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First “Data Science”
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Science - technology - science - technology ...

 sronomy Y echris

‘ Solid state physics

Better computers

Moore’s-law

Better sensors more data
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Prototype of modern “data science”

SLOAN DIGITAL SKY SURVEY:
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120 megapixel ,,color” camera (mid 90°’s)
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120 megapixel ,,color” camera (mid 90°’s)
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2.5 terapixel image - 300 million 640 fibers-
galaxies - 5 optical bands 1 million spectra
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New issue:
BIG DATA !'!!
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1929: 1 galaxy CfA 1989: 1100 galaxies



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
57.043458| 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|QSO
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
40.365912| 0.4821568| 18.40755 16.80093| 16.25361] 16.07363| INeIl=1atilileNeleli=la /z10l0)a 0 0)aN=la
44.223179| 1.0513825| 17.91608|  16.9998| 16.61383| 16.46706

Photometry table: 300+ columns, 1Bn+ rows

Spectra: 1 million 3000 dim vectors

100+ other tables [ 2.5 Terapix image

result data as

multidimensional vector
space




W Scientific goals
and

researcher’s perspective
\%

1 <t



Queries in data space: e.g. separate stars and galaxies

Star/galaxy separation
Quasar target selection

Multidimensional
polyhedra

petroMag i>17.5 and (petroMag_r > 15.5 or petroR50 r > 2)
and (petroMag_ r>0andg>0andr>0andi>0)and ( SR
(petroMag_r-extinction_r) < 19.2 and (petroMag_r - Pl "
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 + L
0.25 * (dered_r - dered_i)) ) ) and ( (petroMag_r - extinction_r + 0 Y S
2.5 * LOG10(2 * 3.1415 * petroR50 _r * petroR50 r) )<23.3))




New skills: Indexing, databases ‘it stz

» SDSS data “read through”~1 day

= Astronomers should learn:
Database programming, computer
geometry, search trees, ...
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= Multidimensional- and spherical
iIndexing

£ Sloan Digital Sky Survey / SkyServer

Public “cloud”
data access

New surveys will collect
5 years of SDSS data in 5 days!



Same trends, similar challenges in all sciences
20th century 21st century

manual observations high throughput instruments

300 million galaxies
small data ‘ RN | 2.5 terapixels
e ———— 5 3.2 gigabases,
Gu + Mgy = —— T S G- SO goa | 37 trillion cells
C T N _'.:‘ «
~ MAP=(CO-SVR)+CVP ‘
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simple equations complex simulations




Not only astronomy: genomics

Sanger-sequencing
First virus sequence 1977:
X174, 5386nt o
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Nyitray Laszlo, Pal Gabor: A biokémia és molekularis bioldgia alapjai (2013



30 years later: NGS, nanopore

100 microns

D. Mrtens, K. Rippe, German Cancer research Center



Moore’s law — international data sharing XLy
377 COVID-19 Data Porto /Il

SARS-CoV-2 genome sequences

TCGA BY THE NUMBERS

TCGA data describe ncluding
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Sequencing is getting cheaper. More (public) data available.

(HGP) 1990-2003 2020 2030?
13 years / 2,7 billion USD Few days / <500 USD

THE DAILY NEWSLETTER - -
Sign up to our daily email newsletter ew clen Is

News Technology Space Physics Health Environment Mind Video | Travel Live Jobs

+ public archives S enon OTHER DATA:
N =) 43 .
+ W h O | e po p u Iatl O n FEATURE 21 November 2018, updated 23 November 2018 - M IC roa rray

+ single cell 37 trillion pieces of you: The plan to - Mass spectrography
map the entire human body - Digital microscopy, ...

The workings of the myriad cells that make us are a huge mystery. Avast new project is
changing that - and bringing sweeping insights into howwe live and die
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Pandemics: not just a virus!

» Infectious diseases are results of
complex interactions of several
domains

= Without global monitoring of the
drivers we cannot handle or
prevent outbreaks

= Need: collection, integration,
organization, sharing and
analyzing complex large data sets

= Barriers:
practical + legal and ethical issues
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Statement by Ursula von der Leyen, President of
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On 20 April 2020, Ursula von der Leyen, President of the
European Commission, recorded a video message at the
European Commission in Brussels, Belgium, on the launch
of the EU COVID19 Data Piatform

& Personalities: Ursula von der
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and analyse a wide range of @ Views: 39303
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global drivers of infectious
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Figure. 1: A. VEO's pro-active, forward looking approach versus the current, reactive approach in EID preparedness
and response research (A) and in terms of focusing on drivers of disease emergence and spread instead of taking actions
once disease mergence is reported to the healthcare system (B).
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Spike Protein (S)

SARS-CoV-2
genome

Nucleocapsid Protein (N) 10074

Envelope Protein(E)

Membrane Glycoprotein (M) 70+
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Sequence Archives

(GISAID,

About us

Database Features

Events

SARS-CoV-2

Omicron discovered on all seven continents

The unique mix of spike amino acid changes in Omicron (clade GRA,
lineage B.1.1.529 and descendants BA.1 and BA.2) is of interest as it
comprises several that were previously identified to affect receptor
binding and antibody escape. As with all low frequency variants with
potentially relevant changes, these need to be monitored closely to
study if they spread more widely as a consequence of immune escape,
or altered receptor interactions. Omicron variants with and without a
deletion in spike and a few other changes - BA.1 and BA. 2 respectively

consensus genome sequences

47 COVID-19 Data Portal
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10th VEO report on SARS- @
Cov-2 mutations and
variations now published

- are co-circulating, complicating the use of PCR tests to diagnose
Omicron based on “S-gene target failure”

Proteins ©
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The timely detection of Omicron variants was made possible by
researchers from Botswana, Hong Kong, South Africa who shared the

ﬂs‘genws&f the variant.
hCoV-19 Submission Tracking Track Omicron and other variants

9,048,038 )
genome sequence submissions

——
Enabled by data shared via GISAID

3D structure of spike with amino acid Gene and protein expreasion data of

human genes impli

changes in Omicron

infection of the hos
types and g
in SARS-CoV-2 infe

5082028

11710

University of Glasgow (United Kingdom)
Amino acid variation database of amino acid
replacements, insertions and deletions

Networks @

COVID-19 pathway!
complexes, targets and compounds

ecords >

Genomic Sianature Analvsis

Literature @ Related resources @
b ) Data Portal surpasses 2 million
GISAID Resources Search for the latest literaturs about Arange of retated ‘each for raw reads 200 2equEnces
SARS-CoV-;

L= E—

Nextstrain

Phylogeny, epidemiology l

Human, animal, plant, metagenomic,
... Sequencing raw data

DNA Data Bank of Japan
DDBIJ Sequence Read Archive
DDBJ Trace Archive
| BioProject
ey ——5 — Ve 20
p— g |j
Date Leaflet | © Mapbox © OpenStreetMap Imgrove this map.

INSDC

“25.6 Petabase pairs originating from over 14.8 million
publicly available runs averaging 1.7 Gbp per run, 0.83 GB
per run, 9.6 million spots per run and 187 bp per spot.”

/INSDC Public data as of Sept. 2021./
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Sequence Read Archive
Trace Archive

BioProject

Sequence Read Archive
Trace Archive
BioProject




Importance of keeping raw and metadata

“One man's trash is another man's treasure.”

= Sequencing archives: most of genetic sequencing research data is stored at public

archives

= They are indexed by metadata and there are sequence-based search tools

= Possible “Google” query:

SELECT samplelD WHERE collection_date < ‘2019-12-25
AND matched_taxon=SARS-CoV-2’

Run Library Name Collection date  Isolation source lat lon R1 R2
SRR13441700 AKGI_BS1_2018_12_24 2018-12-24 Antarctic soil 62.13S5895W 112 65
SRR13441701 AKGI_PL3_2019_01_13 2019-01-13 Antarctic soil 62.21 S 5893 W 0 0
SRR13441702 AKGI_PL2_2019_01_13 2019-01-13 Antarctic soil 62.21 S 5893 W 0 0
SRR13441703 AKGI_PL1_2019_01_13 2019-01-13 Antarctic soil 62.21 S 5893 W 0 0
SRR13441704 AKGI_PS3_2019_01_13 2019-01-13 Antarctic soil 62.21 S5892W 387 4485
SRR13441705 AKGI_PS2_2019_01_13 2019-01-13 Antarctic soil 62.21 S5892W 242 3800
SRR13441706 AKGI_PS1_2019_01_13 2019-01-13 Antarctic soil 62.21 S5892 W 0 0
SRR13441707 AKGI_SS3_2019_01_05 2019-01-05 Antarctic soil 62.21 S 59.01 W 0 0
SRR13441708 AKGI_BS3_2018_12_24 2018-12-24 Antarctic soil 62.13S5895W 349 3537
SRR13441709 AKGI_BS2 2018_12 24 2018-12-24 Antarctic soil 62.13S5895W 112 161
SRR13441710 AKGI_SS2_2019_01_05 2019-01-05 Antarctic soil 62.21S59.01W 113 106
SRR13441711 AKGI_SS1_2019_01_05 2019-01-05 Antarctic soil 62.21 S59.01 W 0 0

# of SARS-Cov-2
sequence reads

Csabai, I., Papp, K., Visontai, D., Stéger, J. and Solymosi, N., Unique SARS-CoV-2 variant found in public sequence data of
Antarctic soil samples collected in 2018-2019. Submitted 2022. https://www.researchsquare.com/article/rs-1177047/v1 ,
https://www.researchsquare.com/article/rs-1330800/v1



https://www.researchsquare.com/article/rs-1177047/v1

SARS-CoV-2 genome

40

Low, but almost complete 35

coverage
Similar for all 3 pivot samples

Early type lineage “A” mutations
C8782T, T28144C + C18060T
* Found in bats but not in the

“Wuhan Market” samples
(Lineage B)

SRR13441704 R2
SRR13441705_R2
SRR13441708 R2
Mean depth = 5.2

Very rare mutation C17634G
Y 0 5000 10000 15000 20000 25000 30000
e 2 / 6,000,000 NC_045512.2 genomic position
Rare 27nt d e | et i on @ 21761 POS REF ALT  Annotation Gene AA change AF DP RUN
C T synonymous_variant ORFlab  Ser2839Ser [0.66] [9] [08]
e GISAID: 38 / 6.000.000 13694 C T missense_variant ORFlab Thrd4482llc [0.38,0.29,0.22] [47,34,35] [04, 05, 08]
4 4 16156 A G missense_variant ORFlab Met5303Val [0.36,0.54,0.5]  [25,11,10] [04, 05, 08]
H 17039 A G missense_variant ORFlab  Asn5597Ser [0.53] [13] [05]
¢ NO Ilneage A befo re 202 1'04 17634 C G missense_variant ORFlab  Asp5795Glu [0.25] [20] [08]
18060 C T synonymous_variant ORFlab  Leu5937Lecu [0.37,0.38,0.46] [27, 26, 26] [04, 05, 08]
_ 1 1 18082 A G missense_variant ORFlab  [e5945Val [0.46] [28] [04]
ClOSE by mutations in 150nt * 21761 G del27  disrupt.inframe.del S Ile68_Thr76del  [0.37,0.33,1.0]  [8,9,5] [04, 05, 08]
. . 23525 C T missense_variant S His655Tyr [0.69, 0.61,0.66] [13,13,6]  [04,05, 08]
rea d S: mixe d (at I ea St 3 ) 25498 C T missense_variant ORF3a Pro36Ser [0.45] [11] [05]
26458 G T missense_variant E Asp72Tyr [0.5] [14] [05]
gen oty pes 26895 C T missense_variant M His125Tyr [0.51] [60] [05]
. . . T C missense_variant ORF8  LecuB4Ser [0.64,0.71,0.66] [17,14,15] [04, 05, 08]
* Quasispecies, multiple samples? ™2 G T  synonymous variant N Val392Val [0.43, 0.24] (32.29]  [04,08]
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Host genomes

= Align to all available
vertebrate MT genomes

= No penguins or seals ®

= But:
* Human
* Chinese hamster
* Green monkey

e -> known cell lines:
Vero E6, CHO, BHK21

= Most abundant

* In “pivot” samples
04,05,08

e Same pattern as with
SARS-CoV-2, R2 asym.

= Origin: contamination
* HiSeq 4000 barcode
misassignment

Genome ID - R1 coverage

R1 depth

Run R2 coverage R2 depth Species
SRRI3441701 NC_018784.1 0.0 0.0 4.28 0.31 Mobula japanica
SRE13441701 NC_020001.1 378 0.26 3.85 0.24 Sooglossus thomasseti
SRRI3441701  NC_029404.1 1.09 0.03 292 5.10 Geotria australis
SRRI3441701 NC_057519.1 1.96 0.28 2.36 0.39 Didelphis pernigra
SRRI13441701  NC_020599.1 1.02 0.01 2.24 0.58 Tachycineta cyaneoviridis
SRRI13441701  NC_012769.1 2.25 0.07 2.2 0.08 Eulemur fulvus mayottensis
SRRI3441701 NC_020605.1 0.0 0.000 2.17 0.10 Progne chalybea
SRRI3441701 NC_011944.1 1.59 0.41 1.91 44.77 Thylacinus cynocephalus
SRRI3441701 NC_027840.1 0.96 0.08 1.9 0.12 Amazona ochrocephala
SRR13441701 NC_012766.1 2.31 0.07 1.86 0.04 Eulemur fulvus fulvus
SRRI13441702 NC_029404.1 0.91 0.01 2.68 0.31 Geotria australis
SRRI3441702  NC_020001.1 3.66 0.04 2.65 0.09 Sooglossus thomasseti
SRRI3441702  NC_030333.1 1.0 0.05 20 0.08 Telmatobius chusmisensis
SRRI13441702 NC_018784.1 0.83 0.01 1.95 0.03 Maobula japanica
SRRI13441702  NC_021952.1 1.51 0.03 1.69 0.03 Leontopithecus rosalia
SERI13441702 NC_035810.1 1.81 0.79 1.6 0.66 Lutra sumatrana isolate
SERI3441702 NC_057520.1 1.27 0.03 1.59 0.04 Lutreolina crassicaudata
SRR13441702 NC_057519.1 2.06 0.05 1.57 0.07 Didelphis pernigra
SRR13441702 NC_050286.1 0.81 0.01 1.56 0.12 Hirundo smithii
SRRE13441702 NC_041147.1 .62 0.02 1.53 0.03 Isopachys gyldenstolpei
SRR13441704 NC_012920.1 61.55 205 89.17 18.45 Homo sapiens
SRR13441704 NC_007936.1 20.89 0.26 78.01 4.78 Cricetulus gr:iscus*
SRRI3441704 NC_011137.1 17.27 0.30 62.31 3.48 Homo sapiens neanderthalensis
SRRI3441704 NC_008066.1 15.01 0.50 48.03 4.68 Chlorocebus ﬁuhiluus*
SRRI13441704 NC_013993.1 5.21 0.07 3517 0.96 Homo sp. Altai
SRRI3441704 NC_023100.1 4.61 0.05 30.75 0.76 Homo heidelbergensis
SRRI3441704 NC_053822.1 0.18 0.00 19.58 0.22 Cricetulus barabensis
SRRI3441704 NC_025654.1 311 0.08 8.51 0.16 Anser indicus
SRRI34417T04  NC_009745.1 0.0 0.00 747 0.23 Chlorocebus tantalus
SRRI3441704 NC_034277.1 1.99 0.04 7.28 0.09  Chlorocebus djamdjamensis isolate
SRRI3441705 NC_012920.1 47.98 2.24 §9.03 17.27 Homo sapiens
SRR13441705 NC_007936.1 10,67 0.12 73.07 4.18 Cricetulus griseus
SRRI13441705 NC_011137.1 16.76 0.66 59.51 3.24 Homo sapiens neanderthalensis
SRR13441705 NC_008066.1 11.34 0.33 43.28 4.33 Chlorocebus sabaeus
SRR13441705 NC_023100.1 491 0.14 29.8 0.84 Homo heidelbergensis
SRRI341705 NC_013993.] 4.66 0.12 25.95 0.83 Homo sp. Altai
SRRI341705 NC 0238321 498 0.33 11.69 0.49 Anser cygnoides
SRRI13441705 NC_033822.1 1.14 0.01 9.08 0.14 Cricetulus barabensis
SRRI3441705 NC_011196.1 7.43 0.54 2.8 0.31 Anser anser
SRRI3ITOS NC_024933.] 1.76 0.03 7.68 0.23 Chlorocebus cynosuros
SRRI341708  NC_012920.1 68.27 304 89.15 17.16 Homo sapiens
SRRI34IT08  NC_007936.1 15.85 0.29 7471 391 Cricetulus griseus
SRRI3441708 NC 0111371 24.05 0.60 65.2 3.40 Homo sapiens neanderthalensis
SRRIJITOR  NC_008066.1 15.08 0.52 43.94 4.06 Chlorocebus sabaeus
SRRIJIT08  NC_013993.1 10,54 0.16 33.02 1.03 Homo sp. Altai
SRRI34MIT08  NC_023100.1 8.23 0.12 29.15 0.76 Homo heidelbergensis
SRRI3M4ITOR  NC 0538221 1.14 0.0 11.73 0.14 Cricetulus barabensis
SRRI3MITOR NC_009747.1 346 0.05 8.76 0.29 Chlorocebus pygerythrus
SRRI3441708 NC_024933.1 2.06 0.02 6.28 017 Chlorocebus cynosuros
SRRI3441708 NC_034276.1 1.36 0.01 5.57 012 Chlorocebus aethiops x




Importance of keeping raw and metadata
= Mutations, phylogeny, host genomes, cell culture, flow cell id ....
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o Another Potential Covid-19 Lab Leak Clue

Investigating the pandemic’s origin is still worth the effort.

4

The Telegraph Q login =

The world may never learn the origin of the novel coronavirus, but

intriguing information keeps materializing even in the pandemic’s News Sport Business Opinion Money World Life Style Travel Culture

third year. A pair of scientists from Hungary may have stumbled into

more evidence supporting the theory that Covid-19 emerged from a
laboratory.

— T e Early ‘lab-grown’ Covid virus found in sample lends weight to

8782 TT..., alT(TIT. Wuhan theory
17039 Gg,Gg,.GTeg"],
};gg; e Hungarian scientists claim that samples of Antarctic soil sent to a Shanghai firm in 2019
25498 became contaminated with an unknown variant

r 165 ribosomal RNA, 165 rRNA
Homo sapiens
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Csabai, I., Papp, K., Visontai, D., Stéger, J. and Solymosi, N., Unique SARS-CoV-2 variant found in public sequence data of Antarctic soil samples collected in 2018-2019. Submitted
2022. https://www.researchsquare.com/article/rs-1177047/v1 , https://www.researchsquare.com/article/rs-1330800/v1
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Key challenges: amount of data and complexity of models

ra
348.90253

dec

1.2718862

19.38905

18.24496

17.58728

17.20807

16.90905

deVRad_r

3.295783

deVPhi_r

28.87819

redshift

0.03212454

class
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

Qso

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

Spectra: 1 million 3000 dim vectors

2.5 Terapix image

Scientific

observations often
result data as
multidimensional
vector space

400M tx

10k*3.2 Gbp

7 <
124 rem 174 G
TCG Gy A7 A e A

10k*30k 5Gpx/image



Natural intelligence
Artificial intelligence
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INBUT INFORMATION

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 increassd by increasing from 2
to 14 the nuraber of different pitches to be
judged, the amount of transmitfed informa-
tion approaches 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

* Find mate and reproduce

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

No

No

No

No/No/No/No
100 000 BC




Key challenges: amount of data and complexity of models

10k*3.2 Gbp

7z
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Shadow Art

Niloy J. Mitra Mark Pauly
IIT Delhi / KAUST ETH Zurich

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

dimensional surface/subspace
ot (This is why we can understand the
5Gpx/image word!)

7 o

10k*30Kk

pV = NkT 6-10%3 -5




Data hyperspace - dimensions - projections

X

W

S-cube {penteract) G-cube (hexeract) 7-cube (hepteract) 8-cube (octeract)




Example: each picture is a point in the hyperspace
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Many pictures: many points

Video: even more points



Many pictures: many points

But knowledge of
physics can help!




Phase space of a pendulum
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Pendulum video principal component projection to 2D
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Complex systems - complex models

To understand complex systems we need complex models

Complex models have many details, parameters, ...

We need
 Huge amount of data to set up, constrain, parametrize the models
* Powerful computers and clever algorithms

y=ap+ax y=a) +ax +ax’ y=ay +ax +ax?
04 - 04 - 0.4 -
02 - \ 02 1 02
0.0 0.0 - -
02 1 45 02 1
0.4 1 0.4 - 0.4 -
0 & 1 1 20 0 5 10 15 20 0 5 10 15 20

Complex function regression: machine learning!



Image classification: traditional hand crafted code

.---- P Y L L
= [(EEEXXYE
- s wae

SABa SABb SABc SABd SABm
SBa SBb SBc SBd SBm
' ”
= “apple
' ””
= "tomato
IF color=red AND profile=smooth THEN type:=elliptical | f( = “cow”

IF color=blue AND HAS(arms) THEN type:=spiral

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




Al: paradigm shift

olelnale]ti-lgm —— Prediction

Example: Image recognition
Method: hand crafted features

f(EJ) = “apple”
f(R) = “tomato”
f(E) = “cow”

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

e]pplellic-Iam —— Model —— Prediction




Supervised learning

input




Supervised learning

input

internal representation




Supervised learning

input

prediction

function regression

f(EJ) = “apple”
f(FY) = “pear”
f(E = “cow”

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




Supervised learning: neural net "™

Node of
Ranvier

Schwann cell

Myelin sheath

Nucleus

prediction

B . ) " roundness function regression
f(EJ) = “apple”

f(FY) = “pear”
> f— f(E = “cow”

Output

Inputs —

Sum Activation

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




Latent space

Y X

Raw modality space
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The machinery behind: linear algebra
Linear fit: y=wx+ b

5
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Learning -> loss function optimization

i : CENOOHN
data points and classification border ImageS -> pOIntS :
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Challenges

n Proper’ b|g enough training set Typical network: 2M adjustable parameters

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

@ LeakyReLU

= Representation of data el
(images, words, ... -> vector space) -

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
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error =0.0 error =0.15 error = 0.1120 error = 0.0920



Machine Learning Research, Education, Applications

@ Dept. of Physics of Complex Systems @

Q ARTIFICIAL INTELLIGENCE
i ( National Laboratory

= Mutations -> antibiotics resistance
Matamoros et al., Pataki et al. 2020.

= Mobile sensors -> Parkinson peta Alphafold2  omicron
Pataki @DREAM, Laki et al. 2016 -

= Mosquito images -> vector borne diseases
Pataki et al. Sci.Rep. 2021

= Medical imaging -> breast cancer
Ribli et al. @DREAM, Sci. Rep. 2018

= Weak lensing map -> cosmology parameters
Ribli et al. Nature Astro. 2018, MNRAS 2019 —

= Lightning whistlers - > space weather e

Pataki et al. Space Weather 2022 {%n improved Cosmologlcal parameter
inference scheme motivated by deep

= Control of aging related methylation networks learning

Dezs6 Ribli, Balint Armin Pataki & Istvan Csabai '|”

Palla et al. Plos Biol. 2021 Notusfstonomy 3,2-58 2019 _ounias
= PathOIOgy |mages Convolutional I ...+ Region
N

SOTE TKP collab. Input layers "* i proposal

. network
= Quantum neural computing
= MSc, PhD courses

http://datascience.elte.hu

nature.com ) scientific reports > articles > article

SCIENTIFIC REPg}RTS

Detecting and classifying lesions in |
mammograms with Deep Leag

Dezsé Ribli B4, Anna Horvath, Zsuzsa Unger, Péter Pollner & Istvan g MOST
----- POPULAR


http://datascience.elte.hu/

Vector borne diseases: I o
MosquitoAlert image deep learning A el

“Zika, dengue, chikungunya, and
yellow fever are all transmitted to i}

humans by Ae. aegypti and t@ﬂ@r
Ae. Albopictus.” (@%@_ Current approach

Investigation of disease
VEO approach ecology after spillover to
Integrating epidemic intelligence, surveillance and humans/fivestock
disease ecology to predict, detect and track EID
emergence, from a One Health perspective

3x3cony, 128, /2
3x3 conv, 128
3x3 conv, 128
3x3 conv, 128

3x3 conv, 512, /2

7x7 conv, 64, /2
pool, /2

F. Bartumeus et al.
http://www.mosquitoalert.com/ 10

ROC curve Fa |Se negatlves

| NOT Tiger |

True Positive Rate

00

00 02 04 06 08 10
False Positive Rate

Pataki et al. Sci. Rep. 2021.




Space weather : whistler detection Understand (slow down?) aging

gl | METHYLATION DATA fa Dwamace
Methyl. |Gene1 Gene2  |Gened ]
levels | cpat |cp62 | cpaa | cpGe T W
( [Patiennt ™ AGE
o £ | [Patientz —
2 g{ Patents - ——
o WORAMS
U o
353 CpGs " e 8
dy

7 D™

Empowering Sciences
Solving analytically
untraceable

hard inverse problems

Animal health

A. Biricz et al. in prep.

S. Nagy, N. Solymosi et al. in prep.



Deep learning for colorectal cancer pathology

Large, well annotated training set is the key

bottleneck for most machine learning
tasks!

= Hungary has the highest colorectal cancer rate
= >10,000 new cases, >5,000 death/yr (orv. Hetil., 2017)
= Early detection!

= Samples from colonoscopy, biopsy

= Traditional: by-eye microscope
= New: digital scanner

= >2,000 whole slide images
80,000 x 60,000 pixels, 15GB

Menedzserképzé
IKé6zpont

= Detailed annotation by trained pathologists:
* Dysplasia_low grade

https://www.3dhistech.com/

* Dysplasia_high grade

Necrosis -

e Adenocarcinoma Dysplasia - high grade

* Suspicious for adenocarcinoma
e Lymphovascular invasion

* Tumornecrosis

Dysplasia - high grade

* |Inflammation
e Artifact

Necrosis

Adenocarcinoma



NIGHTINGALE v EXPLORE OUR PLATFORM
OPEN SCIENCE

Winners of the High Risk Breast
Cancer Prediction Contest 1

We are pleased to announce the top 3 teams that submitted the best solutions in the contest and have
won cash prizes totaling $10,000.

Winner, $5,000 cash prize

Team name: csabAlbio

Team members: Andras M. Biricz!, Zsolt Bed6hazi'4, Oz Kilim!, Istvan Csabai'

Organization: Eotvos Lorand University (ELTE), Budapest, 1117, Hungary

(1) E6tvos Lorand University (ELTE), Department of Complex Systems in Physics, Budapest, 1117, Hungary

(2) E6tvos Lorand University (ELTE), Doctoral School of Informatics, Budapest, 1117, Hungary

CO\/ld CXR H aCkathOn Second place, $3,000 cash prize

Artificial Intelligence for Covid-19 Team name/member: Bonaventure Dossou

. R Organization: McGill University, Mila Quebec Al Institute, Montreal, Quebec, Canada
prognosis: aiming at accuracy and . ,
" s Third place, $2,000 cash prize
explainability

Team name: PKU-Edinburgh

Team members: Yinghao Zhu', Junyi Gao??, Xinze Li', Yifan He!, Wenging Wang', Liantao Ma'
Organizations: (1) Peking University, Beijing, China, (2) University of Edinburgh, Edinburgh, UK, (3)
Health Data Research UK, UK

Thus the Prize of 5.000,00€ kindly offered by Bracco Imaging for best result goes to team

csabAlbio from Hungary. Congratulations to Alex Olar, Andras Biricz, Bendeguz Sulyok, and Zsolt
Beddhazi! They also provide their software openly (code, checkpoints, report).




Mammography with deep learning (Faster R-CNN )

The Digital Mammography DREAM Challenge

Build 8 model to help reduce the recall rate for breast cancer screening

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

= Digital Mammography DREAM challenge
* 1200 participants
* Dezs6 Ribli, best final result
* the only solution with localization

Funseaty mameany
{jaf DRF'\MT{ Sage CodingCancer 3 Grouptca %= IMBCSC waazon A e {."HHNSH

- AUC=0.95 ey ECorvnbiioonls [t o owtt
= Publication: Nature Scientific Reports (2018) - ftiith Region : : Dense

* 30-th most popular from 17000 articles ; / Essihink:
= New collaborations with hospitals, clinics \ r—

* more training data } —

* open source plugin N S

* steps towards licensing Normal

m Bl oo W #ERCEL. L,

Database  Windows  CnCAD Meta-Data Wousa button function Pationt
[e @ ~ RML 22427728 (0)

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

SCIENTIFIC REPQERTS

Detecting and classifying lesions in
mammograms with Deep Learning m

Dezsé Ribli B8, Anna Horvath, Zsuzsa Unger, Péter Pollner & Istvan Csabai

X

SCIENTIFIC REPLIRTS




Explainable Al: automatic classification enhancement

X/
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4

p
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Features that invoke
highest activity

Large calcification

Automatic
labels
»discovered”
by the
network

Oval mass
Spiculated mass
Calcified vessel

Calcification

mm oo w >

Clusetered micro-calcifications M

TR T

Interpretable, trustworthy,

for radiologists

Ribli et al. in prep.



neural network

hidden layers

input

output
layer



Biologically informed neural network




Aging: the number one risk factor for all diseases

S,
T

Lépez-Otin, C., et al., 2013.
The hallmarks of aging.
Cell, 153(6), pp.1194-1217.

Aging research has experienced an unprecedented advance over
recent years, particularly with the discovery that the rate of
aging is controlled, at least to some extent, by genetic pathways
and biochemical processes conserved in evolution. ... A major
challenge is to dissect the interconnectedness between the
candidate hallmarks and their relative contributions to aging,
with the final goal of identifying pharmaceutical targets to
improve human health during aging, with minimal side effects.

genomic instability
telomere attrition
epigenetic alterations
loss of proteostasis
deregulated nutrient sensing
mitochondrial dysfunction
cellular senescence

stem cell exhaustion
altered intercellular communication

Chromosome

&%,g/ ¢ e=¢”

EDITORIAL | VOLUME 3, ISSUE 7, E448, JULY 01, 2022

Is ageing a disease?

The Lancet Healthy Longevity

mRNA
Transcriptional drift

o | )

@.~ \ ~ DNA mutation
WX \ AN - \,

New transposable
element insertions

i

DNA mutation Altered patterns of
histone modifications

Abnormal chromatin state

Pal, S. and Tyler, J.K., 2016. Epigenetics and aging. Science advances, 2(7), p.e1600584.



eXplainable Al for molecular mechanisms of aging
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Bocklandt, S, ..., J.S., Horvath, et al.., 2011.

Epigenetic predictor of age. PloS one, 6(6),

p.e14821.
XAI-AGE

R=097, p<22e-16

MAE = 2.83 years
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[l Metabolism of proteins
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Il RUNX2 transc: regulation gy Semaphorin interactions
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[ Transcription (general)

W Metabolism of amino acids and derivatives
outcome
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A. Prosz et al., Biologically informed deep learning for explainable epigenetic clocks, to be submitted, 2022



History of (machine) intelligence / (data) science
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Learning from deep learning
Cosmological parameters from gravitational lensing

Galaxy distribution Grav.lensing map

Complex
physical
processes

Cosmological
parameters: Q,,,04

galaxy

galaxy cluster

- lensed galaxy images
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Learning from deep learning
Cosmological parameters from gravitational lensing

Galaxy distribution Grav.lensing map
Cosmological » Complex S .

parameters: Q05 h physical
processes

Hard inverse problem!

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



Learning from deep learning
Cosmological parameters from gravitational lensing

Galaxy distribution Grav.lensing map
Cosmological » C?}mple)l( R ) .
parameters: Q0 h physica
processes
internal parameters Inputs:

lensing maps

most active
kernel

nature
An improved cosmological parameter
2M parameters inference scheme motivated by deep
learning

Dezsé Ribli, Balint Armin Pataki & Istvan Csabai
Nature Astronomy 3,93-98 (2019) =~ Download Citation



Learned kernels: dark matter halo profile expansion

-y

75

noiseless 9 = aremin?

0.100

I 0.075

-—L - 0.050
r0.025

r0.000

F—0.025

|2, |0050
N = 30. :
g arcmin 0100
Roberts cross
kernel

Attention focus of the network with
Layer-wise Relevance Propagation

method

Information extraction:
Cosmologists:

Fourier power spectrum
Neural net:

Halo profiles




Learning from deep learning
Cosmological parameters from gravitational lensing

Galaxy distribution Grav.lensing map
» Complex B :

Cosmological e
parameters: Q,,,04 h pnhysica
processes

Roberts cross
kernel

—

0.00 0.05 0.10 0.15 0.20
peak steepness

Learning from deep learning;:

New simple method
Few parameters, robust, fast, understandable.




State of the Art

Teddy bears
Going large
Language Als are neural networks that generate text on command. A mixing sparkling chemicals as mad scientists
The number of parameters they contain, roughly equivalent to the T
synapses that connect neurons, is growing exponentially Firnan
® LanguageAls @ Animals (150 trillj
Switch Google Al Guse
(projected, e Mouse

1 trillion- L}
§ GPT-3 OpenAl
" ) in a st k styl
& IN a steampunk style
2 1o T5/GoogieAl Uring-NLG Microsoft P y ;
g 4
& GPT-20penAl ¢ egatron-LM Nvidia Honeybee OpenAl DALL-E 2
2 1bn - ®
3 .
£ oaend T-L Google Al
2 El len Institute Fruit fly

0.01bn & Z e L

1
2018 2019 2020 2021
2022 2023

SOURCE: anxi.org/pdt/I910.01108 pdf
New Scientist, 6 October 2021

Question: A needle 35 |
mm long rests on a water
surface at 20°C. What
force over and above the <work>
needle’s weight is o7 = QAL S
required to lift the needle o=F/L

) 0.0728 = F/(2 x 0.035)
from contact with the

) F = 0.0728(2 x 0.035)
water surface? calculate.py

[

Facebook Meta Al
Galactica

f = 0.0728%(2%0.035)
with open("output.txt", "w") as file:
file.write(str(round(f, 5)))

A cute corgi livesina

[ 3
«run: “calculate.py”> house made out of sushi.
</work>

Answer: I 051 N




Nem csak fizikat tanitunk!
= BSc:

e Szamitogépes alapismeretek
(Linux, Python alapok, professzionalis tudomdanyos _
SZévegszel’keSZtéS, graflkonok) Kétvaltozos flggvényt a pcolor() matplotlib flggvény segitségével

A fent definialt x és y tombdk segitségével példaul az

[ http://oroszl.web.elte.hu/#teaching ] fla,y) = e &)

. . L. kétdimenziés Gauss-gérbét az alabbi modon abrazolhatjuk:
* Programozasi alapismeretek a fizikaban
(C programozas, adatkezelés, matematikai és fizikai
feladatok megolddsa programokkal)

pcolor(x,y,exp (- (x**2+y*#2)))

<matplotlib.collections.PolyCollection at ex7f8d21475fce>

void harmonikusOszcillator(

* Fizika numerikus médszerei I-11.
double* p,
° Vé Vé Vé Vé . Vé 4 double t,
Szamitogépes szimulacidk, ... double* 3,
, . , , e e e double* dy,
= MSc: Tudomanyos adatanalitika és modellezés specializacid int n)
[ http://datascience.elte.hu ] — blo];
s e s s o e 7 .7 double m = p[1];
 Adatexploracio és vizualizacié double x = y[o];
* Haladé statisztika és modellezés el oy T
« Adatmodellek és adatbdazisok a tudomanyban S

e Adatbanydaszat és gépi tanuldas

e Szamitdégépes laboratérium

e Adattudomany szamitégépes laboratérium
e Tudomanyos modellezés szamitogépes laboratérium

* Deep learning a tudomanyokban (spec.)
[https://csabaibio.github.io/physdl/ ]

output layer

= Volt didkjaink karrierje z12 =[2]wl21a(lll[;]r)bl21
, .. /. / . .. a= =gz
* hazai és nemzetkdzi kutatdintézetek: Univ. Hawaii, JHU, NASA... S0 = witly 4 pli]

e cégek: Ericsson, Semilab, Aimotive, Morgan-Stanley, ... al'l = g(z)



http://oroszl.web.elte.hu/#teaching
http://stegerjozsef.web.elte.hu/teaching/szamszim/
http://datascience.elte.hu/
https://csabaibio.github.io/physdm/
https://csabaibio.github.io/physdl/

Any sufficiently advanced technology is indistinguishable
from magic. /Arthur C. Clarke/

M. Solid state physics . Transistor/pelectronics

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. With the advancements of high throughput techniques
we may be ready to tackle another frontier: life and intelligence at last, because it is
the most sophisticated and complex. End of diseases, much longer healthy life, ... ?

What miracles will the advancements of machine learning bring? And what kind of
challenges?
NEW PARADIGMS NEED NEW RESEARCHERS

EDUCATION: We need new scientist who have professional skills both in their
disciplines and in modern information technologies.

Istvan Csabai
7ap) ELTE Dept. of Physics of Complex Systems

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