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Formulacia problému, algoritmus

e Formulacia problému: jasne zadefinujeme vstupné a vystupné

data a aky vystup ocakavame pre kazdy vstup.

e Vo formulacii nehovorime akym sp6sobom vypocitame vystupy

ZzO vstupov.

e Spravny algoritmus: Postup, ktory urcuje sposob, akym pre

kazdy vstup vypocitame prislusny vystup.



Biologicky problém: Pomocou hmotnostného spektrometra (mass
spectrometer) sme odmerali vo vzorke peptid s hmotnostou K. Mame
databazu proteinov a chceme zistit, ktory z proteinov obsahuje peptid

s touto hmotnostou.

Informaticky problém: Vstup je postupnost n kladnych cisel

all],...,aln]| a Cislo K. N&jdite savisly Gsek tejto postupnosti
alil,ali + 1], ..., alj], ktory svojim stctom dava cCislo K.
Priklad:

K=19
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Informaticky problém: Vstup je postupnost n kladnych cisel
all],...,aln] a Cislo K. Najdite savisly Gsek tejto postupnosti
alil,ali + 1],...,alj], ktory svojim sactom dava Cislo K.

Trivialne riesenie: skiiSame vsetky moznosti

pre kazdé i od 1 po n
| pre kazdé j od i pon

| |  suma := 0;

| | pre kazdé u od i po ]
| | | suma := suma + alu]
| |

ak suma = K, vypi§ i, j

K=19
3463649238
1 J



Ako dlho takyto program pobezi?
e Naimplementovat do pocitaca a odmerat
e Na akom pocitaci? Na akych vstupoch?

o Casova zlozitost: (oznacujeme O(f(n)))

— Zvolime si parameter charakterizujici mnozstvo dat
napr. pocCet prvkov vstupnej postupnosti n

— Pre kazdi vel'kost vstupu odhadneme najhorsi pripad

— Zanedbame konstanty

pre kazdé i od 1 pon
| pre kazdé j od i po n

| | suma := 0;

| | pre kazdé u od i po j
| | | suma := suma + al[u]
|

ak suma = K, vypis 1i,]j

Casova zlozitost: kubicka, alebo O(n?)



Preco je casova zlozitost dolezita a konstanty nie?

O(n) O(nlogn) O(n?) O(n3) O(2™)
Cas na 10 € € € € €
vyrieSenie 50 € € € € 2 weeks
problému 100 € € € € 2800 univ.
vel kosti 1000 € € 0.02s 4.5s —
10000 € 0.01s 2.1s 75m —
100000 0.04s 0.12s 3.5m 52d —
1 mil. 0.42s 1.4s 5.8h 142yr —
10 mil. 4.2s 16.1s 24.3d  140000yr —
Max vel kost 1s | 2.3 mil. 740000 6900 610 33
problému 1m | 140 mil. 34 mil. 53000 2400 39
vyrieSena za 1d | 200 bil. 35 bil. 2 mil. 26000 49
Zvysenie +1 — — — — X 2
casu so X 2 X2 X 2+ x4 X8 —

zvysSenym n




Efektivnejsi algorimus
e Najprv si predpocitame pre kazdy zaciatok postupnosti jej stcet
Sli] = al[l] + al2] + - - - + ali]

S[0] := 0 a: 3 4 6 3 6 4 9 2 8
pre kazdé i od 1 po n S: 3 7 13 16 22 26 35 ...
| S[i] = S[i-1] + al[il]

e Potom siicet podpostupnosti od ¢ po j vieme spocitat jednoducho
ako S|j] — S[i — 1]

pre kazdé i od 1 po n
| pre kazdé j od i pon
| | ak S[jl-S[i-1] = K, vypis i, ]

e Casova zlozitost: kvadraticka, alebo O(n?)

e Ak si vsetky Cisla kladné, da sa aj v linedrnom case O(n)



Dalsi priklad informatického problému z prednasky
Najkratsie spolocné nadslovo
e Vstup: niekolko retazcov

e Vystup: najkratsi retazec, ktory obsahuje vSetky vstupné retazce

ako sivislé podretazce

Priklad:
Vstup: GCCAAC, CCTGCC, ACCTTC
Vystup: CCTGCCAACCTTC (najkratSie mozné)



Ako rychly algoritmus pozname pre tento problém?

Najkratsie spolocné nadslovo
Nepozname algoritmus, ktory by bezal v polynomialnom case
t.j. O(n¥) pre nejakt konstantu &

Tento problém je NP-tazky.



ﬁ

“Lean’t find an efficient algorithm, | guess I'm just oo dumb.”
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“laant find an efficient algorithm, because no such algorithm is possibla!"



“1ean’t find an efficient algorithm, but neither can all these [amous people.



Ako sa vysporiadat s NP-tazkymi problémami?
Heuristické algoritmy
e Najde aspon nejaké riesenie, aj ked nie nutne optimalne

e Nejde teda o spravny algoritmus rieSiaci nas problém, lebo pre
niektoré vstupy dava zlu odpoved

e Radsej ale horsia odpoved rychlo, ako perfektna o milién rokov

Priklad: Heuristika pre najkratsi spolocny nadretazec: v kazdom kroku

zlepime dva retazce s najvacsim prekryvom

Priklad: CATATAT, TATATA, ATATATC
Optimum: CATATATATC, dlzka 10
Heuristika: CATATATCTATATA, dizka 14

13



Ako so vysporiadat s NP-tazkymi problémami?
Aproximacny algoritmus

e Casto vieme dokazat, Ze nejaka heuristika sa vzdy priblizi k
optimalnemu rieSeniu aspon po urcitt hranicu

Priklad: Heuristika pre najkratsi spolocny nadretazec: v kazdom kroku
zlepime dva retazce s najvacsim prekryvom

Je dokazané, Ze vzdy najde najviac 3,5-krat dlhsi retazec ako najlepsie
riesenie.

Informatici predpokladajii, ze v skutocnosti najviac 2-krat dlhsi, ale
nevieme to dokazat.
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Ako so vysporiadat s NP-tazkymi problémami?
Exaktny vypocet pomocou iného problému

e Preformulovat do podoby jedného z dobre znamych NP-tazkych
problémov (napr. celoCiselné linearne programovanie, a pod.)

e Mudri l'udia napisali programy, ktoré vedia riesit tieto zname
problémy aspon v niektorych pripadoch (CONCORD, CPLEX, a

pod.)
Preformulovat problém

e Je toto skutocne jedind rozumna formulacia biologického

problému ktory chceme vyriesit?

15



Zhrnutie

Problémy zo skuto¢ného zivota je dobré najskér sformulovat tak,

aby bolo jasné, aké vysledky ocakdvame pre kazdy mozny vstup.
Takato formulacia by mala byt oddelend od postupu (algoritmu)
riesenia.

Informatici meraja ¢as v O-Ckach, ktoré abstrahuji od detailov

konkrétneho pocitaca.

Viytvorenie efektivneho algoritmu je umenie! Cast z toho st finty

(ako napr. dynamické programovanie).

Pre niektoré problémy pozname iba Nechutne Pomalé algoritmy
(NP-tazké).

Aj napriek tomu vo vela pripadoch vieme pomadct.
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Uvod do dynamického programovania
(cvicenie)

Brona Brejova
30.9.2021



Problém platenia minimalnym poctom minci

Vstup: hodnoty k& minci my,ms, ..., my a cielovd suma X (vSetko

kladné celé ¢isla

Vystup: najmensi pocet minci, ktoré potrebujeme na zaplatenie X

Priklad: K =3, m1 =1, my =2, m3 =5, X =13



Odbocka: este matematickejsia formulacia bez slov minca,

suma,. ..
Vstup: kladné celé Cisla mq,mo,...,mp a X

Vystup: celé cislo n a n Cisel x1,...x,, pre ktoré platia nasledujiice

podmienky:
o ;€ {my,mo,...,my} pre kazdé i =1,2,...n
o Y Ti=X

® 1 je najmenSie Mozné.



Problém platenia minimalnym poctom minci

Vstup: hodnoty k& minci my,ms, ..., my a cielovd suma X (vSetko
kladné celé cisla

Vystup: najmensi pocet minci, ktoré potrebujeme na zaplatenie X
Priklad: £ =3, m;i =1, mo =2, m3 =5, X =13
Priklad: Kk =3, m1 =1, mo =3, m3 =4, X =6



Algoritmus pre vseobecnu siistavu £ minci mq, mo, ... my
Ali] = 14+ min{Ali — mq], Alt — mo], ..., Ali — myg]}

A[O] = 0;
pre kazde i od 1 po X
min = nekonecno
pre kazde j od 1 po k
ak i >= m[j] a Ali-m[j]] < min
min = A[i-m[j]]
Al[i] = 1 + min

vypis A[X]



Dynamické programovanie vo vseobecnosti

e Okrem riesenia celého problému rieSime aj mensSie problémy

(nazyvame ich podproblémy)

e RieSenia podproblémov ukladame do tabulky a pouzivame pri

.~~~y

e Technika dynamického programovania sa pouziva na viacero
problémov v bioinformatike



Zarovnavanie sekvencii
(cvicenie)

Brona Brejova
8.10.2021



Mitochondrialny geném cloveka vs. ryba Danio rerio

A: Homo_sapiens/Homo_sapiens.N@BI36.52.dna_rm.chromosome . MT, Jeyerse alignnent
B: Danio_rerio/Danio_rerie,.ZFISH7,52,dna_rm.chromosome, MT, FaForvard alignnent



Mitochondrialny gendm cloveka vs. Drosophila melanogaster

A: Homo_sapiens/Homo_sapiens,NGBI36.52,dna_rm.chromosome, MT  §eyerse alignnent
B: Drosophila_melanogaster/Drosophila_melanogaster.BDGPS. 4. 55RO inc



Mitochondrialny genédm cloveka vs. to isté

4

LY

A: Homo_sapiens/Homo_sapiens.NGBI36.,52,dna_rm,chromnosome, M,
chromosome . MT

B: Homo_sapiens/Homo_sapiens.NCBI36.52.dna_rm.






Drosophila protein Escargot zinc finger vs. to isté
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Drosophila protein Escargot zinc finger

Description: Protein escargot

Source organism: Drosophila melanogaster (Fruit fly)
View Pfam proteome data.

Length: 470 amino acids

Pfam domains

-
lzmmm

Pfam B Pfam-B 18487

low complexity 71 95
low complexity 101 129
low_complexity 163 177
low_complexity 244 263
low complexity 264 274
Pfam A zf-C2H2 309 332
Pfam A zf-C2H2 344 366
Pfam A zf-C2H2 370 392
Pfam A zf-C2H2 398 420
low complexity 445 460
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Pravdepodobnost a E-value
(cvicenie)

Brona Brejova
24.10.2019



Hrackarsky pripad

Dotaz: ATGCTCAAAC (dlzka m = 10)

Databaza: (dlzka n = 300)
accacttgcgcacgatttccagattcggtttccctgggecgcacgaagggc
ccacgaagcgGCTCAACccggagecttagttagaaggggggtctececgteca
agagagacggtaagttggagggtcactagcggtggactccgaatggaaac
actgaatagtggcagaacctaaacctcgttttggatttcctgaaaaaggce
aggcgctagaggaagaggcacgactgtgctagagataatcacttgtaaga
ccttggggatgggctticgtatgcagaacgcgataaggtatcgaaaacgtg

Skérovacia schéma: zhoda +1, nezhoda —1, medzera —1

Lokalne zarovnanie so skére S = 6
GCTCAAAC
GCTCA-AC

E-value: kolko ocakavame lokalnych zarovnani so skére aspon S
v ndhodnej databaze dlzky n pri nahodnom dotaze dlzky m



Nahodny dotaz a dazabaza

Dotaz: GTGCCTGCAG

Databaza:
cctctgatagccttgaaccgggcgagactcatacagacagtgectcctegg
gcgataaccatgagatgacaggtccgatgctaatgttaacggacctacag
tgacatgttaaagtgtccattaagtttataccggaatcaacgagtgtccc
ccagcgcggcgaccgatggagccCCTGCAGgtatactcacttcaaggatt
accgctcggtgtaagttagtgttcagtcagactatactaagtattcagtt
atagagcgttagtaggtcgaccatgagecgggtaggGTGCCGAGatgtgaa

Pocet vyskytov: 2



Nahodny dotaz a dazabaza

Dotaz: TCGACCGAAA

Databaza:
tactccattagggattataacgactaaagcccgtcgtggcgggatcactt
tgagattcaactttaacgcatcacagaggaatctgagacaaagcaaaacc
gatcataatgatcgatccaggtaataagtctccttgatggcgttagactg
gaaataacagttgacttccgactatagtttaatgaacgttcgtaattaga
cgatcgtgtaacttaaccaaaggctgcccccaaactagectgagtaatage

tcgtcctgagcatgtaagagtcagecctccacggaacactgcaacgttctt

Pocet vyskytov: 0



Nahodny dotaz a dazabaza

Dotaz: CCCGTCGTAG

Databaza:
cagcattagccccgttatttCGTCGTtctccaacgggtctgectttctgg
aacgtggcgaaccttcacaggtcagtctgtcatcgecctgecgcttagageg
gacggtactcgaaaggtcggttcagtgtggcgctggaaagaagaatageca
acacatgcactaatggaaggtcccagtggtgtgggacattctggaCCCGT
GTgtgccaacctatgtgagctccggegttgactcggaggatgttaacaag
atcaagctgtaggcgacgatccccgecgggtttcctctactgectcgage

Pocet vyskytov: 2



Nahodny dotaz a dazabaza

Dotaz: AGGATGAGGA

Databaza:
ttatcgattctccggtgcgccagtacagcacaaggectcggatcctgtaaa
acactacaccttaaaaactaagtcAGGATGtgatctcccttaaGATGAGa
cagtctctaatgcggcgtagtgggaccctcgtgaccgagectaagecagttc
acaatgggcgctctgagcgattggctggagaccttgacttcccggtaggt
gtggtgttagttctgtgcccagagataaccatccaccgtaatggatctcg
taactttacGATGAAGAccggcatcatctcagttatatttctaggacggg

Pocet vyskytov: 3



Celkovo opakujeme 100 krat
S =6, m =10, n = 300, obsah GC 50%

Pocet vyskytov: 2,0, 2,3,3,1,0,1,1,1,0,0,4,2,0,1,0,1, 0,0, 1,
0,0,4311000,230021,1,10000,41,1,0,0,1,
1,1,2,2,2,0,0,2,0,1,1,0,1,2,2,1,0,0,1,1,2,0,1,0,0, 1, 0,
3,2,0,2,2,1,0,0,2,0,0,1,2,1,1,3,2,2,1,1,0,2,0, 1, 3

Priemerny pocet vyskytov: 1.05

Ked celé opakujeme viackrat, dostavame hodnoty 0.99, 1.15, 1.02,
1.07, 0.98, ...

Spravna hodnota E-value: 0.99



Fylogenetické stromy

Tomas Vinar
7.11.2019



Terminoldgia
e zakoreneny strom, rooted tree
e nezakoreneny strom, unrooted tree
e hrana, vetva, edge, branch
e vrchol, uzol, vertex, node
e list, leaf, leaf node, tip, terminal node
e vnutorny vrchol, internal node

e koren, root l

e podstrom, subtree, clade l

glum hobit clovek elf ork



Zopar faktov o stromoch

e Majme zakoreneny strom s n listami, v ktorom méa kazdy vnatorny
vrchol 2 deti. Takyto strom vzdy ma n — 1 vnatornych vrcholov a

2n — 2 vetiev (preco?)
e Majme nezakoreneny strom s n listami, v ktorom ma kazdy

vnitorny vrchol 3 susedov. Takyto strom vzdy ma n — 2

vnitornych vrcholov a 2n — 3 vetiev.

e Kolkymi spdsobmi mézeme zakorenit nezakoreneny strom s n

listami?

glum hobit Clovek elf ork



Bootstrap

Nahodne vyberieme niektoré stlpce zarovnania, zostrojime strom
Celé to opakujeme vela krat

Znacime si, kol'kokrat sa ktora hrana opakuje v stromoch
(v nezakorenenom strome je hrana rozdelenie listov na dve

skupiny)

Nakoniec zostavime strom z celych dat a pozrieme sa ako cCasto sa
ktord jeho hrana vyskytovala

MoZeme zostavit aj strom z Casto sa vyskytujacich hran

Bootstrap hodnoty st odhadom spolahlivosti, hlavne ak mame
celkovo malo dat (kratke zarovnanie)

Ak vsak data nezodpovedaja vybranej metéde/modelu, tak aj pre
zly strom mdzeme dostat vysoky bootstrap



Bootstrap

Robili sme 100x bootstrap, dostali sme tieto vysledky:

L\) E ((‘l'l \ / E'.. (“.I‘A— F

AN/ TN -

o/ o N oL b % /c/\r) L
L0 40x Z0x + celé date,

Doplite bootstrap hodnoty hranam vysledného stromu (iii)
Ktoré dalsie vetvy maju podporu aspon 20%7?

Aky strom by sme dostali, ak by sme chceli nechat iba vetvy
s podporou aspon 80%?7



Phylogenetic trees (cvicenie)

Brona Brejova
29.10.2020



Terminology
e zakoreneny strom, rooted tree
e nezakoreneny strom, unrooted tree
e hrana, vetva, edge, branch
e vrchol, uzol, vertex, node
e list, leaf, leaf node, tip, terminal node
e vnutorny vrchol, internal node

e koren, root l

e podstrom, subtree, clade l

glum hobit clovek elf ork



Several facts about trees

e Consider a rooted tree with n leaves, in which each internal node

has 2 children. Such a tree always has n — 1 internal nodes and
2n — 2 branches (why?)

e Consider an unrooted tree with n leaves, in which each internal
node has 3 neighbours. Such a tree always has n — 2 internal
nodes and 2n — 3 branches (why?)

e In how many ways can we root an unrooted tree with n leaves?

l

glum hobit C¢lovek elf ork



Unrooted trees

What can we say about relationships from a an unrooted tree of 4
species? Can we say that some two species X and Y are closer to each

other than to everybody else?



Bootstrap
e Randomly select several alignment columns, build a tree
e Repeat many times

e Count how many times each branch appears in the trees
(branch in an unrooted tree is a split of species into two groups)

e Finally build a tree from the original data and see how often was
each branch in the replicates

e We can also build a tree directly from frequent branches

e Bootstrap values estimate confidence, particularly if we have little
data (short alignment)

e |If the data do not correspond to the assumptions of the used
method/model, we can get an incorrect branch with a high
bootstrap



Bootstrap

We did 100 bootstrap replicates, obtaining the following results:

/ 'Q]_“
? ¢ D
[}ax 4@’( Z0x + celé date,

Add bootstrap values to the tree (iii)

Which additional branches have support at least 20%?7

What would the tree look like if we kept only branches with support at
least 80%7



Probabilistic models

Probabilities refer to some thought experiment involving randomness
(dice throws, drawing balls from an urn etc.)

We set up these thought experiments in a way that mimics some
aspects of reality (properties of DNA sequences, evolution etc.)

The probabilities computed for the though experiment tell us
something about the real world.

A famous quotation by statistician George Box “All models are wrong,

but some are useful.”



Probabilistic models used in the course so far

e Scoring matrices: compare the model of random sequences and
related sequences

e E-value in BLAST: random database and query, how many
matches with score 1" do we expect by chance?

e Gene finding: model generating random sequence and annotation.
For a given sequence, what is its most probable annotation?

e Evolution, Jukes-Cantor model: model generating one column of
an alignment.
Unknown parameters: tree, branch lengths.
For a given alignment, which parameters yield highest probability
(likelihood) max,qram Pr(data|param)



Jukes-Cantor model of substitutions

Probability of observing a change over branch of length #:

Pr(C|A,t) = (1 — e 3%) /4

This applies to every pair of distinct nucleotides.

Probability of not observing a change over branch of length t:

Pr(A|A,t) = (14 3e~5%)/4

This applies to every pair of identical nucleotides.

Both cases include also multiple unobserved changes happening at the
same nucleotide.



More complex models of substitutions
Not all substitutions are equally frequent:

Transitions (within pyrimidines T<->C, within purines A<->G) are
more frequent than transversions (A,G)<->(C,T)

Not all nucleotides are equally frequent in a genome (GC content)

These observations are captured in the HKY model (Hasegawa,
Kishino, Yano)

10



HKY model

Substitution rate matrix (matica rychlosti zmeny)

[ —pa Brc amg Brr \
bra  —pc Brg amr
ars  Pre  —pe BT

\ B7a4 anc  Brg _NT)

k = /[ is the ratio of transition and transversion rates

7; is the frequency of base j

Rate of substitution from X to Y is the product of 7y and a factor
distinguishing transitions and transversions

The sum of each row is 0 (ua = Bre + ang + Brr)

The matrix is normalized so that the expected number of substitutions
per unit of time is 1

11



HKY model

Substitution rate matrix

( — A ﬁﬂ'(j anmqg 57TT \
bra  —pc Brg amr
ara  Pre  —pe BT

\ﬁﬂ'A atc BT —,uT)

The matrix has 4 parameters kK = /3 and three frequencies;
we also need time ¢

More complex model better represents real processes, but we need
more data to estimate more parameters

There are many other models with higher or lower number of
parameters

12



Substitution models

Substitution rate matrix (e.g. HKY)

( — A ﬁﬂ'(j anmqg 57TT \
bra  —pc Brg amr
ara  Pre —pe BT

\ﬁﬂ'A atc BT —,uT)

We have methods for computing Pr(Y| X, t) for given X, Y, ¢, and

matrix
For example, if € is a very short time, Pr(C'|A,¢€) is roughly eSm¢

This is not true for reasonably long time intervals, therefore we use
algebraic methods considering also multiple substitutions at the same
nucleotide.

13



K-means clustering

Brona Brejova
12.11.2020



Formulacia problému
Vstup: n-rozmerné vektory x1,x9,...,x; a pocet zhlukov k

Vystup: Rozdelenie vektorov do k zhlukov:

e priradenie vstupnych vektorov do zhlukov zapisané ako cisla
C1,C2,-..,Ct, kde ¢; € {1,2,...,k} je Cislo zhluku pre x;

e centrum kazdého zhluku, t.j. n-rozmerné vektory pq, p2, ..., fig

Hodnoty c¢q,...,¢; a u1, ..., i volime tak, aby sme minimalizovali
sticet Stvorcov vzdialenosti od kazdého vektoru k centru jeho zhluku:

t
2
Z sz _ ,LLC»L 2)
i=1
Pre vektory a = (a1,...,a,) a b= (b1,...b,) je druhd mocnina

n

vzdialenosti Ha —b||3 = > iq(a; — b;)?



Priklad vstupu

I1
L2
I3
T4
Is5
L6
X7
Is
X9
T10
11
I12
13
L14
I15

k =

-2.00
-1.20
-0.60
-0.50
-0.30
0.00
0.10
0.20
0.40
0.40
0.50
1.00
1.20
1.60
2.00

-0.50
0.20
-0.20
1.80
1.50
-2.00
-0.40
1.90
0.10
-1.50
0.40
2.00
-1.50
-0.80
-1.10




Priklad vystupu

T1
L2
L3
T4
x5
L6
X7
Is
Z9
L10
T11
12
I13
L14
T15
451

I3

-2.00
-1.20
-0.60
-0.50
-0.30
0.00
0.10
0.20
0.40
0.40
0.50
1.00
1.20
1.60
2.00
-0.47
1.04
0.10

-0.50
0.20
-0.20
1.80
1.50
-2.00
-0.40
1.90
0.10
-1.50
0.40
2.00
-1.50
-0.80
-1.10
-0.07
-1.38
1.80

W W =

W =

Sum of squared distances: 10.61




Algoritmus

Heuristika, ktord nendjde vzdy najlepsie zhlukovanie.
Zacne z nejakého zhlukovania a postupne ho zlepsuje.

Inicializacia:
ndhodne vyber k centier 1, pio, ..., i sSpomedzi vstupnych vektorov
Opakuj, kym sa nieco meni:

e prirad kazdy bod najblizSiemu centru: ¢; = arg min; sz — /‘JHQ

e vypocitaj nové centroidy: p; bude priemerom (po zlozkach)
z vektorov x;, pre ktoré ¢; = j



Zvolime nahodné centra




Vektory priradime do zhlukov (hodnoty c;)

(aV]

Sum of squared distances: 30.05




Zabudneme p;




Dopocitame nové p; (suma klesla z 30.05 na 19.66)

(aV]

X

Sum of squared distances: 19.66




Zabudneme ¢;

10




Dopocitame nové ¢; (suma klesla z 19.66 na 17.39)

= X

Sum of squared distances: 17.39
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Prepocitame p;

Sum of squared distances: 14.47
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Prepocitame c;

Sum of squared distances: 13.71
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Prepocitame p;
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Prepocitame ¢; (ziadna zmena, koncime)
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Priklady niekol'kych behov programu

U ° ) N o )
° ° X
X °
[} ]
[ ] [ ]
o - b o 4 L
X
[ ] [ ]
[ ] ([ ]
[ ] [
[ ]
- | o -
X
[ ] [ ] ([ ] [ ]
o x o o
T T T T T T T T T
2 1 0 1 2 2 1 0 1

Sum of squared distances: 10.61

16



Priklady niekol'kych behov programu
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Priklady niekol'kych behov programu
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Priklady niekol'kych behov programu
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GO Enrichment

Brona Brejova
12.11.2020



Gene list analysis

Many analyses vyield lists of genes. Examples:
e genes with positive selection in comparative genomics
e overexpressed or underexressed genes in expression analysis
e genes regulated by a specific transcription factor

Some of genes in a list will have a known function, others may be less
studied



What to do with such a gene list?

e Look at several interesting candidates and study them in detail

(bioinformatics / wet lab)

e Determine if the whole set is enriched in genes with some property
— for example, genes under positive selection are often enriched for

functions in immunity
— this is caused by evolutionary pressure from pathogens



Example from Kosiol et al 2008

16,529 genes total

70 genes innate immune response (0.4% of all genes)

400 genes positive selection

8 genes positive selection + innate immune response (2% of pos. sel.)

Contingency table

Pos.sel. No pos.sel. Total
Immunity 8 (nip) 62 70 (n;)
Not immunity 392 16067 16459
Total 400 (n,) 16129 16529 (n)

Observations:

Innate immune response only a small fraction of pos.sel.
But large enrichemnt from 0.4% to 2%

s it by chance (due to small numbers)?



Example from Kosiol et al 2008

Pos.sel. No pos.sel. Total
Immunity 8 (nip) 62 70 (n;)
Not immunity 392 16067 16459
Total 400 (n,) 16129 16529 (n)

Is enrichment due to chance?

Want p-value:

What would be a chance of obtaining such an enrichemnt if positive
selection and role in innate immune response independent

(null hypothesis)



Null hypothesis

Pos.sel. No pos.sel. Total
Immunity 8 (nip) 62 70 (n;)
Not immunity 392 16067 16459
Total 400 (n,) 16129 16529 (n)

Urn with n; = 70 white balls and n — n; = 16459 black balls

Draw n, = 400 balls from the urn

Denote by X the number of white balls in the selection

On average we expect E(X) = ny(n;/n) = 1.7

In reality we see n;, = 8 pos. sel. genes with role in innate immunity
This is 4.7x more

How likely is this by chance?



Null hypothesis

Urn with n; = 70 white balls and n — n; = 16459 black balls
Draw n, = 400 balls from the urn
Denote by X the number of white balls in the selection

Variable X has hypergeometric distribution:

e ()N

P-value is Pr(X > n;,) =Pr(X =n;) + Pr(X =n; + 1)+ ...

Tail of the distribution

In our case Pr(X > 8) = 0.00028

This is called Hypergeometric or Fisher's exact test
It can be approximated by x? test



Multiple testing correction

Often we do many tests of the same type, for example

e Test 1000 genes for positive selection, select those with p-value
< 0.05

e Test enrichment of 1000 functional categories in a list of genes,
selectthose with p-value < 0.05

Problem: If each category has 5% chance of being there by chance,
we expect 50 purely random results.

If the total number of positive tests was 100, half of them were false.

Multiple testing correction: lower threshold on p-value so that false
positives do not constitute a large portion of results

Several techniques, e.g. FDR (false discovery rate)



Komparativna genomika (cvicenie pre biolégov)

Brona Brejova
14.11.2019



Objavenie génu HAR1 pomocou komparativnej genomiky

Hladdme Gseky genému, ktoré sa:

e dlho vyvijali pomaly (purifikacna selekcia)

e v Cloveku sa vyvijaji prekvapivo pomaly (pozitivna selekcia)
Postup: [Pollard et al. (2006) Nature]

o Vsetky regidny dlzky > 100 s > 96% podobnostou medzi
Simpanzom a mySou/potkanom (35,000)

e Porovnali s ostatnymi cicavcami, zistili, ktoré maja vela mutaci v
Cloveku, ale malo inde (pravdepodobnostny model)

e 49 statisticky vyznamnych regionov, 96% v nekddujicich
oblastiach

e Statisticky najvyznamnejsi HAR1 (Human Accelerated Region)



Human Accelerated Regions: HAR1
Oblast dlzky 118 baz

18 zmien medzi ¢lovekom a Simpanzom, 2 zmeny medzi Simpanzom a
sliepkou

Clovek CTGAAATGATGGGCGTAGACGCACGTCAGCGGCGGAAATGGTTTCTATCA
SimpanzCTGAAATTATAGGTGTAGACACATGTCAGCAGTGGAAATAGTTTCTATCA
GorlaCTGAAATTATAGGTGTAGACACATGTCAGCAGTGGAAATAGTTTCTATCA
RezusCTGAAATTATAGGTGTAGACACATGTCAGCAGTGGAAATAGTTTCTATCA
MysCTGAAATTATAGGTGTAGACACATGTCAGCCGTGGAAATGGTTTCTATCA
KravaCTGAAATTATAGGTGTAGACACATGTCAGCAGTGGAAACCGTTTCTATCA
PesCTGAAATTATAGGTGTAGACACATGTCAGCGGTGCAAACAGTTTCTATCA
SliepkaCTGAAATTATAGGTGTAGACACATGTCAGCAGTAGAAACAGTTTCTATCA

e Prekryvajace sa RNA gény HAR1R a HARILF

e HARIF je exprimovany v neokortexe u 7 a 9 tyzdennych embrii,

neskor aj v inych castiach mozgu (u cloveka aj inych primatov)

o Vsetky substitacie v ¢loveku A/T->C/G, stabilnejsia RNA
Struktara (ale tiez st blizko k telomére, kde takéto mutécie Casté)



Hladanie génov (cvicenie)

Brona Brejova
25.11.2021



Hladanie génov

|dedlne kombinacia vypoctovych modelov a experimentalnej informacie
e RNA-seq
e Metddy na detekciu proteinov

e Komparativna genomika (celogenémové zarovnania, zarovnanie

proteinov z pribuzného organizmu)

e Stav chromatinu, histénové modifikacie



Histény a nukleozémy

e DNA v chromozdédmoch ovinuta okolo nukleozémov
pozostavajlicich z histénov H2A, H2B, H3, H4

e 146 baz ovinutych okolo nukleozému, cca 50 baz medzi

nukleozémami




Histonové modifikacie
e Posttranslacné modifikacie, napr. metylacia

e Oznacenie napr. H3K4mel je (mono-)metylacia Stvrtej amino
kyseliny (lyzinu) v proteine H3

Zistovanie v gendme
e Enzymom nasekdme DNA medzi nukleozémami

e Nukleozémy s danou modifikaciou extrahujeme pomocou
protilatky (chromatin immunoprecipitation, ChIP)

e Extrahovani DNA identifikujeme pomocou microarray alebo
sekvenovanim a mapovanim na geném (ChlP-chip alebo ChIP-seq)
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Cvicenia pre biolégov, 10.12.2020
Zhrnutie semestra



Tvorba bioinformatického nastroja

Sformulujeme biologické ciele

(aké mame data, aké typy otazok sa chceme pytat).

Sformulujeme informaticky /matematicky

(napr. ako pravdepodobnostny model).

Dostaneme informatické zadanie problému, v ktorom je presne
dany vztah medzi vstupom a zelanym vystupom

(napr. najst zarovnanie s max. skére v urCitej skérovacej schéme).
Hladdme efektivne algoritmy na rieSenie informatického problému.

Ak sa ndm nepodari najst dost rychly algoritmus, pouzijeme
heuristiky, ktoré davaju priblizné riesenia.

Testujeme na redlnych datach, ¢i si vysledky biologicky spravne
(Ci bol model dobre zvoleny, ¢i heuristiky dobre funguja).



Pouzitie bioinformatického nastroja

Sformulujeme biologické ciele

(aké mame data, aké typy otazok sa chceme pytat).

Porozmyslame, aky typ nastroja, resp. ich kombinacia by nam
mohli poméct

Alebo hladame v literatiire nastroj na typ problému, s ktorym sme
sa eSte nestretli

Pre spravne nastavenie parametrov a interpretovanie vysledkov je
délezité poznat model, predpoklady, ktoré autori nastroja pouzili,
resp. zdroj dat v prislusnej databaze

Konkrétne nastroje a webstranky sa rychlo menia, celkové principy
sa menia pomalsie



Prehl'ad preberanych tém

Zostavovanie genémov (najkratSie spoloc¢né nadslovo, heuristiky,
de Bruijnov graf)

Zarovnania (skérovanie ako pravdepodobnostny model, dynamické
programovanie, heuristické zarovnavanie, E-value a P-value,
lokalne vs. globalne, parové vs. viacnasobné, celogenémové)

Evolacia (pravdepodobnostné modely substitiicii, metéda
maximalnej vierohodnosti, metéda maximalnej Gspornosti, metdda

spajania susedov)
Hladanie génov (skryté Markovove modely)

Komparativna genomika (hl'adanie konzervovanych oblasti,
komparativne hladanie génov, pozitivny vyber, fylogenetické
HMM, kodénové matice)



Prehlad preberanych tém (pokracovanie)

e Expresia génov (zhlukovanie, klasifikacia, regulacné siete,
transkripcné faktory, hladanie motivov)

e Proteiny (predikcia struktary, profily a profilovée HMM
rodin/domén, protein threading)

e RNA struktara (dynamické programovanie, stochastické
bezkontextové gramatiky)

e Populacna genetika (mapovanie asociacii, vizbova nerovnovéha,

geneticky drift, Struktira a histéria populacie)



Nahliadli sme do sveta informatiky
e Algoritmus, Casova zlozitost

e NP-tazké problémy, presné algoritmy, heuristiky, aproximacné
algoritmy

e Dynamické programovanie
e Stromy, grafy

e Skryté Markovove modely a bezkontextové gramatiky



Dalsie predmety
e Genomika N-mCBI-303, Nosek a kol. (LS, 2P, 3kr)
e Seminar z bioinformatiky 1, 2 Vinar (ZS/LS, 2S, 2kr)
e Linux pre pouzivatelov 1-AIN-500, Nagy (LS, 2K, 2kr)
e Programovanie (1) 1-MAT-130, Salanci (ZS, 2P/2C, 5kr)

e http://compbio.fmph.uniba.sk/vyuka/



Tebria grafov

Brona Brejova
19.12.2020



Grafy a grafové algoritmy

Graf: 7 vrcholov (mesta), 8 hran (cestné spojenia)
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Cyklus: Postupnost nadvazujucich hran, ktord sa vracia do
vychodzieho bodu, nema zZiadne iné opakujice sa vrcholy.



Proctor and Gamble sataz, 1962



Problém obchodného cestujiceho
Vrcholy: mestad na mape
Hrany: medzi kazdymi dvoma vrcholmi, vaha je vzdusna vzdialenost

Uloha: obcestovat vietky mesta tak, aby celkova vzdusna vzdialenost
bola minimalna (Hamiltonovska kruznica)

Jednoducha heuristika: Vzdy
pokrac¢uj v najblizséom meste, ktoré &’

sme esSte nenavstivili.
tlito

uth or

h R u_
Spravny a efektivny algoritmus? Nanestastie, obchodny cestujiici je
NP-tazky problém.



Priklad: Siet interakcii proteinov

Vrcholy: proteiny

Hrany: priame interakcie
Metabolické drahy zodp. cestam
Metabolické cykly zodp. cyklom

Kliky: Skupiny vrcholov priamo pre-
pojené kazdy s kazdym

Komplexy zodpovedaji klikam
Komponenty suvislosti: Najvacsie
skupiny vrcholov tak, aby sa v kaz-

dom komponente dalo dostat z kaz-
dého vrcholu do kazdého.
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Priklad: Fylogeneticky strom
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Dalsie priklady stromov: hierarchické zhlukovanie, datové struktary
na rychle vyhladavanie

Dalsie priklady grafov: de Bruijnov graf, fylogeneticka siet (evolicia
s horizontalnym prenosom génov alebo rekombinaciou), regulacné
siete, hierarchia GO (gene ontology)
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Mozno spocitat v ¢ase O(n?) Dijkstrovym algoritmom.

Cyklus: Postupnost nadvazujucich hran, ktord sa vracia do
vychodzieho bodu, nema zZiadne iné opakujice sa vrcholy.



Proctor and Gamble sataz, 1962



Problém obchodného cestujiceho
Vrcholy: mestad na mape
Hrany: medzi kazdymi dvoma vrcholmi, vaha je vzdusna vzdialenost

Uloha: obcestovat vietky mesta tak, aby celkova vzdusna vzdialenost
bola minimalna (Hamiltonovska kruznica)

Jednoducha heuristika: Vzdy
pokrac¢uj v najblizséom meste, ktoré &’

sme esSte nenavstivili.
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Spravny a efektivny algoritmus? Nanestastie, obchodny cestujiici je
NP-tazky problém.



Priklad: Siet interakcii proteinov

Vrcholy: proteiny

Hrany: priame interakcie
Metabolické drahy zodp. cestam
Metabolické cykly zodp. cyklom

Kliky: Skupiny vrcholov priamo pre-
pojené kazdy s kazdym

Komplexy zodpovedaji klikam
Komponenty suvislosti: Najvacsie
skupiny vrcholov tak, aby sa v kaz-

dom komponente dalo dostat z kaz-
dého vrcholu do kazdého.
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Priklad: Fylogeneticky strom

Human 29.9

ﬂ e Stromy su Speciadlna podtrieda
(’;W' i ktesysz; ’g § . Z s . Z
otonogies s ,\p grafov (acyklické, savislé)
N || — Mouse lemur 1.6
Boreoeutheria = Rm“% @ o VI’ChOl ||St ' Vnﬂtorné
N ff e hf y- BY
“ (spolu n)
Eutheria %:Hiigfhii;@”\ : e Hrany: n —1

Armadillo 25.7 K& | Xenarthra

Mammalia — Elephant 27.0 m
\ P T 185 l | Afrotheria [ ] Ve ~ ya ya ya
T~ e Binarny strom: kazdy vnitorny
s A vrchol ma 2 synov
[~ Tetraodon 4.2 s
/_{ L Fugusa o
Zebrafish 9.5 =g

Dalsie priklady stromov: hierarchické zhlukovanie, datové struktary
na rychle vyhladavanie

Dalsie priklady grafov: de Bruijnov graf, fylogeneticka siet (evolicia
s horizontalnym prenosom génov alebo rekombinaciou), regulacné
siete, hierarchia GO (gene ontology)



