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Abstract. Business processes are continuously evolving in order to adapt
to changes due to various factors. One important process drift perspective
yet to be investigated is the detection of branching condition changes in
the process model. None of the existing process drift detection methods
focus on detecting changes of branching conditions in process models. Ex-
isting branching condition detection methods do not take changes within
the process into account, hence results are inadequate to represent the
changes of decision criteria of the process. In this paper, we present a
method which can detect branching condition changes in process mod-
els. The method takes both process models and event logs as input, and
translates event logs into decision sequences for change points detection.
The proposed method is evaluated by simulated event logs.

Keywords: Process science · Data science · Concept drift detection ·
Branching condition changes.

1 Introduction and Motivation

Business processes are continuously evolving in order to adapt to changes. In
process science, such changes are referred as process drifts. Changes of processes
can occur from many perspectives. However, most of existing research papers
only focus on detecting and understanding process control-flow structure changes
(eg. the order of two activities swap after a certain time).

There are typically many decision points in process models. Studies such
as [21, 22, 23, 25] propose methods to discover branching conditions for these
decision points. However, those methods assume the conditions do not change.
Without taking process drifts into consideration, the results can be less accurate.

Fig.1 shows a simple online payment process. Initially, when the amount is
larger than $1000, a second authentication is required, and users need to type
in the SMS codes sent from their banks. A payment will only be processed
after the SMS code has been verified. However, to ensure payment security, the
amount is changed into $500 after a certain time point. It is clear to see that
we cannot accurately discover the branching conditions without the knowledge
of the change point.
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Enter card 
details

Enter SMS 
code

Process 
Payment

Before the drift: If Amount > $1000
After the drift: If Amount > $500

Else

Fig. 1. An example branching condition change

A previous study in [2] proposes an approach to discover branching frequency
changes in process models (i.e. changes in frequencies between different options
when there is an exclusive choice). In this paper, based on [2], we propose a
method to detect branching condition changes. The method takes both event
logs and process models as input and translates event logs into decision se-
quences. External change points detection methods can then be applied to dis-
cover branching condition changes. To the best of our knowledge, this is the first
paper proposing a method to discover branching condition changes in process
models. The rest of the paper is structured as follows: Section 2 is a literature
review of related work, Section 3 introduces the previous research to discover
branching frequency changes in process models. Our proposed method is intro-
duced in Section 4, and the evaluation results are reported in Section 5. We
finally conclude our paper in Section 6.

2 Background

Traditionally, studies on process drift focus on the control-flow structures. Stud-
ies such as [1, 3, 4, 5] treat each process drift as a time point when there is a
significant change among process behaviours. [1, 3, 4, 5] use a sliding window to
obtain consecutive samples among event or trace streams converted from event
logs. Then statistical tests such as the chi-square tests are applied to see if there
are significant differences. A process drift point is reported if a significant change
is found. The main goal of those methods are to locate the process control-flow
change points as accurately as possible and to reduce the impact of noises.

Instead of discovering the time points of process drifts, the aims of studies
such as [8, 9, 10, 13, 14] are to provide comprehensive results to users (i.e.
to show user what have been changed in the process). Based on the process
drift detection method in [5]. Ostovar et al. [10] applies the inductive miner
to get a process tree between each pair of process drift points and uses nature
languages to describe the differences between each pair of consecutive process
trees. Yeshchenko et al. [8, 9] use Declare miners to represent the process and
find if there is a change to each declare constraint. In addition, a comprehensive
visualisation is also provided to users. Although these methods are of benefits
to provide comprehensive information about process drifts to users, they often
only focus on the control-flow perspective.
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Detecting Branching Condition Changes in Process Models 3

Some studies focus on process drifts other than the control-flow perspective.
For example, [2] explores the changes of frequencies between different options
when there is an exclusive choice in process models. Stertz et al. [17] detects
the change of event attribute values in business processes in an online setting.
Brockho et al. [20] applies the earth mover’s distance to detect process drifts
from both the control-flow and time perspective.

Other studies focus on the cause-effect relationship between data and control-
flow perspective. For example, Stertz et al. [18] and Adams et al. [19] find change
points from multiple perspectives and try to determine if changes from one per-
spective can potentially cause changes from another perspective (eg. if the change
of room temperature can cause the change of the process control flow structure).

Most process discovery algorithms have the ability to discover decision points,
however unable to determine their branching conditions based on the data flow
[15]. Several studies about detecting branching conditions in process models have
been proposed to address the gap such as [21, 22, 23, 25]. The core idea of those
methods is to find related data attributes at the time when a decision is made.
Other approaches (eg. decision tree algorithms) are then applied to discover
branching conditions. Those methods could lead to inaccurate results when the
detected branching conditions are changing.

In summary, current process mining techniques could produce inaccurate
results without the knowledge of concept drift detection. There are no existing
approaches which can detect branching condition changes in business processes.
A method which can detect changes of branching conditions is needed in this
field.

3 Discovering Branching Frequency Changes in Process
Models

The method we propose in this paper is an extension to a previous research
in [2]. Lu et al. [2] proposes a method to discover branching frequency changes
in process models. In this section, we briefly describe the previous approach.
Firstly, some formal definitions are introduced.

Definition 1 (Perti net). A Petri net N is a triple (P, T, F) where P is a
set of places, T is a set of transitions and F ⊆ (P × T ) ∪ (T × P ) is a set of
arcs between transitions and places. For place p ∈ P , •p ⊂ T are the incoming
transitions of p, and p• ⊂ T are the outgoing transitions of p.

Definition 2 (Decision point and Branching frequency). A decision point
D in a Petri net N = (P, T, F) is a tuple (p, B) where p ∈ P,B ≡ p•. Label is
a function which assigns each branch a unique label (i.e. Label(b) = Lb, b ∈ B).
The branching frequency P (b) for b ∈ B from time t0 to t1 is the probability of
choosing b when the decision point D is executed.

∑
b∈B P (b) = 1.

Definition 3 (Branching frequency change).
A branching frequency change point for a decision point D = (p,B) is a time

point t, where there are significant changes among P (b), where b ∈ B.
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Petri-net + Event log Model – Trace alignment

12121211111……12121211111……

Choice sequencesFind drift points

1

2

A B C > >

> B C E F

Before March 1st, the probability 
of selecting A was 50%
After March 1st, the probability of 
selecting A was 20% ……

Interpret results

Select interesting decision points 
and label branches

Fig. 2. An overview of the branching frequency detection method in [2]

Fig.2 shows an overview of the method in [2]. The method takes both Petri
nets and event logs as input. Users are asked to select the decision points they
are interested in. For each decision point D selected, a label Lb is assigned for
each b ∈ B. In [2], an integer is used to label the branches. Then model-trace
alignment is used to identify the time when a decision point is executed and also
the branch selected for the corresponding execution. Each decision point has a
choice sequence, and each time it is executed, a new element will be added into
it. The formal definition of choice sequence is given below.

Definition 4 (Choice sequence). A choice sequence for a decision point D is
a sequence of tuples {t, Lb} where t is the execution time of the decision point,
and Lb is the label of the branch selected. The choice sequence is sorted by the
timestamps.

An example of discovering choice sequences is presented in Fig.3. For each
synchronize move (or silent move) in the alignment, if its corresponding transi-
tion t ∈ B, and there is an interesting decision point D = (p,B), a new element
can be added into the choice sequence.

Finally, we can use existing change point detection methods on the choice
sequence to discover branching frequency changes. In [2], the external library
called Ruptures [7] is used to detect change points, which is a python package
containing a collection of change point detection algorithms for various dynamic
systems.

4 The Proposed Method

In this section, we introduce the methods we propose to detect branching con-
dition changes in process models.

Definition 5 (Branching condition). A branching condition cb for a branch
b in decision point D (i.e. D = (p,B), b ∈ B) from time t0 to t1 is a set of rules
Rb. Each rule is associated with a set of data attributes and values.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 September 2021                   doi:10.20944/preprints202109.0191.v1

https://doi.org/10.20944/preprints202109.0191.v1


Detecting Branching Condition Changes in Process Models 5
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Trace 
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Fig. 3. Discovering Choice Sequences

Definition 6 (Branching condition change). A branching condition change
for a decision point D = (p,B) is a time point t, where there are significant
changes among cb, b ∈ B.

Discover decision sequence

1

2

Select interesting decision 
points and label branches

Petri net + Event Log 

Time

Choice 1 2 1 1

Data 5 5 6 7

Model – Trace alignment

Discover change points on both 
choice and data sequence

Merge change points and discover 
branching condition changes

Fig. 4. An overview of the proposed method

Fig.4 shows an overview of our proposed method. Similar to [2], the method
takes both Petri nets and event logs as input. Based on the inputs, the method
will convert the event log into a decision sequence which contains both a choice
sequence and data flow. Change point detection methods are finally applied to
discover branching condition change points.
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4.1 Select Interesting Decision Points and Label Branches

Firstly, users need to choose the decision points they are interested in to in-
vestigate the change of branching conditions. For each selected decision point
D = (p,B), an integer label Lb is given to each branch (i.e. b ∈ B, Lb = Label(b)).

4.2 Model-Trace Alignment and Discover Decision Sequence

In Section 3, we introduce the concept of choice sequence, which is the sequence
of decisions made each time the decision point is executed. In this section, we
extend the concept to decision sequence, which contains not only the sequence
of decisions, but also the sequence of data attributes and values which can im-
pact the decision made. The formal definition of decision sequence is given in
Definition 7.

Definition 7 (Decision sequence). A decision sequence for a decision point D
is a sequence of tuples {t, Lb, Data} where t is the execution time of the decision
point, Lb is the label of the branch selected. Data is the set of data attributes
and values which can impact the decisions made. The decision sequence is sorted
by the timestamps. A decision sequence for a decision point D can be seen as
a m × n matrix, where m − 2 is the number of data attributes which can affect
the decisions made, and n is the number of times the decision point D has been
executed.

Enter card 
details

Enter SMS 
code

Process 
Payment

Case ID Event Name Data Attributes Timestamp

1 Enter card details Amount = 1500 9:00 AM

1 Enter SMS code 9:01 AM

1 Process Payment 9:03 AM

2 Enter card details Amount = 100 11:00 AM

2 Process Payment 11:05 AM

Trace Move Enter 
card 
details

Enter 
SMS 
code

Process 
Payment

Model Move t1 t2 t4

t1

t2

t3
t4

Trace Move Enter 
card 
details

>> Process 
Payment

Model Move t1 t3 t4

Time 9:01 AM 11:05AM

Choice 1 2

Data
(Amount)

1500 100 

1

2

Silent Move

Synchronize Move

Decision Sequence

Fig. 5. Discovering decision sequences

The method to discover the decision sequence is very similar to the one to
discover choice sequence in Section 3. Firstly, model-trace alignment is performed
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to align each trace with the model. Whenever there is a synchronize move (or
silent move), if t ∈ B is its corresponding transition, and there is a decision point
D = (p,B), a new element can be added into the choice sequence. An example
of the process is shown in Fig.5, and the interesting decision point is marked
in red colour. The two possible choices are labeled as ”1” and ”2” respectively.
For the first case, we find a synchronize move on transition t2. For the second
case, we find a silent move on transition t3. As a result, we can conclude that
for the first case, a SMS code is required, and it is not required for the second
case. The decision point is executed two times in total for the two cases. Thus,
two elements are added into the choice sequence. For the first case, as there is a
synchronize move on t2, we take the time of ”Enter SMS code” directly as the
decision time. For the second case, since t3 is a hidden transition, we can take
either the time of ”Enter card details” or ”Process payment” as the decision
time. In this example, we choose the later one.

It has to be noted that in this paper, we assume the data attributes which can
affect the decision is known. Discovering which attributes can affect the decision
is beyond the scope of this paper.

4.3 Discover change points on both choice and data sequences

The core idea of the proposed method is that changes of branching frequencies
and data attribute values are very likely to indicate branching condition changes.
When a change point is found on the decision sequence, there can be three
possible scenarios:

1. There is a change on the sequences of data values, but there is no branching
frequency change (Fig.6).

2. There is a change on the branching frequencies, but there is no change on
the sequences of data values (Fig.7).

3. There are changes on both data values and branching frequencies.

The first two scenarios are very likely to cause branching condition changes.
For example, in the branching condition change shown in Fig.6, the only change
we detect is the change of amount values, and the probability of receiving SMS
code is not changed. Before the change point, 50% of the amount values are
larger than 1000, and 50% of the amount values are smaller than 1000. After
the change point, 30% of the amount values are larger than 1000, and 70% of
the amount values are smaller than 1000. Clearly, if the branching condition is
not changed, the probabilities between decisions must be changed. As a result,
the original condition for ”Enter SMS code” (ifAmount > 1000) can no longer
hold.

For the second example shown in Fig.7, the only change we detect is the
change of probabilities between the twe decisions. Before the change point, 50%
of the transactions require SMS code for verification, which is the same as the
proportion of amount values larger than 1000. After the change point, the per-
centage increases to 70%, but the proportion of amount values smaller than
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Enter card 
details

Enter SMS 
code

Process 
Payment

t1

t2

t3
t4

Enter card 
details

Enter SMS 
code

Process 
Payment

t1

t2

t3
t4

50%

50%

50%

50%

Amount > 1000: 30%
Amount <= 1000: 70%

Amount > 1000: 50%
Amount <= 1000: 50%

If Amount > 1000

ELSE

If Amount > 500

ELSE

Fig. 6. Changes only on data values

1000 remains unchanged. As a result, the original condition for ”Enter SMS
code” (ifAmount > 1000) can no longer hold.

When there are changes on both the branching frequencies and data value
sequences with similar timestamps, there could still be incidences of branching
condition changes. Further operations are needed to validate these change points.

All three scenarios stated above could be considered as incidences of changes
of branching conditions. In this step, we discover all change points on the decision
sequences. We can then apply existing change point detection algorithms. The
pipeline of this step is presented in Algorithm 1.

Enter card 
details

Enter SMS 
code

Process 
Payment

t1

t2

t3
t4

Enter card 
details

Enter SMS 
code

Process 
Payment

t1

t2

t3
t4

50%

50%

70%

30%

Amount > 1000: 50%
Amount <= 1000: 50%

Amount > 1000: 50%
Amount <= 1000: 50%

If Amount > 1000

ELSE

If Amount > 500

ELSE

Fig. 7. Changes only on probabilities between decisions

Algorithm 1: Discovering Change Points

Input: A DecisionSequence for decision point D
Output: A list of change points C

1 ChoiceSquence ← DecisionSequence.getChoiceSequence()
2 C.push(ChoiceSequence.findChangePoints())
3 Attributes ← DecisionSequence.getDataAttributes()
4 for attr in Attributes do
5 DataSequence ← DecisionSequence.getDataSequence(attr)
6 C.push(DataSequence.findChangePoints())

7 end
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4.4 Merge change points and discover branching condition changes

By applying Algorithm 1 on the decision sequence, we get a list of possible
change points. It has to be noted that it is possible that we get multiple change
points with similar timestamps. For example, if the decision sequence contains
multiple data attributes (i.e. the decision relies on values of multiple data at-
tributes), and there are changes on values of multiple data attributes, we could
find change points with similar timestamps. In this circumstance, we use cluster-
ing algorithms to combine the change points (using DBSCAN as the clustering
algorithm). DBSCAN needs two parameters: a minimal number of points in each
cluster (minPts) and a maximum radius of a neighborhood (eps). In this method,
minPts is always set to 1 since a single change point on the data/choice sequence
can indicate a branching frequency change. All change points within distances
of eps are merged into a single change point. The process is illustrated in Fig.8.

Time

Choice

Data1

Data2

Data3

Data4

Fig. 8. Merging change points, each red dot represents a detected change point

Finally, we can apply existing methods to discover branching conditions be-
tween each pair of merged change points. It is important to note that the detected
change points may not necessarily reflect all true change points of branching con-
ditions (eg. there are changes on both data values and branching frequencies,
and the original branching conditions still hold after the changes). If the same
branching conditions are discovered before/after a certain change point, it can
be ignored as a post-processing step.

5 Evaluation

We reference the artificial process model from [24] to design our experiment and
build our simulated event logs. The process describes a simple procedure a sales
representative needs to follow when an order is received. After entering product
and quantity, if the total amount is larger than a certain amount, a department
manager approval will be required. In our experiment, when the order date is
within 2020, the amount is 200k. In 2021, the amount is changed into 400k.
Two artificial logs are created to evaluate the algorithm. Each log contains 1000
traces in 2020 and 1000 traces in 2021.
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– Log 1: In both 2020 and 2021, 50% of traces require department manager
approval. In 2020, 50% of the traces have an amount value lager than 200k
(25% of the traces have an amount value larger than 400k). In 2021, 50% of
the traces have an amount value lager than 400k.

– Log 2: In both 2020 and 2021, 50% of the traces have an amount value larger
than 200k (There are no changes among the distribution of amount values).
In 2020, 50% of traces require department manager approval. In 2021, the
percentage drops to 25%).

The method we propose can work with any change point detection algo-
rithms. In this experiment, we use the Pelt algorithm within the Ruptures [7]
library as the change point detection algorithm.

Since there is only one decision point in the illustration model, each log is
translated into one decision sequence. Change point detection algorithms are
then applied on the decision sequences. In both logs, our method successfully
identifies a change point at the end of 2020. In the first log, a change point is
found on the sequence of amount values. In the second log, a branching frequency
change is detected. These results show that the proposed method has potential
to detect branching condition changes in process models.

Department 
Manager 
Approval

Insert Order
Insert 

Product and 
Quantity

Assign 
Shipment

Ship Order
Handle 

Payment

Title: Diagram
Author: Bear Lu
Export Date: 8/31/2021 www.cardanit.com

Before: If Amount > 200k 

After: If Amount > 400k 

Else 

Fig. 9. Changes only on probabilities between decisions

6 Conclusion

In this paper, we present an early-stage work of developing a new method to de-
tect the changes of branching conditions in process models. Our method trans-
lates each decision point to be investigated as a decision sequence and then
discovers change points on both sequences of data values and branching fre-
quencies. Since changes of branching frequencies and data values are very likely
to cause branching condition changes, by merging change points identified on
the decision sequence, we can validate if there are branching condition changes
before/after each change point.

The limitation of this paper is that due to the lack of real-life data, only
simple experimentation on simulated event logs are performed. This preliminary
evaluation shows that the proposed method has potential to detect branching
condition changes in process models. For future work, we aim at evaluating the
method on real-life data sets. In addition, we also aim at exploring the impact of
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different change point detection algorithms and data complexity to our proposed
approach. Finally, we also aim at implementing the method in online settings.
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