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Chapter 1

Introduction

1.1 Motivation

In today’s information society, computer users are used to gathering and sharing data anytime and
anywhere. This concerns applications such as social networks, banking, telecommunication, health
care, research, and entertainment, among others. As a result, a huge amount of data related to
all human activity is gathered for storage and processing purposes. These data sets may contain
interesting and useful knowledge represented by hidden patterns, but due to the volume of the
gathered data it is impossible to manually extract that knowledge. That is why data mining and
knowledge discovery methods have been proposed to automatically acquire interesting, non-trivial,
previously unknown and ultimately understandable patterns from very large data sets [26, 14].
Typical data mining tasks include association mining, classification, and clustering, which all have
been perfected for over two decades.

A recent report [35] estimated that the digital universe in 2007 was 281 billion gigabytes large
and it is forecast that it will reach 5 times that size until 2011. The same report states that by
2011 half of the produced data will not have a permanent home. This is partially due to a new
class of emerging applications - applications in which data is generated at very high rates in the
form of transient data streams. Data streams can be viewed as a sequence of relational tuples (e.g.,
call records, web page visits, sensor readings) that arrive continuously at time-varying, possibly
unbound streams. Due to their speed and size it is impossible to store them permanently [45].
Data stream application domains include network monitoring, security, telecommunication data
management, web applications, and sensor networks. The introduction of this new class of applica-
tions has opened an interesting line of research problems including novel approaches to knowledge
discovery called data stream mining.

Current research in data mining is mainly devoted to static environments, where patterns
hidden in data are fixed and each data tuple can be accessed more than once. The most popular
data mining task is classification, defined as generalizing a known structure to apply it to new
data [26]. Traditional classification techniques give great results in static environments however,
they fail to successfully process data streams because of two factors: their overwhelming volume
and their distinctive feature - concept drift. Concept drift is a term used to describe changes
in the learned structure that occur over time. These changes mainly involve substitutions of
one classification task with another, but also include steady trends and minor fluctuations of the
underlying probability distributions [54]. For most traditional classifiers the occurrence of concept
drift leads to a drastic drop in classification accuracy. That is why recently, new classification

algorithms dedicated to data streams have been proposed.



2 Introduction

The recognition of concept drift in data streams has led to sliding-window approaches that
model a forgetting process, which allows to limit the number of processed data and to react to
changes. Different approaches to mining data streams with concept drift include instance selection
methods, drift detection, ensemble classifiers, option trees and using Hoeffding boundaries to
estimate classifier performance.

Recently, a framework called Massive Online Analysis (MOA) for implementing algorithms
and running experiments on evolving data streams has been developed [12, 11]. Tt includes a
collection of offline and online data stream mining methods as well as tools for their evaluation.
MOA is a new environment that can facilitate and consequently accelerate the development of new
time-evolving stream classifiers.

The aim of this thesis is to review and compare single classifier and ensemble approaches to data
stream mining. We test time and memory costs, as well as classification accuracy, of representative
algorithms from both approaches. The experimental comparison of one of the algorithms, called
Accuracy Weighted Ensemble, with other selected classifiers has, to our knowledge, not been pre-
viously done. Additionally, we propose and evaluate a new algorithm called Accuracy Diversified
Ensemble, which selects, weights, and updates ensemble members according to the current stream
distribution. For our experiments we use the Massive Online Analysis environment and extend
it by attribute filtering and data chunk evaluation procedures. We also verify the framework’s
capability to become the first commonly used software environment for research on learning from

evolving data streams.

1.2 Thesis structure

The structure of the thesis is as follows. Chapter 2 presents the basics of data stream mining.
In particular, definitions of data streams, concept drift as well as types of stream learners and
their applications are shown. Chapter 3 gives a deeper insight into single classifier approaches to
data stream mining, presenting windowing techniques and Hoeffding trees. Ensemble approaches to
classification in data streams, including the Streaming Ensemble Algorithm, Hoeffding Option Tree,
and our Accuracy Diversified Ensemble, are presented in Chapter 4. The Massive Online Analysis
framework, which was used for evaluation purposes in this thesis, is presented in Chapter 5.
Chapter 6 describes experimental results and compares single classifier and ensemble algorithms
for mining concept-drifting data streams. Finally, Chapter 7 concludes the thesis with a discussion

on the completed work and possible lines of further investigations.
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Chapter 2

Mining data streams

Before describing and evaluating different approaches to mining streams with concept drift, we
present the basics of data streams. First, in Section 2.1 we focus on the main characteristics of the
data stream model and how it differs from traditional data. Next, in Section 2.2, we define and
categorize concept drift and its causes. Section 2.3 discusses the differences between data stream
mining and classic data mining. It also presents a taxonomy of adaptive classification techniques.
Finally, Section 2.4 describes the main applications of data stream mining techniques. As this
thesis concentrates on classification techniques, we will use the term data stream learning as a

synonym for data stream mining.

2.1 Data streams

A data stream is an ordered sequence of instances that arrive at a rate that does not permit to
permanently store them in memory. Data streams are potentially unbounded in size making them
impossible to process by most data mining approaches.

The main characteristics of the data stream model imply the following constraints [5]:

1. It is impossible to store all the data from the data stream. Only small summaries of data

streams can be computed and stored, and the rest of the information is thrown away.

2. The arrival speed of data stream tuples forces each particular element to be processed essen-

tially in real time, and then discarded.

3. The distribution generating the items can change over time. Thus, data from the past may

become irrelevant or even harmful for the current summary.

Constraint 1 limits the amount of memory that algorithms operating on data streams can use,
while constraint 2 limits the time in which an item can be processed. The first two constraints led
to the development of data stream summarization techniques. Constraint 3, is more important in
some applications than in others. Many of the first data stream mining approaches ignored this
characteristic and formed the group of static data stream learning algorithms. Other researches
considered constraint 3 as a key feature and devoted their work to evolving data stream learning.
Both of these approaches to stream data mining will be discussed in Section 2.3.

Most of data stream analysis, querying, classification, and clustering applications require some
sort of summarization techniques to satisfy the earlier mentioned constraints. Summarization
techniques are used for producing approximate answers from large data sets usually by means of
data reduction and synopsis construction. This can be done by selecting only a subset of incoming
data or by using sketching, load shedding, and aggregation techniques. In the next paragraphs,

we present the basic methods used to reduce data stream size and speed for analysis purposes.

3



4 Mining data streams

Sampling. Random sampling is probably the first developed and most common technique used to
decrease data size whilst still capturing its essential characteristics. It is perhaps the easiest form of
summarization in a data stream and other synopses can be built from a sample itself [2]. To obtain
an unbiased sample of data we need to know the data set’s size. Because in the data stream model
the length of the stream is unknown and at times even unbounded, the sampling strategy needs
to be modified. The simplest approach, involving sampling instances at periodic time intervals,
provides a good way to “slow down” a data stream, but can involve massive information loss in
streams with fluctuating data rates. A better solution is the reservoir sampling algorithm proposed
by Vitter [77], which analyzes the data set in one pass and removes instances from a sample with
a given probability rather than periodically selecting them. Chaudhuri, Motwani and Narasayya
extended the reservoir algorithm to the case of weighted sampling [18]. Other approaches include
sampling for decision tree classification and k-means clustering proposed by Domingos et al. [21],
sampling for clustering data streams [39], and sampling in the sliding window model studied by
Babcock, Datar, and Motwani [2].

Sketching. Sketching involves building a statistical summary of a data stream using a small
amount of memory. It was introduced by Alon, Matias, and Szegedy [1] and consists of frequency
moments, which can be defined as follows: “Let S = (x4, ...,2x5) be a sequence of elements where
each z; belongs to the domain D = {1,...d}. Let the multiplicity m; = |{j : ©; = ¢}| denote the
number of occurrences of value i in the sequence S. For k > 0, the kth frequency moment Fy, of
S is defined as Fj, = Z?Zl mk; further, we define F*, = maz;m;” [2]. The frequency moments
capture the statistics of the data streams distribution in linear space. Fp is the number of distinct
values in sequence S, Fj is the length of the sequence, F5 is the self-join size, and FZ is the most
frequent item’s multiplicity. Several approaches to estimating different frequency moments have
been proposed [2]. Sketching techniques are very convenient for summarization in distributed data
stream systems where computation is performed over multiple streams. The biggest shortcoming

of using frequency moments is their accuracy [45].

Histograms. Histograms are summary structures capable of aggregating the distribution of
values in a dataset. They are used in tasks such as query size estimation, approximate query an-
swering, and data mining. The most common types of histograms for data streams are: V-optimal
histograms, equal-width histograms, end-biased histograms. V-optimal histograms approximate
the distribution of a set of values vy, ..., v2 by a piecewise constant function ¥(7), so as to minimize

the sum of squared error >, (v; — 0(:))?.

Ways of computing V-optimal histograms have been
discussed in [47, 40, 36]. Equal-width histograms aggregate data distributions to instance counts
for equally wide data ranges. They partition the domain into buckets such that the number of
v; values falling into each bucket is uniform across all buckets. Equal-width histograms are less
difficult to compute and update than V-optimal histograms, but are also less accurate [37]. End-
biased histograms contain exact counts of items that occur with frequency above a threshold, but
approximate the other counts by a uniform distribution. End-biased histograms are often used
by iceberg queries - queries to find aggregate values above a specified threshold. Such queries are

common in information retrieval, data mining, and data warehousing [2, 25].

Wavelets. Wavelets are used as a technique for approximating data with a given probability.
Wavelet coeflicients are projections of a given signal (set of data values) onto an orthogonal set
of basis vectors. There are many types of basis vectors, but due to their ease of computation,

the most commonly used are Haar wavelets. They have the desirable property that the signal
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reconstructed from the top few wavelet coefficients best approximates the original signal in terms
of the L2 norm. Research in computing the top wavelet coefficients in the data stream model is
discussed in [36, 62].

Sliding Window. Sliding windows provide a way of limiting the analyzed data stream tuples
to the most recent instances. This technique is deterministic, as it does not involve any random
selections and prevents stale data from influencing statistics. It is used to approximate data
stream query answers, maintain recent statistics [20], V-optimal histograms [38], compute iceberg
queries [60], among other applications [45]. We will give a deeper insight into using sliding windows

in data stream mining in Section 3.2.

2.2 Concept drift

As mentioned in the previous section, the distribution generating the items of a data stream can
change over time. These changes, depending on the research area, are referred to as temporal evo-
lution, covariate shift, non stationarity, or concept drift. Concept drift is an unforseen substitution
of one data source S; (with an underlying probability distribution IIg,), with another source S
(with distribution IIg,). The most popular example to present the problem of concept drift is
that of detecting and filtering out spam e-mail. The distinction between unwanted and legitimate
e-mails is user-specific and evolves with time. As concept drift is assumed to be unpredictable,
periodic seasonality is usually not considered as a concept drift problem. As an exception, if sea-
sonality is not known with certainty, it might be regarded as a concept drift problem. The core
assumption, when dealing with the concept drift problem, is uncertainty about the future - we
assume that the source of the target instance is not known with certainty. It can be assumed,
estimated, or predicted, but there is no certainty [85].
Kelly et al. [50] presented three ways in which concept drift may occur:

e prior probabilities of classes, P(c1), ..., P(ck) may change over time,
e class-conditional probability distributions, P(X|c¢;), i = 1,..., k might change,

e posterior probabilities P(c¢;|X), i = 1,..., k might change.

It is worth noting that the distributions P(X|c¢;) might change in such a way that the class
membership is not affected (e.g. symmetric movement to opposite directions). This is one of the
reasons why this type of changed is often referred to as virtual drift and change in P(¢;|X) is
referred to as real drift. From a practical point of view, the distinction between virtual and real
drifts is of little importance, and we will not make that distinction in this thesis.

Figure 2.1 shows six basic types of changes that may occur in a single variable along time.
The first plot (Sudden) shows abrupt changes that instantly and irreversibly change the variables
class assignment. Real life examples of such changes include season change in sales. The next
two plots (Incremental and Gradual) illustrate changes that happen slowly over time. Incremental
drift occurs when variables slowly change their values over time, and gradual drift occurs when
the change involves the class distribution of variables. Some researchers do not distinguish these
two types of drift and use the terms gradual and incremental as synonyms. A typical example of
incremental drift is price growth due to inflation, whilst gradual changes are exemplified by slowly
changing definitions of spam or user-interesting news feeds. The left-bottom plot (Recurring)
represents changes that are only temporary and are reverted after some time. This type of change
is regarded by some researchers as local drift [75]. It happens when several data generating sources

are expected to switch over time and reappear at irregular time intervals. This drift is not certainly
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Figure 2.1: Types of changes in streaming data. Apart from Noise and Blip, all the
presented changes are treated as concept drift and require model adaptation.

periodic, it is not clear when the source might reappear, that is the main difference from the
seasonality concept used in statistics [85]. The fifth plot (Blip) represents a “rare event”, which
could be regarded as an outlier in a static distribution. In streaming data, detected blips should
be ignored as the change they represent is random. Examples of blips include anomalies in landfill
gas emission, fraudulent card transactions and network intrusion [55]. The last plot in Figure 2.1
represents random changes, which should be filtered out. Noise should not be considered as
concept drift as it is an insignificant fluctuation that is not connected with any change in the
source distribution.

It is important to note that the presented types of drift are not exhaustive and that in real
life situations concept drift is a complex combination of many types of drift. If a data stream of
length ¢ has just two data generating sources S; and S, the number of possible change patterns
is 2%. Since data streams are possibly unbounded, the number of source distribution changes can
be infinite. Nevertheless, it is important to identify structural types of drift, since the assumption

about the change types is absolutely needed for designing adaptivity strategies.

2.3 Data stream mining

After discussing the characteristics of data streams and drifting concepts we see that data stream
learning must differ from traditional data mining techniques. Table 2.1 presents a comparison of

traditional and stream data mining environments.

Table 2.1: Traditional and stream data mining comparison [29].

Traditional Stream
No. of passes Multiple Single
Processing time Unlimited Restricted
Memory usage Unlimited Restricted
Type of result Accurate Approximate
Concept Static Evolving
Distributed No Yes
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Data stream classifiers must be capable of learning data sequentially rather than in batch mode
and they must react to the changing environment. The first of these two requirements is fulfilled

by using online learners, the second by implementing a forgetting method.

2.3.1 Online learning

Online learning, also termed incremental learning, focuses on processing incoming examples se-
quentially in such a way that the trained classifier is as accurate, or nearly as accurate, as a
classifier trained on the whole data set at once. During classifier training, the true label for each
example is known immediately or recovered at some stage later. Knowing the true label of an
example, the classifier is updated, minimally if possible, to accommodate the new training point.
Traditionally, online learners are assumed to work, like most data mining algorithms, in static
environments. No forgetting of the learned knowledge is envisaged.

A well designed online classifier should have the following qualities [27, 73, 54, 11]:

1. Incremental: The algorithm should read blocks of data at a time, rather than require all

of it at the beginning.
2. Single pass: The algorithm should make only one pass through the data.

3. Limited time and memory: Each example should be processed in a (small) constant
time regardless of the number of examples processed in the past and should require an

approximately constant amount of memory.

4. Any-time learning: If stopped at time ¢, before its conclusion, the algorithm should provide
the best possible answer. Ideally, the trained classifier should be equivalent to a classifier
trained on the batch data up to time t.

A learner with the above qualities can accurately classify large streams of data without the need
of rebuilding the classifier from scratch after millions of examples. Such learners can be constructed
by scaling up traditional machine learning algorithms. This is done either by wrapping a traditional
learner to maximize the reuse of existing schemes, or by creating new methods tailored to the data
stream setting. Examples of both approaches will be discussed in detail in Chapters 3 and 4. As
mentioned earlier, online learners do not have any forgetting mechanism by default and need to

be equipped with one to be suitable for data mining streams with concept drift.

2.3.2 Forgetting mechanisms

A data stream classifier should be able to react to the changing concept by forgetting outdated
data, while learning new class descriptions. The main problem is how to select the data range to
remember. The simplest solution is forgetting training objects at a constant rate and using only
a window of the latest examples to train the classifier. This approach, based on fixed parameters,
is caught in a tradeoff between stability and flexibility. If the window is small, the system will
be very responsive and will react quickly to changes, but the accuracy of the classifier might be
low due to insufficient training data in the window. Alternatively, a large window may lead to a
sluggish, but stable and well trained classifier [54].

A different approach involves ageing at a variable rate. This may mean changing window size
when a concept drift is detected or using decay functions to differentiate the impact of data points.
This approach tries to dynamically modify the window parameters to find the best balance between
accuracy and flexibility. It is usually better suited for environments with sudden drift, where the

change is easier to detect.
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Another approach to forgetting outdated and potentially harmful data is selecting examples
according to their class distribution. This is especially useful in situations where older data points
may be more relevant than more recent points. This approach, considered in adaptive nearest
neighbors models, uses weights that decay with time, but can be modified depending on the
neighborhood of the most recent examples.

There is no best generic solution when it comes to implementing a forgetting mechanism for
a data stream learner. Depending on the environment, the expected types of drift, different
approaches may work better. For rather static data streams with gradual concept drift, static
windows should give the best accuracy. Sudden changes suggest the use of system with data
ageing at a variable rate, while recurring context should be best handled by density-based forgetting

systems. Examples of windowing techniques are discussed in more detail in Section 3.2.

2.3.3 Taxonomy of methods

Based on “how” and “when” the algorithms learn and forget, Zliobaité [84] proposed a taxonomy

of the main groups of adaptive classifiers. The taxonomy is graphically presented in Figure 2.2.

Trigger A Traning Instance Instance
based windows selection weighting

Change
detection
based
algorithms

When Dynamic SVM Ada.pt.ive
integration decision
trees and
forests
Adaptive ensembles
Evolving
>
Training set How Model manipulation,
formation parametrization

Figure 2.2: A taxonomy of adaptive supervised learning techniques [84].

The “when” dimension ranges from gradually evolving to trigger based learners. Trigger based
means that there is a signal (usually a drift detector) which indicates a need for model update.
Such methods work well in data streams with sudden drift as the signal can be used to rebuild the
whole model instead of just updating it. On the other hand, evolving methods update the model
gradually and usually react to changes without any drift detection mechanism. By manipulating
ensemble weights or substituting models they try to adapt to the changing environment without
rebuilding the whole model.

The “how” dimension groups learners based on how they adapt. The adaptation mechanisms
mainly involve example selection or parametrization of the base learner. Basic methods of adjusting
models to changing concepts were presented in Section 2.3.2. Detailed descriptions of approaches

presented in Figure 2.2 will be discussed with algorithm pseudo-codes in Chapters 3 and 4.



2.4. Applications 9

2.4 Applications

In this section we discuss some of the main data stream application domains in which concept
drift plays an important role. Along with the characteristics of each domain we present real life
problems and discuss the sources of drift in the context of these problems. A more thorough

discussion on concept drift application domains can be found in [85].

2.4.1 Monitoring systems

Monitoring systems are characterized by large data streams which need to be analyzed in real
time. Classes in these systems are usually highly imbalanced, which makes the task even more
complicated. The typical task of a monitoring system is to distinguish unwanted situations from
“normal behavior”. This includes recognizing adversary actions and alerting before critical system

states.

Network security. The detection of unwanted computer access, also called intrusion detection,
is one of the typical monitoring problems. Intrusion detection systems filter incoming network
traffic in search of suspicious behavior. The source of concept drift in this application is mainly
connected with the attacker. Adversary actions taken by the intruder evolve with time, to surpass
the also evolving security systems. The technological progress is another source of concept drift, as

modern systems providing more functionalities often provide more possibilities of attack [56, 61, 68].

Telecommunications. Intrusion and fraud detectors are also an important part of telecommu-
nication systems. The goal is to prevent fraud and stop adversaries from accessing private data.
Once again, the source of concept drift is the change in adversary behavior as well as change in

the behavior of legitimate users [63, 43].

Finance. Streams of financial transactions can be monitored to alert for possible credit card
and Internet banking frauds. Stock markets also use data stream mining techniques to prevent
insider trading. In both cases the data labeling might be imprecise due to unnoticed frauds and
misinterpreted legitimate transactions. Like in the previous examples, the source of concept drift is
the evolving user behavior. This is especially challenging with insider trading where the adversary
possesses non-public information about a company and tries to distribute his transactions in a

non-trivial way [22].

Transportation. Data stream mining techniques can be employed to monitor and forecast traffic
states and public transportation travel time. This information can be useful for scheduling and
traffic planning as well as dynamic reacting to traffic jams. Traffic patterns can change seasonally
as well as permanently, thus the systems have to be able to handle concept drift. Human driver

factors can also be significant to concept drift [64].

Industrial monitoring. There are several emerging applications in the area of sensor monitoring
where a large numbers of sensors are distributed in the physical world and generate streams of
data that need to be combined, monitored, and analyzed [2]. Such systems are used to control the
work of machine operators and to detect system faults. In the first case, human factors are the

main source of concept drift, while in the second, the change of the systems context [29, 76].
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2.4.2 Personal assistance

Data stream mining techniques are also used to personalize and organize the flow of information.
This can include individual assistance for personal use, customer profiling, and recommendation
systems. The costs of mistakes are relatively low compared to other applications, and the class
labels are mostly “soft”. A mistake made by a recommendation system is surely less important
than a mistake made by an intrusion detector. Moreover, a recommendation systems user himself
does not know for sure, which of the two given movies he likes more. Personal assistance systems

do not have to react in real time, but are usually affected by more than one source of drift.

News feeds. Most individual assistance applications are related to textual data. They aim at
classifying news feeds and categorizing articles. Drifting user interests can be a cause of reoccurring
contexts in such systems. Also article topics and nomenclature may drift, causing the distribution
of articles to change independently from the users interests. This is a typical example of virtual
drift. There are also applications addressing web personalization and dynamics, which is again
subject to drifting user interests. Here, mostly data logs are mined to profile user interests without

his involvement [49].

Spam filtering. Spam filtering is a more complicated type of information filtering. In contrast
to most personal assistance systems, it is open to adversary actions (spamming). Adversaries
are adaptive and change spam content rapidly to overcome filters. The amount and types of
illegitimate mail are subject to seasonality, but also drift irregularly over time. The definition of

spam may also differ between users [49].

Recommendation systems. An application that is not strictly connected with data streams,
but also involves concept drift is customer profiling and assistance in recommendation systems.
One of the challenges faced by recommender systems is the sparsity of data. Most users rate/buy
only a few products, but the recommendation task needs to be performed on the whole data
set. The publicity of recommender systems research has increased rapidly with the NetFlix movie
recommendation competition. The winners used temporal aspect as one of the keys to the problem.
They noted three sources of drift in the competition task: the change of movie popularity over

time, the drift of users’ rating scale, and changes in user preferences [4].

Economics. Macroeconomic forecasts and financial time series are also subjects to data stream
mining. The data in those applications is drifting primary due to a large number of factors that
are not included in the model. The publicly known information about companies can form only
a small part of attributes needed to properly model financial forecasts as a stationary problem.

That is why the main source of drift is a hidden context.

2.4.3 Decision support

Decision support with concept drift includes diagnostics and evaluation of creditworthiness. The
true answer whether a decision is correct is usually delayed in these systems. Decision support
and diagnostic applications typically involve limited amount of data and are not required to be
made in real time. The cost of mistakes in these systems is large, thus the main challenge is high

accuracy.
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Finance. Bankruptcy prediction or individual credit scoring is typically considered to be a sta-
tionary problem. However, just like in the earlier mentioned financial applications, there is drift
due to hidden context. The decisions that need to be made by the system are based on fragmen-
tary information. The need for different models for bankruptcy prediction under different economic
conditions was acknowledged, but the need for models to be able to deal with non stationarity has

been rarely researched [85].

Biomedical applications. Biomedical applications present an interesting field of concept drift
research due to the adaptive nature of microorganisms. As microorganism mutate, their resistance
to antibiotics changes. Patients treated with antibiotics when it is not necessary, can become
“immune” to their action when really needed. Other medical applications include changes in disease
progression, discovering emerging resistance and monitoring nonsomnical infections. Concept drift
also occurs in biometric authentication. The classification drift in this application is usually
caused by hidden context such as new light sources, image background, and rotation as well as
physiological factors, for example growing beard. The adaptivity of the algorithms should be used

with caution, due to potential adversary behavior [75].

2.4.4 Artificial intelligence

Learning in dynamic environments is a branch of machine learning and AI where concept drift
plays an important role. Classification algorithms learn how to interact with the environment
to achieve a given goal and since the environment is changing, the learners need to be adaptive
to succeed in completing their task. Ubiquitous Knowledge Discovery (UKD), which deals with
mobile distributed systems such as navigation systems, vehicle monitoring, household management

systems, is also prone to concept drift.

Navigation systems. The winners of the 2005 DARPA Grand Challenge used online learning
for road image classification. The main sources of concept drift were the changing road conditions.

The designing of a soccer player robot brings similar challenges and sources of drift [74, 57].

Smart homes and virtual reality. Intelligent household appliances need to be adaptive to
changing environment and user needs. Also virtual reality needs mechanisms to take concept drift
into account. In computer games and flight simulators, the virtual reality should adapt to the

skills of different users and prevent adversary actions like cheating [17].






Chapter 3

Single classifier approaches

In this chapter we discuss the most popular single classifiers used to classify streaming data.
In Section 3.1 we present learners proposed for stationary classification tasks that can also be
employed to classify data streams. In Section 3.2 we discuss the use of windows to model the
forgetting process, necessary to react to concept drift. Drift detectors, wrapper methods allowing
to rebuild classifiers only when necessary, are presented in Section 3.3. Finally, in Section 3.4
we discuss Very Fast Decision Trees (VFDT), an anytime system that builds decision trees using

constant time and memory per example.

3.1 Traditional learners

Some of the popular classifiers proposed for stationary data mining fulfill both of the stream mining
requirements - have the qualities of an online learner and a forgetting mechanism. Some methods
that are only able to process data sequentially, but do not adapt, can be easily modified to react
to change. In the following paragraphs we present four learners that fall into these groups: neural

networks, Naive Bayes, nearest neighbor methods, and decision rules.

Neural networks. In traditional data mining applications, neural networks are trained using
the epoch protocol. The entire set of examples is sequentially passed through the network a
previously defined number of times (epochs) and updates neuron weights, usually according to the
backpropagation algorithm. Presenting the same data multiple times allows the learner to better
adjust to the presented concept and provide better classification accuracy.

By abandoning the epoch protocol, and presenting examples in a single pass, neural networks
can easily work in data stream environments. Each example is seen only once and usually constant
time is required to update neuron weights. Most networks are fixed, meaning they do not alter
their number of neurons or architecture, thus the amount of memory necessary to use the learner
is also constant. Forgetting is a natural consequence of abandoning the epoch protocol. When not
presenting the same examples multiple times, the network will change according to the incoming
examples, thus reacting to concept drift. The rate of this reaction can be adjusted by the learning
rate of the backpropagation algorithm. A real world application using neural networks for data

stream mining is given by Gama and Rodrigues [33].

Naive Bayes. This model is based on the Bayes’ theorem and computes class-conditional prob-
abilities for each new example. Bayesian methods learn incrementally by nature and require
constant memory. Naive Bayes is a lossless classifier, meaning it “produces a classifier function-

ally equivalent to the corresponding classifier trained on the batch data” [54]. To add a forgetting

13
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mechanism usually sliding windows are employed to “unlearn” the oldest examples. A single Naive
Bayes model will generally not be as accurate as more complex models. Bayesian networks, which
give better results, are also suited to the data stream setting, it is only necessary to dynamically

learn their structure [13].

Nearest neighbor. Nearest neighbor classifiers, also called instance-based learners or lazy learn-
ers, provide an accurate way of learning data incrementally. Each processed example is stored and
serves as a reference for new data points. Classification is based on the labels of the nearest
historical examples. In this, lossless, version of the nearest neighbor algorithm called IB1, the
reference set grows with each example increasing memory requirements and classification time. A
more recent method from this family called IB3, limits the number of stored historical data points
only to the most “usefull” for the classification process. Apart from reducing time and memory
requirements, the size limitation of the reference set provides a forgetting mechanism as it removes

outdated examples from the model.

Decision rules. Rule-based models can also be adjusted to data stream environments. Decision
rule classifiers consist of rules - disjoint components of the model that can be evaluated in isolation
and removed from the model without major disruption. However, rules may be computationally
expensive to maintain as many rules can affect a decision for a single example. These observations
served as base for developing complex data stream mining systems like SCALLOP [28], FACIL [31]
and FLORA [80]. These systems learn rules incrementally and employ dynamic windows to provide

a forgetting mechanism.

3.2 Windowing techniques

The most popular approach to dealing with time changing data involves the use of sliding windows.
Windows provide a way of limiting the amount of examples introduced to the learner, thus elimi-
nating those data points that come from an old concept. The procedure of using sliding windows
for mining data stream is presented in Algorithm 3.1. Because in this work we discuss algorithms
that have the property of any-time learning and should be able to provide the best answer after
each example, the pseudo-codes do not contain explicit return statements. We assume that the

output classifier is available at any moment of the processing of the input stream.

Algorithm 3.1 The basic windowing algorithm

Input: S: a data stream of examples
W window of examples
Output: C: a classifier built on the data in window W

1: initialize window W;

2: for all examples z; € S do

3: W« Wu {(El},

4:  if necessary remove outdated examples from W
5. rebuild/update C using W;

The basic windowing algorithm is straightforward. Each example updates the window and later
the classifier is updated by that window. The key part of this algorithm lies in the definition of the
window - in the way it models the forgetting process. In the simplest approach sliding windows are
of fixed size and include only the most recent examples from the data stream. With each new data

point the oldest example that does not fit in the window is thrown away. When using windows
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of fixed size, the user is caught in a tradeoff. If he chooses a small window size the classifier will
react quickly to changes, but may loose on accuracy in periods of stability, choosing a large size
will result in increasing accuracy in periods of stability, but will fail to adapt to rapidly changing

concepts. That is why dynamic ways of modeling the forgetting process have been proposed.

3.2.1 Weighted windows

A simple way of making the forgetting process more dynamic is providing the window with a
decay function that assigns a weight to each example. Older examples receive smaller weights and
are treated as less important by the base classifier. Cohen and Strauss [19] analyzed the use of
different decay functions for calculating data stream aggregates. Equations 3.1 through 3.3 present

the proposed functions.

Werp(t) = €M, A >0 (3.1)
1
Wpoly(t) = o o> 0 (3.2)
t

wchord(t) =1- (33)

(W

Equation 3.1 presents an exponential decay function, 3.2 a polynomial function, and 3.3 a
chordal function. For each of the functions ¢ represents the age of an example. A new example
will have ¢t = 0 whilst the last example that fits chronologically in a window will have ¢t = |W|— 1.
The use of decay functions allows to gradually weight the examples offering a compromise between
large and small fixed windows. Algorithm 3.2 presents the process of obtaining a window with

decaying weights.

Algorithm 3.2 Weighted windows

Input: S: a data stream of examples
k: size of window
w(+): weight function
Output: W: a window of examples

: for all examples z; € S do
if |W| =k then
remove the oldest example from W;
W+ WuU{x};
for all examples z; € W do
calculate example’s weight w(z;);

3.2.2 FISH

Zliobaite [85] proposed a family of algorithms called FISH, that use time and space similarities
between examples as a way of dynamically creating a window. To explain her approach, let us
consider an illustrative example, which we present in Figure 3.1. A binary classification problem
is represented by black and white dots. The data generating sources change with time, gradually
rotating the optimal classification hyperplane. For a given fixed in space area, depicted with a
red circle, the correct class changes as the optimal boundary rotates. The examples shows that

similarity in an evolving environment depends on both time and space.
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Figure 3.1: Rotating hyperplane example [82]: (left) initial source S1, (center)
source S2 after 45° rotation, (right) source S3 after 90° rotation. Black and white
dots represent the two classes.

The author proposed the selection of training examples based on a distance measure D;; defined

as follows:

D;j = aldz(';') + azdﬁﬁ) (3.4)

where d®) indicates distance in attribute space, d*) indicates distance in time, and al, a2 are
the weight coefficients. In order to manage the balance between the time and space distances,
d®) and d® need to be normalized. For two examples x;, x; the author proposes Eucledian

distance (dz(-j-) = |k — x?\Q) for distance in space and the number of dividing examples

(d(t) = |i — j|) for distance in time. It is worth noticing that if a; = 0 then the measure D;; turns
into instance selection, and if a; = 0 then we have a simple window with linearly time decaying

weights. Having discussed the proposed distance measure we present FISH3 in Algorithm 3.3.

Algorithm 3.3 FISH3 [85]

Input: S: a data stream of examples
k: neighborhood size
windowStep: optimal window size search step
proportionStep: optimal time/space proportion search step
b: backward search size

Output: W: window of selected examples

1: for all examples x; € S do

2: fora=0; a<l; a+ a+ proportionStep do

3 a1 + o

4 as +— 1 —a;

5: for all remembered historical examples z; € {z;_p, ..., zi—1} do

6 calculate distance D;; using (3.4);

7 sort the distances from minimum to maximum;

8 for s=Fk; s<b; s+ s+ windowStep do

9: select s instances having the smallest distance D;

10: using cross-validation build a classifier Cs using the instances indexed {i1, ....,i5} and
test it on the k nearest neighbors indexed {i1, ..., };

11: record the acquired testing error eg;

12:  find the minimum error classifier C;, where | = arg min(e;);
I=k,....b
13: W < instances indexed i1, ..., i;

For each new example z; in the data stream, FISH3 evaluates different time/space proportions
and window sizes. For each tested time/space proportion it calculates the similarities between tar-

get observation x; and the past b instances, and sorts those distances from minimum to maximum.
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Next, the closest k instances to the target observation are selected as a validation set. This set is
used to evaluate different window sizes from k to b. FISH3 selects the training size [, which has
given the best accuracy on the validation set. For window testing, leave-one-out cross validation
is employed to reduce the risk of overfitting. Without cross validation the training set of size k
is likely to give the best accuracy, because in that case the training set is equal to the validation
set. The algorithm returns a window of [ selected training examples that can be used to learn any
base classifier.

FISH3 allows to dynamically establish the size of the training window and the proportion
between time and space weights. The algorithm’s previous version FISH2 [82] takes the time/space
proportion as a parameter, while the first algorithm from the family, FISH1 [83], uses a fixed
window of the nearest instances. To implement a variable sample size the FISH2 and FISH3
incorporate the principles from two windowing methods proposed by Klinkenberg et al. [52] and
Tsymbal et al. [75].

FISH3 is an algorithm that needs to iterate through many window sizes and time/space pro-
portions each time performing leave-one-out cross validation. This is a costly process and may be
unfeasible for rapid data streams. That is why the definition of parameters k, b, proportionStep,
windowStep is very important. It is also worth noticing that although the algorithm can be used
with any base classifier, due to the way it selects instances it will work best with nearest neighbor
type methods.

Experiments performed on 6 small and medium size data sets for 4 types of base classifiers
(decision tree, Nearest Neighbor, Nearest Mean, and Parzen Window) showed that integration
of similarity in time and feature space when selecting a training set improve generalization per-
formance [85]. Additionally, FISH2 has been compared with, and outperformed, the windowing
methods of Klinkenberg and Tsymbal. The FISH family of algorithms should be regarded as a
generic extension to other classification techniques that can be employed when dynamic widowing

is necessary.

3.2.3 ADWIN

Bifet [6, 7] proposed an adapting sliding window algorithm called ADWIN suitable for data streams
with sudden drift. The algorithm keeps a sliding window W with the most recently read examples.
The main idea of ADWIN is as follows: whenever two “large enough” subwindows of W exhibit
“distinct enough” averages, one can conclude that the corresponding expected values are different,
and the older portion of the window is dropped. This involves answering a statistical hypothesis:
“Has the average u; remained constant in W with confidence §”?7 The pseudo-code of ADWIN is
listed in Algorithm 3.4.

Algorithm 3.4 Adaptive windowing algorithm [7]

Input: S: a data stream of examples
d: confidence level
Output: W: a window of examples

1: initialize window W
2: for all x; € S do
3 W« Wu{x}

4 repeat
5: drop the oldest element from W,
6 until |ppw, — piv, | < €cur holds for every split of W into W = W - Wi;




18 Single classifier approaches

The key part of the algorithm lies in the definition of €.,; and the test it is used for. The
authors state that different statistical tests can be used for this purpose, but propose only one
specific implementation. Let n denote the size of W, and ng and n; the sizes of Wy and Wy
consequently, so that n = ng+n;. Let upw, and ppy, be the averages of the values in Wy and Wi,

and pw, and pw, their expected values. The value of €., is proposed as follows:

/1 4
€cut = % : §7 (35)

1 )
m—m, and § _E

The statistical test in line 6 of the pseudo-code checks if the observed average in both subwin-

where

dows differs by more than threshold €.,;. The threshold is calculated using the Hoeffding bound,
thus gives formal guarantees of the base classifiers performance. The phrase “holds for every split
of W into W = Wy - W;” means that we need to check all pairs of subwindows Wy and W; created
by splitting W into two. The verification of all subwindows is very costly due to the number of
possible split points. That is why the authors proposed an improvement to the algorithm that
allows to find a good cut point quickly [7]. The originally proposed ADWIN algorithms are also
lossless learners, thus the window size W can grow infinitely if no drift occurs. This can be easily
improved by adding a parameter that would limit the windows maximal size. In its original form,
proposed by Bifet, ADWIN works only for 1-dimensional data, e.g., the running error. For this
method to be used for n-dimensional raw data, a separate window should be maintained for each
dimension. Such a modified model, although costly, reflects the fact that the importance of each

feature may change at different pace.

3.3 Drift detectors

After windowing techniques, another group of algorithms allowing to adapt almost any learner to
evolving data streams are drift detectors. Their task is to detect concept drift and alarm the base
learner that its model should be rebuilt or updated. This is usually done by a statistical test that
verifies if the running error or class distribution remain constant over time.

For numeric sequences the first proposed tests where the Cumulated Sum (CUSUM) [67] and
the Geometric Moving Average (GMA) [71]. The CUSUM test raises an alarm if the mean of
the input data is significantly different from zero, while GMA checks if the weighted average of
examples in a window is higher than a given threshold. For populations more complex than
numeric sequences statistical tests like the Kolmogorov-Smirnov test have been proposed. Below,

we discuss two recently proposed tests designed for drifting data streams.

3.3.1 DDM

Gama et al. [30] based their Drift Detection Method (DDM) on the fact, that in each iteration an
online classifier predicts the decision class of an example. That prediction can be either true or
false, thus for a set of examples the error is a random variable from Bernoulli trials. That is why
the authors model the number of classification errors with a Binomial distribution. Let us denote
p; as the probability of a false prediction and s; as its standard deviation calculated as given by

Equation 3.6.

pi(1 —pz)

; (3.6)

S; =
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The authors use the fact, that for a sufficiently large number of examples (n > 30), the Binomial
distribution is closely approximated by a Normal distribution with the same mean and variance.
For each example in the data stream the error rate is tracked updating two registers: p,,;n, and
Smin- Lhese values are used to calculate a warning level condition presented in Equation 3.7 and an
alarm level condition presented in Equation 3.8. Each time a warning level is reached, examples are
remembered in a separate window. If afterwards the error rate falls below the warning threshold,
the warning is treated as a false alarm and the separate window is dropped. However, if the alarm
level is reached, the previously taught base learner is dropped and a new one is created, but only

from the examples stored in the separate “warning” window.

The values o and 8 in the above conditions decide about the confidence levels at which the
warning and alarm signals are triggered. The authors proposed o« = 2 and g = 3, giving approxi-
mately 95% confidence of warning and 99% confidence of drift. Algorithm 3.5 shows the steps of
the Drift Detection Method.

Algorithm 3.5 The Drift Detection Method [30]

Input: S: a data stream of examples
C: classifier
Output: W: a window with examples selected to train classifier C'

1: Initialize(¢, i, Siy DSmin, Pmins Smin);

2: newDrift « false;

3 W« (;

4: W'+ @;

5: for all examples z; € S do

6:  if prediction C(z;) is incorrect then

7 pi < pi + (1.0 — pi)/i;

8  else

9: pi < pi — (i) /3

10:  compute s; using (3.6);

11: i+ i+ 1;

12 if ¢ > 30 (approximated normal distribution) then
13: if p; + s; < pSmin then

14: Pmin < Di;
15: Smin < Si;
16: DPSmin < Di + 84}
17: if drift detected (3.8) then
18: Initialize(é, pi, Siys DSmin, Pmins Smin);
19: W« W'
20: W'« 0;
21: else if warning level reached (3.7) then
22: if newDrift = true then
23: W' <« 0;
24: newDrift < false
25: W' WU {x;}
26: else
27: newDrift + true;
28 W+« WuU{z;};
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Algorithm 3.6 DDM: Initialize()

Input:i, p;, Si, PSmin, Pmins Smin: Window statistics
Output: initialized statistics’ values

1: 1+ 1

2: pi 1

3: 8 + 0

4 PSmin < O0;
5 Pmin < O0;
6: Spin < 0Q;

DDM works best on data streams with sudden drift as gradually changing concepts can pass
without triggering the alarm level. When no changes are detected, DDM works like a lossless

learner constantly enlarging the window size which can lead to the memory limit being exceeded.

3.3.2 EDDM

Baena-Garcia et al. [3] proposed a modification of DDM called EDDM. The authors use the same
warning-alarm mechanism that was proposed by Gama, but instead of using the classifier’s error
rate, they propose the distance error rate. They denote p} as the average distance between two
consecutive errors and s, as its standard deviation. Using these values the new warning and alarm

conditions are given by Equation 3.9 and 3.10.

i i 3.9

pénax +2- S;naz = ( )
A

Pitdes g (3.10)
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EDDM works better than DDM for slow gradual drift, but is more sensitive to noise. Another
drawback of this method is that it considers the thresholds and searches for concept drift when a
minimum of 30 errors have occurred. This is necessary to approximate the Binomial distribution

by a Normal distribution, but can take a large amount of examples to happen.

3.4 Hoeffding trees

Decision trees were the first learners to be adapted to data stream mining by using the Hoeffding
bound. The Hoeffding bound states that with probability 1—4, the true mean of a random variable

of range R will not differ from the estimated mean after n independent observations by more than:

_ [R2n(1/5)
e= (3.11)

Using this bound, Domingos and Hulten [21] proposed a classifier called Very Fast Decision
Tree which we present in Algorithm 3.7.

The algorithm induces a decision tree from a data stream incrementally, without the need for
storing examples after they have been used to update the tree. It works similarly to the classic
tree induction algorithm [69, 16, 70] and differs almost only in the selection of the split attribute.
Instead of selecting the best attribute (in terms of split evaluation function G(-)) after viewing all
the examples, it uses the Hoeffding bound to calculate the number of examples necessary to select
the right split-node with probability 1 — é.
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Algorithm 3.7 The Hoeffding tree algorithm [21]

Input: S: a data stream of examples
X: a set of discrete attributes
G(+): a split evaluation function
d: split confidence

Output: Hr: a Hoeffding decision tree

1: Hp < a tree with a single leaf 1 (the root);
2: Xy + XU{Xo};
3: G1(Xo) < G obtained by predicting the most frequent class in S;
4: for all classes y; € Y do
for all values x;; of each attribute X; € X do
nijk(l1) < 0;
: for all examples (z,y) € S do
Sort (Z,y) into a leaf I using Hr;
for all attribute values z;; € Z such that X; € A} do
10: nuk(l) — Tlijk(l) + 1;
11:  label [ with the majority class among the examples seen so far at [;
12:  if the examples seen so far at [ are not all of the same class then

13: compute G;(X;) for each X; € & — {Xo} using the counts n;;x(1);

14: X, + the attribute with the highest Gi;

15: X3 < the attribute with the second-highest Gi;

16: compute Hoeffding bound € using (3.11);

17: if Gl(Xa) — Gl(Xb) > e and X, 7£ Xo then

18: replace [ by an internal node that splits on Xj;

19: for all branches of the split do

20: add a new leaf [,,;

21: Xm — X —{X.};

22: G (Xo) < the G obtained by predicting the most frequent class at [,,;
23: for all classes y, € J and each value x;; of each attribute X; € &, — {Xo} do
24: nijk(lm) +— 0;

Many enhancements to the basic VFDT algorithm have been proposed. Domingos and Hul-
ten [21] introduced a method of limiting memory usage. They proposed to eliminate the statistics
held by the “least promising” leafs. The least promising nodes are defined to be the ones with the
lowest values of p;e;, where p; is the probability that examples will reach a particular leaf [, and
e; is the observed rate of error at [. To reduce memory usage even more, they also suggested the
removal of statistics of the poorest attributes in each leaf.

The Hoeffding bound holds true for any type of distribution. A disadvantage of being so
general is that it is more conservative than a distribution-dependent bound and thus requires
more examples than really necessary. Jin and Agrawal [48] proposed the use of an alternative
bound which requires less examples for each split node. They also proposed a way of dealing
with numerical attributes, which VFDT originally does not support, called Numerical Interleave
Pruning (NIP). NIP creates data structures similar to histograms for numerical attributes with
many distinct values. With time, the number of bins in such histograms can be pruned allowing
the memory usage to remain constant.

A different approach to dealing with numerical attributes was proposed by Gama et al. [32].
They use binary trees as a way of dynamically discretizing numerical values. The same paper
also investigates the use of an additional classifier at leaf nodes, namely Naive Bayes. Other
performance enhancements [44, 11, 32] to Hoeflding trees include the use of grace periods, tie-
breaking, and skewed split prevention. Because it is costly to compute the split evaluation function

for each example, it is sensible to wait for more examples before re-evaluating a split node. Still,
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after each example leaf statistics are updated, but the split nodes are evaluated after a larger
number of examples dictated by a grace period parameter. Tie breaking involves adding a new
parameter 7, which is used in an additional condition ¢ < 7 in line 17 of the presented VFDT
pseudo-code. This condition prevents the algorithm form waiting too long before choosing one of
two, almost identically useful split attributes. To prevent skewed splits, Gama proposed a rule
stating that “a split is only allowed if there are at least two branches where more than p,,;, of the
total proportion of examples are estimated to follow the branch” [11].

The originally proposed VFDT algorithm was designed for static data streams and provided no
forgetting mechanism. The problem of classifying time changing data streams with Hoeffding trees
was first tackled by Hulten et al. [44] in the paper “Mining Time-Changing Data Streams”. The
authors proposed a new algorithm called CVFDT, which used a fixed-size window to determine
which nodes are aging and may need updating. For fragments of the Hoeffding tree that become
old and inaccurate, alternative subtrees are grown that later replace the outdated nodes. It is
worth noting, that the whole process does not require model retraining. Outdated examples are
forgot by updating node statistics and necessary model changes are performed on subtrees rather
than the whole classifier.

Different approaches to adding a forgetting mechanism to the Hoeffding Tree include using
an Exponential Weight Moving Average (EWMA) or ADWIN as drift detectors [5]. The latter,
gives performance guarantees concerning the obtained error rate and both mentioned methods are
more accurate and less memory consuming than CVFDT. The price the EWMA and ADWIN tree
extensions pay is the average time necessary to process a single example.

Hoeffding trees represent the current state-of-the-art in single classifier mining of data streams.
They fulfill all the requirements of an online learner presented in Section 2.3 and provide good
interpretability. Their performance has been compared with traditional decision trees, Naive Bayes,
kNN, and ensemble methods [21, 10, 32, 44, 48]. They proved to be much faster and less memory
consuming while handling extremely large datasets. The compared ensemble methods require
much more time and memory, and the accuracy boost they offer was usually marginal compared

to the used resources.
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Ensemble approaches

Classifier ensembles are a common way of boosting classification accuracy. Due to their modularity,
they also provide a natural way of adapting to change by modifying ensemble members. In this
chapter we discuss the use of ensemble classifiers to mine evolving data streams. In Section 4.1
main types of ensemble modification techniques are shown. Following sections describe three
specific adaptive ensemble algorithms. Section 4.2 discusses the Streaming Ensemble Algorithm,
Section 4.3 Accuracy Weighted Ensembles, and Section 4.4 Hoeffding Option Trees. Finally, in

Section 4.5 we propose a new data stream classifier called Accuracy Diversified Ensemble.

4.1 Ensemble strategies for changing environments

Ensemble algorithms are sets of single classifiers (components) whose decisions are aggregated by
a voting rule. The combined decision of many single classifiers is usually more accurate than that
given by a single component. Studies show that to obtain this accuracy boost, it is necessary to
diversify ensemble members from each other. Components can differ from each other by the data
they have been trained on, the attributes they use, or the base learner they have been created
from. For a new example, class predictions are usually established by member voting. A generic

ensemble training scheme is presented in Algorithm 4.1.

Algorithm 4.1 Generic ensemble training algorithm [51]

Input: S: a set of examples
k: number of classifiers in ensemble
Output: &£: an ensemble of classifiers

. € « k classifiers;

: for all classifiers C; in ensemble £ do

assign a weight to each example in S to create weight distribution D,,;
build/update C; with S modified by weight distribution D,,;

Ensemble training is a costly process. It requires at least k& times more processing than the
training of a single classifier, plus member example selection and weight assignment usually make
the process even longer. In massive data streams, single classifier models can perform better
because there might not be time for running and updating an ensemble. On the other hand, if
time is not of primary importance, but very high accuracy is required, an ensemble would be the
natural solution.

Kuncheva [54] proposes to group ensemble strategies for changing environments as follows:

23
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e Dynamic combiners (horse racing) - individual classifiers (experts) are trained in advance

and the forgetting process is modeled by changing the expert combination rule.

e Updated training data - the experts in the ensemble are created incrementally by incoming

examples. The combination rule may or may not change in the process.

o Updating the ensemble members - ensemble members are update online or retrained with
blocks of data.

e Structural changes of the ensemble - periodically or when change is detected, ensemble mem-
bers are reevaluated and the worst classifiers are updated or replaced with a classifier trained

on the most recent examples.

e Adding new features - as the importance of features evolves with time, the attributes used

by team members are changed without redesigning the ensemble structure.

We will discuss horse racing, updating members, and structural changes in more detail.

Horse racing. The horse racing approach owes its name to an example that is used to explain
this method. In a series of horse races, a person (ensemble classifier) wants to predict the outcome
of each race (example). The person has k experts (ensemble members) he can trust or ignore. For
each race the person remembers an expert’s decision and updates his trustworthiness. With each
new race the set of experts the person listens to is different as he only chooses the most trustworthy
advisors.

The most famous representatives of this group include the Weighted Majority algorithm [59],
Hedge, Winnow [58], and Mixture of experts [46]. The horse racing approach may not be always
appropriate for evolving data streams. This is because, in this approach, the individual classifiers
are not retrained at any stage. Thus, after some time, the ensemble may be left without any
experts adequate to the current concept because the available members have been trained on
outdated data. In batch learning the experts are trained on the whole (finite) set of examples, so

there is no danger of lack of expertise.

Updated training data for online ensembles. In this approach the task is to differentiate
incrementally built ensemble members. This may involve sampling [65], filtering training examples
for consecutive members so they specialize in different concept cases [15], and using data chunks
to train the experts [34]. The proposed methods following this approach are usually variants
of the corresponding batch methods for stationary environments. When faced with changing
environments, we have to introduce a forgetting mechanism. One possible solution would be to
use a window of past examples, preferably of variable size.

A different representative of this approach is the online bagging algorithm proposed by Oza [66].
In this method the experts are incremental learners that combine their decision using a simple
majority vote. The sampling, crucial to batch bagging, is performed incrementally by presenting
each example to a component k times, where k is defined by the Poison distribution. Depending
on whether the base classifier is lossless or not, this method might need a separate forgetting

mechanism.

Changing the ensemble structure. Changing the ensemble structure usually involves remov-
ing a classifier to replace it with a newer one. The problem lies in the way the dropped experts
should be chosen. The simplest strategy removes the oldest classifier in the ensemble and trains

a new classifier to take its place. Wang et al. [78] propose a more sophisticated method which
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evaluates all classifiers using the most recent chunk of data as the testing set. Street and Kim [73],
on the other hand, consider a “quality score” for replacing a classifier based on its merit to the en-
semble, not only on the basis of its individual accuracy. Both listed examples of ensemble structure
changing algorithms will be discussed in detail in Sections 4.2 and 4.3.

Structure changing can be costly due to the process of selecting the weakest ensemble com-
ponents. Nevertheless, a good selection of learners boosts classification accuracy, and sometimes

even offers mathematical assurances of the new ensemble’s performance.

4.2 Streaming Ensemble Algorithm

Street and Kim [73] proposed an ensemble method called Streaming Ensemble Algorithm (SEA)
that changes its structure to react to changes. They propose a heuristic replacement strategy of
the “weakest” expert based on two factors: accuracy and diversity. Accuracy is important because,
as the authors suggest, an ensemble should correctly classify the most recent examples to adapt to
drift. On the other hand, diversity is the source of success of such ensemble methods like bagging

or boosting in static environments. The pseudo-code for SEA is listed in Algorithm 4.2.

Algorithm 4.2 The Streaming Ensemble Algorithm [73]

Input: S: a data stream of labeled examples
d: size of data chunk x;
Q(+): a classifier quality measure
Output: &£: an ensemble of classifiers

1: for all data chunks z; € S do
2:  build classifier C; using x;;

3:  evaluate classifier C;_1 on x;;

4:  evaluate all classifiers E; in ensemble £ on x;;
5. if € not full then

6 E+—EU{Ci1 ks

7 else if Jj: Q(lel) > Q(EJ) then

8 replace member F; with C;_q;

The algorithm processes the incoming stream in data chunks. The size of those chunks is an
important parameter because it is responsible for the trade-off between accuracy and flexibility
discussed in Section 3.2. Each data chunk is used to train a new classifier, which is later compared
with ensemble members. If any ensemble member is “weaker” than the candidate classifier it is
dropped and the new classifier takes its place. To evaluate the classifiers Street and Kim propose
using the classification accuracy obtained on the most recent data chunk. They assign weights to
components according to their accuracy and additionally diversify the candidate classifiers weight

as follows:

e if both C;_; and & are correct, then the weight of C;_; is increased by 1 — |P; — Ps|;
e if C;_1 is correct and & in incorrect, then the weight of C;_; is increased by 1—|P; — Peoprect|;

e both C;_1 is incorrect, then the weight of C; is decreased by 1 — |Pc — Pc

il

where P1 and P2 denote the two highest percentages of votes gained by the decision classes,
Peorrect the percentage of votes of the correct decision class, and Pg,_, the percentage of votes
gained by the class predicted by the new candidate classifier.

In the paper introducing SEA, the authors used C4.5 decision trees as base classifiers and

compared the ensemble’s accuracy with single pruned and unpruned decision trees. SEA performed
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almost as well as a pruned tree on static data sets and much better on data sets with concept
drift. The authors also performed a series of experiments varying the number of operational
parameters. They showed that SEA performed best when no more than 25 components were used,

base classifiers were unpruned, and simple majority voting was used to combine member decisions.

4.3 Accuracy Weighted Ensemble

A similar way of restructuring an ensemble was proposed by Wang et al. [78]. In their algorithm,
called Accuracy Weighted Ensemble (AWE), they train a new classifier C’ on each incoming
data chunk and use that chunk to evaluate all the existing ensemble members to select the best
component classifiers. Wang et al. stated and proved that for an ensemble & built from the k most
recent data chunks and a single classifier Gy, also built from k& most recent chunks, the following

theorem stands:

Theorem 4.3.1 & produces a smaller classification error than Gy, if classifiers in & are weighted

by their expected classification accuracy on the test data.

The proposed weighting provides a forgetting mechanism that is capable of handling reoccurring
concept equally well to sudden drifts and periods of stability. To explain their solution, the authors
of the algorithm discuss an illustrative example that presents the importance of accurate weighting
of ensemble members.

Let us assume a stream of 2-dimensional data partitioned into sequential chunks based on their
arrival time. Let x; be the data that came in between time t; and t;4;. Figure 4.1 shows the
distribution of the data and the optimum decision boundary during each time interval. Because
the distributions in the data chunks differ, there is a problem in determining the chunks that

should remain influential to accurately classify incoming data.
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Figure 4.1: Data distribution.

Figure 4.2 shows the possible chunk sets that can be selected. The best set consists of chunks
xo and x2, which have similar class distribution. This shows that decisions based on example class
distribution are bound to be better than those based solely on data arrival time. Historical data
whose class distributions are similar to that of current data can reduce the variance of the current
model and increase classification accuracy.

The similarity of distributions in data chunks largely depends on the size of the chunks. Bigger
chunks will build more accurate classifiers, but can contain more than one change. On the other
hand, smaller chunks are better at separating changes, but usually lead to poorer classifiers. The

definition of chunk sizes is crucial to the performance of this algorithm.



4.8. Accuracy Weighted Ensemble 27

optimum boundary: —

90°80] ©6°%0
o o6©O 0..0.. 0.00‘

XX X, X1 +Xp X, +Xp

Figure 4.2: Training set selection.

According to Theorem 4.3.1, to properly weight the members of an ensemble we need to know
the actual function being learned, which is unavailable. That is why the authors propose to derive
weights by estimating the error rate on the most recent data chunk z;, as shown in Equations
4.1-4.3.

MSE = Y (- ), (4.1)
¢ (z,c)€x;
MSE, =) p(c)(1—p(c))?, (4.2)

Function fi(x) denotes the probability given by classifier C; that x is an instance of class c.
This is an interesting feature of the weight calculation, as most weighting functions use only the
components prediction rather than the probability of all possible classes. It is also important
to note, that for the candidate classifier denoted as C’, the error rate is calculated using cross
validation on the current chunk to avoid overfitting. Previous ensemble members are evaluated on
all the examples of the most recent data chunk. The value of M SE, is the mean square error of
a randomly predicting classifier and it is used to zero the weights of models that do not contain
any useful knowledge about the data.

The complete pseudo-code for the Accuracy Weighted ensemble is listed in Algorithm 4.3.

Algorithm 4.3 Accuracy Weighted Ensemble [78]

Input: S: a data stream of examples

d: size of data chunk x;

k: the total number of classifiers

C: a set of previously trained classifiers (optional)
Output: &: a set of k classifiers with updated weights

1: for all data chunks z; € S do

2:  train classifier C' on x;;

3 compute error rate of C’ via cross validation on S;
4:  derive weight w’ for C’ using (4.3);

5. for all classifiers C; € C do

6: apply C; on x; to derive M SFE;;

7 compute w; based on (4.3);

8: & « k of the top weighted classifiers in C U {C"}

9. C«+Cu{C'}

For the first k data chunks the algorithm outputs a set of all available classifiers, but when

processing further chunks it selects only the k best components to form an ensemble. Wang et al.
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discussed that for a large data stream it is impossible to remember all the experts created during
the ensembles lifetime and the selection cannot be performed on an unbounded set of classifiers.
That is why for dynamic data streams, it is necessary to introduce a new parameter that would
limit the number of classifiers available for selection.

The AWE algorithm works well on data streams with reoccurring concepts as well as different
types of drift. As with SEA it is crucial to properly define the data chunk size as it determines the
ensembles flexibility. It is also worth noticing, that AWE will improve its performance gradually

over time and is best suited for large data streams.

4.4 Hoeftfding option trees and ASHT Bagging

Recently, two interesting ensemble methods which use Hoeffding trees have been proposed.
Kirkby [51] proposed an Option Tree similar to that of Kohavi and Kunz [53] that allows each
training example to update a set of option nodes rather than just a single leaf. Option nodes work
like standard decision tree nodes with the difference that they can split the decision paths into
several subtrees. Making a decision with an option tree involves combining the predictions of all
applicable leaves into a single result.

Hoeffding Option Trees (HOT) provide a compact structure that works like a set of weighted
classifiers, and just like regular Hoeffding Trees, they are built in an incremental fashion. The
pseudo-code for the Hoeffding Option Tree is listed in Algorithm 4.4.

The algorithm works similarly to the Hoeffding Tree listed in Algorithm 3.7. The differences
show from line 18 where a new option is created. Like in most ensemble approaches, there is a limit
to the number of ensemble members denoted as k. If this limit has not been exceeded for a given
leaf, a new option path can be trained. Option creation is similar to adding a leaf to a Hoeffding
Tree with one minor difference concerning the split condition. For the initial split (line 13) the
decision process searches for the best attribute overall, but for subsequent splits (line 23) the search
is for attributes that are superior to existing splits. It is very unlikely that any other attribute
could compete so well with the best attribute already chosen that it could beat it by the same
initial margin (the Hoeffding bound practically insures that). For this reason, a new parameter ¢,
which should be much “looser”, is used for the secondary split.

For evolving data streams the author proposes to use a windowing technique that stores an
estimation of the current error at each leaf [11]. Hoeffding Option Trees offer a good compromise
between accurate, but time and memory expensive, traditional ensemble methods and fast, but
less accurate, single classifiers.

A different ensemble method designed strictly for Hoeffding trees was proposed by Bifet et
al. [10, 9]. Adaptive-Size Hoeffding Tree Bagging (ASHT Bagging) diversifies ensemble members
by using trees of different sizes. As the authors state: “The intuition behind this method is as
follows: smaller trees adapt more quickly to changes, and larger trees do better during periods
with no or little change, simply because they were built on more data” [10].

Apart from diversifying ensemble members, ASHT Bagging provides a forgetting mechanism.
Each tree in the ensemble has a maximum size s. After a node splits, if the number of split nodes
of the ASHT tree is higher than the maximum value, the tree needs to reduce its size. This can
be done by either deleting the oldest node along with its children, or by deleting all the tree nodes
and restarting its growth. The authors propose the maximal size of the n-th member to be twice
the maximal size of the (n — 1)-th tree. The suggested size of the first tree is 2. The weighting
of a component classifier in the ensemble is proportional to the inverse of the square of its error,

monitored by a exponential weighted moving average window.
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Algorithm 4.4 Hoeffding option tree [51]

Input: S: a data stream of examples

G (+): a split evaluation function

¢: split confidence

0’: confidence for additional splits

k: maximum number of options that should be reachable by any single example
Output: Hor: a Hoeffding option tree

1. Hor <+ a tree with a single leaf /; (the root);
2: for all examples z; € S do
3:  Sort x; into a leaves/option L using Hor;

4:  for all option nodes [ of the set L do

5: update sufficient statistics in [;

6: n; < the number of examples seen at [;

7 if nymodn.,i;, = 0 and examples seen at | not all of same class then
8: if [ has no children then

9: compute G;() for each attribute of z;;

10: X, < the attribute with the highest Gi;

11: X3, + the attribute with the second-highest Gi;

12: compute Hoeffding bound € using (3.11);

13: if X, # Xy and (G(X,) — Gi(Xp) > € or € < ) then

14: add a node below [ that splits on Xj;

15: for all branches of the split do

16: add a new option leaf with initialized sufficient statistics;
17: else

18: if optionCount; < k then

19: compute G;() for existing splits and (non-used) attributes;
20: s < existing child split with highest G|

21: X < (non-used) attribute with highest G}

22: compute Hoeffding bound (3.11) using ¢’ instead of §;

23: if Gi(Xs) — Gi(s) > € then

24: add an additional child option to [ that splits on Xj;

25: for all branches of the split do

26: add a new option leaf with initialized sufficient statistics;
27: else

28: remove attribute statistics stored at [;

When compared with Hoeffding Option Trees, ASHT Bagging proves to be more accurate on
most data sets, but is extremely time and memory expensive [10]. For data intensive streams
Option Trees or single classifier methods are a better choice. On the other hand, if both runtime
and memory consumption are less of a concern, then variants of bagging usually produce excellent

accuracies.

4.5 Accuracy Diversified Ensemble

In Section 4.3 we discussed the construction of the Accuracy Weighted Ensemble. Based on its
weighting mechanism, we propose a new algorithm called Accuracy Diversified Ensemble (ADE),
which not only selects but also updates components according to the current distribution.

Wang et al. designed AWE to use traditional batch classifiers as base learners. Because of
this, they have to create ensemble members from single chunks and later only adjust component
weights according to the current distribution. This makes the data chunk size a crucial parameter

for AWE’s performance. We propose to use online learners as components, so as to update existing
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members rather than just adjusting their weights. This modification allows to decrease the data
chunk size without the risk of creating less accurate classifiers.

Another drawback of AWE is its weight function. Because the algorithm is designed to perform
well on cost-sensitive data, the MSE, threshold in Equation 4.3 cuts-off “risky” classifiers. In
rapidly changing environments (like the Electricity data set presented in Section 6.2) this threshold
can “mute” all ensemble members causing no class to be predicted. To avoid this, in ADE we

propose a simpler weight function presented in Equation 4.4.

1
(MSEi + 6)

MSE; is calculated just like in Equation 4.1 and the € component is a very small constant

(4.4)

w; =

value, which allows weight calculation in rare situations when MSFE; = 0. Our slightly modified
weight function prevents the unwanted “muting” in sudden concept drift situations.

As mentioned earlier we want to update base learners according to the current distribution.
To introduce diversity, we do this only to selected classifiers. First of all, we only consider current
ensemble members - the k top weighted classifiers. Other stored classifiers are regarded as not
accurate enough to be corresponding to the current distribution. Additionally, we use M SE, as a
threshold, similarly to the way it was used in Equation 4.3 (line 12 of ADE psuedo-code). “Risky”
classifiers can enter the ensemble, but will not be updated.

The diversity introduced by updating only selected components could be marginal in periods
of stability. When no concept drift occurs, the classifiers trained on more examples are more
accurate. The most accurate classifiers are added to the ensemble and updated with new exam-
ples. Eventually, after many data chunks of stability, the ensemble can consist of almost identical
members, as they were all trained mostly on the same examples. That is why we employ online
bagging, as described in Section 4.1, for updating ensemble members. This way updating examples
are incrementally sampled reducing the risk of creating an ensemble of identical components.

The full pseudo-code of the Accuracy Diversified Ensemble is listed in Algorithm 4.5. The key

modifications, apart from base learner and weight changes, start in line 11.

Algorithm 4.5 Accuracy Diversified Ensemble

Input: S: a data stream of examples
d: size of data chunk x;
k: the total ensemble members
Output: &£: a set of k online classifiers with updated weights

1:C+ 0

2: for all data chunks z; € S do

train classifier C’ on z;;

4:  compute error rate of C’ via cross validation on S;
5. derive weight w’ for C’ using (4.4);

6: for all classifiers C; € C do
7
8
9

o

apply C; on z; to derive M SFE;;
compute weight w; based on (4.4);
. &+ k of the top weighted classifiers in C U {C"}
10 C+Cu{C'}
11:  for all classifiers C, € £ do
12: if w, > WET and C, # C' then
13: update classifier C, with x; using Oza online bagging;

Compared to existing ensemble methods the Accuracy Diversified Ensemble provides a new

learning strategy. ADE differs from AWE in weight definition, the use of online base classifiers,
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bagging, and updating components with incoming examples. Ensemble members are weighted,
can be removed, and are not always updated, unlike in the online bagging approach proposed by
Oza. Compared to ASHT and HOT, we do not limit base classifier size, do not use any windows,
and update members only if they are accurate enough according to the current distribution.

The main concept of our approach is that only components closely related to the current distri-
bution should be updated, and when done so, they need to be additionally diversified.

In Chapter 6 we compare accuracy, time, and memory performance of the Accuracy Diversified
Ensemble with four classifiers: a windowed decision tree, a Hoeffding Tree with a drift detector,
the Accuracy Weighted Ensemble, and the Hoeffding Option Tree. We check if time and memory
requirements remain constant after changing AWE’s batch members to incremental learners. We
also verify if bagging is really a good way of boosting accuracy. To do this, we perform experiments

on two versions of ADE, one with and one without bagging, and compare average results.






Chapter 5

MOA framework

Massive Online Analysis (MOA) is a software environment for implementing algorithms and run-
ning experiments for online learning [8, 12, 11]. It is implemented in Java and contains a collection
of data stream generators, online learning algorithms, and evaluation procedures.

In this chapter, we discuss the components of MOA and our contributions to the framework.
Section 5.1 describes stream generation, drift and noise addition, as well as discusses the perfor-
mance of an attribute selection filter we implemented. Section 5.2 lists the available classification
methods and describes the process of implementing a custom classifier. Finally, in Section 5.3, we
present the predefined evaluation methods in MOA and our proposition to data stream evaluation
- Data Chunks. Details concerning the code and execution of the implemented features can be

found in Appendix A.

5.1 Stream generation and management

Work in MOA is divided into tasks. Main tasks in MOA include classifier training, learner eval-
uation, stream file generation, and stream speed measurement. Tasks can be executed from a
graphical user interface (GUI) as well as from the command line. The main application window
of the GUI is presented in Figure 5.1. The user interface allows to run many tasks concurrently,

controlling their progress and presenting partial results.
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Configure

command status time elapsed current activity % complete
EvaluatePeriodicHeld. running 2401s Training
EvaluatelnterleavedTe... running 2mds Evaluating learner... 9,76
| Pause | ‘ Resume | ‘ Cancel | ‘ Delete ‘

Preview (22,50s) Auto refresh: :

evaluation instances,total train time,total train speed,last train time,last train speed,test time|
,,,,,, 0,0.2184014,457872.5227951836,0.2184014,457872.5227951836,1.872012, 534184.6099277141,
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Figure 5.1: MOA main window.
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MOA is capable of reading ARFF files, which are commonly used in machine learning thanks to
the popularity of the WEKA project [79, 41]. It also allows to create data streams on the fly using
generators, by joining several streams, or by filtering streams. The data stream generators available
in MOA are: Random Trees [21], SEA [73], STAGGER [72], Rotating Hyperplane [78, 23, 24],
Random RBF, LED [32], Waveform [32], and Function [48].

The framework also provides an interesting feature that allows to add concept drift to stationary
data streams. MOA uses the sigmoid function to model a concept drift event as a weighted
combination of two pure distributions that characterize the target concepts before and after the
drift. The user can define the concept before and after the drift, the moment of the drift, and its
width [12].

In its data stream processing workflow, MOA has a filtering stage. In its current release, the
framework only allows to add noise to the stream. That is why we decided to implement a new
filtering feature. Some real data sets for evaluating online learners like Spam Corpus or Donation
(described in detail in Section 6.2) have too many attributes. We implemented a static attribute
selection filter that allows to select the features that will be passed to the learner. It would be easy
to implement dynamic attribute selection by performing batch attribute selection on a sample
of the stream. Unfortunately, the process of filtering each example in MOA can be very time
expensive. The cost of filtering attributes is so high, because it is done after the instance has
been created. This means that to cut an example with 20,000 attributes to 15,000 attributes, first
20,000 attributes are read and used to create an instance, and later all those attributes are read
and filtered to create a new instance with 15,000 attributes. If the framework introduced a new

stage, prior to example creation, the attribute filtering process could be much more efficient.

5.2 Classification methods

The main classification methods implemented in MOA include: Naive Bayes, Hoeffding Tree,
Hoeffding Option Tree, Bagging, Boosting, Bagging using ADWIN, Bagging using Adaptive-Size
Hoeffding Trees, and the Weighted Majority Algorithm. The framework also allows to use a
classifier from WEKA and combine any learner with a drift detector. The configuration window

for an example classifier is presented in Figure 5.2.

‘clnss moa.classifiers.AccuracyWeightedEnsemble
Purpose

learner lassifier -1 (weka.classifiers.trees J48 -U -M 2)

lernerCount | 10&'

chunkSize | 500

| Help || Reset to defaults |

| OK || Cancel|

Figure 5.2: Classifier settings window.
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MOA is designed to work in modular fashion allowing users to implement their own tasks
and add them to the framework without much effort. Creating a new classifier requires only
to extend an abstract class called moa.classifiers.AbstractClassifier and implement the
desired algorithm. The setting windows in the GUI are created dynamically. Using this feature
of MOA, we implemented the AWE and ADE algorithms described in Sections 4.3 and 4.5. The
newly implemented classifiers are compared with other algorithms in Chapter 6.

5.3 Evaluation procedures

Currently MOA comes with two evaluation methods called Holdout and Interleaved Test-Then-
Train. We propose a third method that evaluates classifiers using chunks of data. All three

methods are described in the following subsections.

5.3.1 Holdout

In batch learning the most common classifier evaluation method is cross-validation. Unfortunately,
cross-validation becomes costly for large data sets and in these cases it is often accepted to measure
performance on a single holdout set. In batch learning this is done by dividing examples between
train and test sets before classifier training. In “Data Stream mining: A Practical Approach” [11],
the authors argue that data stream learning can be viewed as a large-scale case of batch learning,
and that the holdout procedure is appropriate for these environments.

The MOA implementation of holdout evaluates the model periodically, at a constant user-
defined interval, e.g., after every one million training examples. Testing the model too often is
undesired, as it may drastically slowdown the evaluation process without providing any significant
information about the tested classifier’s performance.

For data streams without concept drift, a static holdout set should accurately evaluate a clas-
sifier. The only constraints concerning the test set are that it should be independent from the
training set and sufficiently large, relatively to the target concepts complexity. For evolving data
streams, it is necessary to dynamically populate the testing set with previously unused data. This
can be done by periodically using a set of examples for testing before training.

Currently MOA provides only holdout evaluation with a static testing set. Although it is not
stated anywhere in the documentation [12], the held out set is created by taking the n first examples
from the stream, where n is the size of the testing set. In our opinion, this implementation cannot
be used to evaluate drifting data streams, as it tests the accuracy for only the first occurring

concepts.

5.3.2 Interleaved Test-Then-Train

An alternative approach to evaluating data stream algorithms involves testing the model with each
incoming example and later using that example for training. This technique does not need separate
memory for a test set and makes maximum use of the available data. When interleaving testing
with training classifier performance can be examined with the most detailed possible resolution -
for each example. That last mentioned property can be a problem, as storing statistics for each
example in large data streams could be time and memory inefficient. For this reason, MOA allows
to reduce the storage requirements of the results by recording statistics only at periodic intervals
defined by the user.

The Test-Then-Train approach can be used equally well for static and evolving data streams.

The disadvantage of this technique, compared to using a held out set, is that it is practically



36 MOA framework

impossible to correctly measure training and testing times. This method also gives obscured
accuracy results, because the classifiers will make more mistakes at the beginning of the learning
process.

In their report about data stream mining [11], Kirkby and Bifet compared average accuracy
plots for both described evaluation techniques and opted for holdout. We believe that the holdout
procedure, at least in the way it is implemented in MOA, is inappropriate for evolving data streams.
We propose a compromise between testing after each example and creating a static held out set -
data chunks.

5.3.3 Data Chunks

Evaluating with data chunks works similarly to the Test-Then-Train method with the difference
that it uses data chunks instead of single examples. The procedure reads incoming examples
without processing them, until they form a data chunk of size s. Each new data chunk is first
used to test the existing model, then it updates the model, and finally it is disposed to preserve

memory. Figure 5.3 gives an illustration of the data chunk evaluation method.

Xo X, X, X

Test model on x;

Test model on x; Test model on x,

Train model with x,, Update model with x; Update model with x, Update model with x;

Figure 5.3: Data chunk evaluation method.

This approach allows to measure training and testing times and reduces the accuracy obscuring
effect. It is suitable for static and evolving streams and provides a natural method of reducing
result storage requirements. In this approach the estimate of accuracy is still more pessimistic
than the one calculate via a static holdout procedure, but the ability to evaluate classifiers on

drifting data streams makes it much better choice.



Chapter 6

Experimental evaluation

This chapter discusses the experiments carried out to compare selected data stream algorithms
from Chapters 3 and 4. Section 6.1 lists the algorithms chosen for the comparative experiments
along with their parameter settings. Section 6.2 gives insight into the main characteristics of each
data set. Section 6.3 briefly describes the experimental environment. Finally, in Sections 6.4 and

6.5 we present and discuss experimental results.

6.1 Algorithms

One of the main goals of this thesis is to compare selected single classifier and ensemble methods in
data stream environments. For our experiments, we chose two single classifier and four ensemble
approaches, including two versions of our proposed algorithm. From single classifier methods, we
chose a Hoeffding Tree with a DDM drift detector (HT+DDM) and a tree with a static window
(Tree+Win). From ensemble methods, we chose the Accuracy Weighted Ensemble (AWE), the
Hoeffding Option Tree (HOT), and the Accuracy Diversified Ensemble with (ADEBag) and without
(ADE) bagging.

To make the comparison more significant, we tried to set the same parameter values for all
the algorithms. For ensemble methods we set the number of component classifiers to 15: AWE,
ADE, and ADEBag have 15 trees, HOT has 15 options. We also set the static window size to
15 x chunkSize to make the number of examples seen by the windowed classifier similar to that
seen by AWE and ADE. The parameters of the Hoeffding Tree with the drift detector are the same
as those of the option tree, and the base classifiers (also Hoeffding Trees) of the ensembles. All
these trees have Naive Bayes leaves, split confidence § = 0.01, and grace period v, = 100, 7y, = 200
for real and artificial data sets consequently. The secondary split confidence for HOT is set to
0’ = 0.5. The windowed tree is not a Hoeflding tree, but a traditional decision tree with Naive
Bayes leaves.

All the algorithms are evaluated using the data chunk evaluation method described in Sec-
tion 5.3.3. The data chunk size is equal d,. = 500 and d, = 1000, for real and artificial data
sets consequently. AWE uses each data chunk to build a new classifier and test those previously
created, while ADE does the same with halves of the chunks. ADE can use halves of the chunks
because it can incrementally update components, while a component of AWE is built on a chunk
and is never updated. Data chunk sizes also defined the result sampling frequency. All the result
plots consist of sampling points joined by lines, where a sampling point represents an average value

(accuracy, memory or time) of 500 or 1000 examples.
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6.2 Data sets

For the purposes of research into data stream classification there is a shortage of suitable and
publicly available real-world benchmark data sets. Most of the common benchmarks for machine
learning algorithms are not suitable for evaluating data stream classification. They contain too
few examples and do not contain any type of concept drift.

To demonstrate their systems, several researchers have used private real world data that cannot
be reproduced by others. Examples of this include the web trace from the University of Washington
used to evaluate VFDT [21], and the credit card fraud data used by Wang et al. [78, 23, 24].

That is why, it has become a common practice by researchers to publish results based also
on synthetic data sets. The authors of data stream mining algorithms have constructed unique
data generation schemes for the purpose of evaluating their models. Some of the more popular
generators are: Waveform, RBF, SEA, LED, Hyperplane and Random generated trees.

In our experiments we use four real and four synthetic data sets with concept drift, all of which

are publicly available. A short description of each data set is given below.

Electricity market data (Elec). Electricity is a data set first described by Harries [42]. It
consists of energy prices from the electricity market in the Australian state of New South Wales.
These prices were affected by market demand, supply, season, weather and time of day and evolve
seasonally while also showing sensitivity to short-term events. From the original data set we
selected only a time period with no missing values comprised of 27,552 instances described by 7
features. Decision class values “up” and “down” indicate the change of the price and are moderately
balanced (the default accuracy is 57.60%).

Ozone level detection (Ozone). Ozone is a streaming problem concerning local ozone peak
prediction, that is based on eight hours measurement [81, 82]. The data set consists of 2,534 entries
and is highly unbalanced (2% or 5% positives depending on the criteria of “ozone days”). The
true model behind the data is stochastic as a function of measurable factors and evolves gradually
over time. Another difficulty in mining this data set, is that many of the 72 features collected for

each instance are irrelevant.

Spam Assassin corpus (Spam). Spam is a series of entries of real-world spam and legiti-
mate emails chronologically ordered according to their date and time of arrival [49]. The data
set consists of 9,324 instances and initially 40,000 features selected from the Spam Assassin
(http://spamassassin.apache.org/) data collection. The data is unbalanced (20% of spam, 80%

of legitimate emails) and represents gradual concept drift.

Donation data (Don). Donation is a data set used for The Second International Knowledge
Discovery and Data Mining Tools Competition. It was also used by Wei Fan [23] to evaluate his
Systematic data selection technique. The data represents a regression problem where the goal is
to estimate the return from a direct mailing in order to maximize donation profits. In this data
set there are almost 200,000 instances described by 479 features. The data contains examples of

sudden concept drift.

LED Generator (Led). LED is popular artificial data set that originates from the CART
book [16]. It consists of a stream of 24 binary attributes, 17 of which are irrelevant, that define

the digit displayed on a seven-segment LED display. The data set is known to have an optimal
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Bayes classification rate of 74%. We use this generator to acquire 1,000,000 examples with sudden

and gradual concept drift.

Waveform (Wave). Waveform is an artificial data set used by Gama et al. [32]. It consists of
a stream with three decision classes where the instances are described 40 attributes. It is known
that the optimal Bayes error for this data set is 14%. This generator is used to acquire 1,000,000

instances with gradual concept drift.

Hyperplane (Hyp). Hyperplane is a popular data set generator used in many experiments [78,
23, 24, 82]. It is mainly used to generate streams with gradual concept drift by rotating the
decision boundary for each concept. We set the generator to create 5,000,000 instances described
by 10 features and 2 decision class values. We also add 10% of noise to the concepts to randomly

differentiate the instances.

SEA generator (Sea). SEA was proposed by Street and Kim [73]. The data set has two
decision classes with sudden concept drift and is created by generating 60,000 random points in a
three-dimensional feature space. All three features have values between 0 and 10. The generator
then divides those points into four blocks with different concepts and assigns classes according
to a linear function. For the experiments in this thesis, we generate a data stream of 20,000,000

instances with 10% of noise.

6.3 Experimental environment

All the tested algorithms were implemented in Java as part of the MOA framework. We imple-
mented the AWE and ADE algorithms, and the Data Chunk evaluation procedure. All the other
algorithms were already a part of MOA. The experiments took place on a machine equipped with
an Intel Pentium Core 2 Duo P9300 @ 2.26 GHz processor and 3.00 GB of RAM. Each algorithm
was tested on 8 data sets, described in the previous section, using the Data Chunk evaluation

procedure.

6.4 Results

According to the main characteristics of data streams described in Chapter 2, we divide the
results into three groups. First, in Section 6.4.1, we analyze the algorithms’ time performance.
We compare train and test times, and verify if the constant processing time requirement is met.
In Section 6.4.2, we discuss the algorithms’ memory usage over time. Finally, in Section 6.4.3 we
compare the classification accuracies achieved by all the algorithms.

The most common way of displaying results in data stream mining papers is a graphical plot,
typically with the number of training examples on the x-axis [11]. During our experiments, we
generated 4 plots for each data set: train time, test time, memory usage, and accuracy. The most
interesting figures will be discussed in the following sections along with tabular summaries. All

the generated plots are given in Appendix B.

6.4.1 Time analysis

Tables 6.1 and 6.2 present average chunk train and test times for each data set. We can see that
single classifiers process data streams much faster than ensemble methods. This is quite natural

as simpler learners usually require less time for training and testing.
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Table 6.1: Average test and train times in ms for data chunks in real data sets.

Elec Ozone Spam Don
Train | Test Train | Test Train Test Train Test
HOT 101.11 6.64 62.40 | 1.00 || 13160.98 1430.62 || 2168.54 17.19
AWE 56.91 | 13.29 || 179.40 | 27.30 - - || 3290.93 | 1074.98
HT+DDM 4.04 | 0.58 19.50 7.80 || 7100.80 | 2921.81 53.17 5.55
Tree+Win 20.51 1.44 || 15.60 7.80 - - 1.55 17.02
ADE 75.11 | 15.31 || 241.80 | 54.60 - - || 3292.64 | 1086.82
ADEBag 72.22 | 15.31 || 237.90 | 54.60 - - || 3351.61 | 1090.17

Table 6.2: Average test and train times in ms for data chunks in artificial data sets.

Led Wave Hyp Sea
Train Test Train Test Train Test Train Test
HOT 563.68 9.93 || 2573.86 51.27 || 5170.84 | 14.18 || 4876.41 6.44
AWE 751.40 | 181.85 558.21 | 159.19 41.13 | 4.96 29.44 5.61

HT+DDM || 22.44 12.07 140.60 8.07 || 1998.79 7.95 || 2125.06 | 2.40
Tree+Win 23.08 | 200.19 25.44 18.41 28.24 | 8.45 25.63 2.66
ADE 803.93 | 185.39 636.59 | 162.06 240.22 | 49.39 90.05 | 18.84
ADEBag 798.01 | 184.64 646.62 | 164.53 251.89 | 53.05 95.68 | 19.67

An interesting observation, that concerns not only time experiments, is that due to the
large number of attributes in the Spam data set (20,000 attributes) AWE, ADE, ADEBag, and
Tree+Win were unable to process that stream. To explain this, let us notice that the Naive Bayes
tree that was windowed is not an incremental learner and builds complex models more quickly
than Hoeffding trees. That is why it used more memory than the Java heap size limit. Similarly,
ensemble methods build 15 models instead of 1 and also fail to process the Spam data set with

the available memory.
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Figure 6.1: Chunk test time on the Waveform data set. Constant testing time for
all the algorithms and a visible example of concept drift.
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Figure 6.2: Chunk train time on the Waveform data set. An example of linear
training time growth for HOT and HT+DDM.

Looking at test time plots, like the one presented in Figure 6.1, we can notice that testing times
remain close to constant through out the whole processing of the data stream. This observation
is true for all data sets (see plots B.9-B.16). On the other hand, classifier training is not constant
for all algorithms (see plots B.1-B.8). HOT shows clear linear growth of training time when no
sudden drift occurs. HT4+DDM keeps low training time for smaller data sets, but also requires
linearly more time for large data sets. An example of the linear growth of training time for HOT
and HT4+DDM can be seen in Figure 6.2.

The growth of training time for HOT and HT+DDM is due to the fact that we did not restrict
maximum model memory. We did so to test the algorithms in an environment optimal for their
performance. Hoeffding trees, like most decision trees, become more complex as they see more
examples. In periods of stability HOT and HT+DDM will successively grow bigger trees, thus
consuming more memory. The windowed tree, AWE, and ADE are built from a limited number of
data chunks and have an architectural memory limit. Theoretically ADE and ADEBag components
could become more complex in periods of stability, but as these experiments show this is practically
impossible.

Single classifiers seem to be the best choice when processing time is of crucial importance. For
large data sets, AWE, ADE and ADEBag come close second, as HOT and HT+DDM clearly lose

on this criterion, gradually requiring more and more processing time.

6.4.2 Memory usage

According to Table 6.3, HT+DDM used the least memory for small data sets, but consumed more
resources than AWE, ADE, and ADEBag for the three largest data streams. Sadly, due to bad
wrapping between MOA and WEKA objects, the framework outputted incorrect model size values
for the windowed tree. We believe, that its size should remain close to constant after a window of
examples. As this approach builds only one classifier, it is very probable that the windowed tree

would be the most memory effective approach for large data streams.
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Table 6.3: Average trained model size for all data sets measured in MB.

Elec || Ozone || Spam Don Led || Wave || Hyp Sea
HOT 0.41 0.08 29.78 || 13.97 || 2.76 || 12.27 || 18.49 || 24.45

AWE 0.23 0.28 - 5.52 0.58 0.33 0.17 0.18
HT+DDM || 0.02 0.03 || 23.69 0.66 || 0.06 1.17 || 14.05 || 21.54
Tree+Win - - - - - - - -
ADE 0.36 0.36 - 5.64 0.88 0.92 0.86 0.46
ADEBag 0.30 0.36 - 5.64 0.95 1.00 0.88 0.48

An interesting fact can be noticed when analyzing Figures 6.3 and 6.4. For small data sets (Elec,
Ozone, Spam, Don, Wave) the Hoeffding Option Tree clearly requires linearly more memory with
each processed data chunk. Interestingly, for the largest data sets (Hyp, Sea) HOT reaches a point
where the model’s size remains constant. We did not limit memory usage for these experiments,
so this must mean that the model’s ability to evolve has reached its limit. After expanding all 15

options for each node the tree might not be able grow any more.
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Figure 6.3: Memory usage on the Donation data set. Linear growth of HOT and
relatively large memory usage of ensemble methods compared to HT+DDM.

The analysis of all memory plots (Figures B.17-B.24) shows that memory requirements are
similar to training time requirements. HT4+DDM and HOT need much more memory for larger
data sets than Tree+Win, AWE, ADE, and ADEBag, which processed the data streams using

constant memory.

6.4.3 Classification accuracy

Table 6.4 presents average classification accuracies obtained by the tested algorithms on all the
data sets. Average accuracy is a good measure for evaluating overall performance, but in evolving
environments, the classifiers reaction to change is of crucial importance. That is why we analyze
more thoroughly two plots presenting the reaction of algorithms to gradual and sudden concept
drift.
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Figure 6.4: Memory usage on the SEA data set. An example of linear memory
growth for HOT and HT+DDM, and a case of HOT reaching its option limit.

Table 6.4: Average accuracy for all data sets in percent.

Elec Ozone || Spam Don Led Wave Hyp Sea

HOT 74.37 91.60 || 75.25 94.35 70.68 || 82.57 || 85.07 || 89.81
AWE 71.22 67.59 - 94.35 71.16 79.63 70.38 78.52
HT+DDM 70.04 84.29 67.03 || 94.35 69.93 81.27 84.40 89.54
Tree+Win 66.32 || 91.60 - 89.18 67.76 58.60 72.27 83.02
ADE 74.92 76.56 - 94.34 71.41 82.26 84.72 88.61
ADEBag 74.25 76.56 - 94.34 || 71.42 82.50 84.98 88.75

Figure 6.5 shows the accuracy plot for the Waveform data set, where gradual drift occurs
around the 300,000th example. Most of the tested classifiers react to the change with a short drop
in accuracy, which is later corrected after adjusting to the new concept. The only approach that
fails to successfully cope with gradual change is the windowed tree. Because its forgetting process
is static, it has no chance of unlearning outdated examples quickly, and since the drift is spread in
time, its decrease in accuracy is longterm.

More complex concept drift was introduced in the generation of the LED data set. We joined
two gradually evolving LED data sets with a sudden change. After half million examples we
replaced one data source with another. The algorithms’ reactions to this type of change are
presented Figure 6.6.

We see that all classifiers become less accurate after the sudden drift. Once again the windowed
tree suffers the most, but the accuracy drop is not as drastic as it was for the Waveform data set.
For this, more complex, concept drift other algorithms also have problems with adjusting to change.
ADE and ADEBag seem to cope best with this situation. HOT, which performed well before the
drift, falls down even below the level of AWE.

In periods of stability, HOT and HT+DDM grow accurate but complex structures, which are
later difficult to rebuild. AWE, ADE, and ADEBag are modular, allow quick substitution of

components, and therefore quick reaction to sudden drifts.
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Figure 6.5: Accuracy on the Waveform data set.
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Figure 6.6: Accuracy on the LED data set.

It is hard to select one most accurate classifier from the compared algorithms. For large data
streams with little and mostly gradual concept drift, HOT gives best results with ADEBag and
HT+DDM being close second. For the smallest data set, the windowed tree works best. For the
most rapidly changing streams (Elec, LED), the ADE approaches proved to be the most flexible.
We clearly see that depending on time and memory requirements, as well as predicted types of

drift, different approaches work better.
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6.5 Remarks

Recently, Bifet et al. [10] showed a comparison of many online learning algorithms, including HOT
and HT+DDM. Their results, concerning these two classifiers, our similar to ours: HT+DDM is
faster and much more memory efficient than HOT. The only difference is that on the majority
of their data sets HT+DDM classified better, while our experiments proved HOT to be more
accurate. This difference may be dependent on the data streams they used for evaluation. During
their tests, Bifet et al. generated two streams of 10 million and two of 1 million data points,
whereas we tested a stream up to 20 million examples.

Our experiments, like most data stream classifier evaluations [10, 44, 30, 78], measure memory
requirements of algorithms rather than examining their performance in environments with insuffi-
cient RAM. Additional tests need to be performed in order to see if HOT is equally accurate when
it has only the memory used by ADE or HT+DDM.

The comparison of AWE with HOT and HT4+DDM was, to our knowledge, never done before.
Although AWE is more flexible when handling sudden drift presented in LED, HOT and HT+DDM
outperform the weighted ensemble on all the other data sets. AWE was previously compared with
a decision tree built on a window of examples [78] with results similar to ours. In most cases,
weighting chunks of examples according to distribution improves classifier accuracy.

The Accuracy Diversified Ensemble is our methodological contribution and therefore was not
previously compared with any other algorithm. ADE was more accurate than AWE on all but
one data set whilst still requiring constant processing time and memory. We find it to be a
promising compromise between accurate but time and memory costly HOT and HT+DDM, and the
slightly lighter but much less accurate AWE and simple windowing technique. Further experiments,
especially simulating limited memory environments, need to be performed to fully confirm our
approach’s usefulness.

Discussing the design of the Accuracy Diversified Ensemble, we were not sure if bagging was
really the best choice to additionally diversify ensemble members. We decided to test our approach
in two versions - with and without online sampling. Table 6.5 compares the average performance
of both methods on all data sets.

Table 6.5: Average accuracy, time, and memory performance for ADE and ADEBag.

Chunk train | Chunk test | Memory | Accuracy
ADE - - - +0.11%
ADEBag +3.07% +5.59% +4.90% -

We see that the ADE version with bagging requires more time and memory. This is a small
overhead caused by the sampling process. What is surprising, bagging does not improve accuracy
on an average. ADEBag had better accuracy on 4 data streams, was equally good three times, and
lost only on the Electricity data set. The fact that ADE was much better on that last mentioned
data set made the result in Table 6.5 unfavorable for the version with bagging.

For the majority of data sets bagging did not change or improved the accuracy of the ADE very
slightly. We believe that adding more diversity ADE components could make the classifier more
accurate, but different methods than bagging (e.g. the use of different base classifiers or boosting)

have to be explored.






Chapter 7

Conclusions

In this thesis we addressed the problem of mining time evolving data streams. We defined the main
characteristics of data streams and discussed different types of changes that occur in streaming
data. During our discussion we focused on non-random class definition changes called concept
drift. We reviewed existing single classifier and ensemble approaches to mining data streams with
concept drift. Our analysis led to the development of a new algorithm called Accuracy Diversified
Ensemble, which is based on our critique of the earlier developed Accuracy Weighted Ensemble.

Moreover, one of the aims of this thesis was the evaluation of the Massive Online Analysis
framework as a software environment for research on learning from evolving data streams. MOA is
a relatively young project and still needs some work to become a reliable data stream development
tool. MOA’s modular structure and dynamic graphical interface creation similar to WEKA are
good decisions. But even with its close relation to WEKA, MOA sometimes has trouble with
communicating with its relative. Not being able to correctly determine model size when using a
WEKA classifier is one of the cases. A different limitation is the inability of a MOA wrapper in
WEKA to handle class attributes other than nominal.

The authors of MOA wrote a manual [12] and a technical report [11], which document the
frameworks usage and theoretical foundations. On the other hand, MOA’s source code is not
documented. This makes code re-usage more difficult and does not facilitate the frameworks
future development. A different technical remark concerns the result generation in MOA. When
evaluating a classifier in MOA, results appear incrementally as the stream is being processed. If
at one point of the data stream the classifier or framework crashes, all results are lost. This is
an implementation decision, as results acquired prior to the crash could be easily saved. In our
opinion, outputting partial results with additional error information would be a better solution.

MOA has had only one stable release to date. Nevertheless, it contains 8 of the most popular
data stream generators, 11 classifiers, 3 evaluation methods and many other functions implemented
in a single package. MOA is surely the most comprehensive benchmark environment dedicated
solely to data stream mining. Despite its drawbacks, there is a chance that with the effort of its
authors it will become a commonly known framework for mining concept drifting streams, like
WEKA is for traditional data mining.

We extended the MOA framework by implementing our Accuracy Diversified Ensemble, the
Accuracy Weighted Ensemble, and a data chunk evaluation method to experimentally compare
selected single and ensemble data stream classifiers. We found that the classifier proposed by us
requires constant time and memory, and gives comparably good or better accuracy than more

resource expensive methods. Additionally, during the evaluation of our algorithm, we verified the
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usefulness of bagging as a way of additionally diversifying our ensemble. We found that bagging
provided time and memory overhead without improving accuracy.

Our experimental results can be partially compared with previous publications. Findings con-
cerning the windowed classifier, Hoeffding Option Tree and Hoeffding Tree with a drift detector,
are similar to those stated by Bifet et al. [10]. The main difference in results is that in our setting
the Hoeffding Option Tree was practically always more accurate than the single Hoeffding Tree
with a drift detector, while the tests of Bifet et al. showed a slight domination of the single classi-
fier. Our comparison of the Accuracy Weighted Ensemble and the Accuracy Diversified Ensemble
with different algorithms provides new, previously unpublished results.

The analysis of algorithms reviewed in this thesis shows that mining of data streams with
concept drift is growing into a new branch of knowledge discovery, with its own unique research
problems. The need for online processing with time and memory constraints forces researchers to
focus on resource usage while designing accurate classifiers. Additionally, concept drift introduces
the requirement for a forgetting mechanism that dynamically removes outdated data. The MOA
framework proposes a way of unifying the implementation and evaluation of algorithms that tackle
these problems. This shows that data stream mining is becoming a mature field of study aiming
to meet the challenges of the data stream phenomenon in real life applications.

As future work, we plan to carry out additional experiments to analyze the relationship between
data chunk size and the performance of bagging in the Accuracy Diversified Ensemble. Further-
more, since bagging did not prove to provide additional accuracy to our method, we also plan to
explore different ways of diversifying ensemble members like the use of heterogeneous base learners
or boosting. Finally, in future experiments we plan to compare a larger number of algorithms to

take a broader look at the performance of the most recent stream mining techniques.



Appendix A

Implementation details

In this appendix we describe the installation process and the most important implementation de-
tails of the software attached to this thesis. Section A.1 lists software requirements and presents
the installation process. Section A.2 discusses the implementation of the Attribute Filter, Section
A.3 the implementation of the Data Chunk Evaluation procedure, Section A.4 the implementa-
tion of the Accuracy Weighted Ensemble algorithm. Finally, in Section A.5 we shortly lists the

parameters of our algorithm - the Accuracy Diversified Ensemble.

A.1 MOA Installation

MOA is written in Java and requires at least JRE 5 for running and Java 5 SDK for development.
Due to Java’s portability, MOA can be run on Windows, Mac and Unix/Linux systems. The
framework requires the following files:

e moa.jar (http://sourceforge.net/projects/moa-datastream/)
e weka.jar (http://sourceforge.net/projects/weka/)

e sizeofag.jar (http://www.jroller.com/resources/m/maxim/sizeofag. jar)

An extended version of MOA is provided with this thesis. To run a MOA task from the command
line on Windows, use the following pattern:
java.exe -cp <moaFolder>\moa.jar -javaagent:<sizeofagFolder>\sizeofag.jar

moa.DoTask <taskName> <taskParameters>

For example:
java.exe -cp "C:\moa.jar" -javaagent:"C:\sizeofag.jar" moa.DoTask
EvaluateInterleavedChunks -1 AccuracyWeightedEnsemble -i 1000000

-s generators.WaveformGenerator

To run the graphical interface:
java -cp <moaFolder>\moa.jar -javaagent:<sizeofagFolder>\sizeofag.jar

moa.gui.TaskLauncher
The MOA distribution comes with two run files (moa.sh and moa.bat), which ease the execution

of the graphical interface. More details concerning the use of the graphical interface and command

line can be found in the Masive Online Analysis Manual [12].
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A.2 Attribute filtering

The Attribute Filter allows to select the attributes of each example that will be passed to the
learner. For streams with many features the filtering process can significantly slow down stream
processing, but allows to decrease model size. The attributes to be removed are specified by indexes
of the unwanted attributes. The user can list single attributes separated by commas (1,4,12) or
define ranges of attributes (5-8,13-41).

The filter is implemented in the file RemoveAttributesFilter.java placed in the moa.
streams.filters package of the MOA framework. RemoveAttributesFilter extends the

AbstractStreamFilter class and can be only used with the Filtered-Stream method.

Parameters:

e -a: Indexes of attributes to be removed (-1 = no filtering)

Example usage:

java.exe -cp moa.jar -javaagent:sizeofag.jar moa.DoTask LearnModel
-s (FilteredStream -s (ArffFileStream -f (ozone.arff))
-f (RemoveAttributesFilter -a 1))

A.3 Data chunk evaluation

The Data Chunk Evaluation procedure evaluates a classifier on a stream by testing then training
with consecutive data chunks. In the implementation, accuracy, time, and memory are updated
with each example in the data chunk and later averaged. Similarly, in the training phase, the
classifier is trained incrementally (when possible), but the created model is available for further
processing after the whole data chunk rather than after each example. Thus, the sampling interval
should be equal or greater than the data chunk size.

The evaluation method is implemented in the file EvaluateInterleavedChunks. java placed
in the moa.tasks package of the MOA framework. EvaluateInterleavedChunks extends the
MainTask class and is available directly from the task selection combo box in the graphical inter-

face.

Parameters:

e -1 : Classifier to train

e -s: Stream to learn from

e -¢ : Classification performance evaluation method

e -i : Maximum number of instances to test/train on (-1 = no limit)

e -c : Number of instances in a data chunk

e -t : Maximum number of seconds to test/train for (-1 = no limit)

e -f: How many instances between samples of the learning performance
e -b : Maximum byte size of model (-1 = no limit)

e - : How many instances between memory bound checks

e -d : File to append intermediate csv results to
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e -O : File to save the final result of the task to

Example usage:
java.exe -cp moa.jar -javaagent:sizeofag.jar moa.DoTask
EvaluateInterleavedChunks -1 HoeffdingTreeNB -s generators.WaveformGenerator

-i 1000000 -c 1000

A.4 Accuracy Weighted Ensemble

The Accuracy Weighted Ensemble was implemented according to the pseudo-code listed in Algo-
rithm 4.3. Instance based pruning and other enhancements for cost-sensitive applications [78] were
not implemented. The number of folds parameter is used only for candidate classifiers built from
the most recent data chunk. Previously built classifiers are tested on the entire, most recent data
chunk. The train and test sets for cross-validation are created by the trainCV() and testCV()
methods implemented in WEKA.

The classifier is implemented in the file AccuracyWeightedEnsemble.java placed in the
moa.classifiers package of the MOA framework. AccuracyWeightedEnsemble extends the
AbstractClassifier class and is available from the learner selection dialog in the graphical in-

terface.

Parameters:

e -1 : Member classifier type

e -n : Maximum number of classifier in an ensemble

e -r : Maximum number of classifiers to store and choose from when creating an ensemble
e —c : Chunk size used for member creation and evaluation

e -f: Number of cross-validation folds for candidate classifier testing

Example usage:
java.exe -cp moa.jar -javaagent:sizeofag.jar moa.DoTask
EvaluateInterleavedChunks -1 (AccuracyWeightedEnsemble -n 20 -c 1000)

-s generators.WaveformGenerator -i 1000000 -c 1000

A.5 Accuracy Diversified Ensemble

The Accuracy Diversified Ensemble was implemented according to the pseudo-code listed in Algo-
rithm 4.5 with an option that determines whether or not to perform bagging.

The classifier is implemented in the file AccuracyDiversifiedEnsemble. java placed in the
moa.classifiers package of the MOA framework. AccuracyDiversifiedEnsemble extends the

AccuracyWeightedEnsemble class and shares all its parameters.

Parameters:

e Same parameters as Accuracy WeightedEnsemble
e -b : If set, no bagging is performed

e -a: If set, a bagged example is always presented to the classifier (always add 1 to the sampled

Poison distribution)
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Example usage:
java.exe -cp moa.jar -javaagent:sizeofag.jar moa.DoTask
EvaluateInterleavedChunks -1 (AccuracyDiversifiedEnsemble -a -n 20 -c 1000)

-s generators.WaveformGenerator -i 1000000 -c 1000
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Streszczenie

W dobie spoleczenstwa informacyjnego, uzytkownicy komputerow przyzwyczajeni sa do groma-
dzenia i wspoétdzielenia danych niemal w dowolnym miejscu i czasie. Portale spotecznosciowe, ban-
kowosé elektroniczna, ustugi telekomunikacyjne, czy wspoéldzielenie filméw oraz muzyki to tylko
niektére ze zjawisk powodujacych gwaltowny wzrost liczby przechowywanych i przetwarzanych
danych. Raport sprzed dwdch lat [35] szacowal, ze rozmiar §wiata danych elektronicznych wynidst
w 2007 roku 281 miliardéw gigabajtéw i ze rozmiar ten wzros$nie pieciokrotnie do roku 2011. Ten
sam raport zaklada, ze do konica 2010 roku potowa z wytwarzanych danych nie bedzie trwale zapi-
sywana na zadnych nosnikach. Powodem tego sa po czesci nowe rodzaje zastosowan informatyki,
w ktérych przetwarzane informacje przyjmuja postaé strumieni danych.

Strumienn danych moze byé postrzegany jako sekwencja elementéw (np. billingéw rozméw te-
lefonicznych, odwiedzin strony internetowej, odczytéw z czujnikéw), ktére napltywaja w sposéb
ciaggly w zmiennych interwalach czasu. Strumienie, jak inne duze wolumeny danych, moga by¢
przedmiotem eksploracji danych i odkrywania wiedzy, czyli procesu poszukiwania nowych, nie-
trywialnych i potencjalnie uzytecznych wzorcéw z danych [26, 14]. Eksploracja strumieni danych
przedstawia nowe wyzwania w stosunku do tradycyjnie pojetej eksploracji danych. W rozwazanym
problemie rozmiar przetwarzanych danych jest uznawany za zbyt duzy do trwatego przechowywa-
nia, a tempo naplywania nowych elementéw nie jest znane. Stad potrzeba rozwijania nowych,
dedykowanych podej$é¢ do eksploracji strumieni.

Niniejsza praca podejmuje tematyke eksploracji strumieni danych ze zmienng definicjg klas.
Jako jeden z podstawowych celéw przyjeto dokonanie przegladu i eksperymentalnego poréwna-
nia istniejacych metod klasyfikacji strumieni danych. Zaproponowano réwniez nowy algorytm
oparty na krytyce istniejacego rozwiazania i skonfrontowano jego trafno$¢, wymagania czasowe
oraz pamieciowe z innymi metodami. Jako dodatkowe cele przyjeto implementacyjne rozszerzenie
i wykorzystanie do eksperymentéw srodowiska MOA, ktore jest nowym projektem i nie zostalo
jeszcze szerzej opisane przez osoby inne niz przez autorow. Postanowiono zbadaé¢ przydatnoéé
MOA do tworzenia i poréwnywania nowych rozwiazan z dziedziny eksploracji strumieni danych.

Ze wzgledu na charakterystyke strumieni danych, strumieniowe algorytmy eksploracji musza
przetwarzaé¢ pojawiajace si¢ elementy przyrostowo, przetwarzajac kazdy przyklad tylko raz, przy
ograniczonym czasie, ograniczonej pamieci, dostosowujac sie rownoczeénie do zmian w zrédle stru-
mienia. Zrédlo strumienia jest tutaj rozumiane jako definicja klas decyzyjnych pozwalajaca ge-
nerowaé nowe przyklady. Typowe zmiany w Zrodle strumienia to zanikniecie klasy, pojawienie
sie nowej, stopniowa zmiana definicji, gwaltowna zmiana definicji, oraz czasowo zanikajaca klasa.
O ile ograniczenia czasowe i pamieciowe bywaly juz wczeéniej implementowane w propozycjach
algorytmow eksploracji danych, o tyle zmiany definicji klas w czasie sg cecha charakterystyczna
strumieni i nie byly rozwazane w tradycyjnych metodach eksploracji.

Przeglad najpopularniejszych metod eksploracji strumieni danych mozna podzieli¢ na dwie

grupy: pojedyncze klasyfikatory oraz klasyfikatory zlozone. Grupe pojedynczych klasyfikatordw
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otwieraja algorytmy znane z tradycyjnej eksploracji danych jak metoda najblizszych sasiadéw,
sztuczne sieci neuronowe [33], metody bayesowskie [13], czy reguly decyzyjne [28, 31, 80]. Wszyst-
kie wymienione metody, po drobnych modyfikacjach, moga by¢ wykorzystane do klasyfikowania
strumieni. Tradycyjne metody eksploracji sa rozwijane od wielu lat i istnieje wiele gotowych im-
plementacji, a nawet calych §rodowisk do ich testowania. Wada tych podejé¢ jest to, ze daja one
z reguly gorsze rezultaty niz metody wyspecjalizowane w przetwarzaniu strumieni [5].

Do specjalistycznych metod klasyfikacji strumieni nalezy miedzy innymi technika okien prze-
suwnych pozwalajaca ograniczy¢ pamieé algorytméw do najnowszych przyktadéw. Dwa najciekaw-
sze algorytmy z tej grupy to FISH [83, 82, 85] i ADWIN [6, 7]. Innym sposobem na ,zapomina-
nie” przestarzalych przykladoéw w strumieniach danych jest przebudowa klasyfikatora po wykryciu
zmiany. Do tego celu wykorzystywane sa detektory zmian jak DDM [30] czy EDDM (3], ktére ob-
serwujac rozkltad btedéw popelianych przez klasyfikator staraja sie okresli¢é moment wystapienia
zmiany w zrodle strumienia.

Najbardziej znanym pojedynczym klasyfikatorem zaprojektowanym do przetwarzania strumieni
danych jest algorytm VEDT (Very Fast Decision Tree) [21]. Klasyfikator ten jest modyfikacja
drzewa decyzyjnego, ktéra pozwala przyrostowo budowaé klasyfikator gwarantujac réwnoczesnie
trafnos¢ klasyfikacji bliska drzewu budowanemu wsadowo, na calym zbiorze danych. Gwarancja
trafnosci jest zapewniana przez wykorzystanie granicy Hoefffdinga jako mechanizmu okreslajacego
liczbe przyktadéw potrzebnych do stworzenia najlepszego, z zadanym przez uzytkownika prawdo-
podobienstwem, rozgaltezienia. Z racji wykorzystania owego mechanizmu, algorytm VFDT jak i
wszystkie jego modyfikacje sa nazywane drzewami Hoeffdinga.

Klasyfikatory zlozone to zbiory pojedynczych klasyfikatoréw, zwanych klasyfikatorami bazo-
wymi, ktére wspoélnie (z reguly przez glosowanie) przewiduja klase decyzyjna. Modularna budowa
klasyfikatoréw ztozonych sprawia, ze maja one wiele cech przydatnych w przetwarzaniu strumieni
danych. Wazenie gloséw klasyfikatoréw bazowych pozwala dynamicznie reagowa¢ na zmiany. Bu-
dowanie nowych klasyfikatoréw bazowych z nadchodzacych przykladéw pozwala stopniowo po-
lepszaé dziatanie klasyfikatora bez przebudowywania wcze$niej nauczonych fragmentéw. Gléwna
wada klasyfikatoréw zlozonych jest ich czas dzialania. Przetwarzaja one dane z reguly o wiele
dtuzej niz pojedyncze klasyfikatory, lecz oferuja czesto znacznie lepsza trafnosé klasyfikacji.

Do jednych z pierwszych zaproponowanych strumieniowych klasyfikatoréw zlozonych naleza
algorytmy Streaming Ensemble Algorithm (SEA) [73] i Accuracy Weighted Ensemble (AWE) [78].
Obie metody przetwarzaja strumien paczkami (ang. data chunks), z ktérych buduja nowe klasyfi-
katory bazowe. Nastepnie, jesli to korzystne, nowo-zbudowany klasyfikator bazowy zastepuje inny,
wstabszy”klasyfikator bazowy. O sile”klasyfikatora decyduje nadana mu waga, ktora jest inaczej
obliczana dla obu algorytméw. SEA zlicza bledy popelniane przez kazdy klasyfikator bazowy, a
nastepnie sprawdza zgodnos¢ glosow miedzy nimi by okresli¢ wagi. Sprawdzajac zgodno$¢ pre-
dykcji elementow skladowych, SEA premiuje klasyfikatory bazowe, ktore specjalizuja sie w innych
przykladach niz pozostali glosujacy. Algorytm AWE jako wage przypisuje oszacowany na naj-
nowszej paczce przykladéw blad éredniokwadratowy danego klasyfikatora bazowego. Jesli element
sktadowy A ma najmniejszy btad sredniokwadratowy na ostatniej paczce, to AWE zaktada, ze nad-
chodzace przyktady beda podobne do tych z ostatniej paczki i nadaje najwyzsza wage elementowi
sktadowemu A.

Zupelnie innym typem klasyfikatora zlozonego jest niedawno zaproponowany algorytm Ho-
effding Option Tree (HOT) [51]. Algorytm jest zainspirowany wczesniejsza praca Kunza oraz
Kohaviego [53] i modyfikuje ich pomysty, by dopasowaé klasyfikator do $wiata strumieni danych.
HOT mozna sobie wyobrazi¢ jako skompresowana postaé kliku drzew Hoeffdinga potaczonych jed-

nym korzeniem. Jest to uproszczony opis, ale przedstawia gléwne zalety tego podejécia: gwarancje
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trafnosci zapewniang prze granice Hoeffdinga, zlozenie decyzji kilku klasyfikatoréw bazowych i
malg zajeto$é pamieciowa. Innym klasyfikatorem wykorzystujacym drzewa Hoeffdinga jest ASHT
Bagging [10, 9]. W tym algorytmie drzewa Hoeffdinga sa skladowymi klasyfikatora zlozonego, a
wagi sa im nadawane zgodnie z liczba popelnianych bledéw. Cecha szczegdlna tej metody jest
wprowadzenie ograniczen na kolejne drzewa sktadowe - kazde drzewo ma okredlony maksymalny
rozmiar, dwa razy wiekszy od poprzedniego drzewa. Po przekroczeniu swojego rozmiaru drzewo
jest budowane od poczatku z nowych przykladéw. Rézne rozmiary drzew dzialaja jak rézne ro-
dzaje pamieci. Drzewa wigksze pamietaja lepiej starsze przyklady, a drzewa male specjalizuja sie
w tych najnowszych.

Analiza wymienionych algorytméw doprowadzita do zaproponowania w tej pracy nowego kla-
syfikatora zlozonego o nazwie Accuracy Diversified Ensemble (ADE). ADE opiera sie gléwnie na
krytyce algorytmu AWE - wprowadza do niego nowe elementy zachowujac idee wazenia elementéw
sktadowych wedlug btedu éredniokwadratowego. Klasyfikatorami bazowymi w ADE sa drzewa Ho-
effdinga, a nie jak w AWE zwykle drzewa decyzyjne lub inne tradycyjne klasyfikatory. Zmiana ta
pozwala na douczanie wczesniej stworzonych sktadowych, a tym samym na zmniejszenie rozmiaru
paczek przykladéw bez niebezpieczenstwa budowania mniej trafnych drzew. Klasyfikatory bazowe
sg tak jak w oryginalnym algorytmie wazone wedlug bledu éredniokwadratowego, lecz sama funk-
cja obliczajaca wage zostala zmodyfikowana. Zniesiono prog bledu pozwalajacy przypisa¢ wage,
by uniknaé¢ zaobserwowanego w eksperymentach dla AWE zjawiska zerowania wszystkich wag przy
naglych zmianach w strumieniu. By dodatkowo premiowaé skladowe trafnie klasyfikujace przy-
ktady z ostatniej paczki, zaproponowano doucza¢ klasyfikatory bazowe zbudowane na poprzednich
paczkach, tylko jedli ich obecna trafno$¢ przekracza prog wyznaczany na podstawie rozkladu przy-
ktadéw w ostatniej paczce.

Proponowany algorytm moze za pomoca jednej paczki douczy¢ wiecej niz jeden klasyfikator
bazowy. By uniknaé teoretycznego niebezpieczenstwa upodobniania si¢ drzew sktadowych, po-
stanowiono wykorzystaé zaproponowany przez Oze algorytm Online Bagging [66] do dodatkowej
dywersyfikacji klasyfikatoréw bazowych. By sie upewnié, ze takie dynamiczne urozmaicanie skla-
dowych jest konieczne, w eksperymentach poréwnano dwie wersje ADE - z i bez baggingu.

Jednym z celow tej pracy bylo implementacyjne rozszerzenie, wykorzystanie do testow i ocena
srodowiska MOA. MOA (ang. Massive Online Analysis) to srodowisko do implementowania i
przeprowadzania eksperymentéw na algorytmach klasyfikujacych strumienie danych [8, 12, 11].
Zaimplementowane jest w jezyku Java i zawiera zbiér generatoréw strumieni, algorytméw eksplo-
racji danych i metod oceny algorytméw. Praca w MOA podzielona jest na zadania (ang. task).
Do podstawowych zadan oferowanych przez srodowisko naleza: uczenie klasyfikatora, ocena kla-
syfikatora, generowanie strumienia do pliku, pomiar predkosci strumienia. Wszystkie zadania
moga by¢ wykonywane z poziomu interfejsu graficznego lub konsoli. Ciekawa opcja jest mozliwosé
wykonywania kilku zadan réwnolegle z poziomu interfejsu graficznego.

Strumienie danych w MOA moga by¢ generowane, odczytywane z plikow ARFF, taczone i
filtrowane. Wazna opcja jest réwniez mozliwos¢ wprowadzania dynamicznych zmian definicji klas w
czasie. MOA zawiera najpopularniejsze generatory strumieni, w tym: Random Trees [21], SEA [73],
STAGGER [72], Rotating Hyperplane [78, 23, 24], Random RBF, LED [32] i Waveform [32].
W ramach rozszerzania srodowiska zaimplementowano w tej pracy metode usuwania wybranych
atrybutéw ze strumienia. Zauwazono, ze etap filtrowania, oryginalnie zaimplementowany w MOA,
znacznie spowalnia przetwarzanie strumieni i wymaga optymalizacji.

W MOA zaimplementowano szereg popularnych klasyfikatoréw strumieniowych, w tym: Na-
iwny Bayes, drzewa Hoeffdinga, HOT, Bagging Ozy, Boosting, okno przesuwne ADWIN, ASHT
Bagging i Weighted Majority Algorithm. Srodowisko pozwala réwniez na wykorzystanie klasyfika-
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tora z platformy WEKA w polaczeniu z detektorem zmian (DDM lub EDDM). W ramach tej pracy
zaimplementowano i dodano do MOA algorytmy AWE i ADE. Podobnie jak w érodowisku WEKA |
napisanie wlasnego klasyfikatora w MOA wymaga jedynie zaimplementowania klasy dziedziczacej
z klasy AbstractClassifier, a interfejs graficzny dla takiej klasy jest tworzony dynamicznie.

Ostatnim rozszerzeniem jakie w tej pracy wprowadzono do MOA jest nowa metoda oceny kla-
syfikatoréw. Oryginalnie w MOA istniejg dwie metody szacowania skutecznosci klasyfikatoréw:
Holdout i Interleaved Test-Then-Train. Pierwsza z nich wykorzystuje n poczatkowych przykladéw
jako testowe i co pewien interwal czasowy sprawdza trafno$é klasyfikatora uczonego na pozostaltych
elementach strumienia. Druga metoda wykorzystuje kazdy nowy przyklad najpierw do testowania,
a nastepnie do douczania klasyfikatora. Wada metody Holdout jest statycznosé zbioru testujacego,
ktora moze skutkowaé ztg ocena dla zmieniajacych sie strumieni. Z kolei metoda Interleaved Test-
Then-Train wykonuje testy bardzo czesto zanizajac trafno$¢ klasyfikacji i uniemozliwiajac osobny
pomiar czasu dla uczenia i testowania. Postanowiono zaimplementowaé¢ metode oceny bedaca
kompromisem pomiedzy tymi wcze$niej wymienionymi - metode oceny paczkami. Metoda oceny
paczkami (ang. Data Chunk Evaluation) grupuje przyklady w paczki, ktére najpierw wykorzy-
stywane sa do testowania a pézniej do uczenia. Tworzenie paczek pozwala obliczaé czas uczenia
i testowania grup przykladéw oraz niweluje problem zanizania trafnosci klasyfikacji wystepujacy
w metodzie Interleaved Test-Then-Train. Metoda ta moze réwniez by¢ wykorzystywana do oceny
dzialania klasyfikatoréw na strumieniach zmiennych w czasie, gdyz zbiér nie jest statyczny tak jak
w metodzie Holdout. Wszystkie testy wykonane w ramach tej pracy wykorzystywaly do poréwny-
wania klasyfikatoréw metode oceny paczkami.

Do eksperymentalnego poréwnania algorytméw wybrano dwa klasyfikatory pojedyncze (drzewo
Hoeffdinga z detektorem DDM i drzewo decyzyjne z oknem przesuwnym), dwa klasyfikatory zto-
zone (AWE i HOT) i dwie wersje zaproponowanego w tej pracy algorytmu ADE (z i bez baggingu).
Dzialanie kazdego z algorytmoéw przetestowano na czterech rzeczywistych i czterech sztucznie wy-
generowanych zbiorach danych. Ogélnodostepne rzeczywiste zbiory danych sa male w poréwnaniu
ze strumieniami narzucajacymi wymagania pamieciowe i czasowe. Dlatego wlaénie wykorzystano
cztery generatory do stworzenia sztucznych strumieni majacych po 1, 5 i 20 milionéw przykltadéw.
Dla wszystkich zbioréw poréwnywano czas uczenia, testowania, zajeto$¢ pamieciows i trafnosé
klasyfikacji. Wszystkie wyniki zaprezentowano w postaci przebiegéw czasowych w dodatku B.

Wyniki pokazuja, ze pojedyncze klasyfikatory przetwarzaja strumienie szybciej niz ztozone kla-
syfikatory. Jest to spodziewany wynik, gdyz prostsze klasyfikatory z reguly dziataja szybciej niz
bardziej zlozone. Dla pieciu najmniejszych zbioréw zuzycie pamieci bylo najmniejsze dla drzewa
Hoeffdinga, a dla wiekszych strumieni najlepiej spisywaly sie algorytmy AWE i ADE. Klasyfikatory
HOT i drzewo z detektorem zmian wykazywaly wprost proporcjonalny do liczby przetworzonych
przykladéw wzrost wymagan pamieciowych. Przyklad réznych wynikéow dla réznych rozmiaréw
strumieni pokazuje jak wazny jest zakres eksperymentéw na algorytmach strumieniowych i jak po-
trzebne sg sztuczne generatory danych. Réznice w trafnosci klasyfikacji byty stosunkowo niewielkie
pomiedzy algorytmami HOT, ADE i drzewem Hoeffdinga. Klasyfikatory AWE i drzewo z oknem
przesuwnym wypadly o wiele gorzej. Widaé, ze zaproponowany algorytm ADE przy niewielkim
wzroécie czasu przetwarzania i zajeto$ci pamieciowej znacznie poprawil swoja trafnosé klasyfika-
cji w stosunku do pierwowzoru. Ponadto, ADE ma stale wymagania pamieciowe i czasowe, w
przeciwienstwie do HOT i drzewa Hoeffdinga, ktorych wymagania potrafity rosnaé z czasem.

Jak wspomniano wczeéniej, podczas testéw porownaliSmy dwie wersje algorytmu ADE. Okazato
sie, ze dodanie baggingu do procesu douczania klasyfikatorow bazowych nie podniosto znaczaco
trafnosci klasyfikacji. Ponadto, bagging wniést dodatkowe, choé¢ réwniez niewielkie, narzuty cza-

sowe 1 pamieciowe. Wydaje sie, ze ADE juz bez baggingu radzi sobie dobrze z dywersyfikacja
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klasyfikatoréw bazowych i je$li mozna osiagnaé jakie$ korzysci z réznicowania drzew sktadowych
w algorytmie to wydaje sie, ze nie przez bagging.

Wyniki eksperymentéw przeprowadzonych w ramach tej pracy mozna czeSciowo poréwnaé z
publikacjami innych autoréw. Poréwnanie wynikéw czasowych, pamieciowych i trafnosci klasyfi-
kacji dla algorytméw HOT, drzewa Hoeffdinga i metody przesuwnych okien wypada podobnie jak
w artykule napisanym przez Bifeta et al. [10]. Gléwna réznica polega na tym, ze w testach w
tej pracy HOT uzyskiwal zwykle lepsza trafnosé klasyfikacji niz pojedyncze drzewo Hoeffdniga z
detektorem zmian podczas, gdy u Bifeta byto odwrotnie. Poréwnanie AWE i ADE z pozostatymi
algorytmami w tej pracy nie bylo nigdy wczes$niej przeprowadzane i przedstawia nowe, wczesniej
niepublikowane rezultaty.

Przeglad algorytmoéw dokonany w tej pracy pokazuje, ze eksploracja strumieni danych ze
zmienng definicja klas ksztaltuje sie jako nowa galaz odkrywania wiedzy ze swoimi wlasnymi
problemami badawczymi. Ograniczenia czasowe i pamieciowe nalozone na algorytmy sprawiaja,
ze trafno$é klasyfikacji nie moze by¢ traktowana jako najwazniejsze kryterium oceny klasyfikatora.
Ponadto, zmiennosé problemu decyzyjnego w czasie wymaga projektowania mechanizméw zapo-
minania zwykle niewystepujacych w tradycyjnych metodach eksploracji danych. Srodowisko MOA
jest propozycja zunifikowania sposobu implementacji i testowania algorytméw, ktore mierza sie z
tymi problemami. To kolejny znak na to, ze eksploracja strumieni danych staje si¢ coraz dojrzalsza
dziedzing informatyki dazaca do sprostania nadchodzgcym wyzwaniom $wiata rzeczywistego.

W ramach dalszych badan, planowane jest przeprowadzenie dodatkowych eksperymentéw
sprawdzjacych czy rozmiar paczki przykltadéw wplywa na wyniki osiggane przez ADE z baggin-
giem. Ponadto, planowane jest zbadanie wplywu na trafnos¢ klasyfikacji ADE innych niz bagging
metod dywersyfikacji sktadowych jak na przyklad uzywanie réznych typéw klasyfikatorow bazo-
wych czy boosting. Dodatkowe eksperymenty beda okazja do poszerzenia testu o inne algorytmy

eksploracji i dokonania tym samym pelniejszego przegladu dostepnych metod.






© 2010 Dariusz Brzezinski

Poznan University of Technology
Faculty of Computing Science and Management
Institute of Computing Science

Typeset using IMTEX in Computer Modern.
BibTEX:

Gmastersthesis{BrzezMs2010,
author = {Dariusz Brzezi{\’n}ski},
title = {Mining data streams with concept drift},
school = {Poznan University of Technology},
address = {Pozna{\’n}, Poland},
year = {2010}



	1 Introduction
	1.1 Motivation
	1.2 Thesis structure
	1.3 Acknowledgments

	2 Mining data streams
	2.1 Data streams
	2.2 Concept drift
	2.3 Data stream mining
	2.3.1 Online learning
	2.3.2 Forgetting mechanisms
	2.3.3 Taxonomy of methods

	2.4 Applications
	2.4.1 Monitoring systems
	2.4.2 Personal assistance
	2.4.3 Decision support
	2.4.4 Artificial intelligence


	3 Single classifier approaches
	3.1 Traditional learners
	3.2 Windowing techniques
	3.2.1 Weighted windows
	3.2.2 FISH
	3.2.3 ADWIN

	3.3 Drift detectors
	3.3.1 DDM
	3.3.2 EDDM

	3.4 Hoeffding trees

	4 Ensemble approaches
	4.1 Ensemble strategies for changing environments
	4.2 Streaming Ensemble Algorithm
	4.3 Accuracy Weighted Ensemble
	4.4 Hoeffding option trees and ASHT Bagging
	4.5 Accuracy Diversified Ensemble

	5 MOA framework
	5.1 Stream generation and management
	5.2 Classification methods
	5.3 Evaluation procedures
	5.3.1 Holdout
	5.3.2 Interleaved Test-Then-Train
	5.3.3 Data Chunks


	6 Experimental evaluation
	6.1 Algorithms
	6.2 Data sets
	6.3 Experimental environment
	6.4 Results
	6.4.1 Time analysis
	6.4.2 Memory usage
	6.4.3 Classification accuracy

	6.5 Remarks

	7 Conclusions
	A Implementation details
	A.1 MOA Installation
	A.2 Attribute filtering
	A.3 Data chunk evaluation
	A.4 Accuracy Weighted Ensemble
	A.5 Accuracy Diversified Ensemble

	B Additional figures
	Bibliography
	Streszczenie

