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Process mining analyzes processes based on event logs, which are generally assumed to be complete and trustworthy. These
assumptions are often violated in real-world contexts, raising uncertainty about result reliability. Uncertainty-aware process
mining promises to address this by explicitly leveraging uncertainty in calculations. We perform a structured survey of
uncertainty-aware process mining (34 papers), which illustrates the currently dominant conceptualization of uncertainty in
process mining and reveals the need for a conceptual foundation and integration with related research that handles uncertainty
implicitly (e.g., process data quality). To address this, we construct an integrative conceptual framework for uncertainty in
process mining by extending the core survey findings through an iterative hermeneutic review of seminal works from related
research. The framework consists of two complementary lenses, detailing the (i) possible sources of and (ii) viable treatment
strategies for uncertainty. Application of the framework shows both its integrative power for (future) research and its utility
for guiding the handling of uncertainty in practical application.
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management; » Information systems — Data mining; Uncertainty; Data analytics; Data cleaning.
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1 Introduction

Process mining is a family of techniques for the data-driven analysis of processes based on event logs [150].
By allowing for the automatic generation of insights about processes, e.g., identifying inefficiencies and bot-
tlenecks or reconstructing their flows, process mining serves as a valuable tool in a wide range of practical
applications [132]. On a technical level, process mining relies on event logs that are typically extracted from
process-aware information systems [80, 120]. A core assumption of process mining is that event logs are complete
and trustworthy representations of the analyzed processes [150]. In practice however, real-world event logs
exist at varying levels of maturity [150] and are commonly affected by data quality issues such as missing,
imprecise or inconsistent data. This affects the reliability of analyses [146] and causes uncertainty about the
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Table 1. Exemplary event log with uncertain activity labels and timestamps (adapted from [93])

EvenT CASE TIMESTAMP ACTIVITY

09:00-09:59  Establish patient history

09:00-09:59  Obtain informed consent

10:00-10:59  {Diagnose light pain: 0.7, Diagnose severe pain: 0.3}
10:00-10:59  {Prescribe ibuprofen: 0.6, Prescribe opiates: 0.4}
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trustworthiness of process mining results [89]. This is amplified by the increasing use of unstructured data in
process mining [73, 80], requiring extensive processing that introduces further uncertainty [73, 89], e.g., Al-based
activity recognition [17, 91] and probabilistic event-activity mappings [156].

To illustrate this, consider a hospital process where activities are manually entered into an information
system and additional events are extracted from notes using handwriting recognition and natural language
processing [68, 93]. Table 1 shows an example event log from this context. The timestamp ranges (e.g., 09:00-09:59)
reflect uncertainty about the order of events captured within the same hour, typically caused by imprecise
(coarse) timestamp recording [3, 4, 120]. The numeric values attached to activities are confidence scores from
activity recognition, expressing label ambiguity (e.g., event 3 was “Diagnose light pain” with 70% confidence and
“Diagnose severe pain” with 30% confidence) [73, 93]. Such uncertainties directly affect analytical queries: Was
informed consent obtained before treatment? Were guidelines prohibiting opiates for light pain followed? Ignoring
uncertainty substantially increases the risk of inaccurate and misleading results, e.g., missed compliance issues
or even false accusations of non-compliance, which in turn can drive overconfident, sub-optimal management
decisions [93, 171]. For instance, interpreting the alphabetical order of the first two events in the example log
as non-compliance (appearing as if treatment was started before obtaining consent) and implementing stricter
documentation procedures to combat this might unnecessarily divert time from patient care.

Uncertainty has repeatedly been acknowledged as a major challenge for process mining [73, 80, 146, 156].
Several lines of process mining research have focused on mitigating different aspects of data quality, including
incompleteness [23, 140], imperfections [143], noise and outliers [75], and representativeness [66]. These share
the view that implicit quality issues present in event logs need to be detected to produce repaired, higher-
quality logs. Recently, a novel paradigm called uncertainty-aware process mining emerged, aiming to collect
and leverage explicit information about uncertainty (like the confidence values and timestamp ranges above) to
improve analysis reliability and transparency [125]. A considerable number of uncertainty-aware process mining
techniques, for instance for conformance checking [16, 120] and process discovery [121], have already been
proposed, indicating a growing interest. However, existing techniques have largely been developed independently,
often with divergent formalisms and assumptions, and without integration with each other and the broader
process data quality perspective. This fragmentation is problematic because it hinders comparison, reuse, and
composition of methods, complicates tool interoperability, and leaves practitioners without clear guidance to
select appropriate techniques. Ultimately, this hampers the trustworthiness of process mining and prevents its
widespread adoption, especially in high-stakes settings.

To address this fragmentation, the goal of this paper is to construct an integrative framework [137] for reasoning
about uncertainty in and about process mining results, which should provide a unified conceptual structure for
existing work, support handling uncertainty in practical use cases, and inform future research. Thus, this paper
is guided by the following research questions:

RQ1. How do existing techniques represent and handle uncertainty in process mining tasks?
RQ2. What goals, challenges, and research directions are stated in uncertainty-aware process mining literature?
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RQ3. What assumptions, perspectives, and constraints underlie existing uncertainty-aware process mining
approaches?
RQ4. How can uncertainty-aware process mining be integrated with related research to form a holistic
understanding of uncertainty in process mining?
(a) What conceptual gaps exist across the surveyed work?
(b) How can a unified framework for uncertainty in process mining address these gaps to support more
systematic research and application?

The research questions are structured to reflect a progression from the concrete, observable characteristics of
existing techniques (RQ1), through the motivations and challenges that drive them (RQ2), to the assumptions
underlying current work (RQ3), before integrating these perspectives into a holistic conceptual framework
(RQ4). We proceed in two phases. First, we conduct a structured (core) survey of uncertainty-aware process
mining to analyze existing techniques (RQ1), common motivations and challenges (RQ2) and uncover (often
implicit) underlying assumptions and conventions (RQ3) [113, 128]. We intentionally limit this core survey to
uncertainty of observation, i.e., uncertainty present in event data and its extraction (the focus of uncertainty-aware
process mining) to enable a sharp analysis of how the term “uncertainty” is currently used and conceptualized
in process mining. Thus, studies that assume deterministic event data and model uncertainty in the form of
inherent process variability (the focus of stochastic process mining) are excluded from the core survey, because
they address a fundamentally different type of uncertainty [52, 89] (also see Section 2.3). In the second phase, we
critically examine the insights from the core survey and use established procedures for framework building [63] in
combination with a hermeneutic review [13] of seminal works [159] from adjacent research streams to construct
our integrative framework, which includes various types of uncertainty beyond those addressed by uncertainty-
aware process mining (RQ4). Importantly, RQ4 encompasses two distinct but interdependent research questions
that are stated separately for clarity but require joint treatment: it is first necessary to identify relevant conceptual
gaps (RQ4a) to construct a framework that addresses them (RQ4b). In turn, the new understanding shaped by
this framework might uncover previously overlooked conceptual gaps that need to be addressed (RQ4a). This
interdependence is reflected by the methodological approach adopted for RQ4 (see Section 7). The resulting
framework is evaluated through two complementary applications: (i) a literature mapping that classifies existing
techniques and (ii) two illustrative use cases that demonstrate how the framework supports requirement elicitation
and context-appropriate method selection. Thus, we provide the following contributions:

o A structured synthesis of the state of the art in uncertainty-aware process mining.

o A two-lens framework that integrates research on implicit and explicit uncertainty and clarifies design
choices.

o A literature mapping and two illustrative use cases demonstrating the framework’s practical guidance.

o A consolidated agenda to facilitate systematic progression of future research.

The remainder of the paper is structured as follows. Section 2 discusses the background and related work.
The methodology of the core survey is presented in Section 3, and the corresponding results are presented in
Section 4 (RQ1), Section 5 (RQ2), and Section 6 (RQ3). We present and evaluate our framework in Section 7
(RQ4). Finally, we discuss possible limitations of our research and applied mitigation strategies in Section 8,
sketch directions for future research in Section 9, and conclude the paper in Section 10.

2 Background

This section presents the conceptual foundations underlying our survey. We first introduce process mining
(Section 2.1), discuss the general role of uncertainty and data quality in data-driven analysis (Section 2.2), and
then briefly discuss existing conceptualizations of uncertainty in process mining to establish the terminological
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foundations required for our survey (Section 2.3). Finally, we position our survey against related (conceptual)
work (Section 2.4).

2.1 Process Mining

Process mining is concerned with analyzing recordings of processes to gain insights into process behavior [91, 150].
The central data structure in process mining are event logs, which are collections of events each having a case
identifier (case ID), an activity label, and a timestamp [150]. Events with the same case ID collectively refer to a
distinct process instance [150]. Recently, techniques for object-centric process mining have been proposed, which
use object identifiers as an alternative to traditional case IDs for this grouping [151]. The main tasks of process
mining [81] are process discovery [150] (extracting process models from event logs), conformance checking [32, 120]
(measuring how much an event log conforms with a specification of expected behavior, e.g., a process model or
declarative rules), process enhancement (e.g., using performance-annotated process models [150]), and operational
support [81] (e.g., remaining time [106] or next activity [11] prediction). In business contexts, event logs are
typically extracted from (process-aware) information systems [78, 91]. Increasingly, unstructured data sources
such as sensor data, videos, or text [3, 4, 20, 42, 49, 74, 90, 91, 178] have been integrated into process mining
to eliminate the “blind spots” [78] missed by structured event logs, e.g., manual labor activities [45, 91, 130].
However, extracting events from unstructured and noisy data inevitably introduces imperfections, amplifying
the need to actively manage uncertainty and data quality in process mining analyses [73, 146].

2.2 Uncertainty and Data Quality in Data-Driven Analysis

Uncertainty, in general terms, refers to how much we can rely on data, models or analysis results [108, 120, 162]. It
is common to distinguish between aleatoric uncertainty, caused by intrinsic variability [162], and epistemic uncer-
tainty, caused by imperfect knowledge or incomplete data [70]. Brugnach et al. [19] identify ambiguity - resulting
from multiple internally consistent but mutually conflicting mental frames, which are used to make sense of
uncertain scenarios [71, 165] - as a distinct third nature of uncertainty. Walker et al. [162] differentiate uncertainty
by its location (e.g., in the context, input, or model), and its level, ranging from quantifiable statistical uncertainty
to total ignorance. Stirling [142] distinguishes the epistemic perspectives of risk, ambiguity, uncertainty, and
ignorance, and different analysis and result framings are appropriate for each [7, 19, 108, 142, 162]. In the technical
dimension, uncertain data analysis can broadly be organized into three main areas [1]: (i) representations for
modeling uncertain data, (ii) database management techniques for uncertain data, and (iii) data mining algorithms
that explicitly account for uncertainty:

In process mining, uncertainty is frequently caused by data quality issues, i.e., event data is commonly affected
by various imperfections [143] that cause (implicit) uncertainty about the reliability of analysis results [171]. An
early characterization of process data quality requires event logs to be trustworthy (ensure events happened as
recorded), complete (not missing relevant events), and have clear semantics [150]. Process data quality issues
generally manifest as data that is missing, incorrect, imprecise, or irrelevant [18, 146]. Quality issues can affect
different event log entities (see Section 2.1) [100, 143]. Further quality dimensions include individual trustworthiness
(how much users trust the data to be correct) and global conclusiveness (whether data and process are coherent
enough for meaningful analysis) [100].

These data quality issues must be recognized and addressed to ensure reliable process mining analysis. Data
quality awareness has been shown to be an important factor to build trust in process mining [145]. More broadly,
trust, i.e., the belief that a technology will perform as expected when negative consequences are possible [105, 111],
is an important factor for the adoption of information systems [29, 111]. Building trust requires systems to be
trustworthy [67, 111], which is conceptually distinct from trust (stakeholder stance vs. system property), but
nonetheless the primary engineering objective to support trust [67].
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Table 2. Overview of surveys and other conceptual work related to our survey

ExpricIT Data STATE OF THE CONCEPTUAL
PAPER UNCERTAINTY QUALITY ART REViIEw  FrRaMEwORk  Focus
Suriadi (2017) [143] O [ ] O [ ] Imperfection patterns
Goel (2021) [55] O [ ] O [ ] Data quality governance
Koschmider (2022) [75] O [ ) o O Noise and outliers
ter Hofstede (2023) [146] O [ ) O [ ) Data quality
Leemans (2023) [87] [ ] O [ ] O Partial orders
Franceschetti (2023) [46] [ ] [ ] O [ ] Ambiguity taxonomy
This review o [ ) [ ) [ ) Uncertainty
@: Applicable O: Not applicable

2.3 Uncertainty in Process Mining

This section synthesizes existing conceptualizations of uncertainty in process mining to establish the terminolog-
ical foundations required for literature identification and analysis as well as framework development. Various
conceptualizations of uncertainty in process mining have been presented, each focusing on different aspects of
the conceptualizations discussed in Section 2.2. Lepsien [89] classifies uncertainty by the location of its sources
into process uncertainty, correlation uncertainty and data uncertainty, which correspond to the steps of an abstract
process mining analytics pipeline. Process uncertainty is generally treated as aleatoric, model-level uncertainty
and primarily addressed in stochastic process mining [52], while data and correlation uncertainty are seen as
epistemic, log-level uncertainty [33, 70, 89] and primarily addressed in uncertainty-aware process mining [52, 120].

When implicit quality issues are modeled in event logs, uncertainty becomes explicit, which is the focus of
the core survey. Pegoraro et al. [120] view uncertainty as an explicit absence of trustworthiness and present
a taxonomy that distinguishes by level into weak (statistical) and strong (scenario) uncertainty, and between
discrete (e.g., alternative activity labels) and continuous (e.g., a real-valued timestamp range) uncertainty, which
can affect all log entities, i.e., timestamps, activities, case IDs, and any additional attributes [120]. Furthermore,
explicit uncertainty can take different manifestations that parallel the implicit data quality issues, i.e., value
uncertainty [120] (uncertain attribute values, label quality [100]), existential uncertainty [27] (indeterminacy [120],
event quality [100]), order uncertainty [87, 100], and process uncertainty [89] (e.g., stochastic control flow choices,
global conclusiveness [100]).

Three main approaches to explicitly represent uncertainty in event logs exist. The earliest representation are
partially ordered event logs, which are used to express order uncertainty [87]. Direct annotation of uncertainty
onto the attributes of an event log, e.g., activity labels [120] (see Table 1) is a more flexible approach supporting
manifestations beyond order uncertainty. Finally, meta-annotations are not concerned with specific values or
attributes of events, but rather annotate abstract information related to uncertainty, e.g., the percentage of missing
events [56]. Regarding the main tasks of uncertainty-aware process mining, we adapt the classes from [1] to
distinguish between representation (modeling), pre-processing (managing), and mining, e.g., process discovery
or conformance checking.

ACM Comput. Surv.



6 + A Lepsienetal.

2.4 Related Work

To position our contribution, we screened prior surveys and conceptual papers related either to explicit uncertainty
(e.g., probabilistic traces, partial orders) or process data quality (implicit uncertainty). An overview is given in
Table 2.

Existing work on data quality concerns event log imperfection patterns [143], the distinction between noise
and outliers in event logs and their treatment [75], identifying general challenges for process data quality
research [146], and an organizational governance framework for process data quality issues [55]. In contrast, our
focus are analytical capabilities for representing, handling, and communicating uncertainty.

On explicit uncertainty, Leemans et al. [87] survey partial order-based process mining. This survey partially
overlaps with our corpus but also includes partial order semantics beyond uncertainty (i.e., concurrency semantics),
and excludes other forms of (explicit and implicit) uncertainty. Franceschetti et al. [46] present a taxonomy
of ambiguity sources in business process management that includes explicit (e.g., partial orders due to coarse
timestamps) and implicit (e.g., noise) forms of uncertainty. This aligns with the sources perspective we will
adopt in one lens of our framework, but they do not survey uncertainty-aware techniques or discuss treatment
strategies.

Compared to related work, our survey simultaneously covers explicit uncertainty and data quality perspectives
and contributes an integrative framework with two complementary lenses; i.e., the sources and treatments of
uncertainty.

3 Methodology

We conducted a structured literature survey on uncertainty-aware process mining [139], combining a systematic
search [69, 139] with data extraction based on deductive [9], inductive [54] and hybrid [135] codings [95], and nar-
rative synthesis [14, 54, 104, 135, 164]. The survey follows the PRISMA scheme [114, 115], which was supplemented
with guidelines for meta-narrative surveys [170] and for surveys in information systems research [159, 164]
where necessary.

3.1 Eligibility Criteria
To identify relevant papers, the following inclusion criteria are defined:

I1. Papers concerned with handling uncertain event data in process mining, i.e., one of:
(a) A technique or method to handle explicitly uncertain event data
(b) A theoretical or conceptual contribution related to explicitly uncertain event data
(c) A dataset containing explicitly uncertain event data

I2. Papers having one of the following types:
(a) Paperspublished at peer-reviewed venues, i.e., journals and conference proceedings
(b) Papers from peer-reviewed workshops, tool and demo tracks, and doctoral consortia

Only papers written in English and for which a full-text version was available were included. No limitation is
imposed on the publication year. In case a conference paper was later extended to a journal paper, only the
extended version was included. In line with [159], the inclusion criteria are used to screen for relevance (I1) and
quality (I2).

The criteria grouped under I1 define the conceptual scope of the core survey. The focus on explicitly uncertain
event data reflects a deliberate boundary that enables a dedicated investigation of how uncertainty is currently
conceptualized in process mining and provides a clear basis for contrast when integrating this stream with
adjacent research in the framework construction phase (see Section 7).

The criteria grouped under 12 guide quality assessment. For peer-reviewed journal and conference papers
(I2a), publication at an established venue was considered a sufficient quality indicator. The additional admission
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of papers from co-located (peer-reviewed) venues (I2b) reflects a deliberate tradeoff concerning overall corpus
quality. In terms of typical data quality dimensions [163], this ensures sufficient quantity and increased timeliness
of sources in this emerging field, at the cost of some accuracy in terms of the maturity of included contributions.
To mitigate the quality risk associated with lighter peer review requirements at these types of venues, we applied
additional quality checks to papers admitted through I2b. Tool and dataset papers were required to present a
documented artifact. Workshop papers were verified to present a clearly stated research problem, a described
methodology, and some form of evaluation or preliminary validation. Doctoral consortium and visionary papers
were exempt from the evaluation criterion, as they typically represent early-stage research proposals. Accordingly,
visionary and doctoral consortium papers are used exclusively to widen the theoretical perspective for RQ2,
RQ3 and RQ4, and are excluded from analysis for RQ1.

3.2 Information Sources

The primary information source of this survey are scientific search engines. For this, ACM Digital Library,
Springer Nature Link, Elsevier ScienceDirect and IEEE Xplore, which each cover a range of related venues and
disciplines, were used. Additionally, Google Scholar was used to further increase the search coverage [173]. For
each search engine, we used the respective keyword search interface with boolean constructs. All engines were
last searched on 2025-09-29. Additional information regarding the used search engines and filters is provided in
the supplementary material (Table 8).

As a secondary information source, we used reference searching in an iterative snowball sampling process [57,
61, 164, 169]. For this, backward (manual bibliography screening) and forward search (using Google Scholar)
were applied to the papers identified from the primary search as well as the existing survey on partial order-based
process mining [87]. Then, the same selection steps as for the primary search results are applied. For the new
papers resulting from the last step, backward and forward search were applied again. This was repeated until an
iteration yielded no new relevant papers.

3.3 Search Strategy

To develop the search strategy, two researchers extracted candidate search terms from the titles, keywords and
abstracts of known relevant articles, which were used for a pilot search. From the pilot search results, relevant
papers were sampled randomly. Additional terms were extracted and pilot searches were repeated until a search
added no new terms. Based on discussions involving all four researchers, terms that were deemed too restricting
were removed to improve the coverage of the search query. This process resulted in the following search query:
("stochastically known" OR "stochastic” OR "uncertain” OR "probabilistic") AND ("event log" OR
"process mining")
For each search channel, we retrieved (i) up to the first 100 results in all cases, and (ii) any following results until
20 consecutive records were clearly irrelevant by title and abstract.

3.4 Selection Process

After removing duplicates, two researchers independently screened all retrieved records. First, records were
filtered by contextual factors (publication type, language, extension available) and records that were clearly
ineligible from their titles and abstracts were removed. For the remaining records, the full text was retrieved and
examined. In all of these steps, disagreements were resolved through discussion with a third researcher who was
not involved in the initial screening process. In each iteration of the snowballing procedure, all previously unseen
records were examined accordingly. Any records identified during snowballing that would have undoubtedly
been removed in the initial screening (context, title and abstract) were not retrieved and are thus not listed below.
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Table 3. Overview of extraction and synthesis activities in the core survey for each research question

RQ Focus ExTRACTION SYNTHESIS ANALYSIS
TyPE
RQ1 Technique characteristics Theory-based coding  Concept ma- Deductive [135]
trix [164]
RQ2 Motivations, challenges and direc- Iterative summariza- Gioia method [54] Inductive [135]
tions tion

RQ3 Assumptions, conceptual perspec-  Selective coding with ~ Subsumption, itera- Deductive-
tives theoretical guidance  tive abstraction [104, inductive [135]
135]

3.5 Data Collection and Synthesis

The included papers were organized into 3 subsets: (i) primary (technical) contributions, (ii) dataset papers, and
(iii) visionary papers (e.g., challenge papers, research proposals and tutorials). Table 3 summarizes the extraction
and synthesis activities conducted for each research question of the core survey (RQ1-RQ3). The extraction key
for the core survey is provided in the supplementary material (Table 9). Generally, data was first extracted by one
researcher and subsequently verified against the source papers by a second researcher, with any disagreements
resolved through discussion with a third researcher.

The characteristics of existing techniques were extracted using a deductive coding schema [9, 135] and are
presented in a concept matrix [164] for RQ1. The coding schema encompasses the artifact type [131], the task,
manifestation, level, and representation of uncertainty (see Section 2.3), the affected event log entities [18, 143],
and artifact availability.

For RQ2, we conducted an inductive analysis using the Gioia method [54]. In an initial pass, each paper’s
stated motivations, challenges and future directions were summarized and grouped into preliminary first-order
concepts. These guided a second pass of targeted re-coding, from which second-order themes and aggregate
dimensions were derived. Motivations and challenges/directions were analyzed separately to preserve their
respective contextual roles within each paper. During coding, results were regularly discussed with a second
researcher to collaboratively develop abstract concepts, themes, and dimensions, and a third researcher was
involved after each phase to provide an external critique of the findings [54].

To extract and synthesize the assumptions for RQ3, we applied qualitative content analysis using a subsumption
strategy [104, 135]. A deductively initialized codebook was developed based on prior theory (see Section 2) and
used to selectively code relevant passages. The coded passages were subsumed under existing categories where
appropriate, and categories were added or revised when material did not fit [135]. The final codes were abstracted
and grouped into main categories [104]. Again, coding was primarily conducted by one researcher and verified
by a second researcher, and both performed category development in collaborative discussion. A third researcher
was involved to resolve disagreements and to critically review the resulting codes before their finalization.

3.6 Search Results

Figure 1 summarizes the literature search and selection. The database search returned 805 records (ACM DL: 121;
SpringerLink: 220, ScienceDirect: 136; IEEE Xplore: 129; Google Scholar: 199). After removing 79 duplicates (9.8%),
726 unique titles and abstracts were screened, of which 620 (85%) were excluded. We retrieved and examined the
full text of all 106 remaining records, excluding another 82 (77%) papers, and thus yielding 24 studies from the
primary search. The snowballing procedure reached a fix-point after two rounds, adding 10 papers, for a total of
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[ Identification via databases J ( Identification via other sources j
T Search results (805):
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— - -
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Z | |b) Snowballing (10)
—

Fig. 1. Overview of the paper identification and inclusion screening for the core survey

34 included papers (27 primary, 6 visionary, 1 dataset). Of the 27 primary contributions, 7 (26%) were published at
co-located venues (I2b). Among the remaining 7 non-primary papers, 6 (86%) were from co-located venues.

Figure 2 shows the temporal distribution of the 34 included papers. The full list of included papers by year and
subset is provided in the supplementary material (Table 10). From 2015 to 2019, work was sparse (four primary
papers). Recent years, from 2020 onward, showed sustained interest reflected by clear growth, peaking at seven
primary papers in 2025. Visionary contributions first appear in 2021, and the sole dataset publication appeared in
2023.

4 Characteristics of Existing Approaches

This section addresses RQ1 by reporting the results from the deductive coding (see Section 3.5) of the primary
papers across six dimensions, each capturing a distinct characteristic of existing approaches. Before discussing
the detailed results, we briefly summarize each coding dimension.

The artifact dimension concerns the type of artifact provided by a paper (technique, architecture, or tool) [131].
The task dimension adapts the three main tasks of uncertain data analysis [1] for uncertainty-aware process
mining: (i) representation corresponds to modeling, (ii) pre-processing corresponds to management (both of which
relate to pre-analysis [128]), and (iii) mining was refined into the standard process mining tasks of discovery,
conformance, enhancement, and operational support (see Section 2.1). The manifestation dimension distinguishes
between order, value, existential, and process uncertainty (see Section 2.3). The level dimension indicates if
approaches are designed for weak (statistical) or strong (scenario) uncertainty [120] (see Section 2.3). The
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representation formalism refers to how uncertainty is represented, either as partial orders, attribute annotations,
or meta-annotations (see Section 2.3). The log entities dimension denotes which event log attributes (timestamps,
activity labels, case identifiers, and miscellaneous data) are affected by uncertainty. Finally, we recorded if artifacts
were made available and remain accessible.

4.1 Results

The extracted characteristics for all primary papers are summarized in Table 4. Papers were grouped using
hierarchical agglomerative clustering to reveal (local) similarities. While no large, uniform clusters emerged, a
visible split between partial order-based and annotation-based techniques was observed (starting with van der
Aa (2020a) [147] in the table).

4.1.1  Artifact. Most primary papers (24, 89%) present techniques that explicitly use uncertainty in their cal-
culations, two (7%) propose representation architectures [56, 124], and one (4%) presents a tool [123]. Overall,
current research focuses on algorithmic techniques with limited attention to architecture or tool development.
The technical contributions (and thus the overall field) are still mostly exploratory, drawing on a diverse range of
theoretical backgrounds (e.g., probability [116], fuzzy logic [32], probabilistic databases [16], satisfiability modulo
theories [37], uncertainty quantification [89], etc.) and investigating their applicability to handle uncertainty in
process mining.

4.1.2  Task. Conformance checking is the dominant task (17, 63%), followed by pre-processing (11, 41%), represen-
tation (7, 26%), and discovery (4, 15%). Task categories are not mutually exclusive. Because none of the surveyed
papers focused on process enhancement or operational support, these tasks were omitted in the table. Methods for
conformance checking include those working with partially ordered [101, 148] as well as uncertainty-annotated
event logs [16, 120, 158]. Pre-processing techniques include the construction of intermediate representations
for processing [45, 121, 122, 129], filtering and ranking of possible trace realizations [93, 117, 148], repairing
errors and imprecisions [26, 152] or recovering a single deterministic realization [17]. Commonly, pre-processing
aims to support efficient conformance checking [117, 148]. Representation ranges from intermediary data
structures [46, 120-123] to standardized annotation formats [56, 124]. Discovery approaches include uncertain
directly-follows graphs annotated with lower and upper bounds for edge frequencies [121, 123], the visualization
of partial orders [136], and partial order-aware process model discovery [41].

4.1.3 Manifestation. Order uncertainty is the most commonly addressed manifestation (19, 70%), followed
by value uncertainty (15, 56%) and existential uncertainty (9, 33%). Order uncertainty is treated explicitly via
partial orders in 11 papers, (41%, e.g., [51, 101, 175]) or mediated through value uncertainty on timestamps in
8 papers (30%, e.g., [37, 56, 121]). One approach simultaneously addresses process and order uncertainty [83].
Value uncertainty is addressed in 15 papers, affecting activity labels (14/15, e.g., [16, 93, 177]), timestamps (8/15,
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Fig. 2. Number of included papers per year and subset. (*2025 covered only partially up to the search cutoff date on 2025-09-
29.)
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Table 4. Concept matrix of the characteristics of existing approaches (primary papers). Row order was determined through
hierarchical agglomerative clustering of paper characteristics (excluding artifact availability). A chronologically ordered
version of this table is provided in the supplementary material (Table 11).

MANIFES- Forma- Loa
ARTIFACT Task LEVEL
TATION LISM ENTITIES
o

Er .- =
2% & . CR- I T
PAPER E2E 24A8 8544 5 £2 g2 88 <
Conforti (2020) [26] ®@ OO O CECRN NONONORN NOEN NONGO) OO0 @
van der Aalst (2022)[152] @ O O O @O0 @000 €0 00O @000 @
van der Aa (2020b) [148] 00 OO0 06000 00 000 0600OO o
Raun (2025) [129] 00 Oee0e 06000 00 000 00O0OO o
Schuster (2024) [136] @00 OO0 000 00 000 0000 o
Folz-Weinstein (2025) [41] @ O O OO @O @O0 OO €0 €00 €000 e
Lu (2015) [101] @O0 OO 000 0 000 0000 @
de Leoni (2018) [28] 00O OO 0000 060 000 0000 @
Genga (2018) [51] 0O OO 0000 00 000 0000 @
Zhang (2024) [175] 00O OO 06000 060 00O OO0 O
Leemans (2025) [83] 00O OO 000G 00 000 0000 @
van der Aa (2020a) [147] OO0 OO OO0 O OO CeOO e
Zheng (2024) [177] 00O OO0 OO0 Ce Ve VOO e
Bogdanov (2022) [16] 0O OO0 OO Ce Ve VOO O
Vespa (2025) [158] 0O OO OO Ce ODOe OOOO O
Lepsien (2025) [93] 000 OO0 OO e Ve VOO e
Bogdanov (2023) [17] 00O 0000 OO0 e OO OO O
Franceschetti (2025) [45] 00 0000 OO0 O Ceee OOeoe o
Pegoraro (2020) [122] 00 0000 0000 00 OO0 00O o
Pegoraro (2021a) [120] Q00O 0000 0000 00O OO0 0000 o
Pegoraro (2019) [121] 000 06000 0000 060 OO0 0000 o
Pegoraro (2021b) [123] OCOCe 0000 0000 00O OO0 0000 o
Felli (2023) [37] @O0 OOOe 0000 00 OO0 0000 o
Goel (2022) [56] Ce00 06000 0000 00 OO0 0000 o
Pegoraro (2021c) [124] Ce00 0000 0000 00 O00 0000 o
Pegoraro (2022) [117] 00O Oee0Oe 0000 00 OO0 00 00O O
Donadello (2025) [32] 0O OO OO e Ve Ve e
Frequency (27 papers total) 24 2 1 7 11 4 17 1915 9 1 1914 1115 8 1914 2 4 22

@: Addressed ©: Partially addressed O: Not addressed

e.g., [37, 56, 122]), and data attributes (4/15, e.g., [37, 45]). Existential uncertainty, where events are allowed to
be uncertain [37] or indeterminate [118] with an annotated confidence, is addressed least frequently. However,
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existential uncertainty might also be represented indirectly, e.g., through cumulative probability mass below
one [48, 120].

4.1.4 Level. Strong uncertainty is addressed in 19 papers (70%), weak uncertainty in 14 papers (52%), and 6 papers
(22%) address both types. Typical occurrences of strong uncertainty are partially ordered event data [26, 40, 101]
(which often allows for many different order realizations [87, 148]), and value uncertainty modeled by sets of
possible alternative attribute values [120]. Commonly mentioned sources of strong uncertainty are inaccurate [175]
or coarse [56, 120] timestamps. In contrast, weakly uncertain logs are commonly linked to machine learning-based
activity recognition [17, 32, 93] and probabilistic event-activity-mappings [147, 156], which are both increasingly
used for event log extraction [73, 76, 80, 91, 156]. Six papers [37, 56, 83, 117, 124, 148] address both levels, either
by directly accounting for the different levels [37], or by converting between them [117, 120].

4.1.5 Representation Formalism. Attribute annotations were used in 15 papers (56%), partial ordersin 11 papers
(41%), and meta-annotations in 8 papers (30%). Attribute annotations co-occur with almost all artifact types,
uncertainty manifestations, and log entities. A common use case is the modeling of weakly uncertain activity labels
resulting from probabilistic activity recognition [17, 32, 93, 177]. Partial orders predate other formats (2015 [101]
vs. 2019 [121, 125]) and still remain a primary choice for strong order uncertainty. Meta-annotations are primarily
used to represent existential uncertainty through explicit “indeterminacy” labels [117, 120, 122-124, 158], in
most cases complementing attribute annotations. An exception is Goel et al. [56], who use meta-annotations to
model a broader range of uncertainty based on established data quality dimensions, e.g., attribute precision or
the percentage of events with missing values.

4.1.6 Log Entities. Timestamp uncertainty is addressed in most papers (19, 70%), followed by uncertainty
in activity labels (14, 52%). Other log entities are rarely addressed: uncertainty about miscellaneous data is
considered in four papers (15%), two of which are architectures [56, 124], and two are techniques [37, 45], and
case-level uncertainty is considered in two papers (7%) [45, 56]. All but one [45] of the techniques using attribute
annotations include uncertain activities (e.g:, [17, 32, 177]), with approximately half of them also addressing
timestamp uncertainty (e.g., [117, 123]). Two of these further consider miscellaneous data attributes [37, 124],
and one considers only data/object attributes [45]. By design, partial orders focus exclusively on timestamp
uncertainty (e.g., [28, 41, 51, 136]). Case-level uncertainty is addressed through meta-annotations [56] and attribute
annotations [45] in one paper each.

4.1.7 Artifact Availability. An artifact is made available for 22 papers (81%). We manually confirmed artifact
accessibility (on 2026-04-07) for all 22 artifacts and retrieved updated URLs where the original URLs were inac-
cessible [101] or artifacts were made available only after the original publication [121, 123]. A detailed overview
of the provided artifacts and their URLSs is included in the supplementary material (Table 12). Eight papers (30%)
offer plugins for the ProM framework [28, 41, 56, 83, 101, 147, 148, 152], while many others provide implementa-
tions based on Python and pm4py [12], including [93, 119-121, 123, 177]. A few implementations extend other
existing tools [32, 37, 129, 136] or are released as standalone implementations [26, 45, 93]. Despite the high
artifact availability, interoperability remains limited. Partial order-based techniques are typically implemented in
ProM plugins [41, 101, 148], while attribute-based techniques generally use pm4py [93, 120] and Python [32, 37].
One notable exception handles attribute annotations in ProM [147]. Initial efforts towards the standardized
data formats, e.g., extensions to the XES (eXtensible Event Stream) standard [56, 124], and implementation
frameworks [123] have been made.
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4.2 Summary

Four main observations with respect to RQ1 were made from this synthesis. First, there is an obvious split
between partial order-based approaches and those using attribute/meta-annotations. The narrow focus of partial
orders on order uncertainty enables deep, specialized developments (e.g., discovery and visualization [136],
conformance with stochastic models [83]). In contrast, annotations generalize across diverse combinations of
tasks, manifestations, types, and log entities, but they do so with less depth. Second, a fragmentation of the field
beyond this split is apparent. While most papers provide implementations, interoperability is hindered by a lack
of standardized data formats and shared code frameworks. Initial integration efforts [56, 123, 124] are promising
but have seen limited adoption to this date [34, 45, 93]. Additionally, the lack of a clear, shared understanding
of uncertainty in process mining [32] might lead to different techniques addressing different problems under
the same label. Third, while conformance checking is frequently addressed, process discovery, enhancement,
and operational support remain underexplored. Because the explicit data uncertainty handled by uncertainty-
aware process mining is fundamentally different to the process uncertainty addressed in stochastic process
mining [24, 89], future research cannot solely rely on stochastic process models and still faces the challenging
task of developing specific approaches to embed data uncertainty directly into these tasks. Fourth, techniques
focus on timestamps and activity labels, rarely addressing other log entities, which aligns with the general bias in
process mining research towards control flow analysis [36, 176]. Among the case-level techniques, one technique
accounts for quality-related meta-annotations, e.g., the percentage of irrelevant events in a trace [56], and the
other for resource assignment for object-centric process mining [45], while no paper considers uncertainty about
traditional case assignment (i.e., case IDs) [118].

Overall, current research is methodologically diverse and fairly mature for specific applications (e.g., partial
order conformance) while aspects such as process discovery and uncertain case assignments remain largely
unexplored, and conceptual convergence and integration are still limited. Thus, the field would greatly benefit
from a clear conceptualization that supports the comparison and integration of approaches, with respect to the
goals they aim to achieve (RQ2) and which assumptions underlie approaches and are appropriate for certain
settings (RQ3).

5 Motivations, Challenges, and Research Directions

For RQ2, we investigate the motivations driving the development of uncertainty-aware process mining meth-
ods, and the challenges and open directions identified by existing research. To do this, we synthesized the
stated motivations, challenges, and research directions across all 34 included papers (27 primary, 6 vision-
ary [15, 24, 48, 89, 116, 157], 1 dataset [34]). The motivations reveal the real-world problems and considerations
underlying uncertainty-aware process mining research, and the challenges and directions highlight conceptual,
methodological, and technical gaps that need to be bridged. Together, they help contextualize RQ1 findings
and lay the foundation for analyzing the assumptions in RQ3. As motivations were analyzed separately from
challenges and directions, the results are presented accordingly.

5.1 Motivations

Using the Gioia method [54], we grouped 25 first-order concepts into 9 second-order themes, which were further
grouped into 3 aggregate dimensions (Figure 3): (i) PRACTICAL RELEVANCE, (ii) SOURCES OF UNCERTAIN DATA and
(iii) RESEARCH NEEDS AND CHALLENGES.

5.1.1 Practical Relevance. The first dimension captures how uncertainty-aware process mining is framed as a
field with high practical relevance. First, nearly all papers affirm the usefulness of process mining, e.g., to generate
data-driven insights which enable informed decision making [93], or to improve process executions [129]. Second,
papers discuss the increasing prevalence of enabling conditions for process mining, following from the widespread

ACM Comput. Surv.



14 « A Lepsienetal.

PrAcTICAL
RELEVANCE

SOURCES OF
UNCERTAIN DATA

RESEARCH NEEDS
AND CHALLENGES

Data Generation

Usefulness of ‘ Data Quality and

Process Mining and Recording Trustworthiness
Enabling Pre-Processing Rationale
Conditions and Extraction for Handling

Uncertaint
Real-World Transformation ceranty
Occurrence of and Abstraction Infrastructure
Uncertainty Gaps

Fig. 3. Aggregate dimensions and themes of the motivations

adoption of information systems to support business processes [120, 147]. Third, many papers emphasize the real-
world occurrence of uncertainty [157, 158], noting that uncertainty frequently arises in extracted event logs [123],
and that assuming certainty is often unrealistic [37].

5.1.2  Sources of Uncertain Data. The second dimension concerns the various parts of analyses where uncertainty
is introduced. First, during data generation and recording, uncertainty can be caused by technical limitations [24, 89,
177], noise [15, 45, 124], imprecision [41, 136, 148], incompleteness [56, 157], or manual logging errors [121, 158].
Second, pre-processing and extraction may add uncertainty through probabilistic or machine learning-based activity
recognition [48, 89], which is often used to extract events from unstructured inputs such as videos [17, 24, 32] or
sensor data [48]. Third, the transformation and abstraction from the extracted low-level events to an abstract event
log, for instance using probabilistic event-activity mappings, can introduce further uncertainty [45, 89, 147, 156].

5.1.3  Research Needs and Challenges. The third dimension highlights gaps commonly used to motivate uncertainty-
aware process mining research. First, papers commonly stress the critical link between data quality and trustwor-
thiness: analysis reliability strongly depends on input data quality [56, 89], and modeling uncertainty is required
to avoid producing untrustworthy or even misleading results [56, 146, 147]. Second, various rationales for handling
uncertainty are given, i.e., enabling multi-scenario reasoning [45, 123, 147], improving analysis quality [177] and
regaining result trustworthiness [89, 147]. Finally, several papers identify current infrastructure gaps, i.e., a lack
of tools, standards, and interoperable frameworks [56, 123, 124].

5.2 Challenges and Research Directions

For the joint analysis of the challenges and research directions, which were also synthesized using the Gioia
method [54], we condensed 30 first-order concepts into 10 second-order themes, which in turn were organized
into three aggregate dimensions (Figure 4): (i) TECHNICAL DEVELOPMENT, (ii) CONCEPTUAL DEVELOPMENT and
(iii) PRACTICAL DEVELOPMENT.

5.2.1 Technical Development. The first dimension focuses on the various aspects of the future technical devel-
opment of uncertainty-aware process mining. First, papers described the need for uncertainty-aware extraction
techniques [48, 89]. Existing techniques are either narrow in scope, for instance limited partial orders [101],
or still conceptual [56, 120], which motivates further development [51, 56, 116]. Second is the representation of
uncertainty, which considers the need for standardized data formats [56, 124] and acknowledges the possible in-
completeness of existing representations [56]. The third theme concerns the computational efficiency of approaches
subject to the combinatorial explosion [28, 116, 158] of possible realizations. This includes technique-specific
optimizations [15, 32, 119], as well as generalized solutions, e.g., approximative algorithms [15, 51, 116]. Fourth,
continued algorithm development aims at extending existing algorithms as well as developing new algorithms.
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These capabilities can be extended in terms of tasks [56, 157, 175], uncertainty types [120], log entities [121, 158],
and distributed [101] or online [51] settings.

5.2.2 Conceptual Development. The second dimension concerns various theoretical foundations for handling
uncertainty. First, papers aim to support different types of uncertainty. This includes extending techniques to
additional types and manifestations of uncertainty as well as additional log entities and tasks [24, 56, 121, 124],
but also exploring novel perspectives on specific uncertainties, e.g., a fuzzy interpretation of uncertain activity
labels [48]. Second, calls for structured uncertainty discuss the need for methods that capture uncertainty beyond
random noise. This could be achieved by modeling dependencies and causal relationships among uncertain
events, rather than treating their probabilities as independent [17, 48, 93, 120]. Third, papers emphasize the
need for meaningful metrics, which not only requires defining novel metrics specifically for uncertainty, but also
reconsidering how the applicability of existing metrics and their interpretation are affected by uncertainty [121].
For instance, this affects conformance measures [121] and the cost structures used inside conformance checking
algorithms [16].

5.2.3 Practical Development. The third dimension concerns open challenges to enabling practical, real-world
application. First, effective result communication is needed to balance the tradeoff between complexity and
accuracy that comes with exposing uncertainty [45, 48], using effective visualizations and interfaces for a
confidence-driven communication of analysis results [77, 89]. Second, the validation of techniques with respect
to various real-world sources of uncertainty, i.e., their application, optimization, and evaluation in real use cases,
is required [28, 56, 120]. Third, enabling practical application requires robust, efficient tools and integration of
uncertainty-aware techniques into widely used frameworks to facilitate their widespread adoption [32, 123].

5.3 Summary

Based on the synthesis of the motivations, challenges, and research directions to address RQ2, we identified
three central insights. First, almost all papers rely on the inevitability of uncertainty in real-world analyses for
motivation. However, few papers actually use real-world datasets for evaluation [28], and many use synthetic
or randomly perturbed logs [32, 37, 93]. While validating real-world usefulness is stated as a direction in some
papers [175], this is still largely unexplored. Second, papers discuss a diverse set of application settings, which
motivates the development of techniques for a wide range of uncertainties stemming from various sources, and
the exploration of different paradigms for handling uncertainty, e.g., probabilistic vs. fuzzy interpretations [48],
each having distinct assumptions. While many papers discuss some of their underlying assumptions [56, 93, 175],
these are rarely related explicitly to the assumptions of other approaches [32], hampering the comparison of
techniques. Third, effective handling of uncertainty requires end-to-end integration of uncertainty into analyses,
including generalized representations [56], efficient algorithms [51, 129], user-friendly visualizations [89, 136],
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and comprehensive tools [124]. However, even more importantly, most techniques require uncertain event logs
as input, but do not discuss how to obtain them. Thus, techniques for the extraction of uncertainty-aware event
logs are needed [56, 89, 116].

6 Assumptions, Perspectives, and Constraints

To address RQ3, we performed a subsumption-based qualitative analysis of underlying assumptions, perspectives,
and constraints over all 34 included papers, starting with five seed categories deduced from the results of RQ1
and RQ2. Through iterative coding and subsumption [135], we identified eight categories, which we organized
into three main categories [104] (Figure 5): (i) FOUNDATIONAL ASSUMPTIONS, (ii) TECHNICAL ENGAGEMENT and
(iii) DECISION SUPPORT.

6.1 Foundational Assumptions

6.1.1  Process Properties. With respect to the properties of the analyzed process, we distinguish between three
types of assumptions that are typically made. First; through general commitments, e.g., to particular modeling
formalisms such as Directly-Follows Graphs (DFGs) [121] or declarative rules [32, 157, 158], or by assuming formal
properties such as 1-boundedness [28], techniques carry a representational bias [126]. Second, techniques can rely
on knowledge specific to the analysis context, e.g., reference process models [17, 177], or local dependencies such
as sequence probability mappings, weak ordering relations, or resource constraints [17, 121, 148]. Such knowledge
may be obtained from domain experts [121] or extrapolated from noise-free parts of the log [17, 26, 148]. The third
type are explicit assumptions about the absence of specific dependencies, i.e., inter-trace independence [48] and
total event independence [93, 120]. Typically, by modeling a particular set of dependencies, techniques implicitly
assume the absence of any other dependencies.

6.1.2  Scope of Uncertainty. As observed in Section 4, techniques are typically limited in scope to a subset of
possible uncertainties, which implicitly assumes that this subset is sufficient to capture all uncertainty relevant
to an analysis result. Typical scopes include the exclusive handling of order uncertainty caused by imprecise
timestamps [152, 175], isolated value uncertainty on activity labels [16, 32], and joint consideration of order,
value, and existential uncertainty affecting timestamps and activities [117, 121]. Perspectives beyond the control
flow, e.g., miscellaneous resource and data attributes, are rarely considered [37, 45]. Uncertain case assignments
are handled by only one approach, despite being integral to control flow analysis. Still, a general awareness exists
for a need to address uncertain case assignments in future research [120]. Scope might also be limited in terms of
the possible sources of uncertainty (see Section 5.1.2).

6.2 Technical Engagement

6.2.1 Handling Approaches. Techniques follow different approaches of handling uncertainty computationally.
Commonly, previous approaches that simply ignore uncertainty [28, 93] or aim to identify and filter it without
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further, uncertainty-specific treatment [32, 121] are criticized as being inadequate (see Section 5.1.1). Rather,
uncertainty-aware process mining approaches follow one of two broad strategies [48]. Encapsulation approaches
collapse uncertainty into a single, pseudo-deterministic representation that can be treated as certain by down-
stream analysis [48]. This can be performed at different analysis stages, e.g., repairing data imprecision after
extraction [26], recovering deterministic traces after abstraction [17], or aggregating results, e.g., conformance
values, just before output [147]. In contrast, exposure approaches propagate uncertainty through all analysis steps
and explicitly communicate it in the analysis results [28, 56, 121]. Because evaluating every possible realization
is often computationally infeasible [48], different approximation strategies are used, including sampling [148],
top-K-based prioritization [48, 93], or exploiting mathematical properties to compute abstractions such as bounds
without enumerating all realizations [119, 121].

6.2.2  Evaluation Context. Typically, evaluation is conducted using datasets with varying real-world fidelity, using
different methods of obtaining (i) the event logs and (ii) the uncertainty annotations. To obtain event logs, many
papers rely on synthetic generation [93, 101] or even fully random events [32]. Others use common process mining
benchmark datasets [16, 154, 177], or apply activity recognition to benchmark video datasets [17]. In specific
cases, papers use (already available) uncertainty-aware extraction techniques, e.g:, for partial orders [41, 101] or
probabilistic activity recognition [17], to obtain uncertainty annotations. When extraction is infeasible, papers
typically inject random uncertainty into event logs [37, 93]. The only existing uncertainty-aware dataset [34] is
currently used in one paper [93].

6.2.3 Extraction and Annotation Validity. To generate explicit uncertainty annotations, papers often apply
heuristics. Typical general heuristics include treating equal, close; or overlapping timestamps as order uncer-
tainty [26, 41, 175], or interpreting confidence scores from activity recognition or event-activity abstraction
outputs as value uncertainty [17, 89, 147]. Extraction can further be refined by incorporating domain knowledge,
e.g., inferring missing activities from known resource-capability constraints [121]. Additionally, analysts must
verify the suitability of the chosen representation formalism for uncertainty in their specific application con-
text [56]. To apply any technique, one must trust that the annotation schema used is sufficiently complete, i.e., is
able to capture all relevant uncertainty, and that annotations are obtained accurately, i.e., they reflect uncertainty
in a way that is beneficial for downstream analysis.

6.2.4 Uncertainty Level and Interpretation. Uncertainty-aware process mining approaches assume different
levels and interpretations of uncertainty. Some techniques handle strong uncertainty (e.g., [51, 120, 129]), where
only the set of possible outcomes is known, while others focus on weak uncertainty (e.g., [48, 93, 147]), where
possible outcomes are annotated with stochastic knowledge [162] (also see Section 4). Closely related to this are
assumptions used to convert between these types, i.e., by discarding confidence values to treat weak uncertainty
as strong [120],and by assuming uniform realization probabilities to treat strong uncertainty as weak [117]. When
stochastic knowledge is available, most papers adopt a probabilistic interpretation, i.e., they treat confidence
values as probability distributions over mutually exclusive alternatives [48, 120]. In contrast, fuzzy interpretations
represent the degree of confidence in each outcome without assuming mutual exclusivity [32, 175]. Donadello et
al. [32] argue that a fuzzy interpretation is more appropriate than a probabilistic interpretation when activities
may occur concurrently (as alternatives are not interpreted as exclusive) and for activity recognition (as argmax
layers force ML confidence values into pseudo-distributions).

6.3 Decision Support

6.3.1 Decision Framing. Different decision framings can be used to communicate uncertainty to decision makers.
Some encapsulation approaches assume the correct trace can be recovered to rid the analysis of (data) uncer-
tainty [17, 26]. Encapsulation may also support other types of decision making, e.g., finding optimal alignments
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under uncertainty enables analyzing a best-case scenario [16, 28, 37]. Pluralistic decision framings [142], which
consider multiple possible outcomes [48], rely on exposing uncertainty through various abstractions such as
possible ranges (consisting of lower and upper bounds) for outcomes [121], and characterizations of their distri-
bution (e.g., mean and standard deviation [56] or proportion of conforming trace realizations [28, 147]). Framings
that incorporate stochastic knowledge (weak uncertainty) relate to risk assessment [7, 53, 59] and typically rely
on probabilistic interpretations of uncertainty, fuzzy interpretations operationalize ambiguity [142], and strong
uncertainty aligns with scenario-based framings [142].

6.3.2  User Expertise. Gal [48] discusses the tradeoff between the loss of information associated with encapsulating
uncertainty and the challenges attached to exposing uncertainty, which might put too much trust in the end user
and requires effective communication and possibly specific training. As discussed above, all techniques must
choose the degree to which uncertainty is exposed, and thus they must implicitly assume what is most useful and
understandable for and preferred by some hypothetical user. For instance, some papers explicitly state exposure
helps decision making [93, 121]. However, none of the included papers empirically validate such assumptions.

6.4 Summary

Regarding RQ3, we made four overarching observations. First, all techniques are affected by a foundational
representational bias because they commit to particular modeling formalisms, process properties, case-centric
paradigms, and at least trace independence. Because case assignment uncertainty violates trace independence [48],
and because a case-based structure is deeply embedded in existing tools and standards [120], handling uncertain
case assignments is challenging. Second, on the technical engagement level, analysts must decide whether to
encapsulate or expose uncertainty, and which abstractions and level of detail are considered appropriate for
decision makers. Several papers acknowledge that different decisions might be appropriate depending on the
analysis context [32, 48], and that limitations of techniques and their implications must be made transparent
to select context-appropriate techniques [28]. However, the handling strategies used by existing techniques
are generally simply assumed to be appropriate without empirical validation and there is no consensus on
which handling strategies are best for which applications. Third, many papers use synthetic logs or randomly
injected uncertainty for evaluation, which is posed to be sufficient or even better than real-world data for
certain evaluation goals [28, 32, 93]. However, real-world uncertainty often occurs with systematic biases and
dependencies [108], e.g., when using probabilistic activity recognition models [89, 93], and such systematic bias is
missing in randomly simulated uncertainty.! Finally, because it is essential to their motivation, all papers assume
that explicitly handling uncertainty improves decision making and analysis trustworthiness [89, 121] - but no
paper actually evaluates this empirically (and specifically for process mining).

7 An Integrative Conceptual Framework for Uncertainty in Process Mining

Our survey (RQ1-RQ3) reveals a rich but fragmented set of techniques and approaches. All papers focus on
handling explicitly modeled uncertainty but rely on heterogeneous design choices (interpretation, handling,
representation, manifestations, etc.), and no unifying foundation emerges. A strict focus on explicit uncertainty
also risks leaving implicit uncertainty (e.g., incompleteness [143], repeated/irrelevant events [18, 143], represen-
tativeness issues [66]) unknown [88] which also undermines result trustworthiness. Implicit issues are routinely
addressed in process data quality [146], but few works integrate both perspectives [56, 175].

To bridge these gaps (RQ4), we propose a conceptual framework developed following the guidelines from [63].
The framework (i) reduces conceptual fragmentation in uncertainty-aware process mining, (ii) integrates it with
related fields, and thus (iii) provides a basis for a holistic treatment of uncertainty. The framework is grounded in

IConsider confusion matrices, which often show two activities that are frequently confused for one another but not with some third activity.
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Fig. 6. Modified fishbone diagram locating the sources of uncertainty in process mining pipelines

our core survey (RQ1-RQ3) and was extended through iterative, hermeneutic synthesis of seminal works from
related areas (process data quality, general process mining, policy advisory, risk theory) [13, 159]. Iterative cycles
of concept identification, integration, clustering, and synthesis were conducted until all researchers agreed that a
“general theoretical framework that makes sense” [63] was constructed and the ending criteria from [110] were
fulfilled. This iterative hermeneutic approach is particularly suited for RQ4 given the interdependence of RQ4a
and RQ4b. The identification of conceptual gaps (RQ4a) - initially grounded in the findings of the core survey -
provides the foundation for first framework construction (RQ4b). The emerging framework, in turn, enhances
the understanding of the field and may reveal additional gaps (RQ4a) that might warrant revision or extension
of the framework (RQ4b). Because of this bidirectional structure, RQ4 cannot be answered linearly. Rather, a
joint understanding of RQ4a and RQ4b emerges from the cyclical, hermeneutic movement between analysis and
interpretation, and between the specific phenomenon of uncertainty in process mining and its context [13]. The
resulting framework consists of two complementary lenses — the Sources of Uncertainty and the Treatment of
Uncertainty — which are introduced in the following.

7.1 Sources of Uncertainty

The first lens identifies the sources (or causes) of result uncertainty (see Section 5.1.2). We extend the prior
idea [89] to organize the sources by their location [162] along a generalized pipeline describing the steps of
a typical process mining analysis [73, 91, 155], as depicted in Figure 6. Reliable analysis requires uncovering
unknown uncertainties in the analysis setup [88, 108], and different sources of uncertainty often demand distinct
modeling and treatment [24, 48, 89]. Consequently, this lens supports (i) eliciting and prioritizing the sources of
uncertainty present in a given analysis and (ii) selecting or designing source-appropriate treatments [108].

7.1.1  Process Uncertainty. Real-world process behavior exhibits uncertainty that is distinct from data-centric
issues [24, 48, 52], especially in unstructured [91] or flexible [18] processes with many different variants [100].
When aleatoric, process uncertainty manifests as (apparently) random variability of process executions [85, 89].
Stochastic process mining addresses this, for instance by considering variant probabilities in conformance check-
ing [82], or modeling temporal distributions of uncertain durations and waiting times [33, 79, 167]. When epistemic
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in nature, process uncertainty arises from incomplete knowledge about factors influencing process executions.
Influences include internal factors, i.e., short and long term intra-case dependencies across multiple perspectives
(e.g., control flow, resources) [37, 86, 150] and inter-case dependencies such as capacity constraints [48], as well
as external factors, i.e., overarching environmental context (for instance a global pandemic disrupting supply
chain operations) [47, 76] and unrecognized concept drift [62, 134].

7.1.2  Data Uncertainty. To characterize data uncertainty, we adopt the four classical dimensions of process
data quality, i.e., missing, incorrect, imprecise, and irrelevant data [18, 143, 146]. Missing data (incompleteness)
includes log-level issues, where a log might not contain enough information to successfully analyze a process [8,
43, 66, 72, 140, 153, 158, 172], event- and attribute-level issues such as missing timestamps [23, 37, 56], and
overarching issues such as overlooked analysis perspectives, e.g., analyzing only control flow while disregarding
data attributes [37], and representational bias due to an incomplete annotation schema [56]. The issues treated
by uncertainty-aware process mining typically relate to incorrectness and imprecision. Limited sensor accuracy
and noise can result in incorrect recordings [45, 48, 75, 89], and imprecise or coarse data values may cause, e.g.,
order uncertainty [26, 28, 37, 101]. Finally, irrelevant data that is present but beyond the scope of the analysis
can bias results [18, 143]. Similarly, process heterogeneity causes uncertainty whether the data refers to a single
specific process or might belong to one of multiple processes [24].

7.1.3  Extraction Uncertainty. Extraction uncertainty originates from transforming raw inputs (sensor streams,
videos, database transactions) into structured event logs. Technically, event-activity abstraction and case cor-
relation can often only produce probabilistic mappings with ambiguous label assignments [30, 45, 147, 156].
Machine learning-based activity recognition also typically outputs ambiguous labels [20, 32, 48, 50, 73]. Different
parameter settings, e.g., context window sizes [34, 91], might produce varying recognition results, causing
additional uncertainty. Conceptually, extraction uncertainty can be caused by framing ambiguity [19]. Processes
need to be conceptualized through discrete activities that recorded events can be mapped to [160], often allowing
for multiple different sets of activity classes [91]. These can be equally valid but produce substantially different
analysis results [91], causing semantic ambiguity. Similarly, case assignment might be ambiguous when multiple
equally valid case notions exist, each shaping a specific perspective on the analyzed process [6, 91, 151]. Further-
more, events are not guaranteed to have clear semantics, as low-quality event data might for instance contain
homonymous [143] and synonymous [133] activity labels.

7.1.4  Mining Uncertainty. Mining uncertainty is induced by process mining techniques and their use. First,
representational bias [149] is caused by the choices necessary for algorithm and analysis design, e.g., about
formalisms (DFGs, declarative rules etc.) and assumptions (e.g., 1-boundedness), which may suppress certain
aspects of the analyzed processes [22]. This extends to parameter choices during actual analysis, e.g., noise
filtering thresholds, streaming window sizes or alignment cost structures [24, 62]. Second, mining uncertainty can
be caused by inferential limitations, including the reliance of process mining algorithms on ampliative reasoning
(inductive [84] and abductive [23] heuristics) to infer process models from event logs, which cannot guarantee
completeness [35, 65], as well as the predictive uncertainty that is typical for predictive process monitoring [106].
Finally, analyses are subject to real-world constraints and must often only rely on analyzing small samples of the
available data due to high computational complexity and practical resource constraints [93], which might further
hamper representativeness [43, 64].

7.2 Treatment of Uncertainty

A recurring motivation in the surveyed papers is that ignoring uncertainty leads to unreliable and untrustworthy
analysis results (see Section 5), with similar critiques appearing in related fields, e.g. [108]. This raises the need
for an effective treatment of uncertainty, which is addressed by the second lens. Whereas the sources lens is
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Table 5. Treatment strategies for uncertainty (handling approach in columns, engagement depth in rows)

REFLECT MITIGATE INTEGRATE

ACKNOWLEDGE Si Sa

IDENTIFY S3 Sy
LEVERAGE Ss Se
PROPAGATE Sy
ExrLAIN Ss

backward-looking (“Where does uncertainty come from?”), the treatment lens turns the perspective forward
(“How do we act on it?”).

We organize the treatment of uncertainty in two dimensions. The first dimension distinguishes three general
handling approaches: REFLECT (reason about uncertainty without altering data or calculations), MITIGATE (reduce
or eliminate uncertainty), and INTEGRATE (treat uncertainty as intrinsic and include it in calculations). The
second dimension distinguishes increasing depth of engagement with uncertainty: ACKNOWLEDGE (recognize the
potential for uncertainty to affect outcomes), IDENTIFY (localize or measure its actual presence), LEVERAGE (use
available information on uncertainty in calculation), PROPAGATE (carry uncertainty through to outputs), and
EXPLAIN (uncover its structures, causes, and mechanisms). Table 5 combines handling approaches (columns) with
engagement depths (rows). With conceptually implausible combinations omitted, S;-Ss denote the observed or
theoretically plausible treatment strategies. These combinations form a diagonal from passive, shallow treatment
(S1) to deep engagement through elaborate active handling (Ss). In the following, we discuss the eight treatment
strategies grouped by handling approach, detailing how the depth levels manifest for each handling approach.

7.2.1 Reflect. Reflective treatments address uncertainty from an observational perspective, i.e., they reason
about uncertainty but do not intervene in the input event data or in the core calculations of the analysis. This
is distinct from the commonly criticized naive ignorance, which is detached from uncertainty altogether (i.e.,
“neutral”). Still, the most basic reflective treatment (S;: REFLECT X ACKNOWLEDGE), where the potential impact of
uncertainty is acknowledged without any further handling, provides no substantial analytical advantage over
naive ignorance. The second, diagnostic form of reflective treatment (S3: REFLECT X IDENTIFY) identifies the actual
presence of uncertainty in-an analysis, enabling improved reasoning about its impact. Typical instances of S;
include measuring and assessing process data quality [6, 171], for instance detecting and quantifying timestamp
imprecision [39] or uncovering imperfection patterns [143]. Other approaches examine representativeness with
respect to the underlying process (generative system), both of event logs [66] and process models [65]. Techniques
specifically designed for event logs are complemented by a large body of more general data quality assessment
methods [10].

Reflective strategies are an appropriate default choice because of their simplicity [108], but their analytical
impact is limited due to the lack of active intervention. In critical domains where the possibility of extremely
negative outcomes makes high precision essential [56] (e.g., healthcare), or when uncertainty is too frequent [121]
(rather than sporadic and negligible), more advanced treatment is demanded. Analyses can begin with Ss
diagnostics, and if these diagnostics reveal, e.g., that uncertainty is too frequent, the analyst might decide that
active intervention (beyond S; and Ss) is required [108]. In this regard, reflection is the basis of all deeper
engagement with uncertainty.

7.2.2  Mitigate. Mitigation approaches aim to reduce or eliminate uncertainty, allowing subsequent analysis
to proceed using (pseudo-)deterministic inputs. Unlike reflection, mitigation takes action against uncertainty,
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either through specific choices in algorithm design, or through interventions that alter the data. Three mitigation
strategies with increasing engagement depth were identified. First, S; (MITIGATE X ACKNOWLEDGE) comprises
techniques that are robust against uncertainty by design. These acknowledge the possibility of uncertainty, but
do not identify or localize it. Instead, context-agnostic heuristics are applied to ensure that results are useful
under multiple possible scenarios [19]. A typical example of this are process discovery algorithms that use
heuristic calculations [166] and filters [84] to handle noise and (log-level) incompleteness. Another example is
the discovery algorithm from [127], which does not use case IDs and is therefore robust against any uncertainty
affecting this attribute (e.g., missing, ambiguous, or incorrect values). In the terms of [142], S, treatments can
be understood as strategic ignorance — the algorithm design makes deliberate ignorance sensible. The second
mitigation strategy (Ss: MITIGATE X IDENTIFY) includes further context-specific considerations. Concrete issues
in the data are localized and measured (like S;) and then filtered or fixed. In contrast to S,, the intervention
is specifically aimed at the detected issues. For instance, filtering may exclude those parts of raw data from
event log extraction where significant quality issues were detected [6]. Repair can be performed in an automated
manner, e.g., to address occurrences of various imperfection patterns [143], but may also consider manual input
and domain knowledge, e.g., for the interactive repair of order uncertainty [31] or activity label refinement [2].
This also includes the recovery of missing attributes, e.g., by applying case correlation to unlabeled event logs
(missing case IDs) [38, 118, 161]. Third, uncertainty-aware mitigation (Ss: MITIGATE X LEVERAGE) uses available
information on uncertainty as an additional instrument for mitigation, i.e., in addition to the data, the annotated
belief is considered. For instance, SKTR [17] recovers deterministic traces from uncertain event logs, taking into
account not only expected variant (sequence) probabilities and conformance to a reference process model, but
also the confidence in the different possible realizations of the stochastic traces (mediated by weakly uncertain
activity labels) [17]. Notably, simply picking the most probable (top-1) realization [48, 91, 93] also principally
follows Ss, showing that strategy complexity does not necessarily equal quality.

Mitigation approaches provide deeper engagement than reflection, but are easier to implement and interpret
than integration approaches. Filtering and repair encapsulate uncertainty, producing (pseudo-)deterministic event
logs. This allows subsequent analyses to make use of existing tools that do not account for uncertainty [48].
However — similar to reflection — mitigation can fail if uncertainty is too frequent [121]. Filtering might not
leave a sufficient amount of data for analysis [119], and systematic bias (reduced representativeness [43]) can
emerge, e.g., when different process variants are unevenly affected by uncertainty. Thus, even when uncertainty
is encapsulated in the core analysis steps, quality measures should still be used to support the interpretation of
analysis results [56]. Considering this, mitigation is a balanced approach that is appropriate in many use cases.

7.2.3  Integrate. Integration approaches incorporate [101] uncertainty within calculations and results, aiming
to make them uncertainty-aware [121]. We identified three levels of integration. Treatments on the first level
(S¢: INTEGRATE X LEVERAGE) use explicit uncertainty information directly in calculations, e.g., objective or cost
functions. While results are still reported as point estimates, uncertainty is typically encapsulated later than with
Ss (aggregation at the very end of analysis). For instance, uncertainty can be leveraged in conformance checking
by aggregating scores over different possible realizations (weighed by frequency) [148, 158], or by factoring
confidence values and domain knowledge (e.g., reference process models) into conformance cost structures [16,
177]. This also includes techniques that produce best-case values, e.g., the best conformance score over all possible
realizations [28, 101]. Characteristic for S is the propagation of uncertainty through calculations and its exposure
in analysis results. For instance, propagation techniques provide lower and upper bounds for conformance
scores [120] and directly-follows frequencies [121], or confidence intervals for performance measures [56]. Pre-
processing that produces uncertainty-aware abstractions [e.g., 45, 93, 119] also follows S; because it retains
and exposes uncertainty to downstream processing. Finally, Sg (INTEGRATE X EXPLAIN) combines structural
propagation of uncertainty with explanations aimed at users to support evaluation and interpretation [71].
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Table 6. Mapping of representative exemplary papers using the framework

SOURCES OF
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PAPER TECHNIQUE SUMMARY =
Weijters (2006) [166] Robust process discovery focusing on “main behavior” S,
Kabierski (2026) [65] Model representativeness measures S;
Fischer (2020) [39] Timestamp imperfection quantification S3
Ahmadi (2025) [2] Context-based activity label refinement Sy
Suriadi (2017) [143] Detect and fix imperfection patterns Sy

Bogdanov (2023)* [17]  Deterministic recovery from stochastic traces

Kabierski (2021) [64] Sample-based conformance checking Ss
Bogdanov (2022)* [16]  Encapsulating uncertainty-aware conformance Se
Leemans (2021) [82] Stochastic conformance checking measures Se
Lu (2015)* [101] Partial order-based conformance checking Se
Leemans (2025)* [83] Stochastic model to partially ordered log conformance S7
Pegoraro (2019)* [121]  Bounds-based uncertainty-aware discovery S7
Goel (2022)* [56] Quality-aware conformance intervals S7
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Mehdiyev (2025) [106]  Predictive monitoring with explainable uncertainty

@®: Addressed O: Not addressed *Core review paper

Explanation aims to elucidate why outputs are uncertain — e.g., making uncertainties known [88], and explaining
the factors driving variability [47, 86] — and how the influence of uncertainty can be understood - e.g., through
confidence-driven communication [77, 106] or sensitivity analysis [108].

Due to its deep engagement with uncertainty, integration is the preferred handling approach in critical, high-
stakes settings. In turn, following the general dictum that analysis should be “as simple as possible, but no
simpler” [108], simpler treatment might be preferred in less critical settings to avoid cognitive overload [48]. In
this context, the preferences of decision makers should not be overlooked: while encapsulated framings are often
(implicitly) assumed to be most appropriate (see Section 6.3), various accounts exist of decision makers preferring
pluralistic framings when given the choice [142]. Because integration requires specifically uncertainty-aware
algorithms, re-use of existing tools is not readily possible. Techniques based on probabilistic interpretations of
confidence values come with increased concerns about the reliability of these values (see Section 6.2.4, [32]).

7.3 Applying the Framework

The framework was designed for two main goals (RQ4): (i) to provide a systematic, integrative conceptualization
of existing research addressing uncertainty in process mining, and (ii) to guide practical application and future
research. We evaluate these goals in two complementary ways. First, we organize existing techniques from the
literature by mapping them to the two lenses of the framework. Second, we present two illustrative examples [60,
144] to demonstrate how the framework supports uncertainty-aware analysis in practical use-cases.

7.3.1 Literature Mapping. All primary papers from the core survey of uncertainty-aware process mining were
coded against the sources of uncertainty they address (multiple sources allowed) and a single, dominant treatment
strategy (S;) that best reflects each approach’s design intentions.? If a technique could be used for multiple

2The full coding manual is provided in the supplementary material (Appendix E).
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Table 7. Summary of the illustrative use cases examined using the framework

Use CASE  SUMMARY SOURCES OF UNCERTAINTY TREATMENT

Hospital ~ Conformance checking for com- Data: coarse timestamp granular- Propagation and exposure to provide
pliance risk identification in pa- ity. Extraction: probabilistic ac- detailed analysis results (S7), possibly

tient treatment. High risk: favor tivity recognition. aided by explanation (Sg). (Horizontal
detail over simplicity. combination with, e.g., S5 for activity
labels possible)

Pigs [91]  Monitoring of pig behavior anom- Process: variability. Data: rep- Quality measures to obtain robust
alies using a complex video pro- resentativeness, missing events. baseline (S3—S;). Deterministic recov-
cessing pipeline. Requires robust- Extraction: probabilistic activ- ery or aggregation for monitoring (Ss—
ness, but no unnecessary complex- ity recognition. Mining: compu-  S). (Vertical combination)
ity. tational constraints.

strategies, the option with the deepest engagement depth was selected. To assess integrative power, we additionally
mapped representative techniques from related fields identified during framework construction.

Table 6 shows the mapping for these representative techniques and exemplary core survey papers. The sample
covers all source types and treatment strategies (S,-Ss).> The mapping enables side-by-side comparison across
research streams under a common frame of reference, illustrating the integrative power of the framework. In this
sample, shallower treatment strategies (Sz, S3) co-occur with broader source coverage, while deeper strategies
(S7, Sg) are typically tailored to specific sources. The full mapping of the core survey corpus is provided in the
supplementary material (Table 14). There, techniques most commonly target data (24 papers) and extraction (12
papers) uncertainty, while process and mining uncertainty are rare (both 1 paper), consistent with the deliberate
focus of the core survey on explicitly uncertain event data (see Section 3.1). All observed treatment strategies
leverage or propagate uncertainty (Ss: 6, Sg: 9, S7: 12), consistent with the aim of uncertainty-aware process mining
to explicitly consider uncertainty (see Section 5). Note that these frequencies are strictly descriptive counts
that reflect the composition of our corpus - rather than inferential statistics — and should not be interpreted as
estimates of overall research activity in the field.

7.3.2  Use Case Analysis. Beyond providing an integrative conceptual foundation, the framework is also intended
for practice. For this, we discuss two illustrative use cases, demonstrating how the framework supports the
practical handling of uncertainty by guiding (i) the elicitation of uncertainty-related requirements and (ii)
the selection of suitable technical solutions. We focus on the sources of uncertainty with substantial impact
on analysis results..Other sources can reasonably be deprioritized in real-world application (e.g., through S,
strategies and S; measures) and are thus omitted for brevity. Still, practical applications may often require
combining treatment strategies rather than selecting a single one. Strategies can be combined vertically by
applying different engagement depths, e.g., for different sources, and horizontally by applying different handling
approaches, e.g., for different manifestations of uncertainty. Analysis was performed by (i) clarifying the analysis
objective and decision maker needs, e.g., fidelity, interpretability, and complexity, (ii) identifying and prioritizing
the present sources of uncertainty along the analysis pipeline, (iii) selecting a treatment strategy S; appropriate to
the identified requirements and sources, and (iv) choosing a concrete technique based on the preceding steps.
Table 7 summarizes the results for the two example use cases.

The first use case is the patient treatment process from the introduction (Table 1). While the introductory
example itself is fictional, it is stereotypical for many use cases from the healthcare domain, where real-life
applications are commonly confronted with data quality issues [103, 138, 152]. Healthcare and hospital contexts

38, is omitted because it refers to the default of not engaging with uncertainty in a meaningful way.
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are typical examples of critical settings with a non-negligible risk of highly negative outcomes. Because there is a
strong responsibility to avoid such outcomes, decision makers accept increased cognitive load to avoid misleading
conclusions caused by over-aggregation of analysis results. As the relevant sources of uncertainty, we identify
coarse timestamp granularity due to manual entry of some events (data uncertainty) and the probabilistic activity
recognition used to supplement the existing, structured event logs (extraction uncertainty). Given the requirement
for detailed analysis and the fairly narrow scope of uncertainty sources, deep treatment strategies (S7/Ss) are
most appropriate. For instance, analysis could employ existing techniques for conformance checking with quality-
aware confidence intervals [56] or result intervals [120]. Other possible approaches include employing top-K
framings [48, 93] and sensitivity analysis [108]. Alternatively, a (horizontally) combined treatment could mitigate
uncertainty by recovering deterministic activity labels [17] while still propagating the remaining timestamp
uncertainty into results [56].

The second use case is the application of process mining to monitor real-world animal behavior [91, 107].
Event logs are extracted from videos, aiming to learn a model of normal behavior which can then be used to
detect behavioral anomalies (which indicate sickness and other welfare issues). Because this setting is less critical
than the first, decision makers prefer clear, interpretable and actionable output as long as reasonable robustness
is ensured. The key sources of uncertainty are high behavioral variability (process uncertainty), unclear log
representativeness and missing events, e.g., due to occlusion (data uncertainty), probabilistic activity recognition
(extraction uncertainty) and computational constraints for video processing (mining uncertainty). For obtaining
the baseline process model, general treatments (Ss/S,) allow addressing the broad range of present uncertainties
while maintaining sufficient robustness, e.g., representativeness/quality measures [39, 65, 66] and repairing
imperfections [143]. The monitoring phase is less affected by representativeness issues and computational
constraints, enabling more specific treatment (Ss/Ss). Particularly, probabilistic activity labels can be resolved
through deterministic recovery [17] and behavioral variability may be addressed through stochastic conformance
checking [82], or by clustering complex behavior into distinct behavioral patterns [91, 174]. The separate
treatments for the two phases exemplify a vertical combination of different engagement depths.

7.4 Framework Evaluation

Together, the two applications show that the framework offers both theoretical guidance that integrates existing
work and practical guidance for analyzing real-world use cases and connecting them to concrete solutions. We
further assess the quality of the framework along two complementary dimensions. At the conceptual level, a
sound theoretical contribution should exhibit comprehensiveness, parsimony, and logical coherence [168]. At
the structural level, since the framework’s lenses function as classificatory systems that assign techniques and
phenomena to defined categories, we apply the evaluation criteria from [110] (who develop them for taxonomic
theory as an instantiation of analytic theory [58]), i.e., usefulness, clarity of classification, completeness and
exhaustiveness, and expandability.

7.4.1  Usefulness. The framework was constructed iteratively to serve as a tool for making sense of uncertainty
in process mining and for integrating related research streams. The literature mapping demonstrates conceptual
usefulness. Approaches from different streams can be positioned, compared, and distinguished within a uniform
frame (sources X treatments). In this sense, the framework acts like a boundary object [141] that bridges
terminologies across research streams - e.g., connecting uncertainty-aware process mining with broader (process)
data quality research. The use case analysis demonstrates practical usefulness. The sources lens surfaces otherwise
overlooked issues (reducing the risk of “unknown” [88] uncertainties) and the treatment lens, together with the
mapping, guides the choice of context-appropriate techniques. Furthermore, the framework also illuminates gaps
for future research (see Section 9).
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7.4.2  Clarity of classification. To test clarity of the framework and classification rules, the literature mapping
of all core survey papers as well as the additional representative papers from related fields was conducted
independently by two researchers. For the final mapping, conflicts were resolved in discussion with a third
researcher. After brief calibration, inter-rater agreement was high: we calculate an average Cohen’s k = 0.89
(94% raw agreement) for the sources of uncertainty and Cohen’s k = 0.81 (86% raw agreement) for the treatment
strategies. The moderately lower agreement on treatment strategies can be attributed to the more stringent coding
task. While sources allow multiple codes per paper, coders were instructed to select a single dominant treatment
strategy when multiple applied, following explicit disambiguation rules in the coding manual. All disagreements
on treatment strategies occurred between directly adjacent strategies and exclusively on the engagement depth
axis (either Sy vs. S5 or S vs. S7), indicating that category boundaries are clearly delineated overall, with residual
ambiguity limited to fine-grained distinctions in engagement depth. All artifacts were classifiable using the stated
rules.

7.4.3 Completeness and Exhaustiveness. The framework was derived from a structured core survey (core depth)
and an integrative review of adjacent literature (integrative breadth), following established methodological
guidelines [13, 63, 104, 114, 135, 159] and constructed in iterative cycles combining deductive and inductive
approaches. Iterations were repeated until a point of theoretical saturation [13] was reached, i.e., when adding
additional literature did not generate new categories or require structural changes to the framework and its lenses.
All techniques from the core corpus as well as the selected representative techniques from the integrative review
were successfully mapped, and all source categories and treatment strategies were observed in the literature. The
illustrative use cases likewise required no extensions to the lenses. Conversely, a third lens addressing conceptual
commitments was considered during construction, but ultimately excluded to ensure parsimony, as its removal
did not substantially reduce the quality of the framework [168].

7.4.4  Expandability. The framework is modular and expandable by design. It can be expanded (i) horizontally
by adding complementary lenses (e.g., a governance-focused lens [55]) and (ii) vertically by refining existing
lenses (e.g., finer distinctions of engagement depth or additional source subtypes). Vertical expansion follows an
inheritance-like logic: for instance, if a new source of uncertainty emerges, it can be classified as a subtype of an
existing category without altering the foundational structure. Similarly, the two general axes of the treatment
strategies lens are expected to remain applicable to new treatment strategies, although this might require finer
distinctions within axes. This capacity for modification without revising the core constructs is a key quality
criterion for conceptual frameworks [63] and supports future incorporation of emerging tasks, novel handling
paradigms, and additional perspectives.

8 Limitations

We discuss limitations following the guidelines from [5]. First, the core survey search query targeted explicit
references to uncertain event data (and synonyms). To reduce terminology bias, we ran pilot searches, removed
overly-restrictive sub-terms, and performed backward/forward snowballing (including from related surveys).
Nonetheless, some omission risk remains, especially for work that treats uncertainty under different labels.
Additionally, the core survey deliberately focuses on explicitly uncertain observations (event data) to enable a
sharp analysis of how uncertainty is currently represented and handled intentionally as uncertainty. This likely
affects aspects of the core survey (e.g., the observed frequency of process uncertainty). To mitigate this, fields
that were deliberately excluded from the core survey were deliberately included in the broader survey of related
fields to ensure they are covered by the framework and its application. We restricted inclusion to English (one
Korean article was excluded); some venue bias is possible where domain-specific outlets or workshops are less
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well indexed. To mitigate publication lag, search engine results and forward search were updated shortly before
submission.

Inclusion screening was performed independently by two researchers to address possible bias. Inter-rater
agreement metrics indicate moderate agreement of screening decisions after screening record titles and abstracts
(Cohen’s k = 0.44, 85% raw agreement) and substantial agreement on final inclusion after full text screening
(Cohen’s k = 0.8, 93% raw agreement). To further avoid bias, disagreements were resolved by discussion with a
third researcher. The lower agreement during the record screening phase was expected and can be attributed to
one coder applying a more conservative record screening approach, which accepted retaining a higher amount of
irrelevant records (false positives) in order to reduce the risk of excluding the relevant ones (false negatives). This
approach prioritizes broad and comprehensive coverage over the early exclusion of records to reduce the workload
in the second screening phase [128]. Repeated discussions of borderline cases both after initial record screening
and during full text screening led both researchers to converge on a shared interpretation of the inclusion criteria.
Thus, the increase in inter-rater agreement from “moderate” after record screening to “substantial” (x = 0.8) after
full text screening reflects a successful calibration that resolved the differences in initial screening conservatism.

For the broader review of seminal works in related fields, the iterative hermeneutic process [13] did not require
full coverage [159]. To mitigate the risk of a single researcher introducing bias, literature identification and
framework development were discussed with multiple researchers in each iteration and concluded only after all
researchers agreed that the ending conditions were fulfilled [112]. As the synthesis itself is qualitative, alternative
(and equally valid) conceptualizations are possible. To facilitate traceability and transparency, synthesis followed
structured methods and established guidelines (inductive coding, deductive-inductive subsumption, framework
development), which are explicitly referenced and documented. The demonstration shows the usefulness of our
specific framework in actual, practical application — which does not require uniqueness.

For the framework mapping, we coded all addressed sources per paper but assigned a single dominant treatment
strategy to facilitate comparison. This simplification can understate possible secondary uses and reported counts
are descriptive rather than inferential. Finally, our framework emphasizes technical aspects, and extensions
towards governance, organizational risk; and ethics may be warranted in the future (see Section 9).

9 Outlook

Direction 1 (Technical Development). Various directions exist for technical development to progress in. Most
importantly, uncertainty-aware event log extraction techniques are required (see Section 5.3). In addition to
this, future research should address the technical gaps identified in the survey, e.g., treatment of uncertain case
labels or discovery under value uncertainty (see Section 4), and examine the specific requirements of particular
uncertainty sources [48]. Development should explore the full range of treatment strategies, including both
advanced techniques (S7, Sg) for specific use cases, as well as robust and general-purpose methods (e.g., Sz, Ss)
that are sufficient for many routine applications.

Direction 2 (Domain-Specific Adaptation). To enhance real-world applicability, our domain-agnostic framework
could be adapted to specific application domains that are commonly affected by uncertainty. Such adaptation
can build on existing research addressing domain-specific challenges in process mining and data quality as well
as corresponding solutions. For instance, in healthcare [109], adaptation could rely on established data quality
approaches [94], as well as dedicated process mining frameworks [44]. Another example is [oT manufacturing [73],
where adaptation could for instance consider data quality governance frameworks for ML-driven materials
science [98, 99], or techniques to systematically extract domain knowledge and integrate it into ML pipelines [96,
97]. Future research should investigate how such domain-specific strategies map onto the framework, and whether
this warrants domain-specific extensions.
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Direction 3 (Quantification, Calibration, and Interaction). To advance towards practical decision making, un-
certainty must be quantified and calibrated, i.e., lifted into absolute and interpretable dimensions. For instance,
confidence values that are interpreted as outcome probabilities must be ensured to correctly reflect such probabil-
ities [32]. Another direction to generate actionable insights is to move beyond isolated sources by modeling the
interactions of uncertainty sources along the pipeline. For instance, the attribution of uncertainty resulting from
such interaction, e.g., using sensitivity analysis, can help guide interventions to address uncertainty (e.g., reduce
with more sensors vs. label more training data vs. accept that reduction is infeasible) [108].

Direction 4 (Comparability and Interoperability). To improve comparability and evaluation rigor (which currently
relies mostly on synthetic data and ad-hoc simulations), explicit benchmark conventions and datasets are required.
Following the idea of current literature on building “realistic” simulations to generate evaluation data [25, 102, 179],
investigating and simulating the mechanisms of systematically occurring uncertainty is a promising direction
towards obtaining such benchmark data. Linked to this, improving technical interoperability requires further
standardization of representation formats and tooling frameworks. While a universal standard may be premature,
stable sub-fields such as partial order-based process mining are promising candidates for this.

Direction 5 (Visualization, Communication, and Trust). Because the added analytical depth provided by many
treatments of uncertainty substantially increases cognitive load and interpretive complexity [48, 108], confidence-
driven and uncertainty-aware visualization and communication [21, 77, 106, 171] that are interactive and adap-
tive [92] are required. This also includes testing common assumptions about decision maker needs and which
solutions are appropriate for these needs (see Section 6.3). Thus, future research should investigate the communi-
cation and visualization of uncertainty-aware process mining, and evaluate it in actual user studies to determine
whether and how uncertainty-awareness can facilitate increased trustworthiness and trust.

Direction 6 (Governance and Decision Making). Linking the (primarily) analytical perspective of our framework
to a governance (management) perspective could enable an even more holistic treatment of uncertainty [55].
For instance, attributing uncertainty to specific sources can trigger managerial actions (e.g., employee training
to improve data entry quality). Governance approaches can also provide guidance when analytical treatment
is infeasible, e.g., because uncertainty is too frequent [121]. In such situations, decision makers can adopt
informed ignorance, i.e., handle uncertainty and risk by implementing monitoring and ensuring that decisions are
reversible [142].

10 Concluding Remarks

Finally, we return to the motivating problem of uncertainty in and about process mining results, which occurs in
many real-world applications and is amplified by the increasing use of artificial intelligence and unstructured
data. To address this, we contribute an integrative framework with two complementary lenses, i.e., the sources
and treatments of uncertainty. Grounded in a structured survey of uncertainty-aware process mining (RQ1-RQ3)
and a complementary broad review of adjacent research, the framework addresses the conceptual fragmentation
of existing approaches, bridging implicit and explicit uncertainties and their treatment. By mapping techniques
across research streams and examining two illustrative use cases, we showed how the framework organizes the
literature and supports practical handling of uncertainty (RQ4). Finally, the survey and framework illuminate
where the field is already mature, where gaps persist, and which directions are promising for future research
(Section 9). We hope the framework serves as a common reference for designing trustworthy, uncertainty-aware
analyses to facilitate robust decision making in complex and dynamic circumstances.
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Search engine overview

Table 8. Overview of scientific search engines used in the core survey

SEARCH ENGINE

COVERAGE

REASON FOR INCLUSION

ACM Digital Library

Springer Nature Link

Elsevier ScienceDirect

IEEE Xplore

Google Scholar

All ACM publications, including journals,
conference proceedings and books from 1951
to present.

Publications by Springer Nature, including a
broad range of journals and book series from
1843 to present.

Journals, conference proceedings and books
from the Elsevier publishing group and vari-
ous small scientific publishers from 1823 to
present.

Journals, conference proceedings and other
publications from the Institute of Electri-
cal and Electronics Engineers from 1884 to
present.

Interdisciplinary scholarly search engine
covering a multitude of citation indices, col-
lections, and other sources.

Includes many major and related computer
science and information systems venues, e.g.,
CSUR, JDIQ, TKDD, TMIS, TOIS, and indexes
additional publishers.

Includes many computer science and infor-
mation systems venues, e.g., BPM; CAiSE,
ER, BISE, BPMDS, ...

Includes many major computer science and
information systems venues, e.g., Informa-
tion Systems, Decision Support Systems, ...

Includes many computer science and infor-
mation systems venues, e.g., ICPM.

Supports a broad search coverage for paper
identification by indexing a wide range of
disciplines and venues.

A.2  Search terms
A2.1

ACM Digital Library. Search term:
[[All: "stochastically known"] OR [All: "stochastic"] OR [All: "uncertain"] OR [All: "probabilistic"]]

AND [[All: "event log"] OR [All: "process mining"]]

Search URL:
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https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&
text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%

22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&search Area%5B0%5D=SeriesKey&
operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=& AfterMonth=&AfterYear=&BeforeMonth=
&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=
dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%
22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&
searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=
&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=

A.2.2  Springer Nature Link. Search term:

("stochastically known" OR "stochastic" OR "uncertain” OR "probabilistic") AND ("event log" OR
"process mining")

Search URL:
https://link.springer.com/search?new-search=true&query=+%28%22stochastically+known%22+OR+
%22stochastic%22+0OR+%22uncertain%22+OR+%22probabilistic%22%29+AND+%28%22event+log %22+

OR+%22process+mining%22%29&content-type=conference+paper&content-type=article&content-type=
research&dateFrom=&dateTo=&sortBy=relevance
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https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=](https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&expand=dl&field1=AllField&text1=%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22&field2=AllField&text2=%22event+log%22+OR+%22process+mining%22&searchArea%5B0%5D=SeriesKey&operator%5B0%5D=And&SeriesKeyAnd=&EpubDate=&EpubDate=&AfterMonth=&AfterYear=&BeforeMonth=&BeforeYear=
https://link.springer.com/search?new-search=true&query=+%28%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22%29+AND+%28%22event+log%22+OR+%22process+mining%22%29&content-type=conference+paper&content-type=article&content-type=research&dateFrom=&dateTo=&sortBy=relevance
https://link.springer.com/search?new-search=true&query=+%28%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22%29+AND+%28%22event+log%22+OR+%22process+mining%22%29&content-type=conference+paper&content-type=article&content-type=research&dateFrom=&dateTo=&sortBy=relevance
https://link.springer.com/search?new-search=true&query=+%28%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22%29+AND+%28%22event+log%22+OR+%22process+mining%22%29&content-type=conference+paper&content-type=article&content-type=research&dateFrom=&dateTo=&sortBy=relevance
https://link.springer.com/search?new-search=true&query=+%28%22stochastically+known%22+OR+%22stochastic%22+OR+%22uncertain%22+OR+%22probabilistic%22%29+AND+%28%22event+log%22+OR+%22process+mining%22%29&content-type=conference+paper&content-type=article&content-type=research&dateFrom=&dateTo=&sortBy=relevance
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A.2.3  Elsevier ScienceDirect. Search term:

("stochastically known" OR "stochastic" OR "uncertain” OR "probabilistic") AND ("event log" OR
"process mining")

Search URL:
https://www.sciencedirect.com/search?qs=%28%22stochastically%20known%22%200R%20%22stochastic%
22%200R%20%22uncertain%22%200R%20%22probabilistic%22%29%20AND %20%28%22event%20log%
22%200R%20%22process%20mining%22%29&articleTypes=FLA&lastSelectedFacet=articleTypes

A.2.4 IEEE Xplore. Search term (via command search):

("stochastically known" OR "stochastic” OR "uncertain” OR "probabilistic") AND ("event log" OR
"process mining")

Search URL:
https://ieeexplore.icee.org/search/searchresult.jsp?action=search&matchBoolean=true&newsearch=
true&queryText=((%22stochastically%20known%22%200R%20%22stochastic%22%200R%20%22uncertain%
22%200R%20%22probabilistic%22)%20AND%20(%22event%201og %22%200R%20%22process%20mining %
22))

A.2.5 Google Scholar. Search term:

("stochastically known" OR "stochastic" OR "uncertain” OR "probabilistic") AND ("event log" OR
"process mining")

Search URL:
https://scholar.google.de/scholar?hl=de&as_sdt=0%2C5&q=%28%22stochastically+known%22+0OR+%22stochastic%
22+OR+%22uncertain%22+OR+%22probabilistic%22%29+ AND+%28%22event+log%22+OR+%22process+
mining%22%29&btnG=
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B Extraction Key for RQ1 and first pass of RQ2

Table 9. Extraction key for the core survey

Group CoLumN EXPLANATION

Metadata Author Last name of the first author
Year Year of publication. Append letter if needed (e.g., 2022a, 2022b)
Title Full paper title

Artifact Technique Performing uncertainty-aware process mining, e.g., an algorithm or a method
Architecture Paper is mainly concerned with representation/conceptualization of uncertainty
Tool A (re-)usable implementation of an uncertainty-aware process mining technique

Task Pre-Processing  Processing of uncertain event data to prepare it for further processing, e.g., calculating
index structures. Should be general, i.e., provide some generalized result enabling
further processing; should not just be a processing step of a specific algorithm

Discovery Process discovery, i.e., the extraction of process models from event logs

Conformance Conformance checking, i.e., measuring the conformance of an event log with respect
to a given process model (or other normative structure like declarative rules)

Representation  Representations of uncertain event data and uncertainty in analyses, including inter-
mediary representations, e.g., index structures

Manifestation Order Uncertainty about the order between/of two or more events

Value Uncertainty about the specific value some data, e.g., the timestamp or activity label
inside an event.

Existential Uncertainty about whether a (recorded) event has actually occurred in reality

Process Uncertainty affecting the underlying process, e.g., stochastic petri nets with path/choice
probabilities

Type Strong Strong uncertainty, i.e., having no knowledge of probabilities or plausibilities, only
possibilities

Weak Weak uncertainty, i.e:, reasoning with some kind of probability or plausibility distribu-
tion (e.g., discrete alternatives or a continuous range)

Formalism  Partial Order Representation as partial orders, e.g., typically event logs having groups of events
where we know the precedence between separate groups but not between the events
inside one group. Beware of the distinction between concurrency and uncertainty

Distributions Representing uncertainty about values in a possibilistic or probabilistic way, e.g.,
denoting possible interpretations with ranges or explicit alternatives
Meta- Uncertainty on the meta-level, i.e., uncertainty about instead of in something. E.g.,
Annotations percentage of erroneous events or confidence about completeness of an event log
Log Dimen- Timestamp Uncertain timestamps (e.g., alternatives, ranges, coarse granularity)
sions
Activity Uncertain activity labels
Case Uncertainty about cases and/or case assignment
Misc. Data Uncertainty in any other event log attributes
Code Artifact avail. Code availability, e.g., through a Github link. Explicitly mark when n/a.
Context Motivation Points made by the paper for motivation, e.g., to identify a gap
Challenges/ Di- Challenges and research directions identified explicitly (and therefore also considered
rections important and worthwhile to investigate)
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C Included papers by year and subset

ACM Comput. Surv.

Table 10. Included papers per year and subset

YEAR PRIMARY VisioNARY Datasetr  Total
2015 [101] 1
2016 0
2017 0
2018  [28,51] 2
2019 [121] 1
2020  [26, 119, 147, 148] 4
2021 [120, 123, 124] [24] 4
2022 [16, 56, 117, 152] [116] 5
2023 [17,37] [15,48,89] [34] 6
2024  [136, 175, 177] [157] 4
2025  [32, 41, 45, 83, 93, 129, 158] 7
Total 27 6 1 34
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D RAQT1 analysis detail (chronological concept matrix, accessibility check)

Table 11. Concept matrix of the characteristics of existing approaches (primary papers). Rows ordered chronologically.

MANTIFES- Forma- Log
LEVEL
TATION LISM ENTITIES

=
1Z)
~

ARTIFACT

PAPER

Lu (2015) [101]

de Leoni (2018) [28]
Genga (2018) [51]
Pegoraro (2019) [121]
Conforti (2020) [26]
Pegoraro (2020) [122]
van der Aa (2020a) [147]
van der Aa (2020b) [148]
Pegoraro (2021a) [120]
Pegoraro (2021b) [123]
Pegoraro (2021c) [124]
Bogdanov (2022) [16

Goel (2022) [56]
Pegoraro (2022) [117]

van der Aalst (2022) [152]
Bogdanov (2023) [17]
Felli (2023) [37]

Schuster (2024) [136]
Zhang (2024) [175]

Zheng (2024) [177]
Donadello (2025) [32]
Folz-Weinstein (2025) [41]
Franceschetti (2025) [45]
Leemans (2025) [83]
Lepsien (2025) [93]

Raun (2025) [129]

Vespa (2025) [158]
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Table 12. Artifact availability for primary papers. Row order matches Table 4. Accessibility was verified on 2026-04-07. URLSs reflect recovered links

where original links were inaccessible. (* denotes recovered accessibility) >
!5

Paper Provided Artifact Status URL é'

Lu (2015) [101] ProM (PartialOrderReplayer), source code Accessible” https://github.com/promworkbench/PartialOrderReplayer S’

de Leoni (2018) [28] ProM (PlanningBasedAlignment), source code Accessible” https://github.com/giacomolanciano/PlanningBased Alignment )

Genga (2018) [51] Implementation (tool) Accessible http://kdmg.dii.univpm:it/?q=content/esub

Pegoraro (2019) [121] Implementation (tool), source code Accessible” https://github.com/proved-py/proved-core/

Conforti (2020) [26] Implementation (standalone) Accessible https://doi.org/10.6084/m9.figshare.11868969

Pegoraro (2020) [122] Implementation (tool), source code Accessible https://github.com/proved-py/proved-core/

van der Aa (2020a) [147] ProM (BehavioralSpaces) Accessible https://www.promtools.org/promé/packages615/BehavioralSpaces/

van der Aa (2020b) [148] Implementation (standalone), source code Accessible https://github.com/hanvanderaa/uncertainconfchecking

Pegoraro (2021a) [120] Implementation (tool), source code Accessible https://github.com/proved-py/proved-core/

Pegoraro (2021b) [123] Implementation (tool), source code Accessible https://github.com/proved-py/proved-core/

Pegoraro (2021c) [124] Implementation (tool), source code Accessible https://github.com/proved-py/proved-core/

Bogdanov (2022) [16] - Not provided - -

Goel (2022) [56] ProM (QualityInformedAnalysis) Accessible https://www.promtools.org/promé/packages615/QualityInformedAnalysis/

Pegoraro (2022) [117] - Not provided = -

van der Aalst (2022) [152]  ProM (PartialOrderVisualizer) Accessible https://www.promtools.org/promé/packages615/PartialOrderVisualizer/

Bogdanov (2023) [17] - Not provided -

Felli (2023) [37] Implementation (tool), source code Accessible https://github.com/bytekid/cocomot

Schuster (2024) [136] Implementation (tool), source code Accessible https://github.com/cortado-tool/cortado

Zhang (2024) [175] - Not provided -

Zheng (2024) [177] Implementation (standalone), source code Accessible https://github.com/jia-wei-zheng/ProbCost

Donadello (2025) [32] Implementation (standalone), source code Accessible https://github.com/ivanDonadello/Fuzzy-LTLf-Conformance-Checking/

Folz-Weinstein (2025) [41]  ProM (eST2-Miner), source code Accessible https://github.com/promworkbench/eST2-miner

Franceschetti (2025) [45] Implementation (standalone), source code Accessible https://github.com/ics-unisg/ekga

Leemans (2025) [83] ProM (EarthMoversStochasticConfor-  Accessible https://github.com/promworkbench/EarthMoversStochasticConformanceChecking

manceChecking), source code
Lepsien (2025) [93] Implementation (standalone), source code Accessible https://github.com/arvidle/topK_realizations
Raun (2025) [129] Implementation (standalone), source code Accessible https://github.com/DataSystemsGroupUT/StreamingConformanceChecker

Vespa (2025) [158] - Not provided -
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E Coding Manual for the Framework Mapping

This codebook specifies how techniques (presented in primary papers) are mapped to the lenses of the framework.

E.1 General Information

Unit of Analysis: Coding is done for one technique at a time. In case a paper presents multiple techniques, each
technique is to be coded separately.

Corpus: All papers from the core review presenting a technique. Additionally, the selected representative
techniques from the review of adjacent fields are coded.

Reliability: All papers in the corpus are examined by two researchers independently. Inter-rater agreement is
reported to measure coding reliability, and disagreements are resolved by discussion with a third researcher.
Coding Fields: See Table 13.

Table 13. Fields for the framework coding

F1ELD DESCRIPTION

Author Last name of the first author

Year Year of publication. Append letter if needed (e.g., 2022a, 2022b)
Title Full paper title

Sources Present source dimensions (Process, Data, Extraction, Mining)
Treatment Strategy  One of S,-Sg

Notes Brief coding rationale, note any ambiguity

Core Mark if paper is from core review

E.2 Sources of Uncertainty

Mark a source type as present if the technique addresses (identifies, mitigates, filters, reduces, quantifies, in-
corporates) uncertainty from such sources. Source types should only be marked if papers explicitly reference
corresponding sources (except for S, techniques, which are not source-specific). In case it is unclear whether a
source type should be coded for a specific technique, do not assign it and record the ambiguity in notes for later
discussion. Typical sources include:

e Process Uncertainty: Behavioral variability, concept drift, contextual influences. Look for: stochastic
models, behavioral clustering, drift handling.

e Data Uncertainty: Imperfections, incompleteness, imprecision, noise, outliers, representativeness. Look
for: Quality metrics, noise filtering, timestamp correction

o Extraction Uncertainty: Probabilistic (ML) activity recognition, event-activity mappings, event-case cor-
relation, label granularity, label semantics (e.g., homonyms, synonyms). Look for: Probabilistic or ambiguous
labels in events (that are not data uncertainty)

e Mining Uncertainty: Representational bias, uncertain model quality, algorithm parameterization, approx-
imative algorithms. Look for: Sampling/approximation with error control, analysis of parameter sensitivity

E.3 Treatment Strategies
Assign one dominant treatment strategy. Rules for disambiguation are provided below.
Treatments:
e S;: No treatment of uncertainty at all (base case).
o S,: Generally robust methods without treating any uncertainty specifically.
e S3: Assess or measure some aspect of uncertainty (e.g., representativeness) but do not intervene in data or
algorithms.
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e S4: Locate uncertainty and filter/repair it (without using uncertainty meta-information).

e Ss: Locate and mitigate uncertainty in the data using uncertainty meta-information. Downstream analysis
proceeds with (pseudo-)deterministic data resulting from this.

e Sq: Incorporate uncertainty into calculations but encapsulate into point estimate before output. E.g., average

or best case conformance score.
e S;:Propagate uncertainty into outputs, e.g., outputs with intervals, best and worst case bounds, distributions,

confidence intervals, or top-K.
o Sg: Explain the effects of and mechanisms behind uncertainty in the analysis.
Disambiguation rules to determine the dominant strategy:

o Prefer the aims stated in papers (given the technique actually implements them)

o If multiple strategies are valid, prefer deeper engagement and more active treatment (in this order). Practi-
cally, this means picking the S; with the highest i.

e For pre-processing techniques, select which strategy is followed up to the (intermediary) output.

o If coding is still unclear, select best justified strategy and record alternatives in notes field for discussion.
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F  Framework Mapping Results

Table 14. Full mapping of the surveyed techniques using the framework. Treatment strategies are expanded into the two
dimensions engagement depth and handling approach. Papers are listed in the same order as in Table 4. Reported frequencies
are strictly descriptive for our core review corpus and not inferential.

SOURCES OF ENGAGEMENT HANDLING
UNCERTAINTY DepTH APPROACH

Identify
Integrate
Treatment

PAPER

Conforti (2020) [26]

van der Aalst (2022) [152]
van der Aa (2020b) [148]
Raun (2025) [129]
Schuster (2024) [136]
Folz-Weinstein (2025) [41]
Lu (2015) [101]

de Leoni (2018) [28]
Genga (2018) [51]
Zhang (2024) [175]
Leemans (2025) [83]
van der Aa (2020a) [147]
Zheng (2024) [177]
Bogdanov (2022) [16]
Vespa (2025) [158]
Lepsien (2025) [93]
Bogdanov (2023) [17]
Franceschetti (2025) [45]
Pegoraro (2020) [122]
Pegoraro (2021a) [120]
Pegoraro (2019) [121]
Pegoraro (2021b) [123]
Pegoraro (2022) [117]
Felli (2023) [37]

Goel (2022) [56]
Pegoraro (2021c) [124]
Donadello (2025) [32]
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