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Abstract: Recent versions of WEKA 3.8 also provide access to new packages for
distributed data mining. The first new package is called distributed WEKA Base. It
provides base "map" and "reduce" tasks that are not tied to any specific distributed
platform. A second, called distributed WEKA Hadoop, provides Hadoop-specific
wrappers and jobs for these base tasks. A third, called distributed WEKA Spark,
provides Spark-specific wrappers.
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1 Introduction to Data Mining and Big Data

Now is an age of Data Mining (DM). Popularity of data mining can be proven by the fact
that the result of searching the expression “data mining” in the Google (November 2016) - was
more than 60 million pages.

1.1 Data Mining

Data Mining is multidisciplinary in nature (statistics, informatics, machine learning,
artificial intelligence, enterprise information systems). “Data mining is the discovery of
interesting, unexpected or valuable structures in large datasets...” [11]. An interesting definition
of data mining is: “Data mining is a process of discovering various models, summaries and
derived values from a given collection of data” [14]. Currently DM not be focused only on the
database as we know them. Ordinary applications are DM in text files or on the web. Real DM
applications based on multimedia content (hadoop) they are already among us.

1.2 Big Data

The term "Big Data" is currently even more popular as the term "data mining". Result of
searching the expression “Big Data” in the Google (November 2016) - was more than 300
million pages. Big data is a long time among us, but only now they are in the spotlight the lay
and professional public. They they are most frequent characterized with the aid of 3 - 5 “V™:

e .. Volume* — amount of data is n*TB;

¢ ,,Velocity” — high speed of arrival of data and speed data processing;

o ,Variety“ — different types of data (the web content text, sound, video, digits, semi-
structured databases and other ...).

These additional characteristics are sometimes appended:
e ,Veracity“ — informative value;
o ,Value“ — the value of information and knowledge.

We can be regarded as big data those entity which can be characterized by at least 3 “V”
(Volume, Velocity and Variety).
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1.3 Mining Big Data

We understand “Data Mining” as the an analogy as the "extracting valuable nuggets of large
quantities of clay." Then we can understand the term “Mining Big Data” as a "extracting
valuable nuggets of massive amounts of clay, stone and mud."

2 Software for Big Data

Commercial software systems for data mining and Big Data are mostly very expensive.
Thankfully the market offers a lot of open source tools (software systems), which make the data
mining more affordable for a lot businesses.

Big data, data that can’t maintain relationships. The problems with processing big data are
varied, and no one tool can handle it all. Portal InfoWorld compiled 12 of the best open source
tools for Big Data [13], processed in Tab. 1.

Tab. 1 The best open source big data tools by Bossie Awards 2016

Able to deal with the scale of
handling high query volumes across
billions of documents [5].

No Software Logo Description Special
system characteristics
1 | Apache ”““J\Z In-memory distributed processing Structured
Spark™ SpQﬂ( framework, which use batched Streaming.
processing of RDDs to a concept of a
DataFrame without bounds [4].
2 | Apache Beam To not rewrite code every time our Doesn’t support
) processing engine changes. Extended |developer
features and performance of Google’s |features like
DataFlow [1]. REPL.
3 | TensorFlow™ N Character recognition, image Run both
|‘v recognition, natural language distributed code
o processing, or some other kind of and optimized
complicated machine learning parallel code on
application [20]. GPUs and CPUs.
4 | Apache Solr™ /> Brings trusted and mature search Reliability.
¢ | engine technology to the enterprise.

and calling it a BI connector [9].

5 | Elasticsearch Distributed search engine that focuses | Able to detection
! on modern concepts like REST APIs |and domain-
elasticsearch and JSON documents [8]. specific business

analytics.

6 | SlamData 'SLAMD/ SlamData has a SQL-based engine Basic analytics

that talks natively to MongoDB. Not | on MongoDB
sucking all the data into PostgreSQL | data store.
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No Software Logo Description Special
system characteristics
7 | Apache Impala ( It is Cloudera’s engine for SQL on If you need SQL
f Hadoop. A row-based, distributed, over some files
el massively parallel processing system | that you have on
[12]. HDFS.
8| Apache It is designed to provide SQL Lets you query
Kylin™ interface and multi-dimensional massive data set
analysis (OLAP) on Hadoop at sub-second
supporting extremely large datasets latency in 3
[3]. steps.
9| Apache Is the standard for distributed publish |Easy to install
Kafka™ g and subscribe. It is used for building |and configure
real-time data pipelines and streaming
apps [2].
10| StreamSets™ | &, .. . _|Easily develop and reliably operate Robust and
de StreamSets . .
any-to-any data flows that connecta | growing list of
variety of sources to your Big Data connectors.
platforms [19].
11| Titan Scalable graph database optimized for | Support graph
TITAN storing and querying graphs traversals in real
containing hundreds of billions of time.
vertices and edges distributed across a
multi-machine cluster [21].
12| Apache é Apache Zeppelin interpreter concept | Supports Apache
Zeppelin &= allows any language/data-processing- | Spark, Python,
et Ibackend to be plugged into Zeppelin | JDBC,
[25]. Markdown and
Shell.

These software systems often implement methods other open source systems at its core.
These software systems often implement methods of other free tools at their core such as R,

KNIME, WEKA, Python and others.

The current trend is the integration of specialized software applications of DM in BIS'. An
example for all can be Pentaho Corporation and the acquisition of highly specialized software
application WEKA. In 2006 Pentaho Corporation acquired an exclusive license to use WEKA
for BI?> [16]. It forms a sub-module for data mining and predictive analytics system for
management decisions Pentaho BI Suite.

!'BIS - Business Information Systems.
2 Business Intelligence.
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3 Mining Big Data with WEKA

The Waikato Environment for Knowledge Analysis (WEKA) project dates from the 1992
in University of Waikato, Hamilton, New Zealand [10]. WEKA is landmark system in data
mining and machine learning, it is widely used tool for data mining research [16] and supports
process models of data mining such as CRISP-DM [18]. This system had been released as open
source software system. WEKA giving users free access to the source code and it has enabled
a thriving community to develop and facilitated the creation of many projects that incorporate
or extend WEKA [10].

3.1 Data Mining with WEKA

Basic functionality of WEKA:

e Data preprocessing — processing of format ARFF? and support of various other
formats, filters);

e  Classification - more than 100 classification methods, interface for classifiers
implemented in Groovy and Jython;

e  Clustering - unsupervised learning is supported by several clustering schemes;

o Attribute selection - the set of attributes used is essential for classification
performance;

e Data visualization (tree viewer, Bayes network viewer with automatic layout, and a
dendrogram, viewer for hierarchical clustering, 2D, 3D).

Furthermore Weka also includes Association and Forecasting in time series.

3.2 Graphical User Interfaces (GUI)

Design of graphical user interface began in 1999. In 2005 appeared the interactive versions
of WEKA GUI - the Explorer, Experimenter, and Knowledge Flow interface (Fig. 1).

.
€ Weka GUI Chooser oo [E=NEERT

Il Program Visualization Tools Help

Applications

/ W E KA Explorer
The University —_—
of Waikato | Experimenter

KnowledgeFlow
Waikato Environment for Knowledge Analysis
Version 3.8.0 Workbench
(c) 1999 - 2016
The University of Waikato Simple CLI

Hamilton, New Zealand

Fig. 1 The GUI Chooser
Displaying of attributes in the WEKA Explorer user interface:

3 ARFF - Attribute Relation File Format.
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Maximum 75
L All J l MNone ] l Invert J { Paltern J Mean 35,546
StdDev 11305
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o
2
=
i

5
g
3
S
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11 L:J residence_since
12 [_| property_magnitude
13 W age

14 l:] other_payment_plans
15 [_] housing

16 || existing_credits

17 ] job

18 [_] num_dependents
19 [_| own_telephone

20 [_] foreign_worker

21[ ] class

Status

oK

Fig. 2 The WEKA Explorer user interface, selected atribut “age”

Example of a decision tree — classifier with J48§:

= iné1 5 511528 250"
(k05" 10515 (150" = b1 34" £11.361.85) 11850

“ = o W =

Fig. 3 Decision tree (J48)

The example mining of associations with Apriori associator:
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Preprocess | Classify | Cluster | Associate | select attributes | visualize

Assodiator

Aprloﬂ-N 100-T0-C0.3-D0.05-U1.0-M0.1-5-1.0 ¢ -1

Stop Assodator output

Result list (right-diick...
22:24:04 - Apriori

Size

Size

Best

O WO W WwN

-

. Regidén=Subsaharské Afrika 42 ==> Nerastné bohatstvo=0.0 19 conf: (0.45)
. Nerastné bohatstvo=0.0 46 ==> Regidn=Subsaharské Afrika 19 conf: (0.41)
. Nerastné bohatstvo=0.0 46 ==> Prijmovd skupina=Nizky prijem 17 conf: (0.37)

Minimum metric <confidence>: 0.3
Number of cycles performed: 18

Generated sets of large itemsets:

of set of large itemsets L(1): 10

of set of large itemsets L(2): §

rules found:

. Regidén=Eurépa (Bez vychodnej Eurépy) 21 ==> Prijmovéd skupina=Vysoky prijem 21 cc!
. Prijmovd skupina=Nizky prijem 35 ==> Regidén=Subsaharskié Afrika 27 conf: (0.77)
. Regibén=Subsaharské Afrika 42 ==> Prijmové skupina=Nizky prijem 27 conf: (0.64)
. Regién=Latinskd Amerika & Karibik 27 ==> Prijmovd skupina=Vy33i stredny prijem 17

Prijmovd skupina=Vysoky prijem 36 ==> Regidén=Eurépa (Bez vychodnej Eurépy) 21 cc
Prijmovéd skupina=Vy33i stredny prijem 35 ==> Regidn=Latinskd Amerika & Karibik 17
Prijmovd skupina=Nizky prijem 35 ==> Nerastné bohatstvo=0.0 17 conf: (0.49)

G ) g ™0

Fig. 4 Associator output (Apriori)

Example of prognosis by means of neural network (Multilayer Perceptron):

Epoch S00 Learmi

arning Rate = ).01
Num Of Epochs | 500
Error per Epoch = 0.0077995 Momentum = ).4

Fig. 5 Neural network vizualization (topology 3-10-1)
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Most tasks that can be tackled with the Explorer can also be handled by the Knowledge Flow.
In addition to batch-based training, its data flow model enables incremental updates with
processing nodes that can load and preprocess individual instances before feeding them into
appropriate incremental learning algorithms. It also provides nodes for visualization and
evaluation [7] (Fig. 6).

o_ Weka KnowledgeFlow Environment l = x|

Program File Edit Insert View

|£.\“0 Data mining procasses| il Atiribute summary £2] Scatter plot matrix S0L viewer ) Simple CLI =+ Time series forecasting |-/ Remote host scheduler

i b W B 4 & W& 2R s H BHBE B¢
L | | untitedr x
| ClassifierPar] IsIT ]
ﬁ DataSources | -
[ Datasinks & anaset) ‘%;\_ dmss ) =)
[&§ DataGenerators SNCAREE [} i
[ Filters B : ¢
ﬁ Classifiers ActfLbader ClassAssigner o splm:ksér
|5 Clusterers Tiring Set
{ atafet
[E§ Associations
|5 AttSelection
|5 Evaluation el | i
= ereh e g"' 2 b
%1 ClassifierPerformanceEvaluator 4 WHR[ - h "@J
Jup k)
(& misc =
Iﬁ V\Sua”lﬂhuﬂ - JR\P atchlassThar Texthdeuwer
Flow 5 A
ﬁ | Fluiﬁgx ]
ﬁ Tools ol
(& spark S os)
[ Hadoop Classitisr
i Ecamples Parformance Evaluator L
ﬁ Scripting =
&5 stats [ — L
(& TimeSeries - S E—
| | status | Log
Component | Time | Parameters | Status |
[KnowledgeFlow] - OK.
ArfiLoader - Finished.
ScatterPlotMatrix - Finished.
ClassAssigner - -Clast Finished.
TrainTestSplitMaker - Finished
JRip - -F3-N20-02-51 Finished.
TextViewer - Finished.
= ol ClassifierPerformanceEvaluator | - Finished.

Fig. 6 The WEKA Knowledge Flow user interface

Once a set-up of interconnected processing nodes has been configured, it can be saved for
later re-use.

3.3 Mining Big Data with WEKA

From version 3.7.2 WEKA has the concept of a package as a bundle of additional
functionality, separate from that supplied in the main weka.jar file. This simplifies the core
system and allows users to install just what they need or are interested in. WEKA includes a
facility for the management of packages and a mechanism to load them dynamically at runtime.
There is GUI package manager also (Fig. 7).

This "Package Manager" adds support for running WEKA in Hadoop and in Spark. With the
support of these packages system can can predict in real time in a very challenging real-world
applications with almost all models [22].
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r — =— ———
&) Package Manager L r i -. S e . M
Official IRefresh prog Unofficial
L Refresh repository cache J[ Install M Uninstall || Toggle load J ’ File/lURL
i Cache refresh completed
@ Installed ) Available () All [_] Ignore dependencies/conflicts 2
Package | Category | versi... | R itory ver... | Loaded | H
discriminantAnalysis Classification 1.0.2 1.02 Yes A
distributedWekaBase Distributed 1.0.15 1.0.15 Yes
distributedWekaHadoop Distributed 1.0.16 1.0.16 Yes
distributedWekaHadoop2 Distributed 1.0.16 1.0.16 Yes \
distributedWekaHadoop2Libs Distributed 1.0.0 1.00 Yes
distributedWekaHadoopCore Distributed 1.0.21 1.021 Yes |
distributedWekaHadoopLibs Distributed 1.0.0 1.0.0 Yes
distributedWekaSpark Distributed 1.06 1.06 Yes
DistributionBasedBalance Preprocessing 1.0.0 1.00 Yes I\
DMNBtext Text classification 1.0.1 1.01 Yes
DTNB Classification 1.03 103 Yes
EBMC Classification 1.0.0 1.0.0 Yes
elasticNet Regression 1.0.0 1.0.0 Yes |v]
] ﬁ Package search Clear
|a]
distributedWekaSpark: Spark wrappers for Weka
URL: http://markahall.bl .CO.N; 15/03/weka-and-spark.html
Author: Mark Hall <mhall{[at]}pentaho.com>
Maintainer: Mark Hall <mhall{[at]}pentaho.com>

Provides Spark wrappers for the classes in distributedWekaBase. Includes generic Spark 1.1.1
libraries, which are sufficent for running local mode on the local filesystem out of the box. To run
against Hadoop/HDFS, it is necessary to delete all the libraries in
${user.home}/wekafiles/distributedWekaSpark/lib and copy in the

'l| spark-assembly-A.B.C-hadoopX.Y-Z.jar file that is bundled with the distribution of Spark compiled [y
. g
Fig. 7 Package Manager

3.3.1 MOA

In version 3.8 is package for MOA (Massive Online Analysis) data streams. Nowadays, data
is generated at an increasing rate from sensor applications, measurements in network
monitoring, log records, manufacturing processes and others.

All this data generated can be considered as streaming data since it is obtained from an
interval of time. In the data stream model, data arrive at high speed, and an algorithm must
process them under very strict constraints of space and time. MOA is an open-source framework
for dealing with massive, potentially infinite, evolving data streams, it permits evaluation of
data stream learning algorithms on large streams, in the order of tens of millions of examples

[6].

The implemented classifier methods currently include: Naive Bayes, Decision Stump,
Hoeffiding Tree, Hoeffiding Option Tree, Bagging, Boosting, and other (Fig. 8). MOA contains
also an experimental framework for clustering data streams.
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[ Preprocess [ classify | Cluster | Associate | Select atributes | visualize | Auto-WEKA | Parallel Coordinates Plot | Visualize 30 | Forecast |
Classifier
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Test options Classifier output
- T
&) weka.gui.GenericObjectEditor = J
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About
Wrapper for MOA classifiers More |
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%
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class moa.classifiers frees HoeffdingTree
numbDecimalPlaces class moa.classifiers frees LimAttHoefidingTree
class moa.classifiers frees RandomHoeffdingTree
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I Help Resetto defaults
OK Cancel |
Status

Fig. 8 MOA classifiers

Though the current focus in MOA is on clustering and classification, the autors plan to
extend the framework to include regression, and frequent pattern learning [6].

3.3.2 Distributed WEKA

Distributed WEKA is a plugin (since version 3.7) that allows WEKA algorithms to run on a
cluster of machines. This would use this when dataset is too large to load into main RAM, or
use an algorithm that would take too long to run on a single machine. Distributed WEKA works
with distributed processing frameworks that use map-reduce. It is more suited to large, offline,
batch-based processing scenarios. Data is divided up over the nodes in the processing cluster
(the machines in a processing cluster) and is conquered. Each piece is conquered independently
of the other pieces [23]. The distributed WEKA plugin is made up of two packages:
distributedWekaBase, that provides general map-reduce style tasks for machine learning that
are not tied to any particular map-reduce framework implementation. A second package is
distributedWekaSpark. This is a wrapper for the base tasks that works on the Spark platform

(Fig. 7).

In addition to these basic packages, there is also a packages for work with Hadoop,
depending on which version or flavor of Hadoop that you have installed [23]. The design goals
of distributed Weka is to provide a similar experience to using standalone desktop Weka. It
enables to use any classification or regression learner in Weka and also has support for
clustering.
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4 Conclusions

A common opinion is that the WEKA machine learning software cannot be applied to large
datasets and Big Data. Main problem lies in training models from large datasets, not prediction
for large datasets. Weka is being used to make predictions in real time in very demanding real-
world applications. It is correct that it may be impossible to train models from large datasets
using the WEKA Explorer GUI (even when the Java heap size has already been increased),
because the Explorer always loads the entire dataset into the computer's main memory [23].
When dealing with large datasets, it is best to use a command-line interface (CLI) or the Simple
CLI included in WEKA, use Knowledge Flow GUI, or write code directly in Java or a Java-
based scripting language such as Groovy or Jython [23]. For new version WEKA 3.8, there is
a library that provides access to the MOA data stream software containing state-of-the-art
algorithms for large datasets or data streams. WEKA 3.8 also provides access to new packages
for distributed data mining. The models that are output from distributed WEKA are normal
WEKA models. That means they can be saved to your file system, loaded into desktop WEKA
at a later stage, and used for making predictions, just like any other Weka model [23]. At the
end, it must be stressed that the most important factor in the DM human resources.

It is not enough just to obtain information, but is equally important to choose the most
important information, correctly interpret the information obtained and then make the necessary
and effective action.
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