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Abstract

Currently, ensemble classification algorithms constitute the mainstream
paradigm in data stream classification, as they deliver superior performance
and enhanced capabilities compared to single classifiers. Furthermore, they are
readily deployable in real-world applications, exhibit rapid adaptability and
resilience to concept drift, and achieve optimal classification performance in
handling class imbalance problems. This paper provides a comprehensive sur-
vey of ensemble classification algorithms from both domestic and international
perspectives, offering a detailed review of the two fundamental components:
base classifier combination and dynamic ensemble model updating. It distinctly
characterizes the strengths and weaknesses of various ensemble algorithms
and provides comparative analyses of algorithms and experimental datasets.
Additionally, it proposes future research directions and potential solutions
under consideration.
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Abstract: Currently, the trend in data stream classification algorithms is mov-
ing toward ensemble classification algorithms, as they provide better perfor-
mance and more outstanding results than single classification algorithms. They
are also easy to deploy in real-world applications, offer rapid adaptability and
recovery from concept drift, and deliver optimal classification performance when
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handling class imbalance problems. This paper provides a detailed introduction
to domestic and international ensemble classification algorithms, comprehen-
sively reviewing the two core components of ensemble classification algorithms
(base classifier combination and dynamic ensemble model updating). It clearly
distinguishes the advantages and disadvantages of different ensemble algorithms,
compares algorithms and experimental datasets, and proposes directions for fur-
ther research and potential solutions.

Keywords: data stream classification; ensemble learning; concept drift
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0 Introduction

In recent years, with the rapid development of big data, vast amounts of useful in-
formation are embedded in these data. To extract this information, researchers
have undertaken numerous data mining tasks. Recently, the field of data stream
mining has made significant progress in obtaining useful models from large vol-
umes of rapidly generated data. Data streams present several challenges for
learning algorithms. Ensemble learners have been extensively studied and de-
ployed for real-world problems, with scholars offering three justifications for
using ensembles rather than single learners: statistical, computational, and rep-
resentational reasons. Another explanation for this preference is the difficulty
in obtaining strong learners, whereas a group of weak learners can be relatively
easily developed and effectively boosted into strong learners through strategic
training and combination. Ensemble learners are particularly welcome in data
stream settings because, beyond leveraging weak learners, they can also address
general machine learning problems and specific data stream challenges. For
instance, ensemble learners have been widely applied to solve problems such
as concept drift in data streams, recurring concepts, and novel class detection,
demonstrating superior performance compared to single classification models in
these scenarios.

Compared with traditional static data, data streams are characterized by real-
time, high-efficiency, rapid arrival, and the constraint that arriving instances
can only be processed once. Consequently, mining tasks on data stream data
face the following challenges: (a) data in streams can only be processed once,
and the flowing data cannot be stored in data warehouses; (b) processing results
can only be approximated to the greatest extent possible; and (c) the distribu-
tion of data in the stream changes over time, a phenomenon known as concept
drift. Therefore, algorithms designed for stream processing must possess rapid
recovery, adaptability, accuracy, and robustness, enabling real-time updates to
handle subsequent changes in the stream’ s distribution. Among algorithms for
processing stream data, classification is the most important and critical compo-
nent of data stream mining. While static data processing methods are relatively
mature, traditional classification methods can no longer satisfy stream mining
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tasks. For traditional mining algorithms, mining tasks become impossible on
data streams experiencing concept drift, making algorithms specifically designed
for stream data processing particularly crucial.

1.3.1 Single Classification Model

Single classifier models continuously update their own structure recursively us-
ing newly arriving data, enabling the structure to adapt to changes in the stream
data and accurately classify instances in the stream. The primary fundamental
techniques for single classification models include KNN, decision trees, SVM,
Bayesian methods, logistic regression, and neural networks.

KNN finds the K points in the training set sample space that are closest to
the prediction sample x, counts the categories of these K nearest points, and
assigns x to the category with the highest count. Advantages include simple
principles, mature theory, applicability to both classification and regression, and
suitability for nonlinear classification with a training time complexity of O(n).
Disadvantages include high computational cost and difficulty in handling class
imbalance problems (where some categories have many samples while others
have very few).

Decision Tree methods employ a top-down recursive approach, comparing
attribute values at internal nodes and inferring downward branches based on
different attribute values, with conclusions (predictions) obtained at leaf nodes.
A decision tree is a flowchart-like tree structure where each internal node rep-
resents a test on an attribute, each branch represents a test output, and each
leaf node represents a class or class distribution. Advantages include simple
computation, strong interpretability, suitability for handling samples with miss-
ing attribute values, and ability to handle irrelevant features. The primary
disadvantage is a tendency toward overfitting.

SVM (Support Vector Machine) is a binary classification model whose
main ideas can be summarized in two points: (a) it analyzes linearly separable
cases, and for linearly inseparable cases, uses nonlinear mapping algorithms to
transform low-dimensional input space samples that are linearly inseparable into
high-dimensional feature spaces where they become linearly separable, thereby
enabling linear algorithms in high-dimensional feature spaces to perform linear
analysis of nonlinear features; and (b) it is based on structural risk minimiza-
tion theory, constructing an optimal hyperplane in feature space that yields
a global optimal solution for the learner, with the expectation over the entire
sample space satisfying a certain upper bound with some probability. Advan-
tages include applicability to both linear /nonlinear classification and regression,
low generalization error, and easy interpretability with low computational com-
plexity. Disadvantages include sensitivity to parameter and kernel function
selection.

Bayesian Classifiers perform classification through an object’ s prior probabil-
ity, using Bayes’ formula to calculate its posterior probability—the probability
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that the object belongs to a certain class—and then selecting the class with
the maximum posterior probability as the object’ s class. In other words, the
class with the larger posterior probability is chosen. Advantages include good
performance on small-scale data, suitability for multi-classification tasks, and
suitability for incremental training. Disadvantages include sensitivity to the rep-
resentation form of input data (particularly the handling of continuous data).

Logistic Regression is used for regression problems where the dependent vari-
able is categorical, commonly for binary classification or binomial distribution
problems. The relationship graph between probability and independent vari-
ables for binary classification problems is often an S-shaped curve implemented
using the Sigmoid function. Advantages include simple implementation, min-
imal computational cost during classification, fast speed, and low storage re-
source requirements. Disadvantages include susceptibility to underfitting, gen-
erally low accuracy, and limitation to binary classification problems.

Neural Networks consist of a set of interconnected input-output neural units,
where each connection between units is associated with a weight. During the
network learning phase, the network adjusts weights to achieve correspondence
between input samples and their correct categories. Since neural network learn-
ing primarily focuses on connection weights, it is sometimes called connectionist
learning. Advantages include strong nonlinear fitting capabilities, ability to map
any complex nonlinear relationship, and simple learning rules that are easy to
implement computationally. Disadvantages include inability to pose necessary
queries to users, inability to function when data is insufficient, and the fact that
converting all problem features into numbers and all reasoning into numerical
calculations inevitably results in information loss.

Single model structures are complex with limited expressive capability, but they
offer good stability and high plasticity, performing well even on stream data
experiencing concept drift. For example, the earliest proposed VFDT trains
decision trees using small amounts of data that satisfy the Hoeffding bound,
achieving classification results similar to those trained on large amounts of data
that do not satisfy the Hoeffding bound. Due to limitations at the time, concept
drift phenomena were not considered, though many current ensemble algorithms
still retain VFDT as a training algorithm, demonstrating VFDT’ s relatively
outstanding single-classification performance. Building upon VFDT, CVFDT
was proposed to address concept drift problems in data streams.

1.3.2 Ensemble Classification Model

In stationary data stream scenarios, training data is first divided into differ-
ent subsets. On each subset, a learning algorithm is applied to learn from the
data, generating a base learner (base classifier) for each subset. These multiple
base learners are then combined into an ensemble learner (ensemble classifier)
through some combination method. When predicting the class label of an in-
stance, the ensemble classifier synthesizes the results from each base classifier
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through some mechanism and outputs the final result to obtain the class label of
the unknown instance (prediction). Since ensemble learning combines multiple
learners, we must consider how to make the ensemble learner demonstrate bet-
ter learning performance than a single learner. Two approaches have emerged
to solve this problem: to obtain a good ensemble, individual learners should
be “good but different” —meaning they must have a certain level of accuracy
(not too poor) and diversity (differences among learners). To achieve accuracy
improvement, base classifiers in the ensemble must have a certain degree of dis-
similarity. This can be achieved by training base classifiers on different data or
even using different base classifier algorithms.

Consider a binary classification problem with y {-1, +1} and true function
f. Assuming the base classifier error rate is , for each base classifier h_i we
have:

P(e;) = P(hi(x) # f(z)) = ¢
Assuming the combination of T classifiers through simple majority voting, if

more than half of the base classifiers are correct, the ensemble classification is
correct:

T
H(z) = sign (Z hl(x)>

Assuming base classifier errors are independent, by the Hoeffding inequality, the
ensemble error rate is:

[7/2] T 1
P(H(x T)) = 1—e)eeT—* < exp [ —=T(1 — 2¢)?
() # 50 = 3 () (=0T * < o (570 -227)

This inequality clearly shows that as the number of base classifiers T in the
ensemble model increases, the ensemble model’ s error rate decreases exponen-
tially, eventually approaching zero. Ensemble learning simply performs majority
voting on the results of all individual learners, thereby achieving better gener-
alization performance than individual learners. However, this requires a key
assumption: base learner errors must be independent. In real tasks, individual
learners are trained to solve the same problem and obviously cannot be indepen-
dent. In fact, there is an inherent conflict between the accuracy and diversity
of individual learners. Generally, after achieving high accuracy, increasing di-
versity requires sacrificing accuracy.
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2 Concept Drift Issues in Ensemble Classifiers
2.1 Definition of Concept Drift

When performing stream data mining tasks, target concepts undergo dramatic
changes over time and with the surrounding environment. Even stable concepts
can change dramatically. For example, users’ browsing tendencies on websites
are influenced by real-time hot news and changes in personal preferences. This
phenomenon where target concepts change due to nondeterministic factors is
called concept drift. One classic definition of concept defines it as a set of
objects, but this definition cannot be applied to data streams. Most literature on
concept drift currently defines it using prior probability, conditional probability,
and posterior probability. Reference [20] analyzes three types of concept drift:

a) The prior probability P(c) of a class changes over time.

b) The conditional probability P(X|c) of one or several classes may change
over time.

¢) Changes in posterior probability P(c|X) are considered true concept drift,
meaning the same instance has different class labels in different time do-
mains.

2.2 Types of Concept Drift

Based on prior probability, conditional probability, and posterior probability of
class labels, concept drift is mainly divided into virtual concept drift and real
concept drift [21]. The former does not affect decision boundaries (posterior
probability) but affects conditional probability density functions, and therefore
should not directly affect the classifier being used. The latter affects decision
boundaries (or posterior probability) and may affect conditional probability den-
sity functions, potentially significantly impacting classifier performance. [Figure
1: see original paper] illustrates the different boundaries of these two drift types
[22].

2.3 Concept Drift Handling Techniques

Current approaches to handling concept drift include sliding window models,
concept drift detectors, ensemble learning models, online learners, ete. [23~25].

a) Sliding Window: Sliding window technology primarily maintains a
buffer where the most recent instances are considered to best reflect
the current data distribution in the stream. These instances are used
to train and update models, and once new instances arrive, previous
instances are discarded. This technique provides a way to analyze only
the most recent data tuples in the data stream without requiring random
sampling or retaining statistical information about outdated data [26,27].
Representative algorithms include ADWIN Bagging [28], Leveraging
Bagging [29], ADWIN2, SERDRIFT [30,31], and ECISD [32].
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b) Concept Drift Detectors: These can be viewed as external algorithms
combined with a given classifier. Their purpose is to monitor specific
properties of the data stream, such as standard deviation [33], prediction
error [34], or instance distribution [35]. Any change in these features is
assumed to be caused by the presence of drift. Therefore, by measuring
the level of change, detectors can report detected changes. Representative
algorithms include DDM [36] and EDDM [37].

¢) Online Learners: These update models by processing instances in an on-
line manner, thereby adjusting to the stream as quickly as possible when
it occurs. Such learners must satisfy a series of requirements [38]: each
object must be processed only once during training; the computational
complexity of processing each instance must be minimized; and their ac-
curacy should not be lower than that of classifiers trained on batch data.
Representative algorithms include CUSUM [39] and FIMT-DD [40].

d) Ensemble Learners: Ensemble learners using combination methods can
easily adapt to stream changes due to their diversity and complex struc-
ture, where each single classifier has good performance. They provide
flexibility and gains in predictive capability [41]. Two main approaches
assume either a changing ensemble [42] or updating base classifiers [43].
New classifiers are trained on recently arrived data (usually collected in
blocks) and added to the ensemble model. Pruning is used to control the
number of base classifiers and remove the worst-performing or oldest mod-
els. Representative algorithms include DWM [44], AWE [45], SEA [46],
EB [47], OCBOOST [48], and OAUE [49].

e) Other Techniques: In reference [50], the authors utilize the range of
Kappa coefficients for detection, considering a Kappa coefficient of 65% as
acceptable harmony. When the Kappa coefficient for the last 100 samples
of each input package falls below 65%, the proposed method calls the
classification process “random.” When this occurs, the weighting function
is replaced and poor classifiers are discarded. Representative algorithms
include reference [50] and ASHT [51].

3 Ensemble Classification Algorithms

Ensemble classification learning is a machine learning technique that integrates
multiple base classifiers for joint decision-making. By invoking simple or com-
plex incremental learning algorithms, multiple high-performance and diverse
base classifiers are obtained and then combined into an ensemble classifier
through some integration method. Section 1.3.2 introduced the theory and
development direction of ensembles, so how to generate and combine good but
different individual learners is the core of ensemble learning research. The key
questions are: how to integrate? What kind of individual learners to integrate?
Based on the generation method of individual learners, current ensemble learn-
ing methods can be roughly divided into two categories [52]: (a) sequential
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methods where individual learners have strong dependencies and must be gener-
ated serially, represented by Boosting [53]; (b) parallel methods where individ-
ual learners have no strong dependencies and can be generated simultaneously,
represented by Bagging [53] and Random Forest [54].

For ensemble learners, different benchmark algorithms are needed for different
problems. Although the essential goal is to pursue good classification perfor-
mance, selecting appropriate base learners based on specific classification prob-
lems is a necessary prerequisite for obtaining accurate ensemble classifiers. Clas-
sifiers can naturally handle only one type of feature domain without resorting
to input preprocessing. Therefore, assuming all features have the same domain,
base learners can be selected based on the input feature domain; for example,
using base learners that handle discrete and continuous features separately. A
widely used example is the Hoeffding tree, as the Hoeffding bound determina-
tion requires only a small amount of data to train a tree that approximates
one trained on all data, with good classification performance in experiments.
Algorithms using Hoeffding tree as the base algorithm include ASHT, HWT
[65], and AWT-ADWIN [56]. In addressing data stream problems, CVFDT is
a fast decision tree benchmark algorithm that can handle concept drift, such as
the CVFDT Update Ensemble (CUE) [57] algorithm. Other base learners com-
monly used for ensemble stream learning include Naive Bayes, Support Vector
Machines, and Multilayer Perceptrons.

Ensemble classification models are divided into two parts: base classifier combi-
nation and dynamic ensemble model updating.

3.1 Combination of Base Classifiers

The overall prediction of the ensemble should outperform that of a single classi-
fier. This section seeks an appropriate method to combine these base classifiers
to better distinguish difficult-to-classify classes. Previously, scholars focused on
developing more accurate single classification models without studying classifier
combination predictions [58]. Among combination methods, voting and fixed
base classifier ensembles are most commonly used.

Voting methods are approaches for selecting the output results of individual
classifiers during ensemble model prediction. Current main voting methods are
divided into majority voting, weighted voting, and other voting methods.

a) Majority Voting: Majority voting initializes all base classifiers with the
same weight. During final prediction, if the votes for a particular label
from base classifiers exceed half, or if the classifier with the most votes is
custom-defined, it is identified as the final prediction. If multiple base clas-
sifiers tie for the highest number of votes, one is randomly selected. Data
stream ensemble classification algorithms using majority voting include
online Bagging and Boosting, MOSOB [59][60], OOB and UOB [60], etc.
The main idea of online algorithms is that data does not arrive in blocks
but as individual instances in the data stream, with the learning algorithm
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processing each instance online. As the data volume N approaches infinity,
it satisfies a Poisson distribution with =1.

b) Weighted Voting: Due to performance differences among base classi-
fiers, weights are assigned to base classifiers based on their performance
in the ensemble, thereby emphasizing those with good classification per-
formance to ensure correct overall predictions. Simple weighting is based
on classifier accuracy. For example, AWE (Accuracy Weighted Ensemble)
is a benchmark algorithm for data streams that assigns weights inversely
proportional to the mean squared error of base classifiers, using multi-
fold cross-validation to calculate weights, replacing weaker base classifiers
with stronger ones during model updates. Weighted Majority (WM) and
Matrix Multiplicative Weights (MMW) [61] algorithms weight classifier
predictions based on past performance, where each classifier has a weight

that decreases whenever it makes an incorrect prediction. Accuracy Up-
date Ensemble (AUE) calculates errors of classifiers on the latest data
block and all base classifiers in the ensemble on the latest data block,
comparing their performance. If any base classifier in the ensemble has
larger error than the classifier on the latest data block, the worst base
classifier is replaced.

More complex weighting includes Online Accuracy Updated Ensemble (OAUE),
which differs from traditional block-based approaches by using both block-based
and incremental learning algorithms. In the AUE weighting formula, the concept
of time is introduced, transforming the weighting formula into an incremental
expression that flows with time. CVFDT Update Ensemble (CUE) uses VFDT
as the algorithm for training base classifiers. During model updating, the idea
is that the mean squared error of random guessing for any base classifier on
the latest data block is rM SE = Zy(p(y) —p(y))%. If a base classifier’ s mean
squared error MSE; > rMSE, it indicates the base classifier’ s accuracy is
lower than random guessing, making it non-contributive to the model. Such
base classifiers need to be updated with data from the latest data block. To
increase diversity among base classifiers, bagging operations are performed on
data in the block during the update process. Since the training data for base
classifiers differs significantly, diversity among them is increased.

ECISD (Ensemble Classifiers for Imbalanced Data Stream) is a weighted ensem-
ble algorithm for handling class imbalance that uses AUE2 [62] as its benchmark
algorithm. As a class imbalance ensemble classification algorithm, it first com-
bines SMOTE oversampling and Tomek-links undersampling to sample the orig-
inal data. In weighting base classifiers, the concept of cost is introduced. During
model updating, the worst-performing base classifiers are eliminated based on
their contribution to model accuracy. Other weighted algorithms mainly include
Adaptive Classifiers-Ensemble (ACE) [63] and Weighted Ensemble Online Bag-
ging (WEOB) [64].

¢) Other Voting Methods: Counsidering the defects of majority voting,
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authors [65] proposed a new voting method where not all base classifiers
participate in voting. Instead, an abstention threshold is set at 0.65. If a
base classifier’ s accuracy is below 0.65, it does not participate in the deci-
sion phase; only base classifiers with accuracy above 0.65 vote. Dynamic
Weighted Majority (DWM) maintains a variable number of base classifiers,
with ensemble predictions determined by weighted majority votes. Each
classifier’ s weight increases with correct predictions and decreases other-
wise. If a classifier’s weight falls below a given threshold, it is removed from
the ensemble. If the ensemble decision is incorrect, a new expert is added.
Since this ensemble update strategy can generate excessive additions and
deletions for noisy data streams, the authors introduced a parameter to
determine how many instances will undergo overall updating.

Modal Mixture Model (M3) [66] is a weighted majority ensemble algorithm
based on heterogeneous model types, where model weights are updated online
using reinforcement learning techniques. Because it uses a mixture of base classi-
fiers and adjusts ensemble member weights through reinforcement learning that
borrows from online concept-based approaches, M3 demonstrates strong perfor-
mance. When data points from the data stream enter the application, they are
initially used as test data to evaluate the overall algorithm from experimental
reports. Subsequently, each data point (selected through uniform random selec-
tion) can be chosen as training data. The training data points are used to train
each base classifier individually (mixing VFDT and Naive Bayes models), and
simplified training accuracy is used to update each base classifier.

Droplets Ensemble Algorithm (DEA) [67] is a novel ensemble learning algorithm
that won the Best Paper Award at ICDM in 2016. It dynamically maintains an
ensemble of n base learners (BL) and a set of p Droplets related to the current
concept. A BL can be any base algorithm as long as it can classify on data
streams with concept drift. A Droplet is essentially a multidimensional feature
space, with each Droplet associated with an observation value and maintaining
a pointer to a BL. First, the algorithm needs to find the most recent feature
subspace associated with a BL by summing the prediction errors of each BL
on the most recent N Droplets. If a unique BL alone minimizes this sum, it is
associated with the most recent Droplets; otherwise (if at least two BLs minimize
the prediction error sum), the search space is sequentially expanded to N+1,
N+2, N+43, ---until the best BL is found farthest from the Droplets. Then a
new Droplet is added to the feature space at coordinate . The vector storing
prediction errors is created and a pointer to the best BL found in the previous
step is established. The algorithm then proceeds through the overlapping set of
Droplets, and if it is not empty, it reduces the influence of Droplets that output
incorrect predictions in . This is done by shrinking their radius, making them
less likely to predict future observations received in that region of the feature
space. If memory is full, the algorithm uses three different criteria to select
which Droplet will be deleted: (1) remove the Droplet with the smallest radius;
(2) if all Droplets have the same radius, remove the one that has output the
largest number of incorrect predictions; (3) if criteria 1 and 2 fail, delete the
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oldest Droplet.

To facilitate easier analysis of algorithm performance and advantages/disadvantages,
Table 1 details the algorithms’ datasets, comparison algorithms, and pros and
cons. Overall, AWE is the most classic algorithm for data stream ensemble
classifiers, pioneering an era where many subsequent algorithms are based on
AWE’ s weighting ideas. However, early algorithms did not have outstanding
performance, with FRBE effects on handling concept drift. Currently, algo-
rithms with better performance that can be applied to multiple scenarios in
practice mainly include AUE2, DEA, SEA2, WEOBI1, and WEOB2.

3.1.2 Fixed Ensemble Architecture

Fixed ensemble architecture defines how base classifiers coordinate and work
with each other. Broadly, there are three different architectures: linear and non-
linear combinations (e.g., weighted voting), cascading, and networks. Cascading
is a framework where the output of one classifier includes inputs from multiple
classifiers (e.g., stacking). Networks are hierarchical frameworks that arrange
members into tree-like structures or network ensembles. The given ensemble
structure can be classified into: simple linear combinations, meta-learners, and
hierarchical tree-like structures.

a) Linear and Nonlinear Combinations: Base classifiers are trained on
input data, and decision fusion is performed by a combination function
for voting. Main algorithms include Online Accuracy Updated Ensemble
(OAUE), Online Bagging and Boosting, and Leveraging Bagging. Refer-
ence [68] proposes linear and nonlinear weighted combinations, first di-
viding the data stream into blocks and training base classifiers on each
block. The weighting process in the proposed method is performed on
base classifiers; when input data is added under different conditions, a
linear function and a nonlinear function are used. When the concept is
stationary, the nonlinear function is more effective, while when fluctua-
tions in input data are noticeable, the linear function is preferred. On the
other hand, the nonlinear function without drift protects classifiers from
noise and irrelevant data. Weight allocation uses Mean Absolute Error
(MAE).

Linear weighting function: W,{:inear = max(0, MAE — MAE, —¢)

1

. . s s Nonlinear _ 1
Nonlinear weighting function: W, = MAE, 7 MAET:

b) Meta-Learners: When training data is very large, meta-learning is con-
sidered a more powerful combination strategy. Meta-learning combines
through another learner. Individual learners are called primary learners,
while the learner used for combination is called a secondary or meta-level
learner. A classic representative is Combining Restricted Hoeffding Trees
using Stacking [69], which uses column attribute subsets to build a set of
Hoeffding trees and then uses ADWIN monitoring mechanisms from data

chinarxiv.org/items/chinaxiv-201811.00172 Machine Translation


https://chinarxiv.org/items/chinaxiv-201811.00172

ChinaRxiv [$X]

streams to set the learning rate of sigmoid perceptrons. When percep-
tron classification performance is poor, ADWIN is used to reset ensemble
members.

¢) Hierarchical Structure: In this structure, ensemble members are repre-
sented as vertices of a network, with connections determined according to
specific criteria. Connections between classifiers are generated according
to a scale-free network model, making classifiers with higher estimated
accuracy more likely to connect to recently added classifiers. During vot-
ing, classifier weights are proportional to a given centrality measure (e.g.,
feature vector, betweenness). Since highly accurate base classifiers usually
need to receive most connections, these connections are expected to have
higher influence on overall decisions. In Social Adaptive Ensemble (SEA)
[70] and Advances on the Social Adaptive Ensemble (SAE2) [71], each pair
of learners is connected and weighted according to a similarity function.
The weighted network formed by all these connections is updated each
cycle to better approximate the learners’ current state. This network ar-
rangement is used during prediction, where individual decisions are first
grouped within similar classifier subsets, and these subset decisions are
then combined to obtain the final prediction.

3.2 Dynamic Model Updating

Another important component of ensemble classification algorithms is how to
dynamically update the ensemble model. The goal is to retain base classifiers
that can adapt to the current data distribution while deleting poorly performing
or older classifiers. Therefore, when performing data stream classification tasks,
algorithms that learn from data streams require not only accuracy but also rapid
environmental adaptation and recovery capabilities. Adaptability and recovery
from concept drift are important evaluation criteria for classifier performance,
making dynamic updating of ensemble classifiers paramount.

3.2.1 Incremental Model Section 2.2 introduced two approaches to incre-
mental learning in data streams. This section focuses on typical incremental
ensemble algorithms and compares incremental models with batch processing
(block-based) algorithms. Batch learners must store a batch of instances before
training using data stream instances, dividing the data stream into different
blocks and training on each block. Whenever the latest data block arrives, the
ensemble model is updated using this block, typically by comparing the perfor-
mance of candidate classifiers with all base classifiers in the ensemble, eliminat-
ing or deleting the worst-performing base classifiers based on some performance
evaluation. Incremental learners train instances individually as they arrive, and
are generally more effective when applied to streams with gradual or progressive
drift or when combined with drift detectors. In cases of sudden drift, incremen-
tal learners (without drift detector assistance) may require more time to recover
because the model is influenced by previously presented concepts, whereas batch
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learners completely discard their previous models. Due to the characteristics of
data streams, incremental learning algorithms are essential components of data
stream classification.

The Learn++ algorithm is a very typical incremental ensemble algorithm
that uses weighted voting for final predictions. Based on Learn++4, several
algorithms have emerged to address different practical problem requirements:
Learn++.MT, Learn++4.MT2, Learn++.NSE, Learn++.SMOTE, etc. Exam-
ples of incremental learners also include Bayesian classifiers, decision trees, and
regression trees [72~75].

3.2.2 Sliding Window Sliding windows are similar to landmark windows in
that they both define a window size n, though sliding windows discard only
one instance at a time. Instance-based classifiers [76~78] operate on this prin-
ciple. In Multi-Window Based Ensemble Learning (MWEL) [79], three types
of windows are defined to store the most recent instances in the data stream:
a window for the most recent instances and an ensemble classifier (containing
two windows). The ensemble classifier consists of the most recent base clas-
sifier and each base classifier used for training (i.e., the ensemble classifier is
first composed of a sub-classifier trained on the most recent instances from
the data stream and sub-classifiers trained on instance subsets from the data
stream). These are the three defined window types. Before predicting the label
of a newly arrived instance, all sub-classifiers undergo weighting operations, and
sub-classifiers continue training only when their accuracy falls below a defined
threshold. If accuracy is below or equal to the defined threshold, it indicates
that the current sub-classifier’ s classification performance runs counter to the
data distribution in the current data stream.

3.2.3 Adaptive Window Adaptive window models can be viewed as land-
mark windows with different n values. Assuming the stream contains drifts
with varying degrees and rates, using windows of different sizes is an appropri-
ate strategy. The challenge is how to dynamically adjust n based on observed
stream characteristics. The FLORA2 [80] algorithm uses heuristics (window
adjustment algorithms) to increase or decrease window size based on another
heuristic guessing whether drift has occurred. This window size adjustment
method may be useful in practice but depends on fixed thresholds to define
“should decrease” or “increase size.” Most importantly, it relies on heuristics to
determine whether the current concept is stable or experiencing drift.

ADWIN Bagging and Leveraging Bagging both use ADWIN (Adaptive Window)
drift detectors to selectively reset classifiers. Specifically, in these algorithms,
classifiers are reset whenever their associated ADWIN detector signals that drift
has occurred. Therefore, the ensemble may end up with classifiers at different
levels of relevance to the current concept. The main idea of the ADWIN al-
gorithm is: if the two sub-windows w; and w, of the most recent window W
show significantly different averages and the corresponding predicted values are
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inferred to be different, the old window is deleted. According to the Hoeffding
bound, the difference between the averages of the two windows is greater than
threshold ¢, as shown in the formula, where |w| is the size of the most recent
window, |w;| and |w,| are the sizes of the two sub-windows, and |w| = |w; |+ |wy].
m, and ms, are the harmonic means of the two sub-windows.

_ Jwq||ws|
P = Twy [+w,] -

where
3.2.4 Landmark Window Landmark windows use a marking approach to
separate the data stream into disjoint data blocks. Whenever a new instance
reaches the landmark, all instances from the previous data block are completely
discarded. Ensemble classifiers typically use fixed-size landmark windows of size
n to control the periodicity of ensemble model updates, such as classifier deletion,
resetting, addition, or statistical resetting. This approach was first introduced in
the streaming ensemble algorithm SEA and later used in other algorithms such
as Dynamic Weighted Majority (DWM), Accuracy Updated Ensemble (AUE),
Accuracy Updated Ensemble2 (AUE2), Social Adaptive Ensemble (SEA), Ad-
vances on the Social Adaptive Ensemble (SAE2), and Online Accuracy Updated
Ensemble (OAUE). Many ensemble classification algorithms for data streams
combine landmark windows with incremental base learners (such as Hoeffding
trees). This design choice allows reasonably fast adaptation to sudden drift
(given small n values) while enabling incremental updates of ensemble members.
Fixed landmark window approaches allow the use of traditional batch learning
algorithms for stream learning. In this case, batch learners are trained on in-
stances in window w, and their models are used to classify instances in the next
window w+1. After window w+1 ends, the model learned on w is replaced by
the model trained on w-+1. If this approach is used to adapt batch learners to
stream learning, several issues may arise, most notably: the training focus is on
the transition period between windows, so if new instances arrive rapidly, de-
lays in prediction must be considered when training new models; batch learners
typically require large amounts of data to train accurate models, so windows
must be very large, otherwise the learned model will be weak; finally, if concept
drift occurs, it will not be considered until the window ends and a new model
is generated, resulting in slow adaptation to sudden drift. Despite the simplic-
ity of using fixed landmark windows, it is difficult to define the landmark size
parameter n.

4 Future Research Directions

Although researchers have proposed many data stream ensemble classification
algorithms that can solve most classification problems, there remain many cur-
rently unsolvable issues, such as novel class detection and multi-label detection.
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Moreover, in cases with sudden and recurring concept drift, how to improve clas-
sifier performance and enable classifiers to have rapid adaptation and recovery
capabilities are the main directions for future research.

a)

Novel Class Detection: For data stream ensemble classification algo-
rithms that can detect novel classes, current issues include inability to
handle mixed attributes and low accuracy in novel class detection. The
proposed solution uses AUE2 as the benchmark algorithm and improves
novel class detection methods to handle mixed-attribute data and improve
detection accuracy. Based on the assumption that instances of the same
class label are farther apart than instances of other class labels, the pro-
portion of space occupied by attributes is used to determine the existence
range of novel class labels, as novel class labels will necessarily fall into dif-
ferent regions while satisfying high intra-cluster cohesion characteristics.

Multi-Label Detection: Ensemble methods clearly demonstrate better
performance than single classification models for multi-label problems, so
the proposed approach uses ensemble methods to solve this issue. The
consideration is whether to place multiple class labels in a set and weight
the class labels in the set using ensemble model weights. When predicting
unknown sample labels, the ensemble model provides the most likely class
label, ultimately transforming the multi-label problem into a single-label
problem. However, this approach requires considering how to update all
class labels in the set, with the current plan still using intra-cluster cohe-
sion characteristics to solve this problem, requiring further research and
experimentation.

Recurring Concept Drift: The most difficult problem in recurring con-
cept drift is how to determine whether a newly arrived concept is one
that the learner has previously learned. Research will focus on solving
this issue, considering whether a multi-ensemble window model can be
used. Based on this experimental research idea: in sub-ensemble windows,
when concepts from the latest data stream flow into the window, it is deter-
mined whether they have novel class labels. If they have novel class labels,
they must be concepts not previously learned. When concepts that have
not occurred for a long time suddenly reappear, drift detection, recurring
drift detection, novel class label detection, and forgetting mechanisms are
added to the multi-ensemble window to solve this problem.

5 Conclusion

This paper reviews more than 40 existing data stream ensemble classification
algorithms, detailing various algorithms and their applicable environments. It
analyzes the advantages and disadvantages of algorithms, experimental datasets,
and comparison algorithms. Finally, it introduces future research directions and
problems to be solved, proposing research ideas and solutions.
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