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e LiftOn: genome annotation lift-over

* Applications: mapping genes between two genomes




Penome annotation gy gy p———-
Genome CAGCCCCCGGAGATGCTGGCCCAGGGCGGGCAGCGGCCCT

(FASTA) GCCTCCTACCCTTGCGCCTCATGACCAGCTTGTTGAAGAGATCCGACATCAAGTGCCCACCTTGGCTCGTGGCTCTCACT
GCAACGGGAAATCACATGCGACCGGTgactccctgtccccacccccatgACACT
CCCCAGCCCTCCAAGGCCACTGTGTTTCCCAGTTAGCTCAGAGCCTCAGTCGATCCCTGACCCAGCACCGGGCACTGATG
AGACAGCGGCTGTTTGAGGagccacctcccagccacctcggggccagggccagggtthCAGCACCACTGTACAATGGGG
AAACTGGCCCA A AGCGCTGGGTACAAGCTCAAAACC

ATAGTGCCCAGGGCACTGCCGCTGCAGGCGCAGGCATCGCATCACACCAGTGTCTGUGTTCACAGCAGGCATCATCAGTA

Annotation chrl BestRefSeq gene 450740 451678 . - . ID=gene-OR4F29;
chrl BestRefSeq mRNA 450740 451678 . - : ID=rna-NM_001005221.2;Parent=gene-OR4F29;

(GFF / GTF) chrl BestRefSeq exon 450740 451678 . - . ID=exon-NM_001005221.2-1;Parent=rna-NM_001005221.2;
chrl BestRefSeq exon 452658 453675 . - . ID=exon-NM_001005221.2-2;Parent=rna-NM_001005221.2;
chrl BestRefSeq exon 454672 459678 . - : ID=exon-NM_001005221.2-3;Parent=rna-NM_001005221.2;
chrl BestRefSeq CDS 450740 451678 . -0 ID=cds-NP_001005221.2-1;Parent=rna-NM_001005221.2;
chrl BestRefSeq CDS 452658 453675 . - 0 ID=cds-NP_001005221.2-2;Parent=rna-NM_001005221.2;

1

Current Method Overview Results Methods

Introduction



Lift-over Problem Definition:

Target genome TEe|. =
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Lift-over Problem Definition:

Referencegenome ROC— 7 T

Ta: Gene 1 Gene 2 Gene 3
A A A

| 1 | 1 [ 1
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https://www.sanger.ac.uk/data/genome-reference-consortium/

Application: GRCh38 to T2T-CHM13 lift-over

“Finished” the human genome project

. nature

Explore content ¥ About the journal ¥  Publish with us v

nature > article

Original Article | Published: 01 February 2001

Initial sequencing and analysis of the human genome

International Human Genome Sequencing Consortium

.
SClence Curren! t Issue First release papers

4 Region containing alternate loci
g "9 The Sequence of the Human Genome

'.' Hw H:In EEI n t.a |r| | rg I: l:l: pa tﬂheﬂ. ). CRAIG VENTER, MARK D. ADAMS, EUGENE W. MYERS, PETER W. LI, |..], AND XIAOHONG ZHU | +269 authors | Authors Info & Affiliations

@ Region containing novel patches
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Cost per Human Genome
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$10,000,000

Moore’s Law
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https://youtu.be/MbYvTylMc84 ?si=YjijRyLwg31MY5HM

Application: GRCh38 to T2T-CHM13 lift-over

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

68 Mbp of segmental duplications * 1956 novel genes including 99 protein-coding
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It you were to use a CHM13 annotation ...
Which lift-over tool to use?

ﬂ Giulio Formenti 3:44 PM Telomere-to-Telomere (T2T) consortium slack channel
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

Bioinformatics, Volume 37, Issue 12, June 2021, Pages 1639-1643, ~ ° °
https://doi.org/10.1093/bioinformatics/btaal016 39 0 C I tat IO n

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

Chain file
Rj: Gene 1 UCSU liftOver CrossMap
[ A \ Kuhn et al. Zhao et al.
&
Reference genome Rl:. . -:| /\\_)@—/
DNA-based { Liftoff minimap2
‘ ‘ github.com/agshumate/ github.com/Ih3/
Liftoff minimap2
TA: Gene 1 Shumate et al. Li

A
\ miniprot &

| !
Target genome T H

Protein-based github.com/Ih3/miniprot
Li
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Methods — L'g‘ft

* How can we do better?

* Combining DNA- and protein-based alignments!

_ W
g i

We desperately needed this tool! Thank you @KuanHaoChao

h Lucas R Moreira

e Kuan-Hao Chao

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

e outperforms state-of-the-art DNA- and protein-based liftover methods
* improves the annotation of protein-coding genes in T2T-CHM13 genome

* Improves annotation lift-over between distant species, such as mouse and rat

Results
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Evaluation Metrics

R,: Gene 1
A

[
Reference genome RI:. . -:|

LiftOn ‘ Extract DNA sequence MREKLTVA ‘(§)

Ta: Gene 1 ‘

A

[ |
Targetgenome T Em| |m| || e

Introduction Current Method Overview

“Sequence pairwise alignment”

ATGCGTAAGCTTACCGTAGCTAG

‘ Translation

\)g
\\\

ATGCGITCGTACGCTAACGCTAG

‘ Translation

MRRTLTL

Methods



https://Ih3.github.io/2018/11/25/on-the-definition-of-sequence-identity (%

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 A T G - - - CGTAAGCTTACCGTAGCTAG

Taget A TGCGTCGTACGCTAAC----GCTAG

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

Introduction Current Method Overview
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https://Ih3.github.io/2018/11/25/on-the-definition-of-sequence-identity

\)g

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

Reference M G LV - - - - RWS YK KNVPTAPFEU HTITITCTD*
Target MGLVRWSS SRWSYQKNPTA--HTI-CD*
#H#Matched AA 18

, _ — = = 81.8%
#alignment column - #gaps inreference protein 26 — 4

“Do not penalize longer proteins”
Introduction Current Method Overview
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Result T: improves DNA & protein-based lift-over
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Map RefSeq v220 from GRCh38 -> CHM13V2.0
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Result T: improves DNA & protein-based lift-over

miniprot

Liftoff vs miniprot protein sequence identity scores
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LiftOn vs Liftoff protein sequence identity scores
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Liftof

TDRKH (NM_001083965.2) chr1:150896981 - 150913985

- - R - - . ™
Liftoff o= - -
I I nnnnn
miniprot : :
[ B B B B B | wmlfl - = ]
LiftOn — R ﬁ-: - = -
L-l TTTTT
Introduction Current Method Overview

. T\
Compressed-gap protein sequence identity \\\

LiftOn vs miniprot protein sequence identity scores
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miniprot 31.48%
LiftOn 100%
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Result T: improves DNA & protein-based lift-over

Liftoff vs miniprot protein sequence identity scores

o . Map RefSeq v220 from GRCh38 -> CHM13V2.0

LiftOn vs Liftoff protein sequence identity scores
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Result T: improves DNA & protein-based lift-over

Map RefSeq v220 from GRCh38 -> CHM13V2.0

Liftoff vs miniprot protein sequence identity scores
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Result 2: improve CHM13 protein annotations

Human Refseq Circos Plot

7 ~
. e 0

Protein sequence identity score frequency histogram

10°3 @ JHU RefSeqv110 + Liftoff v5.1
- LiftOn v1.0.0

104 .

Frequency

101 -

100 4

0.0 0.2 0.4 0.6 0.8
Protein sequence identity score
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Result 3: improve distant species lift-over
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human to chimp mouse to rat
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Mash
Dashing2

Introduction

Reference (Mouse, GRCm39)

Mash
Dashing2 : 0.01

:0.120

Crwdow e al. Genome Bology (2016} 17:132
DOH 10.1186/51 30550160987

Genome Biology

Genomic sketching with multiplicities and locality-
sensitive hashing using Dashing 2 Mash: fast genome and metagenome @

Daniel N. Baker and Ben Langmead
Department of Computer Science, Johns Hopkins Universily, Baltimore, Marylund 21218-2683, USA

Current Method Overview

distance estimation using MinHash

Brizn . Ondav', Todd J. Treangen', Pill Melsted”, Adam B, Mallonee’, Nicholas H. Bergman', Sergey Koren®
and Adam M. Phillippy™

Reference (Drosophila melanogaster)

Mash : 0.077
Dashing2 : 0.07

16
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Result 3: improve distant species lift-over

“* human to chimp Q

Lifton Score Frequency Histogram (Log) Liftoff Score Frequency Histogram (Log) Miniprot Score Frequency Histogram (Log)
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Result 3: improve distant species lift-over

& Y5 % K

House mouse Yeast Honey bee Thale cress
(Mus musculus) (Saccharomyces cerevisiae) (Apis mellifera) (Arabidopsis thaliana)
Kuan-Hao Chao, " Jakob M. Heinz, ©=) Celine Hoh,

Alan Mao, Alaina Shumate, = Mihaela Pertea,

Steven L Salzberg frU it fly RICE
doi: https://doi.org/10.1101/2024.05.16.593026 (DI’OSOphI/G melanogaster) (O ryza Sat|va)

New Results A Follow this preprint

Combining DNA and protein alignments to
improve genome annotation with LiftOn

18
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On

LAV ®

Methods in Detalls

* Protein-maximization algorithm

e Step 1: chaining CDSs

e Step 2: ORF search

Methods



L4t On : Protein-maximization algorithm

A

Target genome +
Expected annotation

L1 L2 L3 L4 LS L6 L7

1. Liftoff annotation

M1 M2 M3 M4 M5 M6

2. miniprot annotation

19
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) : . : :
L¥ftOn: Protein-maximization 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 sk  Stop codon

20
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L4t On : Protein-maximization algorithm

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

L1 L2 L3 L4 L5 L6 L7
r I . I . I I I B . I . I . I I I B B S . 1
Liftoff protein alignment [ T | DR T T T r

M1 M2 M3 M4 M5 M6
-1 rTTTr|-r||="===71

I [ 0 I [ 0 d

miniprot protein alighment

I Reference protein miniprot protein --=--- [NDEL

Liftoff protein B mismatch sk  Stop codon

21

Introduction Current Method Overview Results Methods



L4t On : Protein-maximization algorithm

D Step 3: group CDSs by “accumulated AA in the reference protein”

_---q —---1 r ----------- —---q l ----- r ------------ I r--
L1 1L 1 L3 I 14 1 L5 1] L6 1 L71
i ) | 11 % 1 1 1 I 1.
i 1 ! 1 | 1 1 X 11
L---‘ L---‘ h ---------- I L---l _----l h ------------ h-l
LiftOn CDS chaining

= I NN ----q L R B N N N N T __§ __§ __§ | 1 r --------------------
1 M1 |:|v|2 I :M3 -: :M4 I 1 M5 ::M6 :
[ 0 I 1| 0 0
| 11 I 1 I I I |

L---‘ L---‘ L ------ I L ----- ‘ L----I I---------------_I
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L4t On : Protein-maximization algorithm

D Step 3: group CDSs by “accumulated AA in the reference protein”

I N . . ----1 r ----------- = N . . l ----- r ------------ I r--
L1 1L 1 L3 I 14 1 L5 1| L6 1 L71
I 1! 11 % 1 1 1 1 1R
I 1 ! 11 1 1 1y T
L---‘ L---‘ h ---------- I L---l _----l h ------------ h-l
LiftOn CDS chaining

N I N . -_--q "ENN NN N B B S a9 . 1 r --------------------
1 M1 |:|v|2 i :M3 -: :M4 I | M5 ::M6 :
0 I I 1 1 0 I
| 11 I | I I I |

L---‘ L---‘ L ------ I L ----- ‘ L----II---------------_I
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Lt

. Protein-maximization algorithm

D Step 3: group CDSs by “accumulated AA in the reference protein”

LiftOn CDS chaining

Introduction

my 60%

I BN B Em my RN BN BN BN N e S S S B B S S ,- —’---q
IL1 112 | L3 1 114 1
I 100% 1! 100% 1 1 * 1 1 I
I 1 ! 11 1 I
hreememd ] Eeee e ——— | e e ]
----q ----q L B N BN B B BN s . ]
1ML 1l M2 g VE 1 I M4 I
: 100% ” 100% : : : : i
I

S = 100%
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L4t On : Protein-maximization algorithm

D Step 3: group CDSs by “accumulated AA in the reference protein”

60% o™ 100%
I N . . -—--1 l ----- r ----------- I N |
L1 11 L2 | L3 L4 g L5 1 L6 1 L71
I 100% W 100% | * > |
I | ! | 11
| I— | L- md e Tl eomes g es sl e e e e e - h-l

LiftOn CDS chaining

100% 90%

| |
100% 100% | |-—>=

e I -
= 100%
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L4t On : Protein-maximization algorithm

Stop codon
GSSSSSS3 Pre-ORF search UTR regions — 1 Post-ORF search UTR regions P
M Methionine

= Pre-ORF search CDS regions Post-ORF search CDS regions E INDEL gap

A o I S ey e | Dvoionons M A FHF— =

Protein extension

o T [ o =

Frameshift

Stop codon gain:
P 8 Downstream start

Early
carastion stop Il ==

C o F ==

Stop codon gain:
.p . & Start codon lost:
Switching

o s =i == brrn s =
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% LiftOn: Accurate annotation mapping

Google search: for GFF/GTF across assemblies

“Lifton genome” & ccb.jhu.eduflifton

d
L> ft . S U m m a ry 53 GPL-3.0 license

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

* LiftOn is a promising new tool to study comparative genomics

 LiftOn uses both DNA-DNA alignments (from Liftoff) & protein-DNA alignments (from miniprot) to

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

* LiftOn's protein-maximization algorithm improves the annotation of protein-coding genes in the T2T-

CHM13 genome.

* LiftOn can map annotation between relatively distant species, at least as divergent as mouse and rat.

Chao, K. H., Heinz, J. M., Hoh, C., Mao, A., Shumate, A., Pertea, M., & Salzberg, S. L. (2024).
Combining DNA and protein alignments to improve genome annotation with LiftOn. bioRxiv.

@ ccb.jhu.edu/lifton O github.com/Kuanhao-Chao/LiftOn =



Part I

Deep learning splice site prediction

* OpenSpliceAl: Pytorch reimplementation of SpliceAl

* Splam: splice junction recognizer




Reference: https://www.youtube.com/watch?v=luCBXCErkCs&t=197s
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Sequence models map a sequence to a sequence
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Reference: https://www.youtube.com/watch?v=luCBXCErkCs&t=197s
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Input Prompt:
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Output:
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structure
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Introduction

SpliceAl-toolkit

Input: DNA sequence

Receptive field
@ Basenji2

@ Enformer

Convolutional layers (7x)

20 kb

ﬁ
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CTT

Transformer layers (11x)

Organism specific heads

Human
5,313 tracks

i

\

Attention

Mouse
1,643 tracks

Output: Genomics tracks

Gene expression (CAGE)

AN S Y. VD SRS YV

DNA accessibility (DNase)

\A*.JM\_A,__AM&A.&.____.__VM

Histone modification / TF binding (ChIP-seq)

A . AN\

Www

Enformer

https://deepmind.google/discover/blog/predicting-gene-expression-with-ai/

Splam
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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://www.youtube.com/watch?v=luCBXCErkCs&t=197s

Spectrum of Sequential Data

Discrete Continuous

Text Graph Video Sound signal Time-series data
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Steven Salzberg Mihaela Pertea Angi Liu

{penSpgiceAl : splice site predictor

A\

Pre-mRNA s =

Chao, K. H., Mao, A., Liu, Anqi, Salzberg, S. L., & Pertea, M. (2024). OpenSpliceAl. Manuscript
in preparation. !https://ccb.jhu.edu/spliceai-toolkit/

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice
site predictor that improves spliced alignments. bioRxiv. !https://ccb.jhu.edu/splam/
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Can we predict splice sites using only DNA?
Yes!

—W—

AGACTCAGCCCCCGGAGACTTAGTTAGAGGAAGAAAAAGGTAGGACAGAAGAAAAAGGCAGGACATACAAGGTGCTGGCCCAGGGCGG

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO

A Donor: 2 ‘ Acceptor: 1 Neither: 0

Introduction SpliceAl-toolkit
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SpliceAl: splite site predictor

O m oo

A 1000 Acceptor 1 0
C 01 0 O
Donor 0 1
G|=10 0 1 O . =
Neither 0 0
T 0001 Paddin 0 0
v lo oo o 9
Input sequence(len L) Dimension:
Flanking sequence (len: 5000) : FIanklng sequence (len: 5000)

_
e X: (L+10000) * 4
. $
SpliceAl How do we train the model given
that gene sequences vary?

=> Donor

=> Acceptor Y: I, * 3

=> Neither

2019

Cell 1413 citation

Predicting Splicing from Primary Sequence
with Deep Leaming

Kishore Jaganathan,' © Sofia Kyriazopoulou Panagiotopoulou,’ © Jeremy F. McRae,' © Siavash Fazel Darbandi,”
David Knowles,” Yang I. Li,* Jack A. Kosmicki,'* Juan Arbelaez,” Wenwu Cui,' Grace B. Schwartz,” Eric D. Chow,”
Efstathios Kanterakis,' Hong Gao,' Amirali Kia,' Serafim Batzoglou,' Stephan J. Sanders,” and Kyle Kai-How Farh'-’*

Introduction SpliceAl-toolkit
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SpliceAl: data preprocessing

H———

F w il
2 2
X NN NYATGTCGTGTdRAGTTGTCGTGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN ... NN
Y 10000000200¢00100000002000001000002000100000200000001000000
NN ... NJATGTCGTGTdGAGTTG 0000000200

Y= Y=

33
Splam Future work

Introduction SpliceAl-toolkit



SpliceAl: data preprocessing

H———

F w F

2 2

X NN ... NNATQTCGTGTYGAGTTGTCGIGTTCAG

GTCAGTCAGGTCAGTAAGTAGAGCTCANN ... NN

Y 0000000200‘)0010000000'2000001000002000 100000200000001000000

NN ... NNATGTCGTGTCGAGTTG

X TCGTGTGAGTTGTCGIGTTCAG

Introduction SpliceAl-toolkit

0000000200

Y 0001000000
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SpliceAl: data preprocessing

H———

il w il
2 2

X NN ... NNATGTCGTGTCGAC TTGTCG'IGTTCAG GTCllGTCAG GTCAGTAAGTAGAGCTCANN ... NN
Y 000000020000010000000'2000001000(*)ZOOO 100000200000001000000

NN ... NNATGTCGTGTCGAGTTG 0000000200

X TCGTGTCGAGTTGTCGTGTTCAG Y 0001000000
— TTcGfeTTcAGGTCAGTCAGG — 2000001000

33
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SpliceAl: data preprocessing

H———

X NN... NNATGTCGTGTCGAGTTGTCGTGTTCAGGTCAGTCAG GTCAGTI\AGTAG 4GCTCAN N ... I\| N

Y 0000000200000100000002000001000002000100000200000001000000 .
Shape: [%} x (g +Ww +§) Shape: [W‘ * (W)
NN ... NNATGTCGTGTCGAGTTG 0000000200
TCGTGTCGAGTTGTCGTGTTCAG 0001000000
X = TTGTCG TGTTCAG GTCAGTCAGG Y —_ 2000091000
AAGTAGAGCTCANNNEIN ... NN 0000000000

33
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SpliceAl: data preprocessing W =5000 F = 10,000

Raw gene DNA sequence

X Y

=l . = 33200 [7, 15000, 4] [7, 5000, 3]

= B B L =14600 [3, 15000, 4] [3, 5000, 3]

Bl L = 25000

[5, 15000, 4] [5, 5000, 3]

34
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penSpélceAI retrain on different species

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

Input sequence(len L)
Flanking sequence (len: 5000) ( FIanklng sequence (len: 5000)

r X

SpliceAl-MANE

=> Donor
=> Acceptor Y
=> Neither

* What do SpliceAlI-MANE scores signify?

* Do the model's predicted probabilities accurately represent the

true likelihood of an event occurring?"
37
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Binary classification example

OpenSpélceAI Calibration

—
0 0.2 0.4 0.6 0.8 1.0

Model predicted probability
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Binary classification example

OpenSpéiceAl - Calibration

e
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Model predicted probability
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Binary classification example

OpenSpélceAI new concept — Calibration
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Binary classification example

OpenSpélceAI new concept — Calibration

0 0.2 0.4 0.6 0.8 1.0

Model predicted probability
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Empirical probability
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Binary classification example
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SpliceAl-80nt

SpéiceAl-tOOlkit . Calibration

Conv(32, 1,1)

-

A

RB(32, 11, 1)

* Platt scaling (Temperature scaling)

Li -
e’ T |

P, = [/ | T
n Yk Log|t5(yi)  —

Calibration variable 7~

A\ 4

Softmax

Platt, John. "Probabilistic outputs for support vector machines PrObabi“ty (P i) _

and comparisons to regularized likelihood methods." Advances
in large margin classifiers 10.3 (1999): 61-74.

[ € {Neither, Acceptor, Donor}
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{penSpgiceAl : Calibration

Before calibration - NLL : 0.13310300, ECE: 0.00001282
Optimal temperature: 1.28049
After calibration - NLL: 0.11896934, ECE : 0.00000079

Non-splice site

conf(Bpy) =

n
Ly = —Z log(7T(y;lx:)) Lgcg =
i=1

Acceptor site

1 ZA
Byl £ P

{€Bm

1
acc(By) =-—— Z 1(yi = yi)
|| i{€Bp,
| B |
n
m=1

lacc(By,) — conf (Bp)|

Donor site

1.0 1.0 1.0
—&— Original probability > —8— Original probability ’,’ —&— Original probability
Calibrated probability Calibrated probability /" Calibrated probability

0.8 of 0.8 R 0.8
- l’ - /11 =
= ' = ) of - =
E ! '-f“ 5 AN E y
E 0.6 .-‘. ot E 0.6 - ,/ h E 0.6 - /’
S \achd o A o e
(e} ﬁ (el e O e r"
—_— ‘ PR — R _ 7 \
© q P [ ,n - f\ﬂ © L J
L 04 . Y 04 A {‘o 3 LY 04 4\ e
= e = o8\ = -
o - % o L pda
£ - = - e ¢
L L . Ll B

0.2 0.2 1 ‘p 0.2 1

~
e
0.0 T T T T 0.0 T T T T 0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Predicted probability Predicted probability Predicted probability
Guo, Chuan, et al. "On calibration of modern neural networks." International conference on machine learning. PMLR, 2017. 41
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{penSpgiceAl : benchmark

800
600

System time

400

Elapsed Time (s)

200

10000
8000
6000

Memory

4000

GPU Peak Memory (MB)

2000

Introduction

[Predict] Elapsed Time (s) vs. Subset Size

~
-

Flanking Size / Model Type

flanking_size

— 80

— 400

—— 2000

—— 10000
model_type

—o— keras

-#- pytorch

400 600 800
Subset Size (# genes in MANE)

[Predict] GPU Peak Memory (MB) vs. Subset Size

P————

200

Flanking Size / Model Type

flanking_size

— 80

—— 400

—— 2000

—— 10000
model_type

—8— keras

-#- pytorch

. 1

400 600 800
Subset Size (# genes in MANE)

1000

GPU
Peak memory

GPU
Avg memory

liceAl-toolkit

(MB)

int

Peak Memory Footpri

Average Memory (MB)

30000

25000

20000

15000

10000

5000

35000

30000

25000

20000

15000

10000

5000

[Predict] Peak Memory Footprint (MB) vs. Subset Size

400 600

Subset Size (# genes in MANE)

P

Alan Mao

-

Flanking Size / Model Type

[Predict] Average Memory (MB) vs. Subset Size

flanking_size
80

400

2000

10000
model_type
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Flanking Size / Model Type

flanking_size
80

400

2000

10000
model_type
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400 600
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800

1000
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OpenSpRiceAl : Summary

1. Data preprocessing: sliding window chunking

2. Easy-to-run framework to train your own SpliceAl

3. Pretrained SpliceAl-MANE

4. Pretrained SpliceAl on different species

5. Predict genetic variants' effect on splice sites  Problem solved ?
6. Model calibration: temperature scaling

Chao, K. H., Mao, A., Liu, Anqi, Salzberg, S. L., & Pertea, M. (2024). OpenSpliceAl. Manuscript
in preparation. !https://ccb.jhu.edu/spliceai-toolkit/ (in preparation) 44
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https://ccb.jhu.edu/spliceai-toolkit/

A |s canonical labelling approach correct?

DNA

Exon 1 Exon 2 Exon 3 Exon 4 Exon 5
RNA

[ Alternative Splicing ]

1 e 3 4 5 1 2 4 5 1 2 3 5

MENA iy - e —— —— i ] e
Intron Intron Intron Intron
Exon A Exon A Exon A Exon A Exon

||||||||||I'|||||||||||||‘I||||'I||||||||_||||||||‘lm'|||||||||||||||||‘|||||

|

‘ Splice junction 1

Donor Acceptor 45
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SPL}XJM . Data Processing

Donor: 400bp Acceptor: 400bp
A |
| . 1 I . 1
Intron Intron Intron Intron

Exon A \ Exon A Exon A Exon' A Exon

e -
e -

||||||||||I'||||||||||||||||||Il||||||||‘_'||||||||m|||||||||||||||||‘I||||I|||

1

|
I Splice junction 1

Do}mor Acc}.ptor
| |
|
1

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice site
predictor that improves spliced alignments. Genome Biology in press. [https://ccb.jhu.edu/splam/
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SPLthM .S

—> Conv(64,1,1) =@ Conv(64,1,1) =@> Conv(64, 1,1) —EP» Conv(6s, 1,1) —E» Conv(es, 1,1) —EP»

m

Conv(64, 1, 1)

41

RB(64, 11, 1)
L 2

RB(64, 11, 1)
2

RB(64, 11, 1)

RB(64, 11, 1)

|

plam Model Architecture

I

RB(64, 11, 5) RB(64, 11, 10)
\ 4 L 2
RB(64, 11, 5) RB(64, 11, 10)
¥ 4
RB(64, 11, 5) RB(64, 11, 10)
¥ 4
RB(64, 11, 5) RB(64, 11, 10)

P

RB(64, 21, 15)
\ 4
RB(64, 21, 15)
4
RB(64, 21, 15)
4
RB(64, 21, 15)

|

RB(64, 21, 20)

y

RB(64, 21, 20)

RB(64, 21, 20)

RB(64, 21, 20)

|

Conv(64, 1, 1)

v

Conv(3,1, 1)

;

Flatten layer

!

Dropout layer (0.2)

b

FC layer (2400, 1)

b

Softmax

o

RB(N, W, D)

Conv(N, W, D)
Cardinality =4

Y

Batch Norm

v
ReLU

!

Conv(N, W, D)
Cardinality =4

Y

Batch Norm

v
RelLU

IA

)

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice site

predictor that improves spliced alignments. Genome Biology in press. [https://ccb.jhu.edu/splam/
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SPJCM . deep-learning splice site predictor

| Score stability |

A I C D - -
i Poly-A capture Ribosomal RNA depletion
08 - I 2
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Donor score

| Transcriptome assembly improvement |

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice site

predictor that improves spliced alignments. Genome Biology in press. [https://ccb.jhu.edu/splam/
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SPthJM - dee

p-learning splice site predictor

| Interpretability: ablation study |

Top-k Accuracy
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| Interpretability: input sequence |

Top-k Accuracy

Precision

Recall

Scores

YIM

Scores

Scores

Scores

Scores

:
Steps

Scores

Scores

Scores

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice site

predictor that improves spliced alignments. Genome Biology in press. [https://ccb.jhu.edu/splam/
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SPL}X)M : Summary

. LOSSCLE = - Z Ic[ass X log(Pciass)
° Bette r th an S p I IC classe{donor,acceptor,neither}

* Generalize to nc

LOSSFL = = Z Ic!ass X (1 - Pc!ass)y X log(PCfass)

class€{donor,acceptor,neither}

Technical takeaways

0.0008

* Focal loss improves cross entropy loss

0.0006 -

e Learing rate warm up + sinusoidal decay

0.0004

* Residual connection is powerful

0.0000

* Grouped convolution helps (cardinality) T R

Training batch num

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice
site predictor that improves spliced alignments. bioRxiv. [ https://ccb.jhu.edu/splam/
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Future sequence models in genomics?

CNN or?

51
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Future sequence models in genomics?

CNN or/and Transformer?

52
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@ DeepMind N Meta m S

Helixon

Future? — Protein transformer-basec

OmegaPLM + OmegaFold

Helixon
Wu et al., bioRxiv

Relatively mature

AlphaFold AminoBERT + RGN2 RFdiffusion

DeepMind Harvard, Columbia uw

Senior et al., Nature Chowdhury et al., Nature Biotech Watson et al., Nature

Attention BERT ESM-1b ProteinMPNN ESM-IF1 ESMFold

JUB + UdM Google Meta uw Mete Meta
Bahdanau et al., ICLR Devlin et al., arXiv Rives et al., PNAS Dauparas et al., Science | Hsuetal., ICML Lin et al., Science

t t t 4 )
2015 2017 2018 2020 2021 2022

2023

Transformer AlphaFold2 | MSA Transformer ESM2 & ESMFold
Google DeepMind Meta Meta

Vaswani et al., NeurIPS Juumper et al., Nature Raoet al., PMLR Lin et al., Science
RoseTTAfold | AlphaFold DB ESM-1v ProGen

uw DeepMind Meta Salesforce + Profluent Bio

Baek et al., Science Varadi et al., Nature Meier et al., bioRxiv Madani et al., Nature Biotech

Introduction SpliceAl-toolkit Splam

salesforce

models

ProLLaMA
Peking Uni
Lv et al., arXiv

AlphaFold3

DeepMind
Abramson et al., Nature

¢
2024
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Q) DeepMind  Calico 5 ArclInstitute |>InstaDeep™
Future? — DNA transformer-based models

We are not there yet.

S4 HyenaDNA
Re Lab, Stanford Stanford
Gu etal., ICLR Nguyen et al., NeurlPS
Attention BERT DNABERT Hyena Evo (StripedHyena)
JUB + UdM Google Davuluri Lab, SBU Stanford Stanford + Arc Institute
Bahdanau et al., ICLR Devlin et al., arXiv Jiet al.,, Bioinformatics Poli et al., NeurIPS Nguyen et al., bioRxiv
oo
Transformer Enformer Species-aware DNA LM DNABERT-2
Google DeepMind + Calico TUM Davuluri Lab, SBU, NU
Vaswani et al., NeurlPS Avzec et al., Nature Methods Karollus et al., bioRxiv Zhou et al., ICLR
Nucleotide transformer
Cha"enges' InstaDeep, Nvidia, TUM
1. Magnitudes longer compared to proteins Dalla-Torre et al., bioRxiv

2. Long-range dependencies & interactions spanning over 100k+ nt.
54
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Application? — Genome annotation

Home /| A-ZPublications / Annual Review of Genomics and Human Genetics / Early Publication
Review in Advance

ANNUAL REVIEW OF GENOMICS AND HUMAN GENETICS
Deep Learning Sequence Models for Transcriptional
Regulation

Ksenia Sokoloval, Kathleen M. Chen?, Yun Hao?, Jian Zhou3, and Olga G. Troyanskaya®-?*

SegmentNT: annotating the genome at
single-nucleotide resolution with DNA foundation models

Bernardo P. de Almeida, Hugo Dalla-Torre, Guillaume Richard, Christopher Blum,
Lorenz Hexemer, Maxence Gélard, Priyanka Pandey, Stefan Laurent, Alexandre Laterre,
Maren Lang, Ugur Sahin, Karim Beguir, 2 Thomas Pierrot

doi: https://doi.org/10.1101/2024.03.14.584712
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Part Il

Fungi Language Model + ()
Gene Expression Prediction




Foundation model

» Stanford researchers
called transformers
“foundation models”

in an August 2021

paper because they

see them driving a

paradigm shift in Al.

Data

Text L.J

I )‘,» Images
/
Speech/\/w\}

~ Structured
®  Dpata

3D Signals &

* GPT-3, GPT-4 by
OpenAl

* Gemini by Google
 Claude by Anthropic

* Llama 3 by Meta

N

<«
L/

—~—

& Training
a0

Model

Foundation

Adaptation '

Bommasani, R., Hudson, D. A., Adeli, E., Altman, R., Arora, S., von Arx, S., ... & Liang, P. (2021). On the
opportunities and risks of foundation models. arXiv preprint arXiv:2108.07258.

Tasks
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Answering ° ==

' Sentiment
. . Analysis

,r’/

&

/3
gﬂ'
=

P . r )
ey | Information . P
- Extraction N
i,  Image
%’; Captioning o /
\\/
45 Object
fi!)* ‘ Recognition
PN Instruction
%4&-_ Following .. o
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Foundation model

 Versatility: wide range of downstream tasks

* Transfer learning: learn general representation of data. Task-specific is
limited

* Efficiency: computational efficiency of fine-tuning models
* Generalization: “zero-shot” or “few-shot”

* Emergent abilities:
* basic arithmetic
e simple programming tasks

e summarization, translation, or question-answering.



Goals

* Interpretable fungi LLM:

* Strains / Species diversity
e coding vs noncoding regions

* repeat regions

* Predicting ChlP-exo, histone marks, and RNA-Seq

* Does fine-tuning a pretrained language model outperform training a new

model from scratch?

Rossi, M. J., Kuntala, P. K., Lai, W. K., Yamada, N., Badjatia, N., Mittal, C., ... & Pugh, B. F. (2021). A high-
resolution protein architecture of the budding yeast genome. Nature, 592(7853), 309-314.



Fungl Language Model

* Q1: To what evolutionary distance should we include in our LM?
* Q2: What is the quality of the annotation? Coding vs non-coding regions

* Q3: How repetitive are the genomes?



Fungi diverged from other life

Se I ecte d G enomes fo r LM around 1.5 billion years ago
Same species, Order level Kingdom level
Different strains
Dataset 1 Dataset 2 /Dataset 3 A Dataset 4

More distant
fungi

165
Saccharomycetales

\_ J

Q1: Diversity of strains? Q2: Diversity of species? Q3: Even more diverse?

5

R64 » 80 strains
reference yeast of yeasts
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Genome evaluation — Distance between species/strains

R64 Reference Yeast
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Genome eval

FrEERLER R

RN R R R R R ]

Uation — codi

U HHIHHE

HHEHBHHHE

\ \
\ Il
| Il
s B S M R S R R

LB

BT HE TR

i

|
TR A B

A

SRR

ng / noncoding regions

R64 Reference Yeast

Saccharomyces cerevisiae:
72.46%

Benegas, G., Batra, S. S., & Song, Y.S. (2023). DNA language
models are powerful predictors of genome-wide variant effects.
Proceedings of the National Academy of Sciences, 120(44),
e2311219120.

Zhai, J., Gokaslan, A., Schiff, Y., Berthel, A, Liu, Z. Y., Miller, Z. R.,
... & Kuleshov, V. (2024). Cross-species modeling of plant
genomes at single nucleotide resolution using a pre-trained
DNA language model. bioRxiv, 2024-06.
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Genome evaluation — repeat regions
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Zhai, J., Gokaslan, A., Schiff, Y., Berthel, A, Liu, Z. Y., Miller, Z. R.,
... & Kuleshov, V. (2024). Cross-species modeling of plant
genomes at single nucleotide resolution using a pre-trained
DNA language model. bioRxiv, 2024-06.

Lomereee R S
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RepeatModeler + RepeatMasker >



L ] Repeat regions
Data preprocessing Coding regions

Gene Locus 1 Gene Locus 2 Gene Locus 3

ll\ | . | (_A_\
O o s [ s [
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L ] Repeat regions
Data preprocessing Coding regions

~ 7 genes per window
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L ] Repeat regions
Data preprocessing Coding regions

~ 7 genes per window
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L ] Repeat regions
Data preprocessing Coding regions

O 5 =

B [ Training

/% repeat

threshold : :
Validation

(chrXIl, chrXlll, chrXV)

Testing
(chrXIll, chrXIV, chrXVI)
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16384bp 16384 * 4  Masked language modeling loss

A A
r \ ' 4 \

?|C|IT|C|T|A|?|C|G|?|G|T|A|T|A|C

Reverse complementary ' f
1bp res I'LI'LI'LI'ITITLI'LI'LI'ITLI'LI'ITITLI'LI'IJ_I/G | )\LE‘I'LI'ITLFLI'LI'LIJ'IJ'IJ'IJTITLI'LIJTLI 1bp res

16bp res IIIIIIIIIIIII"I E LIIIIIIIIIIIIII 16bp res

[T T T T T T T
32bp res

=400 >
olr|r|®
~lolo]o
) I VR =)

|| 32bp res
A
64bp res 'JTITITIJ-I/ U \LELFL'JTL' 64bp res
128bp res I I p El I ! 128bp res
Transformer
Blocks (8x) ‘
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Validation Loss

2.375 -

2.350 -

2.325 A

2.300 A

2.275 A

2.250 -

——=- |Im_saccharomycetales _gtf small (valid); loss = 2.2932 (2.2879)
——=- Im_saccharomycetales gtf big (valid); loss = 2.2714 (2.2666)

——=- |Im_saccharomycetales_gtf unet small (valid); loss = 2.2651 (2.2588)
Im_saccharomycetales_gtf unet_big (valid); loss = 2.2514 (2.2480)

Language model performance — different models

Total params: 320,708 (1.22 MB)
Total params: 3,642,116 (13.89 MB)

Total params: 13,665,828 (52.13 MB)
Total params: 71,790,564 (273.86 MB)

Masked language modeling loss

N 1
Litin = ~pp 2o P (@i/zar)

1€EM

where:

L\ M. represents masked version of x

M, represents set of masked token positions in x

80000 100000 120000 140000 160000

# Training Batches
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Linder, J., Srivastava, D., Yuan, H., Agarwal, V., & Kelley, D. R.
(2023). Predicting RNA-seq coverage from DNA sequence as
a unifying model of gene regulation. Biorxiv, 2023-08.

Supervised ChiP-exo, histone marks,
RNA-Seq prediction



1bp res

16bp res

32bp res

64bp res

128bp res

16384bp

=400 >

16384 * 4
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S} Iy N o)

Transformer
Blocks (8x)

v

1bp res

16bp res

32bp res

64bp res

128bp res
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lbp res

16bp res

32bp res

64bp res

128bp res

16384bp

CHiP-exo (1128)
Histone marks (20)
RNA-Seq (1340)

Coverage Tacks

=

T ——D

Transformer
Blocks (8x)

T
Fp=
-

16bp res

32bp res

64bp res

128bp res
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Fine-tuning vs Training from Scratch (16 bp resolution)

Validation Losses

32

Divide genome into 8 folds. -

30 A

Train 8 models with distinct

N
(0]
I

validation and test folds.

Validation Loss
N
[e)}

24 1

22 1

20

Fine-tuned LM 16bp unet big fOc0 (valid);
Fine-tuned LM 16bp unet big f1c0 (valid);
Fine-tuned LM 16bp unet big f2c0 (valid);
Fine-tuned LM 16bp unet big f3c0 (valid);
Fine-tuned LM 16bp unet big f4c0 (valid);
Fine-tuned LM 16bp unet big f5c0 (valid);
Fine-tuned LM 16bp unet big féc0 (valid);

supervised 16bp unet big fOc0 (valid); loss = 27.1389 (27.0946)
supervised 16bp unet big f1c0 (valid); loss = 27.2156 (27.1461)
supervised 16bp unet big f2c0 (valid); loss = 21.3880 (21.3216)
supervised 16bp unet big f3c0 (valid); loss = 22.3028 (22.2175)
supervised 16bp unet big f4c0 (valid); loss = 24.9767 (24.8778)
supervised 16bp unet big f5c0 (valid); loss = 25.4824 (25.3507)
supervised 16bp unet big f6c0 (valid); loss = 22.0502 (21.9841)
supervised 16bp unet big f7c0 (valid); loss = 23.5928 (23.4970)

loss = 25.8804 (25.8370)
loss = 25.9723 (25.9049)
loss = 20.3451 (20.3153)
loss = 20.9475 (20.9285)
loss = 23.8470 (23.8168)
loss = 24.1303 (24.1008)
loss = 21.2125 (21.1887)

2000

6000 8000
# Training Batches

68




Fine-tuning vs Training from Scratch (4 bp resolution)

Validation Loss

Validation Losses

10.0 A

9.5 A

9.0 -

8.5 1

8.0 1

7.5

7.0

supervised 4bp unet small fOc0 (valid); loss = 9.3424 (9.2979)
supervised 4bp unet small f1c0 (valid); loss = 9.1779 (9.1696)
supervised 4bp unet small f2c0 (valid); loss = 7.1013 (7.0967)
supervised 4bp unet small f3c0 (valid); loss = 7.3983 (7.3838)
supervised 4bp unet small f4c0 (valid); loss = 8.4808 (8.4597)
supervised 4bp unet small f5c0 (valid); loss = 8.6157 (8.5944)
supervised 4bp unet small féc0 (valid); loss = 7.3647 (7.3584)
supervised 4bp unet small f7c0 (valid); loss = 7.7952 (7.7711)
Fine-tuned LM 4bp unet small fOcO (valid); loss = 8.5539 (8.5332)
Fine-tuned LM 4bp unet small f1cO (valid); loss = 8.5456 (8.5235)
Fine-tuned LM 4bp unet small f2c0 (valid); loss = 6.6707 (6.6624)
Fine-tuned LM 4bp unet small f3c0 (valid); loss = 6.8598 (6.8532)
Fine-tuned LM 4bp unet small f4c0 (valid); loss = 7.9576 (7.9531)
Fine-tuned LM 4bp unet small f5c0 (valid); loss = 8.0580 (8.0476)
Fine-tuned LM 4bp unet small f6c0 (valid); loss = 6.9446 (6.9396)
Fine-tuned LM 4bp unet small f7c0 (valid); loss = 7.3381 (7.3345)

6000 8000
# Training Batches

2000 4000

10000 12000
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Fungi LM: Summary

1. Fungilanguage model: The Saccharomycetales order is a good

evolutionary distance, offering good species diversity.
2. Repeat & coding down-weight masking are important

3. Under the exact model architecture, pretrained LM weights & fine-

tuning can outperform training a model from scratch.
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