MANNHEIM
BUSINESS SCHOOL

-."("'", r“‘»
= -
el Whpy
.3 g : /‘/ 3

.'4 —- -t -* ’L*
T o 15 ‘ﬁ.ii'ﬁ!‘ﬂ lﬁ'l*“ll rr| 1
b=

P e - ~s il ;
e 2 8 ; ¥ l!»'[h..:— !!&‘ s b ..
. ..Ei.l.hlc- »
e
S S S q.\-(‘\.:n'“m‘_

DATA LITERACY & DATA INTUITION:
MAKING SMARTER DECISIONS WITH DATA
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What is this online module about? MANNHEIM

BUSINESS SCHOOL

Data Literacy Data Intuition

“Ability to read, write and
communicate data in context,
including an understanding of
data sources and constructs,

“Data Intuition is not about
using your gut feel. It is about
the intuitive understanding of

concepts, in other words, how
to apply the concepts”

analytical methods and
techniques applied, and the
ability do describe the use

case, application and
resulting value”

o lex
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https://www.gartner.com/smarterwithgartner/a-data-and-analytics-leaders-guide-to-data-literacy
https://www.superdatascience.com/podcast/sds-102-intuition-vs-mathematics-data-science

Data Literacy & Data Intuition

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making
Data-Driven Decision Making
How to Ask Data-Driven Questions
How to Evaluate Data Integrity
Creating Richer Data-Driven Dialogue
The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making
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Key Take-away: MANNBII{ng][\[}/}ESS SCHOOL
Data Intuition is About Mindset

Strategic thinking
Derive patterns and meaningful
results

Critical thinking
Challenge the process as well as
findings

Keeping the audience in
mind

Generate valuable insights for the
business

Keeping it simple but not
simplistic
Focus on what matters
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

@) Data Are Not Insights

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making
How to Ask Data-Driven Questions
How to Evaluate Data Integrity
Creating Richer Data-Driven Dialogue
: The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making
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Data Literacy & Data Intuition

MANNHEIM

BUSINESS SCHOOL

@) Data Are Not Insights

@ Beware the source

Accuracy is relative

To trust or not to trust

@ Benchmark or else

@ Tell a story, don‘t write your memories

M

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

M Data Are Not Insights
Beware the source ]

0=
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Data Quality Drives Quality of Insights MANNHEIM

~ BUSINESS SCHOOL

Beware the source :Tg

Data Quality

Quality of Insights




MANNHEIM

Different Sources Can Provide BUSINESS SCHOOL

Fundamentally Different Data

INSIDER = e R

If
jol

HOME > TRANSPORTATI

Tesla's Model X and S are now equipped with video game
hardware that has almost as much processing power as a
PlayStation 5

Natasha Dailey Jan 28, 2021, 4:57 PM () (=) (o)
AN,

https://www.businessinsider.com/tesla-model-s-x-video-games-high-power-hardware-playstation-2021-1

Market Size of The Gaming Industry

Newzoo: Bitkraft:
« Global Games Marketto « Gaming Industry Nearly
Generate $175.8 Billion in ? $336 B Twice as Large as
2021 » Reported, at $336B»

May 6th, 2021 September 15%, 2021

2T oo * https://newzoo.com/insights/articles/global-games-market-to-generate-175-8-billion-in-2021-
ﬁg 8{‘”\\1[‘\'\{?\}}'{}! M !c! EQUIS @ ;’AMB{Q ﬁ% despite-a-slight-decline-the-market-is-on-track-to-surpass-200-billion-in-2023/ 9

° https://www.bitkraft.vc/gaming-industry-market-size/



Data is Not Right or Wrong in Absolute AR siNEss scroor
Terms, but Relative to the User

o 2

&

Size in Billion $

O

UNIVERSITY
OF MANNHEIM

Beware the source f

Market Size of the Gaming Industry
400

350
32,5
300

250 108,7

200 Gaming Software
Gaming Hardware

150 m Game Content & IP

100

50

Newzoo Bitkraft

None of the data are actually right or wrong. You have to decide
which one is more important and more relevant for yourself!

!c! EQuIs Cj’AMB{« C“% ° :it;;:://www.bitkraft.vc/gaming-industry-market- 10



Example: Divergent Macro-Economic Data MANNHEIM

BUSINESS SCHOOL

Beware the source d_é

Germany, GDP per capita in Absolute difference between
current USD (in thousands) WB and IMF data in USD
3 100
S S
3 $ 80
my N 60
g S 40
5
20 I -
2015 2016 2017 2018 2019 2020 0 - .
m The World Bank = IMF 2015 2016 2017 2018 2019 2020

sources shows differing values and can be inaccurate

@ Even historic micro-economic data from best-in-class
showcasing that data always has to be questioned.

o 2
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The 4 Cs of Data Sourcing MANNHEIM

BUSINESS SCHOOL

Beware the source fé

L5

Consideration

Always Carefully Apply common sense Be aware of the

state the consider in questioning both  ramifications of

source the source data and source using the data
B

Follow your intuition and always question the data source to
be used in your analytics. Since data drives results — beware
the source.

ol
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Data Literacy & Data Intuition MANNHEIM

~ BUSINESS SCHOOL

@) Data Are Not Insights

@ Beware the source

[ Accuracy is relative

To trust or not to trust

J

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions
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The Difference Between MANNHEIM

Accuracy and Precision

WRAY ©

'RECISION

the result of a measurement,
calculation, or specification
conforms to the correct value.

@ Refers to the degree to which
\N2/

Accuracy

o lex
UNIVERSITY e A
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Understand Estimates For What They Are MANNHEIM

Accuracy is relative @

Estimates are only calculations based on
assumptions and the data you have!

Factors leading to higher accuracy:
> Greater access to information
> Greater share of actuals vs estimates

Beware of changes in reporting or calculations
methodology!

(@ Estimate
Reality

w2
UNIVERSITY S
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

@) Data Are Not Insights

@ Beware the source

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions
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Goals of Primary Consumer Research

Decode
Trends

Triggers

8

nderstand
Motivation

\E Understand

Behaviors
Qualitative

B UNIVERSITY . [_esmo L
@OFMANNHEIM B equs  GPAMBA @

SECSE Accrepiteo

MANNHEIM __
BUSINESS SCHOOL

To trust or not to trust @

Quantitative

17



Survey DeSIQn - MANNB]{]JSEIII\I}/}ESS SCHOOL
The Don’ts of Consumer Research

\ﬁ/ Complicated &
Unintuitive Questions

> Answers that require
survey takers to make
(multiple) assumptions

and estimations cannot
be trusted.

“How much do you
X spend, on average, per
year, on luxury items?”

o 2
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Sample Selection MANNHEIM

BUSINESS SCHOOL

To trust or not to trust @

Regional Markets @ Target Groups rc Sample Size

|ldentify smallest
individual cell

(B

Find
representatives

Focus sample for
efficiency
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Data Literacy & Data Intuition MANNHEIM

~ BUSINESS SCHOOL

@) Data Are Not Insights

@ Beware the source

Accuracy is relative

To trust or not to trust

@ Benchmark or else

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions
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Figures are Always Relative and AR SINEss scHOOT
therefore Context Matters

Benchmark or else Iﬂ

Average human 100m dash  Current 100m WR 100m dash of a
Grizzly Bear

Data needs perspective, background information and/or
benchmarking for their users to make sense of it.

ol 3 s ——
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Numbers of the Covid-19 Pandemic MANN M scroor
worldwide*

>40.000

new .
deaths in 5_6 Yo _
the last 7 vaccination

days rate

> 10
billion
vaccine
doses

~ 6
million
deaths

~ 460
million
cases

* As of 16.03.2022

ol
UNIVERSITY PO . .
i@?ol; MANNHEIM !c! EQuis GPAMBA Cﬁ% > https://covid19.who.int/table 22



Putting Those Numbers Into Context MANNHEIM

BUSINESS SCHOOL

Spanish Flu (1918-1919)
> ~ 500 million cases

50

> ~ 50 million deaths

Seasonal Flu (every year)

> ~ 1 billion cases
> ~0.3-0.6 million deaths

# of Deaths (in million)

# of Cases (in million) 500 1,000

But: Is such simple benchmarking already
enough to draw insights from our data?

e > https://www.hopkinsmedicine.org/health/conditions-and-
d{wéum\'lil{srr\j . ' &> AVEBA C% diseases/coronavirus/coronavirus-disease-2019-vs-the-flu - 23
) OF MANNHEIM Bhcss EqQuis WV Letheonie &) > https://www.cdc.gov/flu/pandemic-resources/1918-pandemic-h1n1.html

> https://covid19.who.int/table



https://covid19.who.int/table

Data Literacy & Data Intuition MANNHEIM

~ BUSINESS SCHOOL

@) Data Are Not Insights

@ Beware the source

Accuracy is relative

: To trust or not to trust
{ @ Tell a story, don‘t write your memories ]

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions
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Data are Linear, Insights are Not — BUSINESS SCHOOT
An Example from the Luxury Industry

WA

Kuwaitis Qataris

Although Kuwaitis and
Qataris have very
different characteristics in
this segment, both were
statistically clustered
together — why?

@ Cluster analysis for
Persian Gulf region

Unlike data, insights are fueled by intuition. They go beyond facts
and figures to show what actually matters to your business.

&5, UNIVERSITY | A Ao =
ﬁs OF MANNHEIM B3~ Equis GPAMBA @D 25



Finding the Story that Matters to the Business BUSTNESS SCHOOL

e e

G

If you torture data long enough,
they will confess to anything.

Ronald Coase

(@, UNIVERSITY . PU—
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To Present Insights,
Focus on the Essential Story

BUSINESS SCHOOL

Present the Essence

Prepare backup for questions
on the details

Aim the presentation not at showcasing
your work, but on delivering the insight
to an audience

S5 UNIVERSITY | D AMEA
%@Pm: MANNHEIM # cous  LPAMBA Cﬁ% v
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Exemplary Flow of The Insights Presentation ““*gitissscroor

Key building elements of an

insights presentation (exemplary): Possible presentation flow:

Introduction
Argumentative Part )

Backup / Questions

e
g
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The Three Key Layers to Drawing AR siNEss scroor

Powerful Insights From Data

-------------------------------- gy -
Knowledge of the Understanding of : I .
c o ! e the industry e Audience-orientation

e
v 2
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Data Literacy & Data Intuition MANNHEIM

~ BUSINESS SCHOOL
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Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions

..........
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Design for Impact or Risk Making No ARSI Ess scroor
Impact at All

(03 Convincing Your Audience

(2 Valuable and Relevant Insights

01 Quiality of Data Sources

and Analysis

@ Visual presentation of insights will make or break the
attempt of convincing the audience!

v 2

UNIVERSITY
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The Presentation is to the Insight,
What a Trailer is to a Movie

A trailer (is)...

Short
~= Dynamic

@ Visually exciting

E;ﬁ Presents the main
characters and plot

Ny

Avoid “death by
Power-point”

BUSINESS SCHOOL




A Trailer is Short MANNHEIM

BUSINESS SCHOOL

3% 45% 60% 55%
45%

XXXXXX X XX X XXX X XXX XX XXX X

90%

XX XXXXXX XXXXXXXX X XX XXXXX

2
(0]
: IIIIIIIIIIIIII
&

Insights Articles Resources

@ Visualize only key elements!

.....

:L*ti
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A Trailer is Dynamic MANNHEIM

BUSINESS SCHOOL

Xxx

XX XXXXXXXXXXXXXXXXXX X
XXXXXX XXXXXX XXXXX X
XXXXXX X

Xxx X

PR 00000000000 0000000P¢
XXXXXX XXXXXX XXXXX X
XXXXXX X

XXX X X

XX XXXXXX XXXXXX X XXXXX
XAXXXXXXXXXX XXX XXXXXX
XXXXX

XXXXX X

XX XXXXXX XXXXXXX X XXXXX
XXXXXXXXXXXX XXX XXXXXX
XXXXX

@ Use visualizations like matrices and mappings
to go beyond the linearity of a data table.

z-!:otn . 5§ ST a6
@oviiu B or omm @ 4
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A Trailer is Visually Exciting MANNHEIM

BUSINESS SCHOOL

XXXXX XXXXX

Less is more when it comes to the use of
colors, animations, fonts, etc.

;;;;;;;;;;
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A Trailer Conveys Key Points of the Story

BUSINESS SCHOOL

XXXXX XXXX XXXXX XXXXX
XXXXX XXXXX XXXX XXX XXX XX XXXXX XXXXX XXXX XXX XXX XX
XXXXXXXX XXXXXX X XXXX XXXXXXXX XXXXXX X XXXX

il

XXXXX XXXX

XXXXX XXXXX XXXX XXX
XXXXXX X XXXX

>

XXXXX XXXX XXXXX XXXX
XXXXX XXXXX XXXX XXX XXX XX XXUXXX XXXXX XXXX XXX XXX XX
XXXXXXXX XXXXXX X XXXX XXXXXXXX XXXXXX X XXXX

A slide show uses symboils to tell a story visually.
It should be understood without explanations, but
also leave room to elaborate and tell a story.

nnnnn
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Audience Focus

BUSINESS SCHOOL

Your Analysis Team
» Show them everything you did
» Bury them in data

Operations

» Deliver excitement for your
results

» Go into a bit more detall

C-Level Management

» Give them a feel of your results
» Show the big picture

» Present key conclusions

S5 UNIVERSITY | D AMEA
%g%r MANNHEIM # cous  LPAMBA ﬁ% 7
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Data Literacy & Data Intuition

1_, Understanding Your Psychological Biases in Decision Making

SSonenren

BUSINESS SCHOOL

38



Rational Decision Making MANNHEIM

BUSINESS SCHOOL

... has perfect
information

... seeks to
maximize utility

Homo
Economicus

... has sufficient ... is constantly
time rational

n:orn : TY ST e
ERONWARI M Y us WA (@ o
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A Quick Test:

BUSINESS SCHOOL

—
~
N
|
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Dual Process Cognition MANNHEIM

BUSINESS SCHOOL

System 2

) “SIOW”
System 1 @ » Conscious
) “Fast”

» Unconscious
» High Capacity

> Error-prone

> Low Capacity
> Predictable

e
g

ORI B o @AE (@ Y

AACSB ALCOLOTIC
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Cognitive Biases MANNHEIM

BUSINESS SCHOOL

OVERCOMING

co NITIVE BIASES
IN BUSINESS

2 UNIVERSITY -
dQ@OFMA’;\!'NHBIM i cous  GPAMBER ;a-% 42
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Cognitive Biases

;;;;;;;;;;

01

)%

03

04

MANNHEIM

BUSINESS SCHOOL

Framing Effect
» Our choices depend on how
different options are framed

Overconfidence
» Overestimation of one’s actual
performance

Confirmation Heuristic

> Tendency to search for
information in a way that
confirms one's prior beliefs

Self-serving Bias

» Habit to take credit for positive
effects, but blaming outside
factors for negative events

43



Cognitive Biases MANNHEIM

BUSINESS SCHOOL

Framing Effect
O 1 » Our choices depend on how
different options are framed

o lex
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Cognitive Biases: Framing Effect

Program A:

200 people will
be saved

Group 1

BUSINESS SCHOOL

Program B:

1/3 chance all 600
people will be
saved, 2/3 chance
no one will be saved

400 people will
die

G UNIVERSITY | & NI R
¥ OF MANNHEIM & EQUIS AP AMBA

uuuuu

Group 2

1/3 chance
nobody will die,
2/3 chance all 600
people will die

45



Cognitive Biases: Framing Effect

Program A:

200 people will
be saved

Group 1

BUSINESS SCHOOL

Program B:

1/3 chance all 600
people will be

saved, 2/3 chance
no one will be saved

400 people will
die

Group 2

SSonenren

1/3 chance
nobody will die,
2/3 chance all 600
people will die

46



Cognitive Biases MANNHEIM

BUSINESS SCHOOL

Framing Effect
O 1 » Our choices depend on how
different options are framed

Overconfidence
O » Overestimation of one’s actual
performance

@8?'\“5?\1‘1‘1}1“ 8t equs  CPANEA G“‘% !



Cognitive Biases: Overconfidence MANNHEIM

BUSINESS SCHOOL

“My estimations

“l do not need “No, | don’t
are correct ... |

tolearn ... | am need to write
skilled enough” that down”

“I am better
than experts”

do not need to
rethink them”

n:otn - o S
ERONWARI M Y us WA (@ i
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Cognitive Biases: Overconfidence MANNHEIM

Think of the Pay attention
consequences to feedback

BUSINESS SCHOOL

Reflect on
your mistakes

o B e osm @ v
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Cognitive Biases MANNH M < <croot

Framing Effect
O 1 » Our choices depend on how
different options are framed

Confirmation Heuristic

03 > Tendency to search for
information in a way that
confirms one's prior beliefs

B UNIVERSITY ' L
@OFMANNHEIM B equs  GPAMBA @ N
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Cognitive Biases: Confirmation Heuristic MANNHEIM

BUSINESS SCHOOL

¢

Objective Facts What You Facts Confirming
See Your Beliefs

w0l A oA B
WOV B o omm ® "
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Cognitive Biases MANNH M < <croot

Framing Effect
O 1 » Our choices depend on how
different options are framed

Overconfidence
O » Overestimation of one’s actual
performance

Self-serving Bias
O 4 » Habit to take credit for positive
effects, but blaming outside
factors for negative events

B UNIVERSITY ' L
d\g.?o:-‘1\4mxn~u~u=.n,1 B equs  GPAMBA @ -
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Cognitive Biases: Self-serving Bias MANNHEIM

BUSINESS SCHOOL

.1 he task
»l am ttme was too
best! hard!®
I knew
that!”

Jt's
the"r“ ,Nobody
, 1 hat is my fault! could have
achievement” known that!“

o
SUNIVERSITY ey (S
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Implications for Data-Driven Decision Making uanysiim

L

Decision processes
are not as rational
as assumed

9

Cognitive biases
can lead to
systematic

errors )
This can have severe

consequences on the
decision-making of
managers

e
v 2

UNIVERSITY e
BB OF MANNHEIM A.m! pous  APAMBA Cﬁ%

BUSINESS SCHOOL

Thorough exploration of
data and consideration of
alternatives can compensate
cognitive biases

54



Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making

.
.

@> Data-Driven Decision Making

How to Ask Data-Driven Questions
How to Evaluate Data Integrity
Creating Richer Data-Driven Dialogue
: The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making

;;;;;;;;;;
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What is Data-Driven Decision Making (DDDM) uaxngou

BUSINESS SCHOOL

Quantitative /.. -
Analysis

Qualitative
Analysis @

Make informed
and verified
decisions!

Data-Driven Decision
Making (DDDM)

Using accurate @ ‘

and relevant data Collect, extract, format
and analyze insights

e
v iz

ERONVANT M B hus A G‘% 56
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Why Data-Driven Decision Making Is MANNHEIM
Important?

Q L @

Continual Knowledge
business &
gry wﬁon
Real-time Enhanced
insights communi-
cation
£
DN
New Unrivaled

business adaptability
opportunity @

o
UNIVERSITY e p
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The Decision-Centric Approach MANNHEIM

BUSINESS SCHOOL

Decision Analytics
Maker System

Decision Task

What type of Who is the What information Is the data

decision? decision maker? is required? available?
What is the level How do they How should it be What quality
of decision? think? presented? is the data?

WOV B o onm @ ”



MANNHEIM
BUSINESS SCHOOL

14 Tips & Takeaways For An Enhanced
Data-Driven Decision Making Strategy

e

Find
relevant
data

Clean and
organize
data

Gather
data now

a

Guard Define
against (o]o][ea (\V/CTS
biases

Q

Revisit &
reevaluate

;;;;;;;;;;

=

Continue
to evolve

Invest in
the right
tools

Set goals
to
measure

L

Present in
a smart

way

59



Data Driven Decision Making Mistakes
You Should Avoid

01

9

Quality of the

data

» Data should fit
its intended
use

» Collecting and
gathering are
only good if
well managed

AACSE  accreniren

)

Over-Reliance
on past
experience

> Environments

and markets
change

» Crises are
becoming
more complex

9

Going with
your gut and
cooking the
data

)

Making
decisions with
your gut
Searching for
data to confirm
the decision

BUSINESS SCHOOL

Cognitive

biases

» Confirmation
bias

» Over-
confidence

> ...

60



Successful Data-Driven Decision Making

Example: Google

Question: Does having a manager

actually matter?

Looked at managers’
performance reviews

A S QY

=l Conducted various
- analyses

Researched behaviors
of good managers

AACSE  accreniren

BUSINESS SCHOOL

» https://upload.wikimedia.org/wikipedia/commons/4/4a/Logo 2013 Google
-bng 61

> Https://www.Ieadinqedqeqroup.com/hubfs/2909513/Manaqers.ipq



https://upload.wikimedia.org/wikipedia/commons/4/4a/Logo_2013_Google.png
https://www.leadingedgegroup.com/hubfs/2909513/Managers.jpg

Successful Data-Driven Decision Making
Example: Walmart

BUSINESS SCHOOL

Question: What do consumers buy

before a hurricane? Walmart

- Reviewed purchasing

BREAKFAST

BHH behavior during last f DP
hurricane g Q‘arts

FROSTED

i

H Adapted their product
E&| portfolio

> https://www.designtagebuch.de/wp-content/uploads/mediathek//2008/07/wal-mart-logo.png

> https://i5.walmartimages.com/asr/c1db639e-93e9-4447-ac1c-
12e65217518f.5e595d9afe36b30684c01fe8eed45532.jpeg

> https://media.istockphoto.com/photos/six-pack-of-brown-beer-bottles-in-blank-carrier-3d-render-

F5 UNITVERSITY . PR~ - -
EEOFMANNHEIM BN “Eous  VIDAWEA CAEAs isolated:picture- . 62
& = 09496117 122k=208m=0949611712&5=612x6128W=08h=hTOWKA720EL H23CGIMUbgr5h6bdC

77G3EK7AADLKrvk=



https://www.designtagebuch.de/wp-content/uploads/mediathek/2008/07/wal-mart-logo.png
https://i5.walmartimages.com/asr/c1db639e-93e9-4447-ac1c-1ae65217518f.5e595d9afe36b30684c01fe8eed45532.jpeg
https://media.istockphoto.com/photos/six-pack-of-brown-beer-bottles-in-blank-carrier-3d-render-isolated-picture-id949611712?k=20&m=949611712&s=612x612&w=0&h=hTOwKA720ELH23CGjMUbgr5h6bdC77G3Ek7AADLkrvk=

Successful Data-Driven Decision Making MANNHEIM
Example: Southwest Airlines

Question: Which customers should
we target?

Observe consumer »
behavior SOUthweSt

LogoTaglines-com

Segment customers

- O

@ Target specific customers

> https://logotaglines.com/wp-content/uploads/2022/01/Southwest-Airlines-Logo-Tagline-Slogan-
D N Founder-Owner-Motto-480x480.jpg
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i@? OF MANNHEIM A.Ac! EQUIS GO AMER Cﬁ% > https://encrypted- 63
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The Role of Dashboards for Data

Driven Decisions

Executive Management
Revenues (in k$)

- Actual 250
Revenue 200

557.185 150
oo S 5 I
471.360 50
(/] 0

Target

118% Achievement January February March

Last Period m Current Period

MANNHEIM
BUSINESS SCHOOL

Retail

Return Total Orders (in M)

Reasons 5

‘. | ’5

1

m [tem Does Not Fit 0’5
= Damaged ltem

u Late Delivery 0

Wrong ltem Delivered

Finance
Cash $34,000
Accounts Receivable $59,000
Inventory $31,000
Pre-Paid Expenses $5,000

w2
UNIVERSITY S
@?0 F MANNHEIM A.m! pous  APAMBA Cﬁ%

SSonenren

Sales

NUMBER OF SALES PROFIT
115 $39,709

& -4 EH 5%

REVENUE
$150,009

© o B

& -1 Bf 1%

COST
$110,300

& 129 B 1%
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

@ How to Ask Data-Driven Questions

How to Evaluate Data Integrity
Creating Richer Data-Driven Dialogue
The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making

;;;;;;;;;;
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What makes a great data-driven question?

BUSINESS SCHOOL

The quality of analytical output can be vastly improved by asking the right
questions at the outset of a project. These should be:

Strategically Well-bounded Actionable Grounded

important

o et
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How to prioritize data-driven questions? MANNHEIM

BUSINESS SCHOOL

What is often considered:

1600
1400
1200
1000
800
600
400
200

0 200

d{ﬁbUN IVERSITY
¥ OF MANNHEIM

400

AACSB

SSonenren

Revenues/Costs

600

EQUIS

800 1000

What you should consider:

Enthusiasm

@@m Stakeholder

Time Horizon

67



Data Analysis Questions to Improve AR SINEss scHOOT
Your Business Performance

What exactly What KPlIs will Where will your How can you
do you want to @you use that data come ensure data
find out? can help? from? ity

How will my Who are the What ETL What analysis
analysis be final users of procedures to techniques to
used? your results? be developed?

What data What kind of What What else do |
visualizations software will technologies need to know?
to choose? help? can | use? :

How can | Am | missing How to create a

improve my anything data driven
strategy? meaningful?

HOE AN IEIM !cs! qus  UPAMEA @% https://www.datapine.com/blog/data-analysis-questions/ 68
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Data-driven decisions — Start with MANN R EssscrooT
these questions

How was the
data sourced?

How was it 04
analyzed?

What doesn’t
the data tell us?

How can we use data to
redesign products and
business models?

e

v 2
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making

Data-Driven Decision Making

How to Ask Data-Driven Questions

6) How to Evaluate Data Integrity

Creating Richer Data-Driven Dialogue

The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making

ol ;
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What is Data Integrity? MANNHEIM

BUSINESS SCHOOL

BACK TO BASICS:
DATA INTEGRITY

e
g

=] o saccnr 4o
@OV B e oam @ "
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What is Data Integrity? MANNHEIM

BUSINESS SCHOOL

Completeness Compliance

Data Integrity

Reliability and

trustworthiness
of data
throughout its
lifecycle

EONWANI M Y Rus AN (8 -
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Data Integrity vs Data Quality vs Data Security YANNHHM oo

Data Quality

Data Security

n:orn : TY ST e
ERONWARI M Y us WA (@ <3
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Threats to Data Integrity MANNHEIM

BUSINESS SCHOOL

5

/> Misconfigura-

tions and Malware, insider
Unintended security errors threats, and

transfer cyberattacks

errors @] a

Compromised
hardware

74




How to Evaluate Data Integrity MANNHEIM

BUSINESS SCHOOL

Look for
O missing data.
—  Test your data
regularly for 01

incomplete or Watch for
redundant entries. 03 increasing

" I |
storage costs. " =

e
L ez

I . ~ g ooy g
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How to Preserve Data Integrity MANNHEIM

~ BUSINESS SCHOOL

Validate Input h

—
2 Access /i =7
> Controls —

Remove Validate #
Duplicate Data

Data

B UNIVERSITY ' o
@OFMANNHUM m. equs  CPAMEA @ -
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making
Data-Driven Decision Making
How to Ask Data-Driven Questions

How to Evaluate Data Integrity

@) Creating Richer Data-Driven Dialogue

The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making

n:‘tzx . oy
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Data Driven Dialogue — an Overview

5. PLAN
for action

1. ASK
good
questions

4. INTER-
PRET the
data

MANNHEIM
BUSINESS SCHOOL

2.
COLLECT &
PREPARE
data

3. FIND
trends and
HELG
observa-
tions

78



Data Driven Dialogue — What is Needed? MANNHEIM

BUSINESS SCHOOL

Support

Sufficiently
disaggregated data

Opportunity to ask
questions

z-!:otn - e -
@ovsi B o osm @ A
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The Three Phases of Data Driven Dialogue MANNHEIM

&\ Phasel- Phase Il -
Predictions Observations

» Surfacing » Engage with actual > Generate

explanations for

assumptions data
your observations

» Making predictions > Note only the facts

> ...

o 2
UNIVERSITY P
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Data-Driven Dialogue — Phase 1

Phase | -
Predictions

> Activate prior knowledge
> Surface assumptions
> Make predictions

;;;;;;;;;;

MANNHEIM
BUSINESS SCHOOL
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Data-Driven Dialogue — Phase 2 MANNHEIM

BUSINESS SCHOOL

Phase Il -
Observations

Do not assume Just the facts!
anymore!

| can count ...

Fowever, ... | observe that ...

Because ...
| am surprised that
T erefore .. | see ...

Some
It seems ... patterns/trends that
| notice...

82




Data-Driven Dialogue — Phase 3

BUSINESS SCHOOL

Generate multiple explanations for
v = your observations

|dentify additional data to confirm
or contradict your explanations

—
[ —
9 Propose solutions/responses

|[dentify data needed to monitor implementation
of your solutions/responses

&8s UNIVERSITY . e A =
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The Collaborative Learning Cycle MANNHEIM

BUSINESS SCHOOL

N;’c'\vating an

Managing
Modeling
Mediating
Monitoring

Activating and Engaging Exploring and Discovering

Surfacing experiences and Analyzing the data Generating theory
expectations

o 2
UNIVERSITY P
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The Collaborative Learning Cycle — MANNHEIM
Phase 1: Activating and Engaging

Tips for success:

E T ; Distinguish between predictions and assumptions.

Develop predictions and related assumptions concurrently.

%ﬁ Record predictions and their related assumptions.

@ Record predictions on a facsimile of the data display.

If group members do not agree on their predictions or assumptions,
record more than one set of predictions and their related assumptions.

Kl:otn . oy —
ovrnt, B wn osm @ .
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The Collaborative Learning Cycle — MANNHEIM
Phase 2: Exploring and Discovering

Tips for success:

Provide time to orient to the data displays before talking.

o=

o Develop a sequence for exploration and designate a starting point.

@ Apply structures and protocols to balance participation.

AN
Establish a public recording protocol.

Q Chart observations in language that is concise and specific.

n:otn . oy ) -
ovrnt, B wn osm @ A
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The Collaborative Learning Cycle — MANNHEIM
Phase 3: Organizing and Integrating

Tips for success:

n:orn . o S
ERONWARI M Y us WA (@ o7
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making
Data-Driven Decision Making
How to Ask Data-Driven Questions
How to Evaluate Data Integrity

Creating Richer Data-Driven Dialogue

@) The Art of Guestimating — The Fermi Method

Emerging Areas in Data-Driven Decision Making
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Enrico Fermi and the Fermi-problems MANNHEIM

Enrico Fermi
» ltalian-American physicist

» Creator of the world’s largest first
nuclear reactor

> Known for his ability to make
good approximate calculations
with little or no actual data

Fermi problems

> Making justified guesses about
quantities and their variance or
lower and upper bounds

i et ‘ https://miro.medium.com/max/1400/1*MmJMUjQs TPFGMyPDCtx
S OF MANNHEIM A.m! fus  IPAMBA Cﬁ% yBg.jpeg 89
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“How many piano tuners are there in
Chicago?” — a Fermi Problem

BUSINESS SCHOOL

We make the following assumptions/estimations:

Approximately 5,000,000 people living in Chicago.

On average, two persons in each household in Chicago.

uw Roughly one household in twenty has a piano that is tuned regularly.

Pianos are tuned on average about once per year.
It takes a piano tuner about two hours to tune a piano

Each piano tuner works eight hours in a day, five days in a week,
and 50 weeks in a year.

@5 UNTVERSITY . o pp [
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“How many piano tuners are there in HEIM
Chicago?” — a Fermi Problem

Number of pianos tunings in Chicago in a single year:
(5,000,000 persons in Chicago) / (2 persons/household) x (1 piano/20

household) x (1 piano tuning per piano per year)
= 125,000 piano tunings per year in Chicago.

The average piano tuner performs:
(50 weeks/year)x(5 days/week)x(8 hours/day)x(1 piano tuning per 2 hours per

piano tuner)
= 1000 piano tunings per year per piano tuner.

This gives us:

(125,000 piano tuning per year in Chicago) / (1000 piano tunings per year per
piano tuner)

= 125 piano tuners in Chicago.

(B UNIVERSITY | A1 AT
19 OF MANNHEIM & EQUIS dPAMBA Aa% 91
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»HOW many hairs are present on your MANNHEIM
head?“ — a Fermi Problem

150 hairs per square cm

50% of our head is
covered with hear

Radius (head) ~ 10 cm
» 0.5 * (4*1m*r2) = 200* r
= 628 cm?

Calculation:
» 628 * 150 = 94,200

B UNIVERSITY . [_esmo L
@OFMANNHEIM B equs  GPAMBA @ -
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The Fermi Method — How Does It Work? MANNHEIM

BUSINESS SCHOOL

Overestimates and
underestimates
cancel each other
out.

Estimations of
individual terms are
often close to
correct.

There is no consistent bias.

e
v 2
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The Fermi Method — Estimation Tips MANNHEIM

BUSINESS SCHOOL

Estimate by
bounding.
Dare to be 05 Use Google
imprecise. as needed.

Decompose Sanity-check
the problem. your answer.

o
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The Fermi Method — Estimation Tips: BUSTNESS SCHOOL
Estimate by Bounding (Example)

How much time per day does the average 15-year-old watch TV?

® Rough estimation: Between 2 minutes and 400 minutes

= Use the approximate geometric mean (AGM) (approximate square root of
the product of the upper and lower bounds)

= What is the AGM of 2 and 4007
» 2 2=2x10%and 400 = 4 x 102
» Average of the coefficients (2 and 4) is 3
» Average of exponents is (0 and 2) 1
» AGM = 3 x 101 = 30 (precise geometric mean 28.28)

Q If the sum of exponents is an odd number: Round the resulting exponent
= down and multiply the final answer by three.

@, UNTVERSITY " e A —
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Fermi Estimation Failure Modes MANNHEIM

BUSINESS SCHOOL

Bad over- or
underestimation

Choosing a

: Incorrect
nonlinear modelin
problem ’

w0l A oA B
WOV B o omm ® "
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The Fermi Method — Advantages MANNHEIM

BUSINESS SCHOOL

Useful check on results

Determine optimal
calculation method

e
-
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,HOW many new passenger cars are HEIM
sold each year in the USA?“ - Exercise

Approach #1: Car dealerships

1

2
3
4

How many new cars does a dealership sell per month?
> More than 5, less than 50
> AGMis 15

How many counties are there in the US?
> More than 300, less than 20,000
» AGM is 2,500

How many towns of 10,000 people or more are there per county?
> More than 10, less than 5,000
> AGM is 300

How many car dealerships are there in cities of 10,000 or more people?
> More than 2, less than 30

> AGMis 7.5 ?

‘ (15 x 12) x 7.5 x 300 x 2,500 = 1,012,500,000 °

G UNIVERSITY | GDAMBA
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,HOW many new passenger cars are
sold each year in the USA?“ - Exercise

BUSINESS SCHOOL

Approach #1: Population in the USA

m ~ 330 million people live in the US
ey

~ 110 million people own cars

Lifetime of a car ~ 15 years

1/15 bought a car in the last year

110 million / 15 = 7.33 million new cars sold

| El

Actual number (Google 2021) = 3.34 million

s UNIVERSITY | P
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Data Literacy & Data Intuition MANNHEIM

BUSINESS SCHOOL

Data Are Not Insights

Understanding Your Psychological Biases in Decision Making
Data-Driven Decision Making
How to Ask Data-Driven Questions
How to Evaluate Data Integrity
Creating Richer Data-Driven Dialogue

The Art of Guestimating — The Fermi Method

@) Emerging Areas in Data-Driven Decision Making
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The Pandemic and Its Effects on MANNHEIM
Decision Making Processes

Data-driven decision making is based on...

TODAY
PAST

Historical data
“What if’ simulations
with more dynamic data
and much less of it

;;;;;;;;;;
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The Pandemic and Its Effects on AR siNEss scroor
Decision Making Processes

The viability of organizations adopting these new types of simulation-
based tools to make decisions depends on the following characteristics:

How digitally do you
operate?

What is your data
science capability?

e
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Data-Driven Decision Making — MANNHEIM
Status Quo

BUSINESSES USING DATA-DRIVEN

DECISION-MAKING EXPERIENCED A...
“DATA-DRIVEN

DECISION MAKING
IS IMPORTANT TO
MY BUSINESS”

Profit
increase of 1 O%

Reduction
of overall
costs

“WE ARE USING
DATA TO MAKE
DECISIONS IN OUR

//\‘ BUSINESS”
L@c
2085 UNIVERSITY S D AMBA
@?or M . A!m! pous  PAMBA Cﬁ% https://www.superoffice.com/blog/data-driven-decision- 103
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Transforming Your Workforce into MANNHEIM
Data Professionals

Developing employees into data professionals:

3 Structured process for data
O refinement

02 Analysis tools to organize

and work with data

01 Accesstodata

e
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Ways to Integrate Data in Daily Workflows

MANNHEIM
BUSINESS SCHOOL

Data curiosity
and regular
use by all

e
v 2
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Eliminate
business and
data silos to

increase
collaboration

Leader-
modeled data
behaviors that
translate to the

front lines

105



Data Curiosity and Regular Use by All MANNHEIM

BUSINESS SCHOOL

Tips:

> Leaders should commit to
using analytics solutions
as well

> Establish formal trainings

> Build internal communities

Access to  Regular use
live data of data > Support data skills

e
g
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Eliminate Business and Data Silos to
Increase Collaboration

BUSINESS SCHOOL

Data just sitting on Tips:
desktops ...

» Create governed, self-
service data sources

@ ... or in spreadsheets ... > Build a community of data
— champions

> Share data in common,

... or with data scientists accessible spaces
é , disconnected from the

business.

=7 '“\('N]\’]iR.\'l'l'Y | P cur g
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Leader-Modeled Data Behaviors That
Translate To The Front Lines

BUSINESS SCHOOL

Make decisions at Tips:

g™ cvery level Open up data access

Empower employees with

Intervene with cost- L _ data

intensive projects Develop opportunities for
customer-focused
innovation

Listen to feedback,
communicate with data

&S UNTVERSITY | or _— =
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How to Navigate the New Normal Using New  manigm
Data-Driven Approaches

Diversity and
inclusivity still
matter

03 el Use the right tech

(@ recipe

The co-op model
for data science

One for all, all for
one on data

Be led by science

g
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The Shlft MANI\{%%&]I\[}/}ESSSCHOOL
Strategic Influences of a Data Culture

FROM TO

O
Centralized decision making EI*EE Decentralized decision making

(=] Front line decisions with those closest

Ivory tower decisions
y 202, to the customer

Reactive planning and actions that Proactive, outcome-focused planning
can be misaligned with business representative of mission, values, and
goals, mission, and values business priorities

Integrated, accessible data
Siloed data, less collaboration, %z{ empowering all, encouraging
delayed problem-solving collaboration and helping to resolve
problems

Data-aware stage (low data culture
maturity), lagging in ability to analyze
data and realize its value

Data-driven (or data-leading) with a
scaled enterprise data culture

;;;;;;;;;;
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Key Ta keaways MAN[\{SI?J&][\[}/}ESS SCHOOL

O 1 Remember that data are not insights!

02 Understand that you are victim to psychological biases!

Data-Driven Decision Making is about making informed and
03 verified decisions based on the analysis of accurate and
relevant datal

O 4 Only asking the right, relevant, and actionable questions will
create value from your data!

l!:otn - 5§ ST a6
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Key Ta keaways MANN{SII{JEIII\,}I}ESS SCHOOL

Data integrity, so the reliability and trustworthiness of your data
throughout time, is key to create value from your data!

Create richer data-driven dialogue by first making assumptions,
then objectively observing your data and last, building inferences

by combining both steps!

The Fermi-method is a good way to establish rough estimates
when you do not have sufficient data!

Only firms who realize that data-driven decision making is the
future and establish a data culture in their organization, will be
able to be successful!

n:otn . oy S
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Sources BUSINESS SCHOOL

» https://lets-talk-business.org/2021/10/06/data-are-not-insights-part-1-beware-
the-source/

» https://lets-talk-business.orq/2021/10/18/data-are-not-insights-part-2-
accuracy-is-relative/

» https://lets-talk-business.org/2021/10/25/data-are-not-insights-part-3-to-trust-
or-not-to-trust/

» https://lets-talk-business.orq/2021/11/08/data-are-not-insights-part-4-
benchmark-or-else/

» https://lets-talk-business.orq/2021/11/24/data-are-not-insights-part-5-tell-a-
story-dont-write-your-memoirs/

» https://lets-talk-business.org/2022/02/08/data-are-not-insights-part-6-format-
is-king/

&8s UNIVERSITY . e A =
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https://lets-talk-business.org/2021/10/06/data-are-not-insights-part-1-beware-the-source/
https://lets-talk-business.org/2021/10/18/data-are-not-insights-part-2-accuracy-is-relative/
https://lets-talk-business.org/2021/10/25/data-are-not-insights-part-3-to-trust-or-not-to-trust/
https://lets-talk-business.org/2021/11/08/data-are-not-insights-part-4-benchmark-or-else/
https://lets-talk-business.org/2021/11/24/data-are-not-insights-part-5-tell-a-story-dont-write-your-memoirs/
https://lets-talk-business.org/2022/02/08/data-are-not-insights-part-6-format-is-king/

Sources

BUSINESS SCHOOL

» https://www.datapine.com/blog/data-driven-decision-making-in-businesses/

» https://lwww.datapine.com/blog/data-analysis-questions/

» https://knowledge.insead.edu/blog/insead-blog/are-you-asking-the-right-
questions-of-your-data-team-17056

> https://hbr.org/2020/02/data-driven-decisions-start-with-these-4-questions

» https://www.varonis.com/blog/data-integrity

> https://lwww.matillion.com/resources/blog/5-ways-to-measure-data-inteqgrity

» https://www.vaisala.com/en/8-ways-ensure-data-integrity
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https://www.datapine.com/blog/data-driven-decision-making-in-businesses/
https://www.datapine.com/blog/data-analysis-questions/
https://knowledge.insead.edu/blog/insead-blog/are-you-asking-the-right-questions-of-your-data-team-17056
https://hbr.org/2020/02/data-driven-decisions-start-with-these-4-questions
https://www.matillion.com/resources/blog/5-ways-to-measure-data-integrity
https://www.vaisala.com/en/8-ways-ensure-data-integrity

Sources BUSINESS SCHOOL

» https://ciga.net/how-to-evaluate-data-integrity-in-electronic-records/

> https://ncs.uchicago.edu/sites/ncs.uchicago.edu/files/uploads/tools/NCS PS
Toolkit BST Set C DataDrivenDialogue.pdf

> https://cdn.ymaws.com/www.wasda.org/resource/resmgr/Data Summit 2016/
Wellman-DataDrivenDialogue.pdf

» https://slideplayer.com/slide/13097651/

> https://medium.com/@abhinavgautam/the-art-of-quessing-fermi-estimations-
6d3dcc3bic’e

» https://www.technologyreview.com/2011/09/08/191451 /fermi-volcanoes-and-
the-dark-art-of-estimation/

&5, UNIVERSITY ] &1 NTER =
W¥'OF MANNHEIM B~ Equis AP AMBA AQ“\ e


https://ciqa.net/how-to-evaluate-data-integrity-in-electronic-records/
https://ncs.uchicago.edu/sites/ncs.uchicago.edu/files/uploads/tools/NCS_PS_Toolkit_BST_Set_C_DataDrivenDialogue.pdf
https://cdn.ymaws.com/www.wasda.org/resource/resmgr/Data_Summit_2016/Wellman-DataDrivenDialogue.pdf
https://slideplayer.com/slide/13097651/
https://medium.com/@abhinavgautam/the-art-of-guessing-fermi-estimations-6d3dcc3b1c7e
https://www.technologyreview.com/2011/09/08/191451/fermi-volcanoes-and-the-dark-art-of-estimation/

Sources BUSINESS SCHOOL

»  https://lwww.lesswrong.com/posts/PsEppdvgRisz5xAHG/fermi-estimates

» https://en.wikipedia.org/wiki/Fermi problem

> https://lwww?2.deloitte.com/uk/en/blog/experience-analytics/2020/data-driven-
decision-making-in-the-new-normal.html

> https://lwww.forbes.com/sites/tableau/2021/07/30/how-to-harness-a-new-
wave-of-data-driven-decision-making/?sh=112a8f085ddd

» https://kepner-treqoe.com/blogs/the-future-of-work-data-driven-decision-
making/

> https://lwww.superoffice.com/blog/data-driven-decision-making/
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https://en.wikipedia.org/wiki/Fermi_problem
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