%
signals (mfg.)

This paper Heuristic No Discrete event Yes Low (single scan Millisec. to sec. 85.2% (top-1), High (explainable

(temporal-span)

types, categorical

+ sort)

96% (top-2)

rule)

attributes

(carrying the same information for every event) were merged into a
single attribute.

For temporal columns identification, an event log may store tem-
poral information in one of two common ways: (i) a single timestamp
per event, or (ii) two distinct columns that record the start and the
completion of an activity. Our normalisation routine first detects every
column that parses as a temporal value and then, if two such columns
exist, verifies a start/complete relationship by checking that the first
timestamp precedes the second. In the 27 BPI-Challenge logs anal-
ysed later (Section 4), 13 logs expose a start/complete pair and the
routine labelled both columns correctly in all of them; the remaining
logs contain only one timestamp, which is simply taken as the event
time. Consequently, the heuristic can operate unchanged regardless of
whether a log provides one or two timestamp columns.

The column preparation phase was applied as follows: for each
attribute of the event logs used to assess our proposal, a new dataset
was built containing just the start date and the column corresponding to
the attribute under assessment. Each one of these datasets were used,
both to build the corresponding dispersion chart (see Fig. 2) and to
enable the application of the proposed heuristic. That is, the heuristic
is applied to each one of these datasets separately. Each dataset is first
sorted by start date and then by the values of the target attribute so
that the lines having the same attribute value are grouped together and
remain chronologically ordered.

For the data exploration step, we analysed the event logs using
techniques that include the visualisation of frequency charts, box plots,
column analysis, and assessment of missing and unique values. To
gain insight on what differentiates the case ID attribute from other
attributes, we additionally generated dispersion charts (Fig. 2), each
one depicting data for a given attribute of an event log. The vertical
axis represents all the distinct values of the attribute whose data is
being depicted in the chart, ordered, from bottom to top, by the start
date of the first occurrence of each value (red dots in Fig. 2). The

value n e © oo 0 o o oo o0 00 o
valuen-1 e o o0 o0 o s ee o oo
valuen -2 e o 0 c0 o o0e o oo
valuen-3 ee e oo 00 e oo
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value 4 se s0e o o ocoecoe .

value 3 ¢ o o0 o o o0 oo ee o
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value 1 e e o o o0 o ce o o

time

Fig. 2. Schema of a dispersion chart.

horizontal axis represents time. This means that the points in each line
in a chart correspond to a specific value of the event log attribute the
chart stands for, and each point in the line represents the moment
in time at which some event with that attribute value has occurred.
That is, each dispersion chart depicts the temporal distribution of the
occurrences of the values of an attribute. Finally, we define the time
span of some value as the difference between the start date of the last
occurrence of that value (green dots) and the start date of the first
occurrence (red dots).

Fig. 3 displays temporal-dispersion charts for six individual at-
tributes taken from a representative event log. Chart A corresponds to
the ground-truth case-ID column. Panels B to F show other attributes
whose business labels are immaterial to the methodological point being
illustrated.
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F

Fig. 3. Examples of dispersion charts showing the time span of the values of event log attributes. Note: the axes labels are not shown (too many) for clarity.
Chart A shows the case-ID column; Charts B-F show other attributes from the same log.

Two visual cues separate Chart A from the others: first, its values
form a clean diagonal, indicating that each case occupies a short, non-
overlapping time interval; second, the per-value spans in Chart A are
markedly shorter than those in panels B-F. These characteristics —
tight, non-overlapping spans and a diagonal footprint — are precisely
the patterns quantified by the span-ratio and coverage terms in our
proposed heuristics.

Fig. 4 shows four more typical examples of case ID dispersion charts
following a similar pattern. While this pattern is not universal (we
discuss two such cases in Section 4), it can be explained by the fact
that business process cases usually have a well-defined start and end
dates while, for example, activities tend to appear throughout all the
time span of an event log, dispersed throughout many cases/processes.
This analysis led us to formulate the hypothesis that the average time
span of the values in the case ID attribute is smaller than for other
attributes in the event log. This insight was fundamental in developing
the heuristic expression outlined in the next section, which we use to
identify the case ID attribute.

3.2. Proposed heuristic

The proposed heuristic for identifying the case ID attribute within
unlabelled event logs is based on the hypothesis, posed in the data
exploration phase, that, on average, the values of the case ID attribute
exhibit a shorter time span compared to the values of other attributes.
This means that the proposed heuristic needs to measure the average
time span for the values of each attribute. Now, each attribute has
different values and the number of occurrences of each value varies
from value to value. That is, some values occur more often than others.
So, instead of a simple average expression, we propose a heuristic
consisting of a weighted average of values’ times spans where the time
span for each value is weighted by the number of occurrences of that
value. The idea is that the proposed heuristic effectively captures the
temporal patterns that differentiate the case ID attribute from others
in the event log dataset. The heuristic expression is applied to each
attribute values at a time, and it is defined as follows:

Y. (TMax; — TMin)® - NO,1®
attr = NUVe

where, h,,,. is the heuristic value computed for attribute attr, T Max;
and TMin; are, respectively, the maximum and minimum start date

h (€8]

values for the value with index i in the attribute’s column, NO; is the
number of occurrences of a value in the attribute’s column, NUV is the
number of unique values of the attribute, the a, b, and ¢ exponents are
parameters that can be adjusted to fine-tune the heuristic performance
with the idea of changing the importance of each element in the
expression.

The higher parameter a, the higher the importance of the values’
time span regarding the number of occurrences of the values; The
higher parameter b, the higher the importance of the weighted sum
of the time spans regarding the number of unique values; The higher
parameter c, the higher the importance of the number of unique values
regarding the weighted sum of the time spans.

Given some event log, Eq. (1) is separately applied to all its at-
tributes. The attribute with the smallest 4, value is considered to be
the case ID attribute. However, in a real situation we can think of a
PM tool software feature where, let us say, the two or three attributes
with the smaller values are presented to the user, who can then take
a final decision about which one of these corresponds to the case ID
attribute. We should also clarify that, while the insight that led to the
formulation of this expression came from the analysis of dispersion
charts, where most of the case ID charts have a diagonal shape, the
proposed heuristic expression only accounts for the average time span
of the attributes’ values, not the diagonal shape formed by the events.
Finally, it is worth mentioning that the results returned by the approach
are intrinsically explainable as the attribute identified as case ID is
always the one whose values have the smallest average time span.

Therefore, the design of this heuristic expression follows three
pragmatic principles:

1. Orthogonality: three factors capture distinct evidence that an
attribute is a case identifier: (i) short temporal span per value
(T M ax—T Min), (ii) sufficient repetition-measured by the occur-
rence count NO;, and (iii) moderate overall variety, penalised
through the number of unique values NUV.

2. Scale-robust weighting: exponents a,b,c > 0 act as unit-free
weights, allowing analysts to increase or decrease each cue’s
influence without introducing additional parameters or changing
the units of measurement.
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Fig. 4. Examples of dispersion charts for case ID attributes of different event logs, following a diagonal pattern.

3. Parsimony: a single multiplicative score with exactly three tun-
able numbers keeps the method transparent and easy to con-
figure. The default triplet (a,b,c) = (0.5,1,2) was chosen after
exploratory tuning on a diverse set of public logs; simpler al-
ternatives such as an unweighted sum or a geometric mean
behaved noticeably less reliably in those trials. An extensive grid
search revealed a broad plateau in which hit-rate varies by less
than 1%. We adopt the plateau centre (a,b,¢) = (0.5,1,2) as
the recommended default; exploration of automatic fine-tuning
strategies is left for follow-up work”.

Regarding the computational complexity of the approach, there are
three sequential steps to consider: sorting the event log by the start date
attribute, grouping the events by attribute value, and the application
of the heuristic expression to each attribute. The sorting process uses
the QuickSort algorithm, which has complexity O(nlogn), where n,
in this case, is the number of events in the event log. The grouping
process has complexity O(n), since it needs just a single iteration over
the event log and the insertion of events in their groups takes O(1) if
we use a hash table. Finally, the application of the heuristic expression
has complexity O(N _attr X max_values), where N_attr is the number of
attributes of the event log, and max_values is the number of values of
the attribute with the larger number of values in the event log. Given
that n > N_attr and n > max_values, O(nlog n) will in general be larger
than O(N _attr X max_values) as n grows. So, we can conclude that the
computational complexity of the proposed approach is O(nlogn). In
practical terms, each one of the event logs was processed in less than a
minute, and the most part of them, in just a few seconds. The hardware
configuration used was the following: CPU - i7; RAM: 16 GB; GPU:

NVIDIA. Finally, the proposed method does not need a training phase
as in [9,10], as well as a previous manual labelling of the attributes for
this purpose.

4. Results and discussion
4.1. Datasets used

The dataset used to test the proposed heuristic is composed by the
27 available event logs from the Business Process Intelligence (BPI)
Challenge, spanning from 2011 to 2020. Table 2 summarises the event
logs used, including their brief descriptions, number of attributes and
number of rows.

These real event logs exhibit significant variety. Regarding the
business area, they cover areas as health treatments processes in a
hospital, application processes for personal loans, incident management
systems, application processes for construction permits, and customer
interaction in the insurance area, to name just a few. Regarding the
number of attributes, the event log with less attributes has 6 attributes
and the one with more attributes has 174 attributes. The average
number of attributes is about 31. Regarding the number of events/rows,
the event log with less events has 289 events and the one with more
events has 9 329 418 events. The average number of events is about
854 437.

4.2. Applying the heuristics

To explore the effectiveness of the heuristic, we conducted several
experiments using different combinations of the a, b, and ¢ parameter
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Table 2
Summary description of the event logs used to test our proposed heuristic.

Event log Description Attributes Rows

BPI 2011 [21] Logs of a Dutch academic hospital 128 150,291
BPI 2012 [22] Logs of a loan application process 6 262,201
BPI 2013a [23] Logs of Volvo IT incident and problem management, closed problems 13 6660
BPI 2013b [24] Logs of Volvo IT incident and problem management, incidents 13 65,533
BPI 2013c [25] Logs of Volvo IT incident and problem management, open problems 12 2351
BPI 2014a [26] Rabobank Group activity log for incidents 7 466,737
BPI 2014b [27] Rabobank Group change details 21 30,275
BPI 2014c [28] Rabobank Group incident details 28 46,606
BPI 2014d [29] Rabobank Group interaction details 17 147,004
BPI 2015a [30] Logs of five Dutch municipalities, municipality 1 29 52,217
BPI 2015b [31] Logs of five Dutch municipalities, municipality 2 28 44,354
BPI 2015c [32] Logs of five Dutch municipalities, municipality 3 29 59,681
BPI 2015d [33] Logs of five Dutch municipalities, municipality 4 29 47,293
BPI 2015e [34] Logs of five Dutch municipalities, municipality 5 29 59,083
BPI 2016a [35] Employee Insurance Agency - clicks logged in 20 7,174,934
BPI 2016b [36] Employee Insurance Agency - clicks not logged in 15 9,329,418
BPI 2016¢ [37] Employee Insurance Agency - complaints 18 289
BPI 2016d [38] Employee Insurance Agency - questions 17 123,403
BPI 2016e [39] Employee Insurance Agency - Werkmap messages 8 66,058
BPI 2017 [40] Logs of a loan application process of a Dutch financial institute 19 561,671
BPI 2018 [41] Logs of applications for EU direct payments handling 75 2,514,266
BPI 2019 [42] Logs from a multinational company operating in the area of coatings and paints 22 1,595,923
BPI 2020a [43] Logs from a university for domestic travel expense claims 11 56,437
BPI 2020b [44] Logs from a university for international travel expense claims 24 72,151
BPI 2020c [45] Logs from a university for prepaid travel expense claims 23 18,246
BPI 2020d [46] Logs from a university for requests for payment (not travel related) 15 36,796
BPI 2020e [47] Logs from a university for travel permits 174 86,581

Table 3

Heuristic configurations used in the experi-

ments.
Heuristic a b c
A 1 1 1
B 1 1 2
C 2 1 1
D 1 2 1
E 1/2 1 2
F 1 1/2 2
G 172 1 1
H 1 172 1

values of the heuristic expression. The eight better configurations,
whose results we present below, are shown in Table 3.

We applied the heuristic with the above configurations to assess its
effectiveness in identifying the case ID attribute. Table 4 presents, for
each testing event log, the corresponding position rank assigned to the
case ID attribute for each heuristic configuration (columns with headers
from A to H): rank 1 means that, among all attributes, the case ID
attribute has received the best rank (the smaller value computed with
the heuristic expression for all attributes of the event log), rank 2 means
that it received the second-best value, and so on. For example, in the
BPI Challenge 2015b event log, configuration A resulted in a rank of
2, while configuration B obtained a rank of 1. The numbers between
parenthesis displayed for event log BPI Challenge 2018 correspond to
the number of attributes that are on the same rank as the case ID
attribute. The N Attrs column represents the number of attributes in
each event log that were considered for case ID identification after the
data preparation step. This count includes all the potential candidate
attributes evaluated by the different heuristic’s configurations. The
number in this column provides an understanding of the event log’s
complexity and the variety of attributes that were assessed during the
case ID identification process. Furthermore, the Total row in Table 4
summarises the overall performance of each configuration across all
event logs. The fractions indicate the number of event logs for which
each configuration achieved the top rank, out of the total number of
event logs used in the experiments.

Analysing columns A to H from Table 4, it becomes evident that con-
figuration E consistently outperformed other configurations by achiev-
ing the highest rank for most event logs. This configuration assigned
rank 1 to the case ID attribute in 23 out of 27 event logs, corresponding
to an 85.2% success rate. We can also comment on the robustness
of the heuristic to changes in the a, b, and c parameters: two of the
configurations have a success rate larger than 81.5% and five have a
success rate between 74.1% and 77.8%. Furthermore, for the most part
of the situations where the case ID attribute is not ranked first, it is
ranked second. In fact, in a scenario where we wanted to present the
user the two best ranked attributes, if we used configuration E, the case
ID attribute would be presented to the user for 96% (26 out of 27)
of the tested event logs. In the same scenario but using configuration
H (the one achieving the worst results), the case ID attribute would
be presented to the user for 89% of the event logs. If, instead, we
presented the three best ranked attributes, the case ID attribute would
be presented for 100% of the tested event logs, if we used configuration
E, and 96%, if we used configuration H.

For the same event logs set, configuration E of the proposed heuris-
tic only misses the identification of the case ID attribute for the BPI
Challenge 2018. That is, it correctly assigns rank 1 to the case ID
attribute 13 out of 14 times, which corresponds to a success rate of
92.86%. When comparing to Toyoda et al. [9], only configuration H has
an accuracy below the announced 71.43% on these event logs, which
means that all the other 7 configurations achieve an equal or higher
performance.

We now analyse the case of event log BPI Challenge 2011. This an
event log that covers events spanning from January 2005 to March
2008 regarding the diagnosis and treatments performed on patients
in the Gynaecology department of a Dutch Academic Hospital. As we
can see in Fig. 5A, the dispersion chart of the case ID attribute does
not follow the thin diagonal pattern observed for the most part of the
remaining testing event logs. We speculate that this is due to fact of
the time span of this event log being smaller regarding the typical time
span of the processes in this area. Medical monitoring of one patient
may last for many years, especially in the case of chronical diseases.

The near triangular shape of the dispersion chart just indicates
that many of the processes in this period just did not finish during
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Results obtained for different configurations of the heuristic expression on the testing BPI Challenge event
logs. Columns with headers A-H show the rank obtained by the case ID attribute for the eight tested
configurations of the heuristic. The last column N Attr shows the number of columns of each event log

after the data cleaning process.

Event log A B C D E F G H N Attrs
BPI 2011 2 2 2 2 1 1 2 2 54
BPI 2012 1 1 1 1 1 1 1 1 4
BPI 2013a 1 1 1 1 1 1 1 1 11
BPI 2013b 1 1 1 1 1 1 1 1 11
BPI 2013c 1 1 1 1 1 1 1 1 10
BPI 2014a 1 1 1 1 1 1 1 1 5
BPI 2014b 1 1 1 1 1 1 1 1 9
BPI 2014c 2 2 2 2 2 2 2 2 22
BPI 2014d 2 2 2 3 2 2 2 2 12
BPI 2015a 1 1 2 2 1 1 1 1 17
BPI 2015b 2 1 3 3 1 1 2 2 16
BPI 2015c¢ 1 1 1 1 1 1 1 2 16
BPI 2015d 1 1 1 1 1 1 1 2 17
BPI 2015e 1 1 1 1 1 2 1 2 18
BPI 2016a 3 2 3 3 2 2 3 5 12
BPI 2016b 1 1 1 1 1 1 1 1 9
BPI 2016¢ 1 1 1 1 1 1 1 1 9
BPI 2016d 1 1 1 1 1 1 1 1 12
BPI 2016e 1 1 1 1 1 1 1 1 4
BPI 2017 1 1 1 1 1 2 1 2 15
BPI 2018 3(2) 32 32 3(2) 32 3(2) 3(2) 3(2) 27
BPI 2019 1 1 1 1 1 1 1 1 14
BPI 2020a 1 1 1 1 1 1 1 1 5
BPI 2020b 1 1 1 1 1 1 1 1 17
BPI 2020c 1 1 1 1 1 1 1 1 17
BPI 2020d 1 1 1 1 1 1 1 1 9
BPI 2020e 1 1 1 1 1 1 1 3 58
Total: 21/27 22/27 20/27 20/27 23/27 21/27 21/27 16/27
Success Rate: 77.8% 81.5% 74.1% 74.1% 85.2% 77.8% 77.8% 59.3%

A

B

Fig. 5. BPI Challenge 2011 dispersion charts for (A) the case ID attribute and (B) the diagnosis treatment combination ID attribute.

the period covered by the event log. Even so, configurations E and
F of the proposed heuristic managed to assign rank 1 to the case ID
attribute, while the remaining configurations assigned it rank 2 (Fig.
5B shows the dispersion chart for the diagnosis treatment combination
ID attribute, which ranked first for these configurations). This can be
explained due to the fact that configurations E and F use value %,
respectively, for parameters a and b of the heuristic expression, thus
diminishing the magnitude of the time span of the attribute values (the
numerator in Eq. (1)) when compared to the number of unique values of
the case ID attribute (the denominator in Formula (1)) in the heuristic
expression.

Another case that is worth of discussion is the case of BPI Challenge
2018, for which the case ID attribute is ranked third for all config-
urations, therefore, being one of the event logs with worst results.
When we apply the heuristic to this event log, attributes docid and
docid_uuid share the top position. This happens because these two
attributes exhibit a near-perfect correlation. The docid attribute stands
for the internal identifier of the document related to the event, while
docid_uuid represents a globally unique identifier for the document to
which the event is associated. Fig. 5 depicts dispersion charts for these
two attributes (charts B and C for the docid and docid_uuid attributes,
respectively) and for the case ID attribute (chart A). As described
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Fig. 6. Dispersion charts of the BPI Challenge 2018 three top attributes: A — case ID (rank 3); B — docid attribute (rank 1); C — docid_uuid attribute (rank 1).

Table 5

Quantitative comparison of methods whose goal matches ours: selecting the existing case-ID column in a flat event log. Accuracy = share of logs where the correct
column is ranked first. Wall-clock runtimes are minima-maxima per log. ¥ = measured on an Intel i7-11700 (8 x 2.5 GHz, 16 GB RAM, SSD).

Reference Approach Accuracy Runtime Datasets
Andaloussi et al. [8] Heuristics (discovery-based) 81%-94% (depending on log and miner) Minutes per log 4 BPI logs
Toyoda et al. [9] ML-based (classification + miner) ~70% average (key attribute id) 15-42 s 14 BPI logs
This work Span-Heuristic 85.2% (top-1), 96% (top-2) 0.02 to 0.20 s* 27 BPI logs

in the dataset documentation [41], “this dataset covers the handling
of applications for EU direct payments for German farmers from the
European Agricultural Guarantee Fund”. This process is repeated every
year with minor changes. Chart A in Fig. 6 reflects that clearly: each
year, all the cases start nearly at the same time and the main activity
level for each case happens during the first year of the process, which
is visible through the three well defined dense blocks. However, we
see that the events related to some cases keep appearing beyond the
first year, although with less intensity. This pattern differs from the
“diagonal band” pattern shown in Figs. 3A and Fig. 4, observed for the
most part of case ID attributes. This distinct behaviour is enough to
lengthen the time span of the case ID values and explains why, for this
dataset, the case ID attribute is not ranked first. In situations like this
one, the analysis of dispersion charts may also help an expert in the
area identifying the attribute corresponding to the case ID among the
best ranked attributes.

Among the studies presented previously in Table 1, only two ap-
proaches satisfy requirements for a fair comparison, namely:

1. they pursue the same objective-selecting an already-present col-
umn as the case identifier;

2. they publish (or allow us to reproduce) quantitative accuracy;

3. they provide at least one wall-clock runtime figure;

4. they use the same datasets (BPI Challenge).

These approaches are the ones from Toyoda et al. [9] and Andaloussi
et al. [8]. Their headline metrics are collected in Table 5.

Our heuristic matches the best reported effectiveness while im-
proving median runtime by two orders of magnitude (0.02 to 0.20 s
per log) compared with [9], and by more than one order compared
with [8]. Moreover, when the top-3 ranked attributes are shown to
the analyst, the correct case-ID appears for all 27 public logs in our
benchmark dataset. This supports the claim that lightweight statistical
cues — specifically span ratio and value entropy — are sufficient for
reliable case-ID selection in most real-world logs.

5. Conclusions and future work

In this work, we propose a heuristic approach for the identification
of the case ID attribute in unlabelled event logs. The proposed heuristic
is based on the hypothesis that the time span of each of the values of the
case ID attribute is smaller on average when compared to the average
time span of values of other attributes. The heuristic expression takes
the form of a weighted average of the time spans of the attributes’

10

values, with customisable parameters that allow for flexibility in as-
signing importance to its components. The method proposed only needs
as input the event log data and it can be applied whether the process
model of the event log is cyclic or not. It is also intrinsically explainable:
the attribute identified as case ID is the one whose values have the
smallest time span on average.

The heuristic was applied to 27 event logs taken from the Business
Process Intelligence (BPI) Challenge. The best performant configuration
of this heuristic successfully identified the case ID attribute in 23 out of
27 event logs, achieving an 85,2% success rate. The results also show
the robustness of the approach, with 7 out of 8 heuristic configurations
achieving 74,1% success rate or more. Also, for the most part of the
event logs and heuristic configurations, when the case ID attribute is
not ranked first, it is ranked second. Finally, the best configuration of
the proposed heuristic always assigns rank 1 to the case ID attribute
in the event logs also tested by the two approaches with which it is
possible to directly compare the proposed approach.

The results of this study demonstrate the potential of the proposed
heuristic as a practical and efficient tool for identifying the case ID
attribute in unlabelled event logs. The heuristic’s simplicity and ex-
plainability set it apart from more complex, supervised approaches that
often require pre-labelled data or intricate training pipelines. By focus-
ing on temporal patterns and leveraging a weighted average approach,
this method effectively isolates the case ID attribute with higher success
rates across diverse real-world datasets. These findings underscore the
heuristic’s applicability to both cyclic and acyclic business processes,
offering a robust solution for practitioners in process mining.

Despite its strengths, the heuristic has limitations, particularly in
cases where attributes exhibit high correlation, as seen in the BPI
Challenge 2018 dataset. This highlights the need for further refinement
to handle multi-correlated data more effectively. Additionally, while
the heuristic achieves a high rank for case IDs in most scenarios, there
remain edge cases where expert intervention or complementary tech-
niques may be required. Future work will address these challenges by
exploring hybrid approaches that combine the heuristic with machine
learning methods for greater adaptability.

Expanding the scope of the heuristic to identify other key attributes,
such as activities and timestamps, represents another promising av-
enue for research. Incorporating natural language processing tech-
niques could enhance the identification of text-based attributes, which
are common in unstructured event logs. Furthermore, developing a
comprehensive preprocessing pipeline that integrates the heuristic with
other attribute detection methods could provide a holistic solution for
managing unlabelled event logs.
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Finally, we envision integrating the heuristic into widely used PM
tools to streamline its adoption in industry settings. By automating
the identification of case IDs and other critical attributes, this in-
tegration could significantly reduce the time and expertise required
for preprocessing, making process mining more accessible and scal-
able. Such advancements will not only enhance operational efficiency
but also open new possibilities for real-time process monitoring and
improvement.
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