
From Big Data to Big Information –
Obstacles, Traps and Opportunities

Prof. Dr. Göran Kauermann

Department of Statistics

Fakultät für Mathematik, Informatik und Statistik

ICA 2018

7. June 2018



Big Data –

Everybody talks about it!

2



Big Data –

Everybody talks about it!

3

Big Data is like teenage sex: 

everyone talks about it, 

nobody really knows how to do it, 

everyone thinks everyone else is doing it, 

so everyone claims they are doing it …

(Dan Ariely, 2013)



Big Data – the four V‘s
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Big Data are classified with the four V‘s

• Volume – Big Data are large in size

• Variety – Big Data are complex

• Velocity – Big Data arrive in high speed or with

high resolution

• Veracity – Big Data may not be reliable (bias issues)



Big Data – Early Opinions
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Wired Magazine (June 2008)

• „The End of Theory: The data deluge makes the 

scientific method obsolete.“

• „With enough data, the numbers speak for 

themselves.“

Big Data: The end of theory?



Big Data and Statistics
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What do statisticians say:

• David Hand: “We have a new resource here. But 

nobody wants ‘data’. What they want are the 

answers.”

• Patrick Wolfe: “It’s the wild west right now. People 

who are clever and driven will twist and turn and use 

every tool to get sense out of these data sets, and 

that’s cool. But we’re flying a little bit blind at the 

moment.”



More quotes:

“Statisticians have spent the past 200 years figuring
out what traps lie in wait when we try to
understand the world through data.

The data are bigger, faster and cheaper these days,
but we must not pretend that the traps have all
been made safe.”

(Financial Times Magazin, Tim Harford, 28.3.2014)

7

Big Data and Statistics



Big Data – Hype??
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The two extreme views about Big Data

• With enough data we don‘t need theory and we can 

explain the world.

• Big Data is just a hype and will die down sooner or 

later.

Big Data: Just a hype?



Gartner‘s Hype Cycle

9

Source: Gartner Blog network 



Big Data –

Hype or New World?

We answer the question with Big Data

https://www.google.com/trends/

Google Trends protocols which keywords are searched in 

Google: when, where, etc.
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https://www.google.com/trends/
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Storm Herwart
29.10.2017
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German Election
24.09.2017
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Big Data –

What can go wrong?
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Big Data Analytics can go heavily wrong, because:

• Big Data are “observational data” and can lead to 

invalid conclusion,

• Big Data do not always carry big information,

• Big Data are big, but sometimes just not big enough,

• Big Data do not always need big computing

A statistical view sometimes help



Example 1 

Business Analytics 
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Use Case: Business Analytics of Sales

•Data: Number of sales and prices 

•Aim: Estimate Price Elasticity

•Problem 1: Usually, NO recorded data on “non-sales”

•Solution: Get recorded data on offered prices without 

sales

•Underlying statistical model:

Number of Sales = s(Price) + error



Example 1 

Business Analytics 
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Use Case: Business Analytics of Sales

•Problem 2: Prices are NOT “exogeneous”, that is price 

depends on demand, demand depends on price.

•This is a classical problem in econometrics.

•“True” model is 

Sales = s(Price) + m(Price of competitors)  + error

= s(Price) +             correlated.error 

•Solution: Get (buy) data of competitors or use an 

instrumental variable approach



Example 2 

Internet Scraping
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Use Case: Wohnungsmarktbarometer (Index of Prices 

for apartments)

• Data on apartments which are offered to let on 

internet platforms (immoscout.de, immowelt.de, etc.)

• Webscraping, that is taking apartments offered at a 

particular day. 

• Problem: This is a biased sample. 



Example 2 

Internet Scraping
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Use Case: Wohnungsmarktbarometer (Index of Prices 

for apartments)
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Internet Scraping
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Use Case: Wohnungsmarktbarometer (Index of Prices 

for apartments)
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Example 2

Internet Scraping
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Use Case: Wohnungsmarktbarometer (Index of Prices 

for apartments)

• Include sampling weights, to obtain unbiased results.

• Sampling weight = 1 / inclusion probability 

• Inclusion probability is proportional to the length of 

advertisement.



Example 3

Quality in Big Data
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Question: Big Computing versus Sampling

•Accuracy in data analytics:

Mean squared error  =  “quality of data”

× “variability of data”

× “quantity of data”

•Quantity does not replace quality



Example 3

Quality in Big Data
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Question: Big Computing versus Sampling

Thought experiment:

•We develop an app to access whatsapp users in Germany 

(about 1.3 Million)

•They should “vote”, i.e. give their party preference

•Large data base, but is it reliable (quality?)

Alternative:

•“Sonntagsumfrage”. Regular poll run at 1000 participants

•Small data, but usually high quality.

Question: Which data do you trust more?



Example 4

Biased Data
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Question: Are Big Data always reliable?

•Example: Street Bump app 

•Boston street bump bias

•Bumps were found in prosperous 

neighbourhoods

•Obvious “sampling bias”

Source: http://www.streetbump.org 



Example 5

Sufficient Statistics Resurected
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Use Case: Price Elasticity for Massive Data in Airline Industry

•Prices are evaluated on a Origin -> Destination (O+D) level

•10.000 O+D routes

– E.g. TXL -> ZRH, HAM – ZRH, DUS -> MAD

•Each O+D has multiple flights

– E.g. TXL -> ZRH (direct flights), 

– TXL -> FRA -> ZRH or TXL -> MUC -> ZRH (one stop flights)

•Each flight is bookable at least 300 days prior to departure

•Data are available for 1 year

•This gives 10.000 x 10 x 300 x 365 = 1.1 * 1010 data entries, plus 

covariates etc. 



Example 5

Sufficient Statistics Resurected
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Use Case: Price Elasticity for Massive Data in Airline Industry

•Assume a simple linear model

Y = X β + e

•The resulting estimate is

β∧ =(XTX)-1 (XTY)

•Hence, we do not need all 1010 data points but just the sufficient 

statistics

XTX and XTY

•If the data are stored on K data servers we can calculate 

independently and in parallel

Xk
TXk and Xk

TYk for k = 1,…,K 



Example 5

Sufficient Statistics Resurected
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Use Case: Price Elasticity for Massive Data 

• For more complex models (Poisson regression) one 

needs iterative calculations

• But: We never (!) need the full data in the memory of 

the computer

• We can run all calculations on distributed servers 

and in parallel



Example 5

Sufficient Statistics Resurected
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Sufficiency in general

• Sufficient statistics were explored in the 1940ies, 

when data were too big for computational power

to fit a model

Data model

fitting



Example 5

Sufficient Statistics Resurected
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Sufficiency in general

• Sufficient statistics see a revival in the 2020ies, since

data are too big for computational power to fit a 

model

Data model

fitting
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Sufficient Statistics Resurected
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Sufficiency in general

• Sufficient statistics see a revival in the 2020ies, since 

data are too big for computational power to fit a 

model

Data model
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Example 6

Sampling versus Big Computing
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• Data are often big and their analysis requires heavy 

computing

• Often it is more useful to draw a sample from the 

data

• This allows for feasible computation

• Statistics allows to quantify uncertainty due to 

sampling



Example 6

Sampling versus Big Computing
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Big Data Misconceptions
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We conclude:

• Big Data does not make theory and thinking obsolete.

• Big Data analytics needs statistical and computational

skills

• The combination of statistics and computer science is

nowadays called Data Science



Statisticians – are they needed today?
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Data Science



Statistics and Computer Science
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Statistics
• Statistical Modelling
• Statistical Reasoning
• Design of Experiments

Computer Science
• Computing
• Machine Learning
• Neural Networks

Data

Statisticians ask:
What‘s going on? 

Computer Scientists ask:
What happens next? 

Big Data and Data Science
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Statistics
• Statistical Modelling
• Statistical Reasoning
• Design of Experiments

Computer Science
• Computing
• Machine Learning
• Neural Networks

BIG Data

Statisticians ask:
What‘s going on? 

Computer Scientists ask:
What happens next? 

Big Data and Data Science



Data Science – Statistics AND 

Computer Science
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• Data analysis requires 

– Statistical approaches AND

– Computer Science approaches

• Two different ways of thinking.

• Example:

Input-output analysis:     X         Y

• Statisticians use Regression

• Computer Scientists use Machine Learning



Big Data

What is needed?
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Regression Example: Rent data

X = floorspace, equipment, location
Y = rent per squared meter 

Image Analysis Example: Webcam Images 

X = pixel in picture
Y = vegetation status
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Data Science
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Data Science



Data Science combines informatics and statistics

in order to extract information from real data.
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“Data Science is a blend of 

Red-Bull-fuelled hacking and 

espresso-inspired statistics”

(Mike Driscoll, CEO Metamarket)

Data Science –

what‘s it all about?



Data Scientists –

What do they do?
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Source: C. O‘Neil, R. Schutt (2014), Doing Data Science, O‘Reilly Media Inc., USA.



Big Data and Data Science
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„The benefit to the data analyst has been limited, 

because the knowledge among computer scientists 

about how to (...) approach the analysis of data is 

limited, just as the knowledge of computing 

environments by statisticians is limited. A merger of the 

knowledge bases would produce a powerful force for 

innovation.“

Cleveland (2001): „Data Science: An Action Plan for Expanding the 

Technical Areas of the Field of Statistics“

Data Science –

The founder



Data Science@LMU
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• At LMU Munich the Data Science 

master is

– 50% Statistics and 

– 50% Informatics           

(Computer Science)

• Master is funded by the            

Elite-Network Bavaria

• International programme

• www.datascience-munich.de
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Data Science@LMU



Data Science –

Further Points
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Further points of data science

• Data Ethics, Data Security, Data Confidentiality

• European General Data Protection Regulation (GDPR)

• High Performance Computing (HPC)

• Numerics and Optimization

• ....

Not all is covered in all programmes



Further activities at LMU

•Data Science Certificate program
www.datascience-certificate.de

•Data Science Lab
http://dsl.ifi.lmu.de/cms/

•Research and industry collaborations
Helmholtz-Zentrum, TUM, LRZ, ....
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Data Science@LMU

http://www.datascience-certificate.de
http://dsl.ifi.lmu.de/cms/


Discussion
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• Data Science as scientific discipline is not 

consolidated yet

• Data Science needs both, statistics and computer 

science

• Data Scientists need awareness in data ethical 

questions

• After all, we can draw big information from current 

data, if we use data science


