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Abstract. Process mining is concerned with extracting knowledge about
business processes based on digital traces left during their execution.
Most existing process mining methods are focused on stable processes.
However, processes tend to change over time in response to changing reg-
ulations or market conditions but also due to internal dynamics. Concept
drift is a phenomenon in process mining when a process changes during
the timeframe when it is analyzed. Following the change in how a process
is executed, process complexity also changes over time. Despite this ap-
parent connection, the relationship between these concepts have not been
explicitly studied. In this paper, some theoretical considerations on how
concept drift can be reflected in process complexity are presented. These
considerations are then evaluated using artificial and real-life event logs.
The results support the considerations and invite a multitude of ques-
tions for future research.
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1 Introduction

Business processes change over time. This change can be caused by a number
of reasons, both internal to the process and external. New regulations or change
in the market can cause the processes to add activities or variants. Process
optimization and streamlining initiatives, on the other hand, can eliminate re-
dundant activities and shrink the variability of the process. Even without any
top-down incentive, processes can still change as process participants optimize
their work, find workarounds, or change preferences from one path to the other.
All these changes in the way a process is executed fall under the category of
concept drift.

Another important aspect of any business process is its complexity. Com-
plexity of business processes has multi-faceted influence on their execution and
ultimately process performance [11]. As processes change over time, so does pro-
cess complexity. However, the relationship between these two concepts have not
yet been made explicit and studied rigorously. In this paper, the first consid-
erations about the impact of concept drift are presented and evaluated with a
simple artificial scenario as well as a real-life event log.
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2 Background

2.1 Concept Drift

Concept drift is a known problem in data mining. It describes the case where
the relationship between the input and the target variable changes over time [9].
In process mining, it refers to a situation where the process changes over time.

Drift detection techniques analyze event logs or streams of events in search of
concept drift. The simplest techniques merely report whether a drift was detected
or not, mode advanced ones can also report when the drift happened, what type
of drift it was and which part of the process was affected. Most techniques
apply statistical hypothesis testing, i.e. they compute some characteristics of
the process in different time windows and compare them using statistical tests.
If the difference is significant, a drift is reported. Other techniques rely on trace
clustering and detect drift by detecting the changes in cluster composition over
time. Change point detection methods convert event logs into multivariate time
series and identify changes in their values [14].

There are several aspects of concept drift . First, one can distinguish be-
tween momentary and permanent drift. The former is often considered an out-
lier and is filtered out, while most techniques focus on the latter. Another aspect
is the type of drift. One can distinguish between sudden, gradual, incremen-
tal and recurring drift [3]. As process mining deals with multiple perspectives,
also concept drift can be related to one (or more) of the following perspectives:
control-flow, time, resource and data. While there are now emerging approaches
to study e.g. drifts in resource perspective [5], most approaches focus on the
control-flow perspective. [12] defines the following patterns of concept drift in
imperative process models: adding/deleting fragments, moving/replacing frag-
ments, adding/removing levels, adding control dependencies, changing transition
conditions.

2.2 Process Complexity

Complexity of business processes manifests itself in multiple ways [8]. There
have been several approaches to quantitatively assess process complexity, how-
ever, they either relied on perceptual measures or on complexity of process mod-
els. Recently, event log complexity has received increased attention as it uses
evidence of how process was really executed to numerically assess process com-
plexity. It can be distinguished between four categories of event log complex-
ity [1,11]. Complexity measures related to size capture the number of traces,
events, event classes and lengths of traces. Variation-related metrics capture the
number of variants of how process can be executed. Distance-related metrics try
to numerically assess the degree to which these variants differ. Finally, entropy-
based metrics try to unify these three aspects. Most complexity metrics in these
streams relate to control flow, however some approaches to also incorporate data
complexity have emerged [10]. Some studies have already delved into change of
processes over time and connected change of complexity [11,7,13]. However, none
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of these papers has explicitly connected process complexity with concept drift.
Also, [7] used random drifts in the process, while the observations of business
processes claim that the real drift patterns are more limited.

3 Theoretical Considerations

Concept drift implies that there are two versions of the process: before and
after the change point. The claim of this paper is that a drift in control-flow
perspective is connected to change in at least one of the complexity metrics. The
following observations outline the expected connection in more detail.
Observation 1. If activities are added or removed from the process, this will be
captured by size-related complexity metrics, i.e. size-related complexity values
will differ in two states.
Observation 2. If process variant is added or removed, this will be captured
by variation-related complexity metrics.
Observation 3. If process variants are added or removed, or some process vari-
ants are being changed while others remain intact, this will be captured by
distance-related complexity metrics.
Observation 4. During the drift, when both process versions coexist, variation-
related metrics will see bursts with higher values than both before and after the
drift, since they consider both variants from the old process as well as variants
from the new process.

Thus, for instance, especially gradual drifts increase the number of variants
observable in transition period, which will be captured by variation-related met-
rics. After the old version is replaced, however, complexity will drop again. In
case of recurring drift, these dynamics will be observed multiple times if the
windows are granular enough. Otherwise, with coarse-grained windows, it may
appear that variant-related complexity is permanently high.

4 Evaluation

In order to empirically evaluate the connection between process complexity and
concept drift, both artificial and real-life event logs were used. This section de-
scribes the evaluation scenario and the observed results.

4.1 Artificial Logs

As a starting point, this work uses the first pattern described in Section 2.1,
namely deleting the activities. The initial process model is a simple order-to-cash
process described in [2]. It is a sequential process with single variant having 6
activities. Three of these activities are removed during the drift. The simulations
were performed using CDLG tool [4]. For the sake of brevity, only a brief excerpt
of the results is presented, however, full results together with the process model
are available on GitHub1.
1 https://github.com/MaxVidgof/complexity-drift-data
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(a) Pentland pro-
cess complexity
(sliding windows,
size 40)

(b) Pentland pro-
cess complexity
(sliding windows,
size 50)

(c) Pentland pro-
cess complexity
(sliding windows,
size 50, step 20)

(d) Sequence en-
tropy (sliding win-
dows, size 50, step
20)

Fig. 1: Complexity over multiple periods in presence of sudden drift.

As activities are removed, size-related complexity metrics report lower values
after the drift. Bursts in variation-related complexity can indeed be seen. How-
ever, only if window size is such that some windows include both old and new
version of the process. In case of gradual drift, the entire drift period has higher
variation-related complexity. Entropy-based complexity can offer a more detailed
view as is becomes more evident when and how many of the new versions are
added and when old versions start to die out. In incremental drift, every drift
point is associated with a burst in variation-related complexity.

4.2 Real-life Logs

In the Italian helpdesk log 2, there are 2 known drifts: on July 25th 2011, and
on September 11th 2012 [6, p. 45]. For the evaluation, this event log was split
into non-overlapping monthly windows by trace start. The change in complexity
observed in this event log is multi-faceted, however some complexity metrics
seem to correlate with drifts. For instance, magnitude and support (size-related
metrics) both drop around the drift points. Average trace length drops at the
first drift and recovers at the second, while staying low in between. Both drifts
are also characterized by abrupt falls in Pentland task complexity and Lempel-
Ziv complexity (variation-related metrics) around the drift points, signalling a
reduction in the variance of the process around these timestamps. This is also
mirrored by the lower number of distinct traces.

4.3 Discussion

Even the first step of the evaluation allowed to confirm some of the observations
and to make further ones. As in the artificial log the drift was related to number
of activities, size-related metrics are different before and after the drift, confirm-
ing Observation 1. Bursts in complexity predicted by Observation 4 can indeed
be observed, however, under some additional conditions. These bursts are only
2 https://data.4tu.nl/articles/_/12675977/1
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seen when in some window both the old and the new versions of the process coex-
ist. This, however, cannot be guaranteed by non-overlapping windows. Thus, in
contrast to concept drift detection techniques that benefit from non-overlapping
windows, observation of process complexity over time should be done with over-
lapping windows. This also provides the explanation to bursts in complexity
observed in [7]: such bursts are present only for variation-related complexity and
only if windowing strategy captures the coexistence of the process versions.

5 Conclusion

Concept drift is a phenomenon where a process changes while being analyzed.
These changes have been classified, and algorithms have been developed for their
detection. However, the relationship between concept drift and complexity of
business processes has not been studied. In this paper, a first step has been made
towards explaining this connection. Preliminary results support the expected
relation, however, many open questions for further exploration remain.

5.1 Future Work

This paper presents several directionf for future work. First, it is planned to ex-
tend the evaluation on artificial logs in multiple directions. This includes testing
multiple drift types described in [3], multiple scenarios described in [12], employ-
ing further windowing strategies, including cumulative complexity measurements
similar to [10], as well as evaluating on further existing artificial logs [9].

Second, more thorough evaluation using real-life logs is planned. This includes
not only employing more event logs with known drifts but also more thorough
data preparation (e.g. noise filtering) and more detailed analysis of the results.

Third, it is worth explicitly incorporating the model complexity into this
discussion. In presence of concept drift, the models discovered from different
observation periods may not only differ in their structure and content but also in
their complexity, which would add another interesting angle to this phenomenon.

Fourth, given the observed connection, it may be reasonable to also develop
a drift detection technique based on process complexity or at least incorporate
process complexity as one of the variables into drift detection techniques based
on statistical tests or multivariate time series analysis.

Finally, the opposite direction of this connection can be studied, as, for in-
stance, increased complexity of the process may lead to its intentional or unin-
tentional simplification, i.e. concept drift.
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