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ABSTRACT

DYNAMIC ENSEMBLE DIVERSIFICATION AND
HASH-BASED UNDERSAMPLING FOR THE
CLASSIFICATION OF MULTI-CLASS IMBALANCED
DATA STREAMS

Soheil Abadifard
M.S. in Computer Engineering
Advisor: Fazlhi Can
July 2024

The classification of imbalanced data streams, which have unequal class distribu-
tions, is a key difficulty in machine learning, especially when dealing with multi-
ple classes and concept drift. While binary imbalanced data stream classification
tasks have received considerable attention, only a few studies have focused on
multi-class imbalanced data streams. Additionally, dealing with the dynamic im-
balance ratio is of great importance. This study introduces a novel, robust, and
resilient approach to address these challenges by integrating Locality Sensitive
Hashing with Random Hyperplane Projections (LSH-RHP) into the Dynamic
Ensemble Diversification (DynED) framework. To the best of our knowledge,
we present the first application of LSH-RHP for undersampling in the context
of imbalanced non-stationary data streams. The proposed method, undersam-
ples majority classes by utilizing LSH-RHP, provides a balanced training set,
and improves the ensemble’s prediction accuracy. We conduct comprehensive
experiments on 23 real-world and ten semi-synthetic datasets and compare LSH-
DynED with 15 state-of-the-art methods. The results reveal that LSH-DynED
outperforms other approaches in terms of both Kappa and mG-Mean effectiveness
measures, demonstrating its capability in dealing with multi-class imbalanced
non-stationary data streams. Notably, LSH-DynED performs well in large-scale,
high-dimensional datasets with considerable class imbalances and demonstrates
adaptation and robustness in real-world circumstances. For the reproducibility

of our results, we have made our implementation available on GitHub.

Keywords: Data stream, Classification, Class imbalance, Concept drift, Ensemble
learning, Locality sensitive hashing.
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OZET

COK SINIFLI DENGESIZ VERI AKISLARININ
SINIFLANDIRILMASI ICIN DINAMIK TOPLULUK
CESITLENDIRME VE KARGASA-TABANLI AZ
ORNEKLEME

Soheil Abadifard
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Fazlhi Can
Temmuz 2024

Esit olmayan simmif dagilimlarina sahip dengesiz veri akiglarinin simiflandiril-
masi, Ozellikle ¢oklu-sinif ve kavram kaymasi ile ugragirken makine 6greni-
minde ¢oziilmesi gereken 6nemli problemlerden biridir. Ikili dengesiz veri akisi
sinifflandirma iglemi literatiirde biiytik ilgi gormiisken, ancak birkag¢ calisma
cok smifli dengesiz veri akiglarina odaklanmigtir. Ayrica, dinamik dengesizlik
oraniyla basa ¢ikmak biiylik 6nem tagimaktadir. Bu ¢aligma, Dinamik Topluluk
Cesitlendirme (DynED) cercevesine Rastgele Hiper Diizlem Projeksiyonlar ile
Yerellige Duyarli Kargasa’y1 (LSH-RHP) entegre ederek bu zorluklar: ele almak
icin yeni, saglam ve esnek bir yaklagim sunmaktadir. Bildigimiz kadariyla, denge-
siz ve duragan olmayan veri akiglar1 baglaminda az 6rnekleme i¢in LSH-RHP 'nin
ilk uygulamasim sunuyoruz. Onerilen yontem, LSH-RHP kullanarak cogunluk
simiflarin1 az 6rneklemekte, dengeli bir egitim seti saglamakta ve toplulugun tah-
min dogrulugunu artirmaktadir. Bu ¢alismada gergek diinyadan 23 ve yar1 sen-
tetik 10 veri kiimesi tizerinde kapsamlh deneyler gerceklestirilmis ve LSH-DynED
15 6nde gelen yontemle kargilagtirilmigtir. Sonuglar, LSH-DynED’in hem Kappa
hem de mG-Mean etkinlik Ol¢iitleri agisindan diger yaklagimlardan daha basarili
oldugunu ve ¢ok smifli dengesiz, duragan olmayan veri akiglariyla basa ¢ikma
konusunda daha etkin oldugunu gostermektedir. Ozetle, LSH-DynED 6nemli simf
dengesizliklerine sahip biiytik 6lgekli, ytiksek boyutlu veri kiimelerinde iyi perfor-
mans sergilemekte ve gergek diinya kogullarina uyumluluk ve saglamlik sergile-
mektedir. Sonuclarimizin yeniden tretilebilirligi i¢in uygulamamiz GitHub’da

kullanima sunulmustur.

Anahtar sozciikler: Veri akigi, Siniflandirma, Siif dengesizligi, Kavram kaymast,
Topluluk 6grenmesi, Yerellige duyarli karma.
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Chapter 1

Introduction

In this chapter, we start by introducing the data stream and explaining its basic
concepts in Section 1.1. Then, in Section 1.2, we discuss why we conducted this

study and what we hope to achieve with it.

1.1 Fundamental Concepts

Data Stream: Recently, there has been an explosive increase in the volume of
data generated by various sources, a continuous data with high velocities, called
data stream: “A data stream is a sequence of data elements made available over
time” [90] and need to be processed and assessed in real-time [76]. Two main
approaches are presented in the literature to process a data stream in real-time
fashion: Online and Chunk-based methods [32]. Data streams are characterized
by their continuous flow, unbounded nature, high velocity, one-pass processing,
and dynamic changes in content over time [8, 58, 90]. These properties are differ-
ent from static data, which have all data available while processing. This trend
poses new hurdles for traditional machine learning techniques designed initially

to handle static data. In the context of data streams, data samples are processed



incrementally using methods appropriate for real-time or nearly real-time analy-
sis, which is crucial in industries such as banking, healthcare, and transportation.
Additionally, some of these data may also come from sensors, social media feeds,
or Internet of Things devices, all of which produce big data streams since they
produce large amounts of data not collected based on predetermined data charac-
teristics. For instance, IoT devices are expected to grow from 26 billion connected
units in 2019 to nearly 80 billion by 2025 [6]. This necessitates using specialized
algorithms that can manage the high throughput and adjust to the dynamic na-
ture of the data stream. Consequently, this task has become a focus of research,
developing algorithms capable of performing real-time tasks such as incremental
clustering and classification. Current research in unsupervised and supervised
learning within data streams explores methods like density-micro clustering and
classification algorithms [52], respectively. This study focuses on multi-class data
streams where each data sample is associated with a single label, as opposed to
multi-label data streams, in which each data sample is linked to a combination
of labels [7, 75].

Imbalanced data streams: One of the most difficult challenges in the data
stream classification task is effectively handling class imbalance in data. Imbal-
anced data streams refer to situations when there is a significant difference in the
number of instances between various classes [4, 62]. These streams exhibit a no-
table difference in the representation of different classes, with some classes being
referred to as minority classes and others as majority classes. The difference in
the distribution of classes poses significant difficulties for any machine learning
algorithm, as they may display a bias towards the dominant class and often over-
look the less common but crucial information included within the minority class
[61]. This difference might result in poor predictive accuracy, particularly when
identifying instances from the minority classes. The ever-changing characteristics
of data streams result in a fluctuating imbalance ratio, which can reverse the roles

of majority and minority classes as the stream progresses.

Concept Drift: In addition to the challenge of imbalance, another significant
obstacle in machine learning is to deal with how data streams constantly change,

a phenomenon called concept drift [42, 43, 79]. As data distributions change

2



over time, it is crucial to have a learning system that can adapt. Concept drift
happens when the model’s statistical properties face an unexpected change in
the target variable. This can significantly lower the accuracy of models, making
it hard to keep their performance high. To handle concept drift effectively, one
needs methods to detect it and adjust the learning process, such as updating the
model with new data [8], using algorithms to detect drift [5], or resetting the
model periodically. The combination of these challenges, along with overlapping

class boundaries, generates complicated classification tasks [4].

Therefore, a combination of concept drift and class imbalance introduces com-
plex dynamics where class roles may shift, new classes may emerge, or existing
classes might disappear, requiring continual adaptation of the classifiers. Han-
dling these challenges effectively demands specialized techniques and algorithms,
such as ensemble methods, feature selection, resampling techniques, and cost-
sensitive learning. These approaches either alter the underlying dataset to bal-
ance the class distribution or modify the training approaches to make classifiers
robust against these imbalances [4]. Hence, effectively handling an imbalanced
data stream necessitates employing advanced tactics to guarantee equitable and
precise model performance across all classes while acknowledging the dynamic

and intricate characteristics of the data at hand.

Recently, the integration of resampling techniques with online ensemble learn-
ing to handle imbalanced data streams has attracted significant interest. Re-
sampling is a typical technique for dealing with class imbalance. This technique
involves either increasing instances in the minority class (oversampling) or de-
creasing instances in the majority class (undersampling) [4, 71] to manage im-
balanced data distribution. Although numerous sampling algorithms have been
created so far, many of these methods are influenced by the traditional SMOTE
algorithm [92]. It lowers class imbalance by employing linear interpolation to gen-
erate new instances of the minority class from existing minority class samples.
Although this technique effectively reduces class imbalance, it may provide noisy
and false instances that do not truly belong to the minority class, potentially
leading to over-generalizing the minority class into the majority class region and

lowering the overall prediction performance [35, 80].

3



The imbalance issue in the data stream classification task can also be addressed
by utilizing ensemble classifiers [9, 19, 39|, which combine several weak classifiers
to form a stronger one. By combining multiple classifiers, the ensemble utilizes
the advantage of each one’s unique capabilities to achieve better performance.
Furthermore, resampling can be used in these techniques to balance class distri-
bution during training, provide equal representation of all classes, and enhance

overall accuracy and minority class handling [61].

1.2 Contributions

The primary motivation behind this research is that the classification of imbal-
anced binary data streams has been extensively studied; however, multi-class im-
balanced data streams have received less attention [12, 44, 53, 78, 89]. Techniques
such as VFC-SMOTE and REBALANCESTREAM have addressed binary class
imbalances by adapting to evolving data streams, and concept drifts [10, 11]. Ad-
ditionally, SMOTE-OB has demonstrated the effectiveness of combining synthetic
minority oversampling with online bagging to continuously rebalance class distri-
butions in evolving streams [13]. The Adaptive Chunk-Based Dynamic Weighted
Majority (ACDWM) method further enriches this landscape by using an ensemble
of classifiers dynamically weighted based on their recent error rates to handle both
concept drift and class imbalance, demonstrating significant advancements in the
field of online learning with imbalanced data streams [67]. These binary classifi-
cation advancements underline the urgent need for robust solutions in multi-class
settings, particularly when faced with non-stationary environments where class
distributions and relationships dynamically change. Furthermore, the problem
becomes more complicated when class proportions fluctuate dynamically [4] and
may even reverse, particularly when concept drift is involved. This can have a
negative influence on classification model performance. These necessitate a more
robust and resilient method toward the above-mentioned challenges [85]. While
resilience is about recovering and adapting after disruptions, robustness is about

withstanding and resisting them [86]. This study presents a new approach to

4



address the issues of multi-class imbalance in non-stationary data streams and

aims to introduce a robust and resilient approach.

The contributions of this study are detailed below. We

e Propose a novel undersampling method using randomly generated hyper-

planes and hash-codes,

« Extend and modify the DynED [1], the most recent data stream classifica-
tion method to overcome multi-class imbalanced data stream tasks, espe-

cially dynamic imbalance ratio,

o Present comprehensive experiments over approaches proposed for this task

over the last decade on multiple real-world and semi-real-world datasets,

e Provide our implementation with all experimental details to make our ap-
proach open to new improvements in future research and available it as a

baseline.

This study is organized as follows: in chapter 2, we provide an in-depth review
of relevant literature; in chapter 3, we present our proposed method; and in
chapter 4, we present our experiments and provide a complete and comprehensive

discussion of the findings. Lastly, we conclude with chapter 5.



Chapter 2

Related Works

In this chapter, we start by briefly reviewing current methods used in data stream
clagsification in Section 2.1. Then, we continue with a short overview of sampling

methods in Section 2.2.

2.1 Data Stream Classification Methods

Data stream classification methods can generally be categorized into two pri-
mary groups: General Purpose Methods (GPM) and Imbalance-Specific Methods
(ISM). This chapter analyzes several methods developed for the classification of
non-stationary data streams and evaluates their strengths and weaknesses. The
summary of various approaches can be seen in Table 2.1. We explain them in the

following.



2.1.1 General Purpose Methods (GPM)

Most algorithms created for identifying data streams perform poorly in imbal-
anced scenarios. There is a scarcity of algorithms capable of handling both bal-
anced and unbalanced settings. In this section, we look at the handful that
manage both conditions effectively, providing a full study of their techniques and

actual application.

OzaBagAdwin (OBA) [16] is a strategy that combines the online bagging
approach of Oza and Russell [72] with the ADWIN (ADaptive WINdowing) al-
gorithm [14] for data streams with non-stationary underlying distribution. This
technique can be used to generate an ensemble of classifiers that can adjust over
time to variations in data distribution, addressing a common challenge in real-
world applications. Utilizing a Poisson distribution, each example is handled as a
sample taken from the original distribution as part of the approach for simulating
bootstrap samples. By keeping a sliding window of current data that is dynam-
ically sized, ADWIN also aids in the simultaneous detection of distributional
changes. OBA’s key features include the ability to adapt to changing concepts
without requiring a fixed window size, the efficient use of memory via ADWIN’s
automatic window size adjustment, and the robust ensemble approach that en-
ables rapid adaptation by swapping out less accurate classifiers when changes are
detected. Because sustaining strong predictive performance despite data evolu-
tion is critical, OBA is especially beneficial in financial markets, sensor networks,

and real-time prediction systems.

Even though OBA works well with non-stationary data streams, its adaptabil-
ity, and accuracy may be limited in some situations as it predominantly concen-
trates on boosting misclassified instances and might not provide enough variation
and randomization in training data. As a result, a higher level of randomness
has been incorporated into several aspects of the ensemble process to solve these
constraints using Leveraging Bagging (LB) [15]. This approach responds more
quickly to data stream changes and simultaneously improves prediction accuracy.

Introducing randomization into classifier algorithms and input data is a feature



of LB. The training examples are more diverse since they use a Poisson distribu-
tion to assign weights to them. Random output codes are also used to lower the
correlation across classifiers. To ensure that the ensemble closely fits the current
data distributions, ADWIN is included for effective change detection. LB is now
more resource-efficient and capable of managing data drift than OBA, making it

ideal for real-time analytics scenarios in which data evolves quickly.

LB enhances the adaptability of ensembles through increased randomness, yet
it might still struggle with diverse types of concept drift. In contrast, the Adap-
tive Random Forest (ARF) algorithm [40] is specifically designed to overcome
these constraints by adapting the classical Random Forest to the challenges of
evolving data streams. ARF is designed to withstand many forms of concept
drifts. It features a clever resampling technique based on online bagging, which
improves its adaptability without requiring extensive modifications for various
datasets. It includes adaptive operators that alter the learning models in re-
sponse to shifts in the data stream, as well as parallel processing, which allows
each ensemble component to function independently while maintaining classifica-
tion accuracy. Furthermore, each tree in the ARF ensemble has a drift detection
mechanism, which not only detects drifts but also prepares background trees to
replace the principal models if a drift is confirmed. This ensures that the ensemble
remains relevant and accurate throughout time. ARF’s comprehensive approach
to drift adaptation and its capability to handle abrupt, gradual, and incremental
drifts sets a new standard in data stream classification, addressing gaps left by

previous adaptations of random forest algorithms and other ensemble methods.

Although ARF has made significant progress in managing concept drifts in
data streams, it could be better at maximizing resource efficiency across massive
amounts of data or striking a balance between stability and diversity. Combining
online bagging and random subspaces techniques into a single ensemble stream
classification method is what Streaming Random Patches (SRP) [41] aims to
do in order to fill these particular gaps. SRP seeks to process data effectively
with limited computer resources and improves adaptation to concept drift. The
ensemble technique in SRP promotes diversity by constructing many base models

and training them on various subsets of attributes and occurrences. It replicates
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instance weighting by using a Poisson distribution and a global technique to se-
lect random subsets of features for each learner. The global feature selection
method of SRP gives a more complete approach to ensemble diversity than ARF,
which employs a local randomization scheme. While OBA focuses on responding
to changes in data distribution rather than feature diversity, SRP adds active
drift detection and recovery algorithms that provide a more dynamic response to
changing environments. SRP also strives for good performance, whereas Leverag-
ing Bagging seeks stability and variation within the ensemble. Because these ap-
proaches are not available in other models, SRP is an excellent choice for retaining

model performance and accuracy in dynamic and changing data environments.

The SRP provides a well-rounded strategy for managing dynamic changes in
data streams by utilizing a variety of ensemble techniques. However, the Kappa
Updated Ensemble (KUE) [22] addresses the need for greater precision and
adaptability by introducing a method that adjusts ensemble components based
on performance metrics using the Kappa statistic. This method improves the bal-
ance between stability and responsiveness. KUE employs the Kappa statistic to
dynamically allocate weights and select base classifiers, ensuring that only those
that have a positive impact on the ensemble’s performance are retained. KUE
demonstrates the capability to consistently and efficiently adapt to evolving data
streams, hence guaranteeing robustness against concept drift. The application of
KUE entails employing diversification approaches for base learners, where each
clagsifier is trained on a unique subset of data. This enhances the ensemble’s
capacity to draw generalizations and mitigates overfitting. Furthermore, this
method is employed wherein classifiers have the ability to abstain from voting
when they lack confidence, hence enhancing the accuracy and reliability of the

ensemble.

Despite prior approaches that have made substantial progress in handling con-
cept drift in data streams, they frequently encounter difficulties regarding inef-
ficiency and instability when working with big or very small data chunks. This
can result in either overlooking concept drifts or being overly responsive. Broad
Ensemble Learning System (BELS) [8] overcomes these constraints by devel-

oping an ensemble learning system that uses small chunks for more stable and

9



efficient model updates. BELS aims to address past models’ inefficiencies by
employing a novel updating process that maximizes accuracy and stability while
avoiding the restrictions of learning data individually or utilizing too large data
chunks. The BELS system utilizes a unified feature mapping and enhancement
layer for all the data, and the ensemble is composed of instances of the output
layer. Each instance of the output layer is composed of many output nodes. By
employing this method, the model functions optimally as the feature mapping
and enhancement layers require only a single update at each timestep, rendering
an ensemble of these layers superfluous. Each instance’s accuracy performance
determines the addition or removal of each instance in the ensemble’s output
layer. Every instance that is deleted is stored in a pool and has the potential to
be reintroduced into the learning process if its accuracy exceeds a certain level.
This technique not only preserves a high level of accuracy but also rapidly ad-
justs to changes in concepts. This approach exhibits substantial enhancements in
managing idea drift, especially in situations involving imbalanced data streams,

highlighting its robustness against noise and drifts.

Lastly, the prior techniques such as BELS and SRP have made substantial
progress in dealing with idea drift in data stream environments, they often face
challenges in effectively managing the trade-off between the diversity and accu-
racy of ensemble components. They also may be unable to react rapidly to sudden
changes in data distribution. Dynamic Ensemble Diversification (DynED)
[1] tackles these problems by employing a unique approach that prioritizes en-
hancing prediction accuracy through the dynamic selection of the most pertinent
ensemble components, taking into account their performance and diversity. This
guarantees that the classifiers maintain a high level of accuracy even when ex-
posed to concept drift. DynED’s ability to delete unproductive or extraneous
components, using the Maximal Marginal Relevance (MMR) criterion for compo-
nent selection, ensures that the ensemble’s efficiency and effectiveness continue.
It dynamically modifies the diversity value in response to the intensity of changes

in accuracy.

After reviewing the GPM methods, we now look at ways to deal with class

imbalances in non-stationary data streams. These Imbalance-Specific Methods
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(ISM) use novel approaches to maintain effectiveness and accuracy across class

distributions.

Table 2.1: Summary of data stream methods used in this study for the classifi-
cation of data streams (Related to Ch. 2, and Ch. 4).

Method Proposed Year Domain Imbalanced Approach Learning Method ~Concept Drift
OzaBagAdwin [16] 2009 GPM - Online Explicit
LB [15] 2010 GPM - Online Explicit
ARF [40] 2017 GPM - Online Explicit
SRP [41] 2019 GPM - Online Explicit
KUE [22] 2020 GPM - Chunk Implicit
BELS [8] 2023 GPM - Chunk Tmplicit
DynED [1] 2023 GPM - Online Explicit
HDVFDT (28] 2008 ISM Hellinger Distance Splitting Criteria Online Implicit
GHVFDT [68] 2014 ISM Gaussian Hellinger Splitting Criteria Online Tmplicit
MUOB [88] 2016 ISM Undersampling Online Tmplicit
MOOB [88] 2016 ISM Oversampling Online Tmplicit
ARFR [1§] 2019 ISM Resampling Online Explicit
CSARF [66] 2020 ISM Misclassification Cost Online Explicit
CALMID [63] 2021 ISM Sample Weight & Uncertainty Strategy Online Explicit
ROSE [23] 2022 ISM Self-adjusting Bagging & Per Class Sliding Window ~ Online Explicit
MicFoal [64] 2023 ISM Sample Weight & Uncertain Label Request Strategy Hybrid Tmplicit
LSH-DynED [This Study] 2024 ISM Locality Sensitive Undersampling Online Explicit

GPM: General Purpose Methods, ISM: Imbalance-Specific Methods, Hybrid: Online + Chunk.

2.1.2 Imbalance-Specific Methods (ISM)

The ISM methods are specifically developed to address class imbalance in data
streams, using a range of strategies, unlike the GPM methods. In the following,
we thoroughly examine those equipped with these techniques or built explicitly

for this purpose.

The Hellinger Distance Very Fast Decision Tree (HDVFDT) method
28] is specifically developed to tackle the issue of learning from imbalanced data
streams, a prevalent difficulty in various supervised learning applications. In such
cases, conventional algorithms favor larger and more dominant classes. This pa-
per presents and assesses the Hellinger distance [48, 74| as a new, robust splitting

criterion for decision tree learning unaffected by skewness. The Hellinger distance
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is a reliable metric for quantifying the divergence between feature value distri-
butions. Unlike traditional criteria such as information gain [73] and the Gini
index [20], it is unaffected by any skewness in the class distribution. This tech-
nique aims to enhance the precision and equity of decision tree models, offering

a resilient solution to the difficulties presented by imbalanced data streams.

The HDVFDT algorithm greatly enhances the management of imbalanced
data streams, namely by improving the recall rates for the minority class. How-
ever, it has difficulties regarding memory efficiency and computing performance
while handling large-scale data streams. These constraints can impede its prac-
tical implementation in real-time applications where fast processing is crucial.
The Gaussian Hellinger Very Fast Decision Tree (GHVFDT) [68] solves
restrictions by integrating an enhanced variation of the Hellinger distance, which
measures the dissimilarity between normal distributions, resulting in better com-
putational efficiency. The GHVFDT is ideal for high-speed data streams in which
memory consumption and processing performance are critical. The GHVFDT,
similar to its previous version, prioritizes enhancing recall rates for the minority
class while minimizing false positives. The algorithm successfully balances sen-
sitivity towards the minority class and overall accuracy by utilizing statistical
metrics of data distribution to make educated decisions at each node in the tree.
Furthermore, the GHVFDT algorithm improves the management of imbalanced
class distributions and consistently achieves high G-Mean values in diverse levels
of class imbalance, demonstrating its resilience in various streaming settings. This
enhancement in memory efficiency does not undermine the classifier’s capacity to

handle the difficulties presented by imbalanced learning in data streams.

Previous methods in imbalanced streams, particularly for multi-class scenarios,
have struggled with issues like dependency on initial samples for class decompo-
sition and a lack of adaptivity to dynamic class distributions. This often leads to
less effective handling of skewed class distributions in real-time online learning en-
vironments. Two new ensemble learning methods, Multi-class Oversampling-
based Online Bagging (MOOB) and Multi-class Undersampling-based
Online Bagging (MUOB) [88], are introduced to overcome these issues. Both
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approaches are intended to process multi-class data streams directly and adap-
tively without the use of class decomposition or initial samples. To success-
fully balance class distributions, they employ adaptive resampling techniques [88],

whereby MUOB applies undersampling, and MOOB applies oversampling.

MOOB and MUOB differ in their approach to managing class imbalances:
MOOB focuses on generating additional instances of the minority classes, whereas
MUOB reduces the presence of majority class instances. This enables both strate-
gies to maintain updated and balanced class representations while adjusting to
changes in class distribution as they occur. They also provide a time-decayed
class size metric that represents the current state of class imbalances, allowing
for adaptive sampling rates. In comparison, MOOB performs better and more
consistently across numerous dynamic circumstances, particularly in sustaining
stronger recall for minority classes without affecting overall accuracy. This is
most likely owing to its strategy of increasing the presence of minority classes
rather than just diminishing the majority class, which can be vital in contexts
where minority class samples are especially valuable or predictive of critical out-

comes.

The Adaptive Random Forest with Resampling (ARFR) [18] is a method
developed to address the constraints of imbalanced streams by improving upon
the conventional ARF [40] approach. ARFR presents a resampling strategy that
modifies instances’ weights during training according to the current class distri-
bution. By utilizing adaptive resampling, the importance of the minority class is
enhanced, resulting in improved visibility and the classifier’s enhanced accuracy
in predicting it. Each instance in the data stream is dynamically weighted, in-
creasing the representation of minority classes and ensuring continual adaptation
to changes in class distribution. Moreover, ARFR has strategies to manage con-
cept drift, essential for preserving model relevance in dynamic situations. The
approach also demonstrates enhanced computational efficiency, substantially re-
ducing CPU time compared to classical ARF. Efficiency is crucial for applications

that necessitate real-time data processing and decision-making.

Although the ARF and ARFR adapt to data streams, they usually struggle
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to adequately handle class imbalances, particularly in circumstances where mis-
classification of minority classes could have serious consequences. ARF prioritizes
responding to changes in data streams over expressly considering class imbalance.
At the same time, ARFR tries to address imbalance issues by employing resam-
pling algorithms that do not directly incorporate the cost of misclassification into

the learning process.

The Cost-sensitive Adaptive Random Forest (CSARF) [66] addresses
these constraints by introducing misclassification costs into the learning process,
with a specific focus on the difficulties posed by imbalanced streams. CSARF im-
proves on the standard ARF framework [40] by using the MCC (Matthews Cor-
relation Coefficient) [27] to provide weight to trees. This approach offers a more
refined evaluation of classifier performance, which is particularly advantageous in
situations when there is an imbalance in the stream. Furthermore, CSARF has
a sliding window method to consistently monitor changes in class distribution,
guaranteeing that the training process is adaptable to the ever-changing nature

of data streams and the inclusion of minority class samples.

Previous techniques, such as KUE [22], have made considerable progress in
dealing with concept drift in data streams. However, they often struggle to han-
dle non-stationary class imbalances effectively. KUE prioritizes the utilization of
the Kappa statistic for weighting and selecting classifiers. Although this strategy
is effective at adjusting to changes in data drift, it may not always provide the
flexibility required to respond swiftly to sudden shifts in class distribution and im-
balance. Robust Online Self-Adjusting Ensemble (ROSE) [23] is a novel on-
line ensemble classifier designed to address imbalanced and drifting data streams,
attempting to overcome these limitations. ROSE seeks to address the deficiencies
of prior approaches by improving adaptation and resilience to changes in concepts
and class distribution imbalances, all without human intervention. The system
includes innovative technical improvements, such as variable-size random feature
subspaces for each classifier, which increase diversity and resilience to drift. Fur-
thermore, ROSE utilizes a background ensemble to facilitate rapid adaptation by
monitoring and replacing underperforming classifiers based on their response to
drift.
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Furthermore, ROSE implements a distinctive self-adjusting bagging method
that adapts its strategy according to the existing class distribution, specifi-
cally enhancing the representation and classification precision of underrepresented
classes. This is aided by using per-class sliding windows, which store a current
selection of cases for each class. This guarantees that the classifier is constantly
updated with the most relevant data. ROSE has a collection of capabilities that
allow it to handle fast changes in data streams properly. It is able to retain strong
performance even when faced with limited availability of labels and significant

imbalances between classes.

A new approach, Comprehensive Active Learning Method for Multi-
class Imbalanced Data Streams with Concept Drift (CALMID) [63], has
been developed to address the limitations mentioned earlier. CALMID uses a
resilient framework to improve the management of imbalances in multi-class sce-
narios while reducing concept drift. The sample weight formula used in this
method considers the dynamic class distribution and the specific difficulties as-
sociated with each class. In addition, CALMID employs an asymmetric margin
threshold matrix for its uncertainty strategy, enabling more accurate and adapt-
able management of classification uncertainties across various classes. In addition,
CALMID implements a novel initialization procedure for newly introduced ba-
sic classifiers, guaranteeing their enhanced readiness to handle the dynamic data
streams right from the beginning. This strategy enhances the resilience of the
learning process against changes in data patterns and also maximizes performance

within limited resources for labeling.

Although methods such as CALMID and ARFR are creative in tackling class
imbalance and concept drift in data streams, they have limits, especially in situa-
tions where the dynamics are very unpredictable. CALMID, for example, may not
adequately adjust to situations when there is a sudden change in class dominance
or the emergence of new classes. ARFR primarily addresses imbalanced data
by utilizing resampling techniques. However, it may not effectively respond to
quick changes in class features or the development of new classes. The MicFoal

framework [64] is designed to overcome these limitations by offering a reliable
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solution for imbalanced stream classification that efficiently handles multiclass
imbalance and concept drift. MicFoal is a system specifically designed to manage
the ever-changing nature of data streams. It is capable of adapting to situations
where previous classes may no longer exist, and new ones may form. MicFoal in-
cludes a configurable supervised learner and uses a hybrid label request method,
which provides flexibility in the process of active learning. This technique is
backed by an adaptive mechanism that modifies the budget allocated for label
costs according to current performance evaluations, guaranteeing the most effi-

cient application of resources.

In addition, MicFoal presents a new and uncertain approach to requesting la-
bels, utilizing a changeable least confidence threshold vector. This strategy is
particularly effective in dealing with the fluctuating number of classes over time.
MicFoal can adapt to changes in the data stream, ensuring that it stays accurate
and efficient. MicFoal has greater flexibility and adaptability than CALMID and
ARFR. It allows for easy modification and tuning of its components to accom-

modate the complex nature of real-world data streams effectively.

According to the literature review we provided here, while Imbalance-Specific
Methods (ISM) have been shown to be effective in managing class imbalances
in data streams, they frequently suffer responsiveness to rapid changes in class
distribution. Our study introduces a novel undersampling technique that uses
randomly generated hyperplanes and hash codes to enhance classification accu-

racy in multi-class imbalanced data.

2.2 Sampling Methods

Sampling techniques try to balance data samples before using them to train clas-
sifiers. Several sampling techniques have been proposed to either oversample or
increase data samples in the minority class(es) or undersample to eliminate some

data samples from the majority class(es).
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2.2.1 Oversampling Techniques

The most straightforward oversampling technique randomly reproduces data
items from the minority class. A more complex technique, Synthetic Minority
Oversampling Technique (SMOTE) [25], aims to generate synthetic exam-
ples rather than simple replication of minority class instances by interpolating
between the two samples, ensuring the minority class decision region is more gen-
eralized. SMOTEBoost [26] is proposed to further improve prediction for the
minority class in imbalanced datasets by integrating SMOTE with the boosting
algorithm to create synthetic minority class examples during each boosting iter-
ation. Borderline-SMOTE [45] is proposed to improve the predictive perfor-
mance for the minority class by only oversampling the minority class samples near
the decision boundary. Geometric SMOTE [33] improves the oversampling by
generating synthetic samples within a geometric region around each selected mi-
nority sample, allowing the region to be a hyper-sphere, hyper-spheroid, or line

segment.

2.2.2 Undersampling Techniques

The simplest undersampling technique is to eliminate samples from the majority
classes randomly. One-Sided Selection (OSS) [55], a more complex technique,
removes noisy and borderline majority class samples using Tomek links [82] to per-
form undersampling tasks. The Neighborhood Cleaning Rule (NCL) [59] is a
technique designed to enhance the identification of small and difficult-to-classify
classes within imbalanced datasets. NCL emphasizes data cleaning over data re-
duction by incorporating Wilson’s Edited Nearest Neighbor (ENN) [81] rule
to remove noisy and borderline instances from the majority class. Cluster-based
Undersampling [91] clusters the entire dataset and selectively undersamples the
majority class based on cluster characteristics, ensuring a more representative
subset of the data. Topics Oriented Directed Undersampling (TODUS)
[77] leverages topic modeling to estimate the latent data distribution and gener-

ate a balanced training set based on their estimated importance, directing the
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undersampling process to minimize information loss.

In summary, oversampling can lead to overfitting problems, noisy and false
instances that do not really belong to the minority class, and, ultimately, over-
generalization of the minority class into the majority class region, thereby lower-
ing overall prediction performance, whereas undersampling can cause information

loss [35, 70, 80].
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Chapter 3

Proposed Approach:
LSH-DynED

In this chapter, we introduce a novel method, LSH-DynED, designed to address
the challenges posed by multi-class imbalanced and non-stationary data streams.
We begin by outlining the DynED method in Section 3.2. Next, we introduce
the concept of Locality Sensitive Hashing with Random Hyperplane Projections
(LSH-RHP) in Section 3.3. Finally, we present our proposed approach, the LSH-
DynED method, in Section 3.4.

3.1 Benefits of the Approach

This integration aims to further extend the previous method’s ability to manage
class imbalances, make it resilient to dynamic class ratios, and protect it from
concept drifts. By combining LSH-RHP in DynED, we can better manage the
ensemble components, introducing extra diversity among them while considering
the features of the real-time data stream. This adaptation consists of two major
parts. First, it chooses dynamic components that strike a balance between accu-

racy and diversity. Second, it constantly updates the ensemble’s training data to
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ensure that the components are trained on a balanced yet diverse set of data.

The key feature of our approach is the targeted undersampling of the majority
classes using the LSH-RHP technique. By dividing the data into hash-based par-
titions, we can target and reduce the representation of over-represented classes
without losing critical information, resulting in a balanced training dataset. Addi-
tionally, repeatedly performing LSH-RHP provides a diverse set of samples from
majority classes, leading to higher component diversity. This targeted under-
sampling is critical for ensuring that minority classes are adequately represented
and playing a crucial role in robustness to class imbalance challenges, resilience
to dynamic imbalance ratios, and improving the ensemble’s overall predictive

accuracy.

3.2 DynED Overview

The DynED [1] is a dynamic ensemble method designed to mitigate the chal-
lenges posed by concept drift in data stream classification. It operates in three
stages: (1) Prediction and Training, (2) Drift Detection and Adaptation, and (3)

Component Selection.

Prediction and Training: At this stage, DynED employs a subset of its ensem-
ble components, known as the “selected components,” to predict the label of the
incoming data sample. This prediction is made via a majority voting. Following

the prediction, the “selected components” are trained on the new data instance.

Drift Detection and Adaptation: This stage focuses on detecting and adapt-
ing to concept drift. The drift detector, ADWIN [14], is constantly updated with
the system’s correct/incorrect predictions. If a drift is detected, a new compo-
nent is added and trained on the most recent data samples stored in a sliding
window. This new component is then added to a pool of “reserved components.”
If it is added or the number of processed samples exceeds the 6 threshold, then

a parameter A, which controls the balance between diversity and accuracy in the
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ensemble, is dynamically adjusted based on the intensity of changes in the accu-
racy of the ensemble over time and stage 3 is activated to update the “selected

components.”

Component Selection: The purpose of this stage is to update the ensemble’s
components to maintain a balance between diversity and accuracy. The selected
components from the previous stage are combined with the reserved components.
This combined pool is then sorted based on component accuracy, and any extra
components that exceed a predetermined pool size are deleted. The remaining
components are clustered according to their prediction errors, and a predeter-
mined number of high-performing components are chosen from each cluster. Fi-
nally, a modified version of the MMR (Maximal Marginal Relevance) algorithm

[1] is used in the final selection of components.

This technique chooses a new set of components by considering both accuracy
and diversity and ensures that the ensemble remains accurate while adapting to
changes in the data stream. Newly picked components are designated as “selected
components” to replace the active components, resuming the prediction stage,
while the remaining components are returned to the “reserved pool.” Table 3.1

shows the size limitations for these pools.
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Figure 3.1: LSH-RHP: If the data sample is on the positive side of the hyperplane,
the sign operator assigns a '1’, and if the data sample is on the negative side, the
sign operator assigns a '0’ to it. (Related to Sec. 3.3)

Table 3.1: LSH-DynED notation and applicable default hyperparameter values.
(Related to Sec. 3.2, Sec. 4.1.3, and Sec. 4.1.5).

Symbol Meaning value Symbol Meaning value
éslc Set of selected components N/A 0 Threshold for the count of processed samples 1000"
ClSTSt Set of not selected components based on clustering N/A A,\ Variation in A parameter 0.1
]dC Class identifier N/A Sp Maximum size of the component pool 500*
g A data sample N/A Scls # of components to select from each cluster 10"
Si Sample of indice ¢ N/A Nitrain # of train samples 20

D Data stream N/A A Controlling parameter of similarity and accuracy 0.6*
MW Multi-sliding window N/A Sy Window size 1000
DD Drift detector N/A Ty Number of vectors 5
clsslc Set of selected components based on clustering N/A Sslc # of active components for classification 10

SC Sample of each class N/A Niest # of test samples 50
Dn A set of data samples from all classes N/A

i Indice of a sample in sliding window N/A

* These values are provided by DynED [1] based on grid search. Sy, is set to 1000 [4], with the aim of conducting
a fair comparison across all methods.
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3.3 Locality Sensitive Hashing with Random
Hyperplane Projections (LSH-RHP)

Locality Sensitive Hashing (LSH) [65] with Random Hyperplane Projections
(RHP) is an effective method for approximate nearest-neighbor search in high-
dimensional data analysis. The method uses a series of hash functions known as
the Multilinear Hash Function (MH), which calculates binary codes using multi-
ple linear projection vectors [65]. Combining these binary codes results in a hash
code referred to as buckets, in which data points are distributed across them. The
data points with similar characteristics tend to have similar hash codes and be
placed in the same bucket. One can think of these buckets as locally dense areas
[24]. The fundamental principle entails the process of projecting data points into
a space with fewer dimensions by utilizing these vectors, which are defined as

follows

h,,(x) = sgn(ulx, ..., ul x) (3.1)
ulx>0 sgn(ufx)=1
T
1

ulx <0 sgn(ufx)=0

where each u; is a vector sampled from a normal distribution u; ~ N(0, [5xq)
and m indicates the number of these vectors and d stands for the dimensionality
of the data samples indicating each component of the vector w; is independently
and identically distributed with a variance of 1 with no covariance between com-
ponents. This method effectively reduces the computational complexity and di-
mensionality by preserving the angle distance between points [65]. Figure 3.1

visually illustrates the equation described in 3.1.

Although the applications of approximate nearest-neighbor searches, including
LSH-RHP, are in different domains, such as large-scale visual search, recommen-

dation, and similar query search [51, 65], it is possible to utilize this technique
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Figure 3.2: Simple example of performing Locality Sensitive Hashing with Ran-
dom Hyperplane Projection. (Related to Sec. 3.3).

We assumed this stream contains two features, x; and x,, and three classes:
Square (S), Circle (C), and Triangle (T). The Square class is the majority class;
thus, the LSH-RHP is performed on it. In the case of multiple majority classes,
this process is applied to all of them

to divide the data space into smaller subspaces [47, 60]. Each subspace con-
tains samples with similar properties but different from others. This division
allows for targeted resampling, especially for the majority classes in multi-class
data streams. LSH functions as a filter that groups comparable data points in
buckets. Consequently, we are able to select representative samples from each
bucket, which substantially reduces the size of the majority classes and preserves
feature space information. Furthermore, the randomized initialization of the vec-
tors in the hash function results in added randomization while building buckets,
identifying different dense areas, and preventing the selection of the same items
repeatedly, as opposed to clustering approaches. As a result, this method is a
novel solution for overcoming the obstacles presented by imbalanced data streams
in multi-class classification tasks, where real-time adaptation is essential for pre-
serving the accuracy and performance of the model. Figure 3.2 presents a simple

example of this technique.
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Figure 3.3: LSH-DynED: Working Principle of Integrating Locality Sensitive
Hashing (LSH) with Random Hyperplane projection (RHP) into DynED. (Re-
lated to Sec. 3.4).

Assumed that data stream contains two features, x; and z9, and three classes:
Square (S), Circle (C), and Triangle (T). Active components predict the label of
data samples at time ¢, while multi-sliding windows retain recent class-specific
samples. Upon ensemble expansion, new components are trained on balanced
datasets generated through undersampling. Component selection employs the
third stage of the Dyned approach. Selected components undergo retraining on
balanced datasets before replacing active components.

3.4 LSH-DynED

After introducing DynED and LSH-RHP, which serve as the basis of our study,

we now explain our proposed approach.

To effectively address the challenges posed by imbalanced data streams,
DynED’s process must be extended, and the advantages of LSH-RHP must be
incorporated to make implementing a more informed undersampling approach
for majority classes feasible. It is worth noting that DynED is a general purpose
method (GPM) that does not have any specific capabilities for handling imbal-
anced data steam. This strategy aims for the ensemble’s training to include evenly
distributed samples, effectively reducing the bias towards the majority classes in
the stream. This aims to leverage the strengths of both methods, thereby creating

a more robust and scalable classification method.
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Current methods in the literature often utilize a single sliding window as a
buffer, containing a fixed-size sample for training the components of an ensem-
ble. However, due to inherent imbalances in the data stream, this approach
inadvertently introduces a bias towards the majority classes, as highlighted by
Cano et al. [23]. The first adaptation of our approach is the use of multi-sliding
windows described in algorithm 1, which is required by the LSH-RHP technique.
Specifically, each class allocates its own sliding window to buffer the most recent

data samples of a fixed size (Class 1, lines 6-16).

This adaptation addresses the challenge of availability; classes with fewer sam-
ples will see their respective windows refreshed less frequently compared to the
majority classes. As a result, some data samples from minority classes are con-
sistently available. To correctly choose the majority classes, we continuously cal-
culate the weighted average of class ratios (Class 1, line 26) using the following

equation:

t t
Ziec Ty

Ziec n,f

Where C' represents the set of all classes in the stream, with r! denoting the

Weighted Average of Ratios (WAR;) = (3.2)

ratio and n! the sample count for class i up to time ¢ and they are subject
to change dynamically over time t. The W AR, can range in value from 0 to
1. A class whose ratio exceeds the W AR; is considered a majority class and
a candidate for undersampling. As shown in Figure 4.1, the W AR, tends to
converge and approach a steady state. This trend suggests that initial fluctuations
in class distribution become less volatile as more data is processed and ensures
our undersampling technique is dynamically adjusted to prevent minority classes
from being underrepresented, improving model performance. After determining
the majority classes, we set up the hash function with a certain number of vectors
n,. Next, the buckets are created. The samples are then drawn randomly from
each bucket based on the number of samples in each. However, the total number
of samples for each majority class does not surpass a certain preset limit n.q4ip-
By selectively undersampling the majority classes (Algorithm 1, line 27-32), we
focus on a subset of samples that encompasses the feature space of those classes,

resulting in more balanced training data for the ensemble components.
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In the next step, we incorporate the previously introduced undersampling
method into the second stage—Drift Detection and Adaptation. Thus, this stage

functions as follows:

Initially, as detailed in Section 3.2, the drift detector is updated (Algorithm
1, line 6). Upon detecting drift, a new component is created and trained with
a balanced and fixed sample size (Algorithm 1, lines 8-10), using the method
outlined in Section 3.3. This procedure ensures the new component is trained
on balanced samples, eliminating bias towards any class. Besides, in the case of
several consecutive runs, this technique generates an entirely different set of bal-
anced training data to help increase diversity among the ensemble’s components.

Following this, the component is added to a pool of “reserved components.”

If a new component is trained or if the number of processed samples surpasses
the 6 threshold, then the parameter A is dynamically adjusted (Algorithm 1, lines
13). This adjustment is based on changes in the ensemble’s accuracy over time,

leading to the activation of the third stage—Component Selection.
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Class 1 LSH-DynED: MultiSlidingWindow-Undersampling Class.

—_
o

11:
12:
13:
14:
15:
16:

17:
18:
19:
20:

21:
22:
23:
24:

25:
26:
27:
28:
29:
30:
31:
32:
33:
34:

: Class: Multi-SlidingWindow-Undersampling
: Properties:
window__size: Integer > Maximum S, per class
class_list: List > Identifiers Id. for each class
window: Dictionary > Stores S¢ for each class
method INITIALIZE (wsjze, Id,)
window__size <— Sy,
class list <+ Id,
window < Initialize dictionary with keys in Id,

: end method

method ADDTOWINDOW (o, class _id)
if window[class_id] is > S,, then
Remove oldest sample from window|class_id]
end if
Add o to window|class_id]
end method

method GETDATAFORPREDICTION (Nieyt) > Retrieve test samples
Prepare Dy by selecting the last Nyeyr samples from each class
Shuffle and return Dy and corresponding labels

end method

method FETCHDATAPOINTS (class__id, i)
Retrieve specific samples S; based on indices ¢ from window[class_ id]
return S;

end method

method UNDERSAMPLEDATAFORTRAINING (Nypgin) B Retrieve balanced train samples
Identify the majority classes (class_id) by calculating the W AR, using Eq. 3.2
for Each Majority class do
Initialize the n, vectors of the hashing function
Get the buckets using the LSH-RHP strategy
Specify Nipqin indices ¢ from buckets randomly
Fetch the data by FETCHDATAPOINTS method and put into Dy
end for
Shuffle and return Dy the selected data and labels
end method
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Algorithm 1 LSH-DynED: Extended main flow.

Require: D, MW, DD, Silc, Sw, Sp, Nirain, D
Ensure: 3;: Prediction of each sample at time ¢

1: &4 < Initialize slcs components

2: while D has more samples do

3 sample < Get next sample from D

4 U < Use &4 to predict using majority voting

5: MW.ADDTOWINDOW (sample) > Add sample to the sliding window
6: DD < Update drift detector
7.
8
9

Train &4 on sample
if DD detects drift then
Data, Labels + MW.UNDERSAMPLEDATAFORTRAINING (Nqin)

10: & < Generate and train a new component on Data, Labels, add to the pool
11: end if

12: if passed samples count > 6 or new component is added then

13: Update A with Ay step size

14: Esiey € «+ Update &5, and € using Algorithm 2

15: end if

16: end while

In the updated third stage, we introduced another adaptation, whereas DynED
traditionally utilizes accuracy and double-fault (df) diversity measures [56, 57,
83] to select components. To address the imbalance problem more effectively,
we replaced the previously used diversity measure with the kappa statistic [84]
(Algorithm 2, lines 9-10). Additionally, suppose the component count exceeds
the predefined limit within the pool. In that case, they are sorted by their kappa
statistic values, and the least performing component is removed (Algorithm 2,
line 2).

A crucial aspect of the DynED workflow is the online training of “selected com-
ponents” for incoming samples. Given the imbalanced nature of the data stream,
this training typically introduces a bias towards the majority class. To mitigate
this bias, we enhanced this stage by incorporating additional training sessions
for newly “selected components” using balanced data samples obtained through
our undersampling method, an element absent in the original DynED framework
(Algorithm 2, lines 12-13). Figure 3.3 provides an abstract representation of the

proposed method’s workflow.
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Algorithm 2 LSH-DynED: Extended component selection.
ReqUire: MW7 57 gslc; Sslm S;m Scls7 Ntrai’ru Ntest

Ensure: &, &,

L P &+ e

2: Sort P by Kappa statistic and limit to S,

3: Data, Labels < MW.GETDATAFORPREDICTION(N¢est)

4: PFE + Calculate prediction error for each component using Data and Labels

5: Perform KMeans clustering on PE with two clusters

6: cls <+ Labels from KMeans clustering

T: clsg < Select top S5 components from each cluster based on highest accuracy
8: clsyst < P excluding clsg,

9: Diversity < Calculate kappa metric for components in clsg;
10: Egiey Erst < Apply MMR on clsg. to select Sy based on diversity and accuracy
11: &« clspst + Erst > All other components remain in reserve
12: Data, Labels < MW.UNDERSAMPLEDATAFORTRAINING (Nyyqin)
13: &4 < Re-train selected components on Data and Labels

return ¢, &y,

3.5 Time Complexity Analysis

As noted in [1], the time complexity of the DynED is approximated as O(n?),
where the n stands for the number of components in the ensemble. The time
complexity of the LSH-RHP involves the following components: we only utilize
LSH-RHP to build buckets and divide the feature space of each class into portions,
and we skip the nearest neighbor finding step. Thus, the time complexity of
generating a hyperplane is O(d) if the dataset includes d-dimentional feature
space and it repeats this process k times to generate k hyperplanes. So far, the
time complexity has become O(kd). For the worst-case scenario, we assume that
the majority class’s sliding window is full and contains v samples. Therefore, the
time complexity of obtaining the hash code for samples of that class is O(vkd).
This step is repeated for ¢ times, where ¢ represents the number of majority classes
determined by W AR, (Eq. 3.2) and the time complexity becomes O(cvkd). Thus,
the overall time complexity of the method is O(n? x cvkd).
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Chapter 4

Experimental Evaluation

In order to demonstrate the effectiveness of our proposed method and compare it,
we conducted a thorough experimental evaluation, considering many criteria. In
the following, we first describe the experimental environment (Sec. 4.1) and then
provide our results on effectiveness (Sec. 4.2.1), statistical analysis (Sec. 4.2.2),
impact of dataset characteristics (Sec. 4.3.1), impact of dynamic imbalance ratios
(Sec. 4.3.2), ablation analysis (Sec. 4.3.3), and overall evaluation of experimental

observations (Sec. 4.4).

4.1 Experimental Environment

This section introduces the experimental environment of our study, which en-
compasses the baselines, datasets, experimental settings, and the effectiveness

measures employed for comparison.
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4.1.1 Baselines

The experiments use 15 classification methods as baselines capable of handling
multi-class non-stationary data streams. Six of them are high-performing general
purpose methods (GPM), while the remaining nine are specifically designed to
address the issues of imbalanced data streams (ISM). The reason for including
GPM methods in our evaluation is that although they are not explicitly equipped
with imbalance handling strategies, they demonstrate robust performance in such
environments. The characteristics of these methods are detailed in Table 2.1. We
employed the publicly accessible source code on GitHub!, which is created by
Aguiar et al. [4] on top of the MOA framework [17] to run our experiments.
Additionally, the Python implementation of BELS [8] is available publicly on the
author’s GitHub?. Our proposed method is implemented in Python 3.11.7 using
the River library 0.21.1 [69], and the Faiss library 1.7.4 [34], with a Hoeffding
Tree as the base classifier. The source code for our method is also publicly
available on GitHub?® with all necessary details to ensure the reproducibility of

our experiments.

4.1.2 Datasets

To assess the performance, robustness, and resilience of the proposed method
relative to established baselines, we selected 33 datasets, detailed in Table 4.1,
which include 23 real datasets commonly used in the data stream domain and
publicly accessible from UCI repository [49], KEEL repository [31] and Kaggle
competitions and ten semi-synthetic data streams as described by Korycki et
al. [54]. For some datasets, the presence of concept drift is explicitly noted,
whereas those marked as "Unknown” should not be assumed to be stationary
or devoid of concept drift. The semi-synthetic streams are specifically designed
for scenarios where class ratios fluctuate considerably, as depicted in Figure 4.1,

making them ideal for testing methods resilience toward dynamic imbalance ratios

Tmbalanced-Streams
2BELS
3LSH-DynED
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in uneven multi-class streams. We chose to examine both real-world and semi-
synthetic datasets because they introduce new and challenging situations, such as
confusing inter-class interactions. These conditions are crucial for understanding
classifier performance under challenging scenarios. Furthermore, these datasets
are curated to replicate specific behaviors and lack the apparent probabilistic

features commonly found in stream generators [3].

Table 4.1: Datasets and their characteristics.(Related to Sec. 4.1.2, Sec. 4.3.1,
Sec. 4.3.2, and Sec. 4.3.3)

Dataset Instances Features Classes Type Max Ratio Min Ratio Dynamic Ratio Drift
Activity 5,418 45 6 real 0.384090 0.045404 — v
Balance 625 4 3 real 0.460800 0.078400 v Unknown
Connect-4 67,557 42 3 real 0.658303 0.095460 — Unknown
Contraceptive 1,473 9 3 real 0.427020 0.226069 v Unknown
Covtype 581,012 54 7 real 0.487599 0.004728 — Unknown
Crimes 878,049 3 39 real 0.199192 0.000007 — Unknown
Ecoli 336 8 real 0.425595 0.005952 v Unknown
Fars 100,968 29 8 real 0.417122 0.000089 Unknown
Gas 13,910 128 6 real 0.216319 0.118973 — v
Glass 214 9 6 real 0.355140 0.042056 v Unknown
Hayes-roth 132 4 3 real 0.386364 0.227273 v Unknown
Kr-vs-k 28,056 6 18 real 0.162283 0.000962 v v
New-thyroid 215 5 3 real 0.697674 0.139535 — Unknown
Olympic 271,116 7 4 real 0.853262 0.048378 — Unknown
Pageblocks 548 10 5 real 0.897810 0.005474 — Unknown
Poker 829,201 10 10 real 0.501116 0.000002 — v
Shuttle 57,999 9 7 real 0.785979 0.000172 — v
Tags 164,860 4 11 real 0.330462 0.008377 — Unknown
Thyroid-s 720 21 3 real 0.925000 0.023611 — Unknown
Thyroid-1 7,200 21 3 real 0.925833 0.023056 — Unknown
Wine 178 13 3 real 0.398876 0.269663 v Unknown
Yeast 1,484 8 10 real 0.311995 0.003369 — Unknown
Zoo 1,000,000 17 7 real 0.396504 0.042792 — v
ACTIVITY-D1 10,853 43 4 semi-syn 0.368193 0.125495 ' v
CONNECT4-D1 67,557 42 3 semi-syn 0.343340 0.313409 v v
COVERTYPE-D1 581,012 54 4 semi-syn 0.474603 0.031383 v v
CRIMES-D1 878,049 3 4 semi-syn 0.329192 0.149404 v v
DJ30-D1 138,166 7 4 semi-syn 0.357078 0.107537 ' v
GAS-D1 13,910 128 3 semi-syn 0.488497 0.131416 v v
OLYMPIC-D1 271,116 7 3 semi-syn 0.353432 0.321840 v v
POKER-D1 829,201 10 4 semi-syn 0.340320 0.024806 v v
SENSOR-D1 2,219,802 5 4 semi-syn 0.372768 0.090036 v v
TAGS-D1 164,860 4 4 semi-syn 0.349945 0.092327 v v

4.1.3 Experimental Setting

All methods are evaluated online using the interleaved-test-then-train approach
[38], which is critical for determining the adaptability of models to new data as it

arrives. In machine learning, choosing the right hyperparameters is critical since
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(e) DJ30-D1. (f) GAS-D1.

Figure 4.1: Graphical presentation of datasets with dynamic imbalance ratio.
(First part)

they significantly impact model performance. To guarantee a fair comparison
across all methods, we used the suggested hyperparameters for each model as
specified by the original authors. We hard-coded the chunk size to one in the
BELS model to replicate the behavior of online models. We determined values
after conducting tests with various hyperparameters based on the grid search
method as described in Sec. 4.1.5. Table 3.1 details the hyperparameters for our
proposed technique, which are not tuned to any specific dataset to preserve its
broad applicability. The experiments are carried out on a server with an Intel(R)
Xeon(R) Gold 5118 CPU @ 2.30 GHz, 128 GB RAM, and Ubuntu 18.04.4 LTS.
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(i) SENSOR-D1. (j) TAGS-D1.

ooooooooooooooooooooooooooooooooooooo

(g) OLYMPIC-D1. (h) POKER-DI.

Figure 4.1: Graphical presentation of datasets with dynamic imbalance ratio.
(Continued)

Due to the fundamental differences between Java and Python, a direct compar-
ison of computational performance between our implementation and the baseline
methods described in Section 4.1.1 would be unreliable. The framework for base-
line experiments is Java-based, while our proposed method is implemented in
Python. This disparity in programming languages prevents meaningful compar-

isons of execution time and memory usage [2, 50].

4.1.4 Effectiveness Measures

To evaluate the methods, we utilized the Kappa [4, 21, 46] and mG-Mean (multi-
class G-Mean) [27, 36, 37, 87, 88] metrics. They are both introduced to measure
the classification effectiveness of multi-class classification methods in imbalanced

environments.
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The Kappa measures inter-rater reliability and is adjusted for chance agree-

ment. It is calculated as shown in Eq. 4.1:

Kappa = n Z%l i _ D izt T (4.1)
n— 3 i T,

Here, n is the total number of observations, and x; represents the instances
where both raters agree on category ¢. The terms x; and z; denote the columns
and row total classifications each rater makes into category i, respectively. The
product of these terms provides the expected frequency of agreements by chance
for each category. The numerator of Kappa calculates the excess of observed
agreements over those expected by chance, indicating the actual agreement ad-
justed for randomness. The denominator represents the maximum possible excess
of agreements over chance. The resulting value ranges from -1 to 1, where 1 in-
dicates perfect agreement, 0 suggests chance-level agreement and negative values
indicate less agreement than expected by chance. The Kappa is beneficial in im-
balanced settings as it penalizes uniform predictions, offering insights into shifts

in class distributions within multi-class imbalanced data streams.

Additionally, we report the mG-Mean (multi-class G-Mean), which is an essen-

tial metric for evaluating classification model performance over imbalanced class

distributions:
mG-mean = Hsensitivityi (4.2)
i=1
TP,
itivity, = = 4.
sensitivity, = reca TP, 1 FN, (4.3)

Where sensitivity, indicates the class-wise sensitivity. These measures give
a complete picture of model performance and predictive abilities across differ-
ent class distributions. All of these metrics are calculated across a 500-instance

window.
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4.1.5 Hyperparameter Selection

In our evaluation of the proposed method, we focus on four key parameters to
assess how they impact overall performance using the Kappa metric. To inves-
tigate different values for each parameter, we conduct this analysis over four
semi-synthetic datasets that have a sufficient amount of samples and a variety of
features: "ACTIVITY-D1’, ’'DJ30-D1’, "GAS-D1’, and "TAGS-D1’. The parame-

ters we examine are:

Sse: The number of active components for classification, three values: 5,

10, and 15.

* Nyrain: The number of samples used for training, three values: 20, 50, and

100.

e Nges: The number of samples used for testing purposes, three values: 50,

100, and 200.

e n,: The number of hyperplanes used in the undersampling process, five

values: 2, 3, 4, 5, and 6.
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Number of Vectors = 2 Number of Vectors = 3 Number of Vectors = 4

Number of Vectors = 5 Number of Vectors = 6

@ Selected Parameters 0.77

0.76

0.75

Kappa

0.74

0.73

Figure 4.2: Hyperparameter Selection. (Related to Sec. 4.1.5).

z-axis [20-100]: Number of Train Samples (N¢rqin), y-axis [5-15]: Number of Active Components (Ss;.), and
z-axis [50-200]: Number of Test Samples (niest). Selected Default Parameters: nirgin = 20, ny = 5, Sge = 10,

and Ntest — 50.

By adjusting these parameters, we aim to understand their influence on the
method’s performance and identify optimal configurations. These values pro-
duced 135 possible combinations of parameters for each dataset, totaling 540

results across four datasets.

The evaluation results are presented in Figure 4.2, and full results for each
set of combinations are available on GitHub *. By closely analyzing the results,
we determined that the optimal values for our key parameters are as follows:
Our proposed method tends to yield a higher Kappa score with ten active com-
ponents, 20 training samples, 50 test samples, and five hyperplanes, marked as
"Selected Parameters’ in Figure 4.2 for the undersampling part with LSH-RHP.

These values are also presented in Table 3.1.

4LSH-DynED
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Table 4.2: Kappa and mG-Mean metrics comparison,
(Related to Sec. 4.2).

ods for each dataset.

and the Ranks of the meth-

Dataset LSH-DynED ARF ARFR BELS CALMID CSARF GHVFDT HDVFDT KUE LB MicFoal OBA OOB ROSE
et Rappa 7749 5991 6 021 3500 5802 5112 5112 32.66 4805  30.27 5119 2531
Actvit mG — Mean 88.64 8344 0.00 66.84 8034 57.96 57.96 5777 7714 6096 5213 4145
Comnectd Kappa E 3546 23.39 3479 3698 26.08 2110 3368 30.53 2584 37.00 41.70
Jonmed mG — ) 6147 5355 2284 5245 47.02 4169 19.43 5572 5144 5632 4744 48.90
Covtve Kappa 13 5198 5228 7869 7796 47.69 22.83 12.03 4410 6144 4256 3780 4057 5265 1402
oviype mG — Mean 95.24 8582 8450 8204 82.94 62.22 57.99 70.94 79.85 8518 76.53 6675 8019 8581 478
B rimes Kappa 10.88 036 036 354 1.29 0.14 114 1.82 2.74 002 227 435 152 440 000
* mG — Mean 3464 8074 8000 0.00 3478 8057 51.20 43.40 4721 8326 53.03 2794 4124 16.63 92.42
- Kappa 6941 65.60 70.39 2005 66.51 4873 4557 19.33 66.70  GLO4 6319 50.83 4281 69.13  0.00
- mG — Mean 84.01 4948 4695 10.84 1195 131 28.73 15.55 3803 4658 1872 4661 4185 5596 8150
s Kappa 92.03 69.70 6252 8431 5525 7234 14055 40.55 7068 7939 6021 3912 4397 8298  0.00
e mG — Mean 96.74 36.65 2748  87.24 1635 3655 9.71 9.71 2700 3787 2095 841 1993 3911 51.83
Kevak Kappa 564 1000 997 94.83 10,08 10.19 8.13 813 10.21 085 1023 828 974 1013 877
v mG — ) 1322 1048 1048 98.18 1048 1048 10.48 10.48 1048 1048 1048 1048 1048 1048 1048
on Kappa 080 3227 3557 7.35 3031 2616 18.24 711 2605 3493 3037 2417 2703 37.29 707 10.74
YIpe mG — Mean 2268 61.94 4580  3.70 44.89 27.80 3156 35.33  40.52 53.39 1478 4442 2606 4247 5832 13.16
Poker Kappa 95.07  0.64 072 49.38 51.27 0.41 0.19 0.66 255 110 140 012 526 936 029 000
\ mG — Mean 97.36 8220 8234 2035 8343 8016 81.20 8123 8190 8197  SL71 8214 8142  80.83 8221 8235
Shutle Kappa 98.82 272 1288 5531 72.78 -3.80 56.89 3772 2820 043 1610 1526 1878 086 37.39  0.00
Shuttle mG — Mean 99.59 0583 9262 15.08 64.49 7.16 2017 2099 9282 9146 9598 7862 7058 8438 96.50 96.61
g Kappa 190 85.83 5170 1.81 2386 2399 18.00 3504 2070 1062 779 0.00
8 mG — Mean 56.43  96.33 1.65 5491 222 208 4133 3684 210 4501 5693 6261
Thsroid] Kappa 7883 151 7948 73.92 60.58 6144 T76.93 87.91 78.84 8383 85.00 S87.81 5850
v mG — Mean 8200 0.00 8624 7682 79.55 82.63 8264 9038 87.49 8507 86.06 9249  G4.68
B Kappa 9058 50.10 8550 8889 9005 9055 8482 8028 9012 $9.64 6897 0358 S87.50
00 mG — Mean 8591 2572 7690 8148 8412 8562 75.66 8361 8438 8301 8015 90141 80.20
actviTy.pl Ko 6052 0.10 4122 6464 3815 1690 55.72 4560 47.33 4800 6253 67.90  3.00
‘ mG — Mean 7087 158 6413 7046 5334 4643 6510 4739 6491 6041 6619 76.03 5551
o Kappa 23.88 3314 3768 2205 1572 3364 2085 2583 3156 41.45
CONNECTADL 5™ Mean 2727 5051 5183 4354 ATT4 5424 5055 57.82 4248 4951
OURRTY Kappa 78.03 7523 45.28 3600 5184 5452 6323 4525 50.33  57.82
COVERTYPE-DL " Mean 84.36 8524 6249 77T 7792 8203 8086 76.76  69.60 8047
CRIMES.DI Kappa 248 284 185 1138 027 422 059 532 001 461  10.87
mG 5163 1119 3382 2853 4849 4158 7128 2010 82.64 2586  30.64
DI0DL Kappa 0823 7348 7192 A7l 71.25 5286 68.10 39.67 9322 6552 55.66 4106
7 mG — Mean 9006 88.66 8T, 5.82 86.76 5504 8382 7817 9807 87.93 6590 7851
GASDI Kappa 7761 87.07 6619 8045 73.63 37.19 1059 3379 6450 7090 5679 4381  66.63
A mG — Mean 8161 7442 5601 88.07 52.80 53.74 6308 44.08 5489 5749 5360 66.53  60.19
i Kappa 6.00 2728 6.09 26.69 851 113 2289 27.91 2076 2077 1416 33.75
OLYMPIC-DL 5™ Mean 24.78 55.92 1355 50.62 30.70 2500 49.75 5463 56.61 57.64 2722 47.30
POKER.DL Kappa 57.15 2045 56.92 12,18 1681 3714 2825 19914 10.94 4 3648
- mG — Mean 64.37 38.85 9171 16.85 50.10 84.99 8880  86.34 93.79 63.69
SENSOR.DI Kappa 92.35 5715 3100 59.55 28.51 2866 45.80 5517 6062 28.72 50.39
DR mG — Mean 94.92 8173 44.60 90.53 55.41 5554 83.67 00.56 7234 80.12 897
TAGS.DI Kappa 4721 1265 8411 1299 3986 1174 1281 087 3934 5714 2848 33.88
mG — Mean 70.50 5513 9277 1036 4842 7.27 796 2065 60.39 4971 62.68 47.02
Balance Kappa 38.00 6401 47.07 68.76 18.12 69.57 69.57 0.00 6880  G65.56 G68.67 5034 61.92
alane mG — Mean 7103 000 000  19.87 2317 34.08 21.34 2134 79.31 2317 0.00 000 1165 16.01
Contracentive Kappa 3752 2730 2417 93.38 000 2881 7.03 703 609 2271 1186 1898 938 2373
Jontraceptive mG — Mean 7172 4369 3836 96.74 7345 4437 52.75 5275 6744 6127 5039 5950 5459 4354
eoli Kappa 1638 45.66 4608 94.03 4449 5193 3037 000 4452 5029 4205 4356  40.66
ol mG — Mean 86.50  0.00 000  0.00 0.00 0.00 0.00 89.87 0.00 000 000 000  0.00
Class Kappa 3405 2546 2118 89.43 2087 2646 2155 000 2187 3566 2170 2500 3056
mG — Mean 6452 0.00 000 83.40 000 47.39 0.00 8525 0.00 6126 000 000 47.78
Hayes-roth Kappa 1044 1880 2365 630 3716 2519 4059 000 3716 3385 3531 3567 3578
ayestoth mG — Mean 6130 4846 5312 27.26 59.27 50.59 61.27 72.83 59.27 60.53 5885 5844  58.13
New-thvroid Kappa 7558 4943 4943 85.97 4770 5441 4770 000 4770 4818 4770 54.41
entiyrole mG — Mean 7850 000 0.00 95.97 92.26 0.00 9226 88.60 92.26 0.00 9226 0.00
Pazeblocks Kappa 2100 3137 2502 48.48 2007 2801 2814 0.00 2007 1353 28.72 28.16
ageblocks mG — Mean 8092 000 2791 0.00 000 19.60 0.00 98.00 0.00 000 0.00 0.00
Thyroids Kappa 66.76  41.07 2062 -2.95 1821 4215 049 000 1639 6435 -0.26 54.87
rolds mG — Mean 91.82 63.77 2701 0.00 36.94 45.44 24.37 2876 3657 7513 48.73 68.08
Wine Kappa 16.37 95.15 1296 4162 42.96 42.96 4296 3857 3940 42,08
mG — Mean 79.24 96.38 66.82 7078 66.82 66.82 66.82 5858  60.21 64.90
Voast Kappa 36.66 33.64 2063 3128 2420 24.20 2029 27.07 2005 37.06  0.00
oas mG — Mean 56. 0.00 12.82 0.00 12,05 12,05 4342 39.60 1416 43.78 82.63
e Mo Rappa 54.32 .03 B61 388 3052 2967 3828 4207 3756 4447 1232
Ave: Aean mG — Mean 72.74 39.36 5156 11.92 42.19 11.93 56.17 53.94 19.95 5821 5
Rank Kappa 4.70 7.61 7.08 7.67 11.26 11.09 7.56 688 970 838 758 533 1444
mG — Mean 3.88 10.62 830 10.38 10.98 10.91 7.48 815 776 10.68 979 576 9.09
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4.2 Effectiveness Analysis

Table 4.2 and Figure 4.3 present the experimental evaluation results of vari-
ous data stream classification models, focusing on their capability to effectively
handle imbalanced multi-class non-stationary data streams. This included adapt-
ing to concept drift and maintaining accuracy across diverse class distributions.
Compared to the other methods, the proposed approach has a better average

performance in both the Kappa and mG-Mean metrics and achieves better rank.

In the sections that follow, we first compare the methods based on Kappa and
mG-Mean scores in Section 4.2.1. Then, we statistically analyze the effectiveness
of these methods in Section 4.2.2.

4.2.1 Effectiveness Comparison

General Purpose Methods (GPM): General Purpose Methods (GPM), pre-
sented in Table 2.1, are designed to handle balanced scenarios but are not explic-
itly tailored for imbalance. These models show varying degrees of success across
different datasets. For example, in the 'Poker’ dataset, OBA and LB struggle
with high imbalance ratios, reflected in their lower Kappa (OBA: 0.12, LB: 1.10)
and mG-Mean scores. This variability highlights GPM methods’ challenges in
highly imbalanced environments compared to specialized approaches. On the
other hand, approaches such as BELS and SRP perform effectively on the Kappa
metric and KUE on the mG-mean when compared to other GPM approaches

and, in certain circumstances, outperform ISM methods.

Imbalance-Specific Methods (ISM): Imbalance-Specific Methods (ISM) are
explicitly designed to address class imbalances. LSH-DynED, a proposed method
within this category, demonstrates superior performance across multiple datasets.
This is particularly noticeable in its ability to manage multi-class imbalances
and adapt to concept drift, as seen in its high average Kappa (58.23) and mG-

Mean (72.78) scores. Its robust performance is evident in challenging datasets
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Figure 4.3: Kappa metric results of three real and three semi-synthetic datasets.
The results are plotted among the top 5 ranked methods in the Kappa metric:
LSH-DynED, ARF, CALMID, LB, MicFoal, and SRP. (Related to Sec. 4.2).
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Figure 4.3: Continuation of Kappa metric results.
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Figure 4.3: Continuation of Kappa metric results.
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like "Poker’ (Kappa: 95.11) and 'Shuttle’ (Kappa: 99.32), and it shows adapt-
ability in datasets with concept drift such as "ACTIVITY-D1’ (Kappa: 77.68),
"COVERTYPE-D1’ (Kappa: 89.40), and 'SENSOR-D1’ (Kappa: 92.26). Further-
more, it is evident how well LSH-DynED performs on datasets like ”Activity,”
"Crimes,” and "Fars” that have high imbalance ratios, indicating its resilience in
such challenging environments. Thus, the integration of LSH-RHP in the pro-
posed method helps it effectively undersample majority classes and maintain a

balanced training set, enhancing its performance.

4.2.2 Statistical Analysis of Effectiveness Performances

We use the Friedman Test (o = 0.05) to dismiss the null hypothesis, followed
by implementing the Nemenyi posthoc test (critical distance (CD) = 2.30)[30].
The diagrams in Figure 4.4 indicate that the proposed method obtains the better

ranking in all two measures of effectiveness.

mm Kappa Rank
G-Mean Rank

20 A

=
w
!

=
o
!

Cumulative Rank

SRP

ARF
MicFoal
LB

ARFR
CALMID
ROSE
OBA
CSARF
BELS
00B
KUE
HDVFDT
GHVFDT
uoB

[a]
w
c
>
2
I
7]
-

Methods

Figure 4.5: Cumulative ranking across two metrics (lower is better), models sorted
in ascending order. (Related to Sec. 4.2.2).

Regarding the Kappa metric, LSH-DynED is in the same critical distance
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Figure 4.4: Critical distance (CD) diagram based on the ranks of the methods
(Table 4.2) for each evaluation metric (CD = 2.30). The color red is for ISM
methods, and black is for GPM methods. (Related to Sec. 4.2.2).

as SRP and MicFoal and statistically significantly outperforms the rest of the
methods. In the mG-Mean metric, LSH-DynED is in the same group as SRP,
ARF, and LB and demonstrates statistically significant superiority over all other
methods. Figure 4.5 shows the cumulative ranking of methods, with LSH-DynED

having a better overall ranking.
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4.3 Impact of Other Aspects on Effectiveness
and Ablation Analysis

In this section, we analyze the effects of different factors. First, we look at how
dataset characteristics affect the model’s performance in Section 4.3.1. Next, we
examine the impact of dynamic imbalance ratios in Section 4.3.2. Finally, we

conduct an ablation analysis in Section 4.3.3.

4.3.1 Impact of Dataset Characteristics

The characteristics of datasets in terms of the number of classes may significantly

affect the performance of the models.

Table 4.3 and Figure 4.6 presents the correlation (Pearson correlation coeffi-
cient) [29] of each method’s performance, Kappa and mG-Mean metrics against
number classes on datasets available in Table 4.1. Based on our observations
on these datasets, all methods show negative correlations between Kappa and
the number of classes, indicating that the Kappa value tends to decrease as the
number of classes increases. Several methods, such as ARF, ARFR, CSARF, LB,
MicFoal, OOB, ROSE, and SRP, show a statistically significant negative corre-
lation with the Kappa metric (p-value < 0.05). Meanwhile, ROSE with —0.51
has the strongest and most significant negative correlation with the Kappa met-
ric. On the other hand, The correlations between mG-Mean and the number of
classes vary, with both positive and negative values, and most correlations with

mG-Mean are not statistically significant.

This analysis shows that the number of classes significantly impacts Kappa,
with all methods showing a negative correlation. In contrast, the impact of the
number of classes on mG-Mean is mixed and generally not significant, indicating
varying degrees of correlation across different methods. In the case of LSH-
DynED, a negative correlation between Kappa and the number of classes suggests

that as the number of classes increases, Kappa tends to decrease. However, the
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Figure 4.6: Effect of the number of classes over the performance of top 5 ranked
methods in the Kappa metric: LSH-DynED, ARF, CALMID, LB, MicFoal, and
SRP. (Related to Sec. 4.3.1).
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p-value of 0.20 indicates that this correlation is not statistically significant.

Table 4.3: Correlation and p-value between the number of classes and both Kappa
Metric and mG-Mean. p < 0.05 is statistically significant. (Related to Sec. 4.3.1).

Methods Kappa mG-Mean
Correlation p-value Correlation p-value

LSH-DynED -0.23 0.20 -0.31 0.08
ARF -0.40 0.02 0.03 0.86
ARFR -0.39 0.02 0.09 0.63
BELS -0.02 0.91 -0.08 0.64
CALMID -0.32 0.07 -0.26 0.14
CSARF -0.41 0.02 0.08 0.64
GHVFDT -0.28 0.12 -0.10 0.57
HDVFDT -0.27 0.14 -0.14 0.43
KUE -0.15 0.40 -0.25 0.17
LB -0.38 0.03 -0.21 0.23
MICFOAL -0.40 0.02 0.07 0.70
OBA -0.31 0.08 -0.17 0.34
OOB -0.35 0.04 -0.23 0.21
ROSE -0.51 0.00 -0.15 0.41
SRP -0.38 0.03 -0.32 0.07
UOB -0.19 0.29 0.28 0.12

4.3.2 Impact of Dynamic Imbalance Ratios

Table 4.1 displays the characteristics of the datasets we evaluated, which include
dynamic imbalance ratios. The last ten are explicitly made for this purpose [54],
and the behavior of classes over time is presented in Figure 4.1. We independently
compare the top 5 ranked methods to the proposed one to provide a clear image of
their performance in the dynamic imbalance ratio challenge. Table 4.4 and Figure
4.3 (d), (e), and (f) illustrate the results. Interestingly, because of the complexity
that this problem brings to the non-stationary data stream classification task, we

see different performances across datasets for each method.

For instance, SRP outperforms the Kappa measure on certain datasets, in-
cluding "CONNECT4-D1” and "CRIMES-D1”, but only moderately on others.

While MicFoal outperforms others in only two datasets in the Kappa measure,
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Table 4.4: The Kappa and mG-Mean scores of the top 5 ranked methods in
the Kappa metric for datasets with dynamic imbalance ratios. (Related to Sec.
4.3.2).

Dataset LSH-DynED ARF CALMID LB MicFoal SRP
Kappa 75.80 6458 I3 5572 1560 67.90

ACTIVITY-D1 mG — Mean 87.95  69.36 64.13  65.10 47.39  76.03
Kappa 24.01  32.12 33.14  33.64 29.85  33.61

CONNECT4-D1 mG — Mean 52.62 63.54 50.51  54.24 50.55  61.70
Kappa 88.56  57.12 75.23  54.52 63.23  60.49

COVERTYPE-DL o prean 91.69  84.30 85.24  82.03 80.86  83.80
Kappa 6.91 2.21 1.85 0.59 532 14.31

SRIMESSRL mG — Mean 32.01  65.55 33.82  71.28 2910 39.98
e Kappa 98.23  73.48 58.60  39.67 93.22  98.68
- mG — Mean 99.06  88.66 82.76  78.17 98.07  99.03
cast Kappa 77.61  87.07 60.06  64.50 70.90  85.21
mG — Mean 81.61  74.42 43.69  54.89 57.49  74.13

Kappa 6.00  29.52 26.60  27.91 29.76  33.75

OLYMPIC-D1 mG — Mean 2478 61.18 50.62  54.63 56.61  62.07
Kappa 57.15  22.73 56.92  28.25 49.94  28.74

POKER-D1 mG — Mean 64.37  85.10 91.71  88.80 86.34  86.39
P ol 92.35  56.64 59.55  55.17 60.62  55.79

SENSOLI mG — Mean 94.92  79.65 90.53  90.56 72.34  68.05
W Kappa 47.21  42.28 42.99  39.34 57.14  46.36
mG — Mean 70.50  56.28 40.36  60.39 4971 59.54

Ave. Moan Kappa 57.36  46.77 45.63  39.93 50.56  50.11
8 mG — Mean 69.95  72.80 63.33  70.01 62.84  71.07

"OLYMPIC-D1” and "TAGS-D1”, it may obtain a slightly higher Kappa score
than SRP. However, due to our undersampling technique, the LSH-DynED out-
performs other methods in multiple datasets and achieves a higher average mean
in terms of Kappa metric, demonstrating the LSH-DynED’s resilience versus dy-

namic imbalance ratios problem.

4.3.3 Ablation Analysis

In this section, we evaluated the efficacy of our proposed techniques in addressing
the imbalance challenges inherent in multi-class non-stationary data streams.
To this end, we selected 15 datasets from datasets presented in Table 4.1 with
varying numbers of features, instance counts, and class sizes. We conducted a
comparative analysis between the standard DynED model and our proposed LSH-

DynED model, which incorporates multi-sliding windows and an LSh-RHP-based
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undersampling technique. The ablation analysis results, presented in Table 4.5
and Figure 4.7, support our assertion that the integrated techniques yield notable
improvements in Kappa and mG-Mean metrics compared to the baseline DynED

model.

Table 4.5: Ablation analysis of DynED vs LSH-DynED across various datasets.
(Related to Sec. 4.3.3).

Kappa (%) mG-Mean (%)
Dataset
LSH-DynED DynED LSH-DynED DynED

Activity 77.49 74.35 88.64 47.13
Connect-4 26.19 22.50 51.05 17.04
Covtype 91.13 88.64 95.24 62.45
Gas 92.03 89.65 96.74 42.31
Poker 95.07 93.85 97.36 54.51
Shuttle 98.82 98.78 99.59 54.79
Thyroid 87.73 86.07 95.53 87.35
Zoo 93.63 93.24 97.19 89.03
ACTIVITY-D1 75.80 70.73 87.95 55.95
CONNECT4-D1 24.10 19.60 52.62 17.61
COVERTYPE-D1 88.56 85.98 91.69 69.00
DJ30-D1 98.23 98.66 99.06 98.49
TAGS-D1 47.21 41.09 70.50 18.47
Ecoli 46.38 61.85 86.50 0.00
Thyroid-s 66.76 54.76 91.82 31.08
Avg. Mean 73.94 71.98 86.76 49.68
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Figure 4.7: Kappa Metric results of DynED vs. LSH-DynED for ablation analysis.
(Related to Sec. 4.3.3).
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Figure 4.7: Continuation of the Kappa Metric results.

4.4 Overall Evaluation of Experimental Obser-

vations

The comprehensive experimental evaluation of various data stream classification
models, including our proposed LSH-DynED approach, reveals several key in-

sights.

LSH-DynED demonstrates superior performance across multiple datasets, as
evidenced by its higher Kappa and mG-Mean scores, particularly in challeng-
ing scenarios such as highly imbalanced datasets and those exhibiting concept
drift. While all methods show a negative correlation between performance and
the number of classes, LSH-DynED’s correlation is not statistically significant,

suggesting greater resilience to increasing the number of classes.
Our approach also outperforms other methods across datasets with dynamic
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imbalance ratios, achieving higher scores in terms of both Kappa and mG-Mean
measures. Statistical tests confirm LSH-DynED’s superior ranking, with signifi-
cant improvements over other methods. Ablation analysis highlights the effective-
ness of the integrated multi-sliding windows and LSH-RHP-based undersampling

technique.
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Chapter 5

Conclusion & Future Directions

This study addressed the significant challenge of multi-class classification in im-
balanced non-stationary data streams by proposing a novel approach that inte-
grates Locality Sensitive Hashing with Random Hyperplane Projections (LSH-
RHP) into the Dynamic Ensemble Diversification (DynED) approach.

Our method, LSH-DynED, introduces a robust and resilient undersampling
technique to balance the training dataset and improve the accuracy of classifi-
cation. Our comprehensive experiments on 23 real-world and ten semi-synthetic
datasets demonstrate that LSH-DynED consistently outperforms the state-of-the-
art methods in terms of both Kappa and mG-Mean effectiveness measures. The
results highlight the method’s capability in managing the classification of multi-
class imbalanced non-stationary data streams and its robustness in large-scale,
high-dimensional datasets. Maintaining high predictive accuracy and adaptabil-
ity in ever-changing data streams positions LSH-DynED as a valuable tool for

real-world applications.

Our proposed approach, LSH-DynED, represents a meaningful step forward
in classifying multi-class imbalanced non-stationary data streams, offering a re-
silient and effective solution to a complex problem. Notably, this is the first time

LSH-RHP has been employed for undersampling in the context of imbalanced
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non-stationary data streams, underscoring the novelty and significance of our

contribution.

Our future work will focus on three main areas. First, we will adapt our
approach for binary imbalanced data streams. Second, we will study data streams
with an extreme number of classes and those with emerging brand-new class
labels. Third, we intend to introduce novel datasets representative of diverse
streams across multiple disciplines. We believe LSH-DynED has the potential to
make a significant impact in various domains, including fraud detection, network
security, and healthcare monitoring. These steps will help grow this research area

and show how our proposed approach can be useful in many fields.
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Appendix A

Data and Code Availability

The datasets used in the experiments and the source code of the proposed model

are publicly available and listed below as hyperlinks:

o LSH-DynED model
e Imbalanced-Streams

« BELS
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https://anonymous.4open.science/r/LSH-DynED-87BF
https://github.com/canoalberto/imbalanced-streams
https://github.com/sepehrbakhshi/BELS
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