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B Keywords @ HCAI -

= Decision support system (DSS)

= MYCIN — Rule Based Expert System
= GAMUTS in Radiology

= Reasoning under uncertainty

= Example: Radiotherapy planning

= Example: Case-Based Reasoning

= Explainable Artificial intelligence

= Re-trace > Understand > Explain

" Transparency > Trust > Acceptance
= Fairness > Transparency > Accountability
= Causality > Causability

" (Some) Methods of Explainable Al
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B8 Advance Organizer (1/2) @ HCAI 4=

=  Causality = fundamental relationship between cause and effect
= Causability = similar to the concept of usability the property of a human explanation

= Case-based reasoning (CBR) = process of solving new problems based on the solutions of similar past
problems;

=  Certainty factor model (CF) = a method for managing uncertainty in rule-based systems;

=  CLARION = Connectionist Learning with Adaptive Rule Induction ON-line (CLARION) is a cognitive
architecture that incorporates the distinction between implicit and explicit processes and focuses on
capturing the interaction between these two types of processes. By focusing on this distinction, CLARION
has been used to simulate several tasks in cognitive psychology and social psychology. CLARION has also
been used to implement intelligent systems in artificial intelligence applications.

=  Clinical decision support (CDS) = process for enhancing health-related decisions and actions with
pertinent, organized clinical knowledge and patient information to improve health delivery;

=  Clinical Decision Support System (CDSS) = expert system that provides support to certain reasoning
tasks, in the context of a clinical decision;

= Collective Intelligence = shared group (symbolic) intelligence, emerging from cooperation/competition
of many individuals, e.g. for consensus decision making;

=  Counterfactual = relating to or expressing what has not happened or is not the case

=  Crowdsourcing = a combination of "crowd" and "outsourcing" coined by Jeff Howe (2006), and describes
a distributed problem-solving model; example for crowdsourcing is a public software beta-test;

= Decision Making = central cognitive process in every medical activity, resulting in the selection of a final
choice of action out of several alternatives;

=  Decision Support System (DSS) = is an IS including knowledge based systems to interactively support
decision-making activities, i.e. making data useful;
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B8 Advance Organizer (2/2) @ HCAI 4=

DXplain = a DSS from the Harvard Medical School, to assist making a diagnosis (clinical
consultation), and also as an instructional instrument (education); provides a
description of diseases, etiology, pathology, prognosis and up to 10 references for each
disease;

Etiology = in medicine (many) factors coming together to cause an illness (see
causality)

Explainable Al = Explainability = upcoming fundamental topic within recent Al;
answering e.g. why a decision has been made

Expert-System = emulates the decision making processes of a human expert to solve
complex problems;

GAMUTS in Radiology = Computer-Supported list of common/uncommon differential
diagnoses;

ILIAD = medical expert system, developed by the University of Utah, used as a teaching
and testing tool for medical students in problem solving. Fields include Pediatrics,
Internal Medicine, Oncology, Infectious Diseases, Gynecology, Pulmonology etc.

Interpretability = there is no formal technical definition yet, but it is considered as a
prerequisite for trust

MYCIN = one of the early medical expert systems (Shortliffe (1970), Stanford) to
identify bacteria causing severe infections, such as bacteremia and meningitis, and to
recommend antibiotics, with the dosage adjusted for patient's body weight;

Reasoning = cognitive (thought) processes involved in making medical decisions
(clinical reasoning, medical problem solving, diagnostic reasoning;

Transparency = opposite of opacity of black-box approaches, and connotes the ability
to understand how a model works (that does not mean that it should always be
understood, but that — in the case of necessity — it can be re-enacted
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B Agenda @HCAI £

" 00 Reflection — follow-up from last lecture

= 01 Decision Support Systems (DSS)

= 02 History of DSS = History of Al

= 03 Example: Towards Personalized Medicine
" 04 Example: Case Based Reasoning (CBR)

= 05 Causal Reasoning

" 06 Explainability — Causability

" 07 (Some) Methods of Explainable Al
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00 Reflection
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BB Reflection from last lecture
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B8 How do you explain this ...

@ HCAI 4
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Andre Esteva, Brett Kuprel, Roberto A. Novoa, Justin Ko, Susan M. Swetter, Helen M. Blau & Sebastian Thrun 2017.
Dermatologist-level classification of skin cancer with deep neural networks. Nature, 542, (7639), 115-118
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B8 Key Challenges @ HCAI -

Remember: Medicine is an complex application domain —
dealing most of the time with probable information!

Some challenges include:

(a) defining hospital system architectures in terms of
generic tasks such as diagnosis, therapy planning and
monitoring to be executed for (b) medical reasoning in (a);

(c) patient information management with (d) minimum
uncertainty.

Other challenges include: (e) knowledge acquisition and
encoding, (f) human-ai interface and ai-interaction; and
(g) system integration into existing clinical legacy and
proprietary environments, e.g. the enterprise hospital
information system; to mention only a few.
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U @HCAI £

01 Decision Support
Systems



Decision Making
Seﬁ?l‘ask in H

Problem: Time (t)

human-centered.ai (Holzinger Group) 2019 Machine Learning for Health 02




human-centered.ai (Holzinger Group) 2019 Machine Learning for Health 02




Decision Making is central in any (medical) work @ HCAI 4~

: . 4 c'!
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B8 The Medical Domain and Decision Making @HCAI £

= 400 BC Hippocrates (460-370 BC), father of western
medicine:

= A medical record should accurately reflect the course of
a disease

= A medical record should indicate the probable cause of
a disease

= 1890 William Osler (1849-1919), father of modern
western medicine

= Medicine is a science of uncertainty and an art of
probabilistic decision making

" Today

" Prediction models are based on data features, patient
health status is modelled as high-dimensional feature
vectors ...
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BB Digression: Clinical Guidelines as DSS & Quality Measure @HCAI £

Clinical guidelines are systematically developed documents to
assist doctors and patient decisions about appropriate care;

In order to build DS, based on a guideline, it is formalized
(transformed from natural language to a logical algorithm), and

implemented (using the algorithm to program a DSS);
To increase the quality of care, they must be linked to a process
of care, for example:

= “80% of diabetic patients should have an HbAlc below 7.0” could be
linked to processes such as:

= “All diabetic patients should have an annual HbA1c test” and

= “Patients with values over 7.0 should be rechecked within 2 months.”
Condition-action rules specify one or a few conditions which are
linked to a specific action, in contrast to narrative guidelines

which describe a series of branching or iterative decisions
unfolding over time.

Narrative guidelines and clinical rules are two ends of a
continuum of clinical care standards.
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Example: Clinical Guidelines
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@ HCAI 4~
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Bl Example: Triangulation to find diagnoses @ HCAI 4~

Gamut F-137

PHRENIC NERVE PARALYSIS OR
DYSFUNCTION

COMMON
1. latrogenic (eg, surgical injury; chest tube; therapeu-
tic avulsion or injection; subclavian vein puncture)
2. Infection (eg, tuberculosis; fungus disease; abscess)
3. Neoplastic invasion or compression (esp. carcinoma
of lung)

UNCOMMON

Aneurysmg, aortic or other

Birth trauma (Erb’s palsy)

Herpes zoster

Neuritis, peripheral (eg, diabetic neuropathy)
Neurologic dis:aas.eE (eg. hemiplegia: encephalitis;
polio; Guillain-Barré S.)

Correlation of radiographic findings
and Gamut with patients' clinical
and lab findings to arrive at the
most likely diagnosis

Al S

Reeder, M. M. & Felson, B. 2003.

6. Pneumonia
Reeder and Felson's gamuts in 7. Trauma
radiology: comprehensive lists of Reference
roentgen differential diagnosis, New 1. Prasad S, Athreya BH: Transient paralysis of the phrenic
i nerve associated with head injury. JAMA 1976:236:2532-
York, Springer Verlag. 7en3
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Bl Example - Gamuts in Radiology @ HCAI -

REEDER AND FELSON'S

GAMUTS IN RADIOLOGY

GAMUT G-25

ERCSIVE GASTRITIS*

COMMON Reeder, M. M. & Felson, B. (2003) Reeder
1. Acute gastritis (eg, alcohol abuse) ' . . .

S g == and Felson's gamuts in radiology:

3. Drugs (eg, aspirin il £ll; NSAID H; steroids) comprehensive lists of roentgen

4. Helicobacter pylor infection [l
5_ |diopathic

6_[Normal areae gastricae ]

T. Peptic ulcer; hyperacidity

differential diagnosis. New York, Springer

UNCOMMON

1. Corrosive gastritis £l

2. Cryplosporndium antritis

3. [Lymphoma]

4. Opportunistic infection (eg, candidiasis {moniliasis} Ell; herpes simplex; cytomegalovirus)
5. Postoperative gastritis

6. Radiation therapy

7. Zollinger-Ellison S. Ell: multiple endocrine neoplasia (MEM) 5.

* Superficial erosions or aphthoid ulcerations seen especially with double contrast technigue.

[ ] This condition does not actually cause the gamuted imaging finding, but can produce imaging changes that simulate it.
http://rfs.acr.org/gamuts/data/G-25.htm
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Example: Triage Tags - International Triage Tags @HCAI £
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Iserson, K. V. & Moskop, J. C. 2007. Triage in
Medicine, Part |: Concept, History, and Types.
Annals of Emergency Medicine, 49, (3), 275-281.
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m Example Clinical DSS: Hypothesis-Oriented Algorithm

@ HCAI 4

Task

Temporal
Sequence

Impairments
Resources

Function / Ability

Enablement
Models

Disablement
Models

i

Models

Enablement

Models

Disablement

Interview
History

Enablement
Models Movement @
Disablement Summary
Models
Temporal
Sequence
-~ i = Diagnosis and Goal
-~ g
> < Prognosis I i I
o > — Consultation Education Intervention
~
O Ve ~) ‘J .
| [
ﬁ:?;;z;?:;: Remediation | Compensation Prevention
Patient
Outcome —p Goal

HOAC
OAC =Hypothesis-Oriented Algorithm for Clinicians

Schenkman, M., Deutsch, J. E. & Gill-Body, K. M. (2006) An Integrated Framework for Decision
Making in Neurologic Physical Therapist Practice. Physical Therapy, 86, 12, 1681-1702.

human-centered.ai (Holzinger Group)

20

2019 Machine Learning for Health 02



B8 Example Prediction Models > Feature Generation @HCAI £

S

EHR/EMR

Single Nucleotide polymorphism Phiens SOy
Copy number variation Tertal I bl
__ whole genome sequence extual information

_,.'

extanalytics

00

Prescriptions, Dosages,
Day supply etc.
Toxicity

Rescue Treatments

Prescriptions, Dosages, ' Hospitalization events
Day supply etc. Days in hospital X
Treatment changes - Hospitalization type: n
Rescue Treatments Past diagnoses - Inpatient, outpatient, ER N
" Patient feature vector

Co morbidities

Image credit to Michal Rosen-2Zvi
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Bl Example: Rheumatology @ HCAI -

Aromatase Inhibitor Therapy in a Patient with Rheumatoid Arthritis. The Journal of
Rheumatology, 36, 5, 1087-1088.
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Bone Changes ... @HCAI A

Ikari, K. & Momohara, S. (2005) Bone Changes in Rheumatoid Arthritis.
New England Journal of Medicine, 353, 15, e13.
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= 50+ Patients per day ~
5000 data points per
day ...

= Aggregated with specific
scores (Disease Activity
Score, DAS)

= Current patient status is
related to previous data

= = convolution over time

= = time-series data

Simonic, K. M., Holzinger, A., Bloice, M. & Hermann, J. (2011). Optimizing Long-Term Treatment
of Rheumatoid Arthritis with Systematic Documentation. Pervasive Health - 5th International

Conference on Pervasive Computing Technologies for Healthcare, Dublin, IEEE, 550-554.
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B Gaining out Knowledge of time-series data @HCAI £

DAS28 - Patient Profiles
I
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| | | | | | | | | | 1 | | | |
Q2 Q3 Q4 2006 Q2 Q3 Q4 2007 Q2 Q3 Q4 2008 Q2 Q3 Q4

Time [Quarters]

Simonic, K. M., Holzinger, A., Bloice, M. & Hermann, J. (2011). Optimizing Long-Term Treatment
of Rheumatoid Arthritis with Systematic Documentation. Pervasive Health - 5th International
Conference on Pervasive Computing Technologles for Healthcare, Dublin, IEEE, 550-554.
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T @ HCAI 4~

WIEN

Can Computers help
doctors to make better

decisions?

For reading and discussion: Michael Duerr-Specht, Randy Goebel & Andreas Holzinger 2015. Medicine and
Health Care as a Data Problem: Will Computers become better medical doctors? In: Holzinger, Andreas, Roecker,
Carsten & Ziefle, Martina (eds.) Smart Health, State-of-the-Art SOTA Lecture Notes in Computer Science LNCS
8700. Heidelberg, Berlin, New York: Springer, pp. 21-40, doi:10.1007/978-3-319-16226-3 2.
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BB Computers help human doctors to make better decisions? @HCAI £

Reasoning Process

Human

Computer

Abductive
Hypothesis generation

Uniquely capable of complex
pattern recognition and
creative thought.

“the whole is greater than the
sum of its parts”

Matches multiple individual
correlations from extensive data
banks based on preconceived
algorithms. Secondary
construction of relationships.
“the whole equals the sum of its
parts”

Inductive
Symptom — Disease

Limited database. Subject to
biases
- Anchoring bias
- Confirmation bias
- Premature closure

Extensive database. Probability
based on Bayesian statistics, no
significant bias. Limitation
based on available data.

Deductive
Disease — Symptoms,
Treatment

Limited database. Personal
intuition and experience affect
decision making.

Extensive database. Application
of rules of evidence based
medicine with potential biases.

Michael Duerr-Specht, Randy Goebel & Andreas Holzinger 2015. Medicine and Health Care as a Data
Problem: Will Computers become better medical doctors? In: Holzinger, Andreas, Roecker, Carsten &
Ziefle, Martina (eds.) Smart Health, State-of-the-Art SOTA Lecture Notes in Computer Science LNCS
8700. Heidelberg, Berlin, New York: Springer, pp. 21-40, doi:10.1007/978-3-319-16226-3_2.
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B8 Augmenting Human Capabilities: an old human dream ... @HCAI -

mo“day aﬂernOQn COMPUTER SCIENCE

esse Superhuman Al for heads-up no-limit
cesscecssssee poker: Libratus beats top professionals
december9 e e £t T s St

3:45 'p_m. / arena ; HNo-limit Tiexas hold'om is the most popular form of poker. Desgite artificial intsligence
e . {Al) successes in porfoct-information garmes. the private information and massive game tres
harver mreadie no-limit poleer difficult to tackle. We present Libratus, an Al that, in a 120.000-hand

Chairman: 2 e
DR. D. C. ENGELBART Poker.th g benchimark and fong-stareing challengs protiem b knperioct nkormaton
Stanford Research Institute mmﬁmmm :.:
MSH-‘O Park, California delails of the strategy for subgames that s reached during play, and a self-mpnover algorithm
thiat fixes potential weaknesses that opponents hoeve dentified in the blueprint strategy.
a research center Noam Brown & Tuomas Sandholm 2018. Superhuman
H Al for heads-up no-limit poker: Libratus beats top
for aug m entl ng h uman professionals. Science, 359, (6374), 418-424,
intellect doi:10.1126/science.aao1733.

This session is entirely devoted to a presentation by Dr.
Engelbart on a computer-based, interactive, multiconsole
display system which is being developed at Stanford Re-
search Institute under the sponsorship of ARPA, NASA and
RADC. The system is being used as an experimental lab-
oratory for investigating principles by which interactive
computer aids can augment intellectual capability. The
techniques which are being described will, themselves,
be used to augment the presentation.

The session will use an on-line, closed circuit television
hook-up to the SRI computing system in Menlo Park.
Following the presentation remote terminals to the system,
in operation, may be viewed during the remainder of the
conference in a special room set aside for that purpose.

Source: https://web.stanford.edu/dept/SUL/library/extrad/sloan/mousesite/dce1968conferenceannouncement.jpg
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M Augmenting Human Doctors with Artificial Intelligence @ HCAI :£-

Computer Sciance » Artficial Intalligarics
Towards the Augmented Pathologist: Challenges of Explainable-Al in Digital Pathology

Asvinpan Folongor, Bemd bafls, Poeter Kiasetsamg. Potar M. Rofy, Heimo Maer, Rotar? Aeite, Kurt Zatiouksl
it o 18 Do 39 1

bt [y s o sty G o s, YAl Vg S o gt e el 1 Pes s (v @ Nl Sgar b Raretametl st | oy m nof At e e of
I el 0 Ou et Tl Lraien O (e B ot (P [ iy ] Orten (0 | KT i) el sdvariien o e pert s i e
T ol B PPk e R TVM Y i A ] il e 8 Fo P T, B3 f e e sl il b 1 6o Pl o R | g ] gk R b 11 8 e

i o b L B (S e o] O &5 SR AR Pty Rk St (e, b S s miperds The Aundston of e mn et
R iy 1 W] T YTt e P i) s i i iy Mt o S g s @ v v s (e el el iy & bl g
i T R B AT bl Ty e R ] S 1 SR SIS g [ | Wt (S Qe 8 5 e e [ OF &L o G Tl
S g e 15 el o el daseed B Sertsen Baern 8 gratbb il resiud of Paen comhi] (3 i Bt cwrs [hh oo il Do rassify o b, oo, e el gt of

s ] [ s B2 M [ e (] o S (i | {1 sy T e Doy G ok el 1 ] W W] ] [ o] 0T b [y o by Vo T
strien] [T sl

St ArvSs s A Dt Ly s L
Ciewm  sonciFiloendl oAl

Andreas Holzinger, Bernd Malle, Peter Kieseberg, Peter M. Roth,
Heimo Miiller, Robert Reihs & Kurt Zatloukal 2017. Towards the
Augmented Pathologist: Challenges of Explainable-Al in Digital
Pathology. arXiv:1712.06657.
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B Pathologist level interpretable whole-slide diagnosis

@ HCAI 4~

System networks
s-net
Image pixel encoding Tumour pixel decoding

d-net

CNN feature maps

: @ i
Attention '
Description
word

a-net
Slide
diagnosis

Pathologist-level interpretable whole-slide cancer diagnosis with deep learning.
Nature Machine Intelligence, 1, (5), 236-245, doi:10.1038/s42256-019-0052-1.

Zizhao Zhang, Pingjun Chen, Mason Mcgough, Fuyong Xing, Chunbao Wang,
Marilyn Bui, Yuanpu Xie, Manish Sapkota, Lei Cui & Jasreman Dhillon 2019.
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BB Two types of decisions (Diagnosis vs. Therapy) @ HCAI 4=

= Type 1 Decisions: related to the diagnosis, i.e. Al/ML is
used to assist in diagnosing a disease on the basis of the
individual patient data. Questions include:

= What is the probability that this patient has a myocardial
infarction on the basis of given data (patient history, ECG, ...)?

= What is the probability that this patient has acute appendices,
given the signs and symptoms concerning abdominal pain?

= Type 2 Decisions: related to therapy, i.e. Al/ML is used to
select the best therapy on the basis of clinical evidence,
e.g..
= What is the best therapy for patients of age x and risks y, if an

obstruction of more than z % is seen in the left coronary
artery?

= What amount of insulin should be prescribed for a patient
during the next 5 days, given the blood sugar levels and the
amount of insulin taken during the recent weeks?

Jan H. Van Bemmel & Mark A. Musen 1997. Handbook of Medical Informatics, Heidelberg, Springer.
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BB Example: Knee Surgery of a Soccer Player @ HCAI 4~

= Example of a Decision Problem
= Soccer player considering knee surgery
= Uncertainties:

= Success: recovering full mobility

= Risks: infection in surgery (if so, needs another surgery and may loose
more mobility)

= Survival chances of surgery
Harvard-MIT Division of Health Sciences and Technology

HST.951J: Medical Decision Support, Fall 2005
Instructors: Professor Lucila Ohno-Machado and Professor Staal Vinterbo
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Decision Tree (this is known since Hippocrates!)

@ HCAI 4~

Knee Surgery

Death

0.05

Surgery

Survival

Infection

0.05

. 0.95

No Surgery

No infec.

0.95
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B Helps to make rational decisions (risks vs. success) @ HCAI 4~

Expected Value of Surgery

Death /

0.05 Death 0
Death Surgery Il
g ry Death 0
Surgery Infection ® 0.05
0.05 _
‘ Survival SUBV;’SEI I Wheelchair 3
. 0.95 .
: Full mobility Full mobility | 10
No infec. 0.6
0.95 .
Poor mobility w8
0.4
No Surgery

Poor mobility B
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BB Remember: Expected Utility Theory E (U|d) @ HCAI £

For a single decision variable an agent can select ' |
D = dforanyd € dom(D). |
The expected utility of decision D = d is

http://www.eoht.info/page/Oskar+Morgenstern

E(U | d) = Z P(zi,...,zn | AU(z1,. .., xp,d)

An optimal single decision is the decision D = dmax
whose expected utility is maximal:

dmax = arg max FE(U |d)
dedom(D)

John Von Neumann & Oskar Morgenstern 1944. Theory of games and economic behavior,
Princeton, Princeton university press.
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BB Clinical Decision Tree (CDT) is still state-of-the-art @ HCAI 4

Live
Inoculate
O . 0.979
0
0.021
D Live ]
Infected 0.854
O Die
No inoculation X 0
0.146
Not infected ]

1—x

Ferrando, A., Pagano, E., Scaglione, L., Petrinco, M., Gregori, D. & Ciccone, G. (2009) A decision-
tree model to estimate the impact on cost-effectiveness of a venous thromboembolism
prophylaxis guideline. Quality and Safety in Health Care, 18, 4, 309-313.
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B8 Taxonomy of Decision Support Models @ HCAI -

Decision Model

Quantitative (statistical) Qualitative (heuristic)
. _ Truth tabl Decision Reasoning
supervised Bayesian ruth tables trees models
i<ed : Boolean Expert
unsupervise uzzy sets o Non- systems
parametric
Neural Logistic
network 5

Partitioning Critiquing
systems

Extended by A. Holzinger after: Bemmel, J. H. v. & Musen, M. A. (1997) Handbook of Medical
Informatics. Heidelberg, Springer.
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BB What makes decision support in health different? @ HCAI 4~

Need for robust algorithms

Need for trustworthy, fair and accountable
algorithms

Augmenting the doctor — not replacing them,
but let “Chimpanzee”-Work do by algorithms

Focus of the doctors to cognitively high-end
demanding, challenging work

Double-Check (“look at this corner, maybe there
is something relevant)”

Many of the questions of medical doctors need
causal explanations “the why” 1!
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Big chance for medicine Identifying Unknown Unknowns @ HCAI -

. l Cat
 — Predictive Model — (Conf. = 0.96)

Himabindu Lakkaraju, Ece Kamar, Rich Caruana & Eric Horvitz. Identifying unknown unknowns in the open world:
Representations and policies for guided exploration. Thirty-First AAAI Conference on Artificial Intelligence, 2017.
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Bl Example medical data sets openly available @ HCAI 4~

j | Dinbetic Retinapathy Detection

Dot ¥ ) Comiminity W Code (Db} © Cnts  Esrwis  Discusson | sasderiowr Sl m

- ke W -
S
Dvabsaon
It o v
s
AEAITT - 0L, & freely sooasalle srblised sare deimbans, Jahmsn 41W Tivseias
Polland T4, Sien L, Labsan L, Foug M, (kssnsmi AL My #, Ensboriiy P | —
Ol LA, sl M iy T, Sivams 11T % i, v ik
Aunitalde fi
i = fr
u e -rhals ros oo £ .

OPEN ACCESS SERIES
OF IMAGING STUDIES

A ‘ A A YOOYNIT177
S S CAXIELYUONL /
L]

The CAMELYOM1T challenge is s1lil spen for sulimissional

wit of i3 predeoriaor, CAMELYONT i the second grand chalengs in pathology organmed by the Dusgneae
artmenl ol Pathelogy ol (e Redboud Unimenity Medical Canber
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@ HCAI 4~

02 History of DSS =
History of Al



BB Ultrashort history of Early Al @ HCAI 4=

1943 McCulloch, W.S. & Pitts, W. A logical calculus of the
ideas immanent in nervous activity. Bulletin of
Mathematical Biology, 5, (4), 115-133,
doi:10.1007/BF02459570.

1950 Turing, A.M. Computing machinery and intelligence.
Mind, 59, (236), 433-460.

1958 John McCarthy Advice Taker: programs with
common sense

1959 Samuel, A.L. Some studies in machine learning using
the game of checkers. IBM Journal of research and
development, 3, (3), 210-229, doi:10.1147/rd.33.0210.

1975 Shortliffe, E.H. & Buchanan, B.G. 1975. A model of
inexact reasoning in medicine. Mathematical biosciences,
23, (3-4), 351-379, d0i:10.1016/0025-5564(75)90047-4.

1978 Bellman, R. Can Computers Think? Automation of
Thinking, problem solving, decision-making ...
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B Evolution of Decision Support Systems (Expert Systems) @HCAI £

Shortliffe, E. H. &
Buchanan, B. G. (1984)
Rule-based expert
systems: the MYCIN
experiments of the
Stanford Heuristic
Programming Project.
Addison-Wesley.
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BB Early Knowledge Based System Architecture @ HCAI £-

Tools for Building Expert Systems
EXPERT SYSTEM

Description
of new case

User Explanations
. Inference » pranations
inter- P & Analyses

Knowledge

v

Engineer

¢ Engine
USER < ace T >
Advice &

New Knowledge
) e Knowledge -
to KB , Expert

Shortliffe, T. & Davis, R. (1975) Some considerations for the implementation of knowledge-based
expert systems ACM SIGART Bulletin, 55, 9-12.
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m Static Knowledge versus dynamic knowledge

@ HCAI >4~

Static Knowledge

PRODUCTION RULES
Judgmental Knowledge

about domain

DATA BASE

EXPLANATION
CAPABILITY

General Factual

Knowledge of

domain

" .
RULE INTERPRETER

explanations

Dynamic Knowledge

4

USER

f

Facts about
the problem
entered by user

consultative
advice

Shortliffe & Buchanan (1984)
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B Dealing with uncertainty in the real world @HCAI £

= The information available to humans is often
imperfect — imprecise - uncertain.

" This is especially in the medical domain the case.
= An human agent can cope with deficiencies.

= Classical logic permits only exact reasoning:

= |[F Aistrue THEN A is non-false and
IF B is false THEN B is non-true

" Most real-world problems do not provide this
exact information, mostly it is inexact,
incomplete, uncertain and/or un-measurable!
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BB MYCIN - rule based system - certainty factors @ HCAI 4~

MYCIN is a rule-based Expert System, which is used for
therapy planning for patients with bacterial infections

Goal oriented strategy (“Ruckwartsverkettung”)

To every rule and every entry a certainty factor (CF) is
assigned, which is between O und 1

Two measures are derived:
MB: measure of belief
MD: measure of disbelief

Certainty factor — CF of an element is calculated by:
CF[h] = MB[h] —MD[h]

CF is positive, if more evidence is given for a hypothesis,
otherwise CF is negative

CF[h] =+1->his 100 % true
CF[h] =—1-> his 100% false
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B Original Example from MYCIN @HCAI -

h, = The identity of ORGANISM-1 is streptococcus
h, = PATIENT-1 is febrile
h, = The name of PATIENT-1 is John Jones

CF[h,,E] = .8 . There is strongly suggestive evidence (.8) that
the identity of ORGANISM-1 is streptococcus

CF[h,,E] = —.3 : There is weakly suggestive evidence (.3) that
PATIENT-1 is not febriie

CF[hy,E] = +1 : Itis definite (1) that the name of PATIENT-1 is
John Jones

Shortliffe, E. H. & Buchanan, B. G. (1984) Rule-based expert systems: the MYCIN experiments of
the Stanford Heuristic Programming Project. Addison-Wesley.
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BBl MYCIN was no success in the clinical routine

@ HCAI 4

(11 Tube 8

Real Triage Nurse

Jon Bell

real nurse triage

Crm -

+ A Share
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Bl However, Al was extremely popular in the 1970ies @ HCAI 4~

L e S BT

o e K ptaeatd wewten

Die Geheimnisse
des Rechenautomaten

Image credit to Bernhard Scholkopf
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BB Cybernetics was praised as the solution for everything  @HCAI£-

sprammative be Eedentes kybematischer Regnlkmise - Kachan (1970])

Image credit to Bernhard Schoélkopf
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The Al winter was bitter cold ... @HCAI -

James Hendler 2008. Avoiding another Al winter. IEEE
Intelligent Systems, 23, (2), 2-4, doi:10.1109/M1S.2008.20.
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From Al summer to Al summer @ HCAI -

6,000
il AAAI = AAAI Conference on Artificial Intelligence:
g Y https://aaai.org/Conferences/AAAI-20/
S 30004
s o International Joint Conference on Artificial Intelligence:
e https://ijcai20.org/
0 T

1982 1986 1990 1994 1908 2002
e Large Conference Attendance
https://www.computer.org/csl/
mags/ex/2003/03/x3018.html

6000
— AAA

/\ IJCAI
4000 NIPS
— CVPR

ICML
— |CRA

2000 /
‘*M -

1920 2000 2010

Attendees

Year

https://medium.com/machine-learning-in-practice/nips-accepted-papers-stats-26f124843aa0
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U @ HCAI -

03 Example:
P4-Medicine
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B8 Slide 8-22 Example: Exon Arrays @ HCAI -

Probe type
B Core

B [Exiended
(— Full

Color key

-0.5 0 0.5 1

Value

(a) Genomic locus - 1 1 b
(b) Exon array probe placement - - - - -

Kapur, K., Xing, Y., Ouyang, Z. & Wong, W. (2007) Exon arrays provide accurate assessments of
gene expression. Genome Biology, 8, 5, R82.

human-centered.ai (Holzinger Group) 55 2019 Machine Learning for Health 02



ide 8-23 Computational leukemia cancer detection 1/6 @ HCAI 4~

— L i T —
_— — — R —. — 1 - Genomic locus
P e — P—— — — 2 - Exon array probe
plﬂCEﬂlEﬂt

3 - 3’ array probe
placement

Exon array structure. Probe design of exon arrays. (1) Exon—intron structure of a gene.
Gray boxes represent introns, rest represent exons. Introns are not drawn to scale. (2)
Probe design of exon arrays. Four probes target each putative exon. (3) Probe design of
30expression arrays. Probe target the 30end of mMRNA sequence.

Corchado, J. M., De Pagz, J. F,, Rodriguez, S. & Bajo, J. (2009) Model of experts for decision
support in the diagnosis of leukemia patients. Artificial Intelligence in Medicine, 46, 3, 179-200.
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B8ide 8-24 Computational leukemia cancer detection 2/6 @HCAI £

D ={d....d) o
d,eR’,s<n
T
= new
Individuals . g
={d....d.}
d,eR" ¢—Probee/ Probes (s)
% E Preprocessed / Filtered
ST
'i
Probes ()

G=1{g.-.8,}r<s
= (fis"-v f;)

. =(z, min, max)

Corchado et al. (2009)
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B8ide 8-25 Computational leukemia cancer detection 3/6 @ HCAI £-

A = acute, C = chronic,
L = lymphocytic, M = myeloid

e ALL = cancer of the blood AND bone
marrow caused by an abnormal
proliferation of lymphocytes.

* AML = cancer in the bone marrow
characterized by the proliferation of
myeloblasts, red blood cells or
abnormal platelets.

* CLL = cancer characterized by a Probes
proliferation of lymphocytes in the @ L Z E|
bone marrow.

* CML = caused by a proliferation of
white blood cells in the bone marrow.

* MDS (Myelodysplastic Syndromes) = a
group of diseases of the blood and
bone marrow in which the bone
marrow does not produce a sufficient
amount of healthy cells.

* NOL (Normal) = No leukemias

Group

mALL
=AML
nCLL
ML
= DSM
NOL

Individuals

Group

mALL
AML
ECLL
= CML
= DEM
NOL

Individuals

ALl

Corchado et al. (2009) (®) FE——E—
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B8 26 Computational leukemia cancer detection 4/6 @ HCA| £

1555158_at>=0.125

CLL
3I0/92/110/0

Further Reading: Breiman, Friedman, Olshen,
& Stone (1984). Classification and Regression
Trees. Wadsworth, Belmont, CA.

1553279 at< 0.375

1552334 | at>=0.375

ALL
710/0/010/0

Corchado et al. (2009)

1554621/ at< 0.375
AML MILS
0/431MI0  0/210/0/6/1

human-centered.ai (Holzinger Group)

1554827_p_at< 0.625

1555167_§_at<0.125 1554496 at< 0.375

AML
0/442/0/0/2

1554012/ at< 0.125 1552329 |at>=0.375 L
NOL

CI&L ME)S C&L ME)S 0/010/0/3/T

1/0/0/18/011 0/0/0/27411 0/1/0/4/2/0 0/310/0/31/4
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B8-27 Computational leukemia cancer detection 5/6 @HCAI -

Classification CLL—ALL. Representation of the probes of the decision tree which
classify the CLL and ALL to 1555158 at, 1553279 at and 1552334 at
Scatterplot of 2

n.l.%a
=00
SSPEFLE

G
Corchado et al. (2009)
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Computational leukemia cancer detection 6/6 @ HCAI -

The model of Corchado et al. (2009) combines:

1) methods to reduce the dimensionality of the
original data set;

2) pre-processing and data filtering techniques;
3) a clustering method to classify patients; and
4) extraction of knowledge techniques

The system reflects how human experts work in a
lab, but

1) reduces the time for making predictions;
2) reduces the rate of human error; and

3) works with high-dimensional data from exon
arrays
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i

@ HCAI 4~

04 Example:
Case Based Reasoning
(CBR)



BB Slide 8-29 Thinking — Reasonmg Deciding — Acting @ HCAI 4~

"

: -
= S T

J

Critical
Thinking

mn

| Clinical Practice Vv

Edition

5:2_ Rosalinda Alfaro-LeFevre

Critical Thinking,
Clinical Reasoning,

a0 Clinical Judgment
A PRACTICAL APPROACH

2ot

R |
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BB Slide 8-30 Case Based Reasoning (CBR) Basic principle

@ HCAI 4~

Aamodt, A. & Plaza, E. (1994) Case-based
reasoning: Foundational issues,
methodological variations, and system

approaches. Al Communications, 7, 1, 39-59.

human-centered.ai (Holzinger Group)

Problem

iy
Case

| Previous
|Cases

General
Knowledge

Learned
Case

RETAIN

. J

Tested/
Repaired
_ Case

I

. Solved |
Case

Confirmed Suggested
Solution Solution
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B Slide 8-31 The task-method decomposition of CBR @HCAI £

problem solving and
learning from experience

retrieve

reuse

case-based reasoning

revise retain
identi
foat fy copy . extract
eatures } evaluate  repair s
. 3\ S -
/1 solution fault index NN
/1 adapt h DRSS
p I -
search ’ I m /I N N ~.
s /g 1 /1 ~ =
collect ,4 initially S /| J o NS ?;rgi;in
i s ! match I 1 Iy / NN _
descriptors 1" y se}ect KO Iy o s M. T~ descriptors
S/ 7 / roo ;o P T NN N
Y 1 L T ro r D) self AR extract
interpret ¢ S ’ ’ ' ! -\ repair ! N lutions
problem L, ! ;0,1 copy ! - ! 1 repair | .. solutio
follow , r S ; I , ! | 1 luat [ | \ \
direct r S o1 solution P gvar g:cﬁer I | yser determine extract
infer indexes /) ! Lol ! / I ! y f | repair indexes . justifications
: I \
descriptors o ;1 use copy ) i evaluate N
search ¢ ¢ 1 selection | solution 1 m? ti'y inreal A
) e _ : extrac
index ! alculate | Criteria ! method | Solution world adjust  generalize .
structure ! calcuiae ! ' method ! indexes _indexes solution
PR
similarity | I modify evaluate update method
search I elaborate . in model general
_ ‘ solution
general explain explanations rerun  knowledge
knowledge  similarity problem
Aamodt & Plaza (1994)
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Source: http:{/wwy
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i Slide 8-32 CBR Example: Radiotherapy Planning 1/6 @ HCAI £

i

2019 Machine Learning for Health 02



B8lide 8-33 CBR Example: Radiotherapy Planning 2/6 @ HCAI £

1: CT scanning 6: Radiefllerapy treatment 5! Virtual simulation

3: Skin reference marks

2 Turnour Iecallsatlen - 4: Treatment planning
-*( - ——
8 ﬂ ?5 ' ‘

Source: Imaging Performance Assessment of CT Scanners Group, http://www.impactscan.org
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Slide 8-34 CBR Example: Radiotherapy Planning 3/6

@ HCAI 4~

Examination of
patient

CT scan/ MRI
scan

Outline planning
target volume

Review of the
dose plan

Dose in I and II
phase

Dose volume
histogram

Measures:

1) Clinical Stage = a labelling system
2) Gleason Score = grade of prostate cancer = integer between 1 to 10; and

3) Prostate Specific Antigen (PSA) value between 1 to 40

4) Dose Volume Histogram (DVH) = pot. risk to the rectum (66, 50, 25, 10 %)

Petrovic, S., Mishra, N. & Sundar, S. (2011) A novel case based reasoning approach to
radiotherapy planning. Expert Systems With Applications, 38, 9, 10759-10769.

human-centered.ai (Holzinger Group)
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B8 Slide 8-35 CBR System Architecture 4/6 @HCAI £

g g New Patient b4
Case Base ¢ Decision on

Most Similar dose
Retrieval 33
Similarity Degre ﬁ Adaptation

Modified Dempster

Shafer Rule @

Treatment Plan for New
Patient

Weight learning
mechanism

Petrovic, S., Mishra, N. & Sundar, S. (2011) A novel case based reasoning approach to
radiotherapy planning. Expert Systems With Applications, 38, 9, 10759-10769.
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i Slide 8-36 Membership funct. of fuzzy sets Gleason score 5/3 HCAI ;t%

l\g' " ".1“”\" = ¥“ qﬂ."" "".L fu o - -; ."" "- :
.ik.-‘. "mr"' ‘1:""&""" et " IJI Y “'-' LY
Gleason score evaluates the grade of prostate R _'-;;;:-g'_m,:;, N R SR b
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e
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Membership

0 1 | | | 1 | 1 I | | 1 | 1

0 | 2 3 4 5 6 7 8 0 10 11 12 13
Gleason Score

Petrovic, S., Mishra, N. & Sundar, S. (2011) A novel case based reasoning approach to
radiotherapy planning. Expert Systems With Applications, 38, 9, 10759-10769.
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Slide 8-37 Case Based Reasoning 6/6

@ HCAI 4~

Petrovic et al. (2011)

Dose plan suggested by Dempster-Shafer rule (62Gy+10Gy}

Ll

Dose received by 10% of rectum is 56.02 Gy (maximum dose limit =55 Gy)

1L

Proposed dose plan

Yes

Feasible dose plan

No ) Modification

Modification of dose plan:
New dose plan: 62Gy +8 Gy

Dose received by 10% of rectum is: 54.26 Gy (feasible dose plan)

human-centered.ai (Holzinger Group)
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U @ HCAI -

05 Causal Reasoning
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Humans can understand the context @ HCAI -

" “How do humans generalize
from few examples?”

" Learning relevant representations
" Disentangling the explanatory factors

" Finding the shared underlying explanatory
factors, in particular between P(x) and
P(Y|X), with a causal link betweenY — X

15b

Bengio, Y., Courville, A. & Vincent, P. 2013. Representation learning: A review and new perspectives. IEEE
transactions on pattern analysis and machine intelligence, 35, (8), 1798-1828, do0i:10.1109/TPAMI.2013.50.

Tenenbaum, J. B., Kemp, C., Griffiths, T. L. & Goodman, N. D. 2011. How to grow a mind: Statistics,
structure, and abstraction. Science, 331, (6022), 1279-1285, doi:10.1126/science.1192788.

human-centered.ai (Holzinger Group) 73 2019 Machine Learning for Health 02



m Decide if X > Y, or Y — X using only observed data @ HCAI 4

Py #PY|dD(I}:PY|I IFDY—IFDYH_IG #PY|E

0 05 Px = Px|do(y) # Px|y Px#meo{y) Px iy

Joris M. Mooij, Jonas a

Peters, Dominik @ @ @C@
Janzing, Jakob

Zscheischler & Py =Py |do(z) = Py |z Py # Py |do) # Py |z
Bernhard Schoélkopf Px =Px|do) = Px |y Px #Pmdo{y #Px |y
2016. Distinguishing

cause from effect

using observational 5 6

data: methods and

benchmarks. The

Journal of Machine

iiazggnifg;—efgéz’ Py =Py | do(z) = Pl”lr Py | s # Py |do(z),s — Py X
Py ' IFDX:IPXMD(y]%PXW PX|S#PX|dD{y}-.3:PX|y*S
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Bl Remember: Reasoning = “Sensemaking” @ HCAI 4=

" 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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B8 Important Definition: Ground truth @HCAI -

" .= 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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B8 Empirical Inference Example @ HCAI -

y=2 a;k(xx) +b

y=a*x

Gottfried W. Leibniz (1646-1716)
Hermann Weyl (1885-1955)
Vladimir Vapnik (1936-) Empirical
Alexey Chervonenkis (1938-2014)
Gregory Chaitin (1947-)

Serrahund Schiiioed - Thipan
Viedenir ok fidmn

MEE
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B8 Remember: hard inference problems @HCAI -

= High dimensionality (curse of dim., many factors contribute)
= Complexity (real-world is non-linear, non-stationary, non-IID *)

= Need of large top-quality data sets

= Little prior data (no mechanistic models of the data)

= *) = Def.: a sequence or collection of random variables is
independent and identically distributed if each random variable has
the same probability distribution as the others and all are mutually

S— MKL WO precompuin
&0 T00000F | s MKL WD cache =
= 4 MEL WD linadd 1CPU

8 E #— MKL WO linadd 4CPU =
=, £ i~ MKL WD linadd BCPU|
E o § 10000 'n
K =
E w
g @ 5
5 g
‘E s E 1000
2w £
§ e
g2 £
o 20 }'_Eé

10 ¢ 1

1000 10000 100000 1000000 10000000 R 10000 100000 1000000
Number of tralning examples Mumber of training examples (legarithmic)

Séren Sonnenburg, Gunnar Ratsch, Christin Schaefer & Bernhard Scholkopf 2006. Large scale multiple kernel learning. Journal of
Machine Learning Research, 7, (7), 1531-1565.
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U @ HCAI -

06 Explainability
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Mastering the game of Go without human knowledge @HCAI £

a Select b Expand and evaluate € Backup d Play

4

Repeat

NG "_ 7N Gt

+f $i g R

Q+Uﬁa}\ = \

B e () B 2 A :

VN

Figure 2 | MCTS in AlphaGo Zero. a, Each simulation traverses the the outgoing edges from s. ¢, Action value Q is updated to track the mean
tree by selecting the edge with maximum action value Q, plus an upper of all evaluations V in the subtree below that action. d, Once the search is
confidence bound U that depends on a stored prior prabability P and complete, search probabilities m are returned, proportional to NYT where
visit count N for that edge (which is incremented once traversed). b, The N is the visit count of each move from the root state and 7 is a parameter
leaf node is expanded and the associated position s is evaluated by the controlling temperature,

neural network (P(s, -),V(s)) = fo(s); the vector of P values are stored in

19 OCTOBER 2017 | VOL 550 | NMATURE | 355

(p,v) =f,(s) and I=(z—v)?> — 7" logp + c||6|]

David Silver, Julian Schrittwieser, Karen Simonyan, loannis Antonoglou, Aja Huang, Arthur Guez, Thomas
Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, Yutian Chen, Timothy Lillicrap, Fan Hui, Laurent Sifre,
George Van Den Driessche, Thore Graepel & Demis Hassabis 2017. Mastering the game of go without human
knowledge. Nature, 550, (7676), 354-359, doi:doi:10.1038/nature24270.
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Ty @ HCA| :£-

Google DeepMind §03 AlphaGo
Challenge Match

i - 15 March 2016

THE INTERHATIONAL WEEKLY JOUANAL OF SCIENCE

At last — a computer program that
can beat a champion Go player PAGE484

ALL SYSTEMS G

CONSERWATHIN RESEARCH ETHICS POPULAA SCIENCE O HATURE COMMATWRE

ON

David Silver, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre,
George Van Den Driessche, Julian Schrittwieser, loannis Antonoglou,
Veda Panneershelvam, Marc Lanctot, Sander Dieleman, Dominik
Grewe, John Nham, Nal Kalchbrenner, llya Sutskever, Timothy Lillicrap,
Madeleine Leach, Koray Kavukcuoglu, Thore Graepel & Demis Hassabis
2016. Mastering the game of Go with deep neural networks and tree
search. Nature, 529, (7587), 484-489, doi:10.1038/nature16961.
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We need effective tools for Human-Al Interaction @HCAI £

Why did the algorithm do that?

Can | trust these results? @ &=

How can | correct an error?

T Y
L .*! B
oy _

Input data

A possible solution

-4 -l. L
, , e W
Explanation i Explainable varia'x1- Y ¢ lﬁgh [
| E.IE
V. a LS

Interface Model

Input data

The domain expert can understand why ...
The domain expert can learn and correct errors ...
The domain expert can re-enact on demand ...

human-centered.ai (Holzinger Group) 82 2019 Machine Learning for Health 02



L @ HCAI +£-
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B8 Example for an Explanation Interface

@ HCAI -

Move message | Only show predictions === Bl
to folder.. that just changed ™ el Ssarch, [Stantay: e
Felders Messages in the ‘Unknown’ folder
Original ; Predicted  Pradiction Re: : :
Gdia : : Octopus in Detroit? Why Hockey?
. ‘g‘l;kmwn s order ) topic confidence From: geargeh@gjhsun (Gearge Hi : y b y
L d D287 Re: Playoff Predictions Hockey  99%
Harakd Zazula <DLMCCECUNYYMEIT]
5254 Re: Schedule... Baseball  60% 4
53065 =l was walching the Detroit-Minneso and thought | saw an
Poul Kuryla. ond Canadfian Wor Hockey. ~ 98%% »octopus on the ice after Ysebaert so me 31 bwo. What gives?
9308 Rez My Predictions For 1953 Easeball 64% 4 »(is there some custom to throw octopu ice in Detroit?)
Baseball -
B8 A 5312 Rec NHL Team Captains Baseball  &4% & 1t is a lang standing good luck Redwing's tradition to throw an octopus
comect predictions 9316 Re: ughiest swing Baseball  63% 4 on the ics during a | Cup garme. They say it dates back to "52 t.
- at the Olympia when the Wings became the 151 team (1 think] to swesp Stan'ey tger
Ri= Ocinpus In Detroir? the cup in B games. A lot hardet to throw one from Joe Louis seats
Prediction totals . than from the old Olympia balcony, though.
9339 Sparky Anderson Gets win #2000, Tigers beat A5 Baseball  99% The dillirsnce: ket the: comphiter think this
Hockey 278 W 9347  Re: Goalie masks 53% Funmiest | ever saw was when some TIGer fans threw one on the fisld mas more likely to be about
during a Detrait/Toranto game . | was living in California aseball
Baseball 917 4 9362 Re: Young Catchers Baseball  82% 4 el the Talks | was watching with had never heard of and wene
o 9371 R Winnina Straaks Bazeball LS incredulous when | recognized the octopus BEFORE the camera choseup 1
Messages containing i’ A N D
“Stanley” 5373 Royals Baseball 64% 4
5330  Phillies Mailing List? Baseball &65% 4 Port 2 Folder si
Basaball el : Er SiF@
410 Reds snap 5-game losing streak: RedReport 4-18  Baseball  98% The Baseball folder has more me thais
9433 ResJuggling Dodgers Baseball  57% A the Hockey folder
Em 9424  Re: Candlestick Park experience (long) Baseball  99% Hoekey:
Uik 9433 Re: Motes on Jays vs. Indians Series 53%
EEENEEEENEER 9438 Re:When did Dedgers meve frem NY 1o La?  [EEEERUNN 53% Basehalk
EEEEEEEEEE o _
EEEEEREEED 2439 Playoff pool Hockey — 98% Tha difference makes the computer thinks esch
u ispani i Unknown e |5 1.1 times maore likely to be
= 9441 Res Hockey and the Hispanic community Hockey — 99% aboiit Bace an Hockey
] 8449 Re Yooi-sms [ Eaceba BEEEY
]
]
- Important words
m Theie are ol &f the werds the tormputer uied lo mole i § fRgreL

A
5 | Add a new word or phraze |
5
E Remainr ward
= | Undn importance adjustment I
baseball  bill  camadian dave david hockey player players prime stanley stats  tiger  time

Todd Kulesza, Margaret Burnett, Weng-Keen Wong & Simone Stumpf. Principles of explanatory debugging to personalize
interactive machine learning. Proceedings of the 20th International Conference on Intelligent User Interfaces (IUl
2015), 2015 Atlanta. ACM, 126-137, doi:10.1145/2678025.2701399.
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M Example for an Explanation Interface - open work ©

@ HCAI -

R
@ Molecule Clustaring %) ..

EADendroaram

Erlot

ETable

M Treaiap

EHeatap x

Subset Management

Root |

@ Start Clustering

Method Used &)
update HeatMap

Sorting
@ clustered

mianial

& configure

Property List
& Hillas
B PUBCHEM_CACTVS
B Activity at 11.429uM

B Actwity 2ni_% |
B Hil s

& Puac 5

& ruec A

B PUBCHEM_MORDIS... [
B PUBCHEM_MOLEC
B PUBCHEM COORDL.. E*

check all uncheck all
Color Mapplhg
@ per property

) glabal

@ configure

Q, Detall View O

888120

Activity at 2.286uM_%
Value: -15.6

= &l =
n w

BB & H
M (L] !

I i‘il

\1 I

I| i

"'F'F
| | [|*I B
w-wr\“-r .

il |

PUBCHEM_ISOTOMC_ATOM_COUNT

PUBCHEM_TOTAL_CHARGE

PUACHEM_BOND_UDEF_STERED_COUNT

Qualified ACSO
PUBCHEM_BOND_DEF_STERED_COUNT

<

~ NCGC Comment

| CurvaR2

Fe

PUBCHEM_COMPOLND_CANONICALIZED /4

PUBCHEM_COMPONENT_COUNT

W Hill Coefficient

| PUBCHEM_CACTVS HBOND_DONOR

PUBCHEM_CACTWS_TAUTO_COUNT

<

Activity &t 25.556ubl 3%

Activity st 12(
Activity st as\ 5

PUBCHEM _HEAVY {_COUNT

Rari(Smre

| Hilld&s

PUBCHEM_CACTVS_ TPSA

Activity ot 11.420UM_%

Activity 2t 0.057mM_%

Hill Sinf

PLIBCHEM_CACTVS_COMPLEXITY

PUBCHEM_EXACT_MASS

<

PUBCHEM_MONQISOTORPIC_WEIGHT

PUBCHEM_MOLECULAR_WEIGHT

| PUBCHEM_COORDINATE_TYPE

(‘t.

@

Current Selection
List view

Cl

X QU

Total Setection: 2

b Make Subset

InCurrent View: 2
by Make Subset

Clear

Werner Sturm, Till Schaefer, Tobias Schreck, Andeas Holzinger & Torsten Ullrich. Extending the Scaffold Hunter Visualization
Toolkit with Interactive Heatmaps In: Borgo, Rita & Turkay, Cagatay, eds. EG UK Computer Graphics & Visual Computing

CGVC 2015, 2015 University College London (UCL). Euro Graphics (EG), 77-84, d0i:10.2312/cgvc.20151247.
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BB What is understandable, interpretable, intelligible? @ HCAI -

1NN @6 -5de Do

I Ee9eC25 66
HIIRNHS® ¢ D"
TR ¢OL¢O -39
ER INIST90004 &%
‘O ¢C0¢

_Stripe | _Clock ]

R
4 )

|
]
(I
il II L lim e

https://www.vis.uni-konstanz.de/en/members/fuchs/
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B8 Explainable Al is a huge challenge for visualization @ HCAI -
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Kandinsky Patterns: A possible 1Q-Test for machines ...  @HCAI %>

@ CTTHEE
A A
H . * .‘ o . Sa

Heimo Miiller & Andreas Holzinger 2019. Kandinsky Patterns. arXiv:1906.00657.
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L @ HCAI +£-

07 Methods of
Explainable Al
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Methods of ex-Al @ HCAI -

= 1) Gradients

= 2) Sensitivity Analysis

= 3) Decomposition Relevance Propagation
(Pixel-RP, Layer-RP, Deep Taylor Decomposition, ...)

= 4) Optimization (Local-IME — model agnostic,
BETA transparent approximation, ...)

= 5) Deconvolution and Guided Backpropagation

" 6) Model Understanding
= Feature visualization, Inverting CNN
" Qualitative Testing with Concept Activation Vectors TCAV
= Network Dissection

Andreas Holzinger LV 706.315 From explainable Al to Causability, 3 ECTS course at Graz University of Technology
https://human-centered.ai/explainable-ai-causability-2019 (course given since 2016)
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Note, that these are technical solution @ HCAI -4
Explainability :=
a property of a system
(“the Al explanation)
Causability :=
a property of a person
(“the Human explanatlon)
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BB Our goal is to provide interfaces for effective mapping  @HCAI £

= Causability := a property of a person (Human)
= Explainability := a property of a system (Computer)

Human sensemaking .- Explainable Al
(Cognitive Science) (Q mﬁgﬁ’e ﬁﬁ%ence)

co 8‘@

©0g
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B Gradients @HCAI £~

) Gaided Backgrop Ca’

dc) Orml-CaM T i PCoded Gead CAM 'Cai’ () Oochasion map fr 'Ca” (1) Reshie Gral-CAM T

AT

————————————————————

' : ; ] € |Tiger Cat
A= % Image Classification
.': Layers Y
r < 1 (or)

:
|

Guided Backprop Feature Maps

fgt

Image Captioning

(or)

Visual
Answering

(or)

Ramprasaath R. Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam, Devi Parikh & Dhruv Batra.
Grad-CAM: Visual Explanations from Deep Networks via Gradient-Based Localization. ICCV, 2017. 618-626.
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B Gradients @HCAI £~

https://www.khanacademy.org/math/multivariable-calculus/multivariable-derivatives/partial-derivative-and-gradient-articles/a/the-gradient
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Bl Gradients > Sensitivity Analysis > Heatmapping @ HCAI £~

dumbbell dalmatian
bell pepper lemon husky

Karen Simonyan, Andrea Vedaldi & Andrew Zisserman 2013. Deep inside convolutional networks: Visualising
image classification models and saliency maps. arXiv:1312.6034.
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B Gradients @HCAI £

(€} vutlier explanation

David Baehrens, Timon Schroeter, Stefan Harmeling, Motoaki Kawanabe, Katja Hansen & Klaus-Robert Mueller 2010.
How to explain individual classification decisions. Journal of machine learning research (JMLR), 11, (6), 1803-1831.
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@ HCAI 4~

B8 LRP Layer-Wise Relevance Propagation
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m A NN-classifier during prediction time @ HCAI 4~

—
e

j —
|

. — R{Hl]: R“}:-“: R{U
Z d Z d Zd: d

del+1 del

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech
Samek 2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation.
PloS one, 10, (7), 0130140, doi:10.1371/journal.pone.0130140.
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Example Taylor Decomposition @ HCAI £
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Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech Samek
2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS one, 10,
(7), e0130140, doi:10.1371/journal.pone.0130140.
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B8 Heatmap Computation

@ HCAI 4~

<4— Heatmap Computation

/

et

Heatmap

Input Layer

Intermediate Layer

Output Layer

Step Three

(1) _ RjY @) _«V @
Rg" = 2 leL(q) TaresTi R = Ry
| ]

Input Image

Local Features

Step One
Vv 3
Y i1 BY = f(z)

BoW Feature

f(z) = +1.56
Classifier Qutput

Image Classification

—

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech Samek
2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS one, 10,
(7), e0130140, doi:10.1371/journal.pone.0130140.
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B Pixel-wise decomposition for bag-of-words features @HCAI A

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech Samek
2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS one, 10,
(7), e0130140, doi:10.1371/journal.pone.0130140.

human-centered.ai (Holzinger Group) 101 2019 Machine Learning for Health 02



B8 Deep Taylor Decomposition @ HCAI 5

Definition 1. A heatmapping R(x) is conservative if the sum of
assigned relevances in the pixel space corresponds to the total
relevance detected by the model:

Yx:fx)= ) R,(e)
P

Definition 2. A heatmapping R (x) is positive if all values forming the
heatmap are greater or equal to zero, that is:

Vx,p:R,(x) >0

Definition 3. A heatmapping R (x) is consistent if it is conservative

and positive. That is, it is consistent if it complies with Definitions 1
and 2.

Gregoire Montavon, Sebastian Lapuschkin, Alexander Binder, Wojciech Samek & Klaus-Robert Miller 2017. Explaining
nonlinear classification decisions with deep taylor decomposition. Pattern Recognition, 65, 211-222,
doi:10.1016/j.patcog.2016.11.008.
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B Sensitivity Analysis vs. Decomposition @ HCAI £~

g
function to analyze:

f(z) = max(0, z1) + max(0, z2)
Iy $2
$ 4 4 4 4
1
[ S S S N |
O
R Pl
sensitivity analysis: oo
(8f/81)2 = 14,50 ::::::
>
(af/amg)z = 11?2>0 — s =t
T2
4 4 4 & 'y
P
T T T T
) I
*| == -p
decomposition: - o4 =
R (z) = max(0, z;) | T8
e > - —»
Ry(z) = max(0, z5) Jd L
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BB Relevance propagation @ HCAI 4~

. forward pass
input > output
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BB Relevance Redistribution @HCAI £

deep neural network 1. min-ma e T ———

i = relevance model | /- W
local {x:} -t
- feature ()
extractar
i mid-level P
"
local =  feature _I'O
—» feature extractor O PRt
—— extractor . global i
g : O-—y— foature —)6) G
Iy . axtractar = 2. training-free
local O relevance model
feature mid-level ‘,.---'—_
extractor feature relevance
. extractor Hi  redistribution
local e
—m= foature
extractor forward
—E propagation )
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B Example 1 @ HCAI -

Image Sensitivity (CaffeNet) Deep Tayvlor (CaffeNet) Deep Taylor (GoogleNet)

-

Image Sensitivity (CaffeNet) ¢
i #
=
: i

& Y i ]

Deep Taylor (CaffeNet) Deep Taylor (GoogleNet)
[ - “g 5
N

=]
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Example 2 Histopathology

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech Samek
2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS one,
10, (7), e0130140, doi:10.1371/journal.pone.0130140.
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m LIME - Local Interpretable Model Agnostic Explanations @HCAI -

»

/ = ,"’fj sneeze |/ \Y | Explainer sneeze |
- weight (LIME) _ 4
X - Reouons - headache | -
\' no fatigue no fatigue

age

Model Data and Prediction
plw | @ K 9
J ’ J B IpE
e — —
ks o

" ] ; | F ,J | E] E Human makes

Model Dataset and Predictions Pick step Explanations decision

Explanation Human makes decision

|

Marco Tulio Ribeiro, Sameer Singh & Carlos Guestrin. Why should i trust you?: Explaining the predictions of
any classifier. 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining,
2016. ACM, 1135-1144, doi:10.1145/2939672.2939778.
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B Example LIME — Model Agnostic Explanation

@ HCAI 4~

In

human-centered.ai (Holzinger Group) 109

[1B8]2

explainer = lime.lime tabular.LimeTabularExplainer (X train, feature names=breast.feature names, class names=breast.targe

< | 1 |

¢

Here we will take a sample from the test set (in this case the sample at index 76) and create an explainer instance for this sample. This will let us see why the

algorithm made its prediction visually.

# For this demconstration, let's take the same sample each time, in this case sample index 86
i =76

# For a random samplse uncomment out the following line

# i = np.random.randint (0, X test.shape[0])

exp = explainer.explain instance(X test[i], random forest.predict proba, num features=4)

exXp.show in notebook(show table=True, show all=False)

Prediction probabilities malignant benign
83.68 < worst perimet...

malignant 009

Feature Value

. i worst perimeter
benign ' 0.64 v.;oorﬁst concave points ... pe
'worst concavity <= 0.11 worst concave points
0.04

area error > 47.72 worst concavity
0.04

area error

As you can see, the random forest algorithm has predicted with a probability of 0.64 that the sample at index 76 in the test set is malignant.

When using the explainer, we set the num featuresparameter to 4, meaning the explainer shows the top 4 features that contributed to the prediction

prababilities.

We chose 76 as it was a borderline decision. For example sample 86 is much more clear (this will we will set the num features parameter to include all features

so that we see each feature's contribution to the probability):
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Bl Remember: there are myriads of classifiers ... @HCAI £

( Ciassifiers )

/\

( Statistical ) ( Structural )

- = -
- - [ iy -
- il I - e}
. MNaive Bayesian
Regression Bayes Networks
Rule based (Drslann:ae has&d) @au ral HEME‘HE)
T N
Production Decision Multi-Layer
Rules Trees Percapliron
( Fum;:tmnal Haar&st Neighbor )
- - - A u .-""r "r o S
Laaming
Linear iﬂ:; KNN Vector
_ Quantization

https://stats.stackexchange.com/questions/271247/machine-learning-statistical-vs-structural-classifiers
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BB Black Box Explanations through Transparent Approximations HCAI £~

If Age <50 and Male =Yes:
If Past-Depression =Yes and Insomnia =No and Melancholy =No, then Healthy

If Past-Diepression =Yes and Insomnia =Yes and Melancholy =Yes and Tiredness =Yes, then Depression

If Age = 50 and Male =No:
If Family-Depression =Yes and Insomnia =No and Melancholy =Yes and Tiredness =Yes, then Depression

If Family-Depression =No and Insomnia =No and Melancholy =No and Tiredness =No, then Healthy

Default:
If Past-Depression =Yes and Tiredness =No and Exercise =No and Insomnia =Yes, then Depression
If Past-Depression =No and Weight-Gain =Yes and Tiredness =Yes and Melancholy =Yes, then Depression

If Family-Depression =Yes and Insomnia =Yes and Melancholy =Yes and Tiredness =Yes, then Depression

Himabindu Lakkaraju, Ece Kamar, Rich Caruana & Jure Leskovec 2017. Interpretable and
Explorable Approximations of Black Box Models. arXiv:1707.01154.
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m Example: Interpretable Deep Learning Model @ HCAI 4~

Layer Above
Reconstruction

Switches

"
I

b= ——
W

——— ~

Pooled Maps

Max Unpooling | ‘ O

Max Pooling

Unpooled Maps

Rectified Feature Maps

Rectified Linear
Function

Rectified Linear
Function

Rectified Unpooled Maps

Feature Maps

Convolutional
Filtering {F'}

Convolutional
Filtering {F}

Reconstruction

Layer Below Pooled Maps

Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901.
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B Visualizing a Conv Net with a De-Conv Net @ HCAI -

image size 224 110 13 13 13 _ _
filter size 7 @3 BE]
| 1 w384 | W1 w384 \256 M
stride 2 96 3x3 max C
3x_3dma2x pool pool 4096 4096 class
stride stride 2 units| | units| | softmax
\i 55 -
| 6 256
nput Image ~ -
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
Layer Above
ye : Pooled Maps
Reconstruction

Pnnhng

Max Locations

“Switches”
Unpooled Rectified
Maps Feature Maps

Matthew D. Zeiler & Rob Fergus 2014. Visualizing and understanding convolutional networks. In: D., Fleet, T., Pajdla,
B., Schiele & T., Tuytelaars (eds.) ECCV, Lecture Notes in Computer Science LNCS 8689. Cham: Springer, pp. 818-833,
doi:10.1007/978-3-319-10590-1_53.
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901.
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B8 The world is compositional (Yann LeCun) @ HCAI -

hidden layer 1 hidden layer 2 hidden layer 3
)

input layer

output laver

Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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@ HCAI -

itional (Yann LeCun)

IS COMPOsI

B The world

lt layer 2 hidden layer 3

hidder

hidden laver 1

e il [

SR
2799 8NN\
\q\r\_ v kY i. _.ﬁr,./
GOV

output layer

R
s
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@ HCAI -

hiddﬂnt!nyur 2 hidden laver 3

a:l
L

SAN
N

ot

2019 Machine Learning for Health 02

\
)

¢ . : '
s | sl o ek g e
LA ) i
T X, ! %
R, b [ -
\ ®
| i e

A

Y
i _i_/
SN
L LT R TR

hidden laver 1

input layer
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@ HCAI -

-
5%

=)
%)
SOl
=
Q..-

=
$:
-
-
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hidden layer 1

input layer
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input layver

human-centered.ai (Holzinger Group)

-

hidden layer 1 hidden layer 2 hidden layer 3
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@ HCAI -

output laver
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@ HCAI -

2019 Machine Learning for Health 02
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TCAV Testing with Concept Activation Vectors @ HCAI 4~

Testing with Concept Activation Vectors (TCAV)

J‘f._h\- 4 \ ¥ D7 « TIOTT . T
(a) ()  fi:R*HR” i : R™
S e

- S

N E == -
| g X L)

m
® '

£ i ___h\‘l . ST ‘; 1\.1
(150 ! 1‘ ) (& I 3L Y )
ey &y W % D @i €

-

B K™ class

.

._f:'{___ _] . ' ( A =
Ji(B )A/v; ; ,é}\"} Sc (T )
¥ chJil ‘7
A S 6 =Vhy i (fi("e)) - v

Figure |. Testing with Concept Activation Vectors: Given a user-defined set of examples for a concept (e.g., “striped’), and random
examples (@), labeled training-data examples for the studied class (zebras) (b), and a trained network (©), TCAV can quantify the model’s
sensitivity to the concept for that class. CAVs are learned by training a linear classifier to distinguish between the activations produced by

a concept’s examples and examples in any layer @). The CAV is the vector orthogonal to the classification boundary (v(, red arrow). For
the class of interest (zebras), TCAV uses the directional derivative Sc .,; () to quantify conceptual sensitivity (©).

https://github.com/tensorflow/tcav

Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai, James Wexler & Fernanda Viegas. Interpretability beyond feature

attribution: Quantitative testing with concept activation vectors (TCAV). International Conference on Machine Learning
(ICML), 2018. 2673-2682.
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BB Stochastic AND-OR Templates for visual objects HCAI -

.. ) o1 »
& ! 3 ¥
N ] Ao D —
Input images - - o IS R ()
. A5 BAL
ﬁ:\ 036 __“""“-"——-.A____p__li
r'a 4 . /
Ks 20 on,a‘*pu ,01‘ 88 404 n*n 0067\0.14 B.00 om 73007 ow 037024 aNoo
T "
’ a1 @ 45/‘ 45 1 W 44 & 4 4: h .\-u\
) o N . = S . N Y W

Stochastic ®) D 38 AN ,.,f A —
AOT 00 hoo foo fioo 00 f oo oo}-%u \ll’oo oo 1.00 ﬁms? 014 00 0405{330\030 46\0.49 " 0.05 \1.00
1
16 1 16 19 17 19 18 16
[\ ] ) |
.’l] z"- X r ‘< I . Y O ~

/
.)\. f @

OO O OO0 @) c“‘;
2 00 00 .00 00 .00 00‘100 EDO\IOO ]JOO DO}OO&OD
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B 52 1 35 B B8l B = 15 4
1|2 |3|4|5]16 (17 (18 (19 |20 |31 (3233 (34 |35 |41 |42 43 44 45
b sketch | {3 |8 |7 TN [pe oo i HH 0|8 7712 T30 (% 8 &2 (U |2
art dictionary texture |65 113 | e | 2 [z 35 | s (e | oo e [ [ | 22 [ |l b R0 [k
(t = al nodes) 'C% “ av:“ ?-ﬁ Tiee- 3?': "Tr “Hl -“F: jﬁ‘l lé} ::-"ff ;é] !!.: — J 4 |§g= =+ u'i
flatness| = Pl L = Al " 176 | 8] w|® ™
?’ 7 "{f A
Valid configurations st

Zhangzhang Si & Song-Chun Zhu 2013. Learning and-or templates for object recognition and detection. IEEE
transactions on pattern analysis and machine intelligence, 35, (9), 2189-2205, doi:10.1109/TPAMI.2013.35.
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BB Framework for vision: AND-OR Graphs

@ HCAI 4~

O and-node
o2 or-node
D leat node
G Y S )
E F G | J K
{D--0 - —4O
P Q R T
ﬁ 2 3 4 560 7 &)Y é 11
human-centered.ai (Holzinger Group) 124

Algorithm for this
framework

= Top-down/bottom-up
computation

Generalization of
small sample

= Use Monte Carlos
simulation to synthesis
more configurations

Fill semantic gap

Images credit to Zhaoyin Jia (2009)
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Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) @ HCAI &=

O und-node

» Terminal (leaf) node: 7'(pg)

i
n leaf node

» And-Or node: 77 (pg), V™™ (pg)
» Set of links: E(pg)
» Switch variable at Or-node: w(?)

» Attributes of primitives: «(7)

1
7(0)

Epe)= ), Ao+ Y Ae®)

vel? (pg) vel ™ (pg)UT(pg)

T Z ﬁ’zj(vi?v_j? .y?py)

(.. J)EE(pg)

p(pg:O,R,A) = exp(—<(pg))
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BB Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) @HCAI £

v

Terminal (leaf) node: T'(pg)
» And-Or node: 7 (pg).V " (pg) O e

£ or-node

Set of links: E(pg) o st

Switch variable at Or-node: w(?)

b

b

v

Attributes of primitives: «(?)

p(pg:0.R,A) = exp(—<£(pg))

7(©)

Epg)= Y. A+ Y Aa@)

vel? (pg) veV ™ (pg)UT (pg)

T 2 A; (Vs V5 V5 Py) 2 [ o @

(4, /)EE(pg)

SCFG: weigh the frequency at the children of or-nodes
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BB Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) @HCAI £

» Terminal (leaf) node: 7' (pg)

» And-Or node: 77 (pg). V"™ (pg) Q ot
» Set of links: £(pg) 0 et
» Switch variable at Or-node: w(?) :
» Attributes of primitives: «(?) @é
1
-0 - s
p(pg:0.R,A) Z(®) exp(—<$(pg))
Epg)= Y. Ao+ Y Aa®)
vel” (pg) vel’ ™ (pg)UT (pg)
+ Z AV Vs ¥y 05) <M [ 58 o @0

(i.J)EE(pg)

Weigh the local compatibility of primitives (geometric and appearance)
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BB Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) @HCAI £

v

Terminal (leaf) node: 7(pg)

And-Or node: 7" (pg).V"™ (pg) O e
Set of links: £(pg) 0 et
Switch variable at Or-node: w() S S i

Attributes of primitives: «a(7) / _

1
"O,R.A)=
p(pg ) =

v

v v

v

exp(—<(pg))

) =M N -0

Epg)= D). A+ D Ale®) |J uulddd

vep o (pg) vep ™ (pg) T (pg)

=t Z )l';j(vi’vj’ y:sfgy) ﬁ 2 il 40 516] 7] IB) 9 @ 11

(i, J)EE(pg)

Spatial and appearance between primitives (parts or objects)
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Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) @ HCAI &=

O und-node

» Terminal (leaf) node: 7'(pg)

i
n leaf node

» And-Or node: 77 (pg), V™™ (pg)
» Set of links: E(pg)
» Switch variable at Or-node: w(?)

» Attributes of primitives: «(7)

1
7(0)

Epe)= ), Ao+ Y Ae®)

vel? (pg) vel ™ (pg)UT(pg)

T Z ﬁ’zj(vi?v_j? .y?py)

(.. J)EE(pg)

p(pg:O,R,A) = exp(—<(pg))
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BB Stochastic graph grammar/comp. object representation @HCAI £

Input: an input mage I, and a set of constructed And-Or graphs of compositional
object categories,
Oulput.: i |.l:|l:-\.‘|||.;,; g;uph PE. l..lf !||.|.' Ele e} U] |;||:||; COnsists l:rr 1i||;- p.‘ur—ilm F__|':|.]r||..‘- l.lf
detected ohjects.

Bicycle

» Hepeat the following steps

1 Schedule the next node A to visit from the candidate parts.

2 Call Bottom=up{A) to update A's open list,

/ / i
y \ \ _ o
d d i N b ~ = / i Detect terminal instances of A from the image.
i1 Bind noo-terminal instanees of A from its children’s open or closed  lists
3 Call Top-down(A) to update A's open or closed  lists,
Handle 1Handle 2Handle 3 Seat Frame 1 Frame 2 Frame 3  Frame 4 OtherViews SideView i Accept hypotheses from A's open list to its closed  list.
mmm ii Hemove (or disassemble) hypotheses from A's closed  list.
-(- il Update the open lists for particles that overlap with node A,
I I 3 5 ¢ - & Lintil the particles in open list with weights higher than the empirical threshold
are exhausted, Cutput all parsing graphs whose root nodes am reached.

I = P N
{Raa (u.ddle) {ant\ Ellipse '\ {Clmle\ 1 _ . —
I Fram e Rlnssl \Rlnss/ =i Tl e e SR

L -
N T 09 b= 4 & 1
| .-' -
T 08 [
| .
O 07 ¢ o 4
/ ‘

06 L*

Y

|
|
7%

T
Al

o5 | |

04

True posifive rate

03 4
02

——— Grammar method
01 L e HOG 5V

— & HaartAdaboost

0 01 02 03 04 05 06 07 08 09 1
False positive rate

Liang Lin, Tianfu Wu, Jake Porway & Zijian Xu 2009. A stochastic graph grammar for compositional object
representation and recognition. Pattern Recognition, 42, (7), 1297-1307, doi:10.1016/j.patcog.2008.10.033.
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U @ HCAI -

Future Work
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Bl Combination of Deep Learning with Ontologies @ HCAI 4=

(1)Explaining Ueep Tensor Output both inference result and reasons
the reasons [ ... linference factors)
for judgment pO . _
‘“-i:- ﬁ% - Inference result nference factors
==  Input - gLy ﬂutput ;
— % . 2 = % |I + ) :@
% u — E“
Inhsnsme fdr.r.ﬂr identification 4 -

I'En leedge Era |:|h

Knowledge graph generates a logical path

(2)Explaining from input to the inference result

the basis (evidence) =
for judgment

Explainable Al with Deep Tensor and Knowledge Graph

http://www.fujitsu.com/jp/Images/artificial-intelligence-en_tcm102-3781779.png

human-centered.ai (Holzinger Group) 132 2019 Machine Learning for Health 02



B Seemingly trivial questions ... ? HCAI 4=

" What is a good explanation?

" (obviously if the other did understand it)

= Experiments needed!

= What is explainable/understandable/intelligible?

" When is it enough (Sattigungsgrad — you don’t
need more explanations — enough is enough)

= But how muchis it ...
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Explanations in Artificial Intelligence will be necessary  @HCAI -

= Justification, Explanation and Causality
" Trust > scaffolded by justification of actions
(why)

" Please always take into account the inherent
uncertainty and incompleteness of medical datal

Alex John London 2019. Artificial Intelligence and Black-Box Medical Decisions:
Accuracy versus Explainability. Hastings Center Report, 49, (1), 15-21,
doi:10.1002/hast.973.
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m IBM is doing it now: teaching meaningful explanations = @HCAI -

Ramamurthy, Murray Campbell, Amit Dhurandhar, Kush R.
Varshney, Dennis Wei & Aleksandra Mojsilovic 2018. Teaching
Meaningful Explanations. arXiv:1805.11648.

Noel C.F. Codella, Michael Hind, Karthikeyan Natesan
1v:1805.11648v1 [cs.Al] 29 May 2018

human-centered.ai (Holzinger Group)

Teaching Meaningful Explanations

Noel C. F. Codella,* Michael Hind,* Karthikeyan Natesan Ramamurthy,*
Murray Campbell, Amit Dhurandhar, Kush R. Varshney, Dennis Wei,
Aleksandra Mojsilovié
* These authors contributed equally.

IBM Research
Yorktown Heights, NY 10598
{nccodell,hindm,knatesa,mcam,adhuran, krvarshn,dwei,aleksand}@us.ibm.com

Abstract

The adoption of machine learning in high-stakes applications such as healthcare
and law has lagged in part because predictions are not accompanied by explana-
tions comprehensible to the domain user, who often holds ultimate responsibility
for decisions and outcomes. In this paper, we propose an approach to generate
such explanations in which training data is augmented to include, in addition to
features and labels, explanations elicited from domain users. A joint model is then
learned to produce both labels and explanations from the input features. This sim-
ple idea ensures that explanations are tailored to the complexity expectations and
domain knowledge of the consumer. Ewaluation spans multiple modeling tech-
nigues on a simple game dataset, an image dataset, and a chemical odor dataset,
showing that our approach is generalizable across domains and algorithms, Re-
sults demonstrate that meaningful explanations can be reliably taught to machine
learning algorithms, and in some cases, improve modeling accuracy.

1 Introduction

MNew regulations call for automated decision making systems to provide “meaningful information™
on the logic used to reach conclusions [1-4]]. Selbst and Powles interpret the concept of “meaningtul
information™ as information that should be understandable to the audience (potentiallv individuals
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m The underlying architecture: Multi-Agent System @ HCAI 4

e

This image is in the Public Domain
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BB This is compatible to interactive machine learning @ HCAI 4=

= Computational approaches can find in R™
what no human is able to see

"However, still there are many hard problems
where a human expert in R can understand
the context and bring in experience,
expertise, knowledge, intuition, ...

mBlack box approaches can not explain
WHY a decision has been made ...
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The fist wave of Al (1943-1975): Handcrafted Knowledge @HCAI -

Perceiving
Learning

Abstracting
Reasoning

Image credit to John Launchbury

" Engineers create a set of logical rules to represent
knowledge (Rule based Expert Systems)

= Advantage: works well in narrowly defined problems
of well-defined domains

= Disadvantage: No adaptive learning behaviour and
poor handling of p(x)
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The second wave of Al (1975 —): Statistical Learning = @HCAI 4>

Perceiving
Learning

Abstracting
Reasoning

Image credit to John Launchbury

" Engineers create learning models for specific tasks
and train them with “big data” (e.g. Deep Learning)

= Advantage: works well for standard classification
tasks and has prediction capabilities

= Disadvantage: No contextual capabilities and
minimal reasoning abilities
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B8 The third wave of Al (? ): Adaptive Context Understanding @HCAI £

Perceiving
Learning

Abstracting
Reasoning

Image credit to John Launchbury

= A contextual model can perceive, learn and
understand and abstract and reason

" Advantage: can use transfer learning for
adaptation on unknown unknowns

= Disadvantage: Superintelligence ...
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B8 Three (selected) dangers and myths about Al generally  @HCAI £

= Myth 1a: Superintelligence by 2100 is inevitable!
= Myth 1b: Superintelligence by 2100 is |mp055|ble'
= Fact: We simply don’t know it! P~

= Myth 2: Robots are our main concern

Fact: Cyberthreats are the main concern:
it needs no body — only an Internet connection

= Myth 3: Al can never control us humans

Fact: Intelligence is an enabler for control:
We control tigers by being smarter ...
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@ HCAI -

k you!
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