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Abstract

Hidden changes in the data stream are unknown to learning algorithms and are referred
to in the literature as drifts of various types. The accuracy of the classifier may degrade
due to the occurrence of drift in non-stationary data streams. In such situations, the clas-
sifier must detect significant data changes and adjust its predictions. This article aims
to present a new method of drift detection based on analyzing changes in feature ranks
across adjacent chunks of data. The proposed strategy involves determining the ranking
of the most important feature and tracking its fluctuations within the chunks into which
the input data stream is divided. Changes in feature rankings between adjacent chunks
serve as symptoms of data drift. The Least Absolute Shrinkage and Selection Operator
(LASSO) procedure was proposed as an efficient rank pointer. We compared well-known
and popular drift detection algorithms, such as the Drift Detection Method (DDM), Early
Drift Detection Method (EDDM), ADaptive WINdowing (ADWIN), and Principal Com-
ponent Analysis Feature Drift Detection (PCA-FDD), with our approach in comparative
studies. The tests were conducted on different artificial data streams (sudden, gradual,
recurring, and incremental) as well as real data. Comparative studies were performed
on both two-class and multi-class datasets. The experiments confirm that the proposed
feature drift detection strategy produces valuable results.
Keywords: feature ranking, feature drift, data stream, drift detection, stream classifica-
tion methods

1 Introduction

Drift occurrence is a common phenomenon
in machine learning where the data distribution
changes over time, leading to a degradation of a
classification model’s performance [1, 2]. This can
occur in various domains, such as financial fore-
casting, image recognition, and natural language
processing. The underlying data may change due
to consumer behavior, technology evolution, sensor

degradation, or external events. Detecting various
types of drift (concept, data, or features) is essential
to maintaining model accuracy, as ignoring it can
lead to incorrect predictions, decreased customer
satisfaction, and lost revenue [3]. Drifts can change
the statistical properties of the data over time, lead-
ing to a degradation in model performance. Var-
ious methods, such as statistical tests, ensemble-
based procedures, and distance-based measures,
have been proposed to detect and respond to drift
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to address this issue [2, 4, 5, 6].

Concept drift and feature drift are critical in
maintaining the performance of machine learning
models, but their meanings are different. Concept
drift occurs when the relationship between input
features and the target variable changes over time.
Changing the underlying data distribution can make
a previously accurate model unreliable even if the
features remain stable. In other words, concept
drift alters the target variable’s relationship with
features, invalidating previous patterns.

Feature drift refers to changes in the input
features’ statistical properties without necessarily
changing their relationship to the target variable.
While feature drift doesn’t always mean the model
will perform worse, significant shifts in feature dis-
tributions can degrade the model’s performance.
Sometimes, a model might need to be retrained to
account for these changes. It means that the fea-
ture drift also affects the input feature distributions,
which may impact the performance of the deci-
sion model. Feature drift is a term that can refer
to any changes in the features used in the model,
which may include changes in their distributions,
relevance, or predictive power. This term can en-
compass the covariate drift (distribution changes) as
well as shifts in the significance of certain features
(for example, a feature that was once relevant be-
coming less important over time). Feature drift may
also be a concept drift, as changes in the features
can affect how well the model performs. When fea-
tures lose relevance or change significantly, it im-
pacts the model’s ability to predict the target vari-
able accurately.

The amount of data and features used in ma-
chine learning and data mining constantly in-
creases. Such a phenomenon occurs in non-
stationary data, where information comes as a data
stream. Streaming data from non-stationary distri-
butions often results in data distribution known as
drift. Therefore, there is also a problem with the
non-stationary training of a classifier. This is an
unfavorable phenomenon because, with a chang-
ing data stream, the efficiency of each classifier is
volatile and must be counteracted. Classification is
widely employed in data mining and machine learn-
ing. In the traditional approach, we try to learn con-
cepts from a static dataset in which instances fall
within a particular statistical distribution. However,

this approach is unacceptable for many real-world
scenarios, including medical data, biometric data,
spam and fraud detection, observation of climate
change, etc.

The data stream can be described as follows:
a stream S appears incrementally in time as a se-
quence of examples with labels {xt ,yt} ∈ S, t =
1,2, ..., where x is a d dimensional features vec-
tor. So, x = [x1, . . . ,xd ] is one observation (data in-
stance) among thousands of others. Each instance
has a corresponding class label y∈ {1, . . . ,C}. Each
example xt is classified by a classifier that predicts
the appropriate class label from the available class
pool. The true class labels yt are available to up-
date the classifier. In practice, drift is hidden in
the data stream and is unknown to the learning al-
gorithm. However, drift must be revealed to coun-
teract this phenomenon to ensure correct classifica-
tion. Concepts are stable if successive data come
from the same or similar statistical distribution P.
Concept drift primarily refers to the change in the
decision model, while data or feature drift refers
to the underlying data distribution. However, these
two phenomena are related, and data drift may indi-
cate a possible occurrence of a drift [7, 8]. Thus, we
may assume that if in time t and t + 1, we observe
the input vector such that P(xt ,yt) ̸= P(xt+1,yt+1),
then drift occurs [9, 10]. In other words, the data
stream is non-stationary, so its data distribution
might change over time. The distribution and nature
of these changes can be very different and challeng-
ing to predict because the data flow is continuous,
and their prior observation is impossible. Further-
more, the true label must be known to detect a fea-
ture drift by detecting degradation of classification
accuracy. The true label can be known after a spe-
cific time, called verification latency. In some cases,
this latency may be very high, or we may never get
the true label; thus, detecting a concept drive by ob-
serving data drift may have serious advantages, de-
spite being an indirect method.

Feature drift occurs when the rank importance
of the features subset changes in the pair of adja-
cent timestamps. Similarly to the previous, suppose
the feature space in an origin data stream consists
of d features, Ftot = {x1, . . . ,xd}. Let in at times-
tamp t, the subset of the essential features that sig-
nificantly influence classification accuracy will be
denoted as Ft = {xi,xi+1,xp} ⊂ Ftot . Let in times-
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tamp t +1 such subset differ and will be marked as
Ft+1 = {xm,xn} ⊂ Ftot . A feature drift occurs when
the relevance of attributes in both subsets changes
between two timestamps t and t + 1, respectively:
Ft ̸= Ft+1. The rank of features can be determined
using the LASSO procedure, for example. In this
way, feature drift is a specific variant of a concept
drift [5].

Following the work of [11], we assume that fea-
tures are relevant (important) in data analysis or ma-
chine learning when they significantly impact the
target variable we are trying to predict. Relevant
features contain helpful information that helps the
model make accurate predictions or classifications.
Features with little or no correlation with the target
variable or introducing noise are generally consid-
ered irrelevant.

Feature relevance is often assessed using model
performance evaluation, where the model’s perfor-
mance is compared with and without certain fea-
tures to see how they affect the quality of the predic-
tions. Identifying essential features can improve the
model’s accuracy and reduce its complexity. This
method involves comparing models before and after
the selected feature has been reduced. This is time-
consuming. The Least Absolute Shrinkage and Se-
lection Operator (LASSO) strategy is a technique
that focuses on identifying the most relevant pre-
dictors in the context of regression. The LASSO
method penalizes the absolute values of the regres-
sion coefficients. This penalty tends to reduce some
coefficients, effectively selecting the subset of vari-
ables with the most vital relationships with the re-
sponse variable. Each regression coefficient corre-
lates with a given feature, giving natural ranking
features from most relevant to least important.

1.1 Overview and main contributions

This paper aims to provide an overview of
the feature drift problem and discuss various ap-
proaches for detecting and mitigating it. We pro-
pose a new method of feature drift detection based
on statistical tests and the rank of features in the
data stream. This study aims to comprehensively
explain the feature drift problem to provide re-
searchers and data scientists with the necessary
knowledge and tools to detect drifts effectively in
machine-learning models. We will compare various
drift detectors, such as the DDM, EDDM, ADWIN,

and PCA-FDD algorithms, using our approach to
evaluate these detectors regarding their detection
accuracy and ability to adapt to different data types.

The proposed method allows for drift detection
with similar effectiveness as other drift detectors
known from the literature. However, its main ad-
vantage is that fewer false positive alerts are gen-
erated than other modern drift detectors. This phe-
nomenon can be observed in both artificial and real
datasets.

1.2 Type of drifts

If a concept or feature drift exists, the classifica-
tion model is inconsistent. Therefore, we must con-
tinuously track the input data, detect drift, and up-
date the model regularly when drift occurs. The de-
scribed operation consists of two stages. Drift must
be detected first, then the decline in data classifi-
cation quality must be counteracted. These mecha-
nisms are well known and described in many vari-
ations in the extensive literature [4, 5, 12, 13]. In
the dynamic context, we can separate feature drifts
into sudden, gradual, recurring, and incremental
[14, 15]. Drifts can also be described by recurring
context – a concept that has arisen in the past may
reappear after some time.

Abrupt (sudden) drift. Abrupt drift is a sudden
and unexpected shift or change in a particular sit-
uation, condition, or trend. It can occur in various
contexts, including scientific research, politics, eco-
nomics, climate, or personal relationships. For ex-
ample, in scientific research, an abrupt drift may
occur when a study’s results suddenly and unex-
pectedly diverge from the expected outcome, lead-
ing to a discovery of something. In economics, an
abrupt drift could occur when the stock market ex-
periences a sudden and unexpected crash or when
a country experiences a sudden and unexpected re-
cession. Overall, an abrupt drift can be disruptive
and challenging to detect, with significant negative
consequences.

Gradual drift. Gradual drift is a gradual shift or
change in a particular situation, condition, or trend.
Unlike abrupt drift, which occurs suddenly and un-
expectedly, gradual drift happens over an extended
period, and its effects may not be immediately no-
ticeable [14]. For example in data science, grad-
ual drift can refer to a gradual shift in the data col-
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lected over an extended period. This can sometimes
lead to refining theories or models to explain the
phenomena under investigation. Overall, gradual
drift can be significant and have long-term conse-
quences, particularly in complex systems such as
ecosystems, economies, or societies.

Recurring drift. Recurring drift occurs when
the underlying distribution of data changes over
time in a cyclical or recurring manner. This means
that changes in the data distribution are not constant
but occur periodically or in cycles. Recurring drift
is particularly difficult for machine learning models
because models must adapt to the changing data dis-
tribution at the right time and in the right way. Dur-
ing this type of drift, the distribution may change
either abruptly or gradually. For example, consider
a machine learning model trained to predict stock
prices based on historical data. When the stock mar-
ket goes through periodic volatility cycles, the data
distribution will change over time, and the model
must adapt to these changes to maintain prediction
accuracy [16].

Incremental drift. Incremental drift occurs
gradually over time. Drift refers to changes in the
underlying data distribution that the model tries to
learn. Incremental drift occurs when these changes
happen slowly and gradually over time rather than
suddenly and dramatically. Incremental drift oc-
curs when a series of barely noticeable changes in
concept appear in the data stream. For this reason,
drift can only be identified after a certain period,
assuming a threshold at which it should be noticed
[14, 17]. This type of drift is perpetual and infinite.

2 Features ranking

Feature ranking refers to the importance of dif-
ferent features or variables in a dataset. This pro-
cess is often used in machine learning, data sci-
ence, and statistics to determine the most rele-
vant or informative features for predicting a tar-
get variable. There are various methods for rank-
ing features, but one common approach is to use
a statistical measure of features. Feature ranking
methods are based on different principles. There-
fore, the different ways can highlight the impor-
tance of multiple arrangements of features. We
can apply, among others, the Fisher score [18],
two-sample t-test [19], Kolmogorov-Smirnov test

[20], Kruskal-Wallis ranks [21], ReliefF algorithm
[22], Neighborhood Component Analysis (NCA)
[23], RFE (Recursive Feature Elimination) [24],
ANOVA, PCA [25], Random Forest Feature Im-
portance (RF) [26] and LASSO (Least Absolute
Shrinkage and Selection Operator) [8, 27].

When comparing different feature ranking
methods for machine learning models, each method
has strengths and weaknesses depending on the data
type, the goal of the analysis, and the computational
constraints. In our approach, data can have many
features associated with suspected noise. There-
fore, our investigations recommend the LASSO al-
gorithm for feature ranking. Other ranking meth-
ods have various limitations [8, 28]: Fisher’s score
does not account for feature interactions. The two-
sample t-test is only effective for binary classifi-
cation tasks. The Kolmogorov-Smirnov Test does
not scale well to multiclass problems and doesn’t
handle high-dimensional data effectively. Kruskal-
Wallis Test does not measure feature importance
but checks only their statistical significance. Re-
liefF Algorithm can be computationally expensive
for large datasets or high-dimensional data. NCA
is sensitive to overfitting, especially in high dimen-
sions. RFE is computationally expensive since it re-
quires multiple model fits. ANOVA procedure does
not capture non-linear relationships. PCA doesn’t
rank features based on their predictive power but
based on their variance. It may discard essential
and useful features. RF does not generalize well if
the dataset is small.

It should be noted that, although using an al-
gorithm primarily applied for feature reduction, our
strategy assumes that features are ordered accord-
ing to their importance, but no features are ever re-
moved. Due to the non-stationary nature of the in-
put data, unimportant features in the current step
may suddenly become essential in the next step. In
this case, the drift detector focuses on observing a
new feature that has become significant in the next
chunk. This part of the data now becomes the new
reference chunk.

2.1 Feature importance in the chunks

The instability of a concept arises from the vari-
ability in the data stream over time, resulting in the
possibility of the classifier model being inconsis-
tent for new data chunks. Thus, it is imperative to
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update the model regularly to prevent errors in the
learning process. A detection mechanism should
track mistakes online to detect these changes in real
time. Over the last two decades, various meth-
ods have been proposed to identify concept and
feature drift, including similarity and dissimilarity-
based techniques, sequential analysis-based ap-
proaches, window-based methods, statistical-based
methods, significance analysis-based methods, data
distribution-based methods, and decision boundary-
based methods. However, implementing some of
these strategies can be challenging and sophisti-
cated.

Our approach assumes that a data stream is a
continuous flow of features that describe a phe-
nomenon’s state, device status, or monitored patient
parameters. For instance, critical patient parameters
in intensive care units, such as body temperature,
blood pressure, blood saturation, heart rate, etc., are
continuously measured. Doctors receive alerts and
therapeutic suggestions based on these parameters.
In our study, we focus on identifying changes in the
most critical feature of the data stream, which can
be treated as feature drift. To determine the validity
of all components, we use the LASSO algorithm, as
mentioned earlier.

We assume that the data stream is multidimen-
sional and the samples flow continuously. The sam-
ples consist of an ordered vector of features x with
a class label y: (x1,y1),(x2,y2), . . . ,(xt ,yt) and the
stream can include even thousands of samples. We
also assume that the dimensionality of the data can
be tens or hundreds of features. In our approach,
we want to monitor the individual features x j of
the vector xi, x j ∈ xi and assess whether they are
a source of potential drift. It should be noted that
this strategy differs from those described in the lit-
erature, where drift is detected globally based on
observing changes in classifier efficiency. In this
respect, the proposed method is more precise and
allows us to assess the change in the importance of
features (informativeness) in adjacent data chunks.

The LASSO procedure identifies the most im-
portant features of the model in each chunk based
on the βi coefficient values. Then, without LASSO,
the features are ranked according to the relation-

ships:

Ri =
d

∑
j=1

I(x j ≤ xi), i = 1, . . . ,d, (1)

where Ri is a rank of a feature xi, i = 1, . . . ,d. I()
denotes the indicator function, and d is the number
of all features.

In our approach, we set a maximum allowable
fluctuation range for the top-ranked feature xi in the
reference part h. This range specifies the degree of
change in the position of the feature xi.

To illustrate this phenomenon, we present Fig.
1, which shows changes in the importance of fea-
ture xi over time for various data streams. Initially,
the feature is stable and highly significant for clas-
sification efficiency, as evidenced by the high effi-
ciency of the classifier (red line) and the stable rank
of the feature (green line) in the first data chunks.
However, at some point, the importance of feature xi

decreases, causing a drop in the classification qual-
ity, indicating the occurrence of drift (blue line) for
this feature. We compare the moment of drift de-
tection with changes in the classification efficiency
of the Random Forest (RF) classifier, known for its
high accuracy. Fig. 2.1 illustrates that the feature xi

remains stable and stays below the threshold line in
the chunks ranging from 0 to 49,999 but becomes
unstable in the chunks between 50,000 and 99,999,
indicating the occurrence of drift at the point num-
bered 50,000. The detection of the drift moment
and the decline in classification accuracy exhibit a
strong correlation. A similar phenomenon can also
be observed in the other charts. As shown in Fig.
1, the accuracy of the RF classifier drops drastically
when a drift is detected in the input data stream. We
observe feature drift (green line) in one of the data
stream features, and the moment of drift occurrence
is marked in blue. Our approach provides a precise
and effective way to detect drift in streaming data.

3 Mathematical foundation

Consider a sample of N instances (observa-
tions), each consisting of d-dimensional vector xi =
[x1, . . . ,xd ] with y = [y1, . . . ,yN ]

T a response vector,
and i = 1, . . . ,N, xi ∈ Rd , yi ∈ C. In practice, el-
ements of the vector xi are features of the object.
Let yi ∈ {1,−1} be the label of the vector xi. Given
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(a) (b)

(c) (d)

Figure 1. Rank of an essential feature in subsequent chunks of data. Gradual changes (a), Abrupt changes
(b), Recurring changes (c), and Incremental changes (d). The gray rectangle in (a) denotes the duration of

the drift recognized by the classifier.
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a dataset with N observations and d predictors, the
linear regression model is described by the formula:

yi = β0+β1xi1+ . . .+βdxid +εi, i= 1, . . .N, (2)

where: yi - is the response variable, xi j - is the j-th
predictor for the i-th observation, β j are the coeffi-
cients, εi is the error term, assumed to be normally
distributed with mean zero.

The Least Absolute Shrinkage and Selection
Operator (LASSO) is a regression analysis method
that performs variable selection and regularization
to enhance statistical models’ prediction accuracy
and interoperability. The LASSO regression aims
to minimize the following function:

min
β

( 1
2N

N

∑
i=1

(yi −β0 −
d

∑
j=1

xi jβ j)
2 +λ

d

∑
j=1

|β j|
)
, (3)

where β = [β1, . . . ,βd ] is the coefficients vector, and
λ regularization parameter that controls the penalty
term’s strength. The parameter β0 in the LASSO re-
gression equation (3) represents the intercept term
of the linear model. The coefficients βi represent
the impact of particular features of the linear nu-
merical model on the data representation. Element
xi j is a value of the j-th feature in the i-th observa-
tion. Parameter λ is a predetermined free factor de-
termining the regulation degree (penalizing param-
eter). The term λ∑d

j=1 |β j| is the L1 penalty. If λ in-
creases from zero, LASSO shrinks the coefficients
of less important features toward zero. Some co-
efficients become zero at specific points along this
path, removing those features from the model. Un-
like the original LASSO procedure, in the method
proposed in this article, features are not removed
but are ranked.

From the LASSO point of view, the most cru-
cial feature is in the first place, and the least im-
portant feature is in the last place in the formed
rank. In our method, we always analyze the drift
of the most essential feature. This phenomenon
was used in the proposed approach, which analyzed
the rank of all features, focusing on the first, most
important feature. The LASSO method uses reg-
ularization to shrink certain coefficients β j, effec-
tively selecting a subset of features x j in observa-
tion i. In practice, the LASSO method can come

in three variants: L1 Lasso (λ∑d
j=1 |β j|) regulariza-

tion, L2 Ridge (λ∑d
j=1 β2

j) regularization, and Elas-
tic Net regularization, which combines both L1 and
L2 penalties. Ridge regression results can be less
interpretable due to including all features, each with
a reduced but non-zero coefficient.

Lasso regression can improve interpretability
by selecting only the most relevant features, making
the model’s predictions more explainable. Three
variants of the LASSO procedure will be checked
for artificial and real-world datasets.

It should be clearly emphasized that the
above idea of the LASSO strategy is used in this
article only to determine the rank of features,
and that is all. No steps are taken to perform
regression analysis on the available data set.

4 Proposed method

The Feature-Based Drift Detector is a method
used to detect feature drift (and indirectly a concept
drift) in data streams by monitoring changes in the
distribution or behavior of individual features. It
aims to identify whether the statistical properties of
features have shifted, indicating a possible change
in the underlying data-generating process. The pro-
posed approach helps identify subtle shifts in fea-
ture distributions that may not immediately affect
overall model performance but could cause issues
in the long run. The proposed stream data analysis
consists of some steps:

– Baseline ranking of features: Calculate the ini-
tial Lasso ranking of features in a data reference
window (h0).

– Monitor incoming data: Continuously monitor
ranks of features from the incoming data stream.
This is done in fixed-size windows.

– Statistical comparison: Perform statistical tests
to compare the distribution of each feature in the
new data window with the baseline distribution.

– Detect drift: If significant changes are detected
in the distribution of the most crucial feature
(based on permissible threshold fluctuation ),
flag a feature-level drift.

– Adaptation decision: Determining whether
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Algorithm 1 Determining position of the importance of features xi in the chunk h0, standard deviation (σ)
for such feature, and its average position (µ).

1. Take 1st chunk of data, name it h0.

2. Divide a chunk h0 into set of 10 sub-chunks denoted as {h1
0, . . . ,h

10
0 }.

3. For each subchunk hi
0 apply Lasso to obtain a feature rank vector denoted as

[rank(x1), . . . ,rank(xd)]
i.

4. Compute mean ranks of the features [AV G{rank(x1)}, . . . ,AV G{rank(xd)}] over all 10 sub-
chunks rank vectors.

5. Compute standard deviation of ranks of the features [σrank(x1), . . . ,σrank(xd)] over all 10 sub-
chunks rank vectors.

6. Find a feature xmin with best average rank xmin =
argminx j

[AV G{rank(x1)}, . . . ,AV G{rank(xd)}].

7. Return a standard deviation of the most discriminating features σ = σrank(xmin) and
a mean value of the most discriminating features µ = AV G{rank(xmin)}.

Algorithm 2 Alarm for a given classifier if the drift was detected.

1. Check a standard deviation of the most discriminating features σ = σrank(xmin)

in the current chunk hc.

2. Check a mean value of the most discriminating features µ = AV G{rank(xmin)}.

3. if ⌈µ−σ < µ < µ+σ⌉ then
take the next chunk hi into consideration
else
ALARM. A given classifier should be learned from the current data.
Learn a given classifier on the data from the chunk hc.
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model retraining is needed based on the rele-
vance of rank changes the monitored feature.

The steps mentioned above are implemented by Al-
gorithms 1 and 2.

In the proposed strategy, some statistics are
computed for the reference chunk h0 and in all sub-
sequent chunks hi where the drift was detected. In
these cases, the average position fluctuation (µ) of
the most discriminative feature is performed, and in
the next stage, sample standard deviation (σ) is also
determined. The method of determining these sta-
tistical parameters is presented in Algorithm 1.

Algorithm 1 allows us to determine the range
of changes in the position of the essential feature
in the reference chunk h0, calculate the mean value
of this position, and the sample standard devia-
tion. The most essential (discriminative) feature
is also checked in the remaining chunks h1,h2, ...,
and its position is determined in a pool of features,
as shown in Algorithm 1. This position should be
within the ⌈µ − σ < µ < µ + σ⌉, then drift is un-
detected. We assume drift occurs if the place lies
outside the mentioned range.

In the proposed method, the detection threshold
for drift is determined by utilizing the average po-
sition (µ) and sample standard deviation (σ) of the
most crucial feature within the chunk. However, in
classical statistics, it is recommended to avoid using
the average when the nature of the data distribution
is unknown, as outliers can significantly influence
the average value. In such cases, a median that is
immune to outliers is preferred. Despite this, our
approach considers the possibility of outliers occur-
ring in the data stream, which enables us to deter-
mine the extent of changes in the position of the
essential feature in subsequent chunks.

If drift is detected, an alert may be generated to
advise the classifier reviewing incoming data to be
retrained. Because the concept of data has changed,
a new chunk of data must now be treated as refer-
ence data. Alerts are generated as long as feature
drift is detected. This task is performed by Algo-
rithm 2.

In chunk-based methods, determining the num-
ber and size of chunks is crucial. Ideally, the num-
ber of detected drifts should be independent of the
number of fragments in the source data stream.
However, this assumption is unrealistic. In all stud-

ies, the rule was that the first chunk did not contain
drifts. Additionally, all chunks are the same size,
covering 5% of a given dataset.

Example

Let a given chunk h0 consist of a set of N sam-
ples. Each sample consists of 20 features and is
written as a feature vector, which means that such
vector has a form xi = [x0, . . . ,x19], i = 1, . . . ,N. For
simplification, let the chunk h0 be divided into three
sub-chunks only (see Table 1). For each sub-chunk,
the Lasso procedure is performed.

The first row of Table 1 shows the ordered fea-
tures of each sample. The following three lines
of the Table show the importance of all features
indicated by the Lasso in each of the three sub-
chunks. For example, feature no. 0 in sub-chunk
h1

0 is ranked by Lasso on position 11 and in sub-
chunk h3

0 on position 13. The most crucial feature
(the highest rank) pointed out by Lasso is a feature
with the number 8. After a trivial calculation, we
have:

– the essential feature in the chunk h0: feature no.
8,

– the average value of the position of feature no. 8
is µ = (4+2+8)/3 = 4.66,

– the sample standard deviation σ = 3.06,

– the thresholdx8 = ⌈µ+σ⌉= 8.

The threshold value informs the range in which the
position of a given feature can change (fluctuate) so
that this change is not treated as drift. The threshold
value is automatically computed without the need
to set additional parameters. The Algorithm always
establishes the parameters mentioned above.

5 Data preparation

Tests on the effectiveness of the proposed detec-
tor have been carried out on artificial collections,
where the drift location can be programmed, and
on real-world data taken from repositories. This
study considered both two-class and multi-class
data, which will assess the method’s universality.

The detector described in the article compares
favorably with other drift detectors regarding the
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Table 1. Short steps of Algorithm 1 for the chunk h0 which was divided into sub-chunks h1
0,h

2
0,h

3
0

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
h1

0 11 3 15 14 13 2 12 5 4 1 7 16 8 10 6 19 18 9 17 0
h2

0 11 13 14 5 15 7 9 18 2 10 19 3 4 6 8 1 12 0 16 17
h3

0 13 7 11 14 10 16 13 15 8 9 1 3 19 5 4 2 6 18 17 0
Average feature rank (µ)

11.7 7.6 13.3 11.0 12.6 8.3 11.3 12.6 4.6 6.6 9.0 7.3 10.3 7.0 6.0 7.3 12.0 9.0 16.6 5.6

number of false alarms generated - this is the main
advantage of the proposed method. Experiments
were conducted using artificial and real data sets to
demonstrate this advantage. The artificial data were
obtained using a data stream generator, where the
type of drift, the place of its occurrence, and the
level of data noise can be programmed. It allows
for a reliable, comparative statistical evaluation of
the behavior of different drift detectors.

5.1 Synthetic data

Synthetic data were prepared in the MOA envi-
ronment (https://moa.cms.waikato.ac.nz/) using the
command line interface. Synthetic data were pro-
duced by a HyperPlane Generator (HPG). The HPG
generates the two-class data stream where the num-
ber of instances (m), number of features (a) in an
instance, as well as the number of drifting features
(k), place of drift occurrence (p) and time of drift
(w), can be programmed. For each instance, (n)%
noise can also be added.

From mathematical point of view, the hyper-
plane H is a set of multidimensional points such that
H = {x : wT x = b}, where w = [w1, . . . ,wa], wi ∈ R,
x = [x1, . . . ,xa] xi ∈ R and b ∈ R. We assume that
∑d

i=1 wi = b. Instances are randomly generated, and
each instance has the same pre-defined number of
features xi. Instances x for which wT x > b belong
to the first class, whereas instances with condition
wT x < b belong to the second class. A drift can be
added to each weighted feature wi = wi +α, where
α is the change applied to every example. A sample
command calling the MOA environment is shown
below.

java -cp moa.jar moa.DoTask ”WriteStream-
ToARFFFile -s (ConceptDriftStream -s (genera-
tors.HyperplaneGenerator -a 20)
-d (generators.HyperplaneGenerator -i 10 -k 20
-a 20 -n 5) -p 50000 -w 1) -f Abrupt-HP.arff -m
100000”

Running the command generates a file called
Abrupt-HP.arff. The file contains 100,000 instances
(parameter m). Each instance consists of 20 fea-
tures (parameter a). Drift occurs in instance no.
50,000 (parameter p). Drift is recorded on 10 fea-
tures (parameter k). The data is distorted by 5%
noise (parameter n). Parameter −i denotes seed for
random generation of instances. The reader can re-
fer to the MOA documentation for more detailed
information on selecting switches in its command
line interface. Experiments have implemented four
drifts: abrupt, gradual, recurring, and incremental
with various data perturbations with noise.

5.2 Real data

This paper also presents the results of experi-
ments based on real data. The study examined sev-
eral open and publicly available repositories from
where the data was downloaded. The multivariate
multi-class datasets have been employed.

As mentioned below, real datasets are helpful
for drift detection and adaptation research. Data
evolve in these sets, meaning the relationship be-
tween the features and the target label changes.
This makes the datasets valuable for testing ma-
chine learning models that need to adapt to these
evolving trends.

For this purpose, seven real data streams have
been checked with the following characteristics:

Phishing. The dataset gathers information
about phishing websites and is used to identify the
phishing attack. It includes 11,055 instances and 46
attributes distributed into two classes. Repository:
https://github.com/tegjyotsingh/ConceptDriftInduction.
Electricity. The electricity market dataset rep-
resents pricing data collected from New South
Wales (Australia), which fluctuates based on the
supply and demand components of the market.
The dataset consists of 45,312 instances and 8 at-
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tributes distributed into two classes. Repository:
https://sites.google.com/view/uspdsrepository.

Ozone. There are two sets of data on ground-
level ozone in this collection. One is a set of eight-
hour peak values, and the other is a one-hour peak
value. These data were collected in three US cities.
The database comprises a collection of 2,534 ex-
amples with 72 features in two classes. Repository:
https://archive.ics.uci.edu.

Arrythmia. The dataset describes problems
related to human cardiac arrhythmias. The
database includes 452 instances with 279 fea-
tures divided into 16 classes. Repository:
https://archive.ics.uci.edu.

Poker-hand. This dataset exhibits minimal fea-
ture drift since the classification task is based on
the stable rules of poker, which do not change fre-
quently. Given its stability, the poker hand dataset
does not face significant drift challenges, and tradi-
tional drift detection methods may not be necessary.
Overall, this dataset serves as a benchmark for clas-
sification tasks.

Each record of this dataset is a poker hand con-
sisting of five playing cards drawn from a stan-
dard deck. Each card is described by two at-
tributes (suit and rank). The dataset contains
1,025,010 instances, 11 attributes, and 10 class la-
bels related to a possible poker hand. Repository:
https://archive.ics.uci.edu.

Rialto Bridge Timelapse. Ten colorful build-
ings next to the Rialto Bridge in Venice were
photographed at different times of the day. The
color of the buildings changes significantly dur-
ing each of the 20 days recorded. Images are en-
coded in a normalized 27-dimensional RGB his-
togram. The dataset contains 82,250 instances,
27 features, and 10 class labels. Repository:
https://sites.google.com/view/uspdsrepository.

Outdoor. Forty objects were photographed
under varying lighting conditions, affecting
the color-based representation. The objects
are encoded in a normalized 21-dimensional
RG-chromaticity histogram. The database in-
cludes 40,000 samples, 21 features, and 40
classes. A repository is accessible from the link:
https://sites.google.com/view/uspdsrepository.

6 Experiments and evaluation of
the proposed method

All computational experiments were conducted
in Python 3.8 with the scikit-learn stream-learn,
scikit-multiflow, NumPy, and Frouros 0.6.1 pack-
ages. The mentioned libraries allow research
on new algorithms for batch processing of data
streams.

6.1 Evaluation metrics

The accuracy measure (ACC) and Matthews
correlation coefficient (MCC) were considered for
measuring the algorithm’s performance. In binary
and multiclass classification:

ACC =
1
N

N−1

∑
i=0

I(yi,y∗i ), (4)

and

I(y,y∗) =

{
0 if y ̸= y∗

1 if y = y∗
,

where, N denotes the number of instances, y is a real
instance label, and y∗ is a predicted label of class.
I() is an indicator function.

The problem with (2) is that it is not an informa-
tive metric when the two classes have significantly
different sizes. The MCC metric, although not nec-
essarily the best choice in all cases (see, e.g. [29]),
often yields a more helpful performance score than
ACC [30]. For the binary classification and multi-
class (which is automatically recognized by scikit-
learn implementation of this metric), we have the
formulas:

MCC =
T P×T N −FP×FN√

(T P+FP)× (T P+FN)× (T N +FP)× (T N +FN)
,

(5)

MCC =
c×N −∑C

i=1 pi × ti√
(N2 −∑C

i=1 p2
i )× (N2 −∑C

i=1 t2
i )
, (6)

where:
T P - True Positive, T N - True Negative, FP - False
Positive, FN - False Negative,
C - number of classes ci ∈C,
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N - number of samples,
c - number of samples correctly predicted,
ti - number of times class i truly occurred,
pi - number of times class i was predicted.

If the data are divided into chunks, then the av-
erage values of ACC and MCC are computed ac-
cording to the formulas:

ACCAvg =
1

W

W

∑
j=1

[
1
N

N

∑
i=1

I(yi = y∗i )

]

j

, (7)

and

MCCAvg =
1

W

W

∑
j=1

[MCC] j, (8)

where W denotes the total number of chunks, N de-
notes the number of instances in a current chunk j.

6.2 Evaluation based on synthetic data

We compared the proposed features drift detec-
tion method (Algorithm 1) with the Random Forest
(RF) classifier results without and with a signal that
the classifier should be rebuilt after drift detection.
The key idea behind RF is to combine the predic-
tions of multiple decision trees, each trained on a
random subset of the training data and a random
subset of the features. This randomness helps re-
duce overfitting and improves the classifier’s model.
For the reader’s convenience, the experiments in
the form of graphs show two cases (a) the moment
of detecting the drift and the natural decreasing of
classifier accuracy, and (b) the reaction of the clas-
sifier after the detector information that a drift was
detected. Sudden, gradual, recurring, and incre-
mental drifts have been checked. Examples that
well illustrate this principle are shown in the form
of graphs in Figure 2 – Figure 5.

The blue line indicates the signal generated by
Algorithm 1, which detected feature drift. We can
observe that the classification accuracy (red line)
decreases significantly after drift occurrence. The
observation of the graphs shows that the proposed
method detects feature drifts correctly and suffi-
ciently early. Classification accuracy improves after
classifier re-learning.

One drift can be detected several times, as the
concept changes in some drifts, which are fluid and
long-lasting. The proposed method is sensitive to
transient concepts and can detect an early phase
of drifts. It was presented in the middle chart of
Figure 3. This is, however, an advantageous phe-
nomenon. In such a case, the classifier can be re-
trained using the transition patterns between the two
concepts, potentially affecting classification accu-
racy.

A comparative study shows that the proposed
strategy of drift detection gives good results - drift
is recognized early, and the classifier can be quickly
rebuilt. It can be seen that after re-training on new
data, the classifier quickly achieves high efficiency,
similar to that before the occurrence of the drift.
This ultimately means the classifier makes a pre-
diction error in a short time interval after drift de-
tection.

Figure 2. Abrupt drift. Drift detection is without
(left) and with a retraining RF classifier (right).

Figure 3. Gradual drift. Drift detection is without
(left) and with a retraining RF classifier (right).

Figure 4. Recurring drift. Drift detection is
without (left) and with a retraining RF classifier

(right).
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Figure 5. Incremental drift. Drift detection is
without (left) and with a retraining RF classifier

(right).

Algorithm 1 detects drift directly in the source
data, rather than on intermediate indications, after
processing by the selected classifier, which must be
chosen beforehand. This means that in other meth-
ods of detecting drift, the detector cooperates with
the selected classifier, unlike our process, in which
it is unnecessary. We attach the classifier when
classification is required. We can observe that the
proposed drift detection method is consistent with
changes in the RF classifier accuracy (red line). Il-
lustrating the phenomenon is helpful but is not suffi-
cient in comparative research. For this reason, tests
were carried out for data with different noise lev-
els (1%, 3%, 5%) and with a different number of
simultaneously drifting features (10 or 20). The ar-
tificial streams are balanced, two-class, and have 20
features. A common rule is that the first chunk is a
drift-free reference set and contains 5% of all data
in the data set. In the artificial data stream genera-
tor, one drift was programmed. The drift was im-
plemented regardless of the speed of data changes.

The proposed drift detector was compared with
other of-the-art detectors. Results are gathered in
Table 2. In Table 2, in the column ”Proposed,” are
the results for the Lasso (L1) procedure. For the
same data, calculations for Ridge (L2) and Elastic
Net (L1+L2) have also been carried out, getting the
same results. For these reasons, L2 and Elastic Net
results have been omitted. The nature of artificially
generated data means that features are random and
uncorrelated, which means that the order of features
determined by LASSO will be the same for L1, L2,
and Elastic Net versions. This means the FBDD
detector will obtain the same results regardless of
the LASSO version. This is due to the properties
of the LASSO method. If the features are uncorre-
lated, the differences between L1, L2, and Elastic
Net regularizations are low or non-existent.

For our purposes, the λ = 0.001 factor was set
in all variants of the LASSO procedure (see eq. 3).
For the Elastic Net variant, the ratio = 0.5 was set.
The ratio factor defines the mix of Lasso (L1) and
Ridge (L2) penalties.

The result was also confirmed using the
Wilcoxon test, as shown in Table 3, on the α level
equal to 0.05. Statistical tables are used to calculate
p-values for small samples (< 20), which is the case
here. For p-value < α, we can conclude that sta-
tistical evidence at α = 0.05 shows that the average
ACC for detectors differs. The Wilcoxon test shows
statistical differences between the results of the pro-
posed detector and the results of all other modern
detectors listed in Table 3.

This test shows statistically significant differ-
ences for Abrupt changes in the datastream between
the proposed method and DDM, EDDM, ADWIN,
and PCA-FDD drift detectors. Our method has a
clear advantage here. For Gradual and Incremen-
tal changes in input data, our method statistically
gives the same ACC results as DDM, ADWIN, and
PCA-FDD detectors. The proposed new method
shows a statistically significant difference in the
cyclical changes of Recurring-type data compared
to all other strategies. This is beneficial from the
point of view of the usability of the method for this
type of data. The ones presented in Table 2 and
Table 3 should be interpreted more subtly. Drift de-
tectors cooperate with the RF classifier. This clas-
sifier shows high efficiency (ACC) for all types of
drift for EDDM detectors. However, this happens at
the cost of many false alarms (False Positive). Each
false alarm of the EDDM detector causes the classi-
fier to be retrained on new data, artificially increas-
ing its momentary efficiency. This happens regard-
less of the number of drifting features and the noise
level. This means that EDDM shows high sensi-
tivity to any changes. In contrast, other detectors
showed lower false alert values, and as promoted in
this paper, our strategy was the best in this respect.

It should be noted that only one drift was pro-
grammed in the artificial data from Table 2. Thus,
according to any detector’s indications, the RF clas-
sifier should be rebuilt only once for ideal drift de-
tection. However, this does not happen, and the
detectors, in addition to correctly indicating, incor-
rectly detect drifts in places where they do not ex-
ist. Our method is the exception, where the reported
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Table 2. The accuracy ACC of drift recognition by RF classifier for different detectors with the number of
detected drifts. ”feature-noise” means a number of drifting features and % of noise in data.

Drift feature-
noise

Proposed
(Lasso)

DDM EDDM ADWIN PCA-
FDD

Abrupt
10-1 0.867/1 0.851/7 0.861/18 0.861/1 0.802/4
10-3 0.858/1 0.842/1 0.852/18 0.853/1 0.796/4
10-5 0.851/1 0.835/3 0.844/18 0.845/1 0.790/4
20-1 0.868/1 0.850/3 0.862/12 0.860/1 0.794/3
20-3 0.861/1 0.843/3 0.854/18 0.850/1 0.789/3
20-5 0.854/1 0.836/4 0.843/10 0.844/1 0.784/3
Avg. drifts 1 3.5 11.3 1 3.5

Gradual
10-1 0.828/2 0.822/3 0.841/16 0.823/3 0.760/0
10-3 0.823/2 0.812/3 0.833/16 0.814/3 0.756/0
10-5 0.819/2 0.813/4 0.828/18 0.806/3 0.752/0
20-1 0.776/2 0.803/5 0.818/18 0.796/4 0.787/2
20-3 0.758/2 0.790/4 0.811/19 0.794/4 0.781/2
20-5 0.755/2 0.784/5 0.802/17 0.784/4 0.715/2
Avg. drifts 2 4 17.3 3.5 1

Recurring
10-1 0.878/3 0.836/8 0.860/18 0.855/3 0.832/8
10-3 0.865/3 0.838/6 0.843/18 0.842/3 0.818/8
10-5 0.851/3 0.814/6 0.828/18 0.823/3 0.801/8
20-1 0.880/3 0.857/4 0.863/18 0.857/3 0.805/3
20-3 0.867/3 0.835/3 0.845/18 0.842/3 0.794/3
20-5 0.854/3 0.816/7 0.832/19 0.824/3 0.779/3
Avg. drifts 3 5.6 18.2 3 5.5

Incremental
10-1 0.797/2 0.795/5 0.815/19 0.803/3 0.795/2
10-3 0.780/1 0.787/2 0.806/16 0.788/3 0.788/2
10-5 0.798/2 0.787/2 0.806/16 0.788/3 0.782/2
20-1 0.754/2 0.751/5 0.764/18 0.751/2 0.720/4
20-3 0.749/2 0.728/3 0.758/18 0.747/3 0.716/4
20-5 0.744/2 0.722/8 0.750/19 0.736/2 0.713/4
Avg. drifts 1.8 4.2 17.7 2.7 3

Table 3. Wilcoxon Signed-Rank-test, using W+ distribution (two-tailed) for α = 0.05. Synthetic data for
ACC values. Values inside Table are p-values of the statistic.

Proposed vs. DDM EDDM ADWIN PCA-FDD
Abrupt 0.031 0.033 0.035 0.031
Gradual 0.400 0.031 0.441 0.141
Recurring 0.031 0.034 0.034 0.035
Incremental 0.156 0.031 0.600 0.094
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number of false alarms is the lowest compared to
other drift detectors. This is the most crucial ad-
vantage of our method. The average results of true
drift (TP) and false alert (FP) for different artificial
data sets are summarized in Table 4. It is visible
that the proposed strategy realized by the new de-
tector generates fewer additional alerts in compari-
son with other detectors.

6.3 Evaluation based on real data

Similar studies, as in the previous section, were
performed for the case of real data [31]. The char-
acteristics of these data are given above. Real data
also contains multi-label examples, which will bet-
ter enable the evaluation of the proposed method
against others.

The research was conducted similarly to syn-
thetic data for the identical drift detectors. The
training data was constructed from the initial 5%
of the specified dataset. In contrast to artificial data
pipelines, real data streams do not have defined drift
points. Hence, the occurrence of drift and its type
in such data are unknown. For this reason, the as-
sessment of the usefulness of our method against
the background of others known from the literature
was carried out by analyzing the ACC and MCC in-
dicators. Results are gathered in Table 5.

The datasets used in the study have more or less
correlated features. These are real-world data, and
even the names of these sets suggest that the data
are at least partially correlated. The exact charac-
teristics of these sets have been presented earlier.
For more highly correlated features, expect differ-
ent results in the ”Proposed” column of Table 5 for
Lasso, Ridge, and Elastic Net versions.

While both ACC and MCC measure classifi-
cation performance, they do not always correlate
directly, especially in imbalanced datasets. High
ACC, Low MCC: A model might achieve high ac-
curacy in imbalanced datasets by predominantly
predicting the majority class. However, MCC
would be low because it penalizes incorrect minor-
ity class predictions more heavily. High MCC, High
ACC: It generally indicates that the model performs
well in both classes, with a balanced rate of true
positives and true negatives. Low ACC, High MCC:
This indicates issues with imbalance or misclassifi-
cation that accuracy alone does not reveal. When

analyzing the results in Table 5, these relationships
were taken into account.

Additionally, observation of the MCC coeffi-
cient is very valuable because from eqs. (5) and
(6) follows that MCC decreases when FP increases.
This reflects worse performance, as more false pos-
itives indicate that the model incorrectly predicts
positives. The analysis of the MCC index changes
in Table 5 leads to the conclusion that all real data
streams in our method give the highest MCC val-
ues. This suggests that the proposed detector and
the RF classifier generate the fewest false alarms
among all the other detectors. Therefore, the num-
ber of true drifts true positives (TP) is the most
reliable in our method. Accuracy (ACC) also de-
creases when false positives (FP) increase. Thus,
the accuracy decreases when FP increases, indicat-
ing that the model makes more incorrect positive
predictions, leading to worse overall performance.

The classification efficiency results were also
checked here using the Wilcoxon test. The test re-
sults are summarized in Table 6. The Wilcoxon test
shows statistically significant differences for MCC
between the proposed drift detector and all others
used in the experiment. This means there are sta-
tistically significant differences in false alarms (FP)
occurrence in different drift detectors, which was
already discussed above. There are no statistically
significant differences in the effectiveness of the
proposed detector and the ADWIN and PCA-FDD
detectors. However, it should be noted that ADWIN
and PCA-FDD generate more false alarms (FP)
than the proposed method because the MCC coeffi-
cient is lower than that of the proposed method.

7 Evaluation of the operating time
of drift detectors

Tests were performed on a computer with an
AMD Ryzen 7500 processor, 3.7 GHz, 64 GB main
memory, and Windows 10 operating system. Evalu-
ation times (running time in seconds) are presented
separately in synthetic and real data graphs. The
best methods depend on both the dataset and base
detector. It is a trivial conclusion but allows show-
ing these dependencies for analyzed datasets and
selected drift detectors.
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Table 4. Average TP and FP indices value for different drift detectors based on artificial datasets from
Table 2.

Detector Abrupt Gradual Recurr. Incre. Avg.
TP FP TP FP TP FP TP FP TP FP

Reference 1 0 1 0 1 0 1 0 1 0.00
Proposed 1 0 1 1 1 2 1 0.8 1 0.95
DDM 1 2.5 1 3 1 4.7 1 3.2 1 3.35
EDDM 1 14.6 1 16.3 1 17.1 1 16.7 1 16.18
ADWIN 1 0 1 2.5 1 2 1 1.7 1 1.55
PCA-FDD 1 2.5 0.5 0.5 1 4.5 1 2 1 2.38

Table 5. The accuracy (ACC) and Matthews coeff. (MCC) of drift recognition.
The RF classifier for seven Real datasets.

Ridge Elastic Proposed
(Lasso)

DDM EDDM ADWIN PCA-FDD coeff.

Phishing 0.924/0 0.943/1 0.943/1 0.942/6 0.940/9 0.937/1 0.940/15 ACC
(2 classes) 0.846 0.886 0.886 0.762 0.879 0.873 0.879 MCC
Electricity 0.779/3 0.796/4 0.796/4 0.762/18 0.759/18 0.745/13 0.724/2 ACC
(2 classes) 0.544 0.601 0.601 0.509 0.504 0.482 0.441 MCC
Ozone 0.929/11 0.941/12 0.943/13 0.789/3 0.893/4 0.897/2 0.892/13 ACC
(2 classes) 0.538 0.651 0.704 0.174 0.121 0.072 0.005 MCC
Arrhythmia 0.748/10 0.945/18 0.945/18 0.550/0 0.583/3 0.550/0 0.563/17 ACC
(16 classes) 0.556 0.905 0.905 0.114 0.261 0.114 0.155 MCC
Poker-hand 0.718/5 0.718/5 0.642/6 0.642/0 0.640/6 0.642/0 0.642/0 ACC
(10 classes) 0.472 0.472 0.503 0.332 0.327 0.332 0.332 MCC
Rialto Bridge 0.561/2 0.633/0 0.645/1 0.619/18 0.628/19 0.648/17 0.649/10 ACC
(10 classes) 0.615 0.595 0.609 0.577 0.587 0.609 0.614 MCC
Outdoor 0.230/0 0.497/7 0.637/11 0.230/0 0.255/12 0.234/4 0.247/14 ACC
(40 classes) 0.222 0.474 0.634 0.220 0.236 0.218 0.238 MCC

Table 6. Wilcoxon Signed-Rank-test, using W+ distribution (two-tailed) for α = 0.05. Seven Real data
sets. Values inside Table are p-values of the statistic for ACC and MCC values.

DDM EDDM ADWIN PCA-FDD
Proposed (ACC) vs. 0.031 0.015 0.063 0.094
Proposed (MCC) vs. 0.016 0.016 0.031 0.031
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Figure 6. Drift detectors’ operating time
depending on the input data type.

The charts show that the proposed strategy was
the fastest method on all synthetic datasets. Results
for real data are presented on a logarithmic scale
due to the Poker-hand file. It is a huge file (over
1,000,000 instances, 11 attributes, and 10 classes),
and its processing time is disproportionately long
(for the EDDM detector, 251 seconds) compared to
the other data. For real data, the proposed approach
gave the shortest computation time for the Phishing,
Electricity, Poker-hand, Rialto-Bridge, and Outdoor
sets. The favorable time results of the proposed
method result from the fact that it does not generate
warning levels like other detectors and immediately
indicates the actual drift of features.

8 Complexity of the method

The proposed feature drift detector employs sta-
tistical calculations. Only feature ranking methods
furnish the requisite data for these calculations. The
statistics possess a constant complexity and thus
can be excluded from the procedure for determining
the complexity of the proposed detector. After each
drift detection, the detector utilizes the LASSO fea-
ture ranking procedure, depending on the version.
Therefore, the computational complexity of ranking
is crucial.

8.1 Time complexity

Subsequent chunks are divided into LN sub-
chunks if a drift is identified. The LASSO fea-

ture ranking method is employed for each LN sub-
chunk. The ranking is calculated once over the en-
tire chunk without drift being detected.

Let the number of drifts be denoted as Ld .
Let the total number of chunks be denoted as Lc.
Let the computational complexity of the LASSO
procedure be denoted as O(A). For such an as-
sumption, computational complexity is as follows:
O(Ld ·LN ·O(A))+O((Lc −Ld) ·O(A)). After sim-
plification, the computational complexity of the al-
gorithm is O((LN +Lc) ·O(A)). The number of sub-
chunks is constant, so the algorithm’s complexity
is approximately Lc ·O(A). According to (3), we
have N instances and d features. Consider LASSO
implementation using LARS algorithm [32], then
the computational complexity of LASSO-LARS is
O(d3 + d2 · N). In our datasets, we assume that
d ≤ N. In consequence d3 ≤ d2 ·N, hence compu-
tational complexity of LASSO is O(A) = O(d2 ·N).

8.2 Memory complexity

As before, the LARS version of the LASSO
procedure will be considered with the same nota-
tions. LARS is an efficient algorithm particularly
suited for Lasso when the number of features d is
large. It should be noted that several algorithms
can solve the memory LASSO optimization prob-
lem [32]. The memory complexity varies based on
the algorithm’s implementation.

The data matrix X is an N ×d dimensional ma-
trix representing the dataset. Matrix X requires
O(N×d) space. Coefficients vector β requires O(d)
space. The total memory complexity of the LASSO
procedure is O((N × d)+ d) = O(N × d). We also
assume that each entry is a 4-byte float.

9 Conclusions

The paper presents a new approach for detect-
ing feature drifts in source data based on ranking
feature changes. The method has been validated
through empirical evidence, which sets the ground-
work for future research extension. The devel-
oped strategy is competitive with other methods, as
shown in synthetic and real-world data comparative
studies.

It is worth noting that feature drift detection is
performed directly on the input (raw) data using the
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feature ranking of instances. Therefore, there is no
fear that the classifier constantly assesses the data
and drift detection is only based on its indications.

In most cases, the proposed feature drift detec-
tion method achieves better results than other detec-
tors. The proposed approach also provides favor-
able data processing times compared to other de-
tectors, which results from the adopted method of
ranking the features of the original, not yet pro-
cessed data. Future research will include testing
alternative feature ranking methods where class la-
bels are not required. These two approaches will be
compared. The proposed method can improve the
accuracy and efficiency of data stream processing in
various domains by solving feature drift problems.
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feature ranking of instances. Therefore, there is no
fear that the classifier constantly assesses the data
and drift detection is only based on its indications.

In most cases, the proposed feature drift detec-
tion method achieves better results than other detec-
tors. The proposed approach also provides favor-
able data processing times compared to other de-
tectors, which results from the adopted method of
ranking the features of the original, not yet pro-
cessed data. Future research will include testing
alternative feature ranking methods where class la-
bels are not required. These two approaches will be
compared. The proposed method can improve the
accuracy and efficiency of data stream processing in
various domains by solving feature drift problems.

References
[1] Husheng Guo, Hai Li, Qiaoyan Ren, and Wen-

jian Wang. Concept drift type identification based
on multi-sliding windows. Information Sciences,
585:1–23, 2022.

[2] Piotr Porwik and Rafal Doroz. Adaptation of the
idea of concept drift to some behavioral biometrics:
Preliminary studies. Engineering Applications of
Artificial Intelligence, 99:104135, 2021.

[3] Thomas Bartz-Beielstein and Lukas Hans. Drift
detection and handling. In Eva Bartz and Thomas
Bartz-Beielstein, editors, Online Machine Learn-
ing: A Practical Guide with Examples in Python,
pages 23–39, Singapore, 2024. Springer Nature
Singapore.
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