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Abstract

Understanding the basics of math and graphs is becoming increasingly nec-
essary in many aspects of every day life, as the age in which we live today
is the age of data. Kither spatial or not, data is everywhere. Statistics, pro-
gramming, complex processes and further more are behind the results and
conclusions extracted from several data sources. This complexity varies from
one process to another. However, it always has at least a minimum level of
difficulty that requires the contribution of an expert.

The objective of this study is to simplify the way we look into data and
propose an interactive approach in which the user would be able to interact,
communicate and understand the results of the data analysis without having
a statistical and technical background. In this scope, the study describes
from the very beginning to the very end the process of knowledge discovery
from data and suggests an interactive presentation of the results based on
storytelling concepts with a particular focus on geographic data. In order to
achieve this, the study is organized as follows:

The first chapter focuses on basic theory concepts of storytelling and es-
pecially data storytelling. This chapter also describes the overview of the
methodology of extracting knowledge from data and presents a list of web tech-
nologies used for visualization of geographic data. Furthermore, it describes
data mining techniques with an emphasis on specific classification methodolo-
gies and clustering techniques.

The second chapter focuses on the first steps of creating an interactive data
storytelling web application. These steps include data preparation and data
processing.

The third chapter illustrates the data analysis step. It describes statistical
methods and in general mining techniques applied in order to extract knowl-
edge from data. The current case study analysis uses descriptive statistics,
probability functions, classification and clustering methodologies as well as
predictive analysis. The data used refer to Marineculture industry and are
derived from an Aquaculture Company Group located in Greece.

The forth chapter describes the technologies that allow to build an envi-
ronment with interactive characteristics. This chapter focuses on the imple-
mentation of the web application based on data storytelling concepts.

The last chapter contains a review of the whole process and presents ideas
on future work.



ITepiAndn

H teheutaio dexoetio yapaxtnelletar and tnv extetixn] avamtuln Twv TEYVOAO-
YUV OLBXTUOU XL TNV EXTETAUEVT YPNON TWV PECWY XOWWVIXAC DXTLKONS.
Xopox eI TG TNE TAONE TWV YENCTOV BladXTLOL NS c0YYEOVNC ETOYNS O-
moterel 1 aulovouevr oAANAETBEACT) TOUC UE Ta TAATPOPUES ELCAYWYNG XOL O-
VIOAAXY S TANROYORLMY. AUTO €YEL WG ATOTEAECUA TNV CUYXEVTEWOT| UEYSAOU
6YXOL TANEOPORLAC AXOUA XL OTOV TPOXELTOL YIo UXPOTEQOU EVPOUC EPUOUOYES.
[Motpdpues 6mwS oL Google, Facebook, Twitter x.d. cuyxevtpwvouv xo-
UNuEEVa TEPAOTIEC TOCOTNTES TANEOYORIAS TOU GTO TUPEANIOV GUAAEYOVTAY OF
dexaetiec. Me Ty avdnTun TeV TEYVOAOYLOY TOU apopoly TNV Slauyeiptor xal
arnorixeuon 6ed0uEvewy, 1) GUNAOYT TNG TANpooplag anoTeAel TAOV Lol and NG
ONUAVTIXOTERES OLEPYATIES TNG xAE EPUPUOYYIC. LUVETWS 1) 0UYYEOVN ETOYT OL-
xafwe yapaxtneiletar wg 1 enoyYY) TN TANEOQORLIC 1) BLPORETIX 1) ETOYY| TV
Big Data.

Meydho pépog TV 6eB0UEVLY TOU GUAAEYOVTAL EIVAL ATOTEAECHUA EQOUOUOY WV
mou oyetiCovton xan pe TV yewypapuxr tonotesia. To m0000TO TWV YwWeIX®Y
0EBOUEVKV 0TO GUVORO TV BEBOUEVKY ToU amoVnxevovTaL xanueEVE audveton
otadlod. Auté oupfaivel BOTL N avdyxn Y T Yvoon tng tonodeoiog yive-
TaL OAO X0 TEPLOCOTERO EVOLAPEPOLGA OGO OL TEYVOAOYIEC TOU AGYOAOUVTAL UE
™V Ywewr TAnpogopla eZehicoovtan. Ou olyypoveg Thatpopues anodixeuong
TANEOPORIAG BLIETOUY (G AVATOOTACTO XOUUATL TOUG TN YWELXY| OLCTUoY) TWV
OEBOUEVMVY, YEYOVOS TIOU GTO TAUREAUOV amoutoloe T1 YEHOY ECEWIXEVPEVWY TE-
YYOROYLOV XOU TN YVWOT CUCTNUGTWY Yewrhneopopnc. H eZéMn twv epya-
helwv enelepyaotag, dyelpiong, amodixeuong, cuVTAENONS XAl OTTIXOTOINOTNG
YWEWY DEBOUEVKV EYEL ONUIOURYNOEL VEEC TROOTTIXES avahLUGNC Xa eCoyY WS
CUUTIEQUOUATLY Ao Tal BEGOUEVAL.

Hopddhnha, o avZavouevog dyxog Bedouévwy Tou TopdyeTal xodnueptvd on-
woveyel Ty avdyxn yio Ty e€aywyr) yerowwy cuunepacudtowy. Emmiéov n
TOEOVGLUGT] TV ATOTEAECUATWY, ®URIWE OTAY TEOXELTOL VLo ATOTEAECUATO TOU
TEOXVUTTOUY A6 [Lol GUVIETY avaAUGT), Tailel WOLUTEPA OTUAVTIXG POAO GTO TEAL-
%6 0160 TNE OLadWactag ToU Efvol 1) ETIXOWVOVIN GTOL EVOLUPEQOUEVIL UERT).

Yxomog g nopolcog epyaciag etvan 1 Snutovpyia evog tepBdAAOVTOC TO OTo-
fo Yo mapoucidlel ye cUVTOUO, ATAG XL XUTOUVONTO TEOTO TROG TO YEHOTY T UTo-



TEMEoUOTA UG EEEIBXEVHEVNS avEAUoTE BEBOUEVKDY. TNy eniteudn Tou GToYoU
autol oupPdidet 1 Yewpla tne agpnynuotixrc topovaiaone  (Storytelling) xou
1 Yerion ddpaoTixwy epyolelnv. To TeAind anotéhecua €xel kS GTOYO TNV €-
TUXOWVWVIAL TWV ATOTEAECUATOY TNG AVIAUCTIC UE OGO TO BUVOTOV THO OTAG Xou
XAUTOVONTO TEOTO GTOV YPNOTYN OTOV OTtolo AmeVYOVETOL, UECK WUAG OLOUBIXTUAXTG
epappoync. Emmiéov, otoy0c TNne eapuoyhc lvon 1 dnutovpyio XatdAAN Y cp-
yoheliwy mou Yo Blvouv T BUVATOTNTA GTO YENOTY Vo TpaypaTonooet Booixy
AVIAUGCT] XOU TOEOVGLUCT| TN YEWYRAUPXNG DIACTACTS TKV DEOOUEVHV.

Avohutixd, 1 epyaocta acyoheiton ue TNy dladixascio e€orywyhc CUUTERUOUATOVY
a6 €Vo GUVOAO BESOUEVKY X0 UE TNV ETUXOVWVIA TWV ATOTEAECUATLY UECK ULOC
apmynUaTIXhc Tapouciaong oto mhaicto uioag dtadtxtuaxhg egapuoyhc. H epyaota
yweileton oe 800 péen: (o) 0T0 TEMTO Pépog avapépoval oL Baotxéc EVVOLES Xau
pedodoroyieg mou oyetilovtan pe T Slodixacior e€oywYHC CUUTEQUOUATOY AT
Bdoeic dedouévwy. Ernlone meprypdgpovion xevipinéc évvoleg Tng gpyasiag omwg,
analytics, storrytelling, kdd process x.a. mou yenotwomoivTaL GTo GTEBLO UAO-
Toinong e epopuoyhc. (B) Lo deltepo pépoc, meplypdpovTon ELYPUUUATIXG To
G TABLL LAOTIOINOTE LIS BLOBIXTUAX TG EPUPUOYNE TTOU €YEL W GTOYO TNV ToEOVC(o-
O1) TV ATOTEAEGUATWY OO TNV AVAAUGT) Ylag BAoNE BEDOUEVKY, YENOULOTOLOVTOG
HLoL oY NuaTeon TUTOV TEOGEYYIoT.

LUYAEXQUEVA, TO TEOTO XEQPIANO ETUXEVIPOVETOL GTNY AVAUPORA XEVIPIXWY
eVVOLOY YUpw amd TN Yewpla Tou  Storytelling xou aitepa Tou  Data Sto-
rytelling. ¥7o {810 xepdiono TepLypdpeTon xou Ui GeELEd LEVOBOAOYLHDY AVIALCTIC
OedoUEVLVY xou avarhUeTan 1) Btadixacior TNg e€aywyC CUUTERAOUATOVY and BAoElC
OEDOUEVLV (KDD process). Téloc napoucidleton pio Aotor ye i drodéot-
HES TEYVOAOYIES BLABXTUOU YIaL TNV OTTIXOTOMNOT) YEWYQRAPIXWDY TANPOPORLOY Xl
avaAboVToL GUVOTTIXG oL BuVaTOTNTES Touc. Mépog Twv puedodohoyidy Tou Tepl-
YEAPOVTOL YENOYLOTOLOOVTOL OE ETOUEVO XEPHANLA, OTO TAXCLO TOU GYEBLAGHOU
xan TN Onuovpyiag wog  Data Storytelling egapuoync.

To 8eUTEpo XEPIAAUO ETUXEVTRPOVETAL OTNV ETAOYY, TN OLdleoT xou TNV ano-
VAXEUOT) TOV OEBOPEVLY TTOL Vol YENCHLOTOLNUOUY GTNV EQUPUOYY|. LUYHEXQUIEVA,
Ol TATPOPORIEC TTOL YENOWOTOLOUVTOL GTNY THPOLCA EQPUPUOYT €Y0UV CUAAEYVE-
{ and v moryxdowa Tedmelo TANEOPOELKY (The world Bank) xau peydhro
EVPWTOIXO OULAO TIOU BPAC TNEIOTOLELTAL GTOV XAdO0 NG Lyduoxodhiépyetag. Ta
dedouEva aopolV o TocOTNTES xou o&la TWwANCEWY Tou ouihou yia TNV Tepiodo
omd 1/1/2013 edde 22/8/2017. Ta SeSouéva nepLéyouy TANpopopia TOU 0popd 6To
onuelo tdAnone ot eninedo yopac, To eldog Tou npoidvtoc (Aaupdxt, Totnovpa,
Poryxpl xou Kpavidg), to Badud eneepyooioc tou tehixol mpoidvtog (omevte-
pwuéva, ONOXANEo ot GUAETA), TNV xatnyopio peyédoug, T yevixh xotnyopio
(xateduypévo xou @péoxo), TV Nuepopnvio amocTOAC, TNV TOCOHTNTA ATOG TO-
Mc xou Ty alo.  BUVET®E, 6TO OTE00 AUTO TEAYUXTOTOIELTOL 1] GUANOYT| XaL
anoUXEVOT) TWV TANEOPORLWY AT TIC TUPATAVL TNYES, 1) TEWTYN enedepyaoia,
T0 %xadELoUa TWVY BEBOPEVWY o 1) amoVAXEVCT) TNG TEAXC TOUG LOPYHC OFE ULdL
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o&lomolfoun dour| Teog MEPAULTERW VAAUGT).

21N GUVEYELDL, TO TRITO XEPIAALO ETUXEVTPWOVETAL GTNY VIAUGT] TV BEBOUEVHVY
X0l OTNV TUPOUGIACT] TV XEVIPIXWY CUUTERUCHUATMY TNG AvaALUCTS. XTO TAXGCLO
auTd Yenotonoolvtar pedodohoyiec teprypogpixhic otatiouxic ( Méylotn T
mAfidoug, Mécoc ‘Opog, Adpolotinr cuyvotnTa, Juvdetnon TuxvotnTag, Luvde-
won mdavétntac xAn), pedodoroyiee tadvounone (Médodoc tavéunong lowmv
Bl TNUATWY), TEYVIXEC opadonoinong Bedopévmv xar uedodoloyiec tedBhedng
(Predictive Analysis). Yxondc g avdhuong etvar 1) e€ayo Y yeRowy GUUTE-
QUOUGTWY, TOU BEV ElVOL EX TWV TROTEPWY YVWATA Xt 1) SUUPOAH oTtnyv BéATio T
XATOVONOT TV TNYwy 0cdopévwy. Télog, 010 xEQIANo aUTH TEQLYPAPOVTOL
TOL AMOTEAEGUOTA XL TOL XEVTEIXY onuela TNE avdAuong mou Yo yenoudonotnioiy
otnv vhornoinon tng  Data Storytelling eqopuoyvc.

Y10 Té€T0pTO XEPAAAO ToEOUCIALETAL 1) BLadiXAClal TNG UETATEOTAC TWV OTOTE-
AECUATOV TNE AVIAUCTC OE iar Otadpac T egapuoyt). To xepdhaio autd emixe-
VTpWVETOL TNy dnuoupyio evog teptBdrlovtog mou Pactleton 6To XEVTELXA O TOL-
yela tng évvolag tou  Data Storytelling. Ytdyoc anotehel 1 mopovsioor twv
CUUTERACUATLY OV €YOLY TEOXVPEL b TNV AVIAUGCT| UE EVA ATOTEAECUATIXG X0l
000 TO BUVATOV IO ETUXOVWVLOXOG TEOTO. L'l To AdYO QUTO, YENCHLOTOLOUVTAL ULl
OELRA TEYVOROYLWY TIOLU GUUPBAAROLY TNV avaTTUETN TNS BLAdEACTC TOL YENOTY UE
TNV EQURUOYT XU TNV Tapouciaoy) Twv e€oyIEVIWY CUUTEQUOUSTLY UE OTAG XAl
XATOVONTO TEOTO. AUTO ETTUYYAVETOL UE TN YPNOT XATIAANAWY YEAPNUATWY, UE
T CUVOBELD XEWEVOU XL UE TNV OVATTUEN TNS TOEOVCIIONS TWV ATOTEAECUATODVY
HE €VOL YROUUIXO TEOTO (GTE VoL OLEUXOADVEL TO YEHOTN OTNY XATAVONGT| TOUG.
[o tn Snutovpylor TwV Yeapnudtwy oTNny Toeoloo EPUPUOYY| YeNOULOTOo00VToL Ot
Ty VohoYieg Leaflet, GoogleCharts, D3 Highcharter xou otnv vAomnoinon
TOU GUVOAOU TV BLABLXACLOVY TN EQUEUOYHC oL Teyvoloyiec  Postgresql xou
R shiny. Emmhéov, n yefomn SLadpao Tixmy Yeapnudtey oToYEVEL OTNY EUTAOXN
TOU YPHOTN %ol XURWS OTN BUVATOTNTO VoL TEOYUATOTIOLAGEL BUVOULXE Wiat Booiny
YEWYEAUPLXY| XL OTATIOTIXT OVIAUGCT, GTaL BEBOUE VL.

Y10 TEUTTO xou TEAELUTOUO XEPAAALO TNS EPYACIAUS AMOTUTIOVOVTAL CUVOTTIXG
TOL GUUTIERAOUOTOL XOlL OL TEOOTTIXEC eEEMENG o BEATIO TOTOINONG TNG TEOTEWOUE-
VNG OGS X0 TEOUOLIG VEUATIXNG EQPUPUOYWV.



Chapter 1

Story Telling and KDD
Process

1.1 Introduction

The first chapter focuses on basic theory concepts of storytelling and especially
data storytelling. This chapter also describes the overview of the methodol-
ogy of extracting knowledge from data and presents a list of web technologies
used for visualization of geographic data. Furthermore, it describes data min-
ing techniques with an emphasis on specific classification methodologies and
clustering techniques.

1.2 Story telling concepts

Storytelling is one of the oldest forms of art. Since the very beginning of
mankind’s history, storytelling has been the most powerful and communicative
way to share information. This particular type of communication differs from
reading and writing as in storytelling the result is adjusted according to the
audience and ever more to teller’s skills. This means that a fact that that has
already happened, or told in case of imaginary stories, is being reproduced in
a specific way by the teller for a specific audience. Thus, the story contains
characteristics that improve the transmissibility and successfully share the
message in a more efficient way (Smith, 2015).

However, the word ”storytelling” is often used in many ways. This study
defines the concept of storytelling as a way of transmitting a message in an
entertaining and memorable manner.

According to the international literature, in order for an act to be char-
acterized as a storytelling one, this act has certain features (National Sto-
rytelling Network, 2017). An act is characterized as a storytelling perfor-
mance act if it:

e Presents a story that has a beginning, a middle and an end

11



1.2. Story telling concepts 12

Uses words and actions that interact with the audience

Encourages the active imagination of the listeners

e Communicates the message that the audience will come away with

Involves the audience to the story

Makes the audience wonder about the next parts of the story

Imprints pictures on audience’s minds

Avoids too many complicated words and too much information

e [ts content is illustrative and easily memorable

1.2.1 Data storytelling

Many definitions have been stated for the term of data storytelling. One
among them is the definition that Howard Dresner published in July of 2015.
According to Dresner’s definition, data storytelling is described as a set of
features within visualization tools that enable a more interactive experience
with the data. Moreover, Dresner points that data storytelling is the next big
thing in collaborative computing (Rouse, 2015).

In the age of information, people are facing an increasing shortage of time
and an increasing range of choices. On top of that, people need to be informed
in an efficient way. This means that in most cases the way that information
is provided becomes even more important than the information itself. At this
point is where the use of a storytelling approach is able to create the expected
results. Storytelling can be both efficient and powerful when it contains all its
critical features (Kumar, 2014).

It is a fact that data storytelling is more and more used when it comes to
data visualization and information sharing in general. Journalists, designers,
developers, consultants, sellers, scientists, marketeers and many other profes-
sionals benefit from the use of data storytelling as it is an efficient way to
communicate the knowledge that is extracted from a set of data.

In general, as with storytelling, a successful data storytelling is character-
ized by specific features. It should contain the features mentioned in story-
telling and furthermore a successful data storytelling should:

e Have beginning, middle, climax and conclusion

Be simple and use labels

Work with questions

Contain interactive visualizations

Provide context and directions
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e Be narrative and as much close to a linear experience

Based on the above, a data storytelling application should not use purely
reader-driven visualizations as used in dashboards and usual reports. In con-
trary, it should use interactive graphs and features that encourage the par-
ticipation of the user. Also, its structure should contain parts as beginning,
middle, climax and conclusion. The beginning is about the data sources and a
short description of the data set. The middle and climax is about questions to
be answered and pointing picks respectively. Finally, the conclusion is a short
explanation of the results and contains the message that the story is about.

The more different parts of the brain are activated the more memorable and
impactful a story is. This means that the content should avoid the extensive
use of numbers as much as possible and replace them with simple and everyday
words with clear meaning. Although, there are occasions where figures can
speak for themselves and these kind of replacement is not necessary.

Data stories should not be treated as exploration tools. They are rather
narrative experiences that provide context and direction, not just numbers
and charts. The key point of a successful data storytelling visualization is to
include all the components to allow the audience to read it in a linear story
mode. The more linear an experience is, the more it feels like a story to the
audience.

A successful data storytelling presentation is equivalent to its simplicity.
Moreover, it should work with questions, labels on graphs and interactive
visualizations at each segment of the story. Finally as with every story, also in
data storytelling it is very important to know which are the key points of the
story, what the knowledge extracted from the data and what is the audience
needs to understand. Based on this, a detailed analysis on the data set is
always a crucial prerequisite.

1.2.2 Analytics in data storytelling

In order to create a data storytelling, a data set should be initially analyzed
and processed. The results of this process will be then used as input in the data
storytelling. Based on the purpose of the analysis, the complexity and the type
of the data set, the analysis could be anything from a simple statistical analysis
to a more complex predictive analysis by using machine learning techniques.
And that is what Data Analytics is all about.

Data Analytics is ”the process of examining raw data with the purpose of
finding patterns and drawing conclusions about that information by applying
mining methodologies to derive insights” (Monnappa, 2017). Also, Data
Analytics is defined as ”the process of examining data sets in order to draw
conclusions about the information they contain, increasingly with the aid of
specialized systems and software” (Rouse, 2017). Either way, Data Analytics
is a series of actions in order to get from raw data to meaningful conclusions.
These technologies and techniques are widely used in various industries. They
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play an important role on decision making process as they suggest actions and
improvements on company’s strategic plans based on the analysis results.

Data storytelling is closely connected with Data Analytics concepts. As
mentioned in previous paragraphs a successful data storytelling, among other
parameters, should also contain climax. The climax of a data storytelling
is the moment when the major and most important results of the analysis
are illustrated. There are cases where the results are given or can easily be
found. However, there are cases where the results are not obvious and they
are hidden in the data set. In these cases, the story can become extremely
interesting and for sure innovative. Therefore, a good data storytelling also
requires the knowledge of retrieving unexpected results from a set of data in
order to emphasize and visualize these findings at the appropriate moments
of the story flow.

The next paragraph describes the basic concepts regarding Data Analytics
such as Data Mining, Knowledge Discovery Database process and visualization
tools, with an emphasis on spatial data.

1.3 Discover knowledge from data

The need to analyze, process and extract knowledge from a large amount of
data has been a critical subject for computer scientists and researchers since
the early years of databases creation. However, in the last decade, the speed at
which data is created and stored has increased exponentially and everything
indicates that it will continue to grow. Every day almost 2.5 quintillion bytes
of data are created (Mardell, 2017), 10% of which are structured data and
related to geographic location.

The main reasons that this deluge of data is growing so fast are the devel-
opment of efficient software and management systems that made available the
storage and processing of large amount of data, the increase of global internet
population, the increase of cloud-based services and platforms, the evolution
of mobile technology and most of all the excessive use of the internet including
social media applications in everyday life.

In all modern societies, the storage and maintenance of historical data and
furthermore the knowledge extraction from databases has become a matter of
great importance. This affects both the private and public sector, in each and
every industry. Therefore, as technologies and methodologies for storing and
processing large amount of data are constantly evolving, the need of extracting
knowledge out of data becomes of great concern for data scientists.

1.3.1 KDD process

In order to become aware of the importance and the necessity of these fields,
the basic terms and concepts regarding the processes of Knowledge Discovery
in Databases (KDD) and Data Mining (DM) are initially analyzed in the next
paragraphs.
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Figure 1.1: Steps of the KDD process (Walker, 2015)

Knowledge Discovery in Databases (KDD) is described as an automatic,
exploratory analysis and modeling of large data repositories. Thus, KDD “is
the organized process of identifying valid, novel, useful, and understandable
patterns from large and complex data sets” (Maimon & Rokach, 2005).

In addition to KDD process, Data Mining (DM) as a part of KDD process
is a term coined to describe the process of sifting through large databases for
interesting patterns and relationships. Although contemporary researchers
tend to identify DM with KDD process, DM is more than the core of the
KDD process, “involving the inferring of algorithms that explore the data,
develop the model for understanding phenomena from the data, analysis and
prediction and discover previously unknown patterns” (Maimon & Rokach,
2005). Also, DM is referred to as the “non-trivial process of discovering
interesting, implicit, and previously unknown knowledge from large databases”
(Han, Kamber & Tung, 2001).

The KDD process consists of five distinct stages. Data selection (also
known as Data Extraction), preprocessing, transformation, data mining and
evaluation.

One step before the data evaluation is data mining. In this step, the trans-
formed data are being processed using data mining techniques, as executing
clustering algorithms, to search for existing patterns. Thus, DM can be an
extremely complex process, particularly when this process applies to large
databases or big data.

As an overview, KDD process has become extremely popular field in com-
puter science in the past 10 years. The evolution of database management
systems and data visualization software, their upcoming functionalities, the
interconnectivity among them and the rapidly increasing amount of data com-
ing from several sources have made Knowledge Discovery in Databases (KDD)
and data mining methodologies more important than ever.
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1.3.2 Data mining

As data mining tasks become more crucial day by day, data mining tools
and data mining techniques are rapidly increasing. Currently, there have been
developed a significant number of software that provide scientists and analysts
with the appropriate tools to perform data mining tasks and apply mining
algorithms. Some of the most frequently used technologies for data mining
are programming languages such as R, python, Java, Scala and Julia. Also,
desktop software are used for data mining activities. In the list with the
more widely used desktop software are RapidMiner, KNIME, Weka, Gephi
and GoeDa.

R

R stands for a language and environment used in statistical computing and
graphics. Based on the S language and environment, R is considered as a dif-
ferent implementation of S. Even though certain important differences between
the two languages or environments can be observed, the same code written for
S runs respectively under R.

A wide range of statistical is offered by R as well as the former’s graphical
techniques. Some of them include linear and nonlinear modelling, classical sta-
tistical tests, time-series analysis, classification and clustering. Being an open
source, R is highly extensible and a useful tool for the statistical methodology
research and mining techniques.

R is engaged with a great ease mathematical symbols and formulas while it
also participates in the production of well-designed publication-quality plots.
R allows the user to be fully in charge although the defaults and the design
choices offered in graphics are so well-designed that can be used without the
user’s involvement.

In order for R code to be executed, a user can compile and run it on
multiple UNIX platforms and other equivalent systems, including FreeBSD,
Linux, Windows and MacOS.

Python

Another significant data-mining tool is Python. Python is a strong program-
ming language that can be easily learned. Its high-level data structures are
quite effective whereas its approach to object-oriented programming is simple
but efficient. Python can be perceived as the perfect language for scripting
and high-speed application in many areas on the majority of platforms thanks
to its elegant syntax, dynamic typing and interpreted nature.

All of the Python’s features and library can be found and distributed for
free on the Python Web site, https://www.python.org/. This site apart from
Python’s main components includes and freely distributes a great number of
third party Python modules, programs and tools, as well as extra documen-
tation.
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The Python interpreter can be easily expanded with the addition of new
functions and data types implemented in C or C++.

Weka

Weka is an open source data mining software. Its most crucial function is
to collect machine learning algorithms employed for data mining tasks. The
algorithms can either be applied directly to a dataset or called from your Java
code.

The tools entailed in Weca can perform data pre-processing, classification,
regression, clustering, association rules, and visualization.

Weka is also suitable for creating new machine learning schemes and it is
an open source software issued under the GNU General Public License.

RapidMiner

RapidMiner Studio through its well-designed environment and convenient us-
age has the power and potential to quickly complete any predictive analytic
procedure. This fully equipped tool supplies users with various pre-defined
data preparation and machine learning algorithms that support all of the
former’s data science projects. As with the tools described in previous para-
graphs, RapidMiner can perform data pre-processing, classification, regression,
clustering, association rules and visualization tasks.

KNIME

KNIME is also an open source software that serves data analysis, reporting
and integration processes through its modular data pipelining concept. All
the KNIME procedures mentioned above can be easily accomplished by the
final user because of its easily operated graphical environment.

Although written in Java and based on Eclipse KNIME can evolve its
functionality engaging extensions to add plugins.

KNIME effectively cooperates with many other open-source projects such
as machine learning algorithms from Weka and the statistics package R project.

Gephi

Gephi is a dynamic platform through which networks and complex systems
are depicted and explored. It is a dynamic platform that depicts and explores
networks and complex systems as well as hierarchical charts.

It is an open source and through 3D render engine it accelerates the explo-
ration process and displays the results in real time. Using Gephi, the user can
perform clustering activities, spatial separation, analysis, and visualizations
with great clarity and a wide variety of graphs.
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GeoDa

Last but not least, GeoDa is a free software for usability-friendly spatial data
analysis. Its purpose, since its creation in 2003, is to translate spatial data into
information. The program manages data about the location and this is which
differentiates it from other data analysis tools. With the usage of dynamically
linked windows it combines maps with statistical analyses and graphs.

1.3.3 Spatial data mining

Many definitions have been stated in literature for the term of spatial data.
One of the simpler definition of spatial data, describes spatial data as “infor-
mation related to the space occupied by objects” (Kolatch, 2001). Moreover,
spatial data can be defined as any structured or unstructured data that refers
to a specific location of a certain area. The area could be a two-dimensional
or a multidimensional space, as for example the surface of the earth or an
imaginary multidimensional space.

In data science and computer science, spatial data differ from ordinary
data. Spatial data are stored in databases with spatial extension. In this way,
they use specific data types (point, polygon, line, geometry collection), formats
and functionalities, according to the capabilities of each database management
system. Thus, Spatial Data Mining (SDM) methods differ from those used in
mining regular data. SDM is defined as the process of extracting knowledge,
spatial relationships and previously unknown patterns from spatial data.

SDM techniques can be classified into two main categories, the descriptive
data mining techniques and the predictive data mining techniques. Further-
more, the basic tasks proposed for SDM include: (a) classification, (b) as-
sociation rules, (c¢) characteristics rules, (d) discriminant rules, (e) clustering
and (f) trend detection (Kumar, C. N. S., Ramulu, Reddy, Kotha, &
Kumar, C. M., 2012; Sumathi, Geetha & Bama, 2008).

Classification

Classification is a technique where each object of a data collection is assigned
a class, according to a set of rules that determine every class. The number
of classes are predefined. The classification rules are based in a certain set
of attributes. The scope of a classification algorithm is to create the set of
rules that will determine the class of an object. Classification is considered
as a predictive supervised data mining method, as it first creates a model
according to which the whole dataset is analyzed and the number of classes
are predefined (Sumathi, Geetha & Bama, 2008).

Association rules

Association rules is a data mining technique where given a collection of ob-
jects and their occurrences, creates the rules that will predict the occurrence
of an item based on the occurrences of other objects in the collection. The
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scope of association rules is to find patterns, which often exist in the database.
Association rules in SDM finds rules from the database that are spatially re-
lated. Types of spatial relationships includes topological and distance relations
among spatial objects combined with logical operators (Bembenik & Pro-
taziuk, 2004). As for example: object A completely encloses object B, object
A is within a radius of 10 meters from object B, object A comes into contact
with the boundary of object B.

Characteristics rules

Characteristics rules, also called as data characterization, is a summarization
of general features of objects in a target class and creation of a set of rules
for each class. In the case of a spatial database, this technique “takes into
account not only of the properties of objects, but also of the properties of their
neighborhood up to a given level” (Kumar, C. N. S., Ramulu, Reddy,
Kotha, & Kumar, C. M., 2012). A step further, discriminant rules is
a technique that describes differences between two parts of a database, as
for example in spatial data to find differences between cities with high and
low unemployment rate (Kumar, C. N. S., Ramulu, Reddy, Kotha, &
Kumar, C. M., 2012). Data discrimination is also used in characterization
in order to identify the rules that will partition the database into classes.

Trend detection

Trend detection is a technique that finds a temporal pattern in time series
data. In case of spatial data, trend detection is used for finding patterns of
the changes of non-spatial attributes with respect to the spatial relationship
among the data, as for example the distance.

Clustering

Last, clustering is the technique of grouping a set of objects into classes, also
called clusters, so that each class contains objects with high similarity to one
another and as high dissimilarity as possible to objects of other classes. In gen-
eral, spatial clustering algorithms, based on cluster definition techniques, can
be separated into four main categories: (a) partitional clustering algorithms,
(b) hierarchical clustering algorithms, (¢) density-based clustering algorithms
and (d) grid-based clustering algorithms.

Other related work (El-Zawawy, 2012; Padmavati, 2013; Swathi &
Rajesh, 2012) classify spatial clustering algorithms into more categories,
which include the previous four and the addition of the model-based clustering
algorithms, the constraint-based clustering algorithms and the locality-based
clustering algorithms. Most of clustering algorithms, especially those that
have recently proposed, are a combination of more than one methods.

However, the majority of papers and academic work related to the subject
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Figure 1.2: Categorization of clustering algorithms (Kolatch, 2001)

of spatial clustering refer to the four general categories as the main catego-
rization of spatial clustering algorithms.

The partitioning method is an approach of clustering where a set of n
spatial objects is grouped into k clusters based on optimizing an objective cri-
terion or else called a similarity function, which defines the level of similarity
among the points. In most cases, the similarity function between two points
corresponds to the distance between them. Partitioning was the earliest ap-
proach that appeared in spatial clustering and thus is still one of the most
cited approach in literature (Varlaro, 2008). Most commonly used parti-
tional clustering algorithms include k-means, k-medoids, PAM and CLARA.

The hierarchical clustering algorithms organize a tree data structure of the
clusters, also called dendrogram, using an hierarchy structure. In this tree,
“the root is considered as a single cluster which involves all the spatial objects
in the spatial area whereas the nodes are considered as clusters with only one
object. These algorithms operate repeatedly to achieve merging or splitting
until a stopping condition is satisfied or the clustering process encompassed
all objects” (Otair, 2013). Hierarchical algorithms are classified into divisive
and agglomerative algorithms. In divisive algorithms the decomposition of
the tree is formed in a top-down approach, from root to leaves, whereas in
agglomerative algorithms (Ward’s method) the decomposition is formed the
opposite way, which is a bottom-up approach (El-Zawawy, 2012). Cluster-
ing algorithms that belong to this category are BIRCH, CURE, STING and
DIANA.

In the Density-based method, clusters are defined based on a mechanism
of density-connected points. Clusters are defined as dense regions of objects
that are separated by low density regions in the data space (Otair, 2013). Al-
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Partitional Methods
Algorithm Tnput Parameters Optimized For Cluster Outlier Computational
Structure Handling Complexity
F— means Number of Clusters Separated Clusters Spherical No O(lkn)
PAM Number of Clusters Separated Clusters, Small Data Sets | Spherical No O(Tk(n — F)7)
C'LARA Number of Clusters Relatively Large Data Sets Spherical No O(ks™+ k(n =)
CLARANS Number of Clusters, Maximum | Spatial Data Sets, Better Quality of | Spherical No O(kn?)
Number of Neighbors Clusters than PAM and CLARA
Hierarchical Methods
BIRCTT Branching — Factor, Diameter | Large Data Sets Spherical Yes On)
Threshold
CURE Number of Clusters, Number of | Arbitrary Shapes of Clusters, Rela- | Arbitrary Yes O(n”log n)
Cluster Representatives tively Large Data Sets
Density-Based Methods
DBSCAN Radius of Clusters, Minimum [ Arbitrary Shapes of Clusters, Large [ Arbitrary Yes O(nlogn)
Number of Points in Clusters Data Sets
DENCLUT Radius of Clusters, Minimum | Arbitrary Shapes of Clusters, Large | Arbitrary Yes O(nlogn)
Number of objects Data Sets
orrics Radius of Clusters (min,max), Min- | Arbitrary Shapes of Clusters, Large | Arbitrary Yes O(nlogn)
imum Number of objects Data Sets
Miscellaneous Methods
STING Number of cells in lowest level, | Large Spatial Data Sets Vertical and | Yes O(n)
Number of objects in cell Horizontal
Boundaries
WaveCTuST7 [ Number of Cells for each Dimen- | Arbitrary Shapes of Clusters, Large | Arbitrary Yes O(n)
sion, Wavelet, Number of applica- | Data Sets
tion of Transform
CLIQUFE Size of the Grid , Minimum Num- | High Dimensional Large Data Sets | Arbitrary Yes Ofn)
ber of Points within each Cell
Seatabler= Initial Gaussian Parameters, Con- | Large Data Sets with Approxi- | Spherical No (?) O(n)
vergence Limit mately Uniform Distribution

n=number of objects, fF=number of clusters, s=size of sample, [=number of iterations

Figure 1.3: Clustering algorithms characteristics (Andritsos, 2002)

gorithms belonging to density-based category of spatial clustering algorithms
have the ability to detect noise and clusters or arbitrary styles and shapes.
The most known method belonging to density-based clustering is DBSCAN.

In the grid-based clustering algorithms, data objects are replaced with a
number of cells that that represent the elements that will be clustered. Cells
are defined with a specific grid size and form the grid structure. Each cell
includes a number of data objects and summarized information, as for example
the total number of objects within the cell. The operations of the algorithm
for clustering are performed on the cells rather than the whole dataset. In
this way the process becomes faster than in other clustering methods (El-
Zawawy, 2012;O0tair, 2013). Among grid-based clustering algorithms are
CLIQUE, WAVECLUSTER and DENCLUE.

Spatial clustering algorithms

Spatial clustering is a field with many prospects. Several algorithms have been
introduced to literature the last 10 years. Clustering methods usage depends
on their complexity, the amount of data, the purpose of clustering and the
predefined parameters.

K-means, DBSCAN and Ward’s method are among the most used cluster-
ing algorithms for spatial data.

K-means

K-means belongs to partitioning spatial clustering algorithms. It is a fre-
quently used clustering method and it is one of the simplest unsupervised
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learning algorithms. K-meas define clusters by partitioning all observations
into groups in which each observation belongs to the group with the nearest
mean. The algorithms operates in iterations until the sum of squares from
points to the assigned cluster centres is minimized. The end result of k-means
algorithm is the partitioning of the data space into Voronoi cells.

In general, the algorithm aims to minimize an objective function where the
key paramenter is the distance between each data point and its cluster center
(Varghese & Unnikrishnan, 2013).

K-means, in its standard version, uses one input parameter that is the
number of the expected clusters. The cluster centers, which are initially de-
fined, are selected randomly among all points. Thus, k-means may produce
different results in every execution.

Ward’s method

Ward’s method belongs to hierarchical spatial clustering methods.This method
involves an agglomerative clustering algorithm.

The algorithm starts from the leaves and works up to the root, or in other
words operates in a bottom-up approach. Ward’s method starts with n clusters
of size 1, where n is the total number of observations or total number of points,
and continues until all the observations are included into one or the preferable
number of clusters.

Ward’s algorithm uses one input parameter that is the number of the
expected clusters.

DBSCAN

DBSCAN it is a commonly used clustering algorithm. It belongs to density
based spatial clustering methods. DBSCAN is a fundamental data cluster-
ing technique for finding arbitrary shape clusters and for detecting outliers.
DBSCAN defines clusters depending on density where density is defined as
the number of points within a certain distance of each other (Varghese &
Unnikrishnan, 2013).

Moreover, DBSCAN defines clusters depending on density reachability and
density connectivity among data points. Density reachability depends on the
distance (Eps) between point A from point B and the number of points in
point’s A neighbors which are within this distance. Density connectivity de-
pends on the existence of a point A which has sufficient number of points in
its neighbors and both the points A and B are within the Eps distance.

DBSCAN uses two parameters, Eps and MinPts to control the density of
the cluster. Minpts, indicates the minimum number of data points in a neigh-
borhood to define a cluster and Eps indicates the radius of the neighborhoods
around a data point.
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1.3.4 Visualize results

Data visualization, especially when it comes to big data and even more to real
time data, becomes a very challenging task. Thus, there have been developed
numerous of tools for data visualization.

This parer focus on tools that meet two specific requirements: (a) they
are web based, which means that they use web technologies (javascript, html,
css) and they are designed to operate in browsers and (b) they are compatible
with geospatial data, which means that they contain features that support
the visualization of geospatial data (spatial datatypes, geographic coordinate
systems, projections).

This study presents a list of 38 web based javascript libraries for geospa-
tial data and describes briefly the top 5 in terms of developer’s usage and
popularity among them.

Leaflet

Leaflet is the most commonly used open-source javaScript library. It is built
for the development of mobile-friendly interactive maps and it widely used
from developers due to its small capacity. It is a cross platform tool and it
can be easily extended with plugins and features.

OpenLayers

OpenLayers is the second most popular JavaScript library for developing maps
and visualizing geospatial data on the web. As with Leaflet,OpenLayers can
be implemented easily and is able to display all kinds of spatial data types like
vectors, tiles and markers. OpenLayers is an open-source javaScript library
and has a large community of support.

D3

D3 is also a javaScript library with many capabilities that are supported from
all modern browsers. D3 is a more comprehensive library that contains many
features for data visualization. Among them, it contains features for geospatial
data visualization and web maps in general. It is a very promising tool, with
many innovations and can be easily integrated with other systems.

Polymaps

Polymaps is another popular free javaScript library for making dynamic and
interactive maps in the web. Polymaps provides advanced features and sup-
ports a variety of visual presentations for the most types of spatial data. It
uses SVG as well as tiles to display spatial information and is one of the most
used among developer’s community.
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Raphaél

Raphaél is one of the smallest but also one of the most widely used javaScript
libraries. It is supported from all modern browsers and works with vector
graphics on the web. This means that, as with Polymaps, its configuration
and development can be easily achieved.
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Tools for geospatial data visualization

# Name Type

1 Leaflet JavaScript Library

2 OpenLayers JavaScript Library

3 MapBox Developer Platform

4 Google Maps Developer Platform

5 Modest Maps JavaScript Library

6 Polymaps JavaScript Library

7 D3 JavaScript Library

8 DataMaps JavaScript Library

9 Raphaél JavaScript Library

10 jVectorMap JavaScript Library

11 JQVMap jQuery plugin

12 GeoChart JavaScript Library

13 HERE JavaScript API JavaScript Library API
14 MapQuest JavaScript Library API
15 Bing Maps JavaScript Library API
16 AmMap JavaScript Library

17 BGeoPrisma Web Map Application
18 GeoExt JavaScript Library

19 Mapstraction JavaScript Library

20 gmaps.js google maps api

21 Kartograph JavaScript library

22 ArcGIS API for JavaScript JavaScript library

23 API Javascript ViaMichelin JavaScript library

24 Geob JavaScript library

25 Cesium JavaScript library

26 WebGL Earth JavaScript library

27 OSM Buildings JavaScript library

28 CSSMap JavaScript library

29 JHERE HERE Maps API

30 jump jQuery map plugin

31 jQuery Geo JavaScript library

32 jQuery Mapael JavaScript library

33 initmap.js jQuery plugin

34 iMapBuilder Web Mapping Application
35 heatmap.js JavaScript library

36 Cartographer library for Google Maps
37 Carto Web Map Application
38 Mango Web Map Application

Table 1.1: Web based tools for visualization of spatial data




Chapter 2

Data Storytelling
Application: Data collection

2.1 Introduction

This chapter introduces and describes the general architecture of building an
interactive data storytelling application. It focuses on the first steps that
include data preparation and data processing. In particular, this chapter de-
scribes the data used for the implementation of the web application and the
way they were processed in order to create a clean and meaningful input for
next step, the data analysis.

2.2 Process overview
The implementation of a data story application is separated in 6 main steps:

e Step 1 - Define sources and select data.

e Step 2 - Process data.

Step 3 - Analyze data.

Step 4 - Design the flow of the storytelling structure.

Step 5 - Develop the application.

e Step 6 - Implement and deploy the application.

The first step is about identifying the data sources and design the way to
retrieve or extract the subset of data needed for the story. This is a more tech-
nical process as it contains tasks regarding the connection to the selected data
source, the maintenance and storage of the extracted data. The connection
could be a either a real time process or a single batch process that collects
data from source usually over a period of time. The second step is about data
transformations and creation of a data model that will help in the next step of

26
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data analysis. Data analysis is the most interesting part of the whole process.
The objective of this step is to discover unknown patterns, understand trends
and gain knowledge from the data. The results of this step will be the input
and the key elements of the story. Next step is the design of the story. In this
step, all knowledge gained from data analysis is presented in a meaningful and
communicative way. The last two steps is about the development and the im-
plementation of the application. In these steps, a variety of web technologies
are listed and selected in order to achieve the best possible results.

2.3 Data sources
The data used in this study are collected from three main sources:

e The World Bank, http://databank.worldbank.org

e Google DataSet Publishing Language, https://developers.google.com/public-
data/

e An Aquaculture Company Group located in Greece

2.3.1 The World Bank

Data from the World Bank refers to the period between 1.1.2013 and 31.12.2016
and concerns two global indicators, total population and GDP per capita per
country.

Total population is based on the de facto definition of population, which
counts all residents regardless of legal status or citizenship. The values used
are midyear estimates and they are derived from:

e United Nations Population Division. World Population Prospects

e Census reports and other statistical publications from national statistical
offices

e Eurostat: Demographic Statistics

e United Nations Statistical Division. Population and Vital Statistics Re-
port (various years)

e U.S. Census Bureau: International Database

e Secretariat of the Pacific Community: Statistics and Demography Pro-
gramme

Sources were last updated on 2.8.2017.
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code | pop2013 pop2014 pop2015 pop2016
chara¢ double precision| double precision double precision double precision
KWT 3598385 3782450 3935794 4052584
CAN 35155451 35544564 35848810 36286425
AR 2895092 Z2BE89104 2BBO7T03 2B76101
AEE 9006263 90708487 9154302 9269612
AUT 8479375 8541575 8633169 BT4T358
BEL 11182817 11209057 112741584 11348158
BGR 7265115 T223938 7177941 7127822
BLR 9485997 9474511 9489616 9507120
CHE 20893446 2185649 2282398 E37209E8
CYP 11432896 1152309 1160885 1170125
CZE 10514272 10525347 10548059 105618633
CET 20645605 20982500 El6E6611 E26676ED
DMK 5614932 5643475 5683483 5731118
ESP 48620045 46430882 454474097 454435958
EST 13179497 1314545 1315407 1316421

Figure 2.1: Sample data: Total population per country

GDP per capita is gross domestic product divided by midyear population.
GDP is the sum of gross value added by all resident producers in the economy
plus any product taxes and minus any subsidies not included in the value of
the products. It is calculated without making deductions for depreciation of
fabricated assets or for depletion and degradation of natural resources. Values
are derived from World Bank national accounts data and OECD National
Accounts data files.

Sources were last updated on 2.8.2017.
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code2

charact: double precision

BWT

gdp2013

43399.390581
52413.7211¢&
4414.72314

43350.64268
50504.71532
46510.38647
T674.860558
T978.825443
B4658.88768
27907.96736
19916.01939
48530.91143
61191.19263
29210.09342
15028.7746

gdp2014

double precision

42996.40812
50440.43378
4575.763787
44443,74035
51322.639487
474359.396034
7853.335191
8318.4293294

29600.4722
15541.45532

gdp2015

double precision

28975.40108
43315.70044
3954.022783
39101.7468%5
43665.005847
40356.875
0993.47736
5945.110a77
g0989.84024
23075.1127
17556.9243
41176.88158
23014.64418
25683.8456%5
17074.5920%91

gdp2016

double precisio

40668.82
42157.92793
4146.89625
3T622.20748
44178.51522
41094.1573
7350.795801
4989.254811
T8812.65069
20174
12266.54969
41936.05858
53417.664238
265258.49179
B736

Figure 2.2: Sample data: GDP per capita per country ($)

2.3.2 Google DataSet Publishing Language

Google DataSet Publishing Language (DSPL) is a data and metadata format
designed from Google to support powerful and interactive visualizations.

From DSPL is derived data regarding the coordinates of each country.
The coordinates are essential for the visualization of geographic data and for
further geographic analysis.
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latitude

double precision

1 29.
2 58.
3 41
4 23
5 47
[ 50.
7 42
-] 33.
9 44,
10 |35
11 43
12 |51
13 |56
14 |40
15 |58

31166
130366

153332
4240748

.585272

longtitude
double precision

47.4817486
-106.346771
20.168331
53.847818
14.550072
4.,469338
25.48583
27.953389
8.227512
33.4298558
15.4729482
10.451526
9.501785
-3.74322
25.013807

countryname2
character varying(256)

Kuwait

Canada

Albkania

United Arab Emirates
Rustria
Belgium
Bulgaria
Belarus
Switzerland
Cyprus

Czech Republic
Germany
Denmark

Spain

Estonia

country2
character varying(256)

Kuwait

Canada

Albkania

United Arab Emirates
Austria

Belgium

Bulgaria

REFUBLIC OF BELARUS
Switzerland

Cyprus

Czech Eepublic
Germany

Denmark

Spain

Estonia

Figure 2.3: Sample data: Coordinates per country

2.3.3 Aquaculture Company

The central point of this story is the Marineculture industry. For this pur-
pose, data has been collected from an Aquaculture Company Group located in
Greece and refer to information about the orders of the company, the amount
of retail sales and the quantity of fish, in the period between 1.1.2013 and
22.8.2017. The subset data was derived from a relational database schema
hosted in an MS SQL Server.

Sources were last updated on 24.9.2017.
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country itemline | itemcategory | itemgroup | itemsize quantity |sales |issuedate
character vz text text text character vary double pre| double [ date
GREECE Fresh |Whole Seabream 2000+ 0 0 2013-01-01
GREECE Fresh |Whole Seabream 2000+ i} i} 2014-01-01
GREECE Fresh |Whole Seabream 2000+ i} i} 2014-01-01
GREECE Fresh |Whole Seabream |SFECIALCUTS 0O i} 2015-01-01
GREECE Fresh |Whole Seabream [300-600 a a 2016-01-01
BELGIUM Fresh |Whole Meagre 4000+ 35 277 2014-06-27
GREECE Fresh |Whole Meagre 4000+ 25 25 2017-01-21
ITALY Fresh |Whole Seabream |STORTI 220 726 2017-07-14
SPRIN Fresh |Whole Meagre 4000+ 2968 1656 2017-06-23
USA Fresh |Whole Seabass |600-800 3150 25214 | 2017-03-20
ROMRNTA Fresh |Fillet Seabream [400-600 a0 828 2016-12-21
ROMRNTA Fresh |Fillet Seabream [400-600 & 70 2017-03-01
ROMRNIR Fresh |Fillet Seabream |[400-600 & LT 2017-03-11
ROMRNIR Fresh |Fillet Seabream |[400-600 & 71 2017-07-15
ROMANIA Fresh |Fillet Seabream |600-800 & 71 2017-03-04
ROMONIA Fresh |Fillet Seabream |600-800 12 142 2017-03-08
ROMONIA Fresh |Fillet Seabream |600-800 & 71 2017-03-11
ROMBNIA Fresh |Fillet Seabream [600-800 12 142 2017-03-15
ROMBNIA Fresh |Fillet Seabream |600-800 30 354 2017-03-18
ROMBNIA Fresh |Fillet Seabream |600-800 & 71 2017-03-22
EUSS5IL Frozen Whole Seabass |400-600 34358 18056 | 2013-02-22
EUSS5IL Frozen Whole Seabass |400-600 1132 6850 2013-07-11
EUSS5IL Frozen Whole Seabass |400-600 1243 7521 2013-10-07

Figure 2.4: Sample data: Orders from Aquaculture Company Group

2.4 Data processing

Data processing is about transforming and creating a data model that will
help in the next steps. Thus, data from all sources are integrated into a single
location. For this reason, a PostgreSQL relational Database is used to store
and transform the extracted data.

The objective of this step is to clean the data by handing accordingly null
values and corrupted records, as well as make appropriate transformations
in data types and values to create a useful output. The final output should
contain all the information needed for the analysis.

Thus, in this study, data from each source is imported in a relational
database created in PostgreSQL. As a next step, new variables are created to
indicate the time, the day, the location and the type of every transaction. As a
transaction is characterized each record from the final table that corresponds
to a single purchase order. The data denormalization is accomplished by
creating keys and relationships among all initial tables and then aggregating
data in one single table.

In conclusion, as a final output from this step, a denormalized table is
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created that contains the following information per transaction:

e country, the destination of the order

e lon, the longitude of the destination

e lat, the latitude of the destination

e line, whether the order refers to frozen or fresh fish

e category, the level of processed fish (Whole, Fillet, Gutted)
e product, the type of fish (Seabass, Seabream, Meagre, Red Seabream)
e size, the group of sizes of the fish (600-800, 800-1000 etc)

e date, the date of the order (2017-03-18 etc)

e day, the weekday of the order (Friday, Monday etc)

e year, the year of the order (2017, 2016 etc)

e month, the month of the order (12, 09 etc)

e quantity, the quantity of the ordered fish measured in kgrs

e sales, the cost of the order measured in euros

The total number of rows in the final table equals to 2,476,350 records that
corresponds to almost 138MB of size in the database.



Chapter 3

Data Storytelling
Application: Data Analysis

3.1 Introduction

This chapter illustrates the data analysis step. It describes statistical methods
and in general mining techniques applied in order to extract knowledge from
data. This case study analysis uses descriptive statistics, probability functions,
classification and clustering methodologies as well as predictive analysis.

Data analysis is one of the most interesting parts of the whole process. In
general, data analysis is an extremely challenging and demanding process that
requires expertise in various fields of computer science.

As an overview, the objective of this step is to discover unknown patterns,
understand trends and gain knowledge from the data in order to use them in
the storytelling application. This chapter presents the findings of the analysis
and describes the methodologies used.

3.2 Methodologies

Data analysis includes numerous methodologies for mining and advanced anal-
ysis of data. In this case, the methodologies used are the following:

e network analysis

e descriptive statistics

e time series analysis

e geographic analysis

e equal interval classification
e customized clustering

e predictive analysis

33
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3.2.1 Network analysis

As mentioned in the previous chapter, the input to this process is a denormal-
ized table. Denormalization is a technique used on a previously-normalized
database in order to gather all necessary information in one or more tables.
In this case, all information is grouped into one table.

Although this structure is very comfortable when applying calculations on
data, it is quite uncomfortable to understand the business model behind the
data. As for example, in this case, it is not very obvious which products can
be sold fresh, or which categories are included under fresh or frozen line, or
which sizes may exist in more than one product etc. Thus, a basic analysis
that can be applied on the data is a network analysis. A network analysis is
able to answer these questions and furthermore illustrate connections among
data that will help understand the business model. Actually, network analysis
corresponds to the visualization of a collection of interconnected components.

B Product Line
Product Category
Product Name
Product Size

W g
/] .
_% @2,4.

Figure 3.1: Network analysis

As a result, using a network visualization for fields line, category, name and
size from the denormalized table, it becomes more readily understandable the
possible path for each type of product inside the product line of the company.

It is more clear that the production is separated in two main production
lines: the Fresh and the Frozen fish. Moreover, the fish are separated in three
categories: (a) Gutted, (b) Fillet and (c¢) Whole. Its category contains its
products and every product its own sizes. Same products may exist in more
than one categories as showed in the network. The company produces 4 types
of fish (Red Seabream, Seabass, Seabream and Meagre) and 17 distinct sizes
in total (0-200, 200-300, 300-400, 300-600 etc).

3.2.2 Statistical analysis

The next paragraphs illustrate the results of the statistical analysis. Statistical
analysis is applied in order to get minimum and maximum values per variable
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of the data set, calculate frequencies, cumulative frequencies and descriptive
statistics, investigate distributions and analyze time series.

Analysis of total sales

As a first result, the following graphs and tables show that Italy, France,
Greece, Portugal and Spain are distinguished from the rest countries in terms

of total sales.
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Figure 3.2: Percentage of total sales per country
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issueyear

2013 2014 2015 2016 2017 Totals
country
ITALY 42% 45% 47%  4.6%  3.0% 21.1%
FRANCE 3.5%  3.4% 3.6% 3.8%  2.9% 17.2%
GREECE 1.6%  1.9% 2.5% 3.0% 2.1% 112%
PORTUGAL 22% | 1.7%  22% 1.7% 1.3% 9.209
SPAIN 1.3% | 1.6%  1.9% 22% 1.7% 8.7%
GREAT BRITAIN 14% | 1.3% 14% 15% 0.8% 6.4%0
GERMANY 0.9%  12% 14% 12% 09% 5.6%
USA 1.0% | 1.1% 1.1% 13% 0.8% 5.3%
HOLLAND 0.7%  0.6%  07% 0.7% 0.5% 3.1%
ROMANIA 0.2%  03% 04% 05% 04% 1.8%¢
CANADA 0.3%  03% 04% 05% 04% 1.8%
SWITZERLAND 0.3%  02%  04% 04% 0.3% 1.6%
RUSSIA 0.8%  0.2% 1.1%
BULGARIA 0.1%  02% 02% 03% 02% 1.0%%
BELGIUM 0.2%  02%  02% 01% 0.1% 0.7%
LUXEMBOURG 0.1%  01% 01% 01% 0.0% 0.4%p

Figure 3.3: Percentage of total sales per country per year

issueyear 2013 2014 2015 2016 2017 Totals

Totals 141,988,823.00 141,387,730.00 155,000,178.00 161,340,071.00 111,896.,855.00 711,613,657.00

Figure 3.4: Total sales per year (euro) (1)
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Sum(sales) vs issueyear
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Figure 3.5: Total sales per year (euro) (2)

issueyear 2013 2014 2015 2016 2017 Totals

Totals  28,386,224.00 25,890,567.00  26,473,916.00 28,406,980.00 20,073,609.00 129,231,296.00

Figure 3.6: Total quantity per year (kgrs) (1)

A further analysis of the data shows that the total quantity of sales for the
period of study (01.01.2013-22.08.2017) is equal to 129,231.296 tonnes of fish
and that only a share of 12.2% of this quantity is sold domestically. The rest
is exported to the rest 37 countries. Therefore, an important result is that
90% of total sales is derived from exports. Moreover, the largest importers by
volume are the countries of Italy, France, Portugal and Spain.

Sum(quantity) vs issueyear

30000000

Sum(quantity)

25000000

20000000

15000000

10000000

5000000

year
2013 2014 2015 2016 2017
B Sum(quantity)

Figure 3.7: Total quantity per year (kgrs) (2)
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Analyze metrics per month

Another result showed that sales between May and September reach an average
of 44.62% of the total annual sales. Also, July is the month with the largest
number of sales with an average of 14 millions while in February sales are in
their lowest point with an average of 10.460 millions. Moreover, in July the
company produces the largest quantity, almost an average of 2,500 tonnes.
The month with the lowest amount of volume is February and the average
quantity of production for the same month is 1,924 tonnes.

Also, in July of 2016 the total sales of the company reached the number
of 15,738 million euros. This is the largest number in sales per month, from
January of 2013 until August of 2017, although the maximum average price
per month is depicted in May.

The following graphs illustrate the total sales, quantity and average selling
price per month.

Sum(sales) vs issuemonth
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52000000
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Figure 3.8: Total sales per month (euro)
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Sum(quantity) vs issuemonth
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Figure 3.9: Total quantity per month (kgrs)

The selling price depends on the type, the size, the product line - meaning
whether it is processed or not -, the consignor country and the date of order.

Sum over Sum(sales, quantity) vs issuemonth
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Figure 3.10: Average selling price per month (euro/kgrs)

Analysis of sizes

Statistical analysis on sizes shows that smaller sizes are selling more than
larger ones. In addition, 2 out of 17 sizes are the holders of 73.3% of total
sales between January of 2013 and December of 2016. These sizes are (300-
400) and (400-600). In the third place with 10.2% of total sales is the size of
(600-800) and in the forth place with 6.9% is the size of (200-300), which is
also one of the smallest group of sizes.

The following graphs present the results of the analysis of the size variable.
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Sum as Fraction of Total(sales) vs itemsize
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Figure 3.11: Sum of sales as fraction of total sales per size (euro)
temsize 00+ 500 spperapcurs | 300 2000- o0 1500- | 3000- | 1000-  150-  1000-  yoo o 800 200- | 600- | 300- | 400- o
St 1000 600 3000 2000 4000 2000 200 1500 1000 300 800 400 600
emgroup
0.9% 0.0% 121% | 174% 24.1% | 26.8% 113% | 74% 100.0%
o ..
I I I
02% 0.0% 0.6% 0.0% | 24% | 7.3% | 4.3% | 1.9%  13.4% | 8.7% | 61.2%  100.0%
Red seabream .
— N s
0.0% 0.1% 0.5% 0.6% | 1.4% 35%  10.1% | 10.1%  30.5%  40.8%  100.0%
Seabass
|| I — _-
0.0% 0.1% 0.0% 02% | 06% | 27% | 2.7% | 47% | 104% | 28.8%  49.8% | 100.0%
Seabream
_—
0.0% | 0.0% 0.0% 0.1% | 0.1% | 02%  02% 0.3%  0.3%  0.4% 11%  2.6% | 3.0% 6.9%  10.2% 29.0% 45.6%  100.0%

Totals
—_-

Figure 3.12: Sum of sales as fraction of total sales per size and type
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Sum(sales) vs issueyear by itemsize
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Figure 3.13: Sum of sales for size 400-600 per year (euro)

The total sales for size (400-600) increased in every year for the study
period, starting from 63.540 million euros and ending up to 77.708 million
euros, which lead to an increase of almost 22%.

Analyze metrics per product

Analyzing data per product type, the results showed that in 2015, total pro-
duction of Seabream was less than in previous years. However, in the same
year, the selling price of Seabream reached its maximum value with an aver-
age of 5.84 euros/kg. Moreover, in July of 2015 the selling price was at its
highest points. The top 5 average selling prices per month for Seabream where
from May to September of 2015 (6.22 euros/kg). Also, figures regarding the
quantity produced for Seabream indicates that the demand for Seabream is
increasing over the years.

The tables below present the numbers for total sales and selling price per
product over the study period.
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issueyear
2013 2014 2015 2016 2017 Totals
itemgroup
Meagre 749 8.12 6.83 560 518 6.20
Red seabream 512 577 599 643 6.19 6.06
Seabass 557 583 3584 6.00 6.01 5.85
Seabream 461 518 3584 538 519 5.22

Totals S5.00 5.46 585 S5.68 35.57 551

Figure 3.14: Average selling price per year and product (euro/kgrs)

issueyear

2013 2014 2015 2016 Totals
itemgroup
Meagre 225.120.00 160.458.00 302.442.00 484.810.00 1,172,830.00
Red seabream 63.552.00 262.,042.00 322.789.00 374,086.00 1,022,469.00
Seabass 10,915.401.00 | 10.326.277.00 | 11.260,801.00 = 13,084.529.00 = 45,587,008.00
Seabream 17,182.151.00 | 15.141.790.00 | 14.587.884.00 14.463.555.00  61,375,380.00

Totals 28,386,224.00  25,890,567.00 26.473,916.00 28,406,980.00 | 109,157,687.00

Figure 3.15: Total quantity per year and product (kgrs)
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Figure 3.16: Average selling price per month for seabream (euro/kgrs)
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Sum over Sum(sales, quantity) vs issueyearmon by issueyear
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Figure 3.17: Average selling price per month for all products (euro/kgrs)

On the other hand, the graph below shows that the selling price of Meagre
has been decreasing over the last months. This confirms a previous conclusion
that small sizes have a greater demand than larger ones, as sizes for Meagre
range from (500-1000) to (4000+).

Sum over Sum(sales, quantity) vs issueyearmon by itemgroup-issueyear

O 2N W Rk OO N ®©
Sum over Sum(sales gty)
L )
»
[
[ ]
[}
.
L
]
[
.
.
L]

issueyearmon

R

B Meagre-2013 M Meagre-2014 Meagre-2015 M Meagre-2016 M Meagre-2017

Figure 3.18: Average selling price per month for meagre (euro/kgrs)

Analysis of fish category

According to the analysis of average selling price through the period of study,
the results showed that Fillet is sold 1.84 times more than Gutted and 2.45
times more than Whole fish. Despite the difference in the selling price among
the three categories, Whole fish is the dominant category in sales as almost
90% of total revenue is obtained from the sales of Whole fish.
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Similar proportions are occurred also in quantities. Analysis showed that
93.75% of total quantity produced follows the path of the Whole fish while
only the 6% is sold in the market as Fillet or Gutted fish.

The tables below show the figures regarding total sales per fish category.

issueyear
2013 2014 2015 2016 Totals
itemcategory
Fillet 12.81 1292 1299 12.79 12.88
Gutted 640 7.17 | 729 7.3 7.00
Whole 481 522 561 541 5.26

Totals 5.00 546 585 5.68 5.49

Figure 3.19: Average selling price per year and category (euro/kgrs)

itemcategory Fillet Gutted Whole Totals

Totals 5.5%  4.9% 100.0%
Figure 3.20: Sum of sales as fraction of total sales per category

3.2.3 Geographic analysis

The company has 38 point of sales all over the world. Each point represents a
country, from Canada to Singapore. Results from geographic analysis showed
that the top 10 countries in sales are Italy, France, Greece, Portugal, Spain,
Great Britain, Germany, USA, Holland and Romania. Also, between the
period from January of 2013 to December of 2017, these 10 countries held
almost 90% of total sales (almost 535 million euros). The table below describes
the percentage of total sales for the top 10 countries per year as fraction of
the total sales of the company.



3.2. Methodologies

45

issueyear
2013 2014

country

ITALY 2% 45%
FRANCE 35%  34%
GREECE 16%  19%
PORTUGAL 22% 17%
SPAIN 13% 16%
GREAT BRITAIN 14%  13%
GERMANY 09% 12%
USA 1.0%  1.1%
HOLLAND 0.7% 0.6%
ROMANIA 0.2% 03%

2015 2016
4.7% | 4.6%
36%  38%
25% | 3.0%
22% | 1.7%
1.9%  22%
14%  153%
14%  12%
11% 1.3%
0.7% | 0.7%
04% | 0.5%

2017

3.0%
29%
2.1%

1.3%

0.8%
0.9%
0.8%
0.5%

0.4%

Totals

21.1%
17.2%
11.2%
9.2%
8.7%
6.4%
5.6%
5.3%
3.1%
1.8%

Figure 3.21: Sum of sales as fraction of total sales for top 10 countries in sales

In addition, the total quantity produced for the same countries and period
was 97,688 tonnes of fish that is equivalent to 89.49% of the total quantity.
The next table shows the proportion of total quantity per country as fraction
of the total quantity of the company.

issueyear
2013

country

ITALY 29.882.685.00
FRANCE 24,649.637.00
GREECE 11.595.617.00
PORTUGAL 15.966.469.00
SPAIN 9.352,530.00

GREAT BRITAIN 9.727.136.00

GERMANY 6.713.130.00
USA 7.203.708.00
HOLLAND 4.905.454.00
ROMANIA 1.654.452.00

Totals 121,650,818.00

2014

32,014,523.00
24,311,554.00
13,762.932.00
12,395,242.00
11,246,100.00
9.242,075.00
8.445.774.00
7.712,978.00
4,029,275.00
2,104.632.00
125,265,085.00

2015

33.278.760.00
25.571.835.00
17.891.608.00
15.313.933.00
13.581.092.00
10,309.956.00
9.979.609.00
7.705.048.00
4.669.769.00
2.871.097.00
141,172,707.00

2016

33,039,405.00
27.117.775.00
21.325.752.00
12,310.464.00
15,918,258.00
10,685,589.00
8.682.206.00
9,303,291.00
5,039,093.00
3,669.491.00
147,091,324.00

Totals

128,215,373.00
101,650,801.00
64,575,909.00
55,986,108.00
50,097,980.00
39,964,756.00
33,820,719.00
31,925,025.00
18,643,591.00
10,299,672.00
535,179,934.00

Figure 3.22: Sum of quantity per year for top 10 countries in sales (kgrs)
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Customized clustering of countries

A cluster analysis of countries characteristics based on GDP per capita, total
population and total sales showed that Russia, although has a GDP close to
Romania and population 8 times more than Romania’s, it is grouped with
countries with medium sales. This result heavily dependent on the fact in
August of 2014 Russia stopped purchasing fish products from the company.
This might be caused by Russia’s embargo that banned European Union food
imports in August of 2014. And that is also the case with Ukraine.

Below is a time series graph of total sales for Greece, Russia and Ukraine
and it shows how sales for Russia and Ukraine moved downwards after De-
cember of 2013 and reduced to zero in August of 2014.
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Figure 3.23: Sales trend of Greece, Russia and Ukraine

The customized cluster analysis depends 70% on the number of the average
annual total sales per country, 15% on the number of total population in
2016 and 15% on the number of GDP per capita in 2016. According to this
parameters, the analysis produced 3 groups of countries.

Another conclusion from this customized cluster analysis is that although
Greece, Portugal, Estonia and Czech Republic have great similarity in terms
of GDP and total population, they are grouped in different clusters. Greece
and Portugal belong to the first group whereas Estonia and Czech Republic
belong to the second. This is also due to the fact that Greece is the location
of company’s head office and Portugal has a very high rate in sales (4th place)
whereas sales figures for Estonia and Czech Republic show a discontinuous
demand for fish.

Classification of countries

Using the classification method of equal intervals with 7 classes, the results
showed that in case of total quantity for year 2016, the 7th class contains
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22 countries. That is also the case with total sales. This indicates that top
countries in sales exceed by far countries with lower sales.

In 2016, 84% of the countries that had at least one transaction were Euro-
pean and the countries with the higher sales were Italy, France, Greece, Spain
and Portugal. Actually, almost 67% of total sales in 2016 came from 16% of
total countries or from 5 Mediterranean countries.

The following tree-map graphs show the difference among countries in
terms of total sales and total quantities.

Figure 3.24: Treemap of total sales per country for 2016

Figure 3.25: Treemap of total quantity per country fro 2016

According to this classification methodology, the top 5 countries belong to
five different classes. Also, the cumulative frequency of sales, which is defined
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as the sum of all previous frequencies up to the current point when frequencies
are ordered from the smallest to the largest, indicates that countries with lower
sales have a very small contribution in total sales.

country Totals
ITALY 20.5%
FRANCE 16.8%
GREECE 13.2%
SPAIN 9.9%
PORTUGAL 7.6%

Figure 3.26: Sum of sales as fraction of total sales in 2016 for top 5 countries

3.2.4 Predictive analysis of total sales

Finally, a predictive analysis applied on time series data regarding the number
of total sales of the company showed that the prediction of sales per month for
the next 12 months is very positive. Sales will have a constant decline until
February of 2018 and after that point they will increase and in July of 2018
will reach the number of almost 16.9 millions, which is the highest value of
sales per month from January of 2013.

The model is created using the ARIMA algorithm and is based on sales
data from January 2013 to August 2017. The model is also based on the trend
and considers a 12 month (yearly) seasonality.

The graph shows the predictive values for total sales.

Forecasts from ARIMA(0,1,1)(0,1,1)[12]

17500000
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Figure 3.27: Total sales forecast per month from Sep.2017 to Aug.2018



Chapter 4

Data Storytelling Application:
Design and Implementation

4.1 Introduction

This chapter presents the process of transforming the findings of the previ-
ous paragraphs into an interactive storytelling application. It focuses on the
implementation of the web application based on data storytelling concepts.
The objective here is to present the knowledge gained from data analysis in a
meaningful and communicative way. Also, in this step a variety of web tech-
nologies is explored in order to select the most suitable tools to achieve the
best possible results.

4.2 Storytelling structure

The story is divided into three parts. The first part contains the main title of
the story, an introductory paragraph and some general questions in which the
story is about to give answers.

The second part describes the key points of the analysis. In particular,
this part illustrates the summary of the results obtained by data analysis in a
standard presentation template that is repeated until the end of second part.
The template consists of a title that describes the subject of the paragraph
accompanied by plain text and interactive graphs. The results presented are
numbered in order to build a more linear storytelling experience to the user.
The first key points presented are more general and as the story continues,
they become more specific and more complex. This also applies to the level of
user’s interaction. At first, the user is able to interact with the graphs with
simple actions like ‘on mouseover’ and ‘popup windows’ while in the end the
user is able to configure the variables displayed, change the values of a specific
variable and customize the visualization of the graph.

The third and last part contains a brief conclusion of the whole story.
Screen shots of the application can be found in Appendix B.
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4.3 Development and implementation

The next paragraphs provide information on the technologies used for the
development of the storytelling web application and describe in detail the
results of the implementation.

4.3.1 Technologies

The technologies used for the implementation of the web application, as with
the most web applications, are separated in the front-end and back-end tech-
nologies. In this case, back-end technologies can be summarized in server side
R and sql language for the design of services and interaction with the database.
In the front-end, which is the part that interacts with the user, the application
uses javascript, css and R language with several modules.

For the implementation of the interactive maps and graphs a list of R mod-
ules is used. The main ones are Leaflet, GoogleCharts, D3 and Highcharter.
The whole application is developed within R Shiny environment.

4.3.2 User interaction

The main objective of this data storytelling approach is to create a highly
interactive environment so that the user will be able to configure and customize
specific objects. It is very important that the interaction should not increase
the complexity of the story, but on the contrary, should obtain its simplicity.
This way, the user can become part of the story by having a more active role.
In this case, the second part of the story contains 9 sections. Each one
introduces a result from the data analysis and is implemented with a standard
format to help the user easily understand and become familiar with the story.
In order to achieve a successful communication between the content and the
user, every section consists of one or more objects with interactive elements.
These objects describe in a graphical way the main concept of each section.

section 1. An introduction to Company’s production line and prod-
ucts

The first section is a visualization of the data model. The purpose of this
section is to introduce the main variables and basic concepts of Marineculture
industry used in the story.
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. Product Line
Product Category
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. Product Name [ ?I-
Product Size E -
’ \/ &
._
/—/N‘
\
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e Product Line: Fresh and Frozen fish.
* Product Category: Gutted, Fillet and Whale
o Product Name: Red Seabream, Seabass, Seabream

and Meagre.
» Product Size: 0-200, 200-300, 300-400, 300-600 etc.

Figure 4.1: Interactive network analysis visualization using D3 library

The user is able select a specific node from the graph and see its possible
connections. As for example, if the user selects the product 'Meagre’ then
only the connected nodes to this product are showed with more intense colors.
This way the user can understand the possible path of the product, meaning
its sizes and categories. This visualization is even more useful when the data
model consists of multiple dimensions with a larger complexity.

. Product Line
Product Category
. Product Name
Product Size
Q._
N

Figure 4.2: Interactive network analysis visualization using D3 library

section 2. Total sales derived from exports

The second point of the story talks about the percentage of total sales derived
from exports. This large difference is illustrated with a pie chart. Except from
a small window (pop up) that appears when the user places the mouse on the
graph, in this section there are no further interactions.
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Percentage of Total Sales from Jan.2013 to Aug.2017

11.17 X inside Greece

88.83 ¥ outside Creece

Figure 4.3: Pie chart visualization of sales

section 3. High sales figures are depicted between May and Septem-
ber

The third point presents the period of the year with the highest sales. At this
point, the user is able to interact with a line chart and select the preferred
variable for visualization. The user can select more that one variables in the
same graph. This way makes easier for the user to understand the trends and
compare them among different variables (sales, quantity, selling price).

Average Sales, Quantity and Selling Price per Month from Jan. 2013 to Dec. 2016

44 62% of Total 5ales

5.25

Jan Feb Mar Apr May Jun Ju Aug Sep Oct MNow Dec

Average Price (€/kagrs)

Figure 4.4: Interactive line chart visualization of average selling price per
month using highcharter library
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Average Sales, Quantity and Selling Price per Month from Jan_ 2013 to Dec. 2016

16M
44 62% of Total Sales

an Feb Mar Apr May Jun Jul Aug Sep Oct MNow Dec

Average Sales (€)

Figure 4.5: Interactive line chart visualization of average sales per month using

highcharter library

section 4. Demand for small sizes is greater than larger sizes

The forth point of the story compares the total sales and total quantity pro-
duced among different sizes. In this section, the user is able to change the

variable as well as the plot type of the graph.

Total sales per size for the year of 2013

Q\- Y
A N &
100M
75M
@
y 5O0M
=
wl
25M
o
Year Plot type Metric
o) |
Line - Total sales -

Figure 4.6: Interactive line/scatter/column visualization of total sales and
total quantity per fish size in time using google charts library

Also, another interaction is the time line on the left beneath the graph.
This gives the opportunity to the user to select a specific year by dragging



4.3. Development and implementation 54

the place holder parallel to the time line. Moreover, the user can generate the
animation mode by selecting the play button under the time line. In this way,
the changes of the variables during time can be traced easier and furthermore
the illustration becomes more pleasant for the user. At this point, the user
has become more active and more engaged with the story.

section 5. In 2015 Seabream had a raise of 7 billion euros in sales

The fifth section is about the large raise of Seabream in sales in 2015. By this
point, the user is in the middle of the story and the graph and the correspond-
ing text are pointing a pick.

In this section, the user can interact with the graph the same way as in
section 3.

Trend of %elling Price and Quantity for Seabream and Meagre from Jan.2013 to Jul.2017

Top 5 Selling Prices
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Seabream 5Selling Price (E/kgr) -4 Meagre Selling Price (€ /kar)
Seabream Quantity in (Million kgrs)

Figure 4.7: Interactive time series visualization of selling price and quantity
per fish type using highcharter library

section 6. Price category: Whole vs Fillet vs Gutted

The sixth point describes the price differences among categories of fish. Here
the user can select the preferred variable as in previous charts and retrieve the
exact value per month or in total.
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Trend of Selling Price per Category from Jan. 2013 to Jul.2017
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Figure 4.8: Interactive time series complex visualization (pie,line chart) of
selling price per fish category using highcharter library

section 7. Geographic destination of sales: clustering countries

This section describes the data from a geographic perspective. Sales are an-
alyzed from a geographic point of view. The user is introduced to a basic
visualization regarding the point of sales.

In the first graph, the user has the exact possible interactions as in previous
graphs. However, the second graph gives the user the opportunity to play with
the data. In particular, the user is able to define a scatter plot view based on
categories and graph’s boundaries (zoom in/out).
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Total Sales and Quantity per Country from Jan_ 2013 to Dec. 2016
200M

- Rest of the Countries

150M ’
100M
SOM Top 10 Countries in Sales

T

0 - = ——-—_---Ill.!!-

-4 3 - Q
FEFSLETEIFLLEEC
@ Total Sales () @ Total Quantity (kgr)

Figure 4.9: Interactive complex (bar and pie chart) visualization of total sales
per country using highcharter library

Comparing 2016 GDP and Total Population to Annual Average Sales per Country

400M
300M
200M
100M
-]
0 W ewm'de vee @
-100M
20k 40k B0k 30k 100k
@ Countries with Less Sales ! Countries with Medium Sales

Top 10 Countries in Sales

Figure 4.10: Interactive scatter plot visualization of countries clustering using
highcharter library
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section 8. Mapping and classification analysis of destinations

NORTH AMERICA L Yolhe

gdp2016
. 4,067.938 —156,194.13
18,194 135 — 32,300.33
32,300.333 — 46,406.53
46,406.531 —60,512.73
60512728 — 74 618.93
74,618.926 — 88,72512 4 AMERICA,
88,725.124 — 102,831.32

AFRICA

Leaflet | & OpenStreetMap © CartoDB

Color Size

GDP 2016 b GDP 2016 v

Figure 4.11: Interactive geographic map using OSM maps and leaflet library
- visualization of countries classification based on GDP per capita in 2016

This section is the heart of the story as this is where the geographic analysis
takes place. In this section, the user can have the highest level of interaction
with the data.
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Figure 4.12: Interactive geographic map using OSM maps and leaflet library
- visualization of countries classification based on total sales

The map visualization, which is implemented based on Leaflet library,
can classify on the fly the countries according to multiple variables (total
sales, total quantity, cumulative sales frequency, number of orders, GPD per
capita, total population). The classification method applied (equal interval)
is one of the simplest classification methods and that makes easier for the user
to understand the result of the map. The user can select and visualize the
graduated variables in either sized or colored circles.
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Figure 4.13: Interactive geographic map using OSM maps and leaflet library
- visualization of countries classification based on input parameter

Moreover, the user is able to interact with the classification by changing
some input parameters. As for example, the user can define the exact number
for the cumulative frequency of sales and then separate the countries in two
classes, the one that contains countries under this threshold and the opposite.
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Figure 4.14: Interactive geographic map using OSM maps and leaflet library
- visualization of countries classification based on total population in 2016

The graphs under the map are reproduced every time the map changes its
boundaries. The graphs are configured to display only the countries that are
visible in the map. For example, if the user sets a map view that contains only
South America then all the graphs from this section will accordingly have as
input data countries from South America, in this case USA and Canada. This
way the user is able to make a basic geographic analysis by dragging the map
and then looking into the graphs.

The figures below show the graphs that depend on map’s configuration.
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Figure 4.15: Interactive bar chart visualization of countries using ggplot library
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Figure 4.16: Interactive scatter plot visualization of countries using ggplot
library

In this section, the user can compare almost all the metrics of the data from
a geographic approach, which is the purpose of the current data storytelling
implementation.

section 9. Sales forecast for 2018

The last section of the second part of the story presents a forecast on total
sales. Here the level of interaction returns to basic and the user is able to get
the exact number of sales for the predictive period. The graph in section 9
may have only two possible views that are displayed in the next figures.
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After this last point, the story continues with the conclusion where no
interaction between the user and the application takes place.

20M
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14M

12M

10M
Sep'17 MNaov 17 Jan"13 Mar '18 May '18 Jul"1 s

-+ ARIMA(Q,1,10,1,1)[12]

Figure 4.17: Interactive line chart visualization of forecasting algorithm using
highcharter library (1)
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Figure 4.18: Interactive line chart visualization of forecasting algorithm using
highcharter library (2)



Chapter 5

Conclusion

5.1 Summary

This study presented the end to end development of a data storytelling web
application based on concepts of storytelling theory and on specific data anal-
ysis and mining methodologies by using cutting-edge technologies and with an
emphasis on geographic data visualization and interactive graphs. It described
one by one the steps of creating a data storytelling web application, from the
step of data collection to application deployment.

In general, the current web application implemented with the use of Post-
greSQL, R Shiny package and a list of R libraries that are mentioned in the
Appendix. Leaflet.js used for the implementation of the geographic visualiza-
tion and Open Street Maps for the basemap integration of the web map. As
a result, the current implementation presented a sample of the capabilities of
the technologies used as it described the hole process step by step and that
made impossible to take advantage of all the opportunities provided. However,
this overall implementation revealed possibilities for future work.

5.2 Future work

Data storytelling applications and their related work have started to appear
very recently. Therefore, they have plenty of room for improvement and with
this study there are several lines of research arising.

One of the major concerns is the level of application’s interaction with the
user. The current implementation included text, various type of graphs and
map visualization. In this case, the user was able to interact with the data by
selecting options only within the graphs and as a result those options changed
the output of the graph. In a future case, this action can be generated by a
text selection or even more a selection of a specific word that indicates the
following changes in the graphs.

Also, a another challenging task is the design of a data storytelling applica-
tion based on spatio-temporal data sets by using the most recent visualization
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tools and spatial related techniques. This scenario becomes even more inter-
esting when new ways of presentation are considered. New ways of presenting
data can either include technologies that produce 3D visualizations or those
that create environments of augmented reality.

Except from the presentation of the data storytelling application and the
level of its interaction with the user, another improvement can concern the level
of analysis. This is a very difficult task and also a task of great importance.
The current application presented an equal interval classification of points
according to the user’s selection. Other methodologies can also be integrated
and generated on the fly in order to illustrate meaningful information through
the implementation of a single object, either a web map or a plain table.

Finally, the entire design and user experience can be enriched with the use
of motion pictures, animated infographics and audio material. This kind of
content is going to engage further the audience and contribute on increasing
the application friendliness.
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Appendix

R packages used

library(”leaflet”)
library(”RColorBrewer”)
library(”scales”)
library(”lattice”)

(

(

(

("

2

2

library(”dplyr”)
library(” ggplot2”)
library ('networkD3’)
library (" highcharter”)
9. library(’sqldf’)

10. library(’forecast’)

11. library(shiny)

12. library(googleCharts)

2
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R server scripts

sever.R
library (”leaflet”)
library (” RColorBrewer”)
library (”scales”)
library (”lattice”)
library (" dplyr”)
library (” ggplot2”)
library ( 'networkD3 )
library (" highcharter”)
library (’sqldf’)
library ('forecast )

# allow wuploading large files —
if (Sys.getenv(’SHINY_PORT’) = 77)
options (shiny . maxRequestSize = 10000 * 1024 "~ 2)

shinyServer (function (input, output, session) {
# Map integration

output$map <— renderLeaflet ({
leaflet () %%
addProviderTiles (providers$CartoDB. Positron) %%

setView (Ilng = —1,
lat = 47.45,
zoom = 4)

1)

zipsInBounds <— reactive ({
if (is.null(input$map_bounds))
return(datainputl [FALSE, ])
bounds <— input$map_bounds
latRng <— range(bounds$north, bounds$south)
IngRng <— range(bounds$east , bounds$west)

subset (
datainputl ,
latitude >= latRng[1l] & latitude <= latRng[2] &
longtitude >= IngRng[1] & longtitude <= IngRng

[2]
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centileBreaks <—
hist (plot = FALSE,
datainputl$cumulfreqnum ,
breaks = 20)$breaks

output$histCentile <— renderPlot ({
if (nrow(zipsInBounds()) = 0)
return (NULL)

ggplot (data = zipsInBounds (), aes(zipsInBounds()$
cumulfreqnum)) +

geom _histogram (breaks = centileBreaks ,
alpha = .2) +
labs(title = ”Cumulative_Frequency.(visible.
countries)”) +
labs (x = ”Cumulative_Frequency._of_Sales” , y =7
Count” )

1)

output$scatterCollegelncome <— renderPlot ({
if (nrow(zipsInBounds()) = 0)
return (NULL)

ggplot (zipsInBounds () ,
aes(x = sales_q, y = sales_c, color =
cumulfreqnum)) + geom_point () + geom_rug/()
+ xlab (” Total_Quantity”) + ylab(” Total.
Sales”)

1)

observe ({
colorBy <— input$color
sizeBy <— input$size

if (colorBy = ”cumulfreqnum”) {
colorData <—
ifelse (
datainputl$cumulfreqnum >= input$threshold ,
"Over_threshold”,

?Under_threshold”
pal <—
colorFactor (" viridis”, colorData) # "wviridis”, ”
magma”, "inferno”, or "plasma”

} else {



sever.R 70

colorData <— datainputl [[ colorBy]]

pal <—
colorBin (” viridis”, colorData, 7, pretty = FALSE
) # "wiridis”, "magma”, "inferno”, or "plasma
}
radius <—
datainputl [[sizeBy|] / max(datainputl [[sizeBy]]) =*
600000

leafletProxy ("map” , data = datainputl) %%
clearShapes () %%
addCircles (

longtitude ,
latitude ,
radius = radius,
layerld = 7 country,

stroke = FALSE,
fillOpacity = 0.4,
fillColor = pal(colorData)
) %%
addLegend (
"bottomleft” ,
pal = pal,
values = colorData ,
title = colorBy,
layerId = ”"colorLegend”

1)

showZipcodePopup <— function (country, lat, Ing) {
selectedZip <— datainputl[datainputl$country —
country , |
content <— as.character(
tagList (
tags$hd (tags$strong (HIML(
sprintf ("%s”, selectedZip$country)
)))
tags$br (),
sprintf (
”Cumulative _frequency._.of_Sales_.2016: _%s” ,
as.integer(selectedZip$cumulfreqnum )

)
tags$br (),
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sprintf (
"Total_sales_.2016: _%s._euros”
format (
as.integer(selectedZip$sales _c),

big .mark = 7,7 |
scientific = FALSE

)
) b
tags$br (),
sprintf (
"Total_sales_quantity_.2016: %s._kgs” ,
format (
as.integer(selectedZip$sales_q),
big .mark = 7,7,
scientific = FALSE

)
) 9
tags$br (),
sprintf (
"Total .number_of_orders.2016: %s” ,
format (
as.integer (selectedZip$cnt),
big . mark = 7”7 |
scientific = FALSE

)
)
tags$br (),
tags$br (),
sprintf (
"Population.2016: %s._people”,
format (
as.integer (selectedZip$pop2016) ,
big .mark = 7,7,
scientific = FALSE

)
) )
tags$br (),
sprintf (
” Gross_.Domestic_Product_.2016: _%s._euros” ,
format (
as.integer (selectedZip$gdp2016) ,
big .mark = 7,7 |
scientific = FALSE
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}

)

tags$br ()
)

leafletProxy ("map”) %% addPopups(lng, lat, content,

layerld = country)

observe ({

leafletProxy ("map”) %% clearPopups ()
event <— input$map_shape_click

if (is.null(event))

1)

# Network integration

return ()

isolate ({

)

showZipcodePopup (event$id, event$lat , event$lng)

output$force <— renderForceNetwork ({
forceNetwork (

1)

# Highchart integration

)

Links = datainput2links,
Nodes = datainput2nodes,

Source = ”source”
Target = "target”
Value = ”linkvalue”,
NodeIlD = ”"nodeid”
Group = "nodegroup” ,
opacity = 1,

fontSize = 20,

zoom = FALSE,

linkDistance = JS(” function(d){return.d. value_x_
20}7)

linkWidth = JS(” function (d).{_.return_Math.sqrt (d.
value)x1.9;.}7),

legend = TRUE,

colourScale = JS(
"force.alpha(1l);_force.restart ();.d3.

scaleOrdinal (d3.schemeCategory20);’

)




sever.R 73

# Calculate sales
diff13 <— reactive ({

if (input$metric = ’sales’) {
datainput0 %%
filter (as.integer (issueyear) = input$year[1])
7%
group _by(rank = as.integer (substr(itemsizerank ,
1, 2)) + 1) %%
summarise (total = sum(sales)) %%
arrange (rank)
} else {
datainput0 %%
filter (as.integer (issueyear) = input$year[1])
7%

group _by(rank = as.integer (substr(itemsizerank ,
1, 2)) + 1) %%

summarise (total = sum(quantity)) %%

arrange (rank)

}
1)

selected _years _to_print <— reactive ({
paste(input$year [1])

1)

output$hcontainer <— renderHighchart ({
if (input$metric = ’sales’) {
he <— highchart () %%

hc_add_series (
data = diff13 ()$total,
type = input$plot_type,
name = 7 Sales” ,
showInLegend = FALSE,
color = "#7cbbec”

) %%

he _yAxis (
title = list (text = ”Sales_(euros)”),
allowDecimals = FALSE,
max = 80000000

) >%
he _xAxis (
categories = c(
”SPECIALCUTS” ,

»STORTI” ,
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7150—-200" ,
”900-300"
”300-4007
”300-600"
" 400— 6007
7600—8007 ,
”500—-10007 ,
7800—10007
”71000—1500"
”1000—-2000"
”71500—-2000"
” 2000+
72000—-3000"
”73000—4000”
7400047
) s
tickmarkPlacement = "on”
opposite = TRUE
) %%
he_title (text = 77,
style = list (fontWeight = ”"bold”)) %%
hc_subtitle (text = paste(” Total”, input$metric,
7 _per.size_for_the_year_of”,
selected _years_to_print
())) %%
hc_tooltip (valueDecimals = 2,
pointFormat = ”Item._Size_Rank.(1—-17)._
co{point.x}_<br>_Sales:_{point.y}
euros”)

} else {

he <— highchart () %%

hc_add_series (
data = diff13()$total ,
type = input$plot_type,
name = ” Quantity” ,
showInLegend = FALSE,
color = 7"#90ed7d”
) %%

he _yAxis (
title = list (text = " Quantity.(kgrs)”),
allowDecimals = FALSE,
max = 15000000

) %%

he _xAxis (
categories = c(
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}

he

1)

”"SPECIALCUTS” ,
"STORTI” |
7150—2007
7200—-3007
7300—4007
7300—6007
7400—-600"
7600—8007 |
7500—-1000",
7800—1000",
”71000—1500"
”1000—-2000"
71500—2000"
7200047,
72000—-3000”
”3000—-4000"
740004
) s
tickmarkPlacement = ”on”
opposite = TRUE
) %
he_title (text = 77,
style = list (fontWeight = ”bold”)) %%
hc_subtitle (text = paste(”Total”, input$metric,
7 _per.size_for_the_year_of”
selected _years_to_print

())) 7%
hc_tooltip (valueDecimals = 2,
pointFormat = ”Item._Size_Rank.(1-17)._
:o{point .x} _<br>_Quantity: _.{point.

y}-Kegrs”)

# Highchart integrations

# point 9 forecast
output$highchartforecast <— renderHighchart ({

a0l
”Select _issueyearmon , _sum(sales)._sales_from.

= sqldf(

datainput3 _where.issueyearmon .<>.’2017—-08"_
Group._By.issueyearmon.order _by_issueyearmon”
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)

a0l8ts = ts(
a0l$sales ,
start = c(2013, 1),
end = c(2017, 7),
frequency = 12
)
d.arima <— auto.arima(a01$ts)
x <— forecast(d.arima, level = c(95, 80), h = 12)
hchart (x)

1)

# point 2 pie chart
output$highchart2 <— renderHighchart ({
a02 = sqldf(
"Select.’Sales_inside _Greece’ , _sum(sales)._sales.
from_datainput3 _where_country .=. GREECE’ _union .
Select.’Sales_outside_Greece’, _sum(sales)_sales
from_datainput3 _where_country _<>_ GREECE’ _”
)
a028saleRatio = as.numeric(format (round (100 * a02$
sales / sum(a028sales), 2), nsmall = 2))
highchart () %%
he_title (text = 77) %%
hc_subtitle (text = "Percentage_of_Total_Sales_from
~Jan.2013 _to.Aug.2017”) %%
hc_add_series _labels _values (
N
paste(as.character (a02$saleRatio [[1]]), "%-
inside _Greece’) ,
paste(as.character (a02$saleRatio [[2]]), "%-
outside_Greece’)

) 9

a028saleRatio ,

type = 7 pie”,

name = ”Percentage._of_sales”,
colorByPoint = TRUE,

size = 200,

color = c(’#7cbbec’, ’#bfbfbf’)

1)

# point 8 area chart
output$highchart3 <— renderHighchart ({
a03 = sqldf(



sever.R 77

”Select _issuemonth _Month, _sum(sales)_Sales , _sum(
quantity).Quantity , .sum(sales)/sum(quantity).
Price_from._datainput3_where_issueyear._!=_"2017"
.group.by._issuemonth”

)

highchart () %%

hc_subtitle (text = " Average_Sales ,_.Quantity._and.
Selling .Price_per_Month_from._.Jan.2013 _to._Dec
.20167) %%
he _xAxis (
plotBands = list (
list (
from = 4,
to =

color = 7rgba(100,.0,.0,.0.1)",
label = list (text = 744.62%._of_Total_Sales”)
)
)7
categories = ¢
"Jan’
"Feb |
"Mar’ |
"Apr’,
"May ’ ,
>Jun
" Jul
"Aug’,
"Sep
"Oct 7,
"Nov’
"Dec’
)
) %
hc_add_series (name = ” Average.Sales.(euros)”, data
= a03$Sales/4) %%
hc_add_series (name = ” Average.Quantity.(Kgrs)” ,
data = a03$Quantity/4) %%
hc_add_series (name = ” Average_Price.(euros/kgrs)”,
data = a03$Price)

1)

# point 5 area chart
output$highchartb <— renderHighchart ({
a051 = sqldf(
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”Select _issueyearmon .YearMon, .sum(sales)._Sales , .
sum (quantity).Quantity , .sum(sales)/sum(quantity
).Price_from._datainput3 _where_itemgroup="’
Seabream ’ _and._issueyearmon._!=_’2017—-08"_group.
by.issueyearmon”

)
a052 = sqldf(

”Select _issueyearmon._YearMon, _sum(sales)_Sales , .
sum (quantity)._.Quantity , .sum(sales)/sum(quantity
)-Price_from._datainput3 _where_itemgroup="Meagre
"_and._issueyearmon._!=_"2017—-08 _group._by.
issueyearmon”

)

highchart () %%
hc_subtitle (text = "Trend_.of_Selling _Price._and.
Quantity._.for _Seabream._and_Meagre_from._Jan.2013_
to.Jul.2017”) %%
hc_xAxis(categories = a0518YearMon,
plotBands = list (
list (
from = 28,
to = 32,
color = 7rgba(100,.0,.0,.0.1)",
label = list (text = "Top._5_Selling.

Prices”)
)
)) %
hc_add_series (name = ”Seabream.Selling _Price.(
euros/kgr)”, data = a051$Price) %%
hc_add_series (name = ”"Meagre_Selling._Price_(euros/

kgr)”, data = a052$Price) %%
hc_add_series (

name = ”Seabream._Quantity._in.(Million_kgrs)”,
data = a0518Quantity /
1000000,
type = ’area’,
color = ’#d9d9d9”’
) %
hc_add_series (
name = ”"Meagre_.Quantity.in.(Million_kgrs)”,
data = a0528Quantity /
1000000,
type = ’area’,

color = ’#d9d9d9”’
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1)

# point 6 area chart
output$highchart6 <— renderHighchart ({
a06fillet = sqldf(

”Select _issueyearmon _YearMon, .sum(sales)._Sales , .
sum (quantity ) .Quantity , .sum(sales)/sum(quantity
).Price_from_datainput3 _where_itemcategory =’
Fillet ’_and._issueyearmon.!=."2017—-08"_group._by.
issueyearmon”

)
a06gutted = sqldf(

7Select _issueyearmon ._YearMon, .sum(sales)._Sales , .
sum (quantity ) .Quantity , .sum(sales)/sum(quantity
).Price_from_datainput3 _where_itemcategory =’
Gutted ’ _and._issueyearmon .!=.’2017—-08"_group._by.
issueyearmon”

)
a06whole = sqldf(

7Select _issueyearmon ._YearMon, .sum(sales)._Sales , .
sum (quantity ) .Quantity , .sum(sales)/sum(quantity
).Price_from_datainput3 _where_itemcategory =’
Whole’ _and_issueyearmon .!=."2017—-08"_group ._by.
issueyearmon”

)
a06 = sqldf(

7Select _itemcategory , .sum(sales)_Sales , _sum(
quantity).Quantity , .sum(sales)/sum(quantity).
Price_from_datainput3._where_issueyearmon.!=.
’2017—-08’_group.by.itemcategory”

)
a06$quantityRatio = as.numeric(format (round (
100 * a06$Quantity / sum(a06$Quantity), 2
), nsmall = 2))
a06$SalesRatio = as.numeric(format(round (100 * a068$
Sales / sum(a068$Sales), 2), nsmall = 2))
highchart () %%

hc_chart (type = "line”) %%

hc_subtitle (text = "Trend_.of_Selling _Price._per.
Category._from.Jan.2013 _to.Jul.2017”) %%

hc_xAxis(categories = al06gutted$YearMon) %%

hc_add_series (name = ” Fillet .(euros/kgr)”, data =
a06gutted$Price) %%

hc_add_series (name = ”Gutted.(euros/kgr)”, data =



sever.R 80

1)
#

a06fillet$Price) %%
hc_add_series (name = ”"Whole_(euros/kgr)”, data =
a06whole$Price) %%
hc_add_series _labels _values(
a068itemcategory ,
a06$quantityRatio ,
type = 7 pie”,
name = ”Percentage_of_total_Quantity”
colorByPoint = TRUE,
center = ¢(’65%, '38%’),

size = 70,

dataLabels = list (enabled = FALSE)
) %
hc_add_series _labels _values(

a06$itemcategory ,

a06$SalesRatio ,

type = " pie”,

name = ”Percentage_of_total_Sales”

colorByPoint = TRUE,

center = ¢(’35%", '38%7),

size = 70,

dataLabels = list (enabled = FALSE)

point 7 area chart

output$highchart7l <— renderHighchart ({

a071 = sqldf(

”Select.’Top_.10_.Countries.in.Sales ’_.label , .100%sum
(sales _¢) /599716802 _percent .from_datainputl _
legacy .where_cumulfreqnum._>_12_union.Select .’
Rest_of_the_Countries’_label , _100*sum(sales _c)/
599716802 _percent .from_datainputl _where.
cumulfreqnum <=.12."

)

a071$percent = as.numeric(format(a071$percent ,
digits = 4))
highchart () %%
hc_subtitle (text = ”"Total_Sales_and_.Quantity._per.
Country._from._Jan.2013 _.to_.Dec.2016”) %%
hc_chart (type = ”"column”) %%

hc_plotOptions (column = list (
dataLabels = list (enabled = FALSE) ,
stacking = "normal” ,
enableMouseTracking = FALSE
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)) %%
hc_xAxis(categories = datainputl _legacy$code,
plotBands = list (

list (
from = 28,
to = 37,
color = 7rgba(100,.0,.0,.0.1)",
label = list (text = 77)
)
)) %
hc_add_series (name = ”Total_Sales._(euros)”, data =
datainputl _legacy$sales _c) %%
hc_add_series (name = ” Total .Quantity.(kgr)”, data

= datainputl _legacy$sales _q) %%
hc_add_series _labels _values(

a0718label ,

a0718percent ,

type = " pie”,

name = " Percentage._of_Sales.(%)”,

colorByPoint = TRUE,

center = ¢(’35%, '38%’),

size = 100,

color = c(’#7cbbec’, #90ed7d’)

1)

output$highchart72 <— renderHighchart ({
datainputl _legacy$salesGroup = ifelse(
datainputl _legacy$cumulfreqnum > 12,
"Top_10_.Countries._.in_Sales’,
ifelse (
datainputl _legacy$cumulfreqnum <= 12 &
datainputl _legacy$cumulfreqnum > 1,
"Countries.with_Medium.Sales’,
"Countries_with_Less_.Sales”’

)
)

highchart () %%
hc_subtitle (text = ”"Comparing.2016 _GDP_and._Total.
Population_to_Annual_Average.Sales_per._Country”
) 7%
hc_chart (zoomType = "xy”) %%
hc_add_series (
dataLabels = list (enabled = TRUE,
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format = ”{point.label}”),
data = datainputl_legacy ,
hcaes (
x = gdp2016,
y = pop2016
z = sales_c/4,
group = salesGroup

)
color = c('#434348°, '#Tcbbec’, '#90ed7d’),

type = ”scatter”
) 7%
he_tooltip (
useHTML = TRUE,
headerFormat = "<table>",
pointFormat = paste(
"<tr><th_colspan=\"1\"><b>{point .label }</b></
th></tr>" |
"<tr><th>Country</th><td>{point . country }</td><
Jtr>",
"<tr><th>GDP_.2016</th><td>{point .x}_euros</td
>/ tr>7
"<tr><th>Population.2016</th><td>{point.y}.
people</td></tr>",
"<tr><th>Total_Sales</th><td>{point.z}_euros</
td></tr>"

) 9

footerFormat = "</table>”
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global.R

datainputl = readRDS(”data/datainputl.rds”) # <> 2017

datainput2links = readRDS(”data/datainput2links.rds”)
datainput2nodes = readRDS(” data/datainput2nodes.rds”)

datainput0 = readRDS(”data/datainput0.rds”)

# dataS3trans?2, data8country = source tables in local
postgres/project?2

# reduce granularity from date to month

datainput3 = readRDS(” data/datainput3.rds”)

years <— unique(as.integer(datainputO$issueyear))

# point 7

datainputl _legacy = readRDS(”data/datainputl _legacy.rds”

)
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Application screen shots

Geographic analysis and insights into Mariculture

In 2014, world per capita fish supply reached a new record high of 20 kg . Aquaculture

remains an important source of food, nutrition, income and livelihoods for hundreds of
millions of people around the world. As fish is one of the mosi-traded food commodities
worldwide with more than half of fish exports by value criginating in developing countries,
this fact raises a number of questions about the aguaculture industry in general.

Which countries import the largest amounts of fish? What are the processing steps of a
saltwater fish company from production to sale? Which sizes and categories are in high
demand? In which months the fish is sold with the higher price? What is the prediction for
the future production and sales?

This report intends to answer these questions using a detailed analysis based on data from

a Major European Company Group®.

Figure 5.1: Part 1: Introduction
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n An introduction to Company's production line and products
The production is separated in two main production lines: the Fresh and the Frozen fish. At

the first step of the process, when the fish reach the appropriate sizes, they are taken for

further processing.

Thus, the fish are
separated in three
categories: (a) Gutted, (b)
Fillet and (c) Whole. Its
category contains its
products and every product
its own sizes. Same
products may exist in more
than one categories.

The company produces 4
- fish and 17 distinct

. Product Line

Product Category
. @
. Product Name b ?‘
Product Size .2
’ \/ &
._.
= /I

<\

* Product Line: Fresh and Frozen fish.

+ Product Category: Guited, Fillet and Whole

+ Product Name: Red Seabream, Seabass. Seabream
and Meagre.

+ Product Size: 0-200, 200-300, 300-400, 300-600 etc.

Finally, according to the production line that are going follow, fish are packed and prepared

for dispatch. The diagram describes the possible paths of every fish based on its size and

type (Product Name).

Figure 5.2: Part 2: Story point 1
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What percentage of total sales is derived from exports?

The total quantity of sales Percentage of Total Sales from Jan.2013 to Aug.2017

for the period of study is 1117 %inside Greece
equal to 120,231.206 /

tonnes of fish. Only a
share of 12.2% of this
guantity is sold
domestically. The rest is
exported to 37 countries all
over the world. Therefore,

90% of total sales is

derived from exports. The
largest importers by 88.83 % outside Greece
volume are the countries of

Italy, France, Portugal and

Spain.

The selling price depends on the type, the size, the product line - meaning whether it is
processed or not -, the consignar country and the date of order.

In 2014, the company produced a quantity of 25 850 tonnes of fish. According to a recent
study™ undertaken by FAD, this quantity represents 0 032% of total global capture
production in manne waters for 2014 (21.5 million tonnes).

Figure 5.3: Part 2: Story point 2
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High sales figures are depicted between May and September

oy

Sales between May and September reach an average of 44 62% of the total anual sales .
July i1s the month with the largest number of sales with an average of 14 millions while in
February sales are in their lowest point with an average of 10460 millions. Moreaver, in
July the company produces the largest quantity |, almost an average of 2,500 tonnes. The
maonth with the lowest amount of volume is February. The average quantity of production in

February is 1,924 tonnes.

Average Sales, Quantity and Selling Price per Month from Jan_ 2013 to Dec 2016

15M
4 as
10M
5M
— + ™ < + < = 2 o
0
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Now Dec
-0~ Average 5ales (€) -# Average Quantity (Kgrs) Average Price (€/kagrs)
In July of 2016 the total sales of the company reached the number of 15 735€ millions .

This was the largest number in sales per manth, from January of 2013 until August of 2017,

although the maximun average price per month is depicted in May.

Figure 5.4: Part 2: Story point 3
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n Demand for small sizes is greater than larger sizes

According to the analysis, smaller sizes are selling more than larger ones. In addition, 2 out
holders of 73.3% of total sales between January of 2013 and December
of 2016. These sizes are (300-400) and (400-600). In the third place with 10.2% of total
sales is the size of (600-800) and in the forth place with 6.9% is the size of (200-300),

which is also one of the smaller group of sizes.

of 17 sizes are th

m

Total sales per size for the year of 2013

&2 & & Y
o ] ] o L) o s} )
P P ST FE S o
e A 1 Ay 5 o i o = - - . 3¢ - =
EFF FFFF FFFSFFFLFPHPS S
E N M S S L S N N
100M
75M
)
w o 50M
|
vl
25M
0
Year Plot type Metric
2013 2017
- Line - Total sales -
(!
_?. o4 2015 26 20NT
The total sales for size (400-600) increased in every year for the study period, starting from

653.540€ millions and ending up to 77.708€ millions, which lead to an incerase of ~ 22%.

Figure 5.5: Part 2: Story point 4
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In 2015 Seabream had a raise of ~ 7 billion € in sales

In 2015, total production of Seabream was less than previous years. However, in the same
year, the selling price of Seabream reached its maximum value with an average of

5 B4€/kg. Moreover, In July of 2015 the selling price was at its highest value between
January 2013 and July. The top & average selling prices per month for Seabream where
from May to September of 2015 (6.22€/kg). This indicates that the demand for Seabream is
increasing over the years.

Trend of Selling Price and Quantity for Seabream and Meagre from Jan.2013 to Jul. 2017

10
Taop 5 Selling Prices

7.5

5
2.5

0

cdddPogceHFd oSSl P HI P ’\\‘\ [

RGN I IR I I NI TN TN N N R o LY
e L )
A A AR AR AR AR AR R AR AR AR AR AR A e e S vl S vl vl 1

-#- Seabream Selling Price (E/kgr) -# Meagre Selling Price (€ [kgr)
Seabream Quantity in (Million kgrs) Meagre Quantity in (Million kgrs)

On the other hand, the selling price of Meagre has been decreasing over the last months.
This confirms a previous conclusion that small sizes have a greater demand than larger
ones | as sizes for Meagre range from (500-1000) to (4000+).

Figure 5.6: Part 2: Story point 5
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ﬂ Price category: Whole vs Fillet vs Gutted

According to the average selling price through the period of study, Fillet is sold 1.24 times
more than Gutted and 2 45 times mare than Whole fish. Despite the difference in the selling
price among the three categories, Whole fish is the dominant category in sales as almost

90% of total revenue is obtained from the sales of Whole fish.

a7}
7]

Trend of Selling Price per Category from Jan 2013 to Jul 2017

s W’\M/
/4 /

-0~ Fillet (€E/kgr) -4 Gutted (€/kgr) Whole (€/kgr)

Similar proportions are occured also in quantities. 93 75% of total quantity produced follows
the path of the Whole fish while only the 6% is sold in the market as Fillet or Gutted fish.

Figure 5.7: Part 2: Story point 6
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Geographic destination of sales: clustering countries

The company has 38 point of sales all over the world. Each point represents a country from
Canada to Singapore. Top 10 countries in sales are ltaly, France, Greece, Portugal, Spain,
Great Britain, Germany, USA, Holland and Romania. Betwwen peried from January of 2013
to December of 2017, these 10 countries held almost 90% of total sales (~535€ millions).

The total quantity produced far the same countries and period was 97 688 tonnes of fish
that is equivalent to 89.49% of the total gquantity.

Total Sales and Quantity per Country from Jan.2013 to Dec 2016
200M

< Rest of the Countries

150M '

100M
Top 10 Countries in Sales
5OM op ||‘
S .!!!!!!!!!IIIII
A T - R I S SR V- oL
FEEEFLFTFEFSLE e FEPESsFL

@ Total Sales (€) @ Total Quantity (kgr)

Figure 5.8: Part 2: Story point 7 (1)
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A cluster analysis of countries characteristics shows that Russia, although has a GDP close
to Romania and population 8 times more than Romania's, it is grouped with countries with
medium sales. A further analysis shows that in August of 2014 Russia stopped purchasing
fish products from the company. One reason for this is that this might be caused by
Russia's embargo that bannned European Union food imports in August of 2014. And that
is also the case with Ukraine.

Comparing 2016 GDP and Total Population to Annual Average Sales per Country

400M
300M
200M
100M
e
0 BC e d oc L e
-100M
20k 40k 60k B0k 100k
@ Countries with Less Sales ! Countries with Medium 5ales

Top 10 Countries in Sales

Another coclusion from this cluster analysis is that although Greece, Portugal, Esthonia and
Chech Republic have great similarity in terms of GDP and total population, they are
grouped in different clusters. Greece and Portugal belong to the first group whereas
Esthonia and Chech Republic belong to the second. This is also due to the fact that Gre

IS where company s nead office are located and Portugal ha

a very sales (4rth

]

place) whereas sales figures for Esthonia and Chech Republic show a discontinuous
demand for fish.

Figure 5.9: Part 2: Story point 7 (2)
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m Mapping and classification analysis of destinations

In 20186, 84% of the countries that had at least one trunsanction were Europian. Using the
classification method of equal intervals with 7 classes, the map shows that in case of total
quantity for year 20186, the 7th class contains 22 countries. That is also the case with total
sales. This indicates that top countries in sales exceed by far countries with lower sales.

The countries with the higher sales were Italy, France, Greece, Spain and Portugal.
Actually, ~67% of total sales in 2016 came from 16% of total countries or from 5
mediterranean countries.
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Figure 5.10: Part 2: Story point 8 (1)
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Analyzing sales from January 2013 to December 2016 , numbers showed that these 5

mediterranean countries , which in this case represent 13,5% of total countries, held 66%

of total sales
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According to countries classification, the top 5 countries belong to five different clsses . The
scatter plot describes the reason of this result. The top 5 five countries on the upper right of
the plot are shown to have larger distances among them whereas countries with lower
sales and quantity are very close fo each other and thus can be easily grouped together.

The cumulative frequency of sales, which is defined as the sum of all previous frequencies
up to the current point when frequencies are ordered from the smallest to the largest,
indicates the small contribution of countries with lower sales to total sa

[17]
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Figure 5.11: Part 2: Story point 8 (2)
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ﬂ Sales forecast for 2018

Based on data from January 2013 to August 2017, the prediction of total sales per month
for the next 12 months is very positive. Sales will have a constant decline until February of
2018 and after that they will increase and in July of 2012 will reach the number of ~16.9
millions, which is the highest value of total sales from January of 2013,
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- Series  — ARIMA(D,1,1)(0,1,1)[12]

Figure 5.12: Part 2: Story point 9
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Conclusion

In summation, in view of this analysis, Marineculture is a dynamic growing sector and can
contribute measurably to the completion of the increasing demand for food in the next
decades.

The main conclusions of this analysis are briefly summarised below:

+ Countries that import and consume the majority of these specific types of fish
products are the mediterranean countries (ltaly, France, Greece, Spain and
Portugal).

+ The consumers prefer fish categories with smaller sizes than categories with larger
sizes.

+ Selling prices are higher during summer months, especially in July.

+ The demand for Marineculture products will grow in the near future.

*The data have been collected from an Aquaculture Company Group lecated in Greece and refer fo information
about the orders of the company, amount of retail sales and quantity of fish, in the period between 1.1.2013 and
22.8.2017. Latest update: 24.9.2017

=FAD, (2016). The State of World Fisheries and Aquaculture 2016, FAO_Contributing to food security and nutrition
for all. Rome, 200 pp.

Figure 5.13: Part 3: Conclusion



