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ABSTRACT

GOOWE: GEOMETRICALLY OPTIMUM AND
ONLINE-WEIGHTED ENSEMBLE CLASSIFIER FOR
EVOLVING DATA STREAMS

Hamed Rezanejad Asl-Bonab
M.S. in Computer Engineering
Advisor: Fazhh Can
July 2016

Designing adaptive classifiers for an evolving data stream is a challenging task due
to its size and dynamically changing nature. Combining individual classifiers in
an online setting, the ensemble approach, is one of the well-known solutions. It is
possible that a subset of classifiers in the ensemble outperforms others in a time-
varying fashion. However, optimum weight assignment for component classifiers
is a problem which is not yet fully addressed in online evolving environments.
We propose a novel data stream ensemble classifier, called Geometrically Opti-
mum and Online-Weighted Ensemble (GOOWE), which assigns optimum weights
to the component classifiers using a sliding window containing the most recent
data instances. We map vote scores of individual classifiers and true class labels
into a spatial environment. Based on the Euclidean distance between vote scores
and ideal-points, and using the linear least squares (LSQ) solution, we present a
novel dynamic and online weighting approach. While LSQ is used for batch mode
ensemble classifiers, it is the first time that we adapt and use it for online environ-
ments by providing a spatial modeling of online ensembles. In order to show the
robustness of the proposed algorithm, we use real-world datasets and synthetic
data generators using the MOA libraries. We compare our results with 8 state-of-
the-art ensemble classifiers in a comprehensive experimental environment. Our
experiments show that GOOWE provides improved reactions to different types of
concept drift compared to our baselines. The statistical tests indicate a significant

improvement in accuracy, with conservative time and memory requirements.

Keywords: Ensemble classifier, concept drift, evolving data stream, dynamic
weighting, geometry of voting, least squares, spatial modeling for online ensem-
bles.
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OZET

GOOWE: DEGISEN VERI AKISLARI ICIN
GEOMETRIK ACIDAN OPTIMUM AGIRLIKLI
CEVRIM ICI COKLU SINIFLANDIRICI

Hamed Rezanejad Asl-Bonab
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Fazli Can
Temmuz 2016

Degigmekte olan veri akiglarinin biytikligi ve dinamik yapist bu ortamlar icin
hedeflenen uyabilen simiflandiricilarin tasarimini zorlagtirmaktadir. Veri akiginin
tasnifinde c¢evrim i¢i bireysel simiflandiricilarin bir topluluk iginde coklu bir
yaklasimla kullanilmasi bilinen yontemlerden biridir. Coklu siiflandiricinin
bilesenlerinden bir kisminin, zamanla degisen bir bicimde, digerlerinden daha
iyi olmasi olasidir. Bilegsen smiflandiricilara optimum agirlik atanmasi tam
olarak incelenmig bir problem degildir. Bu caligmada, en son veri orneklerini
iceren kayan bir pencere kullanarak bilegsen simmiflandiricilara geometrik agidan
optimum agirlik atayan ¢evrim igi bir ¢oklu smiflandirict (GOOWE) yaklagimi
onerilmektedir. Bu amacla, bilesen siniflandiricilarin verdikleri oylar ve gercek
siif etiketleri uzaydaki noktalarla eslestirilmektedir. Onerdigimiz yeni yontem,
en kiiciik kareler (EKK) ¢oziim yaklagiminda, bilegsenlerin oy puanlar1 ve ideal
noktalar arasindaki Oklid mesafesini kullanarak, bilesenlere optimum agirlik ata-
maktadir. EKK yaklagimi yiginlar igin tasarlanmig olan ¢oklu siniflandiricilar
icin daha onceden kullanilmigtir. Caligmada, bu yaklagim ilk kez ¢evrim ici ¢coklu
siniflandiricilar i¢in uzaysal bir model yaklagimiyla kullanilmaktadir. Algorit-
manin saglamligini gostermek i¢cin MOA kiitiiphanelerinin yani sira gercek ve sen-
tetik veri derlemlerini de kullanan, literatiirde énde gelen 8 ¢oklu siniflandiricinin
sonuclarii iceren, kapsamli bir karsilagtirma sunulmaktadir. Deneyler, farkh
kavram degisimi gozlenen bilgi akisi ortamlarinda, GOOWE ile elde edilen
bagariin istatistiksel anlamda daha iyi oldugunu gostermektedir.

Anahtar sozcikler: Coklu smiflandirici, kavram degisimi, degisen veri akisi, di-
namik agirliklandirma, oylama geometrisi, en kiigiik kareler, cevrim ici ¢oklu

siiflandiricilar i¢in uzaysal modelleme.
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Chapter 1

Introduction

Automation of several processes in our daily life has dramatically increased the
number of data stream generators. Mining the data generated in real-world appli-
cations; like traffic management data, click streams in web exploration, detailed
call logs, stock market and business transactions, social and computer network
logs, and many other such examples; introduced several challenges to the domain.
These challenges are mostly due to the size and time-evolving nature of these data
streams. The cost and effort of storing and retrieving this type of data made the

on-the-fly real-time analysis of the incoming data extremely crucial [2].

In such dynamically evolving and non-stationary environments, data distribu-
tion can change over time, which is referred to as concept drift [1]. However, some
of these changes are not real concept drifts, and they do not need to be reacted
to by adaptive classifiers. Real concept drift is referred to as change in the condi-
tional distribution of the output, given the input features, while the distribution
of the input may stay unchanged [2, 1]. An example of evolving environments is
filtering spam emails, in which the definition of the spam class label may change
with time. Since users specify these class labels, and their preferences may change

with time, the conditional distribution of labels for incoming emails can change

3]-



Designing a classifier for time-evolving data streams has some considerations
to be addressed, compared to traditional classifiers. Since data arrives continu-
ously, any proposed algorithm needs to process it under strict time constraints.
Handling large volumes of data in main memory is impractical, so the proposed
algorithm must use limited memory. Patterns of change in target concepts are cat-
egorized into sudden /abrupt, incremental, gradual, and reoccurring drifts [4, 1, 5].

Effective classifiers should be able to handle these concept drifts.

More recently, many drift-aware adaptive learning algorithms are developed.
Among these algorithms, ensemble methods are naturally more consistent with
needs of the problem and they proved to outperform single algorithms statistically
and computationally [4, 6, 7, 3, 8]. It is possible that a subset of classifiers in
the ensemble outperforms others in a time-varying fashion. However, optimum
weight assignment for component classifiers is a problem which is not yet fully
addressed in online evolving environments [9]. We propose a novel data stream
ensemble classifier which assigns optimum weights to the component classifiers
using a sliding window containing the most recent data instances. Since ensemble
methods use individual classifiers inside their models, this does not decrease the
importance of designing more adaptive individual classifiers for evolving data
streams. Improving the performance of individual classifiers in terms of accuracy

and resource usage can increase the performance of an ensemble as well.

In this thesis, we concentrate on designing a geometrical framework for dy-
namic weighting of component classifiers for ensemble methods. We model our
ensemble in a spatial environment and use the Euclidean distance as our measure
of closeness. We try to find an optimum weighting function based on LSQ, lead-
ing to a system of linear equations which describes the ensemble more precisely.
Based on this system of linear equations, we design our algorithm called Geomet-
rically Optimum and Online-Weighted Ensemble (GOOWE)—pronounced gooey
(/’gii-/). It is inspired from the geometry of voting which is a well-known domain
in the political and social sciences, and economics. The geometrical analysis of
individual votes for their aggregation has proved to outperform the existing solu-
tions in these fields. In aggregation, various rules may have conflicting votes, i.e.,

“the paradox of voting.” Finding classes of profiles, uncovering paradoxes, and

2



determining the likelihood of disagreements are among the problems addressed

by the geometry of voting [10].

In a time-evolving data stream domain, for evaluating the performance of
an algorithm it is necessary to use tens of millions of examples [4]. However,
gathering this much of real-world data, especially with substantial concept drifts,
is not feasible. Another problem is that we cannot find out when a concept drift
happens. Because of these problems, like earlier studies, we use a combination of

real-world and synthetic data streams in our experiments.

We experimentally evaluate our algorithm using several real-world and syn-
thetic datasets representing gradual, incremental, sudden/abrupt, and reoccur-
ring concept drifts. We use the most popular real-world datasets and for gen-
erating synthetic data streams, we use the MOA libraries [4]. For the sake of
comparison, we use 8 state-of-the-art ensemble methods as baselines in our ex-
periments. We follow the tradition and use classification accuracy, processing
time, and memory costs as our comparison measurements. For classification ac-

curacy measurement, we use the Interleaved Test-Then-Train approach [4].

The summary of main contributions of this study are the following. We

e Provide a spatial modeling for online ensembles and use the linear least
squares (LSQ) solution [11] for optimizing the weights of components of an
ensemble classifier for evolving environments. While LSQ is used for batch
mode component weighting [12, 13], for the first time in the literature, we

adapt and use it for online environments, as a stacking algorithm,

e Introduce an ensemble algorithm, called GOOWE. We use data chunks for
training and sliding instance window containing the latest available data
for testing; such an approach provides more robust behavior as shown by

our experiments,

e Conduct an extensive experimental evaluation on 16 synthetic and 4 real-
world data streams for comparing GOOWE with 8 state-of-the-art ensemble

classifiers, and



Table 1.1: Symbol Notation

Notation Definition

S Data stream

I={L,15..1,} Instance window, I;; (1 < i < n)
DC ={L,1,.., 1} Data chunk, [;; (1 < j <h)
Li=x€8 Incoming data instance in time t
(T Vector of true/predicted class label
C={Cy,0Cy,....Cp} Set of p class labels, Cy; (1 < k < p)

£ =4{CS5,,CS,,...,CS,} | Ensemble of m individual classifiers,
CSj;(1<j<m)

S > Score vector for I; and C'S;,
Siy (1 <k <p)

0; =< O}, 0%,--- 0" > | Ideal-point for I;, OF; (1 < k < p)

k
w =< Wy, Wy, --- | W, > | Weight vector for £, W;; (1 < j <m)

__ ql q2
sij =< 5ij, 5j, -

e Carry out comprehensive statistical tests to show that GOOWE provides a
statistically significant improvement in terms of accuracy while using con-

servative resources.



The rest of this thesis includes a brief chronological survey of the related works
in Chapter 2; GOOWE in Chapter 3; our experimental evaluation in Chapter 4;
and statistical tests in Chapter 5. Chapter 6 offers a conclusion and directions
for future research. Table 1.1 presents the notation of symbols that we use in the

succeeding chapters.



Chapter 2

Background and Related Work

In this chapter, we explain our assumptions and specifications for time-evolving
data streams. We distinguish different types of concept drifts based on the lit-
erature. We discuss different approaches of adapting concept drifts in evolving
environments focused on ensemble methods, since they are naturally more capa-
ble of handling concept drift and they proved to outperform individual classifiers
1, 4].

2.1 Basic Concepts and Notations

The traditional supervised classification problem aims to map a vector of at-
tributes, x, into a vector of class labels, 1/, i.e.  + 3. The domain of attribute
values in z, can be either numerical or nominal. However, for the domain of
class labels in 1/, we assume binary values for each label indicating selection or
not-selection of that specific class label. We compare mapped class label vectors,
y', with true class label vectors, y. Instances from our data stream, [, = x; € S,
appear sequentially in temporal order, and we need to process the data in an
online fashion. We map z; into y; and when the true class labels, y;, are available

we can evaluate our predictions. Due to the size of stream data, we only able to
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Figure 2.1: Four patterns of real concept drift over time (revised from [1]).

store a finite number of instances to process in a window, and we need to discard
old instances. Based on the availability of true class labels (data constraints) and
our resources (solution/resource constraints) we can determine the length of the
window. Classifiers are supposed to use limited memory and limited processing

time per instance [4, 1, 3.

In dynamically evolving environments, the conditional distribution of the out-
put (i.e. true class labels) given the input vector, may change with time, i.e.
P(yis1|zie1) # P(yi|xy), while the distribution of the input vector itself, P(z;),
may remain the same [1]. This is referred to as real concept drift and raised

several challenges for detecting and reacting to these changes.

Zhang et al. [14] categorized real concept drifts into two scenarios; Loose
Concept Drift (LCD) where only change in P(y;|x;) cause the concept drift, and
Rigorous Concept Drift (RCD) where change in both P(y;|z;) and P(z;) cause
the concept drift. The general assumption in the concept drift setting is that
the change happens unexpectedly and is unpredictable. We do not consider the
situation for some real-world problems where the change is predictable. We do not
address concept-evolution or arrival of a novel class label, and time-constrained
classification [15, 16, 17, 18, 19]. The reader is referred to [1] for various settings
of the problem. We assume the most general setting of evolving data stream

classification problem.



There are several forms of change patterns over time for real concept drift, as
shown in Fig. 2.1. If we consider a non-changing conditional distribution of the
output given the input as one concept, a drift may happen suddenly/abruptly by
replacing one concept with another (e.g. C1 with New C1 in Fig. 2.1-(a)) at a
moment in time t. Drift may happen incrementally between the first and last
concepts (e.g. Cl and New C1 in Fig. 2.1-(b), respectively), where there are
many intermediate concepts which connects the dots in a smooth way. Gradual
drift happens when there are no intermediate concepts and both of the first and
last concepts are occurring for a period of time, Fig. 2.1-(¢). Drifts may introduce
new concepts that were not seen before, or previously seen concepts may reoccur
after some time, Fig. 2.1-(d). Once-off random anomalies or blips are called
outlier/noise and there should not be any reaction as we do not consider them
as a concept drift. Since most of the real-world problems are complex mixtures
of these concept drifts, we expect any classifier to react and adapt reasonably to
different types of concept drifts and remain robust to outliers and predict with

acceptable resource requirements [1].

2.2 Ensemble Classifiers for Evolving Omnline

Environments

A recently published survey by Gama et al. [1], presents a new taxonomy of
adaptive classifiers using four existing modules of various learning methods in
time-evolving environments. They are memory management, change detection,
learning property, and loss estimation. In this study, we concentrate on model
management strategies, as a learning property, to present state-of-the-art en-
semble methods in chronological order. In addition, since we do provide a novel
stacking algorithm for online ensemble classifiers, we cover vote combination tech-
niques of these ensembles. The remaining modules, other than learning property,

are out of the scope of this study.

Based on the model management categories of Kuncheva [3], there are five



possible strategies for adaptive online classifiers:

1. Horse Racing: The dynamic combination ensemble strategy that aims to
have the most proper combination rule of existing individual components

in an ensemble;

2. Updated Data Feeding: Feeding individual classifiers with the most recent

available data;

3. Scheduled Feeding of Ensemble Members: Scheduling the update of individ-
ual classifiers either by retraining in a batch mode or incrementally in an

online mode with newly available data;

4. Add/Drop Classifiers: Adding fresh classifiers to the ensemble or pruning

the deteriorating classifiers; and

5. Feature Regulation: Regulating importance of features along with the life

of an ensemble.

Practically any combination of these strategies can be used together and they do

not need to be necessarily mutually exclusive.

Elwell et al. [20] explains active versus passive approaches. Active approaches
benefit from a drift detection mechanism, reacting only when drift is detected.
On the other hand, passive approaches continuously update the model with each
incoming data. Since training identical hypotheses with the same data produces
identical classifiers, we need some mechanisms to increase their diversity. This is
accomplished mostly by Kuncheva’s third and fourth strategies. In addition, there
are some works to measure and maintain the diversity of component classifiers
21, 22].

The WINNOW [23], Weighted Majority (WM) [24], and Hedge(5) [25], al-
gorithms are the initial adaptive ensemble methods for large-scale changing en-
vironments. They mainly use the horse racing strategy for developing better

combination rules in an off-line setting. They begin by creating a set of classifiers

9



Table 2.1: Summary of Related Ensemble Classifiers for Evolving Online Envi-
ronments

Spec. Kuncheva’s Strategies
Ensemble Study Type St. 1 St. 2 St. 3 St.4 St. 5
WINNOW [23] Passive v X v X X
WM [24] Passive v/ X v X X
Hedge(p) [25] Passive v/ X v X X
SEA [26] Passive  x X v v X
OzaBag/OzaBoost [27, 28] Passive X v v X X
DWM 29, 30] Passive Vv X v v X
AWE 8] Passive Vv X v v X
ACE [31] Active v v v X X
LevBag [32] Active v v v v X
Learn++.NSE [20] Passive v X v v X
AUE2 6] Passive Vv X v v X
OAUE [33] Passive Vv v v v X
GOOWE Current work Passive v X v v X

with an initial weight (usually 1). They adapt the ensemble’s behavior using a
reward-punishment system to keep track of the most trustworthy expert in each
time slot. In particular, WINNOW uses o > 1 (usually o = 2) for its promotion
(w; <= w; X a) and demotion (w; <— w; + «) steps. WM excludes the promotion
step and if an expert incorrectly classifies the instance, the algorithm decreases
its weight by a multiplicative constant, 5 € [0,1]. Hedge(8) algorithm operates
in the same way but instead of taking the weighted majority vote, chooses one
classifier’s decision as the ensemble decision. They provide a general framework
for weighting component classifiers. However, they do not suggest any mechanism

for dynamically adding or removing new components.

Streaming Ensemble Algorithm (SEA) [26], provides a block-based and fixed-
size ensemble of classifiers, each trained on the incoming chunk of instances—
addressing Kuncheva’s fourth model management strategy. If ensemble has space,
SEA adds the new classifier to the ensemble, otherwise, it puts the new classifier
into the place of a weaker classifier. SEA uses majority vote for predictions in
an off-line setting. Due to batch-mode component classifiers which stop learning

after being formed and replacing the worst performing classifier in an unweighted

10



ensemble, the learner was unable to track properly concept drifts in the stream
data.

Oza [27, 28], uses Kuncheva’s second and third model management strategies
together with the traditional bagging and boosting algorithms in online settings
for designing OzaBagging and OzaBoosting. For stream data environments, as
the number of training examples and component classifiers tend to go to infinity,
Oza uses the Poisson distribution with A = 1 for approximating the binomial
distribution of sampling. A similar idea is used for the OzaBoosting algorithm.
It employs incremental values of A, starting from 1, for training and sampling of

classifiers.

Dynamic Weighted Majority (DWM) [29, 30], introduced an ensemble of incre-
mental learning algorithms, each with an associated weight in an online setting.
Models are generated by the same learning algorithm on different batches of
data. DWM uses the WM approach for assigning weights and makes predictions
using a weighted-majority vote of the components where weights are dynamically
changing. Pruning components with weights less than a threshold helps to avoid
creating an excessive number of components. An extension to DWM, additive
expert ensemble (AddExp) [7], provides a general theoretical expert analysis to

prove mistakes and loss bounds for a discrete and a continuous ensemble.

Accuracy Weighted Ensemble (AWE) [8], alternatively suggests a general
framework for mining changing data streams using weighted ensemble classi-
fiers by re-evaluating ensemble components with incoming data chunks. Inspired
by the framework of SEA, a new static learning algorithm is trained and the
previous components of ensemble are evaluated on each incoming data chunk.
However, these evaluations are done with a special version of Mean Square Fr-
ror (MSE) allowing the algorithm to select the k best classifiers to create a new
ensemble (MSE; = |—é‘z (1 — Mi(x))? where D is the latest data chunk
and M!(z) is the probability score that x belongs to its true class label ¢, gen-

zeD

erated by a specific classifier system indexed 7). Briefly, it assigns weights to
component classifiers based on their expected classification accuracy—according

to Bayes error optimization [34]. Moreover, the structure of ensemble is pruned

11



if errors of individual classifiers are worse than the MSE of a random classifier
(MSE, =3"_.P(c) x (1— P(c))? where P(c) is the probability of observing class
label ¢). All in all, the weight of classifier i is determined by a linear function
(w; = MSE, — MSE;).

Since larger data chunks can provide a better distribution of data, they are
more capable of building more accurate classifiers but may contain more than one
change. Smaller chunks can separate drifting places better, but usually lead to
poorer classifiers. In particular, ensembles built on large data chunks may react
too slowly to sudden drifts occurring inside the chunk [4, 6]. To overcome this
problem, Adaptive Classifier Ensemble (ACE) [31], proposed an algorithm which
uses a hybrid of one online classifier and a collection of batch classifiers (a mixture
of active and passive approaches) along with a drift detection mechanism. ACE
does not benefit from pruning strategies and possibly using of a drift detector

leads to poor reactions for gradual drifts.

Bifet [32], introduced Leverage Bagging (LevBag) as an extended version of
OzaBagging, using the first four strategies of Kuncheva. It aims to increase the
resampling rate using a larger value of A in the Poisson distribution. Additionally,
it adapts output detection codes [35] for handling multi-class problems using only
binary classifiers and the ADWIN [36] change detector for dealing better with

concept drifts in stream data.

Learn++.NSE [20], is a batch learning ensemble that uses the weighted major-
ity voting. It updates the weights dynamically with respect to the time-adjusted
errors of the classifiers on current and past environments. Similar to the AWE
model management approach, evaluation of classifiers is considered by giving
more credit to the ones capable of identifying previously unknown instances.
On the other hand, classifiers that misclassify previously known instances are
penalized. Moreover, Learn++.NSE does not discard any component from the
ensemble when its knowledge is not relevant to the current chunk of data. Al-
though temporary forgetting model management is particularly useful in cyclical
environments, it causes some resource overuse. Ditzler and Polikar extended

Learn++.NSE for class imbalanced data stream [37].
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Brzezinski et al. [6], proposed Accuracy Updated Ensemble (AUE2), for com-
bining the chunk-based algorithms with incremental learning components. Its
model management strategy is based on AWE, while suggesting a non-linear

1
(MSETJrMSEijJre))‘ The
online version of AUE2 [33], called Online Accuracy Updated Ensemble (OAUE),

uses a sliding window for the last n instances of the data stream.

weighting function using the same MSE functions (w;; =

A summary of these online ensemble classifiers is provided in Table 2.1. The
method we introduced in this work, GOOWE that we present in the next chapter,
is also included in the table for comparison. As we can see, GOOWE’s model

management strategies are the same as AWE and AUE2.
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Chapter 3

GOOWE: Geometrically
Optimum and Online-Weighted

Ensemble

Unlike traditional batch learning, the assumption of independent and identical
distribution (i.i.d) of whole stream data is not true for evolving online environ-
ments [38]. Possibilities of changes are; “feature changes” or evolving of p(z) with
time stamp ¢, “conditional change” or the changes of class label y assignment to
feature vector =, and “dual changes” which includes both [39]. Four recognized
patterns of conditional change are given in Fig. 2.1. The same patterns of change
are possible for feature changes. As mentioned in section 2.1, Zhang et al. [14]
categorized these change into LCD and RCD scenarios. An effective classification

algorithm should be able to handle these continuous changes.

3.1 Concepts and Motivation

The data stream is sliced into chunks, each representing single distribution. Al-

most all state-of-the-art stream classifiers divide the data into fix chunk sizes, as
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Figure 3.1: Data Chunk (DC' ) vs. Instance Window (I)—stream data is sliced
into equal chunks with size of h and sliding instance window takes the latest n
instances with available labels; filled circles are instances with available labels
and unfilled circles are yet-to-come instances.

h [40]. There is a recent study for dynamic determination of chunk size according

to concept drift speed [40]. This problem is beyond the scope of our study.

Depending on when the labeled training data becomes available Gao et al.
[39] categorized stream classifiers into two groups: The first group updates the
training distribution as soon as labeled instance becomes available and the second
group receives labeled data in chunks and updates the model. Since updating
classifiers is a costly operation, the second group of classifiers can be more time
efficient. However, these methods perform well when the up-to-date data chunk
has identical or similar distributions to the yet-to-come data chunk, which is called
stationary assumption in data stream. This assumption ignores the instability

nature of evolving data streams when concept drift occurs frequently.

For making our ensemble more efficient we update component classifiers when
a new chunk of labeled data is received. Although we do not address the concept
drift adaption directly, our extensive experiments show that using a proper com-
ponent weighting system based on the very recent instances would adapt existing
component classifiers for recent concept changes. Consequently, having an opti-
mum weighting function would be extremely beneficial for handling concept drift.
For this purpose, we exploit a sliding instance window with latest n labeled in-
stances. The size of instance window can be different with the chunk size, h # n.
Instance window size can be determined by performance and accuracy require-

ments of the problem. Fig. 3.1 shows this combination usage of data chunk and
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instance window.

Inspired from the geometry of voting [10] and using the least squares problem
(LSQ) [11], we designed a geometrically optimum and online-weighted ensem-
ble method for evolving environments, called GOOWE. While LSQ is used for
component weighting of ensemble classifiers in batch mode [12, 13], it is the first
time that we provide a spatial modeling for online environments as a stacking

algorithm.

The motivation of this study is to design an ensemble that assigns optimum
weights to component classifiers, in an on-line setting with different types of
concept drifts. For combining votes, as an stacking algorithm, we model scores
of the ensemble’ individual classifiers in a spatial environment as vectors and try
to establish a clear relationship between a geometric feature of vectors and their
effectiveness. Its novelty is based on dynamically changing component optimum

weight assignment approach for online ensembles in evolving data streams.

3.2 Design

GOOWE’s model management approach is similar to AWE and AUE2 with a pas-
sive approach for handling concept drift. Basically, a new incremental learning
algorithm is trained on each incoming data chunk and the previous components
of the ensemble are re-evaluated on the same data chunk. However, these eval-
uations are done with a special function of mean square error (MSE) allowing
the algorithm to weight component classifiers dynamically, relative to each other,

and in an on-line setting.

In training scenario, we use data chunks according to Fig. 3.1 as they become
available. When a new data chunk is received, we train a new component classifier
using these instances and we add to the ensemble. If there is no space for the
new classifier, we substitute it with the worst performing component. For testing

the ensemble and classifying a new instance, we use our LSQ-based stacking
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Figure 3.2: General schema of GOOWE; each I; € S delivered to C'S;(1 < j <
m), produces relevance score vector, s¢;j. GOOWE maps these score vectors, as
score-polytope, and the true class label, as ideal-point, into a p-dimensional space.
It assigns weights, WW;, using the linear least squares (LSQ) solution. Predicted
class label, ;, is obtained using the weighted majority voting.

algorithm based on the sliding instance window for getting the most updated
weights for adapting existing components. Briefly, GOOWE uses a combination
of data chunk and instance window, as shown in Fig 3.1. A data chunk (DC) has h
instances of equally divided data stream, and instance window (I) has the latest n
instances of data stream, with available true class labels. In our implementation,
we build the instance window with the length of maz(n,h), and simply add a
counter with the maximum value of h into the instance window for providing
data chunk. If the length of the instance window is less than the length of data

chunk (i.e. m < h), we set the length of instance window to h and use the latest

n instances of it.

In our geometrical framework, we use the Euclidean norm as the system’s loss
function for optimization purpose. There are clear statistical, mathematical, and
computational advantages to use the Euclidean norm [11]. We calculate weights
based on the latest n instances in our window, and for making prediction we use

weighted majority voting approach.

As shown in Fig. 3.2, we have an ensemble of component classifiers & =
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{CS,,CS,,---,CS,y}.  Each component classifier, C'S;(1 < j < m), pro-
cesses instance [; of evolving data stream, S, and produces relevance scores,
s; =< S57,5%,---,57 >, for each of class labels, C' = {C,Cy,---,C,}. Since
each classifier produces relevance scores in different ranges, we use Eq. 3.1 for

normalizing the scores into the range of [0, 1].

Sk

k J
SJ P Sq
a=1"7

(1<k<p) (3.1)

Assuming each class label as one dimension, enables us to map each compo-
nent’s score (s;; 1 < j < m) into a point in a p-dimensional Euclidean space. Map-
ping all score points of I; in the same way, builds a polytope in a p-dimensional
Euclidean space, which we call the score-polytope of I,. We define score-vector by
using the origin point as the starting point and score point as the terminal point
in our spatial environment. Using the vector of the true class label for I; as y;, we
can assume an ideal-point in the p-dimensional space as 0 =< O', 0% -, OP >.
For example, if the number of class labels is 4, and the true class label of [, is
(5, then the ideal-point would be 0 =< 0,1,0,0 >.

3.3 Optimum Weight Assignment

For making prediction, we use n latest instances [ = {[, 5, -+, I,}, as an in-
stance window, where I, is the latest instance and all true class labels are avail-

able. For each instance [;(1 < i < n), each component classifier C'S;(1 < j < m)

has a score-vector as s;; =< S}j, Sfj, e ,Sfj >. For the true class label of I; we
have o; =< O}, 0%, --- | O? > as the ideal-point. We aim to find optimum weight
vector w =< Wy, Wy, - -+ | W,, > to minimize the distance between score-polytope

and ideal-point. Using the squared Euclidean norm as our measure of closeness

for the linear least squares problem (LSQ) results

min ||o — Sw|[3 (3.2)

18



The corresponding residual vector is r = o — Sw, where for each instance I;,
S € R™*P is the matrix with relevance scores s;; in each row, w is the vector of
weights to be determined, and o is the vector of ideal-point [11]. Since we have

n instances in our window, we use the following function for our optimization

FOVL Wy, W) =) ) Z (W;S5) — OF)? (33)

i=1 k=1 j=

solution.

Taking a partial derivation over W, (1 < ¢ < m) and finding optimum points will

give us our weight vector. The gradient equations become

ZZQ ij W;SE) —OR)SE, (1< q<m) (3.4)

i=1 k=1 j=
Setting the gradient to zero, Vf =0

n p

2 ZZSZS’“ => Y OFsk, (1<q<m) (3.5)

=1 k=1 i=1 k=1

and assuming below summations as ag; and d,

ZZS’“SZ, (1<gq,j<m) (3.6)

i=1 k=1

E:X:O’c iy (1< qg<m) (3.7)

i=1 k=1
lead to m linear equations with m variables (weights). The proper weights in the
following matrix equation are our intended optimum weight vector. We present
weight assignment equation in matrix representation to make the later example

easier to follow.

aiz a2 - Aip Wi dy
ag1 Q22 -+ Aoy Wy dy

X = (3.8)
Am1 Qm2 - Amm Wm dm

Briefly, Aw = d, where A is the coefficients matrix and d is the remainders

vector. According to Eq. 3.6, A is a symmetric square matrix. In the sense of
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least squares solution [11], since it is probable that A is rank-deficient, we may
not have a unique solution and we denote the minimizer by w*. According to

theorem 9 of [11], the normal equations for w* can be written as
AT Aw = ATd (3.9)

In this equation, AT A, is also a symmetric square matrix. In addition, if A has
full rank, A7 A is positive definite and our problem has a unique solution. In the
rank-deficient case, it is non-negative definite and we have a set of possible weight
vectors. The QR factorization suggests less expensive solutions for both full rank

and rank-deficient cases [11]. In such cases, the weights are near optimum which.

Since we predict scores for each incoming instance separately, we define A;
and d;(1 < i < n) according to equations 6 and 7. Matrix A and vector d can

be calculated simply by adding all A; and d; for all instances of a given window,

respectively.
Z SESE, (1<i<n) (3.10)
ZO’“ ko (1<i<n) (3.11)

Using the weighted majority vote approach gives the aggregated score vector.
Since we calculate scores in a spatial environment, it is possible that these score
values become negative. Using the following normalization in advance to Eq. 3.1

gives the proper aggregated score vector.

maz(Sy) — min(Sy)’

Sk<—

(1<k<p) (3.12)
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3.4 Example of Assigning Optimal Weights for

Component Classifiers

Suppose that we have 2 classifiers and 2 class labels, as shown in Fig. 3.3. Our
instance window has 2 instances as [; and I5. We want to find optimum weight

vector for aggregating scores for a newly arrived instance as I;.

IJEC] IZECZ : Il‘e?
@—-s,,= 0.82,0.18 3 5,,4<021,0.795 | 5,5 0.73,0.27
@—»s,z <0.65,0.355 5,7 0.47,0.53 5 | 5,7 0.59, 0.41

0,=<1,0> 0,=<0,1>

Figure 3.3: An example of GOOWE component classifiers weighting.

We have a 2-dimensional Euclidean space, as shown in Fig. 3.4. Score vectors

and their intended projections are illustrated with black and red lines, respec-

tively.
1 1805
K
0.8 : 08} X
K}
0.6 : 06} S
N oN
o (&)
04 : S, 04f
0.2 Su 0.2
0 : ; ; ; o 0 ; ; ; ;
0 02 04 06 08 1 0 02 04 0.6 0.8 1
c1 c1
(a) 1, (®) 1,

Figure 3.4: Score vectors for window instances of example.

Putting the values into Equation 3.6 and 3.7, gives the following matrix equa-

tion.

1.37 1.11 Wi 1.61
X
1.11 1.05 Wy 1.18
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Solving this equation gives the intended weight vector, w =< 1.88, —0.87 >.
Multiplying these weights with the score vectors of the components, results in
the aggregated score vector, s =< 0.86,0.14 >. We have much stronger vote

compared to each individual classifier.

3.5 Pseudocode of GOOWE Algorithm

It is given in Algorithm 1. In training scenario (lines 9-23), having the proper
number of instances from each class label, as our training data, is crucial for more
accurate individual classifiers. On the other hand, for testing scenario (lines 3-
8), static weighting component classifiers can result in relatively poor aggregated
predictions, especially with existence of frequent concept drifts in data stream.
Using a combination of data chunk and instance window enables us to think
about training and testing of our algorithm separately. These two values can be

adjusted according to the drift rate of data stream.

When the number of instances in data chunk, DC, reaches its maximum value
(line 9), GOOWE trains a new incremental classifier (line 10). If the ensemble
has its maximum number of classifiers, m, then GOOWE calculates weights of
classifiers using Eq. 3.8 and instances in data chunk (lines 12-16). The more the
obtained weight value is close to zero, the more we want to cancel its effectiveness
in our aggregated score vector. As a result, we take the absolute value of weight
values and omit the classifier with the least weight (line 17). We first incremen-
tally update all the existing classifiers with DC (lines 19-21), and then add a
fresh classifier into the ensemble (line 22). Most of the incrementally updated
classifiers, needs to be pruned after some updates. Since we have memory con-
straints in our problem, we prune these classifiers when the consumed memory
exceeds the memory limit (lines 24-26). For example, in our experiments we use
the Hoeffding tree [41] and prune the least active leaves of the tree to satisfy the

user specified memory constraint.
For each incoming instance, for making prediction, GOOWE calculates weights
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Algorithm 1: GOOWE (Geometrically Optimum and Online-Weighted En-
semble)

Require: S: data stream, I: window of n latest instances, DC': latest data
chunk with length of A, m: maximum number of classifiers, C'S: single
classifier system, p: number of class labels, L: memory limit.

Ensure: ¢: set of weighted classifiers, sp: aggregated score vector.

1: & + @;
2: for all instances I; € S do
3: for all instances I; € I do

4: A<+ A+ A;; {using Eq. 3.10}
5: d < d + d;; {using Eq. 3.11}
6: end for
7. w 4+ solve(Aw = d); {see Eq. 3.8}
8 sp <y i (Wjs;); {weighted majority vote}
9: if DC has h instances then
10: C'S" + new single classifier built on DC;
11: if & has m classifiers then
12: for all instances I; € DC do
13: A« A+ A;; {using Eq. 3.10}
14: d < d + d;; {using Eq. 3.11}
15: end for
16: w < solve(Aw = d); {see Eq. 3.8}
17: € + &\{classifier with min(|W;|); 1 < j < m};
18: end if
19: for all CS; €& do
20: train C'S; with DC;
21: end for
22: £+ cUu{Cs};
23:  end if
24:  if memory_usage(§) > L then
25: prune all component classifiers;
26: end if
27: end for
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of classifiers using Eq. 3.8 and instances in instance window (lines 3-7). It multi-
plies resulted weights with score vectors and using the weighted majority voting
approach, calculates the aggregated score vector. Adjusting the length of in-
stance window and data chunk depends on the data stream and types of concept
drift. There is no general solution to this problem. However, setting relatively
small numbers to the instance window and relatively large numbers to the data
chunk, according to available resources, can result in better accuracy. Experi-
mental evaluation, presented in the next two sections, illustrate that GOOWE

can react statistically significantly better compared to its state-of-the-art rivals.
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Chapter 4

Experimental Evaluation

The main concern of evolving data stream classifiers is having more accurate pre-
dictions with less processing time and memory consumptions. In the following
sections, we present the experimental results for different simulation scenarios
conducted to evaluate our proposed ensemble method. We describe the datasets,
discuss the experimental setup, and finally analyze the simulation results. For
the sake of comparison, we include 8 state-of-the-art adaptive ensemble meth-
ods proposed for evolving data streams. We did not include single classifiers in
our experiments because the comparison between online ensemble methods and
single classifiers is well studied [6]. Instead, we chose to evaluate the latest en-
semble classifiers on evolving data streams specifically to see the difference in
performance more clearly. In this evaluation, we use the Massive Online Analysis
(MOA)! framework [42]. MOA is an open-source software package to run data
streaming experiments and, to the best of our knowledge, is the most popular
framework for data stream mining. We use JAva MAtrix (JAMA)? package, a
basic linear algebra library, for matrix operations and least squares solutions in
our implementation of GOOWE.

IMOA webpage: http://moa.cms.waikato.ac.nz/
2JAMA webpage: http://math.nist.gov/javanumerics/jama/
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4.1 Datasets as Data Streams

Selecting proper time-evolving data stream is one of the vital steps for comparing
different algorithms. There are two types of data stream sets; synthetic and
real-world datasets. We have the whole dataset before the experiment and use
the terms dataset and data stream equivalently. Similar to the other domains
of prediction algorithms, real-world datasets are the best. However, the problem
with them is that we do not know when drift occurs or if there is any drift at
all. Some studies use real-world datasets with artificial concept drifts, called
real-world data with forced/synthetic concept drift [1]. These datasets cannot
be considered as real examples of drifts. Synthetic data has several benefits like
easy to reproduce, low cost of storage and transmission, but most importantly, it

provides an advantage of knowing where exactly drift has happened [4, 1].

A proposed algorithm should be capable of handling large data streams—
potentially an infinite number of instances [4]. As a result, for comparisons of
several algorithms, we need to have large datasets in the order of tens of millions
of instances. Similar to common approaches [4, 6, 33, 26], in order to cover all
patterns of changes over time; sudden/abrupt, incremental, gradual, and reoc-
curring as concept drifts including blips or noise; we use synthetic data stream
generators, implemented in the MOA framework. Using these generators, we pre-
pared 16 synthetic datasets. In addition, we have 4 widely used real-world data

streams.

Following are a brief description of each dataset including their generation and
preparation. Table 4.1 summarizes the specifications of each dataset. We report
the average of accuracy, processing time, and maximum memory consumption for

each dataset in Table 4.2, 4.3, and 4.4, respectively.
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4.1.1 Synthetic Datasets

According to the concept drifting scenarios of Zhang et al. [14], we have 8 Rig-
orous Concept Drifting (RCD) and 8 Loose Concept Drifting (LCD) synthetic
datasets. Bifet et al. [4] specified Random RBF generator as the RCD data

stream and the rest of synthetic data stream generators as the LCD data stream.

Random RBF. 1t assigns a fixed number of random positioned centroids,
with a random standard deviation value, class label and weight. For generating
new instances, we randomly select a center, considering weights, so that centroids
with higher weights are more likely to be chosen. A random direction is chosen for
displacement, using a Gaussian distribution, and drift is defined by moving the
centroids, with constant speed. Attributes are all numerical values. Using this
generator we prepared 8 different datasets, each containing 1 million instances
with 20 attributes and 0 percent noise. Here are 3 important alternate factors we
changed among these 8 datasets. We reflect these, respectively, in the naming of
RBF datasets in Table 4.1.

o Concept Drift Type (Gradual: G and Abrupt: A). The way generator moves
centroids make the data stream gradually changing. We add some outliers
during generations of gradual changing datasets in order to have blips. We
generate abruptly changing data streams using the sigmoid join operator

(¢ = a &} b; to: point of change, W: length of change) [4].

e Number of Classes (Four: J and Ten: 10). The ability for generating arbi-
trary number of classes is useful for evaluating an algorithm. We generate

our datasets with either four or ten class labels.

e Drift Frequency (Slow: S and Fast: F). For gradually changing datasets,
we generate instances with 0.01 (fast) and 0.0001 (slow) concept changing
speed. For abruptly changing datasets, we switch to a new random stream

10 (slow) or 100 (fast) times evenly distributed over 1 million instances.

SEA Concepts. It involves 3 numerical attributes varying between 0 and 10
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Table 4.1: Summary of Dataset Characteristics

Dataset #Instance F#Att #CL %N Drift Spec.
RBF-G-4S  1x10° 20 4 0 Gr. Bp., DS=0.0001

RBF-G-4F 1x105 20 4 0  Gr, Bp., DS=0.01
RBF-G-10-S 1 x 109 20 10 0  Gr., Bp., DS=0.0001
RBF-G-10-F  1x105 20 10 0  Gr., Bp., DS=0.01
RBF-A-4-S  1x105 20 4 0  Abrupt, #D=10
RBF-A-4-F  1x105 20 4 0  Abrupt, #D=100
RBF-A-10-S 1x10° 20 10 0  Abrupt, #D=10
RBF-A-10-F  1x10° 20 10 0  Abrupt, #D=100
SEA-S 1 x 108 3 2 10 Abrupt, #D=3
SEA-F 2 x 106 3 2 10 Abrupt, #D=9
HYP-S 1 x 108 10 2 5 Incrm., DS=0.001
HYP-F 1 x 108 10 2 5 Incrm., DS=0.1
TREE-S 1x105 10 4 0 Reoc., #D=4
TREE-F 1x10° 10 6 0 Reoc., #D=15
LED-M 1 x 109 24 10 10 Mixed, #D=3
LED-ND 1 x 107 24 10 20 No drift
CoverType 581,012 54 7 - Unknown
PokerHand 1 x 107 10 10 - Unknown
CovPokElec 1,455,525 72 10 - Unknown
Airlines 539,383 7 2 - Unknown

#CL: No. of Class Labels, %N: Percentage of Noise, DS: Drift Speed, #D: No.
of Drifts, Gr.: Gradual, Bp.: Blips.
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[26]. In our experiment, we use this generator in 2 different settings, both with
10 percent noise. First, 1 million instances, with drifts occurring every 250,000
examples (slow: SEA-S), and second, 2 million instances with drifts occurring

every 200,000 examples (fast: SEA-F) are generated.

Rotating Hyperplane. It assigns points in a multi-dimensional hyperplane
and classifies them positively and negatively. Concept drift is defined by changing
the orientation and position of the hyperplane [43]. We set the hyperplane gener-
ator to create 2 datasets, each with 1 million instances described by 10 numerical
features. We add 5 percent class noise to both of them. The modification weight
of slowly changing dataset (HYP-S) is set to w; = 0.001, and for the rapidly
changing one (HYP-F) to w; = 0.1.

Random Tree. It produces nominal and numerical attributes using a ran-
domly constructed tree. Drift is defined by abruptly changing the tree after a
given number of examples [42]. For both slow and fast tree datasets, we set the
generator to have 5 nominal and 5 numerical attributes. Slowly changing dataset
(TREE-S) consists of 1 million instances with 4 reoccurring drifts evenly dis-
tributed. Rapidly changing dataset (TREE-F) contains 100,000 instances with

15 sudden drifts; it is the fastest changing dataset of our experiments.

LED. 1t tries to predict the digit displayed on a seven-segment LED display.
Each instance has 24 binary attributes and each has a possibility of being inverted,
which is defined as noise. We have 2 LED datasets. The first dataset, LED-M,
has 1 million instances with 2 gradually drifting concepts abruptly switching after
0.5 million instances and 10 percent of noise. The second one, LED-ND, has 10
millions of instances without any drift and 20 percent of noise, makes it noisiest

and largest dataset among others [6].

4.1.2 Real-World Datasets

The noise values, number of drifts, and drift speeds are unknown for these

datasets. Access URL links are given in the footnote.
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CoverType.? It contains the forest cover type from the US Forest Service
(USFS), comprised of 581,012 instances and 54 attributes.

PokerHand.* Tt consists of 1 million instances and 10 attributes. Each record

is a hand of 5 playing cards—2 attributes as suit and rank.

CovPokElec.® Tt combines the normalized CoverType, normalized Poker-
Hand, and Electricity datasets using the sigmoid join operator. The Electricity
dataset comes from the Australian New South Wales Electricity Market. Cov-
PokElec is obtained by merging all attributes, and assuming that each dataset

corresponds to a different concept [4].

Airlines.% It consists of 539,383 examples described by 7 attributes. The task
is to predict whether a given flight will be delayed or not, given the information

of the scheduled departure.

4.2 Experimental Design

In this study, we evaluate our method by comparing it with 8 well-known ensemble
classifiers for non-stationary environments using the online block-based, bagging,
and boosting methods. We select Accuracy Weighted Ensemble (AWE) [8], im-
proved Accuracy Updated Ensemble (AUE2) [6], Dynamic Weighted Ensemble
(DWM) [30] and Learn++.NSE (NSE) [20] ensemble methods from block-based
approaches. In addition to these, we include Online Accuracy Updated Ensemble
(OAUE) [33], Online Bagging (OzaBag) [28], Online Boosting (OzaBoost) [2§]
and Leverage Bagging (LevBag) [32] ensemble methods as popular online ensem-
bles. All the algorithms were programmed in Java as part of the MOA framework
that we extended to implement GOOWE. We used the MOA extensions library

3 Access link: http://archive.ics.uci.edu/ml/datasets/Covertype
4Access link: http://archive.ics.uci.edu/ml/datasets/Poker+Hand
®Access link: http://www.openml.org/d/149

6 Access link: http://moa.cms.waikato.ac.nz/datasets/
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for DWM and NSE. In addition, our implementation of GOOWE and some de-
tailed information about experimental evaluation, such as standard deviations,
and dataset generations are available on our webpage’. The experiments were
performed on a machine equipped with an Intel Xeon E3-1200 v3@ 3.40 GHz
processor and 32 GB of ECC RAM.

Due to having equivalent configurations of different methods we fixed some
common settings. First, we set the maximum number of classifiers to 10. In-
creasing or decreasing this value, based on the observations in [6], has a linear
effect on the accuracy, memory consumption and processing time. With 10 com-
ponent classifiers for ensemble, we can see how our proposed weighting works
compared to existing ones more clearly. In addition, we use the Hoeffding trees
[41] as the base classifier components for all methods. We used the Hoeffding
trees enhanced with adaptive Naive Bayes leaf predictions, with a grace period
Nmin = 100, split confidence o = 0.01, and tie-threshold 7 = 0.05 similar to
experiments in [6, 33, 41].

In our experiments, according to the chunk size analysis of [8] and similar
to the experimental evaluations of [6], the chunk size for block-based ensembles
(namely DWM, NSE, AWE, AUE2, GOOWE and OAUE) is set to 500 instances.
OAUE and GOOWE use a sliding window of recent data instances. To ensure a
fair comparison, similar to block-based ensembles, we set instance window length
as 500. Although this length can be smaller for most of the ensembles, to perform
an equivalent comparison, we choose this value based on the suggested minimum
chunk length of AWE [8]. The data chunk size and instance window size analysis

is possible as a future work.

By considering the main requirements of data stream environments [4, 6, 26]
in our experimental setup, we chose interleaved Test-Then-Train procedure for
measuring prediction accuracy values. For synthetic datasets, our initial exper-
iments showed that for the exact same settings of generators, accuracy values
showed some variations. In order to have confident conclusions, for each syn-

thetic dataset, we generate 10 time-seeded random data streams. For example,

"GOOWE webpage: http://www.cs.bilkent.edu.tr/~canf/goowe/
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when we say that RBF-G-4-F dataset has 1 million of instances, we examine 10

such datasets (i.e. total of 10 millions of instances).

4.3 Comparative Evaluation

We measured the class label prediction accuracy (in percentage), maximum mem-
ory usage (in MegaByte), and total processing time of every one thousand in-
stances (in CentiSecond) for each of the ensemble algorithms—average values for
synthetic datasets and exact values for real-world datasets reported in Table 4.2,
4.3, and 4.4, respectively. For each synthetic dataset, a one-way analysis of vari-
ance (ANOVA) using Scheffe multiple comparisons [44] are conducted and the
best performing algorithms underlined. It is not possible to conduct the Scheffe
statistical test for real-world datasets, since they only have a single value. For
each of them, we underline the most accurate and least resource consumer algo-
rithm. We do not report the standard deviation of the average values for synthetic

datasets, due to their less importance and limited space.

We draw scatter diagrams of the algorithms on the arrival of new chunks of
data stream as in [4, 20, 6]. Due to limited space, we provide only one plot of
accuracy and memory behaviors for each category of RCD, LCD, and real-world
datasets. For better understanding the behavior of ensembles in these situations,
we present accuracy and memory plots for each gradual changing RCD and abrupt
changing RCD datasets, separately. We provide these plots in Fig. 4.1, 4.2, 4.3,

and 4.4—note that plots are in different scales.

4.3.1 RCD Data Streams with Gradual/Abrupt Drift

Patterns

Table 4.2 for Random RBF data streams (the first 8 rows) shows the superi-
ority of GOOWE over other algorithms, in terms of accuracy. Its superiority

is more significant for the gradually changing data streams with respect to the
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Figure 4.1: RCD example with gradually changing data stream: Classification

accuracy and memory consumption for RBF-G-4-F dataset.
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Figure 4.2: RCD example with abruptly changing data stream: Classification

accuracy and memory consumption for RBF-A-10-S dataset.
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abruptly changing data streams. Comparing the number of class labels suggests
that GOOWE performs better for RCD datasets with 10 class-labels rather than
4. The preliminary experiments show that this relationship changes with the
number of component classifiers of the ensemble. For example, having 4 compo-

nent classifiers can benefit more from data stream with 4 class labels.

As shown in Table 4.2, in most of the cases, GOOWE has higher average
accuracy for the fast changing datasets, compared to the slow changing ones.
We can intuitively understand the reason in accuracy plots of Fig. 4.1-(a) and
4.2-(a). They present behaviors of different ensemble methods with the arrival of
new data chunks of gradually/abruptly changing RBF data streams. The place
of abrupt drifts is clear in the classification accuracy plots, consistent with what
we know from generation step of these synthetic datasets. In most abruptly
changing points, it is obvious that GOOWE has significantly faster adaptive
reactions than those of the others. While OzaBoost, LevBag and OzaBag perform
similar to GOOWE in stationary phases of the data stream, they react slowly in
changing phases. As a result, when more number of changes exist in stream data,
GOOWE provides better performance. DWM, NSE and AWE are among the

poorly performing algorithms.

Table 4.3 and 4.4 for the RBF datasets (the first 8 rows) show a conservative re-
source consumption of GOOWE;, in terms of time and memory. We present mem-
ory usage behavior for the algorithms in RBF-G-4-F and RBF-A-10-S datasets in
Fig. 4.1-(b) and 4.2-(b). They show that most ensemble methods drop one of the
most memory-hungry component classifiers with drift occurrence. Among these
algorithms, memory consumption of GOOWE is less than those of NSE, Lev-
Bag, OzaBag, and OzaBoost. Although it uses more memory than DWM, AWE,
AUE2, and OAUE, it does not grow exponentially. As Brzezinski explained in [6],
no pruning was used to limit the number of components for NSE and it requires
much more time and memory than the other algorithms. As a result, memory
usage of NSE does not react to concept drifts and it grows exponentially with the

arrival of new instances.
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Figure 4.3: LCD example with reoccurring data stream: Classification accuracy
and memory consumption for TREE-F dataset.
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4.3.2 LCD Data Streams with Miscellaneous Drift Pat-

terns

Table 4.2 for the LCD generators (the second 8 rows) shows that GOOWE is
among the top tier algorithms in the Rotating Hyperplane, TREE-F, and LED
datasets, in terms of accuracy. Similar to the gradually changing RBF datasets,
Rotating Hyperplane dataset has incremental drifts. TREE-F is the smallest and
fastest changing dataset with reoccurring drift patterns. These characteristics
lead to superiority of GOOWE. Generally, for the LCD datasets, we can say that
GOOWE acts better for the fast changing datasets compared to the slow ones.
For the LED datasets there is no significant difference among various algorithms
and most of them reacting similarly, since there are no clear concept drifts. For
the SEA datasets, although GOOWE is not among the top tier algorithms, the
differences among accuracy values are small. Moreover, Table 4.3 and 4.4 for
LCD data streams (second 8 rows) show a comparable resource consumption of

GOOWE, in terms of time and memory, similar to RCD data streams.

We can see the behavior of the algorithms for TREE-F dataset, in terms
of accuracy (Fig. 4.3-(a)) and memory usage (Fig. 4.3-(b)). Similar to other
accuracy plots, GOOWE reacts robustly to concept drifts. The memory usage
plot suggests that GOOWE is the worst memory consumer algorithm. However,
its memory growth rate is slow and its maximum memory usage is under 4 MB.
In other words, it uses a limited amount of memory. In contrast to other plots,
in Fig. 4.3-(b), NSE shows a small consumption of memory. In general, for NSE
on small datasets, when only a few components are created, memory usage is

reasonable.
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Figure 4.4: Real-world example data stream: Classification accuracy and memory

consumption for CovPokElec dataset.
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4.3.3 Real-World Data Streams with Unknown Drift Pat-

terns

Table 4.2 for real-world datasets (the last 4 rows) shows superiority of GOOWE
over other algorithms in PokerHand and CovPokElec datasets, in terms of accu-
racy. For CoverType and Airlines datasets, although GOOWE is not the best
performing algorithm, still the difference with the best performing algorithms are
less than 1 percent. In addition, Table 4.3 and 4.4 for real-world datasets (the
last 4 rows) show a feasible resource consumption of GOOWE, in terms of time

and memory.

Fig. 4.4 shows classification accuracy and memory usage behaviors for the
CovPokElec real-world dataset with arrival of new data chunks. The accuracy
plot (Fig. 4.4-(a)) shows that GOOWE, OzaBoost, OAUE and DWM are among
the best performing ensemble methods. There are diverse types of concept drift in
the CovPokElec dataset. For example, comparing the behavior of the algorithms
around 350k and 400k demonstrates that, although all the algorithms prove the
existence of concept drift, for the first evolving point OzaBoost reacts best in
contrast to the second point that DWM shows the best reaction. By looking at
750k or 1050k points, we can say that, in some situations, different algorithms are
not synchronous; while some of them (DWM, OzaBag, LevBag) show decrease
in performance, the others (NSE, AWE, AUE2, GOOWE, OAUE, OzaBoost)
show an increase. Considering the first 500k of instances, belonging to the nor-
malized CoverType dataset, DWM and OAUE outperform the others and react
faster to unknown drift types. For the second 500k of instances, belonging to
the normalized PokerHand dataset, we see more robust behavior from GOOWE
and OAUE. However, for the last 500k of instances, belonging to the Electricity
dataset, except one evolving point around 1250k, the best performing algorithm
is GOOWE.

The memory plot (Fig. 4.4-(b)) suggests that while AWE, DWM and AUE2
are the least memory consumers, OAUE and GOOWE algorithms are far better
than NSE, OzaBag, LevBag and OzaBoost which grow exponentially.
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Chapter 5

Statistical Analysis and Further

Discussion

In order to assure the significant difference of average values for classification
accuracies, processing time and memory usage, we carried out statistical tests.
First, a one-way analysis of variance (ANOVA) test using Scheffe multiple com-
parisons [44] were conducted on the results of different algorithms for each dataset.
The null-hypothesis for each dataset when considered individually is: There is no

significant difference between the algorithms.

We conducted the Scheffe test at the significance level of @ = 0.05. The most
accurate, least processing time consumer, and least memory consumer algorithms
are underlined for each row of Table 4.2, 4.3, and 4.4. We underlined the top tier
group of the Scheffe’s comparison results for each synthetic dataset [44]. As we
mentioned earlier, it is not possible to conduct the Scheffe statistical test for real-
world datasets, since they only have a single value. For each of them, we underline
the most accurate and least resource consumer algorithm. As it is shown in Table
4.2, for 15 out of 20 datasets, GOOWE is consistently among the most accurate
algorithms. OAUE is placed in the second rank of the most accurate algorithms
with 11 out of 20 datasets. For the case of time and memory usage, Table 4.3 and

4.4, we can see that GOOWE is among the conservative consumers of resources.
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Figure 5.1: The Friedman statistical test average rank plots; for classification
accuracy plot (a) higher average rank means better prediction, and for resource
consumption plot (b) lower average ranks mean better performance.

Despite this fact, when we compare resource usage with the worst ones, we can see
that the costs are much less and affordable. In addition, comparing the resource
usage of OAUE and LevBag with GOOWE shows that our algorithm is in the

same range of memory and time consumption.

To extend the analysis, we carried out the non-parametric Friedman statistical
test for comparing multiple classifiers over multiple datasets [45, 46]. The null-
hypothesis for this test states that all the algorithms are equivalent on all datasets
when considered together. Since we have 9 algorithms and 20 datasets in our
experiment, F is distributed according to the F distribution with 9 —1 = 8 and
(9—1) x (20 — 1) = 152 degrees of freedom. We run the statistical tests at the
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significance level of a = 0.05, and the Critical Distances (CD) for F'(8,152), and
average ranks of algorithms are given in Table 5.1. If the Friedman test results
in a P-value less than «, the null-hypothesis is rejected and we can conclude that
at least 2 of the algorithms are significantly different from each other. The tests
for accuracy, memory, and time results in P-values less than 0.00001, and the
null-hypotheses are rejected for all cases. We plot these average ranks in Fig.
5.1. Note that for classification accuracy, Fig. 5.1-(a), higher average rank means
better prediction; and for resource consumption, Fig. 5.1-(b), lower ranks mean

better performance.

Table 5.1 shows that, according to the Friedman test, GOOWE outperforms
DWM, NSE, AWE, AUE2, OzaBag, LevBag, and OzaBoost; except OAUE. The
CD value is 1.238 and their rank difference is less than this value (7.650 —6.650 =
1.000). Since the difference of average ranks between GOOWE and OAUE is close
to CD, we performed the Wilcoxon signed rank test to further analyze this pair
of algorithms [45]. It ranks the absolute values of the differences between paired
samples, and calculates a statistic on the number of negative and positive differ-
ences. For our case, the positive differences are 13, and the negative differences
are 7. The two-tailed probability value, P = 0.014, is less than a = 0.05; There-
fore, it can be accepted that GOOWE is significantly better than OAUE, in terms

of accuracy.

Similar to the accuracy test, we performed time and memory statistical com-
parisons using the Friedman test, summarized in Table 5.1. For the memory test,
we reject the null-hypothesis. The average ranks show that GOOWE uses more
memory compared to DWM, AWE, AUE2, and OAUE. On the other hand, it
uses less memory compared to NSE, OzaBag, LevBag, and OzaBoost. The CD
value shows that, GOOWE is in the middle of the baselines as a singleton with a
significant difference from upper and lower range algorithms. For the processing
time test, we again reject the null-hypothesis; and the average ranks show that
GOOWE is faster than NSE, AWE, AUE2, and OAUE. It is significantly slower
than DWM, OzaBag,and OzaBoost, somehow equivalent to LevBag.

In summary, we can say that there is a trade-off between prediction accuracy
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and resource consumption. In this trade-off, GOOWE can predict statistically
significantly better compared to the most accurate algorithms. Furthermore,
it uses affordable resources compared to the most memory and time efficient

ensembles.
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Chapter 6

Conclusions and Future Work

In this study, we provide a geometrically optimum and online-weighted ensemble
classifier, called GOOWE, for non-stationary environments. The main contri-
bution of the proposed algorithm is providing a spatial modeling for using the
linear least squares (LSQ) solution for dynamically optimizing the weights of
components of an ensemble classifier for evolving environments. Our algorithm,
different from the use of LSQ in batch mode ensembles, has dynamically changing
optimum weight assignment to component classifiers and continuous training and
testing. We use data chunks for training and sliding instance window containing
the latest available data for testing; such an approach provides more robust be-
havior as shown in our experiments. We use the Euclidean norm as the measure
of closeness for LSQ. The LSQ proved to react well in noisy situations [11], as it

did in our algorithm for data streams with concept drifts.

We experimentally evaluate GOOWE on 20 datasets as data streams with tens
of millions of instances, where 16 of them are synthetic and 4 of them are real-
world datasets. For the synthetic streams, we use two categories of data stream
generators: Rigorous Concept Drift (RCD) and Loose Concept Drift (LCD), each
with 8 datasets. We include all possible patterns of change (sudden/abrupt, in-

cremental, gradual, and reoccurring as concept drifts including blips and noise)
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into our datasets. We compare GOOWE with 8 state-of-the-art ensemble clas-
sifiers for evolving data streams as our baselines. The statistical tests prove the
superiority of GOOWE and its robustness in reacting to different types of concept
drift, in terms of accuracy. Furthermore, we show that it requires a conservative

resource consumption, in terms of memory and processing time.

In future work, the impact of the length of data chunk size on the performance
in the presence of different concept drifts and its dynamic determination are
possible studies. Effects of instance window size on performance can also be an-
alyzed. In addition, GOOWE can be used in various sub-problem domains, such
as semi-supervised and multi-label classification. It can be applied to unbalanced

datasets and streams with concept-evolution.
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