m Scailence is to test crazy ideas — Engineering is to put these ideas into Business @HCI-K00 -
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Let’s start with a statement ... @HCI-KDD
THIS 15 YOUR MACHINE LERRNING SYSTEN?
[ Yot You POUR THE DATA NTD THIS B

PILE OF LINERR ALGEBRA, THEN COLLECT
THE ANSLERS ON THE CTHER SIDE.

WHAT F THE ANGLERS ARE LIRONG? J

| JUST STIR THE PILE. UNTIL
\ THEY STPRT LOOKING RIGHT.

Image Source: Randall Munroe https://xked.com
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m ML is a very practical field ... @HCI-KDD

= algorithm development is at the core —
however, successful ML needs a concerted
effort of various topics ...

Halzinger Group hel hdi g 7 2015 Macking Liarning far Hialth 01

[ Organizational Details: ECTS Breakdown @HCI-KD0 5

LV 185.A83 Machine Learning for Health Informatics (Class of 2019)

Study Code: 066 936 Master program Medical Informatics

it s fuwien. ag. it currienlum public curricalum, shimdswid =808k dsrid =25 M key = S6IR9 K semester-NEXT

Semester hours: 2.0 h; ECTS-Credits: 3.0; Type: VU Lecture and E:
ECTS-Breakdown {sum=75 h, corresponds with 3 ECTS, where 1 ECTS = 235 h workload):

TCise

| Presence during lecture [8*3h 4h
fore and after lecture |8*Lh 08 h

ents and presentation 2Bh+2 30 h
Written exam |||c|ud|ne reparation Ih+12h 13h
TOTAL students’ workload 75h

https://hci-kdd.org/machine-learning-for-health-informatics-class-2019

All Slides will be put on-line AFTER each class!
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This lecture is only the overview and motivation part © @Heci-ko0 %

= 01 The HCI-KDD approach: integrative ML
= 02 Application Area Health

= 03 Probabilistic Learning

= 04 Automatic Machine Learning (aML)

= 05 Interactive Machine Learning (iML)

= 06 Causality vs. Causability

= 07 Explainable Al

= Conclusion and Future Outlook
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m @HCI-KDD 5

MAchine Learning & Knowledge Extraction MAKE

(Safety) 4 - Privacy, Data Protection, Safety & Securi

Andreas Holzinger 2017. Introduction to Machine Learning and Knowledge Extraction (MAKE). Machine Learning
and Knowledge Extraction, 1, (1), 1-20, doi:10.3390/make1010001.
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[ Organizational Details: Schedule @HCI-KD0 5

Class ale i 2011 an —

T Ry

it

| an spCOND

|msame [20m |
Transparent Procedure how to

get grades: sample exam will be
made openly available

Doy | (730 |
508 | 030

quallry uf the assignments 25 % each feoding. 20 %}
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@HOI-KDD -

01 What is the
@ HCI-KDD £~

approach?

Holzinger Group hei-kdd.org 6 2019 Machine Learning for Health 01

m ... successful ML needs ... @HCI-KDD 4

without boundaries

http://www.bach-cantatas.com
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m See you in Canterbury (Kent), UK, End of August @HCI-KDD 4

Image with friendly. hael D. Beckwith
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To reach a level of usable intelligence we need to ... @HCI-KDD

= 1) learn from prior data
= 2) extract knowledge

= 2) generalize, i.e. guessing where a
probability mass function concentrates

= 4) fight the curse of dimensionality

= 5) disentangle underlying explanatory
factors of data, i.e.

= 6) understand the data in the context of
an application domain
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B Not our Goal: Humanoid Al @HCI-KD0
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m Grand Goal: Understanding Intelligence ? @HCI-KD0

“Solve intelligence —
then solve everything else”

Demis Hassabis, 22 May 2015

The Royal Society,
Future Directions of Machine Learning Part 2

%b Google
DeepMind

https://youtu.be/XAbLn66iHcQ?t=1h28m54s
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@HCI-KDD 5

Our goal:
Understanding
Context !
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m @HCI-KDD 5
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B Grand challenge: Transfer results from R" to R? @HO-KDD

Human intelligence
(Cognitive Science)

Andreas Holzinger 2013. Human—-Computer Interaction and Knowledge Discovery (HCI-KDD): What is the benefit of bringing those
two fields to work together? In: Lecture Notes in Computer Science LNCS 8127. pp. 319-328, doi:10.1007/978-3-642-40511-2_22.
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How far are we already ? @HCI-KDD 4

Compare =
your best ML
algorithm with

a seven year old
child ...

Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A.,
Veness, J., Bellemare, M. G, Graves, A.,
Riedmiller, M., Fidjeland, A. K., Ostrovski, G.,
Petersen, 5., Beattie, C., Sadik, A., Antonoglou,
1, King, H., Kumaran, D., Wierstra, D., Legg, S. &
Hassabis, D. 2015. Human-level control
through deep reinforcement learning. Nature,
518, (7540), 529-533,
doi:10.1038/nature14236
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m Health is a complex area @HCI-KDD

Why is this
application area
complex ?
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B In medicine we have two different worlds ... BHCH-DD

Our central hypothesis:
Information may bridge this gap

Andreas Holzinger & Klaus-Martin Simonic (eds.) 2011. Information Quality in e-Health. Lecture Notes in Computer
Science LNCS 7058, Heidelberg, Berlin, New York: Springer, doi:10.1007/978-3-642-25364-5.
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m @HC-KDD

03 Probabilistic
Learning

The true logic of this world is

in the calculus of
ok
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8 The foundations ... BHCI-DD

= Newton, Leibniz, ... developed calculus —
mathematical language for describing and
dealing with rates of change

= Bayes, Laplace, ... developed probability
theory - the mathematical language for
describing and dealing with uncertainty

= Gauss generalized those ideas
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@ HCI-KDD -

B The bridge ...
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] The foundation for modern machine learning ... @HO-KDD 5

fod 1 B DT KRAYROTVMES v f 11ggid HRYCEITVAG IS TAEIYN:

Probability
theory is nothing
but common
sense reduced to
calculation ...

§ = f(x) = argfhax ply = clx, D)

c=1

Pierre Simon de Laplace (1749-1827)
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[ Data + Algorithm = Model BHCI-DD
N fla Bayes, T. (1763). An Essay towards

P(‘rf) z P[-‘I"’-' yi } solving a Problem in the Doctrine of
Chances (Postum communicated by
T, ol AT Richard Price). Philosophical
plxi; y,r) - P[.Ujf-rf )P(x;) Transactions, 53, 370-418.

Bayes’ Rule is a corollary of the Sum Rule and Product Rule:

iy = -_{H"';_Jp[il_
A Ei'":-"r-,"a’_; Ipla;)

i hisis) SIS _ P(D|#, m)P(8)m)
i PIHD,m) = PO

P{lypotliesis|dais)

P(D|6, m) likelihood of parameters 6 in model m
P(6|m) prior probability of 8
P(0|D, m) posterior of 8 given data D

Barnard, G. A., & Bayes, T. (1958). Studies in the history of probability and statistics: IX. Thomas.

Bayes's essay towards solving a problem in the doctrine of chances. Biometrika, 45(3/4), 293-315.
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B Main problems ... BHCH-DD

> I 5 5

Holzinger, A., Dehmer, M. & Jurisica, |. 2014. Knowledge Discovery and interactive Data Mining in
Bioinformatics - State-of-the-Art, future challenges and research directions. BMC Bioinformatics, 15, (S6), I1.
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B Repetition of Bayes - on the work of Laplace H BHCI-DD
What is the simplest mathematical operation for us? m

plr) = Z\'ﬂ(.r. ull (1

How do we call repeated adding?

plx, y) = plyle) » ply) 2)
Laplace (1773) showed that we can write:
ple,y) » ply) = plyla) » plz) (3
Mow we introduce a third, more complicated operation:
pley) e ply)  plylc) « pix) @

ply) ply)
We can reduce this fraction by p(y) and we receive what is called Bayes rule:

plyle) » plx) ,fh'frlr.ll] = pldlhp(h)

[, =
ple.y) = ()
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B We need ... BHCI-DD

Xu, L., Jackowski, M., Goshtasby, A., Roseman, D., Bines, ., Yu, C., Dhawan, A. & Huntley, A. 1999.
Segmentationyaf skin cancer images. iimiage and Vision Computingj 17, (1), 65-74. T
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The more the better ... @HCI-KDD A

Xu, L., Jackewski, M., Goshtasby, A., Raseman, D., Bines, S., Yu, €., Dhawan, A. & Huntley, A.1999.
Segmentation of skin cancer images. Image and Vifion Computing, 17,(1), 65-74.

Holzinger Group hci-kdd.org 28 2019 Machine Learning for Health 01
Learning and Inference BHCI-KD0 -

d .. data m

H ..{Hy, H,, .., H,} Vhd ..
h ... hypotheses
Likelihood , Prior Probability

__ [pldlr)+p(h)
p(?"‘”' Shen P(AIR) p(R)
\

Posterior Probability
Problem in R™ — complex

— e
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WEP = distribution, observations occur in a cont. domain, e.g. t or space @HCI-K00 5

GP posterior Likelihood ~ GP prior
D e I Plix,)
p(f(x)|D) x p(DIf(x)) p(f(x)) 0

pixy ) +olx)

Jiix,

ey}

bz er(xy )

nlx j-aix, )

X X e Xy

Brochu, E., Cora, V. M. & De Freitas, N. 2010. A tutorial on Bayesian optimization of expensive cost functions, with
application to active user modeling and hierarchical reinforcement learning. arXiv:1012.2599.
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More, more, more, @HCI-KD0 £
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Connection to Cognitive Science: Decision Making @HCI-KD0

UNCERTAINTY p(8|D) = -* ple)

=\P
—
—
: l Perception| Action
— Attention >
—
—
Wickens, C. D. (1984) Engineering psychology and human performance.
Columbus (OH), Charles Merrill, modified by Holzinger, A.
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8 Goal: Reduce uncertainty by learning representations @HO-KDD 5

15 15
) = vl o Ml zmniay
*  Otmervatons *  Otsereations
10 === Pregcted mess 104 = Predttes mest
- cosfidende imeresd
£ 3
z i
L] e
E -3
- =18
Ll 7 a L] L] 1 a ) 4 & a 10
1 N
Blf] = [ p(x)f(z)dz Elfl = 5D flan)
N
n=1
Holzinger, A. 2017. Introduction to Machine Learning and Knowledge Extraction (MAKE). Machine
Learning and Knowledge Extraction, 1, (1), 1-20, doi:10.3390/make1010001.
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Bayesian Learning from data @HCI-KD0 &

D =21 = {@15%8). 0, Tir } p(D|6)

BFE 0BT
_ p(D]0) x p(0)
p(0|D) = (D)

likelihood * prior
evidence

posterior =

The inverse probability allows to learn from
data, infer unknowns, and make predictions
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Scaling to high-dimensions is the holy grail in ML B HCI-KDD -

n=12

fEsaq

s MANCOM
— RO i)

Optimality Gap
EEE

O T ——
- mao 1

L T
Ne. of lterations (t)

-
a
3w mressannad
o
i
Bu
0w
o L " ) = -
e uncirsily /J-.\_ No. of lterations {t)

Wang, Z., Hutter, F., Zoghi, M., Matheson, D. & De Feitas, N. 2016. Bayesian optimization in a billion dimensions via
random embeddings. Journal of Artificial Intelligence Research, 55, 361-387, doi:10.1613/jair.4806.
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[TY] @HCI-KDD &
[ 1 pred var pred mean = = = fryth rl

El(x)

Snoek, J., Larochelle, H. & Adams, R. P. Practical Bayesian optimization of machine learning algorithms.

Advances in neural information processing systems, 2012. 2951-2959.
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[ Bayesian Optimization 1 @HO-KDD 5

=

=

o
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[ Bayesian Optimization 4 BHCI-DD
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8 Goal: Taking the human out of the loop @HC-KDD

El Expected Improvement

—— UCRB Upper Confidence Bound
— TS  Thompson sampling

—— PES rredictive Entropy Search

Shahriari, B., Swersky, K., Wang, Z, Adams, R. P. & De Freitas, N. 2016.
Taking the human out of the loop: A review of Bayesian optimization,
Proceedings of the IEEE, 104, (1), 148-175, doi:10.1109/IPROC.2015.2494218.
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[ Bayesian Optimization 2 @HO-KDD 5

10x)

Elfx)
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B Bayesian Optimization 5 BHCI-DD
P

L/

=
i

Holzinger Group hci-kdd.org

a1 2019 Machine Learning for Health 01

@HCIKDD

Holzinger Group hci-kdd.org

04 aML

a 2019 Machine Learning for Health 01

m Bayesian Optimization 3 @HC-KDD 5

fx)

Z
w
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m Bayesian Optimization 6 @HC1-KDD A

Elfx)

A A
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[TY] BHCI-KD0 A

Best practice
examples of
aML ...
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B Recommender Systems BHCH-DD

Mmatsicouk  TeleiDess  stesmChen Dl Bemitad e Vectew  Amamnfavd el Ammetes  Aewse ket Ukl A

e s o “plans utter aaler

Highlander 3 Hole Thinsulate Salaciava

£1.00- £7.00 ovime

Spexin & Clsishaurn: om a1 4 11 do
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B .. and thousands of industrial aML applications ... BHCI-DD
Cyber-Physical Systems [CPS): Transponation

(A 1rafic
conirol at

Tight f

with physical systems Lo
EulWSymmu_‘

e o

T

Jama | R ST

Autematie

Seshia, S. A, Juniwal, G., Sadigh, D., Donze, A., Li, W., Jensen, J. C., Jin, X., Deshmukh, 1, Lee, E. & Sastry, S. 2015.
Verification by, for, and of Humans: Formal Methods for Cyber-Physical Systems and Beyond. lllinois ECE Colloguium.
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8 Deep Convolutional Neural Network Pipeline @HO-KDD 5

Esteva, A., Kuprel, B., Novoa, R. A, Ko, J., Swetter, S. M., Blau, H. M. & Thrun, S. 2017. Dermatologist-level classification of
skin cancer with deep neural networks. Nature, 542, (7639), 115-118, doi:10.1038/nature21056.

‘e
& Larmga metzmans
i,
® B s
® s it 1 W B by b
& Wergein e

Max
Max 128 Max pooling
pooling pooling

Krizhevsky, A., Sutskever, |. & Hinton, G. E. Imagenet classification with deep convolutional neural networks. In:
Pereira, F., Burges, C. ). C., Bottou, L. & Weinberger, K. Q., eds. Advances in neural information processing systems
(NIPS 2012), 2012 Lake Tahoe. 1097-1105.
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[ Fully automatic autonomous vehicles (“Google car”) @HCI-KD0
= e I e

mm X N

] S S vy

Guizzo, E. 2011. How google’s self-driving car works. IEEE Spectrum Online, 10, 18.
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[ Big Data is necessary for aML ! @HO-KDD 5
B0
T
B0 oo
50}

Classification Performance (in percent

L et a M u Area under the Pﬁl‘:
10 kil
1000 |uoon 1ooum 10000000
Number oﬂ:mmlnq examples

Sonnenburg, S., Ratsch, G., Schéfer, C. & Schélkopf, B. 2006. Large scale multiple kernel
learning. Journal of Machine Learning Research, 7, (7), 1531-1565.
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B When does aML fail ... BHCI-DD

= Sometimes we do not have “big data”
where aML-algorithms benefit.

= Sometimes we have
= Small amount of data sets
= Rare Events — no training samples

= NP-hard problems, e.g.
= Subspace Clustering,
= k-Anonymization,
= Protein-Folding, ...
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] Why did the car do that? Who is responsible? @HO-KDD 5
N

responsible-when-a-driverless-car-crashes-2016-2?2r=US&IR=T
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m 10 million 200 x 200 px images downloaded from Web  @Hci-koo

t

Tnput to another layer above
(intagze with § channels)

Numiher ol autpil

chunmels - K

Number
ol maps = 8§

i layer

T imput
hamels

Image Size = 200

* = argmin f(x; W, H), subject to ||z|]z2 = 1.
€T

Le, Q. V., Ranzato, M. A., Monga, R., Devin, M., Chen, K., Corrado, G. S., Dean, J. & Ng, A. Y. 2011.
Building high-level features using large scale unsupervised learning. arXiv preprint arXiv:1112.6209.

Le, Q. V. 2013. Building high-level features using large scale unsupervised learning. IEEE Intl. Conference
on Acoustics, Speech and Signal Processing ICASSP. IEEE. 8595-8598, doi:10.1109/ICASSP.2013.6639343.
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[ Houston, we have a problem ... BHCI-DD

Source: NASA, Image s in the public domain
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@ HCI-KDD -

=2 EREE

June-Goo Lee, Sanghoon Jun, Young-Won Cho, Hyunna Lee, Guk Bae Kim, Joon Beom Seo & Namkug Kim 2017. Deep learning in

medical imaging: general overview. Korean journal of radiology, 18, (4), 570-584, doi:10.3348/kjr.2017.18.4.570.
2019 Machine Learning for Health 01

Holzinger Group hci-kdd.org 55
[ Definition of iML (Holzinger — 2016) @HCI-KD0 &

= iML := algorithms which interact
with agents*) and can optimize
their learning behaviour through
this interaction

*) where the agents can be human

Holzinger, A. 2016. Interactive Machine Learning (iML). Informatik Spektrum,
39, (1), 64-68, doi:10.1007/s00287-015-0941-6.
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B A crowd of people-in-the-loop @HO-KDD 5
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@ Consequently ... BHCH-DD

There is an urgent
need for
“explainability”

2019 Machine Learning for Health 01

Holzinger Group hci-kdd.org

[ Sometimes we need a doctor-in-the-loop BHCI-DD

com Posted online on April 22, 2018

Image Source: 10 Ways is Changing
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@ HCI-KDD

Why using
human intuition?
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[ This brings us now naturally to ... BHCH-DD

05 iML
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B A group of experts-in-the-loop @HO-KDD 5
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8 Humans can understand the context BHCI-DD

= Humans can generalize even

from few examples ...
= They learn relevant representations
= Can disentangle the explanatory factors
= Find the shared underlying explanatory
factors, in particular between P(x) and
P(Y|X), with a causal link betweenY — X

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

Examples: https://imgur.com/a/K4RWn @HCI-KD0 &

Even children ... BHCI- K00 -

... can infer from little data

z
@ A .
> € o
g9 o A
2 ¥ O
S o
3: @
b R
i A
—
- >
Feature x .
Tenenbaum, J. B., kemp, C., Griffiths, T. L. & Goodman, N. D. 2011. How to grow a mind: Statistics, structure, and e.g. snout-length . - . .
abstraction. Science, 331, (6022), 1279-1285, doi:10.1126/science. 1192788, g. gt See also,.lan ) Goodfellovy, Jonathon Shlens & Christian Szegedy 2014. Explaining and harnessing
adversarial examples. arXiv:1412.6572.
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B Adversarial > Deep Learning > Deep Fake B HCI-KDD - @ Project: iML B HCI-KDD - B Know your errors 1! B HCI-KDD -
Adversarial Examples that Fool both Computer - " "

Vision and Time-Limited Humans

Ganaleldin F. Ebayed® Shreya Shankar Brian Cheung
Brain Stanfiinil University UL Berkeley

Gougle Experiment;
ganaleldin, elsayedfgmail  com s :
o Interactive Machine Learning (IML)
= Nicolas Papernot Alex Korakin  lin Goodfellow  Jascha Sohl-Dickstein for the Traveling-Salesman Problem (TSP)
1 Peansylvamin Siale Univensty  Google Brain  Googls Brain Goagle Brain
- Jjaschasdfgoogle. com
= ML
= = From black-box to glass-box ML model
bstrac
Al ]
ol . f . .
o et PR R = Exploit human intelligence for solving hard problems (e.g. i
ne bearming modcls are v 0 nadversarial examples: snall changes . o ) X
e o R, ik s e e s o WA Subspace Clustering, k-Anonymization, Protein-Design) predictions verified predictions
) a schoal bus & an ostrich. However, it b still an apen gues s
e mkstakes, Here, we adi i b Jevs . . . T P .
:! ?.':d’..'?;fﬁ'"‘ﬁ'.'.“éa..ﬂ!:' : T ‘::“"I":?I s question ;M:Iwilml m': = Towards multl-agent systems with humans-ln-the-loop Generalization Error Generalization Error + Human Experience
o known parameters and anchitectars s other models with unknown parameness amd
— archisectare, and by masching the initiul processing of the haman visual ystem.
We find thal adversarial h I i ! B
L] ":,‘kk ;;J‘,M:W oh axsimgles I“:d:u;:‘s Ll (:,m:: i Holzinger, A., Plass, M., Holzinger, K., Crisan, G., Pintea, C. & Palade, V. 2016. Towards interactive
s Machine Learning (iML): Applying Ant Colony Algorithms to solve the Traveling Salesman Problem with
Gamaleldin F Elsayed, Shreya Shankar, Brian Cheung, Nicolas Papernot, Alex Kurakin, lan Goodfellow & Jascha Sohl- the Human-in-the-Loop approach. Springer Lecture Notes in Computer Science LNCS 9817.
Dickstein 2018. Adversarial Examples that Fool both Human and Computer Vision. arXiv:1802.08195. Heidelberg, Berlin, New York: Springer, pp. 81-95, doi:10.1007/978-3-319-45507-56.
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Why? @HC-KDD iML: bringing the human-in-the-loop @HC-KDD Example: Protein Folding is a TSP @HC-KDD

Verify that algorithms/classifiers work as expected

» Interactive Machine Learning: Human is seen as an
Wrong decisions can be costly and dangerous

agent involved in the actual learning phase, step-by-step
influencing measures such as distance, cost functions ...

Understanding the weaknesses and errors of the ML- |ﬁ . . e
Model - Detection of bias in both directions = I @ €— vl Eli(x-tn )| G S @3 € 0#:?,
Ve g™

PP - - . " 4. Check 2. Preprocessing 1. Input
Scientific interpretability, replicability, causality -\‘. - Inpu
X
The “why” is often more important than the prediction e _ |
Enable re-traceability, re-enactivity
Compliance to legislation “right for explanation”, Holzinger, A. 2016. Interactive Machine Learning for Health Informatics: When do we
retain human reliability, fosters trust and acceptance need the human-in-the-loop? Brain Informatics (BRIN), 3, (2), 119-131, Bohr, H. & Brunak, 5. 1989. A travelling salesman approach to protein conformation. Complex Systems, 3, 9-28

doi:10.1007/540708-016-0042-6.
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http://hci-kdd.org/projects/iml-experiment

Toput : ProblemSie, m, 0, o, @, g
Output: Phes
Phest — CreateHew
Croest |

slution| ProblemSiee)

Plheromone )

Fleromo

topCondition( ) do
1o m da
8 — ConstroctSolution| Pheromone. ProblemSiee, 3. g )
Sicaur = 4
if 5, «t then
Sicosts
end
LocalUpdateAnd Decay Pheromonef Pheromone, 8, St @)
ol

GlobulUpdateAndDecay Pheromone| Pherumone, Pbest, Phesteo.e, pli
while isUserlntemclion] do
| GlobalAddAndR Pl (F Phest, Phestyu, o)
end

e

return P

Holzinger, A., Plass, M., Holzinger, K., Crisan, G., Pintea, C. & Palade, V. 2016. Towards interactive Machine Learning (iML):
Applying Ant Colony Algorithms to solve the Traveling Salesman Problem with the Human-in-the-Loop approach. Springer
Lecture Notes in Computer Science LNCS 9817. 81-95, doi:10.1007/978-3-319-45507-56.
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@HCI-KDD 4

LIVE DEMO

(https://iml.hci-kdd.org/imlITspSolver/)

ANDROID:
https://play.google.com/store/apps/details?id=com.hcikdd.imlacosolver
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Explainable Interface - interactive(iML) parts @HCI-KD0

= jteration vs. step: look inside the iteration
= make the ant algorithm interactive
= change pheromones at any time
= change routes of certain ants in the current
iteration (future work)

2019 Machine Learning for Health 01

Holzinger Group hci-kdd.org 79

I Influence the Pheromone Level by human intuition @HCH-o0

pij = :'T"J]“ - [ni5]°

" p; - probability ot ants that they, at a particular node i,
select the route from node i — j (“heuristic desirability”)

= ¢ > 0andfB > 0..the influence parameters
(« ... history coefficient, 8 ...heuristic coefficient)
usuallya = ff = 2 <
® T; ... the pheromone value for the components,
i.e. the amount of pheromone on edge (i, j)
= [ ...the set of usable components

= J; .. the set of nodes that ant k can reach from v, (tabu list)

eIk [r(t))e-[n)?

1 . PP . .
"y = T attractiveness computed by a heuristic, indicating
the “a-priori desirability” of the move
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Explainable Model - the visualization SHCI-KD0

* The pheromones are showing “the state” (high
or low frequented paths of ants) of the
algorithm.

mitial pheramure dtibutian

pheramenes after 100 iteraticns pheromanes after 300 iterations
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T BHCI-KDD £

06
Causality vs.
Causability
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Experiment 1: The travelling Snakesman @HCI-KD0

http://hci-kdd.org/gamification-interactive-machine-learning/
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Explainable Interface - overview @HEHKDD

http://iml.hci-kdd.org/imITspSolver/

parameter settings
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Example: Discovery of causal relationships from data ... @Hci-koo

Hans Holbein d.J., 1533,
The Ambassadors,
London: National Gallery

Lopez-Paz, D., Muandet,
K., Schélkopf, B. &
Tolstikhin, I. 2015.
Towards a learning theory
of cause-effect inference.
Proceedings of the 32nd
International Conference
on Machine Learning,
JMLR, Lille, France.

https://www.youtube.com/watch?v=9KiVNIUMmCc
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Causality and Explanations @HO-KDD 5

Causation is a matter of perception

We remember seeing the flame, and feeling a
called heat; without further ceremony, we
call the one cause and the other effect

David Hume (1711-1776) Statictical ML

[ Forget cousation! Correlation is all you should ask for. ]_H

Karl Pearson (1857-1936)

A mathematical definition of causality

TR — ~
Forget empiricol observations! Define causality based
on a network of known, physical, causal relationships
Judea Pearl (1936-)
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This requires ... SHCI-KDD &

Generating contextual
explanatory models for
classes of real-world
phenomena
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[TY] @HCI-KDD &

07
explainable Al
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Example: Correlation vs. Causality BHCI- K00 -

¥=0.0288% + 225,03

Number of stork br

Storks Deliver Babies (p = 0.008)

KEYWORDS: Robert Matthews

Teaching; Aston University, Birmingham, England.
eomail:rajma compuserve.com

S

: “This article shows tha a highly statisticaly
significan correlaion exsts between stork
populations and human bith rate across Europe.
Whike storks may not delivr babics, unthinking
imerpretation of corrlation and p-values can
certainly deliver unreliabl conclusons.
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Why is it a cat? What makes a cat a cat? @HO-KDD 5

in, Credit to Kevin Dooley
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[ causality is going beyond explainability @HO-KDD 5

causal learning

observations &

e e outcomes incl.
\—// changes &

interventions

causal reasoning
subsumes

statistical learning

Y
e e ;
probabilistic model observations
— T & outcomes

probabilistic reasoning
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@HCI-KDD

Functional Causal Model (Pearl eral)

o Xn

o directed acyelic graph G with vertices X;, .., Xu

# Set of observables X,

o Semantics: parents = direct causes

® X; = fi{ParontsOf,. Noise; ), with independent Noisey, ... Noise,,.
® “Noise”™ means “mnexplained” (or “exogenous” ), we use {7,

o Can add requirement that fi,.... f,, Noise,, .. 0 y Cindependent”
(ef. Lemeire & Dirke 2006, Jonsing & Schalkopf 2010 — more below)

@ parentsof X (PA)

7

Holzinger Group hei-kdd.org 84 2019 Machine Learning for Health 01

Definition: @HCI-KDD A

Expiainability  Ina technical sense highlights decigion-relevant pans of the usad of the.
algorithms and aclive parts in the algorithmic modal, that either confribute to the mods! acouracy
on the training sel. or 1o a specific ion for one partieular . It does not refer to an
explicit human modal.

Causability s the extent to which an explanation of & statement to a human expert achieves a specified
level of causal understanding with effectiveness, efficiency and satistaction in a specified contaxt
of use.

= Causability := a property of a person, while
= Explainability := a property of a system

2019 Machine Learning for Health 01

Holzinger Group hci-kdd.org 87

[TY] @HCI-KDD &

Remember:
Context !!!
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[ The state-of-the-art is terrible ... @HCI-KD0 &

Andrej Karpathy & Li Fei-Fei. Deep visual-semantic alignments for generating image descriptions.
Proceedings of the IEEE conference on computer vision and pattern recognition, 2015. 3128-3137.

Image Captions by dee learning : github.com/karpathy/neuraltalk2
Image Source: Gabriel Villena Fernandez; Agence France-Press, Dave Martin (left to right)

Holzinger Group hei-kdd.org 91 2019 Machine Learning for Health 01

B The challenge @HC-KD0

Why did the algorithm do that?

Yy
Can | trust these results? e vai e_ X1y x e!}“g
' e |

How can I correct an error?

Input data

A possible solution

Explainable
Model

) Explanation
E Interface

Input data

The domain expert can understand why ...
The domain expert can learn and correct errors ...
The domain expert can re-enact on demand ...
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m @HCI-KDD 4

Conclusion and
Future Outlook

Holzinger Group hci-kdd.org 97 2019 Machine Learning for Health 01

[ Problem: Interpretability vs. Performance @HCI-KD0 &
Meural Nets
Graphical -
Lk : Ensambl 3
nsamble
Leaming Bayesian Mr-;mds | g
BaliefMets | 1
ShL Randeari 2

cRE ht “Forests % ;

Statistical e MM @

Models ~ Markoy o

SiMs Medals Explainability

David Gunning 2016. Explainable artificial intelligence (XAl): Technical Report Defense
Advanced Research Projects Agency DARPA-BAA-16-53, Arlington, USA, DARPA.
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[ Post-hoc vs. Ante-hoc @HC-KD0
Post-hoc: Select a model and Ante-hoc: Select a model that is
develop a technique to make it already transparent and

transparent optimize it

d
fix) =3 alx)
=]

f(:;‘) = DeepNet(x)

Different dimensions pradiction
of “interpretability™ “Epdain why @ cormin pattern 1 bas

eew classified i @ certarm way fx).”

rmodal
“What weslid i patiern bl
i pertaln davepary vpls
= like aceording i the model.
data
" Whick aliowrmadnag of e cha
e st relevamt for the sk
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8 Three Main future challenges @HCI-KD0 &
Multi-Task Learning (MUTL)

for improving prediction performance, help to reduce
catastrophic forgetting

Transfer learning (TRAL)
is not easy: learning to perform a task by exploiting
knowledge acquired when solving previous tasks:
a solution to this problem would have major impact
to Al research generally and ML specifically.
Multi-Agent-Hybrid Systems (MAHS)

To include collective intelligence and crowdsourcing
and making use of discrete models — avoiding to seek
perfect solutions — better have a good solution < 5 min.
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m Making Models Interpretable, Explainable, Retraceable @ Hci-koo -

Neural Nets

Fomits

ol

&

7 s
Ensemble 3
Methoos, 1 o

1 * = 4 c
Rapdem 8

Y k]
kN

hY

St

ALFE B

Experiment

Deep Expl i I P bie Models Model Induction

Modified deep leaming Techniques to leam more Technigues to infer an
technigues o leam del from any
explainable features chussl models | riodel a5 3 black box

David Gunning 2016. Explainable artificial intelligence (XAl): Technical Report Defense
Advanced Research Projects Agency DARPA-BAA-16-53, Arlington, USA, DARPA.
Holzinger Group hei-kdd.org 9 2019 Machine Learning for Health 01

B Methods of ex-Al @HC-KD0

= 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://hci-kdd, i i ility-2019 (course given since 2016)
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8 Representation Learning discovering explanatory factors @Hci-oo -

Task A Task B Task C
output (_ ) ) ( )

shared
subsets of
factors

input ( )

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, doi:10.1109/TPAMI.2013.50.
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@ Overcoming Catastrophic Forgetting: Deep Learning Bayes @HCI-Ku0 %

1 Lowerror for task B = gy

Low error for task A = L2
Parameter Space task A = _ 1o penalty

< "

log p(68|D) = log p(D|#) + log p(#) — log p(D)

Parameter Space task B

log p(68|D) = log p(Pp|@) + log p(#|D4) — logp(Dp)

A
L(6) = Lp(0) + ) SFi(6i — 04,)°

Kirkpatrick, J., Pascanu, R., Rabinowitz, N., Veness, J., Desjardins, G., Rusu, A. A, Milan, K., Quan, J.,
Ramalho, T., Grabska-Barwinska, A., Hassabis, D., Clopath, C., Kumaran, D. & Hadsell, R. 2016. Overcoming
catastrophic forgetting in neural networks. arXiv preprint arXiv:1612.00796.
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Combination Probabilistic + Logic approaches BHCHKDO 4
(1)Explaining Deep Tensor Output bath inference result and reasons
the reasons T e {inference factors)

27 Singl

for judgment
| InpUL Giisat Inference result Factor
Inpu o
: - - =t % !lﬂ +

i Inference factor identification N

i H

: "

; n

H 1

i Knowledge Graph H

i T i

: H

H

H

Knowledge graph generates a logical path
(2)Explaining e from input to the inference result
the basis (evidence)

for judgment

Randy Goebel, Ajay Chander, Katharina Holzinger, Freddy Lecue, Zeynep Akata, Simone Stumpf, Peter Kieseberg &
Andreas Holzinger 2018. Explainable Al: the new 42? Springer Lecture Notes in Computer Science LNCS 11015
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m @HCI-KDD 5

Questions
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B Maps between shared representations @HO-KDD

= xandy
represent different
modalities, e.g. text,
sound, images, ...

= Generalization to
new categories

= Larochelle et al.

Goodfellow, I., Bengio, Y. & Courville, A. 2016.

Deep Learning, Cambridge: MIT Press, p.542
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A final citation attributed to Albert Einstein ... SHCIKDD A

= Computers are fast, accurate and stupid,
= humans are slow, inaccurate and brilliant,
= together they are powerful beyond
imagination
(Einstein never said that)

https://www.benshoemate.com/2008/11/30/einstein-never-said-that

,Das Dumme an Zitaten
aus dem Internet ist,
dass man nie weiB,

ob sie echt sind“

Albert Einstein
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B Questions (1/4) @HCI-KDO &

= What is the HCI-KDD approach?
= What is meat by “integrative ML"?

= Why is a direct integration of Al-solutions into the
workflow important?

= What are features?
= Why is understanding intelligence important?

= Why is understanding context even more
important?

= What are currently the “best” ML-algorithms?

= What is the difference between Humanoid Al and
Human-Level AI?

= Why is the health domain probably the most
complex application domain for machine learning?
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@ Cconclusion BHCIKDD

= Big data with many training sets (this is good for ML!)

= Small number of data sets, rare events
= Very-high-dimensional problems
= Complex data — NP-hard problems

= Missing, dirty, wrong, noisy, ..., data

® GENERALISATION

= TRANSFER

Holzinger Group hci-kdd.org 102

2019 Machine Learning for Health 01

@HCI-KDD 5

T

Thankyou!
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B Questions (2/4) @HCI-KDO &

= Why are we speaking about “two different worlds”
in the medical domain?

= Where is the problem in building the bridge
between those two worlds?

= Why is the work of Bayes so important for machine
learning?

= Why are Newton/Leibniz, Bayes/Laplace and Gauss
so important for machine learning?

= What is learning and inference?
= What is the inverse probability?
= How does Bayesian optimization in principle work?
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B Questions (3/4) @HCI-KDD -

= What is the definition of aML?

= What is the best practice of aML?

= Why is “big data” necessary for aML?
= Provide examples for rare events!

= Give examples for NP-hard problems relevant for
health informatics!

= Give the definition of iML?
= What is the benefit of a “human-in-the-loop”?

= Explain the differences of iML in contrast to
supervised and semi-supervised learning!
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Keywords @HCIKDD

= Active Learning

= Bayesian inference, Bayesian Learning
= Gaussian Processes

= Graphical Models

= Multi-Task Learning

= Reinforcement Learning

= Statistical Learning

= Transfer Learning

= Multi-Agent Hybrid Systems

Holzinger Group hei-kdd.org 112 2019 Machine Learning for Health 01

m @HCI-KDD 5

April 24-26, 2014 ST
SIAM SDM14 1) 4
LT MLCB M Aol

Multi-Task Feature Selection
on Multiple Networks
via Maximum Flows

Mahito Sugiyama' *¥, Chloé-Agathe Azencott?, Dominik
Grimm?#, Yoshinobu Kawahara', Karsten Borgwardt®*

Osaka University, ?Max Planck Institutes Tibingen, *Mines ParisTech,
Institut Curie, INSERM, *Eberhard Karls Universitat Tibingen

Sugiyama, M., Azencott, C.-A., Grimm, D., Kawahara, Y. & Borgwardt, K. M. Multi-Task
Feature Selection on Multiple Networks via Maximum Flows. SDM, 2014. 199-207.
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B Questions (4/4) @HCI-KDD -

= What is causal relationship from purely
observational data and why is it important?

= What is generalization?

= Why is understanding the context so important?

= What does the oracle in Active learning do?

= Explain catastrophic forgetting!

= Give an example for multi-task learning!

= What is the goal of transfer learning and why is this
important for machine learning?

= Why would a contribution to a solution to transfer
learning be a major breakthrough for artificial
intelligence in general — and machine learning

specifically?
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Henri Poincare in Sciences et Methods (1908) BHCIKDD 4

“The most interesting facts are

= those which can be used several
times, those which have a chance
of recurring ...

= which, then, are the facts that
have a chance of recurring?

= |n the first place, simple facts.” prozent ey

Henri Poincare, Sciences et Methods (1908)
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w Goal @HCI-KDD &

= Given multiple graphs
= Find features (=vertices), which are associated

with the target response and tend to be
connected to each other
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m @HCI-KDD 5

Appendix
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Scientists recognizing this ... (totally incomplete list!) @HCI-KDD

= Bernhard Scholkopf (MPI Tuibingen)
https://is.tuebingen.mpg.de/person/bs

= Leslie Valiant (Harvard)
https://people.seas.harvard.edu/~valiant

= Joshua Tenenbaum (MIT)
http://web.mit.edu/cocosci/josh.html

= Andrew G. Wilson Cornell (Eric P. Xing, CMU)
https://people.orie.cornell.edu/andrew

= Nando de Freitas (Oxford)
https://www.cs.ox.ac.uk/people/nando.defreitas

= Yoshua Bengio (Montreal)
http://www.iro.umontreal.ca/~bengioy/yoshua en

= David Blei (Columbia)
http://www.cs.columbia.edu/~blei

= Zoubin Ghahramani (Cambridge)
http://mlg.eng.cam.ac.uk/zoubin

= Noah Goodman (Stanford)
http://cocolab.stanford.edu/ndg.html
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8 Result: New formulation of MTF-Selection @HCI-KDD &

argmaxZ( 5D —gi(5)) - Zh(s,,S)

S1maSgCV
peb it X i=1 assocmnon i<j
Ktasl\s

penalty

’

f(S) =) ai) giS) =2 ) wile)+ IS

VES; eEB; sparsity
connectivity
h(Su,S) == p|Si ASj| = u[(SUSHIN(S NS

= efficiently solved by max-flow algorithms
= performance is superior to Lasso-based methods

Sugiyama, M., Azencott, C.-A., Grimm, D., Kawahara, Y. & Borgwardt, K. M. Multi-Task Feature
Selection on Multiple Networks via Maximum Flows SDM, 2014. 199-207,
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] Remember: Graphs are everywhere! BHCI- K00 -

= Networks (graphs) are everywhere in health
informatics

= Biological pathways (KEGG), chemical compounds,
(PubChem), social networks, ...

= Question often: Which part of the network is
responsible for performing a particular function?

- Feature selection on networks

= — Features = vertices (nodes)

= — Network topology = a priori knowledge of
relationships between features

Multi-task feature selection should be
considered for more effectiveness
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[ Solution of SConES via Maximum Flow @HC-KDD

« The s/t-network M(G) = (V U {s, t}, E U § UT) with
s={{s,v}lvev, qv)>n}, T ={{tv} I veV, qv) <n}
and set the capacityc : E' = R* to

‘ B (w) — ifue{stlandv eV,
c({v.u})—[quv&u_u?)l :)ti;engse} e

« The min ut of M(G) = the solution of SConES

Azencott, C.-A., Grimm, D., Sugiyama, M., Kawahara, Y. & Borgwardt, K. M. 2013. Efficient network-
guided multi-locus association mapping with graph cuts. Bioinformatics, 29, (13), i171-i179.
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[TY] @HCI-KDD &

156 A Holzimger f al

Tahle 4 Comparison of FACTAs ranking of reluted concepts from the category Sympiom
fur the guery “rhesmatoid athritis™ created by the metbods co-occurrence frequescy, PMI,

and SCF

) T o g
SCP(x.y) = plxly) plylx) = — o N =
plx.y) pix.y) plx.y ="y ) T T
: L il T = ]

ply)  plx)  plx)-ply)

T T B T T
G | T T T
o — i T | ey T
Tk Far BT | Femmmal o | 0 | B L3
ek T Wewion vy T | i 3
ey e T i T
p—— o EEE—T— 3
dyerne O Feandal foee 53 | eppun s
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— T Ex) T
e e Bl =T T
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Holzinger, A., Yildirim, P., Geier, M. & Simonic, K.-M. 2013. Quality-Based Knowledge Discovery from Medical Text on the
Web. In: Pasi, G., Bordogna, G. & Jain, L. C. (eds.) Quality Issues in the Management of Web Information, Intelligent
Systems Reference Library, ISRL 50. Berlin Heidelberg: Springer, pp. 145-158, d0i:10.1007/978-3-642-37688-7_7.
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m Selecting Connected Explanatory SNPs SConES @HC-KDD 5

= Single task feature selection on a network

= Given a weighted graph G = (V, E)

= —Each v € I has a relevance score q(v)

* —|f you have a design matrix X € RV*IV!

* and a response vector y € RV #;(vitis the
association of y and each feature of X

Goal: Find a subset S © VV which maximizes

£68) =Y qv)

ves while S is small and vertices are connected

Azencott, C.-A., Grimm, D., Sugiyama, M., Kawahara, Y. & Borgwardt, K. M. 2013. Efficient network-
guided multi-locus association mapping with graph cuts. Bioinformatics, 29, (13), i171-i179.
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[ Better performance is always convincing! @HC-KDD

100.00

0.00
=

1.00+

Running time (s}

0104

0.014

T
|2 SI IIO 20

Number of tasks
Azencott, C.-A., Grimm, D., Sugiyama, M., Kawahara, Y. & Borgwardt, K. M. 2013.
Efficient network-guided multi-locus association mapping with graph cuts.
Bioinformatics, 29, (13), i171-i179.

i Q,

Holzinger Group hei-kdd.org 122 2019 Machine Learning for Health 01

8 Domain Adaptation: Structural Correspondence Learning @Hci-o0 -

= Motivation: If two domains are related to each other, then
there may exist some “pivot” features across both domain.

= Pivot features are features that behave in the same way for
discriminative learning in both domains.

= Main Idea: To identify correspondences among features from
different domains by modeling their correlations with pivot
features.

= Non-pivot features form different domains that are correlated

with many of the same pivot features are assumed to

correspond, and they are treated similarly in a discriminative

learner.

Blitzer, J., Mcdonald, R. & Pereira, F. Domain adaptation with

structural correspondence learning. Proceedings of the 2006

conference on empirical methods in natural language

processing, 2006. Association for Computational Linguistics,

120-128.

Blitzer, J., Mcdonald, R. & Pereira, F. Domain fon with structural learning. Proceedings of
the 2006 conference on empirical methods in natural language processing, 2006. Association for Computational
Linguistics, 120-128.
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8 Formulation of SConES @HO-KDD 5

F(8):= ) a@), g(S) = ALoepw(e) + 7S]
vES connectivity Sm;i

- B={{v,u}€E|veV\S, uc S} (boundary)

- w: E = R* is a weighting function

Azencott, C.-A., Grimm, D., Sugiyama, M., Kawahara, Y. & Borgwardt, K. M. 2013. Efficient network-
guided multi-locus association mapping with graph cuts. Bioinformatics, 29, (13), i171-i179.
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B Example: Disease-Disease Relationship @HC-KDD

Let two words, w;and w, have probabilities P(w;) and P(wj).
Then their mutual information PM! (w,w,) is defined as:

Pw;wy)

Mi(w,w) = log | ——tt

P w) “L(PIW.J P(\v,})

For w; denoting rheumatoid arthritis and w;representing diffuse scleritis the following
simple calculation yields:
Gout

TN S T . .
Plw) = o' P(W) = samam

PMI(ww) = 7.7 g I I lI l I ’ l ' l | B —
FELES o
G

Holzinger, A., Simonic, K. M. & Yildirim, P. Disease-Disease Relationships for Rheumatic Diseases: Web-Based Biomedical
Textmining an Knowledge Discovery to Assist Medical Decision Making. 36th Annual IEEE Computer Software and
Applications Conference (COMPSAC), 16-20 July 2012 2012 Izmir. IEEE, 573-580, doi:10.1109/COMPSAC.2012.77.
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Plwiwy) =
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B Identical Tasks BHCI-DD

-------------- e ye=or
1Domain difference is caused |
by feature representations -

o Dylyle) = Prlylr)

o Bul, g # Xy or Ps(r) # Prir).

Sample Selection Bias
/ Covariate Shift

Domain Adaption
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m @HCI-KDD 5

Open Problem:
How to avoid
negative transfer?
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Three examples for the usefulness of the iML approach  @Hci-koo

= Example 1: Subspace Clustering

= Example 2: k-Anonymization
= Example 3: Protein Design

Hund, M., B6hm, D., Sturm, W., SedImair, M., Schreck, T., Ullrich, T., Keim, D. A., Majnaric, L. &
Holzinger, A. 2016. Visual analytics for concept exploration in subspaces of patient groups: Making
sense of complex datasets with the Doctor-in-the-loop. Brain Informatics, 1-15,
doi:10.1007/540708-016-0043-5.

Kieseberg, P., Malle, B., Fruehwirt, P., Weippl, E. & Holzinger, A. 2016. A tamper-proof audit and
control system for the doctor in the loop. Brain Informatics, 3, (4), 269-279, doi:10.1007/s40708-
016-0046-2.

Lee, S. & Holzinger, A. 2016. Knowledge Discovery from Complex High Dimensional Data. In:
Michaelis, S., Piatkowski, N. & Stolpe, M. (eds.) Solving Large Scale Learning Tasks. Challenges and
Algorithms, Lecture Notes in Artificial Intelligence LNAI 9580. Springer, pp. 148-167,
doi:10.1007/978-3-319-41706-6_7.
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[ The foundation for modern machine learning ... @HCI-KD0 5

TU 185.A83 p,_Aachine Learning
wien for Healthiinformatics 2019
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Project: Tumor-Growth Simulation BHCIKDD 4

= Contribute to understanding tumor growth
= Goal: Help to Refine — Reduce — Replace
= Towards discrete Multi-Agent Hybrid Systems

Jeanquartier, F, Jean-Quartier, C., Cemernek, D. & Holzinger, A. 2016. In silico modeling for tumor growth
visualization. BMC Systems Biology, 10, (1), 1-15, doi:10.1186/512918-016-0318-8.

Jeanquartier, F, Jean-Quartier, C., Kotlyar, M., Tokar, T., Hauschild, A.-C., Jurisica, |. & Holzinger, A. 2016.
Machine Learning for In Silico Modeling of Tumor Growth. In: Springer Lecture Notes in Artificial Intelligence
LNAI 9605. Cham: Springer International Publishing, pp. 415-434, doi:10.1007/978-3-319-50478-0_21.
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@ Limitations of Deep Learning approaches @HCI-KD0

= Computational resource intensive (supercomps,
cloud CPUs, federated learning, ...)

= Black-Box approaches — lack transparency, do
not foster trust and acceptance among end-user,
legal aspects make “black box” difficult!

= Non-convex: difficult to set up, to train, to
optimize, needs a lot of expertise, error prone

Very bad in dealing with uncertainty

Data intensive, needs often millions of
training samples ...
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Project: Graphinius SHCIKDD A

Thu Gireat [Gr
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= Contribute to graph understanding and algorithm prototyping
by real-time visualization, interaction and manipulation

= Supports client-based federated learning

= Towards an online graph exploration and analysis platform

Malle, B., Kieseberg, P., Weippl, E. & Holzinger, A. 2016. The right to be forgotten: Towards Machine
Learning on perturbed knowledge bases. Springer Lecture Notes in Computer Science LNCS 9817.
Heidelberg, Berlin, New York: Springer, pp. 251-256, doi:10.1007/978-3-319-45507-5_17.
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