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Growing interest in Big data

Trbafonn How We Live, Worl end DATA IS THE NEW OIL OF THE
Think — review DIG"' Al EB"N UMY

This informative introduction to the "datafication" of our lives looks at the
benefits of big data in medicine, science and beyond

hanks to the internet, social networking, smartphones and credit cards, more
I data iz being collected and stored about us than ever before — a level of
aurveillance the Stasi could only dream about, say Maver-Schénberger and
Culkier in thiz informative introduction to the "datafication” of cur lives. Big data

analysis gives big business a competitive edge (all those Amazon recommendations]), but

governments have invested heavwily in it, too. The risks to privacy and freedom are
obvious, but the authors accentuate the positive. Big data has useful applications in -

medicinge, science and "culturomics”, Mayer-Schinberzer and Cukier make interesting St o rd a ta revo l u Sj o n e re r a lt f ra
- i undervisning til politikk

observations about data-crunching techniques and they also report that analvsts have
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mot akkurat dine fordommer er ikke stort, i en verden hvor sakalte stordata skaper nye muligheter.
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Louis Columb
Corttogar Landscapes In The NeXt YeaI‘ - Men vi ma huske at stordata ogsa lett kan misbrukes, sier professor i biostatistikk
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+ Commel low + Follow Comments -
T comer CRM, Cloud SOm slatistikkp_rcfesspr er han over giennomsnittet interessert i muligheter og Big Data er data som kan
gifﬁfﬁ:ﬁ&fﬁ ﬂ“r’:i 87% of fsr.lterprises believe Big ]?ata anlalytilcs xllvill redefine the |mage: verffex/Flickr
full bio — competitive landscape of their industries within the next three years.
Siions crpresd by Forbes 89% believe that companies that do not adopt a Big Data analytics
e o strategy in the next year risk losing market share and momentum.
o e o o These and other key findings are from an Accenture and General DATA IN THE 2l1st Centul‘y is like 0Oil in the 18th Centul‘y
° Electric study published this month on how the combination of Big :

Data analytics and the Internet of Things (IoT) are redefining the an im]nerlsely unmpped valuable asset. Like oil. for
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competitive landscape of entire industries. Accenture and GE define
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Decision 1:
Decision 2:
Decision 3:
Decision 4:
Decision 5:
Decision 6:
Decision 7:

Decision 8:

|: Key strategic decisions faced by managers

Digital business channel priorities

Market and product development strategies
Positioning and differentiation strategies
Business, service and revenue models
Marketplace restructuring

Supply-chain management capabilities
Internal knowledge management capabilities

Organizational resourcing and capabilities




Making decisions




Role of knowledge

Managers need knowledge to make good decisions
and recognize business opportunities.

The way a business gathers, shares and exploits
knowledge can be central to its ability to develop
successfully

Knowledge is a familiarity, awareness or
understanding of someone or something, such as
facts, information, descriptions, or skills, which is
acquired through experience or education by
perceiving, discovering, or learning.



Knowledge and decision making
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Where does knowledge come from?
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Data

Data refers to information in raw or unorganized form that
refer to, or represent, conditions, ideas, or objects

Data is limitless and is present everywhere in the universe

EXAMPLE OF DATA
0202656788, Smith,123 Klng St London,,UK 3



Source of data for companies prior to the arrival of the
mainstream internet



1. Interviews

1 Notes




2. Observations

Observer



3. Surveys

e —

Please rate your experience

M Excellent [ Good
D Average ] Poor

SUBMIT




4. Focus groups




5. Secondary data
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Example of sources of secondary data: Agencies such as industry
bodies, government agencies, libraries and local councils



6. Ret

This is associated with
business transactions like
maintaining the general
ledger (book keeping),
payroll, billing, inventory
management, etc.

rieval from your own database
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INTERVIEW

Interview and Focus groups sdata

Interview Transcript

Audio File: Sample Interview

Transcribed: October 26, 2009

Interviewer:

Interviewee:

Interviewer:

Interviewee:

Interviewer:

Interviewee:

Interviewer:

Interviewee:

Interviewer:

Interviewee:

Interviewer:

Interviewee:

Interviewer:

Interviewee:

So is it generally people who know you already from meeting you at a fair?

It’s either that or once in a while I'll have just somebody that searches for
Astrology and I'll come up and call but most often it’s either people that I know
or people that they refer me to. 1 get a lot of referrals.

Do you keep any sort of regular schedule or do you see clients at certain
intervals?

No!
Na?
I have clients that [ know ['m probably going to see once a month. 1 have this
sweet lady from India that came here five years ago. that was escaping from an
abusive husband and had never had a job in her life, had never made her own

decisions. She’s now Vice President of one of the University Federal Credit
Unions.

Oh, really?

And it’s just that every month, “You can do this, you can do this! Come on. you
can do this!" Because | see it here in the cards and she’s just amazing. [’m just so
proud because she came out under [Inaudible 9:56] and never had any options and
a friend got her away from this guy she was married to and sent her over here and
she just landed. I mean she just landed. (Laughs)

Waow!

Yeah! She’s just so bright and she comes from that background. We have

monthly sessions but she calls me when she’s ready.
Yeah! Do you schedule appointments days in advance?

Yes, I have a schedule. I'm going to be in a fair in Fort Worth this weekend but |
have a schedule already for the next Saturday here at an acupuncture clinic.

Oh!

Yeah at West Gate.



Survey data
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Customer database

A2

|2

21Customer A

3 Customer B
4 Customer C
5iCustomer D
6 CustomerE

7 Customer F
8 Customer G
3 Customer H

10 Customer |

11 CustomerJ
12 Customer K
13 Customer L

14 Customer M

15/Customer N
16 Customer O
17 Customer P
18 Customer Q

C

ID ﬂ Customers.Company n LastName

Bagel

B4 FirstName HJobTitle B2 city T2

Bedecs Anna Owner
_ Gratacos Solsona |Antonio OWREY.
Axen Thomas Purchasing Representative
[LEE |Christina Purchasing Manager
O’Donnell Martin Owner
Pérez-Olaeta __ Francisco Purchasing Manager
Xie Ming-Yang = Owner
Andersen |Elizabeth Purchasing Representative
Mortensen Sven Purchasing Manager
'Wacker Roland Purchasing Manager
Krschne Peter Purchasing Manager
|Edwards John Purchasing Manager
Ludick Andre Purchasing Representative
_Grilo Carlos Purchasing Representative
Kupkova Helena Purchasing Manager
(Goldschmidt __ Daniel Purchasing Representative

Jean Philippe Owner

Seattle
Boston
Los Angeles
_New York
‘Minneapolis
Milwaukee
Boise
Portland |
Salt Lake City
Chicago
Miami
Las Vegas
Memphis
Denver
Honolulu ,
_San Francisco
Seattle

StateProvince kg
‘WA

MA

CA

N

MN
wi
D

OR
uT
L

FL

NY
N

CO

Hl
CA.

‘WA




Information

Data that is (1) accurate and timely, (2) specific and
organized for a purpose, (3) presented within a context that
gives it meaning and relevance, and (4) can lead to an
increase in understanding and decrease in uncertainty.

Information isn’t just data that’s been neatly filed away, it
has to be ordered in a way that gives meaning and context.
Information provides answers to "who", "what", "where",
and "when" questions

01100101 'IEI1IJ-I:IH:I1'I11DEI1
10

NFORMATION



DATA === 0202656788, Smith,123 King St, London, UK, J

111

\ 4
-
1

John Smith

123 King Street

London, United Kingdom
(020) 2656788

INFORMATION  =—



‘Overall Customer Satisfaction
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Where does knowledge come from?

decisions

@& - Knowledge answers "how" questions

knowledge
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of the digital data in the world
has been created in the last

WO years
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DATA NEVER SLEEPS 50

How much data is generated every minute?

90% of all data today was created in the last two years—that's 2.5 quintillion bytes of data per day. In our Sth
edition of Data Never Sleeps. we bring you the latest stats on just how much data is being created in the digital

sphere—and the numbers are staggering.
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Easily available data..........

Annals of Tourism Besearch xoc (xx00K] x6x-xxx

Contents lists available at ScienceDirect

Annals of Tourism Research

journal homepage: www.elsevier.com/locate/annals

Research Note

Effect of component failure on tour package evaluation

aorupu s — 2 W2 Molde, Norway
© Department for Management and Organisation, Kristiania University Collsge, 0107 Oslo, Narway

ARTICLE INFO

Associate Editor: ShiNa Li

Introduction

Tour packages comprise two or more service components sold as a bundle, and multiple actors are often used to deliver individual
components, thus forming a value chain. Several studies have attempted to examine the contribution of individual components on
overall tourist satisfaction and find that some contribute more to satisfaction than others (e.g see Chan, Hsu, & Baum, 2015
Riikkanen & Honkanen, 2013). However, there also seems to be a consensus amongst researchers that tourists tend to consider tour
packages as unified products, and therefore evaluate their experiences holistically rather than separately (Zach & Racherla, 2011).

Previous studies on tour package satisfaction are based largely on the one-way quality model, which examines the impact of the
presence of a quality element on satisfaction, and treats the relationship between tourist satisfaction and the evaluation of individual
components as linear. However, Kano's two-dimensional model suggests that quality attributes and customer satisfaction have an
asymmetric and nonlinear relationship, which makes it important to consider one-dimensional quality attributes along with attri-
butes whose presence does not have the same effect as their absence. In other words, Kano's model recognises that certain factors or
elements can engender satisfaction but their absence does not necessarily lead to dissatisfaction (Alegre & 1, 2010). This view is
upheld by the findings of several studies such as Cadotte and Turgeon (1988) and Zhu and Tsai (2010). In light of Kano's model, an
intriguing question in the context of tour package operations is whether individual service component failure can affect tourist
evaluation of the entire bundle. That is the focus of this research note.

Methodelogy

The analysis is based on 286 customer reviews of tour packages offered by a North American tour operator that uses independent
local actors at the destination to provide service components such as accommodation and tour guiding. Reviews were obtained from
an independent online platform that provides space for visitors to write reviews about their experiences with a company as well as to
give an overall rating. Using qualitative research software NVivo, reviews were coded according to five components of the customer
experience; customer service (Cuss), information provided (Info), trip coordination {Coord), accommodation (Accom), and tour
guiding (Tgd). Each of these was coded with 1 if positively evaluated, 2 if negatively evaluated, or 3 if not mentioned /neutral. The
rating given by the customer (from 1 star being worst to 5 stars being best) was treated as a proxy for overall evaluation of the
package, and was coded at three levels: low (1-2 stars), moderate (3 stars) and high (4-5 stars). The five components were used as
independent variables and the corresponding overall evaluation as the dependent variable. A standard multinomial logit model
used to determine the odds of a customer giving a moderate or high overall evaluation of the package when a particular component is

!
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where Py, is equal to 1 — Py, thus, odds ratics can be derived from the estimated coefficients.

Results

Table 1 presents results of the model estimation. The model fit was evaluated using Nagelkerke's rho-squared, which has a value
of 72percent, indicating that the independent variables explain substantially the variations in the dependent variable. For each
independent variable, a probability is reported quantifying the odds that the overall evaluation of the package by a customer is
maoderate (3 stars) or high (4 or 5 stars), given that the customer had a negative experience of the individual component.

The results show that when a customer has a negative experience with any of the individual components then the probability of
that customer giving a high overall evaluation becomes significantly small (ranging from 0.008 to 0.07). Results also show that the
odds of the customer giving a moderate overall evaluation increases for two components; accommodation and trip coordination (0.26
and 0.37, respectively) but they remain significantly low for the other components, especially when the customer experiences poor
customer service (P, = 0.07). This means that if a customer experiences poor customer service, the chance that they will give a 3 star
overall evaluation is 0.07 while giving a 4 or 5 star evaluation is 0.009, when other aspects of the package are not depicted.

Conclusion

This study finds that when a component of a value chain fails, all actors in the chain are likely to suffer as a result of the poor
aggregate evaluation. This is important in an era when consumers increasingly rely on evaluations of previous customers (e.g. see
Casado-Diaz, Pérez-Naranjo, & Sellers-Rubio, 2017). Theoretically, the finding supports the contention that actors in tourism value
chains should work collectively rather than individually (Song, 2012 Zhang, Song, & Huang, 2009).

To the managers of tourism firms involved in bundled products, the results suggest that there is no rom to engage in

Table 1
Estimation results,
3 star rating 4 or 5 star rating
Coeffident p-Value P2 Coefficient p-Value Py
(Intercept) 1.988 0005 5548 00007
NegCuss 2520 0003 0.070 4218 00007 0.009
Neglnfo 1508 00107 0.180 aT4 00007 0,020
NegCoard 0438 0.430™ 0370 23m 0o 0.060
NegAccom 0923 0.187= 0260 2249 001" 0070
NegTgd 1680 00057 0180 4772 00007 0.008
2 log-likelihood: 734
Nagelkerke rho-squared () TLP
Number of observations: 286

Notes

“Significant at P < 0.01; “not significant.

Pz Probability that when a given variable is negatively evaluated in a review, the overall evaluation of a package becomes moderate (3 stars) rather
than low (1 or 2 stars).

Pz Probability that when a given variable is negatively evaluated in a review, the overall evaluation of a package becomes high (4 or 5 stars) rather
than low (1 or 2 stars).

=)

Analysis done by using customer reviews scraped from a review platform



Customer reviews scrapped from a website

y o This review is featured by Toursdrun

Carmen of Fitchburg, MA  « Verified Reviewer S Verified Buyer

Criginal review: Sept 22, 2017

MWy kids, grandkids and | went to Niagara Falls Fireworks Cruise through ToursdFun and it was an
amazing experience. They had so much fun. | saw ToursdFun when | was searching for a hotel. | was
shown a tool where | could getvideos, places, and things to doin places. | like that the price was
affordable and | purchased a trip online. The only person who had a problem was my daughter
because we bought the tickets same day and when we went to Canada for the fireworks, she had a

W W W W

James of Temperance, MI ~ Werified Reviewer 5 Verified Buyer

2riginal review: March 28, 2018

ToursdFun had some good specials. They had little packages for things to go see. Basig ol
did the plane ride. But for some reason, | had a hard time purchasing online. | could s

deals, but it took me a while to search for the same one . It had taken a little time. T4 neless,

liked the Grand Canyon West Rim, the Scenic Airplane Tour The experience was ro mat Wie
planning to go back someday, and when we go back, we're looking at those helicopte et
W W

J.of Ca, CA « Verified Reviewer S Verified Buyer

Qriginal review: March 26, 20148

| booked a tour last year from ToursdFun. | looked at the detail and it matched what we were looking
for. Our Upper Antelope Canyon and Horseshoe Bend Tour were really good. | really enjoyed it. The
local guide was cool. But the guy that picked us up at the hotel, the one who's driving us all day, did
not give enough informative detail about when we're gonna arrive at the destination or the destination

detail. Butitwas not a bad experience.

W W W W W

a Julie of Waregem, Other « Verified Reviewer $ Verified Buyer

Original review: March 24,2018

Do not boolowith themI it's a ripoffll] First thers were issues with booking my trip. Then they forgot
to pasle me up. | phoned the emergency number, a Chinese woman with bad English picks up. After
che sends me to a different spotin the city to meet the tour guide. Turns out he was the

0 fors W8IG tourl He sent me by Uber to meet a driverl Mo idea if it was the correct bus

5e = Jiapoke ENGLISHIN After that | was transferred to a different bus, with no lunch

stars = at 7 am and aot o my location af 11 30 om starving and in a bad mood! No anide to meet
w I W W

Harshidha of San Diege, CA  « Verified Reviewer $ Verified Buyer

Criginal review: March 12,2018

I did anline searches for Grand Canyon trip and | purchased a helicopter trip that would pick us up.
But I might have misread it because an the day, it was just a bus pick-up . It would have been okay if

U R o Y o s T T T )

w R W WY

Harold of Aurora, CO « Verified Reviewer S Verified Buyer

Criginal review: March 11, 2018

ljust Googled tours and | looked atthe different ones that seemed to have the best deal. | got
ToursdFun and it was really easy to navigate their website. ToursdFun was okay for the price and
what we were trying to get out of it. But | have a lot of trouble walking. | have a bad back. So | should
hawe done something more to facilitate so | could've gone do a little more. | probably have to ask for
that and | didn't ask anything. Or if there's a thing that would say that we have handicapped-
accessible things that'll probably be good. But the bus driver was really a nice guy. The bus was
clean and there were wvery nice people that were on the bus with us. We would probably loolk at them
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Big data is a buzzword, or catch-phrase, used to describe a massive volume of both structured and unstructured
data that is so large that it's difficult to process using traditional database and software techniques.




SOURCES OF BIG DATA

People Data generated by people for Increasing number of machines that sense

example on social media, in-app activity, etc X
Data collected by each device

BIG DATA -

More Data

Highly-structured organizational data (ERP System data etc.)



Main Characteristics of Big data



1. VOLUME

2015

2012

0.1ZB
1.2ZB 2 878

8.5ZB

Every 1.2 years, the volume of business data globally doubles, MIT Sloan
reported.

Looking at the above figures one can easily understand why the name 'Big Data
is given and imagine the challenges involved in its storage and processing.

2020

40ZB

Source: IDC (figure exceads
pnor forecasts
by 5 ZBs)

WHAT IS A ZETTABYTE?
1,000,000,000,000 .....gigabyte
1,000,000,000 terabyte
1,000,000

1,000

>




2. VARIETY

- IEEE;}I- ,‘-’59;“ IFI * Various formats, types, and structures
=C CRM }_‘
00 "M IDE CVS tﬂﬂ.‘ . Ttext, nL.Jmerlca_I, images, audio,
{S} RFID video,time series, etc
Dracle s
1]] == EXGEL

E-Comerce .uw““'*i

=
>l =z =




3. VELOCITY

Increasing speed at
which big data is
created

This means high speed
of processing is required

Slow processing means ~— -~ ~_ Every 60 seconds
missed opportunities e ENETE BTSN w) 98,000% treets
o R V= ) | ’
e \ = = - \ = “’-h:_'. -\ n 695,000 status updates

* 11million instant messages

By Data & The Cloud JO 698,445 Google searches
:..' ? — ' ‘?“ 168 million+ emails sent
N_“_: g ‘/"‘ T ,\7 — 5 - _—— '5; i 1,8207B of data created
f - =1 — o ’
—y e - ey S Ko el ~ S
_ — ¥ fromsos —— -_ / % 217 new mabile web users



This is concerned with
uncertainty (provenance and
reliability) related to big data

As any volume, variety and
velocity increase, the veracity
(confidence or trust in the
data) drops

It is important to ensure
accuracy, reliability of the
data source, and consider
context

within analysis, and how
meaningful it is to the analysis
based on it

4. VERACITY

don’t trust the information
they use to make decisions

in one survey were unsure of
how much of their data was
inaccurate

Veracity

UNCERTAINTY
OF DATA

Poor data quality costs the US
economy around
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Google Flu Trends: A case of Big Data gone bad

109 —— Google Flu Lagged COC

__ s (000k€ Flu 4 (DC s (DC

: Google estimates more

‘- than double COC estimates )‘
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5. VALENCE

Simply put Valence refers to
Connectedness.

Data items are often directly connected to
one another.
« Acity is connected to the country it
belongs to.

« Two Facebook users are connected
because they are friends.

« An employee is connected to his work
place.

Data could also be indirectly connected

For a data collection valence measures the
ratio of actually connected data items to the
possible number of connections that could
occur within the collection.

Valence increases over time

Makes the data connections denser




FOCUS ON VALUE

The five Vs present a challenging dimensions of
big data namely, size, complexity, speed, quality,
and connectedness.

Processing big data must bring about value from
insights gained.

Value is the ability to convert Big Data
information into financial reward.

For example, if you find a relationship between
two products at a point of sale, you can
recommend them to customers at a website or
put the products next to each in a store.

CHARACTERISTICS OF BIG DATA

CONNECTEDNESS

SIZE
QUALITY

Veramty l /
VA LU E

SPEED
COMPLEXITY



Categories Of 'Big Data"

1. Structured data

Data that is organized in a table format

Employee_ID
2365
3398
7465
7500

76949

Employee_Name
Fajesh kulkarni
Pratibha Joshi
shushil Koy
shubhojit Das

Friva Sane

Gender
hlale
Female
fale
hlale

Female

Department
Finance
Admin
Admin
Finance

Finance

Salary_In_lacs
650000
650000
500000
500000

550000



Categories Of 'Big Data"

2. Semi-structured

Semi-structured data has some structured form but it is not organized in a table format.

Fersonal data stored 10 a kL file-

crecr<name>Prashant Rao<d/namer<sexrMaled/sexr><age>»35</ age></rec>
<recr<name>seema R.</namer<sexr»Femaled/sexr<agerdl<fager</recs

crecr<name>satish Maned/ name><sexr>Maled/sexr<age»29</age></rec>
<recr<name>subrato Roy</namer<sexrMaled/sexrdagered/age»</recs
<recr<name>leramiah J.</name><sexr>Maled/sexr<ager»354/age»</rec»



Categories Of 'Big Data"

3. Unstructured

Data that doesn't fit neatly in a table format

digital business Em O
All Bilete Shopping Books Mer Innstillingar “erktey
UUIIdL WS IL |=a||j ISl LY BT o UIHII.GI HUSINITEao T = 1IHIHWITTICALIVL] HBE

wne information-age . .com » Leadership = Set om denne sida

16, sep. 2074 - The tech-mindset has permeated even the most traditional of industries, with almost all
businesses finding that IT is becoming an increasingly important pivotal part of their organisation.
Technology is no longer seen as an internal facilitator of everyday business practices. It is now at the
heart of digital ...

Information Systems Digital Business Systems - Hayskolen Kristiania

https: Akristiania nof/studiesdigital-business-systems

Lastet opp av Heyskolen Kristiania

Digital Business Systems: Bli en brobygger mellom teknologi og organisasjoner
- Lasr & analysere ...

Digital Business - The Knowledge Creating Company

woones digitalbusiness . coms = Set om denne sida

Document Management. Looking to create digital imaging, document and records management
systems? Digital Business can automate your online forms with advanced workflows & business
process automation to help vou organize yvour documents and records with SharePoint 2010



Highly
Complex

Complexity of Data

Structured

1

. Big Data

Analytics or Bl

‘B siness
o 3.0

Analytics or Bl
.Business 2.0 Key enablers:
RFID, Sensor-

Intelligence or Key enablers: :
‘ Bl 1.0 Internet, Web based devices,

Data Mining Key enablers: Based systems loT

Techniques Enterprise
information

.Statistical Ll
techniques
1950’s 1970’ 1980’ s 2000 2010’ As data complexity increases,

more advanced tools and
software are required to access
information



TYPES OF ANALYTICS

A
Prescriptive
What should i do?
FUTURE
Predictive
What will likely happen next?
PAST
Descriptive
What happened?




Descriptive analytics

« Descriptive analytics summarize raw data and make it
something that is interpretable by humans.

« They are analytics that describe the past- any point of time
that an event has occurred, whether it is one minute ago, or

one year ago.

e.g. Number of visitors on your website each day in the
last three months



Descriptive analytics

A

B

C

b

Day Number of tweets Day Website vistors
01.03.2018 19| 01.03.2018 609
02.03.2018 12| 02.03.2018 381
03.03.2018 24| 03.03.2018 609
04.03.2018 12| 04.03.2018 436
05.03.2018 17| 05.03.2018 600
06.03.2018 17| 06.03.2018 405
07.03.2018 35| 07.03.2018 603
08.03.2018 30| 08.03.2018 609
09.03.2018 16| 09.03.2018 615
10.03.2018 40| 10.03.2018 606
11.03.2018 19| 11.03.2018 609
12.03.2018 12| 12.03.2018 324
13.03.2018 6| 13.03.2018 275
14.03.2018 14| 14.03.2018 457
15.03.2018 8| 15.03.2018 120
16.03.2018 19| 16.03.2018 612
17.03.2018 7| 17.03.2018 279
18.03.2018 13| 18.03.2018 510
15.03.2018 8| 19.03.2018 224
20.03.2018 13| 20.03.2018 480

F00
600
500
400
300
200
100

MNumber of tweets

- = =
- - - - - — - - S - - - TR -

Website vistors




Diagnostic Analytics

« Diagnostic Analytics is a form of advanced analytics
which examines data or content to answer the question

“Why did 1t happen?”

« Diagnostic analytics takes a deeper look at data to attempt
to understand the causes of events and behaviors.

e.g. Checking whether your social media activity relates with the number
of visitors on your website each day in the last three months

Social media activity Number of visitors on your website




Diagnostic Analytics

BEE oS- :

EXAMPLES 5% - Excel

HOME IMSERT PAGE LAYOUT FORMULAS DT, REWIEW WIEN Tableau Power-user
= ?C“t Calibri Ju A A ==L2 ®-  EwepTet General QJ Normal Bad Gond Meutral Eﬂﬂ E)( B
Poste %:::at'pam T u- . A === == EMagenCot - T % 0 % 8 F(;Dr:ﬂdattls’]n;lv Pt EE svionotor - [lmpm | bnkedcel [note = frset Deiete Formt
Ve M I

A B C [v] E F <} H I J K L M ) o F Q R 3
1 Day Number of tweets |Website vistors
. 01.03.2018 19 609
;| 02.03.2018 12 381
. 03.03.2018 24 609
s 04.03.2018 12 436 2 o ol ol ) | |
s 05.03.2018 17 600 2. .
, | 06.03.2018 17 405 2 « tel
2| 07.03.2018 35 603 %
» 08.03.2018 30 609 = T
1 09.03.2018 16 615 N |t
1 10.03.2018 40 606 T
2 11.03.2018 19 609 "o 5 w s ow s m s @ s
12 12.03.2018 12 324 Number of tweets
1 13.03.2018 6 275
1| 14.03.2018 14 457
¢ 15.03.2018 8 120
v 16.03.2018 19 612
1+ 17.03.2018 7 279
1 18.03.2018 13 510
2 19.03.2018 8 224
2 20.03.2018 13 430

Sheetl5 | Sheetl2 | Sheetz0 | Shestld @ [

?TEH - O X
Mg siurnn Deodat Edward - *

> futoSum - A H]
T Fill- z¥
Sort & Find &
£ Clear~ Filter = Select -
Editing ~
~
T u v W L3E

-

3

38% available (plugged in, charging) ]




Predictive analytics

* Predictive analytics tells what is likely to happen.

 Predictive analytics provide estimates about the likelihood
of a future outcome.

 [tis important to remember that no statistical algorithm can
“predict” the future with 100% certainty.

. k
“ N g
N | | it o
e.g. Predictive analytics can help a telecom company, for instance,to = | “ b

identify the subscribers who are most likely to reduce their spend %




Predictive analytics

Day  [Numberof FB posts |Number of tweets |Website vistors
01.03.2018 2,00 18 609
02.03.2018 7,00 12 800
03.03.2018 4,00 24 609
04.03.2018 4,00 12 436
05.03.2018 3,00 17 600
06.03.2018 4,00 17 405
07.03.2018 3,00 35 603
08.03.2018 4,00 30 609
09.03.2018 6,00 16 615
10.03.2018 4,00 40 606
11.03.2018 2,00 18 609
12.03.2018 4,00 12 34
13.03.2018 4,00 6 275
14.03.2018 4,00 14 457
15.03.2018 4,00 8 120
16.03.2018 4,00 18 612
17.03.2018 5,00 7 700

H o EXAMPLES.xl5x - xrel FE - Jx
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Predictive models

* Predictive modeling is a commonly used statistical
technique to predict future behavior.

* Predictive models are models of the relation between the
specific performance of a unit in a sample and one or more
known attributes or features of the unit.

Products
o _ o &t Services
* The objective of the model is to assess the likelihood that a
similar unit in a different sample will exhibit the specific ,
performance. Buying Offer A
Patterns Yy

1) Predictive B
0 i e Models - ~ ;
Sacial C,) (\)

Media . OfferB |

tfa

Customer
(,.-.)Feedback

N,



Prescriptive analytics

« Prescriptive analytics is the area of business analytics
dedicated to finding the best course of action for a given
situation.

 Prescriptive analytics goes beyond predicting future outcomes
by also suggesting actions to benefit from the predictions and

showing the implications of each decision option
Data Stream Model

 Prescriptive analytics incorporates both structured and o |
unstructured data, and uses a combination of advanced analytic | pe Q

techniques

Google’s self-driving car is an example of prescriptive

analytics in action. The vehicle makes millions of Decisions
calculations on every trip that help the car decide when for Desired
and where to turn, whether to slow down or speed up, and Outcomes
when to change lanes

Prescribe



http://www.destinationcrmblog.com/2014/04/02/self-driving-cars-business-intelligence-bi/

How can we
make it happen?

What will Prescriptive
happen?

Why did it Predictive
happen? Analytics

Diagnostic

Difficulty



Machine learning

* Machine learning enables building of analytic models that
learn from data.

* Machine learning in the world of big data, huge data sets,
needs the ability to apply complex algorithms in a cost
effective way.

* It helps with the development of fast and efficient
algorithms for real-time processing of data with as a main
goal to deliver accurate predictions of various kinds.




Training set

Unsupervised

[ I”'.

Supervised

D
P

Machine Learning

Feature extraction Machine learning
e algorithm

Annotated data

Grouping of objects




Supervised learning

Training with Training data

24 )0 Logic — 5

Predicting with new data



Unsupervised learning

Understand Patterns in

the Data itself.

Unstructured » Algorithm ‘ Conclusions/Results

Data



Dashboarding

Dashboarding is an act of consolidating and arranging numbers,
metrics and key performance indicators (KPIs) on a single screen.

A dashboard is a page which provides a single view of a
component or complete business.

With interactive visualisations that link to each other, users are
able to uncover behaviours and insights in their data.

Profitability

Profitability

ales
%
™ ‘ L]
- — ': .I l.‘
™%

>







Advantages of Dashboards

Gives executives, managers and analysts convenient
immediate access to key performance metrics

On demand, accurate and relevant information in line with

business priorities

Focused identification of problems, inefficiencies or
negative trends for immediate action and improved

performance

B& datapine HOME ANALYZE
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Best Practices for Building Effective
Dashboards

1. Thoughtful Planning

Technical Support Dashboard

» Know your audience

terday = Week  Month  CQuarer

R ——
- = - |

Tickets Timeline sl

» Consider display size

> Plan for fast load times

Number of Overdue Ticksts Types of Problems Ticksts by Customer Types

EEEn
R

© v Scnurce || @ Report antm =



Best Practices for Building Effective
Dashboards

2. Informed Design

» Leverage the sweet spot

> Limit the number of views & colors

Technical Support Dashboard

» Add interactivity to encourage exploration

> Eliminate clutter P




Best Practices for Building Effective
Dashboards

2. Informed Design

» Leverage the sweet spot

Technical Support Dashboard
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Leverage the sweet spot
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Best Practices for Building Effective
Dashboards

2. Informed Design

> Limit the number of views & colors

Technical Support Dashboard




Too many views are not recommended

Profit by State Profit over Time
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Recommended: two to three views

Profit by State

Profit

B Upantirestilap coninbutors

Profit by Category

Awg. Profit



Best Practices for Building Effective
Dashboards

2. Informed Design

Technical Support Dashboard

» Add interactivity to encourage exploration S




Best Practices for Building Effective
Dashboards

2. Informed Design

Technical Support Dashboard

P — —
@ 2avzoe s em | 9

Tickets Timeline Ll

> Eliminate clutter

O vicw source | @ Report an e



Not recommended
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Recommended

Month of Date

January 1850 March 2016
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February
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April
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Role of Big data in decision making

BIG DATA HELPING ENTERPRISE DECISION-MAKING ° Because of big data, managers
ooooooo ® ® ® ® ® ® 8 ® © ® ® ® S ® © ® ® O ® ® ® © O O © 6 © © O O O O ° e e ° Canmeasure’andhenCEKnOW’

Big Data ls radically more about their
Improving businesses.
Decision-making
79% of businesses say
improved uses of big

data will lead to better
decisions.

» This knowledge can directly
be translated into improved
decision making and
performance.

« Big Data is the next frontier
for innovation, competition,
and productivity.

1LEI0 INSIGHT |




EXAMPLES OF WAYS COMPANIES CAN BENEFIT FROM BIG DATA

1. Targeting Customers

* Big data is used to better understand potential customers
and their behaviors and preferences.

* Expanding traditional data sets with social media data,
browser logs as well as text analytics and sensor data
provides a more complete picture of customers.




EXAMPLES OF WAYS COMPANIES CAN BENEFIT FROM BIG DATA

2. Product improvement

Big Data can also help you understand how consumers perceive
your products so that you can improve them.

For example: Analysis of unstructured social media text allows
you to uncover the perceptions of your customers and even
segment those in different geographical locations or among
different demographic groups.




EXAMPLES OF WAYS COMPANIES CAN BENEFIT FROM BIG DATA

4. New products and services

Perhaps the most interesting use of big data analytics is to
create new products and services for customers. Online
companies have done this for a decade or so, but now
predominantly offline firms are doing it too. GE, for example,
has made a major investment in new service models for its
industrial products using big data analytics.




Big data Use SUCCESS: Netflix

Being able to visualise data and gather valuable https://medium.com/swlh/how-netflix-uses-big-data-
insights is key to Netflix’'s success 20b5419cledf

They are able to adjust algorithms, address insights and
solve problems easily and efficiently

Data on viewing habits: are pivotal data points for predicting
consumer behaviour.

e time of day a movie or TV show was watched,

* time spent selecting movies, and even

* how often playback was stopped.

They started with analysing consumers and provide them
with relevant and personalised content

They eventually started using data to create shows: e.g.
House of Cards.



https://medium.com/swlh/how-netflix-uses-big-data-20b5419c1edf

EXAMPLES OF WAYS COMPANIES CAN BENEFIT FROM BIG DATA

5. Business environment scanning

Success not only depends on how you run your company. Social
and economic factors are crucial for your accomplishments as
well. Predictive analytics, fueled by Big Data allows you to scan
and analyze newspaper reports or social media feeds so that
you permanently keep up to speed on the latest developments
in your industry and its environment.




EXAMPLES OF WAYS COMPANIES CAN BENEFIT FROM BIG DATA

6. Predicting customer attrition
* Customer attrition (customer churn) is the loss of customers.

* Through Big Data companies can create predictive models to
understand who will attrite to competitors and who will remain loyal

* Example:
By looking at customer banking behavior and integrating 100+
variables, American Express has come up with predictive models to
understand who will attrite to competitors and who will remain loyal.




EXAMPLES OF WAYS COMPANIES CAN BENEFIT FROM BIG DATA

7. Real time solutions
Many large organizations are seeking both faster and better
decisions with big data, and they’re finding them.

Faster and better decisions

Example

Caesars, a leading gaming company has embraced big data
analytics for faster decisions. For example, Caesars has found
that if a new customer to its loyalty program has a run of bad
luck at the slots, it’s likely that customer will never come back.
But if it can present, say, a free meal coupon to that customer
while he’s still at the slot machine, he is much more likely to
return to the casino later. The key, however, is to do the
necessary analysis in real time and present the offer before the
customer turns away in disgust with his luck and the machines
at which he’s been playing.




