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The new possibilities of Big Data and Artificial Intelligence Technologies allow
finding unexpected structures and relations in data sets, generated in different

fields and contexts.

Abb. 15, K. 3

Portfolio of Basics for Big Data (acc. to Mainzer 2014)
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Tab. 9, K. 4
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Scientific Method: How to win knowledge on order to act (l)
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Theoretical Knowledge Goal Pragmatic Technological Rule
Knowledge
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From Data to Decision: To win knowledge in Firms

[ —————————

Problems
Interests,
Questions

Business Models

Other (Big)
Data

Measurement
Data Collection

—

Other Interests

v/

Data II X

available from E.

Analytics

Calculation, Visualization

v

Subject Area
Enterprize

Information

Products
Texts, Charts, Tables

- Knowledge
Decision é e
Cogpnitive Processes W
”

Other Interests -

Understanding

Cogpnitive Processes

Pre-existing Knowledge |_

A

I ———

Is this enough
information to
win sufficient

knowledge to

act?

s sap

Home

Number of Employees

1.8981..

Sickness Rate

4,35~

Surplus/Shortfall (Percent)

Human Resources

KPI-Cockpit

Finance Real Estate  Grantor Management

Potential Separations

Sickness Rate

e

Average Age

Surplus/Shortfall (Absolute)

-30,00 %

Number of Sepa

Overtime by Employee

1021




12/8/2018

Result

Context
dependent
Operations

Formal

Operations

Human
Operations

Available information (Files, Books, Charts, Interactive Means)
is not yet knowledge!

~

Process Signal Symbols Data Information Knowledge -
Measurement

Pattern Rec
Arrangement

Algorithms

Cognition

Ontologies -
¢ Interests > Decison
Models

Business Models

% 6. Responsibility

Data — Interests — Ontologies: How business models distort science

1. New possibilities to find new insights?

2. Science method and business methods

3. To put the right question remains an art

4. Do numerical approaches substitute science?

5. Two examples: Geomarketing and HR-Management




12/8/2018

I Abb. 19, K. 3
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Information may produce knowledge.

decontentualized information, i.e. information not adequately interpreted may lead
to a wrong, i.e. misleading knowledge

If knowledge is one of the most important presuppositions of the ability to act,
wrong knowledge may lead to wrong acts.

Reasoning:

Deductiv: ((A—>B)AA)—B

Abductiv: ((A—>B)AB)—>A  logically wrong! only fuzzified: —,

Inductiv: (very often A A B), then (A —B) with p = empirical science
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Context change leads to change of interpretation

Source: Frey (1984, 2000).

Meaningful Question? Hypothesis with low probability in terms of causal effect
Findings by chance? Statistical Correlation is no proof
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Works of visual art copyrighted (US)
is inversely correlates with

Females in New York who slipped or tripped to their death

Works of visual art copyrighted (US)

= Femalesin New York who slipped or tripped to their death
»

~ v ¢
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8
A result generated by Big Data or Al can only be interpreted 6 .
meaningfully by knowing the original research question. Thus, a 4 Correlation: -0.939788
2
0

model with a pre-theoretic hypothesis is necessary.

0 20 40 60 80 100 120

Abductive reasoning is used constitutively in Big Data Methods. Therefore it is
not an adequate method to ground jugments in the realm of e.g. Human
Resource Management (People Analytics) and related fields.

Knowledge won by Big Data Analytics information is not yet reliable and
should only used for the finding of hypotheses. Such hypotheses should be
tested iteratively by more data, experiments, observation, inquiries.

Due to cost and capacity reasons such additional tests are used to be omitted
in business context.

To take responsiblity for success and reliabilty of the use of BIG DATA results
remains with the user of such systems. This responsiblity cannot be delegated.
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All data, available by social networks, scientific data, company
data and collected within the net, due to inquiries and data
bases form a

“massive corpus as a laboratory of the human condition”
The storage of Petabytes of data within offered clouds

“... forces us to view data mathematically first and establish
a context for it later”

(Chris Anderson: The End of Theory: The Data Deluge makes the Scientific Method
Obsolete. https://wired.com(2008)/06/pb-theory/.

"The point | was making -- and | don't remember the exact words -- was that if the model is
going to be wrong anyway, why not see if you can get the computer to quickly learn a model

from the data, rather than have a human laboriously derive a model from a lot of thought.”
Googles Research Director Peter Norvig in reply to Anderson (2008).
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“The new availability of huge amounts of data, along with the statistical tools to
crunch these numbers, offers a whole new way of understanding the world.
Correlation supersedes causation, and science can advance even without coherent
models, uy[fied theories, or really any mechanistic explanation at all.”,

Anderson (2008).
presumably

only as a first
not!

step ...

“We can analyze the data without hypotheses about what it might show. We can
throw the numbers into the biggest computing clusters the world has ever seen and
let statistical algorithms find patterns where science cannot.”

Anderson (2008)

meaningful?

“The idea is that businesses collect massive sets of data that may be homogeneous or
automatically collected. Decision-makers need access to smaller, more specific pieces of
data from those large sets. They use data mining to uncover the pieces of information

that will inform leadership and help chart the course for a business.”
(Techopedia 2015).

“I spend half of my advertising budget for free, and 1'd like to know which ones ...”
(Rockefeller)

ce Aristotle, we have fought to understand the causes behind everything. But this
ideology is fading. In the age of big data, we can crunch an incomprehensible
amount of information, providing us with invaluable insights about

the what rather than the why.”
(Mayer-Schonberger & Cukier, 2013)

refrain from
sience?

What is the difference between scientific explanation and data analysis?

12
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I= measured values of Qey (ti) Physical interpretation:
(P(t) = calculated curve There is a harmonic motion with a linear
restoring force
dx? _
m dtz =—-—m-a-x
Examples:
Q Linear pendulum
| Pre-predator model
) Market behavior
ll Oscillations
Fitted Polynom ty time
n . .
A P ———> Data Analysis provides
o) = Zaj #1 Forecast ysis p
=1 Possibilities of forecast (to a certain extent)
or Fourier Series (as a first pre-theoretic hypothesis) Finding hypothesis: ¢(t) is harmonic
p) =ao+ Zﬁ:l(au coswt + by, sin w t) Data Analysis doesn’t provides
Condition for Least-Square Fit (linear regression): Scientific Explanation
14 n But: Every explanation is provisional
a/da; {{[%th) —{aj t1j2 f= 0 What is the difference between scientific explanation and data analysis?
iz i=

Even if we had found an elegant technical solution of finding a needle in a
haystack, we would need to have a model presentation of the
needle.

With appropriate filters and new combinations and mask arrangements it is
always possible to find something unplanned.

However, the question is: What do these structures and patterns tell us, or
better: What do we believe that they should tell us something at all?

Without theory it is possible to provide multiple data interpretations, including
everything and nothing.

Nevertheless: Without theory, we have to start with data analysis and then
proceed further iteratively.
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The criticism of BIG DATA should remain fair
Hildago (2014)

v’ The use of BIG DATA in scientific and v’ Critiques of claims no serious data
technology context: Enormous scientist has ever made.
progress

v’ Confusion of the limitation of prototype
Data Rich Web Sites, with fatal flaws.
Information visualization,
Machine learning,
Machine translation, v’ The iterative character of development is
Data base technologies, overseen
Social media sites,
Social networks
Computer vision, v Wrong predictions
Facebook algorithms with face matching,
Proliferation of computational design,
Data journalism,

Artistic expressions (animation) N eve rthe I ess.:

,Gedanken ohne Inhalt sind leer, Anschauungen ohne Begriffe sind blind.”
Kant, Immanuel: Kritik der Reinen Vernunft. B 75, A 51. Vgl. Kant (1956), S. 95.

Thoughts without perception are empty, intuitions without concepts are
- blind.

,»Algorithmen ohne Theorie und Gesetze sind blind! Korrelationen und Datenmuster ersetzen keine Erklarungen
und Begriindungen von Ursachen. Daher brauchen wir Urteilskraft.”

Algorithms without Theory and Laws are blind! Correlation and data
patterns cannot substitute explanations and groundings of causal

relations. Therefore we need power of judgement.
Mainzer (2016).
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Geomarketing

Data from:

House inspections, surveys, mail order and debtor
information, address traders, government agencies,
companies inquiries, orders by internet, Consumer Scan

Mean value of at least 5 households

Results for Kupfergraben 6, 10117 Berlin

built before 1900,

six households, construction satisfactory,

no garden available,

no foreigners,

affinity for loyalty cards: medium,

affinity for private health insurance: medium,
residents: disinterested financial type,

classic landline users,

hardly internet power users,

dominating age: 51 to 60 years,

Diabetes and osteoarthritis above average,
fitness below average,

a lot of Audi, Mercedes and BMW, little Volkswagen.

AN NN N Y V0 N N N N NN

(State of the art: Rauner 2007)
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Interested in such data:

Energy supplier,

Credits Institutes, drective bureaus,
baknks Postbank, IT-provider, Firms like
Rossmann, Vorwerk, Arcor,

ADAC, Pharmaceutical companiers
Supermarkets, Assurance companies,
Food Stores Marketing, Advertising
Companies etc.

! “living in the wrong place, ... can lead to worse
| conditions for obtaining a loan”

1 (Peter Schaar, cited in Rauner, 2006, p. 38)
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Geomarketing (State of the art: Rauner 2007)

Interests and Business Models:

a Marketing: centralized data management for arbitrarily structured data, generated by different sources like
Web analytics, Social Media, advertising, campaigning

Organization: real-time systems for inventory management, warehousing, dispatch handling
Process optimization: optimization of individual processes within complex production chains

Trade: sales forecast, trend analysis, retargeting, predictive buying

0O 0O D0 O

Internet of things: connected cars, smart traic control, smart city Media analysis: difusion of contents, Web
analytics and others

O

E-Commerce, on-line Shops, frequencies of use “Industry 4.0”: data analysis of real-time production
processes and applications for control purposes

(*um & HP, 2014)
The conclusions from this “discovery” were straight

forward, but eventually in conflict with the ideal of
democracy, equality, and fairness.

Abb. 20, K.4
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Abb. 22, Kap.4
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Hoped-for effects and reasons of an introduction of People Analytics:

* Better accuracy of available data (incl. external data),

* Acceleration of HR- decisions (recruitment, monitoring),

* Reliable decisions,

* Reduction of time costs and capacities,

* Improved strategic planning for recruitment,

* Better measurement (capture) of perfomance und mood of the staff,

¢ Lower the rate of fluctuation.

18
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“Professional mobility”

Predictive Factors Relations with a job broker
. . Contentment with job
for termination of Efficiency of the responsible manager
employment Oportunities
(Dorio et al 2014) Number of obtained promotions

Competitiveness in pay and incentives
Competitiveness of Benefits (Incentives, Privileges)
Received wage increases in%

Appreciation

Workplace for sure

Layoffs in the organization

Outsider positions in the organization
Safety at work

Time spent with teleworking

additonally

Employment

Level of Hierarchy
High Potential Status
Branch of Industry
Country

Steps from voluntary to coercive:

Wearables are completely voluntary.
The transfer of data of wearables is completely voluntary. The analysis is free.

The insurance / HR-Management offers a premium waiver /benefits for voluntary
distribution.

The insurance only lowers the premium if analysis of the data suggests a low risk
of disease, i.e. if the insured is preventively effective. /The HR-Management
offers only adavantages if ...

The insurance raises the premium massively for all who do not provide their
data.

The insurance insured nobody more without readiness to provide data. /
Wearables are prerequisite for an appointment

19
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Decision-making replaced with the help of people analytics prevents necessary
participation

The use of People Analytics in Decision-Substituting Mode will cause conceivably
to a reinforcement and prolongation of inheritance effects and will stigmatize
applicants by past data.

Conveivably it will promote discrimination.

Responsibility gap: Who is responsible for the decision?

The question of the reversibility: It arises when using so-called autonomous
systems or fully automated systems. It has not been clarified under which
criteria they can be shut off by the user.

Kornwachs (2018)
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The question of big data usage comes to a head with the question of a decision-
making system that could make personnel decisions on its own. A distinction must be
made between smaller companies, large companies and platforms offering services in
the area of human resource management. Despite possible technical and economic
benefits, the concerns outweigh.

Although the diffusion of big data technology in the field of human resources has
not progressed as far as some interested parties suggest, it is recommended to
apply already strict standards for the use of such systems

From a theoretical point of view, it turns out that the results of personal
analytics are also not very reliable. Moreover their handling can lead to
ethically dilemmatic situations, possibly violating legal regulations such as
informational self-determination, rights of participation and personal rights.

In general, one can argue that fully-ruling and autonomous systems should
not be used in areas where personal security and integrity, core values,
human rights, and definable responsibilities (including liability) play a role.
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