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“By three methods we may learn wisdom: First, by
reflection, which is noblest; Second, by imitation,
which is easiest; and third by experience, which is
the bitterest.”

Confucius (551-479 B.C.) Philosopher

Abstract

Nowadays, overwhelming volumes of sequential data are very common in scientific and

business applications, such as biomedicine, stock markets, retail industry, and commu-

nication networks. Time series and data streams are the two most popular types of

sequential data. The main difference between them is that time series is on a single

variable domain, while data streams are generally on a multivariate domain. However,

they do share some unique characteristics: possibly infinite volume, time-ordered and

dynamically changing. In this dissertation, we propose classification algorithms for time

series and data streams that satisfy strict constraints, such as bounded memory, single

pass, real-time response and concept-drift detection. Here, a concept drift refers to the

situation where the data’s underlying distribution changes over time.

For massive time series datasets, classification algorithms that are based on motifs

(frequent subsequences) are preferable since it not only has low complexity but can also

achieve high accuracy. However, state-of-the-art algorithms can only find motifs with a

predefined length, which greatly affects their performance and practicality. To overcome

this challenge, we introduce the notion of a closed motif; a motif is closed if there is no

motif with a longer length having the same number of occurrences. We also propose a

novel closed-motif-based classifier, which is lightweight, effective and efficient for time

series classification.

Furthermore, we continue to examine a more challenging problem of classifying data

streams in a multivariate domain. Here, we are confronted with a feature drift problem,
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where the importance/relevance of a set of features will change over time. We propose

a general framework to integrate feature selection and heterogeneous ensemble learning,

which is able to adapt to different types of concept drifts and works well with various

kinds of datasets. The ensemble consists of well-chosen online classifiers and is equipped

with an optimal weighting method. It updates online classifier members for gradual

drifts, and replace outdated members by new ones for feature drifts.

Additionally, we extend our algorithms in a practical environment, where labeled

data is very scarce and there is a need for the concurrent mining of data streams in order

to make full use of the single-pass data. Conventional stream mining algorithms only

focus on stand-alone mining tasks. Therefore, we propose an incremental algorithm that

performs clustering and classification concurrently, which not only maximize throughput,

but also achieve better mining results. Moreover, enhanced with a novel active learning

technique, our algorithm only requires a small number of queries to work well with very

sparsely labeled data streams.

Finally, as the volume of sequential data grows steadily, a single computer with limited

computing power may soon be insufficient for the mining processes. Cloud computing,

a cutting-edge technology that provides elastic computing on demand, will certainly

facilitate large sequential data mining. Therefore, we plan to adapt and migrate our

algorithms to a cloud computing platform in the future.
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“Research is creating new knowledge.”

Neil Armstrong (1930-2012) Astronaut

“To raise new questions, new possibilities, to regard
old problems from a new angle, requires creative
imagination and marks real advance in science.”

Albert Einstein (1879-1955) Physicist

1
Introduction

1.1 Background

Data mining, which is ‘a process of intelligent computation to extract hidden knowledge

from large datasets and to present them in compact, understandable models and patterns’,

has attracted much attention in academia and industry [5]. Traditional data mining

mostly focused on mining resident and static data repositories that usually fit in main

memory and can be read repeatedly. However, with technological developments, many

organizations have generated large amounts of data at higher speeds than ever, giving

rise to the emergence of massive sequential data. In general, a sequence is an ordered

list of events, each of which can be a symbolic value, a numerical value, a vector of real

values or a complex data type. In this thesis, we consider the two most popular types of

sequential data: “streaming time series” and “data streams”.

A streaming time series is a string of massive chronological observations, which can

be found in scientific and business applications, such as biomedicine, sensor networks

and stock markets. For example, electrocardiograms (ECGs) that record heartbeats are

1



Chapter 1. Introduction

widely used for initial screening and diagnosis. An ECG is usually recorded at 360Hz

or above, and a patient generates up to 100MB of ECG time series per day. A large

hospital with thousands of patients can easily generate terabytes of data per day. Given

a patient’s ECG, how does one classify whether he has a heart disease?

Data streams are often generated by real-time surveillance industry, online transac-

tions in retail industry, communication networks, and scientific experiments. For ex-

ample, on a daily basis, Amazon records millions of click-streams that capture users’

activities on its website; Google handles more than 100 million searches; NASA satellites

generate around 1.5 TB images; large banks have millions of credit cards and ATM opera-

tions; and popular social networks, such as, Facebook and Twitter, generate tremendous

amounts of online multimedia and textual data. There are several research problems,

such as classifying malicious online transactions, distinguishing different types of users

and categorizing discussion topics in social networks.

The main difference between time series classification and data stream classification

is that time series classification is on a single variable domain, while data stream classi-

fication is on a multivariate domain. Time series classification looks at each time series

(variable) as one unit and each time series with all its data objects is used for classifi-

cation. Time series classification preserves the integrity of a time series by considering

each streaming time series as a whole. On the other hand, data stream classification

considers each example with many variables as one unit, it preserves the concurrence of

all variables. For example, Figure 1.1(a) illustrates a time series of two ECG cycles: a

normal ECG at the top and an abnormal ECG at the bottom. Time series classification

looks at a whole ECG series as an input, therefore, preserves the integrity of a time series.

Figure 1.1(b) shows a log record of Web click-streams, including a visitor ID, IP address,

time-stamp, duration, byte transfer, page URL, etc. These variables are considered as

one unit in Web click-stream classification. However, time series data and data streams

2



Chapter 1. Introduction
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Normal ECG

Abnormal ECG

(a)

Variables Information

Visitor ID  41521390

IP Address 2.111.94.18

Timestamp 06-12-11 0:55

Access request GET

Status code 200

Duration (second) 5.02

Bytes transfer 1540096

Page URL  http://www.amazon.com/

Referral Page http://sce.ntu.edu.sg/Pages/Home.aspx

User Agent Safari; iPad;  en-us

Figure 1.1: Examples of time series data and data streams.

both share some unique characteristics: possibly infinite volume, time-ordered and dy-

namically changing. Due to these characteristics, the field of mining these complex data

remains a challenging problem. To be able to work with these data, algorithms have to

satisfy some strict constraints, such as bounded memory, single pass, real-time response

and concept-drift detection. In other words, since the volume of data is huge and comes

at a high speed; algorithms must work with limited memory resource, process a data

item at most once, produce results in a real-time manner and detect the evolution of the

underlying data.

Much work have been proposed in this research field: time series classification [2,6–10],

data stream classification [11–23], time series clustering [24–26], data stream cluster-

ing [27–39], frequent patterns in time series [3, 40–46] and data stream [47–55]. In this

thesis, we consider the classification problem for streaming time series and data-streams.

1.2 Motivations

Classification or supervised learning is probably the most well-studied problem in data

mining. It is widely used for a vast diversity of applications such as document classi-

fication, computer vision, natural language processing, biological classification, pattern

3



Chapter 1. Introduction

recognition, and security informatics. In general, classification is a two-step process.

In the learning step, a model is built to generalize a predetermined training dataset

with its provided class labels. Once trained, the model is then used to predict the class

label of new data in the testing step. There are many classification techniques in the

literature, such as decision tree [56–58], Bayesian classification [59,60], rule-based classifi-

cation [61,62], neural networks [63], support vector machines [64], k-nearest-neighbor [65]

and ensemble classifiers [66]. These algorithms are extended to work for time series and

data streams. Although there are many classification algorithms for time series [2, 6–10]

and data streams [11–23], they still have limitations. We list some of the most important

ones as follows:

• For time series classification:

– Most of the time series classifiers do not work in a streaming manner. They

cannot update their models with continuously arriving data.

– Many time series classifiers are based on finding frequent subsequences, which

are representatives of each class. However, the length of the subsequences

must be predefined.

• For data stream classification:

– Many data stream classifiers do not work well with high dimensional data due

to the-curse-of-dimensionality problem, where all data objects appear to be

sparse and dissimilar.

– Most data stream classifiers have low accuracy and do not adapt well to dif-

ferent types of concept drifts.

– Most data stream classifiers do not work well with very sparsely labeled

datasets. They usually assume that data is fully labeled; therefore, their

accuracy drops quickly when working with sparsely labeled datasets.

4



Chapter 1. Introduction

– Most data stream algorithms focus on stand-alone mining tasks. Given the

single-pass nature of data streams, it makes sense to maximize throughput by

performing multiple complementary mining tasks concurrently.

1.3 Objectives

To address the above challenges, this thesis first investigates the state-of-the-art classifi-

cation algorithms for time series and data streams under strict constraints. The ultimate

goal of our research is to develop classification frameworks for streaming time series and

data streams, which are fast, accurate and scalable with respect to the size and dimen-

sionality of datasets. Here, we focus on the following research issues:

1.3.1 Closed Motifs for Streaming Time Series Classification

Motif discovery, which aims to find frequent patterns or subsequences (called motifs), is

one of the most important time series mining tasks. It is an essential preprocessing pro-

cedure that is widely used for time series classification and other mining tasks. Although

several algorithms have been proposed to solve this problem, there are many limitations.

To reduce computational requirements, most existing work limits the search space using

the assumption that the length of motifs w must be predefined [40–44]. However, these

algorithms are very sensitive to the choice of w. If the value of w is too small, only sub-

sequences of the hidden patterns can be found and a large number of redundant motifs

will be produced; if the value of w is too large, patterns may not be found because pat-

terns followed by different adjacency subsequences (tails) are considered unmatched [10].

Therefore, it is difficult to determine the optimal length of interesting motifs; a subopti-

mal choice results in missing the key motifs or having too many redundant motifs. Even

if the value of w is properly configured, only motifs with length w can be discovered.
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Consequently, the problem of finding different length motifs for streaming time se-

ries is a critical issue. Most time series algorithms in the literature have not properly

addressed it yet. To address this issue, we introduce the definition of closed motifs and

propose a novel algorithm to classify streaming time series.

1.3.2 Heterogeneous Ensemble for Feature Drifts in Data Streams

In high-dimensional data stream, not all data features (attributes) are important to the

learning process. The critical task of dimension reduction techniques is to extract the set

of relevant and non-redundant features so that the learning process is more meaningful

and faster. Moreover, in data streams, the importance of a feature evolves over time

and is restricted to a certain time period. Features that are previously considered as

informative may become irrelevant; and vice-versa, those rejected features may become

important features in the future. Data streams algorithms are required to monitor the

evolution of features, which can be considered as a sophisticated case of concept drifts

called feature drifts.

Generally, there are two common approaches to handle to concept drifts: online

incremental learning and ensemble learning. Incremental learning trains a single classifier

and updates it with newly arriving data. Ensemble learning manages concept drifts using

any of the following adaptive approaches: (1) majority vote or weighting combination [67],

(2) real-time updates the individual classifiers [18, 68], and (3) changing the ensemble

structure by replacing outdated classifiers [19, 22]. However, none of them adapts well

to feature drifts. Hence, we propose a framework to incorporate feature selection into

a heterogeneous ensemble. This approach can adapt well to different types of concept

drifts in high dimensional data streams.
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1.3.3 Concurrent Semi-Supervised Learning for Data Streams

Although many algorithms have been proposed to work with data streams, they only

focus on stand-alone mining tasks. In practical applications, it is desirable to concurrently

perform multiple types of mining in order to better exploit data streams. For example,

website administrators want to use clickstream data to classify users into specific types

and cluster Web pages of similar topics at the same time in order to enhance the user’s

experience. In addition, concurrent mining offers potential synergy: “the knowledge

gained by one mining task may also be useful to other mining tasks”. Unfortunately,

there is currently little research on concurrent stream mining.

Moreover, data streams are huge so that we are only able to label a small portion of

them. It is necessary to support experts to decide on “which samples should be labeled?”

Active learning attempts to address this problem by finding important samples from

newly arrived instances for labeling. It aims to achieve an accurate predictive model

using as few labeled instances as possible; thereby, minimizing the labeling cost. In

summary, there is a need to provide a concurrent mining framework that is able to

concurrently perform many mining tasks for sparsely labeled data streams and is able to

help experts on labeling important instances.

1.4 Scope and Limitations

This dissertation mainly covers classification problem of massive sequential data. It also

includes feature selection, clustering, and active learning in order to improve the learning

process. The study will not cover other mining tasks, such as frequent pattern mining,

outlier detection, graph mining and social network analysis. Furthermore, this study

looked into two popular types of sequential data: time series data and data streams.

We currently do not include on other types of sequential data; for example, complex

symbolic sequences (such as a sequence of items bought by a customer over a period of
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time < (milk, bread); (egg, potato); (coke, cheese, apple) >) and complex event sequences

(such as a patient record with multiple numerical measurement, category fields and text

descriptions). Finally, we implicitly perform basic preprocessing techniques on the input

dataset in our experiments. We remove data objects with missing values and then perform

z-normalization afterwards.

1.5 Approach and Methodology

We adopt an online–offline approach, which will be discussed in Chapter 2. We con-

tinuously update the synopsis of upcoming data in a real-time manner and perform

classification upon user requests. In Chapter 3, we build a synopsis of streaming time

series data in the form of a suffix tree. We update the tree according to a probabilistic

model, and a new node is only created whenever there exist a motif belonging to it.

Only closed tree nodes are used as inputs to the nearest-neighbor classifier. Similarly, we

develop a hierarchical tree structure to summarize statistical properties of data streams

in Chapter 5. The tree structure is dynamic; it has the ability to extend to maximum

height and merge child nodes that are all dense or sparse. We further deploy a time fad-

ing model on this tree structure to diminish the effect of old data. For outdated data, its

weight on the tree structure is gradually decreased and it will eventually be deleted. As

a result, we have a multi-resolution summary of data streams while conserving memory

space. Then, classification and clustering are concurrently performed on this tree syn-

opsis. Clustering utilizes the presence of labeled data to produce more precise clusters;

conversely, the classification exploits the clustering results to make its prediction more

accurate.

In Chapter 4, we integrate feature selection and ensemble learning for high-dimensional

data streams. Typically, there are three feature selection models: the filter model, wrap-

per model and hyper model. We chose the filter model as it is fast and suitable for data
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streams. We detect feature drifts by modifying the FCBF feature selection algorithm

in a sliding window manner [69]. A heterogeneous ensemble is then constructed based

on the output of the important feature set. The ensemble is updated by replacing out-

dated classifier members, and then applying an optimal weighting method to achieve

high accuracy. The ensemble is able to adapt well to different types of concept drifts.

1.6 Contributions

We have developed various advanced classification algorithms for streaming time series

and data streams. The contributions of this dissertation are summarized as follows:

• In order to discover motifs with appropriate lengths, we have introduced the defi-

nition of closed motifs and proposed a novel time series classifier that is based on

closed motifs. We first build a synopsis of streaming time series data in the form

of a suffix tree. The synopsis is constructed and updated in real-time using only

a single pass, so that our algorithm is able to process massive time series at high

data rates. Then, we traverse the tree to discover closed motifs by applying the

downward closure property. We further implement our algorithm together with

a user-friendly toolkit ARC-VIEW, which is capable of visualizing high-resolution

motifs in streaming time series. Moreover, we demonstrate the usefulness of closed

motifs in time series classification. The nearest neighbor classifier we use is based

on the most distinctive closed motifs; it outperforms prominent classifiers in terms

of accuracy and speed for many datasets in various domains.

• We propose an algorithm called HEFT-Stream (Heterogeneous Ensemble with Feature

drifT for Data Streams) that incorporates feature selection into a heterogeneous

ensemble for adapting to different types of concept drifts. Feature selection helps
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to extract the most informative feature subset that accelerates the learning pro-

cess and increases accuracy. We first apply feature selection techniques on the

data streams in a sliding window manner and monitor the feature subset to detect

feature drifts representing sudden concept drifts. The heterogeneous ensemble is

constructed from well-chosen online classifiers. The ratios of classifier types are

dynamically adjusted to increase the ensemble’s diversity, and allows the ensemble

to work well with many kinds of datasets. Moreover, the ensemble adapts to the

severity of concept drifts; we update the online classifier members for gradual drifts,

and replace outdated members by new ones for sudden drifts. We have conducted

extensive experiments to show that our ensemble outperforms state-of-the-art en-

semble learning algorithms for data streams.

• We investigate the potential of concurrent semi-supervised learning on data streams

and propose an incremental algorithm called CSL-Stream (Concurrent Semi–supervised

Learning of Data Streams) that performs clustering and classification at the same

time. We have conducted extensive experiments to show that CSL-Stream out-

performs state-of-the-art data stream algorithms in terms of speed, accuracy and

scalability. Experimental results also showed that it can produce mining results

in a real-time manner, making it suitable for online applications. Moreover, en-

hanced with a novel active learning technique, CSL-Stream only requires a small

number of queries to work well with very sparsely labeled datasets. The success

of CSL-Stream paves the way for new research direction in understanding latent

commonalities among various data mining tasks in order to exploit the power of

concurrent stream mining.
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1.7 Thesis Structure

This first chapter introduces the background, motivations, research objectives and briefly

described contributions of our study in the area of classification for streaming time series

and data streams. The remainder of the thesis is organized as follows:

• Chapter 2 presents common background knowledge of mining streaming time series

and data streams. We discuss characteristics of these complex data and present a

general mining model for these data. We also survey various traditional classifiers

and state-of-the-art classifiers for streaming time series and data streams. We

further discuss the relationships among them, summarize their advantages and

limitations, and evaluate their capabilities in terms of satisfying the above mining

constraints.

• With this background, we begin Chapter 3 with our first contribution in developing

a novel classification algorithm for streaming time series, which is based on closed

motif discovery. In this chapter and subsequent two chapters, both theoretical

proofs and empirical studies are elaborated.

• Chapter 4 introduces a general framework to integrate feature selection and het-

erogeneous ensemble learning for data stream classification.

• In Chapter 5, we present our proposed framework on concurrent semi-supervised

learning.

• Finally, we conclude the thesis in Chapter 6 and more importantly, discuss inter-

esting future work to continue to push boundaries.
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“Look deep into nature, and then you will under-
stand everything better.”

Albert Einstein (1879-1955) Physicist

“Research is to see what everybody else has seen,
and to think what nobody else has thought.”

Albert Szent-Gyrgyi (1893-1986) Physicist

2
Literature Review

2.1 Introduction

Nowadays, with the advance of technology, many applications generate huge amounts

of sequential data at very high speed. Examples include stock market, biomedicine,

sensor networks, network traffic, web click streams, and video surveillance. There are

two popular types of massive sequential data: time series and data streams. Extracting

hidden knowledge/patterns from these massive sequential data confronts several common

challenges and has become a hot research topic. Unlike traditional data mining where

the dataset is static and can be repeatedly read, algorithms for these complex data have

to satisfy constraints, such as bounded memory, single-pass, real-time response, and

concept-drift detection.

There is much published work on this research field, including surveys that give

overviews of various approaches. Gaber et al. introduced an illustrative survey with

theoretical foundations and basic algorithms on data stream mining [70]. However, it may

be hard to understand the survey as the authors did not give any clear distinction among

12



Chapter 2. Literature Review

these algorithms. From a statistical point of view, Gama and Rodrigues [71] focused on

illustrating examples of data stream mining with specific algorithms and applications.

However, the presented algorithms are quite outdated. Aggarwal [72] attempted to give

a broader overview of data stream mining, where more mining tasks and real applications

were discussed. Nevertheless, it does not give readers a comprehensive understanding of

current data stream mining methods.

To address the above limitations, we introduce a comprehensive survey of classification

algorithms for time series and data streams. We present preliminaries and overview of

streaming mining in Section 2.2. Then, we discuss in details state-of-the-art algorithms

together with their merits and limitations. We sort them into different categories based

on their approaches and derive the relationships between traditional classification, time

series classification and data stream classification in Sections 2.3, 2.4, 2.5. We also analyze

capabilities of each algorithm in terms of addressing the above constraints.

Sample Applications:

• Sensor networks : A sensor network consists of spatially distributed autonomous

sensors that cooperatively monitor an environment. These sensors can sense physi-

cal values about the environment, such as temperature, sound, vibration, pressure,

humidity and light; they can cooperatively send their data through the network to

a center. Sensor networks are involved in many real-life applications, such as traffic

monitoring, smart homes, habitat monitoring, and healthcare [73]. For example,

modern hospitals are equipped with patient monitoring system to improve health

care quality and staff productivity. Many body sensors, which are connected to

critically-ill patients, can produce massive physiological data, such as temperature,

electrocardiogram, pulse oximetry, and blood pressure. Since sensor devices only

store updated data and human eyes cannot detect these signal subtleties, the sys-

tem must analyze healthcare streaming data in real time and extract meaningful
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information for medical professionals, such as clinical rules to identify significant

events [74].

• Mining query streams: Searching the Web to retrieve information has become an

essential activity of our everyday life. Existing search engines such as Google,

Bing, and Yahoo handle millions of queries on a daily basis. Mining query streams

to provide users better searching results has attracted much research work. For

example, Zeng et al. clustered Web search results to facilitate users’ quick browsing

through search results [75]. Users generally enter very short text queries, which

may produce imprecise searching results due to the ambiguity of the search terms.

Chien and Immorlica studied temporal correlation among text queries over a period

of time and refine users’ search by suggesting alternative queries [76].

• Network monitoring : The Internet has many connected routers, which communi-

cate with each other by sending IP packets. To manage such networks, we need to

analyse traffic data to discover usage patterns and unusual activities in real time.

Traffic data are recorded in the form of log files at many levels, such as packet

logs containing source and destination IP addresses; flow logs storing the number

of packets sent, start time, end time, and protocol; and SNMP logs aggregate the

number of bytes sent over each link every few minutes [77]. An example of network

management is to detect and prevent malicious attacks in a large Internet service

provider networks. A data stream classifier is required to classify in real time dif-

ferent kinds of attacks, such as denial-of-service (DOS), unauthorized access from

a remote machine (R2L), unauthorized access to local super-user privileges (U2R),

surveillance and other probing attacks.

• Social network streams: Online social networks (OSNs) have become increasingly

popular; for example, Facebook, Twitter, and LinkedIn have millions of active
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users. Such networks generate tremendous amounts of online data streams in the

form of text, multimedia data, linkages and interactions. There is much research

on social network mining. For example, stream clustering methods are used to

detect communities, and monitor their evolution in social networks. They can

explain how communities emerge, expand, shrink, and evolve in a social network.

Moreover, stream classification algorithm helps to classify different types of users,

or categorize discussion topics in social networks.

Software: There is some useful, open-source software for data stream mining re-

search.

• WEKA1: WEKA is a well-known data mining software within the academic en-

vironment. WEKA includes a collection of learning algorithms such as data pre-

processing, classification, regression, clustering, association rules, and visualization.

• Massive Online Analysis (MOA)2: MOA is based on the WEKA framework that is

designed for data stream mining. It includes many online learning algorithms for

evolving data streams; for example, very fast decision tree [11], and ensemble learn-

ing [18]. Moreover, MOA provides data stream generators, such as SEA concepts,

STAGGER, and rotating hyper-plane.

• RapidMiner3: RapidMiner is another open-source software for data mining. Rapid-

Miner is more comprehensive than WEKA as it includes all algorithms in WEKA

and other advanced algorithms. Moreover, it is more intuitive as it is able define a

mining process as a series of operators and it provides more visualization tools.

1http://www.cs.waikato.ac.nz/ml/weka
2moa.cs.waikato.ac.nz
3http://rapid-i.com
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2.2 Overview

We define a data stream X as an infinite series of data objects or samples: X =

(x1, x2, ..., xt, ...). Each data object xi has a label yi ∈ Y = {y1, y2, . . . , yc}. Classifi-

cation is the process of finding a general model from past data to apply to new data.

Classification is performed in two steps: Learning step and testing step. In the learn-

ing step, the system tries to learn a model from a collection of data objects, called the

training set. In the testing step, the model is used to assign a class label for unlabeled

data objects in the testing set. There are many classification techniques in the literature,

such as the decision tree [56–58], Bayesian classification [59, 60], rule-based classifica-

tion [61, 62], neural networks [63], support vector machines [64], k-nearest-neighbor [65]

and ensemble classifiers [66].

2.2.1 Constraints & a general model

Streaming time series and data streams share intrinsic characteristics, such as possibly

infinite volume, chronological order and dynamical changes. For example, the amount

of heartbeat data of a patient over a long period of time can be huge. Its underlying

distribution can be changed over time, since the health condition of the patient may

become better or worse. Google processes more than 100 million searches daily, each of

which is attached to a time stamp; and these searches are changed according to different

hot topics at different times. Since streaming time series and data streams have several

common characteristics, we henceforth define “streaming data” as a general case of both

streaming time series and data streams.

Table 2.2.1 shows comparisons between traditional data mining and streaming data

mining. In traditional data mining, it is possible to scan a dataset many times, and

execute without limited time and memory constraints. On the other hand, streaming
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Table 2.1: Comparisons between traditional data mining and streaming data mining.
Traditional Data Mining Streaming Data Mining

Number of passes multiple single
Time unlimited real-time
Memory unlimited bounded
Number of concepts one multiple
Result accurate approximate

data mining may produce approximate results but has to satisfy constraints, such as

single-pass, real-time response, bounded memory, and concept-drift detection:

• Single-pass: Unlike traditional data mining that may read static datasets repet-

itively, each sample in streaming data is examined at most once and cannot be

backtracked.

• Real-time response: Many streaming data applications such as stock market predic-

tion require real-time response. The amount of time for processing the data must

be small to derive conclusions.

• Bounded memory: The amount of arriving data is extremely large or potentially

infinite. As we may only compute and store a small summary of the streaming data

and possibly throw away the rest of the data, approximate results are acceptable.

• Concept-drift detection: Concept drifts refer to the situation when the discovered

patterns (or the underlying data distribution) change over time.

Definition 1 A concept or a data source is defined as a set of the prior probabilities for

the classes P (yi) and the class-conditional density functions (pdf) P (X|yi), i = 1, . . . , c

(definition from [78]):

S = {(P (y1), P (X|y1)); . . . ; (P (yc), P (X|yc))}.
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DX(t) = {0.67S1, 0.33S2 } 
(b)

DX(t) = {0.33S1, 0.67S2 } 
(c)

DX(t) = {0S1, 1S2 } 
(d)

DX(t) = {1S1, 0S2 } 
(a)

Data source S1 Data source S2

Figure 2.1: Example of a gradual change from a data source S1 to a data source S2 [1].
Class y1 is depicted with grey dots, and class y2 with black dots.

Traditional data mining only works with a single concept, which means the distribu-

tions of training dataset and testing dataset are the same. Meanwhile, data streams are

dynamic and have many concepts. An example is the problem of preventing malicious

attacks in network monitoring. The descriptions of the two class “normal” and “attack”

evolve over time. Moreover, attackers are active and always try to devise new attacking

methods thereby changing the definition of class “attack”.

Suppose data streamX consists of a set of k data sources Si with known distributions,

i = 1, . . . , k. At a time stamp t, we have one or more “active” data sources. Let

wi(t) ∈ [0, 1] are the influence of data source Si at a time stamp t, where
∑k

i=1 wi(t) = 1.

The data distribution of the data stream X at a time stamp t is characterized as follow:

DX(t) = {w1(t)S1, . . . , wk(t)Sk}

Definition 2 Suppose a data stream X consists of a set of k data sources Si with influ-

ence wi. The underlying data distribution of data streamX is DX(t) = {w1(t)S1, . . . , wk(t)Sk},

where wi(t) ∈ [0, 1] and
∑k

i=1 wi(t) = 1. If for any two time stamps t1 and t2 that

DX(t1) ̸= DX(t2), we say there is a concept drift.

The term concept drift indicates the change of the influence of data sources over time.

Figure 2.1 illustrates an example of a concept drift, where the data distribution of a data

stream X gradually changes from a data source S1 to a data source S2.
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Figure 2.2: A general model for streaming data mining.

To help readers understand an overview of streaming data mining, we propose a

general model of streaming data algorithms in Figure 2.2. When streaming data comes,

a buffer is used to store the most recent data. The stream mining engine reads the

buffer to create a synopsis of the data in memory. In order to maintain the synopsis, the

system may apply different time-window and computational approaches. When certain

criteria are triggered, for example, a user’s request after a certain time lapse, the stream

mining engine will process the synopsis and output approximate results. In general, most

streaming data algorithms are derived and adapted from traditional mining algorithms.

2.2.2 Time Window

As streaming data is potentially infinite, it is possible to only able to process a portion

of the entire data. This interesting portion is defined as a time-window of data objects.

W [i, j] = (xi, xi+1, ..., xj), where i < j. There are different types of time-windows:

landmark window, sliding window, fading window and tilted-time window.

Landmark window
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In the landmark window, we are interested in the entire streaming data from starting

time instant 1 to the current time instant tc; the window is W [1, tc]. Using the landmark

window, all transactions in the window are equally important; there is no difference

between past and present data. However, as streaming data evolves continuously, the

model built with old data objects may become inconsistent with the new ones. In order

to emphasize recent data, one may apply the sliding window, tilted window, or fading

window variants.

Sliding window

In the sliding window variant W [tc − w + 1, tc], we are only interested in the w most

recent transactions; the others are eliminated. The mining result is dependent on the

size of the window w. If w is too large and there is a concept drift, the window possibly

contains outdated information and the accuracy of the model decreases. If w is small,

the window may have deficient data, the model over-fits and suffers from large variances.

Previous work considers a fixed value for the size of the sliding window specified by users

or an experimental value. Recently, there are proposals for flexible sliding windows where

the size of the window changes according to the accuracy of the model [79, 80]. When

the accuracy is high, the window extends; and when the accuracy is low, the window

shrinks.

Fading window

In the fading window variant, each data object is assigned a different weight according

to its arrival time so that new transactions receive higher weights than old ones [33, 35,

81]. Using the fading window, we reduce the effect (importance) of old and outdated

transactions on the mining results. A decreasing exponential function f(△t) = λ△t (0 <

λ < 1) is usually used in a fading model. In this function, △t is the age of a data object

that is equal to time difference between the current time and its arrival time. The fading

window needs to choose a suitable fading parameter λ, which is typically set in the range

[0.99, 1] in real applications [33,35,81].
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Data Streams . . .. . .
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(a) Landmark window (b) Sliding window
(c) Fading window (λ = 0.99) (d) Tilted-time window

Figure 2.3: Examples of time-windows.

Tilted-time window

The tilted-time window variant has characteristics somewhere between the fading

window and sliding window variants [5, 28]. It applies different levels of granularity

with regard to the recency of data. One is more interested in recent data at fine scale

than long-term data from the past at coarse scale. Tilted-time window approximately

stores the entire dataset and provides a nice tradeoff between storage requirements and

accuracy. However, the model may become unstable after running for a long time. For

example, the tree structure in FP-Stream [48] will become very large over time, and the

process of updating and scanning over the tree may degrade its performance. Similarly,

the micro-structures in On-Demand Classification [82] will become larger and larger and

this may give rise to the problem of low-purity clustering with large micro-clusters [30].

Figure 2.3 shows examples of four different time-windows. For fading window, λ is

set to 0.99; the weights of data objects are decreased. For tilted-time window, we store

the 4 most recent quarters of an hour, then the last 24 hours, and last 31 days.
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2.2.3 Computational Approaches

Besides various time-window variants, there are computational approaches to process the

streaming data.

Incremental Learning

Incremental learning is a computational approach for streaming data [12, 22, 32, 37–

39, 67, 83, 84]. In this approach, the model incrementally evolves to adapt to incoming

data. There are two ways to update the model: by-window and by-data-instance. Street

et al. deployed an ensemble of classifiers for streaming data [67]. It evaluates a window of

incoming data and adapts the model by adjusting the weight of each classifier or replacing

an old classifier with an updated one. The incremental approach has the advantage of

providing mining results instantly, but it requires much computational resources.

Two-phase Learning

Two-phase learning, also known as online-offline learning, is another computational

approach in streaming data [13,14,16,28,33,35,36,81,82,85]. The basic idea is to divide

the mining process into two phases. In the first phase (online phase), a synopsis of data

is updated in a real-time manner. In the second phase (offline phase), the mining process

is performed on the stored synopsis whenever a user sends a request. The two-phase

learning approach is able to process streaming data at very high speed. However, its

limitation is that users must wait until the mining results are available.

2.3 Traditional Classification

Decision Tree:

The decision tree classifier is a popular data classification method. It aims to construct

a decision tree where each interior node represents one attribute, and an edge to its child

node corresponds to the possible values of its attribute. Each leaf stands for a group of
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data objects whose attribute values satisfy the specified ranges represented by the path

from the root to the leaf.

Most decision trees are recursively constructed in a top-down manner with the greedy

approach [56–58]. There are usually three basic steps to construct a decision tree: (i)

select the best attribute to split, (ii) create a node and label it with the splitting attribute,

and (iii) loop until certain conditions are met, such as all the training data belong to the

same class or entropy threshold is exceeded.

Decision tree algorithms usually differ in how they select the splitting attributes and

prune the tree when it becomes too large. There are heuristics to find the “best” splitting

attributes, such as information gain in ID3 [57], gain ratio in C4.5 [58] (ID3’s successor),

and the Gini index [56]. Tree pruning methods are used to prevent data over-fitting by

removing redundant, least reliable branches. Thus, the pruned tree becomes smaller and

simpler, and may classify testing data more quickly and accurately. Pruning techniques

can be applied; for example, pre-pruning to halt the tree’s construction early; post-

pruning to remove sub-trees from a “full grown” tree; and pessimistic pruning that uses

error rate to decide when to stop the sub-tree pruning.

Decision trees are simple to understand and interpret. They are able to handle both

numerical and categorical data, and perform well with large data. However, decision trees

suffer from local optimal problems due to the use of heuristics; it may create over-complex

trees that do not generalize the data properly.

Bayesian Classification:

Bayesian classifiers are statistical classifiers that are based on Bayes’ theorem to

predict class membership probabilities [59, 60]. Naive Bayes, an instance of Bayesian

classifiers, is well-known for its simplicity and low computational cost. It assumes the

class conditional independence described as follows:

Given a data object x with d attributes x = (a1, a2, . . . , ad), x is assigned to the class

having the highest posterior probability P (ci|x) computed as follows:
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P (ci|x) =
P (x|ci)P (ci)

P (x)
=

P (ci)

P (x)
P (x|ci) (2.1)

=
P (ci)

P (x)

d∏
k=1

P (ak|ci), ci ∈ {c1, c2, c3, . . . , cm}, (2.2)

where the values P (ak|ci) and P (ci) are estimated from the training data. Naive Bayes

works in an incremental manner in that it simply increases the relevant counts, and makes

predictions based on posterior probabilities whenever it receives a new data object.

Neural Networks:

Neural networks consist of a set of input/output units where each connection has a

modifiable weight. These weights are adjusted during the learning phase to predict the

correct label of testing data. The central idea of neural network is to extract a nonlinear

function by using linear combinations of the inputs as derived features. Therefore, the

crucial problem of neural networks is to set the weights based on training data and desired

output. Backpropagation algorithm is a common method of training neural networks that

minimizes the mean squared error between the network’s prediction and the actual value.

A multilayer feed-forward neural network (FFNN) that is based on the backpropaga-

tion algorithm has an input layer, one or more hidden layers and an output layer [63].

All weights and biases in the feed-forward neural network are initialized with small ran-

dom numbers. Then, each training instance passes through the network and produces a

predicted value. The error between the predicted values and actual values is propagated

backward by updating the weights and biases accordingly. Neural networks are robust

to noise, produce highly accurate results and can be parallelized easily. However, they

suffer long training times and require a number of parameters that are best determined

empirically, such as the initialized values of weights and biases, the number of hidden

layers, and a learning rate. Poor result interpretation is another disadvantage of neural

networks; this is typically mitigated by network pruning techniques.
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Support Vector Machine (SVM):

The Support Vector Machines concept was first introduced by Vapnik et al. in 1992

[64]. It has become a principled and powerful classifier outperforming most other systems

in many applications. SVM finds the maximum marginal hyperplane (MMH) to best

separate training data of different classes. Training objects falling on the MMH are called

support vectors. The problem of finding the MMH is known as a convex optimization

and is solved by using Lagrangian formulation.

When data are linearly inseparable, SVM transforms data into a higher dimension,

and finds a feasible linear separation. To reduce computational cost in the transformed

space, kernel tricks are used to compute the equivalent dot products in the original input

space without caring about the transforming function. SVM usually requires a long

training time; however, it is highly accurate and less prone to over-fitting.

k-Nearest-Neighbor Classifier (k-NN):

k-NN classifier is a lazy learner that does not construct a general model. The k-NN

classifier does less work during the training step and does more work during the testing

step. It indexes training data and simply assigns testing data to the dominant class

of their k nearest neighbors. The distance measure between two data instances can be

diverse: Euclidean distance, Manhattan distance, Jaccard coefficient, etc. Although this

algorithm is simple and robust to noises, it requires much space to store all training

data and is computationally expensive, as it needs to compute and compare distances

from testing data to all others. Hence, it should be speeded up by applying efficient

storage structures and pre-sorting techniques. Liangxiao et al. introduced a good survey

of improving k-NN [65].

Ensemble Classifiers:

Many classifiers have been proposed for inducing models from data. Each classifier

has its own strengths and weaknesses. In theory, there is no specific algorithm that

25



Chapter 2. Literature Review

works well for all kinds of datasets. Developing a new algorithm that outperforms those

existing classifiers for most types of datasets is really hard or even infeasible. However,

an easier way is integrating existing classifiers to create a more powerful classifier. En-

semble learning, a process to construct accurate classifiers from an ensemble of weak

classifiers, has attracted extensive research in the past decade. In general, these methods

vary in the way they construct various classifiers and combine their predictions. The

first step of constructing a group of classifiers can be differentiated according to the de-

pendencies among classifiers. The independent approach trains classifiers randomly and

can be easily parallelized, for example, bagging [86], random subspace [87], and random

forest [88]. The dependent approach constructs a new classifier while taking advantage

of knowledge obtained during the construction of past classifiers, such as AdaBoost [66],

AdaBoost.M2 [89], and Gradient boosting [90]. In the second step of combining the

classifiers’ predictions, majority voting is one intuitive method to choose the dominant

decision [86–88]. As majority voting cannot guarantee that the voting result will be

better than the best individual one, the weighting method is introduced which assigns

competent classifiers higher weights, such as performance weighting [19,66,89,90], Naive

Bayes weighting [60], and entropy weighting [91]. Various ensemble classifiers methods

have been proposed, and they are principally different from the above two steps. Here,

we only present three basic ensemble methods: Bagging, Boosting and AdaBoost.

• Bagging : Bagging (bootstrap aggregating) was introduced by Breiman [86]. In

Bagging, each classifier is trained on a different bootstrap replicate of the training

set. A bootstrap replication is generated by random sampling with replacement

from the original dataset. Bagging uses voting method to combine its members’

classification results.

• Boosting : Boosting aggregates many weak learners into a strong ensemble by fil-

tering the training data [92]. Data objects that are misclassified or disagree on
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previous classifiers are treated as training objects for the next classifier. The origi-

nal boosting works as follows:

– Select a random sample without replacement and train a learner C1.

– Train weak learner C2 with filtered examples, half of which are misclassified

by C1.

– Train weak learner C3 only with examples that C1 and C2 disagree on

– Combine the predictions of C1, C2 and C3 by majority voting.

• AdaBoost : AdaBoost, short for Adaptive Boosting, is the most well-known and

successful boosting algorithm in practice [66]. It adapts to the errors of weak

classifiers and set the weight for each classifier instead of majority voting. Adaboost

re-weighs the samples in a manner that wrongly classified samples retain their

weights while correctly classified samples relatively decrease their weights by
ϵ

1− ϵ
,

where ϵ is the error rate of the previous classifier. To combine classification results,

Adaboost sets weights to classifier members according to their error rates, α =

log
ϵ

1− ϵ
. AdaBoost algorithm reduces error on the training set to zero with a

number of iterations. Currently, it is still unclear about AdaBoost’s capability to

generalize testing data, which is not included in the training data.

Moreover, traditional classifiers have advantages and limitations in Table 2.2. For

example, decision trees are easy to understand, robust to noise, efficient, and can remove

redundant attributes; however, it suffers an over-fitting problem when the tree has many

levels and the classification rules become difficult to interpret. The lazy-learner can be

implemented easily, but it consumes much memory and is susceptible to high-dimensional

data streams. An ensemble is highly accurate and easy to implement; however, it is

mostly based on heuristics and is not based on strong theoretical foundation.
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Table 2.2: Advantages and limitations of classification algorithms
Algorithm Advantages Limitations
Decision
Tree

Easy to understand
Robust to noises
Low computational cost,
even for very large train-
ing datasets
Can deal with redundant
attributes.

Suffer an over-fitting
problem when the tree
has many levels and the
rules become difficult to
comprehend.

Bayesian
Classifier

Simple, efficient, effective
and robust to noisy data

Independence assump-
tion is often violated in
the real world.

Neural
Network

Well-generalizing capa-
bility.
Can solve dynamic or
non-linear problem.

Inability to interpret the
learned model (black-
box).
High complexity.

SVM Provide a unique solu-
tion.
Can solve non-linear
problem with implicit
kernel.
Work well even when
training sample are bias.

Depend on the choice of
the kernel.
High complexity.
Difficult to design multi-
class SVM classifiers.

Lazy
Learner:
k-NN

Easy to implement. Large storage require-
ments.
High complexity.
Highly susceptible to
high-dimensional data.

Ensemble High accuracy.
Easy to implement.

Based on heuristics and
lack of solid theory.

2.4 Time Series Classification

In time series classification, the most difficult challenge is that there is no explicit feature

in time series data. Most of the classifiers, for example, Naive Bayes, Decision Trees,

SVMs, and neural networks, require input data as vectors of features. Therefore, it is

necessary to transform a time series into a set of features. Moreover, the dimensionality
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of features should not be high to make the computation cost affordable. There are two

types of time series classification, including whole-series classification and motif-based

classification. In the first category, a whole time series is considered as a vector of

features, and classification models are performed directly. This approach is suitable for

short time series and requires dimension reduction techniques for long time series. The

motif-based classification is usually done in two steps: i) motifs (or frequent occurred

subsequences) are extracted, then ii) each time series is represented as a vector of features

using motifs so that a traditional classifier can be applied.

2.4.1 Whole-series classification

Time series classification is a well-examined data mining task due to its vast practical

applications. There are a lot of papers on time series classification, including decision

tree (TClass [93]), neural networks (PREMONNS [94]), Bayesian networks (mixed-state

DBN [95]) and support vector machines (Zeus [96]). Kadous et al. introduced two-step

classifier TClass for multi-variate time series [93]. In the first step, global features of time

series are extracted such as its mean, minima, maxima and trend. The second step is a

clustering of the features; then centroids of these clusters are used as inputs for a decision

tree classifier. Eads et al. proposed a hybrid classifier Zeus that employs evolutionary

computation for feature extraction, and a support vector machine for classification with

the selected features [96]. Recent research has shown that the simple nearest neighbor

classifier (1-NN) is one of the best-performing time series classification techniques [6–8,

97]. Moreover, the performance of 1-NN classifiers is critically dependent on the choice

of the distance measure. The Euclidean distance is widely used for simple time series

classification. Given two time series s and s′, the Euclidean distance between them is:

distance(s, s′) =

√√√√ L∑
i=1

(s[i]− s′[i])2
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Figure 2.4: Dynamic Time Warping.

Keogh et al. [97] shows that 1NN classifier with Euclidean distance can achieve com-

petitive accuracy, compared to other complex distance measures. However, the Euclidean

distance requires two sets of time series to have the same length and is sensitive to dis-

tortions in the time dimension. Dynamic time warping distance (DTW) is a classical

distance measure that can overcome this problem. DTW differs from Euclidean distance

by finding an optimal match between two sets of time series data. DTW can align two

time series datasets, allow the “stretching” and “shrinking” of parts of the time series

datasets along the temporal axis to find their minimum distance. Figure 2.4 illustrates

the idea of DTW.

Dynamic programming can be used to compute DTW; however, it has quadratic time

complexity and is costly for large datasets. To improve DTW computation, Ratanama-

hatana and Keogh eliminate unnecessary calculation by limiting the warping window

size [98]. This idea is later developed to a lower-bounding of DTW, called LB Keogh [99].

Furthermore, the nearest neighbor classifier is simple and does not require extensive pa-

rameter tuning, it needs to store and search the entire dataset that results in high time

and space complexities. There are some attempts to speed up the nearest neighbor classi-

fier. Dimension reduction techniques are also used to accelerate time series classification.

For example, symbolic-based methods reduce the length of time series by aggregating

consecutive values into a single symbol [43]. Another speed-up technique is “instance

selection” (also known as numerosity/prototype selection) that reduces the size of train-
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ing dataset by keeping only the most informative instances. Ranking instances based

on label matching with their nearest neighbors, Xi et al. proposed FastAWARD algo-

rithm, which discards a large fraction of the training data to improve the performance

of the 1-NN classifier and adjusts the warping window dynamically at the same time [7].

Similarly, Buza et al. proposed the INSIGHT framework for instance selection based on

coverage graphs and hubness [8]. Recently, Bagnall et al. highlight the importance of

data transformation in time series classification and propose a transformation ensemble

classifier (TEC) for time series classification [100]. Their classifier that have constructed

on different transformations of time series, including power power spectrum (PS), au-

tocorrelation function (ACF) and principal components (PCA) can achieve significant

accuracy over classifiers constructed in the time domain.

2.4.2 Motif Discovery

Motif discovery in time series is an important data mining task that has received consid-

erable attention from the research community. Generally, there are two types of motif

discovery: exact motif discovery and approximate motif discovery.

Exact motif discovery:

Lin et al. first proposed the problem of finding k-motifs [3, 101]. Given a predefined

length w and a positive value R, a subsequence M beginning at q is a match subse-

quence of a subsequence C beginning at p if their Euclidean distance is smaller than R:

D(C,M) < R. Moreover, M is considered as a trivial match of C if there does not exist

a middle subsequence M ′ beginning at q′, such that D(C,M ′) > R and either q < q′ < p

or p < q′ < q. The k-motif problem has been generalized to find the top k significant

motifs that has the highest count of non-trivial matches. Several algorithms have been

proposed to solve this problem [40,41,102].

Mueen and Keogh proposed an online algorithm for finding the top motif (the near-

est pair of non-overlapping sequences) of streaming time series [103]. The algorithm
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maintains a list of subsequences, each of which has a sorted list of the nearest neighbors

(N-list) and a sorted list of the reverse nearest neighbors (RNN-list). The algorithm

follows the sliding window setting. When a new subsequence enters the window, the

oldest subsequence is discarded, and the list is updated. They applied several techniques

to reduce memory space and time complexity, for example: N-list of a subsequence only

holds subsequences that arrived earlier than it, N-list can be stored in the strict increas-

ing order of the time-stamp, and an early termination technique is used to reduce time

to create N-list.

Lam et al. extend the above algorithm for the top-k motifs discovery [104]. Similarly,

this algorithm maintains a list of subsequences with their nearest neighbors in a sliding

window. However, for each subsequence, the algorithm stores a list of forward top-k

nearest neighbors, each of which has a later time-stamp than it. Thereby, a query of

finding top-k motifs is performed by first sorting all the pairs in the list increasingly

according to Euclidean distance. Furthermore, they only store those time-stamps that

form promising pairs to save disk space and to accelerate the algorithm.

Since the above algorithms differently define top-k motifs as the top-k nearest pairs of

non-overlapping subsequences, they cannot capture the whole structure of a time series.

For example, if a time series has three subsequences with a similar shape (A1, A2, A3)

and two subsequences with another shape (B1, B2), a top-3 motif algorithm may output

only all pairs of the first three subsequence (< A1A2 >,< A1A3 >,< A2A3 >).

Approximate motif discovery:

Due to the quadratic complexity of exact motif discovery, many time series representa-

tions have been proposed to reduce the dimensionality of the original data, including Dis-

crete Fourier Transform (DFT) [105], Discrete Wavelet Transform [106], Piecewise Linear

Approximation (PLA) and Piecewise Aggregate Approximation (PAA) [107]. Keogh and

Kasetty claimed that there was not much difference in terms of indexing power among
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these representations [97]. Nevertheless, each representation has different strengths and

weaknesses. For example, DFT is not good for bursty time series; wavelet has low com-

plexity with the multi-resolution property, but is only suitable for time series whose

length is an integer power of two, and PLA is possibly computable with provable error

bounds; but its visualization is not very smooth, and thus it is difficult to reconstruct

the time series [108].

Lin et al. proposed a SAX (Symbolic Aggregate approXimation) method for dimen-

sionality reduction [3]. The basic idea of SAX is to use a sliding window to segment a time

series into continuous subsequences, which are then converted into lists of symbols based

on the PAA [107] representation. SAX is a popular approach and has been proven to be

very useful in many diverse applications such as biological analysis [109,110], hazardous

weather prediction [111], biometric recognition [112], and motion data analysis [113,114].

A SAX word is represented by a tuple SAX(T,w, a) consisting of a time series T , a num-

ber of symbols w, and an alphabet size a. For example, if w is 3 and a is 2, there are

eight possible SAX words of a time series T :

SAX(T, 3, 2) ∈


{0, 0, 0}, {0, 0, 1}, {0, 1, 0},
{0, 1, 1}, {1, 0, 0}, {1, 0, 1},
{1, 1, 0}, {1, 1, 1}


SAX is fast and effective on dimensionality reduction. Moreover, SAX also supports

a MINDIST function that returns a lower bound of Euclidean distance between the

two original time series. Lin et al. later introduced a visualization toolkit VizTree for

SAX [42,43]. Due to its practicality, SAX made a huge impact in industry and academia

with many extensions and applications. Chiu et al. used a random projection technique

to overcome SAX’s limitations on poor scalability and the inability to discover motifs in

the presence of noise [40]. However, the original representation of SAX is ambiguous. For

example, given a SAX word {0, 0, 1}, we cannot be sure about its alphabet size (although

we know it is at least 2). To avoid this ambiguity, Shieh and Keogh proposed iSAX, an
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extension of SAX, to support multi-resolution symbolic representation [44]. Each iSAX

word further includes a cardinality of an alphabet size, iSAX(T, 3, 2) = {02, 02, 12}.

Using an index structure like R-tree [115], iSAX can index massive time series, and

support fast approximate search for similar motifs by increasing or decreasing the iSAX

resolution. Camerra et al. introduced an index structure for very large time series

datasets with efficient mechanisms for bulk loading and node splitting [45]. The author

also demonstrated experiments of indexing up to one billion different time series datasets.

However, the above algorithms assume that the length of discovered motifs is known in

advance. Despite its simplicity, this assumption suffers a major problem that only motifs

with such length can be discovered. However, meaningful motifs may exist with various

lengths throughout a time series as seen in the previous section.

Nunthaid et al. iterated the SAX algorithm many times with different values of w

to discover motifs with different lengths. This approach is not optimal and inefficient,

especially with large datasets. Li et al. proposed a grammar-based algorithm to discover

approximate variable-length motifs [46]. A time series is first discretized by using the SAX

algorithm. A string compression algorithm, Sequitur, is then used to extract grammar

rules from the sequence of discrete symbols [116]. The algorithm is quite efficient as it is

inherited from the SAX and Sequitur algorithms. Since the Sequitur algorithm focuses on

compressing a sequence as much as possible, it may skip useful motifs that are useless for

the compression process. Therefore, discovered motifs are not complete. Tang et al. [10]

first segmented a time series into a list of equal-length subsequences. They computed

the Euclidean distance between every two subsequences and formed a similarity matrix.

To find longer motifs, the algorithm identifies the matching pairs of subsequences of the

motifs, which results in up-right moving tendencies in the similarity matrix. However,

this algorithm is inapplicable to streaming time series as it requires much memory and

many passes through the time series.
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2.4.3 Motif-based Classification

Dzeroski et al. introduced a concept of predictive clustering trees (PCT ) and used it to

classify time series gene expression data [117]. A clustering tree is a decision tree, whose

each node represents one cluster. Predictive clustering is an approach uses clustering

results to make predictions. A new instance is assigned a cluster and is received a

prediction from that cluster. The authors first applied k-mean clustering algorithm with

a qualitative distance, then extracted motifs of each cluster to construct a predictive

clustering tree based on pairwise distances among clusters.

In bioinformatics, there are many motif-based approaches for protein classification.

They often use the occurrence count of each motif in a time series as a similarity mea-

sure between the motif and the series. These motifs are later used as input for advanced

classification techniques. For example, Ferreira et al. found rigid gap motif of a certain

minimum length. Combining them with the Bayes theorem, they proposed multi-class

sequence classifier (MCSC) [118]. Similar, Kunik et al. reported good results for motif-

based SVM classification (named MEX) of enzymes data [119]. Since frequent pattern

mining is similar to motif discovery, some ideas from this field have been adapted to motif

discovery in time series. For example, Buza et at. introduced a new class of motifs, gener-

alized semi-continuous motifs (GSC-motifs) and adapted the downward closure property

to discover GSC-motifs. Motif discovery process starts with short ones and grows to

larger ones step by step. They applied tree data structure to increase the algorithm’s

efficiency [120].

Ye et al. introduced time series shapelets that are time series subsequences, which are

maximally representative of a class [2]. A variant of the traditional decision tree is con-

structed to classify time series. All possible subsequences with their Euclidean distances

to each training time series are considered as attributes. A tree node is created in a simi-

lar way that the subsequence with the highest information gain is chosen, and the dataset
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0 1

Verbena urticifolia Urtica dioica

< 5.1 ≥ 5.1If Q has a distance?

Shapelet

Figure 2.5: Example of a shapelet-based decision tree [2].

is divided into two smaller datasets based on its optimal split distance. Figure 2.5 shows

an example of a decision tree that used shapelets to classify two species of leaves, Urtica

dioica and Verbena urticifolia. The discovered shapelet indicates differences between the

two species, where a stem of a Verbena urticifolia leaf has a larger angle than a stem of

a Urtica dioica leaf. The optimal split distance is empirically determined as 5.1 . If a

distance between a testing leaf and the shapelet is less than 5.1, the leaf is classified as

Verbena urticifolia; else, it is classified as Urtica dioica.

To speed up the process of finding shapelets, the algorithm uses two simple and

effective techniques: subsequence distance early abandon and admissible entropy prun-

ing. As the Shapelet algorithm does not scale up well with large datasets, Mueen et al.

proposed another approach termed Logical-Shapelet, which uses caching techniques for

better performance and enhances shapelet representation with conjunction and disjunc-

tion operations [9]. Although the shapelet-based approaches are effective and can learn

the inherent structure of the data, they are off-line classifiers and thus, cannot be used
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Figure 2.6: The relationships between traditional classification methods and time series
classification methods.

for streaming time series.

2.4.4 Overall analysis

Figure 2.6 illustrates the relationships between traditional classifiers and time series clas-

sifiers. Traditional classifiers are on the left while two types of time series classification

are on the right. Since there is no explicit feature in time series data, the whole-series

classification uses the whole-series or extracts its global statistics as inputs for traditional

classifiers. However, this approach may suffer computation cost with large time series

dataset. The second approach first discovers motifs that are relevant to different time

series classes. Then, traditional classifiers are constructed based on these motifs.

We observe that the nearest neighbor classifier and decision tree are the two most

popular methods in time series classification. The nearest neighbor is simple and easy to

implement; however, it requires advanced indexing techniques to speed up and appropri-
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ate distance measures to achieve good results. Decision tree is better than the nearest

neighbor by providing interpretable results. Nevertheless, current decision tree classifiers

need to obtain all time series instances when they construct classification models. Hence,

it still has unexplored potential for the design of algorithms for streaming time series

where observations continually arrive.

Limitations of state-of-the-art work and thesis contributions:

Although several time series classifiers have been proposed, there is insufficient re-

search on streaming time series classification. Most of the time series classifiers are

not able to work in a streaming manner since they have to read the training dataset

repeatedly, require long training time, and cannot update their models with continu-

ously arriving data. Compared to whole-series classification, motif-based classification is

light-weight and more suitable for working with streaming time series. However, state-of-

the-art motif-based classifiers can only find motifs with a predefined length, which greatly

affects their performance and practicality. To overcome these limitations, we introduce

the definition of closed motifs and propose a novel time series classifier that is based on

closed motifs in Chapter 3. Our proposed algorithm has been shown to be more accurate

than state-of-the-art time series classifiers on several large datasets in diverse domains

such as video surveillance, sensor networks, and biometrics.

2.5 Data Stream Classification

Data stream classification follows the general model proposed in Figure 2.2. While in-

heriting traditional classification, most data stream classifiers employ different computa-

tional approaches and time windows to handle high-speed data streams. For simplicity,

we introduce various data stream classifiers with the same category of traditional classi-

fiers in Section 2.3. We further outline their mutual relationships as well as present an

overall analysis of these algorithms.
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Decision Tree:

The Hoeffding tree is a decision tree classifier for data streams [11]. Traditional

decision trees need to scan the training data many times to select the splitting attribute.

However, this requirement is infeasible in the data stream environment. To overcome this

limitation, the Hoeffding bound is used to choose an optimal splitting attribute within a

certain amount of arriving data objects. Given N independent observations of a random

variable r with range R and computed mean r, the Hoeffding bound guarantees that

the true mean of r is at least r − ϵ with probability 1 − δ, where δ is a user-specified

parameter.

P (E[r] ≥ (r − ϵ)) ≥ 1− δ, ϵ =

√
R2ln(1/δ)

2N

Let G(Xi) be a heuristic measure to select a splitting attribute. After receiving N

observations, Xa and Xb are the best and the second best splitting attribute. In case

of Hoeffding tree, the variable r is now considered as r = ∆G = G(Xa) − G(Xb). If

r = ∆G = G(Xa) − G(Xb) > ϵ, where ϵ is computed from the above equation, we say

that this difference is larger than (r − ϵ) > 0 with confidence 1− δ. Then, the attribute

Xa is selected to build the tree.

The Hoeffding tree algorithm is an incremental algorithm, which satisfies the single-

pass constraint of data stream mining. For each new arriving data, Hoeffding tree al-

gorithm use Hoeffding bounds to check whether the best splitting attribute is confident

enough to create the next level tree node.

The Hoeffding tree algorithm has high accuracy and works well with large datasets.

However, it is not able to handle concept drifts in data streams as no node can be changed

once created. CVFDT (Concept-adapt Very Fast Decision Tree learner) is an extension

of the Hoeffding tree to address concept drifts in data streams [12]. CVFDT maintains

sufficient statistics at every tree node to monitor the validity of its previous decisions.
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When data come, it continually updates the statistics stored in tree nodes. Using a sliding

window, CVFDT removes the effect of outdated data by decreasing the corresponding

statistics at the tree nodes. It periodically scans the tree nodes to detect concept drifts.

If concept drift appears, CVFDT concurrently grows alternative branches with the new

best attribute and prunes the old branches with alternative branches if it becomes less

accurate.

Bayesian Classification:

Seidl et al. proposed a novel index-based classifier called Bayes tree [13]. Adapted

from the R*-tree, Bayes tree generates a hierarchical Gaussian-mixture tree to represent

the entire dataset. Each tree node contains statistics of belonging data objects, including

a minimum bounding rectangle, the number of data objects, linear sum, and quadratic

sum of all data objects.

To solve a multi-labeled classification problem, a single Bayes tree is constructed for

each class. For each testing data object x, the algorithm tries to find a set of prefix-closed

nodes Ei, called frontier, in every Bayes tree. The probability that x belongs to class ci

is computed as follows:

P (ci|x) = (
∑
es∈Ei

nes

n
g(x, µes , σes)) ∗ P (ci)/P (x),

where es is a tree node in the frontier set Ei; nes , µes and σes are respectively the

number of data object, the center and the deviation of tree node es. The testing object x

is labeled with the class having the maximum probability. The Bayes tree is an anytime

classifier that can provide a decision after a very short initialization, and later provide

more accurate decisions when more time is available by selecting the more precise frontier.

The Bayes tree is later extended to the MC-tree [14] by Kranen et al.. The MC-

tree combines all classes in a multi-Gaussian tree and needs only one step to refine all

class models simultaneously rather than |C| steps in Bayes tree, where |C| is the number
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of classes. Moreover, MC-Tree optimizes tree construction by using multi-dimensional

scaling (MDS) [121] to transform the data space. It is claimed to outperform Bayes tree

with higher accuracy of up to 15%.

Neural Network:

Leite et al. propose an evolving granular neural network (eGNN) supported by

granule-based learning algorithms to classify data streams [84]. There are two phases

in an eGNN. In the first phase, an eGNN use T-S neurons to construct information gran-

ules of incoming data. Then, the neural network is built on the information granules

rather than the original data in the second phase. A granule associated with a class label

is defined by triangular membership functions, which are later evolved to accommodate

new data. The weights are decreased by a decay constant; this process helps to reduce

the degree of importance of outdated granules. Basically, an eGNN uses class exemplars

in the form of information granules to perform classification tasks. When testing data

comes, a max-neuron selects the best-fit granules and assigns their labels as the predic-

tion labels of the testing data. The eGNN is able to tackle classification problems in

continuously changing environments. However, the requirement of long training time is

still a cost that limits the ability of an eGNN to work with a massive dataset. Therefore,

only small datasets are used to evaluate the performance of an eGNN in the experiment

section of this paper. The authors later extend this work to a more general and efficient

semi-supervised approaches [122] to work with partially labeled datasets.

Support Vector Machines (SVMs):

SVMs have shown its prominent performance in many machine learning problems with

static datasets. However, it is very expensive to use SMVs in large scale application due

to its time complexity O(N3) and memory complexity O(N2), where N is the number

of data objects. To work with a very large dataset, Tsang et al. proposed the Core

Vector Machine (CVM) algorithm that uses Minimum Enclosing Ball (MEB) to reduce
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its complexity [15]. A MEB is a hyper-sphere that represents the set of data objects inside

it. The algorithm first finds a representative MEB set that is a good approximation of

the original dataset. Then, the optimization problem of finding the maximum margin is

directly performed on this MEB set.

Rai et al. propose StreamSVM [16], an extension of CVM with a single scan, to work

with data streams. In StreamSVM, a MEB has a flexible radius that is increased whenever

a new training is added. The algorithm is competitive by providing an approximation

result to the optimal one. However, StreamSVM is still unable to detect concept drifts

in data streams.

k-Nearest-Neighbor Classifier:

On-Demand-Stream is a k-NN data stream classifier that extends the CluStream

method [82]. It inherits most of the good features in CluStream such as the micro-cluster

structure, the tilted-time window, and the online-offline approach. A micro-cluster in

On-Demand-Stream is extended with a class label, and it only takes data objects with

the same class label. Its offline classification process starts to find the best window of

data objects, called the best time horizon. These micro-clusters in the best time horizon

are extracted using the addition property of micro-clusters. On-Demand-Stream perform

1-NN classification by assigning a testing data object to the label of the closest micro-

clusters.

Inspired by M-tree [123], Zhang et al. [17] propose a Lazy-tree structure to index micro

clusters (which are called exemplars in the paper). This helps to significantly reduce

k-NN’s classification time from O(N) to O(log(N)), where N is the total number of

exemplars in the Lazy-tree. The tree consists of three main operations: search, insertion

and deletion operations. The insertion and deletion operations add new nodes and remove

outdated nodes in a way that guarantees that the tree is balanced. The search operation

is used to classify testing data. A branch-and-bound technique based on the triangle
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inequality filters unnecessary checking exemplars; therefore, it minimizes the number of

comparison and accelerates the searching operation.

Ensemble Classifiers:

Bagging and Boosting have shown their superior through extensive experiments on

traditional dataset. Therefore, many researchers have tried to adapt them to work on

data streams.

- Online Bagging & Boosting : Oza et al. proposed the Online Bagging & Boosting,

which is one of the first work of adapting traditional bagging and boosting [18]. From a

statistical view, each training data object appears k times in training datasets of classifier

members with the probability P (k) =

(
N

k

)(
1

N

)k (
1− 1

N

)N−k

, where k is the size of

training set and N is the size of dataset. On data streams, we can assume that the

number of data objects is unlimited, N → ∞. Therefore, the probability P (k) tends

to a Poisson(1) distribution, where Poisson(1) = exp(−1)/k!. Within this observation,

Oza et al. proposed Online Bagging to assign each data object a weight according to

Poisson(1) distribution, which is considered as a replacement sampling method. In

Online Boosting, the weights of coming data objects and classifier members are adjusted

according to the error rates of classifier members at the current time.

- Weighted Ensemble Classifiers : With the observation that the expiration of old data

should rely on data distribution instead of their arrival time, Wang et al. proposed an

accurate-weighted ensemble (AWE) classifier with weighting method for mining concept-

drifting in data streams [19]. The algorithm constructs and maintains a fix k number of

classifiers, which can be C4.5, RIPPER, or naive Bayesian. Processing in a batch-mode

manner, it use each new chunk of coming data objects to train a new classifier. Then,

the ensemble is formed by selecting the k most accurate classifiers, and the weight of

each classifier is set according to its accuracy. This method is stated to be better than

a single data stream classifier, such as VFDT, CVFDT. However, it is quite sensitive to

the chunk size and the number of classifier members k.
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In real applications, data streams may contain noise where data instances may be

mislabeled or have erroneous values. Zhang et al. proposed an aggregated ensemble algo-

rithm to tackle the problem of learning from noisy data streams [20, 21]. This approach

is a combination of horizontal and vertical ensemble frameworks. The horizontal frame-

work builds a different classifier on each data chunk, while the vertical framework builds

different classifiers on the up-to-date data chunk with different learning algorithms. The

horizontal framework is robust to noise and can reuse historical information; however, it

is unsuitable with sudden drifts, where the concepts of data stream change dramatically.

On the other hand, the vertical frame work can produce good results even in case of

sudden drifts; nevertheless, it is sensitive to noise. Building classifiers on different data

chunks using different learning algorithms, the aggregated ensemble constitutes a Clas-

sifier Matrix. The average weighting method is used on this matrix to predict the label

for testing data. The author theoretically proved that the aggregate ensemble has less or

equal mean squared error of the vertical and horizontal frameworks in average. However,

this framework suffers from high time complexity.

- Adapted One-vs-All Decision Trees (OVA) [22]: OVA is a recent ensemble method

for data streams. It learns k binary CVFDT classifiers, and each classifier is trained to

classify instances between a specified class and all remaining classes. To classify a new

data object, each classifier is run and the one with the highest confidence is returned.

The confident of the classification is set as the proportion of the dominant class at

the leaf where the testing object has reached. To achieve a high accuracy, OVA aims

to construct an ensemble of CVFDT classifiers with a low error correlation and high

diversity. Moreover, OVA quickly adapts to concept drifts as it only needs to update two

component classifiers related to the evolving class, and can work well with imbalanced

data streams.

- Meta-knowledge Ensemble [23]: The high complexity of ensemble learning limits its

applicability to time-critical data stream applications in the real world. Zhang et al.
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proposed a meta-knowledge ensemble algorithm that selects the best classifier for testing

data. An Ensemble-tree (E-tree) is constructed to organize base classifiers, each of which

occupies a weight and a closed space in the whole data space. Similar to R-tree [115],

the E-tree has three key operations, including search, insertion and deletion operations.

Hence, it is height-balanced and guarantees a logarithmic time complexity for prediction.

The insert operation is used to integrate a new classifier into the ensemble. When the

number of classifiers in a node exceeds a predefined value, the node is split into two

nodes with a principle that the covering area of the two nodes should be minimized.

The deletion operation removes outdated classifier when E-tree reaches its capacity, the

tree may need to be re-organize to guarantee its balance. The search operation is used

to classify a testing instance x. Classifiers whose close space contains x are invoked, a

weighted voting method is applied to decide a class label for x.

2.5.1 Overall analysis

After presenting many data stream classifiers, we introduce a way to summarize all related

issues and give readers a broader view of data stream classification. Figure 2.7 shows the

relationship between traditional and data stream classifiers. Traditional classifiers are on

the left; data stream classifiers are on the right. To categorize data stream classifier, the

computational approaches and time windows, are in the middle.

Similarly, we observe that data stream classifiers are extended from traditional classi-

fiers and they apply different computational approaches and time windows. For example,

VFDT is an extension of the decision trees for data streams. VFDT uses Hoeffding bound

to create a tree node when having a sufficient amount of data. It follows the incremental

learning approach and land-mark window. CVFDT is an enhanced version of VFDT that

can adapt to concept-drift by constructing alternative trees. Bayes tree is an extension

of Bayesian classifier with the two-phase learning approach and land-mark window. MC-

Tree improves the Bayes tree with multi-label nodes. eGNN is a neural network algorithm
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Figure 2.7: The relationships between traditional classification methods and stream clas-
sification methods.

that designed to work for data streams. CVM, derived from SVM classifier, follows the

two-phase learning approach and fading window. StreamSVM extends CVM by mak-

ing the radius of minimum enclosing balls flexible. On-Demand, an extension of k-NN

classifier, applies the two-phase learning approach and tilted-time window. Lazy-Tree is

another improved version of k-NN classifier with the two-phase learning approach and

sliding window. Many ensemble classifiers are designed to work for data streams. Online

Bagging & Boosting are extensions of traditional Bagging & Boosting with incremental

learning approach and sliding window. There are many weighted ensemble classifiers with
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Table 2.3: Capabilities of data stream classification algorithms.
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VFDT [11]
√ √ √ √

CVFDT [12]
√ √ √ √ √

Bayes tree [13]
√ √ √ √

MC-tree [14]
√ √ √ √

eGNN [84]
√ √ √

CVM [15]
√ √ √

StreamSVM [16]
√ √ √

On-Demand [82]
√ √ √ √

Lazy-Tree [17]
√ √ √ √

Online Bagging & Boosting [18]
√ √ √

AWE [19]
√ √ √ √ √

OVA [22]
√ √ √ √ √

Aggregated Ensemble [21]
√ √ √ √

Ensemble-tree [23]
√ √ √ √ √

different weighting strategies. For example, aggregated ensemble uses average weighting

method (voting); while AWE, OVA, and Ensemble-tree apply weighting method based

on the accuracy of classifier members. They follow the incremental learning approach,

and can be loosely considered as applying a sliding window as they typically remove the

least accurate classifier member.

Moreover, we evaluate capabilities of data stream classifiers in Table 2.5.1. Although

many classifiers have been proposed, they are typically unable to satisfy all constraints

of data stream mining at the same time, which are discussed in Section 2.2. We observe

that all classifiers satisfy the bounded-memory and single pass constraints. eGNN, CVM,
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and StreamSVM cannot respond in a real-time manner, as they require much time for

training process. For the concept-drift constraint, we establish two levels of how the

algorithms respond to concept-drifts. The first level, concept-drift adaptation, means

that an algorithm may update with new concepts and remove outdated concepts. Most

algorithms deploy the time windows to update fresh information. Therefore, they satisfy

this criterion. However, those applying the landmark window do not satisfy. The sec-

ond level, concept-drift classification, indicates that an algorithm may detect and adapt

properly to different types of concept-drifts. Unfortunately, there is no algorithm that

can satisfy this constraint. This is also one of our research work, which will be discussed

in Chapter 4.

We also assess whether these classifiers can work for high-dimensional data streams.

VFDT, CVFDT, AWE, OVA, and Ensemble-tree can work for high-dimensional data

streams, as they deploy the decision tree as their primitive classifiers. When a classifier

follows a computational approach and a time-window, it will have some specific tradeoffs,

which is discussed in above Section 2.2. Moreover, data stream classifiers also inherit

common advantages and limitations of traditional classifier in Table 2.2.

Limitations of state-of-the-art work and thesis contributions:

Although various data stream classifiers have been proposed, they have several lim-

itations. Firstly, most data stream classifiers do not work well with high dimensional

data, where all data objects appear to be sparse and dissimilar. Dimension reduction

techniques, which extract relevant and non-redundant features, are necessary for acceler-

ating the learning process. An overview of feature selection techniques will be presented

in the next section. Secondly, none of above classifiers can properly adapt to different

types of concept-drifts (indicated as concept-drift classification ability in Table 2.5.1).

Furthermore, data stream algorithms are required to monitor feature evolution since the

importance of a feature evolves over time. To address above challenges, we will introduce
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Figure 2.8: Overview of Feature Selection

a framework to incorporate feature selection into a heterogeneous ensemble in Chapter 4.

Our algorithm not only work well with in high dimensional data streams, but also is able

to detect and properly adapt to feature evolution.

In the next section, we continue to review other research on feature selection and

semi-supervised learning, which are related to our research.

2.6 Other Related Research

2.6.1 Dynamic Feature Space

In high-dimensional dataset, not all data attributes (features) are important to the learn-

ing process. Figure 2.8(a) shows three common types of features: (i) irrelevant features,

(ii) relevant but redundant features, and (iii) relevant and non-redundant features. The

critical task of dimension reduction techniques is to extract the set of relevant and non-

redundant features so that the learning process is more meaningful and faster. Moreover,

to reduce the number of features, an algorithm may select a subset of the full feature space

(called feature selection), or derive a new feature by combining existing features (called

feature extraction). Feature selection is preferable to feature extraction, as it preserves

the meaning of selected features while the latter usually creates hard-to-understand fea-
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Table 2.4: Advantages and limitations of feature selection models.

Approach Advantages Limitations
Filter Fast

Scalable
Independce of the classifier

Ignores interaction with the
classifier

Wrapper Interact with the classifier
Can find the most “useful” fea-
tures toward the classifier

High computational cost
Risk of over-fitting
Classifier dependent selection

Hybrid
(Filter+ Wrapper)

Interact with the classifier
Better computational complexity
than wrapper methods
Are prone to over-fitting

Classifier dependent selection

tures. Moreover, feature selection has a limited feature search space |2d|, where d is the

number of features. Feature extraction has unlimited search space; however, its perfor-

mance is usually better than feature selection. Figure 2.8(b) illustrates some approaches

for each type of dimension reduction algorithms. For example, feature selection includes

projected, subspace, and hybrid approaches. Feature extraction consists of PCA-based,

fractal-based, and random sampling approaches [124].

In the literature, feature selection techniques can be classified into three categories:

filter, wrapper and embedded models [125]. The filter model applies an independent

measure to evaluate a feature subset; thus, it only relies on the general characteristics

of data. The wrapper model runs together with a learning algorithm and uses its per-

formance to evaluate a feature subset. A hybrid model takes advantage of the above

two models. Advantages and limitations of the three models are elaborated in Table 2.4.

Furthermore, the importance of a feature evolves in data streams and is restricted to a

certain period of time. Features that are previously considered as informative may be-

come irrelevant, and vice-versa, those rejected features may become important features

in the future. Thus, dynamic feature selection techniques need to monitor the evolution

of features.
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After investigating many clustering and classification algorithms, we observe that

only a few algorithms work with high-dimensional data streams, and, they have many

limitations. For clustering, HPStream [29] applies the projected approach, and only

removes irrelevant features but no redundant features. It requires a predefined value of

the average dimensional degree, and is just suitable for spherical-shape cluster. Similarly,

IncPreDeCon [126] only takes out irrelevant features and suffers from high complexity.

For classification, some classifiers work with high-dimensional data streams as they are

simply derived from or deployed decision trees as primitive classifiers [11, 12, 19, 22, 23].

In this scenario, they are considered to be deploying a filter model that uses the decision

tree’s informative measures (e.g., information gain) to select relevant features. Hence,

these algorithms strictly use decision trees as primitive classifiers, and are not able to

remove redundant features. Therefore, the problem of dynamic feature selection in data

streams is open and requires further research. A dimension reduction technique that

follows the hybrid model, captures features’ evolution dynamically, and removes both

irrelevant and redundant features will be ideal.

2.6.2 Semi-supervised Learning

Semi-supervised learning has been proposed to cope with partially labeled data. Although

many semi-supervised learning algorithms have been developed for traditional data [127],

there is still insufficient work for data streams. Semi-supervised learning can be cate-

gorized into two approaches [127]. The first approach is graph-based semi-supervised

learning in which labeled and unlabeled samples are connected by a graph and edges

represent similarity between samples [128, 129]. The goal is to estimate a smooth label

function f on the graph so that it is close to the given labels of vertices. However, it is

difficult to apply the graph-based approach for data stream as the cost for managing and

retrieving a large graph is high. The second approach, semi-supervised Support Vector
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Machines (S3VMs) [130–132], incorporates unlabeled instances into learning by defining

a hinge loss function that favors unlabeled instances outside of the margin and assigns

them weights to alleviate the imbalance problem. However, this is a highly non-convex

optimization problem which is difficult to solve.

Recently, Masud et al. proposed a semi-supervised algorithm for data streams, called

SmSCluster [133]. The algorithm utilizes a cluster-impurity measurement to construct

an ensemble of k-NN classifiers. When a classifier has no knowledge of a certain class,

the algorithm copies the knowledge from another classifier with an injection procedure

in order to reduce the mis-classification rate. However, SmSCluster suffers from high

computational complexity as it performs clustering based on the k-means algorithm [134,

135]. The difficulty in choosing the optimal k value is an inherent problem of k-means

clustering and this is aggravated by the evolving nature of data streams which inevitably

results in more dynamic clusters being formed. In 2007, Aggrawal et al. proposed a

summarization paradigm for the clustering and classification of data streams [136]. This

paradigm can be considered as a generalization of CluStream clustering [28] and On-

Demand Classification [82]. Unfortunately, the classification and clustering algorithms

run separately and there is no mutual relationship between them. The algorithm needs

time to process the offline operations and cannot provide timely results. Moreover, the

use of a pyramidal time window makes it unstable; the micro-structures become larger

and larger over time and this degrades the model’s performance [30].

Limitations of state-of-the-art work and thesis contributions:

Recent semi-supervised algorithms attempt to exploit clustering for their classifica-

tion. However, as discussed above, they have several limitations, such as choosing a

simple clustering method [133] and no mutual relationship [28]. There is a demand for

exploring a new research problem, called concurrent mining, where the knowledge gained

by one mining task may also be useful to other mining tasks and vice versus. Furthermore,
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in many real applications, labeled training instance are rare since it is time-consuming

and requires domain experts to label instances. Unfortunately, most semi-supervised

classifiers do not work well with very sparsely labeled datasets. Active learning is able

to improve semi-supervised learning by querying a small number of unlabeled instances

for labels. In Chapter 5, we address these limitations by proposing a concurrent algo-

rithm that performs clustering and classification at the same time. Our algorithm is

further equipped with a novel active learning technique so that it can work well with

very sparsely labeled datasets.

2.7 Summary

In this chapter, we have examined classification problem of the two most popular type

of sequential data: streaming time series and data streams. We have analyzed various

algorithms of tradition classification, time series classification, data streams classification,

feature selection, and semi-supervised classification. By figuring out limitations of the

state-of-the-art classifiers, we have risen several research problems, including efficient

classification for streaming time series, dynamic feature space problem, and concurrent

mining problem for data streams. In the next chapters, we will elaborate more these

research problems and propose algorithms to solve them.
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“Data is not information, information is not knowl-
edge, knowledge is not understanding, understanding
is not wisdom.”

Clifford Stoll Astronomer

“Success consists of going from failure to failure with-
out loss of enthusiasm.”

Winston Churchill (1874-1965) British prime
minister

3
Closed Motifs for Streaming Time

Series Classification

3.1 Introduction

With the current rapid development of information technology, large amounts of data are

being collected daily from both scientific and business applications, such as electrocar-

diograms in biomedicine, sensor data of aircraft and stock market movements. Such data

that are continually observed results in massive amounts of chronological data, termed

streaming time series [137]. To discover knowledge from streaming time series, scientists

are challenged by its characteristics: unbounded size, high dimensionality and dynamic

nature. Motif discovery, which aims to find frequent patterns or subsequences (called

motifs), is one of the most important time series mining tasks. It is an essential pre-

processing procedure which is widely used for other mining tasks. For example, motif

discovery is the first step to extract association rules for time series data. They are re-

ferred to by different names, such as “primitive shapes” [138], “frequent patterns” [139],
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“chords” [140], and “shapelets” [2]. Motifs are considered as representatives for each

class in several time series classification algorithms [2, 141]. They are also used for time

series clustering and summarization [142] and anomaly detection [143]. Moreover, mo-

tif discovery has been successfully applied in many domains, such as biology [109, 144],

motion capture [113,145].

Since the hidden patterns are previously unknown, discovering motifs with different

lengths is a tedious task. To reduce the computational requirements, most existing

work limits the search space with the assumption that the length of motifs w must

be predefined. Many effective algorithms have been proposed to find w-length motifs

[40–44]. However, these algorithms are very sensitive to the choice of w. If the value

of w is too small, only subsequences of the hidden patterns can be found and a large

number of redundant motifs will be produced; if the value of w is too large, patterns may

not be found because patterns following by different adjacency subsequences (tails) are

considered unmatched [10]. Even if the value of w is properly configured, only motifs

with length w can be discovered. For example, an analyst wants to discover motifs having

the number of occurrence greater than 2 for electrocardiogram dataset in Figure 3.1. The

value of w is small resulting in many redundant motifs found in Figure 3.1(a). On the

other hand, there is no discovered motif in the case of a large w in Figure 3.1(b).

Although there are some efforts to find motifs of different lengths, there are several

limitations. Nunthanid et al. proposed running the k -motif algorithm several times for

different values of w which is inefficient [146]. Tang et al. recorded a similarity matrix

for all subsequences over time. Scanning the whole similarity matrix, they search for

trends in the matrix that point to the existence of longer motifs [10]. However, this

method requires much memory and many passes through the time series which makes it

inapplicable to streaming time series where data streams can only be read once.

The above observations motivate us to find closed motifs having appropriate lengths

more efficiently, for example Figure 3.1(c). We term a motif to be closed, if there is no
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Figure 3.1: Example of motif discovery for an electrocardiogram dataset with different
values of w.

motif with longer length having the same number of occurrences. It is akin to closed

itemsets [147] in association rule mining which are shown to have practical use in many

applications, such as market basket analysis [148], web usage mining [149], and software

bug mining [150].

Time series classification has attracted a lot of research interest in the last decade.

Although many algorithms have been developed, the nearest neighbor classifier has been

shown to be one of the most robust time series classification techniques [6–8]. While the

nearest classifier is simple and easy to implement, its time and space complexities are

relatively high. Ye et al. defined a novel time series shapelet and proposed a decision

tree based classifier for time series classification [2]. The algorithm is later extended

to Logical-Shapelet which augments shapelet representation with logical operations and

uses caching techniques for better performance [9]. These approaches have been experi-

mentally demonstrated to be more accurate and interpretable than the nearest neighbor

approaches. However, the shapelet algorithms require a long training time and can only
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run in an off-line manner, where all training data must be obtained in advance.

Here is a summary of our contributions to address the challenges of finding motifs of

different lengths and classifying streaming time series:

• We introduce a new concept named closed motifs and propose a novel algorithm

to discover closed motifs.

• We index a streaming time series by constructing and updating a flexible suffix

tree. Using the downward closure property, we traverse the tree in a depth-first

manner to discover closed motifs.

• We develop a user-friendly toolkit for visualizing closed motifs named ARC-VIEW.

ARC-VIEW is more practical than the VizTree toolkit [43] in visualizing large suffix

trees with a large alphabet size. We further enhanced it with an advanced ranking

method to discover the most distinctive motifs.

• We further propose a nearest neighbor classifier that is based on closed motifs.

Although the algorithm only needs to store a small number of distinctive closed

motifs, it achieves greater accuracy than the state-of-the-art time series classifier

Logical-Shapelet [9].

3.2 Preliminaries

In this section, we introduce notations and relevant definitions, and then propose a novel

algorithm to discover closed motifs in time series.

Definition 3 A time series T = (t1, t2, . . . , tn) is a finite, real-valued sequence of a

variable’s observations, where n is the length of T .

Due to high computational needs, time series mining algorithms usually work on a sub-

sequence or a subsection of the original time series [3, 41, 43,97].
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Definition 4 Given a time series T of length n, a subsequence S = ti, . . . , ti+m−1 is a

sampling of m ≤ n contiguous positions of T, such that 1 ≤ i ≤ n −m + 1 ( definition

from [40]).

In many real applications, a time series dataset can be collected in a streaming man-

ner; e.g. data generated by a sensor network, or data collected from the stock market.

In this scenario, it is called streaming time series [137].

Definition 5 A streaming time series T is an infinite time series, where observations

may arrive at arbitrary intervals.

3.2.1 SAX representation

The SAX [3] (Symbolic Aggregate approXimation) representation symbolizes a time se-

ries T segregated into a sequence of w symbols (a word) w.r.t. an alphabet size a. A

SAX representation is written as a tuple SAX(T,w, a). The SAX algorithm has three

main steps:

(i) First, the time series T of length n is normalized and then divided into w consec-

utive segments, each of which has an equal length of ⌈ n
w
⌉. Piecewise Aggregate

Approximation (PAA) of T is created with average values of these segments.

(ii) Given the alphabet size a, a list of (a − 1) breakpoints B = {β1, β2, β3, . . . βa−1}

is calculated so that each area from βi to βj under the Gaussian curve equals 1/a.

These breakpoints can be computed by using simple statistical calculations. Then,

each interval [βi, βj) is mapped to a symbol.

(iii) Finally, the PAA coefficients are converted to symbols according to which break-

point interval they belong to. Figure 3.2 shows examples of the SAX algorithm.
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Figure 3.2: (a) SAX representation of time series T1 with n = 128, w = 8 and a =4.
(b) SAX representation of time series T2 with n = 144, w = 9 and a =4. Images are
generated by MATLAB with source code provided by SAX authors [3].

When the length of a time series n is large, a sliding window of length w can be used

to extract all possible subsequences of length w. Then, each subsequence is mapped onto

a word using the SAX algorithm. The support of a SAX word is defined as the count of

its non-trivial matches [3] that are not nearby and have the same SAX representation.

Figure 3.3 shows examples of trivial and non-trivial matches.

Definition 6 Given two subsequences S1 and S2 of a time series T having the same

SAX word, S2 is considered as a non-trivial match to S1 if there exist a subsequence

M between S1 and S2 so that M has a different SAX word.

Definition 7 A subsequence S is frequent if the support of its SAX word is equal or

greater than a minimum occurrence threshold σ, occurrence(S) ≥ σ. We shall term such

a subsequence S a motif.

We define a downward closure property as follows that is similar to that of frequent

pattern mining:
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Trivial match

Trivial match

Non-trivial 
match

Figure 3.3: Trivial matches are immediately to the left and right of a subsequence S,
while non-trivial match is apart from S.

Theorem 1 Given a subsequence S, the support of any subsequence of S is equal or

greater than the support of S.

Theorem 1 can be proved easily, as every time S appears, its subsequence also appears.

Moreover, we can derive:

Corollary 1 If a subsequence S is a motif, all subsequences of S are also motifs.

Definition 8 When S ′ is a subsequence of S, we say that S is a parent-sequence of

S ′.

Definition 9 A motif S ′ is a closed motif if it has no parent-sequence S that has the

same number of occurrences.

As mentioned above, motif discovery results can be overwhelmed with a lot of redundant

motifs. Hence, we are only interested in finding closed motifs.

Although SAX is a simple and effective motif discovery algorithm, it has a limitation

that SAX representations of two subsequences may be totally different in the event that

one subsequence is a parent-sequence of another. This makes it difficult to check whether

a motif is closed because we need to make sure that it has a higher occurrence than all

of its parent-sequences. For example, Figure 3.2 shows the SAX representations of two
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subsequences T1 and T2. Although T2 is a parent-sequence of T1; their SAX words are

different, (cabcdccc)̸= (cabcccbc)d. To check whether T1 is a closed motif, we need to

know T2 and its support. Since their SAX words are different, it is hard to find exactly

a SAX word of T2 as well as its support.

3.3 Our algorithm

In the previous section, we highlighted the limitations of SAX in situations where two

subsequences may have different data distributions because of having different break-

points. Here, we present our approach to overcome this limitation by modifying SAX

with global breakpoints. First, we read a sufficient amount of the time series data, and

calculate its mean and standard deviation. These values are then used to compute the

global breakpoints to symbolize time series. When a new data instance comes, the mean,

standard deviation and global breakpoints are updated accordingly. Since these global

breakpoints are sensitive to outliers, it is advisable to perform data pre-processing to

remove outliers with extreme values. Our algorithm is able to handle data streams if

the global breakpoints are reasonably stable across the life of the data stream. This as-

sumption makes the SAX representations of a subsequence and its extending subsequence

consistent; therefore, it limits the search space and reduces the complexity of the closed

motif discovery problem.

3.3.1 Suffix Tree Construction

Given a streaming time series X, we construct a dynamic tree structure closedTree

to index all subsequences with different lengths. In closedTree, each tree node represents

a specified subsequence and stores its weight as well. Details of constructing closedTree

are given in Algorithm 1. Using our modified version of SAX, we first symbolize X into

a streaming string X̂ = [ŝ1, ŝ2, . . . , ŝm, . . .] by using the global breakpoints. We initialize
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Algorithm 1 Construct closedTree

Input: A streaming time series X = [t1, t2, . . . , tn, . . .].
The minimum length of motifs, lmin, the minimum occurrence threshold σ.
Output: An indexing tree structure closedTree.

1: X is symbolized to a streaming string X̂ = [ŝ1, ŝ2, . . . , ŝm, . . .]
2: Initialize two words w = ŝ1ŝ2 . . . ŝlmin

and wtail = ŝ2 . . . ŝlmin

3: while X has more symbols ŝm do
4: if a node of the word (w, sm) exists then
5: Concatenate sm to w and wtail

6: else
7: Update weights of all nodes in the paths from the tree’s root to Equation 3.2.
8: if w & (wtail, sm) are frequent then
9: Create a new node for (w, sm), and set its weight according to Equation 3.1.
10: end if
11: Remove the first symbol of w and wtail

12: Remove trivial matches of w
13: end if
14: end while

a word w with a minimum length lmin and extract its tail word wtail by excluding the

first symbol ŝ1. The word w can be considered as a sliding window with a flexible

length. The word w is extended as long as possible based on its potential to become

a motif. Given an upcoming symbol sm of the streaming time series X, if a node for

the corresponding word (w, sm) exists (that means the word (w, sm) has been already

indexed), we concatenate sm to w and wtail. Otherwise, we traverse the path from the

tree’s root to w and update weights of all nodes according to Equation 3.2. Based on the

Corollary 1, we derive a necessary condition to index the word (w, sm) that is when all of

its subsequences are motifs. Since all subsequences of (w, sm) are exactly w, (wtail, sm)

and all their subsequences, we only need to check whether two words w and (wtail, sm)

are frequent. If they are frequent, we create a new node for the word (w, sm), and use a

probabilistic model to estimate its weight.

For simplicity, we rewrite the word (w, sm) = (s1, s2, . . . , sk−1, sk). Moreover, we

can easily derive w = (s1, s2, . . . , sk−1), (wtail, sm) = (s2, . . . , sk−1, sk). We denote
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Weight of 

{S1,S2, … , S(k-1), Sk }  = {S1,S2, … , S(k-1) } Sk

weighthead *       P(Sk| (S2...Sk-1))

Figure 3.4: Illustration of the probabilistic model to estimate weights of concatenating
words.

weight of a node by its subscript; for example, weight(s1,s2,...,sk−1) is weight of the node

(s1, s2, . . . , sk−1). The weight of the word (w, sm) is approximated as:

weight(s1,...,sk) ≈ weight(s1,...,sk−1) ∗
weight(s2,...,sk)
weight(s2,...,sk−1)

(3.1)

Next, we take out the first symbol of the words w and wtail, remove trivial matches of

the word w and continue in the next loop.

Figure 3.4 illustrates the probabilistic model to estimate the weight of the word

(w, sm). Its proofs are as follows:

Proof: We use Bayes’ theorem, P (A,B) = P (A|B)P (B), as a basis to derive this

estimation. Suppose A = sk and B = (s1, . . . , sk−1), we have:

P (s1, . . . , sk) = P (sk|(s1, . . . , sk−1)) ∗ P (s1, . . . , sk−1)

We estimate P (sk|(s1, . . . , sk−1)) to P (sk|(s2, . . . , sk−1)). Then,

P (s1, . . . , sk) ≈ P (sk|(s2, . . . , sk−1)) ∗ P (s1, . . . , sk−1)

≈ P (s2, . . . , sk)

P (s2, . . . , sk−1)
∗ P (s1, . . . , sk−1)

Since P (s1, . . . , sk) =
weight(s1,...,sk)

N
, with N is a current length of the time series. We
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Figure 3.5: Examples of constructing closedTree with an alphabet size a =2 and occur-
rence threshold α =2.

have:

weight(s1,...,sk)
N

≈
weight(s2,...,sk)/N

weight(s2,...,sk−1)/N
∗

weight(s1,...,sk−1)

N

⇔ weight(s1,...,sk) ≈
weight(s2,...,sk)
weight(s2,...,sk−1)

∗

weight(s1,...,sk−1)

Figure 3.5 shows examples of constructing the closedTree. The top of Figure 3.5 illus-

trates a streaming time series X arriving continuously. The time series X is symbolized

into many symbols by SAX with an alphabet of size 2. Each tree node represents a word

constructed by following a path from the tree’s root to this node. The number below a
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node denotes its weight. At the initialization stage in Figure 3.5(i), the sliding window

is ab and its according tree node is created with weight 1. Then, the window moves to

the right, we have w = ba, wtail = a, and sm = a. Since the node (w, sm) = baa does not

exist, we create a new node ba with weight 1 in Figure 3.5(ii). Similarly, a node aa is

created, and weights of all nodes in the path from the root to this node are incremented

by 1 in Figure 3.5(iii). And, we have w = ab, wtail = b, and sm = a in the next window.

The weight of node ab is incremented by 1. Since the nodes w = ab and (wtail, sm) = ba

are frequent, a new node (w, sm) = aba is created. We need to also estimate its weight

based on Equation 3.1.

weightaba = weightab ∗
weightba
weightb

= 2 ∗ 1
1
= 2.

It is noteworthy that although the window length is 2, the closedMotif algorithm

can discover motifs with longer lengths. For example, the motif aba with length 3 is

found in this example.

3.3.1.1 Fading Model

Motif discovery algorithms for streaming time series need to update their results con-

tinuously. Moreover, the importance of motifs may change over time; motifs that are

important in the past may become uninteresting in the present. For example, stock mar-

ket motifs that are discovered during an economic crisis will become obsolete when the

economy gradually recovers. Therefore, we apply a fading model to capture the dynamic

nature of motifs.

For each observation t, we assign a weight, which decreases according to its age. The

age is defined as the time gap between the current time and the arriving time. Particu-

larly, the weight of t is set according to a decreasing exponential function, weight(t) =

λ∆t, where (0 < λ ≤ 1) is a fading parameter and ∆t is the age of t.

Similarly, we update the weight (importance) of a motif S as follows:

weight(S) = weight(S) ∗ λ∆t + 1, (3.2)
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where ∆t is the time gap between the current time and the last occurrence time of the

motif. The line 7 in Algorithm 1 shows how we apply the fading model while constructing

the closedTree.

Theorem 2 Given a fading parameter λ, the total weight of a time series T of length n

is
1− λ(n+1)

1− λ
.

Proof: Given a time series T = t1, t2, . . . , tn, according to the fading model, an ob-

servation ti has a weight of weight(t) = λ∆t = λ(n−i). Hence, the total weight of T

is:

weight(T ) =
n∑

i=0

weight(ti) =
n∑

i=0

λ(n−i)

=
n∑

i=0

λi =
1− λ(n+1)

1− λ

The total weight of a time series is subsequently used to calculate the coverage of a motif.

3.3.2 Closed motifs discovery

We traverse the closedTree to collect all closed motifs in a depth-first manner. Start-

ing from the root of closedTree, we recursively call Algorithm 2. Firstly, an empty list

of closed motifs return list is initialized. The node v is an input of the algorithm. If

the weight of v is less than an occurrence threshold value σ; then v is not a motif, and

an empty list is returned. To determine whether v is a closed motif, we need to check

that v has no parent-sequence that has the same weight. The parent-sequences can be

extended from both sides of v. For the right side, we check for all child nodes e of v. If

there is any child node e having the same weight of v, the node v is not a closed motif.

For the left side, we create a parent-sequence by appending each character to the SAX

word of the node v. If the node of the parent-sequence exists and has the same weight
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Algorithm 2 closedMotif(Node v)

Input: An indexing tree structure closedTree and occurrence threshold value σ
Output: A list of closed motifs.

1: Initialize return list = {}
2: if v.weight < σ then
3: Return an empty list
4: end if
5: vIsClosed = true
6: for all child nodes e of v do
7: if e.weight == v.weight then
8: vIsClosed = false
9: end if
10: end for
11: for all character c in the alphabet do
12: w = c + v.getWord()
13: Node e = searchNode(w)
14: if e.weight == v.weight then
15: vIsClosed = false
16: end if
17: end for
18: if vIsClosed then
19: Add v to return list
20: end if
21: for all child nodes e of v do
22: Recursively call closedMotif(e)
23: Append its result to return list
24: end for

of v, the node v is not a closed motif. Otherwise, v is a closed motif and is added to

return list. Finally, we call Algorithm 2 for each child node v recursively, and append

its result to return list.

3.3.3 ARC-VIEW: a visualization toolkit for closed motifs

For visualization of closed motifs in streaming time series, we created a toolkit called

ARC-VIEW, which is partly inspired by a visualization tool for time series named

VizTree [42]. The VizTree draws a suffix tree where each branch has a specified SAX

word that is created by traversing along the branch. Each branch, together with a weight,
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Figure 3.6: An example of ARC-VIEW with alphabet {a,b,c,d}. A parent node is repre-
sented by an arc, and its child nodes are depicted by sub-arcs filled with corresponding
colors {blue, red, cyan, and yellow}.

represents motifs having the same SAX word. Although VizTree can discover motifs and

detect anomalies, it has some limitations. With a large alphabet size, VizTree creates

visually complicated figures that are very hard to interpret. Moreover, it can only show

motifs with a predefined length. That makes SAX impossible to be used with streaming

time series, where motifs have different lengths and need to be updated continuously.

ARC-VIEW not only overcomes the above limitations, but also allows users to monitor

closed motifs in real time. Furthermore, ARC-VIEW provides a user-friendly interface

that helps users to easily identify and view discovered motifs in an intuitive way. In

ARC-VIEW, each node of the closedTree is represented by an arc with a specified angle,

width and center. If the node has child nodes, the arc is further extended to many equal-

angled sub-arcs, which have the same width and center. Moreover, these sub-arcs are

represented by different colors. Figure 3.6 illustrates an example of ARC-VIEW with

an alphabet size of 4. The parent node s1s2 . . . sm has four child nodes. Then, its child

nodes are visualized by sub-arcs filled with corresponding colors. In this example, the

alphabet {a,b,c,d} is coded by colors {blue, red, cyan, and yellow}.

Figure 3.7 shows the screenshot of the ARC-VIEW toolkit. It has a main frame,

ranking frame and classification frame, which are numbered as 1, 2 and 3 respectively.
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Figure 3.7: A screenshot of ARC-VIEW with Trace dataset [4]. ARC-VIEW toolkit has
three frames, including a main frame, ranking frame and classification frame, which are
numbered 1, 2 and 3 respectively.

When the program is executed, the main frame is loaded with three blank panels. Users

can change the default parameter settings at the top-right corner. The parameters include

symbol length, alphabet size, occurrence threshold value σ and lmin value. When users

select an input time series by using a dropdown menu, the top-left panel of the main

frame shows a preview of the time series. Then, users can click on buttons to view the

closedTree in two modes: tree-view or arc-view. The bottom-left panel visualizes the

closedTree in the arc-view mode. In this panel, users can zoom in, zoom out and drag

to obtain a better view. When users click on a specified arc, motifs belonging to this arc

will appear at the bottom-right panel. This panel also shows the weights of those motifs

and their SAX words.

As closed motifs are important, ARC-VIEW offers two convenient ways to view closed

motifs. Firstly, users can select the check-box to highlight closed motifs. With a black
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background, those closed motifs are highlighted in yellow, and non-closed motifs are

distinguished easily with brown color. Figure 3.7 demonstrates how closed motifs are

highlighted when the check-box is selected. Secondly, ARC-VIEW ranks a list of closed

motifs by their distinctive power, which is related to its purity and coverage as defined

below.

Coverage of a motif is calculated as a multiple of its length and frequency divided by

the total weight of the time series, which is defined in Theorem 2. It indicates how often

these closed motifs appear in the whole time series. In the classification problem, time

series data comes with many labels; therefore, a motif may cover observations from many

classes. The purity of a motif is the largest percentage of the dominant class covered

by the motif. The distinctive power of a motif is first prioritized by its purity; motifs

with higher purity are more distinctive. If two motifs have the same purity, then we rank

them according to their coverage, i.e., the more distinctive motif has larger coverage.

The ranking frame, numbered 2 in Figure 3.7, shows an example of ranking by dis-

tinctive power. The first motif ccabcdccc has purity of 94.138% as it covers observations

from the classes 1 and 2. The fading parameter λ is 0.99998, and the current view of

the time series consists of 720 observations. Hence, the motif’s coverage is calculated as

follows:

Coverage(aaadeeeee) =
length× weight

totalweight
× 100%

=
9× 16× 1.9915
1−0.99998(720+1)

1−0.99998

× 100%

≈ 40.734%.

Furthermore, in the classification frame, numbered 3 in Figure 3.7, we implemented a

simple classification algorithm to demonstrate the capability of distinctive power in a

classification problem, which is explained in the next section.
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ARC-VIEW also supports the processing of streaming time series. When data from a

streaming time series arrives continuously at a large volume, the closedTree is updated

according to Algorithm 1. In this scenario, the top-left panel of the main frame only

shows the most recent segment of the streaming time series. When users click on “Start

Stream” button, new data is processed and the recent segment and closedTree are up-

dated consequently. The arc-view of the closedTree and the table of closed motifs are

also updated accordingly. This utility helps users to quickly identify whether any new

closed motif appears.

3.3.4 Closed Motifs for Classification

In the previous section, the ARC-VIEW toolkit has demonstrated its capability in vi-

sualizing time series data and finding closed motifs. We believe that closed motifs can

be successfully applied to many time series data mining problems, including clustering,

rule discovery and anomaly detection. However, we will focus only on the classification

problem.

We propose the nearest neighbor (1-NN) classifier that utilizes the set of discovered

closed motifs to improve speed and accuracy. Recent research has shown that the 1-

NN algorithm is effective and very difficult to match in most time series problems [6–8].

However, 1-NN algorithm cannot manage large-scale classification problems as it requires

much computational and memory resources. To overcome these limitations, we aim to

extract a short list of the most distinctive closed motifs for each class. Our algorithm

only needs to compare a testing time series to this list; therefore, it can quickly solve a

classification problem with accurate results. First, we need to define a similarity measure

between two time series.

Definition 10 Distance between two time series of the same length, T = (t1, t2, . . . , tn)

and P = (p1, p2, . . . , pn), is a symmetrical function and returns a nonnegative value, i.e.,

Dist(T, P ) = Dist(P, T ) ≥ 0.
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For example, Euclidean distance can be used to measure the distance between two time

series, ED(T, P ) =
√∑n

i=1(ti − pi)2.

Since a subsequence S is usually shorter than the time series T , we need to define the

distance between a time series T and a subsequence S.

Definition 11 Subsequence distance from the time series T = (t1, t2, . . . , tn) and the

subsequence S = (s1, s2, . . . , sl) is the minimum distance between a subsequence S ′ of

the time series T and the subsequence S, SubDist(T, S) = min(Dist(S, S ′)), S ′ ⊂ T

(definition from [2]).

The subsequence distance is actually the distance between S and its best-matched sub-

sequence S ′ of T , as shown in Figure 3.8.

10 20 30 40 50 60 70 80

T

S

Best matching location

Figure 3.8: Illustration for subsequence distance.

There are some research work that use a distance measure MINDIST [43] to implement

the k nearest neighbor. However, the MINDIST is the lower bound of the distance

between two original time series which may contain some errors. Therefore, this approach

is not good enough to produce accurate results. To overcome this limitation, we define a

mean subsequence of a SAX word as follows:

Definition 12 Given a SAX word having m non-trivial matches of a length l, Sk =

{sk1, sk2, . . . , skl } (1 ≤ k ≤ m), its mean subsequence S̄ = {s̄1, s̄2, . . . , s̄l} is defined:

s̄i =
1

m

m∑
k=1

ski .

72



Chapter 3. Closed Motifs for Streaming Time Series Classification

We integrate each SAX word with a mean subsequence that can be used later to

measure the distance between itself and a testing time series. Figure 3.9 illustrates a

node in the closedTree with its mean subsequence. The node cabc with weight 3.98

consists of a mean subsequence (indicated by a thick line) of four subsequences belonging

to it. When a tree node N receives a new subsequence Snew, its mean subsequence S̄ can

be easily updated as follows:

S̄ =
S̄ ∗ weight(N) + Snew

weight(N) + 1

cabc

cab

3.98

Figure 3.9: Illustration for a mean subsequence of a tree node with a thick line.

Details of the classifier, 1-NN closedMotif, are given in Algorithm 3. During the

learning procedure, the suffix tree is constructed, and a list of closed motifs is extracted.

The 1-NN closedMotif gets this list as input. Since the number of closed motifs is still

large, we are only interested in the list of the top m distinctive motifs for each class

(line 1). For each motif in the list, we compute the subsequence distance between its

mean subsequence and a testing time series T . Then, we select a motif with the shortest

distance and assign its label to the time series T .
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Algorithm 3 1-NN closedMotif (Time series T , m)

Input: A list of closed motifs, list
Maximum number of motifs for each class, m
Output: Label of time series T

1: Select top m distinctive closed motifs for each class and put into a list short list
2: for all closed motif in short list do
3: Get its mean subsequence meanSub.
4: Compute subsequence distance between T and meanSub, SubDist(T,meanSub).
5: end for
6: Select a motif with the shortest distance and assign its label to time series T .

3.4 Experiments and Analysis

3.4.1 Experimental Setup

To validate the effectiveness of our closedMotif algorithm, we perform extensive exper-

iments on both synthetic and real time series datasets. The datasets are taken from

the publicly available UCR time series Data Mining Archive [4] and PhysioBank [151].

Experiments were conducted on a Windows PC with a Pentium D 3GHz Intel processor

and 2GB memory. This section consists of two parts:

• For motif discovery, we compare our approach with the SAX algorithm as this is

one of the most cited motif discovery approaches (more than 200 citations up to

date).

• For time series classification, we compare our algorithm with Logical-Shapelet, a re-

cent prominent classifier for time time series [9]. According to the author’s recom-

mendation, default values of the Logical-Shapelet are set as follows: minLength =

10 and stepSize = 1.

The default parameter settings for our algorithm are set as follows: alphabet size a

is 15, occurrence threshold value σ is 1.5, the maximum number of motifs for each class

m is 30, and initial window is 64 with 4 symbols of length 16. The fading parameter λ

in our algorithm is 0.99998.
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3.4.2 Motif Discovery

We examine closedMotif and SAX in many aspects including discovering complete and

varying-length motifs, and their scalability. To allow fair and meaningful comparisons,

common parameters of closedMotif and SAX are given the same values.

3.4.2.1 Complete motif discovery:

Figure 3.10: Comparison on ECG dataset with a=4 (a) Motifs discovered by SAX (shown
by Viz-Tree). (b) Closed motifs discovered by closedMotif (shown by ARC-VIEW).

Electrocardiograms (ECGs) are the interpretations of the electrical activity of the

heart over a period of time. In this experiment, the same dataset in Figure 3.1 is used to

illustrate closedMotif ’s ability in discovering complete motifs. This time series dataset

is obtained from the MIT-BIH Noise Stress Test Dataset, PhysioBank [151]. Figure 3.10

clearly shows that resultant motifs discovered by closedMotif and SAX are different. In

Figure 3.10(a), SAX algorithm only produces incomplete motifs, which are subsequences

of the hidden patterns. Our proposed algorithm is superior to SAX as it discovers closed

motifs, which allows us to obtain a complete heartbeat cycle.
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3.4.2.2 Discovery of varying-length motifs:

Figure 3.11: (a) Cylinder-Bell-Funnel dataset with a=6. (b) Discovered cylinder motifs
of length 64. (c) Discovered bell motifs of length 80. (d) Discovered funnel motifs of
length 96.

Cylinder-Bell-Funnel (CBF) is a popular synthetic dataset, which is widely used in

time series analysis. Three are three different shapes (cylinder, bell, and funnel), which

are randomly inserted into the time series. In order to test our algorithm’s capability of

finding motifs of various lengths, we generated the three shapes with different lengths:

cylinder shape with length 64, bell shape with length 80, and funnel shape with length

96. First, we run the k-motif algorithm three times with window sizes 64, 80, and 96. As

a result, the k-motif algorithm can only find motifs having the same size of the window;

it can only find cylinder motifs with window size 64, bell motifs with window size 80

and funnel motifs with window size 96. Then, we run our closedMotif algorithm with an

initial window size 64. In contrast, our algorithm can find all the CBF motifs within one
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pass only. Figures 3.11(b), (c), (d) shows the discovered cylinder, bell, and funnel motifs

respectively.

3.4.2.3 Scalability with Streaming Time Series
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Figure 3.12: Running time v.s. data size

We further perform our proposed algorithm in a streaming mode and evaluate its

scalability with large datasets. We choose the random walk time series, as it is one of the

most experimented datasets in motif discovery T (n+ 1) = T (n) +N(0, 1), where N(0, 1)

is a random Gaussian generator [40,97,152,153]. We generate a massive streaming time

series with a size of up to 1 billion observations. For the SAX algorithm, we set the length

of each word to 10. To compare closedMotif and the SAX algorithm, we record their

running time every one million instances. In Figure 3.12, when the size of time series

data increases, the running time of closedMotif increases linearly. Although the SAX

algorithm has a similar linear time complexity, it can be observed that our algorithm

is much faster; closedMotif only needs to read a next SAX symbol to find the longest

motif, while SAX needs to calculate every SAX word for each time window. Furthermore,

closedMotif can discover more important motifs than SAX as it has the capability to

discover closed motifs with different lengths.

77



Chapter 3. Closed Motifs for Streaming Time Series Classification

3.4.3 Time Series Classification

In time series classification, closedMotif extracts closed motifs that are most distinctive

for each class. Then, it applies a variant of the nearest neighbor algorithm to perform

classification. We denote our classifier (described in Algorithm 3) as 1-NN closedMotif.

We compare it with 1-NN Euclidean Distance classification (1-NN ED) and Logical-

Shapelet [9]. The 1-NN ED classifier stores the whole training dataset. It computes

the Euclidean distance between a testing time series and each time series in the training

set. The testing time series is assigned the same label of the training time series with

the shortest distance. We choose the 1-NN ED classifier as it is a competitive baseline

algorithm [43]. We also select Logical-Shapelet since it is a state-of-the-art classifier with

good performance. We show three case studies in three different domains in the following

sections.

3.4.3.1 Video Surveillance

Figure 3.13: The Gun-Point dataset with the most representative motifs of each class.

The Gun-Point dataset that comes from the video surveillance domain is one of the

most studied datasets in time series classification [2, 6, 7] . It tracks the right hand of

actors, and records its vertical position in two cases. In the Gun-Draw case, the actors
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repeatedly draw a gun from a hip-mounted holster, aim at a target and put the gun

back to the holster. In the Point case, the actors repeat the same motion without a gun

and they use their index fingers to point to a target instead. The dataset has 40/150

training/testing time series with a length of 150. The accuracy of 1-NN closedMotif is

94.00%, which outperforms Logical-Shapelet (93.30% accuracy) and 1-NN ED (91.30%

accuracy). Moreover, the closedMotif algorithm also provides more information about

the difference between two classes. Figure 3.13 shows the most distinctive motifs of two

classes. When the actor has a gun, his hand stays on the holster’s position for a while

before putting the gun back. In Figure 3.13(a), nnidc motif with weight 11.418 is most

distinctive for the Gun class. In contrast, ooid motif with weight 9.314 in Figure 3.13(b)

shows that the actor’s hand moves freely without the gun.

3.4.3.2 Sensor Network Data

Figure 3.14: The MoteStrain dataset with the most representative motifs of each class.

Sensor networks have attracted a lot of research interest with a broad range of applica-

tions. The MoteStrain dataset is collected from wireless sensors (Berkeley motes), which

were deployed to monitor the environment inside the Intel Berkeley Research Lab [4,154].

The dataset consists of 20 training time series and 1252 testing time series, each with

a length of 84. We examine the usefulness of closed motifs for the classification of data
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from two different sensors. With an accuracy of 89.38%, 1-NN closedMotif outperforms

Logical-Shapelet (83.23% accuracy), and 1-NN ED (87.90% accuracy). Figure 3.14 shows

the most distinctive motifs of the two sensors. We can see that there is a downward mo-

tif jhgfe with weight 3.968 that is representative for the first sensor in Figure 3.14(a)

and a flat motif mmmm with weight 3.943 that is distinctive for the second sensor in

Figure 3.14(b).

3.4.3.3 Biomedical Data

Figure 3.15: The TwoLeadECG dataset with the most representative motifs of each class.

Heart disease has become one of leading single causes of death and thus, accurate di-

agnoses can be life-saving. Electrocardiograms (ECGs) that record heartbeats in relation

to time are routinely used for initial screening and diagnosis. We perform experiments

with the arrhythmia ECG data in the Physionet MIT-BIH Arrhythmia database [151].

The data contains two-channel ambulatory ECGs sampled at 360 Hz per channel with a

11-bit resolution. Each channel is independently annotated by two or more cardiologists;

disagreements were resolved to obtain the computer-readable reference annotations for

each beat. We collect the first ECG channel of patient 233 for this study. All the above

classifiers are deployed to distinguish between normal ECG and arrhythmia ECG. Our

1-NN closedMotif achieved the best accuracy of 88.50% while Logical-Shapelet achieved
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Table 3.1: Comparisons of accuracies of different algorithms on various datasets.
Dataset #Classes Size of Size of Time series 1-NN Logical- 1-NN Symbol Alphabet

training set testing set length ED Shapelet closedMotif length size
Gun-Point 2 50 150 150 91.30% 93.30% 94.00% 16 15
MoteStrain 2 20 1252 84 87.90% 83.23% 89.54% 5 15
ArrhythmiaECG 2 100 113 285 85.50% 76.11% 85.50% 16 15
CBF 3 30 900 128 85.00% 88.56% 99.67% 16 15
TwoLeadECG 2 23 1139 82 74.70% 85.60% 89.03% 4 15
DiatomSizeReduction 4 16 306 345 93.5%5 75.16% 96.41% 32 15
FaceFour 4 24 88 350 78.40% 90.91% 95.45% 20 15
Trace 4 100 100 275 76.00% 100.00% 88.00% 16 15

Average 84.44% 86.61% 92.58%

76.11%. Though 1-NN ED attained the same accuracy of 1-NN closedMotif, it required

a longer running time. Figure 3.15 shows that there are two distinctive motifs for normal

ECG and arrhythmia ECG.

Table 3.1 summarizes accuracies of the above time series classifiers on various datasets.

We further validate our algorithm with five more datasets: CBF, TwoLeadECG, Di-

atomSizeReduction, FaceFour, and Trace dataset [4]. We observe that 1-NN closedMotif

algorithm is more accurate than Logical-Shapelet in 7/8 datasets and 1-NN ED in 8/8

datasets. The average accuracy of 1-NN closedMotif is 92.58%, which is higher than the

average accuracies of Logical-Shapelet and 1-NN ED by 5.97% and 8.14% respectively.

3.4.3.4 Sensitivity of m
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Figure 3.16: Sensitivity of the maximum numbers of distinctive motifs for each class m.
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In this section, we conduct several experiments to evaluate the sensitivity of the

maximum numbers of distinctive motifs for each class, m. We keep other parameters

unchanged and increase the value of m from 10 to 50 with each step of 10. Experimental

results are shown in Figure 3.16. At the beginning, when the value of m raises, the

accuracy of 1-NN closedMotif increases since it has more distinctive motifs to compare

to the testing time series. However, its accuracy slightly decrease when the value of m is

too large. This is because 1-NN closedMotif contains “contaminated” motifs that may

not purely belong a certain class. We suggest that the value of m should be set between

20 to 30 to achieve good accuracy.

3.5 Summary

Motivated by the importance of discovering motifs with appropriate lengths, we have

introduced the definition of closed motifs and proposed a novel time series classifier

that is based on closed motifs. We first build a synopsis of streaming time series data

in the form of a suffix tree, which can be constructed and updated in real-time with

only a single pass. This property allows the algorithm to process massive time series

at high data rates. Then, applying the downward closure property, we traverse the

tree to discover closed motifs. We further implement our algorithm together with a user-

friendly toolkit ARC-VIEW, which is more practical than VizTree [43] in visualizing high-

resolution motifs. Moreover, the toolkit is equipped with highlighting functions that help

users easily monitor and evaluate discovered motifs. Extensive experiments with both

synthetic and real time series datasets have shown that our closedMotif algorithm is able

to discover closed motifs with different lengths and is scalable for massive streaming time

series datasets. Moreover, we demonstrate the usefulness of closed motifs in time series

classification. The nearest neighbor classifier that is constructed from the most distinctive
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closed motifs outperforms prominent classifiers in terms of accuracy and speed for many

datasets in various domains.

In the next chapter, we continue to examine a more difficult problem: classification

for high-dimensional data streams, where datasets are multivariate, huge and unbounded.

We will propose an algorithm to solve the problem of dynamic feature space, which was

discussed earlier in Chapter 2.
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“We’re entering a new world in which data may be
more important than software.”

Tim O’Reilly(1954-) Founder of O’Reilly Media

“Action is the foundational key to all success.”

Pablo Picasso (1881-1973) Artist

4
Heterogeneous Ensemble for Feature

Drifts in Data Streams

4.1 Introduction

In the previous chapter, we have addressed the classification problem of streaming time

series by proposing an efficient and accurate closed-motif-based classifier. Here, we will

tackle the classification of high-dimensional data streams with more challenging charac-

teristics. With rapid technological advancement, data streams are commonly generated

in many real-life applications, such as stock markets, online stores and sensor networks.

In order to discover knowledge from data streams, scientists have to confront the follow-

ing challenges: (1) tremendous volumes of data; (2) dynamic changes of the discovered

patterns, which is commonly referred to as concept drifts ; and (3) real-time response.

Concept drifts are categorized into two types: gradual drifts with moderate changes and

sudden drifts with severe changes. There are two common approaches of existing classi-

fication models for data streams: online incremental learning and ensemble learning.

84



Chapter 4. Heterogeneous Ensemble for Feature Drifts in Data Streams

Incremental learning trains a single classifier and updates it with newly arriving data.

For example, Domingos and Hulten [11] proposed a very fast Hoeffding tree learner

(VFDT) for data streams. The VFDT was later extended to CVFDT [12], which can

handle the concept drifting streams by constructing alternative nodes to replace the

outdated nodes when concept drifts occur. Incremental learning is quite efficient but

it cannot adapt to sudden drifts. Ensemble learning, which aims to combine multiple

classifiers for boosting classification accuracy, has attracted a lot of research due to its

simplicity and good performance. It manages concept drifts using one of the follow-

ing adaptive approaches: (1) majority vote or weighting combination [67], (2) real-time

updates the individual classifiers [18, 68], and (3) changing the ensemble structure by

replacing outdated classifiers [19,22]. However, it has high computational complexity as

there are many time-consuming processes, eg. generating new classifiers, and updating

classifiers.

In this chapter, we address the above problems by presenting a novel framework to

integrate feature selection techniques and ensemble learning for data streams. To alleviate

ensemble updating, we propose a new concept of “feature drifts” and use it to optimize

the updating process. With a gradual drift, each classifier member is updated in a real-

time manner. When a feature drift occurs, which represents a significant change in the

underlying distribution of the dataset, we train a new classifier to replace an outdated

classifier in the ensemble.

Moreover, feature selection helps to enhance ensemble learning. It not only improves

the accuracy of classifier members by selecting the most relevant features and remov-

ing irrelevant and redundant features, but also reduces the complexity of the ensemble

significantly as only a small subset of feature space is processed. Finally, we propose a

heterogeneous ensemble where different types of classifier members are well selected to

maximize the diversity of the ensemble [155, 156]. Figure 4.1 gives an overview of our
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Figure 4.1: Ensemble Learning of Feature Drifts.

framework. The ensemble consists of many classifiers, each of which has its own feature

subset. If there is a feature drift, the ensemble is updated with a new classifier together

with a new feature subset; otherwise, each classifier is updated accordingly. To aggregate

the classification results of classifier members, we assign each classier a weight w.r.t its

performance. This weighting method is proven to minimize the expected added error of

the ensemble.

In summary, the following are contributions of our framework:

• We enhance ensemble learning with feature selection which helps to lessen compu-

tational complexity and increase accuracy.

• We propose the definition of feature drifts and explore relationships between feature

drifts and concept drifts.
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• We significantly increase the accuracy of the ensemble by designing a heterogeneous

ensemble with well-chosen member classifiers and an optimal weighting scheme.

4.2 Proposed Framework

In this section, we will propose a novel framework for integrating feature selection and

heterogeneous ensembles. Our framework not only adapts to different kinds of concept

drifts, but also has low complexity due to its dynamic updating scheme and the support

of feature selection techniques.

We assume infinite data streams X = [x1,x2, . . . ,xt, . . .] as input in the framework,

where xt = [f1t , f
2
t , . . . , f

d
t ]

T is a d-dimensional vector arriving at time t. We assume the

data streams have c different class labels. For any data vector xt, it has a class label

yt ∈ {y1,y2, . . . ,yc}. Generally when the dimension d is large, there is often only a

small set of key features that is critical for building accurate models for classification.

Data streams tend to evolve over time and so do the key features correspondingly.

For ease of discussion, we restate the definitions of concepts and concept drifts, as well

as present a definition of feature drifts :

Definition 1 A concept or a data source is defined as a set of the prior probabilities for

the classes P (yi) and the class-conditional density functions (pdf) P (X|yi), i = 1, . . . , c

(definition from [78]):

S = {(P (y1), P (X|y1)); . . . ; (P (yc), P (X|yc))}.

Definition 2 Suppose a data stream X consists of a set of k data sources Si with influ-

ence wi. The underlying data distribution of data streamX is DX(t) = {w1(t)S1, . . . , wk(t)Sk},

where wi(t) ∈ [0, 1] and
∑k

i=1 wi(t) = 1. If for any two time stamps t1 and t2 that

DX(t1) ̸= DX(t2), we say there is a concept drift.
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Definition 13 Given a feature space F , at time point t, we can always select the most

discriminative subset F̂t ⊆ F . If for any two time points i and j F̂i ̸= F̂j, we say that

there is a feature drift.

Next, we explore the relationship between concept drifts and feature drifts.

Lemma 1 Concept drifts give rise to feature drifts.

Proof: Assume that certain feature selection techniques evaluate the discrimination

of a feature subset F at time t by a function:

Ψ(Ft, t) = Ψ(P (f i|yj), t), f i ∈ Ft ⊆ {f 1, . . . , fp}, yj ∈ {y1, . . . , yc}

And, there is a feature drift in [t1, t2], (t1 < t2),
F̂t1 = argmaxFi⊆FΨ(Fi, t1)

F̂t2 = argmaxFi⊆FΨ(Fi, t2)

F̂t1 ̸= F̂t2

We can always find a feature fa ∈ F and a class yb so that P (fa|yb, t1) ̸= P (fa|yb, t2).

Else, P (f i|yj, t1) = P (f i|yj, t2),∀(i, j), then F̂t1 = F̂t2 . Since the data stream X consists

of the feature fa ; therefore, P (X|yb, t1) ̸= P (X|yb, t2). That means at least two concepts

have changed their influence; hence, DX(t1) ̸= DX(t2). This denotes a concept drift in

the time interval [t1, t2].

Lemma 2 Concept drifts may not lead to feature drifts.

Proof: For example, given data streams X within a time period [t1, t2] we assume

the prior probability of a class i and j, P (yi) and P (yj), are changed; but their sum

(P (yi) + P (yj)) and other probabilities remain the same. In this scenario, there is a

concept drift but no feature drift.

Figure 4.2 shows examples of a concept drift and a feature drift. In Figure 4.2(a),

there is a concept drift of changing between two data sources in the discriminate feature
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(a) Concept drift (b) Feature drift

Figure 4.2: (a) A concept drift of changing two data sources in the discriminate feature
subset (x, y). (b) A feature drift, where the discriminate feature subset changes from
(x, y) to (y, z). Class y1 is depicted with grey dots, and class y2 with black dots.

subset (x, y), but no feature drift. Figure 4.2(b) illustrates a feature drift, where the

discriminate feature subset changes from (x, y) to (y, z). This feature drift also implies

a concept drift.

Combining Lemmas 1 and 2, we can conclude that:

Theorem 4.1 Feature drifts occur at a slower rate than concept drifts.

Feature drifts, which are observed in high dimensional data streams, occur no faster

than concept drifts. As shown in the overview of our framework Figure 4.1, we need

to modify feature selection techniques to detect feature drifts. The key idea is using

feature selection to accelerate ensemble learning and steer its updating process. Moreover,

feature selection techniques not only remove irrelevant and redundant features, but also

accelerate the learning process by reducing the dimensionality of the data. Thus, the

overall performance of the ensemble is improved in terms of accuracy, time and space

complexities.

First, we select online classifiers as classifier members as they can be incrementally

updated with new data. Then, we construct a heterogeneous ensemble with a capability

to adapt to both concept and feature drifts. With gradual drifts, we only need to update

the classifier members. With feature drifts, we adjust the ensemble by replacing the
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outdated classifier with a new one. We further deploy a weighting technique to minimize

the cumulative error of the heterogeneous ensemble.

4.2.1 Feature Selection Block

Feature selection selects a subset of q features from the original d features (q ≤ d) so

that the feature space is optimally reduced. Generally, we expect the feature selection

process to remove irrelevant and redundant features. We decide to use FCBF (Fast

Correlation-Based Filter) as it is simple, fast and effective [69]. FCBF is a multivariate

feature selection method where the class relevance and the dependency between each

feature pair are taken into account. Based on information theory, FCBF uses symmetrical

uncertainty to calculate dependencies of features and the class relevance. Starting with

the full feature set, FCBF heuristically applies a backward selection technique with a

sequential search strategy to remove irrelevant and redundant features. The algorithm

stops when there are no features left to eliminate.

Symmetrical Uncertainty (SU) uses entropy and conditional entropy values to calcu-

late dependencies of features. If X, Y are random variables, X receives value xi with

probability P (xi), Y receives value yj with probability P (yj); the symmetrical uncertainty

between X and Y is:

SU(X,Y ) = 2

[
H(X)−H(X|Y )

H(X) +H(Y )

]
= 2

[
I(X, Y )

H(X) +H(Y )

]
(4.1)

where I(X, Y ) is the mutual information between X and Y , H(X) and H(Y ) are the

entropies of X and Y respectively; the higher the SU(X, Y ) value, the more dependent

X and Y are.

We improve FCBF with a sliding window so that it has low time and space com-

plexities. Incoming data is stored in a buffer (window) with a predefined size. Next,

the matrix of symmetrical uncertainty values is computed to select the most relevant
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Algorithm 4 Ensemble Learning

Input: A series of infinite streaming dataX = [x1,x2, . . . ,xt, . . .], where xt is a d dimen-
sional vector [f 1

t , f
2
t , . . . , f

p
t ]

T with a class label yt arriving at time t, yi ∈ {y1, y2, . . . , yc}.
A set of l different classifier types,M = {M1,M2, . . . ,Ml}.
The maximum size of the ensemble, k × l.
Output: A heterogenous ensemble E .
1: Initialize the ensemble E with k classifiers of each model in M, denoted as
C1, C2, . . . , Ck×l.

2: while X has more instance do
3: if chunk is not full then
4: Add xi to chunk.
5: else
6: Perform FCBF to get the relevant and non-redundant feature subset φi.
7: if φi ̸= φi−1 then
8: Find the best accurate classifier Cbest in the ensemble and get its type.
9: Build a new classifier Cnew having the same type with Cbest, and associated

with the feature subset φi.
10: Remove a classifier with the worst accuracy from E .
11: Add the new created classifier Cnew into E .
12: end if
13: for each classifier in the ensemble C do
14: for each instance x in chunk do
15: Set m according to Poisson(1)
16: Update m times each classifier member with x.
17: end for
18: end for
19: end if
20: end while

feature subset. The process is performed in a sliding window fashion, and the selected

feature subsets are monitored to detect feature drifts. When two consecutive subsets are

different, we postulate that a feature drift has occurred.

4.2.2 Ensemble Block

4.2.2.1 Heterogeneous Ensemble

When constructing an ensemble learner, the diversity among member classifiers is

expected to be the key contributor to the accuracy of the ensemble. Furthermore, a
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heterogeneous ensemble that consists of different classifier types usually attains high

diversity [155, 157]. Motivated by this observation, we construct a small heterogeneous

ensemble rather than a big homogeneous ensemble with a large number of same type

classifiers, which will compromise speed.

As mentioned, we aim to select online classifiers so that the ensemble can properly

adapt to different types of concept drifts. Here, CVFDT [12] and Online Naive Bayes

(OnlineNB) are chosen as the basic classifier types, but the framework can work with any

classification algorithm. The OnlineNB is an online version of the Naive Bayes classifier.

When a training instance (xt, yt) comes, OnlineNB updates the corresponding prior and

likelihood probabilities, P (yt) & P (Fi = f t
i |yt). To classify a testing instance, it applies

Bayes’ theorem to select a class having the maximum posterior probability as follows:

OnlineNB(xt) = argmaxyjP (yj)
n∏

i=1

P (Fi = f t
i |yj) (4.2)

Details of the heterogeneous ensemble’s learning process are given in Algorithm 4.

Given a data stream X and a predefined setM of different classifier types, we initialize

the ensemble with k classifiers of each type inM. Next, data streams are processed in a

sliding window mode and data instances are grouped into predefined-size chunks. When a

new chunk arrives, we apply a feature selection technique to find the most discriminative

feature subset. If the subset is different from the previous one, there is a feature drift.

We would then need to construct a new classifier with the selected feature subset. We

add it to the ensemble, and remove the worst classifier if the ensemble is full; the new

classifier will be of the same type as the best classifier member (lines 7-12). Finally, we

employ online bagging [18] for updating classifier members to reduce the variance of the

ensemble (lines 13-18).

4.2.2.2 Ensemble Classification

92



Chapter 4. Heterogeneous Ensemble for Feature Drifts in Data Streams

Algorithm 5 Real Time Classification

Input: A new testing unlabeled instance xt.
An ensemble E of N classifiers, denoted as C1, C2, . . . , CN . Every classifier Ci is associated
with a feature subset φi.
Given a testing instance, every classifier Ci outputs a probability distribution vector
ρi = [ρi1, ρi2, . . . , ρic], (

∑c
j=1 ρij = 1, i ∈ {1, 2, . . . , N}).

A padding value, α = 0.001.
Input: A probability distribution vector of xt.

1: for every classifier Ci in the ensemble E do
2: Project the arriving testing instance xt onto a low dimensional feature space φi

and get x̂t.
3: Compute the probability distribution vector ρi = Ci(x̂t).
4: Get the aggregated error of classifier Ci, erri, and calculate the weight following

the Equation 4.5, wi = 1/(erri + α).
5: end for
6: Aggregate all probability distribution vectors as follows:

E(ρ) =
z∑

i=1

wi ∗ ρi

7: Normalize and return vector E(ρ).

Based on the research work of Tumer et. al [158] and Fumera et. al [159], the

estimated error of the ensemble is:

Eens
add =

N∑
k=1

w2
kE

k
add +

N∑
k=1

∑
l ̸=k

wlwk

[
βkβl + ρkl(σk

i σ
l
i + σk

j σ
l
j)/s

2
]
, (4.3)

where βk and σk are the bias and the standard deviation of the estimate error εk of

classifier Ck , ρkl is the correlation coefficient of the errors εk and εl.

We assume that classifier members are unbiased and uncorrelated (i.e. βk = 0, ρkl =

0, k ̸= l). Then, we have Eens
add =

∑N
k=1 w

2
kE

k
add,

∑N
k=1 wk = 1. To minimize the added

error of the ensemble, the weights of classifier members are set as follows:

wk = (Ek
add)

−1

[
N∑

m=1

(Em
add)

−1

]
(4.4)

When constructing the ensemble classifier, we estimate the added error of every clas-

sifier member, Ek
add, which is its accumulated error from its creation time to the current
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time. Moreover, to mitigate the extreme case of Em
add ≈ 0, we modify the Equation 4.4

as follows:

wk = (Ek
add + α)−1

[
N∑

m=1

(Em
add + α)−1

]
, (4.5)

where α is a padding value which is empirically set to 0.001.

Details of the ensemble classification process are shown in Algorithm 5. Given the

ensemble E where each member can classify a testing instance and output the result as a

probability distribution vector, we use a weighting combination scheme to get the result.

First, for each classifier Ci we project the testing instance xt onto the subspace φi. Then,

the classifier Ci processes the projected instance and outputs a probability distribution

vector. We attain the aggregated accuracy of Ci from its creation time, and calculate its

optimal weight according to Equation 4.5 to minimize the expected added error of the

ensemble. Finally, the ensemble’s result is set as the normalized sum of the weighted

classification results of the members (lines 6-7).

4.3 Experiments and Analysis

4.3.1 Experimental Setup

For our experiments, we use three synthetic datasets and three real-life datasets. The

three synthetic datasets, SEA generator (SEA), Rotating Hyperplane (HYP), and LED

dataset (LED), are generated from the MOA framework [160]. Concept drifts are gener-

ated by changing 10 attributes at a speed of 0.001 per instance in the HYP dataset. The

three real life datasets are: network intrusion (KDD’991), hand-written digit recognition

(MNIST2), and protein crystallography diffraction (CRYST3) datasets. Table 4.1 shows

the characteristics of the six datasets.

1http://kdd.ics.uci.edu/databases/kddcup99/kddcup99.html
2http://www.csie.ntu.edu.tw/ cjlin/libsvmtools/datasets
3http://ajbcentral.com/CrySis/dataset.html
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Table 4.1: Characteristics of datasets used for evaluation.
Name #Instances #Attributes #Classes Noise #Selected Features Ratio of FS
SEA 100,000 3 2 10% 2.25 75%
HYP 100,000 10 2 5% 6.71 67.13%
LED 100,000 24 3 10% 15.84 65.98%
KDD’99 494,022 34 5 N/A 2.33 6.87%
MNIST 60,000 780 10 N/A 30.77 3.95%
CRYST 5,500 1341 2 N/A 7.49 0.56%

We compare our algorithm HEFT-Stream with other prominent ensemble methods:

AWE [19] and OnlineBagging [18]. We further verify the effect of the feature selection

technique in the performance of HEFT-Stream by running HEFT-Stream without the

feature selection, denoted as HEFT-Stream-noFS. It is worthy noted that HEFT-Stream-

noFS is equivalent to a heterogenous ensemble of OnlineNB and CVFDT classifiers. The

experiments were conducted on a Windows PC with a Pentium D 3GHz Intel processor

and 2GB memory. To enable more meaningful comparisons, we use the same parameter

values for all the algorithms. The number of classifier members is set to 10 for all the

ensemble algorithms, and the chunk size is set to 1000. To simulate the data stream

environment, we process all experiments using a practical approach, called Interleaved-

Chunk. In this approach, data instances are read to form a data chunk. Each new data

chunk is first used to test the existing model. Then it is used to update the model and

it is finally discarded to save memory.

4.3.2 Experimental Results

As AWE and OnlineBagging are homogeneous ensembles and can only work with one

classifier type, we set different classifier types for these ensembles accordingly. For AWE,

we set classifier members as Naive Bayes and C4.5, which are recommended by the

authors [19], and denoted as AWE(NB) and AWE(C4.5). For OnlineBagging, we set its

classifier members as OnlineNB and CVFDT, and denoted as Bagging(OnlineNB) and

Bagging(CVFDT) respectively. We conduct the experiments ten times for each dataset
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and summarize their average accuracy and running times in Table 4.2. Readers may visit

our website4 for the algorithms’ implementation, more experimental results, and detailed

theoretical proofs.

We observe that the AWE ensemble has the worst accuracy and the longest run-

ning time. This is because the AWE ensemble uses traditional classifiers as its members

and trains them once; when there are concept drifts, these members become outdated

and accuracy is degraded. Moreover, the AWE ensemble always trains a new classifier

for every upcoming chunk, and this increases processing time. The OnlineBagging has

better performance but it largely depends on the classifier type. For example, Bag-

ging(OnlineNB) is more accurate and faster than Bagging(CVFDT) for the LED dataset

but Bagging(OnlineNB) become less precise and slower than Bagging(CVFDT) for the

KDD’99 dataset. It is also noteworthy that both AWE and OnlineBagging do not work

well with high dimensional datasets, such as MNIST and CRYST.

4https://sites.google.com/site/heftstream
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Our approach, HEFT-Stream, addresses the above problems and achieves better per-

formance than AWE and OnlineBagging. Without incorporated with feature selection

techniques, HEFT-Stream-noFS cannot detect feature drifts and therefore cannot re-

place outdated classifier members. HEFT-Stream-noFS somehow performs in the middle

of Bagging(OnlineNB) and Bagging(CVFDT). HEFT-Stream has the best accuracy and

the lowest running time for most datasets. It continuously updates classifier members

with gradual drifts, and only trains new classifiers whenever there are feature drifts or

sudden drifts. This property not only enables HEFT-Stream to adapt to different types

of concept drifts but also conserve computational resources. Furthermore, HEFT-Stream

can dynamically change the ratio among classifier types to adapt to different types of

datasets; when a particular classifier type works well with a certain dataset, its ratio

in the ensemble will be increased. Finally, with integrated feature selection capability,

HEFT-Stream only works with the most informative feature subsets which improves ac-

curacy and reduces processing time. The last column of the Table 4.1 shows the ratios

of the selected features to the full feature sets for all datasets. We realize that feature

selection techniques are very useful for high dimensional datasets. For example, the per-

centages of the selected features are 3.95% for the MNIST dataset, and only 0.56% for

the CRYST dataset.

4.3.3 Sensitivity Analysis

To assess the sensitivity of HEFT-Stream w.r.t the ensemble size, we use the KDD’99

dataset, and assign the chunk size to 1000. The number of classifier members is increased

as follows: 6, 10, 20, 30, and 40. As shown in Figure 4.3, the running times are linearly

increased with the ensemble size. However, the accuracy increases until the ensemble

size reaches a certain value, then it goes down. A possible explanation is that in the first

steps the ensemble’s variance is reduced as there are more classifier members. But when
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the ensemble insists too many members, it becomes steady and slowly adapts to concept

drifts.

Similarly, we evaluate the sensitivity of HEFT-Stream w.r.t the chunk size. We

conduct experiments with the KDD’99 dataset and the ensemble size equals 10; the

chunk size is set as follows: 200, 500, 1000, 2000, and 5000. Figure 4.4 show the accuracy

values and running times with different chunk’s sizes. Intuitively, the running times are

similar as the ensemble has to train and test with the same number of instances. With

smaller chunk size, the ensemble is more accurate as it is more frequently updated. In

real applications, the chunk size should be set according to the data streams’ speed and

the availability of labeled data.

4.4 Summary

In this chapter, we proposed a general framework to integrate feature selection and

heterogeneous ensemble learning for stream data classification. Feature selection helps

to extract the most informative feature subset which accelerates the learning process and

increases accuracy. We first apply feature selection techniques on the data streams in a

sliding window manner and monitor the feature subset sequence to detect feature drifts.

The heterogeneous ensemble is constructed from well-chosen online classifiers. The ratios

of classifier types are dynamically adjusted to increase the ensemble’s diversity, and allows
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the ensemble to work well with many kinds of datasets. Moreover, the ensemble adapts to

the severity of concept drifts; we update the online classifier members for gradual drifts,

and replace an outdated member by a new one for sudden drifts. We have conducted

extensive experiments to show that our ensemble outperforms state-of-the-art ensemble

classifiers for data streams.

In the next chapter, we will examine another aspect of data stream mining to max-

imize gains by performing multiple mining tasks at the same time. Furthermore, we

consider this issue in a practical environment where only a small portion of data is la-

beled.
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“Coming together is a beginning; keeping together is
progress; working together is success.”

Henry Ford (1863-1947) Businessman

“Winners never quit and quitters never win.”

Vince Lombardi (1913-1970) Coach

5
Concurrent Semi-supervised

Learning

5.1 Introduction

In the previous chapter, we have successfully handled the problem of classifying high-

dimensional data streams. A heterogeneous ensemble classifier that is nicely integrated

with a dynamic feature selection technique is able to adapt to different types of concept

drifts and works well with various kinds of datasets. In this chapter, we further explore

a more complex problem: concurrent mining of very sparsely labeled data streams.

Data streams are characterized as temporally ordered, read-once-only, fast-changing,

and possibly infinite, compared to static datasets studied in conventional data mining

problems. Although many studies have been conducted to deal with data streams, most

existing data stream algorithms focus on stand-alone mining. In many practical applica-

tions, it is desirable to concurrently perform multiple types of mining in order to better

exploit data streams. For example, website administrators will be interested to use click-
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stream data to classify users into specific types and cluster webpages of similar topics at

the same time in order to enhance the user’s experience. In addition, concurrent mining

offers a potential synergy: The knowledge gained by one mining task may also be useful

to other mining tasks. Unfortunately, there is currently little research on concurrent

stream mining.

In order to demonstrate the potential of concurrent stream mining, we propose a

stream mining algorithm called CSL-Stream (Concurrent Semi-supervised Learning of

Stream Data) that concurrently performs clustering and classification. We choose to

focus on classification and clustering as they share common assumptions that data objects

within a cluster (class) are similar and data objects belonging to different clusters (classes)

are dissimilar. Moreover, it is observed that most data objects in a cluster belong to a

dominant class, and a class can be represented by many clusters. Therefore, classifiers

can leverage on clustering to improve its accuracy [161]. For example, webpages within

a topic are most visited by a specific type of users, and a user may be interested in many

topics.

Moreover, CSL-Stream is a semi-supervised algorithm that is applicable to many real

applications where only a small portion of data is labeled due to expensive labeling costs.

In order to exploit a valuable limited amount of labeled data, CSL-Stream maintains a

class profile vector for each node in the synopsis tree of the data streams. The profile

vectors play an important role as pivots for the clustering process. The two mining tasks

not only run at the same time, but also mutually improve each other’s results. The clus-

tering considers class profile vectors to attain high-purity clustering results. Conversely,

the classification benefits from clustering models in achieving higher accuracy, and coping

better with unlabeled data or outliers. Finally, CSL-Stream uses an incremental learning

approach where the clustering and classification models are continuously improved to

handle concept drifts and where mining results can be delivered in a timely manner. By
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re-using information from historical models, CSL-Stream requires only constant time to

update its learning models with acceptable memory bounds. Furthermore, when the por-

tion of labeled instances is very small (≃ 1%), we propose a novel active learning method

to select the most “informative” queries, thus improving CSL-Stream’s performance.

To develop such a concurrent stream mining framework, there are three main technical

challenges. First, as multiple mining tasks are involved, CSL-Stream needs to maintain

a larger amount of information extracted from the data stream. Second, effective and

efficient operations on the data must be developed to avoid losing information. Third, a

semi-learning approach is needed to cope with unlabeled data; in real-time applications,

100% pre-labeling of data is not generally be available due to expensive labeling costs.

Overcoming these challenges and achieving impressive experimental results, we hope that

CSL-Stream will inspire a new research direction in understanding latent commonalities

among various data mining tasks in order to determine the degree of concurrency pos-

sible among them; this requires further research to derive data mining primitives which

represent the entire space of data mining tasks.

In summary, our contributions are as follows:

• We propose a new algorithm to perform concurrent semi-supervised learning on

data streams. We have proven that concurrent mining achieves better results by

exploiting the synergies between related mining tasks.

• We integrate the dynamic synopsis tree with class profile vectors so that CSL-

Stream can work well with unlabeled data.

• We deploy an incremental approach that can provide the clustering and classifi-

cation results instantly. We also introduce advanced techniques to keep the space

and time complexity low with theoretical bounds and empirically evaluations.
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• We further enhance CSL-Stream with an active learning method so that it can work

well with very sparsely labeled datasets.

5.2 Proposed Method

Figure 5.1 gives an overview of our novel concurrent mining approach. CSL-Stream

stores a dynamic tree structure to capture the entire multi-dimensional space as well as a

statistical synopsis of the data stream. Unlike static grids in D-Stream [81] that use much

memory, our dynamic tree structure requires far less storage because unnecessary nodes

are pruned and sibling nodes are merged where necessary. We apply a fading model to

deal with concept drifts; the properties of a tree node will decrease according to how long

the node has not been updated.

The two mining tasks of CSL-Stream, semi-supervised clustering and semi-supervised

classification, are concurrently performed. They leverage on each other in terms of im-

proving accuracy and speed; the clustering process takes into account class labels to

produce high-quality clusters; the classification process uses clustering models together

with a statistical test to achieve high accuracy and low running time.

CSL-Stream also employs an incremental learning approach. The system only needs

to be updated whenever it becomes unstable. To check the system’s stability, we select

labeled data during each time interval tp and test them with the classification model. If

the accuracy is too low, we will incrementally update the clustering models.

5.2.1 Dynamic Tree Structure

We assume infinite data streamsX = [x1,x2, . . . ,xt, . . .] as input in the framework, where

xt = [f1t , f
2
t , . . . , f

d
t ]

T is a d-dimensional vector arriving at a time stamp t. We assume

one record xt arrives at each time stamp t and has a class label yt (0 ≤ yt ≤ L; yt = 0 if

e is unlabeled). Let S is a d-dimensional hyper-space formed by the data streams X.
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Figure 5.1: Overview of CSL-Stream

We construct a dynamic tree structure to capture the entire space S with different

levels of granularities as follows. Initially, a tree root at level 0 is created to hold the

entire space S. Then for a tree node at level h, we partition each dimension into two

equal-sized portions, and the tree node is partitioned into 2d child nodes at level h+1. We

chose 2 as it provides sufficient granularity with reasonable storage requirements. This

partitioning process terminates when it reaches a pre-defined maximum tree height H.

The tree root contains the overall information of the entire space S. Each tree node at

height h stores information of its subspace at granularity h. A tree node is only created

if there are some instances belonging to it.

Figure 5.2 is an example of the tree structure with d = 2, H = 2. Figure 5.2(a) is a

2-dimensional data streams whose each dimension has a range [0-1]. Each data instance

has a transaction identifier, two coordinates [f1, f2], a class label (1, 2, or 0 if unlabeled),

and a time stamp. The tree root is created at level h = 0, then it is divided into four

(2d = 22 = 4) child nodes at level h = 1. Again, a tree node at level 1 is partitioned

into four child nodes at level h = 2, and the partitioning process stops. Then, a tree

node stores information of data instances belonging to its space. For example, in Figure

5.2(b), the data instance x2 with coordinates [0.6, 0.2] is stored in the leaf node B at the

bottom level h = 2.
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Figure 5.2: Synopsis tree for the 2-dimensional data stream with H = 2

5.2.1.1 Node Storage

Suppose a tree node N receives m data instances x1, x2, . . . , xm. The following informa-

tion will be stored in the tree node N :

(i) Node weight w is the sum of weights of all data instances, w =
∑m

i=1 wxi
. The

weight wxi
of an instance xi is set to 1 at its arriving time, and then decreased

over time to reflect its diminishing effect on the mining processes. Details of the

weighting scheme are defined in the next section.

(ii) A d-dimensional vector sum is the weighted sum of the coordinates of all data

instances, sum =
∑m

i=1 wxi
× xi.

(iii) A d-dimensional vector sumsq is the weighted sum of the squared coordinates of

all data instances, sumsq =
∑m

i=1 wxi
× (xi)

2

(iv) A (L + 1)-dimensional vector classPf stores the class profile of the node. The lth

element is the sum of weights of all data instances that have label l. Here, we add

one more element for unlabeled instances.
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By storing the above information, we are able to derive the mean µ = sum/w and

variance σ =
√

sumsq/w − (sum/w)2 to describe the statistical class boundary of a

node. A change of the class profile also reflects a change in class distribution.

5.2.1.2 Handling Concept Drift

Concept drift occurs in a data stream when there are changes in the underlying data

distribution over time. There are two major approaches to handle concept drifts for

data streams: (1) instance selection, and (2) instance weighting. The instance selection

approach uses a sliding window to select recently arrived instances while ignoring older

instances [162]. In the instance weighting approach, data instances can be weighted

according to their ages with regard to the current concept, e.g. fading model [81].

In CSL-Stream, we apply a fading model with an exponential function to set the

weight of a data instance x: wx = f(∆t) = λ∆t, where 0 < λ < 1, and ∆t is the

time gap between the current time and the arriving time of the instance x. Figure

5.2(b) illustrates the fading model. Let us assume that the current time is 3, and the

fading parameter λ is 0.9. The instance x2 that came at time stamp 2 has a weight of

wx2 = λ(3−2) = 0.91 = 0.9. As the tree node B only receives a data instance x2, the

node B stores the following information: w = 0.9, sum = 0.9 × [0.6, 0.2] = [0.54, 0.18],

sumsq = 0.9 × [0.62, 0.22] = 0.9 × [0.36, 0.04] = [0.324, 0.036], and classPf = [0, 0, 0.9]

as the instance x2 has 2 as its class label .

5.2.2 Online Update

Given an instance xt, this online-update process starts from the root and propagates

throughout the tree until the maximum height H is reached. At each height h, we

update the node N that contains e. Then, we move down to search for the child node

of N that contains xt and update it. If no such child node exists, we create a new node.

Using a hash technique with node pointers, the complexity of searching for the correct
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Algorithm 6 Online Update

1: initialize tree T
2: while data stream is active do
3: read next data point xt with label yt
4: N ← T.root
5: while N.height ≤ H do
6: ∆t← t− C.lastUpdateT ime
7: N.w ← N.w×f(∆t)+1
8: N.sum← N.sum×f(∆t)+xt
9: N.sumsq ← N.sumsq×f(∆t)+(xt)

2

10: N.classPf ← N.classPf×f(∆t)
11: N.classPf [yt]← N.classPf [yt] +1
12: N ← N.getChild(e)
13: if N is NULL then

14: addSubNode(N)
15: end if
16: end while
17: if t = tp then
18: Semi-Clustering()
19: else if (t mod tp = 0) then
20: PruneTree()
21: Incremental Update()
22: else if (user request = true) then
23: Show clustering results
24: Semi-Classification()
25: end if
26: end while

child node at any tree level is O(1), so the complexity of tree updating for each new data

instance approaches O(H), which is constant time in the stream environment.

As shown in Algorithm 6, the online-update process consists of two parts:

(i) Top-down updating of the tree node’s information whenever a new instance arrives

(lines 6-16): Firstly, the time gap is calculated. All historical information is faded

with the exponential function f(△t). The weight and element i-th of class profile

are incremented by 1, while the sum vector and sumsq vector are added by the

coordinates and the squares of the coordinates respectively.

(ii) Periodical pruning of the tree to conserve memory and accelerate the mining process

(line 19): For each time interval tp = ⌊logλ(αL/αH)⌋, which is the minimum time

required for a node’s density to be changed according to Lemma 4, CSL-Stream

searches the tree and deletes all sparse nodes (αL, αH to be defined in the next

section). Next, it searches the tree to find a parent node whose all child nodes are

dense. Then, all child nodes are merged and deleted, and the parent node contains

the sum of their properties.
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5.2.3 Concurrent Semi-Supervised Learning

5.2.3.1 Semi-supervised Clustering

We use the node weight to define different types of nodes: dense, transitional and sparse

nodes. The reachability property of dense nodes is also defined.

Node Density: The density of a node N is a ratio of its weight to its hyper-volume

(product of d-dimensional lengths). Suppose the volume of the entire data space S is

V (S) and the tree node N is at the height h, the volume of the node N is V (N) =

V (S)/2dh. According to Lemma 3, the upper bound of total weight of the synopsis tree

is limt→∞wtotal−tree =
1

1− λ
. Thus, the average density is defined as limt→∞

wtotal−tree

V (S)
=

1

(1− λ)V (S)
.

We define a node to be dense if its density is αH times greater than the average

density. Therefore, the dense condition can be written as:

w

V (N)
=

w

V (S)/2dh
≥ αH ∗

1

(1− λ)V (S)

w ≥ αH ∗
V (S)

2dh
∗ 1

(1− λ)V (S)

w ≥ αH ∗
1

2dh(1− λ)
= DH . (5.1)

Similarly, a node N is a sparse node if its density is αL times less than the average

density:

w ≤ αL ∗
1

2dh(1− λ)
= DL. (5.2)

And a node is defined as a transitional node if the density of the node is between DH

and DL, i.e., DL < w < DH .

Node Neighborhood: Two nodes are neighbors if their minimum distance (single-

link distance) is less than
δ

2H
, where δ is a neighbor range parameter. A node Np is

reachable from Nq if there exists a chain of nodes N1, . . . , Ni, Ni+1, . . . , Nm, Nq = N1 and
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Algorithm 7 Semi-Clustering
Input:
A list of labeled dense nodes: LDSet
A list of unlabeled dense nodes: UDSet

1: Create a cluster for each node in LDSet.
2: Extend these clusters sequentially with neighbor nodes in UDSet.
3: Merge any 2 clusters if they have same labels.
4: Perform DBSCAN clustering for the remaining nodes in UDSet
5: Remove clusters whose weights are less than ϵ

Np = Nm; such that each pair (Ni, Ni+1) are neighbors. A cluster is defined as a set of

density nodes where any pair of nodes is reachable.

The semi-supervised clustering of CSL-Stream is performed according to Algorithm 7.

Initially, the algorithm traverses the tree to get a list of all dense nodes. Then, this list

is divided into two sets: a set of labeled dense nodes LDSet and a set of unlabeled dense

nodes UDSet. Firstly, we create a cluster for each labeled node (line 1). Next, we extend

these clusters step by step with their neighbor nodes. If the neighbor node does not

belong to any cluster, we put it into the current cluster (line 2). If the neighbor node

belongs to a cluster, we will merge these two clusters if they have the same label (line

3). Then, we continue to build clusters for the remaining nodes in UDSet. We perform

DBSCAN [163] clustering to find the maximum set of remaining reachable unlabeled

dense nodes in the UDSet (lines 4). Finally, we remove clusters whose weights are less

than a threshold value, ϵ; these clusters are considered as noise.

5.2.3.2 Semi-supervised Classification

Details of the semi-supervised classification of CSL-Stream are given in Algorithm 8.

The input to Algorithm 8 is a list of clusters. Each cluster in the list has a class profile

vector computed by the sum of class profiles of all its member nodes. For each testing

instance, we find the closest cluster and then do a statistical check to decide whether the

distance between the instance and the cluster’s center is acceptable. The adequate range
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Algorithm 8 Semi-Classification

Input: A test set: testSet
A list of clusters: listCluster
A statistical range: θ

1: while testSet is not empty do
2: xi ← testSet.removeFirst()
3: Select the closet cluster, Ĉ.
4: stDv← Ĉ.getDeviation()

5: mean← Ĉ.getMean()
6: dist←calculateDistance(xi,mean)
7: if dist < θ ∗ stDv then
8: xi.clusterID ← Ĉ.getClusterID()
9: Label yi ← Ĉ.getDominantClass()
10: else
11: Set xi as noise.
12: end if
13: end while

Algorithm 9 Incremental Update
Input: A list of historical clusters: listClusters
Accuracy threshold: threshold
Output: A list of clusters

1: if accuracy ≤ threshold then
2: for all cluster Ĉ in listCluster do
3: Ĉ.removeSparseNodes()
4: Ĉ.checkConsistence()
5: end for
6: Traverse the tree to get a list βdense of isolated dense nodes.
7: Separate βdense into two sets of labeled and unlabeled nodes, LDSet and UDSet.
8: Semi-Clustering(LDSet,UDSet);
9: end if

is less than θ times of the cluster’s standard deviation (line 7). The cluster’s center and

deviation are computed accordingly µ =
sum

w
, σ =

√
sumsq

w
−

(sum
w

)2

. If the distance

is acceptable, the dominant class of the cluster will be assigned to the testing sample.

Else, the instance will be considered as noise.

5.2.3.3 Incremental Update

CSL-Stream is an incremental algorithm; it can detect and update its learning models

incrementally whenever a concept drift occurs.

For each time interval tp (Algorithm 6, line 21), we select labeled instances and test

them with the classification model to check the system’s stability. If the accuracy is

greater than a predefined threshold value (experiments reveal that 0.9 is an appropriate
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value); the model remains stable, and we can skip the remaining steps. Else, we need to

refine the learning models. CSL-Stream begins to fine-tune the historical clustering model

by checking the consistency of each cluster. The algorithm removes sparse nodes, that

are dense at the previous learning phase, and splits the cluster if it becomes unconnected

or has low purity.

Then, CSL-Stream traverses the tree to get a list of isolated dense nodes βdense (line

6). After separating βdense into two sets of labeled and unlabeled dense nodes, it performs

the semi-supervised clustering method to derive new arriving clusters. As the procedure

reuses the historical clustering results, the size of βdense is relatively small. Thus, the

running time of the clustering process is reduced significantly.

5.2.3.4 Example

a true border

a testing point

3-NN classifier

Positive point

Negative point

Unlabeled point

(a) (b)

Figure 5.3: Examples of the benefits of concurrent semi-learning

Our concurrent approach maximizes computational resources and exploits advantages

of the interplay between clustering and classification. CSL-Stream’s semi-supervised

clustering takes care of data labels by continuously updating the class profile array of

each node. It ensures that two clusters are merged only if they have the same dominant

class, finds the best borders among clusters. For example, in Figure 5.3 (a), two clusters

with different class labels share the same border. A stand-alone clustering algorithm

will probably incorrectly consider them as a single cluster. For example, D-Stream will
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merge the two clusters as it views the data points at the border as connected due to their

proximity to one another [81]. CSL-Stream does not merge them as they have different

dominant classes, and thus CSL-Stream correctly considers them as two clusters.

By disregarding unlabeled data, a stand-alone classification method may not capture

the classes’ distribution. Using clustering results with unlabeled data, CSL-Stream can

gain knowledge of the classes’ distributions and improve its accuracy. For example,

in Figure 5.3 (b), a 3-NN classifier wrongly classifies the testing point because most

its neighbors are unlabeled. CSL-Stream selects the label of the nearest cluster, and

correctly classifies the testing point as positive.

5.2.4 Enhancing Concurrent Learning with Active Learning

In many applications, totally labeled training instances are rare because it is time-

consuming and difficult to get experts to label instances. Moreover, instances with in-

correct labels may significantly degrade the performance of the model. Active learning

or “query learning” attempts to address this problem by asking domain experts to selec-

tively label a small number of unlabeled instances only. It aims to achieve an accurate

predictive model using as few labeled instances as possible, therefore, minimizing the la-

beling cost. There are three main settings where queries can be generated: membership

query synthesis, stream-based sampling, and pool-based sampling. In the query synthesis

setting, the learner may ask for labels of any unlabeled instances in the input space. A

limitation of this setting is that such arbitrary queries can be awkward to human experts,

for example, active learning works poorly when a human is used to classify handwritten

characters [164]. The stream-based setting is sometimes called sequential active learning,

as when each unlabeled instance comes, the learner must decide whether to query it or

not. A typical method is to define a region of uncertainty and to only query instances

that fall within this region. This approach is computationally expensive, as the region
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must be updated after each query. The pool-based sampling approach is motivated by

a scenario where there is a large pool of unlabeled data and only a small set of labeled

data [165]. It usually deploys a greedy method together with an informativeness measure

to evaluate all instances in the pool.

Here, we choose to apply the pool-based sampling setting as it can provide the best

queries after collecting and evaluating the entire collection of unlabeled data. We further

propose an effective heuristic to select the most important query. Particularly, we need

to check and generate a query with two following cases:

• Unlabeled clusters : A cluster is considered as an unlabeled cluster if it contains

no labeled data instance. In this case, the cluster’s center representing the whole

cluster is the most important data instance, so we select the center to query for a

label. Then, the label of the cluster is set to the suggested label.

• Skewed labeled clusters : A cluster’s label is skewed if its labeled data instances only

occupy one side of the cluster. As we are uncertain about the other side of the

cluster, we choose the farthest instance from the other side to query for a label. If

the cluster’s label differs from the suggested label, we need to internally re-cluster

this cluster.

Figure 5.4 shows an illustration of our active learning method. CSL-Stream processes

the synopsis of data streams, which are represented by a dynamic tree structure. Hence,

it may cause awkward problems to human experts if we simply query the center of a

tree node. To overcome this problem, we attach each tree node to a representative data

instance, and this instance is updated whenever a new sample arrives in the corresponding

tree node. Details of our active learning method are given in Algorithm 10. As the

number of queries is limited, we want to perform active learning with clusters having

bigger weights first. Hence, we sort clusters according to their weights in descending
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Algorithm 10 Active Learning
Input: A list of clusters: listCluster
Maximum number of queries: max-query

1: Sort the list listCluster according to clusters’ weights in descending order.
2: for all cluster C in the list of clusters listCluster do
3: if number of query > max− query then
4: Exit.
5: else
6: if C is unlabeled then
7: Select the tree node N that contains the cluster’s center.
8: Get the representative point prep of the tree node N .
9: Query for the label of prep and set it as the dominant class label of C.
10: else if C is skewed labeled then
11: Get the “informative” node N that is farthest from labeled nodes of C.
12: Query for the label of the representative point prep of N .
13: if prep.class ̸= C.getDominantClass() then
14: Perform Semi-Clustering() for cluster C.
15: end if
16: end if
17: end if
18: end for

order (line 1). Then, we check all the clusters and generate the most informative queries

if the number is less than or equal to a maximum value (lines 2-18).

(a) An unlabeled cluster

a selected query

(b) A skewed labeled cluster

a selected query

Positive point

Negative point

Unlabeled point

Figure 5.4: Enhancing Concurrent Learning with Active Learning

5.2.5 Theoretical Proofs

Lemma 3 The total weight of the synopsis tree is less than or equal to
1

1− λ
.
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Proof: The total weight of the synopsis tree is the sum of the weights of all its tree

nodes. Moreover, the weight of a tree node equals to the sum of data instances belonging

to the node’s subspace. Hence, given a current time t, the tree weight is the sum of

weights of data instances that have arrived during the time gap [0, 1, . . . , t]. As we apply

the fading model, the weight of data instance arriving at time instance t′ ∈ [0, t] is:

f(∆t) = λ∆t = λt−t′ . Thus, the total weight of the synopsis tree is:

Wtotal−tree =
t∑

t′=0

λt−t′ =
1− λt+1

1− λ
≤ 1

1− λ
.

Alternatively, we can derive that limt→∞Wtotal−tree =
1

1− λ
.

Lemma 4 The minimum time for a tree node to change from dense to sparse is tp =

⌊logλ(αL/αH)⌋.

Proof: Let us assume that a tree node N is sparse at a time instance t1. It then

becomes sparse at a time instance t2, (t1 < t2). According to the definition of a dense

node in Equation 5.1, the tree node’s weight at time t1 is:

w1 ≥ αH ∗
1

2dh(1− λ)
.

Similarly, according to the definition of a sparse node in Equation 5.2, the tree node’s

weight at time t2 is:

w2 ≤ αL ∗
1

2dh(1− λ)
.

We have:

w2 ≥ w1 ∗ f(t2 − t1) = w1 ∗ λ(t2−t1)

αL ∗
1

2dh(1− λ)
≥ αH ∗

1

2dh(1− λ)
∗ λ(t2−t1)

αL ≥ αH ∗ λ(t2−t1)

αL/αH ≥ λ(t2−t1)

tp = ⌊logλ(αL/αH)⌋ ≤ (t2 − t1).
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5.2.5.1 Space Complexity

Lemma 5 If the density threshold to remove sparse node is DL, then the maximum

number of nodes in the synopsis tree is Nmax−node ≤ ⌈
logDL

logλ
⌉ = O(dH)

Proof: In the worst case, we assume that every data point arrives at a different node

and no merging is performed. When a node receives a data point, its weight is set to 1.

We define tmax as the time needed for this node to become sparse with its weight ≤ DL,

and is removed. After tmax time, whenever a data point arrives, a new tree node created,

and another one is deleted. This means that tmax is the maximum number of tree nodes.

We have:

λtmax = DL ⇒ tmax log λ = logDL ⇒ tmax ≤ ⌈
logDL

log λ
⌉.

We also know that: DL = αL ∗
1

2dh(1− λ)
. Then,

⇒ tmax ≤ ⌈logλ αL − logλ(1− λ)− dH logλ 2⌉ = O(dH).

5.2.5.2 Time Complexity

Lemma 6 The complexity of CSL-Stream is O(n(dH + L)), where n is the number of

instances of the data stream and L is the number of classes.

Proof: The proposed CSL-Stream has three main operations: online updating, cluster-

ing and classification. The online updating consists of top-down updating and periodical

pruning. The top-down updating only requires a constant time to update a new data

instance and its complexity is O(nH). The running time of the pruning process depends

on the number of tree nodes. In the previous section, we prove that the upper bound of

the number of tree nodes is O(dH), so the pruning process’s complexity is O(ndH).

The complexity of the clustering depends on its implementation. If we use R*-trees

to implement the synopsis tree, the searching time for neighbor nodes is O(log(dH)).

And the complexity of clustering operation is O(dHlog(dH)). The running time of the
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Table 5.1: Characteristics of datasets used for evaluation.
Name #Instances #Attributes #Classes
RBF 100,000 10 5
HYP 100,000 10 2
LED 100,000 24 3
SHUTTLE 58,000 9 7
KDD’99 494,022 34 5
COVERTYPE 581,012 54 7

classification operation depends on the number of clusters, and this number is usually a

multiple of the number of classes. Thus, the classification time can be expected to be

O(nL), where L is the number of classes.

In summary, the complexity of the algorithm is: O(nH +ndH + dHlog(dH)+nL) =

O(n(dH + L))

5.3 Experiments and Analysis

5.3.1 Experimental Setup

We use both synthetic and real datasets in our experiments to demonstrate the prac-

ticality of our approach. Three synthetic datasets, Random RBF generator (RBF),

Rotating Hyperplane (HYP), and LED dataset (LED), are generated from the MOA

framework [160]. Concept drifts are generated by moving 10 centroids at a rate of 0.001

per instance in the RBF dataset, and changing 10 attributes at a rate of 0.001 per in-

stance in the HYP dataset. We also use the three largest real datasets in the UCI machine

learning repository: SHUTTLE, KDD’99, and Forest Covertype [166]. Table 5.1 shows

the characteristics of the six datasets.

In order to illustrate the beneficial mutual relationship between clustering and classi-

fication, we created two variants of CSL-Stream that do not exploit this relationship as

follows:

• Alone-Clustering: This variant of CSL-Stream does not consider class labels while

clustering.
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• Alone-Classification: This variant of CSL-Stream finds the nearest tree node to the

testing instances and classifies them to the dominant class of the tree node.

We compare the performance of CSL-Stream to its stand-alone variants, D-Stream [81],

and SmSCluster [133]. The experiments were conducted on a Windows PC with a Pen-

tium D 3GHz Intel processor and 2GB memory.

Parameter Setting

Table 5.2: Parameter Table
Parameter Description Recommended Value
λ fading parameter [0.99,1]
αH dense ratio threshold 3
αL sparse ratio threshold 0.8
H the maximum trees height [5,10]
ϵ noise threshold [1,3]
δ neighborhood range [0,2]
θ statistical range [3,6]

Table 5.2 shows seven parameters that are used in CSL-Stream and their recom-

mended values. The first three parameters, which do not greatly affect results, are fixed

as follows: the fading factor λ is set to 0.998 as recommended in D-Stream [81], the

dense ratio threshold αH is set to 3.0, and the sparse ratio threshold αL is set to 0.8.

For D-Stream and SmSCluster, we use the published default parameter configurations.

The chunk size chunk-size is set to 1000 for all datasets. For CSL-Stream, the other

parameters of CSL-Stream are set as follows: maximum tree’s height H = 5, the noise

threshold ϵ = 1, the neighborhood range δ = 2, and the statistical range factor θ = 3.

The scalability and sensitivity of these parameters are evaluated in the next section.

We simulate the data stream environment with an Interleaved-Chunk setting. Data

is fed into many equal-size chunks. Each new data chunk is first used to test the ex-

isting model, then is used to update the model. We run the experiments 10 times for

each dataset and summarize their running time and performance with their means and

standard deviations in Tables 5.3 and 5.3.3.
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5.3.2 Clustering Evaluation

Here, we use the BCubed measure to evaluate clustering results in our experiments [167].

It computes the average correctness over the entire dataset and has been proven to be

more useful than the purity, inverse purity, entropy, and F-measures.

We conducted experiments with the 100%-labeled datasets to assess the clustering

results of CSL-Stream, Alone-Clustering and D-Stream. Table 5.3 shows the running

time as well as B-Cubed comparisons among the three clustering methods.

BcubedP = Avgx[Avgx′.C(x)=C(x′)[Correctness(x, x′)]]

BcubedR = Avgx[Avgx′.L(x)=L(x′)[Correctness(x, x′)]],

where C denotes the set of clusters, L denotes the set of classes, and Correctness(x, x′) =

1 if x and x′ have the same class label and the same cluster, otherwise it is 0. Bcubed is

the F-combination of its precision and its recall:

Bcubed =
1

α( 1
BcubedP

) + (1− α)( 1
BcubedR

)

Table 5.3: Comparison among CSL-Stream, Alone-Clustering and D-Stream with B-
Cubed measure. Time is measured in seconds. For each dataset, the lowest running time
is underlined, and the highest B-Cubed value is boldfaced.

CSL-Stream Alone-Clustering D-Stream
Time B-Cubed Time B-Cubed Time B-Cubed

RBF(10,0.001) 10.64±1.56 37.67±4.93 17.22±1.72 36.27±2.32 17.37±1.36 17.39±2.41

HYP(10,0.001) 13.37±1.23 65.24±10.66 23.67±1.66 57.14±4.01 33.37±1.46 55.54±4.66

LED 53.9±1.68 68.38±11.74 205.61±2.34 19.1±0.58 203.8±2.94 19.3±0.63

SHUTTLE 1.37±0.16 93.46±1.04 1.37±0.16 89.07±1.83 1.45±0.17 88.1±0.93

KDD’99 39.78±0.62 76.89±27.83 38.68±0.84 76.88±27.83 53.79±1.06 73.5±31.24

COVERTYPE 130.24±1.87 26.54±9.68 212.07±2.45 35.11±10.79 152.46±2.67 12.55±5.8

We observe that CSL-Stream achieves the lowest running time and the highest B-

Cubed value for many datasets. Unlike Alone-Clustering and D-Stream, CSL-Stream

takes into account the class labels during clustering and guarantees that no two clusters
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with the same label are merged. Thus, it achieves better B-Cubed results than Alone-

Clustering and D-Stream. Moreover, using the dynamic tree structure, CSL-Stream can

adapt quickly to concept drifts. It is also the fastest method because the pruning process

helps to remove unnecessary tree nodes. Although CSL-Stream has low B-Cubed values

in some datasets, e.g., RBF, HYP, and COVERTYPE as each class has many clusters in

these datasets, CSL-Stream still attains high purity in these cases (> 90%) as shown in

Table 5.4; purity is a measure of cluster homogeneity.

Table 5.4: Comparison among CSL-Stream, Alone-Clustering and D-Stream with purity
measure. Time is measured in seconds. For each dataset, the lowest running time is
underlined, and the highest purity value is boldfaced.

CSL-Stream Alone-Clustering D-Stream
Time Purity Time Purity Time Purity

RBF(10,0.001) 10.64±1.56 100±0 17.22±1.72 48.41±10.66 17.37±1.36 99±2.05

HYP(10,0.001) 13.37±1.23 99.99±0.03 23.67±1.66 67.76±8.09 33.37±1.46 69.63±8.54

LED 53.9±1.68 100±0.01 205.61±2.34 15.74±2.41 203.8±2.94 15.9±2.45

SHUTTLE 1.37±0.16 98.46±0.44 1.37±0.16 97.78±2.53 1.45±0.17 98.22±1.27

KDD’99 39.78±0.62 99.99±0.05 38.68±0.84 99.99±0.07 53.79±1.06 99.99±0.03

COVERTYPE 130.24±1.87 99.28±0.53 212.07±2.45 79.32±7.63 152.46±2.67 91.98±3.98

5.3.3 Classification Evaluation

Table 5.5: Comparison with fully labeled datasets among CSL-Stream, Alone-
Classification and SmSCluster. Time is measured in seconds. For each dataset, the
lowest running time is underlined, and the highest accuracy is boldfaced.

CSL-Stream Alone-Classification SmSCluster
Time Accuracy Time Accuracy Time Accuracy

RBF(10,0.001) 49.29±2.35 71.57±6.37 53.32±3.24 44.57±7.18 41.45±3.35 30.1±12.38

HYP(10,0.001) 15.78±1.68 87.88±1.88 16.17±2.03 70.66±2.09 40.18±2.65 76.05±2.61

LED 34.17±2.16 72.73±1.82 98.85±3.12 10.24±1 85.69±3.87 54.70±3.45

SHUTTLE 2.56±0.35 98.3±0.3 2.64±0.91 98.28±0.31 20.35±2.61 97.50±0.49

KDD’99 83.06±2.47 98.06±8.29 87.57±2.13 98.25±8.24 565.02±3.87 85.33±33.39

COVERTYPE 183.75±3.05 81.63±10.43 194.41±3.46 78.96±9.39 320.65±3.02 49.23±15.42

We compare the running time and accuracy among CSL-Stream, Alone-Classification,

and SmSCluster [133]. Table 5.3.3 reports the running time and accuracy comparisons
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among the above classification algorithms when the datasets are fully labeled. It is found

that CSL-Stream is the fastest and the most accurate algorithm for many datasets.

CSL-Stream is better than Alone-Classification in terms of speed and accuracy because

it exploits clustering results for classification. CSL-Stream also takes less time as it only

compares the testing instances to a small number of clusters and is resistant to noise.

SmSCluster suffers from a high time complexity and low accuracy with non-spherical

clusters since it is based on the k-Means algorithm.

Table 5.6: Comparison with partially labeled datasets among CSL-Stream, Alone-
Classification and SmSCluster. Time is measured in seconds. For each dataset, the
lowest running time is underlined, and the highest accuracy is boldfaced.

CSL-Stream Alone-Classification SmSCluster
Time Accuracy Time Accuracy Time Accuracy

RBF(10,0.001) 50% 52.86±2.13 54±10.13 40.36±2.48 26.12±7.51 48.33±1.43 30.47±12.29

RBF(10,0.001) 25% 49.53±2.54 51.15±10.81 38.92±2.67 15.47±5.86 44.36±1.86 27.93±12.3

RBF(10,0.001) 10% 49.09±2.01 48.88±10.06 38.56±2.65 8.16±4.86 30.73±1.08 28.43±12.16

HYP(10,0.001) 50% 20.08±1.48 81.6±3.61 21.11±2.16 35.97±3.02 37.89±2.14 74.36±2.68

HYP(10,0.001) 25% 17.34±1.32 73.88±4.25 18.65±2.09 18.29±2.1 46.26±2.09 64.36±3.11

HYP(10,0.001) 10% 15.97±1.65 61.18±7.15 17.47±2.05 7.57±1.32 31.56±1.86 61.41±4.50

LED 50% 50.52±2.41 62.08±9.33 108.78±2.57 6.53±5.04 133.3±2.19 52.14±4.59

LED 25% 54.3±2.54 51.85±5.87 99.65±2.88 2.73±4.53 127.64±2.76 47.44±4.11

LED 10% 36.36±2.87 45.43±4.07 97.77±2.71 0.88±2.86 74.75±2.77 44.93±3.61

SHUTTLE 50% 2.59±0.34 97.7±2.3 2.47±0.63 97.54±2.61 18.88±1.51 97.69±0.44

SHUTTLE 25% 2.5±0.42 97.5±1.09 2.5±0.88 97.31±2.4 18.34±1.93 97.41±0.44

SHUTTLE 10% 2.48±0.26 96.12±2.15 2.47±0.47 96.71±2.36 19±1.91 97.02±1

KDD’99 50% 72.3±2.65 97.08±8.71 77.26±2.35 95±12.11 691.25±4.26 75.33±14.27

KDD’99 25% 72.56±2.69 96.49±9.25 78.12±2.48 92.82±15.47 703.56±4.35 75.03±14.65

KDD’99 10% 79.46±2.13 95.07±11.7 85.44±2.49 90.63±18.89 821.56±4.07 75.25±14.25

COVERTYPE 50% 196.34±3.4 74.71±11.66 178.95±3.65 53.56±7.86 400.62±4.27 35.95±14.14

COVERTYPE 25% 190.55±3.57 72.37±11.33 168.12±3.08 38.27±7.02 394.8±4.65 33.08±17.93

COVERTYPE 10% 184.88±3.79 67.36±11.99 165.11±3.49 25.09±5.53 350.9±4.92 28.05±14.61

Furthermore, we measure performances of the above algorithms when unlabeled data

is present. We conduct experiments with the Hyperplane and KDD’99 datasets with

different proportions of labeled data instances: 50%, 25% and 10%. Table 5.3.3 shows

the running time and the accuracy of the above classification algorithms. We observe
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that CSL-Stream and SmSCluster can work well with partially labeled data. When the

percentage of labeled data decreases, the accuracy of Alone-Classification drops quickly

while the accuracy of CSL-Stream and SmSCluster remains high. It is clear that CSL-

Stream outperforms SmSCluster in terms of speed and accuracy. These results also show

that CSL-Stream has the best overall performance. We would like to next examine our

algorithm in cases where there are very few labeled instances.

5.3.4 Enhancing Concurrent Mining with Active Learning

In order to evaluate the effectiveness of active learning, we set the proportion of labeled

data to just 1%. Moreover, our active learning methods are configured with the following

thresholds of the number of queries: 1%, 0.5%, 0.2%, and 0.1%. Table 5.3.4 shows the

comparisons between CSL-Stream and its variants. We observe that CSL-Stream does not

work well with datasets with very few labeled samples. Although it attains good results

for SHUTTLE and KDD’99 datasets, its accuracy is low for remaining ones. With active

learning, CSL-Stream increases its average accuracy by 5.81%, 4.11%, 3.42%, 2.91%

with query thresholds of 1%, 0.5%, 0.2%, and 0.1% respectively. We also find that our

active learning method is more effective with real datasets than synthetic datasets, which

are typically generated by random processes.

The impressive experimental results show that our active learning method is able to

work well with very sparsely labeled datasets by exploiting the most informative queries.

5.3.5 Scalability Evaluation

Section 5.2.5 gives an upper bound for the maximum number of nodes and the running

time of CSL-Stream. Here, we have examined the scalability of CSL-Stream in terms of

the number of nodes and the running time w.r.t dimensionality and the tree’s height.
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Table 5.7: Comparison with sparsely labeled datasets (1%) among CSL-Stream and its
variant enhanced with Active Learning with different thresholds of the number of queries.

Dataset CSL-Stream
CSL-Stream + Active Learning

#query≤1% #query≤0.5% #query≤0.2% #query≤0.1%
RBF(10,0.001) 1% 44.81±12.99 51.6±11.55 52.26±11.21 51.18±11.37 50.5±11.6

HYP(10,0.001) 1% 69.24±5.94 72.72±4.41 71.76±4.7 71.87±4.51 71.5±4.25

LED 1% 11.16±2.6 11.83±2.7 11.57±3.12 11.33±3.1 11.64±2.69

SHUTTLE 1% 74.38±11.08 87.47±2.81 79.53±1.44 79.41±5.88 79.33±4.81

KDD’99 1% 92.31±14.81 94.5±12.56 94.47±12.38 94.32±12.22 93.99±13.12

COVERTYPE 1% 59.26±12.22 67.92±12.34 66.24±12.63 63.6±12.08 61.67±12.3

Average 58.53±9.94 64.34±7.73 62.64±7.58 61.95±8.19 61.44±8.13

Average
5.81 4.11 3.42 2.91

Improvement

We conduct experiments with the KDD’99 dataset to assess the scalability w.r.t di-

mensionality d. We set the maximum tree height to 5, and increase d from 5 to 34 with

unit steps. With Figures 5.5 and 5.6, we can clearly see that the maximum number of

nodes and the running time of CSL-Stream increase linearly as dimensionality increases.

To evaluate the scalability w.r.t the maximum tree height H, we select the first 30K

data instances of KDD’99 dataset and set the dimensionality to 34. We increase H from

3 to 10 with unit steps. Figures 5.7 and 5.8 show that the maximum number of nodes

and the running time of CSL-Stream increase linearly as H increases.

5.3.6 Sensitivity Analysis

In the experiments, we set the neighborhood range δ = 2, the noise threshold ϵ = 1, and

the statistical range factor θ = 3. We test the sensitivity of δ, ϵ, and θ with the KDD’99

dataset. We add 10% of random noise to test the sensitivity of θ. Figure 5.9 shows the

Bcubed values and accuracy of CSL-Stream with different parameters.

We observe that CSL-Stream is insensitive to the neighborhood range as the KDD’99

dataset is high-dimensional. When the noise threshold increases, CSL-Stream’s accuracy

decreases as some important clusters are ignored. Our algorithm is also sensitive to the

statistical range factor, and it should be set between two to six to achieve good accuracy.
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Figure 5.5: Number of nodes vs. dimen-
sionality.
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Figure 5.6: Running time vs. dimension-
ality.

0

20

40

60

N
u

m
b

e
r 

o
f 

N
o

d
e

s 
 

(i
n

 t
h

o
u

sa
n

d
)

0

20

40

60

3 4 5 6 7 8 9 10N
u

m
b

e
r 

o
f 

N
o

d
e

s 
 

(i
n

 t
h

o
u

sa
n

d
)

Maximum Tree Height

Figure 5.7: Number of nodes vs. tree
height.
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Figure 5.8: Running time vs. tree height.
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Figure 5.9: Sensitivity analysis.

5.4 Summary

We have studied the new problem of concurrent mining for data streams and proposed

CSL-Stream to perform semi-supervised classification and clustering at the same time.

We have conducted extensive experiments to show that CSL-Stream outperforms state-of-

the-art data stream algorithms in terms of speed, accuracy and scalability. Experimental

results also showed that it can produce mining results in a real-time manner, making
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it suitable for online applications. Furthermore, we have enhanced CSL-Stream with a

novel active learning method so that it can achieve excellent results even with sparsely

labeled datasets. Therefore, our algorithm is very useful in many real applications, where

a domain expert is typically only able to handle a very small number of queries.
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“I can accept failure, everyone fails at something.
But I can’t accept not trying.”

Michael Jordan (1963-) Athlete

“What keeps me going is goals.”

Muhammad Ali (1942-) Boxer

6
Conclusions and Future Work

This final chapter of the dissertation restates the research problem and reviews the ma-

jor methods used. The sections here summarize the experimental results, discuss their

implications and provide directions for possible future research.

6.1 Conclusions

Nowadays, with fast-paced technological developments, many organizations generate

large amounts of sequential data in many scientific and business applications. Time series

data and data streams are the two most popular types of sequential data, sharing many

common characteristics and mining constraints. The ultimate goal of this study is to

develop classification algorithms and frameworks for them, which must be fast, accurate

and scalable with respect to the size and dimensionality of datasets. The contributions

of this dissertation are summarized as follows:

(i) Closed Motifs for Streaming Time Series Classification:
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Motif discovery plays an important role in time series classification. However,

state-of-the-art motif discovery algorithms suffer from the problem of finding only

predefined length motifs, which greatly affects their performance and practicality.

In addition, it is difficult to determine the optimal length of interesting motifs; a

suboptimal choice results in missing the key motifs or having too many redundant

motifs. To overcome this challenge, we introduce the notion of a closed motif; a

motif is closed if there is no motif with a longer length having the same number

of occurrences. We propose a novel algorithm closedMotif to discover closed mo-

tifs in a single scan for streaming time series. We also use the nearest-neighbor

classifier using the most distinctive closed motifs to validate their potential in time

series classification. Extensive experiments with both synthetic and real time series

datasets in various domains have shown that our closedMotif algorithm not only

discovers closed motifs with different lengths, but also outperforms prominent time

series classifiers in terms of accuracy and speed.

(ii) Heterogeneous Ensemble for Feature Drifts in Data Streams:

Dimensionality reduction is essential for high dimensional data streams since it

makes the learning process faster with more meaningful results. However, in a

data stream environment, the set of important features is dynamic and changes

over time. We define the concept of feature drift and explore relationships between

feature drifts and concept drifts. We proposed a general framework that adapts to

different types of concept drifts by integrating feature selection and heterogeneous

ensemble learning. We detect feature drifts by modifying feature selection tech-

niques with a sliding window approach. In a heterogeneous ensemble, the ratios of

classifier types are dynamically adjusted to increase the ensemble’s diversity, and

to enable the ensemble to work well with many kinds of datasets. The ensem-

ble adapts to the severity of concept drifts by updating online classifier members
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for gradual drifts, and replacing an outdated member by a new one for sudden

drifts. Furthermore, it is equipped with an optimal weighting strategy that has

been proven theoretically and experimentally. We have conducted extensive exper-

iments to show that our ensemble outperforms state-of-the-art ensemble learning

algorithms for data streams.

(iii) Concurrent Semi-Supervised Learning for Data Streams:

Conventional stream mining algorithms focus on stand-alone mining tasks. Given

the single-pass nature of data streams, it makes sense to maximize throughput

by performing multiple complementary mining tasks concurrently; the knowledge

gained by one mining task may be useful to other mining tasks. We propose an in-

cremental algorithm called CSL-Stream that performs clustering and classification

at the same time. We also introduce advanced techniques to keep the space and

time complexities low with theoretical bounds and empirical evaluations. Moreover,

enhanced with a novel active learning technique, CSL-Stream only requires a small

number of queries to work well with very sparsely labeled datasets. The success

of CSL-Stream paves the way for a new research direction in understanding latent

commonalities among various data mining tasks in order to exploit the power of

concurrent stream mining.

6.2 Future Work

Our proposed time series and data stream classifiers can be extended in various ways.

• Extension for Dynamic Feature Space:

Our algorithm HEFT-Stream is able to remove both irrelevant and redundant fea-

tures and works with various types of classifiers. However, HEFT-Stream currently
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uses the filter model, which is independent of classifier members. Therefore, the

problem of dynamic feature selection in data streams still requires further explo-

ration. A hybrid feature selection technique that considers classifier members’

performance while capturing features’ evolution dynamically is much desired. We

will continue to examine the relationship between concept and feature drifts and

develop a metric to quantify concept drifts and use it to further adapt ensembles

to achieve better accuracy. We will also investigate more intelligent methods to

adjust the ratios of classifier types as well as the ensemble size. Furthermore, we

wish to apply our algorithm for classifying text and other similar data streams

where the number of features is very large (> 10, 000) and evolves over time. For

example, consider the problem of text mining in the Twitter social network. Twit-

ter messages are short and generated constantly; new topics (classes) may emerge

frequently. The vocabulary (number of features) is large and expected to increase

rapidly over time. Consequently, feature drifts may occur more often with complex

behaviors and a testing instance would have different features from the training

instances.

• Cloud Computing:

Cloud computing has recently become a highly disruptive technology as costs go

down and adoption proliferates. Cloud computing aims to provide computation

power, data access, software, and storage services that are available anywhere,

anytime, on demand and does not require end-user knowledge of the underlying

system. As data streams are growing larger and faster, it would be difficult to per-

form mining with a single computer with limited computing resources. Therefore,

cloud computing is certainly going to be important for data stream mining in the

near future. It is thus necessary to adapt and migrate our algorithms to cloud

computing platforms, such as MapReduce [168] or Hadoop [169].
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• Privacy-Preserving Data Stream Mining:

We would like to study the problem of privacy in data stream mining, especially

in a cloud computing context. Recently, there have been demands for mining data

from many organizations without violating individual privacy. For example, many

hospitals in Singapore may wish to cooperate by applying data mining on a large

unified dataset without compromising the privacy of individual patients. In the

context of data streams, the privacy-preservation problem has not been effectively

addressed. With stream data arriving with high speed, it is difficult to perform

expensive privacy transformations, such as encryption or randomization. Concept

drifts may also further complicate the mining process as its detection will be doubly

difficult.

The road ahead certainly looks exciting, laden with challenges and opportunities, and

it is our hope that this thesis has made a difference in paving the way for the exploitation

of data stream mining for the betterment of our world at large.
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6.3 Publications

The author’s main publications are listed as follows:

• Hai-Long Nguyen, Wee-Keong Ng, Yew-Kwong Woon. “A Survey on Data Stream

Clustering and Classification”, Knowledge and Information Systems (KAIS), Springer

(under review).

• Hai-Long Nguyen, Wee-Keong Ng, Yew-Kwong Woon. “Closed Motifs for Stream-

ing Time Series Classification”, Knowledge and Information Systems (KAIS), 1-25,

2013, Springer.

• Hai-Long Nguyen, Wee-Keong Ng, Yew-KwongWoon. “Concurrent semi-supervised

learning with active learning of data streams”, Transactions on Large-Scale Data-

and Knowledge-Centered Systems VIII, 113-136, 2013, Springer.

• Hai-Long Nguyen, Yew-Kwong Woon, Wee-Keong Ng, Li Wan. “Heterogeneous

ensemble for feature drifts in data streams”, In Proceedings of 16th Pacific-Asia
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sharing data on cloud-based social networks”, In Proceedings of 8th International
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“If I have seen further it is by standing on the shoul-
ders of giants.”
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