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Assignment 4: Due Wed Mar 4

|
Assignment 4: Bedtools and Intro to Machine Learning

Assgrrrent Date: Weonesday Fed 18, 2020
Due Dete: Wednesdayx March & 2000 @ M150pm
Assignment Overview

0 this asngrmentt, you will aralyre sarant data and make Sifferent vacalzaton n the anguage of your choos. (We sugpest Python, R or pertaps Tacel ) Make sure to show your workjcode
Ia your writeup! As Defore, any Questons 3bout the assignmaent should be posted o Pazza

Question 1. De nove mutation analysis (20 pta)

For this guestion, we will De focusing on $e de Nove varients dentfied In this papes:
reepfwwe et are comartclowrpigenmed 20WS7

Dowrited the S0 movo wirast poations from hete (Suppiomentary Table S4):
MEp Y wwn st ore Comaricio - astety regeigenrsed 0 T ANDIDenme s M ] Ter et regenmed20 162 72l xha

Dowrvoad the gane arnonaion of the human genome e
0 ™0 ol OrQDtyVelease - 87)0M INOMO_Sapmera/ Moo _sagrens GROASE 87 gM3 g2

Dowrsioad the anrotation of regasiony variants from bere:
Np e ensermbl ong/octy relasse - 87 regustionMomo_sapieraMomo_sapera CROAIE Reguistony Duld reguatory festurea 200611 g gr

Domrioad chromonome 22 Iroes Bold 38 of the humen genoese from Bere:
Mrp hgdowniosd coe uCIC oy Dot P NG B Chromatomenchr 22 fa g2

NOTE The vrianas 20 repanted vaing version 37 of the mlenence Genome, Dyt the annotasen 5 for warson 38 Farmunanely, you can M1-over' the sarants 50 the CoOnTnates on the New
MOference PINGME USNg Soverd avaliie 1004 | NeCOmmmend 1he USCS M 1000 Tt a0 G0 TN I8 DIION Dy COMrtag the variants o BED forman. Note, some varians may not
SUOOREST Uy M1 Over, eS000aly ¥ ey DECOME MDETIVG SANr SESENg N The New MAeNe, SO Dlio Mala & Note of Now Mmany viriants sl Bover.

o Quaston ' How much of T Qanome IS ANOtated 35 3 gere?




Assighment 5: Due Wed Mar | |

Assignment 5: Annotations and RNA-seq

Assgrment Dane Weearesdyy, March 4, 2000
Dve Date: Weanesday, March 11, 2020 @ 11 58pm

Assignment Overview

In this sssgrrmens, you will aralyre gerne exprossion dats and leam how to mate seversl binds of piots In the enwronment of your choce. (e suggest Python or 2] Make sure o show your
workjcode in your wrbep! Az Sefore, any guestions about e astigament should be posted to Plazea

Guestion 1. Gene Annctation Prefiminaries (10 pta)
Dowricad the annctation of bulid 38 of the human genome rom here: 12D sraermbl org/potyrelesse -87) gt homo_seplenaMomo_saplens GRONIA AT g g2

o QUeition 1a How Mmaty aatatled (roten COTWY QENes e 0N 8CH SuA0a0me Of I human SInome? [HInt Protein COTWG Oenes will have “Dane™ i THe 350 COMMA, #d CONLAN The
fobowing Dl Oone Deityps “proten codng”)

o CUasTIon 10 WL IS The Masimum, mRnimurm, mean, and SLandend Gevation of the soan of Droten o0 genes? [HnL Use 1he genes Wenilfed n 1]

o Quetion Tc. What is the mudmum, minimom, mass, and standard deviation In the surmber of exons for Srotein coding genes? [Mint: you thould separately consicler sach acform for sach
prooein coding gene)

Cuestion 2. Sampling Simulation [10 pea)

A typical human coll has ~2%0 000 traracripts, and a typicel Bolk BNA-wg experirment may rvoive millons of celle. Cormeguently In an ENASSS experiment you may St sith rillors of RNA
molscdes, athough your seguencer sl only ghve 8 few millon to billons of reads. Therefore your ENASeq sxperiment will 20 3 small sampiing of the Tull composition, We hope the seguences
Wil Do 3 reprosentytve sarmple of the 156l popuation, Bus I your samphe I8 wery UniLcky of Blased & may A0t fepresent The Yue distrbution W will aspions this concegt by sampling 3 smal
swbnat of ranscripts (500 10 00001 owt of » much Lnger sat (VD 55 Tt you Can evalvate Tus Dias.,

N dara et with 1,000,000 Snos we prowice an abetraction of RMA-50Q Gata where normalration has bees performed and the sumber of Tmes 3 END NaMe OCOWTS COMMEONTS 1D 16 NumBer
of YaNECriEs I e sample




How is Structural Variation Classified?

Deletion Dughsc atson

I ﬂ\\\\ il

HENIL IS AR I

Query —=
e Just as with small variant calling, we typically classify structural vanation by comparing two
individuals to each other.
o There are many ways 1o do this “comparison” which will be covered later.
e One individual is designated as the “reference” and the other the “query”.
¢ We then define query structural vaniants “with respect to” the reference
o Mike has an insertion with respect to the reference
o Bob has a deletion with respect to the reference

e SVs are usually defined as being longer than 50 bp.

Mo Seve 5. Nocander £ Uten, and Ryan £ Wi mewhw-.‘NMMmm;x'Wu -m



Modeling the function
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Oxford Nanopore MinlON @

e Thumb drive sized sequencer
powered over USB

e Contains 512 channels

e Four pores per channel, only
one pore active at a time

e Early access began in 2014

e Officially released in 2015
(the same year | met Mike!)




Assignment 5: Due March 8

Assignment 5: Genome Arithmetic

Assignment Date: Thursday, March 1, 2018
Due Date: Thursday, March 8, 2018 @ 11:59pm

Assignment Overview

In this assignment, you will call structural variants and analyze the properties of variants in the human genome. Make sure to
show your work in your writeup! As before, any questions about the assignment should be posted to Plazza.

Question 1. Gene Annotation Preiminaries [10 pts)

Download the annotation of build 38 of the human genome from here:
ftp:/Mip.ensembl.org/pubjrelease-87/gt!homo_saplens/Homo_sapiens GRCh38.87.gtl.gz

» Question 1a. How many many GTF data lines are in this file? [Hint: The first few lines in the file beginning with “#* are
so-called "header” ines describing thing like the creation date, the genome version (more on that later in the course),
etc, Header ines should not be counted as data lines.)

« Question 1b. How many annotated protein coding genes are on each autosome of the human genome? [Hint: Protein
coding genes will have "gene” in the 3rd column, and contain the following text: gene_biotype "protein_coding™]

« Question 1¢. What is the maximum, minimum, mean, and standard deviation of the span of protein coding genes? [Hint:
use the genes identified in 1b]

» Question 1d. What is the maximum, minimum, mean, and standard deviation in the number of exons for protein coding
genes? [Hint: you should separately consider each isoform for each protein coding gene)




Goal: Genome Annotations

aatgcatgcggctatgctaatgeatgeggetatgctaagetgggatccgatgacaatgeatgeggetatgetaat
gcatgcggctatgcaagetgggatccgatgactatgctaagetgggatccgatgacaatgeatgeggetatget

aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgeatgeggetatgetaatgaa

tggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggatccgatgacaatgeatgeg

gctatgctaatgcatgeggetatgcaagetgggatccgatgactatgctaagetgeggetatgetaatgeatgeg
gctatgctaagetgggatccgatgacaatgeatgeggetatgetaatgeatgeggetatgcaagetgggatect

gcggctatgctaatgaatggtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgegget

atgctaatgaatggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggaatgeatgeg
gctatgctaagetgggatccgatgacaatgeatgeggetatgetaatgeatgeggetatgcaagetgggatcecg

atgactatgctaagctgcggctatgctaatgcatgeggetatgctaagetcatgeggetatgctaagetgggaat
gcatgcggctatgctaagetgggatccgatgacaatgeatgeggetatgctaatgeatgeggetatgcaagetg

ggatccgatgactatgctaagctgeggetatgetaatgeatgeggetatgctaagetcggetatgctaatgaatg
gtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggetatgetaatgaatggtettgg
gatttaccttggaatatgctaatgcatgcggctatgctaagetgggaatgeatgeggctatgctaagetgggatc

cgatgacaatgcatgcggctatgctaatgcatgeggctatgcaagetgggatccgatgactatgetaagetgeg

gctatgctaatgeatgcggetatgctaagetcatgegg



Goal: Genome Annotations

aatgcatgcggctatgctaatgeatgeggcetatgctaagetgggatccgatgacaatgeatgeggetatgetaat
gcatgcggctatgcaagetgggatccgatgactatgctaagetgggatccgatgacaatgeatgeggetatget

aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgeggetatgctaatgaa

tggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggatccgatgacaatgeatgeg

gctatgctaatgcatgeggctatgcaagetgggatccgatgactatgctaagetgeggctatgctaatgeatgeg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatcct

geggctatgctaatgaatggtctigggattis 2t dsigssatccgatgacaatgeatgeggct

atgctaatgaatggtcttgggatt sctatgctaagcetgggaatgeatgeg
gctatgctaagctgggatccgat Atgcggctatgcaagetgggatccg

atgactatgctaagctgcggctatgctaatgecatgeggetatgctaagetcatgeggetatgctaagetgggaat
gcatgcggctatgctaagetgggatccgatgacaatgeatgeggetatgetaatgeatgeggetatgcaagetg

ggatccgatgactatgctaagetgeggetatgctaatgeatgeggetatgctaagetcggetatgctaatgaatg
gtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggetatgctaatgaatggtettgg
gatttaccttggaatatgctaatgcatgeggetatgctaagctgggaatgeatgeggcetatgctaagetgggatc

cgatgacaatgcatgcggctatgctaatgeatgeggcetatgcaagetgggatccgatgactatgctaagetgeg

gctatgctaatgcatgeggctatgctaagetcatgegg




Genetic Code

191 Base
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Qutline

|. Alignment to other genomes
2. Prediction aka “Gene Finding”

3. Experimental & Functional Assays




Qutline

|. Alignment to other genomes
2. Prediction aka “Gene Finding”

3. Experimental & Functional Assays




Basic Local Alignment Search Tool

* Rapidly compare a sequence Q to a database to find all
sequences in the database with an score above some

cutoff S.
— Which protein is most similar to a newly sequenced one!?

— Where does this sequence of DNA originate!

* Speed achieved by using a procedure that typically finds
“most” matches with scores > S.

— Tradeoff between sensitivity and specificity/speed
* Sensitivity — ability to find all related sequences

* Specificity — ability to reject unrelated sequences

(Altschul et al. 1990)



Seed and Extend

FAKDFLAGGVAAATSKTAVAPIERVKLLLOVOHASKQITADKQYKGIIDCVVRIPKEQGV

FLIDLASGGTAAAV|SKTAVAPIERVKLLLOVODASKATIAVDKRYKGIMDVLIRVPKEQGV

Homologous sequences are likely to contain a short high
scoring word pair, a seed.

— Smaller seed sizes make the sense more sensitive, but also (much)
slower

— Typically do a fast search for prototypes, but then most sensitive for
final result

BLAST then tries to extend high scoring word pairs to
compute high scoring segment pairs (HSPs).

— Significance of the alignment reported via an e-value



Seed and Extend

FAKDFLAGGVAAATSKTAVAPIERVKLLLOVOHASKQITADKQYKGIIDCVVRIPKEQGV

. T O B O O IR
FLIDLASGGTAAAVISKTAVAPIERVKLLLQVQDASKAIAVDKRYKGIMDVLIRVPKEQGV

Homologous sequences are likely to contain a short high
scoring word pair, a seed.

— Smaller seed sizes make the sense more sensitive, but also (much)
slower

— Typically do a fast search for prototypes, but then most sensitive for
final result

BLAST then tries to extend high scoring word pairs to
compute high scoring segment pairs (HSPs).

— Significance of the alignment reported via an e-value



BLAST E-values

E-value = the number of HSPs having alignment score S (or
higher) expected to occur by chance.

—> Smaller E-value, more significant in statistics

—> Bigger E-value, less significant

—> Over | means expect this totally by chance
(not significant at all!)

The expected number of HSPs with the score at least S is :
E = K*n*m*e-?\s
K, A are constant depending on model

n, m are the length of query and sequence

E-values quickly drop off for better alignment bits scores



Very Similar Sequences

Query: HBA HUMAN Hemoglobin alpha subunit
Sbjct: HBB HUMAN Hemoglobin beta subunit

Score = 114 bits (285), Expect = le-26
Identities = 61/145 (42%), Positives = 86/145 (59%), Gaps = 8/145 (5%)

Query 2 LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF-——-—-—-- DLSHGSAQV 55
L+P +K+ VA WGKV + E G EAL R+ + +P T+ +F F D G+ +V
Sbjct 3 LTPEEKSAVTALWGKV--NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGNPKV 60

Query 56 KGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPA 115
K HGKKV A ++ +AH+D++ + LS+LH KL VDP NF+LL + L+ LA H
Sbjct 61 KAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKLHVDPENFRLLGNVLVCVLAHHFGK 120

Query 116 EFTPAVHASLDKFLASVSTVLTSKY 140
EFTP V A+ K +A V+ L KY
Sbjct 121 EFTPPVQAAYQKVVAGVANALAHKY 145



Quite Similar Sequences

Query: HBA HUMAN Hemoglobin alpha subunit
Sbjct: MYG HUMAN Myoglobin

Score = 51.2 bits (121), Expect = 1le-07,
Identities = 38/146 (26%), Positives = 58/146 (39%), Gaps = 6/146 (4%)

Query 2 LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF-----—- DLSHGSAQV 55
LS + v WGKV A +G E L R+F PT F F D S +
Sbjct 3 LSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDKFKHLKSEDEMKASEDL 62

Query 56 KGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPA 115
K HG V AL + + L+ HA K ++ + +S C++ L + P
Sbjct 63 KKHGATVLTALGGILKKKGHHEAEIKPLAQSHATKHKIPVKYLEFISECIIQVLQSKHPG 122

Query 116 EFTPAVHASLDKFLASVSTVLTSKYR 141
+F +++K L + S Y+
Sbjct 123 DFGADAQGAMNKALELFRKDMASNYK 148



Not similar sequences

Query: HBA HUMAN Hemoglobin alpha subunit
Sbjct: SPAC869.02c [Schizosaccharomyces pombe]

Score = 33.1 bits (74), Expect = 0.24
Identities = 27/95 (28%), Positives = 50/95 (52%), Gaps = 10/95 (10%)

Query 30 ERMFLSFPTTKTYFPHFDLSHGSAQVKGHGKKVADALTNAVAHVDDMPNALSALSDLHAH 89
++M ++P P+F+ +H + + +A AL N ++DD+ +LSA D
Sbjct 59 OQKMLGNYPEV---LPYFNKAHQISL--SQPRILAFALLNYAKNIDDL-TSLSAFMDQIVV 112

Query 90 K---LRVDPVNFKLLSHCLLVTLAAHLPAEF-TPA 120
K L++ ++ ++ HCLL T+ LP++ TPA
Sbjct 113 KHVGLQIKAEHYPIVGHCLLSTMQELLPSDVATPA 147



Blast Versions

Program

Database Query
BLASTN Nucleotide Nucleotide
BLASTP Protein Protein
: Nucleotide translated
BLASTX Protein into protein
Nucleotide translated :
TBLASTN into protein Protein
TBLASTX Nucleotide translated Nucleotide translated

into protein

into protein




NCBI Blast

L e e * Nucleotide Databases
— nr:All Genbank

|
\
[
| » NCEY BLAST Home | f . R f
| Ay o et e—— - ' — rerseq. nererence
BLAS ds rogions of similarity between biological sequences. mar |
ALGn 1w MeQuences | .
2] Oesigning or Teating POR Primners? Try your search 0 Primer BLAST  0g) form \
| organisms
The ASgn wo \
BLAST Assembied Genomes ;.:.—.., v o1 e :
c—— :All read
Choose o spocies genome 1o saarch, or list all genomic BLAST catabases row e o | Wgs. rea S
wandad RAST |
- |
A i e
¥ Human ® Oryza sativa * Galws gallys :” f‘::eh o9 \
o Mouse o Bos taurws e Pan troglodytes m).'m l',‘," |
® B ® Danio rerio ® Microdes |
) Arabigopsis thallana » Orosophils Apls me(itera r_"""" BLAS |
MoaNogesiey :
|
Basic BLAST |
Tip of twe Day ! .
Croose a BLAST program o run |
| [ ]
PP | rotein Databases
ALAST sois
puckotide Blast " fuclooodt d-’.c:usf- '.S.l‘\.; a modootm :m,' ; :
FOVHA DS, Megalias!, CrsCONiQuous Megatlas BLAST mahes £ |
L]
SNy X0 ExETIOe 3 — -
ik i s | All dundant
protein blast Search profein Catabane usng » protein Query wpe g of n ro n o n re u n an
Agortnms s Dalbiast ohi-bBlast |
g t . sl s : (de i jeve )
a~ddaiey |
ast Sty ~rt e &
Llasty  Sewrch protein Srtabiase ueng & ranslated muclectide Guery I Seq u e n Ces
Nore tpe |
Wintn  Search trasalated suclectide database using & protein guery |
| .
(baatx | Saarch ansiated mecleotide datsbase usin & ranaisted aucieotde quary , — Refseq - Reference
|
| .
: |
Spaciared BLAST , P roteins
Choose a type of spociaized soarch [or database rame in parenthoses ) |
!
-
0 Make specfc prmaers weh Primerc-BLAST
a2 Search trace archives
0 Fing conserved domaing n your sequence (ods)
9 Find soquencos with simiar conserved domain arshitecture (cdart)
0 Search seguences that have gene axeression prefiles (GED)
0 Search immunegiobuling [IgBLAST)
8 Search for SNPs (srp) -
I v

b oL fons sernrbina ) . A




Qutline

|. Alighment to other genomes
2. Prediction aka “Gene Finding”

3. Experimental & Functional Assays




Bacterial Gene Finding and Glimmer

(also Archaeal and viral gene finding)

Arthur L. Delcher and Steven Salzberg
Center for Bioinformatics and Computational Biology

Johns Hopkins University School of Medicine



Step One

* Find open reading frames (ORFs).

Start

/ codon

..IAGATG GGC TTA AAA CAT AAA TGA...

\ Stop Stop
codon codon




Step One

* Find open reading frames (ORFs).

Stop
codon \

AAT

..lAGATGAATGGCTCTTTAGATAAATTTCATGAAAAATATTGA...

Stop Shifted / Stop
codon Stop codon

* But ORFs generally overlap ...




Campylobacter jejuni RM1221 30.3%GC

All ORFs longer than 100bp on both strands shown
- color indicates reading frame

Longest ORFs likely to be protein-coding genes

Note the low GC content

All genes are ORFs but not all ORFs are genes



Campylobacter jejuni RM1221 30.3%GC

Campylobacter jejuni RM1221 30.3%GC

VY o



Mycobacterium smegmatis MC2 67.4%GC

e

Note what happens in a high-GC genome



Mycobacterium smegmatis MC2 67.4%GC
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Flipping a Biased Coin

P(heads) = 61/64 (95.4%) P(tails) = 3/64 (4.6%)

How many flips until my first tail?

$ ./coinflip.pl 0.046875 1000

0:  HHHHHHHHHHHHHHT 15

1: HHHHHHT7

2: HHHHHHHHHHHT 12

3:  HHHHHHHHHHHHHHHHHHHHHHHT 24

4 HT 2

5:  HHHHHHHHHHHHHT 14

6:  HHHHHHHHHT 10

7: HHHHHHHHHHHHHT 14

8: HHHHHT 6

9:  HHHHHHHHHHT 11

10:  HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHH
11 HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHT 40
12: HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHT - 45
13: HHHT 4

14:  HHHHHHHHHHHHHHT 15

15:  HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHT 39

16:  HHHHHT 6

17:  HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHT - 38

18:  HHHHHHHHHHHHHHHHHHHHHHHHHT 26

19:  HHHHHHHHHHHT 12



num trials

40

30

20

10

Flipping a Biased Coin

P(heads) = 61/64 (95.4%) P(tails) = 3/64 (4.6%)

How many flips until my first tail?

0o 00
00 o
o
0o
o o
o o
o
0o 00
(o))
o o o oo
ocoo o
000 o o
o o o o
o 00 0 o
o o o o 00 o o
o oo oo o 'e) o 00
I I I I I
20 40 60 80 100

Flips until heads




num trials

Flipping a Biased Coin

P(heads) = 61/64 (95.4%) P(tails) = 3/64 (4.6%)

How many flips until my first tail?

Geometric Distribution: P(X=X) = Preads® Ptais

geom(p=3/64)

Flips until heads




num trials

Flipping a Biased Coin

P(heads) = 61/64 (95.4%) P(tails) = 3/64 (4.6%)

How many flips until my first tail?

Geometric Distribution: P(X=X) = Preads® Ptais

geom(p=3/64)
geom(p=6/64)
geom(p=9/64)

Flips until heads




num trials

Flipping a Biased Coin

P(heads) = 61/64 (95.4%) P(tails) = 3/64 (4.6%)

How many flips until my first tail?

Geometric Distribution: P(X=X) = Preads® Ptais

geom(p=3/64) mean=64/3 = 21.3
geom(p=6/64) mean=64/6 = 10.6
geom(p=9/64) mean=64/9 = 7.1

Flips until heads




Stop Codon Frequencies

If the sequence is mostly A+T, then likely to form stop codons by chance!

In High A+T (Low G+C):
Frequent stop codons; Short Random ORFs; long ORFs likely to be true genes

In High G+C (Low A+T):
Rare stop codons; Long Random ORFs; harder to identify true genes

A relationship between GC content and coding-sequence length.
Oliver & Marin (1996) J Mol Evol. 43(3):216-23.



Probabilistic Methods

* Create models that have a probability of
generating any given sequence.

— Evaluate gene/non-genome models against a sequence

* Train the models using examples of the types of
sequences to generate.

— Use RNA sequencing, homology, or “obvious” genes

* The “score” of an orf is the probability of the
model generating it.

— Most basic technique is to count how kmers occur in
known genes versus intergenic sequences

— More sophisticated methods consider variable length
contexts, “wobble” bases, other statistical clues



Overview of Eukaryotic Gene
Prediction

CBB 231 / COMPSCI 261

W.H. Majoros

UNIVERSITY



Eukaryotic Gene Syntax

< complete mMRNA >
«——coding segment ——»|
ATG TGA

\ 4

«—— exon « intron ——«— exon —«— intron —»\«— exon —»

ATG :-- GT —AG| ... |GT —AG}::-:-TGA

—— — —— —
start codon donor site acceptor donor site acceptor stop codon
site site

Regions of the gene outside of the CDS are called UTR’ s (untranslated regions), and
are mostly ignored by gene finders, though they are important for regulatory functions.

Duke |



Representing Gene Syntax with ORF Graphs

After identifying the most promising (i.e., highest-scoring) signals in an input sequence,
we can apply the gene syntax rules to connect these into an ORF graph:

ATG TAG GT AG GT TAG ATG AG TAG

An ORF graph represents all possible gene parses (and their scores) for a given set of
putative signals. A path through the graph represents a single gene parse.

UNIVERSITY



Conceptual Gene-finding Framework

TATTCCGATCGATCGATCTCTCTAGCGTCTACG
CTATCATCGCTCTCTATTATCGCGCGATCGTCG
ATCGCGCGAGAGTATGCTACGTCGATCGAATTG

identify most promising signals, score signals
and content regions between them; induce an
ORF graph on the signals

find highest-scoring path through ORF graph;
interpret path as a gene parse = gene
structure

Duke



Why Hidden!

* Similar to Markov models used for prokaryotic gene finding,
but system may transition between multiple models called
states (gene/non-gene, intergenic/exon/intron)

* Observers can see the emitted symbols of an HMM (i.e,,
nucleotides) but have no ability to know which state the
HMM is currently in.

— But we can infer the most likely hidden states of an HMM based on
the given sequence of emitted symbols.

p(SI(SI) p(S21\82) p(S3[§3)
/p(SZISl) /p(S3IS2) ﬁ/
\/ / =3

5 ( 51 S sz )\53 )

S1/S2 S2|S3)
/ Cg |‘/L§K l//s\

v

p(oi|S1) p(cilS1)  P(oi[SI)

AAAGCATC GTGAGC sATTACA



Eukaryotic Gene Finding with
GlimmerHMM



ﬁ[ HMMs and Gene Structure

Nucleotides {A,C,G,T} are the observables
Different states generate nucleotides at different frequencies

A simple HMM for unspliced genes:

CIAAEHOCHE

N—

AAAGCATG CATTTAACG AGA GCA CAA GGG CTCTAATGCCG

The sequence of states is an annotation of the generated string — each nucleotide is
generated in intergenic, start/stop, coding state



HMMs & Geometric Feature Lengths

P(xy..x,,|0) = (HPQ (x; | 6’))19“ (1- 13)

geor\n/etric distribution 1

2000 4000 6000
exon length



Generalized HMMs Summary

« GHMMs generalize HMMs by allowing each state to emit a subsequence rather
than just a single symbol

 Whereas HMMs model all feature lengths using a geometric distribution, coding
features can be modeled using an arbitrary length distribution in a GHMM

« Emission models within a GHMM can be any arbitrary probabilistic model
(“submodel abstraction”), such as a neural network or decision tree

« GHMMs tend to have many fewer states => simplicity & modularity
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* Uses GHMM to model
gene structure (explicit
length modeling)

- Various models for scoring
individual signals

« Can emit a graph of high-
scoring ORFS




Coding vs Non-coding

A three-periodic ICM uses three ICMs in succession to evaluate the different codon
positions, which have different statistics:

P[C|M]
P[G|M
IO [

\

/
ATC GAT CGA TCA GCT TAT CGC ATC

1 pram,]
ICM,

The three ICMs correspond to the three phases. Every base is evaluated in every
phase, and the score for a given stretch of (putative) coding DNA is obtained by
multiplying the phase-specific probabilities in a mod 3 fashion:

L-1
H ])(f+i)(mod3) (xi )
i=0

GlimmerHMM uses 3-periodic ICMs for coding and homogeneous (non-periodic)
ICMs for noncoding DNA.



- Signal Sensors

Signals — short sequence patterns in the genomic DNA that are recognized by
the cellular machinery.

Start codon codons Donor site

ATGCCCTTCTCCAACAG

Stop codon GGCAGAAACAATAAA' = 7o
GATCCCCATGCCTGAGGGCCCCTC f

ot



ldentifying Signals In DNA

We slide a fixed-length model or “window” along the DNA and evaluate
score (signal) ateach point:

Signal sensor
...ACTGATGCGCGATTAGAGTCATGGC

GATGCATCTAGCTAGCTATATCGCGTAGCTAGCTAGCTGATCTACTATCGTAGC...

[
»

When the score is greater than some threshold (determined empirically to result in

a desired sensitivity), we remember this position as being the potential site of a
signal.

The most common signal sensor is the Position Weight Matrix:

A=31% A= 18% A= 19% A= 24%
T = 28% T =32% A T G T=20% T=18%
C=21% C = 24% C = 29% C = 26%
G = 209 G = 269 G = 32 = 329

& & 100% 100% 100% & G =32%




Splice site prediction

[ “l“‘ i)

Exon 1 Gl A Y),AG { Exon 2
A Al L
1 IAAUG U U AA
9§3 qg:“:ﬁﬁA GQAS 0099. FERRF86aGA 1[SC
5" splice site Branch site 3" splice site

AvV]V]V -_1v)]v

The splice site score is a combination of:

 first or second order inhomogeneous Markov models on windows around
the acceptor and donor sites

« Maximal dependence decomposition (MDD) decision trees

* longer Markov models to capture difference between coding and non-
coding on opposite sides of site (optional)

« maximal splice site score within 60 bp (optional)



I Exon Sngl i

wlntergenic

* Uses GHMM to model
gene structure (explicit
length modeling)

« WAM and MDD for splice
sites

. ICI\_/Is for exons, introns
and intergenic regions

« Different model parameters
for regions with different GC
content

» Can emit a graph of high-
scoring ORFS




Gene Prediction with a GHMM

Given a sequence S, we would like to determine the parse ¢ of that sequence
which segments the DNA into the most likely exon/intron structure:

rediction ~_initial interior final
P e i S—
parsed) g A [ [ ] .
/ GGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG
sequence S

The parse ¢ consists of the coordinates of the predicted exons, and corresponds
to the precise sequence of states during the operation of the GHMM (and their
duration, which equals the number of symbols each state emits).

This is the same as in an HMM except that in the HMM each state emits bases
with fixed probability, whereas in the GHMM each state emits an entire feature
such as an exon or intron.



‘Iuation of Gene Finding Programs

REALITY |

. I e
PREDICTION; - o o
- - I
TP
Sn

= . ] . o
TP+ FN What fraction of reality did you predict”

TP
TP + FP

Sp What fraction of your predictions are real?



-e Measures of Prediction Accuracy

WRONG CORRECT MISSING

EXON EXON EXON
REALITY
I g - —
PREDICTION
I ]
ExonSn = TE _ number of correct exons

AE  number of actual exons

TE number of correct exons
ExonSp = =

PE  numberof predicted exons




" GlimmerHMM is a high-performance ab
initio gene finder

Arabidopsis thaliana test results

Nucleotide Exon Gene

GlimmerHMM| 97 [99| 98 [84| 89 |86.5| 60 | 61 |60.5
SNAP 96 |99/97.5|83| 85| 84 | 60 | 57 | 58.5
Genscant+ | 93 (99| 96 |74 81 | 77.5| 35 | 35| 35

« All three programs were tested on a test data set of 809 genes, which did not
overlap with the training data set of GlimmerHMM.

« All genes were confirmed by full-length Arabidopsis cDNAs and carefully
inspected to remove homologues.



GlimmerHMM on human data

Nuc Nuc Nuc Exon | Exon | Exon | Exact
Sens | Spec Acc Sens | Spec Acc | Genes

GlimmerHMM 86% 72% 79% 72% 62% 67% 17%

Genscan 86% 68% 77% 69% 60% 65% 13%

GlimmerHMM’ s performace compared to Genscan on 963 human RefSeq
genes selected randomly from all 24 chromosomes, non-overlapping with the
training set. The test set contains 1000 bp of untranslated sequence on either
side (5' or 3') of the coding portion of each gene.



Gene Finding Overview

* Prokaryotic gene finding distinguishes real genes and
random ORFs

— Prokaryotic genes have simple structure and are largely
homogenous, making it relatively easy to recognize their
sequence composition

* Eukaryotic gene finding identifies the genome-wide
most probable gene models (set of exons)

— “Probabilistic Graphical Model” to enforce overall gene
structure, separate models to score splicing/transcription
signals

— Accuracy depends to a large extent on the quality of the
training data
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Gene expression patterns of breast carcinomas distinguish tumor subclasses with clinical implications.
Sorlie et al (2001) PNAS. 98(19):10869-74.
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RNA-seq Overview

Samples of interest Isolate RNAs Generate cDNA, fragment,
% size select, add linkers
b ABOMIS m"i
Condition 1 Condition 2 AAAAANAAAAAANAAAA : B o 7 r=a
(e.g. tumor) (e.g. normal) . " e .

Poly(A) tail
Map to genome, transcriptome,
and predicted exon junctions

Intron  pre-mRNA

spit by intron 100s of millions of paired reads

l 10s of billions bases of sequence
Downstream analysis



RNA-seq Challenges
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Challenge 1: Eukaryotic genes are spliced



RNA-Seq Approaches

Fig. 2 Read mapping and transcript identification strategies. Three badic strategies for regulsr RNA-seq analysls. 8 An annotated genome s
avallable and reads are mapped to the genome with 3 gapped mapper, Next (novel) transcrips discovery and guantification can proceed with or
without an annotation file. Novel transcripes are then functionally annotated. b If no novel transcript discovery s needed, reads can be mapped
to the refesence transcriptome using an ungapped algner. Trancript identification and quantification can occur simukaneously. ¢ When no
genome s avalable, reads need to be assembled first Into contigs or transcripts. For quantification, reads are mapped back to the novel reference
ranscriprome and further analysis proceeds as in (b) followed by the functional annotation of the novel transcripts as in {a). Representative
software that can be used at each analysis step are indicated in bold feat. Abbreviations: GFF General Feature Format, GTF gene transfer format,
RSEM RNA-Seq by Expectation Maxdmization

\

A survey of best practices for RNA-seq data analysis
Conesa et al (2016) Genome Biology. doi 10.1186/s13059-016-0881-8



RNA-Seq Approaches
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Fig. 2 Read mapping and transcript identification strategies. Three badic strategles for regulse RNA-s8q analysis. 8 An annotated genome is

avallable and m transcripe discovery and quantification can proceed with or
without an an NO NOVE ranscript discovery 8 needed, reads can be mapped
to the refevence transcrptome using an ung a . Trangript n and quantification can occur simukaneously. ¢ When no
genome s avalable, reads 0 Contigs or transcripts. For quantification, reads are mapped back to the novel reference
rranscriprome and further W by the functional annoeation of the novel transcripts as in (a). Representative
software that can be used od in bold rext. Abbreviations: GFF General Feature Format, GTF gene transfer format,
RSEM RNASeq by Expectation Madmization

.

A survey of best practices for RNA-seq data analysis
Conesa et al (2016) Genome Biology. doi 10.1186/s13059-016-0881-8



