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ssighment 4: Due Thursday March |

Assignment 4: Read mapping and variant calling

Astigement Date: Thorsday, Feb. 22, 2018
Due Date: Thursday, Mae 4, 2018 @ 11 50pm

Assignment Overview

0 IS ASSgrement, you will aign reads 10 & reference gencme 10 cal SNPS and Shor iIndels. Then, you will perform an exDENMment 10 arpiicaly Seterming the
“mrappebiity” of & genomic region. Finally, you will investigate some empirical behavicr of the Sinomisl test for heteror ypous warlant caliing.
A3 b remisder, any Guestions about the sssignment Shoukd be posted to Marze. Dont forget 10 read the RESOLCES SECTon ot the bottom of the page!

Question 1. Small Variant Analysis [XX pts)

Downioad chromosome 22 from Dulld 38 of the human genome from here.
ISP Gdowniosd oo UCC pADodenPety g S8/ chromosomen'chr 22 fa g

Dowrioad the read set from hare.
htipischatrab oanl edusiataYeaching/ sampie 1g2

For this question, you may find this tutorial helpfut:
Mpicavies DO edu/~eriyCSHL - advanced- sequenc ing/treehayes-tutorial htmi

o 14, How many feads align 50 the sefetence? Mow masy reads Sd not align? How many aligned resds mad » mate that did not algn (AKA singletons T Count each
00d s 3 pair separately.
[t Bulld the indes wiing Sowt 1e2-suild , Ml reads using Bowt1eZ , Analy2e mith sastcols flagetat |

* 15 Mow macy reads are mapped 10 ™he reverse strand? Count sach read in & parr seperatoly,
[Mrt: Find out wiat SAM Rags mesn here and use samicols view )

o %, How many Ngh-guaity IQUAL > 200 single rnuclectide and indel variants does e sample have? Of the high-guality SNPy, whet Is the transition | transwersion
ratio? Of the indels, how many are Insartions and how many are deletions T
[Hrt: identify variasts using froedayes - sort The SAM flg Sirst. Filter usng Scftoals Tilter , and summanie using bofteels stats )

o % Does the sampie Nave any NONSENSe OF Mssense mutations?
[H: try e Varaot Effect Predicior using the Cencade basic trasscripts |

Question 2. Read Mapping Uncertainty (XX pts)

For the region chr22: 29000000+ 22000000 of the reference sequence o chromasome 22, extract every sutsdring of length 35, Format the substrings as a FASTA fie
A0 LAe MeRD NAMES [N Indicate The ONigin. (NG need 10 CONSINLCE Quaity values Of road Pairs: use Bowtie2 with «f and @ respectively). Make 3 new Index and align
Tese “reads’ 10 c22: 21000000 22000000,

[Hine: On the command ine o In & g, 100d The sequence ONCe and exract substrings in a loop.]

o A Hows My fedds dllon more Ihas one e o e reference® How sy seads did not alion?




Assignment 5: Due Thursday March 8




Genotyping Theory

Heterozygous variant (3/7) Homozygous variant (6/6)
( \ GGTATAC..
..CCATAG TGILGCGCCC CG TTT CGGTATAC
..CCAT  CTATG[TGCG TCG TT CGGTATAC

..CCA AGGCTATAT CCTATCG TTGCGGT C...

.CCA AGGCTATAT GCCCTATCG TTTGCGGT C...
CCCTATCG TTTGC TAC...
. ...CC TAGGCTATA| GCGCCCTA TTTGC GTATAC..

A

. Al

..CC AGGCTAT %T G
A

TGCGCCCTATCGGEfATTTGCGGLfTACN

Reference | CCATAGGCTAT

Error or Het (1/7)?
* If there were no sequencing errors, identifying
SNPs would be very easy: any time a read
disagrees with the reference, it must be a variant!

40

* Sequencing instruments make mistakes

— Quality of read decreases over the read length

average qualty value

* Assingle read differing from the reference is

probably just an error, but it becomes more likely o ® e ®
. . . read position
to be real as we see it multiple times e



NGMLR + Sniffles

BWA-MEM: NGMLR:
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NGMLR: Convex gap penalty to balance frequent small sequencing errors with larger SVs
Sniffles: Scan within and between split reads to accurately find SVs (Ins, Del, Dup, Inv, Trans)
Mendelian concordance >95%, experimental validation also very high

Accurate detection of complex structural variations using single molecule sequencing
Sedlazeck, Rescheneder et al (2018) Nature Methods. In Press



What are
genome intervals?

* Genetic variation:
— SNPs: Ibp
— Indels: 1-50bp
— SVs:>50bp

e Genes:

— exons, introns, UTRs, promoters
* Conservation
* Transposons
* Oirigins of replication
* TF binding sites
* CpGislands
* Segmental duplications
* Sequence alignments
* Chromatin annotations
* Gene expression data

* Your own observations and data:
put them into context!

UCSC Genome Browser on Human Dec. 2013 (GRCh38/hg38) Assembly
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BED Tools to the rescue!




BED Tools commands

annotate getfasta overlap
bamtobed groupby palirtobed
bamtofastqg groupby palrtopailr
bedl2tobedb6 i1gv random
bedpetobam intersect reldist
bedtobam jaccard shift
closest links shuffle
cluster makewindows slop
complement map sort
coverage maskfasta subtract
expand merge tag

flank multicov unionbedg
fisher multiinter window
genomecov nuc

http://bedtools.readthedocs.io/en/latest/content/bedtools-suite.html



BED Tools Performance

5 C )3
El E2 E3
Exons q # et _— q
Sequence [Aar] A ] [Ca]) A ] (A ] (ag] (A1)
alignments (A2 ] Las ] (A2 ]
LA7_]

How many reads are aligned to exonic sequences?

$ awk '{if ($3=="exon"){print}}' gencode.v2l.annotation.gff3 | wc -1
1162114

if ((read.start <= exon.end) && (read.end >= exon.start)) { print “in exon!”; }

How many comparison would a brute force approach take to scan a 30x dataset?
30x3Gb = 90Gbp / 100bp reads = 900M reads
900M reads x 1.1M exons = 990MM comparisons! ®



BED Tools Performance

El /A\ E2 e, g E3
Exons w ‘#—/ “*#
Sequence A] CAJa] [ (A ] (&) A ] (AL
alignments [a2] (A ] [An]

]

Assume datasets are sorted by chromosome and start position
samtools sort to sort alignments, unix sort to sort BED file

Any ideas?



Plane Sweep to the Rescue!

Exons
Sequence E LAL] [A3 A+ ] LA LA | A9 | LA ) LA

dignments ;LA 7] [ai]

|

Sweep Line



Plane Sweep to the Rescue!

Exons
Sequence El_lN_i_llLl[AJ LA | LA | A9 | LA ) LA

aignments  : ALl (7] )

Start of E1
El is active

{E1}



Plane Sweep to the Rescue!

Exons
Sequence I_A_l_l LA JLA¢ ] LA LA | A9 | LA ) LA

dignments ALl (7] 2

Al overlaps El

{E1=(Al)}



Plane Sweep to the Rescue!

A2 overlaps El

{E1=(Al, A2)}



Plane Sweep to the Rescue!

Exons
Sequence LA LJQ.H.&LJ LA | LAS || A9 | LA | LA
alignments Ca: [Cas] [an]

A3 overlaps El

{El=(Al, A2, A3)}



Exons

Sequence
alignments

Plane Sweep to the Rescue!

{ | D
Bl oot om E2 — E3
(A0 A=) [ 7] &) [2g]) (AL
Cad . Cas] [an]
: Car]

End of E1

Report:
{El=(Al, A2, A3)}



Plane Sweep to the Rescue!

Exons
Sequence LA ILIELI LA | LA | A9 | LA ) LA
alignments [Cax] ' [Crs] [an]

A4 starts,
but nothing is active



Plane Sweep to the Rescue!

Exons
Sequence LA ILI[LI . LAs | A9 ) LA | LAIL])
alignments Ca] - s [az]

A4 end,
but nothing is active



Plane Sweep to the Rescue!

Exons
Sequence LAL] [A3 J| A+ | LA | LAs | A9 ) LA | LAIL])
alignments Ca] N [az]

E2 starts

{E2}



Plane Sweep to the Rescue!

Exons
Sequence LAL] LA j[ A+ | l_A?_J LAs | A9 ) LA | LAIL])
alignments Ca] ; (26T [aa]

A5 overlaps E2

{E2=(A5)}



Plane Sweep to the Rescue!




Plane Sweep to the Rescue!

E3 Ends



Plane Sweep to the Rescue!

All done!



Exons

Sequence
alignments

Plane Sweep to the Rescue!

5'

C D.

El ~ I — lé

(A [A] [ 2] (7] A A :

Ca] [as] (A ]
[a]

Final Results:

El=(Al,A2,A3)
E2=(A5,A6,A7)
E3=(A10,Al2,All)



Plane Sweep to the Rescue!

El E2 o e £3 :
Exons iy —— e—
Sequence (A [(Aa] [ A] %] [Ag] AL :
alignments (a2 ] A ] X7 :

How many comparisons does the plane sweep algorithm make?
Each read is compared to the “active set”

Relatively few exons overlap: average ~1.1 active exons/position

Total comparisons: 900M reads * 1.1 “active exons/read” = 990M comparisons ©



Heap-based Plane-Sweep

## record the delta encoded depth using a plane sweep

deltacovplane = [)

## use a list to record the end positions of the elements currently in plane _
planeheap = []

## BEGIN SWEEP (note change to index based so can peek ahead)

for rr in xrange(len(reads)):

r = reads[rr)

startpos = r(l]
endpos = r(2]
## clear out any positions from the plane that we have already moved past
while (len(planeheap) > 0):
if (planeheap[0] <= startpos): —
## the coverage steps down, extract it from the front of the list
## oldend = planelist.pop(0)

oldend = heapq.heappop(planecheap)

nextend = -1
if (len(planeheap) > 0):
nextend = planeheap(0]

## only record this transition if it is not the same as a start pos
#4 and only if not the same as the next end point
if ((oldend != startpos) and (oldend != nextend)):
deltacovplane.append((oldend, len(planeheap)))
else:
break

## Now insert the current endpos into the correct position into the list
heapq.heappush(planeheap, endpos)

## Finally record that the coverage has increased

## But make sure the current read does not start at the same position as the next

if ((rr == len(reads)-1) or (startpos != reads{rr+l1][1])):
deltacovplane.append((startpos, len(planeheap)))

# if it is at the same place, it will get reported in the next cycle

## Flush any remaining end positions
while (len(planeheap) > 0):
#¥oldend = planelist.pop(0)
oldend = heapq.heappop(plancheap)
deltacovplane.append((oldend, len

Beginning heap-based plane sweep over 1873 reads
Heap-Plane sweep found 3698 steps, saving 99.62% of the space in 14.26 ms (311.08 speedup)!




BED Tools Performance

¢ bedto 2.1 80 minutes
1000
60X
» i bedlools v2.17 5.5 minutes
'8 .
g 100- ! bedops v2.3 95 seconds
: ¥ bedtools v2.18 80 seconds
E
-—
™
=
10.
1 v . »
1M record 10M record 100M record
BAM BAM BAM

bedtools intersect -2 gencode.exons.bed -b exome.bam -sorted -c
bedmap --echo --count gencode.exons.bed exome.bam



Part 2:
Genome Annotation



Goal: Genome Annotations

aatgcatgcggctatgctaatgcatgeggetatgctaagetgggatccgatgacaatgeatgeggetatgetaat
geatgcggctatgcaagetgggatccgatgactatgctaagetgggatccgatgacaatgeatgeggetatget

aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgeatgeggetatgetaatgaa

tggtcttgggatttaccttggaatatgctaatgcatgeggetatgctaagetgggatccgatgacaatgeatgeg

gctatgctaatgecatgeggctatgcaagetgggatccgatgactatgetaagetgeggetatgetaatgeatgeg
gctatgctaagctgggatccgatgacaatgeatgeggctatgetaatgeatgeggetatgcaagetgggatect

geggctatgctaatgaatggtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggct

atgctaatgaatggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggaatgeatgeg
gctatgctaagetgggatccgatgacaatgeatgeggetatgctaatgeatgeggetatgcaagetgggatecg

atgactatgctaagctgcggctatgctaatgeatgeggetatgctaagetcatgeggetatgctaagetgggaat
geatgcggctatgctaagetgggatccgatgacaatgeatgeggctatgctaatgeatgeggctatgcaagetg

ggatccgatgactatgctaagetgeggctatgctaatgeatgeggetatgctaagetcggetatgctaatgaatg
gtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggetatgctaatgaatggtettgg
gatttaccttggaatatgctaatgcatgcggctatgctaagetgggaatgeatgeggetatgctaagetgggatc

cgatgacaatgcatgcggctatgctaatgcatgcggetatgcaagetgggatccgatgactatgetaagetgeg

gctatgctaatgcatgeggctatgctaagetcatgegg



Goal: Genome Annotations

aatgcatgcggctatgctaatgcatgeggetatgctaagetgggatccgatgacaatgeatgeggetatgetaat
geatgcggctatgcaagetgggatccgatgactatgctaagetgggatccgatgacaatgeatgeggetatget

aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgeatgeggetatgetaatgaa

tggtcttgggatttaccttggaatatgctaatgcatgeggetatgctaagetgggatccgatgacaatgeatgeg

gctatgctaatgecatgeggctatgcaagetgggatccgatgactatgetaagetgeggetatgetaatgeatgeg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatcct

gcggctatgctaatgaatggtctigaaattts 2tectangctaooatccgatgacaatgeatgeggct

atgctaatgaatggtcttgggatt sctatgctaagctgggaatgeatgeg
gctatgctaagetgggatccgat Atgcggctatgcaagetgggatecg

atgactatgctaagctgcggctatgctaatgcatgeggetatgctaagetcatgeggetatgctaagetgggaat
gcatgcggctatgctaagetgggatccgatgacaatgeatgeggctatgctaatgeatgeggetatgcaagetg

ggatccgatgactatgctaagetgeggctatgctaatgeatgeggetatgctaagetcggetatgctaatgaatg
gtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggetatgctaatgaatggtettgg
gatttaccttggaatatgctaatgcatgcggctatgctaagetgggaatgeatgeggetatgctaagetgggatc

cgatgacaatgcatgcggctatgctaatgcatgcggetatgcaagetgggatccgatgactatgetaagetgeg

gctatgctaatgcatgeggctatgctaagetcatgegg




2nd base

Genetic Code

1st base
U = B G
UUU Phenylalanine ucu Serine VAU Tyrosine UGU Cysteine v
U UUC Phenylalanine ucc Serine UAC Tyrosine UGC Cysteine C
UUA Leucine UCA Serine UAA  Stop UGA Stop A
UUG Leucine ucG Serine UAG Stop UGG Tryptophan | G
CUU Leucine ccu Proline CAU Histidine CGU  Arginine v
¢ CUC Leucine ccC Proline CAC  Histidine CGC Arginine C
CUA Leucine cCca Proline CAA  Glutamine CGA Arginine A
CUG Leucine cCG Proline CAG Glutamine CGG Arginine G
AUU isoleucine ACU Threonine | AAU  Asparagine AGU Serine U
A AUC zoleucine ACC Threonine | AAC  Asparagine AGC Serine C
AUA Isoleucine ACA Threonine | AAA  Lysine AGA Arginine -
AUG Methionine (Start) | ACG  Threonine | AAG  Lysine AGG Arginine G
GUU Valine GCu Alanine GAU Aspartic Acid GGU Glycine v
G GUC Valine GCC Alanine GAC Aspartic Acid GGC Glycine C
GUA Valine GCA Alanine GAA Glutamic Acid | GGA  Glycine A
GUG Vvaline GCG Alanine GAG Glutamic Acid GGG Glycine G
Nonpolar, aliphatic  Polar, uncharged Aromatic  Positivelycharged  Negatively charged

sesq pag



Outline

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

3. Experimental & Functional Assays




Outline

|. Alignhment 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

FLIDLASGGTAAAVSKTAVAPIERVKLLLOVODASKAIAVDKRYKGIMDVLIRVPKEQGV

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

. rrrerrrrerrrrerrrre ey e b ek IR
FLIDLASGGTAAAVSKTAVAPIERVKLLLQVQDASKAIAVDKRYKGIMDVLIRVPKEQGV

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 :
EF = 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 LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHEF------ 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

e e S —— * Nucleotide Databases

— nr:All Genbank

» NCBY BLAST Horme _ f . R f
SLASY finds regicns of similarity betwesen Diclogice! soquences. mam. fccune re Seq' e e re nce
ALgn w0 MQUeCe .
B2 Oesigning or Testing PCR Prisnans? Try your search 0 Primer BLAST  Ge) form, organlsms
The Algn o
i — wes:All reads
Choose a species genome 1o search, or list all genceic BLAST databanes row vass P g .
raag RAST
o Human © Oryza sativa & Galles salluy 2 _—
B U:‘wn o Sos taunes e Pan trogiodytes ::.:::;‘m
" Ba ° Danio recie o Myrgdey »
0 Argbidopsis Shallene @ Orosophile * Apls melWara o Nocs SLART
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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

j codon

..TAGATG GGC TTA AAA CAT AAA TGA...

\ Stop Stop
codon codon




Step One

* Find open reading frames (ORFs).

Stop
codon \

AAT

..l[AGATGAATGGCTCTTTAGATAAATTTCATGAAAAATATTGA...

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

AN



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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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
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Eukaryotic Gene Syntax

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

A 4

—— exon «—— intron ——}— exon —s— intron —}— exon —|

ATG ---|GT — AG[ - |GT — AG[:- TGA
o

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:

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.

Duke |



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(S1S1) 'p(S2/S2) p(S3[S3)

p(S2|S1)y /P(S3|S2),
/ \ \?(S”S%/ \$\P(sz|33% \,\

p(oi|S1) p(oilS1)  P(ailSI)

_ACAATA sSATTACA



What is an HMM!?

* Dynamic Bayesian Network ~ p(SIS1) p(s2S2) p(S3IS3)

— A set of states
* {Fair, Biased} for coin tossing
» {Gene, Not Gene} for Bacterial Gene

4
* {Intergenic, Exon, Intron} for Eukaryotic Gene / \\E(SHS?/ \\P(SZ|S3y \\

— A set of emission characters p(cilS1) p(cilS1)  P(ci[S1)
* E={H,T} for coin tossing
« E={1,2,3,4,5,6} for dice tossing
+ E={A,C,G,T} = for DNA

— State-specific emission probabilities
* P(H | Fair) =.5P(T | Fair) =.5,P(H | Biased) = .9, P(T | Biased) = .1
* P(A| Gene) = .9,P(A | Not Gene) =.1 ...

— A probability of taking a transition
* P(s;=Fair|s; ;=Fair) = .9, P(s;=Bias|s, |, = Fair) .1
* P(s;=Exon | s, =Intergenic), ...



HMM Example - Casino Coin

0.9 0.2
0.1

T

T

State transition probs.

08 T States
/ \ /’ “\ . .
0.5/ 0.5 07 03 «———— Symbol emission probs.
v . ;i . _
H T I T «— Observation Symbols

Observation Sequence
HTHHTTHHHTHTHTHHTHHHHHHTHTHH — d

FFFFFFUUUFFFFFFUUUUUUUFFFFFF <« State Sequence

Motivation: Given a sequence of H & Ts, can you tell at what times the casino cheated?

Slide credit: Fatih Gelgi, Arizona State U.



Three classic HMM problems

Evaluation: given a model and an output
sequence, what is the probability that the model
generated that output?

Decoding: given a model and an output
sequence, what is the most likely state sequence
through the model that generated the output?

Learning: given a model and a set of observed
sequences, how do we set the model’ s
parameters so that it has a high probability of
generating those sequences?



Three classic HMM problems

Evaluation: given a model and an output
sequence, what is the probability that the model
generated that output?

To answer this, we consider all possible paths
through the model

Example: we might have a set of HMMSs
representing protein families -> pick the model with
the best score



Solving the Evaluation problem:
The Forward algorithm

* To solve the Evaluation problem (probability that the model

generated the sequence), we use the HMM and the data to
build a trellis

* Filling in the trellis will give tell us the probability that the

HMM generated the data by finding all possible paths that
could do it

— Especially useful to evaluate from which models, a given sequence
is most likely to have originated



Our sample HMM

()
@_

0.9

8

04
—(5)

S

C 0.0|

Let S, be initial state, S, be final state

C 0:‘7|



A trellis for the Forward Algorithm

0.6 0.9
0.4
® -

Yo

Time
=0 t=1 t=2 t=3
S -<@<°'8>(l'°>
State ~
S,

(0.9)(0.3)(0)

Output: A C C



A trellis for the Forward Algorithm

0.6 0.9

Time
=0 t=1 t=2 t=3
81 (0.6)(0.8)(1.0)

State

(0.9)(0.3)(0) (0.9)(0.7)(0.2)

Output: A C C



A trellis for the Forward Algorithm

0.6 0.9
0.5 A D
C 0.7
:
’

0.4

L

0.1

Time
t=0 t=1 t=2 t=3
S,
State
S,

(0.9)(0.3)(0) (0.9)(0.7)(0

Output: A C C



Probability of the model

* The Forward algorithm computes P(y|M)

* If we are comparing two or more models, we want the
likelihood that each model generated the data: P(M|y)

P(y I M)P(M)
P(y)

— Use Bayes' law: P(M | y) =

— Since P(y) is constant for a given input, we just need to
maximize P(y|M)P(M)



Three classic HMM problems

Decoding: given a model and an output
sequence, what is the most likely state sequence
through the model that generated the output?

A solution to this problem gives us a way to match
up an observed sequence and the states in the
model.

AAAGCATGCATTTAACGAGAGCACAAGGGCTCTAATGCCG

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



Three classic HMM problems

Decoding: given a model and an output
sequence, what is the most likely state sequence
through the model that generated the output?

A solution to this problem gives us a way to match
up an observed sequence and the states in the
model.

AAAGC ATG CAT TTAACG AGA GCACAA GGG CTC TAATGCCG

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



Solving the Decoding Problem:
The Viterbi algorithm

* To solve the decoding problem (find the most likely
sequence of states), we evaluate the Viterbi algorithm

0 @ t=0Ai=S,
V.(t)=< 1 : t=0Ai=3§,
max V (r-Dab,(y) : t>0

Where V(1) is the probability that the HMM is in state /
after generating the sequence y;,,y,,...,y; following the
most probable path in the HMM



A trellis for the Viterbi Algorithm

0.6 0.9
0.4
® -

Yo

Time
=0 t=1 t=2 t=3
S -<@<°'8>(l'°>
State ~
S,

(0.9)(0.3)(0)

Output: A C C



A trellis for the Viterbi Algorithm

0.6 0.9
0.5 A0
4 =
>

0.4

L

0.1

Time
t=0 t=1 t=2 t=3
S,
State
S,

(0.9)(0.3)(0) (0.9)(0.7)(0.2)

Output: A C C



A trellis for the Viterbi Algorithm

0.6 0.9
0.5 A0
4 =
>

0.4

L

0.1

Time
t=0 t=1 t=2 t=3
S, -
State
S,

(0.9)(0.3)(0) (0.9)(0.7)(0.2

Output: A C C



A trellis for the Viterbi Algorithm

Time
t=0 t=1 t=2 t=3
(0.6)(0.8)(1.0) (0.6)(0.2)(0.48) 6)(0.2)(0.
S1 10 (0.6)(0.2)(0.0576)
max max max
Q
S @ §
S S S
State S S S
S o & © QQ ©
¥ £/ = 2
G c 2,
2 % %a
S max max max
2 126 .07938
(0.9)(0.3)(0) (0.9)(0.7)(0.2) (0.9)(0.7)(0.126)

Output: A C C
Parse: S1 S 2 S 2




Three classic HMM problems

Learning: given a model and a set of observed
sequences, how do we set the model’ s
parameters so that it has a high probability of
generating those sequences?

This is perhaps the most important, and most
difficult problem.

A solution to this problem allows us to determine
all the probabilities in an HMMs by using an
ensemble of training data



Learning in HMMs:
The E-M algorithm

* The learning algorithm is called “Expectation-
Maximization” or E-M

— Also called the Forward-Backward algorithm
— Also called the Baum-Welch algorithm

* In order to learn the parameters in an
“empty’ HMM, we need:

— The topology of the HMM
— Data - the more the better

=>» Great topic for QB2?



Eukaryotic Gene Finding with
GlimmerHMM



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:

AAAGCATG CAT TTA ACG 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

1-p

P(x,..x, | 0) :£HP (x, |‘9))Pd (- p)

geoMetrlc dlstrlbutlon 1

2000 4000 6000
exon length



Generalized HMMs Summary

« GHMMSs 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




GlimmerHMM architecture

SommoTetteeeeeescoooooooooaae-Four exon types

----4-----------Phase-specific introns

Init Exon

Exon Sngl
+ forward strand w

——————————— el NtErgenic o g I

* 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:

PICMl
o] Ml pay

\ ICM,

/
ATC GAT CGA TCA GCT TAT CGC ATC

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:

2]

ICM,

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

Transcription
start

Promoter

Acceptor site

Poly-A site
Ve

Stop codon

GATCCCCATGCCTGAGGGCCCCTC



Identifying Signals In DNA

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

Signal sensor
...ACTGATGCGCGATTAGAGTCATGGC

SATGCATCTAGCTAGCTATATCGCGTAGCTAGCTAGCTGATCTACTATCGTAGC...

»
»

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 Weight Matrix:

A=31% A=18% A=19% A =24%
T=28% T=32% A I G T=20% T=18%
C=21% C =24% C =29% C =26%
G =20% G = 26% 100% 100% 100% G = 32% G = 32%




Splice site prediction

[ INtron

Exon 1 Gl A Y),AG { Exon 2
SIS AN UM Y
‘Elg" J82%0A  BYaSucCuull  gsaszaadad Visc

5 splice site Branch site 3" splice site

Av]v]V@ a_jejiv

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)



GlimmerHMM architecture

SommoTetteeeeeescoooooooooaae-Four exon types

----4-----------Phase-specific introns

Init Exon

Exon Sngl
+ forward strand w

——————————— . Intergenic e e e e = e e e = =

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

« WAM and MDD for splice
sites

* ICMs 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 ]
parse(|> g PAAAANe R 1] L 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 |

. e A R
PREDICTION: | o -
o P
j— . . . - ?
TP + FN What fraction of reality did you predict”
TP

Sp What fraction of your predictions are real?

T TP+ FP



-e Measures of Prediction Accuracy

WRONG CORRECT MISSING

EXON EXON EXON
REALITY
I g - —
PREDICTION
- ]
ExonSn = 1E _ number of correct exons

number of actual exons

TE number of correct exons
ExonSp = =

PE  number of predicted exons




I

= 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
Genscan+ | 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



Gene Models

1k 2K 3k 4k o ok 7k Bk 9k 104
pronoter'
gene
EDEN
>
nRNAs
EDEN.1
A —— 1 >
EDEN.2
—a 1 >
EDEN.3 (CDS 1)
| >
EDEN.3 (CDS 2) -
I | 1 >

“Generic Feature Format” (GFF) records genomic features
— Coordinates of each exon

— Coordinates of UTRs

— Link together exons into transcripts

— Link together transcripts into gene models

http://www.sequenceontology.org/gff3.shtml



GFF File format

GFF3 files are nine-column, tab-delimited, plain text files

l. seqid:
2. source:
3. type:
4. start:
5. end:

6. score:
/. strand:
8. phase:

9. attributes:

The ID of the sequence

Algorithm or database that generated this feature
gene/exon/CDS/etc. ..

|-based coordinate

|-based coordinate
E-values/p-values/index/colors/...

“+’ for positive “-” for minus,“.” not stranded

For "CDS", where the feature begins with reference
to the reading frame (0,1,2)

A list of tag=value features

Parent: Indicates the parent of the feature (group
exons into transcripts, transcripts into genes, ...)



GFF Example

Gene “EDEN” with 3 alternatively

spliced transcripts, isoform 3 has two
alternative translation start sites

##gff-version 3
##sequence-region

ctgl23
ctgl23

ctgl23
ctgl23
ctgl23

ctgl23
ctgl23
ctgl23
ctgl23
ctgl23

ctgl23
ctgl23
ctgl23
ctgl23

ctgl23
ctgl23
ctgl23

ctgl23
ctgl23
ctgl23

ctgl23
ctgl23
ctgl23

gene

1000

TF_binding site 1000

. IMRNA
. IMRNA
. IMRNA

exon
exon
exon
exon
exon

CDS
CDS
CDS
CDS

CDS
CDS
CDS

CDS
CDS
CDS

CDS
CDS
CDS

1050
1050
1300

1300
1050
3000
5000
7000

1201
3000
5000
7000

1201
5000
7000

3301
5000
7000

3391
5000
7000

ctgl23 1 1497228

9000

1012

9000
9000
9000

1500
1500
3902
5500
9000

1500
3902
5500
7600

1500
5500
7600

3902
5500
7600

3902
5500
7600

+

+ +

+ + + + +

+ + + +

+ +

o O © o

o o

pronoter :
gene
EDEN 'Y
nRNAs
EDEN.1 _ e T
o - . >
EDEN.2 e et
— —— — >
EDEN.3 (COS 1) 30 s
O s |
EDEN.3 (COS 2 = Sy
o— O .

ID=gene00001; Name=EDEN
ID=tfbs00001;Parent=gene00001

ID=mRNA00001;Parent=gene00001; Name=EDEN. 1
ID=mRNAQ00O002;Parent=gene00001; Name=EDEN. 2
ID=mRNA00003;Parent=gene00001; Name=EDEN. 3

ID=exon00001; Parent=mRNAQ00003
ID=exon00002;Parent=mRNA00001,mRNA00002
ID=exon00003; Parent=mRNAO00O01,mRNAO00O3

ID=exon00004; Parent=mRNAO00O01,mRNAO0002,mRNAOC00O3
ID=exon00005; Parent=mRNA00001,mRNA0O0002,mRNAO00O3

ID=cds00001;Parent=mRNA00001;Name=edenprotein.
ID=cds00001;Parent=mRNA00001; Name=edenprotein.
ID=cds00001;Parent=mRNA00001; Name=edenprotein.
ID=cds00001;Parent=mRNA00001; Name=edenprotein.

ID=cds00002;Parent=mRNA00002; Name=edenprotein.
ID=cds00002;Parent=mRNA00002; Name=edenprotein.
ID=cds00002;Parent=mRNA00002; Name=edenprotein.

ID=cds00003;Parent=mRNA00003;Name=edenprotein.
ID=cds00003;Parent=mRNA00003; Name=edenprotein.
ID=cds00003;Parent=mRNA00003;Name=edenprotein.

ID=cds00004;Parent=mRNA00003; Name=edenprotein.
ID=cds00004;Parent=mRNA00003; Name=edenprotein.
ID=cds00004;Parent=mRNA00003; Name=edenprotein.

R =

NN
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Sequencing techniques

Much of the capacity is used to
sequence genomes (or exomes)
of individuals...

P cell
) “ ' S
J nucleus

\\"
, |
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/ chromosome

... but biology is much more
than just genomes...




Ousrtficaton of L e
AN e TIRASC G SN 4z soomeees o S
g amad RMA T T —
“ T
At vt e sd
——— —
..} B ——
TN 0 SES—
RNA 2eg

Soon et al., Molecular Systems Biology, 2013



Sequencing Assays
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Annotation Summary

* Three major approaches to annotate a genome

|. Alignment:

* Does this sequence align to any other sequences of known function?
* Great for projecting knowledge from one species to another

2. Prediction:

* Does this sequence statistically resemble other known sequences?

* Potentially most flexible but dependent on good training data

3. Experimental:

* Lets test to see if it is transcribed/methylated/bound/etc

e Strongest but expensive and context dependent

* Many great resources available
— Learn to love the literature and the databases
— Standard formats let you rapidly query and cross reference

— Google is your number one resource ©
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