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A6M33BIN — Biomedical Engineering and Informatics
B4AM36BIN — Open Informatics, Bioinformatics

@ Purpose of this course:
Understand the computational problems in bioinformatics, the
available types of data and databases, and the algorithms that solve
the problems.
e Methods/Prerequisities

» mainly: probability and statistics, algorithms (complexity classes),
programming skills
» also: discrete math topics (graphs, automata), relational databases
@ Lectures may be held in English
» Ol study program open to foreign students

Purpose of this lecture

Sneak informal preview of the major bioinformatics topics
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Teachers

Doc. Jifi Kléma
CTU Prague, Dept. of Computer Science
klema®©fel.cvut.cz

Prof. Filip Zelezny
CTU Prague, Dept. of Computer Science
zelezny@fel.cvut.cz

Ing. Frantisek Malinka
CTU Prague, Dept. of Computer Science
malinfrl@fel.cvut.cz
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Other courses

o B4M36MBG — Molekularni biologie a genetika

» understanding the interactions between the various systems of a cell,
including the interactions between the different types of DNA, RNA
and protein biosynthesis as well as learning how these interactions are
regulated.

Doc. Martin Pospisek
Charles University, Dept. of Genetics and Microbiology
Laboratory of RNA Biochemistry
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Course materials

Main page

find abm33bin on department’s courseware page
http://cw.felk.cvut.cz

Course largely based on Mark Craven’s bioinformatics class page at
UW Wisconsin

Contains a lot of links to useful materials in English

Links will be also continually added to our CW

The only Czech bioinformatics book
Fatima Cvrekové: Uvod do praktické bioinformatiky (Academia, 2006)

» user-oriented, for biologists/medics, not informaticians
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Bioinformatics

Bioinformatics

>

>
>
>
>

representation
storage
retrieval
visualization
analysis

of gene- and protein-centric biological data

Not just bio databases!

Also: computational biology

Related: systems biology, structural biology
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Bioinformatics: Main sources of data

@ Information processes inside each cell which govern the entire
organism.

RNA v
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Bioinformatics vs. Biomedical Informatics

@ Biomedical informatics includes Bioinformatics but also other fields
such as

signal analysis image analysis healthcare informatics

not usually associated with bioinformatics.
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Bioinformatics vs. Bio-Inspired Computing

Artificial neural networks Swarm intelligence

GA Flowchart

Genetic algorithms DNA computing

@ Also “computers + biology” but not bioinformatics
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Bioinformatics vs. Bioinformatics

http://www.esoterika.cz/clanek/2992-
mimosmyslova_spionaz_dalkove_pozorovani_i_.htm

“Podle defini¢niho t¥idéni ruskych védci rozlisujeme dva
obory paranormdlnich jevi: bioinformatika a bioenergetika.
Bioinformatika (tzn. mimosmyslové vnimani, ESP) zahrnuje
ziskdvani' a vyménu informaci mimosmyslovou cestou (nikoli
normdalnimi smyslovymi orgdny). V podstaté rozliSujeme
ndsledujici formy bioinformace: hypndzu (kontrolu védomi),
telepatii, dalkové vnimani, prekognici, retrokognici, mimotélni
zkusenost, "vidéni” rukama nebo jinymi Edstmi téla, inspiraci a
zjeveni.”

@ not bioinformatics

Filip Zelezny (CVUT) Bioinformatics - intro 10 / 38



Bioinformatics: Impact

Worldwide
Basic biological research

Personalized health care

°
@ Gene-therapy
@ Drug discovery
°

etc.

Czech landscape

e Small community (FEL,
VSCHT, MFF, FI MU,

e High demand (IKEM,
IEM, IMB, UHKT, ...)

@ come to see our projects
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Bioinformatics: origins

in the insulin protein
@ 51 letters

@ 1950's: Fred Sanger deciphers the sequence of “letters” (amino acids)

GIVEQCCASVCSLYQLENYCN

Achain, 21 amino acids
FVNQHLCGSHLVEALYLVCGERGFFYTPKA B chain, 30 amino acids
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Bioinformatics: origins

@ 2004: Human Genome (DNA) deciphered

@ billions of letters (nucleic acids)
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Progress in Sequencing

@ Sequencing: reading the letters in the macromolecules of interest

Year | Protein RNA DNA No. of residues
1935 | Insulin 1

1945 | Insulin 2

1947 | GramicidinS 5

1949 | Insulin 9

1955 | Insulin 51

1960 | Ribonuclease 120

1965 RN A 4, 75

1967 55 RNA 120

1968 Bacteriophage i 12

1977 Bacteriophage $X 174 | 5375

1978 Bacteriophage ¢X 174 | 5386

1981 Mitochondria 16,569
1982 Bacleriophage A 48,502
1984 Epstein-Barr virus 172,282
2004 Homo sapiens 2.85 billion

@ Work continues: population sequencing (not just 1 individual),

variation analysis

e Extinct species (Neandertal genome sequenced in 2010)
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Shotgun sequencing

@ DNA letters can be read only small sequences

@ Shotgun approach: first shatter DNA into fragments

‘Shotgun Sequencing

Source
——

clone
(40 kb insert)

unordered
sequencing

clanes
(1-2 kb insens}

e

crderect
overlapping
sequences

@ Classical bioinformatics problem: assemble
sequence fragments

@ Shortest superstring problem

a genome from the read

@ Graph-theoretical formulations (Hamiltonian / Eulerian path finding)
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Databases

@ Read bio sequences are stored in public databases

@ Main umbrella institutes

European Bioinformatics US National Center for
Institute (EBI) Biotechnology Information (NCBI)
@ Protein databases: Protein Data Bank (PDB), SWISS-PROT, ...
@ Gene databases: EMBL, GenBank, Entrez, ...
e Many more
o Mutually interlinked

Filip Zelezny (CVUT) Bioinformatics - intro

16 / 38



Database Retrieval by Similarity

Typical biologist's problem: retrieve sequences similar to one | have
(protein, DNA fragment, ..)

Sequence similarity may imply homology (descent from a common
ancestor) and similar functions

“Similarity” is tricky: insertions and deletions must be considered

CA--GATTCGAAT
CECCGATT——-AT

mismatch gap

Bioinformatics problem: find and score the best possible alignment

Dynamic programming, heuristic methods, ...
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Whole Genome Similarity

e Entire genomes (not just
fragments) may be aligned

@ Reveal relatedness between
organisms

o1s7HT

@ Further complications come into
play
» variations in repeat numbers
> inversions
> etc.

EDLO%
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Inference of Phylogenetic Trees

@ Given a pairwise similarity function, and a set of genomes, infer the
optimal phylogenetic tree of the corresponding organisms

@ Application of hierarchical clustering

@ A modern approach to replace phenotype-based taxonomy

Phylogenetic Tree of Life

Archaea

Bacteria

Eucaryota

sime o
Eramostae SME  rimals

M@ Pochazime z mysi

Spole¢nym predkem v3ech savci vietng lidi byl tvor po-
dobny vétsi mysi o vaze nékolika set grama, ktery se
#ivil hmyzem a #il zhruba 200 tisic let po vyhynutf di-
nosaurt pred 65 miliony let. K tomuto zavéru dosla
‘mezinarodni skupina védct, jez vyuzila nej-
novéjsi technologické moznosti vizkumu
fosilif a DNA pomoci specialnfho soft-
waru. Trvalo jim to Sest let. &

Bioinformatics
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Multiple Sequence Alignment

@ Aligning more than two sequences

@ Reveal shared evolutionary origins (conserved domains)

Filip Zelezny (CVUT)

sequences)

Bioinformatics - intro




Probabilistic Sequence Models

@ specific sites (substrings) on a sequence have specific roles

@ e.g. genes or promoters on DNA, active sites on proteins

@ How to tell them apart?

these sequences are E. coli promoters

totgaaatgagengrugacaate tag

gacattttaacacgtttgttacaag,
aaattaaaattteategaceea tasatactttaaccaatataggeatageg
ttgteataategactegt 't tttaggtttacaagtotacace
catcctegeaccagtegacgacggtttacgetttacgtatagtggegacaatttttt
t Tataatts racgacgagrazzattac

acag tgtgtattagag

these sequences are not promoters

arag TLLTPOCgoty
aactcaaggetgatacggegagacttgegage tgoggtacacageageg
tractgugaacattattcy trocgte
tattceea e okt aat aa gk Ecaans G
cgagtcaatcagaccgotttgactcotggtattactgty tetceg
aagrgere
tcg cccttagagageatgteageetogacaact

How can we tell the difference? s this sequence a promoter?

atcaaasasatattcteaacataaaasactttgtgtaatacttgtaacgotacat

tra nsilio/

Markov Chain Model

@ Each type of site has a different probabilistic model
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Protein Spatial Structure

@ From the DNA nucleic-acid sequence, the protein amino-acid
sequence is constructed by cell machinery

@ The protein folds into a complex spatial conformation

Diffracted
rays

~ X-ray beam /
e ———
@-—’?R
Crys!alliN.
molecule ‘
~

T2 Film

@ Spatial conformation can be determined at high cost
@ e.g. X-ray crystallography

@ Determined structures are deposited in public protein data bases
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Protein Structure Prediction

o Can we compute protein structure from sequence?

@ At least distinguish a-helices from [-sheets

Cystine S—S
disulfide linkage

@ Very difficult, not yet solved problem

@ Approches include machine learning
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Protein Function Prediction

@ Protein function is given by its
geometrical conformation

o E.g., ability to bind to DNA or to other
proteins

@ The active site (shown in purple) is
most important

@ Important machine-learning tasks:
» prediction of function from structure
» detection of active sites within
structure
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Protein Docking Problem

@ Proteins interact by docking

@ Will a protein dock into another protein?
@ Optimization problem in a geometrical setting

@ Important for novel drug discovery

> e.g: green - receptor, red - drug
> the trouble is, the protein may dock also in many unwanted receptors
» immensely hard computational problems under uncertainty
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Gene Expression Analysis

@ A gene is expressed is the cell

produces proteins according to it e _;"'
@ Rate of expression can be fapciiz F :
L1 "
measured for thousands of genes | = = B
simultaneously by microarrays A
e Can we predict phenotype (e.g.

. . 1 ]
diseases) by gene expression Pt b A
profiling? e : |

Eoaaas AT b
R
=S
3 28 2 A% A 45 0 88 1 16 2 25 3
b MNomalued Eaprcssion high
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High-throughput data analysis

@ Gene expression data are called high-troughput since lots of
measurements (thousands of genes) are produced in a single
experiment

@ Puts biologists in a new, difficult situation: how to interpret such
data?

@ Example problems:

» Too many suspects (genes), multiple hypothesis testing
» How to spot functional patterns among so many variables?
» How to construct multi-factorial predictive models?

@ Wide opportunities for novel data analysis methods, incl. machine
learning
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Other high-throughput technologies

Methylation arrays Chip-on-chip
(epigenetics) (protein X DNA interactions)

mass spectrometry ..and more
(presence of proteins)
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Genome-wide association studies

o Correlates traits (e.g. susceptibility to disease) to genetic variations

e ‘variations": single nucleotide polymorphisms (SNP) in DNA
sequence

@ involves a population of people

romosome.
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Gene Regulatory Networks

@ Feedback loops in expression:

> (a protein coded by) a gene influences the expression of another gene
» positively (transcription factor) or negatively (inhibitor)

@ Results in extremly complex networks with intricate dynamics

‘_l_'
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csq0

arcA O f]_—-" L
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@ Most of regulatory networks are unknown or only partially known.

@ Can we infer such networks from time-stamped gene expression data?

Filip Zelezny (CVUT) Bioinformatics - intro 30/ 38



Metabolic Networks

e Capture metabolism (energy processing) in cells
@ Involves gene/proteins but also other molecules
@ Computational problems similar as in gene regulation networks

Figure from KEGG database gena other
products molecules

T
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Exploiting Background Knowledge

@ The bioinformatics tasks exemplified so far followed the pattern
Data — Genomic knowledge

@ A lot of relevant formal (computer-understandable) knowledge
available so the equation should be

Data + Current Genomic Knowledge — New Genomic Knowledge
for example:

Gene expression data + Known functions of genes
— Phenotype linked to a gene function

@ But how to represent backround knowledge and use it systematically
in data analysis?

@ Important bioinformatics problem
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Examples of Genomic Background Knowledge

Publ@edeor  [pubmed v biological process

o atites o et Limits Advanced i

isa is_a
Display Settings: () Abstract physiclogical process cellular process
3 Pathol 2008 Oct216(2):141.50. A
Refinement of breast cancer classification by 1 cellular physiological process
types. isa

leigell B, Horlings HM, Kreike B, Hayes MM, Hauptmann b, 3 :
Weigelt B, Horlings Hi, Kreike B, Hayes M, Hauptmann M, Wessels L, cell bycle ol diiaion

Division of Experimental Therapy, The Netheriands Cancer Instiute, Amsterdam,
nan,y \\‘5,.
Abstract is.a

Most invasive breast cancers are classified as invasive cuctal carcit Mphese melticicleycls

histological ‘special types”. These special-type breast cancers are Cz ok ok cylokinesis
also constitute discrete molecular entities remains to be determined. is_a o

classification of breast cancer (luminal, basallike, HER2+). The mol M phase of meiotic cell cycle

this classification applies to al histological subtypes. We aimed to ¢

histological special types [invasive lobular carcinoma (ILC), tubular, \ i

cells, micropapilary, adenoid cystic, metaplastic, and medullary carc part_of =

profiling. Hierarchical clustering analysis confirmed that some histolc AR
‘carcinoma, but also revealed that others, including tubular and lobule L

‘expression profiling, IDC NOS and ILC contain all molecular breast ¢

scientific abstracts gene ontology interaction networks

@ and many other kinds

33 /38




Bioinformatics at the IDA lab

Protein structure analysis with machine learning

Prediction of DNA-binding Propensity of Proteins by the

Ball-Histogram Method using Automatic Template Search
BMC

Bioinformatics Andrea Szabdova*! , Ondrej KuZelka!, Filip ie\eznﬁl and Jakub Tolar?

—
] 2] @ ] © oetren]

7 et setnga) B vsozon s crans

Bl stogrmvethod

s o mears

proten svucurEoaoes
utputs Bl Hstogram Algortm Viorkng.

Prodigy Software
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Bioinformatics at the IDA lab

Gene expression analysis with machine learning

MIXGENE ~ Workflows ~ Runs  Explore ~  Documenation ~ About  Contact Welcome, pavel

(§GENE

miXGene is a public web tool for automated learning from (MRNA, miRNA, that makes use of prior knowledge (gene
interactions, gene sets, mIRNA targets). The resulting models and markers match the actual as well as the biological entities recorded in
curated biological databases. The tool provides the principal means for the user-friendly discovery of dedicated models in particular domains. It represents the platform for
‘assembly, development, comparison and eventual dissemination of the methods for joint analysis of omics data.

Main features

* Integrated analysis of mRNA, miRNA and epigenetic data.
* Development of predictive models (support vector machines, decision trees, nearest neighbour search) that best distinguish among user-supplied sample classes.
* Detection of markers (biological modules based on prior knowledge such as miRNA regulations, pathways or gene ontology terms).

* Automated utilization of genomic model creation of biomarkers.

* Visualization and data understanding in terms of principal component analysis.
* Automated integration of heterogeneous measurement platforms.

* Smooth search and import of expression samples from NCBI GEO as well as the import of user data.
* Free and easy registration and further utilization.

* The resuts are all yours, the computational burden is all ours.
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IDA methods in journal papers

() BioMed Central Semantic biclustering for finding local,

) interpretable and predictive expression patterns
BMC Genomlcs Jifi Kléma®, Frantisek Malinka and Filip Zelezny
Network-constrained forest for regularized classification of
omics data

Michael Andaf & Jifi iima &+ & 7densk Krejcike: &

Comparative Evaluation of Set-Level Techniques in Predic-
BMC tive Classification of Gene Expression Samples
Bioinformatics Matj Holec!, JiFf Kléma!, Filip Zelezny?, Jakub Tolar?
Empirical Evidence of the Applicability of
IEEE/ACM TRANSACTIONS ON . P
~ ITAT Y Functional Clustering through Gene
: Expression Classification

Miog Krejnik and Jif Kiéma

Learning Relational Descriptions of Differentially
Expressed Gene Groups

Igor Trajkovski, Filip Zelezng, Nada Laviat, and Jakub Tolar

In Silico Biology Constraint-based

An International Journal on
Computational Molecular Biology

y from SAGE data
Jifi Kléma1'?, Sylvain Blachon?, Araud Soulet!, Bruno Crémilleux! and Olivier Gandrillon?*

Induction of comprehensible models for gene expression datasets
by subgroup discovery methodology

| Dragan Gamberger**, Nada Lavrat®, Filip Zelezny®<, Jakub Tolar’
(174
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IDA applications in medical studies

-PLOS | ONE Replication of SNP associations with keratoconus in a Czech

bt A cohort
TENTH ANNIVERSARY

Petra Liskova @[], Lubica Dudakova [, Anna Krepelova, Jiri Klema, Pirro G Hysi

Up-regulation of ribosomal genes is associated
with a poor response to azacitidine in
myelodysplasia and related neoplasms

o, bora Peisova,
Hana Hajkova, JriKlema, Jrostay Cermak, Anna Jonasova

Differential Regulation of the Nuclear Factor-«B
Pathway by Rabbit Antithymocyte Globulins in Kidney
Transplantation

Mariana Urbanova,"? Irena Brabcova,” Eva Girmanova,” Filip Zelezny,” and Ondrej Viklicky"*

RESEARCH Open Access

Global gene expression changes in human
embryonic lung fibroblasts induced by organic
@ PARTICLE AND extracts from respirable air particles
< FIBRE TOXICOLOGY

5'2, Katefina Uhlffovs!, JiFl Kiéma®, Miroslav Machala®, Radim J $ram

', Miroslav Ciganek® and
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Bioinformatics at the IDA lab

If you find this course interesting, you can take part in IDA’s research!
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