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Genome annotation o

Genome CAGCCCCCGGAGACTtaaatacaggaagaaaaaggCAG GACAGAATTAC \AGGTGCTGGCCCAGGGCGGGCAGCGCE

(F AST A) GCCTCCTACCCT ACATCAAGTGCCCACCTTGGCTCGTGG!
GCAACGGGAA GTTCAGTCACATGCGACCGGTgactccctgtccccacccccatgACAC
CCCCAGCCC AGTTAGCTCAGAGCCTCAGTCGATCCCTGACCCAGCACCGGG
AGACAGCGGCTGTTTGAGGagccacctcccagccacctcggggccagggccagggtthCAGCACCACTGTACAATGGGG
AAACTGGCCCAGA AAGGCAAAAGCAGCGCTGGGTACAAG

ATAGTGCCCg GGGCACTGCCGCTGCAG GCGCAGGCATCGCATCACAC CAGTGTCTGCGTTCACAGCAGGCA

Annotation chrl BestRefSeq gene 450740 451678 . : ID=genr®R4F29;

chrl BestRefSeq mRNA 450740 451678 .- . ID=rnd\M_001005221.2;Parent=gerf@R4F29;
(GFF/GTF) ¢hr1 BestRefSeq exon 450740 451678 . ID=exohIM_001005221.2:Parent=rnaNM_001005221.2:
chrl BestRefSeq exon 452658 453675 . ID=exohNM_001005221.2;Parent=rnaNM_001005221.2;
chrl BestRefSeq exon 454672 459678 . : ID=exoNNM_001005221.28;Parent=rnaNM_001005221.2;
chrl BestRefSeq CDS 450740 451678 .- O ID=cdblP_001005221:2;Parent=rnaNM_001005221.2;
chrl BestRefSeq CDS 452658 453675 .- O ID=cdblP_001005221:2;Parent=rnaNM_001005221.2;
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Lift-over Problem Definition:

Target genome B —
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Lift-over Problem Definition:

Reference genome Q|

Ta Gene 1 Gene 2 Gene 3
A A 1

| 1 | | [ 1
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https:// www.sanger.ac.uklata/genomereferenceconsortium/

Application: GRCh38 to F€HM13 liftfover
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Initial sequencing and analysis of the human genome
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Cost per Human Genome
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https://youtu.be@MbYvTyIMc84?si=Y|ijRyLwq31MY5H

Application: GRCh38 to F€HM13 liftfover

A 238Mbp added and corrected A 10Mbp of rDNAs
A 180Mbp of centromeric satellites A 182Mbp of entirely novel sequence

A 68 Mbp of segmental duplications A 1956 novel genes including 99 protaiading
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LT e€2dz 6SNB (02 dzasS |
Which liftover tool to use?

ﬂ Giulio Formenti 3:44 PM Telomereto-Telomere (T2T) consortium slack chanr
A

if | was to use an annotation for CHM13, which would it be?
(gene annotation)

Arang Rhie 4:11 pPMm
https:/s3-us-west-2.amazonaws.com/human-pa ngenomics/TZT/CHM13/assemb|ies/annotationIchm13v2.0RefSeqLiftoffvS.l.gff&gJor https://s3-us-west-
2.amazonaws.com/human-pangenomics/T2T/CHM13/assemblies/annotation/chm13v2.0_RefSeq_Liftoff_v5.1.bb

()

Bioinformatics ISCB?

INTERNATIONAL SOCIETY FOR
COMPUTATIONAL BIOLOGY

Article Navigation

JOURNAL ARTICLE
Liftoff: accurate mapping of gene annotations @
Alaina Shumate ™, Steven L Salzberg

B' H I _ L] -
ioinformatics, Volume 37, Issue 12, June 2021, Pages 1639-1643, — 3 9 O Cltat IO n
https://doi.org/10.1093/bioinformatics/btaal016

Published: 09 May2021  Article history v
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Lift-over problem, wat methods are available?

Chain file _
Ra: Gene 1 UCSUiftOver CrossMaj
| ! | Kuhn et al. Zhao et al.
N
Reference genomeR ==} = e

onabased < | iftoff  minimap2

‘ ‘ github.comagshumaté  github.condlh3/

Liftoff minimap2

Ta: Gene 1 Shumate et al. Li

A
| ! _ N
\ miniprot &
Target genome H _
T Protein-based github.conilh3/miniprot
Li
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AHow can we do better?

ACombining DNAand proteinbased alignments!

5 3 Lucas R Moreira

We desperately needed this tool! Thank you @KuanHaoChao

e Kuan-Hao Chao

€ 7€ Dear friends, I'm thrilled to introduce LiftOn, our new homology-
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Results

Aoutperforms stateof-the-art DNA and proteinrbasedliftover methods
Aimproves the annotation of proteisoding genes in T2ZCHM13 genome

Almproves annotation lifover between distant species, such as mouse and

Results
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Evaluation Metrics
G{ SljdzSyO0S LJ AN A

Ra: Gene 1
A
| |
ATGCGTAAGCTTACCGTAGCTAG
Reference genomeR:. . -:
‘ Translation
LiftOn ‘ Extract DNA sequence MRKLTVA
| | \\
Ta Gene 1 - &
A
| 1 ATGCGTICGTACGCTAAC GCTAG
Target genome T el & Tenseon
MRRTLTL
8
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https://Ih3.github.i0/2018/11/25/onthe-definition-of-sequencedentity (%

N

Evaluation Metrics Q}\\\\‘)
DNA sequence identity

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Reference ATG - - - CGTA AGCT T AC CGTA GCTAG

Taget ATG CGT CGTA CGCT AAC - - - - GCTAG

#Matched_nucleotide 17
: =—=654%
#alignment column 26

Introduction Current Method Overview

Methods



https://Ih3.github.i0/2018/11/25/onthe-definition-of-sequencedentity

N
Evaluation Metrics \\\\

Protein sequence identity

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

ReferenceM GLYVY - - - - RWSY KKNPTA FE HI | CD*
Taget M GLV RWSS RWSY OQOKNPTA - - HI - CD*
#H#Matched AA 18
= = 81.8%

#alignment column - #gaps inreference protein 26 — 4

G52 y20 LISYIFftATS f2y3aSN |
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Result 1: improves DNA & proteihased liftover
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Result 1: improves DNA & proteihased liftover
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Result 1: improves DNA & proteihased liftover
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Result 1: improves DNA & proteihased liftover
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Result 2: improve CHM13 protein annotations

L
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Result 3: improve distant species hiver
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Mash: fast genome and metagenome
distance estimation using MinHash
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Result 3: Improve distant species hlver
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Result 3: improve distant species hiver

& o
House mouse Yeast Honey bee Thalecress
(Mus musculus (Saccharomyces cerevigae  (Apis melliferg (Arabidopsis thaliana)
Kuan-Hao Chao, " Jakob M. Heinz, ©=) Celine Hoh,

Alar I Iaov‘ \Ial a S umate, Mi aela f ertea,

Steven L Salzberg folt ﬂy R ICe
doi: https://doi.org/10.1101/2024.05.16.593026 (DI’OSOphIla mel anogast)al’ (O ryza Sat|va)
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New Results A Follow this preprint

Combining DNA and protein alignments to
improve genome annotation with LiftOn
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Methods In Detalls

AProteinmaximization algorithm

AStep 1: chaining CDSs

AStep 2: ORF search
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L4FtOn : Proteirnmaximization algorithm
A

Target genome + %

Expected annotation

L1 L2 L3 L4 L5 L6 L7

1. Liftoff annotation ‘ l - I . - I

M1 M2 M3 M4 M5 M6

2. miniprot annotation l l . . . -

19

Introduction Current Method Overview Results Methods



L4FtOn : Proteirnmaximization algorithm
B Step 1: Align Liftoff & miniprot proteins to reference protein

Liftoff protein alignment I, - ---- - -]

miniprot protein alignment -]

I Reference protein miniprot protein ----- INDEL

Liftoff protein B mismatch Jo Stop codon

20
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L4FtOn : Proteirnmaximization algorithm

C Step 2: Mapped CDS boundaries onto Liftoff & miniprot protein alignmen

L1 L2 L3 L4 L5 L6 L7

[ [N EEN BN NN BN S B . - - % B F BN O§ O -
Liftoff protein alignment i T T = T T T r

I I * I I I I

M1 M2 M3 M4 M5 M6
miniprot protein alignment [ L - T r r I

I I SV VPN Y NN -

I Reference protein miniprot protein ----- INDEL

Liftoff protein B nmismatch I Stop codon

21
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. Proteirmaximization algorithm
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. Proteirmaximization algorithm
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L4FtOn : Proteirnmaximization algorithm

D 8L oY aINRdzLd /5{a o6& &l OOdzydz I ¢
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L4FtOn : Proteirnmaximization algorithm

D 8L oY aINRdzLd /5{a o6& &l OOdzydz I ¢
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L4FtOn : Proteirnmaximization algorithm

Stop codon
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% LiftOn: Accurate annotation mapping
for GFF/GTF across assembhes

A Gl AFUhyY A[N2YSE
L>ft : Summary 88 GPL-3.0 license

vy 62 stars % 2forks <® 1 watching
F 1Branch © B5Tags - Activity

Google search:

A LiftOn is a promising new tool to study comparative genomics

A LiftOn uses both DNEBNA alignments (from Liftoff) & protelDNA alignments (from miniprot) to

map annotations between genome assemblies of the same or different species.

A LiftOn'sprotein-maximization algorithm improves the annotation of proteimding genes in the T2T
CHM13 genome.

A LiftOn can map annotation between relatively distant species, at least as divergent as mouse and

Chao, K. H.Heinz, J. M., Hoh, C., Mao, A., ShumatdRéteg M., &SalzbergS. L. (2024).
Combining DNA and protein alignments to improve genome annotation with LibiGRXiv.

@ ccb.jhu.edu lifton O github.conm KuanhaeChao/LiftOn
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Reference: https:Mww.youtube.comwatch2=uCBXCErkCs&t97s

(batch, length, dim) Neural ODEs
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https://jalammar.github.io/how-gpt3-works-visualizations-animations/
https://jalammar.github.io/how-gpt3-works-visualizations-animations/
https://deepmind.google/discover/blog/predicting-gene-expression-with-ai/
https://twitter.com/AIatMeta/status/1587467600413351937/photo/1
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/

Reference: https:Mww.youtube.comwatch2=uCBXCErkCs&t97s
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StevenSalzberg MihaelaPertea AngiLiu

{penSpiiceAl : splice site predictor

Chao, K. H.Mao, A., LiuAnqi, SalzbergS. L., &erteg M. 2024). OpenSpliceAIManuscript
in preparation. lhttps:// ccb.jhu.edu spliceaitoolkit/

Chao, K. H.Mao, A.SalzbergS. L., &erteg M. £2023. Splam: a deefearningbased splice
site predictor that improves spliced alignmerttgoRxiv M https:// ccb.jhu.edu splam’

30
Splam Future work

Introduction SpliceAl-toolkit



Can we predict splice sites using only DNA?
Yes!

—W—

X AGACTCAGCCCCCGGAGACTTAGTTAGAGGAAGAAAAAGGTAGGACAGAAGAAAAAGGCAGGACATACAAGGTGCTGG

Y 000000000000000000000 oooooooooooooooooooooooo oooooooooooooooooooooooooooooooooo

A Donor: 2 ‘ Acceptor: 1 Neither: O

Introduction SpliceAl-toolkit
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SpliceAlsplitesite predictor
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g Boay lipes
Input sequencelen L) Dimension:
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_
ALGC X:(L+10000) * 4
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SpliceAl How do we train the model give
that gene sequences vary?
2019 ‘

Ce“ 1413 citation => Donor
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wru1DeepLeam|ng => Neither :
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SpliceAldata preprocessing

H———

- | -
—_ w —_
s
X b b JATEICGTGTCGAGI TGTCGTGTTCAGGTCAGTCAGGTCAGTAABTAGAGCTICA
Y 1000000200)00L000000C20000E0000CR00010000(2000000.000000
b b JATBHCGTATCGAGTTG 000000(200

X= Y=
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SpliceAldata preprocessing

H———

O !
— w

C

0

C

X bb XATGICGTJTCGAGTTJTCGTG

TTCAGGTCAGTCAGGTCAGTAAGTAGAGCTELCA

Y 000000200D00L000000(00000L0000(200010000000000A000000

bb XATBTCGTGTCGAGTTG

'TC

X_ TCGTGRCGAGTTGICGTG]

Introduction SpliceAl-toolkit
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SpliceAldata preprocessing

H———

O ! O
—_ w —_

s s
X bb XATBICGTGTCEAGTTJTCGTGTTCRAGGTCAGTCAGGTCAGTAABTAGAGCTICA

Y 000000200000L000000(?00000L000((00010000000000A000000

bb XATBTCGTGTCGAGTTG 00000000

X_ TCGTGTCGAGTTGTCGTGTTC Y_ 0001000000
— TTGTCBTGTTCAGETCAGCA - 2000001000
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SpliceAldata preprocessing

H———

X bb XATG‘IECGTGTCGAGTTGTCGTGTTCAGGTCAGTCAGGTC/IGTAA(BTIAGIAX%CTE&EI&

Y 000000@00000.000000200000L00002000100002000000AN00000 )
01,0 O 1=z
Shape[(b—} < w < Shape: [w‘
bb XATBHCGTGTCGAGTTG 000000Q00
X_ TCGTGTCGAGTTGTCGTGTTC Y_ 0001000000
— TTGTCGTGTTCAGGTCAGTCA — 2000001000
X Pad
AAGTABAGCTEAN b X| b 00000@WO000)
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SpliceAldata preprocessing & uvnnn'0 pifumn:

Raw gene DNA sequence

X Y

[7, 15000, 4] [7, 5000, 3]

[3, 15000, 4] [3, 5000, 3]

X

[5, 15000, 4] [5, 5000, 3]
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penSpgiceAl : retrain on different species

Splice site prediction metrics for mouse Splice site prediction metrics for zebrafish
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{XpenSpiiceAl : Calibration

Input sequencel(en L)
Flanking sequencgen: 5000 : Flanklng sequencien: 5000

¥

SpliceAIMANE

=> Donor
=> Acceptor
=> Neither

A What doSpliceAMANE scores signify?

A Do the model's predicted probabilities accurately represent thg

true likelihood of an event occurring?"

Introduction SpliceAl-toolkit

Splam

X

Y
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Binary classification example

{XpenSpsiceAl : Calibration

\lelo[s1N === (.99

L -
- \"" .
TR '
o |
Ty SETT 7 SN
7!‘%‘ 4 ¢ ""\“V’J,"' F
3

—
0 0.2 0.4 0.6 0.8 1.0

Model predicted probability
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Binary classification example

{XpenSpsiceAl : Calibration
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Model predicted probability
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Binary classification example

\Vlelo[s1N === (0.60
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Binary classification example

{penSpliceAl : new concept Calibration
" > ERV[6[s[SIAN ===p> (.69

0 0.2 0.4 0.6 0.8 1.0
Model predicted probability
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Binary classification example

{penSpliceAl : new concept Calibration

o =
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O
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Empirical probability
(fraction of chihuahua)

Binary classification example

{XpenSpsiceAl : Calibration
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