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Red thread through the lecture today Q@HCI-KDD

= 01 Decision Making under uncertainty
= 02 Graphs — Networks

= 03 Example Medical Knowledge Representation
= 04 Graphical Models and Decision Making
= 05 Bayes Networks

= 06 Graphical Model Learning

= 07 Probabilistic Programming

= 08 Markov Chain Monte Carlo (MCMC)

= 09 Metropolis Hastings Algorithm
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|
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Dgecision trees are coming from Clinical Practice @HOI-KDD
Death from cancer
; Probability 2%
W Decision node Utility 5%
‘® Chance node
4 Qutcome Fertile survival
Probability 98%
Na further Utility 100%
SUrgery
Surgical death
Microinvasive Probability 0-5%
cancer of the Utitity 0%

ki Infertile survival
Radical Probability 98% Phrysiclan treating a patient
Utility 95% appros. 450 B.C
hysterectony Bearley (1963, Attic Red.figured
Infertile survival Vase-Painters, 813, 96.
X v Department of Greek, Etruscan
Sunives (p=99-5%) P“_*_Jab"'b' i and Aoman Antiquities, Sully, 1st
Utility 95% fioor, Campana Gallery, room 43
Spread (p=2%) Lowvre, Paris
Death from cancer
Probability 5%
Utility 5%

Elwyn, G., Edwards, A., Eccles, M. & Rovner, D. 2001. Decision analysis in patient care.
The Lancet, 358, (9281}, 571-574.
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ML needs a concerted effort fostering integrated research @Ho-xoo %

http://hci-kdd.org/international-expert-network
. Data .
Interactive pmjping Knowledge Discovery

Data I.aamlrlg Data Prepro- Data
Visualization = Algorithms  Mapping  cessing Fusion

GDM e Graph-based Data Mining

TOM ° Topological Data Mining

EDM e Entropy-based Data Mining
Privacy, Data Protection, Safety and Security
©  hatinger (e aad g

Holzinger, A. 2014. Trends in Interactive Knowledge Discovery for Personalized Medicine:
Cognitive Science meets Machine Learning. IEEE Intelligent Informatics Bulletin, 15, (1), 6-14,
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U G@HOI-KDD
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Who is Who? @HCI-KDD
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Machine Learning Jungle Top-Level View GHCI-KDD

Cognition || Visualization | | Data fusion |
| Perception "ﬁ. | Preprocessing |

/. Decision Interaction | | Integration \

CONCEPTS THEORIES PARADIGMS MODELS METHODS ToOoLs

| Di ionality | | Compl _.' pervised | ian P. | | Regularization || Python
_Reinfcrcement_ _aa\neslan plx) | ;Supeﬂﬁsgd | GraphlcalM._ Scaling | | Church
Rep | | /KL | | Semi-Superv. | | Neural Nets | | Aggregation | | Anglican
No-free-lunch | | Vapnik-Chernov. | iML Kernel/SVM _. Evolution _ﬂ

Multi-Task Learning | | Transfer Learning | | Multi-Agent-Hybrid-Systems |

Data Protection, Safety and Security and Privacy Aware Machine Learning (PAML)

Application, Validation, Evaluation, Impact - Social, Economic, Acceptance, Trust

Halzinger, A. 2016. Machine Learning for Health Informatics. In: LNCS 9605, pp. 1-24, doi:10.1007/978-3-319-50478-0_1.
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Pre-Knowledge Quiz: Which concepts can you identify? @Ho-koo
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Graphical models are graphs where the nodes represent random
variables and the links represent statistical dependencies between
variables; This provides us with a tool for reasoning under uncertainty
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Ty @HOI-KDD

01 Decision Making
under uncertainty

Laplace, P-S. 1781. Mémoire sur les
probabilités. Mémoires de [Académie
Royale des sciences de Paris, 1778, 227-332.
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Medical action is ... @HO-KDD %

.. perman 'r@ecmon making
Underuncertaiaty!
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@HO-KDD

L —— C prior: Salience Conition

somecne and you want 1o refar 1o the 2
mickdlo object, Which woed would you Lse, 35 } i
“Dlue” or “circle™ B4

HOE -:-

ListenenSatience: imaging -
talking o you and uses 'lhe word oea R Wy
word you dont know] 1o reler 10 one of

these objects. Which cbject are they =9
talking about? &g

Panicipant bets (0

0 20 40 &0 80 100

o 40 -0
Model predictions ] L] |
Frank, M. C. & Goodman, N. D. 2012. Predicting pragmatic reasoning in language

games. Science, 336, (6084), 998-998, doi:10.1126/science.1218633.
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Pattern Recognition and Machine Learning Chapter 8 GHCI-KDD

http://bayes.cs.ucla.edu/BOOK-2K/

https://goo.gl/6a?rOC

Chapter 8 Graphical Models is as sample

chapter fully downloadable for free
Pearl, J. 2009, Causality: Models,

Bishop, C. M. 2006. Pattern Recognition and ing, and Infe e (2nd
Machine Learning, Heidelberg, Springer. Edition), Cambridge, Cambridge
University Press,
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Human Decision Making: probabilistic reasoning GHCI-KDD

UNCERTAINTY
e |
—
=2 y DIAGNOSIS CHOICE
Working 4
([ (| setective |—yrereptonl [H ,, Memory 4 action |
= Attention |, 1 ------- > |
. T ------- > | &
—r
la 0= [
- Long-Term A | oulcomes
Memory (A)A4 7, ieLseincodand;
ﬂm :
[H] Hypothesis eeest
{A) Action 0

Feedback

Wickens, C. D. (1984) Engineering psychology and human performance. Columbus (OH), Charles Merrill.
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Recursive reasoning: a case for probabilistic programming @Ho-koo %

Goodman, N, D. & Frank, M. C. 2016. Pragmatic language interpretation as probabilistic inference. Trends in
Cognitive Sciences, 20, (11), B18-829.
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What are Probabilistic Graphical Models? @ HO-KDD 5

= PGM can be seen as a combination between
= Graph Theory + Probability Theory +
Machine Learning

= One of the most exciting advancements in Ali
decades — with enormous future potenti

= Compact representation for exponentl
probability distributions

= Example Question:
“Is there a path connecting two p

|p the last

= Path (X,Y) := edge (X,Y) .
Path (X,Y):= edge (X,Y),path(Z,Y)
This can NOT be expressed in first-order logic

* Need a Turing-complete fully-fledged language
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Predicting Pragmatic Reasoning in Language Games GHO-KDD S

Frank, M. C. & Goodman, N. D. 2012. Predicting pragmatic reasoning in language
games. Science, 336, (6084), 998-998, doi:10.1126/science.1218633.
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Recommended Books @HO-KDD

BAYESIAN
REASONING

and
MACHINE
LEARNING

David Barber

Murphy, K. P. 2012, Machine Barber, D, 2012,

learning: a probabilistic Bayesian reasoning and Koller, D. & Friedman, N.

2009. Probabilistic

perspective, MIT press. machine learning, - .
Cambridge University gr.?pr?ical miodels:
Prisis. principles and

technigues, MIT press.
http://webd.cs.ucl.ac.uk/s

taff/D.Barber/textbook/18

1115, pdf
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Key Challenges @HO-KDD

= Medicine is an extremely complex application domain — dealing most of
the time with uncertainties -> probable information!

= Key: Structure learning and prediction in large-scale biomedical
networks with probabilistic graphical models

= Causality and Probabilistic Inference
= Uncertainties are present at all levels in health related systems
= Data sets from which ML learns are noisy, mislabeled, atypical, etc. etc.

= Even with data of high quality, gauging and combining a multitude of
data sources and constraints in usually imperfect models of the world
requires us to represent and process uncertain knowledge in order to
make viable decisions in context and within reasonable time!

® |n the increasingly complicated settings of modern science, model
structure or causal relationships may not be known a-priori [1].

= Approximating probabilistic inference in Bayesian belief networks is NP-
hard [2] -> here we need the “human-in-the-loop” [3]

[1] Sun, X, Janzing, D. & Schalkopt, B, Causal Inference by Choosing Graghs with Mast Plausible Markey
Eernels. ISAIM, 2006.
2] Dagum, P. & Luby, M. 1993, Approximating probabilistic inference in Bayesian belief networks is NP-hard,
Artificial intelligence, 60, (1), 141-153,
[3] Holzinger, A, 2016, Interactive Machine Learning for Health Informatics: When do we need the human-in-
the-loop? Springer Brain Informatics (BRIN), 3, 113, doi:10,1007/540708-016-0042-5,
Holringar Group hel-kdd.org ] MAKE Heaith Module 02



TU @HO-KDD A

02 Graphs=Networks
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275 years later ... the “Nobel-prize in Computer Science” @HO-kDD

JUDEA PEARL

httpi/Jamturing.acm.orgfvpfpearl_
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Our World in Data (1/2) = Macroscopic Structures GHCI-KDD

NGC 5139 Omega Centauri by Edmund Halley acama, Chile
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Leonhard Euler 1736 ... GHO-KDD

Pyl e R B =S

Image from https://people.kth.se/~carlofi/teaching/FEL3250-2013/courseinfo.html
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Nobel Prize in Chemistry 2013 @HO-KDD

DEVELOPMENT OF MULTISCALE MODELS FOR

COMPLEX CHEMICAL SYSTEMS Harin Karpl bl i

Prize ghace: 171 Prize shaw: 111 Prize share: |

http:/fwww.nobelprize.org/nobel_prizes/chemistry/laureates/2013

http://news.harvard.edu/gazette/story/2013/10/nobel_prize_awarded_2013/
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Two thematic mainstreams in dealing with data ... @HO-KDD

Bagula & Bourke (2012) Klein-Bottle

Holringer Groug hel-kdd.org % MAKE Health Module 02

Dali, 5. (1931) The persistence of memory

252 years later: Belief propagation algorithm GHO-KDD S

Pearl, ). 1988, Embracing causality in default reasoning. Artificial Intelligence, 35, (2), 259-271.
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First Question: Where does graphs come from? GHCI-KDD 7
= Graphs as = Graphs as
models for networks nonparametric basis
= given as direct input = we learn the structure
(point cloud data sets) from samples and infer
= Given as properties of a = flat vector data, e.g.
structure similarity graphs
= Givenasa = encoding structural

representation of
information (e.g.
Facebook data, viral
marketing, etc., ...)

properties (e.g.
smoothness,
independence, ...)

We skip this interesting chapter for now ...
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Complexity Problem: Time versus Space @HO-KDD
exponential cubic quadratic

L—;,,,,_/" linear

ol
(log n) logarithmic

If
! constant

Data Input (Space)

P versus NP and the Computational Complexity Zoo, please have a look at
https:/fwww.youtube.com/watch?v=YX40hbAHx3s
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Our World in Data — Microscopic Structures @ HO-KDD 5

Wiltgen, M. & Halzi A. (2005) Visualization in Bioi Pratein Structures with Physicochemical
and Biological Annatations. In: Central European Multimedia and Virtual Reality Conference. Prague, Czech
Technical University {CTU), 69-74

Holringer Groug hel-kdd.org 3 MAKE Health Module 02

@HO-KDD 5

Light blue = known proteins
Orange = disease proteins
Yellow ones = not known yet

Stelzl, U. et al.
(2005) A Human &
Protein-Protein
Interaction
Metwork: A
Resource for
Annotating the
Proteome. Cefl,
122, 6, 957-968.
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@HO-KDD

Barabdsi, A. L.,
Gulbahce, N. &
Loscalzo, 1. 2011.
Network medicine: a
network-based
approach to human
disease. Nature Reviews
Genetics, 12, 56-68.
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Getting Insight: Knowledge Discovery from Data GHCI-KDD 7

Wiltgen, M., Holzinger, A. & Tilz, G. P. (2007) Interactive Analysis and Visualization of Macromalecular
Interfaces Between Proteins. In: Lecture Notes in Computer Science (LNCS 4793). Berlin, Heldelberg, New
York, Springer, 199-212,
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@HO-KDD 5

Hurst, M. (2007), Data
Mining: Text Mining,
Visualization and Social
Media. Online available:
http://datamining.typep
ad.com/data_mining/20
07/01/the_blogosphere.
html, last access: 2011-
09-24
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@HO-KDD 2

Costanzo, M., Baryshnikova, A., Bellay, 1., Kim, ¥, Spear, E. D,, Sevier, C. 5., Ding, H., Koh, 1. L.,
Toufighi, K. & Mostafavi, 5. 2010. The genetic landscape of a cell. science, 327, (5964), 425-431.
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First yeast protein-protein interaction network

@HO-KDD 5

Holringer Groug hel-kdd.org

Nodes = proteins

Links = physical interactions
{bindings)

Red Nodes = lethal

Green Nodes = non-lethal
Orange = slow growth
Yellow = not known

Jeong, H., Mason, 5.
P, Barabasi, A. L. &
Oltvai, Z. N. (2001)
Lethality and
centrality in protein
networks. Nature,
411, 6833, 4142,
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@HO-KDD 5

Social Behavior Contagion Network

Information object

Holringer Groug hel-kdd.org

'3

Example for a weakly structured data set - PPI

Aral, 5. {2011)

o Identifying Social

* Influence: A Comment

on Opinion Leadership

and Social Contagion in
New Product Diffusion.
Marketing Science, 30,

2, 217-223.

MAKE Health Module 02

@HO-KDD 5

Holringer Groug hel-kdd.org

%e—a ° Kim, P. M., Korbel, J. O.

& Gerstein, M. B, 2007.
Positive selection at the

. Protein network

periphery: Evaluation in
terms of structural
constraints and cellular
context. Proceedings of
the National Academy of
Sciences, 104, (51),
20274-20279.
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TU @HOI-KDD

Graph Model

04 Graphical Models
_-anc Demsmn Making

A Data

D= X0 X9 .. X

Holringer Group hel-kdd.org k) MAKE Health Module 02

Regulatory>Metabolic>Signaling>Protein>Co-expression @Ho-koo %

Transcription factor
fo . Enrymes

Protein
e @@
Directed, Signed, Undirected, s
weighted weighted Directed Undirected Undirected
Image credit to Anna Goldenberg, Toronto
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Remember @HO-KDD

= Medicine is an extremely complex application
domain — dealing most of the time with
uncertainties -> probable information!

= When we have big data but little knowledge
automatic ML can help to gain insight:

= Structure learning and prediction
in large-scale biomedical networks
with probabilistic graphical models

= |f we have little data and deal with NP-hard
problems we still need the human-in-the-loop

Holringer Group hel-kdd.org a3 MAKE Health Module 02

Classes of Graphical Models @HO-KDD

Murphy, K. P. 2012. Machine learning: a probabilistic perspective, Cambridge (MA), MIT press.
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Decision Making: Learn good policy for selecting actions @Ho-koo %

Goal: Learn an optimal policy for selecting best actions
within a given context

Forit:= 1T

1) The world produces a
“context” x, € X

2) The learner selects an action
a €{1,.., K}

‘| =k
3) The world reacts with

Bedsude areward r.(a;) € [0,1]
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Three types of Probabilistic Graphical Models GHOI-KDD
.. " Undirected: Markov random fields, useful

e.g. for computer vision (Details: Murphy 19)

“;‘ . P(X) = %exp (Z Wi xix; + Zx‘.bf) ’o .O

@ ® Directed: Bayes Nets, useful for designing
" ‘ . models (Details: Murphy 10)

[ 3 ‘ px) = H plak|payg)

k=1

(Y Factored: useful for inference/learning
m p(x) =[] folxs)
Js I 2 Ja s
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Naive Bayes classifier as DGM (single/nested plates) GHCI-KDD

... multinomial parameter vector, Stationary distribution of Markov chain
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GM are amongst the most important ML developments @Ha-koo22

= Key Idea: Conditional independence assumptions are
very useful — however: Naive Bayes is extreme!

= X is conditionally independent of Y, given Z, if the P(X)
governing X is independent of value Y, given value of Z:

Vi, , E)P(X = zlY =y, Z = z) = P(X = xi|Z = %)
can be abbr. with P(X|Y,Z) = P(X|Z)

= Graphical models express sets of conditional
independence assumptions via graph structure

= The graph structure plus associated parameters define
joint probability distribution over the set of variables

Holringer Group hel-kdd org a MAKE Health Module 02
Factor Graphs — learning at scale @HO-KDD

= What is the advantage of factor graphs?

Dependency | Efficient
Inference
Bayesian Networks Ancestral

Generative
Process

Markov Networks Yes No Local Couplings

and Potentials

Factor Graphs No Yes Efficient,
distributed

inference

Table credit to Ralf Herbrich, Amazon
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From structure to function prediction @HOI-KDD

Topology

30 Structure

Baldi, P. & Pollastri, G. 2003. The principled design of large-scale recursive neural network
architectures--dag-rnns and the protein structure prediction problem. The Journal of
Machine Learning Research, 4, 575-602.
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Example: Protein Network Inference @HO-KDD

vl 20 Buped. 1 00, fuages DE3-070
DOE 20 10V R raseR TG 10

. Protein network inference from multiple
genomic data: a supervised approach
¥, Yamanishi'-*, JL.-P. Vert® and M. Kanehisa'
al " Bioindormatics Center, institufe for Chermical Ressarch, Kyodo Liniversity, Gokisho,
L. Kyoda 611-001 1, Japan and *Compuiationsl Biology group, Ecole des Minas de
Poris, 35 rue Saint-Honond, 77305 Fordanetiony cocas, France

2 d
] /
H { /
il 1,
|I 14
Kevp (Expression) {
Kppi (Protein interaction) u I|rJr /
Ko (Localization) -
K iy (Phylogenetic profile) 2 y
Kexp + Kppi + Kioc + Kpiy ey
(Integration) Faie pasten
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Bayesian Network (BN) - Definition @HO-KDD

= is a probabilistic model, consisting of two parts:
= 1) a dependency structure and
= 2) |local probability models.

PGy, xn) = [ [pCri| PaGe)
i=1

‘Where Pa(x;) are the parents of x;

BN inherently model the uncertainty in the data. They are a successful marriage between
probability theory and graph theory; allow to model a multidimensional probability
distribution in a sparse way by searching independency relations in the data. Furthermore
this model allows different strategies to integrate two data sources.

Pearl, J. (1988) Probabilistit g in intellig netwaorks of plausible inference. San
Francisco, Morgan Kaufmann.
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Protein Network Inference @HOI-KDD

= Hypothesis: most biological functions involve the
interactions between many proteins, and the
complexity of living systems arises as a result of
such interactions.

= |n this context, the problem of inferring a global
protein network for a given organism,

= - ysing all (genomic) data of the organism,

= is one of the main challenges in computational
biology

Yamanishi, Y., Vert, .-P. & Kanehisa, M. 2004, Protein network inference from multiple
genomic data: a supervised approach. Bioinformatics, 20, (suppl 1), i363-i370.
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Example: Data fusion and Protein Annotation GHCI-KDD

vl 300 904, g - 05
e ——

3 A fr. rk for g ic data fusion
Fﬁ Get A G. Lanchriar’, T De Ee”, Nedo Cristianii,
Michasl | Jordar?’ and William Stafford Noble™*
‘

| Dgartmore nter Scieron,  Divison of Cormpter

Soience, Copartment of Siatstios, Lntorsty of Calomi, Sarksiey 54720, LGA.

ADepartnens of ESAT-5CT, 0

Eeigasm, * Depariment of Stafisscs, Linversty of Calfomin, Dvs 95514, L5A and

*Cepurtmenst of Giarcrme Sciences, Linversity of Washington, Seaftie 58195, LSA
0

i e

go
Kemet [ Sy w2 ﬂ

% [ Tl
Kvw ot e £ D o
L T gy BLAST L) W Pam FFT u o £ -
Krnan potes segmrcn Peam HMM ' —
L Iyt prsiie T
Ky PrTare mErTAC R e hrvmed. o8
o o st el
oy o LT rmdial e bt o
e v ian e e bt

18} Slombrane prsicms

Lanckriet, G. R., De Bie, T, Cristianini, N., Jordan, M. I. & Noble, W. 5. 2004, A statistical
framework for genomic data fusion. Bioinformatics, 20, (16), 2626-2635,
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Example: Directed Bayesian Network with 7 nodes GHCI-KDD 7
p(Xi,...0 Xr7) -

p(X1)p(X2)p(X3)p(Xa| X1, Xo, X3)-
p(Xs X1, X3)p(Xe| Xa)p(X7| X1, Xs)

X
Xo

X7
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Problem: Is Graph Isomorphism NP-complete ? GHCI-KDD 7
Borgwardt, K. M., Ong, C. 5., Schénauer, 5., "oy
Vishwanathan, 5., Smola, A. J. & Kriegel, H.- ¥
2005. Protein function prediction via graph *
kernels, Bioinformatics, 21, (suppl 1), i47-i56. P -
proicia secomdary  sequence strecture

struchare

= |mportant for health informatics: Discovering
relationships between biological components

= Unsolved problem in computer science:

= Can the graph isomorphism problem be solved in
polynomial time?
= So far, no polynomial time algorithm is known.
= |t is also not known if it is NP-complete
= We know that subgraph-isomorphism is NP-complete

Holzinger Groug hel-kdd.org 4 MAAKE Health Module 02

Ty G@HO-KDD

05 Bayesian
Networks
“Bayes’ Nets”
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Clinical Case Example @HO-KDD

Overmoyer, B. A.,
Lee, . M. &
Lerwill, M. F.
{2011} Case 17-
2011 A 49-Year-
Old Woman with a
Mass in the Breast
and Overlying Skin
Changes. New
England Journal of
Medicine, 364, 23,
2246-2254.
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= = the prediction of the future
course of a disease conditional
on the patient’s history and a
projected treatment strategy

= Danger: probable Information !

= Therefore valid prognostic
models can be of great benefit
for clinical decision making and
of great value to the patient,
e.g., for notification and quality
of-life decisions

Knaus, W. A., Wagner, D. P. & Lynn, 1. {1991) Short-term mortality predictions for critically ill
hospitalized adults: science and ethics. Science, 254, 5030, 389.
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Breast cancer — big picture — state of 1999 @HCI-KDD
Alcoholic & Skin Nipple Breast
Smoking Thickeni Discharge Pain

| tomone | e
/ Lump

‘ Menopause ;—a Breast Cancer

Family Architectural Tissue Microcalei-
History Distortion Asymmetry fications

‘Wang, X. H., et al. (1999) Computer-assisted diagnosis of breast cancer using a data-driven
Bayesian belief network. International Journal of Medical Informatics, 54, 2, 115-126.
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Concept Markov-Blanket @HO-KDD

Gevaert, 0., Smet, F.D,,
Timmerman, D.,
Moreau, Y. & Moor, B. D,
(2006) Predicting the
prognosis of breast
cancer by integrating
clinical and microarray
data with Bayesian
networks.
Bioinformatics, 22, 14,
184-190.
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Predicting the future on past data and present status GHCI-KDD

current patient state next patient state

Risk factors Risk factors
Pathog i Pathogenesis
Disorders o Disorders
model
Pathophysiclogy Pathophysiclogy
Finding: Findings
‘yicn Tests
el Treatments
physician
b
Cal
past future

van Gerven, M. A, )., Taal, B. G, & Lucas, P. ). F. (2008) Dynamic Bayesian networks as prognostic

maodels for clinical patient 8 Journal of Bit dical Informatics, 41, 4, 515-529.
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10 years later: Integration of microarray data GHCI-KDD

= |ntegrating microarray data from multiple studies to increase
sample size;

= = approach to the development of more robust prognostic tests

Xu, L., Tan, A., Winslow, R. & Geman, D. (2008) Merging microarray data from separate breast
cancer studies provides a robust prognostic test, BMC Bioinformatics, 9, 1, 125-139.
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Dependency Structure -> first step (1/2) @HOI-KDD

= First the structure is learned using a search strategy.

= Since the number of possible structures increases super
exponentially with the number of variables,

= the well-known greedy search algorithm K2 can be used in
combination with the Bayesian Dirichlet (BD) scoring metric:

g 1] Ty '
I'(N'i) F(N'iji + Niji)
s <o 11 ,
p(S|D) « p( )i=1 L] TV, + N LT TV

Niji ... number of cases in the data set D

having variable i in state k associated with the j-th instantiation
of its parents in current structure S.

n is the total number of variables.
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Example: Breast cancer - Probability Table @HOI-KDD

Category Naodde description State description
Diagnosis Breast cancer Present. absent.
Clinical his- Habit of drinking alcoholie beverages and  Yes, no.
tory smoking
Taking female hormones Yes, no.
Have gone through menopause Yes. no,
Have ever been pregnant Yes, no.
Family member has breast cancer Yes, no,
Physical find-  Nipple discharge Yes. no.
ings
Skin thickening Yes. no.
Breast pain Yes, no,
Have o lumpis) Yes, no.
Mammao- Architectural distortion Present, absent,
graphic
findings
Muss Score from one to three, score Trom four 1o five.
absent
Microcakeification cluster Seore from one to three. score Trom four o five.
absent
Asymmetry Present, absent.

‘Wang, X. H., et al. (1999) Computer-assisted diagnosis of breast cancer using a data-driven
Bayesian belief network. International Journal of Medical Informatics, 54, 2, 115-126.
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Example: BN with four binary variables @HCI-KDD
Gene 1
P{on) 0.8
P(off) 0.2
Gene2 Genel Genel Gene2 Genel Genel
an off on off
P(on) 0.3 0.6 e P{on) 0.3 0.6
Ploff) 0.7 0.4 Ploff) 0.7 0.4

Prognosis Gene2on Gene2on Gene 2off Gene 2 off
Gene3don Gene3off Gene2on  Gene 3off

P{good) 0.6 0.1 0.9 0.5

P(poor) 0.4 0.9 0.1 0.5
Gevaert, 0., 5met, F. D., Timmerman, D., Moreau, Y. & Moor, B. D. (2006) Predicting the
prognosis of breast cancer by integrating clinical and microarray data with Bayesian networks.
Bioinformatics, 22, 14, 184-190.
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Dependency Structure — first step (2/2) @HOI-KDD

= Next, Nj; is calculated by summing over all states of a variable:

= Ny = Z;;‘N,-I-R-N'Uk and N';; have similar meanings but refer to prior
knowledge for the parameters.

= When no knowledge is available they are estimated using Ny ;. = N/(riq;)

= with N the equivalent sample size,

= r; the number of states of variable i and

= g; the number of instantiations of the parents of variable (.

= ['(.) corresponds to the gamma distribution.

= Finally p(S) is the prior probability of the structure.

= p(5) is calculated by:

= p(S) =TT, TS, (i — x) Ty =y pOmaxy)

= with p; the number of parents of variable x; and o; all the variables that are
not a parent of x;.

= Next, p(a — b) is the probability that there is an edge from a to b while
p(ab) is the inverse, i.e. the probability that there is no edge from a to b
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Parameter learning -> second step GHO-KDD S

+ Estimating the parameters of the local probability models corresponding
with the dependency structure.

* CPTs are used to model these local probability models.

* For each variable and instantiation of its parents there exists a CPT that
consists of a set of parameters.

+ Each set of parameters was given a uniform Dirichlet prior:

p(045]S) = Dir(8iIN" 10 oo N' ik s N' i)

Note: With 6;; a parameter set where  refers to the variable and f to the j-th instantiation of
the parents in the current structure, & contains a probability for every value of the variable x;
given the current instantiation of the parents, Dir corresponds to the Dirichlet distribution with
(N'ij10 s N'ijr, ) a5 parameters of this Dirichlet distribution. Parameter learning then consists of
updating these Dirichlet priors with data. This is straightforward because the multinomial
distribution that is used to model the data, and the Dirichlet distribution that models the prior,
are conjugate distributions. This results in a Dirichlet posterior over the parameter set:

P(BUID‘ S) = Dir(@IN"ijs + Nijuo oo N + Nuﬁ'v--‘eru". + Nijr,)

with N defined as before.
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My name is Andreas Holzinger ... @HO-KDD 7%

Often it is better to
have a good solution
within time — than an

perfect solution
(much) later ...
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Learning the Structure of GM from data @HOI-KDD

1) Test if a distribution is decomposable with regard to a given graph.
= This is the most direct approach. It is not bound to a graphical
representation,
= |t can be carried out w.rt. other representations of the set of subspaces to
be used to compute the (candidate) decomposition of a given distribution.
2) Find a suitable graph by
= This is a heuristic, but often highly successful approach, which is based on
the frequently valid assumption that in a conditional independence graph
an attribute is more strongly dependent on adjacent attributes than on
attributes that are not directly connected to them.
3) Find an independence map by conditional independence tests.
= This approach exploits the theorems that connect conditional
independence graphs and graphs that represent decompositions.

ing the strength of dependences.

= It has the advantage that a single conditional independence test, if it fails,
can exclude several candidate graphs. Beware, because wrong test results
can thus have severe consequences.
Borgelt, C,, Steinbrecher, M. & Kruse, R. R. 2009. Graphical models: representations for

learning, reasoning and data mining, John Wiley & Sons.
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Y Predicting the prognosis of breast cancer (integrated a.) @Ho-kDD -

Gevaert, 0., Smet, F.D.,
Timmerman, 0., Moreau, Y. &
Moor, B. 0. (2006) Predicting
the prognasis of breast cancer
by integrating clinical and
microarray data with Bayesian
networks. Biginformatics, 22,
14, 184-190,
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Finally a practical example GHCI-KDD

06 Graphical
Model Learning
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A Question @HCI-KDD S
Who of you is Who of you is
NON-Smoker 7 Smoker ?

Asthmatic airway Asthmatic airway
during attack

Normal airway

Beasley, R. 1998, Worldwide variation in prevalence of symptoms of asthma, allergic
rhinoconjunctivitis, and atopic eczema: ISAAC, The Lancet, 351, (9111), 1225-1232,
doi:http://dx.doi.org/10.1016/S0140-6736(97)07302-9.
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Inference in Bayes Nets is intractable (NP-complete!) @HCI-KDD A

= For certain cases it is tractable if:
= Just one variable is unobserved
= We have singly connected graphs (no undirected
loops -> belief propagation)
= Assigning probability to fully observed set of
variables
= Possibility: Monte Carlo Methods (generate
many samples according to the Bayes Net
distribution and then count the results)
= Otherwise: approximate solutions, NOTE:

Sometimes it is better to have an approximate
solution to a complex problem — than a perfect
solution to a simplified problem

Holringer Group hel-kdd.org MAKE Health Module 02
Learning Graphical Models from data GHCI-KDD

= Remember: GM are a marriage between
probability theory and graph theory and provide
a tool for dealing with our two grand challenges
in the biomedical domain:

Uncertainty and complexity

= The learning task is two-fold:
1) Learning unknown probabilities
2) Learning unknown structures

Jordan, M. |, 1998, Learning in graphical models, Springer
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Example for Graphical Model Learning GHCI-KDD

5 i Bayesian Network
Patient J46 | Tussis

Florian 1
Tamas 0 0
Matthias 1 0
Benjamin 0 1
Dimitrios 0 i 0
Rows are independent
during learning and
Florian 0 ? ? inference!
Florian 0 0.3 0.2
Holringer Group hel-kdd.org 7 MAKE Health Module 02



Relational Representation Learning and Prediction GHCI-KDD

= Asthma can be hereditary
= Friends may have similar smoking habits

= Augmenting graphical model with relations between
the entities — Markov Logic
2.1 Asthma = Cough

3.5 Smokes = Cough

Asthma

2.1 Asthma(x) = Cough(x)

Congh 3.5 Smokes(x) = Cough(x)

1.9 Smokes(x) A Friends(x,y)
=> Smokes(y)

1.5 Asthma (x) A Family(x,y)

= Asthma (y)
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Probabilistic-programming.org GHCI-KDD 7

* C — Probabilistic-C

= Scala — Figaro

= Scheme — Church T

= Excel — Tabular o

<@

Prolog — Problog
= Javascript — webPP

: — Venture PYM ca

Python —» PyMC
PYMCF'-,-n-.:.r.i-_ Markov chain Monte Carlo

TR AT
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Finally a practical example GHCI-KDD

08 Markov Chain
Monte Carlo
(MCMC)
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Knowledge Representation > Reasoning > Learning GHO-KDD S
= i Probabilistic Program
,=|, Programming Induction
) [ -]
g 2 5
7] Stati £ Statistical £
o Relational Models £ Relational g
= = S b -]
Probabilistic 2. 2 it ) [P
Dﬂ'la ases :" E = =
-
L
Graphical f; E Graphical
Models Bayesian 13 LMNLEl
Networks = bl
Knowledge Reasoning Machine
Representation Learning

Example for probabilistic rule learning, in which probabilistic rules are learned from probabilistic examples: The ProbFOIL+
Algorithm solves this problem by combining the principles of the rule learner FOIL with the probabilistic Prolog called
Problog, see: De Raedt, L, Dries, A, Thon, 1., Van Den Broeck, G. & Verbeke, M. 2015. Inducing probabilistic relational rules

from istic examples. b Joint Conf on Artificial i {ca).
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Probabilistic programs vs. graphical models GHOI-KDD
Probabilistic Graphical
Program Model

Variables Variable nodes
Functions/operators Factor nodes/edges
| Fixed size loops/arrays Plates
If statements Gates (Minka & Winn)

Variable sized loops,
Complex indexing,
jagged arrays, mutation, No common equivalent
recursion, objects/
properties...
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TU GHCI-KDD

Monte Carlo Method (MC)
Monte Carlo Sampling
Markov Chains (MC)
MCMC
Metropolis-Hastings

£ 2
“*‘g%iu/
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TU @HOI-KDD
L] L] L]
07 Probabilistic
[ ]
Programming
Medical Example GHO-DD
p— . M'#. . L * Simple oxample: Nucleatide “A” may lollow nucleotice “T~ in the
: sequences mare irsquantly for oucome X than lor outcome Y,
: P(AIT,X)> P(AIT,Y) 2

. - o u 3
T :
A : P(p18){P(6)
- 0 P(D18) Ple) p{guj}:
T pp) P(D)
6 . S
o 5@‘5 (6)
= - 18)- Pl
5 p[9|g)= Pe1 D)= 3
(D) P(D)
Image Source: Dan Williams, Life Technologies, Austin TX
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In real-world systems you have observable data D GHCI-KDD

= often we want to calculate characteristics of a
high-dimensional probability distribution ... ~ p(D|#)

p(h|d) o< p(D|6) * p(h)
Posterior integration problem: (almost) all statistical
inference can be deduced from the posterior

distribution by calculating the appropriate sums,
which involves an integration:

o = /f(ﬂ) * p(0|D)db
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Origin @HO-KDD 7% Simulation of samples ... @HO-KDD 7% named after @HO-KDD L

= Statistical physics: computing the partition
function — this is evaluating the posterior
probability of a hypothesis and this requires
summing over all hypotheses ... remember:

H ={H1,Hs,....,H,} V(h,d)

P(d|h) * P(h)
> wen P(dN)P(R)

P(h|d) =

Summary: What are Monte Carlo methods? GHCI-KDD MC connects Computer Science with Cognitive Science  @Ha-xoD L Mathematical simulation via MC GHCI-KDD

= Class of algorithms that rely on repeated = for solving problems of probabilistic inference = Solving intractable integrals

random sampling involved in developing computational models " 2 S o5

i 2 Bayesian statistics: normalizing

= Basic idea: using randomness to solve problems = 3s a source of hypotheses about how the human i

with high uncertainty (Laplace, 1781) mind might solve problems of inference constants, expectations,
= For solving multidimensional integrals which = For a function f(x) and distribution P(x), the marginalization

would otherwise intractable expectation of f with respect to P is generally = Stochastic Optimization —
= For simulation of systems with many dof the average of f, when x is drawn from the

e g = Generalization of simulated annealin
= e.g. fluids, gases, particle collectives, cellular probability distribution P (x) e

structures - see our last tutorial on Tumor = Monte Carlo expectation maximization

growth simulation! £ (w)( Z f(£ ) = (EM)
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Physical simulation via MC @ HOI-KDD 5,223 citations as of 26.03.2017 34,140 citations (as of 26.03.2017) @HO-KDD %
JOURNAL OF THE AMERICAN
= Physical simulation STATISTICAL ASSOCIATION . T“T.'," Smictana b:_fmcawr‘-n:c:::l:e; 3
™ . - . ¥ ] Number 247 SEFTEMNER 1040 Valuma 44 L N o ." .
estimating neutron diffusion time . ==, S e TN e e b
= Computing expected utilities and best responses e o o, ww:.-rr::.:'::::.:z:.:“.:-:.. b B
toward Nash equilibria R e o i e e
X"t approach to the sudy of diferential squatiom, or mors ) - b ;
geverally, of lategrs-SBerential equations that serer in HE parpons of i popar i 15 doaczioe n gromonl o e o e e 102 feasible sse foe
= Computing volumes in high- dlmen5|ons.fx£ o ke of e s s o g e e et i
j ear ek o dillerat mathematoal metbods of tmating 262 Source: ook g o Aglgnon e 5 m-; mepeshily .w.w
L ical phenomena. s [mvolving only & few particles were ices.org/or i . L Vet g the Temphts leancet b prioie
Computing eigen-functions and Valueﬁ of, 43 B e i, oy o ety abtores/nichols meapos e Rt o S,
operators (e.g. Schrodinger) il e o o Bl o g it |
“ af mlhm yu:h;;l;.:ﬂ:ﬁ;.hwr -zdp-_wt;:u dm_wn;m: ﬁuwr-ﬂlﬂnpnﬂ;lm sod u ,m—..—, e
; uarrialg opime i o ok -ttt i hR 3 Lt oo o e e e o
® Statistical physics ' a i v o i o b B T oy o mi ey S e R
. : 2 of seta, the basie theary of |mu|‘nuw and the twentisth century de- Raing mvestiganed conuider oaly the misimme distasce .5
= Counting many things as fast as possible ! ot of s hateyof it sespered b (ssal sppanis T e Rt i oy 285t s 8
nmpm'udwn of points rather than of individusl points and is, N., AW, M. N, Teller, A, H, & Teller, E. 1953, Equation of State Calculations

by chnmpulmg Machines. The Journal of Chemical Physics, 21, (6), 1087-1092, dod:10.1063/1.1699114.
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10,624 citations as of 26.03.2017 @HO-KDD

Biamatrite (19794, 8, 1, . ¥ a7
Frinted in tirsat Bruin

Monte Carlo sampling methods using Markov
chains and their applications
By W, K. HASTINGS
Unirersity of Toronte
Saneamr
A generalization of the smpling method introduced by Metropolis f al. (193] is pro-
sented along with an exposition of the relovant theary, techniques of application and
methods and difficulties of aasessing the error in Monte Carlo estimates. Examples of the

methods, incading the Fmﬂmn(undnnoﬂ}mgmulummmd pmmhhlnpp{lﬂ
tiona of the methods to numerical problems arising in statistios, aro discussed

1. Lernemomen

For numerical problesns in a b nﬂw
more efficent than conventional numerical methods. However, implementation of

Momte Carlo methods recquires sampling from high dimensional pmb.umy muuw

for munpling from, or seissating sspeciations with respuet 10, such distibetions are aa
fedlaw.

) 1 poible
distribations rom which llmpln sy by sl

) U ling. which may slso be d dhwetion. That s, in
order to mhnle the llﬂ'w‘]
7 = [erptaiis = B0,

ﬂv‘—rf-'lnnjmhlilllr -I-'\-!yrnmhulmnd »Mh-mh‘ Iuﬂr;-whu—m-h
- 2y froem pir) F, = Efi N

Hastings, W. K. 1970, Monte Carlo sampling

methods using Markov chains and their
applications. Biometrika, 57, (1), 97-109,
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Finally a practical example @HO-KDD

09 Metropolis-
Hastings Algorithm
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Importance sampling GHO-KDD

= Importance sampling is a technique to
approximate averages with respect to an
intractable distribution p(x).

= The term ‘sampling’ is arguably a misnomer
since the method does not attempt to draw
samples from p(x).

= Rather the method draws samples from a
simpler importance distribution g(x) and then
reweights them

= such that averages with respect to p(x) can be
approximated using the samples from g (x).
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Remember @HCI-KDD S

= Expectation of a function f(x, y) with respect to
a random variable x is denoted by E,, [f(x, y)]

= |n situations where there is no ambiguity as to
which variable is being averaged over, this will be
simplified by omitting the suffix, for instance Ex.

= |f the distribution of x is conditioned on another
variable z, then the corresponding conditional
expectation will be written Ex[f (x)]|z]

= Similarly, the variance is denoted var[f(x)], and
for vector variables the covariance is written
cov[x,y]
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Metropolis, Rosenbluth et al. (1953), Hastings (1970) GHCI-KDD

Psi1

Image Source: Peter Mueller,
Anderson Cancer Center
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Gibbs Sampling GHO-KDD

= The Gibbs Sampler is an
interesting special case of MH:

4 5

Image Source: Peter Mueller,
Anderson Cancer Center
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Global optimization: What is the main problem? GHCI-KDD 7

argmax f(x)

| plye) ()
p(ely) = Jx plylz) * p(x)dz

Normalization:

Marginalization:

o) = /Z ple, 2)dz

Expectation: E,)(f(z)) = [ f(z)p(z)dz

JX
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Metropolis Hastings MCMC sampling @HOI-KDD

1: Choose a starting point x'.
2 fori=2to L do

Draw a candidate sample =*™™ from the proposal (x'|2'~").
S ﬁ.[,r-llf..-mwl,umr|

if a > 1 then o = poand

else

draw a random value u uniformly from the unit interval [0, 1].
if u < a then 2! = prond

o om oo s W

machine learning, Cambridge, Cambridge

Barber, D. 2012, Bayesian reasoning and
University Press, p. 500
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Sample @HO-KDD &

Azizi, E., Airoldi, E. M. & Galagan, J. E. 2014,
Learning Modular Structures from Network Data
and Node Variables. Proceedings of the 315t
International Conference on Machine Learning
(ICML), Beijing: IMLR, 1440-1448,
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Ty @HO-KDD 7
Algorithm 1 RIMCMC for sampling parameters '
Inputs: E\
Node Variahles Data X 'cj|— ——
Network Data B =8 £

o
for iterations | = 1 1o J do ol :
Sample AU given AY) using Alg 2 in (Asistetal., * war
2014) at
Sample SU+1) given SU) using Alg 3 in (Azizi et al,
2014) . P
for modules k = 110 K1) do e JIrm I.‘
Propame w1 ~ N(wl, 1) ki VW Toy o o
Accept with probability F,.,: update XU+

for parents v = | to /i, do e
Propose =) \:1‘” 1); accept with P, —
Propase 7 —"’ o NIE D scoept with
Pt
end for
end for
for condition « = 1 te O d
phtn \Uz.'“" I): accept with P,
Propose 30 o N9 RUY 1: accept with B, =1 R
end for e el
end for

oz ol [X) [}
Fi Posies Rate
Azlzl, E, Alroldl, E M. & Galagan, ). E 2014, Learning Modular Structures from m;uwﬂodam

mel‘?uﬁm?‘mlmm Conference on M%I" Learning (ICML). Beljing: IMLR. lﬂﬂ-mmlm FART

MCMC based DPFM outperforms other approaches GHCI-KDD

o B e Ty

Diepromn EE—_ o

Catiier Catiteriseiion EEEE—  um
ity IE— e
0% o6 o7 o8
e
(a) (b)

Henao, R., Lu, ). T, Lucas, J. E., Ferranti, J. & Carin, L. 2016. Electronic health record analysis via deep
poisson factor models. Journal of Machine Learning Research IMLR, 17, 1-32.
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Ty G@HO-KDD

Questions
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Myobacterium tuberculosis Gene Regulatory Network  @Ha-xop i

o e
-
e
W g R
e s
[iep—
o - e [
. q'- . ~! =
g 3 =
® = @ i
- - : §
1@ W £ -
; §
x P | i
et ."J:: Q . (. context i}
@ = .. -
Azizi, E., Airoldi, E. M. & Galagan, ). E. 2014, Learning Modular Structures from Network Data and Node Variables.
Proceedings of the 315t International Conference on Machine Learning (ICML). Beijing: IMLR, 1440-1448,
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TU @HO-KDD 7

Still ... there are a lot of
open problems and
challenges to solve ...

no chance to retire!
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Sample Questions @HO-KDD

= \What is the main difference between the ideas of Pierre
Simon de Laplace and Lady Lovelace?

= What is medical action consiting most of the time?

= How does a human make a decision - as far as we know?

= What is the main idea of a probabilistic programming
language?

= Why did Judea Pearl receive the Turing Award (Noble Prize
in Computer Science)?

= What fields are coming together in PGM?

= What are the challenges in network structures?

= Give a classification of Graphical Models!

= What are plates and nested plates?

= Provide corresponding examples of metabolic networks!
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Electronic Health Record Analysis via Deep Poisson GHCI-KDD

i
%n

.
Q! o Oae ““(P s
: :
[1:|:_.\|IJ] [p["A(I.IJ] Eppacz.u] [pp,\m.u]
!

[@E ® < O« O <M
(b} {e)

Henao, R., Lu, ). T, Lucas, J. E., Ferranti, J. & Carin, L. 2016. Electronic health record analysis via deep
poisson factor models. Journal of Machine Learning Research IMLR, 17, 1-32.
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@HO-KDD -

Thankyou'
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Holringer Groug hel-udd.org

Ty G@HO-KDD

= What is a factored graph?

= Describe the protein structure prediction problem! Why is
it hard?

= Why are protein-protein interactions so important?

= Describe the problem of graph-isomorphism!

= How does a Bayes Net work?

= Why is predicting important in clincial medicine?

= What is a Markov-Blankett?

= Which two tasks do we have in Graphical Model Learning?

= Why would we need probabilistic programming
lanugages?

= Describe the main idea of MCMC!

= What is the main problem in marginalization?

= What is the benefit of the MH Algorithm?
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@HO-KDD

Appendix
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@HO-KDD -
(e
II
S~
Stiller, A., Goodman, M. & Frank, M. C. Ad-hoc scalar implicature in
adults and children. CogSci, 2011.
WAAKE Health Module 02
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Some more specialist literature @HO-KDD

Rubinstein, R. Y. &
Kroese, D. P. 2013. The
cross-entropy method: a
unified approach to
combinatorial
optimization, Monte- Wiley
Carlo simulation and

machine learning,

Springer

Rubinstein, R. Y. &
Kroese, D. P. 2013.
Simulation and the
Monte-Carle Method,
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Where do the data come from? @HO-KDD %

DIRECT SUBMISSIONS.

DATA SETS FROM HIGH- THROUGHPUT
PROTEIN-PROTEIN INTERACTION PROMCTS

MOLECULAR-INTERACTION
DATA FROM PUBLICATIONS

CURATION

http:/fwww.ebi.ac.ukfintact/
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Basics and Background reading

@HO-KDD

Bishop, C. M. 2007. Pattern
Recognition and Machine
Learning, Heidelberg, Springer.
Chapter & on graphical models
openly available:
http://research.microsoft.com/en-
us/um/people/cmbishop/prmi/
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LY

Machine Learning

Murphy, K. P. 2012.
Machine learning: a
probabilistic
perspective, MIT

press. Chapter 26 (pp.

907) - Graphical
model structure
learning

m

Koller, D. & Friedman,
N. 2009. Probabilistic
graphical models:
principles and
techniques, MIT press.
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