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ABSTRACT

GOOWE-ML: A NOVEL ONLINE STACKED
ENSEMBLE FOR MULTI-LABEL CLASSIFICATION
IN DATA STREAMS

Alican Biiyiik¢akir
M.S. in Computer Engineering
Advisor: Fazlhh Can
July 2019

As data streams become more prevalent, the necessity for online algorithms that
mine this transient and dynamic data becomes clearer. Multi-label data stream
classification is a supervised learning problem where each instance in the data
stream is classified into one or more pre-defined sets of labels. Many methods
have been proposed to tackle this problem, including but not limited to ensemble-
based methods. Some of these ensemble-based methods are specifically designed
to work with certain multi-label base classifiers; some others employ online bag-
ging schemes to build their ensembles. In this study, we introduce a novel online
and dynamically-weighted stacked ensemble for multi-label classification, called
GOOWE-ML, that utilizes spatial modeling to assign optimal weights to its com-
ponent classifiers. Our model can be used with any existing incremental multi-
label classification algorithm as its base classifier. We conduct experiments with 4
GOOWE-ML-based multi-label ensembles and 7 baseline models on 7 real-world
datasets from diverse areas of interest. Our experiments show that GOOWE-ML
ensembles yield consistently better results in terms of predictive performance in

almost all of the datasets, with respect to the other prominent ensemble models.

Keywords: Multi-label, data stream, supervised learning, classification, ensemble
learning, stacking.
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OZET

GOOWE-ML: VERI AKISLARINDA COK-ETIKETLI

SINIFLANDIRMA ICIN YENI BIR UST-OGRENICILI
COKLU-SINIFLANDIRICI

Alican Biiyiik¢akir
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Fazlhi Can
Temmuz 2019

Veri akiglar1 yayginlagtikca, bu gecisken ve dinamik verilerin madenciligi icin
gevrimicgi algoritmalara gereksinim gittikge daha belirgin hale gelmektedir.
Cok-etiketli veri akisi simmflandirmasi, veri akigindaki her bir veri Orneginin
etiket kiimesindeki bir ya da birden fazla etiketle simiflandirildigi bir goze-
timli smiflandirma problemidir.  Bu problemin ¢o6ziimii igin iginde c¢oklu-
siniflandiricilarin da bulundugu birgok yontem geligtirilip 6ne siiriilmiisgtiir.
Bu ¢oklu-siniflandiricilardan bazilari yalnizca belirli birtakim gok-etiketli temel
siiflandiricilarla calisabilecek sgekilde tasarlanmig, digerleri ise g¢evrimici bag-
ging gibi yontemlerle ¢coklu-simiflandiricilarini meydana getiren siniflandiricilarim
se¢migtir. Bu galigmada, ¢ok-etiketli siniflandirma problemi i¢in GOOWE-ML
adinda yeni bir ¢evrimici, dinamik-agirlikli bir c¢oklu-simiflandirici sunulmus-
tur. GOOWE-ML, uzamsal modelleme kullanarak i¢indeki simiflandiricilara en-
iyilegtirilmis (optimal) agirhiklar atayabilmektedir ve artimli herhangi bir ¢ok-
etiketli simiflandiriciyr kendisi i¢in bir temel siiflandirici olarak kullanilabile-
cek niteliktedir. Bu galismada, 4 adet GOOWE-ML-bazli ¢oklu-siniflandirici
ile, 7 adet rakip modele karsi cgesitli alanlardan 7 veri kiimesi {iizerinde
deneyler yapilmigtir. Bu deneyler, GOOWE-ML-bazli ¢oklu-siniflandiricilarin
neredeyse tiim veri kiimelerinde, tahmin performansi bakimindan rakip c¢oklu-
siniflandiricilardan istikrarli bir bigimde daha iyi sonuglar verdigini géstermekte-
dir.

Anahtar sézciikler: c¢ok-etiketli, veri akigi, gozetimli 6grenme, siniflandirma,
coklu-simiflandiricilar, {ist-6grenici.
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Chapter 1

Introduction

An earlier version of this thesis is published as a conference paper [I] in ACM
CIKM 2018. The title of the thesis, “GOOWE-ML: A Novel Online Stacked
Ensemble for Multi-label Classification in Data Streams,” indicates that the
presented study involves the combination of different approaches and learning
paradigms, namely: (1) data streams, (2) multi-label learning, and (3) ensemble
learning. In this section, each of these are briefly discussed to provide prelimi-

naries for the proposed method.

1.1 Data Streams

Data streams are possibly infinite sequences of data that continuously and rapidly
grow over time [2]. Over the past decade, data stream mining has become one of
the most prevalent and fruitful subfields of data mining, mostly due to the ever-
increasing number of data stream generators in our lives such as sensors, mobile
phones, IoT devices and so on. However, data stream mining is a challenging task
due to the complexities posed by The Three Vs of Big Data: Volume, Variety and
Velocity [3]. Volume is the sheer amount of data, Velocity is the speed of which

data is generated by its sources, and Variety refers to differences / variation in



the types of data (e.g. sensor data, text, image, audio or Video)ﬂ

On top of these, there is a temporal dimensionality of data streams as well, i.e.
data distribution from which the data stream generates its instances may not be
stationary but dynamic / evolving. In such cases, changes in the distribution of
the data are called concept drifts [7]. In such dynamic environments, the concepts
that are learned by models can become obsolete over time. This causes models to
misclassify the instances from the new concept, and deteriorates their predictive

performance [§].

Considering difficulties that are discussed above, designing a learning system

for data stream mining requires the following conditions [9:

1. The learning system can see and process a data instance once and only
once. Since the flow of the stream is fast, the system needs to be done with

a given instance quickly and proceed to the next one.

2. Memory that is utilized by the learning system cannot grow indefinitely with

the possibly-infinite stream of data. There has to be a memory constraint.

3. The learning system should be robust against concept drifts, i.e. it should
be able to capture changes in the distribution of the data over time and

adapt itself accordingly.

4. The learning system should be ready to respond and give prediction results

of a given query at any time.

!'Even though the aforementioned 3Vs are widely accepted, there is no general consensus on
the number of Vs of Big Data. It varies across articles and contexts. Some of the other Vs are as
follows. Veracity [4], indicating the reliability / trustworthiness of data which may be relevant
for social network mining and systems that are prone to bias, noise and other contingencies.
Value [5], indicating importance of collected data and the value generated from it. Variability
[6], referring to the expansion in the ranges of values of collected data.



1.2 Multi-label Learning Paradigm

The traditional supervised learning task is single-label, i.e. a data instance is
classified into one label A\ among a disjoint set of labels £. However, this may
not be the case for some real-world data. For instance, The Big Lebowski can
simultaneously be classified as a crime, comedy, and cult movie. In such settings
where an instance can be classified into a subset of labels, L* C L, the learning
paradigm is called Multi-label Learning (MLL).

As of 2017, it is estimated that around 4.9 billion connected devices are gener-
ating data and this number is expected to rise to 25 billion by 2020 [10]. With such
a rate of increase in the number of data in the form of streams, it becomes more
and more important to extract meaningful information from seemingly chaotic
data. Some of these data streams are multi-label, which led to MLL algorithms
that can cope with streaming settings (i.e. with time and memory constraints,

as well as changes in the distribution of the data over time) being developed.

MLL algorithms have drawn considerable attention over the last decades by
accomplishing strong results in diverse areas including bioinformatics [11], [12],

text classification [I3] and image scene classification [14].

1.3 Ensemble Learning

Clearly, learning systems that handle such complexities are required to have ro-
bustness / resilience against the inherent dynamism involved in the task. That
is one of the reasons why the proposed models are often times ensemble models.
Ensembles in data streams are studied extensively in the literature [15] [16] and
preferred over single classifiers in dynamic environments thanks to their adaptive
nature. Ensembles perform consistently better than their individual component
classifiers, even though the ensembling techniques (whether bagging [17], boost-

ing [18] or stacking [19]), ensemble maintenance strategies and vote combination



schemes differ among them. Different classifiers in the ensemble focus on learn-
ing different concepts that exist in the data. Some ensembles may create their
components in a temporal order [20, 2I], so that more recent concepts in the
stream are captured by more recent classifiers in the ensemble. Some others may
remove old or useless classifiers from the ensemble to unlearn the previously ac-
quired concepts [22]. These kind of dynamic mechanisms of ensembles makes

them preferable for multi-label stream classification task as well.

1.4 Contributions of this Work

A considerable number of MLL algorithms resort to ensemble methods to increase
their predictive performances [23] 24, 25 26]. However, these methods usually
employ online bagging schemes for ensemble construction (where some of them
utilized change detection mechanisms [27] as an upgrade to these bagging-based
ensembles). To the best of our knowledge, there are a very few stacked ensembles
for multi-label stream classification, and most of the stacked ensembles in the
literature are designed for and can only work with specific types of MLL algo-
rithms. In this paper, we propose a novel stacked ensemble that is agnostic of

the type of multi-label classifier that is used within the ensemble.

The main contributions of this thesis are as follows: We

e introduce a batch-incremental, online stacked ensemble for multi-label
stream classification, GOOWE-ML, that can work with any incremental

multi-label classifier as its component classifiers,

e construct an |£| dimensional space to represent the relevance scores of classi-
fiers of the ensemble, and utilize this construction to assign optimum weights

to the model’s component classifiers,

e conduct experiments on 7 real-world datasets to compare GOOWE-ML with
7 state-of-the-art ensemble methods, and apply statistical tests to show that

our model outperforms the state-of-the-art multi-label ensemble models.

4



e Additionally, we discuss how and why some multi-label classifiers yield poor
Hamming Scores while performing considerably well on the rest of the per-

formance metrics (e.g. accuracy, F1 Score).

All in all, we argue that GOOWE-ML is well-suited for the multi-label stream

classification task, and it is a valuable addition to the present day models.

The rest of the thesis is organized as follows: Chapter [2| defines the problem of
multi-label stream classification and gives preliminaries. Chapter [3|introduces the
most widely used multi-label algorithms and ensemble techniques in the literature.
In Chapter [4, our ensemble, GOOWE-ML, is described. Experimental setup,
evaluation metrics and datasets are given in the first half of Chapter 5 and
the results are presented and discussed in its second half. Lastly, the thesis is

concluded with insights and possible future work in Chapter [6]



Chapter 2

Problem Definition and Notation

MLL is considered to be a hard task by nature, as the output space increases
exponentially with the number of labels, since there are 2 possible outcomes of
classification for the labelset of size L. The high dimensionality of the label space
causes increased computational cost, execution time and memory consumption.
Multi-label stream classification (MLSC [26]) is the version of this task that takes
place on data streams. See Figure for a multi-label learner in a stream en-
vironment. The two time steps that are depicted in that figure shows (1) how
training and testing are done in data streams, and (2) why the learner needs to

adapt the concept drifts.

According to this definition of the problem, below are listed all the notation
that are used throughout this work.

Data stream D is the set of data that has a temporal dimension and is possibly
infinite. D = dy, dy, .., d;, .., dy where d; is the data point in time t and dy is the
lastly seen data point in the data stream. The knowledge of lastly seen data
point dy is not known a priori, and it is only there to indicate the end of the
processed data instances for evaluation purposes. Each data point d; is of form
d; = (z,y) where z is a data instance and y is its labelset (label relevance vector).

The data instance x is a vector represented as r =< x1, 29, .., T;, .., Ty >, and



Table 2.1: Symbols and Notation for Multi-Label Stream Classification [I]
Symbol Meaning

M Number of attributes in a data instance

L Number of labels in the labelset of a data instance
N Number of instances in the data stream

X Input attribute space. X = RM

s A data instance. x =< x1, %o, .., T;, .., Ty >E€E X
L Set of all possible labels. £ = {A1, A2, .., AL}

Yy Label relevance vector. y =< y1,va, .., Y, -, yr, >= {0,1}F

7 Predicted relevance vector. § = h(z) =< 91,92, -, Uj, .-, Gz >= [0, 1]F
dy = («',y") The data point that arrives at time t

D Possibly infinite data stream. D = dy, dy, .., d;, .., dy

each z; € X. The labelset y is a vector represented as y =< y1, Y2, .-, Yj, .-, Y1 >,
and each y; € {0,1}. Here, y; = 1 means the jth label is relevant, and 0
otherwise. A prediction (hypothesis) of a multi-label classifier is § = h(z) that
is of form § =< 91,9, .., Uj, ..,y > and § € [0,1]* meaning that the prediction
vector consists of relevance probabilities (relevance scores) for each label. For
the final decision of classification and evaluation, the prediction vector is sent to

de-fuzzification, typically done by thresholding the relevance scores [28].
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Figure 2.1: Multi-label Stream Classification. (a) A multi-label learner that
performs classification on a data stream with L = 4 is depicted. Labels that
are predicted as relevant in the past by the learner are filled with yellow. The
learner is trained using interleaved-test-then-train approach (for details, see Sec-
tion . (b) t. units of time later, a concept drift happens. Now, the learner
must modify itself according to the changes in the distribution of the data.



Chapter 3

Related Work

Comprehensive reviews on multi-label learning can be found in |28 29| 30], on
ensemble learning for data streams in [16, BI] and ensemble of multi-label classi-
fiers in [15]. In this thesis, we discuss the state-of-the-art multi-label classification
methods, and focus on how these methods are used in ensemble learners for data

streams.

3.1 Multi-label Methods

As a widely accepted taxonomy in the field of MLL, there are two general methods

[29] of tackling a multi-label classification problem:

3.1.1 Problem Transformation

In Problem Transformation, the multi-label problem is transformed into more

well-understood and simpler problems.

The most widely used Problem Transformation method is the Binary Rele-

vance (BR) [32] where the multi-label problem is transformed into |£| distinct

9



binary classification problems. After the transformation is applied to the dataset,
any off-the-shelf binary classification algorithm can be utilized to get individual
outputs corresponding to each binary problem. It scales linearly with respect to
the number of labels, which makes it an efficient choice for practical purposes.
However, it is discussed [29, 23] that BR inherently fails to capture label-wise

interdependencies.

To capture dependencies among labels and overcome this weakness of BR,
some other BR-based methods are developed; most notably Classifier Chains
(CC) [23] where BR classifiers are randomly permuted and linked in a chain-like
manner in which each BR classifier yields its output to its connected neighbor
classifier as an attribute. It is claimed that this helps the classifiers to capture
the label dependencies, as each classifier in the chain learns not only the data
itself, but also the label associations of every previous classifier in the chain.
Derivatives of this method are generated by modifying the underlying structure
of its information feeding network among the classifiers (Classifier Trellises (CT)
[33]), by introducing Bayesian Risk Minimization (Probabilistic Classifier Chains
(PCC) [34]), or by utilizing Monte Carlo methods to find a good chain (Monte
Carlo Classifier Chains (MCC) [35]).

Another common method of Problem Transformation is Label Powerset (LP)
[32] method where each possible subset of labels is treated as a single label to
translate the initial problem into single-label classification task with a bigger set
of labels (hence, having multi-class problem of size 2/*!). Pruned Sets (PS) [24] is
an LP-based technique where the instances with infrequent label sets are pruned
from the dataset. This allows only the instances with the most important subsets
of labels to be considered for classification. Afterwards, the pruned instances are
recycled back into an auxiliary dataset for another phase of classification; but for

every subset of their relevant labels, instead of their initial relevant labels.

10



3.1.2 Algorithm Adaptation

In Algorithm Adaptation, existing classification algorithms (such as decision trees,
nearest neighbor classifiers and so on) are modified to be compatible with the

multi-label setting.

In ML-KNN [36], the k-Nearest Neighbor algorithm is modified by counting
the number of relevant labels for each neighboring instance to acquire posterior

relevance probabilities for labels.

In ML-DT [11], the split criterion of C4.5 decision trees is modified by intro-
ducing the concept of multi-label entropy. In streaming environments, however,
Hoeffding Trees are the common choice for decision trees. Hoeffding Trees [37]
are incremental decision trees that have a theoretical guarantee that their output
will become asymptotically identical to that of a regular decision tree as more
and more data instances arrive. Modifying the split criterion of Hoeffding Trees
for multi-label entropy, Multi-label Hoeffding Trees [38] are developed. More
recently, a novel decision tree based method, iSOUP-Trees (incremental Struc-
tured OUtput Prediction Tree) [39] are proposed where adaptive perceptrons are
placed in the leaves of incremental trees and the perceptrons’ weights are used in

producing a prediction that is a linear combination of the input’s attributes.

In a nutshell, “in Problem Transformation, data is modified to make it suitable
for algorithms; whereas in Algorithm Adaptation, algorithms are modified to

make them suitable for data" [29].

3.2 Ensembles in MLL and MLSC

One of the most commonly used ensemble methods is Bagging where each clas-
sifier in an ensemble is trained with a bootstrap sample (a data sample that has
the same size with the dataset, but each data point is randomly drawn with re-

placement). This assumes that the whole dataset is available, which is not the

11
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Figure 3.1: A stacked multi-label ensemble for stream classification. For each
data instance, associated labels are shown with the geometric shapes (O, O,
and so on). A shape is colored if that label is relevant. Component classifiers
(Cy,Cy,C3,Cy) generate their own predictions, and these predictions are com-
bined by the combiner algorithm of the ensemble [I].

case for data stream environments. However, observing that the probability of
having K many of a certain data point in a bootstrap sample is approximately
Poisson(1) for big datasets, each incoming data instance in a data stream can
be weighted proportional to Poisson(1) distribution to mimic bootstrapping in
an online setting [40]. This is called Online Bagging, or OzaBagging, and it has
been widely used in MLSC. In fact, the phrase ‘Ensemble of " in the field usually
means that it is the OzaBagged version of the base classifier that is mentioned.

EBR [23], ECC [23], EPS [24] and EBRT [39] (Ensembles of BR, CC, PS and

iSOUP Regression Trees respectively) are examples of this convention.

Additionally, it is common for the ensembles that use OzaBagging to also use a
concept change detection mechanism called ADWIN (Adaptive Windowing) [27].
ADWIN keeps a variable-length window of the most recent items in the data
stream to detect diversions from the average of some statistics on the window.
Therefore, whenever ADWIN detects a change, the worst classifier in the OzaBag
is reset. This is called ADWIN Bagging [3§].

To the best of our knowledge, stacked ensemble models in the field of MLSC are
very rare. A general scheme for a stacked ensemble for MLSC is given in Figure
B.1] Predictions of the component classifiers of an ensemble should be combined
by a function (a meta-classifier) which will generate the final prediction of the
ensemble. One can use either raw confidence scores of the labels for each instance,

or predictions for each label and their counts (majority voting scheme) as the

12



contributions of each component. How to optimally combine the contributions of

each classifier is still a question in MLSC.
Stacked ensembles that are proposed in the field are as follows:

SWMEC [26] is a weighted ensemble that is designed for ML-KNN as its base
classifier. Its weight adjustment scheme utilizes distances in ML-KNN to obtain
a confidence coefficient. IBR (Improved BR) [25] employs a feature extension
mechanism in which the outputs of a BR classifier is firstly weighted by the accu-
racy of that classifier, and then added as a new feature to the data instance. New
BR classifiers are trained from the data with extended feature spaces. Multiple
Windows (MW) [41] is another extension to BR where two sliding windows are
used instead of one, and the relevant and the non-relevant instances are evaluated
in different windows. This allows MW to handle class imbalance, too. SMART
[42] is an ensemble of random trees where each tree node collects statistics about
estimated relevance of each label and estimated number of relevant labels (la-
bel cardinality) for each instance. The functionalities of these models involve
algorithm-specific properties and therefore cannot be extended to any other base

classifier. Such models are constrained by the success of their base classifiers.

In [43], the authors followed an unorthodox approach and created a label-based
ensemble instead of a chunk-based one, which tackled the class imbalance problem
that exists in the multi-label datasets as well as concept drifts. Recently, in ML-
AMRules [44], multi-label classification task is interpreted as a rule learning task
and the rule learners are combined in an ensemble that uses online bagging (called
ML-Random Rules).

All in all, ensemble models in MLSC are not explored thoroughly. Base multi-
label classifiers are either combined with Online Bagging or ADWIN Bagging, or
with stacked combination schemes that depends on the type of the base classifier.
There is a lack of online ensembles in the field that can work with any type of
multi-label base classifier which also involve a smart combination scheme. Our
method, GOOWE-ML (described in Chapter [4)), addresses this inadequacy.

13



Chapter 4

Proposed Method: GOOWE-ML

We propose GOOWE-ML (Geometrically Optimum Online Weighted Ensemble
for Multi-Label Classification):  a batch-incremental (chunk-based) and
dynamically-weighted online ensemble that can be used with any incremental
multi-label learner that yields confidence outputs for predicting relevant labels

for an incoming data instance.

Let the multi-label classifiers in the ensemble be {C4,Cs, ..., Ck}. For each
incoming data instance, each classifier C) generates relevance score vector sy,
which consists of the relevance scores of each label for that instance, i.e. s, =<
Ski, Ska, ..., Sk >. The relevance score vectors of classifiers for each instance is

stored in the rows of matrix S, which will be used to populate elements of the

matrix A and the vector d (see Eqnl4.4] and and Alg 7HR).

4.1 Ensemble Maintenance

Let & denote the ensemble that is initially empty. A new classifier is trained at
each incoming data chunk, as well as the existing ones (if any). The ensemble
grows as the new classifiers from incoming data chunks are introduced, until the

maximum ensemble size is reached (i.e. ensemble is full). Then, the newly trained
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Table 4.1: Additional Symbols and Notation for GOOWE-ML [I]
Symbol Meaning

K Number of component classifiers in the ensemble, i.e. ensemble size

h Number of data points in the instance window I

n Maximum capacity of a data chunk DC

Ch kth component classifier in the ensemble. 1 < k < K

£ Ensemble of classifiers. £ = {C, (s, .., Cy, .., Ck}

w Weight vector for the ensemble &. w =< Wy, Wy, .., Wy, .., Wg >

s Relevance scores for the kth classifier for sth instance in the ensemble.
Sk =< Sk1> Skas - Sk - Shr, >

S Relevance scores matrix.

Each relevance score sj; is an element in this matrix. S € REXL

I Instance window of size n, having latest n data instances. I = di,ds, .., d

DC Data chunk that consists of the latest h data points. DC' = dy, d>, .., d,

classifier replaces one of the old classifiers in the ensemble. This replacement is of-
ten times done by removing the temporally oldest component or the most poorly
performed component with respect to some metric [45]. In GOOWE-ML, this
replacement is done by re-weighting the component classifiers and removing the
component with the lowest weight (Alg [If7{12)). Analogous model management
systems are employed in both ensembles for single-label classification such as Ac-
curacy Weighted Ensemble (AWE) [46] and Accuracy Updated Ensemble (AUE2)
[21]; and for multi-label classification such as SWMEC [26].

Having a fixed number of base classifiers in the ensemble prevents the model
to swell in terms of memory usage. Also, training new classifiers from each data
chunk allows the ensemble to notice new trends in the distribution of the data,

and thus, be more robust against concept drifts.

In addition to fixed-sized data chunks, GOOWE-ML also uses a sliding win-
dow for stream evaluation purposes, which consists of the most recently seen h

instances. Size of the instance window can be smaller than the size of each data
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chunk, i.e. h < n, so that higher resolution can be obtained for the prequential

evaluation. Prequential evaluation is discussed in more detail in [5.1.2]

4.2 Weight Assignment and Update
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Figure 4.1: Transformation into label space in GOOWE-ML [I]. Relevance scores
of the components (red): S =< 0.65,0.35 > and Sy =< 0.82,0.18 >. The
optimal vector ¢ (blue): y =< 1,1 >, generated from the ground truth. Weighted
prediction of the ensemble: S (green). The distance between ¢ and S is

minimized.

In our geometric framework, we represent the relevance scores s, of each com-
ponent classifier in our ensemble as vectors in an L-dimensional space. Previously,
Tai & Lin [47] used a similar approach, which they called Principal Label-Space
Transformation, to interpret the existing multi-label algorithms in a geometrical
setting and reduce the high dimensionality of the multi-label data. Bonab & Can
[48] adapted an analogous setting to investigate the optimal ensemble size for
single-label data stream classification. In GOOWE-ML, this spatial modeling is

used to assign optimal weights for component classifiers in the ensemble.

Geometrically, an intuitive explanation of our spatial modeling and weighting

scheme is shown in Figure for the 2-dimensional case, i.e. when L = 2.
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After representing relevance scores in the label space, GOOWE-ML minimizes
the Euclidean distance between the combined relevance vector, ¢, and the ideal
vector that represents the ground truth, y, in the label space. Analogously, Wu
& Crestani [49] utilized this approach in the field of Data Fusion to optimally
combine the query results, and Bonab & Can [20] in the field of single-label
data stream classification, both with successful results. This is equivalent to the

following linear least squares problem [50).

min |17~ 513 (11)

Here, S is the relevance scores matrix, w is the weight vector which is to be
determined, and y is the vector representing the ground truth for a given data

point. In other words, our objective function to be minimized is the following:

POV W W) = 35 (oW, ) (12)

i=1 j=1 > k=1

Taking a partial derivative of W and setting the gradient to zero, i.e. Vf =0,

we get:

XK:W’“(Z”:XL:S%SIQJ) = Xn:i%% (4.3)

k=1 i=1 j=1 i=1 j=1

Equation [4.3]is of the form Aw = d where A is a square matrix of size K x K

with elements:

n L
Qg = Zzséjslij (1<q,k<K) (4.4)

i=1 j=1

and d is the remainder vector of size K with elements:

17



n L
dy=> > uiS; (1<q¢<K) (4.5)

i=1 j=1

Therefore, solving the equation Aw = d, for w, gives us the optimally adjusted
weight vector. The weight vector w is updated at the end of each data chunk,
where the components in the ensemble are trained from the instances in the
data chunk, as well. Also, notice that this update operation resembles the Batch
Gradient Descent [5I] in a way that w is updated at the end of each batch,
having trained from the instances in the batch. However, unlike Batch Gradient
Descent, this weight update scheme does not take steps towards better weights
iteratively, but rather finds the optimal weights directly after solving the linear
system Aw = d. As a consequence, the updated weights do not depend on the
previous values in w, they only depend on the performance of the components
on the latest chunk. This allows the ensemble to capture sudden changes in the
distribution of the data.

Here, the linear least squares solution to the system Aw = d does not necessar-
ily produce weights that are bounded within specified upper and lower bounds, or
all non-negative. To overcome this, we apply min-max normalization to the re-
sulting vector w and acquire the ensemble component weights that are all within
the interval [0, 1].

Instead of ordinary least squares, non-negative least squares (NNLS) [50] can
be used to acquire all non-negative weights directly. However, it is reported
that the computation of pseudoinverse step in NNLS causes slow runtime in
practice [52]. Another, more complex approach that allows the weights to be
found directly within specified bounds is bounded-variable least squares (BVLS)
[52], which requires number of iterations comparable to the number of variables

to work with.
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4.3 Multi-label Prediction

The ensemble’s prediction for the ith example, ¢, is the weighted sum of its

components’ relevance scores, Sj.

7&) = wpSy;  (1<j<L) (4.6)

Here, each relevance score, S,ij, is normalized beforehand into the range of

[0, 1] by the following normalization [T}

i
kj

7
% T g
j=1kj

(1<j<1L) (4.7)
After normalization, the relevance scores sum up to 1. The final prediction of

the classifier is obtained by thresholding the relevance scores by (1/L), which is

the expected prior relevance probability of a label of a data instance.

|
. 1, ifgt > —
gy L 1<ji<L (4.8)
0, otherwise

These three operations (Weighted Voting (Equfd.6]), Normalization (Equf4.7)
and Thresholding (Eqn}4.8])) are done consecutively and can be considered as
one atomic operation in the algorithm, shown as predict() in the pseudocode (see

Alg[1}5).

"'We implemented other normalization methods such as Softmax for this purpose, but found
out that this kind of linear normalization works better in multi-label contexts.
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Algorithm 1 GOOWE-ML: Geometrically Optimum Online Weighted Ensemble

for Multi-Label Classification

Require: D: data stream, D(C": latest data chunk, K: maximum number of
classifiers in the ensemble, C': a multi-label classifier in the ensemble,

Ensure: &: ensemble of weighted classifiers, ¢: multi-label prediction of the
ensemble as combined score vector.

1: & (Z);

2: A, d < null, null

3: while D has more instances do

4:  d; < current data instance

5. g <predict(d;, §) {Eqnft.6] 4.7 and
6: if DC is full then

7: Cin < new component classifier built on DC'

8: if € has K classifiers then

9: A’ d' +TrainOptimumWeights(DC, £, null, null)
10: w < solve(A'w = d');
11: Cout < classifier C), with minimum wy
12: g «— 5 - Cout
13: end if
14: E—EUC,
15: Train all classifiers C' € ¢ — C, with DC
16:  end if

17: end while

Algorithm 2 GOOWE-ML: Train Optimum Weights

Require: DC'" one or more data instances, £: Ensemble of Classifiers, A: square
matrix, d: remainder vector
Ensure: The matrix A and the vector d, ready for optimum weight assignment
1: if A is null or d is null then
2:  Initialize square matrix A of size K x K

3:  Initialize remainder vector d of size K

4: end if

5: for all instances z' € DC do

6: ' < true relevance vector of x {To be used in Eqn
7. A+ A+ AL {Eqnf4.4]}
8 d<d+dy {Eqnf4.5]}
9: end for
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4.4 Complexity Analysis

Let the prediction of a component classifier in the ensemble take O(c) time. Also,
notice that the ensemble size is of order O(K), since ensemble is not fully formed

only for the first K chunks and the size is always K afterwards.

For a data chunk, each component classifier predicts each data instance, which
takes O(nkKc) time, as the size of each data chunk in the stream are the same
and n. At the same time, the square matrix A and the remainder vector d are
filled using each pair of relevance scores of the components for each label and
each instance, which takes O(nK2L) time. Then, the linear system Aw = d is
solved, where A is of size K. Solving this linear system with no complex opti-
mization methods take at most O(K?) time [53] (where there are more complex
but asymptotically better methods). This loop continues for N/n many chunks.

Thus, the whole process has the complexity of:

N K3
O(—((an+nK2L) +K3>> - O<N(Kc+ KL+ —)) (4.9)
n n
Here, the term with (K¢), (K?L) and (K?3/n) represents the time complexity

of prediction, training and optimal weight assignment respectively.

¢ is generally small, since most of the models use Hoeffding Trees and its
derivatives as their base classifiers. Therefore, the term with (K2L) dominates
the sum there in the Eqn. When the terms (K2L) and (K3/n) are compared,
it can be also noticed that the former always dominates the latter: n’s magnitude
is of hundreds or thousands, whereas K’s magnitude is generally of tens. As a
result, L (a whole number) will be always higher than (K/n) (a fraction that is
< 1). As a consequence, the algorithm has overall O(NK?L) complexity.
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Chapter 5

Experiments and Results

5.1 Experimental Design

5.1.1 Datasets

To understand how densely multi-labeled a dataset is, Label Cardinality and Label
Density are used. Label Cardinality is the average number of relevant labels of
the instances in D; Label Density is the Label Cardinality per number of labels

[54], indicating the percentage of labels that are relevant on average.

N N
1 i LO(D) 1 i
o=l o) =P LSy
i=1 =1

Our experiments are conducted on 7 datasetsE] that are from diverse application
domains (genes, newspapers, aviation safety reports and so on), given in Table
5.1l These datasets are extensively used in the literature [39, 44, [38].

!Datasets are downloaded from MEKA’s webpage. Available at: https://sourceforge.
net/projects/meka/files/Datasets/.
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Table 5.1: Multi-Label Datasets [I]. The superscripts after the name of the
dataset indicates that the features in that dataset is binary (°) or numeric (7).

Source D Domain N M L LC(D) LD(D)
20NG ° Text 19,300 1,006 20 1.020 0.051
Yeast ™ Biology 2,417 103 14 4.237 0.303
Ohsumed ®  Text 13,529 1,002 23 1.660 0.072
Slashdot ®*  Text 3,782 1,079 22 1.180 0.053
Reuters ”  Text 6,000 500 101 2.8380  0.028
IMDB *? Text 120,919 1,001 28 2.000 0.071
TMC2007 *  Text 28,596 500 22 2.160 0.098

5.1.2 Evaluating Multi-label Learners

Multi-label evaluation metrics that are widely used throughout the studies in the
field are divided into two groups [29]: (1) Instance-Based Metrics, (2) Label-Based
Metrics. These two metrics indicate how well the algorithms perform. In addition
to these, efficiency of the performing algorithms can be measured, which indicates

how much resources they consume. Hence, (3) Efficiency Metrics is added to the

evaluation. In the Tables 5.2} [5.3] b.5] and 5.7} 1 (J) next to the metric

indicates that the corresponding metric’s score is to be maximized (minimized).

5.1.2.1 Instance-Based Metrics

Instance-based metrics are evaluated for every instance and averaged over the
whole dataset. Exact Match, Hamming Score, and Instance-Based {Accuracy,

Precision, Recall, F1-Score} [29] are used in this study.

Exact Match is the fraction of strictly correctly classified examples in the
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dataset [29].

1 . ‘
Exact Match (EM) = N Z[[y’ =17

Hamming Score is the fraction of correctly classified labels (i.e. bitwise simi-

larity) over all examples and each label [I§].

Hamming Score (HS) =N Z Z[[y] = y]

=1 j=1

Example-based Accuracy, Precision, Recall and F1-Score are defined as follows
[29]:

ALY =y y
Acc., = — v Pr., =
N Z:: U ;
Re. — 1 i Y g)i - 2% Prg * Regy
e TN £ “ " "Pr, + R,

Example. To illustrate, assume a labelset with L = 5 labels, and for a
given instance, let the prediction be y =< 1,1,0,0,0 > and the ground truth be
y=<0,1,1,1,0 >. According to these definitions of metrics,

e M = 0, since two vectors are not completely the same.

HS = 2/5, since 2 bits are matching between ¢y and y.

Acce, = 1/4, since 1 relevant bit is mutual among the relevant bits of § and

Y.

Pre, = 1/2, since 1 relevant bit is correct among 2 predicted relevant bits.

Re., = 1/3, since 1 relevant bit is correct among 3 correct bits from the

ground truth.

24



5.1.2.2 Label-Based Metrics

Label-based metrics are evaluated for every label and averaged over examples
within each individual label. Macro and Micro-Averaged Precision, Recall and

F1 Score [30] are used in this study.

{Precision, Recall, F1-Score} € M. M is a function of true positives (TP),
true negatives (TN), false positives (FP) and false negatives (FN) for each label,
ie.

M := M(TP,, TNy, FPy, FN,)

Then, the macro and micro-averaged evaluation metrics are defined as follows
[30]:

L
1
Maacro = 7 ; M(TP,, TN;,FP;,FN;)

L L L L
Mppicro = M(ZTP]-, > TN, ) FP;, ZFNj>
j=1 j=1 Jj=1

j=1
5.1.2.3 Efficiency Metrics

Finally, to measure the efficiency of the algorithms, the execution time and mem-

ory consumption of each algorithm are monitored.

5.1.3 Experimental Setup

Experiments are implemented in MOA [55], utilizing multi-label methods in
MEKA [56]. The evaluation of each algorithm is prequential [57]. An incom-
ing data instance is first tested by classifiers (see Alg{l{); evaluation measures

corresponding the prediction are recorded, and then, that data instance is used to
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train classifiers, as well as the updated weighting scheme (see Alg[T}O[15). This is
also called Interleaved-Test-Then-Train (ITTT) approach and is widely common

in algorithms in streaming settings.

If an ensemble is batch-incremental, then the ensemble is trained at the end of
each batch (i.e. whenever a data chunk is filled). The evaluation of ensembles are
started after the first learner in the ensemble is formed. We used fixed number
of 10 classifiers as the ensemble size, mimicking the previously conducted experi-
ments to enable comparison [38, 39]. For incremental evaluation of the classifiers,
we used window-based evaluation with the window size {100,250, 500, 1000} ac-
cording to the size of datasets. The results can be reproduced using the aforemen-
tioned datasets. The program outputs the predictive performance measures, time

and memory consumption, as well as incremental evaluations for each window.

All experiments are conducted on a machine with an Intel Xeon E3-1200 v3 @
3.40GHz processor and 128GB DDR3 RAM.

We experimented with 4 GOOWE-ML models (referred with their abbrevia-

tions from now onward):

GOBR: the components use BR (Binary Relevance) Transformation.

GOCC: the components use CC (Classifier Chains) Transformation.

GOPS: the components use PS (Pruned Sets) Transformation.

GORT: the components use iSOUP Regression Trees.

We have 7 baseline models. Four of the baselines use fixed-sized windows with
no concept drift detecting mechanism: EBR. [23], ECC [23|, EPS [24], EBRT
[39], whereas 3 of them use ADWIN as their concept drift detector: EaBR [3§],
EaCC [38]|, and EaPS [3§]). In all models, BR and CC transformations use
a Hoeffding Tree classifier whereas the PS transformation uses a Naive Bayes

classifier.
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5.1.4 Evaluation of Statistical Significance

We evaluated the aforementioned algorithms using multi-label example-based,
and label-based evaluation metrics, as well as efficiency metrics. To check the
statistical significance among the algorithms, we used Friedman test with Nemeny:
post-hoc analysis [58]. We applied the Friedman test with e = 0.05 where the null
hypothesis is that all of the measurements come from the same distribution. If the
null hypothesis is failed, then Nemenyi post-hoc analysis is applied to see which

algorithms that performed statistically significantly better than which others.

The result of Friedman-Nemenyi Test can be seen in the Critical Distance Dia-
grams where each algorithm is sorted according to their average ranks for a given
metric on a number line, and the algorithms that are within the critical distance
of each other (that are not statistically significantly better than each other) are
linked with a line. These diagrams compactly show Nemenyi Significance. Bet-
ter models have lower average rank, and therefore on the right side of a Critical
Distance Diagram. The Critical Distance for Nemenyi Significance is calculated
as follows [58]:

m(m+ 1)

CD = a,m
dem\[ "6]D)]

(5.1)

where m is the number of models that are being compared, and |D| number
of datasets that are experimented on. Plugging in m = 11, ¢a=0.05m=11 = 3.219
(from Critical Values Table for Two-Tailed Nemenyi Test ) and |D| = 7, we get
CD = 5.707 as our Critical Distance.

2 Available at: http://www.cin.ufpe.br/~fatc/AM/Nemenyi_critval.pdf
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5.2 Results

5.2.1 Predictive Performance

Example-Based F1 Score, Micro-Averaged F1 Score, Hamming Score and
Example-Based Accuracy are given in Tables[5.2] [5.3] and [5.5] for each model
on each dataset. Winner models of each dataset for the metrics are shown in
bold in the table. Precision and Recall scores are omitted, since we report the
F1 Scores, which is calculated as the harmonic mean of the two. Exact Match
scores are omitted, since it is a very strict metric and the scores tend to be near

zero for each algorithm especially when || is large.

Before starting to analyze models individually, let us look at the big picture:
It is apparent that the predictive performance of a streaming multi-label model
highly depends on the dataset. Looking at the results, no single model is clearly
better than the rest, regardless of the dataset that it has run on. For instance, PS
transformation-based ensembles (GOPS, EPS and EaPS) did relatively better in
the Slashdot, Reuters and IMDB datasets; whereas the ensembles with BR and
CC transformations were clearly superior in the Yeast, Ohsumed and TMC2007

datasets.

It can be observed in the Table[5.2] 5.3 and [5.4} and their corresponding crit-
ical distance diagrams (Figure , and , GOOWE-ML-based classifiers
performed better than Online Bagging and ADWIN Bagging models consistently
over all datasets. Especially GOCC and GOPS placed 1st and 2nd respectively,
in every performance metric, except Hamming Score. More detailed discussion
on the Hamming Score and its relation to the Precision and Recall scores of the

models are provided below in a separate section.

Read et al. [38] previously claimed that instance-incremental methods are bet-
ter than batch-incremental methods in the MLSC task. However, our experimen-
tal evidence shows that our batch-incremental ensemble performs better than the

state-of-the-art instance-incremental models in almost every performance metric
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INemenyi Critical Disl,tance = 5.707
e s iet 2

EaBR (6.57) L GOCC (2.57)
EPS (6.71) L GOPS (3.00)
EaPS (6.85) L GOBR (4.00)

EaCC (8.14) L EBR(4.71)

EBRT (10.57)_| GOBRT (5.71)
ECC (6.43)

Figure 5.1: Critical Distance Diagram for Example-based F1 Score [I] (given in

Table .

(again, except Hamming Score).

5.2.2 Efficiency

Results for the Execution Time and Memory Consumption of the models, and
the corresponding Critical Distance Diagrams are given in Table and
and Figure 5.5 and respectively. It is clear that time and memory effi-
ciency of an MLSC ensemble is highly correlated with the problem transformation
method that its component classifiers use. Ensembles that used PS Transforma-
tion (GOPS, EPS, EaPS) are ranked consistently higher in terms of both time
and memory efficiency. Indeed, as it can be seen in Figure and 5.6 EPS and
GOPS are among the top 3 for both of the metrics.

Models with iISOUP Tree are among the fastest, but their memory consumption
is significantly high compared to the PS-based ensembles. Considering GORT
and EBRT’s relatively underwhelming predictive performance (see Figure
and , PS-based ensembles should be preferable over ensembles of iSOUP Re-

gression Trees.

33



INemenyi Critical Disltance = 5.707
11109 8 7.6 5 4.5 2 1
EPS (6.29) GOCC (3.00)
EaPS (6.43) GOPS (3.29)
GOBRT (6.71) L EBR(4.29)
EaCC (7.71) L GOBR (4.57)
EBRT (10.57) L EaBR (6.14)
ECC (6.14)

Figure 5.2: Critical Distance Diagram for Example-based Accuracy [I] (given in

Table [5.3)).
Nemenyi Critical Distance = 5.707
1110 9 8 7 6 5 4 3 2 1
GOBRT (6.57) L GOCC (2.71)
EaPS (6.71) L GOPS (3.43)
EPS (7.00) L EBR(4.29)
EaCC (7.71) L GOBR (4.86)
EBRT (10.57) EaBR (5.71)
ECC (6.14)

Figure 5.3: Critical Distance Diagram for Micro-averaged F1 Score [1] (given in

Table [5.4).
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Nemenyi Critical Distance = 5.707

11109 8 7 6 5 4 3 2 1
I T Y Y U O A I | 1 J

EaPS (6.71) L ECC (1.57)
EPS (7.29) L EaBR (2.00)

GOPS (9.29) L EBR (2.14)
GOBR (9.86) L EaCC (2.29)
GOBRT (10.57) _| L EBRT (4.00)
GOCC (5.57)

Figure 5.4: Critical Distance Diagram for Hamming Score [1] (given in Table[5.5).

Nemenyi Critical Distance = 5.707

11109 8 7 6 5 4 3 2 1

Figure 5.5: Critical Distance Diagram for Time Consumption [I] (given in Table

p.6).

EaCC (7.71) L EPS (1.43)
ECC (7.71) GOPS (3.14)

EaBR (7.86) EBRT (3.43)

GOBR (8.86) GOBRT (4.14)

GOCC (9.71) |

EaPS (5.29)

EBR (6.71)
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Nemenyi Critical Distance = 5.707

11109 8 7 6 5 4 3 2 1

EaBR (7.29) LEPS (1.29)
GOCC (7.43) L_EaPS (1.71)
GOBR (7.57) GOPS (3.00)
EBR (9.00) GOBRT (5.71)
ECC (10.57) EaCC (5.86)
EBRT (6.57)

Figure 5.6: Critical Distance Diagram for Memory Consumption [I] (given in
Table [5.7).

BR and CC Transformation-based models performed similarly within datasets
across ensembling techniques. Their execution time and memory consumption
is nearly identical with a few exceptions (where ADWIN Bagging models had
significantly lower memory consumption due to resetting component classifiers
many times). Having similar resource consumptions, GOCC can be preferred

due to its greater predictive performance.

5.3 Discussion

5.3.1 On Hamming Scores in Datasets with Large Labelsets

Consider the prediction and the ground truth vector of a given data instance. Let
TP, FP, FN and TN denote the number of true positives, false positives, false
negatives and true negatives. For instance, F'P is the number of labels that are

predicted as relevant but are not. Then, Hamming Score for that instance can
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TP4+TN

be calculated as 7prp i FnTTN

For a multi-label dataset with a fairly large labelset and low label density,
TN in the numerator and the denominator will dominate this score and Ham-
ming Score will yield mis-interpretable results. Take IMDB dataset (|£| = 28,
LD(D) = 0.071) for example: GOPS was the clear winner in terms of Fl.,,
Accer and F'l,,50r0, yielding 20% better scores than its closest competitor (which
was GOBR). Despite performing this well, GOPS had a considerably low Ham-
ming Score (0.836) with respect to the Online Bagging-based models (all of them
around 0.928). Here, one can argue that perhaps the Hamming Score is the true
indicator of success in MLL, and therefore Online Bagging-based models per-
formed better. However, this hypothesis cannot be correct, since even a dummy
classifier that predicts every single label as irrelevant (0) yields Hamming Score
of 0.929! Additionally, the reason why GOOWE-ML-based models have smaller
Hamming Scores is that they have high F'P (hence low T'N) values in the con-
tingency table. In other words, GOOWE-ML-based models are Low Precision -
High Recall models. They eagerly predict labels as relevant. On the other hand,
Online Bagging-based models are High Precision - Low Recall models. They pre-
dict few labels as relevant at each data instance. As a consequence, they are
more confident about their predictions, but they miss many relevant labels due
to being more conservative. This dichotomy is shown for 3 datasets with low
label densities in Table [5.8 where the higher value among Precision and Recall

is shown in bold for each model and dataset.

Observing these, we claim that in datasets with large labelset and low label
density, High Recall models may have considerably low Hamming Scores due to
the nature of the metric. Hence, Hamming Score may not be the true indicator

of the predictive performance while evaluating multi-label models.

This hypothesis helps explaining why GOBR and GOCC performed poorly
in terms of Hamming Scores in the datasets with relatively lower label densities
(such as Slashdot, Reuters and IMDB datasets) whereas both of them were clear

winners in the overall predictive performance.
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Table 5.8: Micro Precision (Prec) vs Recall (Rec), and Their Effect on Hamming
Score (HS) [1]. Two GOOWE-ML models and two Online Bagging Models with
different problem transformation types are picked. Higher Precision and lower
Recall resulted in better Hamming Scores consistently.

20NG Ohsumed Reuters

Prec Rec HS Prec Rec HS Prec Rec HS

GOBR 0.140 0.757 0.749 | 0.181 0.743 0.738 | 0.040 0.848 0.707
GOPS 0.125 0.580 0.769 | 0.212 0.500 0.830 | 0.140 0.418 0.956

EBR 0.753 0.373 0.961 | 0.713 0.185 0.936 | 0.510 0.082 0.986
EPS 0.142 0.096 0.924 | 0.348 0.157 0.918 | 0.361 0.105 0.985

5.3.2 Window-Based Evaluation

Figure presents window-based evaluation for two datasets and three models,
where the sliding window size is equal to the chunk size, i.e. n = h. To this end,
we evaluate each window’s performance using F'l., measurement. For each group
of models, the best performing strategy is chosen for the given dataset—e.g. in
Reuters dataset, GOPS, EPS and EaPS performed the best among GOOWE-ML,
Online Bagging and ADWIN Bagging models, respectively.

Reuters Dataset 20NG Dataset
0.35 T T T 0.6 T T
| 0.5 3
2 B <
3 3
%] » 0.4 -
[ ()
] B o
173 [
a 2 031 .
[=4] [=2]
& | &
S )
g E 02f :
3 B 5
4] =
| 0.1 4
—m— GOPS —— EPS —e— EaPS ¢ —m— GOCC —— EBR —e— EaBR
0 I I 1 1 1 0 I 1 1 1
0 4 8 12 16 20 24 0 4 8 12 16
Window Number [x 250] Instances Window Number [x 1000 instances]

Figure 5.7: Window-Based Evaluation of Models: Example-Based F1 Score for
Reuters and 20NG datasets [1].
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It can be seen that GOOWE-ML-based models do not predict in the first eval-
uation window, since no training has been done while waiting the first chunk to
be filled. In both of the datasets, we observe the optimal weight assignment strat-
egy in effect: after the first few chunks, GOOWE-ML-based model’s predictions

continually yield better performance than its competitors.
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Chapter 6

Conclusion and Future Work

We present an online batch-incremental multi-label stacked ensemble, GOOWE-
ML, that constructs a spatial model for the relevance scores of its classifiers, and
uses this model to assign optimal weights to its component classifiers. Our exper-
iments show that GOOWE-ML models outperform the most prominent Online
Bagging and ADWIN Bagging models. Two of the GOOWE-ML-based ensembles
especially stand out: GOCC is the clear winner in terms of overall predictive
performance, ranking first in Acce,, F'l., and F1,,;.., scores. GOPS, on the
other hand, is the best compromise between predictive performance and resource
consumption among all models, yielding strong performance with very conserva-
tive time and memory requirements. In addition, we argue that Hamming Score
can be deceptively low for models with low Precision and high Recall. We support

this claim by experimental evidence.

Below is the list of possible extensions to the proposed work, and future re-

search pointers:

e Explicit Concept Drift Detector and Pruning: As it is described in
Chapter [4, GOOWE-ML handles concept drifts implicitly, by replacing one
of its components at the end of each data chunk. Even though this scheme

already outperforms its alternatives, it is possible to incorporate an explicit
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drift detection mechanism into the proposed ensemble, as well. In that case,
it would be possible to remove (prune) multiple ensemble components at

once.

Parameter Initialization: For multi-class classification, the problem of
optimal ensemble size is theoretically studied [48, 59]. Yet, to the best of
our knowledge, the same problem for multi-label classification is not yet
discussed in the literature. What should be the optimal ensemble size for
multi-label ensembles? In addition, what should be the batch size for batch-
incremental ensembles (such as GOOWE-ML)? How are these parameters
related to the dimensionality of the feature set, number of labels, label

cardinality and label density for a given multi-label dataset?

Synthetic Multi-label Data Generation: There is a lack of huge real-
world datasets in the field of MLSC. Hence, people resort to generating
synthetic data streams. Apart from the obvious reliability issues of experi-
menting with synthetic data, the generation processes of such data are also
problematic. Most of the time, synthetic datasets are generated according
to [60], but concept drift behavior in such datasets are simulated by only
considering changes in label cardinality. Embedding correlations and in-
verse correlations between labels into this framework, it can be possible to

generate more realistic multi-label datasets.

Examining Inherent Structures in Multi-label Data: Even though
any subset of the labels can be relevant for a data instance in a multi-label
dataset, it is generally the case that some labelsets are much more frequent
than others. Existing studies exploit this fact by keeping statistics about
the frequently occurring labels during pre-training [24]. If this long-tail
effect is inherent in multi-label data, then a relationship similar to Power
Law can be inferred, and that can be utilized to generate candidate frequent

labelsets without a pre-training step.
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Appendix A

Code and Reproducibility

The proposed method and the experiments are initially written in Java and avail-
able at https://github.com/abuyukcakir/gooweml. Instructions on how to run

the experiments and reproduce the results are also stated there.

After the release of scikit-multiflow [61], a Python-based alternative to MOA
[55] framework, we extended GOOWE-ML (and its precursor, GOOWE [20]) to
Python language with scikit-multilow compatibility as well. Python version is

available at https://github.com/abuyukcakir/goowe-python.
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