Welcome /o HCAI TUESS What will we learn in this lecture ? /o HCAI
185.A83 Machine Learning for Health Informatics
20218, Vl{, 2.0 h, 3.0 ECTS = 00 Reflection
Andreas Holzinger, Rudolf Freund . )
Marcus Bloice, Florian Endel, Anna Saranti = 01 Data — the underlying physics of data
e . = 02 Biomedical data sources —taxonomy of data
From data to prObabIIIStIC = 03 Data integration, mapping, fusion
[ J [ n . _ _
information and knowledge 04 Information -Theory — Entropy
Contact: andreas.holzinger AT tuwien.ac.at = 05 Knowledge Representatlon -
Ontologies — Medical Classifications
https://human-centered.ai/lv-185-a83-machine-learning-for-health-informatics-class-of-2021
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Where is the Biologist in this image ? /o HCAI What happens if you feed in data into your ML pipeline ? /o HCAI

THIS 15 YOUR MACHINE LEARNING SYSTETT?
YUP! YOU POUR THE DATA INTO THIS BIG

THE ANSLERS ON THE OTFER SICE.
WHAT IF THE ANSLERS ARE LIRONG? )

JUsT STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

= B W= RS X
e ;\
H”[ a l \Iﬁ
Pedro Domingos 2015. The Master Algorithm: How the Quest for the Ultimate Learning Machine Will Remake Our World, Penguin UK. .
Image Source: Randall Munroe https://xkcd.com

This image is used according UrhG §42 lit. f Abs 1 as “Belegfunktion” for discussion with students
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How to ensure good data quality assessment ? /o HCAI What is the FAIR guiding principle for scientific data ? /o HCAI
am&?}" mmwman' ailakl m Y i i ility,” s ﬁ%
|ttt which daa vl o The value of data lies in reusability”. gupiabists
“Appropriate the extent to which the volume of data is . gi—légé’i E:% .
[ oo o= * What are the attributes that make data reusable? cSecEiiist
it . : I fEairiEsges
e o Ty o = Findable: metadata -persistent identifier 2eBioedcsan
Concie et 0 —
Repenition | epmme o e seompacly | = Accessible: retrievable by humans and machines through 3S88&czess¢
Consistent the extent to which data is presented in the . . . %ag g )'é téﬂ %g gg E §
e = standards, open and free by default; authentication and HiL
e e e L authorization where necessary
e _____ . 58EE5 593t
| i ke * Interoperable: metadata use a ‘formal, accessible, Hak
intions e ; 529588252
Leo L. Pipino, Yang W. Lee & iy e extent 1o hich ot = b, shared, and broadly applicable language for knowledge ;is5g25tz5¢
Richard Y. Wang 2002. Data unprejudiced, and impartial . . 5 £33% g § g3 £ 9,,'?’
quality assessment. Relevarncy ::Tﬂ:':’.:x:::::':"’w'mm represe ntation'. ggs - % 25 ;}g’ g ]
Z;m:‘u;ﬁatzlggs of the ACM, Reputation the ulmlll? which data is highly regarded . . é :%.‘E- kz hz é E < % g 2
(8) 211218 = e T = Reusable: metadata provide rich and accurate Birgfedsits
restricted appropriately to maintain its . . . . .2 3 J_EEEA)E_. =R
: secur | information; clear usage license; detailed provenance. 5535855 283
Timeliness the extent to which the data is sufficiently £8z:° > 52 %2 23
§ nEde.llr:ﬁn'ﬂ‘.(-.h:&al.lmnc! ; g § E % _E § g §§§
Y | onmprebenen https://www.go-fair.org/fair-principles Stgsisogiiss
Value-Added the extent bo which data is beneficial and 523E0CST 25 3
provides advantages from its use SZ3836224=24583
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What is this ?

01 The underlying
physics of data

human-centered.ai 9 2021 health Al 03
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What are the key problems in (medical) data science ? /o HCAI TY] Why can data in ML often not be represented by a simple model ? /o HCAI
= Heterogeneous, distributed, inconsistent data sources (need for = Data in traditional Statistics = Data in Machine Learning
data integration & fusion) [1] ] gi ) ld R10) = High-di ) | data (> RlOO)
. . . . . . . = - < igh-dimensional data
= Complex data (high-dimensionality — challenge of dimensionality ow-dimensional data ( ) & '
reduction and visualization) [2] = Problem: Much noise in the = Problem: not noise , but
= Noisy, uncertain, missing, dirty, and imprecise, imbalanced data data complexity

(challenge of pre-processing)

= The discrepancy between data-information-knowledge (various
definitions)

= Big data sets in high-dimensions (manual handling of the data is
often impossible) [3]

1. 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):11.

2. Hund, M., Sturm, W., Schreck, T., Ullrich, T., Keim, D., Majnaric, L. & Holzinger, A. 2015. Analysis of Patient Groups and Immunization Results
Based on Subspace Clustering. In: LNAI 9250, 358-368.

3. Holzinger, A., Stocker, C. & Dehmer, M. 2014. Big Complex Biomedical Data: Towards a Taxonomy of Data. in CCIS 455. Springer 3-18.

human-centered.ai 1 2021 health Al 03

= Not much structure in the data ® Much structure, but the

but it can be represented by a
simple model

human-centered.ai

structure can not be
represented by a simple model

Yann LeCun, Yoshua Bengio & Geoffrey Hinton 2015. Deep learning. Nature, 521, (7553), 436-444, doi:10.1038/nature14539
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Why is the curse of dimensionality for us relevant ?

What is the difference between Data — Information — Knowledge ?

human-centered.ai

1 dimension:
10 positions
.

2 dimensions: >
mu,n psitioms

Samy Bengio & Yoshua Bengio
2000. Taking on the curse of
dimensionality in joint
distributions using neural
networks. IEEE Transactions on
Neural Networks, 11, (3), 550-
557, doi:10.1109/72.846725.

3 dimensions:
1000 positions!

13 2021 health Al 03

Why is the definition of biomedical informatics so interesting for us ?

/& HEAl

~ Mental -
' Models

Knowledge := a set of expectations

human-centered.ai 14

TUESS So, where does the data come from ?

2021 health Al 03

human-centered.ai

NA\MI/N

INFORMATICS PROFESSIONALS. LEADING THE WAY.

Biomedical informatics (BMI) is the
interdisciplinary field that studies and pursues
the effective use of biomedical data,
information, and knowledge for scientific
problem solving, and decision making,
motivated by efforts to improve human health

Edward H. Shortliffe 2011. Biomedical Informatics: Defining the Science and its Role in Health Professional
Education. In: Holzinger, Andreas & Simonic, Klaus-Martin (eds.) Information Quality in e-Health. Lecture Notes in
Computer Science LNCS 7058. Heidelberg, New York: Springer, pp. 711-714.
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How can we classify traditional data structures ?

What was the original work on the theory of scales claiming ?

human-centered.ai

Data
structures

/\

Separable

N

Qualitative

Quantitative

PN

PN

Nominal

Ordinal

Interval

Ratio

Dastani, M. (2002) The Role of Visual Perception in Data
Visualization. Journal of Visual Languages and Computing, 13,

601-622.

17

What properties do separable data have ?

Aggregated

PN

Mixed

Pure

Aggregated attribute = a homomorphic
map J€ from a relational system <A; ~>
into a relational system <B; =>;

where A and B are two distinct sets of

data elements.

This is in contrast with other attributes
since the set B is the set of data
elements instead of atomic values.

2021 health Al 03

/& HEA!

SCIENCE

Vol. 103, No. 2684 Friday, June 7, 1946

o
)
3
28 On the Theory of Scales of Measurement
© :
o« &
g_ IN S. S. Stevens .
§ © Director, Pryche-Acowstic Laboratory, Harvard University
53 — ———————
< g —_— = . —_—————
o Rasic Emplrical Mathematical Permiasible Statistics
£d - Seale 'Opecations Group Btructure {invariantive)
5 ] NoMIsaL Determinafion of Permutation group Number of enses
> S equality =] Mode
£ e
(2]
=8
@ 2
25
% ORDINAL Determination of Trotende grou, Medl;
L greater or bess e fi=) ]’(n:n“klm
3 c Ir{-} means any moaotonlc
& g nereasing function
g g
3
2L 3 INTERVAL Determination of General lincar growp Mean
c g equality of Intervals M Standard deviation
& € e — Rank-order correlation
Product-moment correlatbon
Ratio Determination of Similarity growp Coefficlent of varlatlon
equallty of ratios & =op
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What levels of data taxonomy can we identify ?

human-centered.ai

Scale Empirical Mathem. | Transf. Basic Mathematical
Operation Group inR Statistics Operations
Structure
Determination | Permutation | x ~f(x) | Mode, _—
NOMINAL of equality x’ = f(x) contingency ’
X.. 1-to-1 correlation
Determination | Isotonic x ~f(x) | Median, =,%,>,<
ORDINAL of more/less | x” = f(x) Percentiles
X ... mono-
tonic incr.
Determination| General X ~rx+s | Mean, Std.Dev. =, #,>,<,-, +
INTERVAL of equality of | linear Rank-Order
intervals or x'=ax+b Corr., Prod.-
differences Moment Corr.
RATIO Determination | Similarity X Prx Coefficientof |=,#,>,<,-, +, %, +
of equality or | x”=ax variation

ratios

19

2021 health Al 03

human-centered.ai 20

Physical level -> bit = binary digit = basic indissoluble unit (= Shannon,
Sh), # Bit (1)

in Quantum Systems -> qubit

Logical Level -> integers, booleans, characters, floating-point numbers,
alphanumeric strings, ...

Conceptual (Abstract) Level -> data-structures, e.g. lists, arrays, trees,
graphs, ...

Technical Level -> Application data, e.g. text, graphics, images, audio,
video, multimedia, ...

“Hospital Level” -> Narrative (textual) data, numerical measurements
(physiological data, lab results, vital signs, ...), recorded signals (ECG,
EEG, ...), Images (x-ray, MR, CT, PET, ...) ; -omics

2021 health Al 03



Where do data come from at Hospital Level ? /o HCAI

HOMIN CENTERERE

What are typical examples of imaging data ? /o HCAI

= Clinical workplace data sources

= Medical documents: text (non-standardized (“free-text”), semi-structured, standard
terminologies (ICD, SNOMED-CT)

= Measurements: lab, time series, ECG, EEG, EQG, ...
= Surveys, Clinical study data, trial data
= |mage data sources
= Radiology: MRI (256x256, 200 slices, 16 bit per pixel, uncompressed, ~26 MB); CT
(512x512, 60 slices, 16 bit per pixel, uncompressed ~32MB; MR, US;

= Digital Microscopy : WSI (15mm slide, 20x magn., 24 bits per pixel, uncompressed, 2,5
GB, WSI 10 GB; confocal laser scanning, etc.

= _omics data sources

= Sanger sequencing, NGS whole genome sequencing (3 billion reads, read length of
36) ~ 200 GB; NGS exome sequencing (“only” 110,000,000 reads, read length of 75)
~7GB; Microarray, mass-spectrometry, gas chromatography, ...
Andreas Holzinger, Christof Stocker & Matthias Dehmer 2014. Big Complex Biomedical Data: Towards a Taxonomy of Data. In: Communications in

Computer and Information Science CCIS 455. Berlin Heidelberg: Springer pp. 3-18, doi:10.1007/978-3-662-44791-8_1.
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Why is Digital Pathology interesting ? /o HCAI

"

Image Source: Laboratory of Neuro Imaging, USC

human-centered.ai 22 2021 health Al 03

How is a WSI produced ? /o HCAI

DATA

-8,
B-Ote-e--

Andreas Holzinger, Bernd Malle, Peter Kieseberg, Peter M. Roth, Heimo Miiller, Robert Reihs & Kurt Zatloukal 2017. Towards the
Augmented Pathologist: Challenges of Explainable-Al in Digital Pathology. arXiv:1712.06657.
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(Image Sources: Pathology Graz)

Andreas Holzinger, Bernd Malle, Peter Kieseberg, Peter M. Roth, Heimo Miiller, Robert Reihs & Kurt Zatloukal 2017. Machine Learning and
Knowledge Extraction in Digital Pathology needs an integrative approach. Towards Integrative Machine Learning and Knowledge Extraction,
Springer Lecture Notes in Artificial Intelligence Volume LNAI 10344. Cham: Springer, pp. 13-50, doi:10.1007/978-3-319-69775-8_2.
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What is the current state of the art in machine learning for pathology ? /ﬁ\

What about the ground truth ?

A 5 :

512512 %3 (R, G, 8) 256 %256 n, 2562567 n,
- PP &

Class: e
tymphoeyte - ',‘ - 7
= ;. Sressen]® -
Riidgn el — = AR e
A
i Feature Map 1 (1) Y
B 256 %256
E - Pixel Value
input image High
5125123 (R 6,8) THTHIRGB) summation of Pisel
Feature Map 1 {n,|
* - Kerneln, =
7x7x3(R,G,B)
Summation of Plxel.
tow

Shidan Wang, Donghan M Yang, Ruichen Rong, Xiaowei Zhan & Guanghua Xiao 2019. Pathology image analysis using segmentation deep
learning algorithms. The American journal of pathology, 189, (9), 1686-1698, doi:10.1016/j.ajpath.2019.05.007
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Why is Neonatal Screening a good example for data generation ?

Ground Truth from

Pathology Image Pathologists

Segmentation Neural Network

|

|
Forward
Propagation I

A 4
Segmentation

Backward
Propagation

Empmmmnn

L Association Analysis between Pathological Image Features and Disease

Shidan Wang, Donghan M Yang, Ruichen Rong, Xiaowei Zhan & Guanghua Xiao 2019. Pathology image analysis using segmentation deep
learning algorithms. The American journal of pathology, 189, (9), 1686-1698, doi:10.1016/j.ajpath.2019.05.007
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Amioo acids (symbols) Fatty acids (symbols)

Hexadecenoy<amniting (C16:1)

Fatty acidh syobols)
Alasine (Ala) Free camitine (€)

Arginine (ATE) Acetylcarnitine (C1) Octaddecenayl<armitne (C18:1)
Agininoscsinate {Argsi) opionycamitine (C) Decenoyl-carnitine (C10:2)

Chrullne (Cit) Batyrylcamitine (C4) Tetradecadicnoyl-carnitine (€

Glutamate (Glu) Rsoralery b carmitine (CS) Octaddecadienay

Glyeine (Gly) Hexanoyl-carmitine (C6) Hydrosy sonaleryl-camit

Methionine (Met) Octanyl-carmiine (CH) Hydrowytetradecadienoy! carnitine (C13-0H)
Crmiine (Orn) Decanoyl-carnitios {C

Hydrosypalamioy-<arsitios (C16-0H)
Hydronypalmuitoley armstine (C161-0H)
Hydrosyeleylcarmitine (C18:1-0H)
Drcarboay - butyry bramitine (C4-DC)

Dodecanoybamiting (C12)

Pyroghutassate (Pyrgli) Myristoybcamsitine (€14)

Serine (Ser) Hexadecanayl<arsitine (C16)

Tytosiee (Tyr) Octadecanoyl<arnitine (CI8) Glutarylcarmitise (C$DC)

Valine (Val) Tighcarnitine (C3 Metlylglutaryl-carmitine (C6-DC)
. De Clon Methylalonycarsitine (C12-DC)

«
Myristoleyl-carmitine (C14:1)
Fourieen amino acids an 20 fably acsds ave analyzed from = vingle bood spot wsimg MS/MS. The concentrations are given in pmolL.

Aggregate

operations

%10
R J |
§20 y
Eis ‘AMEMM

Yao, Y., Bowen, B. P., Baron, D. & Poznanski, D. 2015. 3 ;: Jf

SciDB for High-Performance Array-Structured Science g oo L L

PR : . B Data cube . E 0 20 & 0 80 100
Data at NERSC. Computing in Science & Engineering, 17, Heat map 3 Reterion time (rmin)
(3), 44-52, doi:10.1109/MCSE.2015.43. h .-
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Crooks, G. E., Hon, G., Chandonia, J. M. & Brenner, S. E. (2004) WebLogo: A sequence logo
generator. Genome Research, 14, 6, 1188-1190.
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Why is the data structure graph so versatile ? A HCAI

What is a tree ? A HCAI

o3

|

PEEE R

only populations evolve.

L EH

Initial population Select for reproduction

Replace
m W:

e
0

Evolutionary dynamics act on populations. .
Neither genes, nor cells, nor individuals evolve;
L]
£

ﬂ.

@ 1

U 2012. Comparative f Teosinte ] B
. R
population Z mays ssp. parviglumis  — |7 |

\ genomics of maize , . f—— i
-w/&: domesticationand e Ll ="
. improvement. WS N .
Nature Genetics, i e
44, (7), 808-811. St
——

Faneraes i fr—————
=
0 0 Way Wy O N t* b

Improvement l

Wagq
Waz

e g a1

=)

Select for death

Lieberman, E., Hauert, C. & Nowak, M. A. 0 wy, 0 0 0
(2005) Evolutionary dynamics on graphs. i & 7@

Nature, 433, 7023, 312-316. % .
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What are origins of health-related data ? /o HCAI

A

02 Biomedical
data sources:
Taxonomy of data

Individual ﬂ
Tissue  Eii

= :
Cell ’

¥ ‘
S s
Bacteria q‘% é‘;ﬂ

Bioinformatics, 15, (S6), 11, doi:10.1186/1471-2105-15-S6-11.

Andreas Holzinger, Matthias Dehmer & Igor Jurisica 2014. Knowledge
Discovery and interactive Data Mining in Bioinformatics - State-of-the-
Art, future challenges and research directions. Springer/Nature BMC

-

<
N
N
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Why is data integration in health an unsolved problem ? /o HCAI Why is the human exposome important ? /o HCAI
Exposome
Private Health vault data Environmental data Collective data
Electronic health record data  Air pollution Social data General external ‘ ,
Physiological data Exposure (toxicants) Fitness, Wellness data  social capital, education, ﬁ:;f:ﬂf:;rf:,”n' :Z::::;l;- Iﬂﬁw.
Laboratory results = Ambient Assisted Living data flnanc;?:esst:ttsri)g?_ﬁn(;?gCal International journal of epidemiology,
i (Non-medical) personal data environment, dlimate, etc 41, (1), 24-32.
|

Metabolomics ||
Chemical processes 3 -
Cellular reactions " Foodomics, Lipidomics
Enzymatic reactions . 154 Nutrition data (Nutrigenomics)
Ly | Diet data (allergenics)

Specific external

Internal

radiation, infectious agents,
chemical contaminants and
pollutants, diet, lifestyle
factors (e.g. tobacco,

metabolism, endogenous
hormones, body

morphology, physical

activity, gut micro flora,

Microbiomes | i %
Microorganisms processes

¥ inflammation. aging etc alcohol), occupation, medical
Plants, Fungi, ... I | B Imaging data »aging ete. interventions, etc.
n X-Ray, ultrasound, MR, CT, PET, )
N | cams, observation (e.g. sleep | =
Proteomics ! laboratory), gait (child walking)
Protein-Protein Interactions _'I- ', r
I
Epigenetics L8 "__ Transcriptomics = g
Epigenetic modifications it RNA, mRNA, rRNA, tRNA i - https://human-centered.ai/project/eu-project-heap-h platform
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What is a good example for the level “cell” ? /o HCAI What is life according to Erwin Schrédinger ? /o HCAI
Bundle of - .
erve cally : to reproduce ...

Loose connective tissue i Red blood cells

with fibroblasts_ 8 ~
to grow ...

Bone tissue

with osteocytes to evolve ...
to self-replicate ...
to generate/utilize energy ...
to process information
Schrodinger, E. (1944) What Is Life? The Physical Aspect
of the Living Cell. Dublin Institute for Advanced Studies.

Karp, G. 2010. Cell and Molecular Biology: Concepts and Experiments, Gainesville, John Wiley.

human-centered.ai
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TUESS Where do we get open data sets ?

@;i:‘:fj What are the most important *omics data ?

Billions of biological data sets are openly
available, here only some examples:

General Repositories:

= GenBank, EMBL, HMCA, ...

Specialized by data types:

= UniProt/SwissProt, MMMP, KEGG, PDB, ...
Specialized by organism:

= WormBase, FlyBase, NeuroMorpho, ...

https://human-centered.ai/open-data-sets

= Genomics (sequence annotation)
* Transcriptomics (microarray)

Proteomics (Proteome Databases)

Metabolomics (enzyme annotation)

Fluxomics (isotopic tracing, metabolic pathways)

Phenomics (biomarkers)

Epigenomics (epigenetic modifications)

Microbiomics (microorganisms)

Lipidomics (pathways of cellular lipids

human-centered.ai 37 2021 health A1 03 human-centered.ai 38 2021 health A1 03
TUESS What is *omics data integration ? Ja HCAI TUESS Examples for lower dimensional data ? /o HCAI
E S e prowc, SR P R ronci i Poca * 0-D data = a data point existing isolated from other
< OREVaIRTagell - <P aitect O - Ereyme “Bindingsite | = Functional « Funcianal © Functional data' e.g. integers' |etters’ Boo|eansl etc.

protein activity annotation

lement or abundance * Biomarkers!®
identification’®
a cs * Pratein: * Enzyme * Gene-regulatory | * Functional * Functional
[microarray, SAGI transcript annotation'™ networks™ annotation™ annotation'™
correlation™ * Protein complex

identification®®

Proteamics * Enzyme * Regulatory * Differential * Enzyme capacity | » Functional
(abundance, post- | annotation™ complex complex annotation
translational identification formation

modification)

* Metabolic- = Metabolic = Metabolic
transcriptional pathway flexibility
response bottlenecks = Mel

engineering!™

Protein-DNA « Signalling « Dynamic

interactions cascades* 1% network

(ChiP-chip) responses*t

Protein-protein « Pathway
interactions identification
(yeast 2H, activit
coAP-MS)

J Fluxemics * Metabolic

(isotopic tracing) engineering

synthetic lethals)

Joyce, A. R. & Palsson, B. @. 2006. The model organism as a system:
integrating'omics' data sets. Nature Reviews Molecular Cell Biology, 7, 198-210.
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= 1-D data = consist of a string of 0-D data, e.g.
Sequences representing nucleotide bases and amino
acids, SMILES etc.

= 2-D data = having spatial component, such as
images, NMR-spectra etc.

= 2.5-D data = can be stored as a 2-D matrix, but can
represent biological entities in three or more
dimensions, e.g. PDB records

= 3-D data = having 3-D spatial component, e.g. image
voxels, e-density maps, etc.

= H-D Data = data having arbitrarily high dimensions

human-centered.ai 40
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What is a good example for 1-D data (univariate sequential data objects) ? A HCAI What is a typical example for 2-D data (bivariate data) ? A HCAI

SMILES (Simplified Molecular Input Line Entry Specification) = S e v

- [ ! - s ;‘-.
... Is @ compact machine and human-readable chemical nomenclature: | e i

e.g. Viagra:
CCc1nn(C)c2c(=0)[nH]c(nc12)c3cc(ccc30CC)S(=0)(=0)N4CCN(C)CC4a pos

Arthritic
Anhritic
Healthy
Arthritic
Avhritic
Healthy
Healthy
Healthy —
Adthritic
Anthritic ]_
Healthy
Authritic
Arthritic

Kastrinaki et al. (2008) Functional, molecular & proteomic characterisation of bone marrow
mesenchymal stem cells in rheumatoid arthritis. Annals of Rheumatic Diseases, 67, 6, 741-749.

...is Canonicalizable
...is Comprehensive

...iIs Well Documented

http://www.daylight.com/dayhtml_tutorials/languages/smiles/index.html
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Example: 2.5-D data (structural information & metadata) ? /o HCAI What are 3-D Voxel data (volumetric picture elements) ? /o HCAI
EPDE.. o ot Bttt gttt
o om— =HE==

o

e e i T ASQY s

Primary Citation

b iy H.g"‘ P .."'"'.’.;,.'..Z.Z;';?T ;“‘;:.M.:

et iy B e Scheins, J. J., Herzog,

o e o st sar s H. & Shah, N. J. (2011)

et ki o s vt e Fully-3D PET Image

P b e L S L T T - Reconstruction Using
Scanner-Independent,
Adaptive Projection
Data and Highly
Rotation-Symmetric
Voxel Assemblies.
Medical Imaging, IEEE

— o Transactions on, 30, 3,
s b 879-892.
http://www.pdb.org
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What do we mean with data integration — information fusion ? /o HCAI

Patient-related Finding Data Management of Clinical Trials
$ . e (eResearch Network)
| Clinical Findings |
Clinical Centers.

Pathological Centers Findings
C
° Genetics Centers | genetic Findings chacks
Data Integration
O 3 ) Chiptiasedigensii bai Management of Chip-related and Annotation Data
;"ﬂ' b I:j_ (GoWare) Dot Arciyaca o Fapors
Data

Ma!nx CGH Data

mapping, fusion = = .

=Study A

=2 ini
Study +Basic Reports
Repository =Export

Validation
by data

comman Patient ID

« Gene Intensities

Public Gene/Clone Annotation Data gﬁ:m::
Gene Ani

———

notations|

GO Entrez  OMIM

Kirsten, T., Lange, J. & Rahm, E. 2006. An integrated platform for analyzing molecular-biological data within clinical studies.
Current Trends in Database Technology—EDBT 2006. Heidelberg: Springer, pp. 399-410, doi:10.1007/11896548_31.
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What is information fusion ?

What is the goal of data integration ? /o HCAI TUE

e Constructing

Goal: a multi-modal
Unified View for \\ e interaction &
decision support

(“what is relevant?”) I I I I

Holzinger, A. & Jurisica, |. 2014. Knowledge
Discovery and Data Mining in Biomedical
Informatics: The future is in Integrative,
Interactive Machine Learning Solutions In:
Lecture Notes in Computer Science LNCS

8401. Heidelberg, Berlin: Springer, pp. 1-18, — Interesting signals from each modality (time-based, image, structured & unstructured) are I I I I I
doi:10.1007/978-3-662-43968-5_1. connected according to pre-defined rules. Each modality’s features lie in their own, un-aligned concept spaces.

p— corres pondence 5
(g i graph (ICG) |

Suppart vector machines
Decisions trees.
Association rule mining
Case-based reasoning
Inductive logic, ..

Image-based data

[}

Sequence-based data LY
[}

i\

Molecular profiles

Texi-based data
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Why may information bridge the gap between both worlds ? /o HCAI Why is imaging data along not enough ? /o HCAI

Omics profiles acrussx\ \ \
enome, proteome, " : Discovered relationships across s \
g i \ | Network relationships fink Eayers.of annolated:networks, data layers identify cor?ﬁblned Combined biomarkers B Treatment tailored

patient st results in improved /

0

r l r t L metabolome can be PR \

O I h h \ | relevant entities within annotated with tissue, disease, : e : \
u ce n a y p o e S l S ° analyzed separately ) each data layer and identfy nel' ork properties can further biomarkers, drug mechanism IdePllfy cﬂrlcally relevan/l to pal\e_nt_subgmups/.

or combined to find better bi of action and create exp P /
L] ° ° differentially blcmarkars disease models patient outcomes |
Information may bridge this gap s ot
. . R . L 3 Andreas Holzinger, Benjamin Haibe-Kains & Igor Jurisica 2019. Why imaging data alone is not enough: Al-based integration of imaging, omics,
Holzinger, A. & Simonic, K.-M. (eds.) 2011. Information Quality in e-Health. Lecture Notes in Computer and clinical data. European Journal of Nuclear Medicine and Molecular Imaging, 46, (13), 2722-2730, doi:10.1007/500259-019-04382-9.
Science LNCS 7058, Heidelberg, Berlin, New York: Springer.

human-centered.ai 49 2021 health Al 03 human-centered.ai 50 2021 health Al 03
What is translational health ? /o HCAI What are the key problems in medical data management ? /o HCAI

Translational Medicine Continuum gmrnast 9
Innovation Validation Adoption
Bench Bedside 4—@—- Community -—El—- Policy
Translational Clinical Research
Bioinformatics Informatics
Bio- Imaging Clinical Public Health
informatics Informatics Informatics Informatics
S &Tgf;::s Individuals Populations
Biomedical Informatics Continuum
Indra N. Sarkar 2010. Biomedical informatics and translational medicine.

Journal of Translational Medicine, 8, (1), 2-12, doi:10.1186/1479-5876-8-22
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What is the combining link ? Ja HCAI Why is medical text important ? /o HCAI

-y

; Radiologischer Batund o 52 7 1 ans
Biomedical R&D data Clinical patient data amamason
(e.g. clinical trial data) (e.g. EPR, lab, reports etc.) S
" ,
h ining link i S
The combining link is text iy
s [ st S S R T e e 20
Health business data -+s+ Private patient data
- Mt koBegaian Grullen

(e.g. costs, utilization, etc.) "% (e.g. AAL, monitoring, etc.)

R L~ o 2 000 =

1

Manyika, J., Chui, M., Brown, B., Bughin, J., Dobbs, R., Roxburgh, C. & Byers, A. H. (2011) Big data: The next

s R . v > . , . Holzinger, A., Geierhofer, R. & Errath, M. 2007. Semantische Informationsextraktion in
frontier for innovation, competition, and productivity. Washington (DC), McKinsey Global Institute.

medizinischen Informationssystemen. Informatik Spektrum, 30, (2), 69-78.
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Why is medical work relying on team communication ? /o HCAI

/o HEAl B

... and requires a lot of (
information exchange ..

Digression:
Medical
Communication

Image Source: Andreas Holzinger

Holzinger, A., Geierhofer, R., Ackerl, S. & Searle, G. (2005). CARDIAC@VIEW: The User Centered Development of a
new Medical Image Viewer. Central European Multimedia and Virtual Reality Conference, Prague, Czech Technical
University (CTU), 63-68.
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What are problems of the medical report ?

Why is Synonymity and ambiguity such a huge problem ?

human-centered.ai

angelegl am 06.05 200620 26

1 1, . van
Radiologischer Befund pednickl am 17.11 200808 24
Anfo: NCHIN

Kurzanamnese: Sip. SHT
Fragestellung:

Untersuchung: Thorax eine Ebene liegend

Special Wo

SB
Bewegungsarefakte. Zustand nach Schadelhimirauma,

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

Abbreviatic

Zustand nach Anlage eines ET, die Spitze ca. Scm cranial dar Bifurkation, lieg. MS, orthotop
positioniert. ZVK Gber re., die Spitze in Proj. auf die VCS. KBIEmwms auf Pneumothorax.

Der re. Rezessus frei, rrors ...

Mit kollegialen Grifen

“* Elektronvsche Freigabe durch am09.05 2006 “

Holzinger, A., Geierhofer, R. & Errath, M. 2007. Semantische Informationsextraktion in
medizinischen Informationssystemen. Informatik Spektrum, 30, (2), 69-78.
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Why does Language Understanding require knowledge ?

Language Mix

2021 health Al 03
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»,die Antrumschleimhaut ist durch Lymphozyten infiltriert”

»lymphozytare Infiltration der Antrummukosa”

»Lymphoyteninfiltration der Magenschleimhaut im Antrumbereich”

human-centered.ai 58

Why is text a good example for Non-Standardized Data

2021 health Al 03

=Syntax

®Semantics

"Pragmatics
=Context
=(Emotion)

human-centered.ai

"a young boy is holding a
baseball bat.”

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 Source: https://cs.stanford.edu/people/karpathy/deepimagesent/
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PRAGMATICS

Thomas, J. J. & Cook, K. A.
2005. llluminating the path:
The research and
development agenda for
visual analytics, New York,
IEEE Computer Society Press.
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What are the typical challenges in data-driven medicine ? f; Al

= |ncreasingly large data sets due to data-driven medicine [1]

* |ncreasing amounts of non-standardized data and
un-structured information (e.g. “free text”)

= Data quality, data integration, universal access

= Privacy, security, safety, data protection, data ownership, fair use
of data [2]

= Time aspects in databases [3]

[1] Shah, N. H. & Tenenbaum, J. D. 2012. The coming age of data-driven medicine: translational
bioinformatics' next frontier. Journal of the American Medical Informatics Association, 19, (E1), E2-E4.

[2] Kieseberg, P., Hobel, H., Schrittwieser, S., Weippl, E. & Holzinger, A. 2014. Protecting Anonymity in
Data-Driven Biomedical Science. In: LNCS 8401. Berlin Heidelberg: Springer pp. 301-316..

[3] Gschwandtner, T., Gartner, J., Aigner, W. & Miksch, S. 2012. A taxonomy of dirty time-oriented data. In:
LNCS 7465. Heidelberg, Berlin: Springer, pp. 58-72.
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What is data augmentation ?

human-centered.ai

Digression:
Data Augmentation

62

How does image augmentation work ?

2021 health Al 03

A
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= Generation of artificial data via expansion of your dataset

= Why ?

= Neural networks require “big data” so augmentation is now basically
part of most all deep learning projects

= |tis also used to address issues with class imbalance

= |tis a cheap and relatively easy way to get more data, which will
almost certainly improve the accuracy of a trained model

= |t improves model generalisation, model accuracy, and can control
overfitting

= |mage augmentation is most common, because text augmentation is
much harder, and DL is applied to images

= done by making label-preserving transformations to the original
images (e.g. rotation, zooming, cropping, ...)

Marcus D. Bloice, Peter M. Roth & Andreas Holzinger 2019. Biomedical image augmentation using Augmentor.
Oxford Bioinformatics, 35, (1), 4522-4524, doi:10.1093/bioinformatics/btz259.
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Marcus D Bloice, Christof Stocker & Andreas Holzinger 2017. Augmentor: an image augmentation library for

machine learning. arXiv preprint arXiv:1708.04680.
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Why are probabilistic models so important for medicine ? ﬁ\ glml;mg__l

/o HEAl

=Boolean models

. =Algebraic models
04 Information 5

Theory & Entropy

=Probabilistic models *)

*) Our probabilistic models describes data which we can observe from our environment — and if we use the
mathematics of probability theory , in order to express the uncertainties around our model then the inverse
probability allows us to infer unknown unknowns ... learning from data and making predictions — the core essence
of machine learning and of vital importance for health informatics

Ghahramani, Z. 2015. Probabilistic machine learning and artificial intelligence. Nature, 521, (7553), 452-459,

doi:10.1038/nature14541.
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Why is the work of Bayes, Price, Laplace so important for us ? /o HCAI

Why is life complex information ? /o HCAI

Bayes’ Rule in words
d ... data; h ... hypothesis
H={H, H,, ..., H,} ... Hypothesis space

Vh,d ..

___r@mp®)
Plld)= g @i )

Evidence =
marginal
likelihood

Likelihood

Prior
Probability

Posterior
Probability

Sum over space of
alternative hypotheses

Lane, N. & Martin, W. (2010) The energetics of genome complexity.
Nature, 467, 7318, 929-934.
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Probability > Information > Entropy /o HCAI

Entropy as measure for disorder

= Information is the reduction of uncertainty
= [f something is 100 % certain its uncertainty =0

= Uncertainty is max. if all choices are equally probable
(1.1.D)

= Uncertainty (as information) sums up for
independent sources

human-centered.ai 69 2021 health Al 03

What are the origins of Entropy ? /o HCAI

high entropy
_low complexity

medium entropy

high complexity

low entropy

low complexity

http://www.scottaaronson.com
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What current Entropy methods can we use ?

Maxwell (1859), Boltzmann (1871),
Gibbs (1902) Statistical Modeling
of problems in physics

Bernoulli (1713)
Principle of Insufficient
Reason

Pearson (1900)
Goodness of Fit
measure

Bayes (1763), Laplace (1770)

How to calculate the state of ‘
a system with a limited

number of expectation values

Fisher (1922)
Maximum Likelihood

Jeffreys, Cox (1939-1948) Shannon (1948)
Statistical Inference Information Theory

¥ N

( Bayesian Statistics ‘ ‘ Entropy Methods ‘ ‘ Generalized Entropy ‘

-

‘ See next slide ‘

confer also with: Golan, A. (2008) Information and Entropy Econometric: A Review and
Synthesis. Foundations and Trends in Econometrics, 2, 1-2, 1-145.
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Generalized
Entropy

Renyi (1961)
Renyi-Entropy

Tsallis (1980)
Tsallis-Entropy

‘i Entropic Methods J

Jaynes (1957)
Maximum Entropy (MaxEn)

Adler et al. (1965)

Topology Entropy (TopEn) ‘ Mowshowitz (1968)
Graph Entropy (MinEn)

Posner (1975)
Minimum Entropy (MinEn)

Pincus (1991)
Approximate Entropy (ApEn)

Rubinstein (1997)
1 Cross Entropy (CE)

Richman (2000)
Sample Entropy (SampEn)

Holzinger, A., Hértenhuber, M., Mayer, C., Bachler, M., Wassertheurer, S., Pinho, A. & Koslicki, D. 2014. On
Entropy-Based Data Mining. In: Holzinger, A. & Jurisica, I. (eds.) Lecture Notes in Computer Science, LNCS
8401. Berlin Heidelberg: Springer, pp. 209-226.
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What can we measure with entropy ?

How does Approximate Entropy work ?

human-centered.ai

1 T
452 AM 716 AM

T
228 AM

F 1 T
716 PM 940 PM 12:04 AM

Holzinger, A., Stocker, C., Bruschi, M., Auinger, A., Silva, H., Gamboa, H. & Fred, A. 2012. On
Applying Approximate Entropy to ECG Signals for Knowledge Discovery on the Example of
Big Sensor Data. In: Huang, R., Ghorbani, A., Pasi, G., Yamaguchi, T, Yen, N. & Jin, B. (eds.)
Active Media Technology, Lecture Notes in Computer Science, LNCS 7669. Berlin Heidelberg:
Springer, pp. 646-657. EU Project EMERGE (2007-2010)
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What do we have to consider when measuring entropy ?

2021 health Al 03
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Let: <xn> = {xll x2""lxN}

Xi = (X X(i41) =0 X(i+m-1))

-

)?i'Xj = max (|xgr-1) = X(ak-1)))

k=1,2,..m

H(m,r) = lim [¢™(r) — ¢™*(r)]

N—oco

N-m+1
o N 1 .
FO= et O ), O
t=1

Pincus, S. M. (1991) Approximate Entropy as a measure of system complexity. Proceedings
of the National Academy of Sciences of the United States of America, 88, 6, 2297-2301.
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What is the main advantage of entropy measures ?
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Holzinger, A., Hértenhuber, M., Mayer, C., Bachler, M., Wassertheurer, S., Pinho, A. & Koslicki, D.
2014. On Entropy-Based Data Mining. In: Holzinger, A. & Jurisica, I. (eds.) Interactive Knowledge
Discovery and Data Mining in Biomedical Informatics, Lecture Notes in Computer Science, LNCS
8401. Berlin Heidelberg: Springer, pp. 209-226.
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What ist the difference between Entropy — KL-divergence and Ml ?

human-centered.ai

Cross-Entropy
Kullback-Leibler
Divergence

77

Solomon Kullback & Richard Leibler (1951)

2021 health Al 03

= Entropy:

= Measure for the uncertainty of random
variables

= Kullback-Leibler divergence:
= comparing two distributions
= Mutual Information:

= measuring the correlation of two
random variables

human-centered.ai 78

Why should we remember Shannon Entropy ?
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ON INFORMATION AND SUFFICIENCY
By 8. KuLusack anp R. A. LmisLer

The Gearge Washington University and Washington, D. C.

1. Introduction. Thi to the abstract case Shannon’s definition
of information [15], [16]. Wiener’s information (p. 75 of {18]) is essentially the
same as Shannon’s although thelr mohvn.tmn wn different (cf. footnote 1, p. 95
of [16]) and Sh has in: d the concept more completely.
R. A. Fisher's definition of information (intrinsic aceuracy) is well known (p. 709
of [6]). However, his concept is quite different from that of Shannon and erner,
and henee ours, although the two are not as is shown in 2

R. A. Fisher, in his original introduction of the eriterion of
quired “that the statistic chosen should summarize the whole of the relevam
information supplied by the sample,” (p. 316 of [5]). Halmos and Savage in a
recent paper, one of the main results of which is a generalization of the well
known Fisher-Neyman theorem on sufficient statistics to the abstraet case,
conclude, “We think that confusion has from time to time been thrown on the
subject by ..., and (c) the assumption that a sufficient stwsuc contains all
the inf ion in only the technical sense of ‘i ’ as 'by
variance,” (p. 241 of [8]). It is shown in this note that the information in a
sample as defined herein, that is, in the Shannon-Wiener sense cannot be in-
creased- by any statistical operations and is invariant (not decreased) if and
only if sufficient statistics are employed. For a similar property of Fisher's
information see p. 717 of [6], Doob [19].

We are also d with the st 1 problem of diserimination (3], [17]),
by considering a measure of the “distance” or “divergence” between statistical
populations ([1], [2], [13]) in terms of our measure of information. For the sta-
tistician two populations differ more or less according as to how difficult it is to
diseriminate between them with the best test [14]. The particular measure of
divergence we use has been considered by Jeffreys ([10], [11])) in another connec-
tion. He is primarily concerned with its use in providing an invariant density
of a priori probability. A special case of this divergence is Mahalanobis’ gen.
eralized distance [13].

79

Y
Solomon Kullback Richard Leibler
1907-1994 1914-2003

Kullback, S. & Leibler, R. A.
1951. On information and
sufficiency. The annals of
mathematical statistics, 22, (1),
79-86,
www.jstor.org/stable/2236703

2021 health Al 03

Hlz] = — ) p(x)log, p(x)

Shannon, C. E. 1948. A Mathematical Theory of Communication. Bell
System Technical Journal, 27, 379-423.

Important quantity in
* coding theory
* statistical physics
* machine learning

human-centered.ai 80
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TUESS What is Conditional Entropy ? /o HCAI TUESS When do we need the Kullback-Leibler Divergence ? /o HCAI
KL(pllg) = - /p(x) Ing(x) dx — (— /p(x) In p(x) dx)
Hlylx] = — [/ p(y, %) Inp(ylx) dy d - - [room {35} ax
ylx] = p(y,x) Inp(y|x) dy dx | )
N
KL(pllq) ~ Z {—Ing(x,|0) + Inp(xx)}
Hix, y] = Hiy[x] + H[x =
L(pllg) =0
KL-divergence is often used to measure the
distance between two distributions
What is important to note when using KL divergence ? /o HCAI TUESS In summary: Why do we use Entropy measures generally ? /o HCAI

q" = argmin Dy (pl|q) q" = argmin, Dy (q|p)

— 7@ N [— @
::' * :‘ ‘ - 5
E =+ gz} E Iy - q" (z)
g g
a a oy
= | Hat
3 2| N\
: = 2l o
o - " a, ! \
-~ o
L. ! Y \

f(L(pHcJ) Z KL(¢q||p)

Goodfellow, I., Bengio, Y. & Courville, A. 2016. Deep Learning, Cambridge (MA), MIT Press.
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= ... are robust against noise;
= ... can be applied to complex time series with good replication;
= ... is finite for stochastic, noisy, composite processes;

= ... the values correspond directly to irregularities — good for
detectmg anomalies
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/o HEA] What is medical knowledge ? Where does the ground truth come ? /& HCAI
Implicit B
Knowledge Explicit Knowledge
T

edica

- 9’5 Informaton ( \
05 Knowledge - i
Representation ‘

.

Inter-

pretation Interpreted Data

Body of
Knowledge

Data Inter-
pretation K j
Bemmel, J. H. v. & Musen,
M. A. (1997) Handbook of
Medical Informatics. . .

Heidelberg, Springer.

Induct
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TUE Why is logic insufficient for solving complex real-world problems ? /o HCAI What are examples for famous knowledge representations ? /o HCAI
n Logica I re p rese ntatio ns are ba se d on Mathematical Logic Psychology Biology Statistics Economics

Aristotle

= Facts about the world (true or false)

. . . Descartes

= These facts can be combined with logical operators

Boole James Laplace Bentham
. . . . I

= Logical inference is based on certainty i
Frege Bernoullii Friedman
Peano

Hebb Lashley Bayes

Goedel Bruner Rosenblatt
Post Miller Ashhy Tversky, Von Neumann
Church Newell, Lettvin Kahneman Simon
Turing Simon MeCulloch, Pitts Raiffa
Davis Heubel, Weisel
Putnam
Robinson
Logic SOAR Connectionism Causal Rational
PROLOG KBS, Frames Networks Agents

Edwin T. Jaynes 2003. Probability theory: The logic of

Davis, R., Shrobe, H., Szolovits, P. 1993 What is a knowledge representation? Al Magazine, 14, 1, 17-33.
science, Cambridge, Cambridge University Press.
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What does Formalization versus Expressivity mean ?

What do you need for developing clinical decision support systems ? ﬁ\ mﬂﬁ_,&“

Mean Arterial
r : Bicod Pressure
General logic

2 | Formal ontologies Modal logic

% First-order logic Foulils Tatal Parpharal

W Description logic

i Propositional logic H“"f \m Arterioiar ‘\Sm

% Formal languages Rate Volume Radius Viscosity

[SN] Frames / \ f \ T \ r
Blobel, B. Formal taxonomies i gt B g It:nlk: »&Lf’-.‘;’-c e e
(2011) Ontology Data models me e Contral

Meta- n
driven health Slerdateand XML Schema r / \
information data models Database schemas o Venous Srcheo Rution Sympathetic  Vasopressin and
";,:"": =" Retum Activity and Angiotensin Il
systems Principled, informational hierarchies / T "\ Epinephrine
architectures XML DTD Thesauri and Blco Shelatal duect
for empowered Thesauri taxonomies akosterone system
patients. Sk dionat /
. ata dictionaries

International Ad hoc hierarchies . beteean :::;m"" SaltWster Batance
Journal of Pl e Glossaries and data Interstifal comparments
Medical Taire Lt dictionaries Hajdukiewicz, J. R., Vicente, K. J., Doyle, D. J., Milgram, P. & Burns, C. M. (2001)
Informatics, 80, Modeling a medical environment: an ontology for integrated medical
2, el7-e25. Formalization informatics design. International Journal of Medical Informatics, 62, 1, 79-99.
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Why is the history of “Deep Learning” interesting for us ?

human-centered.ai 90 2021 health Al 03

Why were early Decision Support Systems no success ?

Deep Neural Network
(Pretraining)

Perceptron

Golden Age Dark Age ("Al Wintes™)

1990 2000 2010

- ﬁn Omi
0. Rumelhart - G. Hinton - R. Willams: V. Vapnik - C Cortes G. Hinton - S. Ruslan

—— i —

B B ——

- Adpustabls Woights + Learmasia Weighis. and Thrushald + XOR Proziem
+ Weights are nol Lsarned

. + Umastions of
+ Big computaon,local ptina ard Grarisng + Kacel funcion: Hurman Inverdion

Image source: Andrew Beam, Department of Biomedical Informatics, Harvard Medical School
https://slides.com/beamandrew/deep-learning-101/#/12
This image is used according UrhG §42 lit. f Abs 1 as “Belegfunktion” for discussion with students

human-centered.ai 91 2021 health Al 03

1960'S
DENDRAL
CONGEN
v
1970'S
» Meta-DENDRAL
| Su/X
(QA) peterence) (:‘m«) [Evaluatan) (m)
Shortliffe, E. H. & BAOBAB
Buchanan, B. G. (1984) [GUIGON ]
Rule-based expert
systems: the MYCIN WHEEZE pl
experiments of the .
Stanford Heuristic 1980's NEOMYCIN  ONCOCIN DART
Programming Project.
Addison-Wesley.
A
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TUESS What is the connection of early expert systems with current xAl ? /o HCAI TUESS How did an expert system work ? /o HCAI
Stalic Knowledge
PRODUCTION RULES
Judgmenlal Knowledge
Toots for Building Expert Systems about domain
EXPERT SYSTEM
DATA BASE
Description User Expl o — — General Factual
é Inf g
of naw case inter-  lg—p "':r::':: .>1Analyses Engineer [ K o of »| RULE INTERPRETER I
face domain
USER Fy EXPLANATION
¢ ' CAPABILITY
Advice & New Ki g 4
Explanations < —p| Oe0e fEr=t= & Modifications Bomain
Base Ex Dynamic Knowledge
to KB pert
explanations Facts about
- the bl
entered by user
| USER |
Deductions .
snn:;lgaliu made by system b
vice
Shortliffe, T. & Davis, R. (1975) Some considerations for the implementation of knowledge-based
expert systems ACM SIGART Bulletin, 55, 9-12. Shortliffe & Buchanan (1984)
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TUESS What was the certainty factor in the MYCIN System ? /o HCAI TUESS How does an example of the Certainty Factor look like ? /o HCAI
= MYCIN is a rule-based Expert System, which is used for therapy planning for
patients with bacterial infections
= Goal oriented strategy (“Rickwartsverkettung”) h, = The identity of ORGANISM-1 is streptococcus
= To every rule and every entry a certainty factor (CF) is assigned, which is h, = PATIENT-1 is febrile
between O und 1 h; = The name of PATIENT-1 is John Jones
= Two measures are derived:
= MB: measure of belief . .
. . CF[h,E] = .8 There is strongly suggestive evidence (.8) that
= MD: measure of disbelief the identity of ORGANISM-1 is streptococcus
| i — i .
Certainty factor CCI::F[ r?]f inﬁls [rE]e n_t &B?LC]UIated by: CF{h,,E] = -.3 There is weakly suggestive evidence (.3) that
. L B o . . . PATIENT-1 is not febrile
= CFis positive, if more evidence is given for a hypothesis, otherwise CF is o )
negative CF[hy,E] = +1 It is definite (1) that the name of PATIENT-1 is
. John Jones
= CF[h]=+1->his 100 % true
- CF[h] =-1->his 100% false Shortliffe, E. H. & Buchanan, B. G. (1984) Rule-based expert systems: the MYCIN experiments of
the Stanford Heuristic Programming Project. Addison-Wesley.
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/o HCAI TUESS What happens if you put the word “Jaguar” into a search engine ? /o HCAI
Ontologies
Image Sources: The images are in the public domain and are used according UrhG §42 lit. f Abs 1 as “Belegfunktion” for discussion with students
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Who created the first ontology ? /o HCAI TUESS What is the classic definition of an ontology ? /o HCAI
e Substance = Aristotle attempted to classify the things in the world - where it is
e o N employed to describe the existence of beings in the world;
N = Artificial Intelligence and Knowledge Engineering deals also with
Bady Spinl reasoning about models of the world.
\ animate inanimate = Therefore, Al researchers adopted the term 'ontology' to describe
S i — : what can be computationally represented of the world within a
* 384 BC 1322 BC Living Mineral
program.
sensitive insensitive " o e o .o .
= “An ontology is a formal, explicit specification of
Simonet, M., Messai, R., Diallo, G. i . .
& Simonet, . (2009] Otologie i ik Plant a shared conceptualization”.
the Health Field. In: Berka, P., £ -
Rauch, J. & Zighed, D. A. (Eds.) s Lt * A'conceptualization' refers to an abstract model of some phenomenon in the
Data Mining and Medical world by having identified the relevant concepts of that phenomenon.
Knowledge Management: Cases Human Beast , . i .
and Applications. New York, = 'Explicit' means that the type of concepts used, and the constraints on their
Medical information Science Socrates  Plato  Arislotle elc. use are explicitly defined.

human-centered.ai

Reference, 37-56.

Later: Porphyry ( = 234-305) tree
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What are the prinicples and methods of Knowledge Engineering ?

/o HCAI

N HMAN CONTERERS

Where are ontologies used today ?

solution
abstractions

Sulving
Method

Subunsks

> inference action role

\;npul

problem-solving
method

described by

1 method I

| ontology ]

e ey — — a

I roeping

————— - r V- —— .
| domain jextended | application |
I omology T o onology |
LT 4 [ "

Rudi Studer, V. Richard Benjamins & Dieter Fensel (1998). Knowledge Engineering: Principles and
methods. Data & Knowledge Engineering, 25, (1-2), 161-197, doi:10.1016/s0169-023x(97)00056-6.
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What is a Gene Ontology ?

task: gagnosis
goal: find causes which axplain the
observed sympioms;
input: observables: set of cbserved
aymptoms;
output: slutions: set of ientified causes
task body:
conirol: abstract)
matchi) task
rufined) layer

indicate

2021 health Al 03

Cellular
component
[0

Membrane

Microtubule
cyloskeleton

Intraéliular Proteasome
complex

Ribonucleo-

Protein complex | Site of
polarized

growth
o

Chromatin Nugclear

remodaling ;- ot cytoskeleton

Polymerizatioffior—
complex

depolymerization,
Cortic: n %ol

e e— y
complex " Goigi
! apparatus

Janusz Dutkowski, Michael Kramer, Michal A Surma, Rama Balakrishnan, J Michael Cherry, Nevan J Krogan & Trey Ideker
2013. A gene ontology inferred from molecular networks. Nature biotechnology, 31, (1), 38.
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What is the difference between an ontology and a terminology ?

2021 health Al 03

http://geneontology.org/

Hastings, J. 2017. Primer on Ontologies. In: Dessimoz, C. & Skunca, N. (eds.) The Gene Ontology
Handbook. New York, NY: Springer New York, pp. 3-13, doi:10.1007/978-1-4939-3743-1_1.
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= Ontology = a structured description of a domain in form of

concepts € relations;

The IS-A relation provides a taxonomic skeleton;
Other relations reflect the domain semantics;
Formalizes the terminology in the domain;

Terminology = terms definition and usage in the specific context;

Knowledge base = instance classification and concept
classification;

Classification provides the domain terminology ...

human-centered.ai 104
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What are the conditions an ontology may satisfy ? /o HCAI

What is a semantic relationship ?

human-centered.ai

(1

In addition to the 15-A relationship, partitive (meronomic) relationships may hold between concepts,
denoted by parT-OF. Every parT-oF relationship is irreflexive, asymmetric and transitive. 15-a and
PART-OF are also called hierarchical relationships.

(2) Inaddition to hierarchical relationships, associative relationships may hold between concepts. Some
associative relationships are domain-specific (e.g., the branching relationship between arteries in
anatomy and rivers in geography).

Relationships 7 and r' are inverses if, for every pair of concepts x and y, the relations {x, r. y) and
(v, r", x) hold simultancously. A symmetric relationship is its own inverse. Inverses of hierarchical
relationships are called INVERSE-15-A and HAS-PART, respectively.

(4) Every non-taxonomic relation of x to z, {x, r, z), is either inherited ((y, r, z}) or refined ({y,r, 2"}
where 2’ is more specific than z) by every child y of x. In other words, every child y of x has the same
properties () as it parent or more specific properties (z').

3

Spatial
dimension

+

Zhang, S. & Bodenreider, O. 2006. Law
and order: Assessing and enforcing
compliance with ontological modeling
principles in the Foundational Model
of Anatomy. Computers in Biology and
Medicine, 36, (7-8), 674-693.

Non-physical
anatomical entity

Material physical Non-material physical

anatomical entity

anatomical entity

Dimensionality
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What are typical medical ontologies ?

Concept: ©

1S-AR elationship: —
Part-Of Relationship: —

Cognitive
Function

Retrograde Anterograde
Memory Memory

Cognitive
Test
Object
Assembly

Simonet, M., Messai, R., Diallo, G. & Simonet, A. (2009) Ontologies in the Health Field. In:
Berka, P., Rauch, J. & Zighed, D. A. (Eds.) Data Mining and Medical Knowledge Management:
Cases and Applications. New York, Medical Information Science Reference, 37-56.

Transversal Relationship:
Cerebral
Hemisphere
Temporal
Lobe
Parietal
Lobe

Fronta
Lobe
Oceipital
Lobe

Piclure
Naming

Verbal
Agility
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What notations of ontologies do we use ?
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human-centered.ai

Name Ref. | Scope # D A S‘f'”' Version / Notes
oneep’s | Min | Mox Med Avg | Hier.
(inicol medicing
SNOMED (1 21| posentecads) ;e | 1| ¥ 2 | 257 | e | luy31,2007
Version 2.21
LOINC [24] | Qinicol observations ond lobortory fests. 46,406 1 3 3 285 | om0 | (no “noturol language” nomes)
) [25] | Human onatomical sirucures ~72000 | 1 ? 2150 | yes | (oolyetinthe UNLS)
Gene Ontology [26] | Functionol snnotaion of gen products 056 | 1| u 1| 215 | yes | Jon2 2007
Rellorm [31] | Stondord nomes for prescription drugs 9342 | 1 2 1| 100 | no | A3, 2007
NCI Thesaurus 1341 | Concer seorch, dinicol core, publicinformotion 50,868 1| 10 ) 268 | yes | 2007 0SE
Disenses and condifions
1C0-10 361 | heal stoisic) s | 1 1 1| 100 | o | 1998 (bula)
Biomedicine (desciptors for indexing the
MesH 98] | ieraure) 277 | 1| m 5| 747 | wo | A 27,2007
UMLS Mot 1] | Terminology inegrationin the ife sciences an 1| 2 | 377 | wo | 2007AC(Engish onhy)

Bodenreider, O. (2008) Biomedical ontologies in action: role in knowledge management, data
integration and decision support. Methods of Information In Medicine, 47, Supplement 1, 67-79.
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= 1) Graph notations
= Semantic networks
Topic Maps (ISO/IEC 13250)
Unified Modeling Language (UML)
= Resource Description Framework (RDF)
= 2) Logic based
= Description Logics (e.g., OIL, DAML+OIL, OWL)

= Rules (e.g. RuleML, LP/Prolog)

= First Order Logic (KIF — Knowledge Interchange Format)
= Conceptual graphs

n

(Syntactically) higher order logics (e.g. LBase)
= Non-classical logics (e.g. Flogic, Non-Mon, modalities)

= 3) Probabilistic/fuzzy
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How does a graphical notation look like ? /o HCAI What is the purpose of the Web Ontology Language OWL ? /o HCAI
O ——T DL = Description Logic S‘;‘:’;ﬁ?%;’éﬁ"ﬁ?g
Ontology [ o;gnnls;:? o Axiom Concept equ.ivalence Example
\___ vy A Speak: C1 is equivalent to C2
\..,. e i Sub class = Alga = Plant C Organism
s o : \ Table 1 P Equivalent class =G Cancer = Neoplastic Process
Y Py} | Yeast ) 18y This stuidy e .
(A eaiocy e hopenic by ) . o Disjoint with C1 E -G Vertebrate C —Invertebrate
instan & ai, 1995.) Ras-sirain x - v TS .
S M B )/ Pl SERIE o Same individual X=X Blue_Shark = Prionace_Glauca
Deseription \Jestalrott) P - Different from X1 C =Xy Sea Horse C —Horse
T s iedem ity | e (Veaststain) k2 L st o 5 Sub property P,C P has_mother C has_parent
_the study by Hermann et af, ' , s f
Skl e W /'E = Equivalent property Py=P treated_by = cured_by
Title P = =P, i = ion
'h;'n;.;..,;i}.fﬂ‘:\, i e - Cheung, K-H., Samwald, [nver:?e. Pi=P location_of = has_location
Commmiacis )~ L ; )_\ Wl . M, Auerbach, R. K. & Transitive property PtCP part_of™ C part_of
'-'—v\‘\/ T\ Gerstein, M. B.2010, Functional property TE=1P T E= Thas_tributary
_‘"f‘?"r“ Named graph R HaTs | Structured digital tables on Inverse functional property TCE<1P- T £< 1has_scientific.cname~
(kerens A o - / the Semantic Web: toward
/ T Nsawee /N P a structured digital . ) ) -
o Tl b, ) |\\_. SLY63 _.’:_‘\._? Brown 5 literature. Molecular Bhatt, N!., Rahayu, w., Sgnl, S.P. & Wouters, C. (2009) Ontglogy Qr|ven sem'antlc profiling
tabe e U - Systems Biology, 6, 403. and retrieval in med|cal‘|nformat|on systems. Web Semantics: Science, Services and
Agents on the World Wide Web, 7, 4, 317-331.
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How do you pronounce all these math expressions ? /o HCAI What are ontological class constructors ? /o HCAI

human-centered.ai

Handbook for

web.efzg.hr/dok/MAT/vkojic/Larrys_speakeasy.pdf Spoken Mathematics

(Lamy’s Speakeasy)

Lusranca A Chasg. 5L

et
Carst 1. Whne
[rograre

HELPFUL: https://en.wikipedia.org/wiki/List_of_mathematical_symbols

LaTeX Symbols : http://www.artofproblemsolving.com/wiki/index.php/LaTeX:Symbols

Math ML: http://www.robinlionheart.com/stds/html4/entities-mathml

The MathML Association promotes & funds MathML
implementations

MathML3 is an ISO/IEC International Standard
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Intersection/conjunction of concepts,
Speak: Cland ...Cn

All values from  VP.C
Some values 3P.

Min cardinality = nP gredient

Constructor DL syntax xample

Z
Intersection Cim...nC, Anatomical Abnormality n Pathological Function
Union Ciu...uC, Body.Substance u Organic_.Chemical
Complement -C —Invertebrate
One of X1 U...ux, Oestrogen U Progesterone

Yco_occurs_with.Plant
Jco_occurs_with.Animal
has_ingredient

Max cardinality < nP

Universal Restriction
Speak: All P-successors are in C

Existential Restriction
Speak: An P-successor exists in C

Bhatt et al. (2009)
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How can we combine statistical with logic-symbolic approaches ?

What is a knowledge graph ?

»
=
=

{1)Explaining
the reasons
for judgment

Deep Tensor

Knowledge Graph

(2)Explaining

.
£
4
3
z

o T T e

Output both inference result and reasons
(inference factors)

Inference result nference factors

B -

[ .

Knowledge graph generates a logical path
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 &

Gm: '|—-|‘ Object |

8 -‘/’C _\\I
N

~

Predicate

\__/

N /)
[ emity o ity

") \”

./ _\\Wm”'_‘ )
I Lt
(._\'1 L /_\
| e ————————— bt |
N N
r'/_\\. subclass of r'/_\\-

N>

\_/

Fast Forward 30 years...to Now!

* Huge amounts of open, unstructured data on the
‘Web (and structured data in the "Deep Web")
* Heterogeneous data — Real-world entities
associated with a wide variety of information
* You—asan individual
= Adisease and all of its relationships
* A geographic location, e.g., your home
* Ecological information for a region

* The need to search all of this data and “integrate”
data (e.g., Google/Bing search)

* Knowledge Representation and Querying Systems
= OWL, SPARQL

Computational power

« Big data - BigQuery, BigTable

©S520: 2021 Knowledge Graphs Seminar Session 2

260 Autrse - 02.04 2021

e B0 A TEREN T WECHRN ...

https://www.youtube.com/watch?v=fyAHrwHjSck

Andreas Holzinger 2018. Explainable Al: the new 42? Springer Lecture Notes in Computer Science LNCS 11015 https://web.stanford.edu/class/cs520
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What is a typical example from natural language understanding ?

»
=
=
B

What is a typical example from computer vision ?

of
e I wearing
. . bomin __{  Germany ) B
Albert Einstein was a German- T — g
. . . S potupation
born theoretical physicist who e (T 3
nstein — _( “__ - L]
developed the theory of oy 3
relativity. sovioped ™~ Theoyet -
s 8
c
it
1%]
o
[
3
]
(%]
of
£
occupation kind of <
Albert Theoretical word rmbedding
- it word ambedding pythen
Einstein Physicist o i detsch
word smbed fonts.
; word ambed pdf
' practices word ambedding erkdarung
word ambeddings explained
developed Theoryof word sabacitiog bart
Relativity ord nbedoiis wond2eac
branch Of word ambedded excel won't open
https://web.stanford.edu/class/cs520 e like (_knowledge Y @—-@
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What is classification generally ? /o HCAI

Medical
Classifications

Orde fecondum quemi METHODI tkisbenter.”
a2 “SYSTEME FIGURE

I}lc,,:"f“""" e DES CONNOISSANCES HUMAINES.
Frofla —— ——A41Il RAJ o TTENTINDEMENT

v N.'ﬁI ‘ 104

23;'15‘2uuﬁyn i etk .

VII RIVIND 201
VIl RUPPIT g

Numero: ¥

1X LU G | el

lauml§ gx KrAUTH e
NI TOURNEFORTI1

Fign {30 PONIEDERR.  Jon

Flore

utleuyer KU MAER 32
Frobibomer s — XV FANCMENT 58
Compotiorans VA s

aut

Maftoram ———
Fuogoesmmm——d
P it
Z]
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What medical classification systems do we know ? & tLEA' What is the International Classification of Diseases (ICD) ? & tLEmQJ

= Since the classification by Carl von Linne (1735) approx. 100+

various classifications in use:
= International Classification of Diseases (ICD)
= Systematized Nomenclature of Medicine (SNOMED)
Medical Subject Headings (MeSH)
Foundational Model of Anatomy (FMA)
Gene Ontology (GO)
Unified Medical Language System (UMLS)
Logical Observation Identifiers Names & Codes (LOINC)
National Cancer Institute Thesaurus (NCI Thesaurus)

human-centered.ai 119
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g@} World Health
12 Organization

4 | Healthtopics Dataand statistics = Mediacentre  Publications = Countries ~ Programmes and projects  Abg

Family of International
Classifications

Family of International
Classifications network

Classification of Diseases
(ICD)

Classification of Functioning
Disability and Health {ICF)

Classification of Health
Interventions (ICHI)

Frequently asked guestions

Q gearch |
Classifications

International Classification of Diseases (ICD)

ICD-10 was endorsed by the Forty-third World Health Assembly in May 1990 and came
into use in WHO Member States as from 1994 The classification is the latest ina
series which has its origins in the 1850s. The first edition. known as the [ntemational
List of Causes of Death, was adopted by the International Statistical Institute in 1893,
WHO took over the responsibility for the ICD at its creation in 1948 when the Sixth
Revision, which included causes of morbidity for the first time, was published. The World
Health Assembly adopted in 1967 the YWHO Nomenclature Regulations that stipulate
use of ICD in its most current revision for mortality and morbidity statistics by all
Member States.

http://www.who.int/classifications/icd/en
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How did the International Classification of Diseases evolve ?

TUES What is SNOMED ? /o K

= 1629 London Bills of Mortality

= 1855 William Farr (London, one
founder of medical statistics): List of
causes of death, list of diseases

= 1893 von Jacques Bertillot: List of
causes of death

= 1900 International Statistical Institute

(ISI) accepts Bertillot’s list

= 1938 5th Edition

= 1948 WHO

= 1965 ICD-8

= 1989 ICD-10

= 2015 ICD-11 due

= 2018 ICD-11 adopt

human-centered.ai

_&1 World Health
Organization
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How does Hypertension look in SNOMED ? N

= 1965 SNOP, 1974 SNOMED, 1979 SNOMED Il

= 1997 (Logical Observation Identifiers Names and
Codes (LOINC) integrated into SNOMED

= 2000 SNOMED RT, 2002 SNOMED CT

.
- = L)
INTERMATIONAL HEALTH TERMINOLOGY ;\<_\
STANDARDS DEVELOPMENT ORCANISATION w "un
L RN

239 pages
SNOMED CT®Technical Reference Guide

January 2011 International Release
(US English)

http://www.isb.nhs.uk/documents/isb-0034/amd-26-2006/techrefguid.pdf
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TUES What is MeSH ? /o HCA!

human-centered.ai

A

24184005|Finding of increased blood pressure (finding) =
38936003|Abnormal blood pressure (finding) AND
roleGroup SOME
(363714003|Interprets (attribute) SOME
75367002|Blood pressure (observable entity))

12763006|Finding of decreased blood pressure (finding)-=2
392570002|Blood pressure finding (finding) AND
roleGroup SOME
(363714003|Interprets (attribute) SOME
75367002|Blood pressure (observable entity))

Rector, A. L. & Brandt, S. (2008) Why Do It the Hard Way? The Case for an
Expressive Description Logic for SNOMED. Journal of the American Medical
Informatics Association, 15, 6, 744-751.
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= MeSH thesaurus is produced by the National Library of Medicine
(NLM) since 1960.
= Used for cataloging documents and related media and as an index to
search these documents in a database and is part of the
metathesaurus of the Unified Medical Language System (UMLS).
= This thesaurus originates from keyword lists of the Index Medicus
(today Medline);
= MeSH thesaurus is polyhierarchic, i.e. every concept can occur multiple
times. It consists of the three parts:
= 1. MeSH Tree Structures,
= 2. MeSH Annotated Alphabetic List and
= 3. Permuted MeSH.
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What are the 16 trees in MeSH ?

How does the MeSH hierarchy look ?

Anatomy [A]
Organisms [B]
Diseases [C]
Chemicals and Drugs [D]
Analytical, Diagnostic and Therapeutic Techniques and Equipment [E]
Psychiatry and Psychology [F]
Biological Sciences [G]
Natural Sciences [H]
Anthropology, Education, Sociology, Social Phenomena [I]
. Technology, Industry, Agriculture [J]
Humanities [K]
Information Science [L]
Named Groups [M]
Health Care [N]
Publication Characteristics [V]
Geographicals [Z]

LN EWNE

e e S
AW RO
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How does the MeSH Example Hypertension look ?

| C. Diseases I

CO01. Bacterial Infections C14. Cardiovascular C20. Immune System
and Mycoses Diseases Diseases

C14.240 Cardiovascular C14.280 Heart C14.907
Abnormalities Diseases Vascular Diseases

e [

C14.907.055 C14.907.489 C14.907.940
Aneurysm Hypertension Vasculitis
C14.907.489.330 C14.907.489.480 C14.907.489.631
Hypertension, Hypertension, Hypertension, Renal
Malignant Pregnancy-Induced

Hersh, W. (2010) Information Retrieval: A Health and Biomedical Perspective. New York, Springer.
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How does Mesh look in an interactive tree visualization ?

National Library of Medicine - Medical Subject Headings
2011 MeSH
MeSH Descriptor Data
Fgtum. b Entry Fage
Standard View. Go to Concept View; Go to Expanded Concept View

MeSH Hypertension

Tree Number |C14,907, 4859

not for intracranial or intraocular pressure; relation to BLOOD PRESSURE: Manual 23,27; Goldblatt kidney is HYPERTENSION,
IGOLDBLATT see HYPERTENSION, RENOVASCULAR; hypertension with kidney disease is probably HYPERTENSION, RENAL, not
HYPERTEMSION; venous hypertension: index under YENOUS PRESSURE (IM) & do not coordinate with HYPERTENSION;
IPREHYPERTENSION is also available

Persistently high systemic arterial BLOOD PRESSURE. Based on multiple readings ( BLOOD PRESSURE DETERMINATION),
Scope Note  hypertension is currently defined as when SYSTOLIC PRESSURE is consistently greater than 140 mm Hg or when DIASTOLIC
PRESSURE 15 ¢ 20 mm Hg or maore.,

Entry Term  [Bleod Pressure, High

See Also ntibypertensive Agents

Annotation

See Also (Vascular Resistance
Allowable
Q\-IH!'I“ET: BLGE CLCLCN GO OH D1 OT EC EH EM EN EP ET GE HLIM ME ML MG NU PA PC PP PS PX RA BH RLRT S0 TH UR US VE Y1

Date of Entry |19990101
Unique ID DODGST3

http://www.nlm.nih.gov/mesh/
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Eckert, K. (2008) A methodology for supervised automatic document annotation. Bulletin of
IEEE Technical Committee on Digital Libraries TCDL, 4, 2.
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What is UMLS — Unified Medical Language System ? /o HCAI http://www.nlm.nih.gov/research/umls/ /o HCAI

5. National Library of Medicine
mal Isthmtes of Heslth

Viend, Mead, Laarm | Gxplors WLM | Revmarch ot N1

The UMLS integrates and d
ebectrunic hnalth records.

tes kay terminolegy, clamsification asd coding standards, and asseciated reseurces Lo promote creation of mone sffective and
et informaticn

evaluationof

Sign or
Symptom

dsnypts

Anatomical
Abnormality

Hstathesaurus Ucense New Users User Education

Fp—

Fully Formed Niogds *
Anatomical

Structure

source Documentation

UMLS® Aelerere Marn UMLS Knowledge Sources
Documentation for: For advanced user

Body System |+

Body Part, Organ or
Organ Component
»

on_aed Lexical Tegls

UMLS News and Announcements
SHOMED CT ROA Subset dvalable for downioad,..

partef  partof

Cellor
Molecular
Dysfunction

Esperimental
model
of Disease

Neoplastic
Process

D Subacribe 1o the UMLS frwn RSS Faed

Mental or
Behavioral
Dysfunction

isa links
»  non-isa relations

8 A.gov
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What subdomains does UMLS Metathesaurus integrate ? Ja HCAI How does an Example of proteins and diseases in the UMLS look ? Ja HCAI
Clinical .
sitories g
e Genetic (Neoplastic Process ] [(Bene or Genome ] il
3F
knowledge bases
A L% A A ¥
Other SNOMED Neuro- Benign neoplasms l Tumor suppressor genes | Tumor suppressor
subdomains OMIM fibromatoses of cranial nerves \] proteins
e
NF2 \u g2
I (Neurofibromin 2 gene) 9 - %,E
Biomedical C0085114 Merlin ) —E
UMLS i literature Neurofibromatosis 2 p ;ﬁ?;_?::::"z:‘“éj 4 E.'
MCEI . [Ty.pe 1 ne_umﬁbm:n:ntosis. 1 0254123 :_EJU
Taxonomy
Model GO wereest Merlin, Drosophila
organisms UWDA - 1 H —— =777
NEUROFIBROMATOSIS, | 7 = | Drosophila melanogaster merlin E £
Genome TYPE II; NF2 3 " (Dmerlin) mMRNA, complete cds. ‘-;5
Anatomy annotations OMiv)  #101000 Ues724 Gaman] |
Bodenreider, O. (2004) The Unified Medical Language System (UMLS): integrating Bodenreider, O. (2004) The Unified Medical Language System (UMLS): integrating
biomedical terminology. Nucleic Acids Research, 32, D267-D270. biomedical terminology. Nucleic Acids Research, 32, D267-D270.
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/o HCAI

TUESS Concluding remark /o HEAI

human-centered.ai

Conclusion

133
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/o HCAI

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

= We need top-quality data and/or robust models to deal
with the non-iid character of real-world data
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/o HCAI

human-centered.ai

ULTRA-MODERN MEDICINE:
EXAMPLES OF MACHINE LEARNING
IN HEALTHCARE

July 4, 2019 - Updated: March 25, 2020
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