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Wellcome genome bookcase

3 billions of ACGT!
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Codons as “words” and genes as “sentences”.

Zhou et al., 2023; Hwang et al., 2024; Sanabria et al., 2024;
Nguyen et al., 2024, Theodoris, 2024; Dalla-Torre et al., 2025

Recurring k-mer motifs as discrete tokens,
modeling long-range dependencies as grammatical rules.
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I Conclusions: Language of genomes

SBJ

DET OBJ NMOD

Natural Language Processing

CASE

DET DET

/'—\\' Kornblihtt et al.

DNA gene regulation
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How do we assemble the complete 3-billion-nucleotide genome?
How can we efficiently represent multiple genomes for fast pattern matching?

Part I: Genome Assembly & Indexing

DNA Promotor Gene
".\ g ’.\ IBLE BRI Trrrrrrrrrrrrerad I: IEEEEEEEEEEEEE " 1EEEE R “\
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A Exon Intron Exon § Intron Exon Intron Exon

Where are the genes in the genome?

Part Ill: Genome Annotation

Pre mRANA Suidiiii i, bbbl AR, 3
5UTR  Exon Exon Exon Exon  3UTR Poly(A) tail
What are the canonical splicing pattern?
Alternative splicing? Splice junction?
Part lll: Splice site prediction Alrle s e = ‘ """ S Ui Pyl

Polypeptide

Can we predict gene expression by learning the regulatory grammar in the genome?

Part IV: Shorkie. RNA-Seq coverage prediction :
Assembly & Indexing Genome Annotation Splice Site Prediction RNA-Seq Prediction



Steven Salzberg Mihaela Pertea Ben Langmead

Genome Assembly & Indexing

* Hanl: first gapless Southern Han Chinese genome

* WGT: Wheeler graph recognition algorithm

G3--f. ZRECOMB-SEQ 0 iIScience .

Genes | Genomes | Genetics

%
Chao, K. H., Zimin, A. V., Pertea, M., & Salzberg, S. L. (2023). The first gapless, Chao, K. H., Chen, P. W,, Seshia, S. A., & Langmead, B. (2023). WGT: Tools and ./\.K
reference-quality, fully annotated genome from a Southern Han Chinese algorithms for recognizing, visualizing, and generating Wheeler graphs. 6

individual. G3: Genes, Genomes, Genetics, 13(3), jkac321. Iscience, 26(8). 3
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I Genome Assembly
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Li, H., Durbin, R. Genome assembly
in the telomere-to-telomere era. Nat
Rev Genet 25, 658—-670 (2024).
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Genome Annotation

1972 Bacteriophage MS2 coat gene
1976 Bacteriophage MS2 ~3.5 kb

1977 Sanger sequencing

1990-2000: BAC-by-BAC shot gun strategy

2003 near-complete human genome

2000s second-generation sequencing
short-read sequencing
(llumina)

2010s third-generation sequencing
long-read sequencing
(PacBio; ONT)

2019 Telomere-to-Telomere (T2T) era

2022 First complete human genome

2026 First complete diploid human
genome

Splice Site Prediction

)

RNA-Seq Prediction




Chao, K. H., Zimin, A. V., Pertea, M., & Salzberg, S. L. (2023). The first gapless,
reference-quality, fully annotated genome from a Southern Han Chinese
individual. G3: Genes, Genomes, Genetics, 13(3), jkac321.

I Genome Assembly: Hanl < e G2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X Y
- = — - -_— — - -_— — — =
[ [ I g = = . . - -
- I
& L
]
Table 1.
o A comparison among Han1, GRCh38, and the assemblies of previously released Chinese genomes.
: . Genome Ethnicity Contig N50 (Mb) Number of contigs Number of gaps Assembly size (Gb)
Hanla SH Chinese 148.02 25 0 3.10
Hanl: 1%t Gapless
HGO00621 (hifiasm)b  SH Chinese 95.77 182 157 3.11
- o
Southern Han Chinese
T2T-CHM13v2.0c Northern European  150.62 25 0 3.12
HJ-H1d NH Chinese 28.15 1,330 427 3.07
HJ-H2d NH Chinese 25.90 896 390 2.91
NH1d NH Chinese 3.60 11,019 8,484 2.89
Table 3.
N o ] Hx1d SH Chinese 8.33 5,843 4,025 2.93
Statistics for the preliminary Han1 assemblies.
YH2.0e SH Chinese 0.02 361,157 235,514 291
Assembler Sequencingdata assembled sequence (bp) ContigN50 Number of contigs  Quality value .
TJ1.pof Tujia 13.67 1,430 907 2.87
Hifiasm v0.16.1-r375  PacBio HiFi 3,110,501,483 95,769,069 182 57.8a TJ1.plf Tujia 13.70 1,426 873 2.87
Flyev2.5 ONT Ultralong 2,974,205,132 40,850,737 1,658 25.6a ZFlg Tibetan 2362 1,384 1360 2.85
GRCh38.p14h Mixed 57.88 994 804 3.10
10
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T2T-CHM13

GRCh38, T2T-CHM13, and other assemblies of

Chinese genome
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1994 Burrows-Wheeler Transform (BWT)

I Wheeler Graph Recognition 2000 F-indes

2009 Bowtie
e Wheeler graphs are the basis of many pangenome 2012 colored de Bruijn graphs
and other sequence analysis tools 2012 BOSS data structure
Wheeler graph | 2014 Gcsa
XBWT Reads — 2017 GCSAZ
EN Bubble-resolved e (D 2017 VAR
L GCSA / GCSA2 i
Analysis 2017 Wheeler graph
[Tsrof _ ATGCAGCG ATGCAG

o, BOSS de Bruijn graph 2018 Vg toolkit
s
{$HOT[—
Multi-string BWT 2020 Graph Burrows-Wheeler Transform

A A
I-Matrix 01234567

0 || AGTGGACS 0 SAGTGGA Albjojojujrjnz)z A (GBWT)

1 1 'GIG|  Cf1fijr 1|1

2 H 2 AC| Gloj1|1f1]2]2]2f3

3 3 3 T|ojofofojof1]1]1

2021 vg Giraffe

FM-index
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Gagie et al. Theoretical computer science (2017) Chao, K. H., Chen, P. W, Seshia, S. A., & Langmead, B. (2023). WGT: Tools and
algorithms for recognizing, visualizing, and generating Wheeler graphs.

Iscience, 26(8).

I Wheeler Graph Recognition L @ iScience

Wheeler graph recognition problem

1. Node with indegree 0 comes before every other nodes.

2. a<ad = v<y
3. (a=d)A(u<u) = v<yv

13
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Gagie et al. Theoretical computer science (2017)

I Wheeler Graph Recognition

18 nodes, 21 edges
1 “distant gluing”

Introduction

De Bruijn Graph

/ ACG — CGI'

GAT |-— ATG - TGI'

7 G$ | § |
C ACC — CCT CTG -—1TG$

GACGTA-CTG
GACGTA---G
GATGTA-CTG
GAC-TACCTG

9
|
|
I
1

Original label | Wheeler order Original label | Wheeler order
0 1 4 10

11 2 1 11

15 3 10 12

6 4 17 13

3 5 8 14

16 6 9 15

7 7 5 16

12 8 2 17

14 9 13 18

i

GCSA (Sirén etal., 2014)

Reverse deterministic graph

¢
#G.ELA EGTELAEH;
T

RS e

3
. [
1@2 5@6
4

Yt
_—1c] h
[ 5es e e
LZ.I 7 19 8 11@
9*

v

WGT
Wheeler Graph Toolkit

DN

—u)

14 nodes, 16 edges
No “distant gluing”

Original label | Wheeler order Original label | Wheeler order
0 1 9 8
2 2 5 9
7 3 9' 10
3 4 4 11
10 5 6" 12
8 6 1 13
1 7 6 14
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Steven Salzberg Mihaela Pertea

Genome Annotation

* LiftOn: genome annotation lift-over

e Application: CHESS (GRCh38 - > CHM13; GRCh38 - > Han1)

Chao, K. H., Heinz, J. M., Hoh, C., Mao, A., Shumate, A., Pertea, M., & E N O M E A
Salzberg, S. L. (2025). Combining DNA and protein alighments to improve E S FAR C H >
genome annotation with LiftOn. Genome Research, 35(2), 311-325.
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I Genome Annotation
m B Emm 0 0020m

Ge nome CAGCCCCCGGAGA(ItaaatacaggaagaaaaaggCAGGACAGAATTACAAQGTGCTGGCCCAGGGCGGGCAGCGGLCCCT

GCCTCCTACCCTTGCGCCTCATGACCAGCTTGTTGAAGAGATCCGACATCAAGTGCCCACCTTGGCTCGTGGCTCTCACT

(FASTA) GCAACGGGAAAQCCACAGACT GGGGTGAAGAGTTCAGT CACATGCGACCGGTgactcectgtccccacccccatgACACT
CCCCAGCCCTCCAAGGCCACTGTGTTTCCCAGTTAGCTCAGAGCCTCAGTCGATCCCTGACCCAGCACCGGGCACTGATG

AGACAGCGGCTGTTTGAGGagccacctcceccagceccacctecggggeccagggecagggtgtGCAGCACCACTGTACAATGGGG
AAACTGGCCCA AL A AGCGCTGGGTACAAGCTCAAAACC

ATAGTGCCCAQGGCACTGCCGCTGCAGGCGCAGGCATCGCATCACACCAGTGTCTGEGTTCACAGCAGGCATCATCAGTA

chrl BestRefSeq gene 450740 451678 .

ID=gene-OR4F29;

ANNOtation | | pestRefseq MRNA 450740 451678 . - .  ID=rna-NM_001005221.2:Parent=gene-ORAF29;

(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;

17
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I Lift-over Problem Definition:

Target genome I L EEEEE—————

18
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I Lift-over Problem Definition:

Referencegenome R——7 9o

Ty: Gene 1 Gene 2 Gene 3
A A A

| | | | [ |

19
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I Lift-over problem, what methods are available?

Chain file
Ry: Gene 1 UCSC liftOver CrossMap
[ A \ Kuhn et al. Zhao et al.
&
Reference genome RI:. . -:I ,§/
DNA-based 'f ¢ Liftoff minimap?2
‘ ‘ github.com/agshumate/ github.com/Ih3/
Liftoff minimap2
TA: Gene 1 Shumate et al. Li

|
\ miniprot &

| |
Target genome T “

Protein-based github.com/Ih3/miniprot
Li

20
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NCBI Build 34
NCBI Build 35
NCBI Build 36.1
GRCh37
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GRCh38
(Dec 2013)
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I Application: GRCh38 to T2T-CHM13 lift-over
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lift-over "o

Chr1 Chr2 Chr3 Chrd Chr5 Chr6 Chr7 Chr8 Chr9
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Sequence type annotation

Non-satellite
M cAP
B oSat
B DNA
¥ HSat1A 1B
M Hsat23
BSat
Other satellite

' Application: GRCh38 to T2T-HGOOZ diploid genome

Chr10 Chr11 Chr12 Chr13 Chr14 Chr15 Chr16 Chr17 Chr18 Chr19 Chr20 Chr21 Chr22 ChrXY

=i 1
||
} 'l

=3
||

u Ih || [

4 A
.I
,,; Z zZ
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| Result 1: improves DNA & protein-based lift-over
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I Result 2: improve CHM13 protein annotations
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I Result 3: improve distant species lift-over
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I L3ftOn: Protein-maximization algorithm

A

Target genome + %

Expected annotation

L1 L2 L3 L4 L5 L6 L7

1. Liftoff annotation l I - I . - I

MI M2 M3 M4 M5 M6

2. miniprot annotation l l . . . -
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I L3ftOn: Protein-maximization algorithm

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

Liftoff protein alignhment I, - ------ ]

miniprot protein alignment

I Reference protein miniprot protein ----- |INDEL

Liftoff protein B mismatch sk  Stop codon
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I L3ftOn: Protein-maximization algorithm

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

LI L2 L3 L4 L5 L6 L7
r-- I . Il Il I N S - I I Il Il I B N . 1
Liftoff protein alignment I T - T T T r

MI M2 M3 M4 M5 M6

miniprot protein alighment : -= -= r r r -.|:
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Liftoff protein B mismatch sk  Stop codon
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I L5t

. Protein-maximization algorithm

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

LiftOn CDS chaining
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I L5t

. Protein-maximization algorithm

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

LiftOn CDS chaining
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I L5t

. Protein-maximization algorithm

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

LiftOn CDS chaining
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I L3ftOn: Protein-maximization algorithm

D Step 3: group CDSs by “accumulated AA in the reference protein”
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I L3ftOn: Protein-maximization algorithm

Ce====x] StOp codon
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Chao, K. H., Heinz, J. M., Hoh, C., Mao, A., Shumate, A., Pertea, M., &
Salzberg, S. L. (2025). Combining DNA and protein alignments to improve
genome annotation with LiftOn. Genome Research, 35(2), 311-325.
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34

Genome Annotation Splice Site Prediction RNA-Seq Prediction

Introduction Assembly & Indexing



1 Part |l

Mihaela Pertea Steven Salzberg Angi Liu

Splice Site Prediction

* OpenSpliceAl
 Splam

N

spLAM Genome Biology QpenSpiiceAl v elife

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2024). Splam: a deep- Chao, K. H., Mao, A,, Liu, A., Salzberg, S. L., & Pertea, M. (2025).
learning-based splice site predictor that improves spliced alignments. OpenSpliceAl: An efficient, modular implementation of SpliceAl enabling easy
Genome biology, 25(1), 243. retraining on non-human species. eLife, 2025-03.

35
Introduction Assembly & Indexino Genome Annotation Splice Site Prediction RNA-Seq Prediction




I Splice Site Prediction
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{penSpiiceAl i elLife
Chao, K. H., Mao, A., Liu, A., Salzberg, S. L., & Pertea, M.

X = . . . . (2025). OpenSpliceAl: An efficient, modular implementation of
p e n p p I C e : Spl |Ce S|te p red |Ct| on SpliceAl enabling easy retraining on non-human species. eLife

X AGACTCAGCCCCCGGAGACTTAGTTAGAGGAAGAAAAAGGTAGGACAGAAGAAAAAGGCAGGACATACAAGGTGCTGGCCCAGGGLGG

Y OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO

‘ Acceptor: 1 Neither: 0

A Donor: 2
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I OpenSpgiceAl

~20k protein-coding genes

Raw gene DNA sequence
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I OpenSpriceAl: retrain on different species
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Alan Mao'@ ‘
I OpenSpriceAl: ISM & variant prediction <7
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SPL}X)M I Genome Biology I
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SPL M Chao, K. H., Mao, A, Salzberg, S. L., & Pertea, M. (2024).
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i SPL}XjM : Splam Model Architecture
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I SPJ{JM . improving transcriptome assembly

|Score stability | |Transcriptome assembly improvement |
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Yeast RNA-Seq Prediction N

* Fungal language model (LM)

* Shorkie: models to predict yeast RNA-Seq coverages

 Model interpretability

Chao, K. H., Magzoub, M., Stoops, E., Hackett, S., Linder J., * and Kelley, D. R., Manuscript in prepa ration.
(manuscript in preparation). Predicting dynamic expression patterns in

budding yeast with a fun-gal DNA language model EXpeCtEd to be on biORXiV soon
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I Questions we answer in this study:

Main Goal . _
* Predict yeast gene expression (RNA-Seq coverage)

directly from DNA sequences.

QO

0
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I Yeast RNA-Seq Prediction
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I Yeast RNA-Seq Prediction  scwre

Generate schematic cartoon
of RNA-Seq coverage

()2 .
DPOOC
0
Gene locus (DNA) -
——————————— .'. 'e .." ' ' 12 million base pairs

Genome size is too small, leading to overfitting.

- SRA: 248,257 search entries
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I Yeast RNA-Seq Prediction  scwre

Generate schematic cartoon
of RNA-Seq coverage
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I Yeast RNA-Seq Predicti o s
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I Yeast RNA-Seq Predicti o s

Generate schematic cartoon
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Output: Genomics tracks
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Genome Assembly & Indexing Genome Annotation ) Splice Site Prediction Gene expression Prediction

Supervised learning >tage 1 gelf-supervised learning
Input: DNA sequences —{H H 1] L —
Output: Genomics tracks I o — :'E_

Language model (LM) /

Foundation model

Stage 2 Fine-tuning LM

— e f—

Sequence model

Ty s—"
il ..lm_..._._.._
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Genome Assembly & Indexing Genome Annotation ) Splice Site Prediction Gene expression Prediction

E f L4 [ ] o .
" Supervised learning >tage 1 gelf-supervised learning
G
C—
—

Stage 2 Fine-tuning LM

Sequence model

Sequence model
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Enformer
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16384bp 16384 * 4 Masked language modeling loss
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Transformer
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64bp res

128bp res
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from DNA sequence as a unifying model of gene
regulation. Nature Genetics, 1-13.

Introduction Fungal LM




RAP1 FHL1
{*EACCCA*ACA? o] UTAGGUAT
I LM predicts motifs in RP gene Promoter regions

; asont — L

Fhil RAP1.1 Start codon
chrlV:307974-308474 P
oo Co oL e tal FT RO n'lc ol mhtn, ncm:TIA h:IT arcka " Ih[[[nrh«: E[ TAEA RMn i1, X M 1T T I Ll N fulml IAH et a2 e ap ]
III|||||||IIIIIIIIIIIIII||||IIIIIIIII|||||||IIIIIIIIIIII||IIIIIIIIIIIIII||||||IIIIIIII||||||IIIIIIIIIIIIII||||||IIIIIIII||||||IIIIIIIIIIIIIIIIIIIIIIIIIIII|||||||IIIIIII|||||||IIIIJIIIIIIII|||||||IIIIIII|||||||IIIIIIIIIIIIIIIIIIIIiIIIIIII||||||IIIIIII|||||||IIIIIIIIIIIIII||||||I|IIIIII||||||IIIIIIIIIIIIII||I|IIIIIIIIII||||||I|IIIIIII|||||I|IIIIIIIIIIII|||||||IIIIIII|||||||IIIIIIIIIIIIII||IIIIIIIIIII|||||||IIIIIIIIII||||IIIIIIIIIIIIII||||||IIIIEIII|||EI|IIIIIIIIIIIIII||||IIIIIIIIII||||||IIIIIIIII|
u
. RPL13A
chrlV:229,456-229,956 RAPLL _JFHLI |
T Am ] IAFI Tarhh e e ,J([[ aTl klnﬂ[ [[ E s nah s AT, el hﬁa P W S SV SR S U | S o ettt b Mlmn EI Lo lerler € LTE cT\

IIIIII|||||||||||||IIIIIIIIIIIIII||||||||||||IIIIIIIIIIIIII|||||||IIIIIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII||IIIIIIIIIIIIIIIII|||Ii|||||IIIIIIIIiIIIIIIIIIi|||||||IIIIIIiIIIIIIIIIIII|||||||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII|||||IIIIIIIIIIIIIIIIIIIIII||||||
[
> > > >

L"': L"': RPP1B
chrVI11:254,191-254,691 RARI_I '_F_h_lll E E
R SR | SR S T' Jlf([ Tﬂtﬁh lh] L T Kb 1, TTC e PP N T Ay ” N N Sy -T, P S W R T M nn nha n,l ‘ [: [T [TATC IL_ rtm
|I|||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII||||||IIIIIIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIiIIII||||||||IHIIIIIlIIIIIIIIIIIIIlIIIIIIIIIIIIIIIIIIIII|||IIIIIIIIIIIIIIIIII||||||||||IIIIIIIIIIII|||||||||||IIIIIIIIIII|||||||||||IIIIIIIIIII|||||||||||IIIIIIIIIIIIIIIII||||IIIIIIIIIIIIIIIIIIIIII||IIIIIIIIIIIIIIIIIIII|||||||IIIIIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIIIIIII||{||||II!IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII|||I|
Lo o o O o
Lot L __ 1} : : RPL1B
chrV:396,319-396,819 -
I VAR R S B ACTE Ta[A I, ,uC[tJtAT s il SR & S SIS SO SO SN S W N N O S PP PSP < [ BPDTUP SO T 38 e it s M” 1. IMIT
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIlIIIIIII|IIIIIIlIIIIIIIIIIIIIIIIIIIII|||||||||||I||||||||||||||I||||||||||||||||||||||||||I|IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIIII|||I||||||||||||||||||||||||||I|||||||||||||||||||||||||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIIII||tIIIIIII:IIIIII|||||||||||||||||||||||||||||||||||||||
i i | I
:- . _: E E RPL23B
RAPI1.1 | log
Introduction Fungal LM Transfer learning Interpretability Applications




I These motifs are enriched in promoter regions
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t-SNE Projection of Fungal LM Encodings for
Genomic Regions

First self-attentions layer output Last fully connected layer before the model output
multihead_attention (MultiheadAttention) dense 29 (Dense)
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I Self-attention maps

16384bp 16384 * 4
o e Bt NE 0 0
c bz 0 7
T [0 1 2

fa
i i
Transformer
h Blocks (11x) '

Attended by (chrVI1:489391-505775) --->

‘J:'
Attended on (chrVI:489391-505775) --->
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16384bp 16384 * 4
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16384bp

1bp res

16bp res

32bp res

64bp res

128bp res
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Shorkie
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16384bp
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Bl Experiment Ground Truth (Avg) Fine-tuned model (Avg) W Scratch-trained (Avg)

I Shorkie vs Random Initialization (Test set)

RNA-Seq tracks
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I Shorkie vs Random Initialization (Test set)

Track level
(each dot is a gene; all tracks)
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I Shorkie ISM maps: Ribosomal genes & RRB genes

RPL26A (chrXI:818,862-819,362)

5’ splice site
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I Shorkie ISM maps: Splicing motifs

Splice site Splice site
Start Codon (donor) Branch point (acceptor)

5’ splice site
(donor site) REB1
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I Time-course TF-inducted RNA-Seq

o Genome-scale transcription
factor perturbation
(1340 experiments;

3054 RNA-Seq readouts)

o Aggregating dynamics across

many time-courses

TF induction experiments

engineered strain pGAL(G/Z)EV-ORFA ’

.I_’

RNA-seq at different T

Expression change from steady state
after estradiol added

-

0 5 10\ 15 30 45
o minutes
estradiol inducer 3

_and Nt PO

o]

3054 RNA-Seq

readouts '

Introduction Fungal LM

Transfer Learning

Experiment Ground Truth (Avg)
L Fine-tuned model (Avg)
M Scratch-trained (Avg)
|
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Shorkie MSN2 Induction temporal RNA-Seq predictioné

chrlll:50388-50888 (Promoter region of GLK1)
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I Average motif changes using TF-modisco

MSN2 Induction

YeTFaSCo
DB motif A
24 L2 ) F

MET4 Induction
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MSN4 Induction
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ExoXMy =S

Introduction
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I MPRA mutation effect prediction

A

Insertion

Cov

A A A AAADNAAAA

200bp

SUM of bins
log SED = log, (Cov,, +1) —log,(Cov, .+ 1)

ref =

Introduction

Fungal LM

140bp 120bp

16bp resolution

Cov,, _ SUM of bins

100bp

RNA-Seq Coverage

Prediction

Rafi et al. Yeast
Sequences

(single-sequence)

Transfer Learning

Rafi et al., Nature Biotech (2024)

Promoter sequence |Exp.
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6,739,258 sequence-
expression pairs
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Participants develop
sequence-to-expression
models

Inserted position

Inserted sequence
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Shorkie prediction (log: scale)

° Yeast Sequence 16
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Shorkie Prediction vs RNA-Seq coverage
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Evaluate models using
designed sequences
with biological insight

DREAM-RNN

DREAM-RNN Prediction vs RNA-Seq coverage
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DREAM-RNN Prediction (180 bp)
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Yeast Sequence:

Aggregated across all genes, 180 bp
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Yeast Sequence:
DREAM-RNN Predictions vs. Experimental Measurements
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Caudal et al., Nature genetics (2024)

Kita et al., Nature genetics (2024)

Variant effects on eQTLs and negatively selected eQTLs

< < <
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I Variant effects on eQTLs and negatively selected eQTLs

chrXiv:200,288 - 200,368

chrXIV: 200328: G>A

Ref DB Rebl.1 SEJAA | logSED | Quantile: 99.44%
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How do we assemble the complete 3-billion-nucleotide genome? .”

Wheeler Graph Toolkit

How can we efficiently represent multiple genomes for fast pattern matchlng?

I
Part | & Il: Genome Assembly & Indexing m m —K}

DNA Promotor Gene

Exon Intron Exon § Intron Exon Intron Exon

Where are the genes in the genome?

Part l1ll: Genome Annotation L»gqft llllllllllllllllll 3,
Exon Exon Exon 3 UTR Poly(A) tail

What are the canonical splicing pattern?

Alternative splicing? Splice junction?

Final Sp"CGd MRBNA 5 b \ |||||||||||||||||||||||||||||||||| L1y T ||||| & — 3

Part IV & V: Splice site prediction

# | | ‘.16
OpenSpgiceAl| | sPLAM
. w3
Can we predict gene expression by learning the regulatory grammar in the genome?

Part VI: Shorkie. RNA-Seq coverage prediction

Polypeptide
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I Conclusions: Language of genomes

SBJ

Natural Language Processing

DNA gene regulation
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