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a1y Remark /2 HECAI

This is the version for
printing and reading.
The lecture version is
didactically different.



Ty Agenda /2 HECAI

" In Module 2 we discuss questions including
“What is science?”, “Why contributing to the
international scientific community?” and
some methodological issues, whereas

" in Module 3 we discuss questions including
“How to contribute to the international
scientific community?” and learn the basic
mechanics of science, the “know-how”,

" Of course always from our human-centered
Al and machine learning perspective ...
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01 Why should we
contribute to the
international
scientific community?



Ty  Why science? /o HEAl

= Science can provide explanations *)
= Science can make predictions

= *) these are the questions of “why” something is
the cause (cf. Judea Pearl| — see course 706.315)

= Why is a person doing this — anthropological
explanations formed ancient philosophy —
understanding and explaining nature ...

= An explanation is a type of insight (sensemaking)

" When’s a good explanation good? Obviously, when
we “feel”*) that something is satisfactorily
explained —when we do not have any more
guestions — we understand it!

*) please watch the video shown on slide 7 by Richard Feynman
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aTU  Four types of explanations /o HEAl

= 1) Causal explanation: If something causes X, it
also explains X

" 2) Functional explanation: X has a reliable
function f(X), thus X is explained

= 3) Purposeful explanation: X was wanted by Y

" 4) Pragmatic explanation: The explanation is
adapted to the type of answer the questioner
wants to hear!
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glTU  Explanation “why” — needs a ground truth A HCAI

HUMAN-CENTERED.AI

This was one motivation to develop the Kandinsky
Patterns, our “Swiss-Knife” for the study of explainable Al:
https://human-centered.ai/project/kandinsky-patterns

Richard Feynman Magnets

708,434 views + 15 Apr 2009 ilg 87k &I 160 4 SHARE =, SAVE

https://www.youtube.com/watch?v=MO0r930Sn 8
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BTU  Science is humans greatest collective endeavour /2 HCAI
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IN BRIEF WHAT WE DO WHERE WE WORK PARTNERS JOIN US RESOURCES

| l [ s I | U N E S CO "Building peace in the minds of men and women"

Science for Society UNESCO SCIENCE REPORT

Science is the greatest collective endeavor. It contributes to ensuring a longer and healthier life, monitors our
health, provides medicine to cure our diseases, alleviates aches and pains, helps us to provide water for our
basic needs — including our food, provides energy and makes life more fun, including sports, music,

entertainment and the latest communication technology. Last but not least, it nourishes our spirit. RELATED LINKS
Read more

Gender and Science

Disaster Preparedness and
Mitigation

Local and Indigenous
Knowledge Systems

Management of Social
Transformations (MOST)
Programme

Science Education

Engineering

Science Policy and Capacity
Building

* Broadening the Application of
the Sustainability Science
Approach

https://en.unesco.org/themes/science-society
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BlTU  Science is an international joint collaborative effort /2 HCAI
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UNESCO
SCIENCE
REPORT

Towards 2030

How artificial intelligence is changing science

https://news.stanford.edu/2018/05/15/how-ai-is-changing-science
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mlTU  Motivation: From a Harvard MSc (!) Course /2 HEAI

Grazm

rrigay L4 WCAOTODED IECTUE O VAdriatiional INTererice.

Final Project

IS project
t could be submitted to a top-tier machine leam'mE conference such as NIPS,

ICML, UAI, AISTATS, or KDD. There are different ways to approach this project, which are dis-
cussed in a more comprehensive document that is available from the course website under the

Files tabl There are four separate components of the project:
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a1y Today ML is enormously progressing ... /o HEAl

" Progress is driven by
the explosion in
the availability of
big data and low-
cost computation.

" Health is amongst
the biggest
challenges

Jordan, M. |. & Mitchell, T. M. 2015.
Machine learning: Trends,

perspectives, and prospects.
Science, 349, (6245), 255-260.
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TU What if we succeed?
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“An ultra-intelligent machine could TheSingularity

design even better machines; there
would then unquestionably be an
“intelligence explosion*” and the
intelligence of man would be left far
behind ...

It is curious that this point is made so

seldom ... outside of science fiction.”

Irving John Good, Trinity College, Oxford, 1965
Colleague of Alan Turing in Bletchley Park

Irving John Good — 1960s

The ultraintelligent machine

“A machine that can far surpass the
intellectual activities of any man however
clever. ... an ultraintelligent machine
could design even better machines ... The
intelligence of man would be left far
behind.”

Irving John Good 1966. Speculations Concerning the First Ultraintelligent Machine. Advances in Computers, 6,

31-88, doi: http://dx.doi.org/10.1016/S0065-2458(08)60418-0

Based on talks given in a Conference on the Conceptual Aspects of Biocommunications, Neuropsychiatric Institute, University of California,
Los Angeles, October 1962; and in the Artificial Intelligence Sessions of the Winter General Meetings of the IEEE, January 1963 [1, 46].
The first draft of this monograph was completed in April 1963, and the present slightly amended version in May 1964

*) https://intelligence.org/ie-fag
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02 What is Science ?
What is Engineering?



aflTU. What is Science? /A HEA!

" gmiotnun (ancient Greek: episteme = Wissen)
= Scientia (latin = Wissen, engl. “knowledge”)

= systematic and objective process to attain and
organize new knowledge in the form of testable
explanations and predictions about our universe

= Computer Science:
= A) theoretical
= B) experimental

" Three pillars:
= 1)language = information;
= 2) process = algorithms;
= 3)technology = computer (universal programable Machine)
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e TU  Naive Assumptions and scientific methods /A HCAI
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Science
Traditional Methods of Pseudoscience
Acquiring Knowledge
Assumptions Characteristics Role of Role of Objectives
Theory Scientist
R R T Lo | Visded ) r A
Intition |y Uniformity | . Control : ! Logicof | | Curiosity 1 | Describe !
| | l | | : ' Discovery : I | |
P . . . | .
| Authority 1| Reality : : Operationalism : I | | Patience | | Explain |
| | : I I | ! Logicof | | | : |
| Rationalisim | 1 Discoverability ! | Replication | | Justification | | Objectivty ! | Predict |
[ | ST SIS  NENEEAP d Eee—— | | | |
| | |
| Empiricism ! | Change | | Contral |
S o ] ]
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aRTU  Motto of the Holzinger Group A HCAI

HUMAN-CENTERED.AI

Science is testing crazy ideas —
Engineering is putting these ideas into Business

. Customer
Hypothetical -

End-User End-User

=
k-

Holzinger, A. 2011. Successful Management of Research and Development, Norderstedt: BoD.
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BTy  Science versus Engineering /o HCAI

—

Sméntls:l’s diséover the world that exists G)
‘existec %hlﬁk’*Oh Paleontologists)
Enginegérs create a wogld that never before

. e - t . o . . ; _ __' ,
' < .l ' :

FEets )
M,
e e kT

Attributed to Theodore von Karman (1881-1963)
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mlTU  Computer Science vs. Computer Engineering A HCAI

= Computer Science is asking:
= P=NP? %)
= What is information?
= What is intelligence?

= What is computable?

= Computer Engineering is asking:

= (How) can we build (intelligent) information
systems (simply)?

= *) a proof would have profound impact (think on
cryptography, TSP, subgraph isomorphism, ...

Janet M. Wing 2006. Computational thinking. Communications of the ACM, 49, (3), 33-35, d0i:10.1145/1118178.1118215.
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alTU  Science (episteme) <> Technology (techne) A HCAI

HUMAN-CENTERED.AI

According to Aristoteles (384-322)

N S T

Objects

Goal

Activities

Method

Process

Innovation in form of

Results
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“unchangeable”
General knowledge

Building theoria

Abstraction

Conceptualizing

Discovery

Law-like

19

Changeable (plastic)
Specific knowledge
Building poiesis
Concrete (Modeling)
Optimizing
Invention

Rule-like
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TU, Complexity Problem: Time versus Space /& HCAl
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exponential cubic quadratic

~ (M O(nz) O(n) linear

O(Vn)

F

Time

Qg n) logarithmic

O(1)

constant

Data Input (Space)

P versus NP and the Computational Complexity Zoo, please have a look at
https://www.youtube.com/watch?v=YX40hbAHx3s
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mlTU Living things are able ... /A HCA|

to reproduce ...

to grow ...

to evolve ...

to self-replicate ...

to generate/utilize energy ...

to process information ...

Schrodinger, E. (1944) What Is Life? The Physical Aspect
of the Living Cell. Dublin Institute for Advanced Studies.

‘-,“1 i,

&
»
U

human-centered.ai (Holzinger Group) 22 Part 7 Sti



gty The way to eScience — data intensive sciences S HCAI
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The information explosion ...

/2 HEA]

58

practices for the merchant fleet in 1865, an additional 70 years later. The total time
from Lancaster’s definitive demonstration of how to prevent scurvy to adoption
across the British Empire was 264 years [2].

The translation of medical discovery to practice has thankfully improved sub-
stantially. But a 2003 report from the Institute of Medicine found that the lag be-
tween significant discovery and adoption into routine patient care still averages
17 years [3, 4]. This delayed translation of knowledge to clinical care has negative
effects on both the cost and the quality of patient care. A nationwide review of 439
quality indicators found that only half of adults receive the care recommended by
U.S. national standards [5].

THE IMPACT OF THE INFORMATION EXPLOSION IN MEDICINE

Despite the adoption rate of medical knowledge significantly improving, we face
a new challenge due to the exponential increase in the rate of medical knowledge
discovery. More than 18 million articles are currently catalogued in the biomedical
literature, including over 800,000 added in 2008. The accession rate has doubled
every 20 years, and the number of articles per year is expected to surpass 1 million
in 2012, as shown in Figure 1.

Translating all of this emerging medical knowledge into practice is a staggering
challenge, Five hundred years ago, Leonardo da Vinci could be a painter, engineer,
musician, and scientist. One hundred years ago, it is said that a physician might
have reasonably expected to know everything in the field of medicine.” Today, a
typical primary care doctor must stay abreast of approximately 10,000 diseases and
syndromes, 3,000 medications, and 1,100 laboratory tests [6]. Research librarians
estimate that a physician in just one specialty, epidemiology, needs 21 hours of
study per day just to stay current [7]. Faced with this Hood of medical information,
clinicians routinely fall behind, despite specialization and sub-specialization [8].

The sense of information overload in medicine has been present for surprisingly
many years. An 1865 speech by Dr. Henry Noyes to the American Ophthalmologic
Society is revealing. He said that “medical men strive manfully to keep up their
knuwledge of how the world of medicine moves on; but too often they are the first
to accuse themselves of being unable to meet the duties of their daily calling,...”
He went on to say, “The preparatory work in the study of medicine is so great, if
adequately done, that but few can spare time for its thorough performance....” [9]

* www.medinfo.cam.ac.uk/min/papers/Hanka/ THIM/defaule. him

HEALTH AND WELLBEING
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FIGURE 1.

The number of biomedical articles catalogued
each year is increasing precipitously and is
expected to surpass 1 million in 2002,

COULD KNOWLEDGE ADOPTION INHEALTH-
CARE BECOME NEARLY INSTANTANEOUS?
The speed at which definitive medi-
cal discoveries have broadly reached
medical practice over the last two mil-
lennia has progressively increased, as
shown in Figure 2 on the next page.

Focusing on the last 150 years, in
which the effects of industrialization
and the information explosion have
been most acute, the trajectory flat-
tens slightly but remains largely linear,
as the figure shows. (An asymptotic fit
yields an r2 of 0.73, whereas the linear
fitis 0.83.)

Given that even the speed of light
is finite, this trend will inevitably be
asymptotic to the horizontal axis, Yet,
if the linearity can be sufficiently
maintained for a while, the next 20

vears could emerge as a special time
for healthcare as the translation from medical knowledge discovery to widespread medi-
cal practice becomes nearly instantaneous.

The proximity of this trajectory to the axis occurs around the year 2025. In
response to the dramatic computational progress observed with Moore’s Law and
the growth in parallel and distributed computing architectures, Ray Kurzweil, in
The Singularity Is Near, predicts that 2045 will be the year of the Singularity, when
computers meet or exceed human computational ability and when their ability to
recursively improve themselves can lead to an “intelligence explosion” that ulti-
mately affects all aspects of human culture and technology [10]. Mathematics de-
fines a “singularity” as a point at which an object changes its nature so as to attain
properties that are no longer the expected norms for that class of object. Today,
the dissemination path for medical information is complex and multi-faceted, in-
volving commercials, lectures, brochures, colleagues, and journals. In a world with
nearly instantaneous knowledge translation, dissemination paths would become
almost entirely digital and direct.

THE FOURTH PARADIGM
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59



Grazm HUMAN-CENTERED.AI

TU. Time from Discovery to Dissemination S HCAI

Dissemination of Medical Discoveries to
Clinical Practice: The Last 2,500 Years
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FIGURE 2.

While it took 2,300 years after the first report of angina for the condition to be commonly taught

in medical curricula, modern discoveries are being disseminated at an increasingly rapid pace.
Focusing on the last 150 years, the trend still appears to be linear, approaching the axis around 2025.
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mlTU  Emergence of a Fourth Research Paradigm A\ HCAl

1000 years ago — Experimental Science:
observing and describing natural phenomena

300 years ago — Theoretical Science:
Newton’s Laws, Maxwell’s Equation, Einstein, ...

70 years ago — Computational Science:
using universal programmable machines for
simulating complex phenomena via math models

Today — Data-Intensive Science:
data captured by instruments, generated by
simulations, sensor nets, ...

human-centered.ai (Holzinger Group) 26 Part 2 Student Research Seminar 19/20



aMRTU  You always get a result — but is it relevant? S HCAI
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PHILOSOPHICAL TRANSACTIONS
OF THE ROYAL SOCIETY A

MATHEMATICAL, PHYSICAL AND ENGINEERING SCIENCES

@1 Open Access Opinion piece

B crooklorwodstes Big data: the end of the scientific method?

View PDF Sauro Succi and Peter V. Coveney

Published: 18 February 2019 https://doi.org/101098/rsta.2018.0145

9, Tools < Share
Abstract

Cite this article v
“For it is not the abundance of knowledge, but the interior feeling and taste of things,

Section ~ which is accustomed to satisfy the desire of the soul. (Saint Ignatius of Loyola).”

Abstract We argue that the boldest claims of big data (BD) are in need of revision and toning-
down, in view of a few basic lessons learned from the science of complex systems. We
point out that, once the most extravagant claims of BD are properly discarded, a
synergistic merging of BD with big theory offers considerable potential to spawn a new
scientific paradigm capable of overcoming some of the major barriers confronted by the

1. Introduction

2. Why is big data so sexy?

3. Complex systems do not modern scientific method originating with Galileo. These obstacles are due to the
(generally) obey Gaussian presence of nonlinearity, non-locality and hyperdimensions which one encounters
statistics frequently in multi-scale modelling of complex systems.

4. Sensitivity to data This article is part of the theme issue ‘Multiscale modelling, simulation and computing:

inaccuracies from the desktop to the exascale’.

Sauro Succi & Peter V. Coveney 2019. Big data: the end of the scientific method? Philosophical Transactions of the
Royal Society A, 377, (2142), 20180145, do0i:10.1098/rsta.2018.0145.

Available online: https://royalsocietypublishing.org/doi/full/10.1098/rsta.2018.0145
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mflTU  Short overview: How to carry out scientific work A\ HCAl

= Classic Newtonian approach:

= Ask question > develop theory > form a hypothesis to
proof/disproof theory > conduct experiments > compare
data with hypothesis > accept/reject theory

= Computer Science approach:

" Find open problems to solve > form hypothesis how to
solve the problem > experiment > evaluate > present new

solution to the problem

= Modern Machine Learning approach:

= Setting up experiments to answer questions including:
How does model m perform on data d from domain D?
Which of these models have the best performance?
Much is feature engineering and precision and recall are
your best friends! Now questions of causality to answer
the questions of why are becoming important!
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mRTU General overview of the classic approaches S HCAI
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Logic & Mathematics Simple abstract objects: numbers,
propositions, ...

Natural Sciences Natural objects: physical objects,
fields, organismes, ...

Social Sciences Social objects: human individuals,
collectives, society, ...

Humanities Complex cultural objects: human

(e.g. Law) ideas, principles, actions,

relationships, language, artefacts, ...
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Hypothetico-deductive
Hypothetico-deductive &

Hermeneutics

Hermeneutics
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mflTU Remember: Reasoning = “Sensemaking” /2 HEA]
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= Deductive Reasoning = Hypothesis > Observations > Logical

Conclusions

= DANGER: Hypothesis must be correct! DR defines whether the truth
of a conclusion can be determined for that rule, based on the truth

of premises: A=B, B=C, therefore A=C
" Inductive reasoning = makes broad generalizations from
specific observations
= DANGER: allows a conclusion to be false if the premises are true
= generate hypotheses and use DR for answering specific questions

= Abductive reasoning = inference = to get the best explanation
from an incomplete set of preconditions.
= Given a true conclusion and a rule, it attempts to select some
possible premises that, if true also, may support the conclusion,
though not uniquely.

= Example: "When it rains, the grass gets wet. The grass is wet.
Therefore, it might have rained." This kind of reasoning can be used
to develop a hypothesis, which in turn can be tested by additional

reasoning or data.
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aRTU Important Definition: Ground truth /2 HEAI

" .= information provided by direct observation
(empirical evidence) in contrast to information

provided by inference

=" Empirical evidence = information acquired by
observation or by experimentation in order to verify
the truth (fit to reality) or falsify (non-fit to reality).

= Empirical inference = drawing conclusions from
empirical data (observations, measurements)

= Causal inference = drawing a conclusion about a
causal connection based on the conditions of the
occurrence of an effect.

= Causal inference is an example of causal reasoning.
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a1y Thus, the KandinskyPatterns are so important! N Y
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https://human-centered.ai/project/kandinsky-patterns

A) True

C) Counterfactual

n
?1.,,,3
w5
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04 Hypothetico-
Deductive Method
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1Y The scientific method is strictly objective A HCAI
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> C @ © & https;//www.youtube.com/watch?v=wf-sGqBsWv4

= VYouTube” Sir Karl Popper

AR

I

Karl Popper's Falsification

https://www.youtube.com/watch?v=wf-sGgBsWv4
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1Y The Scientific Method /o HEAl

" The scientific method is the logical scheme used
by scientists searching for answers to the
guestions posed within science.

" The Scientific method is used to produce

scientific theories, including both scientific meta-
theories (theories about theories) as well as the
theories used to design the tools for producing
theories (instruments, algorithms, etc).
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aTU The scientific method /o HEAl

= Observe an event

= Ask a question (“Originare Fragestellung”) and
check with the state-of-the-art whether and to what
extent this question has already been answered!!

* Develop a model (or hypothesis) which makes a
prediction to explain this event

" Test your prediction with (new) data

= Observe the result

" Proof the hypothesis or revise appropriately
" repeat as long as needed

= A successful model (or hypothesis) becomes a
scientific theory !
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TU  Whatis the (expected) contribution for the scientific community ? A HCAI
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Ty Steps (simplified) /o HEAl

1. Formulate a research question in the context of
existing knowledge (theory & observations) —
you must know who did what when and where!

2. Formulate a hypothesis as a tentative answer to
this question

3. Deduce consequences and make predictions

4. Test the hypothesis in a specific
experiment/theory field. The new hypothesis
must prove to fit-in the existing world-view,
think about what Sir Karl Popper said!
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aTU  Warning /2 HECAI

" |n case the hypothesis leads to contradictions and
demands a radical change in the existing theoretical
packground, test it carefully again!

" |f you succeed and it replaces the existing scientific
naradigm — this is called “scientific revolution” and it
nappens very rarely and cannot be planned ...

" Repeat the process with modifications of the
nypothesis until you reach an agreement which
eads to a satisfiable result

= |f you find major discrepancies, you must start the
orocess from the beginning, or you state an
alternative research question!
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a1y Obtain consistency in your results - repeatable A HCAI

= When consistency is obtained the hypothesis
becomes a theory and provides a coherent set of
propositions that define a new class of
phenomena or a hew theoretical concept.

" The results have to be published and is subject
of process of "natural selection” among
competing theories ... reviewer give you a hard
time!

= Atheory is then becoming a framework within
which observations/theoretical facts are
explained and predictions can be made.
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R TU Thomas S. Kuhn (1922-1999) on objectivity

= Science undergoes always
periodic paradigmatic changes

" These paradigm shifts open up new approaches

= Scientists can (of course) never separate their
subjective perspective from their work

" thus, our comprehension of science can never
rely on full objectivity according to Kuhn

https://en.wikipedia.org/wiki/Commensurability (philosophy of science)
For further information on the work of Thomas Kuhn et al.
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mRTU  Karl Popper (1902-1994) on positivism

= There is no logical path leading to [the highly
universal laws of science]. They can only be
reached by intuition, based upon something
like an intellectual love of the objects of
experience’.

= Science starts with problems (yes, we
engineers call it challenges !).

= Coping with a problem, the scientist makes
observations.

= Observations are selectively designed to test
if a theory functions as a satisfactory
solution to a given problem.

= Read more here:
http://plato.stanford.edu/entries/popper
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a1y Karl Popper (contd) on Falsification as principle A HCAI

Science is interested in universal affirmative

conclusions.
However, suc

But, they cou
counterexam

Science shou

N

C
D

conclusions could never be verified.

be falsified by the discovery of a
el

C

aim not to verify or confirm

hypotheses but to falsify them.

According to Popper, there can be never a
confirmation (Bestatigung) of a hypothesis.

It can only be a corroboration (Bekraftigung,

Erhartung)

human-centered.ai (Holzinger Group)
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ﬂTU Richard Feynman on the scientific method /2 HCAI

HUMAN-CENTERED.AI

3 YouTube ™ richard feynman on the scientific method Q

1ard Feynman on Scientific Method (1964)

)1 Aufrufe - 11.08.2015 ilp 857 &9 & TELEN =, SPE

https://www.youtube.com/watch?v=0KmimDqg4cSU
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05 Occam’s Razor
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aRTU  William of Ockham (1287-1347) — and his Razor /o HCAI

Grazm

HUMAN-CENTERED.AI

e Occam's razor (novacula Occami; or law of
parsimony: Latin: lex parsimoniae)

* isthe problem-solving principle that states
"Entities should not be multiplied without
necessity.”

e “Pluralitas non est ponenda sine
necessitate”

* “All else equal — prefer the simplest theory’

 "The simplest solution is most likely the
right one."

e Occam's razor says that when presented
with competing hypotheses that make the
same predictions, one should select the
solution with the fewest assumptions

)

Problem is Complexity:
Ad-hoc hypotheses
Multiple mechanisms
Coincidences

Many free parameters, ...

human-centered.ai (Holzinger Group) 47
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William of Ockham, or Occam.
This image is in the public domain
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TU Parsimony is important for explainable Al S HCAI

Grazm HUMAN-CENTERED.AI

" Explanation is difficult:
= A) Is the minimum explanation the simplest ?
= B) Is the simplest explanation the best explanation ?
= C) When is it enough? (“where is the saturation
point”)
= D) How can an explanation be adapted to different
previous knowledge?

Pedro Domingos 1999. The Role of Occam's Razor in Knowledge Discovery. Data Mining and Knowledge
Discovery, 3, (4), 409-425, doi:10.1023/a:1009868929893.

Anselm Blumer, Andrzej Ehrenfeucht, David Haussler & Manfred K Warmuth 1987. Occam's razor.
Information processing letters, 24, (6), 377-380.
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a1y Take the simplest explanation not simplistic ! A\ HCAl

Note: it means to prefer the most obvious
explanation, e.g. you cheese is vanished:

A) most likely it has been eaten by a mouse
B) most unlikely it has been taken by a Marsian
Danger: “best explanation” in what sense?

Occam originally emphasized that you should
always take an explanation with the fewest
assumptions

Counterexample: Quantum Mechanics
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mTU  Occam’s Razor was known and is known ... A HCAl

“Nature operates in the shortest way possible” —
Aristotle.

“Entities should not be multiplied without
necessity” — William of Occam.

“Everything should be made as simple as possible,
but not simpler” — Albert Einstein.
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06 Reichenbach’s
Principle
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ATy Hans Reichenbach (1891-1953)

Proponent of logical empiricism.

* We can use probability to decide if A is a possible
cause of B.

* |If P(A&B) > P(A)P(B) we say that A and B are
(positively) correlated. Then A could be a cause of B.

* The condition is equivalent to P(BIA)>P(B).

* The condition is symmetricin Aand B: IfAis a
possible cause of B, then B is a possible cause of A.

* "Which came first? The hen or the egg."
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BMRTU Reichenbach’s common cause principle S HCAI

Grazm HUMAN-CENTERED.AI

"If an improbable coincidence has occurred, there must exist THE

a common cause” (p. 157) DIRECTION
Two examples: "Suppose both lamps in a room go out suddenly. We OF TIME

HANS REICHENBACH

regard it as improbable that by chance both bulbs burned out at the
same time and look for a burned out fuse or some other interruption of
the common power supply. The improbable coincidence is thus
explained as the product of a common cause.”

"Or suppose several actors in a stage play fall ill showing symptoms of
food poisoning. We assume that the poisoned food stems from the
same source — for instance, that it was contained in a common meal —
and then look for an explanation of the coincidence in terms of a
common cause.”

Classical probability measure space: (). ¥.p)
Positive correlation: A, B € &

P(AB) > p(A) p(B)

Reichenbachian common cause: (' € ¥

PABIC) = p(AIC)p(BIC)
p(AB|Ct) = p(A|lCH)p(B|Ct
p(A|C) > p(A|CH)
p(B|C) > p(B|CH)
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mRTU Correlation does not imply causation ... but

= Reichenbach’s common cause principle: [iistirss

Assume that X not independent Y . vy Y
" Then . Yome

X causes Y,

Y causes X,

there is a hidden common cause or combination.

For example:

= X = You like this lecture hall
Y = You like this theory
Z = You attend this course
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07 Experiments In
Machine Learning



ﬂTU Some excellent resources ... /A HCAI

Grazm

HUMAN-CENTERED.AI
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https://machinelearningmastery.com

human-centered.ai (Holzinger Group)

The COMPG61011 Not-Very-Scary Guide to ...

Mg Lustring

Professor Gavin Brown, University of Manchester {Sept 2018)

http://studentnet.cs.manchester.ac.uk/pgt/COMP61011/

http://syllabus.cs.manchester.ac.uk/pgt/2019/COMP61011
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M TU  Why is measuring important? /o HEAl

"If you can’t measure it,

nor assign it an exact numerical value, nor express
it in numbers,

then your knowledge is of a meager and
unsatisfactory kind"

(attributed to William Thomson (1824-1907), aka Lord Kelvin)
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Ty How do we carry out ML experiments

/ \ HUMAN-CENTERED.AI

What to measure?
How to measure?
How to interpret?



a1y Systematic Experimentation /o HEAl

" The answers to the question of which algorithm
works best on your specific data set or problem,
or which input features to use, can only be found
through rigorous experiments.

" This is because many ML algorithms are too
complex for formal analysis, at least at the level
of generality assumed by most theoretical
treatments. As a result, empirical studies of the
behaviour of machine learning algorithms must
retain a central role.

Excellent source: https://machinelearningmastery.com/controlled-experiments-in-machine-learning
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BRTU Experimentation is key in applied machine learning 4 HCAI

Grazm HUMAN-CENTERED.AI

= Thisis a challenge for beginners who must learn some rigor.
= Three types of experiments:

" Choose-Features Experiments. When determining what data features (input
variables) are most relevant to a model, the independent variables may be the
input features and the dependent variable might be the estimated skill of the
model on unseen data.

= Tune-Model Experiments. When tuning a machine learning model, the
independent variables may be the hyperparameters of the learning algorithm
and the dependent variable might be the estimated skill of the model on
unseen data.

= Compare-Models Experiments. When comparing the performance of machine
learning models, the independent variables may be the learning algorithms
themselves with a specific configuration and the dependent variable is the
estimated skill of the model on unseen data.

= What makes the experimental focus of applied machine learning so exciting is
two-fold:

= 1) Discovery. You can discover what works best for your specific problem and data.

= 2) Contribution. You can make broader discoveries in the field, without any
specialized knowledge other than rigorous and systematic experimentation.

Excellent source: https://machinelearningmastery.com/controlled-experiments-in-machine-learning
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mRTU  NOTE: Learning Algorithms depend on your test data /& HCAI

" Cross-Validation is a way to monitor stability
= Check always confidence intervals

= ROC-Analysis, particularly for imbalanced data
= (We rarely have L.I.D. data !!!)

" Check: Accuracy, Training Time, Space complexity (how
much memory is needed), Interpretability = how can we
explain why it does what it does!

"= Mutual Information, see MacKay, Section 44.5

Example box plot

60 - .7 outliers
®
50 maximum value, i 1
¥ P oo Confusion Matrix
z 40« range includes
) all data except 75th percentile 4 Actually Actually
€ outliers / 10 Positive (1) | Negative (0)
2 30
g interquartile median Predicted True F?I?e
‘g range contains / value 90 Positive (1) Positives Positives
§ 204 middie 50% (TPs) (FPs)
= of values __— 25th percentile  Accuracy oredicted False True
0 redicte ) )
Aie ~—— minimum value, (/0) 80 Negative (0 Negatives Negatives
g (0)
excluding outliers (FNs) (TNs)
0 70
A B C D

Learning algorithm
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BRTU Classical Experiment /2 HCAI

Grazm HUMAN-CENTERED.AI

This image is in the public domain
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= Machine learning experiments pose questions
about models that we try to answer by means of
measurements on data. We may ask questions
including:

= Which learning algorithm provides the best
model for data from Domain D?

" How does the model m perform on data from D?
" What model has the best performance on D?

= How do you benchmark? What is the ground
truth?
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mRTU Traditional Programming vs Machine Learning S HEA]

Traditional Programming

Data

Output
Program

Machine Learning = Learning from Data

Data
Program

Output
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BTy Please whatever you do, remember S HCAI

HUMAN-CENTERED.AI

There is
no free lunch!

Wolpert, D. H. & Macready, W. G. 1997. No free lunch theorems for optimization. IEEE
Transactions on Evolutionary Computation, 1, (1), 67-82.
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Ty Performance Measures (selection) /o HEAl

= Scalability

" Predictive accuracy = Hit rate

" Weighted (cost-sensitive) accuracy

» Speed (on model building and predicting)

= Robustness (one weakness in iML-approach)

" Precision/Recall (F-Measure, Break Even Point)
= Area under the ROC (see next slides)

Japkowicz, N. & Shah, M. 2011. Evaluating learning algorithms: a classification perspective,
Cambridge University Press.
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RTU FYI: Datasets for benchmarking purposes /2 HCAI

razm

" There are many datasets for testing machine
earning algorithms, just some examples:

= https://www.kaggle.com

= http://archive.ics.uci.edu/ml/datasets.html|
(UCI Machine Learning Repository)

= http://image-net.org

= http://yann.lecun.com/exdb/mnist
(handwritten digit database)

= https://data.medicare.gov/

http://hci-kdd.org/open-data-sets/
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pMlTyY  Accuracy /2 HECAI

"Question: Is 99%
accuracy good?

"Answer: It depends
on the problem!
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a1y Please always remember these four terms: /2 HEA]

Accuracy = error rate of correct/incorrect
predictions made by the model over a data set
(cf. coverage).

Precision = precision (positive predictive value) is
the fraction of retrieved instances that are
relevant, while Recall (aka sensitivity) is the
fraction of relevant instances that are retrieved

Reliability = basically the "consistency" or
"repeatability”

Validity = generally, to get valid conclusions
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Ty

/2 HEA]

Accuracy

Precision

Validity

Reliability
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alTU Accuracy vs Prediction: Examples /b HCAI

HUMAN-CENTERED.AI
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RTU Accuracy vs. Precision /o HCAI

S I BN B D B B B B EEE N BEE BEE BEE BEE BaE BEE BaE B B B Eas .

Low Accuracy
High Precision

High Accuracy
High Precision

— e . e o o o o o
e o o o o e s . e s s

Low Accuracy

Low Precision Low Precision

o o o o o e o o o e o = = P

1
I
|
1
I
|
: High Accuracy
:
I
|
1
|
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RTU Accuracy vs. Precision /o HCAI

S I BN B D B B B B EEE N BEE BEE BEE BEE BaE BEE BaE B B B Eas .

Low Accuracy
High Precision

High Accuracy
High Precision

— e o o o T T T e o
— e o o o o e o o o =

[ . . .y

| High Reliability High Reliability |
I/ ______________________________________________ \\I
! |
: l
: |
! |
: l
' High Accuracy Low Accuracy |
| Low Precision Low Precision |
! . T |
, High Validity Low Validity !
X Low Reliability Low Reliability |

7
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RTU Accuracy vs. Precision /o HCAI

S I BN B D B B B B EEE N BEE BEE BEE BEE BaE BEE BaE B B B Eas .

Low Accuracy
High Precision

High Accuracy
High Precision

— e o o o T T T e o
— e o o o o e o o o =

[ . . .y

| High Reliability High Reliability |
I/ ______________________________________________ \\I
! |
: l
: |
! |
: l
' High Accuracy Low Accuracy |
| Low Precision Low Precision |
! . T |
, High Validity Low Validity !
X Low Reliability Low Reliability |
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alTU Please remember: /o HCA|

Grazm HUMAN-CENTERED.AI

True Class ITP+TN
— : Accuracy =
Positive Negative TP+ TN + FP+ FN
2 True False
A% | Positive Positive TP
ni|iwm . .
8 2 | Count (TP) | Count (FP) True Positive Rate = —TP TN
©
2
Qo ™
8 B Fals_e Trug True Negative Rate = ——
o | 8| Negative Negative TN + FP
2| Count (FN) | Count (TN)
Precision = P Recall = e
TP+ FP TP+ FN

Turban, E., Sharda, R., Delen, D. & Efraim, T. 2007. Decision support and business
intelligence systems, Pearson Education.
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BTy Again the ROC Curve /A HCAI

1

0.9 —

0.8 —

0.7 —

0.6 —

0.5 —

0.4 —

0.3

True Positive Rate (Sensitivity)
0

0.2 —

0.1 —

0 T T T T T T T T T
0 01 02 03 04 05 06 07 08 09 1

False Positive Rate (1 - Specificity)

Bradley, A. P. 1997. The use of the area under the ROC curve in the evaluation of machine
learning algorithms. Pattern Recognition, 30, (7), 1145-1159.
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alRTU Examples / HEAl

o K
Q
E
= T
2
2
2 0.5
L
£
= — Learner L1
025 ------- Learner L2
g e Learner L3
----- Random
0+ | . |
0 0.25 0.5 0.75 1.0

False positive rate

For a detailed explanation refer to: Fawcett, T. 2006. An introduction to ROC analysis.
Pattern recognition letters, 27, (8), 861-874.
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08 #KandinksyPatterns —
our “Swiss-Knife” for the
study of explainable Al
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a1y Motivation: Typical Task of a human Pathologist ... /& HCAl

Grazm HUMAN-CENTERED.AI

Portal track Bile ducts , Portal vein  Artery

Kupffer cell Erythrocyte
Sinusoid Hepatocyte

endothelial cell nucleus  nucleus Hepatocyte
large lipid droplet

Andreas Holzinger, Georg Langs, Helmut Denk, Kurt Zatloukal & Heimo Mueller 2019. Causability and Explainability of
Al in Medicine. Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, doi:10.1002/widm.1312.
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TU. The medical report is legally binding — not the image 4 HCAI

Grazm HUMAN-CENTERED.AI

angelegt am 06.05.2006/20.26

H H geschr. ven
Ba_d_l_o_l_o_g.ls_c_h_e_LB_e_fu.n_d ged[uck‘t am 17.11.20068/08:24

Anfo: NCHIN

Kurzanamnese: St.p. SHT

Fragestellung: -

Untersuchung: Thorax eine Ebene liegend

SB
Bewegungsartefakte. Zustand nach Schéadelhirntrauma.

Das Cor in der GroRennorm, keine akuten Stauungszeichen.
Fragliches Infiltrat parahilar li. im UF, RW-Erguss |i.

Zustand nach Anlage eines ET, die Spitze ca. 5cm cranial der Bifurkation, lieg. MS, orthotop
positioniert. ZVK Uber re., die Spitze in Proj. auf die VCS. Kein Hinweis auf Pneumothorax.
Der re. Rezessus frei.

Mit kollegialen GriuRRen

*** Elektronische Freigabe durch am 09.05.2006 **

Holzinger, A., Geierhofer, R. & Errath, M. 2007. Semantische Informationsextraktion in
medizinischen Informationssystemen. Informatik Spektrum, 30, (2), 69-78.
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mlTU  Hubel & Wiesel (1962): Our world is compositional 4 HECAI

Grazm

AMAX |

~ <—Complex Cells

Ul Stimulus
Pooling f
David H. Hubel & Torsten N. Wiesel @b S0 @O -~ < Slmple Cells
1962. Receptive fields, binocular euracion
interaction and functional /
architecture in the cat's visual cortex. A
The Journal of Physiology, 160, (1),

106-154,
doi:10.1113/jphysiol.1962.sp006837.

]
class label
/
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aTU  Wassily Kandinsky (1866 — 1944) /o HCAI

HUMAN-CENTERED.AI

-

Komposition VIII, 1923, Solomon R. Guggenheim Museum, New York.Source: https://de.wikipedia.org/wiki/Wassily Kandinsky
This images are in the public domain.

=
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pleTU Definition 1: A Kandinsky Figure is ... /A HCAI

= ... asquare image containing 1 to n geometric objects.

= Each object is characterized by its shape, color, size and
position within this square.

= (Objects do not overlap and are not cropped at the border.

= All objects must be easily recognizable and clearly
distinguishable by a human observer.
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aflTU Definition 2 A statement s(k) /o HEAl

= about a Kandinsky Figure k is ...
= either a mathematical function s(k) — B; with B (0,1)
» oranatural language statement which is true or false

= Remark: The evaluation of a natural language statement is
always done in a specific context. In the followings examples
we use well known concepts from human perception
and linguistic theory.

= |fs(k) is given as an algorithm, it is essential that the function
is a pure function, which is a computational analogue of a
mathematical function.
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plTU Definition 3 A Kandinsky Pattern K ... A HCAI

HUMAN-CENTERED.AI

= .. isdefined as the subset of all possible Kandinsky Figures k
with s(k) — 1 or the natural language statement is true.

* s(k) and a natural language statement are equivalent, if and
only if the resulting Kandinsky Patterns contains the same
Kandinsky Figures.

* s(k) and the natural language statement are defined as the
Ground Truth of a Kandinsky Pattern

“... the Kandinsky Figure has two pairs of objects with the same shape, in one
pair the objects have the same color, in the other pair different colors, two
pairs are always disjunct, i.e. they don’t share a object ...".
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Ty How do humans explain? They use concepts! /A HCAI

Grazm HUMAN-CENTERED.AI

B '

Part 2 Student Research Seminar 19/20

Shape

Quanti

human-centered.ai (Holzinger Group)



R TU How do humans explain? (2/2) /> HCAI

D

Arrang

E

Gestal

Domai
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mRTU  Domain Concept from Pathology

oge © "0 0%
% %o
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/2 HEA]

@ Part of the pattern

All Figures belong

ﬁ?’.th_ Kﬁndm&ky

Hypothesis 1

T+ ouly contains circles and triangles.

Hypothesis 2

I+t contaivs at least a red object. ‘ \/ /
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@ Part of the pattern

/2 HEA]

Basic Pattern 2

Title: All of Same Shape ->

All objects have the same shape.
Hint: Don't be distracted by the colors
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© Part of the pattern A HWEWAM!

S8  Basic Pattern 8
Title: Mickey Mouse ->
Every figure contains a pattern which is made out
of a big yellow circle and two smaller blue ones
. . . . -

@ Not part of the pattern
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09 Sample Questions
and Conclusion



a1y Scientific Machine Learning & Collaborative Al A HCAI

Human-Al collaboration
will sustainably
influence the way
science is done



mflTU A typical Human-Al interface question ... A HCAl

How can | use visual
representations of abstract
data to amplify the
acquisition of knowledge?



a1y Hypothetico-Deductive Method /2 HEA]

= 1) Given a set of (complex) data

= 2) Set a hypothesis

= 3) Extract information

= 4) Discover hidden knowledge

= 5) Support your previous set hypothesis

= Machine intelligence + Human intelligence
= = powerful methods for many sciences

= Application e.g. in many domains, e.g.
medicine and health, education, psychology,
industry, etc
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a1y Some top-level grand questions (not ordered) A\ HCAl

How can we transfer learned representations to
improve learning in other tasks/domains?

Which learning algorithm should be used when?

Can machine learning theories help to
understand human learning and vice versa?

Machine Learning vs. Human Learning: role of
motivation, emotion, forgetting, ... ?

How can we use self-supervised learning with
multiple sensory input?

https://ai100.stanford.edu/
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Appendix
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alTU Cognitive Science <& Machine Learning o HEA]

Human learning

Machine earn'ng@
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Ty Workflows for a Research Group

A

HCAI

HUMAN-CENTERED.AI

e \Vision
e Mission
e Strategy

* Money
e People
e Facilities

&

RBT
Process

Lead

Collective learning experience

OUTPUT
S2S-S2B-
S2P

e Disseminate
e Transfer
e Make Visible

e Papers (#)
e Grants (€)
e Degrees (#)

Holzinger, A. 2011. Successful Management of Research and Development, Norderstedt, BoD.
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sential Tools for Scientific Machine Lear Comparison of tools readily usable with differen mming (automatic differentiation) framework:

Subject | AD Frameworks ADIFOR or TAF ADOQL-C Stan Julia (Zygete.jl. Tracker.jl, ForwardDiff.jl, etc.) TensorFlow PyTorch Misc. other good packages
Language Fortran C++ Misc. Julia Python, Swift, Julia, etc. Python

Neural Networks ADIFOR

DifferentialEquations._jl

rauah Te ey ) torchdiffeq (non-stiff ODEs) PyMC3 (Python)

Neural Differentfial Equations Sundials (ODE+DAE) Sundials (ODE+DAE) Sundials (ODE+DAE)

FATODE PETSc TS Built-in {(non-stiff ODE) Sundials.jl (ODE through DiffEqFlux.jl) diffeqpy SMT (Python)

Prebabilistic Pregramming sensitivity (R)

Turing.jl PyMcC4 PYpPreb ColPACK (Fortran)

Sparsity Detection Dakota

PSUDAE

||
(]
o
>

Sparse Differentiation

GPU Support Mondrian

torch.distributed [no

Ealo ) SimLab (MATLAB)

Diztributed Denze Linear Algebra

Halide

Diztributed Sparze Linear Algebra

s
!

Structured Linear Algebra

Surrogate Modeling

Global Sensiti

ty Analysis i ions.jl / DiffEq

Uncertainty Quanfification i il / Dil
Direct Diztributed Parallelizm

C++ Libraries w/ Forfran
interfaces (hypre)

http://www.stochasticlhinEstvle.com/the—essenJ’E?ZT::ESFomIs—of—scientific—machine—Immic—mI

hasticlitestyle.com/ i Bety diff tial-equati I Hes-i aflab-r-julia-pyth A deiran

PDE Discretizations deal.ii ApproxFun.jl

For more details, see hitp://www.sh

Seale _M o _

Functionality exists, but
iz feature-incomplete

No automatic or AD compatibility is 3 5
differentiation incomplete. If no AD I'he buosic fe“'_“'e:ee"““" Bul. ol oE this moin Seatiraiand i flly
Explanation compatible library support, then AD et i compatible with the automatic differentiation
A 3 = missing or are not AD- 2
exists. Suggestion fora suppert can easily be atibl teeling.
library to wrap. added zince the library i ]

already defines
adjoints.



Ty

/2 HEA]

Positivism

Inductive

Philosophies
Deductive
Approaches
Realism
Strategies
Data
collection
and data .
analysis Choices

Time
horizons

Interpretivism

Pragmatism

Techniques and
procedures

RESEARCH METHODS
FOR BUSINESS STUDENTS

EIGHTH EDITION

MARK N. K. SAUNDERS
PHILIP LEWIS * ADRIAN THORNHILL

P Pearson

https://www.birmingham.ac.uk/schools/business/staff/profile.aspx?Referenceld=104618&Name=professor-mark-nk-saunders
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e-Society
Science Engineering
What is information? (How) can we build
What is intelligence? thes:e systems
What is computable? simply?

s
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Ty

/ \ HUMAN-CENTERED.AI

103 milli m 103 kilo k
10 micro U 106 mega M
10 nano n 10° giga G
1012 pico D 1012 tera T
101> femto f 1015 peta P
10-18 atto a 1018 exa E
1041 zepto Z 1021 zetta Z
Lor2s yocto y 102 yotta Y
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Grazm / - \ HUMAN-CENTERED.AI

Please note: Computers change constantly ...

= Old dream of mankind: using technology to augment
human capabilities for structuring, retrieving and
managing information and decision support:

= ... challenges for HCI ...

Ga 2% &

— L S ___.-j.'-::_:-f: = S
; V7 : SN

1960s: Mainframe Era 1980s: Personal Computer Era 2000s; Mobility Era 2020 and beyond: Ubiquity Era
One computer per many users. One computer par user. Several computers per user. Thousands of computers per user.

Harper, Rodden, Rogers, Sellen (2008)
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(PC, PDA,
Environment Mohile Environment
(Human) |<=-(=r=%  ppone, (Nature)
v WO-Pencil

Communication via RFID, GPS, Infrared ...

Legend

New M0-Methodg-——
=—{C|assical I'0-Method s
& = = = =Communication:= == =

Wireless
1SOr Communi-
cation
Andreas Holzinger, Alexander Nischelwitzer, Silvia Friedl & Bo Hu 2010. Towards life non-obigatory
long learning: three models for ubiquitous applications. Wireless Communications
and Mobile Computing, 10, (10), 1350-1365, doi:10.1002/wcm.715. Smart Object
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mRTU Let the user interactively manipulate the data A\ HCAl

Focus Selection = via direct manipulation and selection
tools, e.g. multi-touch (in data space a n-dim location
might be indicated); see a recent work by Randy Goebel

Attention Routing = anomaly detection, draws people’s
attention to interesting areas to start their analyses;

Extent Selection = specifying extents for an interaction,
e.g. via a vector of values (a range for each data
dimension or a set of constraints;

Interaction type selection = e.g. a pair of menus: one to
select the space, and the other to specify the general class
of the interaction;

Interaction level selection = e.g. the magnitude of scaling
that will occur at the focal point (via a slider, along with a
reset button);
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Ty Time is essential !!

/ - \ HUMAN-CENTERED.AI

DOI:10.1145/2500886

Timing analysis for hard real-time systems.

BY REINHARD WILHELM AND DANIEL GRUND

Computation
Takes Time,
But How
Much?

Wilhelm, R. & Grund, D. 2014. Computation takes time, but
how much? Communications of the ACM, 57, (2), 94-103.
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Selected Visualization,
Target Data Validation
Etc.

=
!E!l;vjw;r —— = = o XTI P 0T
'7“:' Wsw02bv100Timedoc - == Bl ==
= — .re.processmg Classification
- ISing— Clustering etc.
= : : .Feature extraction
SRR -~ =55 Normalization etc.

Data Integration, Data Fusion
Privacy, Security, Safety

Data Protection ?
aommization>openata | [N TERACTION

Holzinger, A. & Zupan, M. 2013. KNODWAT: A scientific framework application for testing
knowledge discovery methods for the biomedical domain. BMC Bioinformatics, 14, (1), 191.
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mlTU  Conclusion: INFORMATION as the hiatus theoreticus &\ HCA]

AYAAAS

Our central hypothesis:
Information bridges this gap

Simonic, K.-M. & Holzinger, A. (2010) Zur Bedeutung von Information in der Medizin. OCG Journal, 35, 1, 8.
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