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Abstract

The past fifteen years have seen continuous development in Predictive Process Monitoring (PPM) that optimizes
for prediction accuracy. Yet, when this accuracy is actually valuable, and how PPM deployment affects operations
and customer relationships, remain understudied. My PhD program responds to the call for building industry
impact of PPM, and centers on its value in manufacturing supply chains. The first paper of the PhD proposes a
contingency view linking two structural characteristics of the manufacturing process to the relative accuracy
gain of PPM over state-based approaches. Using discrete event simulation, we find that the process’s structural
complexity accounts for a substantial part of the variation in PPM’s accuracy advantage across 70 synthetic
process configurations. Building on this, for the second and third papers I plan to study the consequences of PPM
deployment, how it affects operational performance within the firm and customer relationships across the supply
chain. I look forward to feedback on the first paper and on shaping this agenda.
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1. Introduction

Predictive Process Monitoring (PPM) methods exploit historical process execution logs to generate
real-time predictions about running instances, including remaining time and process outcomes [1].
In B2B manufacturing, PPM enables suppliers to update and improve the lead time prediction after
every event completion, following real-time monitoring and intervention. The past 15 years have seen
continuous development in PPM algorithms to optimize for prediction accuracy, starting from statistical,
control-flow based models [2], to state-of-the-art models using LSTM and neural networks [3, 4]; as well
as models for Object-Centric PPM [5, 6] and settings with resource contention [7, 8]. But to what extent
are these valuable to actual manufacturing supply chains that are operating on state-based lead-time
estimations? And how does the deployment of PPM impact operational performance and customer
relationships for the focal firm? These are the inquiries guiding my PhD, which centers on remaining
time (lead time) prediction in manufacturing.

The PhD consists of three papers. In the first paper (currently in the results analysis and writing
phase), I study the predictive accuracy of PPM, which relies on the prefix of the running job to predict its
remaining future, relative to classical OR approaches which utilize the aggregate state of the system (e.g.
queueing models, time series), and identify in what type of process the prefix-based PPM algorithms
add the most value compared to the traditional state-based approaches. The following two papers will
expand on my PhD’s objective of investigating and optimizing the value of PPM in manufacturing
operations.

Section 2 of the proposal details the research problem, methodology, initial results as well as ex-
pected theoretical and practical implications of the first paper. Section 3 concludes with the expected
contribution of my PhD to BPM literature and the PhD roadmap.
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2. Paper 1: The Contingent Accuracy Advantage of PPM in
Manufacturing Lead Time Prediction

2.1. Research Problem

In traditional Operations Research (OR) and Operations Management (OM), the most common approach
to predict lead time is one that relies on the aggregate state of the system, including work in progress,
throughput rates, and temporal momentum. Prominent examples include Queueing Theory [9, 10],
and Time Series Analysis [11]. These predictors typically generate a single lead time prediction at the
beginning of the case. As the process executes, this prediction is generally not revised to incorporate
the case’s trajectory so far.

PPM algorithms, which condition each prediction on partial traces, including the sequence of machines
visited, the timestamps of each completed activity, and the elapsed times, naturally address this gap.
Because a new prediction can be made after every completed activity, PPM models not only update
dynamically as the job progresses but are also able to reflect on the ongoing case to predict its remaining
future. We call this the case-path information advantage of PPM models against the state-based
approaches grounded in OR/OM. Exploiting this case-path information from event logs is a relatively
mature stream of work within PPM. Recent studies seek improvement through incremental model
updating to counter concept drift [12], richer inter-case and resource-level features [13], and alternative
encodings [14].

What remain understudied are the conditions under which the case-path information meaningfully
improves predictions compared to the state-based approach. Because the two approaches are structurally
different, they have been developed and evaluated in isolation. Even within PPM studies, most perform
mass evaluation to find the most accurate modeling approaches using standard BPI Challenge datasets,
without exploring how their relative performances are affected by the process itself as a central research
problem. This leaves firms considering investment in PPM capabilities with no structural basis for
assessing whether the accuracy gain will justify the cost. Our paper addresses this tension by studying
what levels of process complexity benefit the most from the case-path information that PPM provides,
and where aggregate system state information provides sufficient signal — a crucial understanding for
building effective and efficient PPM pipelines. We formally frame our research question as:

Under what structural conditions of the manufacturing process does a PPM case-path approach offer the
greatest accuracy gains over classical state-based approaches for remaining time prediction?

2.2. Conceptual Framework

We predict that the accuracy advantage of case-path prediction over state-based prediction depends on
two structural characteristics of the manufacturing process.

The first characteristic is Between-path cycle time variance (Dpa,), which measures how much of
total cycle time variance is explained by the choice of path — i.e., the sequence of machines a job visits:
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When Dy, is high, paths differ substantially in their typical completion times. Knowing which path
a job is on is therefore highly informative. When Dy, is low, all paths complete in roughly similar
times and path knowledge adds little.

The second characteristic is Path entropy (Hyorm), which measures the distribution of jobs across
available paths, using normalized Shannon entropy:

K
= 1 plogmy,
log K
where 7, is the proportion of jobs following path p and K is the number of distinct paths. When
Hiorm 1s high, jobs are spread across many paths and state-based approaches are expected to be less
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Figure 1: lllustrative examples of Dyq:n, and H,yorm, behavior

Together, these two dimensions form a contingency framework linking the structural properties of a
manufacturing process to the predictive value of case-path information. We formalize the accuracy
advantage as the Relative Accuracy Gain (RAG) of the PPM model over the best-performing state-based
baseline, measured by mean absolute error (MAE):

MAEstate—based - MAEPPM
MAEstate—based

We expect that the RAG value will be largest in processes with low Hyom and high Dpa.

RAG =

2.3. Methodology

Establishing the relationship between process structure and prediction accuracy requires controlled
variation of structural parameters. This is difficult to achieve with empirical data where different
real-world event logs come from vastly different settings. We therefore generate synthetic event logs
using Discrete Event Simulation (DES) with configurable process parameters, building on the framework
of [15].

The simulation models an open manufacturing line with probabilistic routing, exponential service
times, Poisson arrivals, and FCFS queue discipline. Path variation arises at the machine level and through
probabilistic rework loops. Four experimental factors are systematically varied: queue style, quality
control pass rate, number of production stages, and machine heterogeneity, producing 81 synthetic
event logs of which 70 pass stability checks and are retained for analysis.

Three models are implemented on each dataset: Flow Analysis (FA) [16] as the PPM representative,
which is a model-based method that reconstructs process structure from the event log and uses the
observed prefix to predict the remaining lead time; Simple Exponential Smoothing (SES) [17] and
Little’s Law [18] as state-based baselines. We chose FA as the PPM model because it is interpretable and
well-suited for our configured simulation logs.

4. Initial Results

The FA model outperforms the state-based baselines across all 9 combinations of Hyorm and Dy, (Low,
Medium, High, defined by 1/3 and 2/3 cutoff points). More importantly, the magnitude of the advantage
varies substantially and predictably with process structure. Specifically, RAG correlates positively



with both metrics, though the relationships are non-linear with a potential threshold. We also found
a statistically significant interaction effect between the two dimensions: entropy matters more when
variance is high, and vice versa. Together, Dy, and Hporm explain R? = 0.59 of the variation in RAG
across the 70 logs.

Notably, the effect of Hyorm on RAG is positive — contrary to the initial expectation that low entropy
would maximize PPM’s advantage. Examining this result reveals a second, competing effect that we
had overlooked: in low-entropy settings, where few paths dominate, state-based predictions naturally
converge toward the dominant path, closing the accuracy gap with PPM. This suggests that a more
comprehensive view of case-path information value should consider not only the process structure, but
also the characteristics of the state-based baselines.

2.5. Theoretical and Practical Implications

Theoretical implications. We introduce a contingency perspective to PPM research, where studies
typically evaluate model accuracy in isolation from the process context. By demonstrating that D,
and Hormy together account for a substantial share of the variation in PPM’s accuracy advantage, we
show that process structure is an important indicator that should be considered in future PPM research.
This can benefit not only evaluative studies but also model engineering. For example, the two metrics
can guide the decision to prioritize longer prefix lengths or richer state information. It also sheds light
on PPM’s relative disadvantage in low Hyom settings, where the dominance of one or a few paths
allows state-based aggregates to reliably predict lead time without observing the case path.

Practical implications. For manufacturing firms, the contingency framework offers a diagnostic tool.
Processes with high between-path variance and broadly distributed routing will benefit most from PPM
adoption, while those with homogeneous, predictable routing may find that their existing OR tools
already capture most of the predictive signal.

2.6. Threats to validity

The study was conducted using synthetic data to isolate the effect of the process structure, optimizing
for internal validity. This inevitably means that external validity, which would require testing against
empirical manufacturing data, is compromised. In terms of construct validity, one potential issue is the
choice of the representative PPM method. We chose FA since its model-based approach works well with
the simulated logs with cleanly predefined configurations. However, to the best of our understanding,
path knowledge and inference are common characteristics of both model-based and supervised learning
methods, even if the latter do not explicitly model it. Another issue is the need for a firmer theoretical
grounding of Hyorm and Dpa, rather than the largely intuitive motivation presented here. I look
forward to feedback on all of these issues at the Consortium.

3. Positioning in State of the Art BPM and PhD Roadmap

3.1. Positioning in State of the Art BPM

The BPM field has invested heavily in improving PPM algorithms. [19] observe that PPM research
has been primarily driven by algorithmic engineering at the technical level, with comparatively less
emphasis on organizational and ecosystem impacts. They identify improving industry impact as a
major open challenge, outlining three specific directions: data scarcity, tooling, and industrial case
studies. My PhD is both a direct response and an extension of this call. Paper 1 partially addresses the
data scarcity issue: using synthetic data from simulation, I explore how the predictive accuracy of PPM
relative to state-based baselines depends on the structure of the process, guiding industry adoption
decisions. I extend the issue of industry impact further with two dimensions that form the prerequisite
to meaningful industry adoption:



The first dimension is contextual. Manufacturing processes remain grossly understudied in BPM, and
especially in PPM, which predominantly works with data from service processes. To better demonstrate
the benefits of applying PPM techniques in any setting, one must first understand the setting itself, as it
is critical to defining the role PPM should play within it. Another contextual layer is BPM’s relation
with OR/OM. Both disciplines share the goal of optimizing operational values for organizations, and
there has been ample algorithmic work that combines elements from both [20]. However, when it
comes to industry adoption, the relation can be competitive rather than collaborative. Paper 1 explores
where PPM solutions stand in the industry landscape and their strengths and disadvantages in relation
to traditional OR/OM tools.

The second dimension my PhD aims to address is consequential. The main motivation of PPM
research is to support decision-making and improve organizational outcomes. Obviously, accuracy and
explainability of the prediction must be continuously studied and improved. However, how they affect
downstream operational, organizational and inter-organizational outcomes remains largely unexplored.
In my second and third papers, I plan to study these aspects.

3.2. Roadmap

The tentative period for the entire PhD is September 2025 to August 2029. Paper 1 is currently in the
results analysis and writing phase, with journal submission targeted by the end of 2026. Papers 2 and 3
turn from predictive accuracy to exploring the consequential aspect of PPM, namely how its deployment
affects operational performance, customer relationships and business outcomes in manufacturing supply
chains.

In paper 1, as presented in Section 2, we study the value of case-path monitoring in yielding more
accurate, frequent and dynamic lead time estimates. This leads to another question: given that a
supplier can update lead-time predictions more frequently and accurately, how should it communicate
them? Drawing upon operational transparency [21] and schedule nervousness theory [22] from OM
literature, in paper 2, we study how the frequency and framing of lead-time updates, independent of
predictive accuracy, shape buyer trust and switching behavior, since volatile updates may erode trust
even when the supplier is ultimately accurate. Paper 2 thereby connects PPM’s predictive capability to
its downstream outcomes across the supply chain. The precise scope for paper 3 is still being defined;
here we turn to the within-firm lens, examining how PPM deployment affects operational performance
within the focal firm.

I'look forward to advice from senior researchers and fellow PhDs at the Consortium in shaping this
agenda.
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