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https://www.genome.gov/genetics-glossary/Mitosis
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https://www.genome.gov/genetics-glossary/Mitosis
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https://www.genome.gov/genetics-glossary/Chromosome

/

Coiled DNA

000000000000 anafnfassdse

4
Introduction Assembly & Indexing Genome Annotation Splice Site Prediction RNA-Seq Prediction



Deoxyribonucleic acid (DNA) 6’

> UL DGO

o (D DN O imno

7 8
6
. 21 Y
18
17 50 million
nucleotide pairs
1um

X 5
Introduction Assembly & Indexing Genome Annotation Splice Site Prediction RNA-Seq Prediction



CMC 0= ]:El::lﬂmm:ﬂlﬂl][]m:f
I
" |
|
z ~ COCTHL T a'm {118
) ( ]
|
( CIOC O xrmn
|
D
(DO On
|

=(II]T1]ID:O~ -
T
sinimaing
o
e
+ D
. |
- -
:I]_n:+)-
(]El]IIImT’_I]lILD
< DO

o
o
o
3
™
0q
1)
S
o
3
™
o
o)
o
o
(@)
Q
0w
(D

3 billions of ACGT!
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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? ﬁ
Part | & Il: Genome Assembly & Indexing 'Q} A\
DNA Promotor Gene
"'\\;/f/"f;// i T i ;_/f/“f
Exon Intron Intron Exon Intron Exon
Where are the genes in the genome?
Part lll: Genome Annotation N T 3

What are the canonical splicing pattern?

Alternative splicing? Splice junction?

Part IV & V: Splice site prediction

5UTR  Exon

Final spliced mRNA 5t

Exon

N O I O O O OO O O O O O O B

Exon  3UTR Poly(A) tail

5 UTR

Polypeptide

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

Part VI: Shorkie. RNA-Seq coverage prediction

Introduction

Assembly & Indexing

Genome Annotation

Splice Site Prediction

3UTR Poly(A) tail
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Steven Salzberg Mihaela Pertea Ben Langmead

Genome Assembly & Indexing

 Hanl: first gapless Southern Han Chinese genome

 WGT: Wheeler graph recognition algorithm

G3- —_—- Z RECOMB-SEQ @ |SC|ence
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

reference-quality, fully annotated genome from a Southern Han Chinese algorithms for recognizing, visualizing, and generating Wheeler graphs.

individual. G3: Genes, Genomes, Genetics, 13(3), jkac321. Iscience, 26(8). g
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1972 Bacteriophage MS2 coat gene
I Genome Assembly 1976 Bacteriophage MS2 ~3.5 kb
1977 Sanger sequencing
a Homozygous genome b Heterozygous genome
Hetgrongous s 1990-2000: BAC-by-BAC shot gun strategy
Raw accurate
Sequencing errors s _— Sequencing errors 2003 near-complete human genome
Error
correction 2000s second-generation sequencing
ey — short-read sequencing
L (Hlumina)
Assembly
Bubble Bubble 2010s third-generation sequencing
] E— .
it assembly <—> \/‘ ‘> < ) long-read sequencing
o ; = (PacBio; ONT)
Tangle :el;léfsa-bng Tangle -
Gappatc_hec,*_> 2019 Telomere-to-Telomere (T2T) era
o i3 Ultra-long
‘ ) assembly graph pr—— :_: pr— .
Tangle resolved Short gap patched y grap! Tanglléd — 2022 F”‘St Complete human genome
+long-range
e — _:Phased: !_i, H., Durbin, R. Genome assembly
- » - Final assembly in the telomere-to-telomere era. Nat
el s i Rev Genet 25, 658-670 (2024).
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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.

g) GenBank assembly: G3 7.-
o GCA_024586135.1 I

Genes | Genomes | Genetics

I Genome Assembly: Hanl

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X Y
- . — — : —_— - . - . - = B —
B I s = § i - =
[
_ y I
|
. |
- Table 1.
- A comparison among Hanl, 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: 1st Gapless
U . HGO00621 (hifiasm)b  SH Chinese 95.77 182 157 3.11
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 25.90 896 390 291
NH1d NH Chinese 3.60 11,019 8,484 2.89
Table 3. )
D 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 2.91
Assembler Sequencingdata assembled sequence (bp) Number of contigs  Quality value TILpof Tujia 13.67 1,430 907 587
Hifiasm v0.16.1-r375  PacBio HiFi 3,110,501,483 57.8a TJ1.pif Tujia 13.70 1,426 873 2.87
Flyev2.5 ONT Ultralong 2,974,205,132 25.6a ZFlg Tibetan 23.62 1,384 1360 285
GRCh38.p14h Mixed 57.88 994 804 3.10
10
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GRCh38, T2T-CHM13, and other assembilies of
Chinese genome

Mummer dot plot Gene order plot Inversion on B defensin gene cluster

o " o , ‘ Annotations

2 = = o] - Genomes Syntenic
— — = s —— assembled Inversion

chrl?7 4 0.994

O — ref Duplication

s : = . chrs

avla e L N g
. p chria o " 0:989

13 i . . b . 3

. - . . chr13 o A
a2 ® s D
- chr’ 1
ot . . 0.978
. T[] <hr11 o
™ a0 =
- . .
= & ) <hr10 . "
; .
e

Identity

¢ chr8

chro 4
. o L S
" M i chrg o 3
o = < . chr7 o r0.923
: chr6 c

/ ’ 1 0.853
o P "L L I | | | I | | | |
A A1 | ] 70 80 90 100 11.0 120 130 140 150

/ e s | = L : J 14 d , Chromosome position (in Mbp)

Seq

T2T-CH
T2T-CHM13

W O B8 90 B8 BEAReE SR - 0.0
Han1
o> & O & O QRPN ADDOLARIOIP XD
N I S S P S P S R R PR R SRR IR R UR ORI
S T S 0 i S e
Han1

11
Genome Annotation Splice Site Prediction RNA-Seq Prediction

Assembly & Indexinc

Introduction



1994 Burrows-Wheeler Transform (BWT)

I Wheeler Graph Recognition 2000 Fi-index

e Wheeler graphs are the basis of
and other sequence analysis tools

2009 Bowtie
Many pangenome 2012 colored de Bruijn graphs

2012 BOSS data structure

Multi-string BWT

Wheeler graph | 2014 Gcsa
XBWT Reads — 2017 GCSAZ
de Bruijn Graph
e i, Bubble-resolved (FD— (TGO 2017 VARI
LarE. GCSA/GCSA2 i
=0 Analysis 2017 Wheeler graph
| o< * ATGCAGCG ATGCAG
=4 BOSS i ,
,512 li= de Bruijn graph 2018 Vg toolkit

2020 Graph Burrows-Wheeler Transform

(GBWT)

2021 vg Giraffe

Assembly & Indexinc

Introduction
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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).
¢ iScience

Wheeler graph recognition problem

I Wheeler Graph Recognition S recoms.sea

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

2. a<ad = v<yv

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

13
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* SMT solver = SAT solver + IDL theory solver

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

2. a<ad = v<yv

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

Assembly & Indexinc

Introduction

L------I

Genome Annotation

SolverFor('QF IDL"')

u no_incoming_edge:
s.add(u <= len(no_incoming_edge))

us, (lb, ub) in group_info:
for u us:

s.add(And(u > b, u <= ub))
s.add(Distinct(*us))

i range(len(edges)):

for j range(i+1l, len(edges))
if i I= j:
ui, vi, wi = edges[il
uj, vj, wj = edges[jl
if wi == wj:

s.add(Implies(ui < uj, vi <= vj))
s.add(Implies(ui > uj, vi >= vj))

Splice Site Prediction

RNA-Seq Prediction



Gagie et al. Theoretical computer science (2017)

I Wheeler Graph Recognition

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

18 nodes, 21 edges
1 “distant gluing”

Introduction

De Bruijn Graph
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I Part Il

Steven Salzberg Mihaela Pertea

Genome Annotation

e 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., & ENOME p‘ ‘e A o

Salzberg, S. L. (2025). Combining DNA and protein alignments to improve E S Fm_ § ‘ ! [ :

genome annotation with LiftOn. Genome Research, 35(2), 311-325. £ = L
16
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I Genome Annotation

Genome CAGCCCCCGGAGA(ItaaatacaggaagaaaaaggCAGGACAGAATTACAAGETGCTGGCCCAGGGCGGGCAGCGGCLCCT

GCCTCCTACCCTTGCGCCTCATGACCAGCTTGTTGAAGAGATCCGACATCAAGTGCCCACCTTGGCTCGTGGCTCTCACT
(FASTA) GCAACGGGAAATCACATGCGACCGGTgactccctgtccccacccccatgACACT
CCCCAGCCCTCCAAGGCCACTGTGTTTCCCAGTTAGCTCAGAGCCTCAGTCGATCCCTGACCCAGCACCGGGCACTGATG
AGACAGCGGCTGTTTGAGGagccacctcecccagceccacctecggggeccagggecagggtgtGCAGCACCACTGTACAATGGGG
AAACTGGCCCAGAGA A A ACAGAGCAA AAAAGCAGCGCTGGGTACAAGCTCAAAACC

ATAGTGCCCAGGGCACTGCCGCTGCAGGCGCAGGCATCGCATCACACCAGTGTCTGUGTTCACAGCAGGCATCATCAGTA

A . chrl BestRefSeq gene 450740 451678 . . ID=gene-OR4F29;

nnotation 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;

17
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I Lift-over Problem Definition:

Target genome TEe|. =

18
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I Lift-over Problem Definition:

Referencegenome ROC— 7T T

Ta: Gene 1 Gene 2 Gene 3
A A A

| 1 | 1 [ 1

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

Chain file
Rj: Gene 1 UCSC liftOver CrossMap
[ A \ Kuhn et al. Zhao et al.
&
Reference genome Rl:. . -:| /\\_)@"
DNA-based f 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

20
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| Result 1: improves DNA & protein-based lift-over

’ ~ \
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I Result 2: improve CHM13 protein annotations

,, -
@@ ©.9 ) Human Refseq Circos Plot

- y Target  Reference

Protein sequence identity score frequency histogram

10°3 mmm JHU RefSeqv110 + Liftoff v5.1
~ LiftOn v1.0.0

104 4

Frequency

101 4

100 4

0.0 0.2 0.4 0.6 0.8 1.0
Protein sequence identity score
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| Result 3: improve distant species lift-over

human to chimp
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1 L3ftOn: Protein-maximization algorithm
A

Target genome + %

Expected annotation

L1 L2 L3 L4 L5 L6 L7

1. Liftoff annotation l l - I . - I

MI M2 M3 M4 M5 M6

2. miniprot annotation l l . . . -
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1 L3FtOn: 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
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1 L3FtOn: Protein-maximization algorithm

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

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

MI M2 M3 M4 M5 M6

-1 1 rTTr|er||==""""1

I [ 0 I [ 0 d

miniprot protein alighment

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

Liftoff protein B mismatch sk  Stop codon
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1 L3FtOn: Protein-maximization algorithm

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

—---q ----1 r ---------- - F---q l ----- r ------------ I r--
1 LI 1L 1 113 | 14 1 (L5 1y L6 (1 L7
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 -------------------- I
1 MI I:MZ i :M3 -: :M4 11 M5 I:M6 ;
I ] I 1 1 1y ]
I i 1 | . 10 i

| IR | L---‘ L ------ I L ----- ull h----ll- -------------- ﬂl
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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”
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1 L3FtOn: Protein-maximization algorithm

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

60% P D 100%
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1 L3FtOn: Protein-maximization algorithm

] Stop codon

BSSSSSSY Post-ORF search UTR regions

Pre-ORF search UTR regions
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

w p—{—{ = E .coomions T —HF{— ==

Downstream start

Early
carastion stop Il ==

Stop codon gain:

C stopcotongain: M+ F—1{F—{ =0 F o T

Switching Start codon lost:

o s =i == brrn s =
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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.

I L4t On: more lift-over applications (Ii

ENOME
&> S5

House mouse Yeast Thale cress

ESEARCH
%
(Mus musculus) (Saccharomyces cerevisiae) (Arabidopsis thaliana)

N

Honey bee fruit fly Rice

(Apis mellifera) (Drosophila melanogaster) (Oryza sativa)
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IPart IV &

Mihaela Pertea Steven Salzberg Angi Liu

Splice Site Prediction

 OpenSpliceAl
* Splam

N

spLAM Genome Biology QpenSpegiceAl 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.
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I Splice Site Prediction

Gene locus (DNA)

[ ]
l, Transcription

pre-mRNA
on exon

exon

exon | exon |

Introduction Assembly & Indexing Genome Annotation

l MRNA & chatGPT 40:

Generate
schematic cartoon
of RNA splicing

Splice Site Prediction

Model
SPL}X)M

OpenSpgiceAl

v

Where are the splice sites?
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7w O',. e
{penSpiiceAl JveLife
Chao, K. H., Mao, A, Liu, A., Salzberg, S. L., & Pertea, M.

- . . . . (2025). OpenSpliceAl: An efficient, modular implementation of
p e n p P I C e : Sp | | Ce Slte pred |Ct|0n SpliceAl enabling easy retraining on non-human species. elLife

X AGACTCAGCCCCCGGAGACTTAGTTAGAGGAAGAAAAAGGTAGGACAGAAGAAAAAGGCAGGACATACAAGGTGCTGGCCCAGGGCGG

Y OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO

A Donor: 2 ‘ Acceptor: 1 Neither: 0
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I OpenSpgiceAl

~20k protein-coding genes

Raw gene DNA sequence

Genel M= l=={=l==0l . = 33200

Gene2 [li== L = 14600

Genen [l L = 25000

X

[7, 15000, 4]

[3, 15000, 4]

[5, 15000, 4]

W =5000 F =10,000

Introduction Assembly & Indexing

Probability of Donor site (Class 2)

1.04 % - Non-splice site
- Acceptor site
= Donor site

0.8 4

0.6

0.4

0.0 4
00 02 04 06 08 10 Inputs Subcommands Outputs
Probability of Acceptor site (Class 1)
A . 1. dataset_train.h5 2. dataset_test.h5
1. Genome annotation (GFF /GTF)
B 1. dataset_train.h5 2. dataset_test.h5 1. MODEL.pt 2. Trair_]ing/Validation /
IIITITII Testing Log
750003 B B PP Er >

C 1. dataset_train.h5 2. dataset_test.h5 3. MODEL.pt MODEL calibrated.pt

10% for validation (calibration)

| @ @ e

D 1. dataset_train.h5 2. dataset_test.h5 3. MODEL.pt MODEL transfer-learned.pt
(species 2) (species 2) =
= % () S Fp
[5, 5000, 3] E 1.MODEL.pt 2.Target genome/ gene sequences OpenSpliceAl scores for each position

B @ P

F 1.MODEL.pt 2. Target Variants VCF file with OpenSpliceAl predictions
@ = @
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I (OpenSpeiceAl: retrain on different species
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Splice site prediction metrics for Zebrafish
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Splice site prediction metrics for Arabidopsis
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I (OpenSpeiceAl: ISM & variant prediction

SpliceAl 11 il ‘I | ( 'M

0.75

OpenSpliceAl r ‘! 'M
04 <la . C.--C = - ~rTTITT =~ xrr

U2SURP A
chr3:142,740,192

Score

Score

------

A\

_ SpliceAl S
OPA1 (chr3:193644727A>G) B Spiceh Score

A\
A\

Acceptor Site Score Donor Site Score
B 0.093 mo» T
B 0.099 B 0343
Reference 5 — — . _AAGGGTAAG __AGTGAGGTAGAAAC __
L = o |
AAG GTAGGAAC (Qian et al,, 2021)
Mutated 5 o e ; -—= 3

39
Introduction Assembly & Indexing Genome Annotation Splice Site Prediction RNA-Seq Prediction




] SPL}X)M

: predicting splice sites in a pair

TR VR  Gerome icogy |
.

Chao, K. H., Mao, A,, Salzberg, S. L., & Pertea, M. (2024).
Splam: a deep-learning-based splice site predictor that
improves spliced alignments. Genome biology, 25(1), 243.
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ISPLtXM : Splam Model Architecture
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] SPL}X)M .

= mm. iMproving transcriptome assembly
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David Kelley Johannes Linder  Majed Mohamed Magzoub

Yeast RNA-Seq Prediction

* 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., Manusc ript 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.

@O

0
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I Yeast RNA-Seq Prediction

DO L

Gene locus (DNA)

& chatGPT 40:
Generate schematic cartoon
of RNA-Seq coverage

RNA-Seq Coverage

MmRNA

cDNA library  High-throughput
sequencing
Reads

& chatGPT 40:
Generate schematic
cartoon of RNA-Seq

Introduction

i Reads alignment

1] [ Gene expression

Fungal LM

model

\4

RNA-Seq expression?
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l: Coverage pileup

Interpretability

Transfer learning



I Yeast RNA-Seq Prediction  wowns

Generate schematic cartoon
of RNA-Seq coverage

()2
DOGI S
o)
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  wowns

Generate schematic cartoon
of RNA-Seq coverage
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Gene locus (DNA) *
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I_P Fungal LM
@
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Ensembl fungi: 1500 genomes




I Yeast RNA-Seq Predicti Y oncre

Generate schematic cartoon
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Genome Annotation

Splice Site Prediction

Gene expression Prediction

I Deep learning-based DNA sequence model
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Genome Assembly & Indexing Genome Annotation ) Splice Site Prediction
Supervised learning Stagel  galf-supervised learning

Input: DNA sequences
Output: Genomics tracks
Language model (LM) /
Foundation model
W

Stage 2 Fipe-tuning LM

Sequence model
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16384bp 16384 * 4 Masked language modeling loss
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16bp res IJ } |:I 16bp res

32bp res IIIIIIII|"L { ‘Ll"""" 32bp res
[ [ S 64bp res

128bp res
Transformer
Blocks (8x) '
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from DNA sequence as a unifying model of gene
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I These motifs are enriched in promoter regions
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16384bp 16384 * 4
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lbp res |||||||||||||||||-|/€|>\L|llllllllllllllll lbp res

16bpres||||||||||||||'I I Ll””"”””' 16bp res

I e
32bp res 32bp res

/A
64bp res LT T 1 I—I’ U \Ll [T T 1
128bp res I I EI IE I ! 128bp res

I Transformer
59
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16384bp

Shorkie

lbp res |||||||||||||||||-|
16bpres||||||||||||||'I I Ll””"”””' 16bp res

I e
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16384bp

, A \ Coverage Tacks (896 * 2488 )
= A e et e & CHiP-exo (1128)
Shorkie ?|IC|IT|C|T|IA|?|CIG|?|GIT|A|T|A|C ‘; : "=~ Histone marks (20)

] __ RNA-Seq (3054)
‘ e — s~ 1000-strains
M ‘ e
RNA-Seq (1014)
1bpres|||||||||||||||||-|
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I e
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16384bp
A Coverage Tacks (896 * 2488 )

— g e — w CHiP-exo (1128)

( 4 2

Shorkie

Histone marks (20)

| : _ RNASeq (3054)
"' Lo e~ 1000-strains
RNA-Seq (1014)
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Bl Experiment Ground Truth (Avg) Fine-tuned model (Avg) W Scratch-trained (AvQ)

I Shorkie vs Random Initialization (Test set)

RNA-Seq tracks

chrVI11:362,180-366,023 (RNA-Seq tracks); fold 3 chriVv:305,657-310,505 (RNA-Seq tracks); fold 3 chrVI1:495,374-499,965 (RNA-Seq tracks); fold 6
RPL7A ; ) SuB2 ( RPS16B RPL13A RPP1A ) RG26 ) EFM5 ) SC4
200 -
A. l o ‘ ¢
0 1 0 } 1
200 - 20 -
100 - . |
0 ' 0 : Lt 0 L 4
200 - 20 -

: ch rlv:306'681-32 1’017 EEm Experiment Ground Truth (Avg) Fine-tuned model (Avg) W Scratch-trained (Avg) :
| —— I [ | [ ]
I RPS168 RPL13A RPP1A THI3 MRK1 MDH3 VAMS RXTS |
10 - I I
0 4_ " . “_‘-—‘ — . e _anddbigs. — N
1o - 1 1
o I 1 I’ I
| |
10 -~ I I
A___A-—-_—-____— i e e
o L
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Bin level

I Shorkie vs Random Initialization (Test set)

Track level
(each dot is a gene; all tracks)

(each dot is a track; all bins)

Pearson's R (Bin level) Pearson R (Gene level)

Ll [ % 0.95
s 1000 strains RNA-Seq ,/
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o
@ 0.64 o
5 5 0.80
e = €=
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4
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o] j \
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Pearson R
Introduction Fungal LM

Gene level (each dotis a track; all genes)
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Pearson R Norm (Gene level)

Pearson R within-gene (Track level)
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I Shorkie ISM maps: Ribosomal genes & RRB genes
-  as0nt Y sont o

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

5’ splice site

FHL1 RAP1 (donor S|te)
el | - = |
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I Shorkie ISM maps: Splicing motifs

Splice site

Splice site

Start Codon (donor) Branch point (acceptor)
- 303 TR
,LA;M;A_VHTJA%MT;V_‘LA_J_L‘AQ I T Tﬂ Tx A _ x T : : :
I
5’ splice site
MAD1 (ChrV||346,669'347,169) (donor site) REB1

Branch point

Start codon

I P .
Fungal LM alhenaforaTsect el e R SR s B IITH* : " MM!&!VY P Toszess] N C! [x Ao
| H
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(forward strand) II o
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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

[_’

RNA-seq at different T

Expression change from steady state
after estradiol added

0
estradiol inducer z

/5 //

10\ 15 30 45
minutes

o]

3054 RNA-Seq
readouts
o L gl
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Shorkie MSN2 Induction temporal RNA-Seq predlctlom
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I Average motif changes using TF-modisco
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Rafi et al., Nature Biotech (2024)

| MPRA mutation effect prediction
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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
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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? "ﬁ; Hhester GraphTook®
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Can we predict gene expression by learning the regulatory grammar in the genome?
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I Conclusions: Language of genomes
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I Conclusions: Language of genomes
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