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Introduction

Sequence models map a sequence to a sequence

SpliceAl-toolkit

Splam

Future work
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III

“All models are wrong, but some are usefu

- George Box, 1978

Box, G. E., Jenkins, G. M., Reinsel, G. C., & Ljung, G. M. (2015).
Time series analysis: forecasting and control. John Wiley & Sons.
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Steven Salzberg Mihaela Pertea Angi Liu

Sp§iceAI-t0ﬁlkit: splice site predictor

Pre-mRNA

Chao, K. H., Mao, A., Liu, Anqi, Salzberg, S. L., & Pertea, M. (2024). SpliceAl-toolkit.
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. ﬂhttps://ccb.jhu.edu/splam/
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Can we predict splice sites using only DNA?
Yes!

—W-

X AGACTCAGCCCCCGGAGACTTAGTTAGAGGAAGAAAAAGGTAGGACAGAAGAAAAAGGCAGGACATACAAGGTGCTGGCCCAGGGLCGEG

Y oooooooooooooooooooo@)ooooooooooooooooooooooooooooooooooooooooooooooooooooooo

‘ Acceptor: 1 Neither: O

A Donor: 2
8
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SpliceAl: splite site predictor
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SpliceAl: data preprocessing

H———

F w F
2 2
X [NN... NNATGTCGTGTCGAGTTG|CGTGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN ... NN
Y 10000000200()00100000002000001000002000100000200000001000000
NN ... NJATGTCGTGTGAGTTG 0000000200

X= Y=

10
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SpliceAl: data preprocessing

H———

F w F
2 2

X NN.. NNATdTCGTGT(IGAGTTGTCG'IGTTCAG

GTCAGTCAGGTCAGTAAGTAGAGCTCANN ... NN

Y 0000000200{)00 10000000'200000100000200010000020000000 1000000

NN ... NNATGTCGTGTCGAGTTG

X TCGTGTGAGTTGTCGIGTTCAG

0000000200

Y 0001000000
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SpliceAl: data preprocessing

H———

F w F
2 2
X NN ... NNATGTCGTGTCGAQTTGTCGJGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN ... NN
Y 0000000200000100000002000001000002000100000200000001000000
NN ... NNATGTCGTGTCGAGTTG 0000000200
X TCGTGTCGAGTTGTCGTGTTCAG Y 0001000000
- TTGTCGlGTTCAGGTCAGTCAGC o 2000001000
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SpliceAl: data preprocessing

H———

X NN.. NNATGTCGTGTCGAGTTGTCGTGTTCAGGTCAGTCAGGTCAGTI\AGTAG‘GCTCANN I\I N

Y 0000000200000100000002000001000002000100000200000001 )00000 )
Shape: [%\ * (g +W + g) Shape: [W‘ * (W)
NN ... NNATGTCGTGTCGAGTTG 0000000200
_ TCGTGTCGAGTTGTCGTGTTCAG _ 0001000000
X — TTGTCGTGTTCAGGTCAGTCAGG Y — 2000001000
AAGTAGRGCTCANNNEIN ... NN 0000000000
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SpliceAl: data preprocessing

Raw gene DNA sequence

==l . = 33200

Il B B L = 14600

B B B B L = 25000

Introduction

SpliceAl-toolkit

Splam

W = 5000 F =10,000

X Y

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

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

[5, 15000, 4] [5, 5000, 3]
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Donor Top-K

Acceptor Top-K

iceAl-t{cxlkit : better than SpliceAl!
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p§|C6A| taxlkit : retrain on different species

Splice site prediction metrics for mouse Splice site prediction metrics for zebrafish
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Sp§iceAI-t{>ﬁtlkit : new concept — Calibration

Input sequence (len: L)
Flanking sequence (len: 5000) : A \ Flanking sequence (len: 5000)

r X

SpliceAI-MANE

=> Donor
=> Acceptor Y
=> Neither

* What do SpliceAI-MANE scores signify?

Do the model's predicted probabilities accurately represent the
true likelihood of an event occurring?"

14
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Binary classification example

Sp§|C6A| tﬁﬁtlkit new concept — Calibration

—

0 0.2 0.4 0.6 0.8 1.0
Model predicted probability 15
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Binary classification example

SpéiceAl-tOQlkit : new concept — Calibration

™, o

0 0.2 0.4 0.6 0.8 .
Model predicted probability 15
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Binary classification example

SpélceAI tﬁﬁtlkit new concept — Calibration
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Binary classification example

Sp§|C6A| tﬁﬁtlkit new concept — Calibration
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Binary classification example

SpéiceAl-tOQlkit : new concept — Calibration

o =
o0 o

=
o

Empirical probability
(fraction of chihuahua)

o
D
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Empirical probability
(fraction of chihuahua)

Binary classification example

SpRiceAl-taxslkit : new concept — Calibration

=
(=)

ot
0o

=
o

o
D

0.2

0.0

Introduction

0.8 .
Model predicted probability 15
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Binary classification example

SpRiceAl-taxslkit : new concept — Calibration
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Binary classification example

SpéiceAl-tﬁﬁtlkit : new concept — Calibration
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Binary classification example

Sp§iceAI-t{)ﬁtlkit : new concept — Calibration
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Binary classification example

Sp§iceAI-t{)ﬁtlkit : new concept — Calibration
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Binary classification example

Sp§iceAI-t{)ﬁtlkit : new concept — Calibration
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Binary classification example

Sp§iceAI-t{>ﬁtlkit : new concept — Calibration
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SpliceAl-80nt

SpéiceAl-tOQlkit . new concept — ation

Conv(32, 1,1)

Conv(32, 1, 1)[—
4

RB(32, 11, 1)

* Platt scaling (Temperature scaling)

& Conv(I;;,‘ljl
eT N .

P; = /. |
n Yk Loglts(yi) <

Calibration variable 7

v

Softmax

Platt, John. "Probabilistic outputs for support vector machines PrO ba bi I ity (Pi ) _

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

[ € {Neither, Acceptor, Donor} 16
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SpéiceAl-tQQlkit : new concept — Calibration

Before calibration - NLL : 0.13310300, ECE: 0.00001282

Optimal temperature: 1.28049

After calibration - NLL: 0.11896934, ECE : 0.00000079

Non-splice site

1.0 1.0
—&— Original probability
—&— Calibrated probability
0.8 0.8 A
> -’ >
L — =
3 woq 3
jg 0.6 o jg 0.6
o 'y 4 )
s 2 s
Q f > Q
s, \ ’ —_—
© i ot of ©
D o4 | S L 04 -
fu- » —
— 5 i—
Q zf (o}
£ » £
(I ‘pcﬁ : L
0.2 e 0.2 -
//
" 7’
//
4
0.0 T T T T 0.0
0.0 0.2 0.4 0.6 0.8 1.0

Predicted probability

Guo, Chuan, et al. "On calibration of modern neural networks." International conference on machine learning. PMLR, 2017.

Introduction

Acceptor site

conf(B) == ). B

n
Lyi = —Z log(@(ilx)) Ly =
i=1

1.0
—&— Original probability v
—e— Calibrated probability 28
,/
4 0.8
4 . 7
4
» A 2
7 \ —
, \ Q0
A1) 2
5 O 0.6 -
i O
// —
i :
7’ —
/ ©
[ L o4
F—
% Q
£
’ / L
[ 0.2
7’
T T T T 0.0
0.0 0.2 0.4 0.6 0.8 1.0

Predicted probability

SpliceAl-toolkit

Splam

1
acc(By,) = B Z 1y =yi)
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SpéiceAl-tOQlkit : Summary

1. Data preprocessing: sliding window chunking

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

3. Pretrained SpliceAI-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). SpliceAl-toolkit.
Manuscript in preparation. W https://ccb.jhu.edu/spliceai-toolkit/ (in preparation) 18
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https://ccb.jhu.edu/spliceai-toolkit/

Is canonical labelling approach correct?

DNA
RNA
I Alternative Splicing ]
1 2 3 4 5 1 2 4 5 1 2 3 5
MRNA sttty - T . s I s st =
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Exon | Exon A Exon A Exon A Exon
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I

I Splice junction 1

Donor Acceptor 19
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SPL}X)M : Data Processing

Donor: 400bp Acceptor: 400bp
1 ||
| . | | . 1
] 1
1 1
Intron : Intron Intron : Intron
1 ' 1 1 ! 1
Exon [ \ Exon | \ Exon [ |=Exon, ‘Exon
||I|||||||I|||||||||||||I||||Il||||||||_|||||||| NI I
|

I

1
I Splice junction I

Do}mr Acckptor

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/

Introduction SpliceAl-toolkit >  Splam @ 3
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SPLXJM . S

m
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plam Model Architecture
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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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SPLIXM . deep-learning splice site predictor

| Transcriptome assembly improvement |
D

| Score stability |

Poly-A capture Ribosomal RNA depletion
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Chao, K. H., Mao, A,, Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice
site predictor that improves spliced alighments. bioRxiv. ihttps://ccb.jhu.edu/splam/

SpliceAl-toolkit >  Splam @ 3

21
Future work

Introduction



SPLX)M : dee

p-learning splice site predictor

| Interpretability: ablation study |
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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/

SpliceAl-toolkit

Introduction
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SPL}XM : Summary

. LOSSCLE = = Z Iclass X log(Pclass)
* Better than Spll ' class€{donor,acceptor,neither}

* Generalize to nc

LOSSFL —_— = Z Iclass X (1 - Pclass)y X log(Pclass)

class€{donor,acceptor,neither}

Technical takeaways

0.0008 -

Focal loss improves cross entropy loss

0.0006 -

Learing rate warm up + sinusoidal decay

0.0004

Residual connection is powerful

0.0000

Grouped convolution helps (cardinality) o _maow zeoer oo

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 alighments. bioRxiv. ihttps://ccb.jhu.edu/splam/
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Future sequence models in genomics?

CNN or?

24
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Future sequence models in genomics?

CNN or/and Transformer?
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@ DeepMind m MetCI m % Hel ixon salesforce
Future? — Protein transformer-based models

OmegaPLM + OmegaFold
1 Helixon
Relatively mature ot oy
AlphaFold AminoBERT + RGN2 RFdiffusion ProLLaMA
DeepMind Harvard, Columbia uw . Pekllng li(“'
Senior et al., Nature Chowdhury et al., Nature Biotech Watson et al., Nature vetal, arXiv
Attention BERT ESM-1b ProteinMPNN |  ESM-IF1 ESMFold AlphaFold3
JUB + UdM Google Meta uw Mete Meta X Delep""'“d
Bahdanau et al., ICLR Devlin et al., arXiv Rives et al., PNAS Dauparas et al., Science | Hsu et al., ICML Lin et al., Science Abramson et al., Nature

t ¢ t 4 1) 4
2015 2017 2018 2020 2021 2022 2023 2024

oo
Transformer AlphaFold2 | MSA Transformer ESM2 & ESMFold
Google DeepMind Meta Meta
Vaswani et al., NeurlPS Juumper et al., Nature Rao et 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

25
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O DeepMind  Calico 5 ArcInstitute  |>InstaDeep™
Future? — DNA transformer-based models

We are not there yet.

S4 HyenaDNA
Re Lab, Stanford Stanford
Guetal, 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 Ji et al., Bioinformatics Poli et al., NeurIPS Nguyen et al., bioRxiv
(Y X
Transformer Enformer Species-aware DNA LM DNABERT-2
Google DeepMind + Calico TUM Davuluri Lab, SBU, NU
Vaswani et al., NeurIPS Avzec et al., Nature Methods Karollus et al., bioRxiv Zhou et al,, ICLR
Nucleotide transformer
Challenges: InstaDeep, Nvidia, TUM
1. Magnitudes longer compared to proteins Dalla-Torre et al., bioRxiv

2. Long-range dependencies & interactions spanning over 100k+ nt.
26
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Application? — Genome annotation

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

Review in Advance SegmentNT: annotating the genome at
ANNUAL REVIEW OF GENOMICS AND HUMAN GENETICS single-nucleotide resolution with DNA foundation models
Deep Lea rnlng Sequence MOdeI‘s for Transcrl ptlonal‘ Bernardo P. de Almeida, Hugo Dalla-Torre, Guillaume Richard, Christopher Blum,
Regulation Lorenz Hexemer, Maxence Gélard, Priyanka Pandey, Stefan Laurent, Alexandre Laterre,
Maren Lang, Ugur Sahin, Karim Beguir, ©2 Thomas Pierrot
Ksenia Sokolova?, Kathleen M. Chen?, Yun Hao?, Jian Zhou3, and Olga G. Troyanskaya’* doi: https://doi.org/10.1101/2024.03.14.584712
%024 JU(Jr

f
RECOMB-SEQ
' ‘ . Gene 1 Gene 2 Gene 3
/\CB &
- _'-— l l l
1 | | | \

O github.com/Kuanhao-Chao/LiftOn

Target genome T

@ ccb.jhu.edu/lifton Preprint coming soon!
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X @KuanHaoChao Q Kuanhao-Chao

[

Steven Salzberg Mihaela Pertea Anqi Liu Alaina Shumate Jakob Heinz Celine Hoh Alan Mao

e All members in Salzberg lab, Pertea lab  All friends at Malone & CCB * All friends at JHU Computational Biology Group

“If you think of mathematics as the perfect description language for

physics, then Al might be the perfect one for biology.”

Demis Hassabis, CEO of DeepMind, 2022


https://khchao.com/

