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Abstract Data streams have become increasingly important due to the massive
volume of data generated by recent advances in electronic devices and sensors
widely used in smart cities and Internet-of-Things applications. However, mining
continuous data in non-stationary environments with concept drifts poses sig-
nificant challenges, such as the need for model updates with recent patterns. A
common approach for detecting concept drift is based on model performance mon-
itoring, where a drop in performance indicates the occurrence of drift requiring
a model update. The Adaptive Windowing (ADWIN) is the most representative
method that follows the performance monitoring approach. However, ADWIN and
similar methods often rely on labeled data, which may not be readily available
in streaming scenarios. We propose ADWIN-U (Adaptive Windowing for Unsu-
pervised Drift Detection), an unsupervised concept drift detector based on the
state-of-the-art ADWIN. Our proposal is independent of labeled data for drift
monitoring, making it suitable for real-world stream problems where complete la-
beled data is costly or impractical. Our experimental evaluation demonstrates that
ADWIN-U outperforms its supervised version in various domains. Furthermore, we
address the limitations of existing evaluation measures for drift detection, which
tend to favor approaches that require extensive labeled data. We propose a novel
evaluation metric – Balanced Accuracy by the Amount of Requested Labeled Data
(BAR). BAR considers the trade-off between accuracy and the proportion of la-
beled data requested for model updates, favoring accurate detectors with low false
alarm rates while minimizing the reliance on labeled data.
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1 Introduction

Mining data streams have gained importance in the last years due to the massive
amount of data generated in real-time by networks, smartphones, and all kinds of
electronic devices and sensors currently available in smart cities [11]. These devices
continuously produce vast amounts of data in non-stationary environments, where
the underlying data distribution may change over time. This phenomenon, known
as concept drift [16], poses a significant challenge for data stream mining, such as
the need for updated models to avoid increasing error rates [36].

Modern data mining solutions are dynamic and must handle massive amounts
of data with evolving patterns by updating their models with the most recent data.
In order to reduce the costs of unnecessary model retraining, these solutions run
a concept drift detector to decide the best times and adequate data for updates.
Furthermore, updates only when needed can drastically reduce the cost of obtain-
ing labeled data, a challenge in streaming applications involving large amounts of
data [47].

The most simple and popular approach for detecting concept drifts in a data
stream is based on model performance monitoring [3, 27]. These methods assume
that if the classifier performance substantially degrades in a given time compared
to its recent history, a drift must have occurred, and its model needs to be updated.
Drift Detection Method (DDM) [15], Early Drift Detection Method (EDDM) [2],
and Adaptive Windowing (ADWIN) [5] are well-known examples of drift detectors
based on this assumption and employ different strategies to verify when a drop in
performance is a drift event.

ADWIN is the most representative and state-of-the-art drift detection tech-
nique among the different methods that follow the performance monitoring ap-
proach [3]. The ADWIN detects drifts by tracking the average of recently seen
items from the stream using a varying window. Such a window can store a stream
of bits or real-valued numbers. Although ADWIN can monitor any information
from the stream, virtually all work from the literature employs it in a supervised
way to monitor the performance of a classifier (e.g., [6, 19, 21, 24, 25, 28, 29, 31,
34, 35, 37, 39, 50]). The monitored values can be a binary representation of the
prediction yi = {0, 1} in which 0 means a correct prediction of an example Xi,
while 1 means an incorrect prediction, or it can be real values that represent an
evaluation measure given recent data, such as accuracy or f-measure [27]. In both
cases, ADWIN requires labeled data to monitor such information.

The main limitation of performance monitoring approach is the requirement of
fully labeled data. Since obtaining labels in a streaming scenario in which data ar-
rives at high-speed and are potentially unbounded is costly, this supervised setting
is limited or even infeasible in many real-world problems [20, 45, 48]. Although
some recent proposals focus on unsupervised drift detection, the employment of
the state-of-the-art ADWIN method under this setting still needs to be explored.

We propose ADWIN-U (Adaptive Windowing for Unsupervised Drift Detec-
tion), a concept drift detector based on ADWIN that does not depend on labeled
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data for change monitoring. We evaluated different approaches and settings to em-
ploy ADWIN in an unsupervised manner by monitoring simple descriptive statis-
tics extracted from the examples or no cost information provided by a classification
model, such as the confidence score of predictions.

We experimentally demonstrate that ADWIN-U can outperform the perfor-
mance of its supervised version in different real-world stream applications when
adequate statistics are extracted and monitored from data, such as skewness and
kurtosis. Unlike well-used mean and standard deviation statistics, skewness and
kurtosis extract higher-order information related to the distribution’s asymme-
try and tailedness. These statistics proved suitable for identifying distributional
changes, making them particularly effective for unsupervised drift detection.

In addition to introducing ADWIN-U, we also address the challenges of evalu-
ating drift detectors in the unsupervised setting. The general procedure to evaluate
drift detectors is to measure the accuracy performance of a classifier updated ac-
cording to the detections. However, this procedure does not consider the amount
of labeled data requested for model retraining, favoring methods with a high rate
of false alarms, , leading to frequent and unnecessary updates that require large
volumes of labeled data. To address this, we propose a novel evaluation measure
– Balanced Accuracy by the Amount of Requested Labeled Data (BAR), that con-
siders the trade-off between accuracy and the amount of labeled data requested
for the model updates. BAR prioritizes accurate detectors with a low false alarm
rate and is particularly suitable for scenarios where labeled data are costly or
impractical to obtain during the drift monitoring phase.

The main contributions of this work are summarized below:

– The proposal of an unsupervised drift detector based on a comprehensive in-
vestigation of approaches and strategies to adapt the state-of-the-art ADWIN
method to the unsupervised setting. We explored and compared two distinct
approaches (single detector and multiple detectors) and ten statistical measures
extracted from the stream. Our findings demonstrate that multiple detectors
using skewness or kurtosis provide superior results, forming a key component
of the proposed ADWIN-U drift detector. The evaluation was conducted on
ten real-world non-stationary data stream problems across various domains;

– A novel measure to evaluate unsupervised drift detectors that considers the
trade-off between accuracy and proportion of requested labeled data. Such a
measure prioritizes precise detectors with a low false alarm rate, and it is more
adequate for realistic scenarios where labeled data is scarce or limited.

This article is organized as follows. We discuss the related works regarding
unsupervised drift detection methods in Section 2. In Section 3, we introduce the
fundamentals and definitions of data streams, concept drift, and drift detection
using supervised methods. Our unsupervised drift detector is introduced in Sec-
tion 4, and the proposed metric BAR to evaluate unsupervised drift detectors is
presented in Section 5, respectively. The experimental evaluation and discussions
are presented in Section 6. Finally, Section 7 presents our conclusions and future
works.
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2 Related work

Most supervised drift detectors require that the ground-truth labels be available
almost immediately after every prediction for performance monitoring. The as-
sumption of label availability after predictions is very optimistic and not realistic
in many situations due to the high cost of manual labeling a massive amount
of fast arrival data, restricting the use of supervised detectors in practical prob-
lems [43, 44]. Even with this restriction, most works concentrate on supervised
solutions that depend on labeled data. As shown in a broader review of concept
drift detection [30], 85% of solutions are supervised, while 12% are semi-supervised,
and only 3% of works are unsupervised methods. However, there has been an in-
creasing interest in unsupervised detectors in the last few years [17].

While supervised methods focus on detecting changes in the relationship be-
tween features and the target variable (i.e., real drift), unsupervised methods de-
tect changes in features (i.e., virtual drift or feature change) due to the lack of
labels [16, 44]. These methods generally detect drifts by statistically comparing
the distributions of two windows with past and recent data from the stream. These
windows can contain the raw data, a classifier output (e.g., probabilities or dis-
tances), or the estimated class labels by a model [53]. An alternative approach, as
proposed in this work, is to extract statistical measures from raw data or classifier
output to populate the monitored windows. Different strategies can be considered
for updating the windows, statistical tests with varying assumptions, or differ-
ent strategies can be employed to detect changes according to the type of data
monitored in the stream. Next, we discuss some unsupervised detectors.

The Incremental Kolmogorov-Smirnov (IKS) [40] monitors each feature indi-
vidually, checking by drifts employing the non-parametric statistical test Kolmogorov-
Smirnov. If detected a change in the distribution of any feature, a drift is declared.
The test uses a randomized tree to insert and remove examples, making it possible
to efficiently perform the statistical test incrementally without recomputing the
values from scratch.

The Discriminative Drift Detection (D3) [22] is a method that uses a discrim-
inative classifier as a proxy to distinguish recent and old instances. The classifier
is trained and tested periodically, aiming to distinguish whether the new samples
from the stream are from a similar distribution as the old. The drift is detected ac-
cording to the classifier performance, measured by the Area Under Curve (AUC).
Since it is possible to obtain the classes old and new based on the arrival time of
the stream examples, it does not depend on the actual labels of the problem for
performance monitoring. Thus, a drift is detected if the distributions of old and
new samples vary. One Class Drift Detection (OCDD) [23] is similar to the D3,
but uses a One Class Classifier instead of logistic regression. OCDD monitors the
outlier percentage in the following data samples as a signal for drift.

The Image-Based Drift Detector (IBDD) [44] is an unsupervised method suit-
able for detecting drifts in high-dimensional data streams. IBDD represents n-
dimensional data using a 2-dimensional gray-scale image. To check for changes in
the distributions of old and recent data, IBDD compares the similarities between
the pair of images generated for these distributions using the Mean Squared De-
viation (MSD). Then, the values returned by MSD are monitored over time using
a dynamic threshold.
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The Student-Teacher Unsupervised Drift Detection (STUDD) [10] algorithm
compares the behavior of two models, a teacher, and a student, to detect drifts.
Initially, the algorithm builds a teacher model using the first batch of labeled ex-
amples from the stream. The algorithm then creates an auxiliary model called the
student, which mimics the behavior of the teacher model. As new examples arrive
from the stream, the algorithm compares the prediction results of the student and
teacher models. It is possible to monitor the student’s imitation loss to detect con-
cept drift. Concept drift is indicated in this process when the accumulated error
between the models becomes significant.

3 Background

3.1 Data streams and concept drift

Real-world applications such as those related to Internet-of-Things (IoT) and sen-
sors continuously generate data streams in non-stationary environments. Data
streams are fast-paced and potentially infinite heterogeneous sequences of in-
stances that arrive ordered by time. Formally, a data stream is defined by a set
S = {X1, X2, . . . , Xt, X∞}, whereXt is a d-dimensional vector in the feature space
that was observed at time t.

Systems modeled for mining data streams work over different constraints than
those that deal with static batch data. For instance, storing all stream instances
is infeasible due to the lack of memory. These systems also need to process and
provide real-time responses once data arrives or at least before the arrival of the
following example. Besides, many applications process high-speed streams (e.g.,
a seismic monitoring system processes a hundred observations per second [52]),
requiring time-efficient solutions. Due to time constraints, even simple problems
like duplicate item detection [12] can be challenging in the stream setting.

The most prominent challenge stream systems face is dealing with changes in
the underlying data distribution, a phenomenon named concept drift [16]. Concept
drifts affect the performance of classifiers, making them outdated when new con-
cepts emerge due to the changes in data distributions. In classification, a concept
drift occurs between the times t and t +∆, if Pt(X,Y ) ̸= Pt+∆(X,Y ), where Pt

refers to the joint distribution at time t given a set of examples X and their class
labels Y . Concept drifts constitute a central issue in stream learning since they are
responsible for outdating predictive models, leading to degradation in accuracy.

Concept drift and its impact on a classification problem are illustrated in Fig-
ure 1. In Figure 1(a), we show a two-class problem in which a linear model success-
fully separates both classes. After concept drift, the class definitions change, and
the current model becomes outdated, as illustrated in Figure 1(b). In Figure 1(c),
we illustrate the model updated to fit the new concepts.

The changes in data distributions can occur in different manners and velocities.
Figure 2 illustrates three types of drifts: incremental, abrupt, and gradual. In this
figure, we represent the concepts by the color and shape of a geometric figure that
starts as a light square at the beginning of the stream and becomes a dark circle
at the end. The change to a new concept can have many intermediary concepts
(incremental drift), change drastically (abrupt drift), or the gradual emergence of
the new concept. Real-world applications can generate data with different changes
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(a) Initial model

Model

(b) Outdated model

Model

(c) Updated model

Fig. 1 Impact of concept drift on a two-class classification problem.

and for different reasons. For example, a sudden shift in user preferences can lead
to an abrupt concept drift in a recommender system. As users’ interests evolve,
their preferences may change significantly, causing drifts in the underlying patterns
and relationships within the data.

Incremental drift

Abrupt drift

Gradual drift

Fig. 2 Representation of different types of drift. The concepts represented by the shape of a
geometric figure can evolve incrementally, abruptly, or gradually.

3.2 Drift detection

Stream classifiers use drift detectors to indicate the best times for the model
update with recent data. An efficient detector must trigger model updates as soon
as such changes are detected, avoiding unnecessary updates due to the costs of
label requests and providing a stable accuracy over the stream.

We can categorize drift detection methods as supervised and unsupervised, ac-
cording to the use of labeled data for drift monitoring [46]. Supervised methods
assume the immediate availability of the actual class label of each example after
processing it and use this information to monitor performance indicators, assuming
that drifts cause performance drops. Some examples of popular supervised detec-
tors based on error-monitoring are DDM [15], EDDM [2], Exponentially Weighted
Moving Average for Concept Drift Detection (ECDD) [42], and ADWIN [5]. In
the following, we briefly discuss how these methods work.

The DDM assumes that while the data is stationary (i.e., without drifts),
the error distribution of a classifier follows a binomial distribution. To monitor
changes, the method defines three distinct states for error evolution: i) in-control,
when the error remains stable; ii) warning, when the error begins to rise but has
not reached critical levels; and iii) out-of-control, when a significant increase in
the error rate occurs. Specifically, a drift is detected by DDM when the condition
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pi + si ≥ pmin +3× smin is reached, where pi represents the error rate and si the
standard deviation at instant i, while pmin and smin are the minimum recorded
error rate and standard deviation up to that point. The warning state begins when
pi + si ≥ pmin + 2 × smin. In this case, the method temporarily stores data in a
short-term memory, which is later used to rebuild the classification model if the
error transitions to the out-of-control state.

Inspired by DDM, the EDDM follows a similar approach of categorizing the
error into three states, but the monitoring emphasizes the average distance be-
tween consecutive errors rather than solely the error rate. The method keeps track
of a running average of the distance between errors, denoted as p′i, and its associ-
ated standard deviation, s′i. In this case, p′i represents the mean distance between
errors up to time i, while s′i represents the standard deviation of these distances.
Additionally, the method monitors the maximum recorded values of p′i + 2 × s′i,
referred to as p′max + 2× s′max, which are updated whenever p′i + 2× s′i reaches a
new maximum. A concept drift is detected when the ratio of Equation 1 is reached,
in which the authors empirically find 0.9 as a threshold that indicates a significant
change in the error distribution.

p′i + 2× s′i
p′max + 2× s′max

< 0.9 (1)

EWMA for Concept Drift Detection (ECDD) is a method that applies the
Exponentially Weighted Moving Average (EWMA) [41] for concept drift detec-
tion. The EWMA technique estimates a mean of a sequence of random variables
X1, X2, . . . , Xn, progressively downweighting older data to emphasize recent ob-
servations. This exponentially weighted mean at time t is denoted by Zt. The
EWMA value Zt at a point t is defined with a new Xt data value and weight λ in
Equation 2.

Z0 = µ0,

Zt = (1− λ)Zt−1 + λXt
(2)

A change is flagged when the estimator satisfies the condition Zt > µ0+LσZt
.

This means a concept drift is detected when the current EWMA value Zt exceeds
the initial mean µ0 by L times the standard deviation of the EWMA estimator
(σZt), where L is a user-defined value named control limit. The first application
of EWMA to concept drift detection was proposed in Yeh et al. [51] as a Bernoulli
distribution. However, it depends on knowing the mean of the distribution in
advance, which is not realistic in practical streaming applications. ECDD then
formulates the EWMA using the estimated mean µ̂t and standard deviation σ̂Zt,
as defined in Equation 3.

µ̂0,t =
1

t

t∑
i=1

Xi =
t− 1

t
µ̂0,t−1 +

1

t
Xt

σ̂Zt
= µ̂0,t(1− µ̂0,t)

√
λ

2− λ
(1− (1− λ)2t)

(3)

ECDD alerts a concept drift when Zt > µ̂0,t + Lσ̂Zt
. Estimating µ̂ online has

implications for the choice of L. The authors use a Monte Carlo method [18], which
defines L as a polynomial of degree 7 as a function of µ̂.
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Since our proposal is an adaptation of the state-of-the-art supervised drift
detector ADWIN for the unsupervised setting, we present details of this method
in Section 3.3 to support our proposal using simple statistics from data.

3.3 ADWIN

ADWIN (ADaptive-WINdowing) [5] is one of the most popular and accurate su-
pervised drift detectors from the literature. The algorithm idea is to maintain and
monitor a variable-length window W with recent information obtained from the
stream, such as the error rate of a classifier or its binary output in terms of hits
and misses. In both cases, obtaining the labels of all examples from the stream is
an essential step to maintain W .

The window W is partitioned into every possible two sub-windows with varying
lengths, W1 and W2, that are used to determine if a change has happened. A drift
is detected if any two sub-windows have distinct averages according to a confidence
statistical bound ϵ derived from Hoeffding’s theorem [26]. Upon detecting a drift,
W1 is replaced by W2, and a new W2 is initialized from scratch with the following
stream examples.

To better understand the statistical bound employed by ADWIN to detect
drifts, consider n1 and n2 as the lengths of windows W1 and W2, n as the sum
n1 + n2, m as the harmonic mean of {n1, n2}, σ2

W as the variance of the observed
values in the window W , and a level of confidence δ. Equation 4 defines such a
bound given the sub-windows W1 and W2. ADWIN pseudocode is presented in
Algorithm 1.

ϵ =

√
2

m
σ2
W ln(

2n

δ
) +

2

3m
ln(

2n

δ
) (4)

Algorithm 1 ADWIN
Input: A data stream S, a confidence level ϵ
1: W ← ∅
2: for xi ∈ S do
3: W ←W ∪ {xi} (i.e., add xi to the head of W )
4: for each split of W into W = W1 ·W2 do
5: while |µ̂W1

− µ̂W2
| ≥ ϵ do

6: Drop elements from the tail of W
7: end while
8: end for
9: end for

The version presented in Algorithm 1 is computationally costly since the algo-
rithm must verify every two subsets of a window W . To overcome this limitation,
the authors proposed an efficient version by maintaining buckets of data via an
exponential histogram technique [5]. The exponential histogram technique reduces
the computational and space complexity of ADWIN by grouping data into buckets
of varying sizes, where each bucket stores a summary of the data (e.g., counts or
statistics) instead of individual data points. These buckets are organized so that
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their sizes grow exponentially (e.g., 1, 2, 4, 8, . . .), allowing the algorithm to main-
tain a compact representation of the window W . When a new data point arrives,
it is added to the smallest bucket, and buckets are merged as needed to maintain
the exponential structure. This approach significantly reduces the number of sub-
sets that need to be checked for concept drift, as the algorithm only examines the
boundaries between buckets rather than all possible pairs of subsets in W .

Regarding computational cost, the exponential histogram ensures that oper-
ations such as adding a new data point or checking for drift are performed in
constant time O(1). Additionally, the space complexity is reduced to logarithmic
O(log(W )) as the number of buckets grows logarithmically with the size of the
window W . In this work, we consider such optimized version.

Although computationally efficient, the algorithm may be considered impracti-
cal in scenarios with a high cost for accessing labeled data, requiring unsupervised
detectors as proposed in this paper. The access to class labels is an optimistic
assumption made by methods such as DDM, EDDM, ECDD, and ADWIN.

4 ADWIN-U: Adaptive Windowing for Unsupervised Drift Detection

We propose ADWIN-U (Adaptive Windowing for Unsupervised Drift Detection),
a drift detector based on the windowing strategy adopted by ADWIN to de-
tect changes without requesting any labeled data for window monitoring. Instead,
ADWIN-U monitors simple descriptive statistics from the examples (e.g., skew-
ness, kurtosis) to detect changes in the stream following a fully unsupervised ap-
proach. As well as the original ADWIN, our detector can work coupled with a
model. In this case, only a few labels (last seen examples) are requested for the
model update after a drift is detected. However, no labels are requested during
the drift detection/monitoring task.

4.1 Monitoring approaches

ADWIN-U extracts statistics from the data and stores it in single or multiple win-
dows for drift monitoring. We do not maintain the windows explicitly, but a com-
pressed bucket representation obtained by an exponential histogram technique [13]
that allows using multiple windows efficiently. We propose two approaches for
ADWIN-U according to the number of detectors and, consequently, the number
of windows monitored:

– Single detector: we extract a statistic si from each stream example Xi and
store it into a single window W that is monitored over time by the ADWIN
detector. Thus, instead of monitoring changes in the error rate of a classifier,
we monitor changes in a descriptive measure of the stream examples;

– Multiple detectors: we extract a statistic si from each stream example Xi

while a supervised model predicts a label yi ∈ Y for the example, in which
Y = {c1, c2, . . . , cl} is a set of l class labels for the classification task. Then, the
statistic si is stored in a corresponding window Wy according to the predicted
class label y. Thus, in a multi-class problem with l class labels, ADWIN-U
maintains and monitors l independent windows. Besides, if any detector iden-
tifies a concept drift, all of them are restarted.
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Figure 3 illustrates the single and multiple detectors approaches. While the
single detector approach is model-independent, using multiple detectors requires
a classification model to maintain the statistics separated by class into l windows
according to the predictions. However, it is not a limitation since rarely a drift
detector is not coupled with a classification model. It is also important to note
that the assignment of the statistic si to a window Wy is solely based on the
predicted labels provided by a model, not requiring the actual labels.

X1 X2 X3 Xi…

Single detector using a window W

X4

Data Stream

S1 S2 S3 S4 … Si

S1 S2 S3 S4 … Si

S1 S2 S3 S4 … Si

Iteration 1

Iteration 2

Iteration N

…

w1 w2

Extract statistics si from each example Xi

If detects a drift, request the labels of w2 
to update the current model and restart W

Labels of w2

(a) Single detector

X1 X2 X3 Xi…

Multiple detectors using l windows

X4

Data Stream

S1 S5 S6 S9 … Si

S1 S5 S6 S9 … Si

S1 S5 S6 S9 … Si

…

w1 w2

Extract statistics si and predicts a class 
label yi for each example Xi

S2 S3 S4 S7 … Si-1

S2 S3 S4 S7 … Si-1

S2 S3 S4 S7 … Si-1

…

w1 w2

Class label 1 Class label l

If ANY detector identifies a drift, request the labels of w2 
to update the current model and restart W

Labels of w2

…

(b) Multiple detectors

Fig. 3 Proposed approaches for ADWIN-U. The method can monitor drifts using a single or
multiple detectors. When multiple detectors are considered, we need a classification model to
separate the statistics si extracted from the examples according to the predicted class y.

4.2 Overview of statistical measures for monitoring

Our unsupervised approach can monitor any statistics extracted from the data
following the two approaches previously discussed. This paper evaluates the per-
formance of ten simple statistical measures. The primary criterion guiding this
selection was computational efficiency and the ability to update the statistics in-
crementally in an online fashion, which is critical for streaming applications. In
this regard, we prioritized statistics that could be updated incrementally with each
new data point, allowing for continuous monitoring without storing large amounts
of historical data [49].

The statistics are shown in Table 1. In these equations, we consider that x
is the sample we want to extract a statistical measure, and n is the number of
observations in the sample. Since we extract these values of each example from
the stream, n will be the dimensionality of the example. Besides these statistics,
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we also monitor the highest probability outputted by the classification model given
an example. This information is denoted as probability in the table results.

Table 1 Statistical measures considered by ADWIN-U in the experimental evaluation.

Statistical measure Equation

Mean x =
1

n

n∑
i=1

xi

Median x̃ =

{
x(n+1)/2, if n is odd
1
2

(
xn/2 + xn/2+1

)
, if n is even

Variance σ2 =

∑n
i=1(xi − x)2

n

Standard deviation σ =

√∑n
i=1(xi − x)2

n

Harmonic mean HM =
n∑n

i=1 x
−1
i

Geometric mean GM = n

√√√√ n∏
i=1

xi

Skewness g1 =

∑n
i=1(xi − x)3

nσ3

Kurtosis κ =

∑n
i=1(xi − x)4

nσ4

Coefficient of Variation CV =
σ

x

Median absolute deviation MAD = median(|xi − x̃|)

Although mean, standard deviation and variance are popular measures to mon-
itor changes in data distribution, mainly for supervised methods, we note through
our experiments that skewness and kurtosis [32] presented the best results in the
unsupervised setting, as we will further discuss in Section 6.2. These statistics
measure higher-order information from data, capturing aspects of the distribu-
tion beyond central tendency and dispersion. In the following, we present a brief
discussion of these measures [9].

Skewness is a measure of the lack of symmetry of a distribution. A distribu-
tion is symmetric (or zero skewness) if it looks the same to the left and right of
the center point, while the mean, median, and mode are the same. Conversely, a
distribution has positive skewness when the tail on the right side is longer (i.e.,
the mean and median will be greater than the mode) and negative when the tail
of the left side of the distribution is longer or than the tail on the right side (i.e.,
the mean and median will be lower than the mode). We illustrate these cases in
Figure 4.

Kurtosis is a measure that defines how heavy-tailed or light-tailed a distribu-
tion is when compared to a Gaussian distribution. For example, in Figure 5, we
illustrated a Gaussian distribution that has zero kurtosis (left), a sharper distribu-
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Positive skewness Zero skewness Negative skewness

Fig. 4 Example of asymmetric (with positive and negative skewness) and symmetric distri-
butions.

tion that has positive kurtosis (center), and a flatter distribution that has negative
kurtosis (right).

Zero kurtosis Positive kurtosis Negative kurtosis

Fig. 5 Example of data distributions with positive and negative kurtosis.

Variance measures the spread of data points around the mean. Higher variance
indicates that the data points are more dispersed, while lower variance indicates
that they are more tightly clustered around the mean. In Figure 6, we illustrate two
distributions around the mean in zero with low and high variances of approximately
0.2 and 4, respectively.

6 4 2 0 2 4 6
Value

0

50

100

De
ns

ity

Low variance
High variance

Fig. 6 Example of data distributions with low and high variance.

The Coefficient of Variation (CV) measures the relative spread of data by di-
viding the standard deviation by the mean. This measure captures variations in
the data’s spread and central tendency. In Figure 7-left, we illustrate a distribution
before and after drift where the standard deviation is the same, but the means dif-
fer, resulting in different CV values. In Figure 7-right, we present another scenario
where the distributions have the same mean but different standard deviations be-
fore drift, also leading to distinct CV values that can be used to detect concept
drift.
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Fig. 7 Example of Coefficient of Variation (CV) in a data distribution before and after concept
drift with mean and standard deviation changes. In both cases, the values computed by CV
reflect the drift.

The Harmonic Mean (HM) is a type of average particularly useful when dealing
with rates, ratios, or scenarios where lower values should have a greater influence.
Unlike the arithmetic mean, the harmonic mean assigns greater weight to smaller
values, making it less sensitive to outliers with extremely high magnitudes. While
it is not typically used for comparing data distributions, the harmonic mean is ef-
fective when data contains features in which smaller values carry more significance,
or feature magnitude fluctuations are inversely proportional to their importance.
On the other hand, the Geometric Mean (GM) calculates the central tendency
and is particularly appropriate for data involving growth rates or multiplicative
relationships, as it captures the compounding effects inherent in such data. Both
statistics (HM and GM) are alternatives to the traditional arithmetic mean.

The Median Absolute Deviation (MAD) calculates the median of the absolute
deviations of data points from the distribution’s median. Unlike the standard
deviation, which is sensitive to outliers, MAD focuses on the central portion of the
data. Such characteristic makes it particularly useful in scenarios where extreme
values may distort traditional measures of dispersion such as standard deviation
or variance.

4.3 Computational complexity

The ADWIN-U complexity is analogous to its supervised version. For the single
detector approach, the worst-case time complexity is O(log(W )), and for the mul-
tiple detectors approach, it is O(l log(W )), where l is the number of detectors (i.e.,
the same number of classes in a problem), and W is the window length.

However, it is important to consider the cost of extracting the statistical mea-
sure that populates the monitored windows. For efficient processing, we need to
consider incremental computation of the measure instead of recomputing the val-
ues from scratch as new examples arrive [49]. For example, to compute skewness
incrementally, we must store information such as the current mean, variance, and
third central moment. As new examples arrive, the mean is updated, and the sec-
ond and third central moments are adjusted accordingly. This allows the efficient
calculation of skewness without iterating through all previous examples, reducing
both time and space complexity.
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5 Balanced Accuracy by the Amount of Requested Labeled Data
(BAR): an evaluation measure for realistic stream settings

A concept drift detector is an algorithm that takes a data stream as input and
outputs an alarm if a change in the distribution of the examples is detected,
indicating the position in the stream where the changes occur [4]. Evaluating the
drift detector’s performance is challenging due to the stream dynamics and lack
of ground-truth information about the changes. In an ideal scenario, we know the
exact positions of all changes in a stream, allowing us to evaluate the detector
by measures that consider the compromise between detecting actual changes and
avoiding false alarms, such as Mean Time between False Alarms (MTFA), Mean
Time to Detection (MTD), and Missed Detection Rate (MDR) [4]. However, this
ground truth is completely observable only in simulated and artificial data, limiting
the use of such measures in practice.

Since the primary role of a concept drift detector is to trigger updates in
a predictive model at the right times to maintain stable performance in a non-
stationary environment, it is usual to consider the accuracy of a model coupled
with a detector as an indirect measure of the detector performance.

The main limitation of this approach is that it does not consider the number
of changes detected. For example, a detector that identifies a change in each new
instance will keep the classifier updated with the most recent data for the entire
stream. In this case, the detector can lead to an accurate model, which requires
100% of labeled data for continuous updates. However, in realistic stream settings,
data arrives at high-frequency rates, and requesting labels is costly or unfeasible.

Due to the costs of obtaining labeled data, unsupervised drift detectors are
more suitable in stream settings. In this direction, evaluating a detector coupled
with a classifier also needs to consider the trade-off between accuracy and the
amount of labeled data requested for the model update, favoring accurate detectors
that do not make the classifier highly dependent on labeled data.

Inspired by the traditional f-measure, which considers the harmonic mean of
precision and recall, we propose an evaluation measure for unsupervised concept
drift detectors named Balanced Accuracy by the Amount of Requested Labeled Data
(BAR). The BAR measure considers the harmonic mean of the model accuracy and
the proportion of labeled data requested for its updates over the stream evaluation.
It must be noted that accuracy is the primary metric used to compose our measure.
However, it can be replaced by other measures adequate to the evaluation settings
or problem, such as Kappa statistic [7]. Equation 5 presents the BAR measure.

BAR = 2× accuracy × (1− requested labels)

accuracy + (1− requested labels)
(5)

To illustrate the trade-off between accuracy and requested labels captured by
the BAR measure, we show six scenarios in Table 2. In these scenarios, we have
strong, average, and weak classifiers that can depend on or be independent (or less
dependent) of requesting labels. Ideally, the best scenario is an accurate classifier
(strong) that requests labels a few times (label requesting independent). In this
case, we consider the detector precise in identifying the most relevant changes only
at the right times.

In Table 2, we note the average and label independent classifier placed as
the second-best scenario according to our measure. A strong but label dependent
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Table 2 BAR values obtained in varying scenarios considering strong, average, and weak
classifiers that can depend on labels or be independent of such requests.

Scenario Accuracy (%) Requested labels (%) BAR
Strong classifier 90 90 0.18Label requesting dependent
Strong classifier 90 20 0.85Label requesting independent
Average classifier 70 90 0.18Label requesting dependent
Average classifier 70 20 0.75Label requesting independent
Weak classifier 30 90 0.15Label requesting dependent
Weak classifier 30 20 0.44Label requesting independent

classifier is ranked near the bottom of the list with BAR of 0.18. We find the weak
and label dependent classifier at the bottom of the ranking with BAR of 0.15.

It should be noted that lower BAR values are not an unquestionable indicator
of a poor drift detector. For some complex datasets (e.g., with a large number of
underrepresented classes), it is challenging to have an accurate classifier, which
will inevitably reduce the measure values. Thus, it is essential to compare the
results of a detector with an upper bound that could be the BAR values obtained
by baseline methods that request 100% of labels.

6 Experimental evaluation

The algorithms were implemented in Python using the ADWIN implementation
provided by scikit-multiflow [38]. All our experiments are reproducible, the source
codes and additional results are publicly available on the paper’s website [1].

6.1 Settings

We performed all our experiments on ten real-world stream datasets from the USP
Data Stream Repository [46]. In Table 3, we describe the number of examples used
to build an initial model when needed (e.g., for the multiple detectors approach of
ADWIN-U, and Blind/Persistent baselines), the number of test examples, features,
and classes of each dataset.

Table 3 Description of the evaluated non-stationary stream datasets.

Dataset # Initial train # Test # Features # Classes
Electricity 1,000 44,312 8 2
GasSensor 3,910 10,000 128 6
Insects-Abrupt 1,000 51,848 33 6
Insects-Gradual 1,000 23,150 33 6
Insects-Incremental 1,000 56,018 33 6
LADPU 300 22,650 96 10
Outdoor 2,000 2,000 21 40
Rialto 5,000 77,250 27 10
StarLightCurves 1,000 8,236 1,024 3
Yoga 300 3,000 426 2
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We based our analysis on three evaluation measures: i) accuracy, ii) percentage
of requested labeled data for the model update after drift detections, and iii) our
proposed measure BAR, which combines both measures.

To compute the evaluation metrics, we employ a rolling holdout validation
approach in which the training and test sets are defined based on drift positions
detected over the stream. Initially, we train a model considering the first examples
N from the stream, as defined in Table 3, and then we evaluate the model per-
formance on the remaining examples. Since the detector is coupled with a model,
we used the last-seen examples for training (model update) whenever a change is
detected, and then we tested on the following examples, repeating the process until
the end of the stream. Thus, we can evaluate if the model updates are performed
at the best times. All results consider a Random Forest [8] as the base learner and
a confidence level δ = 0.002 for the ADWIN.

We compare our proposal against the following baselines that simulate two
extreme and opposite situations of a drift detector coupled with a classifier:

– Blind: a static classifier trained a single time with the initial examples from
the stream and never updated. This baseline simulates a blind drift detector
coupled with a classifier that does not identify any drift. This scenario does
not require any labeled data in the test phase;

– Persistent: a classifier that updates its model with every arrival example from
the stream. This baseline simulates a persistent detector that identifies a drift
for every new example processed, triggering continuous model updates and
requiring 100% of labeled data in the test phase.

In addition to the baselines, we compare the results of ADWIN-U against an
unsupervised drift detector based on the use of the Kolmogorov-Smirnov statis-
tical test (KS-TEST) [33, 40] that monitors changes in the distribution of each
feature of the examples. We also compare our unsupervised detector against the
supervised version of ADWIN. Specifically, we monitor two supervised information
from the stream, leading to the following versions: i) ADWIN (error), which mon-
itors changes in the classifier´s error rate, i.e., real-values between 0 and 1; and
ii) ADWIN (output), which monitors the classifier´s hits and misses, i.e., binary
values where 0 means the prediction was wrong and 1 means the prediction was
correct.

6.2 Analyzing and choosing the best setting for ADWIN-U

As discussed in Section 4, ADWIN-U can follow two approaches i) using a single
detector and ii) multiple detectors. In addition, different statistical measures can
be extracted from each stream example for the drift monitoring in both cases.
In this section, we analyze the performance of both approaches using different
statistical measures.

In order to find the best setting, we can initially identify the best statistical
measure for each approach and then compare them. Table 4 shows the accuracy
achieved by ADWIN-U with multiple detectors using ten different statistical mea-
sures and using the probability outputted by the classifier. In this table, the last
column indicates the rank position of each algorithm’s setting according to the
Friedman test [14]. The rank position of a setting represents its mean ranks across
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all outcomes, where low ranks indicate that a setting wins more often than its
competitors with higher ranks.

Table 4 Accuracy of ADWIN-U with multiple detectors and different statistical measures.

Elec GasSensor Insects-AInsects-GInsects-ILADPUOutdoorRialtoSLCurves Yoga Rank
Mean 77.62 66.00 46.09 37.28 38.81 52.60 48.80 49.92 23.22 56.23 6.70
Median 74.29 65.89 47.52 50.28 16.96 51.32 48.80 49.92 89.27 56.23 6.65
Variance 77.28 69.33 54.27 36.44 39.81 48.28 48.80 51.07 23.22 56.23 6.10
HM 73.31 55.28 46.70 36.04 12.54 49.02 48.80 49.92 25.45 56.23 8.80
GM 75.52 61.61 46.77 48.13 12.54 50.72 48.80 49.92 85.45 56.23 7.60
Std. 76.71 64.00 45.97 60.47 53.06 53.44 48.80 32.49 23.22 56.23 6.60
Skewness 76.59 68.87 57.14 52.87 60.87 58.80 48.80 58.12 89.30 63.43 2.95
Kurtosis 76.55 72.00 60.75 60.01 59.75 54.47 18.75 65.59 89.63 74.47 3.00
CV 76.20 58.76 62.18 64.06 59.31 53.49 48.80 56.27 23.22 56.23 5.00
MAD 75.08 62.87 53.88 46.09 16.92 45.49 48.80 49.92 88.60 69.87 6.75
Probability76.01 26.26 49.45 52.20 57.10 56.08 48.80 40.53 85.81 67.33 5.85

In Table 4, we note that the most accurate statistical measure was skewness,
followed by kurtosis, while Harmonic Mean (HM) and Geometric Mean (GM)
showed the lowest accuracies. Table 5 shows the BAR results.

Table 5 BAR of ADWIN-U with multiple detectors and different statistical measures.

Elec GasSensor Insects-AInsects-GInsects-ILADPUOutdoorRialtoSLCurves Yoga Rank
Mean 41.58 42.00 53.24 47.74 46.41 49.13 65.59 66.59 37.68 71.99 7.00
Median 35.17 49.96 55.73 46.41 26.23 49.62 65.59 66.59 88.69 71.99 6.05
Variance 44.34 46.31 66.60 48.89 47.22 62.98 65.59 62.48 37.68 71.99 5.20
HM 55.43 43.36 61.97 45.88 22.29 50.17 65.59 66.59 38.01 71.99 5.90
GM 35.90 43.45 55.55 49.04 22.29 48.02 65.59 66.59 89.88 71.99 6.40
Std. 42.83 43.63 43.05 60.45 60.55 57.34 65.59 36.07 37.68 71.99 6.10
Skewness 47.46 52.49 47.47 47.91 59.9 49.03 65.59 42.71 90.49 68.54 5.75
Kurtosis 48.65 52.37 48.59 49.35 58.84 49.98 30.30 49.23 86.70 78.55 4.90
CV 46.44 53.05 47.12 62.28 46.07 45.93 65.59 43.04 37.68 71.99 6.20
MAD 43.77 45.47 70.03 52.73 27.28 55.24 65.59 66.59 65.73 69.58 5.25
Probability45.60 40.95 51.13 60.42 56.48 47.62 65.59 35.70 82.38 64.68 7.25

For BAR, which considers the trade-off between accuracy and the number of
requested labels for model retraining, we note in Table 5 that Kurtosis showed the
best results followed by Variance when ADWIN-U employs multiple detectors. On
the other hand, the class probability outputted by the model obtained the worst
results. We provide a detailed discussion regarding the number of requested labels
by ADWIN-U to interpret the BAR results better in Section 6.3.

In Table 6 and Table 7, we show the accuracy and BAR results, respectively,
obtained by ADWIN-U using a single detector and different statistical measures.
In this case, Geometric Mean (GM) obtained the best accuracies and BAR results
over the ten datasets evaluated.

In summary, the best statistical measures for the multiple detectors approach
were skewness and kurtosis, while geometric mean (GM) shows the best general
results for the single detector approach. In order to compare both approaches, we
show a paired comparison in Figure 8, considering the best statistical measure
for each approach. In this figure, each point represents the result obtained for a
dataset. The points are placed on the x-axis according to the results obtained by
the ADWIN-U with multiple detectors and on the y-axis according to the result
obtained by the ADWIN-U with a single detector. Thus, the points below the
diagonal represent datasets in which the multiple detectors approach outperforms
the single detector approach.
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Table 6 Accuracy of ADWIN-U with a single detector and different statistical measures.

Elec GasSensor Insects-AInsects-GInsects-ILADPUOutdoorRialtoSLCurves Yoga Rank
Mean 74.35 62.54 50.74 28.86 44.36 57.08 48.80 49.92 23.22 56.23 5.70
Median 73.87 57.85 56.55 38.13 12.96 56.9 48.80 49.92 73.24 56.23 5.60
Variance 77.84 66.62 51.36 28.86 46.66 46.55 48.80 38.3 23.22 56.23 6.00
HM 74.04 54.63 53.74 32.47 30.43 54.68 48.80 49.92 23.22 56.23 6.75
GM 76.6 60.4 56.13 41.76 34.75 56.10 48.80 49.92 23.22 56.23 4.75
Std. 77.94 60.04 46.39 51.67 46.18 46.71 48.80 34.91 23.22 56.23 5.75
Skewness 74.62 56.66 52.57 55.00 43.76 57.15 17.2 41.45 84.49 56.23 5.60
Kurtosis 75.62 68.98 48.64 53.05 43.93 55.22 15.05 44.56 23.22 56.23 5.85
CV 75.36 46.6 45.83 50.8 52.15 53.78 18.55 44.17 23.22 56.23 6.95
MAD 76.49 58.57 54.83 39.03 12.54 46.70 48.80 49.92 23.22 56.23 6.05
Probability75.79 27.26 44.65 43.63 58.53 43.51 46.85 34.45 86.17 56.23 7.00

Table 7 BAR of ADWIN-U with a single detector and different statistical measures.

Elec GasSensor Insects-AInsects-GInsects-ILADPUOutdoorRialtoSLCurves Yoga Rank
Mean 30.28 40.55 44.39 36.95 34.13 44.78 65.59 66.59 37.68 71.99 5.60
Median 39.69 38.46 36.71 23.18 14.10 35.53 65.59 66.59 69.33 71.99 6.40
Variance 39.08 44.53 32.39 36.95 40.73 22.95 65.59 26.43 37.68 71.99 6.60
HM 51.13 40.86 29.75 27.02 35.17 25.69 65.59 66.59 37.68 71.99 6.45
GM 45.62 41.49 38.15 45.44 40.81 28.75 65.59 66.59 37.68 71.99 4.85
Std. 28.38 47.55 35.99 23.57 40.9 37.51 65.59 29.46 37.68 71.99 6.05
Skewness 37.88 52.53 47.92 34.19 34.67 29.51 23.02 33.05 79.76 71.99 5.40
Kurtosis 59.39 48.13 50.08 23.37 32.82 27.85 22.56 33.25 37.68 71.99 6.15
CV 30.8 40.72 34.6 30.2 46.15 33.85 27.61 33.2 37.68 71.99 6.85
MAD 48.84 46.06 30.24 30.33 22.29 49.50 65.59 66.59 37.68 71.99 5.35
Probability35.82 42.07 40.75 21.22 40.72 37.00 33.77 27.76 81.37 71.99 6.30

In this region, ADWIN-U 
(single detector) is better

In this region, ADWIN-U
(multiple detectors) is better

In this region, ADWIN-U 
(single detector) is better

In this region, ADWIN-U
(multiple detectors) is better

Fig. 8 Comparison of ADWIN-U using multiple detectors with skewness as statistical mea-
sure for monitoring and a single detector using geometric mean for monitoring. Each point
represents the result of a dataset using both approaches.

In Figure 8 (left), we note that ADWIN-U with multiple detectors outperforms
the single detector approach for all datasets, considering the accuracy. For BAR,
we note in Figure 8 (right) that the ADWIN-U with multiple detectors outperforms
the single detector approach for most of the datasets, except for Rialto and Yoga.

From the analysis conducted in this section, we realized that the best setting for
ADWIN-U is to consider the multiple detectors approach monitoring the skewness
or kurtosis. Thus, we consider this setting as the default for the following analyses.



ADWIN-U: Adaptive Windowing for Unsupervised Drift Detection 19

6.3 Comparison of ADWIN-U against rivals

We compare the results of the best settings identified for ADWIN-U, i.e., with
multiple detectors and using skewness and kurtosis as statistical measures for
drift monitoring, against the two supervised versions of ADWIN, KS-TEST, and
the two baselines (Blind and Persistent). In Table 8, we show the comparison
considering the accuracy as a evaluation measure.

Table 8 Accuracy of classifiers with supervised and unsupervised drift detectors for updates.

Elec GasSensor Insects-AInsects-GInsects-ILADPUOutdoorRialtoSLCurves Yoga
ADWIN-U (skew)76.59 68.87 57.14 52.87 60.87 58.80 48.80 58.12 89.30 63.43
ADWIN-U (kurt) 76.55 72.00 60.75 60.01 59.75 54.47 18.75 65.59 89.63 74.47
KS-TEST 77.71 56.17 72.34 74.35 64.37 71.33 36.95 46.83 91.62 77.30
ADWIN (output) 75.26 59.41 46.96 46.01 58.63 60.75 34.10 37.48 86.61 74.13
ADWIN (error) 67.04 58.93 48.61 37.30 39.09 44.67 46.75 54.64 42.18 70.07
Persistent 87.27 92.36 74.60 76.73 65.48 80.11 63.55 65.46 92.16 78.30
Blind 64.85 56.16 53.88 25.56 12.54 31.79 48.80 49.92 23.22 56.23

Table 8 shows that the most accurate classifier is the Persistent baseline since
this classifier is updated over the entire stream requiring 100% of labels. For the
unsupervised approaches, we note that ADWIN-U (kurtosis) shows competitive
results with KS-TEST, and both algorithms outperform the performance of su-
pervised versions of ADWIN. The poor performance of the Blind baseline evidences
the importance of a drift detector to trigger model updates to classify the examples
of these non-stationary datasets.

Considering the best results of ADWIN-U (i.e., with kurtosis) and ADWIN
(i.e., with output), we note that the supervised version slightly outperforms our
proposal in the LADPU and Outdoor datasets. A key characteristic shared by these
datasets is their high number of classes. Specifically, the Outdoor dataset contains
40 classes, most of which are not represented in ADWIN-U’s initial training set.
This class imbalance poses a challenge for ADWIN-U, as our approach assigns
a detector per predicted class. Consequently, the emergence of new classes may
cause examples to be incorrectly associated with existing detectors.

In order to statistically compare the results obtained by the unsupervised drift
detectors over the ten datasets evaluated, we performed the Friedman test with a
significance level of 5% (p-value < 0.05) and the Nemenyi posthoc test [14]. We
visually represent the results of this test using a critical difference diagram. In this
diagram, we sort the methods according to their average ranking outputted by
the statistical test. The methods connected by a line do not present statistically
significant differences. Figure 9 exhibits the diagram considering the results previ-
ously presented in Table 8. In this diagram, the unsupervised detectors KS-TEST
and ADWIN-U (kurtosis) show results without statistical difference compared to
the supervised Persistent baseline.

As discussed in Section 5, evaluating drift detectors is challenging, and ana-
lyzing the accuracy of a classifier updated according to the detector is a simpli-
fied alternative. One of the main reasons is the lack of ground-truth information
about the drift position for most datasets. For datasets such as Insects-Abrupt,
StarLightCurves, and Yoga, we have this information from its donors [44, 46].
Thus, we can use this information to compare the actual drift positions against
the positions returned by the detectors.
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Fig. 9 Critical difference diagram regarding the accuracy results.

In Figure 10, we compare the drift positions for Insects-Abrupt and StarLight
Curves datasets. In this figure, we indicate the actual drift positions for each
dataset with vertical red lines. For example, while the Insects-Abrupt dataset has
five actual drifts, StartLightCurves has a single abrupt drift point at the example
2,000 from the stream. The aligned points in a row illustrate the drifts identified
by a detector. Thus, the most efficient detectors have points close to the red lines
and a low rate of false alarms.

ADWIN-U (skewness)

ADWIN-U (kurtosis)

KS-TEST

ADWIN (output)

ADWIN (error)

(a) Insects-Abrupt

ADWIN-U (skewness)

ADWIN-U (kurtosis)

KS-TEST

ADWIN (output)

ADWIN (error)

(b) StarLightCurves

Fig. 10 Drift positions identified by each detector. The vertical lines are the actual drift
positions, and the points in a row indicate the drifts detected by a method.

It should be noted that the classifier updated according to the KS-TEST
achieved 72.34% accuracy for the Insects-Abrupt dataset, while ADWIN-U (kur-
tosis) achieved 60.75%. However, we note in Figure 10 that KS-TEST shows many
false alarms, while ADWIN-U (kurtosis) shows the lower false alarm rate between
the detectors. For the StartLightCurves dataset, only ADWIN-U is absent from
false alarms with a single detection very close to the actual drifts. For this dataset,
KS-TEST shows 91.62% accuracy while ADWIN-U (kurtosis) obtained 89.63%.

These results show that more sensitive detectors can lead to an accurate classi-
fier due to the constant updates. However, it does not guarantee precise detection of
changes in data distribution and makes evident the need for an evaluation measure
that considers the costs associated with label requests such as BAR. In Figure 11,
we show the number of drifts detected by each method, in which KS-TEST is a
more sensitive method for most datasets (e.g., Insects-Abrupt, Insects-Gradual,
Insects-Incremental, LADPU, and Yoga) identifying a higher number of drifts.

Table 9 shows a comparison considering the BAR measure. For this metric,
we note that ADWIN-U (kurtosis) shows the best results for most datasets, and
the Blind classifier is a competitive baseline. Since both ADWIN versions and the
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Fig. 11 Number of drifts detected by each method.

Persistent classifier are fully supervised approaches, they show the minimal BAR
result for all datasets.

Table 9 BAR results of classifiers with supervised and unsupervised drift detectors.

Elec GasSensor Insects-AInsects-GInsects-ILADPUOutdoorRialtoSLCurves Yoga
ADWIN-U (skew)47.46 52.49 47.47 47.91 59.90 49.03 65.59 42.71 90.49 68.54
ADWIN-U (kurt) 48.65 52.37 48.59 49.35 58.84 49.98 30.30 49.23 86.70 78.55
KS-TEST 1.40 9.18 70.70 70.81 69.66 17.44 29.82 0.64 86.43 67.56
ADWIN (output) 0 0 0 0 0 0 0 0 0 0
ADWIN (error) 0 0 0 0 0 0 0 0 0 0
Persistent 0 0 0 0 0 0 0 0 0 0
Blind 78.68 71.93 70.03 40.71 22.29 48.24 65.59 66.59 37.68 71.99

The critical difference diagram considering the BAR measure is presented in
Figure 12. ADWIN-U (kurtosis) is ranked first, with no statistical difference to
Blind, ADWIN-U (skewness), and KS-TEST. Conversely, Persistent baseline and
supervised ADWIN are in the last positions.

1 2 3 4 5 6 7

ADWIN-U (kurtosis)
Blind

ADWIN-U (skewness)
KS-TEST
ADWIN (error)
ADWIN (output)
Persistent

Fig. 12 Critical difference diagram regarding the BAR results.

Previously, we discussed the average BAR results for all datasets considering
the entire stream in Table 9. However, it is possible to analyze BAR over time.
Thus, we show the BAR results for Electricity and GasSensor datasets in Figure 13.
Since both versions of ADWIN request 100% of labels for drift monitoring, their
results are constant over the stream. For the three datasets presented, both versions
of ADWIN-U outperform KS-TEST over time in the entire stream.
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Fig. 13 BAR results over time.

To better understand the BAR results, Figure 14 shows the number of labels
requested by each drift detector over the stream for four datasets. The main ad-
vantage of ADWIN-U is to show competitive accuracy results while requesting a
small amount of data. This characteristic is evidenced by the BAR results and
the number of labeled data requested, as illustrated in Figure 14. We note in this
figure that for most cases, both versions of ADWIN-U are the methods that re-
quest fewer data over time. For some datasets, such as Electricity, GasSensor, and
Rialto, KS-TEST requires as much data as the fully supervised ADWIN version.
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Fig. 14 Number of requested labels by each drift detector over the stream.
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6.4 Discussion

The superior results obtained by ADWIN-U compared with its supervised version
raise an important question regarding the factors influencing such performance
differences. While the evident differences in the approach using multiple detectors
are significant, we hypothesize that two key factors may contribute to this outcome,
though other factors might also play a role:

– Base learner behavior: The supervised version of ADWIN is inherently model-
dependent, as it relies on detecting concept drift based on increases in the
base learner’s error rate. This dependency can lead to false drift detections
driven by factors unrelated to actual changes in the data distribution. For
instance, in the case of tree-based models, errors may temporarily rise due
to suboptimal splits or overfitting to transient patterns rather than actual
changes in the underlying data. Furthermore, the emergence or disappearance
of classes could also increase the error rate temporally, even in the absence of
a true distributional change;

– Data characteristics: The nature of the dataset plays a pivotal role in the com-
parative performance of ADWIN-U and its supervised counterpart. Concept
drifts resulting from subtle shifts in feature values that do not immediately im-
pact the predictive performance of a model can be more effectively detected by
ADWIN-U. Its unsupervised approach focuses on tracking variations in feature
distributions rather than solely relying on performance metrics. In contrast, the
supervised version may fail to promptly detect such shifts, particularly if they
do not immediately degrade the model’s accuracy.

By accounting for these factors, it becomes evident that the observed per-
formance improvements of ADWIN-U are not solely attributable to algorithmic
differences but also reflect intrinsic dependencies on model behavior and dataset
characteristics.

7 Conclusions

Stream data measured over time by modern devices are generated in dynamic
environments with frequent changes in their distribution. This non-stationary en-
vironment increasingly imposes the need for adaptive machine learning algorithms.
Thus, concept drift detectors are at the core of many of these algorithms to decide
the best times for model updates.

ADWIN is considered state-of-the-art for drift detection in data streams. Al-
though ADWIN can monitor any information from the stream, virtually all work
from the literature employs it in a supervised way to monitor the performance of
a classifier, which is costly or even infeasible in many real-world problems.

We propose an approach to use ADWIN in an unsupervised manner for drift
monitoring. Our approach is based on monitoring simple statistical measures from
individual stream examples (e.g., kurtosis or skewness). The drift monitoring is
performed by class using multiple detectors built based on model predictions. We
experimentally show for different problems that our approach achieved competitive
results for different problems, outperforming the fully supervised approach based
on error monitoring while requesting a few labeled data.
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ADWIN-U is an alternative solution that complements its supervised counter-
part, which is suitable depending on the actual labels’ availability. We recognize
that each version has its advantages under different circumstances. For instance,
in many stream classification problems derived from regression tasks, such as the
Electricity dataset, the goal is to predict whether the energy price will increase or
decrease the next day. In this scenario, the actual label of the previous prediction
becomes available daily, making supervised drift detection methods like ADWIN
appropriate and a safe choice. Conversely, in applications such as classifying insect
species using an optical sensor in the field (Insects datasets), there is no confirma-
tion of the correctness of predictions for performance monitoring. In such cases,
unsupervised drift detectors become not only suitable but often the only viable
option for detecting changes in data distribution. This distinction highlights the
importance of context when selecting drift detection techniques.

Besides the unsupervised drift detector, we introduce a new evaluation measure
that takes into account the trade-off between accuracy and proportion of requested
labeled data. Such a measure prioritizes precise detectors with a low false alarm
rate, being a relevant contribution to evaluating novel drift detectors. In future
works, we plan to adapt ADWIN-U to monitor multiple statistical measures si-
multaneously using a voting scheme or dynamic selection strategy.
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