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Abstract: Concept drift, a phenomenon that can lead to degradation of classifier perfor-
mance over time, is commonly addressed in the literature through detection and reaction
strategies. However, these strategies often rely on complete classifier retraining without
considering the properties of the drift, which can prove inadequate in many scenarios. Lim-
ited attention has been given to understanding the nature of drift and its characterization,
which are crucial for designing effective reaction strategies. Drift descriptors provide a
means to explain how new concepts replace existing ones, offering valuable insights into the
nature of drift. In this context, this work examines the impact of four descriptors—severity,
recurrence, frequency, and speed—on concept drift through extensive theoretical and
experimental analysis. Experiments were conducted on five datasets with 32 descriptor
variations, eight drift detectors, and a non-detection context, resulting in 1440 combinations.
The findings reveal three key conclusions: (i) reaction strategies must be tailored to different
types of drift; (ii) severity, recurrence, and frequency descriptors have the highest impact,
whereas speed has minimal influence; and (iii) there is a need to incorporate mechanisms
for describing concept drift into the strategies designed to address it.

Keywords: concept drift; descriptor; reaction strategy; explaining concept drift

1. Introduction
In Machine Learning, concept drift refers to the phenomenon of changing the distribu-

tion of instances of a specific problem over time [1]. The causes of this phenomenon are
varied, ranging from low representativeness of the set of instances used in the classifier’s
training to changes in the environment in which the classifier operates [2]. Several works
present definitions for concept drift [3,4]. Among these, the definition proposed in [3],
summarized in Equation (1), is widely accepted and stands out:

∃x : pti (x, y) ̸= ptj(x, y), ti < tj, (1)

where x is a feature vector (x ∈ X ) that describes an instance and y represents a target
variable. X represents the set of instances, while Y is the set of target variables. A drift
occurs at time tj if the joint distribution (ptj ) differs significantly from joint distribution (pti )
at time ti. In [5], it is stated that j tends to infinity (j → ∞) in the context of data stream.

The concept drift problem can be analyzed based on two components: probabilistic
sources [3,6–11] and descriptors [5,12–14]. In the context of the probabilistic sources
component, drifts are classified as virtual or real. In the first, the decision boundary
between classes does not change. Consequently, there is no impact on the classifier’s
performance. In the second, the decision boundary between classes changes, potentially
impacting the classifier’s performance.
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In terms of the second component, the descriptors of concept drift characterize the
way a new concept replaces the current one. This characterization is based on properties
such as the severity, influence zone, speed, frequency, recurrence, and predictability of the
drift. According to the literature, this set of descriptors, detailed in Section 2, defines the
nature of concept drift [13].

Taking into account that the occurrence of real concept drift can lead to degradation in
classifier performance [6], it is necessary to implement a reaction strategy when a drift is
detected. Even though there are various possible reaction strategies, a common one is to
generate a new base classifier and a new detector based on the latest instances. However,
this strategy is not always suitable or feasible. For example, consider the scenario where
labeling is costly and there exists a significant difference between the new concept and the
current one. In this scenario, adopting the common reaction strategy can result in error
higher than before the reaction, since there may be not enough instances to correctly learn
the new concept, besides the high cost of labeling.

In the literature of concept drift, the topic of drift detection is widely addressed,
whether from a supervised [15–18] or unsupervised [7,19–23] perspective. However, the
adequacy of a reaction strategy is often overlooked. The study of the nature of concept
drift can provide the necessary knowledge to define an appropriate reaction strategy.
Nevertheless, very few works handle concept drift from the perspective of its nature.

In this context, this paper aims to analyze the impact of descriptors on concept drift.
For this purpose, a comprehensive theoretical and experimental investigation was con-
ducted. Experiments were performed on five synthetic datasets. Each dataset was simulated
with 32 different combinations of descriptors. Considering that nine different contexts were
tested in each dataset, we performed a total of 1440 tests. The results were analyzed and
compared using statistical tests.

In summary, the contributions of this paper are as follows:

• Empirical identification of relations between concept drift descriptors: Descriptors
characterizing the same phenomenon naturally establish interrelationships. The anal-
ysis of these relationships provides critical insights into the phenomenon. This study
identifies seven distinct relationships among the descriptors and classifiers, resulting
in three groups based on their influence on classifier performance, descriptor behavior,
and drift predictability. This contribution highlights the role of the interactions among
descriptors in shaping concept drift.

• Identification of descriptors with high and low impact on concept drift: The results
of this research demonstrate that the characteristics of a drift affect the classifier’s
performance in distinct ways. Thus, identifying which characteristics have the highest
impact enables prioritizing them in the design of an evidence-based reaction strategy.

The rest of the paper is structured as follows. Section 2 introduces concept drift
descriptors; Section 3 discusses related work; and Section 4 describes the relationship
between the descriptors identified in this paper. Then, Section 5 presents the experiments
conducted and the results obtained. Finally, Section 6 concludes the paper and introduces
future work.

2. Concept Drift Descriptors
A descriptor is an inherent property of concept drift that enables its characterization.

Our literature review identified six descriptors: severity, influence zone, speed, frequency,
recurrence, and predictability. These descriptors are categorized into two groups based
on dimensions considered, except for predictability, which is dimension-independent:
(i) Spatial dimension: severity and influence zone; or (ii) Temporal dimension: speed,
frequency, and recurrence. A taxonomy of the descriptors is presented in Figure 1.



Informatics 2025, 12, 13 3 of 24

DESCRIPTORS

TIMESPACE

SPEED RECURRENCEINFLUENCE ZONE

PREDICTABILITY

SEVERITY

H
IG

H

L
O

W

G
L
O

B
A

L

L
O

C
A

L

A
B

R
U

P
T

G
R

A
D

U
A

L

R
E

C
U

R
R

E
N

T

N
O

T
 R

E
C

U
R

R
E

N
T

U
N

P
R

E
D

IC
T
A

B
L
E

P
R

E
D

IC
T
A

B
L
E

FREQUENCY

P
E

R
IO

D
IC

A
L

N
O

T
 P

E
R

IO
D

IC
A

L

Figure 1. Taxonomy of concept drift in the perspective of its descriptors.

Severity categorizes the drift as high or low, while the influence zone defines it as
global or local. Speed classifies drift as abrupt or gradual; frequency as periodic or non-
periodic; and recurrence as recurrent or non-recurrent. Finally, predictability indicates
whether the drift is predictable. These descriptors characterize concept drift by addressing
six specific questions listed below: severity and influence zone correspond to questions
one, two, and three, while frequency and recurrence address questions four and five. Lastly,
predictability responds to question six [5,13,24].

1. Speed: What is the duration of the drift?
2. Severity: How does the drift occur?
3. Influence Zone: Where does the drift occur?
4. Frequency: How many times did the drift occur in a time interval?
5. Recurrence: Does drift have cyclical behavior?
6. Predictability: Is there any pattern in the occurrence of drift?

Therefore, characterizing concept drift by its descriptors is useful to understand its
nature and defining the best strategy to deal with it [5,13,24]. Each descriptor is better
detailed in the next subsections.

2.1. Severity

Severity is also known as magnitude in the literature [25]. It is related to measuring
dissimilarities in the input space between the points in time i and j, where i belongs to the
concept before the drift and j to the stable concept after the drift [5,13]. This descriptor is
formalized by [5] and summarized in Equation (2).

∆ = δ(pti (X ,Y), ptj(X ,Y)), i < j, (2)

where δ represents a function to measure the discrepancy between two data distributions,
and ti and tj represent two distinct points over time. Usually, ∆ is positive, and the higher
its value, the higher the drift severity [5].

In [13], concept drift is classified according to its severity level into two types: (1) high
(global) and (2) low (partial). The first refers to the complete replacement of the current
concept by the new concept. The second refers to a partial replacement of the current
concept by a new concept. In this case, drift affects only a part of the current concept. It
is worth mentioning that the classification of severity levels is still an open issue in the
literature [5].



Informatics 2025, 12, 13 4 of 24

Figure 2 shows examples of low- and high-severity drift in a binary classification
problem, where instances are described by two features. On the left side, (a) and (b)
represent the same input space before and after drift, respectively. The areas highlighted in
yellow indicate the regions affected by drift. These regions are only a small part of the space,
characterizing a low-severity drift. In this scenario, reacting to the drift by generating a
new base classifier and a detector (the common strategy) means forgetting the entire input
space and having to relearn all of it, including the regions unaffected by drift.

(a) (c) (d)(b) 

1 2 3 4 5 6 7 8 9

1

2

3

4

5

6

7

8

9

Figure 2. The left side represents a low-severity concept drift: yellow areas in (a,b) indicate regions
that should be forgotten and learned, respectively, after the drift. The right side represents a high-
severity concept drift: yellow areas in (c,d) indicate regions that should be forgotten and learned,
respectively, after the drift.

On the right side, (c) and (d) represent the same input space before and after drift,
respectively. It is possible to observe that the regions affected by drift represent a significant
portion of the space, characterizing a high severity drift. In this scenario, the common
reaction strategy is likely the best option to react to this type of drift, since the entire green
class was affected.

The analysis of this descriptor reinforces the fact that it is not indicated to pre-define a
drift reaction strategy without prior knowledge of its severity level. If we take the common
reaction strategy as an example, retraining requires labeled samples, which is a high-cost
process and is often unfeasible depending on the prediction task dealt with. In this case, a
recommended solution could be defining a severity level threshold to determine whether
the reaction is necessary, rather than reacting to the drift regardless of the severity level.

2.2. Influence Zone

This descriptor is related to the regions of the input space that are affected by drift [13].
We can consider affected regions as regions of conflict between the current and the new
concept, with pti (X ,Y) and ptj(X ,Y), i < j having a significant difference [5]. Figure 3
illustrates this descriptor in the context of a binary classification problem within a space
also defined by two features, x1 and x2. This figure shows in (a) that the decision boundary
is defined by x1 = 8 and x2 = 8. After drift, in (b), there is a shift of the decision boundary
to x1 = 9 e x2 = 9. This displacement results in a region of conflict between concepts
delimited by 8 ≤ x1 + x2 < 9, as shown in (c).

Depending on the region of the input space affected, drift is classified as local or global.
Local drift is characterized by a limited region of input space that is affected by the drift.
Global drift is characterized by the entire input space being affected. As a consequence,
this type of drift is more easily detected because there is a significant difference between
the concepts and there is no co-existence between them [13].
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Figure 3. Example of the influence zone descriptor: (a) the decision boundary is defined by x1 = 8
and x2 = 8. (b) After the drift, the decision boundary is shifted to x1 = 9 and x2 = 9. (c) The
displacement of the decision boundary results in a region of conflict between concepts delimited by
8 ≤ x1 + x2 < 9.

Similarly to severity, it is also important to take into account the influence zone to
determine the best drift reaction strategy to maintain classifier performance and avoid
unnecessary retraining. When the influence zone is global, probably affecting the entire
input space and consequently generating a high-severity drift, the best reaction strategy
is to retrain. On the other hand, when the influence zone is local, there are two possible
scenarios. The first occurs when the input space affected by drift involves the decision
boundary, as exemplified in Figure 3c. In this case, the reaction strategy choice should
consider other descriptors. In the second scenario, the decision boundary is not affected by
drift, characterizing a virtual concept drift, which does not affect the performance of the
classifier [3,6–11]. In this case, retraining is strongly discouraged.

2.3. Speed

Speed is related to the duration of the transition between the current and new concepts.
The drift speed is defined as the inverse of the time required for the current concept to be
replaced by the new concept [12,26]. Equation (3) provided by [13] is used to measure it:

sd =
1

tde − tds
, (3)

where tde and tds represent the endpoint and start point of the transition between the
concepts, respectively. From a numerical perspective, sd reaches its maximum value 1 when
the interval between concepts is minimal, and tends toward 0 as this interval approaches
its maximum.

Drift is categorized into two groups based on the speed descriptor: abrupt (Figure 4a) and
gradual [5,12,13,26]. The second group is subdivided into incremental gradual (Figure 4b) and
probability gradual (Figure 4c) [13]. Drift is abrupt when sd = 1 and incremental otherwise.
However, this understanding is not a consensus in the literature. For example, the authors
of [25] present different definitions for abrupt and gradual drifts.

Regarding the reaction strategy, high-speed drifts are more challenging because the
transition period between concepts is short. Consequently, there are few instances available
to adopt the common reaction strategy. In contrast, drifts with a longer transition period
between concepts allow more instances to be stored for adopting the retraining reaction
strategy. Therefore, describing the concept drift in terms of its speed is a key element to
define the best reaction strategy.
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Figure 4. (a) An abrupt drift occurs when the current concept Ci, which ends at tds, is replaced by
a new concept Cj. (b) An incremental gradual drift is a slow transformation of the current concept
into the new concept, with a transition period of length n, during which instances of both concepts
no longer coexist, producing n intermediary concepts. (c) A probability gradual drift is a slow
transformation between concepts where instances of both concepts coexist; the probability of the
current concept gradually decreases to 0, while the probability of the new concept concurrently
increases to 1.

2.4. Frequency

Frequency is defined as the inverse of the time between the start points of two consec-
utive drifts [12,13,25]. Figure 5a shows two examples of frequency, the first occurs in the
transition between the yellow concept (ti) and the green concept (tj). The second occurs
in the transition between the pink concept (tk) and the blue concept (tl). If the drifts occur
with the same frequency, they are classified as periodic; otherwise, they are classified as
non-periodic.
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Figure 5. (a) Two examples of drift with non-periodic frequency. The first, between the yellow and
green concepts, has frequency 1

4 . The second drift has 1
5 of frequency (green and pink concepts),

where i < j < k < l. (b) Recurrent cyclical drift, where f1 and f2 represent the frequencies of concepts
1 and 2, respectively. (c) Recurrent acyclic drift, where f1 and f2 represent the frequencies of concepts
1 and 2, respectively.

High-frequency drifts make it practically impossible to adopt a retraining-based reaction
strategy as they would require constant reaction. Moreover, these drifts can have a slight effect
on the decision boundary, needing no retraining of the base classifier nor even drift detection.
In the scenario of drifts with low frequency, it allows more instances to be available, providing
more knowledge to define the reaction strategy. Finally, when drifts are periodic, it is possible
to know patterns of concepts of modifications. This knowledge is useful for determining the
optimal time to retrain the base classifier and to update the drift detector.

2.5. Recurrence

Recurrence is a descriptor related to situations in which previously active concepts
may reemerge [12,13,25,27]. Considering recurrence, drifts are divided into cyclical and
acyclical [12–14]. The first is characterized by previous concepts that reemerge with constant
periodicity, while in the second, previous concepts reemerge without constant periodicity.
Figure 5b,c shows examples of recurrent cyclical (the frequency has the same values) and
acyclical drifts (the frequency values are different), respectively.
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It is also important to observe the recurrence of concepts when choosing a reaction
strategy. For instance, a strategy based on completely forgetting the current concept in a
recurrent environment will generate the need to relearn a concept already known, without
the assurance that there will be enough instances to learn it correctly.

2.6. Predictability

Predictability is related to the presence of a pattern in drifts that can be predicted.
Otherwise, the drift is completely random and cannot be predicted [13,14,25]. Several
aspects of drifts can be more or less predictable, such as the endpoints and starting points
of drifts and the regions affected, among others. There are two reasons to consider the
predictability descriptor: (1) it is easier to understand the origin and effects of a predictable
drift; and (2) there will be minimum delay and false detection rates when the drift is
predictable, which are both desired characteristics of effective drift detectors [14].

Predictability is a key element to choose a reaction strategy. In a scenario where drift
is completely random, no descriptor is able to define patterns to be predicted. In this
case, drift detection is only possible when the classifier’s performance is already affected.
Consequently, any reaction strategy can mitigate the performance loss.

3. Related Work
This section provides a summary of works that address concept drift descriptors.

These works are grouped by descriptors.

3.1. Influence Zone

The approach proposed in [28] is based on the Kullback–Leibler divergence [29]
to measure the difference between two windows of data. This approach quantitatively
identifies the sub-regions of the input space with the highest changes, thereby locating
the region of concept drift. In [30], the input space is decomposed into homogeneous
sub-regions through a decision tree, using the ρ-value of a Kolmogorov–Smirnov test [31]
as split criterion. The resulting decision tree is named a Kolmogorov-Tree [32].

The Competence-Based Discrepancy Density Estimator Method (CDDE) proposed
in [33] identifies the sub-regions of the input space where drift occurs by mapping the
discrepancies between two consecutive windows of data. In [34], the identification of
regions occurs in a similar way as in [33]. These regions contain the oldest instances that
should be forgotten. The method in [34] differs from [33] in the way they detect drift.

In [35], a comprehensive analysis of the impact of the locality (influence zone) of
a drift on the performance of classifiers and detectors was conducted. This study also
presented a new proposal for categorizing drift according to its location and the number
of affected classes. They proposed four categories: (i) Single-Class Local Concept Drift:
there is only one class that the drift affects, impacting at most 50% of its distribution;
(ii) Single-Class Global Concept Drift: there is only one class that the drift affects, impacting
at least 50% of its distribution; (iii) Multi-Class Local Concept Drift: more than one class is
affected by the drift, impacting at most 50% of each class’s distribution; and (iv) Multi-Class
Global Concept Drift: more than one class is affected by the drift, impacting at least 50% of
each class’s distribution. The authors indicate that the location of the drift influences the
classifier performance, so as that understanding where drift occurs is essential to define the
appropriate reaction strategy, which does not necessarily involve retraining.

In [36], an analysis of locality in the context of concept drift is presented. How-
ever, this is performed considering unsupervised drift detection. The study provides a
mathematical formalization for identifying regions in the data space affected by drift and
highlights the importance of translating these changes into comprehensible descriptions
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for human operators. Several approaches are discussed, including kdq-tree methods, local
neighborhood-based approaches (LDD-DIS [37]), and model-based approaches (MB-DL).
Experiments with synthetic data demonstrate that MB-DL achieved higher accuracy, espe-
cially in high-dimensional scenarios, as long as appropriate preprocessing techniques were
applied. Furthermore, the authors emphasize that explaining the changes is a critical step
for improving interpretation and response in machine learning-based systems. In addition,
they point out that research in this area remains limited and suggest future directions for
methodological and practical advancements.

3.2. Severity

In [2], a method is proposed to describe concept drift through flows, characterizing
the direction and magnitude of changes in the data distribution over time. The proposed
method mathematically formalizes the problem and offers an initial solution based on linear
models to enable explainable inspection of the features most affected by drift. Through
experiments with synthetic and real-world data, the authors demonstrate the method’s use-
fulness in tasks such as transfer learning and change visualization. The research highlights
the relevance of explainable approaches in monitoring technical systems and indicates RBF
networks and clustering techniques for this task.

3.3. Frequency

The Disposition-Based Drift Detection Method (DBDDM) proposed in [38] uses an
approach based on two windows: one fixed and one sliding. The fixed window stores
examples of the current concept, while the sliding window stores the latest examples. The
frequency is defined by an approximate random test that determines whether the two
consecutive windows differ significantly. If the divergence exceeds a threshold, a counter is
incremented, indicating the frequency.

3.4. Severity and Influence Zone

The Interpretable Drift Detector (IDD) proposed in [39] identifies the cause, affected
regions, and severity of the drift. IDD uses a decision tree structure to analyze the accuracy
of the nodes. Variations in accuracy serve as the basis for measuring drift severity, and
the path between the root and the node indicates the regions affected by drift. IDD is a
supervised method; therefore, there are restrictions on its application in real problems
where obtaining true labels is limited.

3.5. Speed and Recurrence

The approach proposed in [4] identifies the speed and recurrence of the drift based on
the output of a classical drift detector operating with two windows. The speed is computed
as defined in [13] (Equation (3)). The frequency is computed as the historical ratio between
the accuracy of the detector within each window. Similarly to the method proposed in [39],
this approach is also supervised, which limits its application in real problems.

3.6. Speed and Severity

The Quadruple-Based Approach for Understanding Concept Drift in Data Streams
(QuadCDD) proposed in [40] aims not only to detect drift, but also to provide valuable
information to support the decision on reactions based on speed and severity. QuadCDD
uses prior information about the starting and ending points of drift to define speed. It also
uses the sample’s true labels to measure severity. Therefore, this approach is completely
supervised, as there is a precondition that the start and end points of drift are known. It
is important to emphasize that in this approach, severity is defined as the difference in
classifier accuracy. This definition diverges from the one presented in Section 2.
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3.7. A Brief Comparative Analysis of Related Work

Although several studies address concept drift detection, as reviewed in [1,8,24,41–44],
there is a gap in the literature regarding studies focused on the nature of drift and, more
importantly, on how understanding this nature can provide evidence to define the ideal reaction
strategy. In this context of scarcity, the studies discussed in Section 3, and summarized in Table 1,
are the most aligned with our work.

Table 1. A comparison of related work in terms of evaluated descriptors.

Descriptors
Work

SP SV IZ FQ RR PD
Group

Guo et al. (2022) [4] • •
Dasu et al. (2006) [28] •
Hinder and Hammer (2021) [30] •
Dong et al. (2017) [33] •
Dong et al. (2021) [34] •
Agrahari and Singh (2022) [38] •
Mattos et al. (2021) [39] •

1

Hinder et al. (2020)[2] •
Aguiar and Cano (2024) [35] •
Hammer et al. (2024) [36] •
Wang et al. (2024) [40] • •
This work • • • •

2

The related studies are divided into two groups based on their similarity with our work.
Group 1 comprises studies that address concept drift detection, considering at least one
descriptor. From this group, some observations can be made. First, spatial dimension-based
descriptors are the most frequently addressed descriptors, with the influence zone being
examined in [28,30,33,34], and severity in [2,39]. This suggests that there is a potentially
better understanding of this dimension in the literature dealing with the drift phenomenon.
A second observation is that these studies, except for [4], address only one descriptor,
indicating that the combination of descriptors increases the complexity of the problem,
which is consequently a less explored point in the literature. Finally, all works from this
group do not provide an analysis of the nature of the drift and its potential impacts on
classifier performance. Different from these works, our paper focuses on analyzing the
impact of descriptors on classifier performance and identifying useful elements for the
definition of a better reaction strategy. Moreover, our work is not restricted to spatial
dimension-based descriptors, and takes into account the relationship between different
descriptors, not only individual ones.

In turn, group 2 comprises studies that analyze the characteristics of drift and its poten-
tial impacts on classifier performance, and seek evidence to define an appropriate reaction
strategy. These studies are the most similar to the approach presented in this work. However,
while the works in this group are limited to the analysis of two descriptors [40] or a single
descriptor [2,35,36], the present work stands out by analyzing four descriptors. Regarding the
learning paradigm, in [2,35,40] only the supervised paradigm is analyzed, whereas [36] focuses
exclusively on the unsupervised paradigm. To the best of our knowledge, this work is the
first to analyze the supervised, semi-supervised, and unsupervised paradigms, distinguishing
itself by offering a more comprehensive and integrative analysis of drift characteristics.
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4. Relationship Between the Descriptors
When analyzing concept drift, the relationship between descriptors must be observed

rather than considering isolated descriptors, as the joint analysis may provide a better
understanding of the phenomenon. For this reason, we present in this section some rela-
tionships between drift descriptors, identified either empirically or based on the literature.
An exhaustive list is not possible because there may be other relationships that have not
yet been identified. These relationships are divided into three groups: (1) those that do not
affect the performance of the classifier neither the detector; (2) relationships that affect the
behavior of the descriptors among themselves; and (3) those that affect the predictability of
drift. Note that only relationships between pairs of descriptors are analyzed.

4.1. Impact on the Performance of the Base Classifier and Detector

Figure 6a illustrates the relationship between severity and frequency considering dif-
ferent scenarios. The dissimilarity between two underlying concepts is observed to be low
from tk to tl , leading to minimal impact on the decision boundary. However, in scenarios
with low severity and high frequency drift, for instance from ti to tj, the accumulated dis-
similarity can lead to a significant drift in the decision boundary, consequently degrading
the performance of the classifier. It is important to observe that the relationship between
severity and frequency should not be mistaken for incremental gradual drift, depicted in
Figure 4b. Here, there are only stable concepts, whereas in incremental gradual drift there
is an interval of unstable concepts in the transition between two stable concepts.
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Figure 6. (a) Relationship between severity and frequency with dissimilarity between concepts in
time tuples (ti; tj) and (tk; tl). (b) Four states result from the relationship between these descriptors.

We also show in Figure 6b that there are four possible states resulting from the
relationship between severity and frequency. In the first (S1), drift has low severity and low
frequency. In this case, few variations occur and each new concept differs only slightly from
the previous one, resulting in a low impact on the classifier’s performance. In S2, there is
drift with low severity and high frequency. Although each new concept is very similar to the
immediately previous one, many drifts occur in a short period. Therefore, the accumulated
divergences between concepts over a short time strongly affect the classifier’s performance.
S3 is characterized by drift with high severity and high frequency. This scenario has the
strongest impact on classifier’s performance, because concepts show significant divergence
among themselves, and drifts occur in a short period. In this case, a more robust reaction
strategy is constantly required. Finally, in S4, there are drifts with high divergence between
concepts, since drift occurs over longer periods, creating a scenario with significant impact
on classifier performance. In summary, the high impacts present in S3 and S4 are due to
severity, while those in S2 come from the relationship between severity and frequency.

As previously mentioned, influence zone and severity (Section 2) describe drifts regarding
the spatial dimension. There are three ways in which they relate. The first is when the influence
zone is global, affecting the entire input space, and consequently characterizing high severity
drift. In the second, the influence zone is local, and the input space affected by drift involves
the decision boundary. In this case, severity can vary, affecting the classifier‘s performance
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and the detector. In the last one, the influence zone is local and the input space affected by
drift does not involve the decision boundary. This is a virtual concept drift that does not affect
the classifier‘s performance nor the detector [3,6–11]. Therefore, there may be drifts with high
severity located far from the decision boundary (influence zone), as well as drifts that occur in
the decision boundary but with low severity. Table 2 summarizes the relationship between
the descriptors of Group 1.

Regarding the impact on classifier performance, it is important to highlight that
concept drift is associated with environmental changes, making it a problem independent
of the type of model used. In this context, it cannot be stated a priori that deep learning
models are immune to concept drift. Although these models demonstrate robustness and
superior performance in various applications, the literature indicates that they also face
challenges related to concept drift (as noted in [45–47]). Therefore, the analysis presented
in this subsection is expected to be valid for deep learning models and shallow models.
This reinforces the importance of characterizing concept drift through its descriptors, even
in the context of more complex models.

Table 2. Summary of the relationships between descriptors that affect base classifier and detector
performance.

Group 1 Impact on the performance of the base classifier and the detector

Descriptor Descriptor

Severity Frequency
Impact

High Low High
High High High
Low High High
Low Low Low

Severity Influence Zone Impact

High Global High
High Local High 1/Low 2

Low Local Low
1 If concept drift affects the decision boundary. 2 If concept drift does not affect the decision boundary.

4.2. Impact on the Behavior of Descriptors

In this group, two pairs of relationship can be identified: frequency vs speed, and
frequency vs recurrence. In the first pair, high-frequency drifts are directly associated
with high speed, since lower drift speeds result from lower frequencies. However, lower
frequencies of drifts are not associated with low-speed drift. In terms of frequency and
recurrence, in [12], it is stated that the majority of recurrent drifts are also periodic. Table 3
summarizes the relationships between the descriptors of Group 2.

Table 3. Summary of relationships between descriptors that affect the behavior of descriptors.

Group 2 Impact on the behavior of descriptors

Descriptor Descriptor

Frequency Speed

↑ (Increases) ↑ (Increases)
↓ (Decreases) ↓ (Decreases)

Recurrence Frequency

Yes Majority 1

1 The majority parts of recurrent drifts are also periodic [12].
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4.3. Impact on the Predictability of Concept Drift

The relationship between predictability and speed, frequency, and recurrence is iden-
tified in [13]. If the drifts do not follow any patterns of speed, frequency, or recurrence,
it is not possible to predict their occurrence. In this case, detecting drift is only possible
after its occurrence, by observing the degradation of the classifier’s performance. Table 4
summarizes the relationships between the descriptors of Group 3.

Table 4. Summary of relationships between descriptors that affect the predictability of concept drift.

Group 3 Impact on the predictability of concept drift

Descriptor Pattern Descriptor Predictable

Speed Yes Predictability Yes
Frequency Yes Predictability Yes
Recurrence Yes Predictability Yes

4.4. A Brief Analysis of the Relationship Between Descriptors, Reaction Strategy, and
Application Scenarios

The effectiveness of a reaction strategy to handle concept drift is significantly dependent
on the interaction between drift descriptors and the specific characteristics of the application
scenarios. While Sections 4.1–4.3 explore the relationships among the descriptors, this subsec-
tion briefly examines how these interactions can guide the selection of reaction strategies best
suited to real-world contexts. We use some real applications as examples.

In adverse environments, such as in fraud detection, where fraudsters frequently evolve
their patterns in short time intervals to attempt to validate fraudulent behaviors, any reaction
strategy must consider the time required to restore the system before the next drift occurs.
Additionally, instance labeling frequently requires human intervention, which can impact strate-
gies such as in incremental learning [48,49], that rely on continuous labeling, often rendering
them unfeasible.

In the healthcare sector, machine learning models are employed, for example, to
predict disease behavior, analyze data from medical devices, or interpret medical imaging.
In all of these cases, the environment evolves over time and is subject to concept drift.
Recurrence and frequency descriptors play a critical role in defining the reaction strategy
for handling seasonal disease data. Retraining the classifier completely after the end of
a disease manifestation period (concept) can lead to unnecessary retraining costs when
the disease reoccurs [50–52]. In situations of disease outbreaks, such as the COVID-19
pandemic, where there is an abrupt and significant increase in cases over a short period,
drastic changes in behavior patterns, velocity, and severity descriptors play a crucial role in
defining the reaction strategy [53].

This discussion is essential for solving real-world problems, especially in dynamic
scenarios where adaptability and data-driven decision-making play critical roles. Exploring
these issues more deeply in future work could significantly contribute to the development
of more robust and effective approaches, benefiting areas such as healthcare, industry,
economy, and security.

5. Experiments and Results
The experiments were conducted to analyze the influence of the descriptors on con-

cept drift by varying the values of each descriptor. To achieve this aim, five synthetic
datasets in nine distinct contexts were investigated. First, six different drift detectors widely
known in the literature were considered: two supervised DDM [16] and EDDM [17]; two
semi-supervised DSDD [23] and MD3-EGM [19]; and two unsupervised DDAL [54] and
STUDD [55]. Moreover, oracle versions of the supervised detectors were incorporated
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in the experiment (DDM-O and EDDM-O) in an attempt to evaluate the descriptors in a
perfect drift detection environment. An oracle detector is an ideal detector that knows in
advance all the drift points without loss, false, or detection delay. Finally, the ninth context
considers no detection (ND), which is investigated to show the impact of descriptors when
detection is not performed.

In terms of descriptor values, 32 variations were tested, here referred to as scenarios.
Therefore, considering the five datasets and the nine detectors studied, a total of 160 distinct
scenarios were investigated. A decision tree was used as the base classifier in all scenarios,
with a total of 1440 different combinations analyzed. Finally, all detectors were applied
using the default values defined by their authors.

The experiments were divided into two series, as summarized in Figure 7. The first
consisted of four stages and aimed to measure the performance of the classifier (C) in terms
of prequential error, and the performance of the detector (D) regarding the percentage of
false, missed, and detection delays. False detection was defined as a detection that occurs
before a known drift; a missed detection occurred when a known drift was not detected;
and a delayed detection was recorded when the detection occurred after a known drift, but
was not characterized as a false detection. Then, the results from the first series were used
as input for the second series of experiments. Two stages composed the second series, and
the objective was to identify the combinations of descriptor values for concept drift that
generated the best and the worst results considering the ranking of scenarios based on the
median of prequential error. Both series were repeated for all nine contexts.

In the first stage of the first series of experiments, the performance metrics (Mi) of the
detector were calculated for each of the 32 scenarios in the five datasets used. Likewise, the
median prequential error (MDi) of the base classifier was calculated for each scenario in
the second stage. In the third, the average of MDi was calculated considering the medians
of the prequential error for the same scenario i in each dataset. These averages formed a
list of the classifier’s median performance in each scenario across each dataset. Finally, the
list was sorted in ascending order. This list indicated in which scenarios the base classifier
and the detector reached the best and the worst results.

The second series focused on statistical analysis of the results. The fifth stage divided
the scenarios, ranked in the previous stage, by the values of the descriptors of each of the
four analyzed descriptors. Then, in the sixth stage, the subgroups formed based on speed,
severity, and recurrence were compared using the Mann–Whitney statistical test [56], and the
subgroups formed based on frequency were compared using the Friedman statistical test [57].
In both tests, the significance level was set to 0.05. In the end, the results indicated which
value for each descriptor led to better or worse performance (Vd), as detailed in Table 5.

The first column of Table 5 indicates the scenario identifier. The second presents the
detail of the drift in terms of descriptors in the following order: Speed-Severity-Recurrence-
Frequency. The values for each descriptor are represented by their initials and are detailed
in the footnote. Columns 3, 4, and 5 show information about drift: number of existing drifts,
speed, and frequency. The presence of only one value indicates a periodic drift, while non-
periodic drifts are signaled by “Alt”, with drift interval values shown in the footnote. To better
illustrate, consider scenario 1 where drift is defined as (A) Abrupt, (H) High, (R) Recurrent,
and (PH) Periodical High, for the speed, severity, recurrence, and frequency descriptors,
respectively. In this scenario, there are 39 drifts, all with a speed set to 1 and occurring every
250 instances. Note that, to reduce space, each line represents two scenarios. The results
obtained in our two series of experiments are discussed in Sections 5.3 and 5.4.
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Figure 7. Experiment overview.

Table 5. Values of descriptors by scenarios.

Scenario Description 1 #Drift Speed Frequency Scenario Description 1 #Drift Speed Frequency

1 A-H-R-PH 39 1 250 17 G-H-R-PH 39 250 250
2 A-H-R-PM 9 1 1000 18 G-H-R-PM 9 250 1000
3 A-H-R-PL 3 1 3000 19 G-H-R-PL 3 250 3000
4 A-H-R-NP 9 1 Alt 2 20 G-H-R-NP 9 250 Alt 2

5 A-H-NR-PH 39 1 250 21 G-H-NR-PH 39 250 250
6 A-H-NR-PM 9 1 1000 22 G-H-NR-PM 9 250 1000
7 A-H-NR-PL 3 1 3000 23 G-H-NR-PL 3 250 3000
8 A-H-NR-NP 9 1 Alt 2 24 G-H-NR-NP 9 250 Alt 2

9 A-L-R-PH 39 1 250 25 G-L-R-PH 39 250 250
10 A-L-R-PM 9 1 1000 26 G-L-R-PM 9 250 1000
11 A-L-R-PL 3 1 3000 27 G-L-R-PL 3 250 3000
12 A-L-R-NP 9 1 Alt 2 28 G-L-R-NP 9 250 Alt 2

13 A-L-NR-PH 39 1 250 29 G-L-NR-PH 39 250 250
14 A-L-NR-PM 9 1 1000 30 G-L-NR-PM 9 250 1000
15 A-L-NR-PL 3 1 3000 31 G-L-NR-PL 3 250 3000
16 A-L-NR-NP 9 1 Alt 2 32 G-L-NR-NP 9 250 Alt 2

1 Pattern of Description: Speed-Severity-Recurrence-Frequency. 1 Speed: (A) Abrupt; (G) Gradual. 1 Severity:
(H) High; (L) Low. 1 Recurrence: (R) Recurrent; (NR) Not Recurrent. 1 Frequency: (PH) Periodical High; (PM)
Periodical Middle; (PL) Periodical Low; (NP) Not Periodical. 2 Alt = [1000 4000 4250 4500 4750 5000 8000 9000 9250].

5.1. Datasets

Real-world datasets have significant limitations when it comes to concept drift, particularly
due to the difficulty of accurately identifying the location of drifts or confirming their existence.
Additionally, only a few well-known datasets include verified concept drifts [58,59]. Approaches
such as injecting drifts into real-world datasets are often restricted to modifying the speed
descriptor [60], which falls short of the objectives of this study, as it explores more complex
descriptors such as speed, severity, frequency, and recurrence.

To overcome these limitations, synthetic datasets were employed in this paper because
they allow the simulation of different types of drift by modifying instances, making it
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possible to understand how the descriptors impact drift. In this work, 32 variations were
generated for each of the five synthetic datasets provided in [12]: Line, Hyperplane, SineH,
SineV, and Circle. Each dataset represents a binary classification problem with 10,000
balanced instances, without noise, and with two features, except for the Hyperplane
dataset, which contains three features.

The Line and Hyperplane datasets are defined by Σd
i=1aixi ≥ a0, where d = 1 and

d = 2 for Line and Hyperplane, respectively. In our experiments, we varied the a0 values.
SineH and SineV are defined by y = asin(bx) + c. We varied the value of b in SineH,
affecting the horizontal axis, and the value of c in SineV, affecting the vertical axis. Finally,
the Circle dataset is defined by (x− a)2 +(y− b)2 = r2, whose r values were varied. Table 5
summarizes the descriptors of the 32 generated scenarios for each dataset.

Additionally, for each synthetic dataset, specific parameters were adjusted to simulate
different types of concept drift. For example, in the Line dataset, high-severity drifts were
created by shifting the value of a0 by 0.70 for each concept, while for low-severity drifts,
the values were shifted by 0.15. Similarly, in Circle, high-severity drifts were created by
shifting the radius parameter (r) by 0.30 for each new concept, while for low-severity drifts,
the value was shifted by 0.10.

In all datasets, recurrence was simulated by repeating the concepts from the middle of
the known drifts. The frequencies of concept drift were simulated by adjusting the intervals
between their occurrences. For instance, in high-frequency scenarios, a drift occurs every
250 instances, whereas in low-frequency scenarios, they occur every 3000 instances. Lastly,
abrupt drifts were simulated by replacing the current concept with a new one after a single
instance, while gradual drifts were simulated by progressive replacement of concepts over
250 instances. Table A1 provides a detailed summary of parameter adjustments used to
represent the descriptor variations in each dataset.

5.2. Drift Detectors

The analysis presented in this paper encompasses supervised, semi-supervised, and
unsupervised environments, considering two detectors for each type of environment, which
represents a distinction from [35], which is limited to the supervised setting. The detectors
used are briefly discussed below.

In supervised environments, one of the most recognized drift detectors is the Drift De-
tection Method (DDM), introduced in [16]. This method monitors changes in the classifier’s
error rate, following the Probably Approximately Correct (PAC) learning model, which
suggests that a significant increase in error rate could signal concept drift. The authors
highlight that DDM performs better in detecting abrupt drift. To enhance its effectiveness
for gradual drift, the Early Drift Detection Method (EDDM) was proposed in [17], based
on DDM. Rather than tracking error rate directly, EDDM monitors the interval between
consecutive errors. A reduction in this interval may indicate concept drift, while a stable
interval suggests a stationary environment.

In the semi-supervised environment, we employ the method proposed in [23], named
Dynamic Selection Drift Detector (DSDD), which performs dynamic classifier selection
from an initial ensemble of classifiers and uses a configurable auxiliary drift detector guided
by a pseudo-error rate as metric to detect drifts. DSDD has three modules: (a) ensemble
creation; (b) dynamic selection; and (c) drift detection. The first module creates an ensemble
of high diversity classifiers, and the second selects the most competent classifier to label
unknown instances. The third module monitors the pseudo-error to detect drifts, using
detectors such as DDM and EDDM. In turn, MD3-EGM [19] uses an ensemble of classifiers
to form a generic margin between classes, based on the disagreement between classifiers
when labeling instances. This ensemble is created using random subspaces of the original
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feature space to train n classifiers. Drift detection occurs by monitoring the diversity
among classifiers, indicating concept drift when there is an increase in disagreement in
class assignments for unknown samples within the detection window.

Finally, in the unsupervised environment, we use the Drift Detection Method Based on
Active Learning (DDAL) proposed in [54]. DDAL is based on the hypothesis that variations
in the density of the most significant instances may signal drift. In this way, it is structured
into two phases: the first phase generates a classifier using instances within a reference
window, while the second phase is divided into three modules: drift detection, reaction,
and classification. In this second phase, DDAL continuously monitors concept drift in
each new batch of unlabeled data and, based on the drift detection results, triggers the
reaction and classification modules as needed. The second unsupervised drift detection
method used is the Student–Teacher approach for Unsupervised Drift Detection (STUDD),
proposed in [55]. STUDD is structured in two phases. In the offline phase, a teacher model
is trained, and its predictions are used to train a student model, which learns to mimic the
teacher. In the online phase, the discrepancy between the student and teacher predictions
serves as a drift detection metric, using a detector such as the Page-Hinkley test. When
drift is detected, the model adapts through retraining with recent observations, allowing
the student to adjust to the new concept.

5.3. First Series of Experiments

The results of the first series of experiments are summarized in Figure 8. It is worth
noting that the DDM-O, EDDM-O, and ND scenarios are not represented in this figure
due to the following reasons: detection is perfect (oracle) in the first two; and there is no
detection in the last one.

Figure 8. Performance metrics of drift detectors in scenarios by context. The horizontal axis of
each heatmap represents the scenarios. The vertical axis represents the datasets Circle (C), Line (L),
Hyperplane (H), SineV (SV), and SineH (SH).

When considering supervised detectors, DDM and EDDM provided the lowest delay
rates. However, DDM reached lost detection rates mostly higher than 60%, as well as
a high percentage of false detections, with some exceptions. In terms of EDDM, the
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percentage of lost detection does not follow an explicit pattern and depends on the scenario,
while the false detection rate is usually lower than 50%. In the unsupervised scenarios,
surprisingly, DDAL and STUDD did not detect drift. Consequently, the percentages of false
and delayed detections were zero, while lost detection was maximum. The performance
of unsupervised detectors was, therefore, similar to the no-detection scenario. Finally, the
two semi-supervised methods showed divergent results when compared to each other. On
the one hand, MD3-EGM and DSDD had opposite lost detection performances. On the
other, MD3-EGM achieved a lower delay detection rate, while DSDD reached a lower false
detection rate.

The direct comparison among the six detectors indicates an order relation between
them. DDM and EDDM performed the best, followed by DSDD and MD3-EGM. The worst
were the unsupervised methods, since they did not detect any drift. This poor performance
may be due to the values of the models’ hyperparameters. The success of unsupervised
methods typically depends on fine-tuning several hyperparameters. However, in our
experiments, the default values of the methods were used, without fine-tuning.

When analyzing the medians of the base classifier prequencial error in each context,
shown in Figure 9, DDM and MD3-EGM presented the worst performance, as indicated by
their highest medians of prequential error in all datasets. Moreover, DDM-O also achieved
a high error rate in the Circle dataset. The opposite results are observed for EDDM, which
achieved the lowest median of error across all scenarios. This result is consistent with the
false detection and delay rates obtained by EDDM (Figure 8).

Figure 9. Values of the medians of prequential error across all datasets.

It is also important to compare the supervised detectors to their oracle versions in
terms of prequential error. DDM-O outperformed DDM, except for on the Circle dataset.
In turn, surprisingly, EDDM provided better or equal performance compared to EDDM-O.
Finally, considering the context without detection, its performance was similar to those of
the other contexts. This suggests that the best way to react to drift is not always to retrain
the models. This observation is reinforced when we consider unsupervised methods, whose
performances are similar to those observed in scenarios with no drift detection.

5.4. Second Series of Experiments

The results of this series of experiments are summarized in Table 6 and Figures 10 and 11.
The aim is to compare the values of the descriptors to identify those with more influence
on concept drift, considering all scenarios and datasets investigated. Figure 10 illustrates
this comparison between supervised detectors and their oracle versions, while Figure 11
shows the other detectors.
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Table 6. Comparing descriptors in each context using statistical tests.

Speed Severity Recurrency Frequency
Context

A G p-Value H L p-Value R NR p-Value PH PM PL NP p-Value

DDM 16.9 16.6 0.98 18.3 14.5 <0.05 17.5 16.0 0.34 14.2 17.1 17.8 17.2 0.89

EDDM 16.2 17.0 0.78 19.8 15.1 0.19 20.4 12.7 <0.05 22.1 20.2 9.4 14.3 <0.05

DDM-O 19.3 15.4 0.13 19.2 14.9 <0.05 14.3 19.0 <0.05 18.7 18.4 9.2 16.5 <0.05

EDDM-O 17.6 15.8 0.11 19.5 13.6 <0.05 18.5 14.5 <0.05 17.0 15.4 16.7 15.7 0.61

DDAL 15.9 14.5 0.58 19.5 12.2 <0.05 16.5 15.1 0.28 23.9 16.8 10.2 13.3 <0.05

STUDD 16.7 14.9 0.68 20.2 12.1 <0.05 17.5 13.8 0.20 23.6 18.0 10.0 11.8 <0.05

MD3-EGM 16.8 16.9 0.89 18.5 14.8 <0.05 17.5 15.9 0.32 14.4 17.5 17.9 17.2 0.78

DSDD 17.6 15.8 0.11 19.5 13.6 <0.05 18.5 14.5 <0.05 17.0 15.4 16.7 15.7 0.61

ND 15.9 14.7 0.49 19.8 12.0 <0.05 16.6 14.8 0.23 23.2 16.9 10.0 13.0 <0.05

Values in bold indicate the lowest median prequential error of scenarios in the first series of experiments.
Underlined values indicate significant statistical difference according to the statistical tests for all descriptors.
Tests with significance level at 0.05.

Table 6 reports the prequential error median obtained when varying the values of the
descriptors. Values in bold indicate the descriptor value that generated the best median
of prequential error. Underlined values indicate significant statistical differences between
prequential error medians obtained by different descriptors values according to a statistical
test. The smaller the median of prequential error value obtained by a descriptor, the easier
it is to handle concept drift in the scenario generated by that descriptor value. From this
table, some observations can be made:

• For the speed descriptor, the gradual value achieved the best performance in all
contexts, except for EDDM. This exception may be associated with the fact that EDDM
was proposed to handle abrupt drifts. However, there was no context with significant
difference between abrupt or gradual, suggesting that speed has little impact on drift.

• The severity descriptor showed opposite behavior, as low severity drifts generated bet-
ter performances in all contexts. The statistical test pointed out significant differences
in all contexts, except for EDDM. This result may be interpreted as a robust indication
that severity has a strong impact on drift.

• In terms of recurrence, non-recurrent scenarios provided better performances, except
for DDM-O. The statistical test pointed out significant differences in four out of nine
contexts, indicating that recurrence has a limited impact on drift, being relevant in
specific situations.

• A similar situation was observed considering frequency. In this case, better results
were generally associated with scenarios of low frequency. The statistical test pointed
out significant differences in five out of nine contexts. All significant differences were
obtained in scenarios with low frequency, suggesting that drifts with low frequency
generally have a positive impact on the detection performance. However, occasional
influences from other descriptors may minimize the impact of the frequency descriptor.

Finally, based on the results presented in Table 6 and in Figures 10 and 11, Table 7
summarizes the combinations of descriptor values that lead to the best performances, as
well as those that lead to the worst performances when handling concept drift. For instance,
among the nine contexts, the best results were obtained in eight contexts when the speed
value was gradual.
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Figure 10. Variation in prequential error median on all scenarios investigated by varying the value
of each descriptor considering supervised detectors. Speed: (A) Abrupt; (G) Gradual. Severity:
(H) High; (L) Low. Recurrence: (R) Recurrent; (NR) Not Recurrent. Frequency: (PH) Periodical High;
(PM) Periodical Middle; (PL) Periodical Low; (NP) Not Periodical.

Figure 11. Variation in prequential error median on scenarios investigated by varying the value of
each descriptor considering the semi-supervised and unsupervised detectors. Speed: (A) Abrupt;
(G) Gradual. Severity: (H) High; (L) Low. Recurrence: (R) Recurrent; (NR) Not Recurrent. Frequency:
(PH) Periodical High; (PM) Periodical Middle; (PL) Periodical Low; (NP) Not Periodical.
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Table 7. Values of descriptors for the best and the worst results.

Speed Severity Recurrency Frequency
Results A G H L R NR PH PM PL NP

Best 1/9 8/9 0/9 9/9 1/9 8/9 2/9 2/9 5/9 0/9
Worst 8/9 1/9 9/9 0/9 8/9 1/9 7/9 0/9 2/9 0/9

Values in bold indicate the highest frequency of values by descriptor. The fraction denotes the frequency with
which the descriptor attained the specified value under the optimal and suboptimal performance scenarios across
the various contexts analyzed.

6. Conclusions and Future Work
In this study we analyzed the impact of four concept drift descriptors on the per-

formance of base classifiers and drift detectors, intending to identify the most relevant
descriptors for the drift reaction process. The experiments were conducted on five different
datasets with 32 variations in descriptor values, eight different detectors, and a context
without detection, totaling 1440 different combinations tested. The results indicated that
concept drifts characterized by low speed, low severity, non-recurrence, and low periodicity
generated smaller impacts on classifier performance. On the other hand, drifts with high
speed (abrupt), high severity, recurrence, and high periodicity generated a higher impact
on classifier performance.

Our first conclusion is that the reaction to concept drift cannot be uniform for all types
of drift. Instead, it must consider the specific characteristics of each drift and, in some
cases, it may be argued that the best response is simply not to react. When detailing the
results shown in Table 7, it was observed that speed, severity and recurrence presented
well-defined values for the scenarios with better and worse performances, while frequency
showed much less defined behavior. This suggests that the first three descriptors have the
strongest influence on drift. However, by combining these results with those in Table 6, it
is observed that only the results of severity predominantly show significant differences,
followed by frequency and recurrence.

The second conclusion is that severity, recurrence, and frequency provide, respectively,
and in descending order, the strongest impacts on concept drift. It is worth noting that the
isolated impact of severity appears to be higher than that of the other descriptors. Speed
does not appear to have an impact on drift. Therefore, any reaction strategy must consider
the descriptors with the strongest impact. Finally, our third conclusion is that there is a need
to incorporate mechanisms allowing describing concept drift into the process designed
to handle such a phenomenon. This mechanism can be executed concurrently with the
detection process. Moreover, the properties provided by the description mechanism should
be used to determine the more effective reaction strategy to be used.

Based on the aforementioned conclusions, we suggest that future research should
address the analysis of the mutual impact of descriptors on concept drift, as well as delve
deeper into the analysis of relationships between descriptors, develop mechanisms to
characterize drift in terms of these descriptors, analyze the impacts of concept drift on
deep learning models, and investigate how and if these impacts differ from those observed
in shallow models. We also intend to investigate how the specific characteristics of real-
world problems can impact the influence of descriptors on reaction strategies, and design
detectors that consider the characteristics of drift.
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Appendix A. Values of Parameters in Datasets

Table A1. Values of parameters in Line, Hyperplane, Circle, SineH, and Sine datasets by scenario.

Line Hyperplane Circle

a0 a0 rScenario
a1

Start End Step
a1 a2

Start End Step
a b

Start End Step

1|17 0.10 0.10 13.40 0.70 0.10 0.10 0.70 71.00 3.70 0.50 0.50 0.20 5.90 0.30
2|18 0.10 0.10 2.90 0.70 0.10 0.10 0.70 15.50 3.70 0.50 0.50 0.20 1.40 0.30
3|19 0.10 0.10 0.80 0.70 0.10 0.10 0.70 11.80 3.70 0.50 0.50 0.20 0.50 0.30
4|20 0.10 0.10 2.90 0.70 0.10 0.10 0.70 15.50 3.70 0.50 0.50 0.20 1.40 0.30
5|21 0.10 0.10 27.40 0.70 0.10 0.10 0.70 145.00 3.70 0.50 0.50 0.20 11.90 0.30
6|22 0.10 0.10 6.40 0.70 0.10 0.10 0.70 34.00 3.70 0.50 0.50 0.20 2.90 0.30
7|23 0.10 0.10 2.20 0.70 0.10 0.10 0.70 11.80 3.70 0.50 0.50 0.20 1.10 0.30
8|24 0.10 0.10 6.40 0.70 0.10 0.10 0.70 34.00 3.70 0.50 0.50 0.20 2.90 0.30
9|25 0.10 0.10 3.25 0.15 0.10 0.10 2.00 15.30 0.70 0.50 0.50 0.20 2.10 0.10
10|26 0.10 0.40 1.0 0.15 0.10 0.10 2.00 4.80 0.70 0.50 0.50 0.20 0.60 0.10
11|27 0.10 0.40 0.55 0.15 0.10 0.10 2.00 2.70 0.70 0.50 0.50 0.20 0.30 0.10
12|28 0.10 0.10 2.00 4.80 0.10 0.10 2.00 4.80 0.70 0.50 0.50 0.20 0.60 0.10
13|29 0.10 0.40 6.25 0.15 0.10 0.10 2.00 29.30 0.70 0.50 0.50 0.20 4.10 0.10
14|30 0.10 0.10 2.00 8.30 0.10 0.10 2.00 8.30 0.70 0.50 0.50 0.20 1.10 0.10
15|31 0.10 0.10 2.00 4.10 0.10 0.10 2.00 4.10 0.70 0.50 0.50 0.20 1.10 0.10
16|32 0.10 0.40 1.75 0.15 0.10 0.10 2.00 8.30 0.70 0.50 0.50 0.20 0.50 0.10

SineH SineV

b cScenario
a c

Start End Step
a b

Start End Step

1|17 5.00 5.00 0.00 59.66 3.14 1.00 1.00 −8.00 277.0 15.00
2|18 5.00 5.00 0.00 12.56 3.14 1.00 1.00 −8.00 52.00 15.00
3|19 5.00 5.00 0.00 3.14 3.14 1.00 1.00 −8.00 7.00 15.00
4|20 5.00 5.00 0.00 12.56 3.14 1.00 1.00 −8.00 52.00 15.00
5|21 5.00 5.00 0.00 122.46 3.14 1.00 1.00 −8.00 577.00 15.00
6|22 5.00 5.00 0.00 28.26 3.14 1.00 1.00 −8.00 127.00 15.00
7|23 5.00 5.00 0.00 9.42 3.14 1.00 1.00 −8.00 37.00 15.00
8|24 5.00 5.00 0.00 28.26 3.14 1.00 1.00 −8.00 127.00 15.00
9|25 5.00 5.00 0.00 14.82 0.78 1.00 1.00 −2.00 55.00 3.00
10|26 5.00 5.00 0.00 3.12 0.78 1.00 1.00 −2.00 10.00 3.00
11|27 5.00 5.00 0.00 0.78 0.78 1.00 1.00 −2.00 1.00 3.00
12|28 5.00 5.00 0.00 0.78 3.14 1.00 1.00 −2.00 10.00 3.00
13|29 5.00 5.00 0.00 30.42 0.78 1.00 1.00 −2.00 115.00 3.00
14|30 5.00 5.00 0.00 7.02 0.78 1.00 1.00 −2.00 25.00 3.00
15|31 5.00 5.00 0.00 2.34 0.78 1.00 1.00 −2.00 7.00 3.00
16|32 5.00 5.00 0.00 7.02 0.78 1.00 1.00 −2.00 25.00 3.00

References
1. Gemaque, R.N.; Costa, A.F.J.; Giusti, R.; dos Santos, E.M. An overview of unsupervised drift detection methods. WIREs Data Min.

Knowl. Discov. 2020, 10, e1381. [CrossRef]
2. Hinder, F.; Kummert, J.; Hammer, B. Explaining Concept Drift by Mean of Direction. In Proceedings of the Artificial Neural Networks

and Machine Learning—ICANN, Bratislava, Slovakia, 15–18 September 2020; Farkaš, I., Masulli, P., Wermter, S., Eds.; Springer: Cham,
Switzerland, 2020; pp. 379–390.

https://github.com/albertfrancajosuacosta/Dataset---Analysis-of-descriptors-of-concept-drift-and-their-impacts
https://github.com/albertfrancajosuacosta/Dataset---Analysis-of-descriptors-of-concept-drift-and-their-impacts
http://doi.org/10.1002/widm.1381


Informatics 2025, 12, 13 22 of 24
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