ESTRA: AN EASY STREAMING DATA ANALYSIS TOOL

A THESIS SUBMITTED TO
THE GRADUATE SCHOOL OF NATURAL AND APPLIED SCIENCES
OF
MIDDLE EAST TECHNICAL UNIVERSITY

BY

ECEHAN SAVAS BASAK

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR
THE DEGREE OF MASTER OF SCIENCE
IN
COMPUTER ENGINEERING

FEBRUARY 2021






Approval of the thesis:

ESTRA: AN EASY STREAMING DATA ANALYSIS TOOL

submitted by ECEHAN SAVAS BASAK in partial fulfillment of the requirements for
the degree of Master of Science in Computer Engineering Department, Middle
East Technical University by,

Prof. Dr. Halil Kalip¢ilar
Dean, Graduate School of Natural and Applied Sciences

Prof. Dr. Halit Oguztiiziin
Head of Department, Computer Engineering

Prof. Dr. Mehmet Volkan Atalay
Supervisor, Computer Engineering, METU

Examining Committee Members:

Prof. Dr. Ferda Nur Alpaslan
Computer Engineering, METU

Prof. Dr. Mehmet Volkan Atalay
Computer Engineering, METU

Prof. Dr. Fazli Can
Computer Engineering, Bilkent University

Date:



I hereby declare that all information in this document has been obtained and
presented in accordance with academic rules and ethical conduct. I also declare
that, as required by these rules and conduct, I have fully cited and referenced all
material and results that are not original to this work.

Name, Surname: Ecehan Savag Bagak

Signature

v



ABSTRACT

ESTRA: AN EASY STREAMING DATA ANALYSIS TOOL

Savag Basak, Ecehan
M.S., Department of Computer Engineering
Supervisor: Prof. Dr. Mehmet Volkan Atalay

February 2021, [63| pages

Easy Streaming Data Analysis Tool (ESTRA) is designed with the aim of creating
an easy-to-use data stream analysis platform that serves the purpose of a quick and
efficient tool to explore and prototype machine learning solutions on various datasets.
ESTRA is developed as a web-based, scalable, extensible, and open-source data anal-
ysis tool with a user-friendly and easy to use user interface. ESTRA comes with a
bundle of datasets (Electricity, KDD Cup’99, and Covertype), dataset generators (Sea
and Hyperplane), and implementations of various analysis and learning algorithms
(D3, Hoeffding Tree, CluStream, DenStream, kNN, k-means, and StreamKM++).
Moreover, ESTRA provides an easy way to investigate various properties of the
datasets and to observe the results of executed machine learning algorithms. ES-
TRA’s straightforward and clean architecture with open source tools allows it to be
extensible. Used libraries and frameworks in ESTRA like React, Python and Scikit-
Multiflow are popular open source tools with broad community support and exten-
sions. ESTRA’s capabilities of easy prototyping and exploring machine learning so-
lutions are demonstrated by repeating the machine learning experiments performed

in various studies.



Keywords: Data Streaming, Data Analysis, Real-Time Data Analysis, Data Stream
Analysis, Data Stream Analysis Tool
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0z

ESTRA: KOLAY KULLANIMLI AKAN VERI ANALIZ ARACI

Savag Bagak, Ecehan
Yiiksek Lisans, Bilgisayar Miihendisligi Bolimii
Tez Yoneticisi: Prof. Dr. Mehmet Volkan Atalay

Subat 2021 , [63|sayfa

Kolay Kullaniml1 Akan Veri Analiz Arac1 (ESTRA) ¢esitli veri kiimelerinde makine
0grenimi ¢Oziimlerini arastirmak ve prototip olusturmak i¢in, hizli ve verimli bir se-
kilde hizmet eden kullanim1 kolay bir veri akisi analiz araci olarak tasarlanmistir.
ESTRA, kullanic1 dostu ve kolay kullanilabilir kullanic1 arayiizii ile; web-tabanli, 61-
ceklenebilir, genigletilebilir ve agik kaynak kodlu bir veri analiz araci olarak gelisti-
rilmigtir. ESTRA, cesitli veri kiimeleri (Electricity, KDD Cup’99, ve Covertype), veri
tireticileri (Sea ve Hyperplane) ve cesitli analiz ve 6grenme algoritmalarinin (D3,
Hoeffding Tree, CluStream, DenStream, kNN, k-means, ve StreamKM++) gercek-
lenmesini igerir. Bununla birlikte, ESTRA veri kiimelerinin farkli 6zelliklerini ince-
lemeye ve calistirilan makine 6grenmesi algoritmalarinin sonuclarinin gézlemlemeye
imkan saglar. ESTRA’'nin kullandig1 acik kaynak kodlu araclar ile basit ve anlasilir
mimarisi, ESTRA nin genisletilebilir olmasi destekler. ESTRA’da kullanilan React,
Python ve Scikit-Multiflow gibi kiitiiphaneler ve yazilim catilari, genis topluluklar ta-
rafindan gelistirilen ve desteklenen yaygin agik kaynak kodlu araclardir. ESTRA nin
kolay prototip olusturma ve makine 68renimi ¢éziimlerini deneyimleme yetenekleri,

cesitli calismalarda gerceklestirilen makine 6grenimi arastirmalarinin tekrarlanma-
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styla gosterilmisgtir.

Anahtar Kelimeler: Akan Veri, Veri Analizi, Ger¢ek Zamanl Veri Analizi, Akan Veri

Analizi, Akan Veri Analiz Araci
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CHAPTER 1

INTRODUCTION

In recent years, newer technologies and advancements in the mobile devices and sen-
sors increased the connectivity of devices to the internet and enabled more data to be
generated via social media, mobile devices, sensors, and internet of things. With this
growing size and increasing speed of the data, streaming data analysis has attracted
more attention. Extracting valuable information from such a growing amount of data
is a challenge by itself and when it’s crucial to be able to turn the data into meaning-
ful information in real-time, the ability to process the data as it arrives is an essential
ability [6]. There have been many studies on streaming data analysis and various al-
gorithms and tools have been developed for this purpose. Nowadays, it’s a challenge
to navigate in the streaming data analysis ecosystem to find the correct algorithm for

the problem at hand and tune it to obtain optimum results.

One initial approach to real time analysis of the streaming data was to perform tra-
ditional methods on the batches of the arriving data [7]. Batch data is defined to be
the block of data collected within a certain period, and batch data processing is pro-
cessing the collected and stored block of data. There are disadvantages of batch data
processing. For example, before processing, data should be collected, and the data
collection causes a delay. Also, the storage of data is another problem, when data is

continually growing [7].

Streaming data is defined as the type of data that is contimunously flowing from one
or multiple data sources. It is ordered by the arrival time or timestamps and it needs
to be processed in a short time after it’s produced [8]]. Real-time processing is defined
as processing incoming data with very low latency [9]]. Data stream analysis is pro-

cessing the data as soon as it’s received from various sources with real-time or near



real-time analytic results [[7].

In general, streaming data analysis methods are preferred over batch data analysis
methods. The main reason is the need to obtain results in real-time or near real-
time. Moreover, batch processing may not always be suitable for streaming data

analysis [7].

Nowadays, there exist a number of tools, libraries, frameworks and algorithms to
work with streaming data. This plenitude enables quick solutions to many of the ex-
isting problems, however, this also requires high investment for searching for the right
approach for a given problem. Most of the time, a researcher needs to learn, install,
configure and tune numerous existing tools and libraries while trying to find a solution
for a streaming data analysis problem. In this thesis, in order to address this problem,
a web-based, user-friendly, scalable, extensible and open source data stream analysis
tool called Easy Stream Analysis Tool (ESTRA) is described to analyze streaming

data with very low latency.

1.1 Motivation and Problem Definition

A stream of data may be generated by various sources such as sensors, the internet of
things, and mobile devices; therefore data stream analysis is used in many domains
such as security, energy, and communication [10, [11]]. This variety resulted to have
many studies on this area and several tools and frameworks have been developed for
general purpose usage as well as for domain-specific problems. Depending on the
targeted problem and environment, these tools and platforms have various trade-offs.
Some of these tools, such as Massive Online Analysis (MOA) [12]], work locally while
the others, such as The Waikato Environment for Knowledge Analysis (WEKA) [13],
work on a remote server; some of these platforms such as R [[14]], are extendable and
others, such as WEKA, are not. Even though there are various tools with different
targets, there is an absence of a tool that aims to be web-based, easy-to use and allows

quick prototyping.



1.2 Proposed Methods and Models

In this study, we focused on constructing a web-based, scalable, extensible, open
source, and user-friendly stream analysis tool which can be used with minimal prior
knowledge. The tool is designed to do the heavy lifting on a server environment
not to be limited by users’ personal device capabilities and capacities. When we
were designing our platform, we paid attention to the Scalability, Load Balancing,
Extensibility (integration) and, Accuracy as key points to the analysis of the streaming

data.

1.3 Improvements and Novelties

The improvements brought by this study are as follows:

e A survey about the existing data streaming approaches and streaming data anal-
ysis tools is presented with their categorizations and comparisons by various

dimensions.

e A distributed, scalable, and extensible architecture for a general purpose data
stream analysis tool that can serve personal needs as well as a large number
of users and can be improved by users to support more use cases with more
algorithm implementations and more datasets, is proposed with the roles and

scalability characteristics of the components of the architecture explained.

e ESTRA; a web-based, user-friendly, scalable, extensible, and open-source data
stream analysis tool is introduced that supports different data stream analysis
algorithms, datasets, dataset generators, and visualized analysis results with

charts and tables.

e Guidance on the usage of ESTRA with screenshots and detailed explanations

on the user experience is provided.

e Example uses cases of ESTRA are presented by repeating the experiments per-
formed in various studies in the literature and by comparing the results obtained

by ESTRA with the original results achieved in the studies, thus presenting



ESTRA’s capabilities as a quick prototyping platform for data stream analysis

problems.

1.4 Outline of the Thesis

The rest of this thesis is organized as follows. In Chapter [2] the related work in data
streaming platforms, data stream analysis tools are examined, and brief information
about their features are given. In Chapter 3] the tool that we developed, ESTRA, is
explained; its architecture, the platforms and technologies used in its development,
and the algorithms which are added to the final product are detailed. In Chapter {4]
the usage of ESTRA is demonstrated. Chapter [5]is devoted to algorithms, datasets,
and the parameters used in this work. In Chapter[6] the obtained results from ESTRA
and similar platforms are compared and discussed. Finally, in Chapter 7| our work
is summarized, conclusions and limitations are presented, and some ideas for future

work are described.



CHAPTER 2

DATA STREAMING AND STREAMING DATA ANALYSIS APPROACHES

Several algorithms, tools, and methods have been developed to analyze streaming
data. Figure 2.1] demonstrates the relations between data streaming tools, data pro-
cessing tools and machine learning tools and libraries along with some of the available
tools. First, the data coming from different data sources are collected and streamed
via data streaming tools. Then, data processing tools and machine learning tools and

libraries process the data, and report the analysis results.

Data Data Data Data . Data
Source-1 / Source-2 | Source-3 / Source-4 Source-N

T T T T =

DATA STREAMING TOOLS

93 kafka WaRabbit ActiveMQ
/ \

DATA PROCESSING TOOLS IMACHINE LEARNING TOOLS & LIBRARIES
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"\3 Microsoft Azure
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Figure 2.1: Relations between data streaming tools, data processing tools and ma-

chine learning tools and libraries.



Data streaming tools, data processing tools and machine learning tools and libraries

need to address the following specifications [7].

e Scalability is the ability for a system to adapt to the growth of the load such
as data size, number of dimensions, or the frequency of requests. This is one
of the major problems when it comes to analyzing the growing data, because
it’s common that the increase rate of the data is greater than the growth rate of
computing resources. For this reason, scalability is the key point the solve this

need-source problem [7].

e Processing Speed is a metric to understand for how long does it take to analyze

the data.

e Consistency is about obtaining the same or nearly the same analysis results with

the same data, same algorithms, and the same parameters.

e [oad Balancing is the ability to distribute the work evenly among the workers or
computing units to maximize the output and increase efficiency in a distributed

environment.

e Integration is generally valid for distributed systems, meaning that components
of the system can work on a smaller subset of the problem and overall the
outputs of the smaller components can be integrated back together in order to

form the overall solution.

e Accuracy represents the closeness of the obtained results with the assumed
truth [1]]. It can be scoped to different metrics such as data accuracy, prediction

accuracy, analysis result accuracy, etc.

e Fault Tolerance represents the ability of the system to continue operation de-

spite the failures without interruption [7]].

Understanding the use cases and features of the commonly used data analysis tools is
essential to understand the infrastructure and the motivation of designing ESTRA. As
the main goal of ESTRA to provide a easy to use way to experiment and learn machine

learning especially on streaming data, ESTRA contains a simple data streaming tool

6



in itself while also utilizing many of the existing tools and libraries used for data

analysis.

In this chapter, well known approaches to management, analysis, and learning of
streaming data are reviewed. These approaches are investigated under the topics of
concepts in these areas, tools for data streaming, tools for processing data streams,

and tools and libraries for machine learning on streaming data.

2.1 Concepts

This section explains a few concepts regarding data streaming and streaming data

analysis tools including Publish-Subscribe Systems and Micro Bathing Methodology.

Publish-Subscribe is one of the most commonly used messaging approach for dis-
tributed systems where multiple parties are involved in the generation and usage of
the data. In this method, data is transmitted in the forms of messages with specific
topics in the system. There are publishers that generate data messages with topics,
and the subscribers that listen to the messages with their topics of interests. Publishers
and subscribers are controlled by brokers that ensure the data is delivered from right
publishers to right subscribers. Publishers and subscribers are agnostic to each other
so that publishers send the messages to brokers and brokers send the message to the
subscribers, in other words, brokers do the routing of the data [[15]. Publish-Subscribe

architecture in simple terms is shown in Figure

Publisher Publisher Publisher
Broker
Subscriber Subscriber

Figure 2.2: Publish-subscribe system architecture.



Micro Batching is another methodology similar to batch processing, where the stream-
ing data is accumulated in batches before being processed. In micro batching, smaller
batches are used and processing is done more frequently. Micro batching is a mid-
dle ground between streaming data analysis and batch analysis approaches, allowing
batch processing methods to be used while making it possible to achieve near real-
time latency by tuning the batch size; thus optimizing the trade-off between latency,

throughput and accuracy [2]]. Figure[2.3|represents a typical micro batching approach.

| | |
: Task Task Task Task : Task Task :
| | |

1 batch cycle 1 batch cycle

Figure 2.3: Micro batching example where small number of data points (tasks) are

grouped and processed as micro batches (adapted from [2]).

2.2 Data Streaming Tools

Data Streaming Tools are necessary when low latency or real-time processing is a
requirement to analyze the streaming data [16]. Some of the most commonly used

data streaming tools are given below.

Apache Kafka is one of the most well known, open-source distributed messaging
systems which was developed at LinkedIn [17, 9]. While Kafka was developed with
Scala and Java, it supports programming languages such as C, C++, Java, Python.
Apache Kafka manages the messages, distributes data streams on several machines
and provides asynchronous communication. It has producers, consumers and brokers
which essentially form a publish-subscribe system. Kafka is a highly scalable and
fault-tolerant system that supports high throughput message delivery [18]. How long
the messages will be stored in a Kafka cluster can be configured so Kafka can be
configured with lower retention settings when fault tolerance is not critical or the data
can be kept forever to use Kafka as a persistent database system. Kafka supports
exactly-once semantics (even if the message is sent multiple times, the consumer

takes it only once) without message order conservation [19]. To run Kafka, there is

8



a need for Apache Zookeeper application that stores the metadata and manages the

status of Kafka [[19].

RabbitMQ is an open-source publish-subscribe message broker system [20]. Rab-
bitMQ was developed with Erlang language and for the running environment, Erlang
should be installed. It uses Advanced Message Queuing Protocol (AMQP) which
is an asynchronous messaging middleware that provides accepting connections from
different platforms. RabbitMQ is a load balancing and fault-tolerant system. Rab-
bitMQ supports at least once semantics with order conservation, by using queue
structures for the message order guarantees [19]. RabbitMQ does not store messages,

therefore there is no need for disk space, it can be run in a small environment [20].

ActiveMQ is an open-source general purpose message broker system. It was de-
veloped with Java and uses Java Message Service (JMS) which is an asynchronous
messaging middleware that only accepts connections from Java platforms. In Ac-
tiveMQ, producers push the message to all consumers and they are responsible for
the message delivery. To prevent message loss, broker stores messages in a persistent

data store [20]. ActiveMQ supports once and only once messaging semantic [21].

In summary, the data streaming tools mentioned above are all open-source software
that provide asynchronous communication, low latency, load balancing, and fault-
tolerance. They are messaging systems that can be used for managing a stream of
data by selectively directing multiple data sources to a single target or broadcasting
a single data source to multiple targets. Moreover, these tools can be integrated with
data processing tools and machine learning tools and libraries and this integration
provides the collected data from multiple source data streams to be directed to the
tools for analysis. All of them support Java programming language, and all of them
have advantages and disadvantages. For example, in a limited environment such as a
Raspberry Pi, RabbitMQ is more suitable than the others; if there is a need to process
big streaming data, Apache Kafka is more reasonable, because of the high throughput.

The comparison of these tools is given in Table[2.1]



Table 2.1: Comparison of data streaming tools.

Messaging System Messaging Semantic Other Features

Apache Katka Exactly once (no ordering guarantees)

Long term message storage

High throughput
Scalable
Suitable for IoT applications

Developed with Scala and Java

Supports diverse languages (C, C++, Java, Python, Scala, Go, etc...)

Apache Zookeeper required

RabbitMQ At least once (ordering guaranteed)

Uses AMQP standard

Accepts connection from different platforms (C#, Java Platforms, etc...)

Disk space not required

Scheduled data sending

Suitable for restricted environment

Developed with Erlang

Erlang required

ActiveMQ Once and only once

Message storing
Uses JMS Standard
Accepts connection only from Java platforms

Scheduled data sending

Developed with Java

2.3 Streaming Data Processing Tools

In this section, well-known general purpose streaming data processing tools are de-
scribed. These tools have a variety of uses from simple aggregations to Map-Reduce
type of workloads. Moreover, by providing additional libraries and extensions, they
also support application of machine learning methods on streaming data. Table |2.1

summarizes the specifications of these tools.

Apache Spark uses the micro batching methodology and splits the input query into
multiple sub-queries, which relies on cluster computing [22]]. Spark is an efficient
tool for analyzing heterogeneous data and with Spark Streaming library, it becomes
a scalable and high-throughput framework [[11]. Spark has much higher latency be-
cause of its design compared to similar platforms such as Storm and Flink [23]. Spark
supports exactly-once messaging assurance. Spark’s machine learning library called

MLIib provides clustering, classification, regression and evaluation methods [24]].

Apache Storm is an open-source distributed streaming data processing system. It

was developed for analyzing in real time structured data and unstructured data such

10



as video, audio [[11]]. Storm is a fault-tolerant, fast, and reliable system with using two
daemons that are master node and slave nodes. Master node assigns the process to
the slave nodes and when there is a failure in the process that is run by a slave node,
master node reassigns the same process to another slave node [25, [11]. It provides
once at a time processing which is one of the most suitable methods for low latency
requirements. Storm also supports micro batching processing that provides at least
once semantic [26]. Storm’s library Scalable Advanced Massive Online Analysis
(SAMOA) based on Massive Online Analysis (MOA) [12] provides classification,

clustering, and regression methods for machine learning [27].

Apache Flink is an open-source distributed streaming data processing tool [28]]. It
was developed for analyzing streaming data and batch data [11]. Flink is very ro-
bust to fluctuations in the data arrival rate in aggregation workloads [22]. Flink was
implemented in Java, and it uses a mechanism called check pointing to guarantee to
process. Flink supports exactly-once messaging assurance and supports SQL simi-
lar to Apache Spark. FlinkML is an Apache Flink’s machine learning library that

provides data pre-processing, supervised and other learning methods [29].

Microsoft Azure Stream Analytics is a proprietary streaming data processing tool
as a cloud service. It is a flexible, reliable, scalable (it allows scale up and scale out),
fully managed serverless (users don’t need to manage hardware or clusters) system.
It assures security by encoding all communication channels. Azure Stream Analyt-
ics uses Stream Analytics Query Language for the defining process. It guarantees
exactly-once messaging. Azure Stream Analytics provides anomaly detection and

sentiment analysis as a machine learning techniques [30]].

Streaming Data Processing Tools have all low latency and they are fault-tolerant sys-
tems. All of them support micro-batching methodology. Except for Azure Stream
Analytics, they support Java programming languages. According to the usage, plat-
form, and needs for the stream data processing, the most suitable one can be selected.
As an example; if data is unstructured, then Apache Storm becomes more useful than
the others; however, if there is a need for batch analysis, then Apache Flink becomes
more advantageous. Azure Stream Analytics is focused on sentiment analysis in the

machine learning part. The comparison of these tools is shown in Table [2.2]

11



Table 2.2: Comparison of data processing tools.

Framework Messaging Semantic Other Features
Apache Spark Exactly once
e Open source
e Scalable
e SQL support

Supports Java, Python, and Scala

Provides classification, clustering, regression and evaluation methods with ML-
lib

Apache Storm At least once

Open source
Scalable
Suitable for structured and unstructured data

Supports Java

Provides classification, clustering, and regression methods with SAMOA

Apache Flink Exactly once

Open source

Event time processing

SQL support

Supports Java, Python, and Scala

Provides supervised and unsupervised learning with FlinkML

Provides data pre-processing with FlinkML

Microsoft Azure Stream Analytics Exactly once

Proprietary

Cloud service

Scalable

Uses Stream Analytics Query Language

Extensible

Provides sentiment analysis and anomaly detection

2.4 Machine Learning Tools and Libraries for Data Streams

There are a few streaming data analysis tools and libraries that specialized for ma-
chine learning. Some of the essential features included in these tools are being open-
source, easy to use, extensible and the capability of supporting multiple machine
learning algorithms. Table 2.3|presents a summary of the machine learning tools and

libraries discussed in this section.

Massive Online Analysis (MOA) is one of the most popular open source Java frame-
works for data stream analysis. It is based on Waikato Environment for Knowledge
Analysis (WEKA) [13]] which is an open-source software for the field of machine
learning that supports both supervised and unsupervised learning [31], and includes
algorithms for regression, classification, clustering, and attribute selection [32]. It

is a software environment for implementing algorithms and running experiments for
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online learning from data streams. It also provides data stream generators [[12]. MOA
includes a collection of offline and online methods such as classification, regression,
clustering, outlier detection, and recommender systems as well as tools for evalua-
tion such as Holdout and Prequential [33]]. It recently started to support multi-label
classification and graph mining [34]. MOA can be used as both a stream processing
tool and an environment to develop a stream processing algorithm, however it is not

suitable for large scale applications because of the lack of scalability [12,35]].

Scikit-Multiflow is an open-source Python framework for machine learning from
data streams based on Scikit-Learn that is one of the most popular open-source soft-
ware machine learning libraries focused on batch learning with a wide range of
state-of-the-art machine learning algorithms for medium-scale supervised and un-
supervised problems [36]. Scikit-Multiflow provides multi-output learning that can
produce multiple outputs to assign to multiple target variables. In other words, the
dimensions of output can be more than one. It is built upon Scikit-Learn, MOA,
and WEKA. It provides multiple learning methods such as Support Vector Machines,
Random Forests, k-means; data generators such as Agrawal, Hyperplane, Random-
RBF, Random Tree; and evaluators such as prequential and holdout for different
stream learning problems, including single-output, multi-output, and multi-label. It
complements Scikit-Learn, whose main focus is batch learning [37]. Unfortunately,
scikit-multiflow does not have a user interface and it requires external tools, and li-

braries such as Docker.

R is an open-source software environment which is generally used for statistical com-
puting [38]. It bundles a framework for data stream modeling and associated data
mining tasks such as clustering, and classification. The packages in R provide sup-
port for modeling and simulating data streams as well as an extensible framework for
implementing, interfacing and experimenting with algorithms for various data stream
mining tasks [39]. It supports various types of analysis approach clustering, classifi-
cation, outlier detection, regression and evaluation algorithms. Some of the available
algorithms are k-means, StreamKm++, DenStream, CluStream, kNN, Support Vector

Machines, Decision Trees, and Local Outlier Factor [[14].

Streaming data analysis tools mentioned above are desktop applications and all of
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them are open source. However, none of them are web-based applications. While
Scikit-Learn and Scikit-Multiflow provide diverse algorithms for Python users, MOA
is offering a wide range of algorithms for the Java users. The comparison between

these analyze tools shown in Table[2.3]

Table 2.3: Comparison of streaming data analysis tools.

Data Analysis Tool | Language | Supports

MOA Java

Supervised learning

Unsupervised learning

e Stream generators

Classification algorithms

Regression algorithms

Clustering algorithms

Outlier Detection algorithms

Evaluation methods

Scikit Multiflow Python

Clustering algorithms

Classification algorithms

Multi-output learning

Learning methods
o Data generator

Evaluation methods

Clustering algorithms

Classification algorithms

Outlier detection algorithms

Regression algorithms

Evaluation algorithms

Overall, all the approaches that are mentioned about data streaming, streaming data
processing, and machine learning tools offer extensive features and commonly used
in the data streaming analysis studies. However, all of these approaches have long
lists of steps to getting started and steep learning curves, causing researchers to spend

considerable time to prepare before starting to work.
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CHAPTER 3

EASY STREAM ANALYSIS TOOL (ESTRA) AND ITS ARCHITECTURE

As described in the previous chapter, many studies have been done on data stream
analysis and learning, thus there are plenty of tools and frameworks are available.
However, the learning curves of the tools are steep, installation process is long and
many of them need to be integrated together. Therefore, getting into streaming data
analysis becomes more challenging for inexperienced researchers and more time and
effort is required to perform experiments on streaming data. Easy Stream Analysis
Tool (ESTRA) is designed and implemented to provide an easy-to-use, web-based
and beginner-friendly platform with support for various datasets, dataset generators
and streaming data analysis algorithms to help researchers to spend minimum time
on preparing their working environment and to start quickly performing their experi-

ments.

In this chapter, the architecture of ESTRA and the employed technologies are de-
scribed. ESTRA is designed with the aim of creating an easy-to-use data stream
analysis platform that serves the purpose of a quick and efficient tool to explore and
prototype machine learning solutions on various datasets. Therefore, ESTRA is de-
veloped as a web-based, scalable, extensible, and open-source data analysis tool with
a user-friendly and easy to use user interface. On top of that, ESTRA comes with a
bundle of datasets, dataset generators, and implementations of various analysis and
learning algorithms. Moreover, ESTRA provides an easy way to investigate various
properties of the datasets and to observe the results of executed machine learning

algorithms.
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3.1 Architecture

ESTRA consists of four main components that are shown in Figure 3.1}

e User Interface (Web Browser);
e Web Server;
e Database;

e Background Worker.

User Interface (O Web Server

Worker 'de E

Figure 3.1: Component model that shows the relation between components.

Database

User interface is the component that the user interacts with in order to access the
datasets and algorithms implemented in ESTRA. On a high level, the user interface of
ESTRA is developed as the client of a client-server architecture. As in a typical web-
based client-server application, HTTP requests are used as the main protocol between
the user interface and the backend components. This allows ESTRA to benefit from
many available tools and libraries, as HTTP is a common protocol with broad support

among almost all programming languages [40].

Essentially, user interface works as a single-page application (SPA) [41] developed
with React]S, a popular user interface library. As in a typical SPA workflow, the
client sends HTTP requests to a web server via FETCH API and updates the user
interface partially as it receives a response from the web server. In ESTRA, the client

application periodically polls the web server to fetch the latest state of the processes
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and if there is any change in the state or details of the executed machine learning
jobs (processes), then the client-side updates the relevant areas. Similarly, any new
machine learning execution submission by the user in the user interface creates a re-
quest that is transmitted to the web server. For the user interface design, ESTRA
leverages "material-ui" library that provides out-of-shelf user interface components,
themes, icons, and accessibility features that are compatible with React [42]. For vi-
sualization of the machine learning algorithm results, a chart rendering library named

"reCharts" is used that allows ESTRA to include readable visual graphs [43].

Web server component is a lightweight web application written with Django which is
a web application framework for Python. Web server component is a kind of bridge
between the client and the workers of ESTRA and actually contains minimal business
logic. Web server provides endpoints to the user interface component for either taking
new machine learning job requests or return the state of the machine learning jobs
submitted by the user, including the states and results. Moreover, the web server
component contains the database models, describing the table and index structure

used in the database.

Database component is responsible for storing the data generated by the system
which are mainly the set of job requests by the users, their state, and results. The
database component acts as the main source of truth and the only non-volatile place
for the system. In other words, the Database component contains the state of the ES-
TRA system. The database component is an instance of the PostgreSQL [44] database
that holds the requests of the clients, the request status, and the analysis results in a
simple PostgreSQL table. PostgreSQL is an open-source database management sys-
tem that has wide adoption in the world and it is used by many small and large com-
panies. It has many extensions for various use cases in addition to being easy to use
and scalable. The only table in the database is named "jobs" and it contains the details
of the requests such as the selected dataset, algorithm, and its parameters, as well as
the results obtained as the corresponding machine learning process, is executed. The

database model of a process is presented in Figure |3.2]

The details of the fields that are used in database model (Figure are given below.

e Dataset Name represents the selected dataset that can be a built-in dataset such
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Jobs

dataset_name (char)
glgorthm_name (char)
state [char)
created_at (datetime)
started_at (datetime)
finished_at (datetime)

dataset_params (JSOM)
algorithm_params (JSON)

results (JSOM)
data_summary (JSOM)
progress (JSOM)

Figure 3.2: Database model of a process.

as Electricity or a generated dataset such as Sea generated dataset.

Dataset Parameters is for the parameters of the selected dataset generator. For
generated datasets, the dataset parameters correspond to the specified genera-
tor’s parameters. For SEA, this is Noise Percentage and for Hyperplane gener-
ator these are Feature Count, Drifted Feature Count, Magnitude Change, Noise
Percentage and Sigma Percentage. More details on these datasets and their

parameters are provided in Chapter 5}

Algorithm Name is used for the selected algorithm which can be any algorithm

described in Chapter [3]

Algorithm Parameters represents the parameters of the selected algorithm. These

parameters are described in Chapter [5

State is used for the state of the process. The valid values are "queued", "in

progress", "failed" and "finished".

Created At is the time that is used for when the user wants the run a process.
Started At is the time that is used for when the process started.

Finished At is the time that is used for when the process finished.

Data Summary is used for the summary of the selected dataset. It includes; col-

umn names and mean, average, minimum and maximum values of each feature
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(column), and sample counts.

e Progress is used for the online results of the analysis.

e Results is used for the all results of the analysis.

The logic of the application is defined in the Worker component implemented in
Python. The implementations and usage of the algorithms are included in the Worker
component. The workflow of this component is shown in Figure (3.3| Initially, the
worker checks the jobs in the database, and if there is any job in the queue that is
ready to be processed, then the worker takes the job, and the state of that process
changes to "in progress" as shown in Figure [3.4 The worker starts running the se-
lected algorithm with the dataset specified by the user. When the process is success-
fully completed, the worker then updates the database with the results and looks for

another job.

3.2 Workflow

The communication flow between the components of ESTRA is shown in Figure [3.5]
Fundamentally, the user initiates a machine learning activity (a process) by selecting
the dataset, algorithm, and their parameters via the client application in their web
browser. The browser sends the details of the process selected by the user to the web
server component to be stored in the database and to be processed when a background
worker is available. When the background worker becomes available, it runs the
process by looking at the stored process details and writes the result to the database.
During this process, the user interface component periodically asks the web server
component for the updates, which in turn returns the current state of the processes
in the database. Finally, when the worker component finished the process, the web
server is able to provide the final results of the finished process to the user interface

component and the user will be able to observe visually the results.
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3.3 Deployment, Scalability, and Extensibility

ESTRA provides a flexible deployment structure depending on the use case. For
personal use, ESTRA can be run on a regular personal computer. For a large scale
use, every component can be deployed into their own servers and they can even be
deployed as a load-balanced multi-instance fashion. ESTRA’s deployment model is

presented in Figure[3.6

As in a typical web-based client-server SPA application, the user interface component
scales as the actual code is run in a web browser on the user’s computer. This means
that the user interface component naturally scales as the user count grows and it is

limited only by the computing power of the users’ environment.

The web server component is a typical lightweight and stateless web application back-
end; therefore it’s really easy to scale it with the commonly used load balancing
methods. The way to scale up the web server component is essentially obtained by
deploying the web application to multiple server instances, placing a load-balancer in
front of the server instances, and configuring the user interface to communicate with

the load balancer instead of sending requests directly to the web servers.

Databases are generally one of the most complex components in a software system
as they store the state of a system and act as the source of truth. ESTRA’s database
itself is rather simple and lightweight with only one data table with no complex re-
lations and index structures. That makes the database component durable to scaling
demands and withstand more than 10.000 of requests per second without adding any
extra scaling measures [45]. However, if there is further request to scale up ESTRA’s
database, it is possible to make use of the popular PostgreSQL scaling methods such
as partitioning, indexing and sharding within the web server or via PostgreSQL ex-

tensions.

Worker component actually contains the main logic along with the dataset generation
and learning algorithms as well as the datasets. Thus, it is the first component that
will be required to scale up. A worker component runs one machine learning job at
a time, meaning that the number of available worker processes determines how many

machine learning requests are processed concurrently. The worker components peri-
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odically poll the database for any machine learning jobs that are ready to be processed
and once a worker finds a job ready to be processed, the job is marked as "being pro-
cessed" by the worker. This allows multiple workers to be deployed on the same

system independently and without any performance impact on each other.
Scaled deployment of ESTRA component is provided in Figure

ESTRA’s straightforward and clean architecture with open source tools allows it to
be highly extensible. The libraries and frameworks employed in ESTRA such as
React, Python and Scikit-Multiflow are popular open source tools with broad com-
munity support and having several extensions. Combining this with ESTRA’s open
source distribution makes it easy for developers and researchers to modify and extend

ESTRA.
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Figure 3.3: Activity diagram of a worker.
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Worker Takes Frocess - Process
The Job In Frogress Succeed Finished Finished
Process Problem Cccured
O_’ Created Queued
Failed

Process Finished

Figure 3.4: State machine diagram of the state of a process.
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Figure 3.5: A sequence diagram that demonstrates the interaction between the user

and the components of ESTRA.
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Figure 3.6: Deployment model of ESTRA.
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Figure 3.7: Scalability of the deployment model of ESTRA
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CHAPTER 4

USAGE OF ESTRA

This chapter explains ESTRA’s user interface and provides guidance on how to use
ESTRA for streaming data analysis. ESTRA’s main screen contains list of processes
that has been executed so far and the "START NEW PROCESS" button for initiating
a new streaming data analysis process (see Figure {.T]). The statuses of the processes
in this list are indicated with the state icon in each row. Pressing the "START NEW
PROCESS" button opens the new process dialog. This dialog contains three steps:

dataset selection, algorithm selection, and review and run.

- ESTRA - Mozilla Firefox o

B cstra x |+
C @ @ localhost: w noe =

ESTRA

BPROCESSES % START NEW PROCESS
D DATA ALGORITHM STATE START TIME FINISHTIME DETAILS DELETE I
1267 Electricity D3 v 02.02.202102:18:09 02.02.202102:18:36 DETAILS I, ]
1266 Electricity Hoeffding Tree v 02.02.202102:11:04 02.02.202102:1118 DETAILS 1l 4]
1263 Synthesised Dataset-3 (Stable) Hoeffding Tree v 01.02.202111:20:04 01.02.202111:2331 DETAILS I, <]
1262 Synthesised Dataset-1 (Drifted) Hoeffding Tree v 01.02.202111:14:25 01.02.202111:1433 DETAILS 1l <]
1261 KDD Cup'99 Hoeffding Tree v 01.02.202109:12:37 01.02.202109:12:39 DETAILS I, ]

Copyright © Ecehan SAVAS BASAK

2021

Figure 4.1: Main view of ESTRA
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4.1 Dataset Selection

In Dataset Selection step of the new process dialog, users are able to choose datasets
from two different categories: predefined datasets and dataset generators. In prede-
fined datasets category, users can select one of the built-in datasets to be streamed
in the analysis process as shown in Figure 4.2] In the dataset generators category,
users can select one of the included data generators to generate data on-the-fly as

well as modifying the parameters available for each data stream generator as seen in

Figure 4.3

ESTRA - Mozilla Firefox A

B csra x [+
“)> C o @ localhost:3000 -9 W noe =

Start a new process

You can start a new streaming data analysis process here.

Select a dataset Select an algorithm

PREDEFINED DATASET ~ DATASET GENERATOR

Dataset:
Electricity

NEXT

Figure 4.2: Built-in dataset selection.

4.2 Algorithm Selection

The second step of the new process dialog is the algorithm selection where users can
select one of the integrated algorithms in ESTRA as well as modify the parameters of

the selected algorithm as shown in Figure 4.4
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- C @ @ localhost:3000 w n @O ®

Start a new process
You can start a new streaming data analysis process here.

(] (-] (-]

Select a dataset Select an algorithm Review

N

PREDEFINED DATASET ~ DATASET GENERATOR

Generator:
Hyperplane Generator
Learn More

Fill the following data generator parameters...
Feature Count: Drifted Feature Count: Magnitude Change:
10 g 2 B 0

Noise Percentage: Sigma Percentage:
0.05 g 0.1

NEXT

Figure 4.3: Dataset generator selection.

4.3 Review and Run

After selecting the dataset and the algorithm, the user is brought to the review step
where the previously selected algorithm, dataset, and parameters are shown to the
user for a final check as well as if there’s any invalid inputs in the parameters (see

Figure [4.5). Users can start the process after reviewing their selections.

4.4 Process List

When the user starts the new process, created process is inserted into the queue of
waiting jobs as shown in Figure [4.6] At this point, the state of the process is labeled
as queued and represented with a clock icon. When a worker is available, it picks
the process waiting in the queue and starts the execution. The process that is being
executed is indicated with a synchronization icon in the process list as in Figure {.7]
After the process is finished, the process list is updated with a tick icon representing

the finished state and the finish time of the process as shown in Figure 4.§]

27



™ ESTRA - Mozilla Firefox e

Besra x [+

<> C 0 @ localhost:3000 Y In @ ®

Start a new process

You can starta new streaming data analysis process here.

° N °

Select an algorithm

Algorithm:
D3

Learn More

Fill the following parameters...

Rho:
01

I NEXT

Figure 4.4: Algorithm selection

4.5 Analysis Results

The analysis result of a dataset can be seen any time after the process is started in the
details dialog by clicking the "DETAILS" button. In the details dialog, the informa-
tion about the executed process is displayed under three categories. The first category
"DATA SUMMARY" category is a summary of the data that provides insights about
the features of the used dataset are available as shown in Figure 4.9 The second cate-
gory of "GRAPHS" contains visual representations of the analysis results in the form
of line charts as demonstrated in Figure The charts are generated according to
the relevant metrics for each algorithm described in Table Finally, in the third
"RAW RESULTS" category, the obtained results from the analysis in json format are

presented, which can bee seen in Figure [d.T1]
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Figure 4.5: Review of selected dataset, algorithm and their parameters.
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Figure 4.6: Process added in the queue for execution.
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Figure 4.8: Process is finished.
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Figure 4.9: Summary of the dataset.
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Figure 4.10: Graphs of the analysis results.
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Figure 4.11: Raw results obtained from analysis.
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CHAPTER 5

LEARNING ASSESSMENTS, ALGORITHMS, AND DATASETS

This chapter describes the learning assessments used in ESTRA as well as available
algorithms and datasets. ESTRA utilizes well known languages and libraries such
as Massive Online Analysis (MOA), Scikit-Multiflow and R for the integration of

various machine learning algorithms, dataset generators and data streaming methods.

5.1 Learning Assessments

The results of the machine learning algorithms can be assessed through various met-
rics. In this study, purity, accuracy, and adjusted rand index are employed for evalua-

tion purposes.

Purity is a measure that indicates the homogeneity of a clustering. As more data
points that belong to the same class land in the same cluster, the purity value (cluster
quality) increases. Given a clustering of (V) data points with a set of classes (D) into
a set of clusters (K), the purity is calculated as the sum of the number of instances
in each cluster that belong to the most commonly found class in that cluster, divided
by the total number of instances [46] as described in Equation [5.3] that is adapted
from [47]].

1
Purity = NZmaxdeD|dﬁk| 6.1

keK

Accuracy in a classification problem is the metric that represents how close the ob-
tained results are to the true values [[1]. In general, the accuracy is calculated as the

ratio of true predictions to all predictions made. For example, in a binary classifica-
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tion problem where two classes are described as positive or negative and a classifi-
cation is called true if the predicted result is the same with the real result as shown
in Figure [5.1] accuracy is calculated as the total number of true positive classifica-
tions (7'P) and true negative classifications (7'N), divided by the all classifications
(TP, TN, FP,andF'N) made as can be seen in Equation[5.2]that is adapted from [1]]).

Table 5.1: The confusion matrix (adapted from [1]).

Actual Condition Positive | Actual Condition Negative

Predicted Condition Positive True Positive (1T'P) False Positive (F'P)
Predicted Condition Negative False Negative(F'N) True Negative (T'N)
TP+ TN
Accuracy = 5.2
Y TP+TIN+FP+FN (5:2)

Rand Index is a measurement that calculates the similarities of two clusters (see
Equation [5.3) that is adapted from [48]. Rand Index is calculated as the ratio of
agreements between two clusters, where in a dataset of n instances, agreements are
defined as the total number of instance pairs ((Z)) that are grouped in the same cluster
in both clusters (a) and the number of instance pairs that are grouped in different
clusters in both clusters (b) while disagreements are the number of instance pairs that
are grouped in different clusters in one clustering while grouped in the same clusters
in the other clustering (c and d) [48]]. The definition of Rand Index is highly similar to
the definition of Accuracy. The difference is that, accuracy is used for classification
problems where class labels are known while Rand Index is applied on the results of
clustering. Due to the lack of class labels, Rand Index does not penalize the assigning
wrong labels to the clusters as long as the points in the same class are grouped in the

same cluster.

a+b a+b

atbtctd (3

RI =

(5.3)

Adjusted Rand Index is a variant of Rand Index where the agreements between
different clusters in the compared clustering results are taken into account as expected

similarity and the number of overlaps between different clusters are compared with
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the expected similarity. Instead of correcting the result by the number of agreements
with the permutation of the possible distributions as in Rand Index, Adjusted Rand
Index uses the expected values to normalize the result. Since the calculated similarity
is compared with the expected similarity, Adjusted Rand Index can take negative
values. In order to calculate Adjusted Rand Index, first a xs contingency matrix
needs to be generated where r represents the number of clusters in the first clustering,
s represents the number of clusters in second clustering and values in the matrix n,;
is the number of data points common between the ith cluster of the first clustering
and jth cluster of the second clustering as shown in Figure 5.1} Then the values in
the contingency matrix is calculated to evaluate the found index, expected index and

maximum index as shown in Equation [5.4] that is adapted from [3].
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Figure 5.1: Contingency matrix for ARI calculation of two clusterings (adapted
from [13]]).
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(5.4)

Employed algorithms and the corresponding evaluation metrics are provided in Ta-
ble[5.2] It should be noted that the performance criteria between the classification and
clustering algorithms are different. For classification algorithms where the real label
values are known, it’s possible to compare the real labels with the predicted labels that
are the output of the algorithm and the used metric is "Accuracy". However, for clus-
tering algorithms, accuracy is not an applicable metric, since accuracy compares the
predicted labels with the real labels, which are not available in clustering algorithms.

Therefore, "Purity" and "Adjusted Rand Index" metrics are utilised.
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Table 5.2: Applicable metrics for each algorithm.

Metric Accuracy | Purity | Adjusted Rand Index
Algorithm

k-means No Yes No
kNN Yes No No
D3 Yes No No
CluStream No Yes Yes
DenStream No Yes Yes
StreamKM++ No Yes Yes
Hoeffding Tree Yes No No

5.2 Algorithms

There are various algorithms for data classification and clustering in the literature.
Some of them are especially suitable for data stream analysis. In this section, clus-
tering, classification, and drift detection algorithms that are available in ESTRA are
explained. k-means, kNN, D3, DenStream, CluStream, StreamKm++, and Hoeffd-
ing Tree algorithms have been integrated in ESTRA. The motivation for choosing
these algorithms is that they are well known for data stream analysis and they have
already been employed in stream analysis studies. The details of these algorithms are

provided in this section.

The details of the algorithms available in ESTRA are given below. Working principles

and parameters that are configurable via ESTRA of each algorithm are explained.

k-Means is one of the most popular clustering algorithms that splits the dataset into k
different clusters [49]. First, £k random points within the datasets are chosen as initial
cluster centroids. Then, each data point is assigned to the closest centroid, forming the
clusters. After all data points are assigned to closest centroids, the cluster centroids
are adjusted as the center of assigned data points. Until the centroids converge toward
stable points or a predefined maximum number of iterations have been achieved, steps

of assignment of data points and adjustment of cluster centroids are repeated [S0]. To
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decrease the chance of falling into local optima, the algorithm can be repeated many

times with different initial centroids.

For k-means algorithm’s implementation in ESTRA, Scikit-Multiflow libraries are
used, and several parameters are configurable in order to find the most suitable clus-

tering results.

e Cluster Count represents the predefined number of clusters that the data points
will be grouped into, which is also the number centroids being used and also

known as the k value.

e Maximum Iteration Number determines the upper bound for the number of
repetitions of the cycle of assigning data points to the proper centroids and

adjusting centroid positions according to the assigned data points.

e Number of Different Centroid Seeds determines the number of re-clusterings
that will be executed with different initial centroid seeds. In other words, the
k-means algorithm will be executed Number of Different Centroid Seeds times
all over again and the final result will be the best of the Number of Different

Centroid Seeds executions.

kNN (k-Nearest Neighbor Classifier) is a supervised classification algorithm that
classifies the data by calculating similarities among them. In ANN classification, a
data point is classified by checking the closest k£ neighbors according to the selected
distance metric such as Euclidean distance and Manhattan distance and selecting the
label with highest frequency among the nearest £ neighbors. In other words, the
majority class in the found & nearest neighbors is used to label the new data point. In
order to increase the speed of finding the k nearest neighbors of a given data point, a
pre-processing of the data points into a KDTree is performed where the data space is
divided into sub-sections in a hierarchical fashion and stored as leaves of the KDTree
until each sub-section contains a limited number of data points. In applications of
kNN on streaming data analysis, usually a finite window of samples is included in the
process, meaning that a limited number of most recent samples are kept while older

data points are discarded.
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In ESTRA, Scikit-Multiflow library is used for NN algorithm’s implementation and

several parameters can be tuned by the user [S1].

e Number of Neighbors indicates the k£ value in KNN that is the number of neigh-

bors to be considered when determining the label of a new data point.

e Maximum Window Size indicates the number of last observed samples that are

kept in the data stream and used for classification.

e Leaf Size indicates the maximum number of instances each leaf of the KDTree

can hold.

Discriminative Drift Detector (D3) is an unsupervised classification method devel-
oped for detecting concept drift with a discriminative classifier. D3 uses a fixed-size
sliding window that works as a queue to analyze the data so that new data points re-
ceived from a data stream are put at one end of the window and if the windows if full,
the older data points are discarded from the other end, preserving the time order of
the data samples inside the window. The size of the sliding window is set to w+w X p
where w is the parameter that determines how many data points are considered as old
in the window and p is the parameter that determines the ratio of new data samples to
old data samples p < 1. According to this definition, the data samples in the window
are partitioned into two: the oldest w samples in the window are labeled as old, and
the newest w X p data samples are labeled as new. As the data samples are received
from the data stream, the algorithm uses a simple discriminative classifier such as Ho-
effding Tree that is run over the window to obtain AUC score [52]. If the calculated
AUC score is bigger than the predetermined threshold value (7), then the algorithm
determines that there is a drift in the window between the old data points and new
data points and discards all the old data points in the window, while if the AUC score
does not meet the threshold, then it’s evaluated as there’s no drift and the oldest w X p
points are discarded. After all or a portion of the oldest data points in the window are
removed depending on the outcome of discriminative classifier, new data points are
obtained from the stream and included in the window, effectively sliding the window
over the streaming data which is followed by the classifier used inside the window

being updated accordingly [4]. Working principle of D3 is shown in Figure[5.2] where
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the stream of data is analyzed in a window (the rectangle at the top) and data is clas-
sified as old (blue) and new (green). In the case of drift, where the old data and new
data are clearly separable (1), the old data is completely discarded from the window
and in the case of no drift (2) the old data and new data are not separable therefore

the window slides as usual.

Old Data New Data

EEEEEEEEREEEE « -

Drift Detected
(1)

Ma Drift

HEEENEE

Figure 5.2: D3 Algorithm drift detection flow (adapted from [4]).

The implementation of Goziiagik et al. [4] is adapted in ESTRA, and various param-

eters can be tuned by the users.

e pis the percentage of the new data with respect to old data.
e w uses as a size of the old data.

e 7 is the threshold value for the AUC score and it is between O and 1.

CluStream is a clustering algorithm developed for large drifting data streams, with
the aim of being able to utilize older data points in a stream more than once in the
evaluation of newer data points to get more accurate detection of drifts. CluStream
works in two phases: online micro clustering and offline macro clustering. In the on-
line micro clustering phase, synopsis of the data is collected, summarized and stored
in predefined constant number (m) of micro clusters. Then, these micro clusters are
used in the offline macro clustering phase which analyzes the summary of data and
generates larger clusters. The online phase satisfies the one-pass data constraint and
in the offline phase, the stored data can be used more than once for better cluster-
ing results. Thus, offline phase is not restricted by the one-pass constraint. In the
offline macro clustering phase, CluStream uses the modified k-means algorithm for

grouping the micro clusters within a specified time interval (horizon) obtained in the
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previous phase into macro clusters. In this modified k-means method, the micro clus-
ters obtained in the online phase are treated as pseudo-points at the centroids of the
corresponding micro clusters with distance and seed adjustment calculations are per-
formed according to the these centroids and initial centroid seeds are sampled in a
probabilistic manner where the probability of each pseudo-point is proportional to
the number of actual data samples stored in the corresponding micro cluster [53,154].
Figure shows the working principle of the two phase clustering approach that
CluStream [53] algorithm is based on. Briefly, in the online phase, micro-clusters are
created from data streams, and then in the offline phase, the micro-clusters are turned

into macro-cluster with a clustering algorithm.

A N
data stream | “'\ )
— online W offline
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[3 . h] [4 bl
micro-clusters macro-clusters

Figure 5.3: Two phase stream clustering approach (adapted from [3]).

Implementation of CluStream by Zubaroglu et.al [S3] is adapted in ESTRA, and var-

ious parameters can be tuned by the user.

e Time horizon (horizon) is used for determining the amount of history which is
used in the offline macro clustering phase. The micro clusters obtained in this

period will be used in the macro clustering.
e [ holds the number of macro clusters to be created.

e m is used for the maximum number of micro clusters.

DenStream is a density-based clustering algorithm developed for evolving data streams
with noise. Similar to CluStream, DenStream also works in two phases: the online
phase of micro clustering and the offline phase of generating the clusters. In the online
phase; potential micro clusters (p-micro-clusters) and outlier micro clusters(o-micro-

clusters) are created. In this phase, as data samples arrive, the algorithm attempts to
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merge potential micro clusters. If this is not possible, then the algorithm merges the
arriving data with the closest outlier micro clusters. If the density of a outlier micro
cluster is increased sufficiently so that it is larger than a given threshold, then it be-
comes a potential micro cluster. However, if the density of an outlier micro cluster
stays under the threshold, then it is deleted with a pruning strategy after a certain time
in order to prevent wasting memory. In the offline phase; the DBSCAN algorithm
is applied to the potential micro clusters, in order to find the final clustering results
and as a result, the core micro clusters (c-micro-clusters) are created. DenStream
uses a damped window model in which each data point has a weight representing
their recency so that as the data gets older, their weights are decreased. DenStream
searches for arbitrary shaped clusters in the data unlike many clustering algorithms.
This is performed by marking two clusters as reachable, if their centers are closer
than a given value (2 * €) and connecting the micro clusters that are reachable into a
larger cluster. This approach provides more realistic results because of the nature of

the streaming real data [[10} 54]].

Implementation of Zubaroglu et.al [55] for DenStream is adapted in ESTRA, and

various parameters can be tuned by the user.

e k denotes the number of core micro clusters.
e () defines the radius of density area of a micro cluster.

e () is used for deciding whether an outlier micro cluster should be promoted to

a potential micro cluster.

StreamKM-++ is a clustering algorithm based on k-means++ [S6]]. First, a subset
of the whole dataset is selected by using a probabilistic approach depending on the
squared distance of a data point to the already selected points, which empirically al-
lows a smaller subset of data to accurately represent the whole dataset. In order to
improve the dataset selection speed, the StreamKM++ algorithm uses a special bi-
nary tree variation called coreset tree which divides data into two sub-clusters until
the number of clusters reaches the predefined cluster count. The coreset clusters’ cen-
ters are found with k-means++ which is a modified version of k-means that picks the

initial centroid seeds in a probabilistic fashion. In k-means++, after the first centroid
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seed is randomly selected from the data points, the consecutive centroid seeds are
selected one by one from the data points with probability of each data point propor-
tional to its distance to the nearest previously selected centroid seed. This approach
increases the chances of initial centroid seeds to be in different clusters at the begin-
ning. After applying k-means++ to find the centroid seeds, to find the final clusters,
the Euclidean k-means method is applied to the coreset. StreamKM++ has some dis-
advantages: it is designed for neither evolving data streams nor datasets that contain
outliers. Similar to most of the other clustering algorithms, StreamKM-++ needs the

number of cluster given before execution.

MOA [12] libraries are used for StreamKM++ algorithm implementation in ESTRA.

A few parameters can be tuned by the user.

e Cluster Count represents the number of clusters that generated with the algo-

rithm.

o Size Coreset holds the size of the coreset that is the subset of the data to repre-

sent the whole dataset and used during the clustering phase.

Hoeffding Tree is a stream classifier. It is an incremental and very fast decision tree
(VFDT) algorithm assumes that data distribution does not change over time. This al-
gorithm is created to overcome the classic decision tree algorithms’ limitations such
as memory and time. In Hoeffding Tree algorithm, similar to classic decision tree
structure interim nodes contain a test criterion according to one attribute, effectively
splitting the data space, and leaves corresponds to a class. As a stream classifier, Ho-
effding tree is incrementally constructed, starting with a empty root and the tree is
grown as more data samples are received. The distinctive feature of The Hoeffding
Tree algorithm is to be able to guarantee performance bounds by limiting the num-
ber of samples and memory used by the tree and this is achieved by leaves storing
statistics about the data samples being observed by the leaf. In other words, as data
samples are received, the samples are sorted in the tree to assign a label but also the
stored statistics of the corresponding leaf node are updated. Each leaf node keeps a
counter for each attribute value and the associated label and as data points are sorted
through the tree, a split evaluation function is calculated with the updated statistics.

This split criterion represents the prepotency of an attribute being high enough by
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using an adaptive Naive Bayes classification. When the split criterion in a leaf is met,
then the leaf is converted into an interim node with the prepotent attribute and two
new leaves are generated, inheriting the statistics from their ancestor. When the two
attributes have similar gains, causing split criterion not being met, then the leaf is split
if the Hoeffding’s bound is below a given threshold. With this approach, Hoeffding
Tree guarantees use of finite amount of memory with infinite amount of streamed

data [57]].

In ESTRA, Scikit-Multiflow [37]] library is used for implementing the Hoeffding Tree
Algorithm, and various parameters can be tuned by the users for optimizing the Ho-

effding Tree [S7] results.

e Grace Period indicates the number of data points a leaf should receive before

the split decision.

e Naive Bayes Threshold indicates the number of data points a leaf should receive

before allowing Naive Bayes is used.

e Tie Threshold holds the threshold value for splitting.

5.3 Datasets

In this section, the two types of datasets available in ESTRA are detailed which are
built-in datasets that are fixed in size and number of feature; and data stream genera-

tors that are configurable and generate the data at the time of job execution.

5.3.1 Built-in Datasets

This section provides details on the built-in datasets available in ESTRA which are
taken from public domain and various other studies. In contrast to the generated
datasets mentioned in the previous section, the datasets explained here are stored as
files in the system and synthetically streamed during the learning jobs initiated by the
users. Three of the six available built-in datasets, KDD Cup’99, ELECTRICITY and
COVERTYPE, contain data about real-world situations while the other three datasets
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are artificially constructed to be used for drift detection exercises. All of these datasets

are labeled and the sum of the datasets are shown in Table [5.3]

KDD CUP’99 [58] is used to build network intrusion detection. This is an unlabeled
dataset and it is to be used for unsupervised learning algorithms such as k-means.
It had been used in The Third International Knowledge Discovery and Data Mining
Tools Competition. It contains 42 features and 494021 samples. Each data point
in the dataset labeled as Normal or a type of Attack (22 types of attack exists such
as Smurf, Teardrop, Buffer overflow, Neptune, Spy, etc.) [S9]. The KDD CUP’99
dataset in ESTRA contains the continuous 34 features instead of all 42 features as in

many studies utilizes this subset such as [[10].

ELECTRICITY [58]] is a labelled dataset to identify whether the electricity prices
that changes by demand will decrease or increase. The data is sampled from the
Australian New South Wales Electricity Market and contains the electricity price and
demand of the source state as well as the neighboring Victoria state, timestamp of the
data, day of the week, the time period in the day and the scheduled electricity transfer
between the states. Each data point represents a 30 minute interval over a 2.5 year
period and the label indicated whether the price increases or decreases compared to

the average price of the past 24 hours window [60].

COVERTYPE [58] is a labelled dataset to predict forest cover type in the Roosevelt
National Forest in Colorado, USA. It consist of 54 features about the cartographic
variables of the forest area and soil characteristics, and 581012 samples in 30x30

meter resolution [58]].

SYNTHESISED DATASET-1 is a labeled artificial dataset created for drift detection
by Zubaroglu et.al [61]. This dataset is generated with MOA’s Random RBF Gener-
ator [33] method with 10 classes, 50 dimensions, 50000 samples, 0.02 average radius

of cluster, and drift speed set to 100 as parameter values.

SYNTHESISED DATASET-2 is a labeled artificial dataset created for drift detection
by Zubaroglu et.al [61]]. This dataset is generated with MOA’s Random RBF Gener-
ator [33] method with 10 classes, 10 dimensions, 50000 samples, 0.02 average radius

of cluster, and drift speed set to 100 as parameter values.

44



SYNTHESISED DATASET-3 is a labeled artificial dataset created for drift detec-
tion by Zubaroglu et.al [61]. This dataset is generated with MOA’s Random RBF
Generator [33]] method with 10 classes, 50 dimensions, 50000 samples, and 0.02 av-
erage radius of cluster as parameter values. This dataset does not contain drift unlike

previous synthesised datasets.

Table 5.3: Properties of the datasets in ESTRA.

Dataset Name Total Dimension / # of Classes | Sample Size Real /
Used Dimension Synthesised

KDD Cup’99 42 /34 23 494.021 Real

Electricity 8 2 45312 Real

Covertype 54 7 581.012 Real
Synthesised Dataset-1 50 10 50.000 Synthesised
Synthesised Dataset-2 10 10 50.000 Synthesised
Synthesised Dataset-3 50 10 50.000 Synthesised

5.3.2 Stream Generators

This section contains information about data stream generators included in ESTRA
that are Sea Data Generator and Hyperplane Generator. For these generators Scikit-

Multiflow libraries [62] are used.

Sea Data Generator generates streamed data which contains abrupt concept drift for
classifications [62]]. It generates 50000 instances, 3 features, each sample may take a

value between 0 and 10, and every 12500 instances there occur an abrupt drift. [63].
In the Sea Generator method that’s used in ESTRA, there’s one parameter that can be
set by the user.

e Noise Percentage indicates the probability of the noise of the generated sample.

Hyperplane Generator generates datasets that fit into the hyperplane definition where
every data point x satisfies Zle w;T; = wo Where x; represents a dimension of x and

wp...w; are constants defining the hyperplane. In the Hyperplane Generator, it’s possi-
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ble to introduce noise or drift to all or a subset of features. The drift is implemented as

the incremental changes to the weights of the features being drifted with probabilistic

reversals in the drift direction. It generates 200000 instances with given number of

features, noise ratio and drift characteristics [62].

In the Hyperplane Generator method that’s used in ESTRA, the following parameters

can be set by the user.

drift in each data point.

Magnitude Change indicates the drift speed in the data.

Feature Count holds the number of features that will be generated.

Noise Percentage indicates the probability of the noise on the generated sample.

Drifted Feature Count holds the number of features that will be drifted.

Sigma Percentage indicates the probability of the direction change in the data

The available datasets, algorithms, and which dataset-algorithm pairs are supported

for data analysis in ESTRA are summarized in Table [5.4]

Table 5.4: Usage of algorithms, dataset on the ESTRA

Dataset

Algorithm

KDD Cup’99

Electricity

Covertype

Synthesised-1
(Drifted)

Synthesised-2
(Drifted)

Synthesised-1
(Stable)

Sea

(Generator)

Hyperplane

(Generator)

K-means

Yes

Yes

Yes

Yes

Yes

No

No

kNN

Yes

Yes

Yes

Yes

Yes

D3

No

No

CluStream

DenStream

StreamKM++

Hoeffding Tree
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CHAPTER 6

RESULTS AND DISCUSSION

In this chapter, several use cases under the framework of ESTRA are demonstrated
by means of replicating the setups of various studies already reported in the literature.
The results obtained with ESTRA are compared with those achieved in the respective
studies. The purpose of this chapter is to verify that the algorithm implementations
in ESTRA produce similar results with the studies performed in the streaming data
analysis area and also to demonstrate ESTRA’s value as a quick and easy prototyping
tool which we believe, improves iteration and experimentation speed in streaming

data analysis research.

ESTRA results shown in this chapter are obtained on a personal computer manufac-
tured in 2011 with third generation Intel i7 mobile processor and 8 GB of RAM,

running Linux Mint operating system with Linux kernel version 4.15.

6.1 Detecting Concept Drift With Discriminative Drift Detector (D3) Algorithm

Goziiacgik et al. [4] presented Discriminative Drift Detector (D3) that is an unsuper-
vised concept drift detection algorithm for streaming data as detailed in Section [5.2]
For experimental evaluation of their method, Goziiacik et al. used 8 different datasets
with drift, including Covertype and Electricity and combinations of values for differ-
ent parameters of D3 algorithm: p = 100, 250, 500, 1000, 2500, w = 0.1, 0.2, 0.3,
0.4, 0.5, 7 = 0.60, 0.65, 0.70, 0.75, 0.80, 0.85, 0.90. As the results, they found the

optimum values for these parameters as p = 100, w = 0.1, and 7 = 0.70.

When the same experiments are performed in ESTRA exactly with the same parame-
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ter values of the study by Goziiacik et al., the results were similar for Electricity and
Covertype datasets [58]]. Goziiacik et al. obtained the average accuracy of 86.69%,
and 87.17% on Electricity dataset and Covertype dataset, respectively with D3 al-
gorithm. The corresponding accuracy values achieved with ESTRA are 84.57% and
86.26%, for the Electricity dataset and the Covertype dataset, respectively. The ob-
tained values are summarized in Table[6.1] It must be noted that the obtained average
accuracy values change with every execution of the algorithm with the same set up,

because of the randomized nature of Hoeffding Tree’s evaluation.

Table 6.1: Comparison of D3 algorithm’s accuracy with that of ESTRA.

Dataset | Original Accuracy (%) | ESTRA’s Accuracy (%)

Electricity 86.69 84.57
Covertype 87.17 86.26

On top of the repetitions of the experiments done by Goziiacik et al. in their study,
D3 in ESTRA has also been tested with additional datasets available in ESTRA:
KDD Cup’99 and the three Synthesised Datasets. In these experiments, D3 achieved
99.93% accuracy on KDD Cup’99, 92.56% accuracy on Synthesised Dataset-1, 94.54%
accuracy on Synthesised Dataset-2 and 89.54% accuracy in Synthesised Dataset-3.
The results are show in Table

Table 6.2: Accuracy values of D3 algorithm in ESTRA on other datasets.

Dataset ESTRA’s Accuracy (%)
KDD Cup’99 99.93
Synthesised Dataset-1 92.56
Synthesised Dataset-2 94.54
Synthesised Dataset-3 89.54
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6.2 Generated Data Stream Classification With £-NN Algorithm

Bifet et al. run kNN algorithm on datasets generated by Hyperplane Generator and
SEA Data Generator [62]] measuring the accuracy and processing times. On Hyper-
plane Generator, they were able to obtain 83.33% accuracy in 223 seconds with kNN
while ESTRA achieves 82.03% accuracy within 126 seconds. On the Sea Data Gen-
erator, Bifet et al. obtained 86.80% accuracy within 110 seconds with kNN while
ESTRA achieves 98.90% accuracy within 125 seconds, as summarized in Table @

Results obtained in Bifet et al. and with ESTRA are close to each other in terms of
accuracy while ESTRA runs faster. The accuracy and time differences can be due
to differences in the used libraries and platforms. While Bifet et al. uses MOA for
the dataset generators, KNN implementation; ESTRA uses Scikit-Multiflow for the

generators and kNN classifier.

Table 6.3: Knn algorithm’s accuracy and time comparison with ESTRA.

Stream Generator kNN Original Accuracy (%) (Time s) | ESTRA’s Accuracy (%) (Time s)

Hyperplane Generator 83.33 (223) 82.03 (126)
Sea Data GENERATOR 86.80 (110) 95.90 (125)

6.3 Data Classification with Hoeffding Tree Algorithm

While Bifet et al. [63] obtained the results of kNN, they also compared these results

with Hoeffding Tree algorithm.

Bifet et al. run Hoeffding Tree algorithm on real datasets such as Electricity and
Covertype [38] as well as synthetic datasets generated with Sea Data Generator and
Hyperplane Generator [62]. In their experiments, Bifet et al. achieved 79.20% ac-
curacy with 1 second runtime on Electricity dataset and 80.31% accuracy with 20
seconds of runtime on Covertype dataset. For the same experiment setups, ESTRA
achieves 87.79% accuracy within 1 second on Electricity dataset and 61.66% accu-
racy in 7 seconds on Covertype dataset. On the synthetic datasets, Bifet et al.’s results

were 78.77% accuracy in 10 seconds for Hyperplane Generator and 86.42% accuracy
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in 5 seconds for SEA Data Generator while ESTRA achieves 8§7.96% accuracy within
8 seconds for Hyperplane Generator and 93.99% accuracy in 2 seconds for SEA Data

Generator as can be seen in Table

Similar to the results obtained with kNN, the accuracy and time differences here can
also be due to differences in the used libraries and platforms as Bifet et al. uses MOA
for the dataset generators and Hoeffding Tree implementation while ESTRA Scikit-
Multiflow for them. It must also be noted that the working environments are not the

same; therefore, comparing ESTRA in terms of performance may not be accurate.

Table 6.4: Accuracy and time comparison for Hoeffding Tree algorithm with ESTRA.

. . ESTRA’s Accuracy (%) (Time s)
Dataset Original Accuracy (%) (Time s)
With Streaming
Electricity 79.20 (1) 87.79 (1)
Covertype 80.31 (20) 61.66 (7)
Hyperplane Generator 78.77 (10) 87.96 (8)
Sea Data Generator 86.42 (5) 93.99 (2)

6.4 Density Based Clustering with DenStream Algorithm

Cao et al. [10] introduced density based clustering algorithm DenStream that discov-
ers clusters on evolving data streams with noise as detailed in Section[5.2] Cao et al.
implemented DenStream algorithm with Microsoft Visual C++ and evaluated the al-
gorithm with KDD Cup’99 dataset by using various metrics such as purity, memory

usage, and execution time.

Cao et al. calculated the purity of the resulting clustering according to different outlier
threshold values, however they didn’t specify the exact values they got as the result of
their experiment but presented the results in a line chart, therefore the numbers taken
from their study are approximate numbers. They were able to obtain about 97%
purity when the outlier threshold is 0.2 and similarly, ESTRA achieves 95.98% purity
for the same outlier threshold value. Cao et al. obtained the purity approximately

96% when outlier threshold is 0.4 while ESTRA achieves 97.28%. Their results were
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96%, 95% and 80% when corresponding outlier threshold values were 0.6, 0.8, and 1
respectively while the corresponding purity values achieved with ESTRA are 97.39%

for all of the three outlier threshold values. The results are summarized in Table

ESTRA’s implementation gave more stable results than the original results for this
example with the higher outlier threshold values. The reason of the observed differ-
ences between these results can be explained with implementation differences and

possible improvements made since the original experiments in the last 10+ years.

Table 6.5: Purity over outlier threshold (/) in DenStream algorithm with ESTRA.

Outlier Threshold (/3) | Original Purity (%) | ESTRA’s Purity (%)
0.2 =97 95.98
0.4 =96 97.28
0.6 =96 97.39
0.8 =95 97.39
1 =80 97.39
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CHAPTER 7

CONCLUSIONS, LIMITATIONS AND FUTURE WORK

In this thesis, ESTRA, an easy-to-use, web-based, scalable, extensible, and open-
source tool that provides streaming data analysis by using machine learning tech-
niques is proposed. First, the well-known tools that are used for data streaming and
stream analysis are described along with their advantages and disadvantages. Their
challenges such as their dependencies, setup requirements, learning curves, and en-
vironmental limitations are given and in order to address these challenges, ESTRA
is proposed as a web-based easy-to-use solution. ESTRA’s scalable, extensible, and
web-based architecture is then described and the usage of the ESTRA is demonstrated
step by step. The diverse datasets, streaming data generators, algorithms, and quality
metrics used in ESTRA are described in detail. Finally, some of the use cases reported
in the literature are reproduced using ESTRA and the results obtained with ESTRA
are compared with the original results in terms of various metrics such as accuracy,

purity, and performance.

As the result of repeated experiments with ESTRA, it’s demonstrated that ESTRA can
achieve comparable accuracy results with the original studies. In Goziiacik et al.’s
studies for D3 on Electricity and Covertype datasets, they achieved 86.69% and
87.16% accuracy while D3 on ESTRA achieved similar accuracy numbers with 84.57%
and 86.26% respectively. When D3 on ESTRA is run on some other datasets, achieved
accuracy values were 99.93% on KDD Cup’99, 92.56% on Synthesised Dataset-1,
94.54% on Synthesised Dataset-2 and 89.54% on Synthesised Dataset-3. In Bifet et al.’s
experiments on kNN algorithm on generated dataset with Hyperplane and Sea Data
generators, they achieved 83.33% and 86.90% while with kNN on ESTRA the results
achieved with are 82.03% and 95.90% respectively. In their experiments on Hoeffd-
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ing Tree algorithm with Electricity, Covertype datasets as well as generated datasets
by Hyperplane and Sea Data generators, they achieved 79.20%, 80.31%, 78.77%,
86.42% accuracy values respectively while Hoeffding Tree on ESTRA achieves 87.79%,
61.66%, 87.79% and 93.99% accuracy on the same datasets. Finally, in Cao et al.’s
experiments on DenStream algorithm on KDD Cup’99 dataset with different outlier
threshold values of 0.2, 0.4, 0.6, 0.8 and 1; they achieved purity values of about 97,
96, 96, 95 and 90 while the purity results obtained with ESTRA were more stable as
95.98%, 97.28%, 97.39%, 97.39% and 97.39%.

There are six datasets available in ESTRA; three of them are real datasets while the
rest are artificially generated datasets. There are also two data stream generators,
SEA and Hyperplane generators. As a future work, more datasets can be added as
built-in datasets, and streaming data generators can be implemented for ESTRA to
increase the diversity of the available datasets. Similarly, more algorithm implemen-
tations can be added to ESTRA. ESTRA currently comes with seven machine learn-
ing algorithms where six of them are specially used in streaming data analysis. Some
candidates for new algorithms to be added in ESTRA can be ClusTree, D-Stream or
HDDStream [47]. Moreover, adding more metrics such as sum of squared errors,
silhouette index or rand index can be added easily as the ESTRA is an open-source

software.

Apart from integrating more datasets with ESTRA, it would also be beneficial to
provide ability to upload custom datasets of the users. By this way, the users can
work with any dataset that is relevant to their studies and ESTRA can be used in a
broader area of research. This feature would also require making proper security,
access control and rate limiting features to be included as data upload is a compute,

network and storage intensive operation thus can be used for denial of service attacks.

As ESTRA is open source, developers and researchers can integrate other algorithm
implementations with ESTRA. However, currently, there’s no clear guide on how to
do that and the integration should happen deep inside the code. Most of the mod-
ern extensible software provide extension application programming interfaces (API),
providing a clear and straightforward way to be support third party additions to the

code without requiring extension developers to make changes in the core parts of the

54



software. As a future work, a similar approach for supporting additional algorithm

implementations can be pursued for ESTRA as well.

One of the most important areas of improvement in ESTRA is to provide solutions
for security and privacy issues. Currently, ESTRA does not incorporate any features
for establishing privacy of the users or rate limiting. This makes ESTRA vulnera-
ble to be released as a public software system as anyone can see and delete others’
work and also perform denial of service attacks. In order to address these problems,
a user management system can be implemented. Depending on the deployment en-
vironment, the user management system can be a common email and password type
user registration system as well as an embedded user management service such as

Microsoft Active Directory.

In order to take a step forward and go outside of being an experimental suite and to be
able to also satisfy business workloads, the ability to integrate ESTRA with real data
streams can be added. This feature would allow ESTRA to consume live data streams
and process them in real time, thus making it an end-to-end data stream analysis
platform. Furthermore, also the ability to export information about the analysis results
to outside sources can be also included, making ESTRA a candidate for any data

stream analysis pipeline for any business needs.

ESTRA has been developed with the focus on ease of use and simplicity. However,
usability, accessibility and user interface consistency aspects can still be improved

with the touch of user interface and user experience experts.

Finally, even though ESTRA is open source and can be downloaded and run by any-
one easily, it’s not ready to be made publicly available as a service yet, mainly due
to the lack of access control features. After security and access control aspects are
added, ESTRA can be provided as a service to the community and be developed as a

community-driven product.
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