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Natural intelligence
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Fro, 1. Data from Pellack (17, 18) on the
ameunt of informatinn that is transmitted by
listeners who make absclute judements of
auditory pitch.  As (he amount of input in-
formation is increased by increasing from 2
to 14 the nuraber of different pitches to be
judged, the amount of transmitfed informa-
tion appreoaches as its upper limit & channel
capacity of about 2.5 bits per judgment.

G.A. Miller The Magical Number Seven, Plus or Minus Two:

Some Limits on our Capacity for Processing Information,
Psychological Review, 63, 81-97. (1956)

Pollack, I. The information of elementary auditory
displays.
J. Acoust. Soc. Amer., 1952, 24, 745-749.

Homo Sapiens: Technical Specifications

CPU
Clock frequency
CPU cores

CPU speed

Memory (short term)
Storage

Power

Camera

Touch

Display

Speakers

GPS

WIFI

Bluetooth
2G/3G/4G/5G
Latest version update

Main Features :

* Find food

» Escape predators
+ Kill enemies

| - R TR [ P PR

100 GN (giga-neurons)
4-32 Hz
1 (male version), 2+ (female v.)

0.1 Flops (floating point op. /
sec)

7 +/-2 bits
1TB-2.5PB
20W

576Mpix, 24Hz
Yes

No

Mono
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No/No/No/No
100 000 BC
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First “Data Science”
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Tabulae Rudolphinae (1627), 23 years,
position of 1405 stars + planets

Perfect beauty and symmetry:r



First “Data Science” in genetics

Gregor Mendel, 1865
8 years, ~28.000 pea plants
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Science - technology - science - technology ...

hsrory Y Mechris

Solid state physics

Moore’s-law

Quantummechanics

Better sensors more data
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Prototype of modern data science

SDSS: 3D map of the universe




=  Automatic pipeline .
More than 150 man year Data Pprocessing challenge

development

First astro project where
most of the money is spent
on software rather on the SURVEY OPERATIONS / SIMULATED OBSERVATIONS
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Huge data tables

deVRad r deVPhi_r redshift class
348.90253| 1.2718862| 19.38905| 18.24496| 17.58728| 17.20807| 16.90905| 3.295783| 28.87819| 0.03212454|GALAXY
51.443695| 1.2700727| 19.52808| 17.96541| 17.03493| 16.53754| 16.14154| 7.599091| 63.68505| 0.1213151|GALAXY
51.483584| 1.2720127| 18.72268 17.3852| 16.81134| 16.51803| 16.29502| 1.676276| 132.2497| 0.04876465|GALAXY
49.627485| -1.0417691| 17.65612| 16.17133 15.5894 15.3785| 15.26744| 0.0636351| 163.8111 -9.77E-05(STAR
40.28569| -0.7149566( 17.54884| 15.75164 15.031| 14.66728| 14.36099| 9.327478| 71.73198| 0.04028672|GALAXY
40.272105| -0.6425103| 19.23401 17.5333 16.8743| 16.63157| 16.49762| 0.0034072| 67.50085 -5.22E-05|STAR
40.582032| 0.1347701| 18.64558| 16.44336| 15.52452| 15.18185| 14.98858| 0.0129546| 106.2289| 0.00017717|STAR
57.025337| 0.208845| 17.61444| 16.17125| 15.52131| 15.15564| 14.86996| 10.81576| 149.0323| 0.0254747|GALAXY
57.047052| 0.0843043| 19.46874| 18.18264| 17.59063| 17.26436| 16.95295| 18.96355| 31.14236| 0.03616738|GALAXY
57.281615| 0.0187679 16.4848| 14.92993| 14.56054| 14.53054| 14.19394| 0.4085672 77.8435| -0.00014215|STAR
57.512104| 0.0848866| 18.83897| 17.63091| 17.09078| 16.84627| 16.71464| 0.0103326| 106.4699 8.89E-05|STAR
57.605375| 0.0272751| 18.21801| 15.95427| 14.95673| 14.59481| 14.36269| 0.000253| 73.22543 -2.62E-05|STAR
57.824999| 0.215609| 17.68076| 17.32501 17.1707| 17.08611| 17.03252| 0.0162654| 72.24319| 0.6822563|QSO
57.943458| 0.0596778| 16.93403| 15.38486| 14.69913| 14.44319| 14.33092| 0.0153492| 73.84164| 0.00011661|STAR
58.175459| 0.2186933| 19.33956| 19.10073| 18.66402| 18.58816 18.6467| 0.0417285 75.5094 1.161747|QS0O
58.304024| 0.0138137| 18.53223| 17.24661| 16.77493| 16.59758| 16.50323| 0.0204817| 106.2418 4.66E-05(STAR
58.395736| 0.2097659 17.0049| 15.36086| 14.49837| 14.39811 13.7894| 0.021017| 105.7351| 0.00061353(STAR
36.653674| 0.6311025 19.4573 18.126| 17.62662| 17.45301| 17.32834| 0.0311647| 48.93041 3.63E-06|STAR
37.690126| 0.6303724| 19.25001| 18.32965| 17.98234| 17.86072| 17.78243| 0.0071562| 73.79427| 0.00012205|STAR
40.279741| 0.5635092| 18.41061| 17.24516| 17.35439| 17.45092 17.5481| 0.0150468 105.639| 0.00043629|STAR
40.35652| 0.5867079| 19.15436| 18.23266| 17.97747| 17.89799| 17.85765| 0.0686916| 103.8736| 0.00078479|STAR
40.365912| 0.4821568| 18.40755| 16.80093| 16.25361| 16.07363| 15.99621| 0.0270869| 71.27299 -1.19E-07|STAR
44.223179| 1.0513825| 17.91608 16.9998| 16.61383| 16.46706| 16.39825| 0.0096769| 72.74297|-0.00043547|STAR

Photometry table: 300+ columns, 1Bn+ rows

100+ other tables

Scientific observations often
result data as multidimensional
vector space
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Queries in “phase space”

Star/galaxy separation
Quasar target selection

petroMag _i>17.5 and (petroMag_r > 15.5 or petroR50 r > 2)
and (petroMag_ r>0andg>0andr>0andi>0)and (
(petroMag_r-extinction_r) < 19.2 and (petroMag_r -
extinction_r < (13.1 +(7/3) * (dered_g - dered_r) + 4 * (dered_r
- dered_i)-4 *0.18) ) and ( (dered_r - dered_i - (dered_g -
dered _r)/4-0.18) <0.2) and ( (dered_r - dered _i - (dered_g -
dered_r)/4-0.18) >-0.2) and ( (petroMag_r - extinction_r + 2.5
* LOG10(2 * 3.1415 * petroR50_r * petroR50 r)) <24.2)) or (
(petroMag_r - extinction_r < 19.5)

and ( (dered_r - dered_i - (dered_g - dered_r)/4 - 0.18) > (0.45 -
4 * (dered_g - dered_r)) ) and ( (dered_g - dered _r) > (1.35 +
0.25 * (dered_r - dered_i)) ) ) and ( (petroMag_r - extinction_r +
2.5 * LOG10(2 * 3.1415 * petroR50 _r * petroR50 r) )<23.3))




New skills: Indexing, databases

= SDSS data “read through”~1 day

= Astronomers should learn:
Database programming, computer
geometry, search trees, ...

= Multidimensional- and spherical
indexing ]




Modern data science: same trends in biology,
environmental sciences, social sciences, ....
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Szel(venéléSi te Chnil(él(: 1 szala ismeretlen DNS szekvencia

ACGGGTTAGCTCTAGG

Sanger-szekvenalas (1977) e g

5 > 3

DNS-polimeraz

%\.\.

dATP dGTP dTTP dCTP

£x £
£+ TGCCCA £+ TGCCCAATCG gTGCCCAAT gTGccc

TGCCCAA TGCCCAATCDGAG 4 TGCCCAATCGACGAGAT g TGCCCAATC
£ TGCCCAATCGA TGCCCAATCGA 12 TGCCCAATCGAGATC

TGCCCAATCGAGA TGCCCAATCGAGATCC

G J
i 3

l poliakrilamid gélelektroforézis

O 1 1 1 T
12 — C
9 — A
8 —_— G
7 — A
13 C—— G
5 —_— C
4 — T
3 — A
2 —— A
1 —— G

Nyitray Laszld, Pal Gabor: A biokémia és molekuldris bioldgia alapjai (2013)



Szekvenalasi technikak: NGS
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D. Mertens, K. Rippe, German Cancer research Center BGI Hong Kong, Scotted400, CC-BY-3.0



Moore’s law in gene sequencing  Human genome sequencing
1990-2003: 13yrs /2.7 Bn USD

2016: ~days/1000 USD
2020: 272222

- X Prize $10M, 2006, 100 genom,

30 days, $10k - cancelled (2006)

- Microarray, CCD!

- Mass spectroscopy
- Digital microscopy

National Human Genome
Research Institute

genome.gov/sequencingcosts

- -

20012002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Oxford Nanopore 100Mb,$900




Mb-ra es6 szekvenalasi kdltség (USD)

Szekvenalasi technikak: NGS

10k

1000

100

0.1

ENA / SRA
A szekvenalas koltségének valtozasa =3 Hsszes
a O publikus
NGS-modszerek 2
& .
£ ~
:% SC} lllumina GA
- egyeb
454
2002 2004 2006 2008 2010 2012 2014 FE,: 7 SoLD
év 1 T T T 1
2009 2010 2011 2012 2013
Egyre olcsébb szekvenalni. Egyre tobb adat publikus online.
1990-2003 2016 20207

13 év / 2,7 milliard USD néhany nap / 1000 USD
o o ®



Biology in the
20th 21st
century




NGS - adatfeldolgozas

1. Képekbdl szoveges short read

koordinata szinintenzitas
A G
17 20 4 76
17 25 2 41
1001 1253 8 2
@SEQ_ID
GATTTGGGGTTCAAAGCAGTATCGATCAAATAGTAAATCCATTTGTTCAACTCACAGTTT FASTQ
$ formatum

DUV ((((*%%4))333++) (3323) . 1***—4%1 1)) **55CCF>>>>>>CCCCCCCH5



NGS - adatfeldolgozas

2. Short readbodl teljes genom: Osszeillesztés

A) referenciagenom (minta) nélkil: de novo 6sszerakas
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NGS - adatfeldolgozas

2. Short readbodl teljes genom: Osszeillesztés

A) referenciagenom (minta) nélkil: de novo 6sszerakas
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NGS - adatfeldolgozas

2. Short readbodl teljes genom: Osszeillesztés

A) referenciagenom (minta) nélkil: de novo 6sszerakas

B) referenciagenom segitségével

ez _igy mar sokkal kdénnyebb
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NGS - adatfeldolgozés ,S0k széttépett hibas szakacskdonyv”

2. Short readbodl teljes genom: Osszeillesztés

A) referenciagenom (minta) nélkil: de novo 6sszerakas

B) referenciagenom segitségével

ez igy mar sokkal konnyebb
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igy mar so nyebb
z igy kinn

kinny




NGS - adatfeldolgozés ,S0k széttépett hibas szakacskdonyv”

2. Short readbodl teljes genom: Osszeillesztés

A) referenciagenom (minta) nélkil: de novo 6sszerakas

B) referenciagenom segitségével

ez igy mar sokkal konnyebb
\ez ig mar s : 1 kiin [yebb
igy mar so nyebb
z igy kinn
kinny

W_J
delécio

pontmutacio



NGS - adatfeldolgozas

2. Short readbodl teljes genom: Osszeillesztés

A) referenciagenom (minta) nélkil: de novo 6sszerakas

B) referenciagenom segitségével

Processzorsebesség: ~10°7 utasitds/sec
Human genom: ~10? nukleotid

NGS: ~10? short read

“nyers erével”: ~1018 Bsszehasonlitas,
vagyis ~10% sec = 32 év

Kreativ indexel6 és keresd algoritmusok kellenek!



NGS - adatfeldolgozas

3. lllesztett adatok + metaadatok

e 38 raktipus

* 2600 eset

3,2 milliard
nukleotid/genom

Kilonbdz6

7 y nature.com
rormatumi nvers ||

adatfajlok és
komplex
metainformaciok
egyvelege

3?;:".'.0" \

o

National Cancer Institute
ional Human G R

The Cancer Genome Atlas

http://cancergenome.nih.gov/

h Institute X
i Navigating the Data Portal

and the Cancer Genomics Hub

SPECIAL | 05 FEBRUARY 2020
Pan-Cancer Analysis of
Whole Genomes

Cancer is a disease of the genome, caused by a cell's acquisition
of somatic mutations in key cancer genes. These mutations alter
pathways involved in regulating cellular growth and interactions
with the tissue environment. Until recently, research on the
cancer... show more

The Pan-Cancer Analysis of Whole Genomes Consortium brought
together researchers with nearly 750 affiliations across 4
continents. Between them, they sequenced full genomes from more
than 2,600 samples representing 38 different types of cancer.




Gene expression “Big Data” (2009)

Microarray
HGU133 Plus 2.0

Gene expression values extracted from images:

54675D vectors + metadata

ELTE-SOTE-3DHISTECH
e Affymetrix HG U133 Plus2
Raw datat: 67 Mpix image (photmetry!)
-> 604 258 probe
-> 54 675 probe set (“gene)
207 samples (colorectal cancer)
* Goal: “marker genes” of cancer

S Spisak, A Kalmar, O Galamb ... | Csabai, | Kovalszky, S Semsey, Z Tulassay, B Molnar; PLoS One dx.doi.org/10.1371/journal.pone.0046215 (2012)



= Galaxy spectra: 1 million times 3000 dim vectors
= Microarray study: 207 times 54675 dim vectors
= 30 million bitcoin users, 3 billion tweets

Similar challenges

Due to the underlying physical
laws, data vectors does not fill the
whole space, rather lie on lower

dimensional surface/subspace
(this is why we can understand the

pV = NkT 6-10%3 > 5

O

SIGGRAPHASIAZ009
Compression : dimension
reduction, matrix

Shadow Art
factorization,

machine learning Niloy J. Mitra Mark Pauly
IT Delhi / KAUST ETH Zurich




Gene expression microarray: 54675D -> 2D

150000

100000

s0000

-50000 ¢

-100000

-150000

-150000

-100000

100000

CRC 2

CRC 1

AD2

AD1

IBD2

IBD1

NEG



PCA2, PCA3 clusters?
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PCA2, PCA3 clusters
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PCA - KEGG pathways (ribosome)




PCA - KEGG pathways (ribosome)
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Complex systems

,Realize that everything connects to everything else”
/ Leonardo da Vinci/

'<=gq 0 select * from tmp9_3"' us 1:2:4 m
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100 | “- e
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n L] |
n " ! - l.
-50 T n
n "
. a2
-100 e -
n
-150 L L
150 -100 50 0 50 100
PCA1

all probes (54 675)

'<sq 0 select * from tmpRand1000' us 124 =m
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20 | [] d
[
15 L i
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0 | |
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"
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o -
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,Marker genes”?

PCA2

L4
]
.

S & & A N o N & o

'<sq 0 select * from tmpRand100' us 134 m =

PCA1

random 100

Complex, nonlinear interacting network!
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Multidiszciplinaris hazai és nemzetkozi
egyuttmuikodések

» FIEK_16-1-2016-0005: Biomarkerek (ELTE-MTA TTK-
CRU-SERVIER)

nd have the sample position (Europe). and

= NVKP_16-1-2016-0004: Magyar onkogenom,
folyadékbiopszia (SOTE-3DHISTECH-ELTE)

= NKFI OTKA 124881: DNS-javité mechanizmusok

B Guinea

(MTA TTK-ELTE) —Jroi
1 Mali? . 4
= Novo Nordisk Multidisciplinary Synergy (Danish e i
Cancer Society Research Center-DTU-Francis Crick . : 2% alt
Institute-ELTE) 100 :
= COMPARE EU H2020: Fert6z6 betegségek, virusok, 5 F}@E‘
baktériumok, metagenomika (~15 nemzetkozi 150
partner, MTA Wigner FK Adatkézpont) Kooplex
= VEO H2020: Fert6z6 betegségek, virusok, o

baktériumok, metagenomika (~15 nemzetkozi

7~ jupyter [
partner, ELTE) : L

Worksheets Jupyter notebooks Gitlab Owncloud
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D. Sz(its MTA TTK, Z. Szallasi Harvard/DTU

IsoMut ‘soMut

P ot o0 . oINS L8017 183 - : A new tool for the detection of unique

"2 2 BMC Bioinformatics mutations in isogenic sample groups.
Fast and accurate mutation detection in ~ ®~ iy

. WGS of 30 samples Alignment Test sets
whole genome sequences of multiple P - =
isogenic samples with IsoMut It e .
0. Pipek', D. Ribl Molnar’, A P6ti’, M. Krzystanek®, A. Bodor', G. E. Tusnady?, Z. Szallasi***%, |, Csabai p ols '"““G'g""“" E
and D. Szits” @ strong mutagenic treatment ¢ Pileup generation g
OCCI® @& & ® @4k ¥4 e B o

el=[=01 2 2 2 222 2 2223 1y et g
= Sok izogenikus minta esetén Fitering parameters O Y
e Testing parameter combinations (TPR & FPR)

= A referenciagenomtdl valo eltérések, illesztési hibak THEEEE e (o
korrigaléddnak Pt RS ety

=  Egyedi mutdciok detektaldsa (példaul kezelés hatdsa)

= @Gyors, pontos (nagyon kevés fals pozitiv eredmény)

=  Felhasznalasi példa: kemoterapias szerek mutagén Y
hatasanak vizsgalata (B Szikriszt et al., Genome Mutaion detsoion \<: Findingoptima sting for desied FPR, TPR
biology 17 (1), 99 (2016)) s =l

Post-processing y
of results faise positive rate false positive rate

1) SNVs found in starting clones not in test set
O~ OLICIO @ @@ @ 34K HHHH \  WT test set
O OO ®®® & & %K % %% \  Mutant 1 test set
2) SNVs found in identical control samples
o R Ok Ok
OO WO NN
3) SNVs found with a sampl
O« ¥ & OCICIM MR ® B HHHH AN

true posttive rate




D. Sz(its MTA TTK, Z. Szallasi Harvard/DTU, C. Swanton Francis Crick Institute

DNS-javitéo mechanizmusok

mutation rate per triplet occurrence (x10°6)
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mock treatment

@ www.nature.com, irnal,

1 » Publications A-Z index  » Browse by subject
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b MMS treatment
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Génkilitéses sejtvonalak, mutagén
kezelések

Mutacios szignaturak (NNMF)
Mutacids spektrumok 6sszevetése a
TCGA-eredményekkel




Nem kodolo mutaciok szerepe

M. Freedman, S. Spisak: Harvard

Kddolo régiok (~2%):

. Growing peptide chain
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,Nem kodolo” régidk (~98%), ,,GWAS” statisztikai asszociaciok:

A
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Okozo
Target gene SNP




M. Freedman, S. Spisak: Harvard

Nem kddolo mutaciok : TALEN genomszerkesztés

nature,,
medicine

CAUSEL: an epigenome- and genome-editing pipeline
for establishing function of noncoding GWAS variants

Sandor Spisak!>2?, Kate Lawrenson®?*2!, Yanfang Fu*7-02!, Istvin Csabai®, Rebecca T Cottman*-5%, Ji-Heui Seo'?,
Christopher Haiman*!?, Ying Han?, Romina Lenci'?, Qiyuan Li">!!, Viktéria Tisza"'?, Zoltan Szallasi'?>-14,
Zachery T Herbert'?, Matthew Chabot', Mark Pomerantz!, Norbert Solymosi!6, The GAME-ON/ELLIPSE
Consortium'”, Simon A Gayther™!8, ] Keith Joung*” & Matthew L Freedman">'?
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,Egy sz0g miatt a patkd elveszett.

A patké miatt a |6 elveszett.

A 16 miatt a lovas elveszett.

A lovas miatt a csata elveszett.

A csata miatt az orszag elveszett. ”
/Ludanydé meséi/

»A kiatlagolddas hianya”:

erds csatolas a mikro- és
makroskalak kozott.

Egyetlen, nem kddolo
nukleotid megvaltoztatasa
megvaltoztathatja a fenotipust.
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Immunrendszer-szekvenalas

|. Kacskovics, B. Szikora, O. Pipek, ELTE

Immunizalt egerek [épébdl izolalt (FACS: CD138+) plazmasejtek immunglobulin-szekvencidinak (CDR3) elemzése NGS médszerrel

Nagy genetikai variabilitds — szomatikus hipermutacié — szelekcio




Epigenetics, DNA methylation, cancer, ageing
(ELTE-SOTE)
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Palla et al. submitted 2020




Multidiszciplinaris hazai és nemzetkozi
egyuttmuikodések

» FIEK_16-1-2016-0005: Biomarkerek (ELTE-MTA TTK-
CRU-SERVIER)

nd have the sample position (Europe). and

= NVKP_16-1-2016-0004: Magyar onkogenom,
folyadékbiopszia (SOTE-3DHISTECH-ELTE)

= NKFI OTKA 124881: DNS-javité mechanizmusok
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MPARE EU H2020: Fert6z6 betegségek, viruso
baktériumok, metagenomika (~15 nemzetkozi
partner, MTA Wigner FK Adatkdzpont)

7

Kooplex

Infrastructure for flexible collaboration

VEO H2020: Fert6z6 betegségek, virusok,
baktériumok, metagenomika (~15 nemzetkozi
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Worksheets Jupyter notebooks Gitlab Owncloud
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... and human phylogeny
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Social networks: TwitterDB

Principal dimensions: Data type:
race, religion, urbanization Graph+text+geo
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Using Robust PCA to estimate regional characteristics of language use from geo-tagged Twitter messages; D Kondor, | Csabai, L Dobos, J Szule, N
Barankai, T Hanyecz, T Sebok, Z Kallus, G Vattay; IEEE CoginfoCom) (2013)

Bokanyi Eszter, MSc thesis, ELTE TTK (2015), Bokanyi et al. submitted



Test Milgram’s ,,6 degree” on Twitter
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Lost in the City: Revisiting Milgram's Experiment in the Age of Social Networks; J Szile, D Kondor, L Dobos, | Csabai, G Vattay;
PloS one 9 (11), e111973 (2014)



Eotvos Lorand
Tudomanyegyetem

Fig. 2. Social connection weights between large ge¢
World. The map shows our 261 geo-political regions an
(mutual Twitter followers) between users in California
Colour codes the number of friendships with users in Calif]

red means that Californians have ~ 107 friendships with
indicates that ~ 10" friendship connects them for example|

Az ELTE-r6l  Hirek

Az ELTE Komplex Rendszerek Fizikdja Tanszék kutatoinak - Kallus Zsdfia, Kondor
Daniel, Stéger Jozsef, Csabai Istvan, Bokanyi Eszter és Vattay Gabor - How the
‘Gangnam Style’ Video Became a Global Pandemic cimmii tanulmanyarél az MIT
Technological Review kozolt ismertetét. A cikk a modernkori hirterjedés, a geoszocialis

és az online szocialis haldzatok osszefiiggéseit vizsgalja.

A modernkori, fizikai és virtualis vilagunkat atszévé Gsszekdtottség alapjaiban valtoztatta
meg utazasi és kommunikacios szokasainkat. Ennek megfeleléen a féldrajzi tavolsag mar
nem feltétlenil a legmegfelelébb mértéke annak, hogy milyen messze van két varos

Oktatas

Kutatas

Egyetemi élet
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Fig. 4. Progressive stages of the pandemic. The spreading of the wave is shown in four progressive stages of the propagation.
Each stage is defined by separate time slice of equal length. The nodes where the news has just arrived in that slice are first shown on
the shortest path tree. Second, a corresponding histogram is created based on effective distances. Each rectangle represents one of the
regional nodes and a common logarithmic color scale represents the number of users of the nodes (color scale of Fig. 5 is used).




Big data, big simulations, machine learning

20th century 21st century

manual observations high throughput instruments

300 million galaxies
- 2.5 terapixels
3.2 gigabases,
37 trillion cells

(CO-SVR)+CVP

MA
7
o

simple equations complex simulations




Al: Why inevitable? Why now?
Key challenges: amount of data and complexity of models

10kx3.2 G bp

Image recognition progress

110

Top 5 Error Rate

# of entries using GPUs

I

0 0

2010 2011 2012 2013 2014

= Perceptron ‘57, Hopfield ’82, Backprop ‘86

= more data (MNIST’98 60k, CIFAR’10 60k,
IMAGENET’10 14M)

= steadily improving models, deeper
understanding of statistics/data/models

10kx30k o
5Gpx/image

= more compute power. GPU!!
* V100 GPU: 100 TFlops




Al: paradigm shift

Computer |ummmdiagsei{adlely

Example: Image recognition
Method: hand crafted features

(&) = “apple”
f(& ) = “tomato”
fEd ) = “cow”

IF color=red AND profile=smooth THEN
type:=tomato

®elnp[olli=Ig —— Model —— Prediction




Supervised learning

input




Supervised learning




Supervised learning

input

prediction

internal representation % N+ 7
- +
+ \
function regression

(&) = “apple”
f@Y) = “pear”
f@d) = “cow”

IF color=red AND profile=smooth THEN type:=tomato
IF color=red AND HAS(horns) THEN type:=cow




Supervised learning: neural net

input

internal representation

2SR

Sum Activation
Function

Inputs —

Dendrite

Node of

Ranvier

Schwann cell

Myelin sheath

Nucleus

prediction

—_— i

Output

%1 roundness

function regression
f(&) = “apple”

() = “pear”

f@d) = “cow”

IF color=red AND profile=smooth THEN type:=tomato
IF color=red AND HAS(horns) THEN type:=cow




Learning -> loss function optimization

4 data points and classification border imageS -2 pOintS
? | ? 5 Tabel 0 in N dim space

(] label 1
class border [

|:| ........ P - —" \'Y % '\_J"q ".‘.»
: [ DA R R
JpogU
o, o
RS |
", :E:l\\
: ) w SN —— Gradient descent
: B
? R T i Min = 1.9500000000000002
bpe
_3 1 1 | | | |
-3 2 1 0 1 2 3 4

Loss = number of wrong
categorizations

Learning=minimum search ’




Challenges
= Proper, big enough training set

L12 L18
@® Convolution L L2 L3 L1 Fully connected  Fully
Convolution + LeakyReLU Average pooling Convolution + LeakyReLU  Flattening  + LeakyReLU connected

@ LeakyReLU r i

= Representation of data " S ,
. _ = ; W,‘+@ ;g:f%;”
(images, words, ... -> vector space) - o

N | . L[] . L[]
onlinear optimization
2

256 x 256 pixels 4 x 254 x 254 4x127x127 12x125x 125 2304 1024

= Model complexity
* Accuracy
* Generalization

= “Black box”, trust

—— Gradient descent

Min = 1.9500000000000002

Training data Testing data

12
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1
1
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0.8
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=
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error =0.0 error =0.15 error = 0.1120 error = 0.0920



Al Research, Education and Applications @ Eotvos University
Dept. of Physics of Complex Systems

= Mutations -> antibiotics resistance

Matamoros et al., Pataki et al. subm. nature
= Mobile sensors -> Parkinson astronomy
Pataki @DREAM, Laki et al. 2016

. . An improved cosmological parameter
= Quantum wave func.-> drug toxicity . i
Biricz et al. in prep. inference scheme motivated by dee

= Medical imaging -> breast cancer learning .
R-Ibl-l et al. @DREAM, SC]. Rep. 2018 Dezsé Ribli, Balint Armin Pataki & Istvan Csabai &=

. Nature Astronomy 3,93-98 (2019) | Download Citation &
= Weak lensing map -> cosmology parameters
Ribli et al. Nature Astro. 2018, MNRAS 2019

i Gergely Palla
- Explamable Al Ribli et al. in prep , Patent subm. 2019
omorrow
= Control of aging related methylation networks 420

=
S
=3

8 8

-
k=

8 8 8 8 8

= Pathology images —
SOTE TKP collab. : Input :

&' AGE FROM DNA METHYLATION

2 3 4 S 6@ 70 & % 10
= TRUE AGE

; ‘ ' [ .

Chemical Structure Toxicity

= Quantum neural computing
= MSc, PhD courses

http://datascience.elte.hu

Solving
analytically

SCIENTIFIC REPg}RTS

untraceable Detecting and classifying lesions in

hard inverse

mammograms with Deep Leag
Dezso Ribli B8, Anna Horvath, Zsuzsa Unger, Péter Pollner & Istvan g MOST
POPULAR


http://datascience.elte.hu/

Colorectalis daganat patologia deep learning
= Vilagviszonylatban Magyarorszagon a leggyakoribb

= >10,000 uj eset, >5,000 halal/év (orv. Hetil., 2017, 158(3), 84-89)

= 2-10 év alatt alakul ki. Korai detekcid!

Incidencia Mortalitas — -
= —— https://fightcolorectalcancer.org/prevent/colon-

polyps/

WHO Globocan 2018

Kelléen nagy, jol annotalt tanité halmaz Orvosi annotécié Predikcié
a szlk keresztmetszet a gépi tanitashoz! e normal

>2,000 whole slide kép -
80,000 x 60,000 pixel, 15GB
Részletes annotacio

SOTE-ELTE-3DHISTECH, Szdcska M, Kiss A, Kontsek E, Gyongyosi B, Pollner P, Pataki B, Olar A, ...




Mammografia deep learning (Faster R-CNN )

The Digital Mammography DREAM Challenge

= The Digital Mammography DREAM challenge
e 1200 versenyz6

Build @ model to help reduce the recall rate for breast cancer screening

Learn more & register to participate here: Www_synapse.org/Digital_Mammography_DREAM_Challenge

* Ribli Dezs6, legjobb végs6 eredmeény
» egyetlen lokalizaciot végz6 médszer
« AUC=0.95

= Nature Scientific Reports (2018)
125 citacio T
Sci. Rep. 17000 cikkbdl 30. legolv.  sciEnTiFic rerpRTs

jaf DREAMYY 74 Sage CodngdCancer @Gomieos TEEE MBCSC o Mmoo 5 a0y

° <9 +—
oS 2SS FOERXIIOIONO e
* hazai kérhazak, még tobb adat DX QD QD Y Y OO0
LN J & %4 )
* engedélyeztetés, bevezetés .... 3 - hed

NVIDIA Developer 2018

Convolutional _: Region
Input layers proposal Output
network

Region - : Dense
pooling : - layers

o®
.
o®
.

A

D. Ribli, A. Horvath, Z. Unger, P. Pollner, and I. Csabai. "Detecting and classifying
lesions in mammograms with deep learning.” Scientific reports (2018)



Mammography with deep learning (Faster R-CNN )

= Open source software

* https://riblidezso.github.io/frcnn_cad/

* 50 visitors/week

* runs on a regular laptop with GPU

* plugin for OsiriX/Horos medical image viewer

g Wl oo @ A+ CEN. .,

riblidezso [ frenn_cad @ Unwatch> 1 wrStar 1 YFork ©

<> Code Issues 0 Pull requests 0 Projects 0 Wiki Insights

Settings

Computer aided detection using Faster-RCNN Edit
Add topics
0 29 commits 1 branch O releases 42 1 contributor
aranch: master~  New pull request Createnewflle  Uploadfiles  Findfile WEELEEEETLES

{f¥ riblidezso Update README.md

W data Update README.md
i results Update README.md
README.md Update README. m:
demo.ipynb demo notebaok
vgg16_frenn_cad_test.prototxt uploaded prototxt
EE README.md

Latest commit 74f3c6b 2 days ago
6 days ago
6 days ago
2 days ago
18 days ago

18 days ago

Computer aided detection with Faster-RCNN

A VGG16 based Faster-RCNN detector trained to detect breast cancer lesions on mammogram images.

For more details and results please see the article on arXiv: https:/farxiv.org/abs/1707.08401

Model weights

O LoftButon  Right Button
Database Windows CnnCAD Meta-Data Mouse button function Patient
e e “ R ML 22427728 (0)

2011.12.29. 22:01
(G: 4 series

Hide Serios.

LML 22427761

2011.12. 29, 22:01

RML 22427728
201,12, 29, 22:01
1image

LcC 22427708
2011.12. 20, 22:00

R CC 22427682
2011.12. 29, 22:01
1image

.

| CnnCAD detection
9 Area: 54290.011 pix2 (W: 240.180 pix H: 226.039 pix)
| Mean: 647.849 SDev: 164.110 Sum: 35441876
Min: 276.000 Max: 1172.000

By

+ ShareAlike license

« http://dkrib.web.elte.hu/cad_faster_rcnn/vgg16_frcnn_cad.caffemodel

OsiriX/Horos plugin

CoreML. In order to run it you will need:

* Amac
= High Sierra (10.13) operating system ( becase of CoreML )
+ Horos (free) or OsiriX medical image viewer.

Model weights can de downloaded from here, the models is licensed with Creative Commons Attribution + Noncommercial

| wrote a plugin for the popular medical image viewer: OsiriX/Horos. This is a simplified version of the model. It is based on

Installation: Download the plugin, unzip it, click on the installer, and approve it. Restart OsiriX/Horos. The plugin will appear
in the menu of OsiriX/Horos: Plugins/lmage Filters/CnnCAD. You can also add it to the toolbar of the 2D viewer.

Usage: Open the images in the 2D viewer and click on the menu item: Plugins/image Filters/CnnCAD. A pop-up will appear



Cosmological parameters from gravitational lensing
Learning new tricks from deep learning

Galaxy distribution Grav.lensing map
Cosmological » Complex gy :

parameters: Q,,0q physical

processes

)

Hard inverse problem!

Ribli et al. MNRAS 2019
Ribli et al. Nature Astr. 2019



Cosmological parameters from gravitational lensing
Learning new tricks from deep learning

Galaxy distribution Grav.lensing map
Cosmological » ComPleX :
physical

processes «

parameters: Q_,0q

)

internal parameters

Inputs:
\3{,\\ P

Z . lensing maps

Outputs T >=

Q = R
OS2 a%e

©g NZN. L7 __ , <
most active / N\ |
kernel -

2M parameters



Learned kernels: dark matter halo profile expansion

¥ .J

75

noiseless g e

30

9 arcmin?

0.100
0.075
F0.050
r0.025
r0.000

r—0.025

r —0.050
' —0.075
—0.100

Attention focus of the network with
Layer-wise Relevance Propagation

Instead of Fourier power
spectrum:
information from halo profiles




Cosmological parameters from gravitational lensing
Learning new tricks from deep learning

Galaxy distribution Grav.lensing map
Cosmological » C‘;\mplef ey |
parameters: Q,,04 <::| physica o
processes

0.00 0.05 0.10 0.15 0.20
peak steepness

Learning from deep learning:
New simple method
Few parameters, robust, fast, understandable.




Explainable AI: automatic classification enhancement

.\
)
)

J/

¢

Features that
invoke highest

. Large calcification

Automatic
labels
,discovered
” by the
network

A

B. Oval mass
C. Spiculated mass
D

. Calcified vessel

E. Calcification
F. Clusetered micro-calcifications M

TR T

Interpretable,
- : trustworthy, for
Ribli et al. in prep , Patent subm. 2019



Any sufficiently advanced technology is
indistinguishable from magic.

(Arthur C. Clarke)

Indeed, understanding the laws of mechanics made us able to build pyramids and cathedrals,
based on the laws of thermodynamics the invention of the steam engine empowered us to
cross oceans and continents and today we all have ,seven-league boots” in our garages.
Understanding electrodynamics and quantum mechanics brought us the transistor that is at
the heart of the Internet and the modern ,, magic mirrors”, the mobile phones.

What miracles will the advancements of genomics together with machine learning bring?
And what kind of challenges?

NEW PARADIGMS

EDUCATION: WE NEED NEW SCIENTIST WHO HAVE PROFESSIONAL
SKILLS BOTH IN THEIR DISCIPLINES AND IN MODERN
INFORMATION TECHNOLOGIES.

HEALTH DATA: COMMON GOOD. GREAT OPPORTUNITIES, GREAT
RESPONSIBILITY.

Fizikus: Istvan Csabai
Tudomanyos adatanalitika MSc spec, ELTE Dept. of Physics of Complex Systems
BSc, MSc, PhD thesis csabai@elte.hu

http://complex.elte.hu/~csabai/

BIOINFORMATIKA MSC Spec !!!



