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Technological	 development	 has	 made	 it	 possible	 to	 save	 and	 collect	 massive	 amounts	 of	 data.	
Companies	have	also	become	more	 interested	 in	the	data	they	own	and	how	to	turn	 it	 into	more	
sophisticated	knowledge	that	supports	decision-making.	Many	analytics	 related	factors	exist	on	the	
organizational	level,	which	are	presented	in	the	literature	review.	Different	process	models	that	can	be	
utilized	 in	 an	 analytics	 project	 are	 also	 presented	 in	 more	 detail.	 In	 the	 empirical	 part,	 the	 case	
organization’s	IT	services	usage	was	researched	by	investigating	the	databases	and	collecting	data	of	
service	usage.	The	data	has	been	 limited	 to	 the	 IT	 services	 that	are	 in	everyday	use,	don’t	 require	
special	IT	skills	and	are	accessible	by	all	the	employees	who	work	in	the	office.	
	
The	research	was	conducted	by	using	one	of	the	most	used	process	models	that	was	introduced	in	the	
literature	review.	First,	the	data	from	the	databases	was	visualized	and	part	of	the	data	was	selected	
for	use	in	a	cluster	analysis	that	grouped	the	users	by	their	service	usage	activity.	The	research	showed	
the	importance	of	measuring	the	activity	and	amount	of	the	usage	but	most	of	the	data	showed	only	
whether	the	service	was	opened	or	not.	It	was	also	possible	to	note	that	deploying	new	services	in	the	
organization	requires	support	and	repetition,	because	trying	the	service	once	will	not	guarantee	that	
the	users	will	continue	its	use	in	everyday	work.	Tasks	that	a	user	needs	to	accomplish	seem	to	also	
have	an	impact	on	the	usage.	If	the	service	directly	supports	the	user	in	his	work,	it	is	more	likely	that	
the	user	will	also	continue	the	use	of	the	service.	
	
When	the	data	was	investigated	further,	some	errors	were	found	that	made	it	necessary	to	leave	a	
part	 of	 the	 data	 out	 from	 the	 cluster	 analysis.	 However,	 the	 research	 itself	 pointed	 out	 that	 the	
challenges	mentioned	in	the	literature	review	exist	also	in	real	life.	For	organizations,	it	is	important	to	
be	aware	of	them	when	there	are	plans	to	do	an	analytics	project.	In	the	research,	using	the	larger	
dataset	 could	 have	 brought	 out	 different	 results,	 but	 even	 in	 the	 smaller	 data	 it	 was	 possible	 to	
discover	that	users	were	grouped	into	employees	who	work	remotely	and	ones	that	work	mostly	in	
the	office.	The	needs	for	IT	services	differ	slightly	between	these	groups.	Still,	the	topic	would	need	
further	research	to	be	able	to	generalize	the	results.	
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Teknologian	kehitys	on	mahdollistanut	massiivisten	tietomäärien	tallentamisen	ja	keräämisen.	Myös	
yritykset	ovat	yhä	kiinnostuneempia	omistamastaan	datasta	ja	sen	muuttamisesta	jalostuneemmaksi	
tiedoksi	 tukemaan	 päätöksentekoa.	 Analytiikan	 hyödyntämiseen	 organisaatiotasolla	 liittyy	 monia	
huomioon	 otettavia	 tekijöitä,	 jotka	 on	 esitelty	 tutkimuksen	 kirjallisuuskatsauksessa.	
Analytiikkaprojektiin	 voidaan	 hyödyntää	 erilaisia	 prosessimalleja,	 jotka	 esitellään	 myös	 vaiheittain.	
Empiriaosuudessa	on	tutkittu	kohdeyrityksen	tietoteknisten	sovellusten	käyttöä	tutustumalla	yrityksen	
tietokantoihin	 ja	 keräämällä	 niihin	 tallennettua	 käyttäjätietoa.	 Tutkimus	 on	 rajattu	 koskemaan	
sovellukset,	 jotka	 ovat	 käytettävissä	 laajasti	 kaikkien	 yrityksen	 työntekijöiden	 kesken	 eivätkä	 vaadi	
erityistä	tietoteknistä	osaamista.	
	
Tutkimuksessa	on	hyödynnetty	kirjallisuuskatsauksessa	esiteltyä	prosessimallia,	 joka	on	tällä	hetkellä	
yleisimmin	käytössä	kun	tietokannoissa	olevaa	tietoa	pyritään	muuntamaan	ja	hyödyntämään	tiedoksi.	
Tietokannoista	kerättyä	dataa	on	visualisoitu	ja	osa	datasta	on	valittu	analysoitavaksi	klusterianalyysillä.	
Klusterianalyysin	 avulla	 eri	 käyttäjät	 on	 ryhmitelty	 eli	 klusteroitu	 heidän	 sovelluskäyttönsä	mukaan.	
Tutkimus	osoitti,	että	tutkittaessa	sovellusten	käyttöä	on	tärkeää	mitata	käytön	määrää	ja	jatkuvuutta	
mutta	tietokannoissa	oleva	data	ei	välttämättä	tue	tätä	vaan	datan	avulla	voidaan	nähdä	vain	onko	
sovellusta	 joskus	 käytetty.	 Tutkimus	 myös	 osoittaa,	 että	 uusien	 sovellusten	 jalkauttaminen	
työntekijöiden	keskuuteen	vaatii	myös	toistoa	ja	tukea,	sillä	pelkkä	sovelluksen	kokeileminen	ei	riitä	
takaamaan	 sitä,	 että	 	 käyttäjä	 jatkaisi	 sen	 käyttöä	 jokapäiväisessä	 työssään.	 Sovellusten	 käytön	
suosioon	 vaikuttaisi	 liittyvän	 oleellisesti	 myös	 käyttäjien	 työnkuva.	 Jos	 sovellus	 tukee	 käyttäjän	
työtehtäviä,	tällöin	se	myös	otetaan	käyttöön	huomattavasti	helpommin	verrattuna	kuin	 jos	suoraa	
tarvetta	käyttöönotolle	ei	ole.	
	
Tutkimuksen	 aikana	 kerätyssä	 datassa	 ilmeni	 puutteita,	 jonka	 vuoksi	 	 osa	 datasta	 jätettiin	 pois	
klusterianalyysista.	 Tutkimus	 itsessään	 on	 kuitenkin	 osoittanut	 kirjallisuudessa	 osoitettujen	 data-
analyysissä	 piilevien	 haasteiden	 olevan	 olemassa	 sekä	 tarpeen	 huomioida	 ne	 vastaavanlaisissa	
projekteissa.	Käyttäjien	ryhmittely	uudelleen	laajemmalla	datalla	voisi	tuoda	myös	kiinnostavia	tuloksia,	
joita	ei	suppeammalla	datalla	ole	ollut	mahdollista	huomioida.	Kuitenkin	jo	nyt	nähtävissä	oli	käyttäjien	
jakautuminen	 matkustaviin	 tai	 etätyötä	 tekeviin	 työntekijöihin	 sekä	 toimistolla	 työskenteleviin	
työntekijöihin,	 joiden	 sovellusten	 käyttö	 ja	 tarpeet	 oletettavasti	 eroavat	 jonkin	 verran	 toisistaan.	
Kuitenkin	aihe	vaatisi	enemmän	tutkimusta	laajemmalla	datalla,	jotta	se	voitaisiin	yleistää.	
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1. INTRODUCTION	

Business	analytics	has	been	the	most	rapidly	growing	managerial	paradigm	 in	recent	years	

(Delen	&	Demirkan	2013,	361).	A	 research	made	by	 IT	 consulting	company	Gartner	 shows	

analytics	and	business	intelligence	being	top	priorities	by	chief	information	officers.	Analytics	

were	prioritized	on	top,	even	before	mobile	technology,	cloud	computing	and	collaboration	

technologies.	 In	 studies	 conducted	 by	 IBM	 in	 2011	 and	 2009,	 business	 intelligence	 and	

analytics	were	found	to	be	the	best	way	to	achieve	better	competitiveness.	(Holsapple	et	al.	

2014,	130.)		

In	some	business	areas	analytics	has	been	used	for	decades.	What	makes	analytics	a	popular	

topic	 now	 is	 that	 it	 is	 actively	 spreading	 to	 other	 fields	 of	 business	 and	 creating	 more	

competition	 between	 companies.	 Analytics	 have	 become	 a	 primary	 tool	 to	 compete	 in	

finance,	 retail,	 travel	 and	 entertainment	 (Davenport	 &	 Quirk	 2006,	 42.)	 because	 business	

analytics	give	the	information	and	knowledge	that	decision	makers	need	(Delen	&	Demirkan	

2013,	361).	

Today	 a	 company’s	 ability	 to	 collect,	 store,	 mine	 and	 analyze	 data	 can	 be	 crucial	 to	 the	

existence	 of	 the	 company.	 Gartner	 has	 announced	 that	 35	 per	 cent	 of	 the	 Global	 5000	

organizations	fail	to	make	insightful	decisions	of	the	possible	changes	in	business	and	market	

conditions.	As	the	amount	and	sources	of	data	streams	continuously	increase,	the	task	will	

be	even	more	challenging	in	the	future.	(Greengard	2010,	20.)	

Why	is	data	so	important	to	the	organizations?	Data	is	typically	defined	as	a	starting	point	to	

extract	more	refined	forms	of	data,	e.g.	information	and	knowledge.	Organizations	as	well	as	

our	society	are	more	information	driven	nowadays,	and	information	has	an	important	role	in	

many	people’s	work.	Also	for	the	organizations	information	has	become	more	important	as	

companies	 improve	 operations	 in	 a	way	 that	 is	 often	 based	on	 information	management.	

(Pirttimäki	2007,	38.)		

Organizations	 are	 collecting	 data	 at	 a	 dramatic	 pace	 (Purohit	 et	 al.	 2012,	 458)	 and	

automation	 produces	 a	 flood	 of	 data	 that	 increases	 all	 the	 time	 (Pyle	 1999).	 Current	

technology	has	enabled	organizations	to	store	and	access	large	amounts	of	data	at	negligible	
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cost	(Kurgan	&	Musilek	2006,	1).	However,	though	data	is	a	popular	topic	at	the	moment,	it	

is	not	new.	Data	collection	was	first	used	approx.	5500	years	ago	by	the	people	who	lived	in	

Sumer	and	Elam	in	the	Tigris	and	Euphrates	River	basin.	They	used	dried	mud	tablets	with	

marks	 to	 make	 tax	 records.	 That	 invention	 shows	 that	 people	 have	 been	 interested	 in	

improving	their	lives	by	collecting	data	since	those	times.	(Pyle	1999.)	

Hardware	and	database	technology	has	enabled	collecting	large	amounts	of	data	efficiently	

from	multiple	sources,	but	often	organizations	haven’t	been	prepared	 for	what	 to	do	with	

the	data	 they	have	collected.	Data	collection	 is	often	ubiquitous	and	 information	of	 credit	

card	 payments,	 patterns	 of	 telephone	 calls	 and	 many	 other	 applications	 form	 a	 digital	

footprint,	which	is	often	saved	to	data	warehouses.	When	increasing	number	of	applications	

are	 collecting	 data	 whether	 we	 want	 it	 or	 not,	 data	 overload	 seems	 to	 be	 an	 obvious	

problem	 in	 the	 digital	 age.	 (Fayaad	 et	 al.	 1996,	 27.)	 Francis	 Bacon,	 a	 philosopher	 and	

scientist	who	lived	 in	1500s	London,	has	said	the	famous	quotation	“knowledge	is	power”.	

The	power	in	knowledge	is	a	collection	of	actions	that	work	reliably.	When	the	results	of	the	

actions	are	known,	knowledge	can	be	used	to	achieve	the	wanted	results.	All	organizations	

need	to	make	decisions,	but	decisions	made	using	knowledge	of	the	current	circumstances,	

called	informed	decisions,	are	more	effective	than	the	decisions	that	are	uninformed.	(Pyle	

1999.)	

Storing	data	is	not	an	issue	anymore,	and	in	most	cases	the	most	difficult	question	is	how	to	

use	 raw	 data	 to	 extract	 reports	 and	 find	 trends	 and	 correlations	 that	 support	 the	

organizational	decision-making	(Kurgan	&	Musilek	2006,	1).	Datasets	alone	rarely	have	direct	

value,	but	 knowledge	 that	has	been	extracted	 from	 the	data	and	put	 into	use	 is	 valuable.	

Data	has	 earlier	 been	processed	manually,	 but	 that	 is	 a	 slow,	 expensive,	 highly	 subjective	

and	often	impractical	method,	especially	when	the	size	of	the	databases	increases.	(Fayaad	

et	al.	1996,	27.)	The	need	 to	create	 theories	and	 tools	 to	extract	 information	 (knowledge)	

from	the	volumes	of	digital	data	has	become	more	important.	Also,	the	methods	to	handle	

increasing	amount	of	data	are	in	the	main	role	in	knowledge	discovery	in	databases	(KDD).	

(Purohit	et	al.	2012,	459.)	

Using	 data	 analytics	 can	 give	 an	 advantage	 to	 the	 organizations.	 It	 is	 also	 used	 to	 collect	

more	 precise	 data	 to	 support	 decision-making,	 but	 there	 are	 also	many	 challenges	 when	
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doing	data	analysis.	On	a	general	level	it	is	important	to	understand	why	and	where	data	is	

collected,	 because	 often	 scattered	 data	 sources,	 different	 data	 types	 and	 reliability	might	

cause	challenges.	Fayaad	et	al.	(1999)	noted	as	early	as	1999	that	large	interest	towards	data	

analytics	has	made	the	topic	popular	also	among	the	media	that	has	published	many	articles	

of	it.	That	has	resulted	in	difficulties	to	find	the	right	information	from	the	large	amount	of	

articles	 and	 news	 (Fayaad	 et	 al.	 1999,	 38).	 Almost	 twenty	 years	 later,	 data	 analytics	

continues	to	be	a	very	popular	topic,	but	the	large	amount	of	articles	and	rapidly	developing	

technology	still	make	it	challenging	to	find	information	that	is	up-to-date	and	accurate.	

1.1 Research	questions	and	limitations	

The	thesis	is	part	of	the	master	studies	in	business	administration.	Data	analytics	literature	

has	 different	 approaches	 from	 mathematics	 and	 computer	 sciences	 to	 business	

administration.	 In	 mathematics	 the	 focus	 is	 often	 on	 the	 algorithms	 when	 in	 business	

administration	the	interested	is	in	the	data	analytics	process	and	decision-making.	

The	main	 research	question	 is	 focusing	on	data	driven	decision-making.	 The	purpose	 is	 to	

find	out	typical	issues	when	data	is	used	in	decision-making.		

• Research	question	1:	What	should	be	considered	by	organizations	as	the	basis	of	

utilizing	analytics	and	data-driven	decision-making?	

Sub	questions	are	focusing	on	data	analytics	process	and	user	profiling.		

• Research	question	2:	What	are	the	most	important	factors	affecting	the	organization	

of	data	analytics	projects	within	the	KDD	principles?	

• Research	question	3:	How	can	user	profiling	and	clustering	help	organizations	in	

pursuing	end-user	perspective	in	their	decisions?	

Business	intelligence	(BI)	is	also	a	topic	that	is	often	discussed	together	with	data	analytics.	

BI	and	data	analytics	are	separate	tools	but	they	are	often	connected	to	each	other.	BI	is	a	

tool	 that	 is	used	 to	explore	data	and	use	queries,	 reports	and	online	analytical	processing	

(OLAP).	 (Greengard	2010,	20.)	 It	 is	used	 to	manage	business	 information	 in	operational	or	

strategic	decision-making	but	 it	 can	also	be	a	managerial	 concept	 (Pirttimäki	2007,	57).	 In	

this	thesis	BI	is	only	mentioned	briefly	as	a	part	of	decision-making	systems	to	link	it	to	the	
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larger	context,	but	as	the	collected	data	in	the	empirical	part	is	raw	data	from	the	databases,	

BI	is	not	in	the	scope	of	this	thesis.		

Big	data	is	another	popular	topic	in	the	data	analytics	field.	Big	data	was	introduced	in	World	

Economic	Forum	in	2012	and	as	a	term	it	refers	to	a	dataset	that	is	large	or	complex	and	not	

possible	to	analyze	using	traditional	database	software.	Big	data	doesn’t	only	relate	to	data	

analysis	but	also	 to	data	 storage	and	 technology.	 (Lake	&	Drake	2012,	2.)	The	data	 that	 is	

used	in	the	empirical	part	is	also	not	big	data	that	supports	leaving	big	data	outside	of	this	

thesis.	

Data	mining	is	a	concept	that	is	usually	connected	to	databases	and	it	is	used	both	alone	and	

as	a	part	of	KDD	process.	Technical	data	storing	solutions	e.g.	data	warehouses,	data	marts	

or	data	lakes	are	part	of	the	data	mining	but	in	this	thesis	technical	data	storing	solutions	are	

not	in	scope.	

1.2 Theoretical	background	

Generally,	everybody	has	used	analytics	in	decision-making	when	structured	or	unstructured	

information	 is	 used	 either	 in	 business	 or	 personal	 decisions	 in	 life.	 Business	 and	decision-

making	 analytics	 have	 developed	 at	 the	 same	 time	with	 technology	 and	 formed	 different	

eras.	(Agrawal	2014,	332.)		

Figure	1.	Analytics	timeline	(Agrawal	2014,	333)	
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For	 over	 30	 years,	 one	 of	 the	main	 research	 topics	 in	 decision	making	 systems	 (DSS)	 has	

been	 the	 use	 of	 computers	 for	 manipulating	 data	 to	 help	 decision	 making.	 Today,	 data	

driven	 decision-making	 is	 a	 necessity	 for	 all	 modern	 organizations,	 as	 is	 utilizing	 large	

datasets	to	find	valuable	pieces	of	information.	(Sharma	et	al.	2012,	11335.)		

1.2.1 Data	analytics	in	decision	making	

In	general,	business	analytics	operate	on	data	and	the	aim	 is	 to	support	business	activities	

e.g.	 decision-making.	 In	 a	 technological	 view	 the	 processes	 that	 are	 used	 in	 business	

analytics	date	back	to	the	1940s	and	1950s.	Business	analytics	however	is	not	only	about	the	

technology	but	 it	 has	 its	 roots	 in	operations	 research.	 Together	with	 applied	 statistics	 the	

quantitative	 methods	 are	 also	 used	 in	 a	 form	 of	 qualitative	 representations,	 calculating	

solutions	and	interpreting	the	results.	(Holsapple	et	al.	2014,	131.)		

Many	companies	even	today	use	spreadsheets	as	their	primary	BI	tools	(Greengard	2010,	20)	

but	according	to	some	suggests	20%	to	40%	of	spreadsheets	contain	errors	(Davenport	et	al.	

2006,	 45).	 The	 advantage	 of	 the	 new	 BI	 and	 analyst	 tools	 is	 the	 ability	 to	 use	 them	 in	

different	 levels	 in	 organizational	 hierarchy	 from	 managers	 to	 any	 knowledge	 worker.	

(Greengard	2010,	20.)	

However,	 analytics	 can	 be	 a	 lot	 more	 than	 quantitative	 methods	 and	 mathematics.	 The	

world	 is	 full	 of	 complex	 data	 and	 difficult	 problems	 where	 the	 data	 is	 not	 necessary	

numerical.	 The	 solutions	may	 require	 logic,	 reasoning,	 inference	 and	 collaboration.	 Often	

problems	also	have	qualitative	features.	Qualitative	analysis	has	been	recognized	for	a	long	

time,	and	 if	 something	 is	qualified	at	one	 stage	 it	may	also	be	quantified	at	another.	 Still,	

some	 qualitative	 judgments	 are	 required	 which	 depends	 on	 one’s	 ability	 to	 qualify.	

(Holsapple	et	al.	2014,	131.)	

Narrowly	 viewed,	 analytics	 is	 an	 application	of	mathematical	 and	 statistical	 techniques.	 In	

the	 academic	 world	 analytics	 in	 business	 schools	 has	 been	 studied	 under	 operations,	

research/management	 science,	 simulation	 analysis,	 econometrics	 and	 financial	 analysis.	

Business	 analytics	 today	 relies	 on	 continuously	 developed	 systems	 that	 support	 decision	

making	through	e.g.	the	use	of	mechanism	like	acquiring,	generating,	assimilating,	selecting	

and	 emitting	 knowledge	 that	 is	 needed	 to	 make	 decisions.	 (Holsapple	 et	 al.	 2014,	 131.)	

Analytics,	like	other	BI	tools,	is	not	a	routine	application	and	it	can	cause	major	differences	
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between	the	companies	in	competitiveness.	Concepts	like	real-time	monitoring,	split-second	

reporting	 and	 predictive	 modeling	 are	 both	 the	 present	 and	 the	 future	 of	 business.	

(Greengard	2010,	23.)	

1.2.2 Data	mining	

Data	mining	is	a	practice	that	searches	valuable	information	in	large	volumes	of	data	(Liao	et	

all.	2012,	11303).	Different	approaches	have	had	different	names	for	the	method	of	finding	

useful	 patterns	 in	 data.	 Data	 mining	 as	 a	 term	 is	 mostly	 used	 by	 statisticians,	 database	

researchers	and	people	who	are	involved	with	information	systems.	(Fayaad	et	al.	1996,	27.)	

A	variety	of	names	also	exists	for	the	methods	that	are	used	to	find	patterns	from	data	e.g.	

data	 mining,	 knowledge	 extraction,	 information	 discovery,	 information	 harvesting,	 data	

archaeology	and	data	pattern	processing.	 (Fayyad	et	all	1999,	39.)	Data	mining	 is	also	one	

phase	in	KDD	(Hand	et	al.	2001,	3),	which	is	explained	later	in	this	thesis.	

When	the	first	computer-based	data	analysis	techniques	were	introduced	in	1960s	the	term	

data	mining	was	 criticized	 and	 sometimes	 in	 statistics	 it	 is	 still	 considered	 negatively.	 The	

critics	 mainly	 considered	 blindly	 applied	 data	 mining	 methods	 that	 are	 also	 called	 data	

dredging.	It	is	possible	to	find	statistically	significant	patterns	in	any	kind	of	datasets	even	if	

in	 reality	 there	 is	 no	 significance.	 The	 same	 phenomena	 can	 happen	 for	 a	 randomly	

generated	dataset	if	one	searches	long	enough.	(Fayaad	et	al.	1996,	29.)		

Verifying	and	validating	hypotheses	has	been	an	essential	part	of	statistical	analysis,	but	the	

idea	 in	data	mining	 is	 the	opposite.	Data	mining	can	produce	several	hypotheses,	some	of	

them	not	necessarily	being	useful.	This	requires	the	data	mining	analyst	to	have	a	wide	set	of	

ideas,	 connections	 and	 influences	 that	 is	 used	 to	make	 sense	 of	 the	 results.	 In	 statistical	

analysis	the	ideas,	connections	and	influences	are	first	developed	and	after	that	tested.	(Pyle	

1999.)	

Data	mining	techniques	is	a	wide	topic	that	includes	various	technologies	and	practices.	Liao	

et	 al.	 (2012)	 have	 reviewed	 different	 data	 mining	 technologies	 between	 the	 years	 2001-

2011.	 Based	 on	 the	 review,	 some	 recently	 developed	 data	 mining	 methods	 are	

generalization,	 characterization,	 classification,	 clustering,	 association,	 evolution,	 pattern	

matching,	data	visualization	and	meta-rule	guided	mining.	(Liao	et	al.	2012,	11303.)	Most	of	

the	 techniques	 are	 algorithm	 based	 and	 belong	 to	 the	 machine	 learning	 and	 artificial	
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intelligence	 approach.	 Statistics	 also	 belong	 to	 the	 data-mining	 paradigm	 (McGarry	 et	 al.	

2005,	176)	but	 the	 fast	growth	of	algorithmic	modeling	applications	and	methodology	has	

created	 a	 new	machine	 learning	 community,	 which	 is	 outside	 of	 the	 statistics	 (Hall	 et	 al.	

2014).	

SAS	 institute	 has	 published	 an	 image	where	 the	 different	 disciplines	 are	 linked	with	 each	

other.	

	

Figure	2.	Analytics	pathways	(Hall	et	al.	2014)	
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(AI)	 research	 field	 and	 it	 includes	 several	 stages	 e.g.	 target	 data	 selection,	 data	

preprocessing,	data	transforming	if	needed,	data	mining	performing	for	finding	patters	and	

relationships,	and	discovery	interpreting	and	assessing	(Hand	et	al.	2001,	3).		

KDD	 defines	 knowledge	 as	 “the	 product	 of	 a	 discovery	 process	 guided	 by	 data”.	 KDD	

connects	different	 research	areas	where	data	analysis	and	knowledge	extraction	are	used,	

e.g.	databases,	statistics,	mathematics,	logic	and	artificial	intelligence.	(Mariscal	et	al.	2010,	

142.)	 KDD	 software	 systems	have	 combined	 theories,	 algorithms	 and	methods	 from	all	 of	

the	above-mentioned	fields.	E.g.	database	theories	and	tools	that	provide	the	infrastructure	
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Fayaad	 (1996)	 defines	 KDD	 as	 “the	 nontrivial	 process	 identifying	 valid,	 novel,	 potentially	

useful	 and	 ultimately	 understandable	 patterns	 in	 data”.	 The	 terms	 pattern	 and	 data	 are	

defined	wider	 than	 it	 is	 done	 traditionally,	 and	 the	 term	 process	 describes	 KDD	 including	

steps	that	all	can	be	repeated	 in	multiple	 iterations	during	the	process.	 (Fayaad	1996,	27.)	

Trivial	 as	a	 term	 is	a	problem	that	 is	easy	 to	 solve	and	has	 little	value	or	 importance.	The	

nontrivial	 process	 requires	 search	 of	 structures,	 models,	 patters	 or	 parameters	 and	 the	

solutions	are	not	similar	in	all	the	cases.		

Patterns	 that	 are	 found	 from	 the	 data	 are	 defined	 with	 attributes	 like	 valid,	 novel,	

potentially	useful	and	understandable.	In	practice	it	means	that	valid	patterns	are	reliable	in	

some	sort	of	degree.	Preferred	patterns	are	novel	for	the	system	and	user	and	useful	for	the	

task	and	user.	If	patterns	are	not	immediately	understandable,	they	should	be	at	least	after	

some	post	processing.	(Fayaad	1996,	27.)	

Term	KDD	process	was	 first	 introduced	 in	1980s	at	 the	 same	 time	with	KDD.	One	popular	

process	model	is	CRISP-DM	that	stands	for	Cross	Industry	Standard	Process	for	Data	Mining.	

The	 CRISP-DM	model	was	 developed	 in	mid-1990s	 to	 be	 a	model	 that	 is	 not	 owned	 by	 a	

single	 organization.	 (Turban	 et	 al.	 2011,	 207.)	 Another	 process	 model	 that	 is	 often	

mentioned	 in	 KDD	 literature	 is	 SEMMA,	 an	 abbreviation	 of	 the	 words	 sample,	 explore,	

manipulate,	model	and	assess,	owned	by	SAS	institute,	an	organization	that	has	developed	

SAS	analytics	software.		

1.2.4 End	user	profiling		

The	end	user	 in	 software	 industry	 is	a	person	who	 is	a	 final	 consumer	of	 the	product	and	

who	usually	have	minimal	technical	knowledge	and	also	in	principle	no	interest	in	computers	

or	technologies.	The	end	user	uses	the	software	daily	e.g.	in	business	or	free	time	but	has	no	

intention	to	produce	systems.	The	end	user’s	requirement	for	the	software	is	“to	get	what	is	

needed	quickly”.	 (Benhaddi	et	al.	 2013,	669.)	Cloud	computing	has	 created	a	possibility	 to	

collect	 large	amounts	of	data	of	 the	 software	usage	 (Pachidi	et	al.	 2014,	584)	 that	 can	be	

used	to	profile	users	and	analyze	the	usage	of	the	software.		
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1.3 Method	and	data	

The	 research	 in	 this	 thesis	 is	 a	 case	 study.	 The	 focus	 is	 on	 a	 single	 phenomenon	 in	 one	

organization.	A	typical	feature	for	a	case	study	is	that	data	is	collected	and	analyzed	largely	

and	 often	 not	 predetermined	 for	 each	 unit	 (Farquhar	 2013,	 9).	 Data	 that	 is	 used	 in	 the	

research	 includes	databases	and	datasets	that	have	been	 investigated	during	the	research.	

Suitable	data	has	been	selected	for	use	in	the	research.		

The	main	purpose	of	the	research	is	to	analyze	the	use	of	IT	services	in	the	case	company.	

Examples	of	the	IT	services	in	the	case	company	are	mobile	services	that	are	used	to	access	

company	specific	content	from	mobile	devices	and	cloud	services	that	are	used	to	store	files	

to	access	them	from	any	location.	IT	services	are	limited	to	the	services	that	are	accessible	

for	every	employee	working	 in	the	office.	Company	ERP-systems	and	other	IT	services	that	

are	limited	only	for	specific	area	of	business	are	not	part	of	this	research.	

Goals	for	the	empirical	part	of	the	final	thesis	are:	

• Research	existing	data	sources	and	data	available	of	the	IT	services	

• Assess	the	reliability	and	consistency	of	the	received	data	

• Assess	the	type	of	information	that	can	be	found	from	the	data	

KDD	as	a	theory	 looks	to	find	patterns	 in	the	data.	The	framework	for	the	data	mining	has	

been	CRISP-DM	model.	The	 first	 step	 is	 to	 research	all	 the	 suitable	data	 sources	 to	get	an	

overall	view	of	the	available	data.	As	data	for	the	empirical	part	of	the	thesis	already	exists	in	

the	company	databases,	it	might	limit	the	amount	of	the	services	to	examine.	Example	cases	

would	be	if	some	data	is	missing	due	to	the	fact	that	it	hasn’t	been	collected	or	if	the	quality	

of	the	data	is	not	good	enough	to	use	in	research.	

IT	services	usage	has	been	researched	before	by	using	different	surveys,	interviews	and	field	

research,	but	user	data	has	not	been	collected	before	for	data	analytics.	One	phase	in	CRISP-

DM	 is	 a	 modeling	 phase	 where	 the	 model	 for	 the	 data	 mining	 is	 selected.	 Using	 cluster	

analysis	it	is	possible	to	see	how	an	algorithm	would	categorize	users	and	form	user	groups	

that	have	similar	demands	and	habits.		
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1.4 Structure	of	the	thesis	

The	 thesis	 starts	with	 an	 introduction	 chapter	 that	 introduces	 theoretical	 background	and	

concepts	as	well	as	the	research	and	used	methods.	 In	this	chapter	the	research	questions	

and	limitations	for	the	thesis	are	also	introduced.		

Chapters	 from	 two	 to	 five	 form	 the	 literature	 review,	 and	 the	 aim	 is	 to	 also	 answer	 the	

research	 questions	 in	 these	 chapters.	 Chapter	 two	 explains	 data	 analysis	 and	 its	 role	 in	

decision-making.	 It	also	explains	 the	possible	challenges	and	other	 issues	 that	are	good	 to	

consider	when	 data	 analysis	 is	made.	 Chapter	 three	 explains	 data	mining	 and	 knowledge	

extraction.	It	also	presents	the	knowledge	discovery	process	(KDD)	and	different	data	mining	

models	 that	 use	 KDD	 as	 a	 framework.	 The	 focus	 is	 in	 CRISP-DM	 that	 is	 also	 used	 in	 the	

empirical	 part.	 Chapter	 four	 introduces	 the	 concept	 of	 end	 user	 development	 and	 user	

profiling,	focusing	on	data	analytics.	

The	 last	 three	 chapters	 form	 the	 empirical	 research.	 Chapter	 six	 introduces	 the	 selected	

research	method	and	CRISP-DM	framework	that	is	used	to	research	the	topic.	Chapter	seven	

presents	the	results	from	the	visualization	and	clustering.	Chapter	eight	includes	conclusions	

and	also	briefly	discusses	the	future	of	the	analytics	in	this	particular	research.	
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2. DATA	ANALYTICS	–	A	TOOL	TO	IMPROVE	DECISION-MAKING	

Decision-making	 is	 a	 daily	 action	 where	 there	 is	 a	 need	 to	 find	 the	 best	 action	 for	 the	

situation	 from	different	 choices.	Decisions	 are	made	 either	 consciously	 or	 sub-consciously	

based	on	 the	 information	 around.	 (Jain	&	 Lim	2009,	 1.)	 	 Research	has	 shown	 that	 human	

beings	are	not	good	at	making	intuitive	decisions.	Individuals	need	guidance	to	avoid	biases	

when	making	decisions	and	decision-makers	also	don’t	necessary	choose	to	use	required	aid	

for	 decision-making.	 (Locke	 et	 al.	 2015,	 217.)	According	 to	 a	 research	 among	179	publicly	

traded	large	companies,	the	ones	whose	decision	making	was	data	driven	had	5-6	%	higher	

productivity	 than	 would	 be	 estimated	 based	 on	 other	 investments	 and	 information	

technology	usage.	Also,	 the	 relationship	between	data	driven	decision-making	and	market	

value,	asset	utilization	and	return	on	equity	exists.	(Brynjolfsson	et	al.	2011,	1.)	

The	 connection	between	data,	decisions	and	actions	 is	 sometimes	weak	and	 the	decision-

making	process	hard	to	understand.	Decisions	are	sometimes	based	on	top	quality	data	that	

has	been	analyzed	well,	but	sometimes	data	 is	gathered	and	analyzed	but	still	not	used	 in	

decisions.	(Davenport	et	al.	2001,	131.)	Lots	of	information	and	data	are	usually	available	for	

decisions	(Jain	&	Lim	2009,	1)	but	it	is	important	to	know	why	data	is	collected	(Fayaad	et	al.	

1999)	 to	 form	 a	 clear	 vision	 of	 what	 to	 do	 with	 the	 received	 information	 in	 advance	

(Davenport	&	Harris	2010,	31).	To	avoid	useless	 information,	a	company	should	identify	 its	

business	processes	and	find	out	what	information	is	needed	for	decision-making.	The	most	

important	units	and	activities	need	to	be	identified	to	find	the	key	people	in	those	areas	that	

need	the	information	the	most.	(Pirttimäki	2007,	47.)		

Investments	 made	 for	 the	 analytics	 generate	 value.	 Estimated	 payoff	 for	 every	 1-dollar	

spend	 for	 analytics	 is	 10.66	 dollars.	 (Holsapple	 et	 al.	 2014,	 130.)	 Technologies	 that	 allow	

large	 data	 collection	 and	 effective	 distribution	 to	 the	 whole	 company	 lower	 costs	 and	

improve	the	analysis	process	(Brynjolfsson	et	al.	2011).	Information	received	from	the	data	is	

always	profitable	to	the	organization	to	some	extend,	but	another	question	is	whether	the	

information	is	useful.	If	information	helps	to	solve	the	strategic	problems	of	the	corporation,	

it	 can	 be	 seen	 as	 more	 valuable	 than	 information	 of	 a	 small	 problem	 that	 the	 company	

doesn’t	 necessarily	 even	 see	 worth	 it	 to	 fix.	 Information	 discovery	 involves	 time,	money,	

personnel,	effort,	 skills	as	well	as	 insight	on	the	discovered	 information.	All	of	 these	come	
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with	a	cost,	and	if	the	costs	are	more	than	the	value	received,	the	information	discovery	is	

not	profitable.	(Pyle	1999.)		

Good	and	accurate	decisions	are	difficult	to	make	because	decision-maker	doesn’t	necessary	

have	one	goal	but	many	results	can	be	satisfying	(Jain	&	Lim	2009,	1).	The	decisions	are	also	

not	 made	 in	 a	 vacuum	 but	 relative	 to	 a	 business	 strategy,	 experience,	 skills,	 culture,	

organizational	 structure,	 available	 technology	and	data.	Many	 companies	have	 invested	 in	

technologies	 to	 generate	 data	 from	 transactions	 from	 e.g.	 ERP-systems	 or	 point-of-sale	

scanners,	 but	often	 the	problem	 is	how	 to	make	 that	data	useful.	 (Davenport	et	 al.	 2001,	

120.)	 Getting	 results	 also	 sometimes	means	 reshaping	 and	 rethinking	 because	 one	 of	 the	

most	important	issues	to	consider	is	that	the	right	data	is	used	(Greengard	2010,	20).	

2.1 Data	analytics	

Technology	 trends	 like	 cloud	 computing	 are	making	 it	 possible	 for	 users	 to	 access	 to	 the	

content	that	is	stored	in	the	cloud	through	Internet	from	a	remote	network.	It	has	allowed	

several	corporations	to	manage	functions	over	networks	and	also	made	organizations	better	

equipped	to	use	analytics	than	ever	before.	(Davenport	&	Harris,	2010,	28.)		

One	definition	for	data	analytics	is	that	it	is	a	rational	way	to	find	ideas	for	execution	(Saxena	

&	Srinivasan	2013,	1).	Database	sizes	are	growing	 fast	and	 that	has	 increased	 the	need	 to	

develop	technologies	where	the	information	and	knowledge	can	be	utilized	intelligently.	The	

development	 of	 data	 mining	 technologies	 started	 already	 in	 1960’s	 under	 a	 branch	 of	

applied	 artificial	 intelligence.	 (Liao	et	 al.	 2012,	 11303.)	Online	 comments	 and	 ratings	have	

also	 been	 common	 techniques	 in	 decision-making,	 being	 useful	 for	 both	 product	

manufacturers	and	the	content	of	the	webpage.	Tools	for	predicting	consumer	preferences	

have	 existed	 for	 decades	 but	 they	 didn’t	 become	 popular	 until	 the	 1990s.	 (Davenport	 &	

Harris	2009,	24.)	

In	 decision-making,	 both	 quantitative	 and	 qualitative	 information	 are	 needed	 to	 make	

successful	 decisions.	 The	 common	 way	 is	 to	 make	 a	 division	 between	 data,	 information,	

knowledge	 and	 wisdom	 or	 intelligence.	 The	 level	 of	 information	 needed	 varies	 between	

different	 managers,	 and	 one	 way	 to	 identify	 the	 information	 needs	 is	 to	 use	 three	

dimensions.	The	first	dimension	is	to	define	the	source	of	the	information.	Information	can	
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be	 gathered	 from	 inside	 the	 organization,	 e.g.	 employees	 and	 operational	 databases,	 or	

outside	 of	 the	 company,	 e.g.	 from	 the	 newspapers,	 research	 reports	 and	 Internet.	 The	

second	 dimension	 is	 the	 subject	 of	 the	 information	 referring	 to	 how	 the	 content	 of	 the	

information	can	be	internal	or	external.	The	third	dimension	is	the	type	of	the	information,	

which	 is	 divided	 into	 quantitative	 and	 qualitative	 information.	 Quantitative	 information	 is	

information	 like	statistics	that	 is	easy	to	manage,	while	qualitative	 information	 like	visions,	

ideas	and	cognitive	structures	are	more	difficult	to	communicate	and	share.	(Pirttimäki	2007,	

48.)	

Data	 analytics	 can	 also	 be	 divided	 into	 dimensions	 that	 are	 domain,	 orientation	 and	

technology.	Domain	 refers	 to	a	 field	where	 the	analytics	 is	utilized.	Under	 the	domain	are	

subdomains,	 which	 both	 can	 belong	 to	 different	 business	 fields	 e.g.	 marketing,	 human	

resources,	 business	 strategy,	 organization	 behavior,	 operations,	 supply	 chain	 systems,	

information	 systems	 and	 finance.	 Researchers	 from	 different	 disciplines	 don’t	 typically	

actively	share	experiences	with	each	other.	In	analytics,	there	are	many	similarities	between	

disciplines	that	would	help	to	learn	from	each	other	especially	because	the	core	issues	of	the	

analytics	apply	to	all	domains.	(Holsapple	et	al.	2014,	132.)	

The	third	dimension	is	technology.	It	defines	the	way	analytics	are	done,	e.g.	some	analytics	

techniques	are	based	on	 technology	and	 some	on	practice.	One	way	 is	 to	define	analytics	

between	structured,	semi-structured	and	unstructured	cases.	Different	approaches	are	also	

used	 to	 define	 analytics	 e.g.	 data	 mining,	 text	 mining,	 audio	 mining,	 online	 analytical	

processing,	data	warehousing,	query-based	analysis,	dashboard	analytics	and	visual	mining.	

(Holsapple	et	al.	2014,	132.)		

Research	into	big	data	related	decision-making	has	shown	that	the	main	issues	in	data	are	in	

processing	 and	 manipulation	 but	 also	 in	 noise	 and	 errors.	 Processing	 and	 manipulation	

relates	to	a	situation	where	only	one	part	of	the	data	is	available.	That	can	cause	bias	to	the	

results	compared	to	 if	 the	whole	dataset	had	been	used.	Noise	 is	a	problem	 in	a	situation	

where	 data	 is	 incorrectly	 connected	 to	 another	 dataset.	 That	 might	 cause	 mixing	 of	 the	

identities	or	connecting	data	 from	different	 time	periods.	However,	 this	 is	not	necessary	a	

problem	with	data	analytics	when	the	goal	 is	to	reveal	different	patterns.	Errors	can	cause	

problems	in	situations	when	the	data	source	of	the	collected	data	is	unknown.	If	there	is	not	
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enough	 understanding	 of	 the	 data,	 there	 is	 a	 risk	 of	 results	 having	 errors.	 (Janssen	 et	 al.	

2016,	5.)	

The	 Internet	 consists	 of	 many	 sources	 where	 information	 is	 possible	 to	 gather.	 Today,	

information,	 data	 generation	 and	 acquisition	 are	 made	 easy	 and	 almost	 instant,	 but	 the	

systems	and	processes	that	are	used	in	reality	are	often	complex.	Data	that	is	collected	from	

the	real-world	systems	often	has	noise	and	is	incomplete.	Other	problems	are	if	parameters	

or	structures	are	unavailable	or	if	the	environment	in	which	the	system	or	process	operates	

is	not	possible	to	verify.	(Jain	&	Lim	2009,	1.)		

Several	 factors	 describe	 data	 quality,	 e.g.	 accuracy,	 timeliness,	 completeness,	 consistency,	

relevance	and	fitness	 for	use	 (Janssen	et	al.	2016,	2).	One	of	 the	 important	 things	 is	 to	be	

sure	of	the	availability	of	high-quality	data	volumes.	Many	companies	have	large	amounts	of	

data	 collected	 from	 e.g.	 ERP	 systems,	 point-of-sale	 systems	 or	 Internet	 transactions.	 The	

problem	with	 that	 kind	 of	 a	 data	 is	 ensuring	 the	 quality	 of	 the	 data.	 One	 issue	 is	 also	 to	

decide	the	type	of	the	data	that	will	be	easily	available	in	data	warehouses.	(Davenport	et	al.	

2006,	46.)		

Everyday	 business	 processes	 are	 becoming	 more	 automated,	 which	 makes	 it	 possible	 to	

gather	data	from	different	systems	and	processes.	This	kind	of	data	is	called	transaction	data	

and	it	is	used	to	find	meaningful	insights.	On	some	level,	automation	without	direct	human	

intervention	 is	 possible.	 Still,	 that	 is	 usually	 only	 practical	 for	 the	 most	 structured	 and	

routine	decision	processes.	For	important	decisions,	the	automated	solutions	cannot	replace	

skilled	 humans	 as	 decision-makers.	 (Davenport	 et	 al.	 2001,	 137.)	 Also,	 systems	 that	 help	

decision-making,	 e.g.	 recommendation	 and	 prediction	 systems	 should	 not	 be	 taken	 as	 an	

automatic	answer,	because	they	can’t	replace	decision-making.	The	need	to	do	business	or	

cultural	judgments	still	exists.	(Davenport	&	Harris	2009,	24.)	

2.2 Data	analytics	in	organizational	level	

From	 one	 perspective,	 analytics	 are	 as	 old	 as	 business	 itself	 (Agrawal	 2014,	 332).	 The	

historical	 roots	 of	 business	 analytics	 can	 be	 traced	 back	 to	 Frederick	 Taylor	 who	 used	

analytical	methods	 in	 his	 observations.	 The	 development	 of	 information	 systems	 changed	
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the	work	of	the	 IT	teams,	as	they	were	required	to	provide	reports	and	dashboards	to	the	

organization.	(Saxena	&	Srinivasan	2013,	4.)		

Corporate	management	needs	information	of	the	1)	company	or	business	environment	from	

the	facts	and	situations,	2)	quantitative	and	qualitative	objectives,	3)	methods	or	means	and	

factors	that	the	company	can	use	to	match	the	objectives.	Different	information	needs	can	

be	 roughly	 divided	 in	 half	 between	 internal	 and	 external	 information	 needs.	 Internal	

information	 is	 usually	 company	 specific	 information,	 like	 sales	 figures	 and	 employee	

information,	 when	 external	 information	 is	 information	 of	 the	 competitors,	 partners	 and	

customers.	(Pirttimäki	2007,	44.)	

Figure	3.	Different	managerial	needs	for	information	(Pirttimäki	2007)	

The	needs	for	the	information	vary	in	different	levels	of	the	management.	On	the	operative	

level,	 which	 is	 sometimes	 also	 defined	 as	 the	 lowest	 level	 of	 information,	 the	 internal	

information	of	the	company	plays	a	more	important	role	than	the	external	information.	The	

situation	 is	 the	 opposite	 on	 the	 strategic	 level,	 where	 the	 external	 information	 is	 more	

important.	On	 the	other	hand	 the	division	of	 the	 lower	and	higher	 level	 is	not	always	 the	

case.	 Usually	 in	 strategic	 management	 the	 information	 is	 in	 relation	 to	 upcoming	

possibilities,	 as	 strategic	 management	 is	 more	 focused	 on	 the	 future.	 Operative	
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management	needs	more	detailed	information	and	it	focuses	more	on	the	past	experiences.	

Strategic	 decisions	 have	 more	 impact	 in	 business	 and	 the	 quality	 requirements	 for	

information	are	higher.	(Pirttimäki	2007,	45.)	

On	 different	 management	 levels	 the	 time	 orientation	 is	 also	 different.	 E.g.	 owners	 and	

people	 in	 strategic	management	 need	 information	 that	 is	 long-term	 and	 forward-looking.	

That	kind	of	information	can	be	quite	rough	as	it	is	used	to	form	the	direction	of	the	trends,	

but	in	strategic	planning	information	is	needed	both	from	the	outside	business	environment	

and	from	the	company’s	own	actions.	 In	the	middle	management	both	medium	and	short-

term	 information	 is	 needed,	 as	 managers	 in	 that	 level	 supervise	 the	 implementation	 of	

strategies	and	share	resources.	People	who	make	decisions	on	lower	levels	often	need	very	

detailed	information.	Information	needs	are	usually	referred	to	operational	information	and	

the	challenge	is	to	recognize	different	information	needs.	(Pirttimäki	2007,	47.)		

On	 the	 other	 hand,	 feelings	 also	 have	 a	 role	 in	 decision-making.	 E.g.	 in	 fashion	 industries	

famous	designers	have	been	the	ones	who	have	made	decisions	of	the	trends.	In	that	kind	of	

situation	 data,	 statistics	 or	 predictive	 models	 have	 not	 been	 so	 remarkable.	 Even	 some	

cultural	 structures	 might	 affect	 decision-making,	 which	 has	 traditionally	 involved	

negotiations	and	meeting	people	whose	goal	 is	 to	 influence	decisions.	The	use	of	analytics	

would	also	mean	a	cultural	change	in	some	areas	of	business.	(Davenport	&	Harris	2009,	24,	

29.)	

In	the	organizations,	the	way	data	analytics	are	conducted	can	be	divided	to	three	different	

pathways	that	are	based	on	the	maturity	of	the	organization’s	ability	to	use	data	analytics.	

The	 first	 phase	 is	 the	 simple	do-it-yourself	 approach,	which	 is	 followed	by	 a	 phase	where	

analytics	 are	 seen	 as	 a	 specialized	 staff	 function.	 In	 the	 final	 phase	 analytics	 are	 used	 to	

provide	full	lifecycle	support.	(Saxena	&	Srinivasan	2013,	1.)	
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Figure	4.	Analytics	pathways	(Saxena	&	Srinivasan	2013)	

In	first	“do	it	yourself”	phase	people	are	using	analytics	in	every	step	from	idea	to	execution.	

This	 phase	 requires	 the	 right	 analytics	 techniques,	 time	 and	 tools	 from	 everyone	 who	 is	

involved	 in	 the	 cycle	 to	 be	 able	 to	 make	 the	 analysis.	 However,	 in	 practice	 this	 is	 only	

possible	for	small,	specialized	teams	that	have	focused	on	limited	outcomes,	as	in	every	step	

the	 knowledge	 of	 the	 subject	 expands	 and	 the	 demands	 for	 the	 productivity	 increase.	

(Saxena	&	Srinivasan	2013,	2.)	

For	 many	 companies	 the	 second	 phase	 is	 a	 default	 where	 the	 analytics	 is	 seen	 as	 a	

specialized	 staff	 function.	 The	 analytics	 team	 is	 working	 as	 an	 extension	 to	 the	 finance,	

operations,	marketing	etc.	 teams.	This	 type	of	approach	 is	good	 for	 the	organization,	as	 it	

brings	 scalability,	 but	 it	 is	 lacking	 when	 the	 analytics	 are	 wanted	 to	 be	 used	 as	 a	 game	

changer.	(Saxena	&	Srinivasan	2013,	2.)	

The	 last	phase	 is	 to	use	analytics	 to	provide	 full	 lifecycle	 support.	Analytics	have	been	 re-

connected	to	the	business	needs	and	there	is	a	specialized	function	that	leverages	the	best	

of	the	previously	mentioned	approaches.	(Saxena	&	Srinivasan	2013,	2.)		
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Davenport	 et	 al.	 (2006)	 have	 divided	 organizations	 to	 five	 stages	 depending	 on	 their	

completeness	 to	 utilize	 analytics.	 These	 stages	 are	 1)	 major	 barriers,	 2)	 local	 activity,	 3)	

vision	not	yet	 realized,	4)	almost	 there	and	5)	analytical	competitors.	 In	 the	 first	stage	the	

organization	 is	 eager	 to	 become	 more	 analytical,	 but	 it	 lacks	 skills	 and	 will.	 It	 has	 both	

organizational	 and	 technical	 barriers	 and	 it	 is	 not	 on	 the	 path	 to	 become	 an	 analytical	

competitor.	(Davenport	et	al.	2006,	42.)	

The	second	stage	is	quite	similar	with	Saxen	&	Srinivasan’s	first	“do	it	yourself”	phase.	The	

organization	has	analytical	activity	in	some	functions	or	units	e.g.	in	marketing.	Activities	in	

BI	 or	 other	 analytics	 system	 has	 brought	 some	 benefits	 but	 not	 enough	 to	 affect	 the	

competitive	strategy.	Often	a	vision	of	analytical	competitive	edge	is	missing.	(Davenport	et	

al.	2006,	42.)	

Organizations	 in	 the	 third	 stage	have	 realized	 the	value	of	 analytics	 and	 some	might	have	

vision	for	analytics,	but	the	organization	has	not	started	to	implement	it	yet.	High	autonomy	

between	 different	 business	 units	 can	 also	 cause	 difficulties	 in	 expanding	 analytics	 to	 the	

whole	 organization.	 (Davenport	 et	 al.	 2006,	 42.)	 This	 stage	 has	 similarities	with	 Saxena	&	

Srinivasan’s	second	phase,	where	the	analytics	are	a	special	staff	function.	

Stage	1	Major	barriers	 • Lack	of	will	

• Lack	on	skills	

• Technical	and	organizational	barriers	

Stage	2	Local	activity	 • Efforts	mainly	local	

• Efforts	limited	to	certain	functions	or	units	

Stage	3	Vision	not	yet	realized	 • Analytical	vision	defined,	not	implemented	yet	

• High	business-unit	or	functional	autonomy	hinders	overall	

analytics	implementation	

Stage	4	Almost	there	 • Vision	defined	and	almost	achieved	

Stage	5	Analytical	competitors	 • Analytical	competition	as	a	primary	dimension	of	strategy	

Table	1.	Analytical	stages	in	organizations	(Davenport	2006)	
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The	last	two	stages	are	quite	similar	with	Saxena	&	Shrinivasan’s	phase	three.	In	the	fourth	

stage	 the	organization	 is	 close	 to	 achieving	 its	 analytics	 vision.	 The	organization	 considers	

analytics	a	part	of	a	whole	organization	and	also	uses	 it	 in	competition.	The	difference	 for	

the	top	companies	is	that	top	companies	are	successful	at	least	partly	due	to	their	analytical	

strategies.	Companies	are	committed	to	their	analytical	strategy	from	the	all	way	down	up	

to	the	CEO	level	and	realize	that	not	only	CEO’s	but	also	CIO’s	are	in	an	important	role	when	

competing	with	analytics.	CIO’s	can’t	change	the	company	strategy	alone,	but	they	can	make	

it	possible	to	compete	with	analytics	because	they	can	develop	a	culture	for	analytics,	build	

special	 analytical	 skills	 and	 create	 an	 analytical	 architecture.	 They	 can	 also	 establish	

relationships	 between	 analysts	 and	 decision-makers.	 (Davenport	 et	 al.	 2006,	 43.)		

Relationships	between	business,	analytic	and	IT	people	were	also	mentioned	as	being	crucial	

in	the	final	and	the	most	challenging	phase	in	Saxena	&	Srinivasan’s	framework.	

One	of	the	major	challenges	faced	when	using	big	data	in	decision-making	is	to	find	the	right	

people	 with	 the	 right	 skills.	 Other	 challenges	 include	 missing	 understanding	 of	 the	 data	

collection,	 implementation	 of	 the	 organization’s	 processes	 or	 how	 the	 collected	 data	

disrupts	them.	(Janssen	et	al.	2016,	6.)	Different	departments	may	have	different	tools	and	

interfaces	 e.g.	 separate	 ERP	 and	CRM	 systems.	 In	 that	 kind	 of	 a	 situation,	 a	 data	 services	

platform	 helps	 to	 connect	 scattered	 infrastructure	 into	 a	 single	 interface.	 For	 an	

organization,	 it	 is	 a	 necessity	 to	 create	 an	 interface	 that	 allows	 navigating	 in	 system	 and	

data.	 That	 is	 especially	 useful	 for	 the	 people	 who	 use	 reporting	 and	 analytics	 tool.	

(Greengard	2010,	23.)	

Holsapple	et	al.	(2014)	have	defined	a	unified	framework	for	business	analytics	that	has	six	

different	perspectives	that	summarizes	the	whole	process	of	data	analytics	on	the	business	

level:	1)	movement,	2)	collection	of	practices	&	technologies,	3)	transformation	process,	4)	

capability	set,	5)	specific	activities	and	6.decisional	paradigm.	(Holsapple	et	al.	2014,	136.)	

The	framework	starts	from	the	bottom	from	the	business	analytics	movement.	Movement	is	

a	 mind-set	 that	 guides	 business	 analytics	 being	 a	 part	 of	 the	 organization’s	 strategies,	

operations	and	tactics.	Business	analytics	is	considered	as	a	foundation	for	the	actions	that	

are	 made.	 (Holsapple	 et	 al.	 2014,	 134.)	 Movement	 is	 the	 base	 of	 the	 framework.	 It	 is	

powered	 by	 a	 philosophy	 and	 culture,	 which	 become	 principal	 values	 when	 analytics	
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philosophy	 is	 adopted	 and	 analytics	 culture	 developed.	 Together	 with	 values	 like	

transparency,	integrity,	excellence	and	accountability	they	are	shaping	how	the	organization	

operates.	(Holsapple	et	al.	2014,	136.)	

The	second	perspective	is	called	collection	of	practices	and	technologies.	It	focuses	on	how	

to	 increase	 understanding,	 make	 predictions	 and	 generate	 new	 valuable	 knowledge.	

(Holsapple	et	al.	2014,	134.)	That	perspective	 is	most	common	 in	business	analytics	and	 it	

often	 includes	 only	 analytics	 where	 the	 numbers	 are	 in	 the	 main	 role.	 Analytics	 itself	

however	is	also	much	more	than	only	manipulating	numbers.	(Holsapple	et	al.	2014,	136.)	

In	 the	 third	 perspective	 a	 transformation	 process	 is	 in	 the	main	 role.	 The	 focus	 is	 on	 the	

process	 that	drives,	coordinates,	controls	and	measures	 the	transformation.	The	questions	

to	 ask	 in	 this	 perspective	 are	 what,	 why,	 when	 and	 how.	 The	 fourth	 perspective	 is	 a	

capability	 set	 that	 defines	 the	 way	 that	 analytics	 are	 done.	 An	 organization	 might	 have	

several	technologies	in	use,	but	the	level	of	the	capability	to	use	the	technologies	is	the	thing	

where	to	focus.	(Holsapple	et	al.	2014,	134.)	Suitable	capability	set	is	the	thing	that	also	puts	

movement	forward.	Even	a	strong	set	of	capabilities	is	not	effective	if	the	movement	is	not	

applied	to	the	competencies.	(Holsapple	et	al.	2014,	136.)	

The	fifth	perspective	 is	activity	types	set,	where	the	defined	activities	are	access,	examine,	

aggregate	and	analyze,	but	it	can	also	include	other	relevant	activities	(Holsapple	et	al.	2014,	

135).	 The	 sixth	 perspective	 is	 a	 decisional	 paradigm,	 which	 is	 an	 umbrella	 concept	 that	

covers	the	earlier	perspectives	(Holsapple	et	al.	2014,	135).	
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Figure	5.	Framework	for	data	analytics	in	business	level	(Holsapple	et	al.	2014)	

2.3 Challenges	of	data	analytics	in	business	level	

So-called	 organizational	 silos	 have	 an	 effect	 on	 data	when	 it	 is	 used	 for	 decision-making.	

There	 are	 usually	many	 parties	 in	 organizations	 that	 are	 involved	 in	 collecting,	 processing	

and	 using	 the	 data	 instead	 of	 one	 single	 department	 or	 organization.	 That	 increases	 the	

difficulty	 of	 using	 data	 in	 decision-making,	 as	 each	 department	 has	 an	 influence	 on	 the	

quality	 of	 the	 data.	 Sometimes	 there	might	 even	 be	 differences	 in	 how	 data	 is	 collected,	

prepared	 and	 analyzed.	 (Janssen	 et	 al.	 2016,	 2.)	 Data	 can	 also	 be	 in	 silos	 if	 valuable	 data	

resides	in	software,	systems	and	storage	devices	where	it	is	not	available	for	use.	Even	small	
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errors	 can	 make	 differences	 in	 the	 results	 if	 the	 data	 is	 distorted	 or	 misinterpreted.	

(Greengard	2010,	21,	23.)	

Using	business	analytics	successfully	requires	collaboration	from	the	business	unit,	analytics	

team	 and	 IT	 (Saxena	 &	 Srinivasan	 2013,	 3).	 Analytics	 are	 usually	 successfully	 adopted	 in	

organizations	that	have	created	a	culture	that	supports	analytics.	Often	changes	in	culture,	

process,	behavior	and	skills	are	also	required.	Changes	on	that	level	need	support	from	the	

senior	 executives	 because	 they	 won’t	 happen	 accidentally.	 (Davenport	 et	 al.	 2006,	 44.)	

Research	shows	that	analytic	projects	are	more	likely	to	succeed	if	they	have	support	from	

the	leaders.	Leaders	can	impact	business	culture	and	they	also	have	access	to	the	resources,	

e.g.	 people,	 money	 and	 time,	 which	 are	 needed	 to	 improve	 analytical	 capabilities.	 Still,	

almost	any	employee	can	also	be	in	a	key	role	as	an	analytical	 leader.	(Davenport	&	Harris	

2010,	28.)	 If	there	are	problems	in	developing	a	strategy	for	analytics,	the	reason	can	be	a	

lack	of	business	processes,	standards	and	governance	procedures	(Greengard	2010,	21).		

It	 is	also	critical	to	understand	the	difference	between	the	different	departments.	Business	

users	are	usually	consumers	of	analytics.	They	need	models	that	help	them	increase	and	run	

the	business	more	effectively.	A	requirement	for	an	analyst	is	to	understand	the	business	to	

be	able	to	build	models	successfully.	If	there	is	not	enough	output	from	the	business	side	to	

the	analytics	team,	there	is	a	risk	of	frustration	and	disbelief	that	analytics	can	provide	the	

value	 that	 has	 been	 promised	 and	 help	 the	 business	 in	 their	 work.	 (Saxena	 &	 Srinivasan	

2013,	4.)		

The	 analytics	 team	 works	 with	 the	 analytics	 lifecycle	 helping	 in	 different	 actions	 e.g.	

generating	ideas,	developing	analysis	and	enabling	rational	decision-making.	IT	provides	the	

necessary	data	infrastructure,	supports	with	the	necessary	tools	and	delivers	model	outputs	

e.g.	dashboards,	reports	and	other	tools	to	the	business	unit.	(Saxena	&	Srinivasan	2013,	3.)	

When	it	comes	to	IT,	the	business	users	need	to	realize	that	the	specifications	for	analytics	

systems	 need	 to	 evolve	 as	 customers,	 competitors,	 employees,	 suppliers	 and	 markets	

change	 instead	of	 thinking	 IT	as	a	 supplier	who	 is	delivering	computer	 systems.	 (Saxena	&	

Srinivasan	2013,	4.)	

One	 challenge	 is	 information	overload,	which	 in	 decision-making	 literature	 is	 defined	 as	 a	

situation	 where	 person	 receives	 too	 much	 information.	 Actions	 that	 are	 used	 to	 reduce	
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information	overload	should	not	be	done	in	 isolation.	The	development	of	the	information	

technology	can	be	used	to	impact	the	quality	of	information	as	well	as	the	motivation	of	the	

individual.	(Locke	et	al.	2015,	218.)	Decision-makers	are	assumed	to	know	what	they	need	to	

know,	 but	 actually	 they	 don’t	 know	 to	 seek	 information	 if	 they	 don’t	 know	 that	 the	

information	 exists.	 Despite	 the	 information	 overload,	 there	 is	 often	 a	 gap	 between	 the	

decision-makers	and	the	information	that	is	available.	(Pyle	1999.)	

Collaboration	among	different	departments	makes	the	quality	of	the	data	better	(Janssen	et	

al.	2016,	6),	but	that	also	often	creates	the	need	to	work	more	closely	with	other	business	

functions,	which	can	be	challenging	(Saxena	&	Srinivasan	2013,	3).	The	analysts	often	treat	

themselves	as	data	and	math	experts	and	easily	forget	the	usability	of	the	decision-making	

models.	One	common	way	 in	the	organizations	 is	to	use	their	 IT	department	as	a	supplier,	

instead	of	analytics	and	 IT	teams	collaborating	to	tackle	the	business	needs	together.	That	

will	sometimes	 lead	to	business	users	working	directly	with	the	 IT	teams	without	 including	

analysts	to	the	collaboration	at	all.	(Saxena	&	Srinivasan	2013,	4.)	Instead	of	analysts	working	

only	 together,	 they	 should	 work	 in	 the	 organization’s	 core	 business	 functions	 that	 are	

strategically	the	most	competitive	in	the	markets.	Another	option	would	be	to	locate	them	

under	 the	 CIO	 because	 they	 use	 IT	 and	 online	 data.	 A	 close	 and	 trusting	 relationship	

between	quantitative	analysts	and	decision-makers	is	important	and	crucial	to	the	success	of	

the	analytical	strategy.	(Davenport	et	al.	2006,	45.)		

IT’s	 perspective	 is	 usually	 to	 consider	 itself	 as	 a	 provider	 of	 BI	 and	 Data	 Warehousing	

infrastructure	 and	 tools.	 That	means	 that	 IT	 considers	 its	 responsibility	 to	 be	 a	 partner	 in	

providing	data	by	building	a	data	warehouse	which	enables	reporting,	dashboards	and	tools	

to	 make	 analytics	 possible.	 Investments	 might	 become	 a	 failure	 if	 analysts	 and	 business	

managers	don’t	use	 the	 features.	 (Saxena	&	Srinivasan	2013,	4.)	 Instead	of	all	 these	 three	

functions	working	in	silos,	they	should	collaborate	and	provide	full	cycle	analytics	support	for	

business	 functions.	 (Saxena	&	 Srinivasan	2013,	 5.)	Different	 employees	 and	business	units	

should	 also	 take	 responsibility	 of	 their	 products	 and	 the	 analytics	 team	 should	 also	 be	

involved	 in	 each	 IT	 project	 as	 early	 as	 possible.	 Close	 involvement	 in	 projects	 from	 IT	

architectures	to	data	discovery	increases	the	possibility	that	everyone	knows	what	to	expect.	

(Davenport	&	Harris	2010,	29.)	
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In	the	past	the	technology	that	was	used	in	analytics	has	been	scattered	in	organizations	to	

many	 tools,	 models	 and	 spreadsheets,	 but	 to	 succeed	 in	 analytics,	 organizations	 need	

analytical	architecture	(Davenport	et	al.	2006,	45).	Traditional	BI	tools	are	often	not	flexible	

enough,	and	also	many	databases	are	not	designed	for	fast	change.	Many	BI	solutions	don’t	

interface	well	with	data	sources	that	commonly	don’t	use	social	media	or	other	untraditional	

data	 sources.	 BI	 systems	 are	 also	 often	 not	 designed	 for	 the	 complex	 computing	

environment	that	many	organizations	have	nowadays.	As	the	data	in	organizations	is	mostly	

a	collection	of	different	sources	both	inside	and	also	outside	of	the	organization,	there	is	a	

need	to	connect	different	data	sources	and	use	web	2.0	tools	and	mobile	solutions	for	data	

analyzing.	(Greengard	2010,	21.)		

For	organizations,	data	analytics	often	require	well-designed	infrastructure	and	software	for	

mining	and	analytics,	as	well	as	effective	data	collection	tools.	Only	when	the	organizational	

requirements	 are	 filled	 it	 is	 possible	 to	 find	 hidden	 trends,	 financial	 patterns,	 business	

opportunities	or	other	 important	 information.	 (Greengard	2010,	20.)	Many	 times	software	

providers	offer	ready-made	solutions	for	predictive	analysis,	which	will	have	features	such	as	

market	 basket	 analysis,	 fraud	 detection	 and	 affinity	 analysis.	 The	models	 that	 are	 used	 in	

these	solutions	need	reviewing	by	individuals	who	are	familiar	with	the	statistics	to	ensure	

the	right	techniques	that	will	avoid	misinterpretations.	(Bauer	2005,	76.)	

Several	 problems	 and	 challenges	 in	 analytics	 have	 made	 organizations	 to	 integrate	 the	

company	 technologies	 for	 business	 analytics.	 That	 approach	 requires	 IT	 organization	 to	

develop	 new	 and	 broader	 ways	 to	 extract	 and	 clean	 data,	 load	 and	 maintain	 data	

warehouses,	 conduct	 data	 mining	 and	 engage	 in	 queries	 and	 reporting.	 Earlier,	 different	

vendors	 delivered	 many	 tools	 and	 there	 usually	 were	 problems	 in	 integrating	 them,	 but	

nowadays	many	leading	vendors	have	solutions	for	all	organization	levels.	(Davenport	et	al.	

2006,	45.)		

Decision-making	 in	 general	 has	 also	 not	 been	 the	 subject	 of	 explaining	 or	 reviewing	 in	

organizations,	 but	 some	 companies	 have	 considered	 starting	 to	 evaluate	 the	 results	

afterwards	to	see	if	the	available	data	was	used	in	decisions.	Information	and	data	that	was	

used	for	the	decision	should	be	evaluated	as	well	and	the	lessons	that	could	be	learned	from	

them	considered.	(Davenport	et	al.	2001,	131.)	
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Research	question	1:	What	should	be	considered	by	organizations	as	the	basis	of	utilizing	

analytics	and	data-driven	decision	making?	

The	reason	to	do	data	

analysis	

Organization	needs	to	define	why	it	is	doing	a	data	analysis	

and	what	information	it	wants	to	obtain.	

The	level	of	the	information	 Organization	needs	to	analyze	the	level	of	the	information	

that	it	needs	by	using	data	analytics	(fig	3).	

Analytical	framework	 Organization	needs	to	build	an	understanding	of	the	whole	

analytical	process	(fig	5).	

Analytical	readiness	 Organization	should	define	its	readiness	to	successfully	use	

analytics	(table	1)	and	the	points	that	it	needs	to	improve.	

Analytical	culture	 Organization	needs	to	assess	its	analytical	culture	(fig	4)	and	

analyze	the	factors	that	will	improve	the	culture	to	make	it	

more	ready	for	analytics.	

Technical	readiness	 Organization	needs	to	assess	its	analytical	systems	and	data	

sources	to	ensure	reliable	results.	

Table	2.	Summary	of	chapter	2		 	
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3. DATA	 MINING	 –	 A	 PROCESS	 TO	 EXTRACT	 KNOWLEDGE	 FROM	

DATA	

“Data	 mining	 is	 at	 best	 a	 vaguely	 defined	 field	 its	 definitions	 largely	 depends	 on	 the	

background	and	views	of	the	definer.”	(Friedman	1997)	

Data	mining	is	a	rather	new	discipline	considering	its	connection	to	information	technology	

and	 computer	 science	 (Äyrämö	 2006,	 30).	 One	 definition	 of	 data	 mining	 is	 that	 it	 is	 an	

analysis	 of	 observational	 data	 sets	 that	 are	 used	 to	 find	 unexpected	 relationships	 and	 to	

summarize	data	 in	a	ways	 that	are	both	easy	 to	understand	and	useful	 to	 the	data	owner	

(Hand	et	al.	2001,	1).	To	put	it	simply,	extracting	or	mining	knowledge	from	large	amount	of	

data	 is	 called	data	mining.	The	process	of	using	 tools	 to	extract	knowledge	 from	the	 large	

dataset	 is	 the	basis	of	 the	data	mining.	 (Purohit	et	al.	2012,	458.)	Data	mining	 is	also	one	

phase	of	the	KDD	process.		

One	way	 to	 define	 data	mining	 is	 to	 define	 it	 as	 a	 set	 of	mathematical	models	 and	 data	

manipulation	techniques	that	are	used	to	discover	new	knowledge	in	databases.	The	tasks	or	

functions	using	the	techniques	are	divided	by	the	analytical	function	or	their	implementation	

focus.	(Refaat	2010,	6.)	 In	statistics,	data	is	often	collected	to	answer	to	specific	questions,	

but	in	data	mining	the	objectives	in	data	collection	are	not	in	the	main	role.	That	is	a	reason	

why	data	mining	is	sometimes	called	“secondary”	data	analysis.	(Hand	et	al.	2001,	1.)		

Database	and	information	technology	has	been	developed	gradually	allowing	effective	data	

mining	 today.	 Computer	 hardware	 technology	 development	 has	 allowed	 storing	 large	

amounts	 of	 data,	 but	 has	 also	 led	 to	 a	 situation	 where	 organizations	 are	 “data	 rich	 but	

information	 poor”.	 Data	 achieves	 can	 easily	 become	 data	 tombs	 –	 places	 where	 nobody	

visits	if	decisions	makers	and	company	employees	don’t	have	necessary	tools	to	handle	data	

that	has	exceeded	our	ability	to	understand	it	alone.	(Han	et	al.	2014,	4.)	
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Figure	6.	The	evolution	of	database	technology	(Han	et	al.	2014)	

Data	mining	algorithms	consist	of	three	components:	model,	preference	criterion	and	search	

algorithm	(Fayaad	et	al.	1996,	31).	Models	or	patterns	that	have	been	found	from	the	data	

have	 an	 important	 role	 (Fayaad	 et	 all	 1996,	 Turban	 et	 al.	 2011).	 One	 discussion	 in	 data	
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mining	 is	patterns	and	how	they	are	defined.	Two	main	methods	determine	 this.	The	 first	

one	uses	mathematical	measures	that	define	the	 interestingness.	The	second	one	 is	based	

on	users’	subjective	knowledge	on	assessing	the	method.	(McGarry	et	al.	2005,	176.)		

To	conduct	data	mining	successfully,	data	quality	 is	one	 issue	to	consider.	Data	quality	has	

two	viewpoints:	quality	of	individual	measurements	and	quality	of	the	dataset.	A	commonly	

known	acronym	in	data	mining	 is	GIGO,	for	“garbage	in,	garbage	out”.	 If	the	quality	of	the	

data	is	poor,	there	is	a	risk	that	problems	are	multiplying	in	data	analysis.	The	reason	for	the	

errors	is	usually	human	carelessness	and	failures	in	measuring	instruments,	but	also	the	lack	

of	defining	what	is	measured.	(Hand	et	al.	2001,	45.)		

Data	quality	issues	in	datasets	are	often	related	to	the	size	and	limitations	of	the	dataset.	If	

the	 dataset	 is	 collected	 from	 a	 specific	 group,	 it	 might	 cause	 bias	 if	 the	 group	 has	 some	

specific	features	compared	to	other	groups.	E.g.	data	that	is	collected	from	the	people	that	

work	in	an	office	is	not	sufficient	to	use	to	explain	all	the	citizens.	Incomplete	data	is	also	a	

quality	 issue	 as	 it	 raises	 the	 questions	 of	 why	 there	 are	 missing	 records	 and	 if	 some	

information	 is	 not	 available	 in	 the	 recorded	 data.	 Outliers	 are	 another	 problem	 in	 data	

quality.	Data	mining	is	used	to	spot	the	outliers	e.g.	in	fraud	cases,	but	if	the	aim	is	to	build	a	

model	from	the	data,	outliers	need	to	be	identified	and	removed	from	the	dataset.	(Hand	et	

al.	2001,	50.)	

It	is	also	noted	of	the	poor	data	quality	as	follows:	“Data	of	a	poor	quality	are	a	pollutant	of	

clear	thinking	and	rational	decision	making.	Biased	data,	and	the	relationships	derived	from	

such	 data,	 can	 have	 serious	 consequences	 in	 the	 writing	 of	 laws	 and	 regulations.”	 That	

notion	is	valid	also	in	science.	(Hand	et	al.	2001,	51.)	Every	large	dataset	can	be	assumed	to	

include	 suspect	 data.	 Data	 analysts	 and	 miners	 don’t	 usually	 have	 control	 for	 the	 data	

collection	process,	meaning	that	extra	awareness	is	important.	(Hand	et	al.	2001,	50.)	

3.1 From	data	to	knowledge	

In	information	science	the	three	concepts	data,	information	and	knowledge	are	considered	

as	 fundamental	 blocks.	 Data,	 information	 and	 knowledge	 are	 considered	 being	 in	 order	

where	 data	 is	 raw	material	 for	 information	 and	 information	 raw	material	 for	 knowledge.	

(Zins	2007,	479.)	This	hierarchy	has	however	been	criticized	and	argued	that	knowledge	 is	
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more	 than	 data	 and	 information	 (Braganza	 2004,	 248)	 and	 the	 difference	 between	

information	 and	 knowledge	 is	 often	 misunderstood	 (Aamodt	 &	 Nygård	 1995,	 192).	 In	

information	systems	context	it	is	also	questioned	that	should	the	research	consider	only	data	

and	 information,	 according	 to	 the	 name	 of	 the	 discipline,	 but	 not	 knowledge,	 that	 is	 a	

developed	 form	of	 information	 and	 “a	 product	 of	 a	 synthesis	 in	 the	mind	of	 the	 knowing	

person	existing	only	in	his	or	her	mind”	(Zins	2007,	479).	Also,	models	where	the	traditional	

data-information-knowledge	 hierarchy	 is	 reversed	 and	 data	 is	 the	 last	 result	 after	

information	and	knowledge	have	been	presented	(Braganza	2004,	355).		

Data	 is	a	starting	point	 in	knowledge	creation	(Turban	et	al.	2011).	 It	 is	patterns	without	a	

meaning	and	it	needs	interpretation	to	become	information	(Aamodt	&	Nygård	1995,	197).	

Data	is	facts	and	observations	that	in	a	particular	context	will	become	information	(Braganza	

2004,	 348)	 and	 it	 is	 the	 first	 level	 in	 the	 information	 hierarchy	 because	 it	 is	 possible	 to	

understand	 only	 through	 context	 (Pirttimäki	 2007,	 39).	 Data	 is	 also	 a	 primary	 part	 of	 the	

knowledge,	a	beginning	form	for	all	 the	more	advanced	forms	 like	knowledge	and	wisdom	

(Major	 &	 Cordey-Hayes	 2000,	 414).	 It	 is	 a	 set	 of	 unanalyzed	 separate	 and	 objective	 data	

elements	 like	 strings,	 signals,	 numbers,	 text	 and	photos	 (Pirttimäki	 2007,	 39).	 Information	

systems	 that	 store	 data	 are	 data	 systems	 and	 well-organized	 data	 is	 an	 origin	 of	 the	

information	(Major	&	Cordey-Hayes	2000,	414).	

Information	 is	 the	next	 form	of	 the	data	that	 is	 in	a	categorized	and	useful	 form	(Major	&	

Cordey-Hayes	2000,	414).	Information	is	also	interpreted	data	that	is	a	product	when	data	is	

raw	material	 for	 the	 product	 (Aamodt	 &	 Nygård	 1995,	 197).	 Information	 is	 in	 structured	

form	 and	 it	 consists	 of	 separate	 data	 units	 that	 are	 connected	 to	 each	 other.	 It	 is	 still	

possible	to	understand	only	if	it	has	a	value	for	the	receiver	and	it	often	contains	a	message	

or	 interpretation	 that	makes	 it	more	valuable	 for	 the	 receiver	 than	data.	 (Pirttimäki	2007,	

39.)		

In	 the	 third	 level	 of	 the	 information	 hierarchy	 is	 knowledge.	 Information	 turns	 into	

knowledge	 when	 it	 is	 combined	 with	 the	 significance	 (Pirttimäki	 2007,	 39),	 which	 is	

absorbed,	 understood	 and	 applied	 information.	One	way	 to	 define	 knowledge	 is	 that	 it	 is	

information	 that	 has	 a	 meaning	 (Major	 &	 Cordey-Hayes	 2000,	 414).	 Knowledge	 is	 also	

defined	as	learned	information.	It	is	ready	to	use	in	decision-making	and	a	result	of	learning.		
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Figure	7.	Knowledge	forms	in	two-dimensional	framework	(Major	&	Cordey-Hayes	2000)		

(Aamodt	&	Nygård	1995,	197.)	Also	information	that	is	used	in	decision-making	is	knowledge	

and	it	is	a	basement	for	actions	(Braganza	2004,	248).	Knowledge	can	have	both	structured	

and	 unstructured	 elements	 because	 information	 needs	 processing	 and	 connections	 for	

existing	mental	models	before	it	turns	into	knowledge.	(Pirttimäki	2007,	39.)	Knowledge	has	

a	 dual	 role	 in	 companies	 because	 it	 is	 forming	 the	 actions	 but	 also	 at	 the	 same	 time	 it	 is	

generated	in	the	companies.	Knowledge	is	also	closer	to	action	than	data	or	information	and	

that	makes	it	also	more	valuable.	However,	knowledge	is	also	more	rooted	to	the	employees	

and	 it	 depends	 on	 their	motivation	 how	 easy	 it	 is	 to	 protect	 or	 share	 it	 between	 others.	

(Pirttimäki	2007,	39.)	

The	 most	 advanced	 form	 of	 knowledge	 is	 wisdom	 that	 is	 formed	 from	 the	 earlier	 ones	

(Major	&	Cordey-Hayes	2000,	414)	and	it	is	also	sometimes	called	intelligence.	Intelligence	is	

not	only	summarized	information	but	it	is	also	knowledge	that	tells	how	the	specific	type	of	

information	can	be	applied.	Intelligence	is	crucial	in	detecting	trends	and	patterns,	and	it	is	

in	relationship	with	customers	and	company	activities	because	it	helps	to	find	the	significant	

changes	and	opportunities	that	are	needed	to	make	better	decisions.	(Pirttimäki	2007,	39.)	

Major	&	Cordey-Hayes	(2000)	have	created	a	two-dimensional	framework,	where	knowledge	

is	 characterized	 in	 four	 different	 forms:	 abstract,	 concrete,	 operational	 and	 strategic	

knowledge	 and	 located	 in	 vertical	 and	 horizontal	 axis.	 On	 the	 horizontal	 axis	 is	 concrete	

knowledge	that	is	tangible	and	often	favored	by	companies	who	want	discrete	and	concrete	
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knowledge	that	can	be	used	in	decision	making	as	operational	knowledge.	In	the	other	end	is	

abstract	 knowledge	 that	 is	 intangible	 or	 tacit	 knowledge.	 Operational	 and	 strategic	

knowledge	 are	 located	 on	 the	 vertical	 axis,	 the	 first	 one	 being	 short-term	 knowledge	 for	

decision-making	 and	 the	 second	 one	 being	 long-term	 knowledge	 that	 helps	 to	 find	 a	

strategic	direction	for	the	company.	(Major	&	Cordey-Hayes	2000,	418.)	

One	way	 to	 explain	 knowledge	 translation	 is	 to	 use	 the	 two-dimensional	 framework.	 The	

process	 starts	 and	 ends	 at	 the	 concrete	 end	 of	 the	 vertical	 axis.	 In	 the	 beginning	 data	 is	

concrete	 and	 tangible	 but	 it	 lacks	 of	 codification.	 After	 the	 collection	 data	 changes	 into	

information.	Organizing	 changes	 data	 into	 knowledge	 and	 it	 also	 loses	 its	 tangibility.	 First	

concrete	data	has	been	translated	through	different	abstract	elements	and	it	changes	back	

to	concrete	and	operational	 in	 the	wisdom	phase.	 (Major	&	Cordey-Hayes	2000,	420.)	The	

last	 phase	 is	 action,	 which	 is	 concrete	 but	 more	 short-term	 than	 wisdom	 that	 is	 more	

operational.	 Most	 organizations	 use	 internal	 knowledge	 like	 wisdom	 to	 take	 actions	 and	

search	for	external	knowledge	that	is	tangible	and	short-term.	(Major	&	Cordey-Hayes	2000,	

419.)	

Figure	 8.	 Knowledge	 translation	 in	 two-dimensional	 framework	 (Major	 &	 Cordey-Hayes	

2000)	
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Another	model	 of	 how	 to	 turn	 data	 into	 a	 form	 that	 can	 be	 used	 in	 decision-making	 and	

business	results	is	created	by	Davenport	et	al.	(2001).	It	consists	of	three	different	elements:	

context,	 transformation	and	outcomes.	The	model	 is	presented	 in	a	 form	of	a	cone	where	

the	context	 is	 the	 largest	part	of	 it,	 including	all	 the	 important	 factors	that	are	needed	for	

analysis.	 Possible	 factors	 are	 e.g.	 strategic,	 skill-related,	 organizational,	 cultural,	

technological	 and	 data	 factors.	 The	 second	 element	 is	 transformation,	 where	 the	 data	 is	

analyzed	and	used	 to	 support	decision-making.	 The	 last	 element	 is	outcomes	 that	 are	 the	

results	 of	 how	 to	 change	 actions	 in	 a	 company	 e.g.	 behaviors,	 programs,	 processes	 and	

financial	conditions.	(Davenport	et	al.	2001,	120.)	

Figure	9.	Turning	transaction	data	into	knowledge	and	results	(Davenport	et	al.	2001)	

Though	 the	 theory	 is	more	 general,	 it	 also	 gives	 an	 overview	 of	 decision-making	 and	 the	

functions	that	all	have	an	influence	on	decision-making,	showing	the	complexity	of	it.		
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3.2 Data	mining	categories	

Data	mining	has	three	different	categories:	descriptive,	predictive	and	prescriptive	analytics	

(Delen	 &	 Demirkan	 2013,	 361;	 Minsker	 2015,	 22).	 The	 goal	 of	 data	 mining	 defines	 the	

category	(Hand	et	al.	2001,	11).	Descriptive	analytics	identify	a	problem.	Predictive	analytics	

diagnose	the	problem	by	using	data	from	the	past	to	forecast	the	actions	that	might	happen	

in	 the	 future.	Prescriptive	analytics	gives	 solutions	 to	what	 should	be	done	next.	 (Minsker	

2015,	 22.)	 Several	 years	 ago	 companies	 used	 mostly	 historical	 data	 for	 decision-making	

(Rowe	2017,	21),	but	today	companies	don’t	only	need	solutions	for	analyzing	collected	data	

but	they	also	need	solutions	to	do	predictions	of	the	available	information	and	what	kind	of	

actions	to	take	(Minsker	2015,	22).		

Descriptive	 analysis	 describes	 the	 actions	 from	 the	 past	 (Rowe	 2017,	 21).	 It	 is	 close	 to	

business	reporting,	and	its	main	purpose	is	to	identify	business	opportunities	and	problems	

(Delen	 &	 Demirkan	 2013,	 361).	 Descriptive	 analysis	 is	 also	 a	 part	 of	 business	 intelligence	

(Power	 2014,	 225).	 Descriptive	 analysis	 is	 the	 basis	 for	 the	 predictive	 and	 prescriptive	

analysis.	Biased	data	can	affect	analysis	models	and	doesn’t	give	correct	information.	Tools	

to	manage	data	are	important	especially	because	companies	normally	collect	large	amounts	

of	 data	 from	 different	 sources	 that	 can	 include	 both	 structured	 and	 unstructured	 data.	

(Rowe	2017,	21.)	The	main	result	of	descriptive	modeling	is	used	to	describe	all	the	data	or	a	

process	of	generating	 it.	Commonly	used	models	 for	 this	are	segmentation	and	clustering.	

(Govaert	2010,	214.)	In	segmentation,	similar	units	are	usually	grouped	based	on	researchers	

decisions.	 The	 method	 is	 widely	 used	 in	 marketing	 to	 a	 group	 of	 people	 based	 on	 their	

purchases	or	demographic	data,	e.g.	age	and	income.	(Hand	et	al.	2001,	11.)	Clustering	will	

be	explained	in	chapter	5.	

Predictive	analysis	is	used	to	find	the	actions	that	might	happen	in	the	future.	It	answers	to	

the	 questions	 of	 why	 certain	 actions	 happened	 and	 what	 might	 happen	 next.	 While	

descriptive	 analytics	 is	 oriented	 to	 the	 past,	 predictive	 analytics	 is	 future	 oriented.	 (Rowe	

2017,	 22.)	 However,	 the	 data	 in	 the	 predictive	 analysis	 is	 from	 the	 past	 and	 it	 is	 used	 to	

predict	 events	 in	 the	 future	 (Turban	 et	 al.	 2011,	 200).	 In	 predictive	modeling,	 the	 known	

values	 of	 different	 variables	 are	 used	 to	 predict	 new	 variables	 (Hand	 et	 al.	 2001,	 13).		

Predictions	are	 influenced	by	experiences,	opinions	and	other	 relevant	data	 (Turban	et	 al.	

2011,	 200).	 Data	 and	 mathematical	 techniques	 e.g.	 statistics,	 machine	 learning,	 deep	
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learning,	 data	mining,	 simulation,	 trends,	 associations,	 affinities	 etc.	 are	 used	 to	 discover	

patterns	 from	 it	 (Rowe	 2017,	 22;	 Delen	&	Demirkan	 2013,	 361).	 Predictive	 analytics	 is	 an	

essential	 part	 of	 strategic	 planning	 to	 achieve	 long-term	 goals.	 For	 top	 executives	 the	

insights	 that	 are	 received	 from	 the	 predictive	 analytics	 should	 be	 a	 priority	 in	 decision-

making.	(Minsker	2015,	26.)		

The	advantage	of	predictive	analysis	is	that	it	is	possible	to	forecast	the	future	with	the	help	

of	the	models	and	processes	of	predictive	analysis	instead	of	just	predicting	the	past	(Bauer	

2005,	 76).	 A	 predictive	 model	 in	 finance	 can	 predict	 future	 exchange	 rates,	 while	 a	

descriptive	 model	 can	 be	 a	 model	 that	 explains	 educational	 achievements	 based	 on	

economic	 and	 demographic	 variables.	 (Fayaad	 et	 al.	 1996,	 33.)	 Predictive	models	 are	 not	

only	used	in	finance,	e.g.	stock	markets,	but	they	are	also	used	to	diagnose	patients	or	the	

condition	 of	 machines	 (Hand	 et	 al.	 2001,	 13).	 Predictive	 analytics	 are	 also	 used	 to	

personalize	content	for	different	users	based	on	their	preferences	(Minsker	2015,	24).		

Prescriptive	analytics	gives	an	organization	advice	on	how	to	react	in	certain,	often	real-time	

based	situations.	It	also	provides	high	quality	information	that	decision	makers	can	use	when	

they	 are	 making	 decisions	 on	 the	 actions	 for	 the	 future.	 (Delen	 &	 Demirkan	 2013,	 361;	

Power	2014,	225.)	Gartner	has	also	described	prescriptive	analytics	as	“the	final	frontier	of	

analytic	capabilities”	 (Hamilton	&	Koch	2015,	62)	because	prescriptive	analytics	 is	not	only	

giving	 advice	 of	 the	 possible	 actions	 to	 the	 company,	 but	 it	 can	 also	 be	 used	 to	 give	

recommendations	 or	 influence	 a	 customer	 to	 do	 certain	 actions	 in	 a	 given	 timeline.	 One	

example	can	be	mobile	phone	notifications	that	remind	of	the	discounts	when	a	customer	is	

near	the	company.	(Hamilton	&	Koch	2015,	62.)	Data	and	mathematical	algorithms	are	used	

in	prescriptive	analysis	to	form	high	quality	results.	Algorithms	are	based	on	data	or	expert	

knowledge	or	they	can	be	combination	of	the	both	(Delen	&	Demirkan	2013,	361).	Data	 is	

sometimes	 unstructured,	 e.g.	 videos,	 images,	 sounds	 and	 texts,	 but	 structured	 data,	

business	 rules	 and	 customer	 surveys	 are	 also	 used	 with	 advanced	 techniques	 such	 as	

optimization	and	simulation	models	(Hamilton	&	Koch	2015,	62).	

For	 companies	 it	 is	 essential	 to	 understand	 the	differences	between	 the	 three	 categories,	

but	 also	 how	 they	 act	 together	 (Rowe	 2017,	 22).	 Predictive	 and	 prescriptive	 analytics	 go	

hand	in	hand	in	most	analytics	systems	and	they	are	loosely	connected.	Though	both	of	the	
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analytics	are	 linked	together,	employees	working	with	data	analytics	and	the	ones	working	

with	data-driven	decision-making	should	be	separated.	Prescriptive	analytics	are	more	fast-

paced	 by	 nature	 and	 the	 actions	 are	 often	 real	 time	 based,	while	 predictive	 analytics	 are	

more	 strategic	 and	 long	 term	oriented.	 (Minsker	 2015,	 26.)	 Prescriptive	 analytics	 are	 also	

often	 linked	 to	 operational	 processes	 and	 real-time	 decision-making.	 The	 difference	

between	these	two	is	optimization.	Prescriptive	analysis	uses	the	past	to	take	the	control	of	

the	 future	by	optimizing	 the	 results	of	 the	actions,	but	predictive	analysis	 is	 learning	 from	

the	past	 to	predict	 the	 future.	One	example	of	how	 these	 two	analytic	phases	go	along	 is	

customer	satisfaction.	Using	predictive	analytics	it	is	possible	to	get	an	understanding	of	the	

customers	who	are	satisfied	and	who	are	the	ones	that	might	complain.	Using	prescriptive	

analytics	 it	 is	 possible	 to	 determine	 the	 scale	 of	 an	 actions	 that	 can	 be	 done	 to	 avoid	

complaints	but	also	not	overspending	time	or	money	on	that.	(Rowe	2017,	22.)	

Figure	10.	Data	mining	categories	(Delen	&	Demirkan	2013)	
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The	 consensus	 is	 that	 descriptive	 analytics	 is	 the	 first	 phase	 before	 predictive	 and	

prescriptive	analytics,	but	whether	predictive	or	prescriptive	analytics	should	be	conducted	

first	 divides	 opinions.	 Prescriptive	 analytics	 is	 based	 on	 predictive	 analytics	 but	 one	 step	

further	helping	organizations	to	make	decision	of	the	next	actions.	 (Rowe	2017,	22.)	Some	

arguments	support	 that	positive	 results	 from	the	past	 should	be	understood	and	 translate	

them	to	actions	using	prescriptive	tools	and	predictions	will	be	used	later	when	the	results	

are	evaluated.	The	analysis	starts	from	the	prescriptive	insight	that	gives	input	to	predictive	

analysis.	(Minsker	2015,	25.)	

Data	 mining	 models	 need	 parameters	 that	 depend	 of	 the	 data.	 It	 includes	 two	 relevant	

factors:	the	function	of	the	model,	e.g.	classification	or	clustering,	and	the	representational	

form	of	the	model,	e.g.	a	linear	function	of	multiple	variables.	(Fayaad	et	al.	1996,	31.)	Data	

mining	 algorithms	 can	 often	 be	 divided	 into	 five	 parts:	 the	 task,	 the	 model,	 the	 score	

function,	the	search	method	and	the	data	management	technique	(Hand	et	al.	2001,	296).	

Data	mining	models	can	be	divided	 into	active	and	passive	models.	As	 the	name	suggests,	

active	 models	 respond	 in	 some	 way	 while	 passive	 models	 are	 nonreactive.	 Overall,	 if	 a	

model	doesn’t	take	input,	give	outputs,	react	or	modify	anything	it	 is	a	passive	model.	The	

idea	of	passive	models	is	that	they	answer	questions	and	show	relationships	e.g.	by	charts,	

graphs,	words	 and	mathematical	 formulae.	 An	 active	model	 shows	 one	 or	more	 activities	

and	it	might	take	a	specific	input	file	to	score	or	categorize	it	as	to	the	type	of	response	to	be	

expected	 for	 each	 instance	 in	 the	 file.	 It	 is	 critical	 for	 the	 modeler	 to	 understand	 the	

difference	between	the	models	and	how	they	affect	data	selection,	but	when	the	selected	

data	is	prepared	it	has	hardly	if	any	impact	on	modeling.	(Pyle	1999.)	

Other	 ways	 to	 categorize	 data-mining	 models	 are	 to	 divide	 them	 to	 static	 models	 and	

continuously	learning	models.	Static	modeling	discovers	relationships	and	answers	from	the	

historical	data.	Though	all	 the	data	 is	historical,	 in	static	modeling	the	data	 is	not	updated	

with	more	current	data.	Static	modeling	is	used	to	answer	questions	that	are	trying	to	find	

factors	to	change	or	correct	something.	Data	that	has	been	used	in	the	static	model	cannot	

be	used	to	measure	the	results	because	of	the	systemic	changes	that	have	been	made	and	

that	 require	 collecting	 new	 data.	 A	 continuously	 learning	model	 is	 an	 autonomous	model	

that	contains	internal	set	points	that	are	externally	specified.	That	model	changes	its	internal	



	

37	

structure	that	is	based	on	the	past	experiences	and	it	uses	them	to	modify	its	environment.	

Compared	to	a	static	model,	a	continuously	learning	model	might	give	different	predictions	

even	if	the	similar	 input	is	given	several	times	because	the	experiences	and	changes	in	the	

environment	affect	the	results.	Modelers	with	little	experience	see	static	models	or	series	of	

static	models	as	the	only	way	to	do	modeling,	and	static	models	have	been	more	dominant	

even	when	more	extensive	techniques	would	be	better	to	use.	(Pyle	1999.)	

3.3 Data	Mining	Process	Models	

Knowledge	discovery	and	data	mining	was	first	 introduced	 in	the	KDD	conference	 in	1989.	

That	was	the	first	conference	of	KDD,	and	the	need	to	have	methods	to	handle	large	amount	

of	data	was	leading	to	a	series	of	new	KDD	workshops.	(Äyrämö	2006,	27.)		

Several	 data	mining	 process	models	 or	methodologies	 have	 been	 created	 to	 split	 a	 data-

mining	 project	 into	 steps,	 sequences	 or	 phases	 to	 guarantee	 the	 best	 practices,	 and	 also	

standardize	 the	 process	 and	 results.	 (Refaat	 2010,	 1.)	 Processes	 of	 how	 to	 carry	 out	 data	

mining	projects	are	generated	from	workflows	to	simple	step-by-step	approaches	and	even	

standardized	models	 (Turban	 et	 al.	 2011,	 207).	 The	 steps	 in	 a	 data	mining	 process	 don’t	

necessary	follow	a	linear	order	and	steps	can	be	practiced	in	different	order	(Refaat	2010,	2).	

To	manage	a	data-mining	project	successfully,	it	is	recommended	to	include	data	mining	to	a	

process	 that	 follows	a	standardized	methodology	rather	 than	a	set	of	automated	software	

tools	and	techniques	(Turban	et	al.	2011,	214).	

	 	

Figure	11.	The	creation	on	data	mining	process	models	(do	Nascimento	&	de	Oliveira	2012)	
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KDD	 literature	 often	 refers	 to	 the	 CRISP-DM	 and	 SEMMA	 process	 models,	 but	 there	 are	

various	other	data	mining	and	knowledge	discovery	methodologies	and	process	models.	 In	

this	thesis,	KDD	Process,	CRISP-DM	and	SEMMA	are	presented	in	more	detail	due	to	the	fact	

that	 these	models	were	 the	most	mentioned	 in	 the	 KDD	 articles.	 All	 of	 the	 three	 process	

models	 have	 similar	 key	 activities,	 and	 tasks	 like	 data	 capturing,	 modeling,	 analysis,	

evaluation	and	deployment	are	present	in	some	form	in	all	of	the	models.		

Refaat	(2010)	has	also	listed	data	mining	tasks	that	are	included	in	all	of	the	process	models.	

In	the	first	step	data	is	searched	from	database	or	data	warehouse	and	it	 is	combined	into	

one	 dataset	 that	 contains	 all	 the	 variables	 that	 are	 needed	 for	 modeling.	 The	 data	 is	

explored	 to	 get	 insights	 of	 the	 relationships	 and	 the	 features	 it	 has	 are	 summarized.	 This	

phase	is	also	sometimes	called	an	exploratory	data	analysis.	Depending	on	the	results,	 it	 is	

possible	 to	 do	 changes	 to	 the	 variables	 before	 the	 different	 data	 mining	 models	 are	

developed.	Not	all	of	the	variables	but	the	most	useful	sets	are	selected	to	the	analysis.	Data	

mining	models	 are	 evaluated	 and	 the	 best	models	will	 be	 selected.	 The	 best	 data-mining	

model	is	used	to	produce	results	that	can	be	used	in	business	units	where	the	data	analysis	

was	designed.	(Refaat	2010,	2.)	

A	key	element	in	all	data	mining	projects	is	to	know	why	the	study	will	be	made.	When	the	

goals	 for	 the	 data	 mining	 project	 are	 clear	 and	 the	 type	 of	 the	 searched	 knowledge	 is	

defined,	 it	 is	 possible	 to	 make	 a	 project	 plan,	 specify	 the	 people	 responsible	 for	 data	

collection,	analyze	and	report	the	results	and	also	estimate	the	budget.	(Turban	et	al.	2011,	

208.)	 In	 a	 data	 mining	 project,	 80	 %	 of	 the	 project	 time	 is	 used	 in	 data	 extraction	 and	

preparation.	These	phases	are	the	most	important	ones	and	require	time	and	consideration	

to	ensure	that	the	right	and	the	most	useful	data	is	in	use	to	avoid	biased	results	that	a	false	

data	can	cause.	(Refaat	2010,	2.)		

Fayaad	et	al.	(1996)	have	argued	that	it	is	not	possible	to	define	a	single	method	to	do	data	

mining.	Thus	the	algorithm	selection	is	something	of	an	art.	There	are	no	specific	methods	

that	are	recommended	to	use	in	certain	circumstances.	Defining	the	problem	and	asking	the	

right	questions	can	be	the	most	time	consuming	task	instead	of	optimizing	the	algorithms	to	

a	certain	data-mining	method.	Prior	knowledge	is	also	in	an	important	role	and	it	is	useful	to	

know	the	details	and	important	fields	in	advance	(Fayaad	et	all.	1996,	48-49).	One	part	of	the	
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KDD	process	is	to	decide	the	usefulness	of	the	model	and	the	quality	of	received	knowledge,	

which	requires	human	judgment.	(Fayaad	et	al.	1996,	31.)	

3.4 Knowledge	Discovery	in	Databases		

The	general	idea	of	data	mining	and	knowledge	discovery	is	to	search	for	interesting,	novel	

and	useful	patterns	from	the	data	that	is	useful	in	organizational	decision-making	(McGarry	

et	al.	2005,	176).	KDD	is	a	process	that	is	used	to	search	and	extract	useful	information	from	

the	 volumes	 of	 documents	 and	 data.	 (Turban	 et	 al.	 2011,	 496.)	 It	 is	 an	 overall	 process	 of	

discovering	useful	knowledge	from	data.	(Fayyad	et	all.	1999,	39.)		

In	 business,	 the	 main	 KDD	 application	 areas	 are	 marketing,	 finance,	 fraud	 detection,	

manufacturing,	 telecommunications	and	 Internet	 agents.	 For	 the	organization	data	mining	

brings	 benefits.	 Business	 intelligence	 (BI)	 is	 used	 to	 create	 descriptive	 profiles	 from	 the	

business	metrics.	One	 example	 is	 to	 build	 profiles	 to	 estimate	 the	 customers	who	will	 be	

likely	 to	pay	 late.	 (Purohit	et	al.	2012,	461.)	KDD	 is	used	as	a	 synonym	for	data	mining	by	

some	authors	but	KDD	is	a	process	that	includes	data	mining.	(Turban	et	al.	2011,	214.)	Data	

mining	 is	 one	 step	 in	 the	 KDD	 process,	 which	 includes	 data	 analysis	 and	 discovering	

algorithms	that	can	form	patterns	or	models	of	the	data.	(Purohit	et	al.	2012,	458.)	

The	 growing	 amount	 of	 digital	 data	 requires	 change	 from	manual	 analysis	 into	 tools	 that	

assist	in	data	mining.	Manual	analysis	is	slow,	expensive	and	subjective.	It	is	also	impractical	

when	data	volumes	grow	larger	and	there	are	millions	of	records	that	have	tens	or	hundreds	

of	 fields.	 (Purohit	 et	 al.	 2012,	 459.)	 Data	 mining	 is	 an	 essential	 part	 of	 knowledge	

management	 because	 data	 mining	 tools	 reveal	 hidden	 knowledge	 from	 the	 company	

databases.	Overall,	data	mining	 is	useful	 to	 the	organization	as	 it	 can	be	used	as	a	 tool	 to	

extend	the	knowledge	inside	the	organization	and	share	common	BI	knowledge.	(Purohit	et	

al.	2012,	458.)	

KDD	is	a	useful	tool	to	scale	up	human	analysis	capabilities	to	handle	a	large	amount	of	data	

(Purohit	 et	 al.	 2012,	 458).	 KDD	 related	 tasks	 such	 as	 knowledge	 extraction	 and	 data	

exploration	 can	 be	 performed	 automatically	 without	 programming	 skills.	 Knowledge	 from	

databases,	 documents	 and	 e-mails	 is	 ideal	 for	 data	 and	 document	 mining	 because	 large	
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databases,	data	warehouses,	text	documents	and	knowledge	repositories	may	contain	data,	

information	and	knowledge	from	many	years	past.	(Turban	et	al.	2011,	496.)		

3.4.1 KDD	knowledge	discovery	process		

KDD	process	emphasizes	the	usefulness	of	the	found	patterns	and	knowledge.	It	also	focuses	

on	the	overall	process	including	data	storing	and	accessibility,	scalability	and	efficiency	of	the	

algorithms	 for	 the	 large	 datasets,	 interpretation	 and	 visualization	 of	 the	 results	 and	 the	

human-machine	 interaction.	 Examples	 of	 other	 similar	 type	 of	 methods	 are	 statistical	

pattern	recognition,	applied	statistics,	machine	learning	and	neural	networks.	(Fayaad	et	al.		

1996,	29.)	

KDD	knowledge	discovery	consists	of	five	iterative	phases	that	follow	each	other.	In	the	first	

phase	relevant	data	for	analysis	is	selected	from	the	database.	In	the	second	phase	the	data	

is	pre-processed.	Noise	and	inconsistencies	are	removed	and	datasets	from	different	sources	

are	combined.	In	the	third	phase	data	is	transferred	into	a	form	that	supports	data	mining.	

The	fourth	phase	is	used	to	select	proper	algorithms	for	data	mining	and	extracting	data	into	

patterns	that	can	be	interpreted	in	the	next	phase.	In	the	last	phase	data	patterns	are	used	

to	 form	 knowledge.	 Irrelevant	 or	 redundant	 patterns	 are	 removed	 and	 valid	 patterns	 are	

explained	 in	terms	that	make	them	understandable	for	humans.	 (Purohit	et	al.	2012,	459.)	

The	 KDD	process	 is	 an	 interactive	 and	 iterative	model	where	 the	 user	makes	most	 of	 the	

decisions.

	

Figure	12.	KDD	process	steps	(Fayaad	1996)	

Fayaad	et	 al.	 (1996)	 introduce	 the	KDD	process	 consisting	of	nine	 steps	 that	 start	 from	1)	

learning	the	application	domain.	The	first	step	includes	finding	relevant	prior	knowledge	and	

defining	the	goal	for	the	application.	The	second	task	is	to	2)	create	a	target	dataset	from	a	
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dataset	or	a	group	of	variables	or	data	samples	where	the	knowledge	will	be	discovered.	The	

3)	data	cleaning	and	pre-processing	step	 includes	basic	operations	 like	removing	noise	and	

deciding	 the	 strategies	 how	 to	 handle	 missing	 data	 fields.	 In	 the	 4)	 data	 reduction	 and	

projection	 step	 the	 useful	 features	 will	 be	 searched	 to	 represent	 data.	 5)	 Choosing	 the	

function	of	the	data	mining	is	the	fifth	step.	The	purpose	of	the	model	comes	from	the	data-

mining	algorithm	and	it	is	decided	here.	Selected	methods	that	are	used	to	search	patterns	

in	the	data	e.g.	when	the	appropriate	models	and	parameters	are	decided	and	when	data	is	

matched	on	a	particular	data	mining	method	are	included	in	the	6)	choosing	the	data	mining	

algorithm	 step.	 In	 the	7)	 data	mining	 step	patterns	 are	 researched	based	on	 the	previous	

selections.	The	discovered	patterns	are	interpreted	in	the	8)	interpretation	step.	In	the	last	

step	9)	the	discovered	knowledge	is	used	to	decide	the	actions	that	are	taken	based	on	the	

knowledge	 received	 from	 the	 KDD	 process.	 The	 received	 knowledge	 might	 include	

documents	that	are	reported	to	interested	parties,	or	the	extracted	knowledge	can	even	be	

used	in	resolving	problems.	(Fayaad	et	al.	1996,	31.)	

3.4.2 SEMMA	process	model	

SEMMA	is	another	well-known	process	model	that	was	developed	by	SAS	institute.	It	comes	

from	 an	 acronym	 that	 stands	 for	 sample,	 explore,	 manipulate,	 model	 and	 assess.	 In	 the	

sampling	 phase,	 the	 data	 sample	 is	 collected	 to	 get	 a	 manageable	 set	 of	 data	 for	 the	

analysis.	 The	 task	 for	 the	 exploring	 phase	 is	 to	 visualize	 the	 data	 and	 show	what	 kind	 of	

patterns	 and	 trends	 are	 discovered.	 In	 the	 manipulation	 phase,	 the	 completeness	 and	

quality	of	the	data	is	ensured.	The	data	can	be	categorized	to	a	meaningful	classes	and	it	can	

be	enriched	with	demographic,	attitudinal	and	behavioral	data.	 In	the	modeling	phase,	the	

appropriate	statistical	modeling	techniques	are	used	to	find	out	the	results	for	patterns	and	

trends.	 Examples	 of	 the	 techniques	 are	 regression	 analysis,	 neural	 nets,	 tree-based	

reasoning	 and	 time-series	 methods.	 In	 the	 final	 assessment	 phase,	 the	 models	 that	 are	

developed	from	the	training	data	are	compared	to	the	whole	dataset	and	the	decisions	of	

the	forecasted	model’s	usability	are	made.	(Bauer	2005,	76.)	SEMMA	is	integrated	into	SAS	

tools	such	as	Enterprise	Miner	and	it	is	unlike	that	SEMMA	methodology	would	be	used	out	

of	SAS	tools	(Mariscal	et	al.	2010,	144).	
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Figure	13.	SEMMA	Data	mining	process	(Turban	et	al.	2011)		

3.4.3 CRISP-DM	process	model	

The	Cross	Industry	Standard	Process	for	Data	Mining	(CRISP-DM)	process	model	is	a	broader	

approach	to	data	analytics,	and	it	is	also	one	of	the	most	popular	ones.	It	was	developed	in	

mid-1990s	to	be	a	non-proprietary	methodology	for	data	mining.	(Turban	et	al.	2011,	207.)	

Organizations	 like	 Teradata,	 SPSS,	 -ISL-,	 Daimels-Chrysler	 and	 OHRA	 were	 involved	 in	

developing	 the	 CRISP-DM	 reference	 guide	 (Mariscal	 et	 al.	 2010,	 146).	 Sometimes,	 KDD	 is	

used	as	a	synonym	to	CRISP-DM	model	in	some	data	mining	literature.	

CRISP-DM	is	a	hierarchical	process	model	(Mariscal	et	al.	2010,	146).	It	consists	of	six	phases:	

1)	business	understanding,	2)	data	understanding,	3)	data	preparation,	4)	evaluation	and	5)	

deployment.	The	first	phases	are	the	most	important	ones	in	the	CRISP-DM	model,	and	they	

require	extra	 care	because	 the	 results	 that	are	 received	 later	 are	 formed	 from	 the	 results	

that	were	received	from	the	earlier	steps	(Turban	et	al.	2011,	208).		

Sample	
Generate	 a	 representative	
sample	of	the	data	

Explore	
Visualization	 and	 basic	
description	of	the	data	

Modify	
Select	 variables,	 transform	
variable	representations	

Model	
Use	variety	of	statistical	and	
machine	learning	models	

Assess	
Evaluate	 the	 accuracy	 and	
usefulness	of	the	models	
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Figure	14.	CRISP-DM	model	and	different	tasks	that	are	involved	in	different	phases	(Sharma	

et	all.	2012)	

Each	 phase	 follows	 each	 other	 in	 CRISP-DM	model,	 but	 backtracking	 during	 the	 project	 is	

also	possible.	Data	mining	is	driven	by	experience	and	experimentation	and	the	process	can	

be	 very	 iterative	 and	 time	 consuming.	 The	 experience	 of	 the	 analyst	 and	 the	 level	 of	 the	

data-mining	problem	affect	 the	 time	 that	 the	data-mining	project	 requires	and	sometimes	

the	process	goes	back	and	forth.	(Turban	et	al.	2011,	207.)	

Business	understanding	phase	

The	CRISP-DM	model	focuses	mainly	on	business	objectives.	It	starts	from	the	analysis	of	a	

business	problem	that	will	be	transformed	 into	a	technical	data-mining	problem.	(Cobos	&	
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al.	2010,	47.)	The	 first	phase	 in	CRISP-DM	model	 is	 the	business	understanding	phase	that	

has	its	focus	on	business	goals	and	objectives	(Bauer	2005,	76)	and	understanding	the	need	

for	the	data	mining	(Turban	et	al.	2011,	207).	The	project	starts	with	the	understanding	of	

the	 project	 objectives	 and	 requirements	 from	 a	 business	 perspective.	 That	 knowledge	 is	

converted	into	a	data-mining	problem	to	achieve	the	designed	goals.	 (Mariscal	et	al.	2010,	

149.)	

People	 that	 should	 be	 involved	 in	 the	 CRISP-DM	 process	 vary	 depending	 on	 the	 source.	

Generally	a	data	analyst	works	with	data	and	other	domain	experts,	who	are	the	ones	that	

collect,	describe	and	explore	data	as	well	as	identify	the	quality	problems	of	the	data.	Data	

mining,	business	and	domain	experts	are	also	suggested	to	define	the	data-mining	problem	

and	work	closely	together	in	the	first	phase.	(Purohit	et	al.	2012,	460.)	

Data	understanding	phase	

The	 business	 understanding	 phase	 and	 the	 data	 understanding	 phase	 are	 done	

simultaneously	 in	 the	 CRISP-DM	 model.	 In	 this	 phase,	 the	 first	 goal	 is	 to	 research	 the	

databases	 for	 an	overall	 idea	of	 the	 existing	data.	 (Markkula	&	 Syväniemi	 2015,	 95.)	Data	

understanding	 is	 also	 the	 phase	 to	 define	 the	 available	 data	 to	 solve	 the	 business	 needs	

(Zeng	&	Pan	2010,	3962).	

The	 main	 tasks	 in	 the	 data	 understanding	 phase	 are	 to	 collect	 and	 examine	 data.	When	

business	 requirements	 are	 clear	 in	 the	 data	 understanding	 phase,	 the	 databases	 for	 the	

available	 data	 can	 be	 identified.	 (Turban	 et	 al.	 2011,	 208.)	 After	 data	 collection,	 it	 is	

important	 to	 identify	 data	 quality	 problems	 and	 get	 familiar	 with	 the	 data	 to	 find	 first	

insights	 from	 it	 or	 to	 form	 a	 hypothesis	 to	 find	 hidden	 information	 (Mariscal	 et	 al.	 2010,	

149).	

Some	essential	questions	 that	an	analyst	 should	consider	 in	 the	data	understanding	phase	

are:	

• Understand	the	data	sources		

• Know	where	the	data	is	stored	

• In	which	form	the	data	is	stored		
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• How	the	data	is	collected	

• Is	data	collected	automatically	or	manually	

• Who	has	collected	the	data	

• How	often	the	data	is	updated	(Turban	et	al.	2011,	208).	

The	 analyst	 should	 also	 build	 an	 understanding	 on	 the	 variables	 and	 decide	what	 are	 the	

most	 relevant	 ones	 to	 use	 in	 the	 project.	 Are	 they	 independent	 and	 not	 conflicting	 with	

other	variables	or	are	some	variables	synonymous	(Turban	et	al.	2011,	208).	For	better	data	

understanding,	 it	 is	 also	 common	 to	use	 statistical	or	graphical	 techniques	e.g.	 summaries	

from	 each	 variable	 including	 average,	 min/max,	 median	 and	 standard	 deviation,	 make	

diagrams	and	correlation	analysis	to	be	able	to	select	the	right	method	for	analysis	(Turban	

et	al.	2011,	208).	

The	 data	 understanding	 phase	 and	 exploratory	 analysis	 have	 similar	 features.	 Exploratory	

analysis	 is	 sometimes	 mentioned	 as	 a	 necessary	 step	 before	 the	 data	 preparation	 and	

modeling	phases.	Some	of	 the	 tasks	 that	also	belong	 to	 the	data	understanding	phase	are	

descriptive	 statistics	 and	 outlier	 detection.	 Counting	missing	 values	 for	 each	 variable	 and	

deciding	 how	 to	 deal	 with	 the	missing	 values	 are	 also	 tasks	 that	 are	 done	 in	 this	 phase.	

(Refaat	2010,	84.)	

Data	preparation	phase	

The	 data	 preparation	 or	 data	 preprocessing	 phase	 (Turban	 et	 al.	 2011,	 209)	 is	 the	 third	

phase	in	the	CRISP-DM	model.	It	covers	the	activities	e.g.	data	formatting,	data	cleaning	and	

data	 integration	to	construct	the	final	data	set	 (Bauer	2005,	76,	Mariscal	et	al.	2010,	149).	

The	 data	 preparation	 phase	 is	 sometimes	 even	 considered	 to	 be	 a	 key	 for	 successfully	

solving	 the	 problem	 (Pyle	 1999).	 The	 data	 can	 be	 categorized	 based	 on	 the	 type	 it	

represents.	 Correct	 categorization	 is	 important,	 as	 different	 data	 mining	 models	 have	

different	 requirements	 for	 the	 data	 and	 using	 the	wrong	 type	 of	 data	 can	 lead	 into	 false	

results	and	representations.	(Turban	et	al.	2011,	198.)	In	this	phase,	it	is	necessary	to	notice	

that	some	mining	functions	accept	data	only	in	a	certain	format	(Purohit	et	al.	2012,	460).			

From	all	of	the	CRISP-DM	phases	third	phase	is	the	most	time	and	effort	consuming,	due	to	

the	fact	that	real-world	data	is	often	incomplete.	It	might	lack	values,	be	noisy	and	contain	
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errors,	outliers	or	inconsistencies	in	codes	or	names.	(Turban	et	al.	2011,	209.)	A	typical	case	

in	 business	 databases	 is	 missing	 and	 noisy	 data.	 In	 cases	 where	 the	 possibility	 for	 data	

mining	has	not	been	designed	to	databases	 in	advance	might	cause	 important	variables	to	

be	missing.	(Fayaad	et	all.	1999,	50.)		

According	to	some	articles,	the	data	preparation	phase	can	take	up	to	80	percent	from	the	

whole	data-mining	project.	If	the	data	has	been	carefully	prepared	for	warehousing	but	not	

for	 mining,	 there	 is	 a	 risk	 that	 usable	 information	 that	 would	 have	 been	 needed	 in	 the	

mining	project	might	have	been	destroyed.	(Pyle	1999.)	

Databases	 increase	 in	 two	different	ways.	One	 is	 the	number	of	 records	or	 objects	 in	 the	

database.	Another	is	the	number	of	fields	or	attributes	per	object.	(Fayaad	et	al.	1996,	38.)	

Data	in	the	database	can	be	in	various	forms	e.g.	numbers,	text	or	images	and	collected	from	

experiences,	observations	or	experiments	(Turban	et	al.	2011,	198).	Organizations	are	using	

more	and	more	diverse	unstructured	data	sets	e.g.	e-mail,	audio	files,	videos	and	documents	

(Greengard	2010,	21).	Data	mining	algorithms	usually	take	data	in	a	single	matrix	or	a	two-

dimensional	 array,	 but	 raw	 data	 is	 not	 necessary	 in	 that	 form.	 Data	 is	 often	 stored	 in	

databases	in	several	tables	that	require	investigation	and	preparing.	In	this	phase	the	data	is	

also	 cleaned	 from	 errors,	 missing	 values	 and	 outliers.	 Sometimes,	 new	 variables	 are	 also	

created	to	achieve	better	models	and	results.	(Refaat	2010,	3.)	

Data	 can	 be	 categorized	 into	 categorical	 and	 numeric	 data	 (Turban	 et	 all.	 2011,	 197).	

Categorical	data	 includes	values	that	are	often	used	to	describe	data	 like	age,	sex,	country	

etc.	 Some	 values	 can	 be	 numerical,	 like	 age,	 but	 often	 numerical	 values	 include	 more	

information	 when	 they	 are	 grouped.	 Categorical	 data	 is	 discrete	 data,	 in	 which	 numbers	

don’t	represent	anything	but	are	used	more	as	symbols.	(Turban	et	al.	2011,	198.)	

Numeric	 data	 can	 have	 any	 numerical	 value.	 Examples	 of	 numerical	 variables	 are	 age,	

household	 income	 and	 temperature.	Numeric	 values	 can	 be	 integer	 values	 or	 real	 values.	

That	 kind	 of	 data	 is	 also	 called	 continuous	 data	 meaning	 that	 variables	 can	 have	 any	

numerical	value	and	they	are	also	countable	compared	to	discrete	data	that	is	not	valid	for	

calculations.	(Turban	et	al.	2011,	198.)	



	

47	

Figure	15.	Data	categories	(Turban	et	al.	2011)	

Subcategories	 for	categorical	data	are	nominal	and	ordinal	data	 (Turban	et	all.	2011,	197).	

Nominal	 data	 is	 data	 that	 has	 been	 codified	 into	 numerical	 form	 for	 data	 categorizing	

purposes.	 E.g.	 marital	 status	 can	 have	 three	 values	 where	 1	 is	 single,	 2	 married	 and	 3	

divorced.	If	nominal	data	can	have	only	two	values,	e.g.	yes	or	no,	it	is	called	binominal	data.	

Compared	to	nominal	data,	ordinal	data	is	used	for	rankings,	e.g.	people	are	ranked	into	age	

groups	as	child,	young,	middle-aged,	elder	etc.	(Turban	et	al.	2011,	198.)		

Numerical	data	also	has	two	subcategories:	interval	and	ratio.	Interval	data	is	measured	on	

an	 interval	 scale.	 One	 typical	 example	 is	 the	 Celsius	 scale.	 Ratio	 data	 typically	 contains	

physical	 and	 engineering	 measurements	 like	 mass,	 length,	 time	 etc.	 The	 feature	 that	

differentiates	ratio	data	from	interval	data	is	that	it	has	a	natural	zero	point.	(Turban	et	al.	

2011,	198.)	

Outside	of	the	categories	above	are	data	types	like	date/time,	unstructured	text,	image	and	

audio.	They	require	converting	data	into	categorical	or	numeric	values	if	the	purpose	of	the	

data	is	to	use	it	in	data	mining.	Static	or	dynamic	classification,	e.g.	temporal	or	time-series	is	

also	one	way	to	classify	data.	(Turban	et	al.	2011,	198.)	

Modeling	phase	

Modeling	 is	 the	 fourth	 phase	 in	 the	 CRISP-DM	 process	 mode.	 In	 this	 phase,	 the	 various	

modeling	techniques	are	selected	and	applied	for	the	dataset,	as	well	as	the	parameters	that	

are	selected	to	form	the	optimal	values	(Bauer	2005,	76,	Mariscal	et	al.	2010,	149).	Different	
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mining	models	can	be	used	for	the	same	type	of	data,	but	as	some	of	the	mining	functions	

require	 specific	 data	 types,	 each	 model	 needs	 to	 be	 assessed	 by	 a	 data-mining	 expert	

(Purohit	et	al.	2012,	460).	The	modeling	and	evaluation	phase	can	be	repeated	several	times	

to	 achieve	 optimal	 values	 (Bauer	 2005,	 76).	 Changing	 techniques	 and	 parameters	 might	

require	 a	 specific	 type	 of	 data,	 causing	 stepping	 back	 to	 the	 data	 preparation	 phase	

(Mariscal	et	al.	2010,	149).	

Evaluation	phase	

Testing	and	evaluation	is	the	fifth	phase	in	the	CRISP-DM	model.	At	this	stage,	a	high	quality	

model	is	build	from	a	data	analysis	perspective	(Mariscal	et	al.	2010,	149).	Models	need	to	

be	 assessed	 and	 evaluated	 for	 their	 suitability	 to	 solve	 the	 business	 case	 before	 the	 next	

phase	to	see	if	there	is	a	need	to	go	back	to	build	more	models	(Bauer	2005,	76).	Does	the	

model	 achieve	 the	 business	 objectives	 and	 cover	 all	 the	 business	 issues,	 are	 features	 to	

consider	when	evaluating	the	model	(Purohit	et	al.	2012,	460).	The	key	objective	is	to	ensure	

that	all	the	business	issues	have	been	properly	covered.	At	the	end	of	the	evaluation	phase,	

the	results	of	the	data	mining	are	ready	to	be	used	for	the	original	problem.	(Mariscal	et	al.	

2010,	149.)	

Deployment	phase	

In	the	deployment	phase,	the	models	are	put	into	the	production	(Bauer	2005,	76)	and	the	

results	from	the	mining	are	exported	to	database	tables	or	other	applications	(Purohit	et	al.	

2012,	460).	The	deployment	phase	is	still	not	the	end	of	the	project.	In	this	phase	the	model	

will	be	presented	to	the	customer.	Depending	on	the	requirements,	the	deployment	phase	

can	be	something	of	a	report	to	a	larger	repeatable	data	mining	process.	Often	the	customer	

will	 take	care	of	 the	deployment	 steps,	but	even	 if	 the	analyst	does	not	participate	 in	 the	

deployment	phase,	it	is	important	for	the	customer	to	understand	the	actions	that	need	to	

be	taken	to	use	the	created	models.	(Mariscal	et	al.	2010,	149.)	

CRISP-DM	business	case	

CRISP-DM	 is	 the	most	 popular	 KDD	 process	 model	 at	 the	moment	 and	 it	 has	 been	 used	

widely	both	in	research	and	industry	communities.	One	example	case	where	the	CRISP-DM	
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has	been	used	is	in	e-marketing	to	extract	useful	data	for	decision-making.	The	original	data	

was	 not	 suitable	 to	 use	 directly	 to	 the	 decision-making,	 but	 the	 traditional	 marketing	

research	methods	didn’t	support	the	objective	marketing	decisions	either.	(Zeng	&	Pan	2010,	

3960.)	In	this	business	case,	the	CRISP-DM	process	model	was	used	to	improve	the	usage	of	

the	e-marketing	data.	

	

Figure	16.	CRISP-DM	process	model	in	an	E-marketing	project	(Zeng	&	Pan	2010)	

In	the	example	E-marketing	case,	the	business	understanding	phase	included	determining	e-

marketing	objectives.	Data	mining	techniques	were	also	used	to	analyze	the	customer	data	

to	 do	 market	 segmentation.	 Analyzing	 customer	 consumption	 data	 by	 using	 data	 mining	

technology	helps	to	find	out	the	patterns	that	are	related	to	customer	consumption.	That	is	

useful	information	for	the	vendors	that	can	use	it	to	develop	effective	marketing	programs.	

(Zeng	&	Pan	2010,	3962.)	

In	the	second	phase,	different	data	sources	were	examined.	The	e-marketing	case	company	

had	a	 large	amount	of	personal	 information	on	the	customers	that	was	collected	from	the	

direct	sales,	distribution	and	online	surveys,	including	the	characteristic	information	like	age,	

sex	and	education	degree.	As	an	e-marketing	company,	they	also	had	data	of	the	purchases	

e.g.	amount,	payment	method	and	frequency.	The	case	company	also	had	information	of	the	
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website	brand	awareness	 and	macroeconomic	 conditions	 from	 the	 surveys	 and	 consulting	

firms	that	were	used	in	the	analysis.	(Zeng	&	Pan	2010,	3962.)	

The	 data	 preparation	 phase	 is	 defined	 as	 an	 important	 part	 for	 the	 project	 success.	 The	

efficiency	of	data	mining	was	improved	by	removing	all	the	useless	or	irrelevant	information	

from	 the	 dataset.	 In	 the	 data	 cleaning	 the	 missing	 values	 were	 also	 replaced	 by	 neutral	

values	or	the	missing	data	was	removed	from	the	analysis.	(Zeng	&	Pan	2010,	3962.)	

In	 the	 e-marketing	 business	 case,	 three	 technologies	 were	 selected	 for	 use	 in	 modeling:	

association	rules,	cluster	analysis	and	classification	analysis.	Association	rules	were	used	to	

search	 for	 the	 relevance	 of	 different	 items	 e.g.	 different	 products	 in	 the	 same	 event.	 In	

cluster	analysis,	the	similar	data	items	and	customers	that	have	similar	characteristics	were	

grouped	in	one	group.	Classification	analysis	uses	historical	data	and	it	is	used	to	predict	the	

customers	that	are	e.g.	reacting	to	the	advertisements	or	other	marketing	materials.	(Zeng	&	

Pan	2010,	3963.)	

The	 e-marketing	 case	 company	 had	 defined	 how	 the	 results	would	 be	 evaluated	 and	 the	

process	 reviewed.	The	determination	of	 the	next	 steps	was	a	key	 in	 the	evaluation	phase.	

The	company	evaluated	and	compared	different	analytical	models	to	select	the	best	model	

for	the	application.	The	company	also	had	a	goal	to	have	the	results	and	solutions	in	a	form	

that	 can	 be	 completely	 understood	 by	 the	marketing	 people.	 They	 could	 also	 deploy	 the	

data	mining	 results	 straight	 into	 the	 business	 and	 start	 doing	 actions.	 (Zeng	&	 Pan	 2010,	

3963.)	

3.5 Challenges	in	KDD	

The	 KDD	 process	 has	 some	 challenges	 that	 are	 related	 either	 to	 statistics	 or	 to	 the	

organization.	 One	 challenge	 is	 the	 prior	 knowledge	 of	 an	 analyst.	 Analysts	 are	 often	 not	

experts	in	KDD	but	they	have	a	responsibility	to	interpret	data.	KDD	as	a	process	is	defined	

as	 being	 interactive	 and	 iterative	 by	 nature,	 but	 many	 KDD	 methods	 and	 tools	 are	 not	

interactive	and	do	not	connect	earlier	knowledge	of	the	problem	in	other	than	simple	ways.	

The	challenge	is	to	provide	a	high	performing	and	fast	responding	environment	that	assists	

in	 selecting	 and	 matching	 the	 proper	 tools	 and	 techniques	 to	 achieve	 the	 goals.	 The	
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emphasis	 should	 be	more	 on	 the	 interaction	 between	 the	 human	 and	 computer	 than	 on	

automation.	(Fayaad	et	al.	1996,	33.)	

One	challenge	is	missing	data	that	is	often	a	problem	in	business	databases	if	the	database	is	

designed	 to	 collect	 and	 store	 data	 but	 not	 to	 use	 it	 in	 the	 analysis.	 The	 reasons	 for	 the	

missing	data	can	be	an	operator	error,	failures	in	an	actual	system	or	if	in	the	data	collection	

process	some	measured	variables	were	not	considered	important.	Another	challenge	is	also	

the	fast	changing	data	causing	the	discovered	patterns	to	no	longer	be	valid.	The	solution	for	

the	 challenges	 caused	by	 the	missing	 values	 is	 to	use	more	 sophisticated	methods	 to	 find	

hidden	 variables	 and	 dependencies.	 Fast	 changing	 data	 can	 also	 be	 considered	 as	 an	

opportunity	because	it	can	be	used	to	find	the	patterns	of	the	change.	(Fayaad	et	al.	1996,	

33.)	

One	emerging	challenge	for	the	KDD	is	the	trend	that	databases	don’t	only	collect	numerical	

data	 but	 also	 nonstandard,	 multimedia	 and	 object-oriented	 data	 e.g.	 nonnumeric,	 non	

textual,	 geometric	 and	graphical	 data	 as	well	 as	 temporal,	 spatial	 and	 relational	data	or	 a	

mixture	 of	 categorical	 and	 numerical	 data.	Multimedia	 data	 can	 include	multilingual	 text,	

digital	images,	videos,	speech	and	audio	files,	which	all	are	out	of	KDD’s	scope	(Fayaad	et	al.	

1996,	34).	

3.6 KDD	models	in	the	future	

Currently,	 CRISP-DM	 has	 been	 the	 most	 widely	 used	 data-mining	 model	 and	 it	 has	 been	

considered	de	facto	standard.	One	reason	for	the	success	is	that	CRISP-DM	is	industry,	tool	

and	application	neutral.	(Mariscal	et	al.	2010,	162.)	The	CRISP-DM	model	has	been	criticized	

on	that	it	doesn’t	cover	tasks	such	as	project	management,	organization	or	quality.	It	should	

also	consider	the	increasing	complexity	of	the	data	mining	and	knowledge	discovery	projects	

of	 today.	 The	projects	 don’t	 only	 involve	 large	datasets	 but	 also	managing	 and	organizing	

teams	 that	 are	 formed	 from	 people	 from	 different	 scientific	 areas.	 (Mariscal	 et	 al.	 2010,	

163.)		

Mariscal	 et	 al	 (2010)	 have	 presented	 the	 CRISP-DM	 2.0	 model	 that	 would	 fill	 the	

requirements	 for	 the	updated	version	where	new	data	 types	 like	 text,	web	and	attitudinal	

data,	 new	 techniques	 for	 pre-process,	 analyze	 and	 combine	 the	 data,	 demanding	
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requirements	 for	 scalability	 and	 deployment	 into	 real-time	 environment	 and	 other	 issues	

would	be	noted	(Mariscal	et	al.	2010,	149).	The	CRISP-DM	2.0	special	interest	group	started	

to	work	with	the	new	methodology	(Mariscal	et	al.	2010,	150),	but	the	new	process	model	

has	 still	not	been	published	at	 the	 time	 the	 thesis	 is	written.	 Increasing	data	volumes	and	

more	 complex	 applications	 however	 would	 require	 updates	 for	 the	 data	 mining	 process	

where	these	issues	have	been	covered.	

KDD	 applications	 have	 helped	 organizations	 manage,	 develop	 and	 communicate	 the	

information	and	knowledge,	improving	the	ways	that	organizations	operate.	A	dynamic	and	

fast-paced	environment	is	not	suitable	for	traditional	waterfall	lifecycles	and	KDD	processes.	

A	KDD	model	 that	 follows	 the	agile	 ideology	has	also	been	proposed	as	a	new	solution	 to	

tackle	the	requirements	that	ever-changing	dynamic	environments	have.	(do	Nascimento	&	

de	Oliveira	2012,	343.)	

Research	question	2:	What	are	the	most	important	factors	affecting	the	organization	of	

data	analytics	projects	within	the	KDD	principles?	

KDD	process	model	phases	

and	tasks	

The	KDD	process	model	consists	of	phases	that	all	have	tasks	

that	are	important	to	know	to	ensure	the	smooth	progress	of	

the	project	and	also	secure	the	reliability	of	the	results	

The	length	of	the	phases	in	

KDD	process	model	

The	phases	in	KDD	are	not	the	same	length.	Generally	data	

preparation	phase	can	take	even	80%	of	the	time	in	the	

project.	

The	nature	of	the	KDD	

process	

The	KDD	process	is	iterative	by	nature.	It	is	always	possible	to	

return	back	to	earlier	phases	to	improve	the	data,	model	or	

results.	

Principles	of	statistics	and	

knowledge	management	

Though	KDD	is	a	separate	process,	principles	from	statistics	

and	knowledge	management	also	apply	to	the	process.	E.g.	

understanding	different	data	categories,	data	mining	

categories,	data	models	and	knowledge	creation	process	

increase	the	quality	of	the	results.	

Table	3.	Summary	of	chapter	3.	 	
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4. END	 USER	 DEVELOPMENT	 AND	 USER	 PROFILING	 IN	 DATA	

ANALYTICS	

“End	User	Development	(EUD)	can	be	defined	as	a	set	of	methods,	techniques,	and	tools	that	

allow	users	of	software	systems,	who	are	acting	as	non-professional	software	developers,	at	

some	point	to	create,	modify,	or	extend	a	software	artifact.”	(Lieberman	2006)	

The	 definition	 of	 an	 end-user	 is	 a	 person	who	 uses	 software	 daily	 but	 who	 doesn’t	 have	

much	technical	skills	or	interest	in	computers.	The	main	goal	for	the	end-user	is	to	get	work	

done.	(Benhaddi	2013,	669.)	

The	 interest	 towards	 EUD	 has	 increased	 lately.	 One	 reason	 is	 the	 business	 environment	

where	changes	are	happening	faster	than	before	and	organizations	that	are	also	encouraged	

to	increase	diversity.	These	both	require	systems	that	adapt	to	different	tasks,	contexts	and	

areas	 of	 work	 but	 also	 systems	 that	 consider	 different	 skills,	 knowledge,	 cultural	

backgrounds	and	cognitive	or	physiological	abilities.	(Lieberman	2006,	2.)	Another	reason	is	

productivity	 that	 is	argued	 to	 increase	when	 the	applications	used	are	appropriate	 for	 the	

environment	 instead	 of	 applications	 that	 are	 only	 a	 source	 of	 productivity.	 Creating	 a	

business	 culture	 that	 encourages	 end	 users	 to	 tailor	 their	 applications	 will	 make	 the	

deployment	process	more	effective.	 (Wulf	&	 Jarke	2004,	21.)	End	user’s	 software	usage	 is	

researched	 by	 collecting	 data	 from	 the	 actual	 situations	 where	 end-users	 are	 using	 the	

software.	Tracking	the	software	usage	can	show	features	that	are	used	more	often	or	that	

are	used	hardly	at	all.	It	can	also	show	the	functionalities	that	can	be	expanded.	(Pachidi	et	

al.	2014,	583.)	

Two	 types	 of	 end-user	 activities	 when	 focused	 on	 the	 user-centered	 design	 are	 1)	

parameterization	 or	 customization	 and	 2)	 program	 creation	 and	modification.	 In	 the	 first	

one,	 the	 mechanisms	 for	 user	 to	 choose	 from	 different	 options	 are	 ready	 made	 for	 the	

application.	 Adaptive	 systems	 do	 the	 customization	 based	 on	 the	 user’s	 behavior.	 The	

second	one	allows	modification	 for	completely	new	 features.	Modification	can	be	done	 to	

existing	 software	 components	 using	 techniques	 like	 visual	 programming,	 macros	 and	

scripting	 language.	 Examples	 of	widely	 used	 EUD	 features	 are	 recordable	macros	 in	word	
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processing	software,	calculation	set-ups	in	spreadsheet	software	and	email	filters	that	users	

can	set.	(Lieberman	2006,	3.)	

End	 users	 are	 not	 usually	 interested	 in	 computers	 or	 technology,	 but	 they	 do	 have	

requirements	 for	 the	 systems	 they	 use.	 End	 users	 require	 diverse	 systems	 that	 include	

different	features	helping	them	complete	their	tasks.	Usability	and	intuitiveness	in	the	form	

of	user	interfaces,	 interaction	and	dialogue	mode	is	also	important.	End	users	also	want	to	

personalize	and	custom	the	systems	that	they	use	and	they	also	require	efficiency,	reliability,	

maintainability	 and	 portability,	 as	 well	 as	 top	 performing	 and	 secure	 systems	 that	 have	

proper	documentation.	(Benhaddi	2013,	669.)		

Instead	of	developing	systems	that	are	easy	to	use,	EUD	focuses	on	a	design	that	is	easy	to	

develop	even	by	people	who	don’t	 have	 a	programming	background.	 Systems	need	 to	be	

easy	to	understand,	learn,	use	and	teach.	(Lieberman	2006,	2.)	EUD	increases	the	efficiency	

of	 IT	 applications	 deployment	 and	 empowers	 users	 to	 modify	 software	 to	 fit	 their	 local	

needs.	 In	non-hierarchical	organizations,	where	self-organized	teams	have	responsibility	 to	

make	decisions,	the	implementation	of	new	IT	applications	is	also	faster	and	more	efficient.	

(Wulf	&	Jarke	2004,	22.)	

4.1 User	experience	

User	experience	(UX)	includes	a	person’s	perceptions	and	responses,	which	are	the	results	of	

the	product,	system	or	service	usage.	It	also	includes	the	feelings	that	users	have	when	they	

use	a	product	or	service.	 (Kraft	2012,	1.)	UX	 is	defined	with	 three	different	attributes	 that	

describe	it:	creativity,	innovation	and	success	(Kraft	2012,	32-33).	UX	is	also	often	defined	as	

“ease	of	use”,	which	has	an	indirect	impact	on	the	decision-making	(Sundberg	2015,	132).	

Previously	 economic	 issues	 and	 technical	 features	 of	 the	 product,	 like	 price	 and	 life	 cycle	

costs,	 have	 been	 generally	 considered	 important	 in	 product	 development,	 but	 the	 user’s	

needs	and	experiences	are	becoming	a	priority.	In	the	case	where	users	can	test	the	product	

before	deployment,	the	role	of	the	UX	becomes	especially	obvious.	(Sundberg	2015,	131.)	

UX	is	estimated	to	become	the	most	important	success	factor,	as	most	of	the	products	are	

not	unique	anymore.	Traditionally,	engineering	design	has	focused	on	physical	products	and	

functional	 requirements	 but	 it	 hasn’t	 remarkably	 considered	 the	 customer’s	 affective	 and	
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cognitive	 needs.	 However,	 human	 emotional	 experience	 has	 significant	 role	 in	 decision	

making	when	there	is	a	will	to	achieve	product	success.	(Zhou	and	Jiao	2013,	870.)		

There	 are	 several	 reasons	 why	 UX	 is	 beneficial	 not	 only	 for	 the	 user	 but	 also	 for	 the	

organization.	Good	UX	 increases	productivity	 through	 satisfied	 and	productive	 employees,	

who	increase	the	organization’s	operational	efficiency.	Good	UX	is	also	easier	to	understand	

and	 use,	 which	 also	 generates	 costs	 savings	 when	 less	 training	 is	 needed.	 Good	 UX	 also	

reduces	 the	discomfort,	 stress	 and	possible	 sick	 leaves	 that	 are	 caused	by	 non-ergonomic	

products.	However,	the	linkage	for	UX	and	sick	leaves	is	difficult	to	prove,	as	there	are	other	

aspects	as	well	that	have	an	influence.	(Sundberg	2015,	45.)	

Research	has	shown	that	b-to-b	customer	values	have	multiple	levels,	which	can	be	classified	

into	individual	and	organizational	goals.	One	example	is	an	IT	solution	that	can	help	a	person	

to	achieve	individual	goals	helping	the	person	to	be	more	effective	in	completing	work	tasks,	

but	also	organizational	 goals	when	 the	organization	 can	keep	 their	 competitive	advantage	

with	 effective	workers.	 Efficiency	 in	work	 also	 increases	 the	 person’s	 security	 for	 the	 job,	

which	is	also	an	individual	goal.	(Sundberg	2015,	43.)	

However,	 though	 user	 experience	 is	 seen	 beneficial	 for	 the	 company	 and	 companies	 are	

considering	it	as	a	competitive	advantage,	 it	 is	difficult	to	transfer	the	benefits	to	the	sales	

argumentations	 or	 benefit	 UX	 development	 actively	 outside	 of	 the	 R&D.	 (Sundberg	 2015,	

140.)		

4.2 User	profiling	

A	profile	is	a	short	description	of	someone	that	contains	the	most	important	or	interesting	

facts	about	the	person.	The	users	do	different	actions	when	they	use	software	applications	

that	 relates	 to	 the	 user’s	 preferences,	 interests,	 background	 and	 goals.	 Finding	 the	

differences	 is	 important	for	the	organization	to	be	able	to	provide	personalized	services	to	

the	users.	(Schiaffino	&	Amandi	2009,	193.)	

User	profiling	is	a	concept	that	is	important	in	a	competitive	market	where	there	are	various	

services	available.	The	success	of	the	services	is	dependent	on	how	well	the	service	provider	

knows	the	users	and	how	well	users	have	been	taken	into	consideration	on	the	services	that	

try	 to	 match	 the	 users’	 requirements,	 preferences	 and	 needs.	 (Cufoglu,	 Ayse	 2014,	 1.)	
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Information	from	the	services	can	be	used	to	understand	the	user	more,	and	knowledge	can	

also	bring	satisfaction	when	the	systems	have	been	better	designed	for	the	user.	(Kanoje	et	

al.	2014,	119.)			

Profiling	 or	 modeling	 of	 users	 is	 utilized	 in	 areas	 where	 knowledge	 of	 the	 software	

application	users	 is	needed.	Some	examples	of	 these	areas	are	 intelligent	agents,	adaptive	

systems,	 intelligent	 tutoring	 systems,	 recommender	 systems,	 intelligent	 e-commerce	

applications	and	knowledge	management	systems.	(Schiaffino	&	Amandi	2009,	193.)	

User	profiles	are	virtual	representations	of	the	users,	including	information	such	as	personal	

details,	interests	and	preference	data.	The	profiles	that	are	achieved	from	the	user	profiling	

process	 are	 needed	 for	 personalizing	 services.	 (Cufoglu,	 Ayse	 2014,	 1.)	 User	 profiling	 is	 a	

process	 that	measures	 a	 user’s	 preferences	 from	 the	 user	 interest	 domain	 by	 identifying	

data	 that	 relates	 to	 it	 (Kanoje	et	 al.	 2014,	 119).	 Information	 can	be	 static	data	e.g.	 native	

country	or	dynamic	data	e.g.	user’s	needs.	The	content	and	amount	of	the	information	can	

vary	depending	on	the	area	where	the	application	is	located.	(Cufoglu,	Ayse	2014,	1.)	

The	main	function	of	user	profiling	is	to	gather	information	of	the	users	and	their	interests.	

In	general,	user	profiling	has	been	related	to	data	mining	and	machine	learning	and	it	is	also	

linked	to	the	KDD	model	because	many	steps	are	similar	in	user	profiling	process	than	in	KDD	

model.	(Kanoje	et	al.	2014,	119.)	

Figure	17.	User	data	discovery	model	(Kanoje	et	al.	2014)	
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The	 main	 difference	 between	 the	 knowledge	 data	 discovery	 model	 and	 the	 user	 data	

discovery	model	is	that	when	in	the	KDD	model	a	large	amount	of	data	already	exists	at	the	

beginning	of	the	process,	in	the	UDD	model	there	is	only	a	little	information	of	the	user	that	

needs	to	be	collected	to	further	process	the	data	(Kanoje	et	al.	2014,	120).	The	accuracy	of	

the	user	profile	depends	on	how	the	user	 information	 is	gathered	and	organized	and	how	

well	it	suits	the	user.	

4.3 User	profiling	approaches	

There	are	three	user	profiling	approaches	that	are	explicit,	implicit	and	hybrid	user	profiling.	

Implicit	 user	 profiling	 uses	 static	 and	 predictable	 characteristics	 for	 profiling.	 Users	 are	

analyzed	by	using	the	available	data,	which	is	usually	gathered	from	online	forms	or	surveys.	

If	only	the	implicit	approach	is	used	for	user	profiling,	the	problem	might	be	that	users	are	

not	 interested	 in	 telling	 their	 preferences	 for	 various	 reasons,	 like	 privacy	 or	 the	

inconvenience	 of	 filling	 forms.	 This	 causes	 decreasing	 accuracy	 over	 time.	 (Kanoje	 et	 al.	

2014,	120.)	

Explicit	user	profiling	is	an	approach	where	a	system	is	used	for	learning	more	about	the	user	

and	how	 the	user’s	 behavior	might	 change	 in	 the	 future.	 This	 type	of	 the	profiling	 is	 also	

called	behavioral	profiling	and	adaptive	profiling.	Today	it	is	often	called	ontological	profiling	

of	 the	 user.	 This	 approach	 uses	 lot	 of	 different	 filtering	 techniques	 like	 rule	 filtering,	

collaborative	filtering	and	content	based	filtering.	(Kanoje	et	al.	2014,	120.)	

The	 third	 user	 profiling	 approach	 is	 hybrid	 user	 profiling,	 which	 combines	 both	 of	 the	

previous	 approaches.	 It	 utilizes	 the	 static	 characteristics	 of	 the	 user,	 but	 also	 behavioral	

information	that	has	been	gathered	of	the	user.	Hybrid	user	profiling	is	considered	the	most	

efficient	 way	 to	 profile	 users,	 and	 it	 is	 also	 accurate	 because	 the	 information	 is	 updated	

dynamically.	(Kanoje	et	al.	2014,	121.)	

Usage	mining	is	a	concept	that	analyses	web	server	 logs	to	track	the	activities	of	the	users	

when	they	visit	a	site.	It	has	been	used	to	monitor	data	for	a	certain	period	of	time	to	form	a	

set	of	statistics	that	have	been	used	to	answer	the	questions	e.g.	why	the	customer	didn’t	

finish	the	shopping	or	why	the	customer	viewed	the	page	without	shopping.	(McGarry	et	al.	

2005,	177.)	
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User	Profile	Type	 Description	 Techniques	Used	 Advantages	 Disadvantages	

Explicit	User	

Profiles	

User	manually	

creates	user	profile	

Questionnaires,	

rating	

Information	

gathered	is	usually	

of	high	quality	

Requires	a	lot	of	

efforts	from	user	to	

update	the	profile	

information	

Implicit	User	

Profiles	

System	generates	

user	profile	from	

usage	history	of	

interactions	

between	the	user	

and	content	

Machine	learning	

algorithms	

Minimal	user	effort	

is	required	and	

easily	updatable	by	

automatic	

methods	

Initially	requires	a	

large	amount	of	

interaction	

between	user	and	

content	before	an	

accurate	user	

profile	is	created	

Hybrid	User	

Profiles	

Combination	of	

explicit	and	implicit	

user	profiles	

Both	explicit	and	

implicit	techniques	

To	reduce	weak	

points	and	

promote	strong	

points	of	each	of	

the	techniques	

used	

N/A	

Table	4.	Different	user	profiling	types	compared	(Cufoglu,	Ayse	2014)	

4.4 Data	analytics	measuring	software	usage	

The	 knowledge	 of	 software	 usage	 helps	 increase	 awareness	 of	 the	 way	 end-users	 use	

software	 and	 how	 software	 is	 responding	 to	 the	 actions.	 The	 knowledge	 of	 the	 usage	

behavior	 of	 different	 user	 profiles	 also	 help	 software	 vendors	 to	 do	 direct	marketing	 and	

better	 license	 customizing.	 However,	most	 vendors	 handle	 data	manually	 and	 use	 simple	

visualization	techniques	that	don’t	show	the	possible	hidden	patterns.	Web	mining	is	used	to	

analyze	the	visitors	in	web	sites,	but	the	methods	need	adjusting	if	they	are	to	be	used	for	

software	product	usage.	(Pachidi	et	al.	2014,	583.)	
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Research	question	3:	How	can	the	user	profiling	and	clustering	help	organizations	in	

pursuing	end-user	perspective	in	their	decisions?	

End-User	Development	 Understanding	the	concept	of	the	end-user	will	help	

organizations	to	understand	different	user	groups.	

User	experience		 Noticing	the	role	of	the	user	experience	also	inside	the	

organization	can	help	to	increase	both	the	efficiency	and	

work	satisfaction.	

Different	user	profiling	

approaches	

An	organization	that	uses	different	user	profiling	methods,	

e.g.	surveys	and	questionnaires	but	also	systems	that	

measure	the	usage,	will	get	the	most	accurate	results.	

Table	5.	Summary	of	chapter	4.	 	
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5. RESEARCH	METHODOLOGY	

The	data	for	the	empirical	part	is	combined	from	different	datasets	that	are	collected	from	

several	databases.	The	research	is	a	case	study	and	it	started	from	the	investigation	of	the	

existing	databases	and	assessing	the	usability	of	the	data	for	the	research.	The	case	company	

has	not	used	data	for	that	kind	of	a	purpose	before	and	all	the	possible	data	sources	were	

not	known	when	the	research	was	started.	Part	of	the	research	was	to	interview	employees	

who	where	 involved	 in	different	 IT	 services	where	 the	data	 is	 collected	and	 to	 find	all	 the	

available	data	resources	that	relate	to	that	topic.	The	empirical	part	was	also	a	comparison	

of	the	theory	from	the	literature	review	and	how	well	it	fits	to	this	research.		

In	the	literature	review	it	was	mentioned	a	few	times	that	one	of	the	essential	questions	for	

data	mining	is	the	need	for	which	the	data	analysis	is	made.	Also	it	is	important	to	know	the	

reason	for	the	data-mining	project.	Another	point	was	the	profitability	of	the	information.	All	

the	 information	 is	 somehow	 profitable	 but	 not	 always	 necessarily	 compared	 to	 other	

information.	 IT	 services	 usage	 inside	 the	 organization	 is	 not	 the	 core	 business	 of	 the	

organization.	 However,	 it	 might	 help	 it	 to	 improve	 its	 efficiency	 and	 also	 tell	 something	

about	 the	 readiness	 for	 digitalization.	 If	 services	 are	 not	 used	 actively	 or	 some	 of	 the	

employees	haven’t	started	to	use	them,	it	might	slow	also	activity	to	take	new	services	into	

use	in	the	future.		

5.1 Case	study	

A	case	study	is	method	that	is	used	to	research	a	certain	phenomenon	in	a	context	to	get	an	

insight	of	a	research	topic.	In	a	business	case,	the	empirical	part	is	done	in	a	company	where	

the	study	takes	place	and	it	is	a	good	method	to	answer	the	questions	how,	who	and	why.	A	

case	study	is	also	a	good	method	to	research	actual	topics	deeper.	(Farquhar	2010,	5.)	In	this	

thesis,	 the	case	study	was	selected	to	 research	data	based	decision-making.	This	 topic	has	

been	popular	recently	in	news,	articles	and	books.		

The	case	company	in	this	research	is	operating	in	the	forest	industry.	It	has	production	in	13	

countries,	 19	 300	 employees	 and	 it	 operates	 in	 six	 business	 areas.	 The	 company	 was	

established	in	1995	in	a	merger	of	two	companies	and	their	subsidiaries.	However,	some	of	
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the	companies	in	the	merger	had	operated	since	the	19th	century.	IT	and	especially	end-user	

services	are	in	a	business	support	function	in	the	case	company.		

The	research	focuses	on	IT	services	that	are	available	for	all	the	employees	in	the	company	

who	work	in	a	position	that	requires	using	a	computer.	The	researched	services	are	end-user	

services	that	are	widely	used	worldwide	in	different	companies	and	not	customized	for	the	

case	company.	

5.2 Quantitative	research	

One	definition	for	quantitative	data	is	that	it	involves	measuring	or	counting	(Farquhar	2010,	

21).	Data	can	also	be	divided	to	primary	and	secondary	data.	The	definition	of	primary	data	

is	data	that	has	been	collected	by	the	researcher	and	that	is	new.	Often	data	is	collected	via	

surveys	 or	 interviews.	 The	 definition	 and	 use	 of	 secondary	 data	 varies	 depending	 on	 the	

source.	Secondary	data	is	commonly	used	in	economics	and	finance,	but	e.g.	in	marketing	it	

is	 not	 common	 to	 use	 it.	 (Farquhar	 2010.)	 In	 this	 thesis,	 the	 used	 data	 is	 secondary	 data	

because	it	has	been	collected	from	the	databases.	It	has	also	not	been	possible	to	define	the	

type	of	data	beforehand.	One	of	the	key	questions	in	quantitative	data	is	to	answer	what	will	

be	measured	(Farquhar	2010,	6).	The	difference	in	data	mining	is	that	the	data	already	exists	

compared	 to	 the	 researches	 where	 it	 is	 possible	 to	 define	 the	 collected	 data	 e.g.	 using	

surveys.		

5.2.1 Reliability	and	validity	of	the	research	

Reliability	and	validity	are	continuously	evaluated	topics	in	researches.	Validity	evaluates	the	

selected	 research	 methods	 and	 is	 the	 research	 topic	 measured	 like	 it	 was	 intended	 to.	

Reliability	defines	whether	the	research	would	be	repeatable	with	similar	results	if	the	same	

data	were	used	another	time.	It	also	measures	if	there	are	random	errors	that	could	affect	

the	 results	 and	make	 the	 research	 not	 repeatable.	 Transparency	 and	 replication	 relate	 to	

reliability	and	can	be	achieved	by	documenting	 the	 research	well	and	using	protocols	 that	

would	make	further	research	in	the	future	easier.	(Farquhar	2010,	4.)		

In	this	research,	the	data	was	collected	from	databases	that	guarantee	the	reliability	in	some	

level,	because	anyone	who	has	access	 to	 the	database	will	 achieve	 similar	datasets.	 Some	
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databases,	 however,	 override	 the	 existing	 data	 with	 new	 results	 or	 save	 data	 only	 for	 a	

certain	time,	causing	data	losses	and	making	the	results	non-repeatable	after	some	time.		

The	 validity	 of	 the	 research	was	 evaluated	when	 the	 datasets	were	 examined	 in	 the	 data	

understanding	phase.	In	some	cases	it	was	not	possible	to	identify	how	some	datasets	were	

collected	or	 if	a	dataset	was	a	combination	of	several	datasets.	Combined	datasets	 involve	

several	people,	which	makes	it	difficult	to	achieve	validity	especially	if	the	guidelines	on	how	

the	data	has	been	collected	are	not	clear.	The	data	collection	process	is	documented	in	the	

chapter	on	the	data	collection	phase.		

5.2.2 Clustering	

Human	beings	tend	to	categorize	things.	One	example	of	 this	 is	different	animal	and	plant	

species	that	didn’t	have	labels	until	someone	generated	them	by	using	observable	features.	

(Äyrämö	2006,	53.)	Clustering	is	one	of	the	easiest	and	most	used	techniques	and	is	also	one	

of	 the	 core	methods	 in	 data	mining	 and	 knowledge	 discovery	 (Mohamad	&	Usman	 2013,	

3299;	Äyrämö	2006,	53).	It	is	also	used	more	widely	e.g.	in	segmenting	markets	(Tuma	et	al.	

2011,	392),	in	psychiatry	to	group	people	with	psychotic	depression	and	in	climate	research	

(Hand	et	al.	2001,	11).	

The	main	idea	of	clustering	is	to	figure	out	commonalities	and	designs	from	a	large	dataset	

by	splitting	data	into	groups	(Mohamad	&	Usman	2013,	3299).	Clustering	is	a	scientific	way	

to	form	natural	groups	from	the	data	(Hand	et	al.	2001,	11)	that	doesn’t	include	class	labels	

(Turban	 et	 al.	 2011,	 201).	 Because	 class	 labels	 are	 not	 available	 in	 the	 data,	 clustering	 is	

defined	 as	 an	 unsupervised	 classification	 or	 unsupervised	 learning	method.	 (Mohamad	 &	

Usman	2013,	3299;	(Govaert	2010,	215;	Äyrämö	2006,	52).	

Clusters	 or	 groups	 are	 formed	 by	 calculating	 multivariate	 distance	 measures	 between	

observations.	Observations	that	are	close	to	each	other	will	be	located	to	the	same	cluster.	

(Refaat	2007,	26.)	The	idea	is	that	observations	in	one	group	are	as	similar	as	possible,	but	

different	enough	compared	to	observations	in	other	groups	(Hand	et	al.	2001,	293).		

Clustering	methods	have	been	used	in	several	scientific	disciplines,	e.g.	biology,	psychology,	

statistics,	 social	 sciences	 and	 engineering.	 Clustering	 applications	 exists	 in	 biological	

sciences,	 life	 sciences,	 medical	 sciences,	 behavioral	 and	 social	 sciences,	 earth	 sciences,	
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engineering	and	information,	policy	and	decision	sciences	(Äyrämö	2006,	55).	Clustering	has	

been	used	in	pattern	recognition,	informal	retrieval,	micro-arrays	and	data	mining	(Govaert	

2010,	 215)	 as	well	 as	 in	 cases	where	 the	 data	 is	 sufficient	 for	 creating	 predictive	models	

(Ohri,	 A	 2012,	 225).	 Clustering	 is	 also	 called	 by	 several	 names	 e.g.	 numerical	 taxonomy,	

automatic	classification,	botryology	and	typological	analysis.	Data	clustering	has	been	called	

unsupervised	classification,	data	segmentation	and	data	partition.	(Äyrämö	2006,	55.)	

The	 clustering	 process	 follows	 certain	 steps.	 First	 step	 is	 to	 1)	 select	 the	 variables,	 the	

amount	of	the	variables	and	the	sample	size.	This	step	is	one	of	the	more	fundamental	ones	

in	the	clustering	process.	Variable	selection	is	usually	based	on	assumptions,	judgments	and	

experience,	but	also	 intuition	of	the	researcher.	The	second	step	 is	2)	data	pre-processing,	

where	the	researcher	decides	whether	preprocessed	data	is	used	or	not.	Some	researchers	

are	against	preprocessing	because	it	will	decrease	the	information	that	is	used	in	clustering,	

but	some	recommend	it	to	avoid	problems	of	interdependence	and	multicollinearity.	(Tuma	

et	al.	2011,	395.)	All	 cluster	analysis	methods	are	based	on	calculating	distance	measures,	

requiring	 all	 the	 variables	 to	 be	 numeric.	 Ordinal	 variables	 are	 converted	 to	 continuous	

variables	so	they	can	get	any	numeric	value	between	two	of	the	variables.	Nominal	variables	

are	converted	to	dummy	or	indicator	variables	taking	only	values	0	or	1.	Missing	values	also	

need	to	be	removed	or	modified.	(Refaat	2010,	25.)	Data	standardization	is	used	in	the	data	

preprocessing	phase	 if	 the	 sample	 is	 large	or	 there	 is	 great	 variability	 to	avoid	differences	

that	could	affect	the	results	(Mohamad	&	Usman	2013,	3299).	

The	 third	 step	 in	 clustering	 process	 is	 3)	 selecting	 the	 appropriate	 clustering	 algorithm.	

Hierarchical	 clustering	 is	 an	 algorithm	 that	 can	 be	 divided	 further	 into	 agglomeration	 and	

divisive	methods.	In	agglomerative	methods	each	observation	is	a	cluster	of	its	own	and	they	

are	merged	with	the	nearest	ones	until	there	is	only	one	cluster.	(Refaat	2007,	26;	Hand	et	

al.	2001,	311.)	Divisive	methods	work	the	opposite.	In	divisive	methods	the	whole	dataset	is	

one	cluster	that	is	split	into	smaller	clusters	taking	the	process	as	far	as	necessary.	The	final	

option	would	 be	 that	 all	 the	 observations	 are	 also	 clusters.	 (Refaat	 2007,	 26;	 Hand	 et	 al.	

2001,	 314.)	 One	 example	 of	 hierarchical	 clustering	 is	 Ward’s	 method	 that	 belongs	 to	

agglomerative	methods.	
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K-means	 clustering	 algorithm	 is	 a	 partitioning	 method.	 It	 is	 a	 centroid	 based	 clustering	

method	that	requires	the	researcher	to	decide	the	amount	of	the	clusters	(Bolin	et	al.	2014,	

1).	 The	K-means	algorithm	starts	 randomly	and	groups	observations	as	 long	as	 the	 results	

are	 improving.	 (Refaat	 2007,	 26.)	 According	 to	 Mohamad	 &	 Usman	 (2013)	 “k-means	

algorithm	 follows	 three	 steps	 before	 the	 convergence:	 determine	 centroid	 coordinate,	

determine	 the	 distance	 of	 each	 object	 to	 the	 centroids	 and	 group	 the	 object	 based	 on	

minimum	distance”	(Mohamad	&	Usman	2013,	3299).		

Clustering	methods	 can	 be	 categorized	 to	 non-overlapping,	 overlapping	 or	 fuzzy	methods	

depending	on	whether	one	 sample	 can	belong	 to	one	or	 several	 clusters.	 Fuzzy	 clustering	

allows	one	sample	to	belong	more	than	one	cluster	at	the	same	time.	Fuzzy	clustering	is	also	

called	soft	clustering	when	other	clustering	methods	that	don’t	allow	overlapping	are	called	

hard	 clustering.	 Fuzzy	 clustering	 is	 used	 in	medicine,	 imaging	 software,	 computer	 science	

and	business.	Especially	it	has	been	used	in	cancer	prediction,	tumor	classification,	satellite	

image	 retrieval	 and	 bankruptcy	 forecasting.	 Fuzzy	 clustering	 is	 an	 extension	 of	 k-means	

clustering,	 and	 compared	 to	 the	 k-means	 clustering	 it	 gives	 additional	 information	 of	 the	

samples	 that	 belong	 to	 multiple	 classes.	 It	 can	 also	 produce	 both	 hard	 and	 soft	 clusters	

showing	the	relationship	of	the	clusters,	and	handle	outliers	effectively	when	e.g.	in	k-means	

clustering	outliers	can	cause	problems.	(Bolin	et	al.	2014,	3.)	

The	 fourth	 step	 is	 to	 4)	 determine	 the	 number	 of	 clusters,	 which	 is	 one	 of	 the	 most	

important	 factors.	Some	of	 the	methods	e.g.	k-means	clustering,	do	not	 form	clusters	and	

the	 researcher	needs	 to	define	how	many	clusters	are	 included.	 (Bolin	et	al.	2014,	1.)	The	

fifth	step	 is	5)	 testing	the	results	 for	validity.	Stability	 is	also	another	 important	 issue.	One	

view	for	the	cluster	analysis	is	to	know	that	the	groups	are	not	only	formed	by	the	method	

but	 they	 are	 based	 on	 real	 life.	 The	 last	 step	 is	 to	 6)	 name	 the	 clusters	 based	 on	 the	

characteristics	they	have	and	describe	the	characteristics	of	each	cluster.	(Tuma	et	al.	2011,	

403.)	

Cluster	analysis	has	had	attention	in	many	scientific	researches	lately	and	that	has	yielded	a	

wide	amount	of	material	of	 it.	The	problem	 is	 that	new	methods	are	developed	when	the	

earlier	 ones	 are	 not	 yet	 understood	 completely.	 It	 is	 also	 noted	 in	 cluster	 analysis	 that	
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sometimes	the	validity	of	a	clustering	is	based	on	the	decision	of	a	researcher.	(Hand	et	al.	

2001.)	

5.3 CRISP-DM	framework	

The	empirical	part	follows	the	CRISP-DM	process	model.	The	process	starts	with	the	business	

understanding	 and	 data	 understanding	 phases	 that	 are	 usually	 done	 at	 the	 same	 time.	

Compared	to	the	typical	data-mining	project	that	was	described	in	the	literature,	usually	the	

project	 includes	several	members	from	different	business	fields	e.g.	 from	the	business	and	

technical	side.	In	this	thesis	the	project	group	was	not	involved	as	the	research	was	part	of	

the	final	thesis,	but	several	people	gave	information	in	different	phases.		

CRISP-DM	was	selected	because	it	is	a	flexible	framework	and	a	quick	way	to	get	your	hands	

dirty	 with	 analytics.	 The	 company	 has	 not	 used	 analytics	 before	 for	 this	 purpose	 and	 as	

CRISP-DM	phases	allow	moving	back	and	forward,	 it	was	possible	to	move	back	when	new	

information	was	received	that	changed	the	setting.	

5.3.1 Business	understanding	phase	

The	 business	 understanding	 phase	 is	 an	 important	 part	 of	 the	 data-mining	 project.	 Its	

purpose	is	to	understand	the	level	of	the	data	mining	problem	and	to	set	goals	and	targets	

for	 the	 project.	 The	 reason	 why	 the	 data-mining	 project	 will	 be	 made	 is	 one	 of	 the	 key	

elements	for	the	data-mining	project.	(Turban	et	al.	2011,	208.)		

In	 the	 thesis,	 the	 focus	 was	 to	 research	 different	 data	 sources	 and	 the	 data	 that	 was	

available	 to	 achieve,	 as	 it	 would	 have	 been	 impossible	 to	 gain	 full	 understanding	 of	 the	

business	in	that	short	time.	The	company	is	large;	it	operates	worldwide	and	it	also	operates	

in	 different	 areas	 of	 business.	 The	 employees	 are	 located	 in	 several	 locations,	 and	

sometimes	finding	the	right	people	took	time.	

Business	 understanding	 is	 an	 important	 part	 of	 the	 process.	 It	 would	 be	 difficult	 to	

understand	 datasets	 without	 knowing	 how	 they	 are	 related	 to	 the	 company’s	 business.	

Research	 was	 started	 from	 databases	 that	 were	 not	 used	 in	 the	 data	 analysis,	 but	 they	

helped	to	find	more	databases	that	were	used	in	the	analysis.	Interviews	were	a	good	way	to	

learn	more	about	the	business	and	the	researched	services.	Important	information	was	also	

achieved	 when	 the	 results	 were	 presented	 to	 other	 employees.	 After	 all,	 business	
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information	 was	 scattered	 to	 different	 employees	 and	 often	 interviewing	 one	 employee	

gave	insights	and	information	on	other	employees	who	were	involved	in	the	topic	and	could	

give	 valuable	 information.	 This	 was	 time	 consuming,	 but	 also	 necessary	 to	 find	 out	 the	

wideness	of	the	topic.	It	also	supported	the	theory	of	finding	the	reason	for	making	a	data	

analytics	project.	

5.3.2 Data	understanding	phase	

The	data	understanding	phase	was	started	at	the	same	time	as	the	business	understanding	

phase.	The	phase	included	examining	the	collected	datasets.	The	source	of	the	data	was	also	

investigated	to	estimate	the	reliability	and	consistency.		

One	 important	 fact	 in	data	understanding	this	phase	 is	 to	know	how	the	data	 is	collected.	

Some	of	the	databases	could	be	researched	directly,	which	made	it	clear	what	type	of	data	is	

available	 and	 from	where	 it	 is	 collected.	 Some	 of	 the	 services	 were	 outsourced,	 and	 the	

access	 to	 the	 databases	 was	 also	 outside	 of	 the	 company.	 That	 made	 data	 collection	

sometimes	time	consuming	and	challenging,	especially	if	 it	was	not	possible	to	talk	directly	

with	the	person	who	was	in	charge	of	the	data	storing.	It	was	also	not	possible	to	assess	the	

quality	of	the	data	completely	in	these	cases.		

Data	is	an	important	feature	to	consider	when	outsourcing	is	done.	In	cases	where	the	data	

is	crucial,	data	storing	should	also	be	planned	carefully	 to	avoid	the	risk	of	 important	data	

being	inaccessible.	Databases	that	are	managed	outside	of	the	company	can	cause	issues,	as	

can	differences	 in	 legislation	for	data	storing	and	delivery,	which	can	vary	 from	country	to	

country.	The	data	that	was	used	in	the	thesis	was	from	the	support	functions	and	not	that	

important	for	the	case	company.		

One	database	type	were	also	service	providers	that	offer	their	own	databases.	Often	this	is	

the	case	when	the	service	is	designed	for	worldwide	use	for	a	large	group	of	organizations.	

Ready-made	analytic	tools	that	are	similar	to	all	of	the	users	can	sometimes	cause	problems	

if	 it	 is	 not	 clear	 how	 data	 is	 collected.	 Big	 providers	 might	 update	 services	 regularly	 but	

instructions	don’t	always	follow	with	the	updates.	This	might	lead	to	a	situation	where	the	

terms	are	different	in	instructions	and	analytic	tools.		
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Examined	datasets	

Data	1		

Data	1	 is	used	to	manage	user	 rights	 for	 the	office	services.	 It	was	used	to	 filter	 the	users	

who	don’t	 have	 access	 to	 the	 researched	 services.	 Including	users	 that	 don’t	 even	have	 a	

chance	to	use	the	researched	services	would	make	the	results	biased.		

Data	2		

Data	2	was	collected	from	a	database	that	is	used	to	manage	devices	and	installations.	The	

service	is	also	used	to	monitor	IT	devices	and	services.	The	database	was	researched	to	get	

an	understanding	of	this	area	of	business	and	to	find	extra	information	of	the	service	usage.	

However,	in	the	end	the	data	from	the	database	didn’t	include	suitable	data	and	it	was	not	

used	in	the	analysis.		

Data	3		

Data	3	was	a	database	where	 IT	related	queries,	e.g.	 tickets	and	orders,	are	collected.	The	

database	is	also	used	for	problem	management	as	well	as	change	and	release	management.	

Its	purpose	is	to	manage	the	life	cycle	of	the	devices	and	services.	

The	database	was	researched	to	find	more	information	on	mobile	phone	devices	and	smart	

phone	 usage,	 but	 there	 were	 some	 limitations	 that	 affected	 the	 use	 of	 the	 data	 in	 the	

analysis.		

Data	4		

Data	4	was	corporate	data,	the	purpose	of	which	was	to	bring	more	background	information	

for	the	results.	The	data	included	variables	like	location,	unit	or	function,	making	it	possible	

to	analyze	only	a	certain	type	of	user	groups.	

Data	5	

Data	 5	 was	 collected	 from	 a	 database	 that	 is	 developed	 by	 a	 service	 provider.	 Data	 5	

contains	 service	 authentication	 data	 that	 is	 used	 to	 verify	 a	 user.	 Authentication	 of	 the	

device	 is	required	when	a	user	accesses	the	organization’s	account	from	a	different	device	
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than	usual,	or	from	outside	of	the	organization’s	network.	Data	5	was	used	to	research	the	

activity	of	mobile	device	usage.	

Data	6	

Data	6	was	collected	from	a	service	that	is	outsourced.	A	company	that	hosts	the	service	has	

also	 collected	 the	 data.	 The	 data	 is	 from	mobile	 devices	 and	 it	was	 used	 to	measure	 the	

activity	of	using	mobile	devices	for	reading	work	emails.	

The	data	itself	was	not	fully	clear	and	there	were	some	issues	that	were	not	possible	to	solve	

in	the	time	the	thesis	was	made.	Compared	to	data	5	that	included	results	only	for	the	last	

three	months,	 data	6	 included	 results	 from	 the	 launch	of	 the	 service,	which	 caused	many	

duplicates.	The	data	was	also	only	measuring	whether	the	service	was	used	or	not,	which	is	

why	the	data	was	not	used	in	the	data	analysis.	

Data	7	

Data	7	was	collected	from	the	collaboration	service	that	is	used	for	internal	communication	

and	news	publishing.	It	was	a	list	of	the	access	rights	to	update	and	modify	the	content.	

Data	 7	 was	 received	 after	 cleaning	 and	 it	 was	 not	 originally	 collected	 for	 the	 thesis.	 The	

problem	with	the	data	was	that	it	could	not	be	used	for	measuring	the	usage	activity.	Finally,	

the	data	was	left	out	from	the	research	because	it	would	have	biased	the	results.		

Data	8	

Data	8	was	received	from	outside	of	the	company	and	was	affected	by	similar	issues	as	data	

6.	Data	8	was	about	the	usage	activity	of	internal	communications,	but	it	was	not	possible	to	

get	 extensive	 data	 because	 some	 features	 could	 not	 be	measured	 at	 the	moment.	 Some	

results	 were	 possible	 to	 achieve	 after	 the	 data	 was	 cleaned	 and	 some	 calculations	 were	

made,	but	finally	data	was	left	out	of	the	analysis.		

Data	9	

Data	 9	 was	 collected	 from	 a	 database	 that	 is	 developed	 by	 a	 service	 provider.	 It	 was	

collected	of	the	activity	to	use	a	cloud	service	that	is	designed	to	store	work	files.	The	service	
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can	also	be	used	for	collaboration	due	to	a	feature	that	makes	file	sharing	possible.	The	data	

was	used	in	the	analysis	to	provide	information	of	the	usage	activity.	

Data	10	

Data	10	was	 received	 from	an	outside	company.	 It	was	used	 to	measure	 the	usage	of	 the	

office	services	that	are	often	used	in	daily	office	work.	It	would	be	beneficial	to	see	whether	

users	 are	 not	 using	 the	 service	 or	 if	 they	 are	 rather	 using	 a	web	 version	 of	 it,	 but	 usage	

information	is	not	available	on	that	level.		

The	data	was	used	in	the	analysis,	but	there	were	some	problems	with	the	quality.	Some	of	

the	 results	were	missing,	 which	 caused	 the	 limitation	 for	 all	 the	 empty	 values	 because	 it	

wouldn’t	have	been	possible	to	know	which	results	are	falsely	measured	and	which	ones	are	

empty	because	of	users	not	using	the	service.	

Dataset	 Description	 Category	 Review	

Data	1	 Data	was	received	from	a	service	

provider’s	database	that	was	used	

to	administer	the	user	rights.	

Database	 Background	data.	

Included	in	data	

analysis.	

Data	2	 Database	is	used	to	manage	

services	and	devices	on	an	

operational	level,	e.g.	life	cycle	

management	of	the	IT	devices.	

Database	 Not	usable	data	to	

include	in	data	

analysis.	

Data	3	 Database	included	data	from	IT	

tickets	and	orders.		

Database	 Not	usable	data	to	

include	in	data	

analysis.	

Data	4	 Database	included	organizational	

data	e.g.	locations,	positions	and	

business	units	

Dataset	 Corporate	data.	

Included	in	data	

analysis.	

Data	5	 Data	was	received	from	a	service	

provider’s	database.	

Dataset	 Mobile	services	usage	

data.	Included	in	data	

analysis.	
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Data	6	 Data	was	received	from	an	

outsourced	company.	

Dataset	 Mobile	services	usage	

data.	Not	included	in	

data	analysis.	

Data	7	 Data	was	received	as	a	ready	

dataset	that	was	originally	

collected	for	different	purposes.	

Dataset	 Collaboration	services	

data.	Not	included	in	

data	analysis.	

Data	8	 Data	was	received	from	an	

outsourced	company.	

Dataset	 Collaboration	services	

data.	Not	included	in	

data	analysis.	

Data	9	 Data	was	received	from	a	service	

provider’s	database.	

Dataset	 Cloud	services	data.	

Included	in	data	

analysis.	

Data	10	 Data	was	received	from	an	

outsourced	company.	

Dataset	 Office	service	data.	

Included	in	data	

analysis.	

Table	6.	Dataset	review.	

5.4 Data	Preparation	Phase	

In	 the	data	preparation	phase	 the	data	was	examined.	After	dataset	 collection,	 there	was	

also	a	need	to	combine	the	different	datasets	into	one	large	dataset	to	be	able	to	use	them	

at	 the	 same	 time.	 The	 data	was	 received	 from	different	 sources,	 and	 the	most	 important	

thing	was	to	find	variables	that	are	same	in	both	of	the	datasets	and	could	be	used	as	a	key	

value	to	combine	datasets.	

After	 dataset	 forming,	 it	 was	 possible	 to	 note	 that	 there	 were	 many	 columns	 that	 had	

missing	values.	One	possible	reason	 is	that	a	missing	value	 is	a	result	of	how	the	data	was	

collected.	Missing	values	in	that	kind	of	a	situation	is	a	sign	that	part	of	the	results	were	not	

collected	 e.g.	 due	 to	 technical	 reasons.	 The	 second	 reason	 for	 missing	 values	 is	 that	 the	

researched	service	is	not	used	and	in	that	case	usage	is	zero.	Depending	on	a	situation	that	

was	 updated	 to	 the	 dataset,	 which	 allows	 using	 that	 data	 in	 analytics	 as	 well	 or	 missing	

values	were	removed	from	the	dataset.	

	



	

71	

Figure	18.	Data	collection	process		

The	chart	shows	the	process	of	how	the	data	was	collected	and	prepared	for	 the	analysis.	

Keys	are	values	that	all	the	datasets	have.	The	service	where	the	dataset	is	collected	from	is	

in	the	second	column,	e.g.	mobile,	cloud	or	collaboration	service.	The	name	of	the	data	is	in	

the	third	column,	following	the	same	numbering	as	the	datasets	that	were	presented	in	the	

previous	chapter.	The	date	when	the	data	has	received	has	also	added	to	the	same	column.	

The	 fourth	 column	 is	 the	 variable	 that	 was	 selected	 from	 the	 dataset	 and	 used	 in	 the	

analysis.	The	 last	column	shows	 the	 interpretation	of	 the	variable.	E.g.	use/not	use	means	
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that	 the	 information	 from	 the	 variable	 has	 had	 only	 two	 possible	 values	 showing	 if	 the	

service	has	been	used	or	not.	

The	dataset	also	included	variables	such	as	dates	that	required	modification	into	a	numerical	

value	to	be	able	to	use	them.	Most	of	the	time,	the	date	was	a	value	for	the	last	time	when	

the	 service	 was	 used.	 This	 made	 it	 impossible	 to	 research	 how	 frequent	 the	 usage	 was,	

because	the	heavy	users	and	users	who	have	just	tried	the	service	couple	of	times	were	not	

possible	to	separate.	

5.5 Modeling	Phase	

In	 the	modeling	 phase,	 the	 variables	 that	were	 selected	 for	 the	 cluster	 analysis	were	 the	

office	 services,	 cloud	 services	 and	mobile	 device	 usage.	 Office	 services	 included	 software	

such	as	word	processing,	spreadsheet,	presentation	and	collaborative	notes	taking	software.	

The	collected	values	were	the	amount	of	time	the	software	was	opened	in	the	selected	time	

period.	 Data	 of	 the	 cloud	 services	 included	 the	 amount	 of	 files	 that	 were	 stored	 and	

modified	 in	 the	 cloud	 services,	 and	 mobile	 services	 the	 times	 mobile	 device	 was	

authenticated	 using	 personal	 credentials	 to	 open	 company	 files	 from	 a	 mobile	 phone	 or	

outside	of	the	company	network.	

The	selected	modeling	technique	was	clustering.	The	aim	was	to	see	how	clustering	would	

group	users	based	on	the	collected	data.	A	limitation	of	k-means	clustering	is	that	variables	

need	to	be	continuous,	 i.e.	they	can	receive	any	numerical	value	between	the	starting	and	

finishing	 values.	Many	variables	 in	 the	dataset	were	binary	 variables,	 e.g.	 dates	 that	were	

modified	to	have	only	two	values,	e.g.	use	and	not	use.	These	variables	were	left	out	of	the	

cluster	 analysis.	 Some	 variables,	 e.g.	 date,	 were	 left	 outside	 of	 the	 analysis	 because	 they	

didn’t	have	enough	information	of	the	frequency	of	the	usage.	

The	 selected	 clustering	 algorithms	 were	 K-means	 and	 Ward’s	 clustering.	 First,	 cluster	

analysis	was	conducted	using	Ward’s	method.	The	amount	of	clusters	was	selected	based	on	

the	 results.	 Ward’s	 method	 doesn’t	 require	 defining	 clusters	 for	 the	 analysis,	 but	 for	 k-

means	this	information	is	needed	before	the	analysis.	

The	dataset	included	approx.	24	000	samples	at	the	beginning,	including	all	the	employees	of	

the	 company.	 Since	 the	 researched	 topic	 was	 IT	 service	 usage,	 the	 samples	 from	 the	
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employees	working	 in	 production	 or	 other	 than	white-collar	 position	were	 removed	 from	

the	dataset.	Also,	employees	who	didn’t	have	access	to	all	of	the	researched	services	were	

filtered	 from	 the	 data	 as	 far	 as	 this	 information	 was	 available.	 The	 filtering	 reduced	 the	

amount	of	the	samples	to	7310	samples.		

A	measurement	error	in	the	office	services	data	caused	the	limitation	of	the	samples	to	856.	

The	reason	for	the	limitation	was	that	it	was	not	possible	to	limit	the	samples	that	were	not	

measured	at	all	from	the	empty	samples	that	were	measured	and	the	there	was	no	usage	of	

the	 service.	 Limiting	 all	 the	 samples	 that	 had	 only	 empty	 values	 caused	 also	 limiting	 one	

possible	user	group	outside	of	the	analysis,	as	it	was	not	possible	to	have	samples	that	have	

not	used	any	of	the	office	services	in	the	thesis.	It	was	also	not	possible	to	detect	the	issue	or	

research	further	if	there	is	a	common	feature	for	the	falsely	measured	samples.	Also	there	

was	not	enough	time	to	collect	the	data	again.	

Data	 Description	 Removed	samples	 Reason	

Data	4.	Background	data	 Limitations	 Samples	that	don’t	include	a	

position	that	requires	office	

services	usage	

Sample	needs	to	include	

a	suitable	position	to	be	

selected	to	the	data	

Data	1.	Background	data	 Limitations	 Samples	that	show	the	user	

doesn’t	have	access	to	the	

researched	IT	services	

User	needs	to	have	rights	

to	use	the	service.	

Data	7,	Data	8,	Data	6	&	

Data	10	

Limitations	 Whole	data	was	left	outside	

of	modeling	

Wrong	data	types	(binary	

data)	or	data	didn’t	

measure	what	is	wanted.	

Data	10.	Office	services	

(include	four	variables)	

Errors	 Samples	that	have	all	four	

variables	empty	

Sample	needs	to	include	

at	least	one	variable	that	

has	usage	results	to	

guarantee	that	the	

sample	doesn’t	have	

errors	

Data	10.	Office	services	

(Word-processing	

software)	

Outliers	 Samples	having	a	value	over	

100	

	

Considered	as	outlier	

when	researched	in	

scatter	plot.	
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Data	10.	Office	services	

(Spreadsheet	software)	

Outl iers  Samples having a value 

over 400 

 

Considered as outl ier  

when researched in 

scatter plot.  

Data	10.	Office	services	

(Presentation	software)	

Outliers	 Samples	having	a	value	over	

100	

	

Considered	as	outlier	

when	researched	in	

scatter	plot.	

Data	10.	Office	services	

(Collaborative	notes	

software)	

Outliers	 Samples	having	a	value	over	

40	

Considered	as	outlier	

when	researched	in	

scatter	plot.	

Data	5.	Mobile	services	 Outliers	 Samples	having	a	value	over	

15	

Considered	as	outlier	

when	researched	in	

scatter	plot.	

Data	9.	Cloud	services	 Outliers	 Samples	having	a	value	over	

2000	

Considered	as	outlier	

when	researched	in	

scatter	plot.	

Table	7.	Limitations	for	the	data	

The	samples	 that	were	used	 in	 the	analysis	were	not	 in	 the	same	range	and	that	 required	

data	standardization.	The	standardizing	method	used	was	min-max	normalization,	where	the	

samples	are	transformed	to	values	between	0.0	and	1.0.	After	standardization,	outlier	values	

were	filtered.	The	final	data	set	had	843	samples.	

5.6 Evaluation	Phase	

The	CRISP-DM	model	is	an	iterative	process,	and	also	in	the	empirical	part	evaluation	of	the	

data	was	done	all	 the	way	during	the	research.	During	the	process,	 the	 information	of	 the	

available	data	as	well	as	business	understanding	increased,	which	resulted	in	remaking	some	

of	the	visualizations.	Errors	in	some	datasets	and	some	datasets	not	measuring	the	features	

that	 they	 were	 first	 intended	 to	 measure	 also	 resulted	 in	 iterations	 and	 remaking	 some	

phases	several	times.	

The	 results	of	 the	visualization	were	presented	 to	 the	members	of	 the	organization	a	 few	

times,	and	based	on	the	comments	the	iterations	were	made	to	the	visualizations	and	data.	
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Clustering	results	were	not	presented	directly	to	the	organization	representatives,	as	there	

were	 some	major	 issues	 that	were	noticed	 later	on	 the	process	and	 that	 required	 time	 to	

plan	and	modify	the	data	again.	Also,	the	notions	that	were	rising	from	the	theory	were	not	

presented,	as	the	time	that	was	planned	for	doing	the	empirical	research	was	limited.	

The	 issues	 could	have	been	 avoided	with	better	 understanding	of	 the	outsourced	 service.	

The	peculiar	nature	of	data	analysis	 is	 that	 the	data	 that	was	not	collected	 today	can’t	be	

collected	 tomorrow.	 In	 data	 collection	 time	 can	 be	 considered	 similar	 resource	 than	 in	

surveys,	 where	 it	 is	 not	 possible	 to	 add	 more	 questions	 after	 the	 survey	 has	 been	 sent.	

Collecting	data	takes	time,	and	 if	errors	are	noticed	after	the	data	has	been	collected,	 it	 is	

not	possible	to	retrieve	the	data	that	has	never	been	collected,	and	the	whole	process	needs	

to	be	done	again	or	the	analysis	conducted	with	the	data	that	has	issues,	noting	that	in	the	

analysis	and	results.	

5.7 Deployment	Phase	

Deployment	phase	was	limited	outside	of	the	thesis.		 	
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6. RESULTS	AND	ANALYSIS	

The	data	analysis	 in	 the	empirical	part	was	a	descriptive	analysis.	 It	 included	visualizing	 IT	

services	 usage	 in	 different	 locations,	 business	 units	 and	 position.	 The	 main	 goal	 was	 to	

research	what	kind	of	data	is	available	and	how	it	can	be	used	for	data	analysis.		

6.1 Results	from	the	visualization	

In	 the	 visualization,	 data	 from	 the	 different	 datasets	was	 visualized	 and	 presented	 to	 the	

company.	There	were	 several	minor	 findings	 that	are	not	presented	 in	 this	 thesis	because	

they	would	expand	the	focus	of	the	thesis	too	much.	The	two	most	interesting	findings	were	

in	mobile	 service	and	cloud	services	usage.	The	 importance	of	 the	business	understanding	

could	also	be	noticed	when	the	data	was	visualized	and	interpreted.	E.g.	according	to	data	5,	

mobile	 usage	 was	 highest	 in	 countries	 that	 would	 not	 have	 been	 possible	 to	 expect	

beforehand,	 but	 knowing	 the	 cultural	 and	 business	 related	 features	 made	 the	 results	

reasonable.	

6.1.1 Mobile	usage	

Two	 datasets	 were	 used	 to	 research	mobile	 usage.	 Data	 6	 shows	 the	 email	 usage	 of	 the	

mobile	devices	and	data	5	 shows	activity	using	 the	company	cloud	services	outside	of	 the	

company	network.	Data	for	both	services	showed	the	latest	date	when	the	service	was	used,	

which	was	changed	into	nominal	binary	data	showing	used	and	not	used.	

Mobility	is	a	future	trend	in	working.	Employees	do	more	remote	work	and	also	the	working	

hours	are	often	 flexible.	Depending	on	 the	position,	work	might	also	 require	 traveling	and	

technology	 that	allows	accessing	 the	company	documents	and	emails	 from	mobile	devices	

also	when	traveling.	

The	usage	results	from	mobile	usage	shows	that	users	in	high	positions	in	the	company	use	

mobile	services	more	often	than	users	working	in	other	positions.	The	service	that	enables	

accessing	company	emails	from	a	mobile	phone	has	a	usage	percentage	of	100%	among	the	

top	management.	The	same	trend	also	exists	in	the	services	that	enable	the	users	to	access	

the	 company	 cloud	or	 intranet.	 The	usage	percentage	was	 lower,	but	 the	 service	has	also	

been	in	use	for	a	shorter	time	and	it	can	be	estimated	that	the	usage	percentage	will	grow	in	

the	future.	
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Figure	19.	Mobile	usage	visualization	by	position	(data	6.)		

	

Figure	20.	Mobile	usage	visualization	by	position	(data	5.)	

The	difference	in	the	usage	is	can	also	be	explained	by	the	different	nature	of	the	work.	In	a	

management	position,	work	is	often	hectic	and	managers	are	also	required	to	be	accessible	

after	normal	office	hours	and	during	weekends.	Managers	also	often	have	mobile	devices	as	

a	fringe	benefit	from	the	company,	but	people	working	in	other	positions	do	not	necessary	

have	 similar	 benefits	 and	 the	 work	 also	 do	 not	 necessary	 require	 availability	 after	 office	

hours.		
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6.1.2 Cloud	services	

Data	9	of	 the	 cloud	 services	measured	 the	amount	of	 stored	 files	and	also	 the	amount	of	

viewed	files.	The	difference	between	stored	and	viewed	files	formed	an	interesting	starting	

point	for	visualizing,	because	it	was	possible	to	see	that	usage	was	higher	if	only	stored	files	

were	 visualized	 but	 the	 usage	was	 lower	 if	 viewed	 files	were	 examined.	 According	 to	 the	

data,	it	seems	that	many	users	have	tried	the	cloud	services	but	they	haven’t	been	active	to	

use	it.	Users	need	support	and	help	with	new	IT	services.	Changing	habits	and	starting	to	use	

new	service	is	often	the	most	challenging	part	when	new	services	are	deployed	and	change	

doesn’t	happen	fast.	It	is	also	important	to	design	the	implementation	of	new	services	well.	

If	 new	 services	 are	 started	 to	 use	 without	 proper	 testing	 and	 the	 user	 experience	 is	 not	

good,	users	might	try	the	new	service	but	they	might	give	up	using	it	after	one	try.	

	

Figure	21.	Account	activity	vs.	file	activity	of	the	cloud	services	usage	(data	9.)	

6.2 Results	from	the	clustering	

As	there	were	some	errors	in	the	data,	it	is	important	to	notice	that	there	might	have	been	

other	 errors	 as	 well	 that	 have	 not	 been	 noticed.	 Also,	 after	 leaving	 the	 large	 amount	 of	

samples	outside	of	 the	research	 it	 is	not	possible	 to	know	whether	 the	samples	 that	were	

left	outside	of	the	analysis	would	have	formed	new	clusters	or	somehow	changed	the	results	

remarkably.	
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Variable	 Mean	 Stand.dev	 Median	

Data	9.	Cloud	services	 118.2	 712.01	 28	

Data	5.	Mobile	services	 0.23	 1.82	 0	

Data	10.	Office	services,	word	processing	software	 0.88	 3.80	 0	

Data	10.	Office	services,	spreadsheet	software	 8.62	 18.24	 1	

Data	10.	Office	services,	presentation	software	 18.81	 44.29	 2	

Data	10.	Office	services,	collaborative	notes	software	 6.91	 13.68	 2	

Table	8.	Basic	statistics	for	clustering	

In	 the	 cluster	 analysis	 843	 samples	were	 clustered,	 first	 using	Ward’s	 clustering	 and	 after	

that	K-means	clustering.	According	to	Ward’s	method,	3	clusters	was	the	ideal	amount	that	

was	later	used	in	the	K-means	cluster	analysis.	

	

Figure	22.	Ward’s	cluster	analysis	diagrams	
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The	three	clusters	from	the	K-means	cluster	analysis	were	described	based	on	the	features	

they	 had.	 Cluster	 1	 was	 named	 Communicators,	 cluster	 2	 Office	 IT	 users	 and	 cluster	 3	

Traveling	IT	users.	

Cluster	 1	 included	 only	 20	 samples.	 In	 this	 group,	 presentation	 and	 collaborative	 notes	

software	were	used	the	most,	when	the	other	software	usage	as	well	as	cloud	and	mobile	

usage	were	average.		

The	group	was	difficult	to	analyze	due	to	 its	small	size.	 It	could	be	completely	coincidental	

that	this	group	stood	out,	but	it	was	also	interesting	to	notice	that	this	small	group	had	the	

highest	usage	in	some	service	in	the	analysis.	Probably	the	employees	in	this	cluster	do	work	

that	 is	 different	 compared	 to	 other	 clusters.	 It	 might	 include	 making	 presentations	 and	

sharing	 notes	 between	 team	 members,	 and	 their	 work	 can	 be	 related	 e.g.	 to	

communications	or	assisting	executives.	

Cluster	 2	 was	 the	 2nd	 largest	 group,	 including	 approx.	 one	 fourth	 of	 the	 samples.	 In	 this	

group,	 word	 processing	 and	 spreadsheet	 software	 were	 used	 the	 most.	 Presentation	

software	usage	was	also	high,	but	not	as	high	as	in	cluster	1.	Cluster	2	had	the	smallest	usage	

of	 collaboration	 notes	 software.	 Also,	 mobile	 usage	 and	 cloud	 services	 usage	 were	 the	

lowest	from	all	three	clusters.	

According	 to	 the	 results,	 it	 seems	 that	 the	group	uses	 IT	 tools	 in	 the	 traditional	way	 from	

their	own	computer	and	they	probably	also	work	mostly	at	the	office	where	they	have	direct	

access	to	the	work	files.	The	reason	for	the	results	might	be	the	nature	of	the	work	that	does	

not	include	traveling,	or	there	is	no	need	to	share	files	or	notes	with	other	team	members.	

Cluster	3	was	the	biggest	group,	 including	approx.	three	fourths	of	the	samples.	The	group	

had	 most	 of	 the	 mobile	 and	 cloud	 service	 users	 but	 the	 smallest	 amount	 of	 the	 office	

software	users.	However,	it	is	important	to	note	that	the	web	version	of	the	office	software	

is	not	measured	in	the	data,	and	that	version	is	probably	used	more	often	when	traveling.	In	

this	case,	the	users	of	this	group	can	be	users	of	the	office	software	as	well,	but	their	habits	

to	use	that	software	are	different	and	rather	than	opening	it	from	their	own	computer,	they	

are	using	it	from	the	cloud.	
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The	users	in	this	group	probably	travel	or	do	remote	work,	and	they	have	a	need	to	access	

the	company	files	from	mobile	devices	or	share	files	with	other	team	members.	It	can	also	

be	 assumed	 that	 this	 group	 could	 contain	 subgroups	 that	 could	 be	 researched	 in	 further	

research.	

The	results	from	clustering	show	that	employees	in	the	organization	have	widely	adapted	to	

using	new	solutions.	However,	as	the	data	was	quite	 limited,	 it	 is	difficult	to	estimate	how	

the	clusters	would	have	been	formed	if	the	sample	had	been	bigger.		 	
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7. CONCLUSIONS	

Data	 analytics	 is	 a	 process	 that	 consists	 of	 many	 phases	 that	 all	 affect	 its	 success,	 but	

analyzing	data	is	only	one	part	of	the	process.	Understanding	the	business	environment	and	

the	processes	of	 the	organization	 improves	the	results	and	guarantees	that	the	results	are	

suitable	for	decision-making.		

The	data	was	received	from	different	databases	 inside	and	outside	of	 the	company,	and	 it	

was	not	possible	to	affect	in	which	form	it	was	or	what	features	had	been	measured.	Data	

analysis	 is	 based	 on	 measuring,	 but	 important	 features	 are	 sometimes	 not	 measured	 in	

situations	where	the	databases	are	not	designed	for	data	analysis.	That	kind	of	a	situation	

happened	with	 some	 datasets	 that	 would	 have	 required	modification	 if	 the	 frequency	 or	

some	other	features	of	the	service	usage	had	been	measured.		

The	main	research	question	of	the	thesis	was	“what	should	be	considered	by	organizations	

as	the	basis	of	utilizing	analytics	and	data-driven	decision	making?”	It	is	important	to	find	a	

purpose	 for	 doing	 something	 also	 in	 analytics,	 where	 the	 analytics	 problem	 needs	 to	 be	

defined	well.	If	the	problem	is	not	well	defined	and	the	analytical	goal	is	not	clear,	time	can	

be	 consumed	 by	 analyzing	 something	 that	 is	 not	 relevant	 for	 the	 organization.	 In	 the	

literature,	it	was	also	pointed	out	that	results	from	the	analytics	are	somehow	always	useful	

but	the	degree	of	usefulness	varies.	By	defining	the	analytical	problem	well,	an	organization	

can	also	avoid	of	putting	effort	to	research	something	that	in	the	end	is	not	that	relevant	to	

the	organization.	

Both	 in	the	 literature	review	and	the	empirical	part	one	notable	fact	was	to	figure	out	the	

purpose	 of	 the	 databases.	 Databases	 that	 are	 not	 designed	 for	 analytical	 purposes	 can	

contain	 plenty	 of	 data,	 but	 the	 data	 is	 not	 necessarily	 useful	 in	 data	 analytics.	 It	 might	

require	lots	of	cleaning,	which	is	known	to	be	time	consuming.	It	might	also	contain	errors	

and	data	that	is	collected	of	features	that	are	not	important	in	data	analytics	point	of	view.	If	

the	will	 is	 to	 frequently	 use	 analytics	 in	 decision-making,	 the	 company	 needs	 to	 plan	 and	

build	 systems	 that	 collect	 data	 for	 analytical	 purposes	 and	 also	 name	 people	 whose	

responsibility	is	to	follow	up	and	improve	these	systems.		
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In	 the	 future	analytics	 is	 estimated	 to	become	a	part	of	 everyday	work	 for	 all	 employees.	

Before	the	scenario	is	possible,	it	requires	different	departments	cooperating	together.	In	an	

analytical	project	it	is	also	important	to	have	people	from	different	backgrounds	having	skills	

from	 computing	 to	 statistics	 and	 business.	 Building	 reliable	 and	 easy-to-use	 analytical	

systems	for	everyday	use	also	requires	business	and	database	understanding.		

The	second	research	question	focused	on	the	KDD	process:	“What	are	the	most	 important	

factors	affecting	the	organization	of	data	analytics	projects	within	the	KDD	principles?”	The	

KDD	process	starts	simultaneously	with	business	and	data	understanding	phases.	These	two	

phases	 support	 both	 each	 other	 and	 require	 people	 from	 the	 business	 side	 to	work	with	

people	 from	 the	 analytics	 side.	 For	 a	 successful	 analytics	 project,	 it	 is	 important	 to	

understand	 the	 business	 environment.	 Close	 ties	 with	 the	 people	 who	 have	 the	

understanding	of	 the	business	 is	a	 requirement,	because	 if	an	analyst	 is	producing	reports	

without	understanding	the	context,	there	is	a	risk	of	biased	results.	If	the	analyst	knows	the	

business	area	well	 and	 the	analytical	 task	 is	well	defined,	 it	 is	possible	 to	 focus	on	 special	

features	instead	of	doing	a	general	analysis	that	might,	in	the	worst	case,	have	no	use	in	the	

organization.	In	a	large	multinational	company	such	as	the	case	company	achieving	sufficient	

business	 understanding	 takes	 time.	 Also	 finding	 the	 right	 people	 to	 communicate	 is	 time	

consuming	if	similar	projects	have	not	been	made	before	like	it	was	case	in	this	research.		

Organizations	 have	 traditionally	 been	 divided	 into	 different	 departments	 that	 often	 are	

almost	autonomous	and	not	aware	of	the	actions	of	other	departments.	The	KDD	approach	

is	 challenging	 this	 because	 for	 it,	 both	 business	 and	 data	 understanding	 are	 needed	 for	 a	

successful	 data	 analysis.	 Knowledge	 can	 be	 scattered	 between	 several	 people	 in	 the	

organization	who	all	know	their	own	area	well	but	understanding	of	the	topic	overall	is	not	

that	 clear.	 Scattered	 data	 might	 slow	 the	 data	 analytics	 project	 and	 also	 challenge	

employees	 to	 both	 share	 knowledge	with	 others	 and	 learn	 from	others	 to	 achieve	 better	

results.	This	was	also	the	case	 in	this	research	as	 large	companies	often	 lack	flexibility	 in	a	

sense	 of	 knowledge	 sharing	 and	 the	 communication	 is	 not	 effective	 between	 different	

departments.	

The	 third	 research	 question	 was	 related	 to	 user	 profiling:	 “How	 can	 user	 profiling	 and	

clustering	 help	 organizations	 in	 pursuing	 end-user	 perspective	 in	 their	 decisions?”	
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Organizations	 have	 been	 interested	 in	 profiling	 customers,	 but	 using	 analytics	 to	 profile	

users	inside	the	company	is	not	common.	However,	employees,	as	an	important	factor	when	

it	 comes	 to	 the	 efficiency	 and	 the	 advanced	 use	 of	 IT	 services,	 play	 important	 part	 in	

organizations	 to	make	 operations	more	 effective.	 Analyzing	 usage	 inside	 the	 organization	

can	show	if	there	is	need	for	more	training	or	if	services	are	complex	and	not	suitable	for	the	

business	environment	as	they	are	at	the	moment.	In	analyzing	usage,	it	is	important	to	have	

trust	 between	employees	 and	 the	 employer,	 as	 collecting	 data	 of	 the	usage	might,	 in	 the	

worst	case,	even	sound	like	an	excuse	to	spy	on	employees,	but	in	data	analysis	data	is	not	

personalized	and	can’t	be	tracked	down	to	a	single	employee.	

Clustering	can	be	used	 to	profile	employees	e.g.	based	on	software	usage	activity.	Finding	

the	reason	for	low	activity	can	benefit	the	organization	and	it	can	organize	more	training	or	

take	other	actions	to	motivate	employees	to	get	familiar	with	new	IT	services.	If	the	software	

is	needlessly	licensed	to	employees	who	don’t	have	a	need	for	it,	the	organization	can	save	

on	licensing	costs.	Sometimes	software	might	not	be	suitable	for	the	business	environment	

or	be	difficult	to	use,	which	might	also	cause	low	usage	among	employees.		

In	this	thesis	it	was	not	possible	to	find	very	detailed	results.	The	data	was	limited	due	to	the	

measurement	problems.	Clusters	from	the	research	could	be	considered	as	user	groups	and	

they	 can	 give	 useful	 information	 to	 the	 organization	 of	 the	 usage,	 but	 in	 the	 future	 the	

frequency	of	the	usage	would	serve	better	in	this	purpose.	Researching	the	missing	results,	

finding	the	reason	why	they	were	missing	and	collecting	a	new	sample	would	be	beneficial	

for	comparing	if	the	clusters	in	this	thesis	would	exist	also	in	a	larger	sample.	

During	 the	 last	decades,	organizations	have	outsourced	 functions	 that	are	not	 that	 critical	

for	 the	 core	business.	However,	 in	 some	 cases	 the	data	of	 the	outsourced	operations	has	

been	outsourced	at	the	same	time.	Organizations	need	to	also	consider	the	role	of	the	data	

when	 they	 are	 outsourcing	 services.	 If	 the	outsourced	data	will	 be	 used	 in	 analysis,	 there	

might	 be	 issues	 about	 the	 ownership	 and	 analyzing	 the	 quality	 and	 the	 data	 collection	

process.		

One	 limitation	 to	 consider	 was	 also	 the	 collected	 data,	 which	 was	 cross	 sectional	 data	

meaning	that	it	is	a	sample	of	a	certain	period	of	time.	The	results	of	the	analysis	are	from	

the	 time	 when	 the	 data	 was	 collected,	 and	 it	 is	 obvious	 that	 the	 data	 will	 continuously	
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change.	E.g.	after	training	employees	 in	a	certain	unit	 to	use	the	new	services,	 their	usage	

percentage	will	 increase.	That	also	emphasizes	the	 importance	of	 finding	ways	to	measure	

service	usage	frequency.	

In	data	collection,	it	is	also	impossible	to	coordinate	to	receive	all	the	datasets	at	exactly	the	

same	time,	as	the	data	is	collected	from	different	sources	and	several	people	are	involved	in	

the	data	collection.	In	this	thesis,	some	of	the	data	was	collected	in	September	and	some	in	

December.	On	 the	 other	 hand,	when	 in	 surveys	 it	would	 be	 rare	 to	 receive	 100%	answer	

rate,	 it	 would	 also	 be	 difficult	 to	 coordinate	 the	 data	 collection	 to	 happen	 exactly	 at	 the	

same	time	if	the	datasets	are	collected	manually.	

Background	data	was	 limited	to	not	 include	demographic	data	of	 the	users.	The	company-

based	data	 included	variables	such	as	country	and	business	unit.	 Information	of	 the	user’s	

age,	 education,	 work	 experience	 years	 etc.	 would	 also	 give	 more	 information	 about	 the	

usage.	However,	it	was	not	crucial	that	this	data	was	not	included,	because	other	things	like	

company	culture	and	the	team	also	affect	how	certain	IT	software	or	services	are	deployed.		

The	focus	of	this	thesis	was	to	research	end-user	related	databases	and	see	if	the	available	

data	 can	 be	 used	 for	 analytics	 and	 the	 type	 of	 the	 information	 that	 can	 be	 received.	 To	

research	 the	 topic	 further,	 it	would	 also	 require	 a	 technical	 approach	where	 the	methods	

would	 be	 evaluated	 and	 databases	 would	 be	 investigated	 in	 more	 detail	 to	 improve	 the	

quality	of	the	data.	Literature	on	the	data	analytics	process	supported	the	empirical	findings	

well	during	the	research	project.	Also,	 the	facts	about	the	challenges	that	analyst	can	face	

when	 the	data	 is	 not	originally	planned	 to	use	 in	 analytics	was	 found	 to	be	accurate.	 The	

results	of	the	cluster	analysis	were	barely	satisfying	and	would	require	repeating	with	more	

complete	data.	

Researching	the	data	analytics	process	has	been	an	interesting	journey.	Many	facts	from	the	

literature	can	also	be	found	in	real	life.	Assuming	that	a	perfect	data	set	exists	only	in	theory,	

in	reality	data	usually	have	noise,	errors	or	other	 issues.	Data	has	become	more	important	

for	all	organizations,	but	 if	data	 is	 in	silos	or	the	organization	 is	not	aware	of	the	available	

data	 sources,	 the	 organization	 also	 need	 to	 plan	 its	 structure	 and	 company	 culture	 to	

become	more	 data	 analytics	 friendly.	 That	 is	 something	 that	 the	 case	 company	 needs	 to	

solve	in	the	future	and	would	be	an	interesting	project	for	further	research.	
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This	thesis	was	a	start	to	research	the	databases	in	the	case	company	and	if	they	can	be	used	

to	 research	 IT	 usage.	 Different	 BI	 systems	 will	 make	 the	 analytics	 process	 faster,	 but	

understanding	 of	 the	 business	 and	 the	 collected	 data	 is	 still	 needed	 to	 understand	 the	

results	 and	 the	 reasons	 behind	 them.	 Data	 analytics	 is	 a	 rather	 new	 discipline	 that	 is	

estimated	 to	 affect	 all	 the	 organizations	 and	 in	 the	 future	 there	will	 be	many	 interesting	

topics	to	research	from	it.			
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APPENDICES	

Appendix		1.	Ward’s	cluster	analysis	results	

Eigenvalues of the Covariance Matrix 

 Eigenvalue Difference Proportion Cumulative 

1 1.18349995 0.36091494 0.3750 0.3750 

2 0.82258501 0.37038745 0.2606 0.6356 

3 0.45219756 0.04246582 0.1433 0.7789 

4 0.40973174 0.15234181 0.1298 0.9087 

5 0.25738993 0.22655188 0.0815 0.9902 

6 0.03083806  0.0098 1.0000 

 
 

Root-Mean-Square Total-Sample Standard Deviation 0.725286 

 
 

Root-Mean-Square Distance Between Observations 2.512466 

	 	



	

	

Cluster History 

Number 
of 

Clusters 
Clusters 
Joined Freq 

Semipartial 
R-Square R-Square 

Approximate 
Expected 
R-Square 

Cubic 
Clustering 

Criterion 
Pseudo F 
Statistic 

Pseudo 
t-Squared Tie 

30 CL46 CL57 18 0.0029 .920 .786 60.4 323 9.8  

29 CL59 CL43 11 0.0029 .917 .783 59.5 322 8.4  

28 CL37 CL58 51 0.0031 .914 .779 58.5 321 23.3  

27 OB767 OB835 2 0.0045 .910 .775 56.6 316 .  

26 CL30 CL85 20 0.0048 .905 .772 54.8 311 10.8  

25 CL35 OB653 16 0.0052 .900 .767 52.9 305 14.5  

24 CL50 CL67 47 0.0053 .894 .763 51.1 301 61.6  

23 CL39 CL34 472 0.0056 .889 .759 49.4 297 229  

22 CL36 CL48 21 0.0056 .883 .754 47.8 295 19.1  

21 CL41 CL38 28 0.0059 .877 .749 46.4 293 24.0  

20 CL42 CL74 26 0.0063 .871 .743 44.9 292 27.0  

19 CL23 CL66 553 0.0064 .864 .738 43.5 292 193  

18 CL28 CL44 82 0.0069 .858 .732 42.2 292 40.8  

17 CL29 OB801 12 0.0070 .851 .725 41.1 294 11.6  

16 OB758 CL27 3 0.0074 .843 .718 40.1 296 1.6  

15 CL19 CL52 558 0.0079 .835 .710 39.1 300 168  

14 CL26 CL32 23 0.0083 .827 .701 38.3 305 11.1  

13 CL22 CL40 31 0.0112 .816 .692 36.7 306 21.2  

12 CL15 CL65 563 0.0121 .804 .681 35.2 309 192  

11 CL24 CL25 63 0.0140 .790 .670 33.5 312 43.7  

10 CL17 CL16 15 0.0168 .773 .656 31.5 315 8.8  

9 CL12 CL21 591 0.0244 .748 .641 27.8 310 241  

8 CL14 CL20 49 0.0256 .723 .623 24.8 311 33.6  

7 CL8 CL13 80 0.0292 .694 .602 22.0 315 25.9  

6 CL9 CL18 673 0.0371 .656 .576 16.6 320 239  

5 CL7 CL31 84 0.0394 .617 .543 15.0 337 26.5  

4 CL6 CL11 736 0.0632 .554 .495 10.2 347 265  

3 CL4 CL33 744 0.1102 .444 .429 2.00 335 336  

2 CL5 CL10 99 0.2034 .240 .282 -5.3 266 97.1  

1 CL3 CL2 843 0.2402 .000 .000 0.00 . 266  

	

	

	



	

	

Appendix		2.	K	means	cluster	analysis	results	

Initial	Seeds	

Cluster	 stnd_data9	 stnd_data5	 stnd_data10.1	 stnd_data10.2	 stnd_data10.3	 stnd_data10.4	

1	 -0.05162084	 -0.12552059	 10.04209359	 -0.47266950	 -0.42480850	 -0.35886515	

2	 -0.05162084	 -0.12552059	 -0.23299307	 2.10443299	 7.54560663	 0.51839873	

3	 0.37348297	 8.09735857	 0.03047069	 -0.47266950	 -0.33449218	 -0.50507579	

	

Criterion	Based	on	Final	Seeds	=	 0.5648	

	

Cluster	Summary	

Cluster	 Frequency	

RMS	Std	

Deviation	

Maximum	Distance	

from	Seed	

to	Observation	

Radius	

Exceeded	

Nearest	

Cluster	

Distance	Between	

Cluster	Centroids	

1	 20	 1.1788	 6.0603	 	 2	 5.3650	

2	 212	 0.8277	 7.2697	 	 3	 1.9058	

3	 611	 0.3682	 8.0967	 	 2	 1.9058	

	

Statistics	for	Variables	

Variable	 Total	STD	 Within	STD	 R-Square	 RSQ/(1-RSQ)	

stnd_data9	 0.17803	 0.17795	 0.003225	 0.003236	

stnd_data5	 0.65263	 0.65270	 0.002152	 0.002157	

stnd_data10.1	 0.90434	 0.40613	 0.798796	 3.970091	

stnd_data10.2	 0.81726	 0.59748	 0.466796	 0.875454	

stnd_data10.3	 0.80007	 0.61958	 0.401716	 0.671448	

stnd_data10.4	 0.75682	 0.66950	 0.219307	 0.280913	

OVER-ALL	 0.72529	 0.54950	 0.427354	 0.746280	

	

Pseudo	F	Statistic	=	 313.44	

	



	

	

Approximate	Expected	Over-All	R-Squared	=	 0.31751	

	

Cubic	Clustering	Criterion	=	 20.109	

	

Cluster	Means	

Cluster	 stnd_data9	 stnd_data5	 stnd_data10.1	 stnd_data10.2	 stnd_data10.3	 stnd_data10.4	

1	 -0.046131861	 0.066346595	 5.154840833	 0.089358172	 0.108057778	 0.774267357	

2	 -0.050684342	 -0.084147608	 -0.087590899	 0.910803125	 0.831525573	 0.493225667	

3	 -0.027716826	 -0.025033682	 -0.168744132	 -0.379787197	 -0.340220101	 -0.270205501	

	

Cluster	Standard	Deviations	

Cluster	 stnd_data9	 stnd_data5	 stnd_data10.1	 stnd_data10.2	 stnd_data10.3	 stnd_data10.4	

1	 0.024547455	 0.858056116	 2.018235225	 0.906911118	 0.874220077	 1.392843469	

2	 0.007816402	 0.284404677	 0.355621384	 1.125973709	 1.181403990	 1.113482801	

3	 0.208729303	 0.731941410	 0.237731933	 0.165597359	 0.148437738	 0.357680543	

	

	


