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Why do we want to formulate comp bio
tasks to NLP problems
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® Prior:

- NLP tasks can be solved by powerful language models (chatGPT, GPT4)

- These models provide prior knowledge obtained from millions of scientific articles
e | kelihood:

- Bio data is the likelihood. They often have small size.

Image from https://medium.com/swih/naive-bayes-2/c896012899



https://medium.com/swlh/naive-bayes-27c896012899

An example: movie recommendation system
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https://developers.google.com/machine-learning/recommendation/collaborative/matrix



More accurate recommendation if ratings are provided

Watch history Rating

® Decompose rating matrix can more accurately recommend
movies because ratings are more informative than watch history.

https://developers.google.com/machine-learning/recommendation/collaborative/matrix
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® More fine-grained, iInformative data leads to better downstream performance
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Can we get more fine-grained information!?



NLP (language models) for providing fine-grained
information

. Is fever a symptom of SARS

CD

Yes, fever is a common symptom of SARS (Severe Acute Respiratory Syndrome). SARS is
a viral respiratory illness that emerged in 2002 and spread to many countries, causing a
global outbreak. According to the World Health Organization (WHO), fever is one of the
main symptoms of SARS, along with cough, difficulty breathing, and other flu-like
symptoms. If you are experiencing these symptoms or are concerned about SARS, it is
important to seek medical attention promptly.

. Is fever a symptom of COVID

Yes, fever is a common symptom of COVID-19. COVID-19 is a viral respiratory iliness @ &P
caused by the SARS-CoV-2 virus, and fever is one of the most frequently reported
symptoms. According to the Centers for Disease Control and Prevention (CDC), a fever is
defined as a temperature of 100.4°F (38°C) or higher. However, it's important to note that
not everyone with COVID-19 will have a fever, and some people may have a fever that
comes and goes. Other common symptoms of COVID-19 include cough, shortness of
breath or difficulty breathing, fatigue, muscle or body aches, headache, new loss of taste
or smell, sore throat, congestion or runny nose, nausea or vomiting, and diarrhea. If you
are experiencing any of these symptoms or are concerned about COVID-19, it is important
to seek medical attention promptly.



Supervised classification
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® Features: determine where the data point locates
o (lass label: determine the “color’ of the data points

e (oal: find a decision boundary using features + class label

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eab6e00c | €8



() Class1

O Class1

Training of a text classifier

Is fever a symptom of SARS

Yes, fever is a common symptom of SARS (Severe Acute Respiratory Syndrome). SARS is
a viral respiratory illness that emerged in 2002 and spread to many countries, causing a
global outbreak. According to the World Health Organization (WHO), fever is one of the
main symptoms of SARS, along with cough, difficulty breathing, and other flu-like
symptoms. If you are experiencing these symptoms or are concerned about SARS, it is
important to seek medical attention promptly.

Is fever a symptom of COVID

Yes, fever is a common symptom of COVID-19. COVID-19 is a viral respiratory iliness
caused by the SARS-CoV-2 virus, and fever is one of the most frequently reported
symptoms. According to the Centers for Disease Control and Prevention (CDC), a fever is
defined as a temperature of 100.4°F (38°C) or higher. However, it's important to note that
not everyone with COVID-19 will have a fever, and some people may have a fever that
comes and goes. Other common symptoms of COVID-19 include cough, shortness of
breath or difficulty breathing, fatigue, muscle or body aches, headache, new loss of taste
or smell, sore throat, congestion or runny nose, nausea or vomiting, and diarrhea. If you
are experiencing any of these symptoms or are concerned about COVID-19, it is important
to seek medical attention promptly.

e Lbvery text paragraph (a pair of disease and symptom) Is a data

point

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eab6e00c | €8
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Can we get more fine-grained information!?



Predict if running nose is a symptom of SARS?

e Step |:obtain the feature by asking a question to chatGPT

e Step 2: use this feature to obtain the label based on the decision
boundary

‘ If running nose a symptom of SARS

Yes, a runny nose can be a symptom of SARS (Severe Acute Respiratory Syndrome),
although it is not one of the main symptoms. According to the World Health Organization
O V4 (WHO), the primary symptoms of SARS are fever, cough, and difficulty breathing.

However, some people with SARS may also experience other symptoms such as

7
O o , headache, muscle aches, and a runny nose.
O 7

,’ 0
O
O

O It's worth noting that a runny nose is a very common symptom of many other respiratory
infections, including the common cold and the flu, and is not a specific indicator of SARS.
If you are experiencing symptoms of a respiratory infection, it's important to seek medical

attention to determine the cause and appropriate treatment.

O
O
O

() Class1

(O Class1

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eab6e00c | €8



Recap and discussion

® Original problem: we observe the associations between some
symptoms and some diseases. VWe want to identify the missing
ones.

o NLP formulation: use chatGPT to obtain a text sentence between
every pair of symptom and disease and then classify sentence.

* Why it works! chatGPT might provide more informative features
from millions of scientific papers. (This I1s a hypothesis)

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eabé6e00c | 8



What other comp bio problems can be formulated to
NLP tasks?

® |f we have feature names, we can use chatGPT to append the
feature

e |[f we have class names, we can use chatGPT to convert class
labels to class feature vectors.

¢ |[f we have both, we can use chatGP T to obtain more labelled
data.

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eabé6e00c | 8



What other comp bio problems can be formulated to
NLP tasks?

‘ what is the role of TP53 in cancer

TP53 (also known as p53) is a tumor suppressor gene that plays a critical role in
preventing the development and progression of cancer. When functioning properly, TP53
helps to regulate cell division and promote the death of cells that are damaged or
abnormal, including cells that have the potential to become cancerous.

Mutations in the TP53 gene can disrupt its normal function and lead to the development
of cancer. In fact, TP53 mutations are among the most common genetic alterations found
in human cancers. When TP53 is mutated, it can no longer properly regulate cell division
or promote cell death, allowing abnormal cells to continue to grow and divide
uncontrollably. This can lead to the formation of tumors and the spread of cancer to other
parts of the body.

Given its critical role in preventing cancer, TP53 is a major focus of cancer research.
Researchers are working to better understand the mechanisms underlying TP53 function,
as well as to develop new therapies that can target TP53 mutations and restore its normal
function in cancer cells.

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eab6e00c | €8



Find problems with the same problem setting
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THE BAT AND THE CAT... FALL FLAT!

The Dark Knight Rises

Rating: PG-13 Length: 2 hr. 45 min.
Genre: Drama, Action & Adventure. o P S —
Directed By: Christopher Nolan. A FIRE WILL RISE

Written By: David S. Goyer, Christopher Nolan,
Jonathan Nolan, Bob Kane.

Starring: Christian Bale, Tom Hardy, Anne Hathaway,

Michael Caine, Gary Oldman, Morgan Freeman, Joseph
O n te n t- a S e Gordon-Levitt.

Four years after The Dark Knight knocked our
hd socks off with the late Heath Ledger’s dark
re C O m m e n atl O n portrayal of the Joker, Batman (Bale) is back on
our screens. Complete with old favourites such
as Alfred (Caine) and Commissioner Gordon
(Oldman), The Dark Knight puts them alongside
newbie’s to the franchise like Hathaway as
Selinal/Catwoman and Gordon-Levitt as Blake.
While Ledger’s scene-stealing performance is THE DARKIKNIGHT RISES
no longer here, The Dark Knight Rises offers the
audience an equally as disturbed character in
the form of Bane (Hardy), a masked bad guy set
on destroying Gotham City, eight years after
Batman brought down the Joker.

COMING SOON




What other comp bio problems can be formulated to
NLP tasks?

® |f we have feature names, we can use chatGPT to append the
feature

e |[f we have class names, we can use chatGPT to convert class
labels to class feature vectors.

¢ |[f we have both, we can use chatGP T to obtain more labelled
data.

https://towardsdatascience.com/logistic-regression-and-decision-boundary-eabé6e00c | 8



Annotation serves as basis for biological systems analysis

Chemical Compound

.....................................................

DrugBank Online
at your fingertips

Search our knowledge base for drug
interactions, pharmacology, chemical
structures, targets, metabolism, & more.
Download limited datasets, free for
academic & non-commercial researchers.

( Search now > >

DrugBank

....................................................
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Annotation serves as basis for biological systems analysis

Chemical Compound Transcription
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Download limited datasets, free for
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Sites of chromatin accessibility

E : defined by Tn5 insertion
( Search now > > 1 ¥

DrusBank i | Chromatin accessibility annotation
& (Nature Protocols 2022)

........................................................................................................
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Annotation serves as basis for biological systems analysis

Chemical Compound Transcription Histology

...............................................................................................................................................................

Transposition into native chromatin L1
[ : L6
7 WM
Post-transposition DNA fragment E E . ‘ 1, Cortical
- — ¥ Posterior Anterior BA46 (DLPFC)  |ayers
1 I
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' : barcodes and adapter components . Layer3
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.. D Layer6
Download limited datasets, free for b — ® Lo
academic & non-commercial researchers. i ! S~ __— O wwm
i : Sites of chromatin accessibility

i i defined by Tn5 insertion
( Search now > > 1§

DrusBank i Chromatin accessibility annotation Human cortex annotation :
s | (NatreProtocols2022) | (Nature Neuroscience 2021)

........................................................................................................

....................................................
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Annotation serves as basis for biological systems analysis

Chemical Compound Transcription Histology Humans

...............................................................................................................................................................

'
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DrugBank Online : © Laver
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! E barcodes and adapter components . Layer3
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Download limited datasets, free for | — O Lay
academic & non-commercial researchers. S~ __— O wm

Sites of chromatin accessibility

E : defined by Tn5 insertion
< Search now > > 1 ¥

DrusBank Chromatin accessibility annotation Human cortex annotation Electronic Health Records
$ | (Nature Protocols 2022) i i (Nature Neuroscience 2021) i i  (Nature Outlook 2019)

....................................................

............................................................................................................................................................

e Annotation is vital for biological systems analysis across multiple levels

20



Annotation with pre-defined Controlled Vocabularies

Gene Ontology

43,329 terms

C0:0008152

metabolic
process

C0:0044281 C0:0044238

CO:0071704

CO:0009058

small molecule primary organic :
metabolic metabolic substance blc:)sry:)rgter;esuc
process process metabolic

C0O:0005975 C0:1901576

carbohydrate organic
metabolic substance
process biosynthetic

g g S

C0:0005996 C0:0044283 C0:0016051

monosaccharid| |small molecule carbohydrate

e metabolic biosynthetic biosynthetic
process process process

C0:0019318 CO:0046364

hexose monosaccharid
metabolic e biosynthetic
process process

C0:0019319

hexose
biosynthetic
process

(Nature Genetics 2020)
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Annotation with pre-defined Controlled Vocabularies

Gene Ontology

C0:0008152

metabolic
process

C0:0044281 C0:0044238

CO:0071704

CO:0009058

small molecule primary organic : :
metabolic metabolic substance b|c:)sry(l)r‘1:tehsest|c
process process metabolic

CO:0005975 C0:1901576

carbohydrate organic
metabolic substance
process biosynthetic

C0O:0005996 C0:0044283 CO:0016051

monosaccharid| |small molecule carbohydrate
e metabolic biosynthetic biosynthetic
process process process

C0:0019318 CO:0046364

hexose monosaccharid
metabolic e biosynthetic
process process

C0:0019319
hexose

biosynthetic
process

(Nature Genetics 2020)
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of primary cells annotated with

Cell Ontology

Train a collection of
binary classifiers
T

Comprehensive training set

the Cell Ontology |
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Hierarchical cell type

o Neural
'/// K g .
) classification
Do

i

Expression profile Cell Ontology

Se uence Read ArChlve Parts of this figure use Servier Medical Art templates, which are licensed under a
q Creative Commons Attribution 3.0 Unported License; https:/creativecommons.org/licenses/by/3.0;

(iScience 2021,
Genome Biology 2020)
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Annotation with pre-defined Controlled Vocabularies

Gene Ontology Cell Ontology Enzyme Commission Ontology

....................................................................................................................................................................................................................

C0:0008152 : .
metabolic Comprehensive training set Train a collection of E : EC num be rs
process of primary cells annotated with binary classifiers P Enzyme Commission
the Cell Ontology i : : s
i i each enzyme has a 4-part numerical ID
co:0044281 [l co:0044238 [ co:0071704 [ CO:0009058 ey : | more than just a name, it gives you information
small molecule primary organic biosynthetic i P

substance
metabolic

metabolic
process

metabolic
process

about what the enzyme does & how

4 EC1.1.1.1

Blood ; s H
_— i ¢ main class -
® & - 1 1 cidored subclass
: Yo~ Neural Hierarchical cell type P B A often tells you often what type of
harid Il molecul bohyd : : 7\ (d eura g D i )
manosaccharid) [small molecul | | carbonydrate g ~ 3&{ dlassification i i 2 transferases ccosamnd e Bond ket on

process process process . : PN D ! 2 hydrolases
P @ A5 . A 8§ 4 lvases sub-subclass
G0:0019318 GO:0046364 ; - Epithglial P— - ' . 5. isomerases further classification
hexose monosaccharid ' : : : ®
metabolic e biosynthetic : : ﬂ % 6. Ilgases Se rlal number
| < I

process process 7.translocases

process

/—;'.J

C0:0005975

carbohydrate
metabolic
process

C0:1901576
organic

substance

biosynthetic

CO:0005996 C0O:0044283 C0:0016051

“just” makes it so each

G0:0019319 Expression profile Cell Ontology enzyme has its own
hexose 0 ' .
bic:)sryér‘l:tek;estic P Sequence Read Archive ¢ unigue EC number

(iScience 2021, (Genomics 2001,
Genome Biology 2020) BMC Bioinformatics 2000)

.....................................................................................................................................................................................................................

(Nature Genetics 2020)

e Current Annotation paradigm classifies instances into Controlled Vocabularies
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Limitations of using controlled vocabularies (CV)

New cell type

D
Epidermal

Epid I l
e CVs cannot annotate new discoveries ﬁ-aélﬁ'ﬂ‘ﬁaemm*fgf;fge"aﬁggodefgfggy'ggms
progenﬁors \ Yprecursors Betajcells
- New cell types are not in the cell type CVs el oy &
Ollgodendrocyte§ g . "’ . 83, Bladder
f/ Urothelial / 2 25 ' Itajcells cells # Hepatocytes
Astrocytes _/ . ﬂHepatocytesb
4 r
A End%al , Jro  fEndothelil
Epmaj ceIIs S%te

Epnthella’l'

ﬁ"s v

(Nature, 2018)

" Tecells -

Neurons
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Limitations of using controlled vocabularies (CV)

e (CVs cannot annotate new discoveries

- New cell types are not in the cell type CVs

® CVs might not be precise
- We don't have enough CVs

- One CV term fits many instances is too
coarse

4

‘ Epidermal 4 °
. -Ep'ﬂe.mﬂa' Endothelial Granulocytes
A+ Haematopoietic Oligodendrocyte

progenitors 7 recursors  Bétajcells
~/Goblet ' ‘:f-,,a_
%’ Ollgodendrocytes ) . *’*‘”' All?}'jz,a Bladder
E‘t" g@%ns cells

f Hepatocytes

Epidermal ‘;‘ B

anesenchymals',w" E"“%“" Vo '= -Enc;thlelial
= _ftT'IlaI f A B cells ‘{
pinell cells S?le"'te

i "’} 6 g;cglls 7
T cells J’ﬁ‘*-f- X-

4‘7"'

o :

Eplthella

Neurons

(Nature, 2018)
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Limitations of using controlled vocabularies (CV)

New cell type

lgr |
[ 3
Enil | Epmal &
) I I o — e Endothelial* Granulocytes
CVs cannot annotate new discoveries “,‘-ﬁw:'aematopoieﬁc B ocera s
: progenitors \ 7 recursors Betajcells
- New cell types are not in the cell type CVs ?‘-"@.fa,.et&‘,_ » o K
~ . "PR3j Bladder

" Deltaleells cells

® CVs might not be precise

f Hepatocytes

- We don't have enough CVs g T g TN e By g I

i

- One CV term fits many instances is too I

codarse %inal A 0

) - Fibioblasts ’ R 0

. . . .,),w eratinocytes

® CVs might not be expressive Epidermal '»_ ,,,,, f‘ :
. a'Mesenchymal ‘”)'Endg}‘%al T’ro- - -E d- heial
- Short phrase of one or two words might be - DO o e c'iffs Beols & Cnoothela

; . : Satellite
ambiguous Epithelial ,X % géf e
" Teells - ‘ g ol
Neurons

(Nature, 2018)

These three limitations become worse in large datasets and new technology
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Benefits of using sentences to annotate each data point

e (Vs cannot annotate new discoveries
- Generate sentences on-the-fly to describe new findings
e (Vs might not be precise

- The space of sentences is scaled to the space of new
biological datasets

e (Vs might not be expressive

- Sentences are much longer and expressive than phrase

Our solution: Translate biological instances into sentences

27



BioTranslator: A machine translation framework for
translating biological data to human language

Machine Translation
Input: A biological data instarice Output: sentence annotation

Gene expression .
_:-:l Ajcell found in the embryo before the
\ fgrmation of all the gem layers is complete.

Protein sequence

\ X% .
SYLERSGLAPLCAARAA ... VYAGFEEANG X L TETG removal of sugar residues from a
: glycosylated protein.

Pathway

Alcomplex network of interacting proteins
a:md enzymes is required for DNA replication.

28



BioTranslator: A machine translation framework for
translating biological data to human language

Machine Translation
Input: A biological data instance Output: sentence annotation

Gene expression
_:-:l A cell found in the embryo before the
\ formation of all the gem layers is complete.

Protein sequence

\ X% .
SYLLASGLERLCARRAA ... YVAGFELANG X SL The removal of sugar residues from a
X% glycosylated protein.

Pathway

A complex network of interacting proteins
and enzymes is required for DNA replication.

e |nput:Various biological data modalities, gene expression, protein,
etc

29



BioTranslator: A machine translation framework for
translating biological data to human language

Machine Translation
Input: A biological data instance Output: sentence annotation

Gene expression
_:-:l @ A cell found in the embryo before the
\ formation of all the gem layers is complete.

Protein sequence

\ X% .
SYLLASGLERLCARRAA ... YVAGFELANG X SL The removal of sugar residues from a
X% glycosylated protein.

Pathway

A complex network of interacting proteins
and enzymes is required for DNA replication.

¢ Output: Biomedical textual descriptions of input modalities

30



Three main applications of BioTranslator

Machine Translation
Input: A biological data instance Output: sentence annotation

Gene expression
_:-:l A cell found in the embryo before the
\ formation of all the gem layers is complete.

Protein sequence

SVLLRSGLGPLCAARAA ......VVAGFELAWQ S }':0‘ a4 The removal of sugar residues from a
2 glycosylated protein.

Pathway

A complex network of interacting proteins
and enzymes is required for DNA replication.

¢ Protein-to-text: Annotate new proteins

31



BioTranslator: A machine translation framework for
translating biological data to human language

Machine Translation
Input: A biological data instance Output: sentence annotation

Gene expression
_:-:l A cell found in the embryo before the
\ formation of all the gem layers is complete.

Protein sequence

\ X% .
SYLLASGLERLCARRAA ... YVAGFELANG X SL The removal of sugar residues from a
X% glycosylated protein.

Pathway

A complex network of interacting proteins
and enzymes is required for DNA replication.

¢ Protein-to-text: Annotate new proteins

e Single-cell-to-text: Discover new cell types

32



BioTranslator: A machine translation framework for
translating biological data to human language

Machine Translation
Input: A biological data instance Output: sentence annotation

Gene expression
_:-:l A cell found in the embryo before the
\ formation of all the gem layers is complete.

Protein sequence

\ X% .
SYLLASGLERLCARRAA ... YVAGFELANG X SL The removal of sugar residues from a
X% glycosylated protein.

Pathway

A complex network of interacting proteins
and enzymes is required for DNA replication.

¢ Protein-to-text: Annotate new proteins
e Single-cell-to-text: Discover new cell types

¢ Gene-pathway-to-text: interpretable analysis
33



Applications |:zero-shot protein function prediction

- ——————————————

Protein Embedding Gene Ontology (GO):

Dimension 2

Dimension 1 Score

(lvan Anishchenko, Nature, 2021)

* Current methods use the Gene Ontology as controlled

vocabularies
34



Gene Ontology has predefined hierarchical structures

oS EEN EEN BN EEN B SN B EEE B BN BN B e

oS EEN EEN BN EEN B SN B EEE B BN BN B e

g I EE S S S oy

small molecule I primary organic : :
metabolic Imetabolic substance b'%%'?er;i“c
process process metabolic

CO:0005975

carbohydrate
metabolic
process

organic
substance
biosynthetic

carbohydrate
biosynthetic
process

biosynthetic
process

e metabolic
process

monosaccharid
e biosynthetic
process

hexosq
metabolic
process

hexose
biosynthetic
process

(Nature Genetics 2020)

 Each term is a protein function class

43,329 terms
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Gene Ontology is one type of controlled vocabulary

oSt EEm Emm NN B B B B S B B B S S

oSt EEm EEm NN B S S B S B B B B S

g . o o

g Emm - - o o -

small molecule
metabolic
process

organic
substance
metabolic

I primary
Imetabolic
process

1

CO:0005975

carbohydrate
metabolic
process

organic
substance
biosynthetic

carbohydrate
biosynthetic
process

e metabolic
process

biosynthetic
process

C0O:0019318

hexose
metabolic
process

CO:0046364

monosaccharid
e biosynthetic
process

hexose
biosynthetic
process

(Nature Genetics 2020)

43,329 terms

e Current methods formulate it as a multi-label classification task

e Cannot predict novel functions
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Our solution: Translate proteins into textual descriptions

MAEAPQVVEIDP...... RPRSGTWPLP

Translator —»

MAEAPQVVEIDP...... TWPLPRPEFS

l
|
|
|
|
|
|
|
SVLLRSGLGPLG...... VWAGFELAWQ |
|
|
|
|
|
|
l
l

* |nput: Protein sequences
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Applications |:zero-shot protein function prediction

; Th_e series of molecula_r signals
; initiated by nodal protein......

MAEAPQVVEIDP...... RPRSGTWPLP

SVLLRSGLGPLG......WWAGFELAWQ Translator —» The removal of sugar residues

from a glycosylated protein.

Binding to a C5a anaphylatoxin

MAEAPQVVEIDP...... TWPLPRPEFS :
chemo-tactic receptor......

* Output Text: Protein function definition (Gene Ontology)

38



How we annotate new protein functions through translation?
Existing classes

GO:0015980:

The chemical reactions and pathways by which a cell
derives energy from organic compounds; results in the
oxidation of the compounds from which energy is
released.




How we annotate new protein functions through translation?
Existing classes

GO:0015980:

The chemical reactions and pathways by which a cell
derives energy from organic compounds; results in the
oxidation of the compounds from which energy is
released.

GO:00061 12: -
The chemical reactions and pathways by which a cell !
derives energy from stored compounds such as fats or |

glycogen.

* We require textual definitions for unseen classes

e We transfer annotations based on text similarities



How to embed the protein modality

PR L L L L T L L L L L L L L L L L L L R L L L L

Sequence
Sequence features
MTAEEMKATES CNN

> \

L. Description

Descrlptlon features
The protein PubMedBert
encoded by > >
this gene...

Network
Network features

Mashup /
>

.............................................................................................................................................................................................................................

We found using convolutional networks are useful



How to embed the textual descriptions

EE). EDEED.- (=ED- EAEED- 6
C B
‘ Masked Sentence A Masked Sentence B J \ \ Question - Paragraph /l
\ Unlabeled Sentence A and B Pair ) / . \ ‘\‘ Question Answer Pair /
Pre-training Fine-Tuning

(Jacob Devlin, 2019)

Gu:l /@R",@AD StarVEnd spu—\\l

GPT-2/3

(A Radford, OpenAl, 2019)
(T Brown, NeurlPS, 2020)

Progress in Pre-trained language models provide powerful tools

42



How to embed the textual descriptions

6&] /én”@um StarvEnd s":’\.

(E=ED- EIENED- 6 - M- M

,‘ Masked S A P Masked Sentence 8 | \ Question g  Poreoreeh )

\ Unlabeled Sentence A and B Pair /"" L \ ‘\ Question Answer Pair ) /
Pre-training Fine-Tuning

BERT GPT-2/3

(Jacob Devlin, 2019) (A Radford, OpenAl, 2019)
(T Brown, NeurlPS, 2020)

= 4+ | T~ T
\—— ‘_ ——————
N\ - = g/ ‘ BioGPT

/

\

<> N
o g | T
) Sl [ — .
pe o ’ source | prompt | target | source | prompt |

O Vocab
e
=
o

~— \_{ Domain-Spexific Pretraining from Scratch |'—/ [text] [we can conclude that) {the interaction betwoen A and B is R.J (iext] Ews caa conciuds g
PubMedBert BioGPT
(Yu Gu, ACM Transactions on Computing for Healthcare, 2021) (Zhilin Y, NeurlPS, 2019)

Progress in Pre-trained language models provide powerful tools
PubMedBERT is best aligned with our task 43



How to embed the textual descriptions

PEE I B B EEE B S S B S S

Mixed-Domain Pretraining
\ / Text Source / N\

’ \

1 GO: 0031116 \ @

Name: positive regulation of ./
| @

microtubule polymerization

Def: Any process that

activates or increases the = -
1 frequency, rate or extent of PublMe C DDDD PublMed mmmp|T 0
I . . . O O O
, microtubule polymerization. gD O 768
\ K FTo.0031116 € R
\ \ / \ )
TEemmssmee-— = < Domain-Specific Pretraining from Scratch _———mmmmmm—=

Output:

(Yu Gu, ACM Transactions on Computing for Healthcare, 2021)  (C ontextualized

embeddings

® Fine-tune PubMedBERT on 225 ontologies with 2,010,648 domain specific sentences

® [rain a bilinear model on the paired biological instance and textual descriptions
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Similar descriptions have similar annotations

1.0 —

O
o
I

=
o
|

O
I
|

Text-based
GO similarity

=
\
[

&
o

I I I | I
0-0.2 0.2-0.4 0.4-0.6 0.6-0.8 >0.8

Annotation-based
GO similarity

Annotation similarity: Jaccard similarity between annotation vectors

Text-based function similarity: BLEU score between textual descriptions 45



State-of-the-art protein prediction on novel functions

® Graph-based approach: clusDCA, MZSL-GCN, ML-ZSL
® Jext-based approaches: ProTranslator, VWWord2Vec, TF-IDF, Doc2Vec

GOA (Human) GOA (Yeast)
0.9 - 0.9 -
- BioTranslator - u L] BioTranslator
1 ProTranslator . . 1 ProTranslator
Word2Vec . . I Word2Vec
- n ML-ZSL ML-ZSL
08 q = | mEE TF-IDF 0.8 EEE TF-IDF
i I clusDCA I clusDCA
O B Doc2Vec O B Doc2Vec
O B MZSL-GCN O B MZSL-GCN
% 0.7 = C 0.7 -
-
< <
0.6 - 0.6 -
0.5 = 0.5 -
BP MF cC BP MF cC

e Substantial improvement on unseen functions prediction compared to
graph-based and other text-based approaches

* The only information we use is a short description of new functions
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AUROC

0.95
0.90
0.85
0.80
0.75
0.70
0.65
0.60
0.55

Number of annotated proteins

Improved performance on the few-shot setting

GOA(Human) BP b
- 0.95

} 0.90

0.85
. 0.75
0.70
0.65
] 0.60

AUROC

| D D D D D D B 0.55

1 3579 1113151719

GOA(Human) MF

o0t oeoe¢

|

=@= BjoTranslator (w/ BLAST)

@== BioTranslator (w/o BLAST)
wm@= DeepGOPlus
@@= DeepGOPlus

w/ BLAST)

(
(w/o BLAST)

P & 1 & 1 1 "1

1 357 9 1113151719

Number of annotated proteins

Large improvement on Sparsely annotated functions
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Generate a textual description for a novel pathway

BioTranslator

Generated text for GO:0046471
phosphatidylglycerol metabolic process

BioTranslator

The chemical reactions and pathways resulting
in the formation of phosphatidylethanolamine,
any of a class of glycerophospholipids in which
a phosphatidyl group is esterified to the
hydroxyl group of ethanolamine.

Generated text for GO:0031116
positive regulation of microtubule polymerization

Any process that activates or increases the
frequency, rate or extent of microtubule polym-
erization or depolymerization.
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Generate a textual description for a novel pathway

GO:0032588

Our generation

the lipid bilayer surrounding a vesicle transporting
substances between the trans - golgi network and other
parts of the cell .

Ground truth

the lipid bilayer surrounding any of the compartments that
make up the trans - golgi network .

GO:0048738

Our generation

the process whose specific outcome is the progression of
a cardiac cell over time , from its formation to the mature
state .a cardiac cell is a cell that will form part of the
cardiac organ of an individual .

Ground truth

the process whose specific outcome is the progression of
cardiac muscle over time , from its formation to the
mature structure .

Take away:

BioTranslator can generate texts with high fidelity
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Application ll: classify single cell data into unseen cell types

Cell type controlled vocabularies Cell type embedding Cell embedding
from Cell Ontology using text using expression
i )

.

O ®\
O - s . L °.':.
Q!

o 00o PUbMedBERT ~N *’
O OO0 | | |

, P
User-written text : ubme . { . %%s
\‘./ )
. . J. P . (@)
A cell that constitutes the mesophyll of a hydath- o . o" i0 o
ode and is located between the xylem endings and % PubMedBERT o 3 <‘
O O
o, [
b, e® oo -

VWe can now classify any biological instance into any unseen class,
only with proper textual descriptions.
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How to embed the protein modality

.........................................................................................................................................................................................................................

Meta-dataset ' (//A \'l A\\\
Annotated experiments <N Unannotated experimer Ak \\{\' ;’7

\\»«
//A\‘*:‘o"r' ‘\ Nt ‘ “‘ w»//

. Genes Celltypes &I Genes & .“«% R ,/.\\\,“;:"» ’ S ’g,u, X
Ch = g i ;;;,,.y/ \x”:’ffl,’ R0 ¢'.~.5\’.:;.«:,«/ \,¢y

Al - B it oA e sy sl v Wl ».
5o = 2. VNS AW WS e
2 3 — s E’ ] X ol q’,’é‘)\\ //« \,\\“6{,"’)):&«“}‘»'”’(‘1’\)’ \\ //““'
c ] - ® 7 IO

£ . R -/”\\\V}', /,’,,i',i‘%\\,v//,*\

- g o‘\\' V//'o

Single Cell

........................................................................................................................................................................................................................

We found using MLP layers to embed single cell data are useful
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Application to single cell analysis

B BioTranslator HEE Logistic Regression (reject) WM SVM (reject) 1l ACTINN

Tabula Muris
1.0 - AUROC > 0.9

0.9 -

0.8 —
0.7 =
0.6 —

AUROC

0.5 -
0.4 —

0.3 -

0.1 03 05 0.7 0.9
Ratio of unseen cell types

Task: classifying single cell into unseen cell type using cell type definitions

X-axis: ratio of unseen cell types in the test set
Y-axis: AUROC
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Single cell analysis in cross-dataset classification setting

AUROC(all) AUROC(unseen)

Tabula Muris (Droplet)
Tabula Muris (FACS)

Tabula Muris (Droplet)
Tabula Muris (FACS)
Tabula Microcebus Tabula Microcebus

Tabula Sapiens Tabula Sapiens

Lemur1 Lemur1
Lemur2 Lemur2
Lemur3 Lemur3
Lemur4 Lemur4

Lemur1
Lemur2
Lemur3
Lemur4

Tabula Sapiens
Tabula Sapiens

Tabula Muris (FACS)
Tabula Microcebus
Tabula Microcebus

0
@)
<
=
Q0
=
=
L
-
Qo
@©
-

Tabula Muris (Droplet)

=
Q
Q
o
)]
S
L2
p—
S
=
<
S
Il
©

Bio Translator obtained a prominent result on classifying unseen cell types
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ldentify markers for unseen cell types

Bl Secen cell types
Bl Unseen cell types

AUROC

Bio Translator accurately identified marker genes for unseen cell types
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Construct cell-type-marker-gene network

Structural molecule activity /

pro-T cell

CD44

Find the enriched GO term for each community
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1.0

0.8

0.6

0.4

0.2

0.0

BioTranslator (AUROC = 0.81)

Application lll: pathway membership identification

Reactome node classification

» BioTranslator
— «  Word2Vec

| | I | |
0.00 025 0.0 0.75 1.00

Word2Vec (AUROC = 0.71)

o

O o -
o)) o o

BioTranslator (AUROC = 0.74)
o
N

KEGG node classification

+ BioTranslator
«  Word2Vec

| | | |
0.4 0.6 0.8 1.0

Word2Vec (AUROC = 0.69)

()

—
o

o
(ol

o
~

BioTranslator (AUROC = 0.67)
o o
() o))

PharmGKB node classification

+ BioTranslator
«  Word2Vec

025 050 075 1.00
Word2Vec (AUROC = 0.60)

Three pathway databases: Reactome, KEGG, PharmGKB
Task: classifying genes into pathway using pathway description
X-axis: the performance of baselines.
Y-axis: the performance of Bio Translator
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Application lll: pathway edges prediction

KEGG edge prediction

o
1

O
o
|

O
~
|

O
N
|

BioTranslator

y Word2Vec
| | | |
0.25 050 0.75 1.00

Word2Vec (AUROC = 0.73)

BioTranslator (AUROC = 0.79)
>
|

Three pathway databases: Reactome, KEGG, PharmGKB
Task: classitying genes into pathway using pathway description
X-axis: the performance of baselines.

Y-axis: the performance of Bio Translator
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Transfer learning from GO term to pathways

Reactome +  KEGG
GO term GO term MSigDB
— 1.00 1.00 GO term — 1.0
o Toak [
L 0.95 % » - 0.95
. #é & AT g FEa — 0.9
~ o e
. Y - 0.90 & ) : [
" n 8 5 -5 8 — 0.8 8
; " L 0.85 (T Kiw * » - 085 @ e«
2 il . ». =
< e A < g %y S TR > . - 07 <
¥ K od LY e g
- 0.80 . P s ¢ £ — 0.80 . : P 5 5% i A MO
o o % W W W N yoy JkiS SN e s
w ~ . u  ° 4 3 g v l-‘. 2 e ool :u .: 2 ok e N f'
=z 3 - 0.75 Lél ; ..~ ‘Ag x - ;’b 0.75 % o R S I 2 e - 9o
G , g . * =g R A
. S.A | IS N . L B g
—L 0.70 0.70 — 05
t-SNE 1 t=SNE 1 t=SNE 1

® J[rain BioTranslator using GO term
o Use this model to classity genes into pathway based on pathway description
® Pathways that are closer to GO term have higher prediction accuracy
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Precision annotation for interpretation

Pathway:

Endocrine and other factor-regulated
calcium reabsorption

Textual Description

Calcium (Ca2+) is essential for numerous physiological functions including intracellular signalling processes, neuronal excitability, muscle contraction and bone formation. Therefore, its homeo-
stasis is finely maintained through the coordination of intestinal absorption, renal reabsorption, and bone resorption. In kidney, the late part of the distal convoluted tubule (DCT) and the connecting
tubule (CNT) are the site of active Ca2+ transport and precisely regulate Ca2+ reabsorption. Following Ca2+ entry through TRPV5, Ca2+ bound to calbindin-D28K diffuses to the basolateral side,
where it is extruded into the blood compartment through NCX1 and to a lesser extent PMCAT1b. In the urinary compartment, both klotho and tissue kallikrein (TK) increase the apical abundance of
TRPVS. In the blood compartment, PTH, 1,25(0OH)2D3 and estrogen increase the transcription and protein expression of the luminal Ca2+ channels, calbindins, and the extrusion systems.

Gene:
PRKACB

Textual Description

Protein Kinase C Beta. ...... This protein kinase
has been reported to be involved in many different
cellular functions, such as B cell activation,
apoptosis induction, endothelial cell proliferation,
and intestinal sugar absorption. Studies in mice
also suggest that this kinase may also regulate
neuronal functions and correlate fear-induced
conflict behavior after stress.

1

Gene:
ATP2B4

Textual Description

The protein encoded by this gene belongs to the
family of P-type primary ion transport ATPases
characterized by the formation of an aspartyl
phosphate intermediate during the reaction cycle.
These enzymes remove bivalent calcium ions
from eukaryotic cells against very large concentra-
tion gradients and play a critical role in intracellu-
lar calcium homeostasis. The mammalian plasma
membrane calcium ATPase isoforms are encoded
by at least four separate genes and the diversity of
these enzymes is further increased by alternative
splicing of transcripts. ...... This gene encodes the
plasma membrane calcium ATPase isoform 4.

PRKCB

I R KACB

RAB11A

/)
7/ CALB1

PRKACA
/

ATP2B2

=

X

ATP2B3

v '/\\

ATP1B1

A SLC8A1

‘\\/l//

-4/ -

7/
/7
/7
/

ATP1B4 /

FXYD2

ATP1B3

' LA SLCSA3 —

Vo) conoy ‘ .

ATP1A3
ATP1A1

\\ ATP1B2

ATP1A4

7

7/ Gene:
SLC8A1

\

o

Textual Description

The increase in Ca(2+) concentration during contraction is
primarily due to release of Ca(2+) from intracellular stores.
..... During relaxation, Ca(2+) is sequestered within the
intracellular stores. To prevent overloading of intracellular
stores, the Ca(2+) that entered across the sarcolemma
must be extruded from the cell. The Na(+)-Ca(2+)
exchanger is the primary mechanism by which the Ca(2+) is
extruded from the cell during relaxation. ...... The
exchanger is the dominant mechanism in returning the
cardiac myocyte to its resting state following excitation.

Textual Description

Estrogen Receptor 1. This gene encodes an estrogen
receptor, a ligand-activated transcription factor composed
of several domains important for hormone binding, DNA
binding, and activation of transcription. The protein
localizes to the nucleus where it may form a homodimer or a
heterodimer with estrogen receptor 2. Estrogen and its
receptors are essential for sexual development and
reproductive function, but also play a role in other tissues
such as bone. Estrogen receptors are also involved in
pathological processes including breast cancer, endometrial
cancer, and osteoporosis.

biological text

Perturb biological data features and see the perturbation in the corresponding

mportant words (highlighted) are robust to perturbation in the biological data
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Conclusion

® Annotate biological instances by generating descriptive sentences
- Annotate new discoveries, more expressive, more precise

® Fine-tune large pre-trained language model on 225 ontologies
- Significant iImprovements compared to ProTranslator

e Applications on protein function prediction and single cell analysis
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Future work

More paired data to be collect

- Collect data from scientific literature

More powerful methods for long text embeddings

- Descriptions of complex biological process up to |,000 words
- More Interpretability for embedding space

Exploit current pre-trained model for different modalities

- Pre-trained models: Protein, Molecule, Text, Single cell, ...

- Explore how to integrate them together

Explore translations between protein structure and text
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