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Abstract

Business processes rarely remain stable over the period captured in an event log. Instead, they continuously
fluctuate over time. However, many process mining analyses either assume process behavior to be stable or focus
on distinguishing different process versions, thereby overlooking systematic fluctuations within process versions.
This doctoral project addresses this limitation by developing algorithmic approaches for the data-driven analysis
of continuous process dynamics from event logs. The goal is to characterize such dynamics, explain their drivers,
and use the resulting insights to support downstream process mining tasks. Together, these contributions aim to
provide fine-grained and reliable insights into how processes evolve over time.
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1. Introduction

Process mining is a discipline used to analyze, monitor, and improve organizational processes based
on event logs recorded by information systems. It bridges data mining and process management by
offering analytical tools to visualize and understand process execution, identify inefficiencies, and
optimize process performance [1, 2]. Hence, process mining helps analysts understand how processes
function in practice.

Many process mining techniques assume static behavior over the timeline covered by an event log.
However, in reality, processes continuously fluctuate 3, 4]. These fluctuations can stem from intentional
or unintentional adaptations, environmental changes, technological progress, and seasonal trends [5, 6].

For example, consider a hospital check-in process whose procedure remains unchanged while patient
arrivals, staff availability, and workload vary over time. If these dynamics are ignored, gradual trends,
recurring cycles, and interrelations between process perspectives such as performance and resource
use may remain hidden. Their omission can also mislead common process mining analyses: aggregated
measures may hide recurring delays, and predictions may underestimate remaining times during peaks.
Analysts may therefore dismiss systematic patterns as noise or target average behavior rather than
problematic periods [7]. Consequently, process mining may yield incomplete or inaccurate insights and
lead to suboptimal decisions.

Although process dynamics have been studied in the literature, existing works are limited in their
scope, since they generally focus on identifying transitions between distinct process versions, commonly
referred to as concept drift detection [3, 5, 8]. In this proposal, we take a broader view and use the term
continuous process dynamics for time-dependent variations in process behavior throughout process

Proceedings of the BPM 2026 Best Dissertation Award, Doctoral Consortium, and Demonstration & Resources Forum (BPM 2026),
Toronto, Canada, September 27th to October 2nd, 2026.
& sana.dodangeh@univie.ac.at (S. Dodangeh)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
5


mailto:sana.dodangeh@univie.ac.at
https://creativecommons.org/licenses/by/4.0/deed.en

execution. We use continuous because we analyze process behavior across the full timeline, covering
variations from changes between process versions, as studied under concept drift, to gradual trends
and recurring cycles within a version. For example, waiting times may rise every Monday and fall by
Friday without creating a new process version; only the measurable characteristics fluctuate cyclically.
Considering only concept drift may overlook these variations and their drivers, despite their effects on
performance and decision-making. This provides an incomplete picture of how processes evolve over
time. In the remainder of this paper, process dynamics refers to continuous process dynamics.

In light of these limitations, the main goal of this doctoral project is to develop algorithmic approaches
for the data-driven analysis of process dynamics to provide insights into how processes evolve over time.
Inspired by time series analysis, this project examines how relevant characteristics extracted from
event logs can be represented over time to observe inherent continuous dynamics. More specifically, it
identifies and characterizes different forms of continuous process fluctuations, investigates the factors
that drive these fluctuations, and uses this knowledge to support downstream process mining tasks,
such as predictive process monitoring.

2. Related Work

This section briefly reviews related work that forms the basis of our project. A comprehensive under-
standing of process dynamics requires insights from multiple research streams, in particular, concept
drift detection, resilience assessment, and routine dynamics.

Concept drift detection. Concept drift detection aims to identify changes in process behavior that
indicate a transition between different process versions. Existing work has studied different forms of
such transitions, including sudden, gradual, incremental, and recurring drifts, from perspectives such
as control flow, data, time, and resources [5, 8, 9, 10, 11, 12, 13]. However, this view mainly captures
changes that separate one version from another. By contrast, this doctoral project recognizes that
process dynamics may also unfold within an ongoing process, where behavior continuously fluctuates
over time without necessarily marking a transition to a new state.

Resilience assessment. Organizations often face disruptions that affect process execution. Process
resilience refers to a process’s ability to handle such disruptions and recover from them. Therefore,
resilience assessment measures how well a process can overcome adverse events. Existing approaches
focus on the impact of disruptions and subsequent recovery behavior [14], frame resilience as a life
cycle with quantitative metrics for different response stages [15], or identify parameter configurations
under which a process maintains acceptable performance [16]. However, these studies primarily focus
on individual adverse events, whereas continuous process dynamics may arise as ongoing fluctuations
in process behavior, beyond a single disruption or recovery phase.

Routine dynamics. A third related stream is routine dynamics, which studies how organizational
routines evolve through repeated performances by different actors. Process mining has supported
diachronic analyses of process behavior in this context [17, 18, 19, 20]. While these studies highlight
variability and adaptation as intrinsic properties of organizational processes, they mainly provide
theoretical or empirical insights from the Information Systems and organizational science literature.
In contrast, this doctoral project develops algorithmic approaches for data-driven analysis of process
dynamics from event logs.

Overall, although several research streams recognize the changing nature of organizational processes,
existing works do not yet provide data-driven solutions for comprehensively analyzing continuous
process dynamics. This doctoral project addresses this gap by developing approaches that characterize
such dynamics, explain their drivers, and use the insights in downstream process mining tasks.

3. Current State and Research Plans

To achieve the main goal stated in Section 1, this doctoral project is organized into five research projects.
The first project is a systematic literature review that, following the Kitchenham methodology [21],



maps existing uses of time series analysis in process mining and helps position the contributions. The
following four projects directly address the doctoral research goal by developing algorithmic approaches,
following the algorithm engineering methodology [22].

In the following, we summarize the current progress and planned next steps for each project, covering
the addressed problem, objective and contribution, evaluation strategy, current state, and main risks.

3.1. Project 1: A Systematic Literature Review on Time Series in Process Mining

Time series representations are increasingly used in process mining to analyze process behavior over
time. They support a wide range of process mining tasks, such as prediction, concept drift detection,
and process dynamics analysis [14, 23, 24, 25]. Understanding how time series techniques are applied
across such tasks provides a broader context for this doctoral project and helps identify opportunities
for analyzing process dynamics.

Problem. Although time series representations and techniques are increasingly used across process
mining tasks, their application remains fragmented. It is still unclear which techniques support which
tasks, which process aspects are commonly represented as time series, and which methods from the
broader time series literature remain underexplored for process mining,.

Research goal, contribution, and evaluation. This project maps process mining and time series
analysis to identify underexplored techniques and research opportunities. The review asks three
questions: (i) which time series techniques have been applied in process mining, (ii) which techniques
exist in the broader time series literature, and (iii) which research opportunities emerge at their
intersection regarding underexplored techniques and process mining tasks. The review is expected to
reveal time series techniques not used in process mining and process mining tasks not studied with
such methods, thereby informing later projects on characterizing dynamics, analyzing the causes of
these dynamics, and using the knowledge in predictive process monitoring.

Current state, future plan, and risks. The review is currently in the study selection phase, with
inclusion and exclusion criteria and the search query defined. For the first research question mentioned
above, database searches returned 805 records, 477 of which remain after title screening. The second and
third research questions remain to be addressed. As the review progresses, a key challenge is covering
both the process mining and broader time series literature while keeping the scope manageable.

3.2. Project 2: Separating Systematic and Random Fluctuations in Process Dynamics

This project addresses the identification and characterization of continuous process fluctuations. It
analyzes temporal changes in processes to distinguish systematic patterns from random fluctuations
and to reveal how different process characteristics evolve together over time. Understanding these
dynamics is key to making informed adjustments and decisions in process management.

Problem. Business processes fluctuate due to environmental changes, seasonal effects, and internal
adaptations. Existing analyses of continuous dynamics are mainly visualization-based, plotting time-
dependent behaviors such as case arrivals or activity counts to reveal drifts or recurring patterns. Their
analytical support is limited because visual approaches rely on the analyst’s eye rather than objective
criteria: (i) without statistical testing, apparent rises or falls cannot be reliably distinguished from
random noise; and (ii) separately plotted characteristics do not quantify their interrelations.

Research goal, contribution, and evaluation. This project develops a systematic, data-driven
approach beyond visual analysis of continuous process dynamics. It transforms event logs into time
series, decomposes them into trend, seasonal, and residual components, uses the Ljung-Box test to check
for remaining structure in the residuals, and analyzes interrelations through correlation to separate
systematic from random fluctuations and reveal how process aspects evolve together. Evaluation
combines two analyses: a backward-looking analysis that assesses how it supports understanding
systematic process dynamics and interrelations between process characteristics, and a forward-looking
analysis of whether separating these dynamics improves prediction of future process behavior.



Current state and risks. Farlier versions of this work received feedback at ICPM 2025 and ICSOC
2025. Based on this, we strengthened the evaluation design, and the revised version was accepted at
the BPM 2026 Forum [26]. Nevertheless, some threats to validity remain, concerning generalizability
across process settings, sensitivity to design choices such as process characteristics and parameters,
dependence on selected prediction models, and lack of user-based validation.

3.3. Project 3: Discovering the Causal Drivers of Performance Dynamics

Building on Project 2, this project moves from characterizing continuous process fluctuations to explain-
ing them. While the previous project reveals systematic patterns and interrelations between process
characteristics, such associations do not establish causality. This distinction is important for process
management, since interventions require understanding which factors actually drive performance
changes. Therefore, this project identifies the causal drivers of process performance dynamics, where
process performance indicators (PPIs) may fluctuate as process characteristics evolve over time.

Problem. Although several studies have investigated causal drivers of PPIs, existing causal analyses
in process mining have mainly relied on simplifying assumptions, such as linear relations or lagged
effects only [23, 24]. Yet, performance dynamics may involve more complex relations between process
characteristics and PPIs. Temporal causal discovery methods from the PCMCI family [27] can address
such settings, but their suitability for process mining data remains unclear. Addressing this gap can
reduce simplifying assumptions and better reflect real process dynamics.

Research goal, contribution, and evaluation. This work advances the causal analysis of process
performance dynamics using PCMCI-based methods. It asks: (i) when these methods are suitable for
process mining data, (ii) how to select a variant based on process-data properties, and (iii) how accurately
they identify causal drivers of PPI dynamics compared with existing approaches. Accordingly, the
project assesses the alignment between PCMCI assumptions and process-related time series, introduces
a method-selection procedure, and evaluates the accuracy of these methods on synthetic event logs.
Because real logs lack causal ground truth, we simulate process dynamics by configuring characteristics
such as arrival rate and workload to affect the PPIs. These known relations provide ground truth, while
a real-world event log demonstrates practical use.

Current state, next steps, and risks. An earlier version of this work was submitted to CAiSE 2026
and received useful feedback. We are currently revising the work for submission to the BISE journal by
completing the method-selection procedure, strengthening the conceptual framing, and refining the
evaluation design. Even with such planned improvements, the main open challenges concern parameter
sensitivity and the design of realistic synthetic scenarios with known causal structures.

3.4. Project 4: Analyzing Changes in Causal Relations Across Process Versions

This project extends Project 3 by studying whether the causal structure explaining continuous process
dynamics differs across process versions.

Problem. Existing studies on causal influences in process performance typically assume that the
underlying causal structure remains stable over time [13, 24]. However, changes that lead to a new
process version may also alter the causal structure explaining performance dynamics. For instance, if
limited resources initially affect throughput time, increasing resource capacity may change this relation
in a later version. If such changes are ignored, causal relations from different versions may be mixed,
leading to misleading explanations of what drives performance changes.

Research goal, contribution, and evaluation. This project investigates how causal structures under-
lying performance dynamics evolve across process versions. It develops a process-specific approach
that applies RPCMCI [28], a causal discovery method for temporal regimes, to version-specific log
subsets. Evaluation uses synthetic event logs with known causal structures. To this end, we simulate
multiple process versions with distinct configured relations and merge them into one log, providing
known version-specific ground-truth structures.



Current state, next steps, and risks. This project is currently in an early conceptual stage, with
the real-world problem, implementation, and evaluation planned at a high level. Next steps include
formalizing the algorithmic task, implementing the approach, and designing simulation scenarios with
distinct process versions and known version-specific causal structures. The main risks in this project
concern the design of realistic simulation scenarios, with obvious changes in process versions.

3.5. Project 5: Dynamics-Aware Remaining Time Prediction

This project uses knowledge about process dynamics in downstream process mining tasks, focusing on
remaining time prediction. Building on the previous projects, it investigates how features derived from
process dynamics can be integrated into predictive process monitoring models.

Problem. Existing predictive process monitoring approaches either capture process changes implicitly
or address them as concept drift, but they do not explicitly exploit structural temporal patterns for
remaining time prediction [29, 30]. Moreover, while causality has been explored in predictive process
monitoring [31], its use for remaining time prediction remains limited. Thus, it remains unclear how
temporal patterns and causal insights can improve prediction accuracy and efficiency.

Research goal, contribution, and evaluation. The goal of this project is to examine whether outputs
from the previous projects, namely decomposed process dynamics and causal drivers of performance
fluctuations, can improve remaining time prediction. To this end, it develops a dynamics-aware
framework that combines time series decomposition, causal information, and prediction techniques
such as incremental learning [29]. The framework will be evaluated on real-life event logs in terms of
prediction accuracy and computational efficiency against state-of-the-art approaches.

Current state, next steps, and risks. This project is still at an early conceptual stage, with its problem,
core idea, and evaluation goal specified at a high level. At this point, the main uncertainty concerns
how decomposed dynamics and causal insights can be integrated into instance-level prediction models.

4. Outlook and Roadmap

This doctoral project aims to advance process mining by developing algorithmic approaches for analyz-
ing, explaining, and exploiting continuous process dynamics.

Year 2025 2026 | 2027 2028

Month 1-3 | 4-6 7-9 | 10-12| 1-3 4-6 7-9 |10-12| 1-3 4-6 7-9 | 10-12| 1-3 4-6 7-9 | 10-12
Project 1

Project 2

Project 3

Project 4

Project 5
Opportunities for
Future Studies
Write Dissertation

Figure 1: The doctoral project Gantt chart.

Figure 1 shows the planned roadmap. Work continues on Project (1) (systematic literature review)
and Project (3) (causal drivers of process dynamics), followed by Project (4) (changing causal relations
across process versions) and Project (5) (dynamics-aware remaining time prediction); 2028 is reserved
for writing the dissertation. The schedule is approximate, as revisions, rejections, or journal-extension
invitations may require adjustments. We target venues such as BPM, ICPM, and CAiSE, and journals
such as BISE, Information Systems, and Process Science.
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