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 A B S T R A C T

Steady-state detection (SSD) is a crucial task in the analysis of complex and dynamic systems, as it enables the 
reliable assessment of system behavior by distinguishing between stable and unstable states. SSD techniques 
have been extensively studied and applied in various domains, including signal processing and industrial 
systems. However, their application within the information systems domain, particularly in process mining, 
has received little attention, even though business processes themselves can be regarded as complex socio-
technical systems. In particular, event logs that capture the execution of business processes often contain 
data from both steady and non-steady states. Mixing up these states can significantly affect the accuracy and 
reliability of insights from common process mining tasks, such as process performance analysis and process 
discovery. To address this problem, we propose a dedicated SSD framework for process mining and demonstrate 
how differentiating between distinct process states can enhance the accuracy and reliability of process mining 
insights. The SSD framework takes an event log as input and identifies the existing steady and non-steady 
states along with their corresponding time periods. We evaluate the framework through two experiments: 
one assessing accuracy using simulated event logs and another demonstrating its impact on three key process 
mining tasks: process performance analysis, process discovery, and remaining time prediction.
1. Introduction

Business processes are often supported by information systems that 
record execution data in event logs, which are then used in process 
mining to extract data-driven insights [1]. However, these event logs 
often capture business processes executed in both steady and non-
steady states. A steady state represents a period when a process operates 
in a stable and predictable manner, showing consistent behavior over 
time [2]. In contrast, a non-steady state reflects periods of change or 
instability, where the process experiences fluctuations and irregular-
ities in response to varying conditions in its operating environment. 
These non-steady states can arise from factors such as increased case 
arrivals during peak seasons or reduced resource availability during 
holidays, causing the process to deviate from its usual operations and 
performance levels.

The distinction between steady and non-steady states of processes is 
crucial for various process mining tasks. Failing to distinguish between 
such states can, for instance, distort process performance insights, 
impact the process discovery insights, or hurt the accuracy of predictive 
process monitoring models. Recognizing the impact that fluctuations 
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have on the behavior of complex and dynamic systems, the task of
Steady-State Detection (SSD) aims to identify periods when a system op-
erates in a steady state (or when it does not). Various techniques for this 
task have already been developed and tested in different application 
contexts, such as industrial systems [3] and signal processing [4]. How-
ever, their application in process mining has been largely overlooked, 
even though business processes are dynamic socio-technical systems [5] 
where SSD can significantly enhance the accuracy of process mining 
insights.

Therefore, in this paper, we propose a SSD framework for process 
mining and demonstrate how differentiating between distinct process 
states can enhance the accuracy and reliability of insights across several 
common process mining tasks. Our framework takes an event log as 
input and identifies the existing steady and non-steady states and when 
they occur. The framework is operationalized in three main steps. 
First, it extracts time series from event logs that capture the evolution 
of relevant process characteristics. Then, it detects steady and non-
steady states using existing SSD techniques that work with time series. 
Finally, it groups the detected steady states based on the corresponding 
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process behavior to distinguish between different steady-state groups, 
i.e., steady states with different characteristics. The accuracy of our 
framework is evaluated through two experiments: one assessing its 
performance in a controlled environment using simulated event logs, 
and another demonstrating its impact on several downstream pro-
cess mining tasks, specifically process performance analysis, process 
discovery, and remaining time prediction. Our findings confirm that 
the proposed framework effectively enables the application of SSD in 
process mining and highlight its potential to deliver more accurate and 
reliable insights into organizational operations.

This paper presents an extended and revised version of our earlier 
work [6], in which we introduced the first version of our framework. 
The current paper extends that work in three main directions. First, 
we enhance the framework’s capabilities by introducing an additional 
analysis step (Step 3). This step enables the framework not only to 
distinguish between steady and non-steady states but also to determine 
whether the identified steady states belong to the same or to different 
steady-state groups, thereby supporting a more detailed analysis of 
existing steady states in downstream process mining tasks. Second, we 
substantially broaden the evaluation. We conduct a sensitivity analysis 
of the hyperparameter used in Step 1, incorporate evaluation of addi-
tional SSD techniques in Step 2, evaluate the accuracy of the newly 
added Step 3, and provide a misclassification analysis to highlight key 
challenges in detecting steady states in business processes. Finally, we 
explore further applications of the framework in process mining. In 
addition to the original task of remaining time prediction, we assess 
the framework’s impact on process performance analysis and process 
discovery. We also extend the original remaining time prediction exper-
iment by evaluating the use of the framework as a bucketing strategy 
and comparing it with established bucketing techniques in predictive 
process monitoring.

The remainder of this paper is organized as follows. Section 2 
provides background and illustrates the importance of SSD in process 
mining. Section 3 presents the proposed SSD framework for business 
processes. Section 4 reports the evaluation experiments conducted to 
assess the accuracy of the framework, and Section 5 demonstrates its 
usefulness in downstream process mining tasks. Section 6 reflects on the 
strengths and limitations of our framework. Finally, Section 7 discusses 
the relationship between SSD and related problems in process mining, 
and Section 8 concludes the paper and outlines directions for future 
work.

2. Background and problem illustration

In this section, we present the preliminaries of process mining, 
introduce the concept of steady states, and explain its relevance to 
process mining.
Preliminaries. Process mining is a discipline at the intersection of 
data science and process science that focuses on the analysis and 
improvement of business processes by systematically leveraging event 
logs recorded by information systems [7].
Business process and its perspectives. A business process is a set of activities 
and constraints between them that are performed within an organi-
zational and technical environment to realize a business goals [8]. A 
business process can be analyzed from several perspectives [9]. The
control-flow perspective considers the sequencing and dependencies 
of activities. The resource perspective examines the involvement of 
individuals, systems, or departments. The time perspective focuses on 
temporal aspects such as bottlenecks, service levels, and case duration. 
The data perspective addresses additional event information, such as 
costs or product details.

Business processes are commonly represented through process mod-
els defined in a specific modeling language. A widely used standard for 
this purpose is the Business Process Model and Notation (BPMN) [10]. 
Fig.  1 shows the control-flow of a business process model expressed 
2 
Fig. 1. Model of a business process.

in BPMN. The model has a start event labeled ‘‘Order received’’, five 
activities, and an end event marked ‘‘Order dispatched’’. The activities 
are carried out in sequence, with a single decision point that allows for 
a choice between ‘‘Order components’’ and ‘‘Obtain from warehouse’’ 
after the first process activity.
Event log. An event log 𝐿 is as a collection of events recorded by an 
information system. Each event 𝑒 ∈ 𝐿 is represented as a tuple 𝑒 =
(caseID, activity, timestamp), where caseID identifies the case, activity
specifies the executed process step, and timestamp records when it 
occurred. In addition to the attributes caseID, timestamp, and activity, 
the event log can also record additional attributes such as resource 
information and cost. A trace 𝜎 is a sequence of events with the same 
caseID, ordered by timestamp. We denote by 𝛴𝐿 the ordered set of all 
traces in 𝐿, sorted by the timestamp of their first event.

Table  1 shows a snapshot of an event log generated from the exe-
cution of the business process illustrated in Fig.  1. Each row represents 
one event through its recorded attribute values. For example, the first 
event belongs to Case 1. It has the timestamp ‘‘10-01-2026 14:17’’ and 
refers to the activity ‘‘Order received,’’ executed by a system without 
incurring cost. The trace for Case 1 consists of the first six rows, all 
sharing Case ID 1.

Table 1
Example of an event log.
 Case ID Timestamp Activity Resource Cost

 1 10-01-2026 14:17 Order received System 0
 1 11-01-2026 12:02 Print component plan Robin 50
 1 15-01-2026 13:06 Obtain from warehouse Amir 200
 1 20-01-2026 16:12 Assemble parts Robin 100
 1 22-01-2026 15:18 Final inspection Omar 200
 1 23-01-2026 10:01 Order dispatched Omar 80
 2 12-01-2026 15:34 Order received System 0
 2 13-01-2026 11:32 Print component plan Robin 50
 2 17-01-2026 12:12 Order components Robin 80
 2 18-01-2026 17:16 Assemble parts Peter 200
 2 22-01-2026 11:42 Final inspection Omar 200
 2 23-01-2026 11:33 Order dispatched Omar 70
 . . . . . . . . . . . . . . .

Process characteristics. Using information recorded in an event log, a 
business process can be described through process characteristics, that 
is, measurable properties that capture overall behavior of a process as 
a system over time. These characteristics are derived from an event 
log by analyzing multiple cases and their event attributes to capture 
aggregated behavior for a certain period. Established examples of such 
process characteristics are the number of arriving cases, active cases 
(workload), and completed cases over a certain period. Another exam-
ple that reflects the time perspective is the average lead time, that is, 
the average duration between the start and completion of a case. The 
extraction and analysis of such process characteristics support process 
monitoring and enable the identification of steady and non-steady 
states of a business process.
Steady states and the SSD problem. A steady state refers to a condi-
tion in which the behavior of a system remains constant over time [2], 
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Fig. 2. Two key properties of a steady state.

making its behavior predictable and allowing for more precise and 
meaningful analysis. The study of steady states has a long history and 
has proven to be important in various fields, including mechanics [11], 
biology [12], and ecology [13].
Steady state of a business process. In process mining, we define a business 
process to be in a steady state if its system-level behavior remains stable 
and consistent over time. As shown in Fig.  2, a business process can be 
represented as a system with its inputs, internal characteristics, and out-
puts. The steady state of a business process can then be characterized 
by the following two properties:

1. Balance of system inputs and outputs: A system in a steady state 
maintains a balance between input and output, ensuring that 
no significant fluctuation occurs over time. In the context of a 
business process, this means, e.g., that the ratio of incoming and 
completed cases remains consistent over time.

2. Constant system characteristics: The characteristics of a system 
in a steady state remain consistent. For a business process, this 
could mean that, e.g., the number of active cases remains stable.

It is important to note that when examining the system-level be-
havior of a process, we focus on process characteristics that provide a 
holistic description of its behavior that evolves over time, exhibiting 
notable fluctuation.
The SSD problem. In the context of process mining, we define the SSD 
problem as the task of detecting periods when system-level process 
behavior, derived from an event log, remains in a steady state.
Importance of SSD in process mining. To illustrate the importance 
of SSD in process mining, we examine how the performance of a 
business process, measured by average and median lead times, can 
differ between steady and non-steady periods, and the implications this 
may have on a downstream process mining task. For this purpose, we 
use a real-life event log describing a permit application process at a 
municipality (BPIC2015-2) [14] as a running example in this section. 
The event log contains 44,354 events, capturing the execution of 832 
cases over a period of approximately 5 years. During this period, the 

Fig. 3. Comparison of process performance between different periods.
3 
process exhibits an average lead time of 22.9 weeks, with a median 
lead time of 15.5 weeks. For simplicity, we focus on a single system-
level process characteristic, namely the number of active cases, when 
examining the steady state of a business process.

The number of active cases, shown in Fig.  3, indicates that the 
process was not steady throughout the recorded timeframe, with both 
stable and unstable periods of process behavior. For instance, in Pe-
riod 1, spanning 5 months and involving 23 cases, the process shows 
instability, marked by a significant drop in active cases. The average 
lead time is 10.7 weeks, with a median of 11.3 weeks. Period 2, also 
5 months long with 23 cases, is more stable, with fewer fluctuations 
in active cases. The average lead time is 5.6 weeks, and the median 
is 3.6 weeks. Lastly, Period 3 exhibits a rise and fall in active cases, 
indicating a non-steady state. It has an average lead time of 12.1 weeks 
and a median lead time of 13.9 weeks.

Overall, we observe that performance in the steady state (Period 2) 
is almost twice as high as in the other periods and about four times 
higher than the overall average. When performance differs strongly 
between steady and non-steady states, SSD becomes an important pre-
processing step for performance analysis in process mining. It allows for 
more accurate insights into how process performance varies between 
steady and non-steady states.

3. Steady-state detection framework for process mining

This section presents our proposed SSD framework, shown in Fig.  4.

Fig. 4. Overview of the main steps of our framework.

The framework takes an event log as input and proceeds through 
three main steps:

1. Time series extraction: Different process characteristics are ex-
tracted from the event log as time series, representing their 
evolution over time.

2. Steady-state detection: The extracted time series are analyzed 
using existing SSD techniques to identify periods during which 
the process operates in a steady state.

3. Steady-state grouping : The detected steady states are subsequently 
grouped based on similar process behavior, enabling a more 
detailed analysis of these states in downstream process mining 
tasks.

As output, the framework identifies the steady and non-steady 
states, their group assignments, and the corresponding periods. This 
information can be used to extract state-specific event logs containing 
the relevant events or cases for each state, enabling more precise 
insight generation for various downstream process mining tasks, as 
demonstrated in Section 5.

To ensure flexibility, our framework provides several configuration 
options at different stages, which can be used to achieve a more 
effective SSD in event logs. Since the optimal choice often depends on 
the characteristics of the data, we do not commit to a specific design 
choice. However, in our evaluation, we examine the impact of these 
configuration options on detection accuracy for a given data collection.

3.1. Time series extraction

In Step 1, we generate time series from an event log to capture 
the evolution of process characteristics relevant to SSD. Such trans-
formations are widely used in process mining, for purposes including 
business process simulation [15], assessing process resilience [16], and 
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Fig. 5. Time series extraction from an event log.
evaluating process complexity [17]. Below, we outline the specifics of 
this step.

Fig.  5 illustrates how process characteristics are derived as time 
series from an event log through windowing and time series construction.
Windowing. Our approach takes an event log 𝐿 and divides its entire 
timeframe into 𝑛 ∈ N equally spaced time windows 𝑊𝑙 = ⟨𝑤1,… , 𝑤𝑛⟩, 
each with a fixed length 𝑙 (e.g., a day or a week). Consequently, each 
event 𝑒 ∈ 𝐿 is assigned to exactly one time window 𝑤𝑡, where 𝑡 ∈
{1,… , 𝑛}.

Time series construction. Next, we construct time series over 𝑤𝑡 ∈ 𝑊𝑙
for different process characteristics. In our framework, we consider four 
process characteristics that are relevant for SSD and can be derived 
from a standard event log 𝐿: the number of arrived cases (𝑎𝑟𝑐), the 
number of active cases (𝑎𝑐), the number of completed cases (𝑐𝑐), and
the average lead time (𝑎𝑙𝑡) of completed cases during a time window 
𝑤𝑡. If the event log includes further information, such as resource 
details, additional process characteristics can be considered to enrich 
the process representation.

We use 𝑦𝑓𝑤𝑡
∈ R to denote the value of a characteristic 𝑓 ∈ 𝐹 =

{𝑎𝑐, 𝑐𝑐, 𝑎𝑙𝑡} during a time window 𝑤𝑡. For each feature, we concatenate 
these values into a time series {𝑦𝑓𝑤𝑡

}𝑛𝑡=1, which captures the evolution of 
𝑓 over the time windows in 𝑊𝑙. Fig.  6 shows the outcome of this step 
with weekly windowing for a real-life event log.1

Fig. 6. Outcome of the first framework step.

3.2. Steady-state detection

After extracting the time series, the next step is to identify periods 
during which the process operates in a steady state. This is carried out 
in two stages. First, at the time-series level, each process characteristic 
is analyzed individually to determine its steady or non-steady periods. 
Second, at the overall process level, the results from the individual time 

1 In this example, we use the BPIC2015-2 event log, available at https:
//data.4tu.nl/collections/BPI_Challenge_2015/5065424/1.
4 
series are combined to form an integrated view of whether the process 
as a whole is in a steady or non-steady state.
SSD at time series level. For each time series {𝑦𝑓𝑤𝑡

}𝑛𝑡=1, we derive a 
corresponding binary time series {𝑝𝑓𝑤𝑡

}𝑛𝑡=1, with 𝑝
𝑓
𝑤𝑡

∈ {0, 1} for each time 
window 𝑤𝑡 using an existing SSD technique. This binary time series 
shows whether the process characteristic is in a steady state during 𝑤𝑡, 
with 𝑝𝑓𝑤𝑡

= 1 for steady and 𝑝𝑓𝑤𝑡
= 0 for non-steady.

To obtain binary time series 𝑝𝑓𝑤𝑡

𝑛
𝑡=1, several options are available. 

Since the SSD problem has been studied in many domains, our frame-
work offers several commonly used techniques as selectable options:

• RW (Rolling Window) [18]: Detects steady states by comparing 
short- and long-term rolling averages. A steady state is identified 
when the short-term mean deviates from the long-term mean by 
less than a threshold based on the long-term standard deviation.

• CS (Cumulative Sum) [19]: Monitors cumulative increases and de-
creases in the signal and flags transitions when deviations exceed 
a threshold. A drift correction term reduces false detections from 
gradual trends.

• VR (Variance Ratio) [20]: Compares long-term and short-term 
exponentially weighted measures of variability. A steady state is 
detected when their ratio remains below a specified threshold.

• EDP (ED-Pelt with Transitions) [21]: Segments the time series 
into statistically homogeneous regions using the Energy Distance 
Pruned Exact Linear Time (ED-PELT) change point detection al-
gorithm.

• NBD (Noise Band Differential) [22]: Identifies steady and non-
steady states by analyzing noise-band amplitude rather than re-
lying on predefined models, adapting automatically to signal 
characteristics.

• VMA (Variable Moving Average): Computes a moving average that 
adapts to local signal variability. Low variability indicates steadi-
ness, while high variability signifies transience.

• SL (Slope-based Detection): Fits linear regressions over sliding win-
dows to estimate local trends. A steady state is detected when the 
slope is not statistically different from zero.

• PSL (Probabilistic Slope-based Detection): Extends SL by proba-
bilistically aggregating slope significance results across windows, 
yielding a continuous steadiness probability for each time point.

• CST (Change Point Detection with Stationarity Tests): Identifies 
steady and non-steady states using change-point detection tech-
nique followed by stationarity testing. Given that time series 
stationarity has some conceptual overlaps with steady state de-
tection, we propose this method to evaluate how well stationarity 
testing performs.

We recommend PSL as the default option based on the evaluation 
results discussed in Section 4. Beyond these techniques, the framework 
is compatible with any SSD technique that takes a real-valued time 
series as input and produces a binary time series.
SSD at process level. After performing SSD per process characteristic, 
we next aggregate the information from the binary time series to 
determine if indeed the entire process can be considered to be in 

https://data.4tu.nl/collections/BPI_Challenge_2015/5065424/1
https://data.4tu.nl/collections/BPI_Challenge_2015/5065424/1
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a steady state during a time window 𝑤𝑡. To provide flexibility, our 
framework supports several straightforward aggregation options, but 
it is not limited to these:

• Single-source aggregation classifies a time window 𝑤𝑡 as a steady-
state period if 𝑝𝑓𝑤𝑡

= 1 holds for at least one process characteristic 
𝑓 .

• Majority-based aggregation deems a time window 𝑤𝑡 as a steady-
state period if 𝑝𝑓𝑤𝑡

= 1 holds for at least 50% of the process 
characteristics.

• Consensus-based aggregation considers a time window 𝑤𝑡 as a 
steady-state period if 𝑝𝑓𝑤𝑡

= 1 for all process characteristics.
• Kernel-based aggregation extends the three options above by pro-
viding a smoother aggregation of 𝑝𝑓𝑤𝑡

 from all process character-
istics.

The kernel-based option first aggregates insights from different pro-
cess characteristics by calculating the average value across all binary 
time series {𝑝𝑓𝑤𝑡

}𝑛𝑡=1 for each time window. Then, it applies a Gaussian 
filter [23] with a kernel of three standard deviation to smooth the curve 
and reduce fluctuations. After smoothing, the time series is rescaled 
using Min–Max normalization to ensure that the values lie between 0 
and 1. As outcome, we obtain a steady-state probability curve as a time 
series {𝑃𝑤𝑡

}𝑛𝑡=1 with 𝑃𝑤𝑡
∈ [0, 1],∀𝑤𝑡. The steady-state probability curve 

represents the likelihood of a process to be in a steady state during the 
time window 𝑤𝑡. Finally, to identify the periods of steady states of a 
business process, we compare the values of the steady-state probability 
curve with a consensus threshold 𝜏 ∈ [0, 1]. If 𝑃𝑤𝑡

≥ 𝜏, the time window 
𝑤𝑡 is considered to be part of a steady state; otherwise, as non-steady. 
Fig.  7 illustrates the detected steady states for a given steady-state 
probability curve (blue curved line), assuming a consensus threshold 
𝜏 = 0.7.

Fig. 7. Steady-state detection using kernel-based aggregation.

After aggregation, each time window in 𝑊𝑙 is labeled as steady 
or non-steady. We define a steady state, denoted 𝑠𝑖, as a sequence of 
consecutive steady-state time windows from 𝑊𝑙. All detected steady 
states are combined into a sequence of steady states 𝑆 = ⟨𝑠1,… , 𝑠𝑑⟩. In 
the example in Fig.  7, this results in five steady states, each covering a 
distinct range of consecutive steady-state time windows in 𝑊𝑙.

3.3. Steady-state grouping

In the final step, we combine the detected steady states into steady-
state groups. A steady-state group consists of one or more steady states 
that exhibit similar behavior in the process characteristics derived in 
Step 1 during the corresponding steady-state periods identified in Step 
2. This approach enables us to distinguish not only between steady 
and non-steady periods, but also between steady periods that belong 
to different steady-state groups. These groups can then be analyzed 
separately using state-specific event logs in subsequent process mining 
tasks.
5 
Fig. 8. Steady-state grouping.

To achieve this, we proceed in two stages, as illustrated in Fig.  8. 
First, we extract descriptive feature vectors 𝑥𝑖 from the process char-
acteristics associated with the periods corresponding to the detected 
steady states. Next, we apply clustering to these vectors in order to 
group them and thereby identify which steady states exhibit similar 
process behavior and should be assigned to the same steady-state group.
Feature extraction. For each steady state 𝑠𝑖, we use the values of 
the process characteristics obtained in Step 1 to derive numerical 
features that form an multidimensional vector summarizing the pro-
cess behavior during 𝑠𝑖. The numerical features in the vectors can be 
derived in various ways. In our framework, we provide two options for 
feature extraction: calculating the mean of each process characteristic, 
or combining both the mean and standard deviation to obtain a richer 
representation. Other aggregation techniques can also be integrated, 
as long as they yield values that can be consistently combined into a 
feature vector. For example, in Fig.  8, we compute for each steady-
state period 𝑠𝑖 the mean of every process characteristic observed in that 
period. These values form the vector 𝑥𝑖 that represents the steady state 
𝑠𝑖.

Clustering. After feature extraction, we cluster the steady states based 
on their feature vectors to form steady-state groups, denoted 𝑆𝑆𝑔 . Each 
group contains steady states that correspond to periods in which the 
process exhibits similar behavior. Formally, each steady state 𝑠𝑖 is 
assigned to a group 𝑔, written as 𝑠(𝑔)𝑖 , and the steady states in the same 
group form 𝑆𝑆𝑔 = ⟨𝑠(𝑔)1 ,… , 𝑠(𝑔)𝑚𝑔

⟩. All remaining windows that are not 
assigned to any steady state constitute the non-steady-state group 𝑆𝑆0.

Since the number of groups is unknown, we use clustering tech-
niques that do not require predefining the number of clusters. The 
framework supports affinity propagation [24] and k-means [25] with 
automatic cluster selection using the Elbow [26] and Silhouette meth-
ods [27]. Other clustering methods without predefined cluster numbers 
can also be integrated. When only a few steady states are detected, it is 
advisable to focus on key characteristics, such as the number of active 
cases and the average lead time, to avoid unstable clustering results.
Output. As output, our framework returns the set of detected steady-state 
groups, defined as 𝑆𝑆 = {𝑆𝑆0} ∪

⋃𝑘
𝑔=1 𝑆𝑆𝑔 , where 𝑘 is the number of 

groups, 𝑆𝑆𝑔 denotes steady-state group 𝑔, and 𝑆𝑆0 contains all non-
steady-state time windows from 𝑊𝑙. Each time window from 𝑊𝑙 belongs 
to exactly one 𝑆𝑆𝑔 .

State-specific event log extraction. Depending on the goal of the 
downstream process mining tasks, users can extract the events or traces 
associated with each steady-state group to obtain a state-specific event 
log, denoted 𝐿𝑆𝑆𝑔

. Such a log can be created, for example, by selecting 
all events whose timestamps fall within the time windows of the steady 
states in group 𝑔 and combining them for further analysis.

4. Evaluation

This section describes the experiments we conducted to assess the 
accuracy of our framework in detecting groups of steady and non-
steady states. For this, we use a synthetic collection of event logs 
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Fig. 9. Simulated business process.
with known gold standard indicating when a process is in a steady or 
non-steady state. The experimental setup is presented in Section 4.1, 
followed by the evaluation results in Section 4.2. To ensure repro-
ducibility, all data, implementation details, configurations, and raw 
results are available in a public repository.2

4.1. Setup

Data collection. To evaluate our work, we need event logs with known 
periods of steady and non-steady states. Since no suitable public col-
lection exists, we create our own data collection. For this purpose, we 
simulate a business process and define several scenarios that produce 
event logs containing both steady and non-steady periods.
Simulation approach. We generated data by simulating the process that 
is represented by the BPMN diagram in Fig.  9. The process consists 
of ten activities and includes various control-flow patterns such as 
skipped steps, decision points, and parallelism. The simulation was 
conducted using AgentSimulator [28], an open-source tool for discrete 
event simulation. As the original purpose of the tool is to discover 
and simulate process models from event data automatically, we had to 
extend its functionality to simulate the desired process model of interest 
and different simulation scenarios with varying model parameters.3

Simulated scenarios. To generate our collection of event logs with vary-
ing numbers of steady and non-steady states, we designed six simula-
tion scenarios of increasing complexity, as illustrated in Fig.  10.

2 Project repository: https://gitlab.uni-mannheim.de/processanalytics/ssd.
3 Adjusted version: https://github.com/akprojectshub/AgentSimulator_adj.
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In the first three scenarios, we varied the case arrival rate to obtain 
different steady states. Specifically, in Scenario 1, we started with a 
fixed arrival rate to simulate operations during the first steady state 
and then linearly increased it, resulting in a second steady state with 
three times higher arrival rate. This setup produces a single transition 
period, representing one non-steady state. In Scenarios 2 and 3, we 
increased the number of transitions to two and three, respectively, 
creating a repeating pattern of two distinct steady states separated by 
non-steady states. The detection complexity increases accordingly, as 
the total number of traces and covered periods remain constant. This 
gradual increase in complexity enables a systematic evaluation of the 
framework’s ability to detect multiple steady and non-steady states.

In the remaining three scenarios, we varied the number of available 
resources. Compared to the first three scenarios, this leads to more 
complex behavior, since changes in resource availability affect process 
characteristics in a less linear way, as shown in Fig.  10 by the visual-
ization of the average lead time. Similar to the first three scenarios, we 
defined different patterns in terms of steady and non-steady states.
Scenario parameters. The specific parameters that differ between the 
scenarios are listed in Table  2. In the first three scenarios, only the 
arrival rates are varied, while the number of available resources is fixed 
at 10. All resources are assumed to be cross-trained and capable of 
performing any activity in the process once they become available. For 
simplicity, the process is assumed to operate continuously (24/7). The 
execution time of each activity follows a uniform distribution between 
3 and 5 h.

In Scenarios 4–6, we fix the number of arriving cases per week and 
vary the number of available resources by 20%, switching between 10 
and 12 resources. The execution time for each activity is increased to 
ensure that the system experiences longer lead times when 10 resources 
are available compared to when 12 resources are available.
Fig. 10. Simulated number of arrived cases for each scenario.

https://gitlab.uni-mannheim.de/processanalytics/ssd
https://github.com/akprojectshub/AgentSimulator_adj
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Table 2
Simulation parameters for each scenario.
 Scenario ID Arrival rate Task duration Available resources 
 (cases/week) (hours) (number)  
 1 10-30 Uniform([3, 5]) 10  
 2 10-30-10 Uniform([3, 5]) 10  
 3 10-30-10-30 Uniform([3, 5]) 10  
 4 20 Uniform([8, 9]) 10-12  
 5 20 Uniform([8, 9]) 10-12-10  
 6 20 Uniform([8, 9]) 10-12-10-12  

Each event log contains 3300 traces, with the first 300 traces used 
as a warm-up period and therefore excluded from the evaluation. 
To ensure a robust evaluation, we generated 30 event logs for each 
scenario, resulting in a total of 180 event logs. Finally, each event 
log includes an equal number of steady and non-steady time windows, 
ensuring that both classes are balanced.
Framework configurations. Next, we discuss the framework configu-
rations applied at each step and evaluated in this experiment:
Step 1. In Step 1 of our framework, we evaluate window sizes between 
3 and 14 days. Shorter windows produce time series with many zero 
values, and longer windows yield too few data points for the SSD 
techniques used in Step 2. We consider four process characteristics: the 
number of arrived cases (𝑎𝑟𝑐), the number of active cases (𝑎𝑟𝑐), the 
number of completed cases (𝑐𝑐), and the average lead time of completed 
cases (𝑎𝑙𝑡), that is, 𝑓 ∈ 𝐹 = {arc, ac, cc, alt}.

Step 2. At the time series level, we evaluate all nine techniques dis-
cussed in Section 3.2: Rolling Window (RW), Cumulative Sum (CS), 
Variance Filter (VR), ED Pelt with Transitions (EDP), Noise-Based 
Differential (NBD), Variable Moving Average (VMA), Slope-Based De-
tection (SL), Probability Slope-Based Detection (PSL), and change point 
detection with stationarity tests (CST). For each technique, we test up 
to 100 parameter combinations, summarized in Table  3.

At the process level, we consider four aggregation techniques: 
single-source aggregation, majority-based aggregation, consensus-
based aggregation, and kernel-based aggregation. For the kernel-based 
approach, we use Gaussian kernels with standard deviations of 2, 3, and 
4. In addition to the aggregation-based SSD, we also consider results 
obtained without aggregation, that is, when the decision is based solely 
on one of the process characteristics 𝑓 ∈ 𝐹 .

Step 3. We consider three clustering approaches. The first is based on 
Affinity Propagation (AP), the second on adaptive 𝑘-means using the 

Table 3
Tested parameter settings for SSD techniques in Step 2.
 Technique Settings  
 RW 𝐼𝑙𝑜𝑛𝑔 = {𝟐𝟎, 30, 40, 50, 60}, 𝐼𝑠ℎ𝑜𝑟𝑡 = {1, 2, 3, 𝟓, 10},  
 Threshold = {0.1, 0.25, 0.5, 𝟏.𝟎}  
 CS Predict = {𝑇 𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒}, 𝛼 = {𝟎.𝟎𝟐, 0.04,… , 1.00}  
 VR Ratio = {𝟐, 5, 10},  
 𝛼1 = {𝟎.𝟏, 0.3, 0.5}, 𝛼2 = {0.2, 0.35, 𝟎.𝟓}, 𝛼3 = {0.01, 0.05, 𝟎.𝟏} 
 EDP Variance = {300, 350, 𝟒𝟎𝟎,… , 750},  
 Slope = {−5, 1, 5, 10, 20, 30, 40, 50, 60, 𝟕𝟎}  
 NBD Data portion = {0.01, 0.02, 0.03, 0.04, 𝟎.𝟎𝟓,… , 0.10},  
 Neighbors = {1, 3, 5, 7, 10, 13, 𝟏𝟓, 17, 20, 25}  
 VMA Window = {1, 2,… , 𝟕,… , 100}  
 SL Window = {10, 15, 20, 𝟐𝟓, 30}, Step = {1, 3, 𝟓, 7, 10},  
 𝛼 = {0.01, 𝟎.𝟎𝟓, 0.1, 0.5}  
 PSL Window = {10, 𝟐𝟎, 30}, 𝛼 = {𝟎.𝟎𝟏, 0.25, 0.05},  
 Step = {𝟏, 5, 10}, Threshold = {0.2, 𝟎.𝟓, 0.7}  
 CST Window = {𝟐𝟎, 30, 40, 50, 60}, n-tests = {2, 𝟑, 4, 5},  
 Consensus = {𝟎.𝟐, 0.4, 0.5, 0.6, 0.8}.  
Note: For EDP and PSL, 81 parameter settings were tested; for all other techniques, 100 
settings were evaluated. The highlighted values indicate the parameter configurations 
that yielded the best results in Experiment 1.
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elbow method (KM-E), and the third on adaptive 𝑘-means guided by the 
silhouette score (KM-S). For each clustering approach, we evaluate two 
feature extraction options: mean, and mean combined with standard 
deviation.

In total, we considered 51,720 different framework configurations 
for each of the 180 event logs, resulting in 9,309,600 framework 
executions.

Evaluation measures. To evaluate the accuracy of our framework in 
classifying time windows across multiple states (non-steady state 0, 
steady state 1, and steady state 2), we use the Matthews correlation 
coefficient (MCC) [29]. This metric is suitable for multiclass classifica-
tion since it considers all entries of the confusion matrix and provides 
a balanced assessment across classes. It is defined as: 

MCC =
𝑐𝑠 − 𝑡⃗ ⋅ 𝑝

√

(𝑠2 − 𝑡⃗ ⋅ 𝑡⃗)(𝑠2 − 𝑝 ⋅ 𝑝)
, (1)

where 𝐶 is the confusion matrix and:

• 𝑐 =
∑

𝑘 𝐶𝑘𝑘 is the number of correctly predicted time windows,
• 𝑠 =

∑

𝑖
∑

𝑗 𝐶𝑖𝑗 is the total number of time windows,
• 𝑡⃗ is the vector of true class counts with 𝑡𝑘 =

∑

𝑖 𝐶𝑖𝑘,
• 𝑝 is the vector of predicted class counts with 𝑝𝑘 =

∑

𝑖 𝐶𝑘𝑖.

The MCC ranges from −1 to +1, where +1 indicates perfect clas-
sification, 0 corresponds to random prediction, and negative values 
indicate disagreement between predictions and true labels.

In addition to MCC, we report class-specific performance measures 
in Section 4.2.4. For each group of steady and non-steady states, we 
compute precision, recall, F1-score, and specificity. For a group 𝑔, these 
measures are defined as:

Precision𝑔 =
𝑇𝑃𝑔

𝑇𝑃𝑔 + 𝐹𝑃𝑔
, F1𝑔 = 2 ⋅

Precision𝑔 ⋅ Recall𝑔
Precision𝑔 + Recall𝑔

,

Recall𝑔 =
𝑇𝑃𝑔

𝑇𝑃𝑔 + 𝐹𝑁𝑔
, Specificity𝑔 =

𝑇𝑁𝑔

𝑇𝑁𝑔 + 𝐹𝑃𝑔
.

Here, 𝑇𝑃𝑔 , 𝐹𝑃𝑔 , 𝐹𝑁𝑔 , and 𝑇𝑁𝑔 denote the true positives, false posi-
tives, false negatives, and true negatives for class 𝑔, respectively. All 
four measures range from 0 to 1, with higher values indicating better 
classification performance for the corresponding state.

4.2. Results

To assess the overall accuracy of the proposed framework and the 
effect of the tested configurations, we present the evaluation results 
step by step. First, in Section 4.2.1, we assess the sensitivity of the 
framework to the window size parameter used in Step 1. Next, in 
Section 4.2.2, we examine the impact of different SSD techniques 
applied in Step 2 to detect steady-state periods at both the time series 
and process levels. Then, in Section 4.2.3, we analyze the impact of 
different clustering options in Step 3. Finally, in Section 4.2.4, we 
examine the types and extent of the observed misclassifications and 
discuss possible factors that may have caused them.

During each step of the analysis, we assess the influence of a 
specific parameter on the framework’s overall accuracy while keeping 
the parameters of the other steps fixed at their optimal values. This 
ensures a fair comparison of each configuration within the same step. 
In addition, we report the results separately for all simulation scenarios 
to observe how different levels of scenario complexity affect the overall 
accuracy.

4.2.1. Accuracy of Step 1: Sensitivity analysis
First, we examine the sensitivity of the framework with respect to its 

hyperparameter used in Step 1. Specifically, we assess how the window 
size chosen in Step 1 affects the overall accuracy of the framework, 
under the assumption that we use the best-performing framework 
configuration in other framework steps, obtained for a 7-day window.



A. Kraus et al. Information Systems 140 (2026) 102740 
Table 4
Sensitivity analysis.
Configuration Simulated scenario Avg ± Std

S1 S2 S3 S4 S5 S6
3 days 0.02 0.41 0.58 0.38 0.31 0.32 0.34± 0.23
4 days 0.37 0.89 0.62 0.44 0.43 0.37 0.52± 0.24
5 days 0.74 0.95 0.61 0.54 0.56 0.42 0.64± 0.18
6 days 0.95 0.90 0.59 0.53 0.55 0.43 0.66± 0.22
7 days 0.97 0.87 0.59 0.55 0.64 0.40 0.67± 0.22
8 days 0.96 0.79 0.46 0.56 0.62 0.24 0.61± 0.26
9 days 0.94 0.71 0.39 0.55 0.52 0.25 0.56± 0.26
10 days 0.92 0.54 0.36 0.51 0.40 0.14 0.48± 0.27
11 days 0.88 0.37 0.32 0.47 0.28 0.11 0.41± 0.27
12 days 0.87 0.35 0.32 0.47 0.15 0.12 0.38± 0.28
13 days 0.80 0.35 0.27 0.43 0.14 0.09 0.35± 0.26
14 days 0.71 0.32 0.17 0.44 0.12 0.05 0.30± 0.26
Avg. 0.76 0.62 0.44 0.49 0.39 0.24 0.49± 0.28

Note: The highlighted MCC values indicate the best result in each column.

Table  4 reports the results for the tested window sizes across all 
simulation scenarios. The framework reaches its highest accuracy of 
0.67 with a 7-day window, confirming this setting as optimal for the 
simulated steady-state scenarios. Accuracy decreases for both shorter 
and longer windows: the decline is moderate at first but becomes 
substantial, dropping by about half when moving from 7 to 3 or 
14 days. Short windows do not capture stable behavior and produce 
time series dominated by zero values, while long windows smooth out 
relevant variations. Both effects reduce the ability of SSD techniques to 
detect steady states.
Findings. The results show that window size has a clear impact on 
accuracy, a known challenge in window-based time series extraction in 
process mining. However, in practice, testing several window sizes and 
selecting those that best capture variation in process characteristics can 
mitigate this issue. In addition, varying the window size allows analysis 
of steady states at different levels of temporal granularity.

4.2.2. Accuracy of Step 2: Steady-state detection
This section presents the impact of the nine tested SSD techniques 

that can be used to instantiate Step 2. We discuss the results in two 
parts. First, we evaluate the accuracy of the SSD at the time series level. 
Then, we analyze the process-level accuracy, examining the impact of 
different aggregation options.
Part A: Accuracy at time series level. Table  5 reports the framework’s 
accuracy at the time-series level, broken down by SSD technique and 
simulation scenario. For each technique, we apply the best-performing 
configuration, highlighted in bold in Table  3, that yields the highest 
overall framework accuracy.

Across all scenarios, the probabilistic slope-based technique (PSL) 
achieves the highest average accuracy with an MCC of 0.67, followed 
by the non-probabilistic slope-based method (SL) with 0.62. Their 
strong performance reflects the linear transitions used in the simulated 
scenarios, which align well with the assumptions of these methods. 

Table 5
Accuracy of Step 2 (Part A).
Configuration Simulated scenario Avg ± Std

S1 S2 S3 S4 S5 S6
RW 0.87 0.77 0.48 0.44 0.45 0.26 0.54± 0.24
CS 0.18 0.04 0.06 0.31 0.38 0.16 0.19± 0.21
VR 0.83 0.62 0.39 0.42 0.39 0.10 0.46± 0.24
EDP 0.87 0.78 0.65 0.50 0.05 0.05 0.48± 0.39
NBD 0.13 0.08 0.03 0.25 0.11 0.09 0.12± 0.19
VMA 0.56 0.67 0.36 0.50 0.54 0.38 0.50± 0.20
SL 0.87 0.88 0.66 0.46 0.52 0.36 0.62± 0.21
PSL 0.97 0.87 0.59 0.55 0.64 0.40 0.67± 0.22
CST 0.73 0.43 0.48 0.28 0.15 0.06 0.35± 0.30

Note: The highlighted MCC values indicate the best result in each column.
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Although SL slightly outperforms PSL in Scenarios 2 and 3, the prob-
abilistic variant is more accurate in the more complex Scenarios 4–6. 
The rolling-window (RW) and exponential-decay prediction (EDP) tech-
niques perform well in simpler scenarios but their accuracy drops as 
complexity increases, yielding average MCCs of 0.54 and 0.48. Noise-
based detection (NBD) performs the weakest, with an average MCC of 
0.12. Notably, only two techniques, i.e., CS and NBD, show a slight 
increase in MCC in the more complex Scenarios 4–6 compared to 
Scenarios 1–3. However, their overall performance across all scenarios 
remains lower than that of the other techniques.

Regarding accuracy variation, all techniques exhibit a similar over-
all standard deviation. This consistency stems from a gradual decline 
in accuracy with increasing scenario ID, reflecting the expected impact 
of rising process complexity.
Findings. These results lead to the following two key findings. First, 
existing SSD techniques from other domains can detect steady states in 
business processes reasonably well in simple scenarios. Second, their 
accuracy decreases in more complex scenarios due to nonlinear and 
time-dependent relations in process behavior, indicating clear room for 
improvement.

Part B: Accuracy at process level. Table  6 shows the framework’s 
accuracy at the process level, differentiated by the applied aggregation 
options and simulated scenarios.

Table 6
Accuracy of Step 2 (Part B).
Configuration Simulated scenario Avg ± Std

S1 S2 S3 S4 S5 S6
Without aggregation
Arrived cases 0.98 0.90 0.62 0.00 0.00 0.00 0.42± 0.43
Active cases 0.96 0.89 0.60 0.50 0.39 0.36 0.62± 0.26
Compl. cases 0.94 0.93 0.59 0.00 0.00 0.00 0.41± 0.43
Avg. lead time 0.00 0.01 0.00 0.55 0.63 0.40 0.27± 0.29
With aggregation
Single 0.00 0.01 0.00 0.00 0.00 0.00 0.00± 0.02
Majority 0.98 0.91 0.62 0.51 0.39 0.37 0.63± 0.26
Consensus 0.97 0.87 0.59 0.55 0.64 0.40 0.67± 0.22
Kernel 2 0.98 0.89 0.59 0.52 0.44 0.41 0.64± 0.24
Kernel 3 0.98 0.88 0.59 0.52 0.44 0.41 0.64± 0.24
Kernel 4 0.98 0.87 0.61 0.55 0.43 0.41 0.64± 0.23

Note: The highlighted MCC values indicate the best result in each column.

Configurations with aggregation generally achieve higher accuracy 
than those without it. The Consensus method performs best with an 
average MCC of 0.67, followed by Kernel 2–4 (0.64) and Majority vot-
ing (0.63). The weakest results are obtained with the Single approach, 
where a steady state is detected as soon as any individual characteristic 
indicates steadiness.

Among the non-aggregated configurations, two findings stand out. 
First, the number of active cases is the only characteristic that performs 
consistently across all scenarios, reaching an accuracy of 0.62, which 
is comparable to the aggregation-based methods. Second, different 
characteristics are informative in different scenarios. In Scenarios 1–3, 
arrived, active, and completed cases all serve as reliable indicators. 
This is expected, as in these scenarios we vary the arrival rate, which 
often influences active and completed cases after some delay, reflecting 
a lagged correlation. However, arrived and completed cases fail to 
generalize to the more complex Scenarios 4–6, whereas active cases 
remain moderately informative. In contrast, average lead time, which 
is less correlated with the arrival rate than active or completed cases, 
performs poorly in the simpler scenarios but becomes the most in-
formative characteristic in Scenarios 4–6. This finding highlights the 
importance of considering complementary process characteristics that 
capture other relevant aspects of the process.
Findings. These results lead to two insights. First, accurate steady-state 
detection benefits from aggregating multiple process characteristics 
rather than relying on a single one. Second, the selected characteristics 
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Table 7
Accuracy of Step 3.
Configuration Simulated scenario Avg ± Std

S1 S2 S3 S4 S5 S6
Mean
AP 0.97 0.87 0.59 0.55 0.64 0.40 0.67± 0.22
KM-E 0.64 0.63 0.32 0.24 0.40 0.40 0.44± 0.17
KM-S 0.64 0.87 0.60 0.24 0.49 0.57 0.57± 0.22

Mean + standard deviation
AP 0.97 0.87 0.59 0.55 0.62 0.40 0.66± 0.23
KM-E 0.64 0.63 0.32 0.24 0.40 0.40 0.44± 0.17
KM-S 0.64 0.63 0.40 0.24 0.52 0.46 0.48± 0.19

Note: The highlighted MCC values indicate the best result in each column.

should be complementary, that is, they should describe the process 
from different perspectives (such as case, time, resources, etc.) to 
improve detection robustness.

4.2.3. Accuracy of Step 3: Steady-state grouping
Next, we evaluate the accuracy of the clustering options used in 

Step 3. We assess this in two ways: first, based on the actual results 
from Step 2, and second, under the assumption of perfect accuracy in 
Step 2, to establish an upper bound on achievable performance.
Part A: Accuracy by grouping option. Table  7 presents the accuracy 
of Step 3, differentiated by the applied grouping option and simu-
lated scenarios. The results are obtained using the best configuration 
identified in Step 2.

We see that including both the mean and standard deviation as 
grouping features does not improve accuracy; both yield nearly iden-
tical results across all clustering methods. This indicates that mean 
process behavior alone provides sufficient separation. When only a few 
steady states are available, adding extra dimensions can even reduce 
accuracy due to an unfavorable feature-to-sample ratio. Among the 
clustering methods, Affinity Propagation (AP) performs best, achieving 
an average MCC of 0.67 when grouping by mean values. K-Means with 
the Silhouette score (KM-S) performs moderately (0.57), while K-Means 
with the Elbow method (KM-E) shows consistently lower accuracy 
(0.44).

Findings. The results indicate two main findings: grouping based on 
mean values is sufficient, and AP is the most accurate and robust 
clustering option for Step 3.
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Table 8
Accuracy of Step 3 when assuming perfect accuracy of Step 2.
Configuration Simulated scenario Avg ± Std

S1 S2 S3 S4 S5 S6
Mean
AP 1.00 1.00 0.67 1.00 1.00 0.67 0.89± 0.16
KM-E 0.67 0.75 0.67 0.67 0.75 0.67 0.70± 0.04
KM-S 0.67 1.00 1.00 0.67 1.00 1.00 0.89± 0.16

Mean + Std.
AP 1.00 1.00 0.67 1.00 1.00 0.67 0.89± 0.16
KM-E 0.67 0.75 0.67 0.67 0.75 0.67 0.70± 0.04
KM-S 0.67 1.00 1.00 0.67 1.00 1.00 0.89± 0.16

Note: The highlighted MCC values indicate the best result in each column within each 
configuration group.

Part B: Accuracy isolated from Step 2. Table  8 shows the accuracy 
of Step 3 assuming perfect results in Step 2. Under this condition, 
Affinity Propagation (AP) and K-Means with the Silhouette score (KM-
S) achieve the highest average MCC of 0.89 and perform consistently 
across both feature configurations. K-Means with the Elbow method 
(KM-E) performs considerably worse, with an average MCC of 0.70.
Findings. This result shows that most of the accuracy loss in Step 3 is 
due to errors carried over from Step 2. The relative ranking of clustering 
techniques remains unchanged: AP and KM-S consistently outperform 
KM-E. Overall, when steady states are detected accurately in Step 2, 
Step 3 reliably distinguishes steady-state groups, with AP providing the 
most stable and robust performance.

4.2.4. Misclassification analysis
Finally, we analyze the misclassifications to understand their type 

and extent. First, we conduct a visual analysis by examining a rep-
resentative event log to identify the type of misclassifications. Then, 
we use the confusion matrix to assess the overall extent of these 
misclassification types.
Misclassification types. Fig.  11 illustrates the actual and detected 
steady states for the best-performing framework configurations using a 
representative event log for each simulated scenario. In Scenarios 1–3, 
we visualize the number of arrived cases, while in Scenarios 4–6 we 
focus on average lead time as the process characteristic reflecting the 
key process dynamics.
Fig. 11. Visual analysis of detected vs. actual steady and non-steady states.
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We identify three main reasons behind the misclassifications:
Detection latency. The most common misclassifications arise from de-
tection latency, meaning that the steady state is identified too early or 
too late. This occurs in Scenarios 1, 2, and 5, with a shorter delay in 
Scenario 1 and a more pronounced delay in Scenario 5. Such latency 
results from gradual transitions between states, which make the exact 
change point difficult to detect. A similar delay appears in Scenario 4, 
likely because the process needs time to return to normal conditions 
after stress factors disappear.
Confusion between steady and non-steady periods. Another type of mis-
classification arises when steady and non-steady periods are confused, 
as in Scenario 3. Here, the steady state is missed, and a non-steady 
period is incorrectly classified as steady. This can occur when the steady 
state is very short and the transition between states is too smooth to 
detect clearly.
Confusion between different steady states. A third type of misclassification 
involves confusing different steady states, as seen in Scenarios 4 and 6. 
Here, the steady state of Group 2 is missed, and a steady state from 
Group 1 is detected instead. A deeper analysis of the data revealed that 
this occurred because other process characteristics, such as the number 
of arrived and completed cases, did not show notable fluctuations in 
their time series. As a result, these stable indicators outweighed the 
changes in lead time during the consensus-based aggregation, leading 
to the incorrect final decision.
Findings. This finding highlights another important and straightforward 
insight: steady-state detection should focus on process characteristics 
that are expected to be relevant for the objective of SSD. Other-
wise, when too many process characteristics are included that are not 
relevant, the analysis may overlook the actual steady states.
Misclassification extent. After detecting different misclassification 
types, we now assess the extent of the observed misclassifications by 
considering the confusion matrix and the resulting detailed perfor-
mance measure differentiated by states, depicted in Fig.  12.

Fig. 12. Analysis of the extent of misclassifications.

Confusion matrix. The majority of cases lie on the diagonal, indicating 
strong agreement between predicted and actual steady-state groups. 
Most misclassifications occur between steady and non-steady states. 
Specifically, 1398 periods of the non-steady-state group (𝑆𝑆0) were 
predicted as 𝑆𝑆1 and 960 as 𝑆𝑆2, while the reverse occurred 1444 
and 600 times. Confusion between 𝑆𝑆1 and 𝑆𝑆2 is far less common, 
with 68 periods of 𝑆𝑆1 predicted as 𝑆𝑆2 and 328 of the reverse. 
These patterns are mainly caused by detection delays around transitions 
between steady and non-steady states. In contrast, confusion between 
the two steady states is rare because they do not occur consecutively 
in the simulated data.
Performance per group. The performance measures show some differ-
ences across the three groups. 𝑆𝑆2 is detected most reliably, with the 
highest recall (0.82), strong precision (0.81), and the best MCC (0.76). 
𝑆𝑆0 is also detected well, with balanced precision and recall around 
0.80, although transitions at its boundaries introduce some uncertainty. 
Detection of 𝑆𝑆1 is the weakest, with lower precision and F1-score 
(0.75 and 0.76), which aligns with the confusion between 𝑆𝑆0 and 
𝑆𝑆  during transition periods. Specificity remains high for all states 
1

10 
(0.83–0.94), and the overall MCC of 0.67 indicates solid detection 
performance across groups.

The performance measures show some differences across the three 
groups. 𝑆𝑆2 is detected most reliably, with the highest recall (0.82), 
strong precision (0.81), and the best MCC (0.76). The detection of 
𝑆𝑆0 is also well, with balanced precision and recall around 0.80. The 
measures for 𝑆𝑆1 show the weakest performance, with lower precision 
and F1-score (0.75 and 0.76), which aligns with the confusion between 
𝑆𝑆0 and 𝑆𝑆1 during transition periods. Specificity remains high for 
all states (0.83–0.94), and the overall MCC of 0.67 indicates solid 
performance across all groups.
Findings. The results of the misclassification analysis show that the 
main challenge in steady-state detection for business processes is the 
detection delay. This is driven by the fact that business processes are 
complex and dynamic systems with nonlinear and time-lagged relations 
due to their socio-technical nature, which makes transitions from one 
state to another difficult to detect precisely.
Overall findings. Overall, the evaluation confirms that the proposed 
framework can effectively detect steady and non-steady states in busi-
ness processes using event logs. While the misclassification analysis 
highlights detection latency as the main challenge, this limitation pri-
marily affects the precise timing of transitions rather than the iden-
tification of the states themselves. Moreover, the simulated scenarios 
were intentionally designed with increasing levels of complexity to 
rigorously test the framework, which makes the setting more chal-
lenging than many real-life event logs. Therefore, despite the observed 
detection delays, the results still provide strong evidence that the 
framework can reliably identify steady-state behavior and serve as a 
solid foundation for its application to real-life event logs, which is 
examined in the next section.

5. Usefulness of SSD in process mining

In this section, we investigate the usefulness of our SSD frame-
work by examining its impact on three well-known downstream tasks 
in process mining: process discovery, process performance analysis, 
and predictive process monitoring (remaining time prediction). For 
each task, we use real-life event logs and compare the insights ob-
tained when steady and non-steady states are distinguished with those 
obtained when this distinction is not applied.

In Section 5.1, we first describe the general experimental setup and 
the obtained groups of steady and non-steady states. Then, in Sec-
tions 5.2–5.4, we discuss each process mining task separately, outlining 
the task-specific setup and the corresponding results.

5.1. SSD on real-life event logs

In the following, we describe the general setup of this experiment 
and present the results of our SSD framework, that is, the detected 
groups of steady and non-steady states. For each group, we extract the 
corresponding event logs, which serve as input for the three considered 
downstream process mining tasks.

5.1.1. General setup
Data collection. Table  9 summarizes our data collection. It consists 
of nine publicly available real-life event logs that are widely used in 
research for the three process mining tasks considered in this exper-
iment.4 These logs represent processes from different domains, such 

4 We excluded the BPI Challenge 2013 and 2020 event logs due to long 
periods of without any activities in the process, the Traffic Fine log due to 
strong batching behavior, and the Environment Permit log due to the low 
number of events, which makes further segmentation unsuitable for the process 
mining tasks of interest.
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Table 9
Characteristics of the used real-life event logs.
 Event log Number of Case length Lead time
 Cases Variants Events Classes Avg Max Avg Max

 BPIC12 13,087 4366 262,200 36 20.0 175 8.6 137
 BPIC15-1 1199 1170 52,217 398 43.6 101 95.9 1486
 BPIC15-2 832 828 44,354 410 53.3 131 160.3 1326
 BPIC15-3 1409 1349 59,681 383 42.4 123 62.2 1512
 BPIC15-4 1053 1049 47,293 356 44.9 115 116.9 927
 BPIC15-5 1156 1153 59,083 389 51.1 153 98.0 1344
 Helpdesk 4580 226 21,348 14 4.7 15 40.9 60
 Hospital 100,000 1020 451,359 18 4.5 217 127.2 1035
 Sepsis 1050 846 15,214 16 14.5 185 28.5 422

Note: Average and maximum case length and lead time are measured in number of 
activities and days, respectively.

as a loan application process in financial services (BPIC12), building 
permit application processes in five municipalities (BPIC15), a health 
care process (Sepsis), and a billing process in a hospital (Hospital). 
These logs represent real-life process executions and show differences 
in several aspects, such as the number of cases, variants (traces with 
a unique sequence of activities), recorded events, classes (the number 
of unique event activities), average case length, and lead time (the 
duration between the first and last event of a case), as shown in Table 
9.

Framework configurations. In Step 1, we consider four process char-
acteristics: the number of arrived cases (𝑎𝑟𝑐), the number of active cases 
(𝑎𝑟𝑐), the number of completed cases (𝑐𝑐), and the average lead time 
of completed cases (𝑎𝑙𝑡), that is, 𝑓 ∈ 𝐹 = {arc, ac, cc, alt}. We apply 
weekly windowing for all event logs, except for BPIC12, which covers a 
short time period and therefore we use daily window size. In other steps 
of our framework, we use the configuration from Experiment 1 that 
yielded the best overall performance. Specifically, in Step 2, we use the 
slope-based SSD technique with probability (PSL) and consensus-based 
aggregation. In Step 3, we apply clustering with affinity propagation 
based on mean values.
Derivation of state-specific event logs. To support the three down-
stream process mining tasks, we derive state-specific event logs by 
assigning each case to one steady-state group. Specifically, we link each 
event to a time window based on its timestamp. Since each window is 
classified as steady or non-steady according to Step 2 of our framework, 
this allows us to label events as non-steady (ID 0) or as steady with 
group IDs 1, 2, and so on. For each case, we count how many events 
fall into each state and assign the case to the state with the highest 
count. In this way, each case receives exactly one group label. Finally, 
all cases with the same label are combined into a single state-specific 
event log, ensuring that each case is assigned to exactly one such log. 
Following the notation introduced at the end of Section 3, we denote 
all cases that are assigned to the steady-state group 𝑆𝑆𝑔 with 𝐿𝑆𝑆𝑔

.

5.1.2. SSD results
Table  10 presents information on the steady states detected for the 

nine real-life event logs. We see two key results.
First, for most event logs, our framework detects only one steady-

state group (𝑆𝑆1), while the remaining behavior is assigned to the 
non-steady-state group (𝑆𝑆0). A closer view shows that 𝑆𝑆0 reflects 
the warm-up and cool-down periods at the beginning and at the end 
of the recorded event log period, as shown for a representative event 
log on the left side of Fig.  13. In this case, our framework enables us 
to differentiate process behavior during regular operations (𝑆𝑆1) while 
excluding warm-up and cool-down periods during 𝑆𝑆0, which often 
show irregular behavior.

Second, for some event logs, the situation is more complex, such as 
for the Helpdesk log. Our framework detects two steady-state groups, 
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Table 10
Characteristics of the state-specific event logs.
 Event log State-specific

event log
Number of

 Cases Variants Events Classes

 BPIC12 𝐿𝑆𝑆0
2516 1056 48,261 24

 𝐿𝑆𝑆1
10,571 3627 213,939 24

 BPIC15-1 𝐿𝑆𝑆0
122 109 3860 186

 𝐿𝑆𝑆1
1077 1064 48,357 398

 BPIC15-2 𝐿𝑆𝑆0
30 30 1388 104

 𝐿𝑆𝑆1
802 798 42,966 408

 BPIC15-3 𝐿𝑆𝑆0
104 89 3213 149

 𝐿𝑆𝑆1
1305 1263 56,468 382

 BPIC15-4 𝐿𝑆𝑆0
68 67 2331 158

 𝐿𝑆𝑆1
985 985 44,962 353

 BPIC15-5 𝐿𝑆𝑆0
85 85 3693 111

 𝐿𝑆𝑆1
1071 1069 55,390 388

 Helpdesk 𝐿𝑆𝑆0
1457 115 6613 11

 𝐿𝑆𝑆1
2936 139 13,746 13

 𝐿𝑆𝑆2
187 51 989 10

 Hospital 𝐿𝑆𝑆0
48,154 584 207,298 18

 𝐿𝑆𝑆1
51,846 677 244,061 17

 Sepsis 𝐿𝑆𝑆0
556 461 7946 16

 𝐿𝑆𝑆1
494 425 7268 16

as shown on the right side of Fig.  13. The first group (𝑆𝑆1) consists of 
two steady states that describe the process behavior after the warm-up 
period and continues until about two-thirds of the recorded event log 
period, with one short non-steady phase in between. After that, a longer 
transition takes place toward the end of the log, leading to a new steady 
state (𝑆𝑆2).

Finding. Overall, this shows that our SSD framework can detect different 
steady states in real-life event logs. Even when only one steady state is 
present, the detected non-steady state reflects the typical warm-up and 
cool-down periods that can often be excluded to enable a more accurate 
process mining analysis.

In the following sections, we discuss how these steady and non-
steady states influence the insights gained for different process mining 
tasks.

5.2. Process discovery

In this section, we examine the impact of SSD on process discovery. 
The goal in process discovery is to derive a model that represents the 
business process and describes its control flow based on an event log 
that records past process executions. However, if the process operated 
in several steady and non-steady states, using the entire event log 
may lead to models that are inaccurate, since they mixes behavior 
from different states that reflect different operating conditions. For this 
reason, the experiment aims to determine whether the control flow 
differs when comparing the full event log with the logs that represent 
the detected steady and non-steady states.

Next, we first describe the task-specific experimental setup and then 
present the obtained results.

5.2.1. Setup
To examine whether there are differences that may affect process 

discovery in the control flow between the full event log and the logs 
representing the detected steady and non-steady states, we consider two 
measures:

1. DF-relations: The number of directly-follow relationships [30], 
that is, the number of distinct activity pairs where one activity 
occurs directly after another in at least one trace. In addi-
tion, this number is reported in relation to the total number of 
directly-follow relations in 𝐿.
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Fig. 13. Outcome of our SSD framework on two exemplary real-life event logs.
2. Fitness: The footprint-based fitness between the log that contains 
all traces and the logs representing the steady and non-steady 
states [31]. Values close to 1 indicate high behavioral similarity, 
while values close to 0 reflect low similarity.

For the Helpdesk event log, which has two different steady-state 
groups (𝑆𝑆1 and 𝑆𝑆2), we also examine the directly-follows graph 
(DFG) to compare the control flow of the full log with the behavior 
in the detected steady-state groups. A DFG is a graph in which nodes 
represent activities and edges represent directly-follows relations. To 
derive the DFGs, we use the tool Disco5 with the activity filter set to 
100 and the path filter set to 0. The tool visualizes the directly-follows 
relations in the event log and highlights paths to indicate the extent of 
a given property, such as case coverage or the average median duration 
between two activities.

5.2.2. Results
Table  11 presents the results that show the impact of SSD on process 

discovery. We see three key points.
For the BPIC15 event logs, the detected non-steady-state group 𝑆𝑆0

mainly captures the warm-up and cool-down periods at the beginning 
and end of the event log. Removing these cases does not affect the 
discovered process, because 𝐿𝑆𝑆0

 covers only a small share of the 
behavioral relations and yields fitness values between 0.22 and 0.63. In 
contrast, the cases assigned to the steady-state group 𝑆𝑆1 closely match 
the behavior of the full event log: the footprint-based fitness between 
𝐿𝑆𝑆1

 and 𝐿 reaches 1.00 or 0.99, and the directly-follows relations are 
almost identical.

Second, for the Helpdesk event log, we observe clear differences 
between the full log and the two state-specific event logs. The number 
of directly-follows relations decreases from 55 in the full log to 38 in 
𝐿𝑆𝑆1

 and 34 in 𝐿𝑆𝑆2
, while the fitness remains high at 0.92 and 0.94, 

respectively. 𝐿𝑆𝑆2
 contains 51 variants, which is 4.4 times fewer than in 

the full log (226) and almost three times fewer than in 𝐿𝑆𝑆1
, as shown 

in Table  10.

5 Available online: https://fluxicon.com/disco/.
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Table 11
Behavioral differences between the state-specific event logs compared to the 
full event log.
 Event log State-specific

event log
DF-relations Fitness 

 Count Percentage1

 BPIC12 125 100
 𝐿𝑆𝑆0

118 94 0.99
 𝐿𝑆𝑆1

125 100 1.00

 BPIC15-1 4699 100
 𝐿𝑆𝑆0

821 17 0.63
 𝐿𝑆𝑆1

4544 97 1.00

 BPIC15-2 4802 100
 𝐿𝑆𝑆0

321 7 0.22
 𝐿𝑆𝑆1

4718 98 1.00

 BPIC15-3 4909 100
 𝐿𝑆𝑆0

539 11 0.57
 𝐿𝑆𝑆1

4814 98 1.00

 BPIC15-4 3565 100
 𝐿𝑆𝑆0

554 16 0.53
 𝐿𝑆𝑆1

3462 97 0.99

 BPIC15-5 4892 100
 𝐿𝑆𝑆0

385 8 0.26
 𝐿𝑆𝑆1

4790 98 1.00

 Helpdesk 55 100
 𝐿𝑆𝑆0

43 78 0.94
 𝐿𝑆𝑆1

38 69 0.92
 𝐿𝑆𝑆2

34 62 0.94

 Hospital 143 100
 𝐿𝑆𝑆0

125 87 0.99
 𝐿𝑆𝑆1

127 89 0.99

 Sepsis 115 100
 𝐿𝑆𝑆0

107 93 0.99
 𝐿𝑆𝑆1

102 89 1.00

1 Indicates the share of DF-relations relative to all DF-relations in the event log 𝐿.

https://fluxicon.com/disco/
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Fig. 14. The DFGs for the Helpdesk event log. Left: the DFG for the entire Helpdesk event log. Center and Right: the DFGs for the state-specific event logs. The 
numbers indicate the case coverage, i.e., the number of cases in which the activity or the path appears.
These differences become more evident when comparing the DFG of 
the full log with the DFGs of the two state-specific logs (Fig.  14). For 
example, the directly-follows relation Take in charge ticket → Resolve 
ticket appears in 75.2% of cases in the full event log. However, when 
examining the DFGs of the two steady states, this path appears only 
in 𝐿𝑆𝑆1

, where it occurs in 85.1% of cases, and it is absent in 𝐿𝑆𝑆2
. 

Similarly, the path Take in charge ticket → Wait → Resolve ticket appears 
frequently in the full log. In the steady-state analysis, however, this 
behavior is mainly associated with the second steady state, whereas 
in 𝐿𝑆𝑆1

 a looping pattern between Take in charge ticket and Wait is 
observed. Finally, the activities Resolved and Invalid appear in the full 
event log and in 𝐿𝑆𝑆1

, but they are not present in 𝐿𝑆𝑆2
. Overall, this 

shows that the DFG of the full event log reflects a combination of the 
behaviors observed in the DFGs of the two detected steady states, which 
differ notably in their control-flow patterns.

Finally, for some logs, such as Sepsis, Hospital, and BPIC12, we do 
not observe clear control-flow differences between the detected states 
and the full log. These logs come from domains where each case reflects 
a unique execution, such as medical care or financial services, so SSD 
does not affect process discovery.
Finding. Based on the obtained results, we can conclude that for many 
real-life event logs, the use of our SSD framework can improve the 
accuracy of process discovery. It helps avoid misleading insights by 
preventing the mixing of behavior that appears only in non-steady 
periods with behavior that reflects the steady execution of the process 
during different steady states.

5.3. Process performance analysis

In this section, we examine the impact of SSD on performance 
analysis in process mining. The goal of performance analysis is to 
compute measures that describe how the process operates with respect 
to characteristics of interest, such as average lead time or the ratio 
of successfully completed cases. These measures can become biased 
if we do not consider whether the process was in a steady or non-
steady state, since performance in these states may differ. For this 
13 
Table 12
Process performance differences between the state-specific event logs and to 
the full event log.
 Event log State-specific

event log
Cases Lead time1 Welch t-test

 % Nr. Avg. Std. p-value Sig2

 BPIC12 100 13,087 8.62 12.13
 𝐿𝑆𝑆0

19 2516 7.57 10.23 0.00 ***
 𝐿𝑆𝑆1

81 10,571 8.87 12.52 0.12

 BPIC15-1 100 1199 95.72 121.41
 𝐿𝑆𝑆0

10 122 53.62 56.02 0.00 ***
 𝐿𝑆𝑆1

90 1077 100.49 125.83 0.36

 BPIC15-2 100 832 160.10 168.52
 𝐿𝑆𝑆0

4 30 128.08 82.62 0.06 *
 𝐿𝑆𝑆1

96 802 161.30 170.80 0.89

 BPIC15-3 100 1409 62.23 97.65
 𝐿𝑆𝑆0

7 104 33.99 25.82 0.00 ***
 𝐿𝑆𝑆1

93 1305 64.48 100.87 0.56

 BPIC15-4 100 1053 116.81 108.22
 𝐿𝑆𝑆0

6 68 99.30 173.05 0.41
 𝐿𝑆𝑆1

94 985 118.01 102.27 0.80

 BPIC15-5 100 1156 98.34 108.24
 𝐿𝑆𝑆0

7 85 111.21 95.18 0.24
 𝐿𝑆𝑆1

93 1071 97.32 109.18 0.83

 Helpdesk 100 4580 40.86 8.39
 𝐿𝑆𝑆0

32 1457 40.88 8.30 0.94
 𝐿𝑆𝑆1

64 2936 40.88 8.42 0.92
 𝐿𝑆𝑆2

4 187 40.29 8.47 0.37

 Hospital 100 100,000 127.36 130.88
 𝐿𝑆𝑆0

48 48,154 120.31 123.38 0.00 ***
 𝐿𝑆𝑆1

52 51,846 133.91 137.16 0.00 ***

 Sepsis 100 1050 28.47 60.54
 𝐿𝑆𝑆0

53 556 29.78 65.74 0.70
 𝐿𝑆𝑆1

47 494 27.00 54.12 0.63

1In days, 2Significance levels: * 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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reason, the experiment aims to compare the performance measures 
across the detected states and to determine whether these differences 
are statistically significant.

Next, we first describe the experimental setup and then present the 
obtained results.

5.3.1. Setup
To assess the impact of SSD on process performance, we consider 

the average lead time, that is, the average time between the first and 
last event of each case. We report this value for the full event log and 
for the state-specific event logs. To determine whether the observed 
differences are statistically significant, we apply the Welch t-test [32], 
which compares two means while allowing unequal variances and 
sample sizes. This test indicates whether differences in average lead 
time likely reflect true variation rather than random noise.

5.3.2. Results
Table  12 presents the differences in average lead time between the 

entire event log and the state-specific event logs.
In 6 out of 9 event logs, we observe a significant difference in 

process performance between the detected states and the full event log. 
This difference is most evident for the non-steady state 𝑆𝑆0, which 
shows a lower average lead time compared to the entire event log. 
The detected non-steady states in these logs correspond to warm-up 
and cool-down phases, as discussed in Section 5.1.2. These phases 
can exhibit unusual behavior and should therefore be excluded from 
performance analysis to obtain a reliable view of process performance 
in a steady state.

For the Hospital event log, we also observe a notable difference 
in the performance of the detected steady state 𝑆𝑆1. Compared to 
the performance in the full event log, the steady state shows a worse 
average lead time. This suggests that the warm-up and cool-down 
phases captured in the detected non-steady state may falsely improve 
the overall performance when contrasted with the performance of the 
steady state alone.
14 
Finally, for the Helpdesk event log, the two detected steady states 
also provide meaningful insights from a performance perspective, as 
shown in Fig.  15. The overall average lead time of the two steady states 
remains similar, around 40 days. At the same time, when examining 
the median duration between activities, we see clear differences in the 
execution patterns. This indicates that the transformation affected the 
control flow and the timing within the process, but not the overall 
performance.

Findings. Based on the discussed results, we see that distinguishing 
process performance between steady and non-steady states can impact 
the permanence analysis in real-life event logs and lead to differences 
that are statistically significant.

5.4. Predictive process monitoring

In this section, we examine the impact of SSD on predictive process 
monitoring (PPM). We focus on the task of predicting the remaining 
time of an ongoing case by using a predictive model trained on past 
process executions recorded in an event log. When training such mod-
els, it is common to apply bucketing strategies that group training 
samples by their properties and train a separate model for each bucket . 
Typical strategies include grouping training samples by trace length or 
clustering them based on control flow patterns (and possibly other data 
attributes). During inference, an incomplete case is assigned to one of 
the buckets, and the corresponding trained model is used for prediction. 
Our SSD framework identifies traces that belong to steady and non-
steady states. These states can serve as buckets for model training. 
Therefore, this experiment aims to compare the prediction accuracy of 
the bucketing strategy based on SSD with other bucketing strategies. 
We conduct this comparison on nine real-life event logs and with three 
predictive models.

In the following, we describe the experiment-specific setup and the 
obtained results.
Fig. 15. The DFGs for the detected steady states in the Helpdesk event log. The numbers indicate the median duration for each activity and path.
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5.4.1. Setup
Predictive models. We conducted experiments with three remaining 
time prediction approaches:

∙ DUMMY: A simple baseline that predicts the remaining time of 
an ongoing case by averaging the remaining time of training 
cases that share the same number of executed activities.

∙ DALSTM: A deep learning model based on the long short-term 
memory (LSTM) architecture that incorporates event data pay-
loads into its sequential encoding [33], thereby, outperforms 
other LSTM-based approaches in remaining time prediction [34].

∙ PGTNet: A deep learning approach that transform the event log 
into a graph dataset, and utilizes graph transformers to bal-
ance learning from the local contexts with capturing long-range 
dependencies [35], demonstrating state-of-the-art results.

For DALSTM and PGTNet, we use the configurations recommended 
in the original papers [33,35].
Prefix generation. We generate multiple prefixes from each trace 𝜎 =
⟨𝑒1, 𝑒2,… , 𝑒𝑛⟩ in the event log to establish training samples. A prefix of 
length 𝑘 ∈ [1, 𝑛 − 1], denoted as 𝜎𝑘 = ⟨𝑒1,… , 𝑒𝑘⟩ represents the partial 
execution of 𝜎 up to its 𝑘th event. We excluded the prefixes of length 𝑛, 
since they do not form meaningful prediction tasks. Moreover, PGTNet
can only predict remaining time of the prefixes of length at least two. 
Therefore, we excluded prefixes of length one for other models to 
ensure a fair comparison.
Bucketing strategies. Extracted prefixes are grouped into buckets. We 
consider four bucketing options:

∙ Single-bucketing (S-B) [36]: It serves as the baseline with no 
bucketing applied, i.e., all extracted prefixes are placed in a 
single bucket. A single prediction model is trained on all cases 
in the event log, enabling assessment of the benefits (if any) of 
other bucketing strategies.

∙ Length-based bucketing (L-B) [37]: It partitions prefixes by their 
length, training a separate model for each group. Instead of 
using each possible prefix length as a separate bucket, prefixes of 
similar lengths are combined to ensure each bucket contains at 
least 10% of training prefixes, allowing the deep learning model 
to have data for training.

∙ Clustering-based bucketing (C-B) [38]: Clustering-based bucketing 
groups similar prefixes and trains a separate predictive model 
for each cluster. Prefixes can be simply clustered based on their 
control-flow similarity, but this ignores how cluster membership 
relates to the remaining time. Instead we adapt a more effective 
strategy by using an auxiliary decision tree that directly predicts 
the remaining time and to treat its leaf nodes as clusters. Similar 
to length-based bucketing, we enforce the minimum number 
of prefixes in each cluster (i.e., 10% of training prefixes). For
DUMMY and DALSTM models, we use all available categorical 
attributes of the prefixes to train the decision tree. For PGTNet
model, we extract a compact feature vector from each graph by 
combining a node-label histogram with summary statistics of the 
edge attributes. The node histogram captures the distribution 
of activity types, while the edge features encode the mean 
and variance of all features from temporal, resource, and data 
perspectives.

∙ Steady state-based bucketing (SSD-B): This strategy groups cases 
based on whether they belong to steady or non-steady states 
detected by our SSD framework. The extraction of cases assigned 
to each state is described in the setup in Section 5.1. In contrast 
to length-based and clustering-based bucketing, this strategy 
partitions prefixes at the case level. In other words, two prefixes 
of the same case cannot belong to different buckets.
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Data split. We use a 64%-16%–20% holdout split that divides data 
into training, validation, and testing sets while preserving the natural 
chronological order. This method mitigates data leakage and simulates 
real-world scenarios where predictions are made based on historical 
data [39].
Evaluation measures. To evaluate the prediction accuracy, we use
Mean Absolute Error (MAE) that quantifies the average magnitude of 
absolute errors between predicted and actual remaining time. It is 
formally defined as: MAE = 1

𝑛
∑𝑛

𝑖=1|𝑦𝑖 − 𝑦̂𝑖|, where 𝑛 is the number of 
predictions, 𝑦𝑖 represents the actual observed values, and 𝑦̂𝑖 denotes 
the predicted values. Lower MAE values indicate higher predictive 
accuracy.

We applied the Friedman test [40] to assess whether the choice 
of bucketing strategy leads to statistically meaningful differences in 
predictive performance across the event logs for each prediction model. 
This test is non-parametric and suitable when only a small number 
of datasets is available, which aligns with our setting, as we work 
with nine real-life event logs and examine the strategies separately for 
each model. In addition, we applied the post-hoc Nemenyi test [41] to 
examine which pairs of bucketing strategies differ once the Friedman 
test indicates a significant effect. This allows us to identify, for each 
model, the strategies that achieve clearly better predictive accuracy 
across the logs.

5.4.2. Results
Table  13 reports the mean and standard deviation of the MAE 

for each remaining time prediction approach and bucketing strategy, 
across the nine event logs, computed over five runs with different 
random seeds.
Overall results. Overall, the results show that there is no universal 
strategy that performs best for all event logs and models. Length-
based bucketing (L-B) performs well in many settings. It yields the 
lowest MAE for most DALSTM models and for several PGTNet models. 
Clustering-based bucketing (C-B) also gives strong results, especially 
for the Helpdesk and BPIC12 logs. In contrast, Single-bucketing (S-
B) is less accurate in most cases. The SSD-based bucketing (SSD-B) 
improves performance only in a few specific settings. It gives the best 
results for PGTNet on BPIC15-2 and for DALSTM on BPIC15-4. For the 
remaining logs, SSD-B produces higher errors than the other strategies. 
This indicates that SSD-B is not the best choice for general predictive 
accuracy, but it can be helpful for some event logs.
Friedman tests. To support our observations with statistical evidence, 
we applied the Friedman test to assess whether the bucketing strategies 
yield significant differences in predictive performance across all event 
logs at a significance level of 95%. For the DUMMY model, the test 
did not show significant differences between bucketing strategies (𝑝 =
0.137). In contrast, for the DALSTM and PGTNet models, the Fried-
man test indicated significant differences between bucketing strategies, 
i.e., 𝑝 = 0.031 and 𝑝 = 0.017, respectively.
Nemenyi tests. For the DALSTM and PGTNet models, where the Fried-
man test shows a significant effect of the bucketing strategy, we apply 
the post-hoc Nemenyi test to identify which pairs of strategies differ. 
Fig.  16 presents the results. Each subplot corresponds to one model 
(DUMMY, DALSTM, PGTNet) and shows the Nemenyi p-values between 
all strategies as a heatmap. Larger p-values indicate no meaningful dif-
ference, while smaller p-values (𝑝 < 0.05) mark statistically significant 
differences.

The post-hoc Nemenyi tests show that for DALSTM, length-based 
bucketing (L-B) performs significantly better than single-bucketing 
(S-B) and steady state-based bucketing (SSD-B). For PGTNet, single-
bucketing (S-B) performs significantly better than clustering-based 
bucketing (C-B) and steady state-based bucketing (SSD-B). For all 
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Table 13
Predictive accuracy measured by mean absolute error (MAE) in days, using different bucketing strategies.
Event log Model S-B L-B C-B SSD-B

Avg ± Std Avg ± Std Avg ± Std Avg ± Std

Hospital
DUMMY 49.89 ± 0.00 45.85 ± 0.00 49.55 ± 0.00 57.82 ± 0.00
DALSTM 32.33 ± 0.70 30.62 ± 0.63 30.05 ± 0.58 59.90 ± 5.16
PGTNet 38.21 ± 2.42 43.39 ± 0.69 35.62 ± 0.69 51.05 ± 1.76

Sepsis
DUMMY 32.86 ± 0.00 32.65 ± 0.00 32.76 ± 0.00 38.81 ± 0.00
DALSTM 15.67 ± 0.28 15.51 ± 0.16 15.66 ± 0.04 17.57 ± 0.70
PGTNet 16.57 ± 0.18 18.34 ± 0.21 19.40 ± 1.06 20.95 ± 2.19

Helpdesk
DUMMY 13.09 ± 0.00 12.26 ± 0.00 6.06 ± 0.00 13.34 ± 0.00
DALSTM 13.11 ± 0.36 12.48 ± 0.62 12.66 ± 0.03 17.91 ± 0.44
PGTNet 5.55 ± 0.19 5.86 ± 0.12 6.11 ± 0.06 6.02 ± 0.22

BPIC12
DUMMY 7.85 ± 0.00 7.57 ± 0.00 7.00 ± 0.00 7.73 ± 0.00
DALSTM 5.98 ± 0.39 5.99 ± 0.18 6.17 ± 0.26 6.35 ± 0.69
PGTNet 5.59 ± 0.15 5.63 ± 0.01 5.79 ± 0.05 6.26 ± 0.46

BPIC15-1
DUMMY 40.45 ± 0.00 38.33 ± 0.00 28.78 ± 0.00 38.60 ± 0.00
DALSTM 35.16 ± 6.79 25.96 ± 0.73 31.88 ± 6.08 32.77 ± 5.21
PGTNet 21.79 ± 0.14 23.25 ± 1.80 28.13 ± 1.30 26.01 ± 3.96

BPIC15-2
DUMMY 71.67 ± 0.00 72.94 ± 0.00 111.12 ± 0.00 72.27 ± 0.00
DALSTM 54.79± 17.04 48.29 ± 4.33 59.60± 19.13 58.90± 12.88
PGTNet 65.06± 13.34 65.26 ± 0.60 64.11 ± 6.32 49.11 ± 9.60

BPIC15-3
DUMMY 26.50 ± 0.00 24.13 ± 0.00 19.06 ± 0.00 26.34 ± 0.00
DALSTM 15.97 ± 1.21 14.15 ± 0.17 15.46 ± 1.19 20.55 ± 2.75
PGTNet 16.03 ± 1.01 19.09 ± 0.29 17.89 ± 1.50 16.16 ± 0.73

BPIC15-4
DUMMY 75.07 ± 0.00 77.23 ± 0.00 80.20 ± 0.00 77.00 ± 0.00
DALSTM 73.13 ± 5.01 67.08 ± 1.58 69.62 ± 0.83 65.55± 12.36
PGTNet 33.56 ± 1.57 45.75 ± 1.59 57.95 ± 2.75 64.81 ± 8.98

BPIC15-5
DUMMY 48.31 ± 0.00 48.10 ± 0.00 35.23 ± 0.00 47.60 ± 0.00
DALSTM 37.23 ± 6.75 36.18 ± 0.92 39.22 ± 7.51 32.93 ± 2.59
PGTNet 35.97 ± 0.98 42.47 ± 4.06 54.41± 10.50 36.92 ± 3.88

Note: Lower MAE values indicate better prediction accuracy. Highlighted values mark the best result in each row. The bucketing strategies are: 
single-bucketing (S-B), length-based bucketing (L-B), clustering-based bucketing (C-B), and steady-state detection-based bucketing (SSD-B).
 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

other pairs of strategies, we do not observe significant performance
differences.

Findings. Based on the results, we observe that for some real-life event
logs and certain prediction models, bucketing based on detected steady
states leads to the best performance. However, we cannot conclude
that SSD yields statistically significant improvements for remaining
time prediction in general. Although it is possible to identify a good
bucketing strategy for a specific model and dataset tested in this
experiment, it is unlikely that a single strategy will perform best on all
real-life event logs and for all models in predictive process monitoring
in general. The optimal choice of bucketing method will likely depend
on the characteristics of the underlying business process.
Overall findings. Overall, in this experiment, we examined the impact
of SSD on three common process mining tasks: process discovery,
performance analysis, and predictive process monitoring (remaining
time prediction). For several real-life event logs, we found that SSD
can have a notable effect on the accuracy of process discovery and
performance analysis, as ignoring steady states may lead to misleading
results. In contrast, using SSD as a bucketing strategy in predictive
process monitoring did not yield statistically significant improvements.
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Nevertheless, the experiment highlights the relevance of SSD as an 
important pre-processing step in process mining, as accounting for 
different steady states of a business process can improve the accuracy 
of insights derived from event logs.

6. Discussion

In this section, we reflect on the strengths and weaknesses of the 
proposed framework based on the conducted evaluations.
Strengths. Our framework demonstrates several strengths. Most impor-
tantly, the findings indicate that the framework is capable of reliably 
identifying steady states in a business process in a data-driven manner 
using an event log. It achieves solid detection performance across the 
simulated scenarios, with an average MCC of 0.67, ranging from 0.97 
in the simplest scenario (S1) to 0.40 in the most complex scenario (S6). 
This is also reflected in the state-specific evaluation measures presented 
in Fig.  12.

Another point is that the framework is modular and flexible. It 
allows the instantiation of different SSD techniques in Step 2 and 
various grouping strategies in Step 3. This design ensures that the 
Fig. 16. P-value of the pairwise Nemenyi post-hoc test.



A. Kraus et al. Information Systems 140 (2026) 102740 
framework can incorporate future methodological advances and remain 
applicable as new detection or clustering techniques emerge.

Finally, the framework demonstrates practical usefulness in two 
classical process mining tasks: process discovery and performance anal-
ysis. The results show that ignoring steady states can lead to notable 
inaccuracies, whereas explicitly distinguishing between process states 
improves the reliability of the derived process mining insights.
Limitations. Our framework is also subject to several limitations. 
Although the approach is data-driven, it still requires human involve-
ment. In Step 1, the selection of the window size is not automated and, 
as shown in the evaluation, can influence the SSD results. It is therefore 
advisable to test multiple window sizes, which also support the analysis 
of steady states at different levels of temporal granularity.

In Step 2, steady states are detected based on selected process char-
acteristics; however, it is not known in advance which characteristics 
are most informative for a given business process. The optimal choice 
depends on the domain context and the available data and must there-
fore be determined by the user. The use of domain-specific or advanced 
characteristics can potentially improve the detection accuracy of the 
framework. In this study, we focused on common characteristics that 
can be derived from standard event logs. However, even with this 
limited set of features, we were able to demonstrate the usefulness of 
the framework for process discovery and performance analysis.

Finally, the accuracy of the framework depends on the performance 
and timeliness of the steady state detection techniques adopted from 
other domains in Step 2. These techniques are not specific to business 
processes, which are complex and dynamic systems that often exhibit 
nonlinear and time-lagged relationships between variables. Therefore, 
we plan to develop a multidimensional steady state detection approach 
tailored to the business process domain in future work.

7. Related work

This section reviews related work on steady-state detection (SSD). 
We first examine SSD methods that have been developed in other 
scientific and technical domains. We then discuss how SSD relates to 
similar problems in process mining.

7.1. SSD in scientific and technical disciplines

In the following, we describe how the notion of a steady state is 
used across disciplines and review representative methods that have 
been developed to detect such states.
The concept of a steady state. The concept of a steady state appears 
in many scientific and technical disciplines to describe conditions in 
which the key properties of a system remain constant over time. 
In thermodynamics [42,43], steady states refer to macroscopic vari-
ables such as temperature or pressure that stabilize after the transient 
phase. In chemical [44,45] and mechanical [46] engineering, steady 
states describe continuous processes in which reaction rates, concentra-
tions, flow rates, or throughput become time-invariant. In biology [47–
49], steady states arise when production and degradation rates bal-
ance so that molecular concentrations remain stable. In ecology [50], 
steady states describe stable environmental conditions in natural water 
systems with complex and uncertain hydrological behavior. In eco-
nomics [51,52] they characterize long-term convergence patterns of 
macroeconomic variables. The concept also plays an important role in 
other fields, including signal processing [53] and queuing theory [54], 
where stable long term behavior is central for modeling and analysis.

Across these domains, steady states share common characteristics. 
A system is in a steady state when its main variables stay constant and 
no longer show clear trends or changes. The system reaches a stable 
mode in which the effects of earlier fluctuations fade, and small short-
term variations do not alter the overall behavior. Under stable external 
conditions, this pattern remains until those conditions change. This 
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form of stability is what connects steady state concepts across many 
scientific and engineering fields.

In process mining, we see an analogous notion: a process is in a 
steady state when its statistical properties remain stable over time. In 
this situation, e.g., the number of active cases does not show systematic 
growth or decline, and cases enter and leave the process at approxi-
mately equal average rates. As a result, key performance indicators such 
as waiting times, throughput times, and resource loads fluctuate only 
within a narrow range and do not display long-term drift. Just as in 
other scientific domains, this stability reflects an equilibrium between 
inflows and outflows under fixed operating conditions. This analogy 
highlights that steady states in business processes capture the same fun-
damental idea of persistent, time-invariant behavior that characterizes 
steady states in physical, biological, and economic systems.
Solutions for SSD. Since the SSD problem was first introduced in the 
literature [55], many methods have been developed. These approaches 
rely on statistical tests, time series analysis, model-based reasoning, 
machine learning techniques, or combinations of these ideas. Some 
methods are designed for specific application domains, while others 
address different operational settings, such as online versus offline SSD.
Earliest solutions. One of the earliest approaches relied on statistical 
tests [55]. The covariance similarity test (CST) divides process data 
into equal intervals and evaluates whether the covariance matrices of 
two consecutive intervals are identical. Later, the mathematical theory 
of evidence (MTE) was introduced [56], using the Hotelling T2 test to 
compare the means and variances of successive intervals to determine 
whether the process is in a steady or non-steady state.
Model-based solutions. Model-based SSD approaches capture process 
behavior through explicit system models. An ARX-based method was 
proposed in [45], where an autoregressive model with exogenous in-
puts identifies deviations from steady conditions. Other model-based 
techniques include methods aimed at detecting slow drifts [57] and de-
terministic trend models that apply sliding windows to identify steady 
segments in data in a robust and computationally efficient manner [58].
Time series-based solutions. Time series techniques form another major 
category. Wavelet-based approaches [50,59–61] detect steady states 
by exploiting multi-resolution signal properties. Other methods rely 
on statistical time series tests, such as fitting a first-order autore-
gressive model and applying the Dickey–Fuller test to assess mean 
reversion [62]. Bayesian approaches have also been developed [63], en-
abling steady state testing across multiple data streams and estimating 
steady state conditions under a suitable prior.
Machine learning-based solutions. Machine learning-based solutions ad-
dress SSD by learning patterns associated with steady and non-steady 
behavior. Gaussian discriminant analysis has been applied to gas tur-
bine systems [64]. Clustering-based methods, such as those using k-
means [65], detect steady states after removing outliers and computing 
trend-based indices. In power systems, steady state intervals are iden-
tified using k-means clustering and piecewise linear modeling [66]. 
Other methods rely on compact representations of multivariate time 
series to support efficient classification [67].
Domain-specific solutions. Several SSD techniques have been tailored 
to or tested on specific application domains. Examples include steady 
state detection in residential air conditioning systems for fault diag-
nosis [68], in computational fluid dynamics simulations to identify 
stabilized flow fields [69], in chemical processes [45], in gas turbine 
operation [64], and in the evaporation of sodium aluminate solu-
tions [65,70]. SSD has also been studied in power systems [66] and 
in industrial heat exchangers [71]. These works show that application 
domains often impose unique requirements that motivate specialized 
detection strategies.
Multi-variable solutions. Some of the aforementioned solutions address 
the multi-variable setting, where steady state detection must account 
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for several interdependent variables that evolve together. Efficient 
methods have been proposed in [72] to detect steady conditions in such 
environments. Domain-specific multivariable techniques include adap-
tive data fusion for the alumina evaporation process [70], classification-
based representations of multivariate time series [67], and clustering-
based methods for industrial process data [65]. Sequential Bayesian 
methods have also been introduced to support online SSD by modeling 
joint mean and covariance in a piecewise constant form [73]. These 
approaches show that multivariable steady state detection often re-
quires strategies that capture shared trends, variability, and interactions 
among several process variables.
Online solution. Several solutions address SSD in online settings, where 
decisions must be made as data arrive. A Rao–Blackwellized parti-
cle filter was proposed in [74], enabling real-time updates of steady 
state beliefs. Online SSD for batch processes has been studied through 
correlation- and distance-based tracking [75]. Bayesian inference has 
been applied to update autoregressive models and test steady behavior 
dynamically [63]. Fast variance-based tests without data windows have 
also been proposed for continuous processes [76]. These methods aim 
to provide timely and reliable decisions in real-time environments.

Overall, the literature shows a wide range of techniques for SSD 
across many scientific and engineering domains. However, none of 
these methods addresses SSD in business processes, which have distinct 
forms of variability, temporal dynamics, and operational complexity. 
With our framework, we introduce the first solution tailored to the 
process mining domain. We assess the capabilities of established SSD 
techniques6 in this context and extend the analysis beyond distinguish-
ing steady and non-steady states to also differentiate between several 
types of steady behavior.

7.2. SSD in process mining

The SSD problem relates to various other problems in process 
mining.

Concept drift detection. The problem of SSD is related to concept drift 
detection in process mining, but they address different aspects. Concept 
drift detection identifies changes in the process that lead to a new 
process version [77], which operates for a certain period. In contrast, 
SSD focuses on the system-level behavior of the process, identifying pe-
riods where key process characteristics remain stable over time. These 
aspects are not necessarily correlated. For example, if a new activity 
(drift in the control flow) creates a bottleneck due to limited resource 
capacity, it is likely to impact system-level characteristics such as the 
average lead time. This would disrupt the steady state, potentially 
leading to a non-steady state or another steady state. However, if the 
new activity does not create a bottleneck, the system may remain in 
the same steady state despite transitioning to a new process version. 
Conversely, a business process can transition from a steady state to a 
non-steady state without changing its process version, for example, due 
to fluctuations in the arrival rate.
Business process simulation. In business process simulation, SSD can 
be used to address the initialization bias (or startup issue) of simulation 
models [78]. Many simulations begin from an empty state, causing 
early fluctuations that distort results and limit analysis. The primary 
goal of SSD in process simulation is to identify when a process reaches 
a steady state, which is essential for predicting reliable long-term 
insights. Despite the similar terminology, the SSD problem discussed 
in this paper is distinct, focusing on detecting the steady state of a 
business process based on past recorded behavior in an event log, 

6 Only a limited number of existing SSD methods provide publicly available 
implementations that allow for direct testing and benchmarking. In our frame-
work, we use several techniques for which implementations are available and 
which have been employed in previous studies.
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and serving as a crucial preprocessing step for various offline process 
mining techniques. We believe that the SSD problem discussed in 
this paper could also impact future applications in business process 
simulation, particularly in the automated extraction of business process 
simulation models from event logs.
Anomaly detection. Anomaly detection seeks to identify outliers or 
unusual patterns at the case level that deviate from expected process 
behavior [79]. In contrast, SSD focuses on identifying periods of stable, 
consistent process behavior across all active cases for a given period. 
However, SSD can provide a baseline for anomaly detection, making it 
easier to identify and explain unexpected behaviors. Once a steady state 
is reached, significant deviations can signal potential irregularities, 
while anomalies during non-steady states can often be explained by the 
process’s inherent instability during that period.
Statistical quality control. The problem of SSD is closely related to 
statistical quality control (SQC) [80], with both aiming to monitor 
process stability over time. However, SSD focuses on identifying when 
a process has reached a steady state, where its characteristics remain 
relatively stable. In contrast, SQC emphasizes detecting deviations from 
a desired range, typically defined by specific process characteristics that 
reflect the process’s quality or efficiency. Moreover, it is important to 
note that reaching a steady state does not necessarily mean the process 
is operating within the optimal performance range that SQC seeks to 
maintain. A process can be stable but still fall outside the desired limits.

8. Conclusion

In this paper, we propose a data-driven framework that detects 
steady and non-steady states of a business process based on information 
recorded in event logs. The framework first derives time series that 
represent system-level process characteristics. It then applies existing 
SSD techniques to these time series to identify steady states. Finally, 
these periods are grouped based on the behavior in the process char-
acteristics. In this way, the framework detects non-steady periods and 
groups of periods that belong to different steady states. Our evaluation 
shows that the SSD framework can identify steady states in an event log 
with good accuracy. The usefulness assessment further demonstrates its 
impact on process discovery and performance analysis. For predictive 
process monitoring, however, we were not able to obtain conclu-
sive results, as there is no single bucketing technique that performs 
best across all settings. Nevertheless, we identified specific event logs 
and approaches for which our framework, when used as a bucketing 
technique, led to the most favorable results.

In future work, we plan to pursue two directions. First, we aim 
to improve the approach by addressing the discussed limitations. In 
particular, in Step 1 we see an opportunity to develop automated 
window-size selection methods based on factors such as the length 
of the covered period and the number of recorded events and traces. 
The goal is to determine a suitable window size so that the resulting 
process characteristics, represented as time series, provide more expres-
sive and reliable information. In addition, correlation analysis of the 
extracted time series could help identify process characteristics that 
are less correlated and therefore more complementary, making them 
more likely to capture different perspectives of the process and improve 
steady-state detection accuracy. In Step 2, our evaluation showed that 
generic SSD techniques from other domains are not fully effective in 
the business process context. The complexity of business processes 
and the non-linear relations between their characteristics limit the 
performance of these techniques. This indicates the need for an SSD 
approach specifically designed for the process mining domain. Second, 
to gain a broader understanding of the role of SSD in process mining, 
we plan to study its impact on additional tasks, such as concept drift 
detection and business process resilience assessment. This work will 
further demonstrate the importance of SSD and its value for process 
mining research and practice.
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