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First “Data Science”

Tabulae Rudolphinae (1627), 23 years, 
position of 1405 stars + planets + 30 years

data curation

Tycho Brahe: data
Johannes Kepler: ”effective” model
Isaac Newton: natural law

𝑭 = 𝑮
𝒎𝟏𝒎𝟐

𝒓𝟐
Perfect beauty and symmetry



First “Data Science” in genetics

Gregor Mendel, 1865
8 years, ~28.000 pea plants

Mendel: data
Darwin: ”effective” model
Griffith, Avery: natural law



Science – technology – science – technology ...

Solid state physics
Transistor/

microelectronics

Electronics

Sensors

Data

Astronomy Mechanics Quantummechanics

Better sensors more data
Moore’s-law Better computers



Natural intelligence

7±2 bit

Pollack, I. The information of elementary auditory 

displays. 

J. Acoust. Soc. Amer., 1952, 24, 745-749.

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)

Homo Sapiens: Technical Specifications

CPU 100 GN (giga-neurons)

Clock frequency 4-32 Hz

CPU cores 1 (male version), 2+ (female v.)

CPU speed 0.1 Flops (floating point op. / 

sec)

Memory (short term) 7 +/-2 bits

Storage 1TB-2.5PB

Power 20 W

Camera 576Mpix, 24Hz

Touch Yes

Display No

Speakers Mono

GPS No

WIFI No

Bluetooth No

2G/3G/4G/5G No/No/No/No

Latest version update 100 000 BC

Main Features : 

• Find food

• Escape predators

• Kill enemies

• Find mate and reproduce
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7±2 bit*

Virtual reality

𝑭 = 𝑮
𝒎𝟏𝒎𝟐

𝒓𝟐Λ=0.7  

Ωm=0.3

Initial values “laws”, equations Simulated reality

DATA !

DATA !

crutch for senses

crutch for mind



Prototype of modern data science 

SDSS: 3D map of the universe
1995 - …

2.5m 120Mp – 2.5Tp 5 years:10TB

CfA 1989:  1100 galaxies

SDSS 2005:  1M galaxies



Scientific goals

and

researcher’s perspective



Huge data tables

Photometry table:  300+ columns, 1Bn+ rows 

100+ other tables

Scientific observations often 
result data as multidimensional 

vector space 



Data processing challenge
 Automatic pipeline

 More than 150 man year 
development

 First  astro project where 
most of the money is spent 
on software rather on the 
telescope

 “Big Data”
 More than 300 million  

objects, 
300+ parameters each

 100 TB raw data, 10 TB
catalogues, 2.5 terapixels

 PUBLIC (SQL) DATABASE
(“Virtual Observatory”)



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, ….

Model World

OBSERVATION

EXPERIMENT

Mathematical
description 

Instruments

Predictions

7±2 bit*

Virtual reality

DATA !

DATA !



2016:$9000/Gb, 2020:$20/Gb, Flongle cell: $90

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

30 days, $10k – cancelled (2006)

- Microarray, CCD!

- Mass spectroscopy

- Digital microscopy

- cryoEM

-…

Moore’s law in gene sequencing Human genome sequencing

1990-2003:  13yrs /2.7 Bn USD

2016: ~days/1000 USD

2025: ?????

phiX 174, 5.4kbp, 1977

H. influenza, 1.8Mbp, 1995 



NGS – data analysis example: genome alignment

Processor speed: ~109 op/sec
Human genome: ~109 nt
NGS: ~109 short reads
“brute force”  ~1018 comparisions
would take: ~109 sec ≈ 32 𝑦𝑟

De novo assembly even more complex task!

Impossible without creative indexing algorithms!

Biology in the
20th                   21st

century



Public NGS Data 
+ metadata

 Example analysis: 
• Role of non-coding 

variants

• Indel coverage pileup 
from ~2000 WGS files

• 3.2 Gb/genome
• + expression, methylation
• + clinical metadata

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.

Spisák et al. in prep



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

7±2 bit

Compression : dimension 
reduction, matrix 
factorization,  
machine learning

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 
word!) 

pV = NkT 6 · 1023 → 5



Multidiszciplináris hazai és nemzetközi 
együttműködések

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

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

 NKFI OTKA 124881: DNS-javító mechanizmusok 
(MTA TTK-ELTE)

 Novo Nordisk Multidisciplinary Synergy (Danish 
Cancer Society Research Center-DTU-Francis Crick 
Institute-ELTE)

 COMPARE EU H2020: Fertőző betegségek, vírusok, 
baktériumok, metagenomika (~15 nemzetközi 
partner, MTA Wigner FK Adatközpont)

 VEO H2020: Fertőző betegségek, vírusok, 
baktériumok, metagenomika (~15 nemzetközi 
partner, ELTE)

 + National and EU COVID projects



Versatile Emerging infectious disease Observatory 
2020.01.01-2025.12.31

 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

 +WP, COVID19



G. Cochrane, EMBL-EBI 2020.04.28



WP2 Analytical Platform: Advanced Datamining tools

Objective: “develop novel cloud-

based datamining tools and services, 

supporting data-intensive 

interdisciplinary collaboration of 

geographically distributed 

international teams”

Links:

• WP1 provides data and deployment 

platform

• Other WPs provide data, collaborate 

on analysis tools, test/use analytical 

platform 



Global Sewage sequencing from 81 cities
Monitoring diseases, antimicrobiotic resistance
… and human phylogeny (Metagenome!)

Pipek et al. Sci. Rep. 2019

Hendriksen et al. Nat. Comm. 2019



Global Sewage sequencing from 81 cities
Monitoring diseases, antimicrobiotic resistance
… and human phylogeny (Metagenome!)

Pipek et al. Sci. Rep. 2019

Hendriksen et al. Nat. Comm. 2019



Multidiszciplináris hazai és nemzetközi 
együttműködések

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

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

 NKFI OTKA 124881: DNS-javító mechanizmusok 
(MTA TTK-ELTE)

 Novo Nordisk Multidisciplinary Synergy (Danish 
Cancer Society Research Center-DTU-Francis Crick 
Institute-ELTE)

 COMPARE EU H2020: Fertőző betegségek, vírusok, 
baktériumok, metagenomika (~15 nemzetközi 
partner, MTA Wigner FK Adatközpont)

 VEO H2020: Fertőző betegségek, vírusok, 
baktériumok, metagenomika (~15 nemzetközi 
partner, ELTE)

 + National and EU COVID projects

#nCoV, 

#Wuhan, 

#coronavirus



Social networks: TwitterDB
Principal dimensions: 
race, religion, urbanization

Using Robust PCA to estimate regional characteristics of language use from geo-tagged Twitter messages; D Kondor, I Csabai, L Dobos, J Szule, N 

Barankai, T Hanyecz, T Sebok, Z Kallus, G Vattay; IEEE CogInfoCom) (2013)

Bokányi Eszter, MSc thesis, ELTE TTK (2015), Bokanyi et al. 2016

Data type:
Graph + text + geo



Test Milgram’s „6 degree” on Twitter

Lost in the City: Revisiting Milgram's Experiment in the Age of Social Networks; J Szüle, D Kondor, L Dobos, I Csabai, G Vattay; 

PloS one 9 (11), e111973 (2014)



Kallus et al. 2017



Task 2.3 Machine learning tools: MosquitoAlert image deep learning 

False(?) negatives:

False(?) positives:

T
ig

e
r

N
O

T
 T

ig
e
r

Pataki et al. in prep.

F. Bartumeus et al.

http://www.mosquitoalert.com/



AI: paradigm shift

Computer
Data

Model
Prediction

ComputerData Model Prediction

IF color=red AND profile=smooth THEN 

type:=tomato

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

f(    ) = “apple”

f(    ) = “tomato”

f(    ) = “cow”

Example: Image recognition

Method: hand crafted features



Supervised learning

input

label

internal representation

apple

pear



Supervised learning: neural net 

apple

prediction

input

label

internal representation

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

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

f(    ) = “apple”

f(    ) = “pear”

f(    ) = “cow”

function regression



Learning -> loss function optimization

Loss = number of wrong

categorizations

images -> points

in N dim space

Learning=minimum search

slope



 Proper, big enough training set

 Representation of data 
(images, words, … -> vector space)

 Nonlinear optimization

 Model complexity
• Accuracy

• Generalization

 “Black box”, trust

 …

Challenges
Typical network: 2M adjustable parameters



Ribli et al. Nature Astro. 2018, MNRAS 2019

 Mutations -> antibiotics resistance

 Mobile sensors -> Parkinson

 Quantum wave func.-> drug toxicity

 Medical imaging -> breast cancer

 Weak lensing map -> cosmology parameters

 Explainable AI

 Control of aging related methylation networks

 Pathology images

 Quantum neural computing

 MSc, PhD courses

AI Research, Education and Applications @ Eötvös University 
Dept. of Physics of Complex Systems

Solving 

analytically 

untraceable 

hard inverse 

problems

Matamoros et al., Pataki et al. subm.

Pataki @DREAM, Laki et al. 2016

Biricz et al. in prep.

Ribli et al. @DREAM, Sci. Rep. 2018

Ribli et al. in prep , Patent subm. 2019

SOTE TKP collab.

http://datascience.elte.hu

Palla et al. subm.

http://datascience.elte.hu/


Explainable AI: automatic classification enhancement

normal

cancer

A. Large calcification

B. Oval mass

C. Spiculated mass

D. Calcified vessel

E. Calcification

F. Clusetered micro-calcifications

Automatic 

labels

„discovered

” by the 

network

Based on simple

teaching classes
Features that invoke 

highest activity

Interpretable, trustworthy, 

for radiologists 
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 high-throughput equipment 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.

István Csabai 
ELTE Dept. of Physics of Complex Systems

csabai@elte.hu

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

Fizikus:

Tudományos adatanalitika MSc spec,

BSc, MSc, PhD thesis 

BIOINFORMATIKA  MSC Spec !!!




