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Abstract

This work introduces a problem of analyzing court practice in Kazakhstan.
Focus of this work is to find best solution to introduced problem of analysis.
The objective is to review existing solutions in big data analytics, examine them
and compare their performance on the tasks of analyzing court practice. To
complete this objective many of modern solutions were reviewed and separated
by groups, such as frameworks, programming languages and software tools. For
comparison Tableau, Orange and RapidMiner software tools were chosen. Fur-
thermore, a program developed to generate sample data for analysis. Results of
conducted comparison shows that Tableau is the best software to solve problem
of analyzing court practice in Kazakhstan. Measured results fully reflect real
solution of analyzing court practice in Kazakhstan and can help Supreme Court

to improve their analytical systems.



Anxnarma

Byn xymbic KazakcTannarpl COT NPaKTUKaHbI TajlayblH MSCENeHbl YChIHa-
Ibl. By >KyMbIC - TaJiiay VIUiH TalChIPbUIFaH €H >XKaKChl LIelIiM taby. Makca-
Thl KejieMIe TYpaJbl, YIKEH TaJfaysapra Tajfay »KacakIbl, oJlapibl 3epTTeyre
XoHe oJlapibl NPAKTUKAJbIK JafIblIapMeH Tajjayfa apHajraH TUIMALTIKTEpAi
casbicThlpy. OChbl yaKbITKa [eHiH KenTereH wewmimaepai Tontapra besin, Gesnim-
nepre Geuin, ¢peliMBODK, Garnapiamaiiay XeHe DarnapiaMalblk KypaJgapMeH
beuticy kepex 6osasl. Tableau, Orange xoHe RapidMiner mporpaMMaJibiK, KypauJi-
JlapbIMeH Oipre COKKbIFa YIIbIDAAbI. CoHbIMEH KaTap, TaJlJjayFa apHaJIFaH 1piKTey
JEPEKTEePiH reHepalysaiayra apHaJFal Harnapyama o93ipsengi. CalbICThIpy HOTH-
xesepimer, 6y Tableau Kazakcrangarbl NPaKTHKAJIBIK TOXiprOe TagaybIHbIH,
npobJieMaiapblH IIElIyre apHajFaH bargapJyiaMaliblK KaMTaMacChl3 €TyIiH Y3MIiK
barnapiaMalIapblH YChIHaAbL. 3ePTTEreH KOPBITEIHALLIAD tToJbIKTak Kaszakcran-
Narbl TaxKipube CblHarbIHbIH HAKThL [IEMIiMiH IIBIFaPhII, XKOorapbl cananbl Cy xyii-

eCiH e31epiHiH aHAJIUTUKAJIBIK JKyiiesepid XKeTuiIipe ajiajbl.



AnHoTamnusda

JlanHas paboTa npencrapisfer npobneMy aHausa cynebHON NpakTUKH B Ka-
3axctaHe. Llesb 9Toi paboThI - HAATH JIydlllee pellieHune JJis IOCTaBIEeHHO! 3a0a4H
aHamm3a. Lleab COCTOMT B TOM, 4TOObI PACCMOTPETH CYIUECTBYIOLIME DELICHMs B
00/1aCTH aHaJIM3a OOJBIINX AAHHBIX, U3YYUTh UX U CPABHUTH WX 3 GDEKTHBHOCTD
C 3aJa9aMi aHaJu3a CyneOHOM MpakTuku. [y JOCTHXXeHWsl STOH Len MHOrue
COBpEMeHHbIE PellleHHsT OblIM PACCMOTPEHBI U Pa3fiesIeHbl 110 IPYIINaM, TAKUM KaK

bpeitMBOPKH, A3bIKKM POrPAMMHDOBAHHUS U IPOrPAMMHBIE CDEJICTBA. Ins cpas-
HeHus1 6pUIM BbIOpaHB! MPOrpaMMHbIE CPENCTBa Tableau, Orange u RapidMiner.

Kpowme Toro, paspaboraHa nporpamMmMa Jjisi FeHepalyu BbIOOPOYHBIX JAHHBIX IJIA
aHau3a. PesynpraThl NPOBEAEHHOTO CPABHEHHs MOKA3BIBAIOT, {TO Tableau siB-
JISIETCSL JIYYIIMM TPOrPaMMHBIM ODecrieyeHreM 1715 PeleHus npobsieMbl aHaJIN3a
cynebHol mpakTuku B Kasaxcrane. VlamepeHHbIe DE3yJbTaThl MOJHOCTHIO OTpa-
XKaI0T peajibHOe pelleHNe aHanu3a cynebro# mpakTuku B Kasaxcrane u moryr

nomounb Bepxosromy Cylly y/IyYLIHTb CBOH 8HATUTHYECKHE CHCTEMBI.
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1. Introduction

1.1 Motivation

The beginning of the complex digitalization of the courts of Kazakhstan is
associated with the approval of the Concept of the automated information-
analytical system “J udicial Administration”. As a result of the implementation
of this Concept, by 2007, the Unified Automated Information and Analytical

System (UAIAS) was implemented in all courts of Kazakhstan.
Today we ended up having a lot of data gathered by juridical institutions

such as, but not limited to, court cases, lawsuits, complaints, etc.

One of the problems of the judicial system of Kazakhstan - digitalization -

has already been solved. The second problem is the improvement of the current

system by monitoring and optimizing the work of the courts and judges.
Analyzing the amount of decisions of court cases, the burden on judges can
be found out, and therefore steps to remedy this situation could be taken. Also,

knowing the number of cases canceled for a particular judge, we can find out

his competence. Further analyzing the number of convictions and acquittals,

we will be able to judge the need for changes in the legislation in general. These

examples, of course, do not limit the use of analytics in judicial practice. For

n also be useful for parties preparing for a case in a particular

example, it ca
s won / lost from a particular judge in

court if they can see the number of case

a certain category of case.

1.2 Aims and Objectives

Big Data is a huge collection of data that can be gathered, transmitted, accu-

mulated, reserved and analyzed. This reason has made big data a tempting field



for research scholars in the innovative activity of using algorithmic techniques
to analyze sophisticated and/or unstructured data pools.
In order to fully evaluate and analyze big data, researchers that work with

a data must have a certain kind of awareness to use mighty tools and languages

for analysis.
Therefore, studies related to the review and breakdown of available pro-

gramming tools and applications statistics, analytical programs and software
for visualization in the field of big data analysis are relevant.

Object of the study in this paper is big data.

The subject of study is development tools, languages and methods for ana-
lyzing big data.

The goal of this work is to compare modern tools for working with big data

to show their effectiveness in analyzing court cases in real time.
To achieve this goal it is necessary to solve the following tasks:

e Run a review of software tools for analyzing big data;
e To analyze the process of preparing and processing data,;
e Perform selection of software tools for analyzing big data in court practice

tasks;

e Generate raw data;

Create and download data sets for analysis;

e Test and compare data analysis tools.



2. Software tools
for big data analysis

There are many analytical tools for big data; they can be divided into three
groups: programming languages, statistical solutions and visualization tools [1].

The choice of one or more of them depends on programming experience and
knowledge in data analysis.

For example, if you plan to use the R language, you must have good ex-
perience in both scientific programming and statistics. On the contrary, when
using visualization tools, you can work with large ones without such specific

knowledge.

2.1 Cloud platforms

There are many platforms for processing big data on the market, some of them

are open source, such as Apache Hadoop and SciDB, while others are propri-

etary platforms and belong to companies such as Google, IBM, Amazon and

Microsoft [1].
Depending on the features of these platforms, many platforms were imple-

mented in the cloud (Google AppEngine, Microsoft Azure, and Amazon EC2);

each of these solutions has its own ways of solving big data analysis problems

(data storage, analytics, machine learning and implementation).

Table 2.1 presents a comparison between the known cloud platforms for

working with big data.
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Features Amazon Microsoft Google

Big Data storage | S3 Azure Google cloud ser-
vices

Big Data analyt- | Elastic MapReduce Hadoop on Azure

ics (Hadoop) BigQuery

Relational MySQL or Oracle | SQL Azure Cloud SQL

databases

NoSQL databases | DynamoDB Table storage AppEngine Data-
store

MapReduce Elastic MapRe- | Hadoop on Azure | AppEngine

duce (Hadoop)

Stream process- | No streaming Streaminsight Search API

in

Michine learning | Hadoop+Mahout | Hadoop+Mahout | Prediction API

Data, sources Public datasets | Windows Azure | Few datasets

marketplace with examples
Availability Public Beta Beta

Table 2.1: Comparing Big Data Cloud Platforms

2.2 Programming languages

For analyzing big data, several programming languages are used and they can

be divided into two groups [2]:
e High level languages;

e Low level languages.

The levels of programming languages are determined by the analytical use of

these languages. In high level programming languages there are many functions

for solving analytical problems.

2.2.1 Python

Python is one of the most famous programming languages for data analysis.

The interactive nature of this language and its scientific system libraries makes
it preferable for developing analytical programs and studying hidden facts in

data sets [3]. o
g on the scientific computer community, it is easy to see how the

Focusin
since the beginning of 2000) in both

use of the Python language is increasing (
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industries: the creation of analytical applications and academic research [4].
Python has its own scientific ecosystem, as well as many useful libraries.
Numpy [5] is the base library for basic data structures and the main package
in the Python language. Knowing that all input in Python is represented as an
array numpy; it is easy to conclude that all the libraries in this language are
built on top of this package.
Numpy provides functions:

e Ndarray: efficient and fast multidimensional array.

e A long list of functions for working with arrays using element-by-element
calculations with them or providing mathematical operators for working

with arrays.
e Tools to read and write array-based data arrays to disk.

e Fourier transform, linear algebra operations, and random number gener-

ation.

e Tools for integrating code from other languages (C, C ++ and FOR-
TRAN) into Python.

Pandas [6]: this package that supports scientists and helps solving their
problems of data structuring with their preparation and preliminary design.

Matplotlib [7]: package for data visualization. This tool is very popular and
effective for the tasks of visualization and graphing, especially for 2D-graphs.

IPython [8]: an environment for interactive computing and development,
it is used to maximize performance in both interactive computing and soft-
ware development. It also includes a multifunctional console with a graphical
interface, and a lightweight, fast parallel computing engine.

SciPy [9]: a package with a collection of efficient algorithms for solving
linear algebra problems, working with sparse matrix representations, special

functions, and basic statistical functions. These packages include:

scipy.integrate

scipy.linalg

e scipy.optimize

scipy.signal

12



scipy.sparse
scipy.special
scipy.stats

scipy.weave

Also for standard Fortran-based numeric packages, scipy has bindings for

many of them, for example, such as LAPACK.

Cython: Scientists can use Python syntax and high-level operations to im-

prove performance.

2.2.2 R

R is a widespread open source programming language. It is a language for fac-

tual investigation and information examination [10]. In R framework, you can

do any sort of measurable estimation utilizing useful linéuistic structure or pro-
gram code with ground-breaking troubleshooting apparatuses. This language

has interfaces with many programming dialects. Synopsis measurements can

be shown utilizing abnormal state graphical instruments R, [11].
R has the following features [12]:

Understandable syntax to speed up data analysis tasks;

Various formats for downloading and storing data for both local and In-

ternet tasks;
Ability to perform tasks in memory;

A set of tools (functions, packages) for analysis tasks, some of them are

built-in, the others are open source tools;

Has various simple ways of presenting the results of data analysis in graph-

ical form with saving these graphs on a disk;
The ability to automate the analysis and create new functions (R is a
programming language);

Users do not need to reload their data every time because the system
saves data between sessions and saves the history of entered commands;

There are many free GUIs for R:
13



— RStudio

— R Commander
— StatET

— ESS

- JGR-

— Java GUI for R

¢ Available on all platforms: Windows, Macintosh and Linux.

For all these functions, R provides a wide variety of tools for statistical
analysis, machine learning (linear and nonlinear modeling, classical statistical
tests, time series analysis, classification, clustering) and graphical methods:

e Data Extraction

e Data Cleansing

e Data Loading

e Data Conversion

e Statistical analysis

e Data Visualization

e Predictive modeling

2.2.3 SAS Software

SAS programming (and programming language) is an outstanding and generally
utilized answer for getting to, changing and examining information utilizing an
adaptable, extensible web interface [13].

SAS expository stage comprises of an assortment of diagnostic applications
that structure the structure of the stage and makes it a helpful device for

researchers in the field of enormous information investigation. The fundamental

valuable expository applications are:

1. SAS Text Miner: this is a module that can be included for the SAS
Enterprise Miner condition, since it encourages the arrangement of issues

in content mining. Content Miner can control different wellsprings of

printed information:

14



e Regular nearby content records.
o Text extricated from SAS datasets or other outer databases.

e Files on the Internet.

SAS Text Miner 14.1 incorporates numerous hubs that can be utilized in

content examination:

e Text import hub

e Text investigation hub
Text Filter Node

Text hub

Text Cluster Node

e Text Rules Builder

2. SAS Forecast Server: its computerization and adaptability enable associa-
tions to settle on increasingly productive and powerful choices dependent
on created brilliant estimates. This apparatus improves the productiv-
ity of gauges and enables you to pick the most significant estimates and

spotlight your endeavors on them.

3. SAS Model Manager: sorts out work on the development of accumula-
tions of systematic models, beginning with the creation, through admin-
istration and checking, and finishing with their organization. SAS Model
Manager furnishes a leader with an advantageous web condition that en-
courages client involvement with the board apparatuses and support for
the existence cycle of models.

2.2.4 MS SQL Server

MS SQL Server is a very notable answer for customary social databases, and
has generally excellent devices for making ERD diagrams, just as for enhancing
questions utilizing a graphical apparatus.

MS SQL Server has an incorporated Analysis Service, which has a cozy asso-
ciation with the Tabular Model, Multidimensional Model and the Microsoft BI
stack. There are likewise three primary administrations for business knowledge

in MS SQL Server:

15



e SQL Server Integration Service (SSIS) for information gathering.
e SQL Server Analysis Service (SSAS) for information examination.

e SQL Server View Service (SSRS) for survey information (representation).

Microsoft SQL Server has a worked in interface to incorporate with Apache
Hadoop (SQL Server Hadoop connector), which is a Sqoop-based interface;

The primary motivation behind the structure of this connector is to give
a compelling apparatus to exchanging information between SQL Server and
Hadoop [14].

MS SQL Server 2012 bundles give scientists a total arrangement of infor-
mation incorporation devices, perception critical thinking, a business insight
bundle, and the capacity to associate with Apache Hadoop and Hive through

an effective extension.

2.2.5 Hadoop Family

Apache Hadoop [15] is an open source programming suite that exploits oSaf PC
bunches to store and process a tremendous measure of information. Hadoop
comprises of two sections: the archive is HDFS and the handling part is the
MapReduce programming worldview.

HDFS [16] is a conveyed, versatile and convenient document framework
written in Java. HDFS enables you to store huge records on different machines.
It gives unwavering quality by recreating information to other information hubs,
which causes excess.

MapReduce [17] enables you to compose applications for parallel preparing
of colossal measures of information on huge groups. MapReduce separates work
into autonomous pieces, which are handled in parallel by MapReduce errands.

Apache Spark [18] is a brought together investigative motor for huge scale
information handling. Sparkle gives an interface to programming whole bunches
with verifiable information parallelism and adaptation to internal failure. Sparkle
gives a similar adaptability and versatility as MapReduce, yet works quicker
for a particular application because of an alternate information reflection and

multi-utilitarian API.
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2.3 Software tools for statistical analysis

2.3.1 Orange

Ordnge [19] is a lot of apparatuses for imagining enormous information, Al and
information minihg with open source. It has a visual programming interface for
exploratory information examination and intuitive information representation,
and can likewise be utilized as a Python library.

Orange is a segment based visual programming bundle intended for infor-
mation representation, Al, and information mining.

Orange parts are called widgets and they go from straightforward informa-
tion perception, choice of subsets and preprocessing to experimental assessment
of learning calculations and prescient displaying.

Visual writing computer programs is actualized through an interface wherein
work processes are made by connecting pre-characterized or client created wid-
gets, while propelled clients can utilize Orange as a Python library to control
information and change widgets.

Orange is an open source programming bundle discharged under the GPL
permit. Forms up to 3.0 incorporate real parts in C++ with Python wrappers
that are accessible on GitHub. Beginning with rendition 3.0, Orange uses freely
accessible Python libraries for logical figuring, for example, numpy, scipy, and
scikit-learn, and the graphical Ul works in a cross-stage Qt condition. Orange3
has its own different github.

The default setting incorporates various Al, preprocessing and information
representation calculations in 6 sets of widgets (information, perception, ar-
rangement, relapse, assessment and control). Extra highlights are accessible as
additional items (bioinformatics, information total and content examination).

Orange is bolstered on MacOS, Windows and Linux, and can likewise be
introduced from the Python Package Index archive (pip introduce Orange3).

As of May 2018, the steady form 3.13 keeps running on Python 3, and the
obsolete variant 2.7 on Python 2.7 is as yet accessible.

The program gives a stage to choosing tests, proposal frameworks, and pre-
scient demonstrating and is utilized in biomedicine, bioinformatics, genomic

research, and preparing. In science, it is utilized as a stage for testing new
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Al calculations and for presenting new techniques in hereditary qualities and
bioinformatics. In training, it was utilized for encouraging AI and information
mining to science understudies, biomedicine and software engineering.

2.3.2 RapidMiner

RapidMiner [20] is a product level for coping with big facts created by a corpo-
ration of a similar name that offers an incorporated domain to records readiness,
Al top to backside making ready, content research and prescient examination.
It is applied for enterprise and non-business programs, just as for research, prac-
tise, making ready, quick prototyping and alertness development, and supports
all phases of the Al process, together with statistics planning, representation
of outcomes, model approval and streamlining. RapidMiner relies upon on an
open middle model. RapidMiner Studio loose version, that is limited to at
least one coherent processor and 10,000 strains of facts, is obtainable under the
AGPL allow.

RapidMiner, some time ago known as YALE (another learning condition),
was created in 2001 by Ralph Klinkenberg, Ingo Miersva and Simon Fisher from
the Artificial Intelligence Division of Dortmund Technical University. Since
2006, it has been driven by Rapid-I, an organization established by Ingo Miersva,
and Ralph Klinkenberg around the same time. In 2007, the name of the product
was changed from YALE to RapidMiner. In 2013, the organization was renamed
from Rapid-I to RapidMiner.

RapidMiner utilizes a customer/server model with a server offered in both
neighborhood and open or private cloud foundation. As per Bloor Research,
RapidMiner gives 99% of cutting edge scientific arrangements dependent on for-
mat conditions that speed conveyance and diminish mistakes, nearly dispensing
with the requirement for composing code. RapidMiner gives information min-
ing and Al systems, including: information stacking and change (extraction,
change, stacking (ETL)), information pre-preparing and perception, prescient
investigation and factual displaying, assessment and organization. RapidMiner
is written in the Java programming language. RapidMiner gives a graphical in-
terface to creating and executing scientific work processes. These work processes
are classified ”forms” in RapidMiner and comprise of a few ”administrators”.
Every administrator performs one assignment inside the procedure, and the

18



yield of every administrator shapes the info information of the following. On
the other hand, the instrument can be called from different projects or utilized
as an API. Separate capacities can be called from the direction line. RapidMiner
gives preparing plans, models and calculations and can be extended utilizing R
and Python contents.

The usefulness of RapidMiner can be stretched out with extra modules that
are accessible through the RapidMiner Marketplace. RapidMiner Marketplace
furnishes engineers with a stage for making information examination calcula-
tions and distributing them in the network [21].

In 2018, Gartner put RapidMiner in the initiative part of its Magic Quad-
rant for information and Al stages. The report takes note of that RapidMiner
gives profound and expansive demonstrating capacities for computerized start
to finish model advancement. In the yearly programming overview in 2018, KD-
nuggets perusers perceived RapidMiner as a standout amongst the most well
known information investigation programming. Review respondents demon-
strated that this product bundle is the apparatus they use. RapidMiner has
gotten a huge number of downloads and has more than 400,000 clients, includ-
ing BMW, Intel, Cisco, GE and Samsung as paid clients. RapidMiner cases to
be the market head in programming for information preparing stages against
contenders, for example, SAS and IBM.

Around 50 designers worldwide are associated with the open source improve-
ment of RapidMiner, the vast majority of who are workers of RapidMiner. The
organization, which creates RapidMiner, got financing of Series C in the mea-
sure of $16 million with the investment of funding organizations Nokia Growth
Partners, Ascent Venture Partners, Longworth Venture Partners, Earlybird
Venture Capital and OpenOcean. OpenOcean accomplice Michael ”Monty”
Widenius is the organizer of MySQL.

2.3.3 Tableau Software

Tableau Software is a product improvement organization headquartered in Seat-
tle, Washington, USA, that produces business knowledge items for intelligent
information representation. Initially created to market thinks about that was
led at the Faculty of Computer Science at Stanford University from 1999 to
2002. Tableau items inquiry social databases, intuitive investigative informa-
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tion shapes, cloud databases and spreadsheets, and after that produce a few
kinds of charts. Items can likewise extricate information, just as store and
recover it from the information system in memory [22].

Tableau has a mapping capacity and can show scope and longitude, orga-
nize and associate with spatial records, for example, Esri Shapefiles, KML and
GeoJSON, to show client topography. Installed geocoding enables you to show
managerial areas (nation, state/territory, locale/region), postal divisions, US
Congress regions, US CBSA/MSA, region codes, airplane terminals, and mea-
surable zones of the European Union (NUTS codes). There are five different
ways to get to Tableau items: Desktop (for both expert and individual ver-
sions), Server, Online (which supports a large number of clients), Reader and
Public, the last two are free. Vizable, a versatile shopper information represen-
tation application, was discharged in 2015. The 6th item, known as Data Prep,
for information readiness work processes, was discharged in May 2018 [23].

2.3.4 SPSS

SPSS is a software product of the Statistical Package for the Social Sciences
(SPSS). The current version of this software is called “IBM SPSS Statistics”.

The full version of this software product contains the following set of features
and add-ons [24]:

e Basic statistics

e Advanced statistics
e Exact Tests

e Categories

e Samples

e Custom tables

e Data preparation
e Decision Trees

e Prediction

e Neural networks

e Regression

20



3. Research design
and methodology

3.1 Selection of software tools for analyzing big

data in court practice tasks

Before analysis data should be created and stored somewhere. For purpose of
this research PostgreSQL relational database was chosen. Reason for choice
was that originally Supreme Court uses this database to store their data. Also
PostgreSQL is easy to setup and use, which is great advantage over other RDMS
software.

For testing purposes RapidMiner, Orange and Tableau were chosen. De-
spite of undeniable advantages of big data analytics frameworks such as Apache
Lucene or Apache Hadoop; or programming languages like Python or R; chosen
software tools offer big convenience over other methods - simplicity. Proprietary
software offer easy to understand GUI and integration with most of the data
formats. This facts made choice obvious.

3.2 Formation of source data

For data processing and analysis, in this work, it is proposed to use the database
of court cases in Kazakhstan. This database contains a description of court
cases, a list of participants and the results of decisions made. The data scheme
is presented in Figure 3.1.

Consider the description of all tables of the submitted database:

e cases: a table with a description of all cases considered in the courts of
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Kazakhstan;
e courts: table-reference with a list of vessels;
o regions: table reference with the regions to which the courts belong;
e case_categories: table-reference category of the case;

e result_types: table reference with a description of the results of consider-

ation of cases;

e instances: reference table with instances. Cases can be first instance,
appeal or cassation. The work deals only with cases of first instance in
order to simplify the analysis;

e case_types: reference table with case type. Civil, administrative or crim-
inal;

e caseparticipants: the table is linked to the cases table. It stores the
participants of the case, and their role in the court case;

e participant_roles: reference table with roles in the case. For example, a
judge, a lawyer, etc.;

e Participants: a table of reference with all participants who participated
in the affairs;

e participant_types: participant type can be individual or company.

Consider the description of the database tables, which is used for analysis.
Tables A.1 - A.8 provide a description of all the database tables.

To create relationships between data tables, it is necessary to describe key
fields and relationships between tables. Table A.9 provides a description of the
relationships between database tables.

As next step data has to be generated. For data generation Java program
was written to fill tables and make relations with them.

Data generation begins with creating dictionaries such as roles, courts, re-
gions. This information was taken from official website of Supreme Court.
Other dictionaries like participants were created dinamically using opensource
data on internet.

After all dictionaries were created and loaded process of generating cases
started. When new case created all its values was generated randomly from
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Figure 3.1: Data schemas for the source database

dictionaries. For testing purposes were created approximately 11M cases for
each case type. Although this amount exceeds real numbers, but amount was

chosen taken into account future cases.

3.3 Creating and loading datasets for analysis

Before start testing every tool on analysis, all necessary data must be loaded in
each tool. This process differs from tool to tool. In some cases like Tableau can
connect directly to relational database and download all data with relations.
Other tools like Orange and RapidMiner need csv files to work.

Below is the process how data loading looks for every tool separetely.

3.3.1 Tableau

Consider the process of creating and uploading datasets to the Tableau online
platform. After creating an online solution for data analysis, you need to create
the site and activate it (Fig. B.1).

After creating the site, the user goes to the main page where he can connect
to the distributed database (Fig. B.2).
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After selecting the Connect to data item, you need to select the type of
DBMS to which you are connecting and specify the connection parameters.

The work uses a distributed database that is loaded into Microsoft Azure and
is available at: p-court.postgres.database.azure.com. To connect to a remote
database, you must fill in the connection fields, as shown in Figure B.3.

After connecting to the database, all tables will be available and displayed
in the Database-Table field. For further data analysis, it is necessary to create
data sets (data sets) that will provide the necessary data sets for analysis.

Consider the process of creating the core data sets that will be used for
analysis. It is proposed to use the following kits:

e Aggregation by type of cases;
¢ Selection and sorting according to the results (decisions made) in the
considered cases;

e Selection and sorting of cases, according to the courts of a particular

region;

e Aggregation by region and by category of cases;

Consider the process of creating a data set for analyzing court decisions by
category of cases. The description of the database tables given in section 3.2
allows us to define a set of tables that need to be combined in a given data set.
Since the aggregation of data by types of court cases will be performed, the
data set must include data from the cases table (Figure B.4) and data from the
case_types table (Figure B.5).

Next, a data set is created that combines data from the cases and cases_types
tables (Figure B.6)

Consider the process of creating a data set for the selection and sorting
by results (decisions) in the cases considered. The description of the database
tables given in section 3.2 allows us to define a set of tables that need to be
combined in a given data set. Since the aggregation of data on the results of
court cases will be performed, the data set must include data from the cases
table (Figure 3.2) and data from the result_types table (Figure B.7).

Next, a data set is created that combines data from the cases table and

result_types (Figure B.8)
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View Data: cases X

1000 *  rows
case_date case_type_id category_id court_id first_instance_case_id  id in
2013-07-13 3 138 69 null 142320233
2015-02-16 .3 33 129 null 142320239
2013-08-25 3 20 276 null 142320245
2013-12-20 3 41 163 null 142320252
2016-04-12 3 132 171 null 142320258
2016-11-01 3 144 187 null 142320263
2012-03-16 3 13 5 null null 142320270
2015-11-17 3 100 20 null 142320277
2013-07-28 3 120 46 null 142320283
2012-08-01 3 28 358 null 142320290
2012-03-05 3 145 250 null 142320295

2012-12-02 3 78 158. ~ null - 1423203M

Figure 3.2: The cases table data

Consider the process of creating a data set for the selection and sorting of
cases by the courts of a particular region. Since aggregation of data by vessels
for a particular region will be performed, the data set must include data from
the cases table and data from the courts tables (Figure B.9) and regions (Figure
B.10).

Next, a data set is created that combines data from the cases and case_types,
courts and regions tables (Figure 3.3)

The online platform Tableau not only allows you to connect to data sources,
but also generates data sets and allows you to export these data sets for use in
other programs. Consider the process of exporting a data set to a csv file. As
an example of a data set, choose data by region and category of cases. After
creating the dataset, you must specify the measurements and the facts for which
then will be analyzed. In our case, thisﬁ is the name of the type of case and the
name of the region in which the case was reviewed. The facts are considered
the number of cases of a certain type, aggregated by region. An example of
setting up measurements and facts for a data set is presented in Figure B.11.

After creating and configuring a dataset, you can export a dataset. To do
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- cases+ (postgres)

1 cases \ O ) ]casc_typ:a
4 O :f |<u=_-ns f Q b lrt-gmn\)
[E [E Sortfields Datasourceorder - {v Show abases Show hudden fields 1000 - rows
id case_type_id case_date instance_id category_td court_id result_type_id id (case_types) description id (courts) description (¢o
161263311.00 3.00000 08.06.2013 1.00000 102000 280.000 1.00000 3.00000 AQuiHHCTRATHBHOR a8N0 280,000 Cupaapsuscny
161263316.00 300000 1708.2016 1.00000 42000 192000 1.00000 300000 AQMHICTRATHENCS JEN0 192.000 Manstaccam p
161263322.00 300000 0709.2012 1,00000 30000 270.000 100000 300000  AawsmaicTpaTuBHCE J8no 270000  Creymamiupse
161263329.00 3.00000 26.09.2012 100000 152.000 253000 1.00000 300000 ATnreCTRATAER0E 2600 253000 ANEHEN MO
16126333500 3.00000 04.10.2015 100000 48.000 219.000 100000 3.00000 Aguat neMce neno 219.000 Afaitcaut paitor
161263340.00 3.00000 21.11.2016 100000 54 000 218.000 1.00000 3.00000 AJMrUCTRATHEMCS AEN0 218,000 Wlaxmir=ool rop
16126334600 3.00000 0sloz012 1.00000 90000 277000 100000 3.00000 ASLBtratCTRATHENGE 8NC 277000 Manaxoprascou

Figure 3.3: A set of data for analyzing data by type of cases

this, click the export button and select the data saving format (Fig. B.12). After
selecting the storage format, the platform will generate and display aggregated
data on the selected dimensions and facts (Fig. B.13). After viewing the
data, you can download it as a csv file that can be used in other data analysis

programs.

3.3.2 RapidMiner

Consider the process of loading data sets that were obtained on the Tableau
platform. To work with RapidMiner, you need to start the application and
create a new project. After creating the project, a designer window will open
in which you need to select the Data-File tool (Fig. B.14).

Y H - b' - i Design Results Turbo Prep Auto Model
Result Histary [l ExampleSet (Read CSV)
re= Hame r Type Missing Statistics Filter (2 1 3 attributes)
G “ description Palynominal 0 Yronoexoe geno (17) AIMUHUCT [ | peno (17)
=
BEY “/ description (regions) Polynominal 0 ropoa WsimkeHT (3) AKMONIHCKAR oGnacTs (
Statistics
“ Number of Records Integer 0 26898 1470732
&Ka

Figure 3.4: Selecting a tool to import a file with a set of data

After selecting a file and importing data, the user has the ability to upload
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data to RapidMiner and perform preliminary processing and analysis of this
data set. To process a dataset, you must start the process in RapidMiner and
then view the results of the work in the Results window (Fig.B.15). When you
select the Statistics tab, you can view the metadata on the downloaded data
(Fig. 3.4).

3.3.3 Orange

Consider the process of creating a project in Orange, as well as the process of
importing a data set on the example of a csv file with data previously created in
Tableau. To create a new project, select the menu item File-New. After that,
you must specify the name of the project (Fig.B.16).

Next, in the project window, select the File widget and configure the file
access parameters with the data set (Figure B.17). To display data, unlike
Tableau and RapidMiner, in Orange you need to use the Table widget. You
must select the Data Table widget and connect it to the File widget, specifying
exactly which data will be displayed in the Data Table widget (Fig.3.5).

" Data Table (W] X

Figure 3.5: Working with the Data Table widget
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3::::" ctances l lescription (courts escription (region lumber of Record A
2 features (no missing values) {1 A6aickwii paik... Boctouno-Kasa.. 76527
No target variable. ; 2 A6avickuii paih...  ropoa Wbimkent 76466
tang attribute (0.3% missing I3 AGaiickuii pail..., Kaparanavmcka.. /6688
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4. Testing and results

To test and compare big data analysis tools, consider the analysis and visualiza-
tion of data for previously formed data sets. Consider the process of visualizing
a dataset that contains aggregated data on considered court cases in the courts
of Kazakhstan.

iii Columns SUM(Number of Reco..
i= Rows _description

description

TpamfaHCKoe geno
12s 1125222

Number of Records

Figure 4.1: Visualization of data on cases heard in court

To start working with a dataset, you must select the measurements on which
the visualization will be performed. The fields are selected in the Dimension
field, which contains a list of all available fields from the selected data set
(Figure B.18). |

To visualize the aggregated data on cases that were considered in the courts
of Kazakhstan, the description fields (case_types) result_type_id are selected.
Grouping is carried out by the field type of the case (description), and aggre-
gation is performed by the field result_type_id (Figure B.19).
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After selecting the fields for visualization, the Tableau platform will perform
the necessary calculations, build and display a graph of the total number of cases
that have been listened to, grouped by type of cases (Fig. 4.1).

An example of the same graph is presented in Figures B.20 and B.21 for
RapidMiner and Orange tools, respectively.

Tableau platform tools provide an opportunity to conduct primary statisti-
cal data analysis. To carry out such an analysis, go to the Analytics tab (Figure
B.22).

The tools on the Analytics tab allow you to calculate and add to the chart:
a line with a constant value, a line of average value, medians and quartiles,
calculate grand totals, etc. Consider an example of adding a total and average
for a previously constructed graph. To do this, select the Totals tool in the
Analytics panel and drag it onto the chart. The line for the average value is
constructed similarly (Fig.4.2).

description

29239095

Number of Records =

Figure 4.2: Totals tool in the Analytics

And RapidMiner analyst is presented on a separate tab Statistics (Fig.B.23).
In Orange, this tool is missing,.

Consider the process of data set visualization, which contains aggregated
data on the considered court cases in the regions of Kazakhstan.

To start working with a dataset, you must select the measurements on which

the visualization will be performed.
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To visualize the aggregated data for the regions of Kazakhstan, the de-
scription (regions) result_type_id fields are selected. The grouping is carried
out by the region (description) field, and the aggregation is performed by the
result_type_id field (Figure B.24).

After selecting the fields for visualization, the Tableau platform will perform
the necessary calculations, build and display a graph of the total number of cases
heard with their grouping by regions of Kazakhstan (Fig.4.3).

description (regions)
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Figure 4.3: Visualization of data on cases heard in court by regions of Kaza-
khstan

An example of visualization of the same data in RapidMiner is presented in
Figure B.25.

Tableau platform tools provide the ability to sort data in ascending and
descending order. Data on cases heard by regions of Kazakhstan, sorted in
ascending order, is presented in Figure B.26. This sorting allows you to identify
regions with the smallest and largest number of cases considered.

In rapidMiner and Orange there are also data sorting tools (Fig.B.27-B.28).

Consider the process of visualizing a dataset that contains aggregated data

on the considered court cases in the regions of Kazakhstan, grouped by type of
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Figure 4.4: Visualization of data on cases heard in court by regions of Kaza-
khstan, grouped by type of case

case.

To start working with a dataset, you must select the measurements on which
the visualization will be performed.

For visualization of the aggregated data, the fields description (regions),
description (case_types) and result_type_id are selected. The grouping is carried
out by the region (description (regions)), the type of the case (description), and
the aggregation is performed by the result_type_id field (Figure B.29).

After selecting the fields for visualization, the Tableau platform will perform
the necessary calculations, build and display a graph of the total number of
cases heard with their grouping by regions of Kazakhstan and by types of cases
(Fig.4.4).

Features Tableau RapidMiner Orange

Rendering speed | High Above average Good

Data integration | Excellent Good Requires  addi-
tional widgets

Modeling and an- | Excellent Good Excellent

alytics

Display Excellent Average Good

Table 4.1: Comparison of big data analysis and visualization tools

Visualization tools RapidMiner and Orange make it impossible to group

data on the same graph. It is possible to build separate graphs, as shown in
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Figures B.30-B.16.

Comparison of visualization tools is presented in Table 4.1.

Analysis shows that Tableau public dominates over other in all aspects. This
means that Tableau public might be preferable tool to analyze Kazakhstan court
practice.
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5. Conclusion

The thesis contains relevant research related to the review and analysis of avail-
able programming languages and statistical tools, analytical solutions and vi-
sualization applications in the field of big data analysis.

The object of the study was big data. The subject of the study was pro-
gramming languages and tools for analyzing big data.

The aim of the work was to compare modern tools for working with big
data, in order to compare their effectiveness in analyzing court cases in real
time.

To achieve this goal, in the work, the following tasks were formulated and
solved:

e Reviewed software tools for analyzing big data;

The analysis of the process of preparing and processing data;

e The selection of software tools for the analysis of big data in the tasks of
judicial practice;

Formed sets of baseline data for the analysis of court cases in Kazakhstan;

Created and loaded data sets for analysis;

e Completed testing and comparison of data analysis tools.

In the first chapter of the work, a review of programming languages and
software tools for analyzing and visualizing big data was made. The chapter
describes various types of tools for analyzing big data in different areas (pro-
gramming languages, statistical solutions and visualization tools). The analysis
made it possible to determine which of them is more popular than others. It was
noted that R is a common programming language for use in data analysis, SPSS
is easy to use for statistical analysis by non-statisticians, and Tableau Public is
an ideal visualization tool for presenting data and analyzing it graphically.
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Second chapter describes architecture of data, how cases are created stored
and related to each other. Method of generation sample data for analysis also
mentioned in this chapter.

In the third chapter various tests were conducted on sample data using
analytical software. Results show that Tableau is far ahead of Orange and
RapidMiner in all tests. Here can be safely assumed that Tableau software can
be used to analyze court practice in Kazakhstan.

However, market of analytical software is too big to say that Tableau is the
best software for big data analysis. Comparison of other software existing now
can be a reason for further research.

Furthermore, in this research rather simple tests were conducted to show
aggregation, sorting and filtering capabilities of analytical software. Some more
sophisticated tests could be performed to check if results change.

Gained results of this research can be used by Supreme Court as base to

seek improvement of their analytical systems.
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A. Appendix A

Field name Description Data type Key type

Id Case Type Identi- | Numeric Primary key
fier

Description Type Name varchar

Table A.1: Description of the participiant_types table

Field name Description Data type Key type
Id Case Type Id Numeric Primary key
Description Name of case | varchar

type

Table A.2: Description of the case_types table

Field name Description Data type Key type
Id Region ID Numeric Primary key
Description Name of the re- | varchar

gion

Table A.3: Description of regions table
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Field name Description Data type Key type
Id Case Category Id | Numeric Primary key
Description Case  Category | varchar
Name
- Table A.4: Description of case_categories table

Field name Description Data type Key type
Id Case Participant | Numeric Primary key

Id
Name Name of the par- | varchar

ticipant in the

case
Participiant_type_id | Member Type Id | Numeric Foreign key

Table A.5: Description of participants table

Field name Description Data type Key type
Id Identifier of the | Numeric Primary key
role of the case
participant
Description Role of a case| varchar
participant
Table A.6: Description of participiant_role table
Field name Description Data type Key type
Id Identifier of the | Numeric Primary key
role of the case
participant
Case_id Case ID Numeric Foreign key
Participiant_id Participiant ID | Numeric Foreign key
Participiant_roleid | Identifier of the | Numeric Foreign key
role of the partic-
ipant in the case

Table A.7: Description of case_participants table
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Field name Description Data type Key type

Id : Case ID Numeric Primary key
Case_type.id Case Type Id Numeric Foreign key
instance.id Instance ID Numeric Foreign key
category_id Case Category Id | Numeric Foreign key
Court_id Court ID Numeric Foreign key
First_instance_case.id | First instance | Numeric Foreign key

case ID

Result_type_id Decision ID Numeric Foreign key
Case_date Date of decision | Date

Table A.8: Description of cases table

Parent table Child table Relation name Relation
type
Regions Courts Region_id:id 1:M
Participiant_types| perticipiants Participiant_type-id:id | 1:M
case_types cases case_type_id:id 1:M
instances cases instances.id:id 1:M
courts_types cases courts_id:id 1:M
case_categories cases category_id:id 1:M
result_types cases result_type_id:id 1:-M
Participiant_roles | Case_participiants| Participiant_role_id:id | 1:M
Cases Case_participiants| case_id:id 1:M
Participiants Case_participiants| Participiant_id:id 1:M

Table A.9: Description of relations between database tables
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B. Appendix B

‘..}, .
¢ tableau

Almost there...

KazakhstanCourt

Europe - Ireland

Figure B.1: Creating and activating a site for online data analysis
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B3 B—z ||||I|

where Add uzers 10 your Sie to let them view and interact Connect lo data and buiid your own workbook from
scratch of use a pre-bult Dashboard Starter

\Welcome to your new Tableay Ontne s

you can share data insights vath colieagues thbocks and data sources you publs!

Watch getting started videos Add users Connect to data

Figure B.2: Tableau start window

Connect to Data

Create a new data source from scratch or choose an existing data source to start from. Learn more,

Files Connectors On this site Dashboard Starters

Back

PostgreSQL

Server abase.azure.com x Port: 5432 X
Database: postgres x
Enter information to sign m to the databaze
Username: court_userdap_court "
Password: uuun':;r o ) —;—|

V' Require SSL (recommended)

Figure B.3: Settings for connecting to a remote database
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- View Data: cases

1000 ~e  TOWS

case_date case_type_id
2013-07-13 3

2015-02-16
2013-08-25
2013-12-20
2016-04-12
2016-11-01

W w w w w w

2012-03-16
2015-11-17

2013-07-28
2012-08-01

w W W w

2012-03-05

2012-12-0? 3

Figure B.4: The cases table data

View Data: case_types

3 . rows
description id
{paxaaHcroe geno 1
Yronosxoe geno 2

AgrumnctpaTusHoe geso 3

category_id
138
33
20
41
132
144
13
100
120
28
145

78

court_id
69

129

276

163

171

187

20
46
358
250
158

first_instance_case_id

null
null
null
null
null
null
nult
null
null
null
null

mill

null

Figure B.5: The cases_types table data
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id

142320233
142320239
142320245
142320252
142320258
142320263
142320270
142320277
142320283
142320290
142320295

142320301



cases+ (postgres)

cases

O i ' case_types

f = Sortfields Datasource order v
=

id l cégé_lypc_id c-arsr;e‘dam i.rJlsi;al\ce_ld c‘:i;egory_id t;:t:a-;;-t_id l;les‘;ult_type_ld id. (ca;z_typcsl de;cr;;t‘ion

142320233.00 3.00000 13.07.2013 1.00000 138.000 69.000 1.00000 300000  AguumacTpaTiexos Reno
142320232.00 300000 16022015 100000 33.000 123.000 100000 3.00000  AgusicTpaTitemoe geno
14232024500 3.00000 25.08.2013 1.00000 20.000 276.000 1,00000 3.00000 AQUUMHICTPATVHENOS SBN0
142320252.00 300000 20122013 1.00000 41000 163.000 1.00000 300000  Agumsctpateenoe geno
142320258.00 300000 12.04.2016 100000 132.000 171000 1.00000 300000  AgwmumcrpaTiesoe geno
142320263.00 300000 01112016 100000 144,000 187.000 100000 300000  AguuHecTpaTwewoe geno
142320270.00 3.00000 16.03.2012 1.00000 13.000 5.000 1.00000 300000  AgusctpaThEnoe geno
142320277.00 3.00000 17.11.2015 1.00000 100.000 20.000 100000 3.00000 AQumHUCTpaTHEROS Zeno

Figure B.6: A set of data for analyzing data by type of cases

View Data: result_types

-+ FOWS
description id
UCK (3aAsneHne, xanoba) yao... 1
OTKa3aHC 8 YQ0BNETBOPEHNI ... 2

Figure B.7: Data table result_types
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- result_types+ (postgres)

|resuit_types ’ O :' Icases

Sort fields Data source order v V| Show aliases | | St

1254t _tyres resuft_type 12 Laues daes a8

id description id (cases) case_type_id category_id court_id first_instance_case_id result_type_id
1.00 1cx (33ABneHite, wanoda) yao... 32658392.00 2.00000 49000 235000 nsl 1.00000
1.00 uck (3aAenenne, »ancta) yao... 32658393.00 2.00000 62,000 143000 rult 1,00000
1.00 \CK (3aaBnente. Aancta) yao... 32658405.00 2,00000 ©9.000 320,000 s 1.00000
100 HCK (33RBnemne. #anota) yao... 32658412.00 2,00000 165.000 160.000 ol 1.00000
100 uck (anBnenne. %anoda) yao... 32658419.00 2.00000 150.000 136.000 el 1.00000
100 wck (3aARneHie, xanoba) yao... 32658426.00 2.00000 116.000 268.000 1.00000
1.00 112K (33ABNeH1e, %anosa) yao... 3265843400 2.00000 32.000 42.000° n 1.00000
1.00 nck (3@ABNeHite, wanota) vao... 32658440.00 2.00000 137.000 178.000 n 1.00000
1.00 uer (3aAeneHite. wanoga) yao... 3265844700 2.00000 44,000 367000 nul! 1.00000
1.00 WCK (3aABNEHIS, #anota) yao.. 32658454.00 2.00000 49.000 241.000 r 100000

Figure B.8: A set of data for analyzing data by type of cases

View Data: regions X
17 + rowWs
description id
~opon ArTama 2

ropca AnrtaTs

Avitonimcran chnacte 4
AvticBincraa ednacTe 5
Anmaritcean ofinacTs 6

Figure B.9: A set of data for'analyzing data by type of cases
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View Data: courts

383 -+ rows

description region_id id
EpelnesTayckit panoHEsIn Cy... 4 46
Kapararaicki oGnacTson cya 11 244
CargpIkTayCcKitit paiioHHBIN CY... 4 52
Llenu=orpaacuit parnoHH=In cy... 4 53
Bepxcenbi Cya Pecnydnuki K., 2 1
ANMATURCHINT DANOHHSIT CYA .., 2 2
CapbIapKUHCKUA PAIOHHBIN CY... 2 3

| FaionHent cyg N22 AnmaTtiHeK... 2 - -
PanorHeN cya N22 Capblapku... 2 5

¢ CrneunanianpoBanH=eii Mexpa... 2 6
CneyuanianpoBanHbii Mexpa... 2 7
CneunanisnpoBarHLIi MEXPA... 2 8

Figure B.10: Courts table data

Kaveropun[den

¢ S B6 WS8R DRFEFI LD ST @ b
oata Avlytes pages i Catammns i 1sgere)
o cases+ (poslgres) = Rows
' postgres ! Filters
hea
Dimenslons z
Marks
case_types
description = AAMBHICTPATVIZHOS Aen0
i (cnse_types) FT ) . AT Tk
cases 3 SoacT Goec
Color Size Label am A == ez onze —ammas eax=an szrace gazca
it a73107]  855538| 1:z0s2sz 33212 533764 351815 532533
regions
description (regions) Detalt Toohtip
i (regians

_SUMNumber at e

Measure Names

Figure B.11: Set up a data set for export
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..+ View Data - Google Chrome

@ hitps://eu-west-1a.online.tableau.com/vizql/t/kazakhstancourt/w/ 0/v/She
Summary Full data

Showing first 51 rows.
Download all rows as a text file

description description (regions) SUM(Number of Records)
AgmuHNCTPaTHBHOR geno  TypxecTaHcxas obnacts 8‘95 651
AgMuHUCTpaTieHoe genoe  Cesepo-Kasaxcrasckas obnacte 972 521
AamMuHVCTpaTiBHOe deno  Masnoaapckas obnactb 816 877
AOMUHWCTPATHBHOE Aenio MaHrucrayckana obnacto 585 054
AamuHUCTpaTBHO. geno  KeizbuiopauHcokaa obnacre 622 9032
AmMuHUCTpaTBHoe Aeno  KocTadarckas obnacie 1128432
AOMUHUCTPaTHBHOS deno  KaparasnamHckas obnactb 1439691

AZMUHUCTPATHEHOS Aen0  33NaaHo-KazaxcraHcxkas obnacts 934 461

AnmMuHUCTPaTiBHOe geno  Xamboinckas obnactb 699 589
AOMUHWCTPATHEHOE Aeno  ropof WbimKkensT 351 915
AQMUHICTPATHBHOR geno  ropoa AcTasHa 582 764
ASMUHWUCTPaTEHOS Aeno  ropod Anmatpl 739 212

AAMUHWUCTpaTHEHOE Aen0  BocCTouHo-KazaxcTaxckas obnacte 1 479 732

Figure B.12: Data Export
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AOMUAUCTPATHBHOE Jeno  TypKecTadckas obnacte 895 651
AoMuHncTpaTieHoe deno  Cesepo-Kazaxcradckas obnacTo 973 521
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AgMAHUCTPaTHBHOE Jeno  KbizbinopauHckas obnacre 622 903
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AgruRucTpaTieHoe geno  Kamboinckas obnacts 699 589
AOMUHUCTPATHEHOR Aeno  ropoa WeimkenT 351 915
AQMUHUCTPATHBHOE 4eno  ropod AcTada 583 764

AAMWHWUCTP3THEBHOS 4@N0  ropoA AnmMathl 739

2
AgMuHUCTpaTreHoe qeno  BocTouHo-KazaxcTaHcxkas obnacte 1 479 732

Figure B.13: Data prepared for export
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Figure B.14: Selecting a tool to import a file with a set of data

46



- H » ’ & "J‘__.::J.I Design Results

. Result History {1l ExampleSet (Read CSV)
gz Openin  {*" | Turbo Prep lﬁ Auto Model
Data
J Row No. description description (regions) Number of R...
1 AOMUHNCTPAT TYpKeCTaHCKan oGnacts 895651
_—
= z ) AgnuHuctpar..  Ceeepo-Kazaxcranckas ofinacts 973521
Statistics 3 AQMMHMCTPET . Maenopapckan ofnacts 816877
]
4 AgmuHNncTpatr..  MaHmcrayckas o6nactb £85054
“ 5 AOMUHNCTPAT . Kbl3bINOp@MHCK3A 0BNAacTh 522903
. ~ 2 g o
| Visuafizations 5 AQMUHKCTPAT..  Koctaualickas ofnacte 1128432
T AOMUHHCTPAT.  KaparadauHckas ofnacte 1439691
8 AQmMRHUCTPAT 3anagHo-Kazaxctanckan ofnacrs 334481
i = 9 ATMUHICTPAT . XKamfbinckan o6nacts N 699589
Annotations

Figure B.15: Results of processing imported data
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Figure B.17: Setting the File widget
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Figure B.18: Selecting dimensions from the provided data set

43



i Coamns
‘= Rows SUM(Number of Reco. ..

description
16M
14862759
lh: I‘] .- -
13245114

120
» 10M
2
0
L
Q
8
R
O  gm
)
1}
L
=
=
Z -

oM
4\

J
==
'
o
N

~3 - s el oo
ALT 2 Moaxas reneL
DaTUEH e fleno e gend

Figure B.19: Selection of fields for visualization
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Figure B.20: Visualization of data on cases heard in court RapidMiner
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Figure B.21: Visualization of data on cases heard in court Orange
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Figure B.23: Statistics Tool in RapidMiner
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Figure B.26: Sorting data on the chart
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Figure B.31: Visualization of data on cases heard in court by type of case
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