Pattern recognition in big data -
sequence analysis in the era of LLMs

scl\QT-BID

Valentyn Bezshapkin ETH:zurich
(@valentynbez)

SIGELEVERE] %%

ETH Zurich s

S



Definition of a sequence with examples

- Asequence is a set of objects which is listed in a specific order, one after another.

Examples of sequence data \

S h e — “The quick brown fox jumped
peech recognition over the lazy dog.”

. . . : _‘
Music generation @ — == 5_|:

: 4 ; “There is nothing to like )
Sentiment classification S —_— * * * *

DNA sequence analysis ~ AGCCCCTGTGAGGAACTAG —  AGCCCCTGTGAGGAACTAG

Machine translation Voulez-vous chanter avec —» Do you want to sing with
moi? me?
Video activity recognition i ' — Running
Name entity recognition Yesterday, Harry Potter —» Yesterday, Harry Potter
met Hermione Granger. met Hermione Granger.

Andrew Ng




Defining a sequence space




Sequence is a core concept in molecular biology
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Pairwise sequence alignment - a core method for comparison

Pairwise Sequence Alignment
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Assuming evolution is non-random, how
can we utilise knowledge about
sequence space for analysis?



Substitution matrix

e Introduced by Dayhoff et al. (1978)

e Log-likelihood calculation
Estimates the probability of mutation from globally aligned sequences
with = 85% identity & ;
e Evolutionary model assumption

Relies on a theoretical framework to understand sequence relationships Ma(qg;zrgf%%gc’ﬁ

e Short-term to long-term extrapolation PAM250 substitution matrix
Infers long-term evolutionary patterns from short-term mutation
observations

o Core concept

Models sequence relationships from observed "protein sequence space”
to inform future analyses
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Exponential growth of available sequence data

e The amount of available sequencing data continues to grow exponentially

e Sequence analysis is done via alignment
e The most recent substitution matrix for alignment was constructed almost 25 years ago

(VTML, Muller et al., 2001)

Number of entries in UniProtKB/TrEMBL
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Limitations of the sequence alignment

Sequence similarity # homology
Homology # functional analogy

CEL|T14G12 2aex4

| _ C ==
Sequence alignment may lead to an incorrect e
identification of protein relationships T —

B DME|Snap24
MMUISnap23  non-neuronal
SCE|SECY
CELIT14G12.2/aex-4

T ewronel

Difference between sequence similarity
and GO annotation of sequences

Chikina & Troyanskaya, 2011
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A timeline of protein comparison methods

Profile-profile alignments

Structural alignment BASIC, 1998
VAST, 1996 FFAS, 2000
Pairwise alignment algorithms DALI, 1996 prof_sim, 2002
Needleman & Wunsh, 1970 Structal, 1998 COMPASS, 2003
Smith & Waterman, 1981 CE, 1998 HHpred, 2005
1987 1997 2023
1970-80s 1996 1998
Profile-to-sequence alignment PSI-BLAST Embedding-based alignments
Gribskov et al., 1987 Atschul et al,, 1997 TM-Vec & DeepBLAST, 2023

pLM-BLAST, 2023
Embedding-based alignment (EBA), 2024
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Performance of different sequence comparison methods

e Profile/HMM/PSSM methods are more sensitive
than single-sequence comparison methods

e Profile-profile methods identify more homologs
than PSI-BLAST

e Structure alignment identifies more homologs
than profile-profile methods

CATH homolog coverage
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Modern computational representations of a protein
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Computational representations with prior knowledge

e

Structure }

L Embeddings
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Multiple sequence alignment
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- Computationally challenging )
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Multiple sequence alignment
- Uses heuristics

- Alignments are usually suboptimal W i i i i i i i i
]
e’\bo‘\ Q‘& t“

- Can be manually curated o y

- Not scalable & S
- Citizen-science was used (Borderlands
Science by Knight Lab)
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Coevolutionary information predicts protein structure
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Extracting contacts is fundamental for structure prediction
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From contacts to protein structure

- Contacts map are 2D

representation of a 3D protein
structure
- 3D is predicted from 2D map

Parallel contact Helix
" with Beta strand |

Antiparallel B-Sheet —
Parallel B-Sheet—

———— Alpha-Helix
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Computational representations with prior knowledge

e

Structure }

L Embeddings
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Embeddings



Embeddings are at the peak of popularity

® embeddings

Search term

+ Compare

Worldwide ¥ 01/01/2014 - 19/04/2024 ¥ All categories ¥ Web Search ¥

[«
N

Interest over time @
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Distributional semantics - perfect theory of language

- Aword is characterized by the company it keeps (Firth, 1950)

- Words that occur in the same contexts tend to have similar meanings (Harris, 1954)

- Meaning is learned by inferring how words co-occur in natural language (Kumar 2021; Sahigren 2008)
- This can be done by next-token prediction (Shannon 1948; Shannon 1951)

The model breaks effective communication
down into five elements:

( Receiver Destination

The person The element The way the The element The person

who decides that translates = | signal is that translates the message

on and creates the message delivered/ the signal was

the message into a signal carried back into a intended for
message

1 |

FEEDBACK
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Word embeddings

e Definition: Dense, distributed, fixed-length word vectors, built using word
co-occurrence statistics as per the distributional hypothesis.

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT
w(t-2) 4 w(t-2)
wit-1) < wit-1)

sum
3 o |wo ; il
v
<
wit+1) q w1
w(t+2) 4 w(t+2)
cBOwW Skip-gram

Figure 1: New model architectures. The CBOW architecture predicts the current word based on the

context, and the Skip-gram predicts surrounding words given the current word.

SN QUEENS

/r AUNT
MAN / KINGS
UNCLE
QUEEN \ QUEEN

KING KING

Figure 2: Left panel shows vector offsets for three word
pairs illustrating the gender relation. Right panel shows
a different projection, and the singular/plural relation for
two words. In high-dimensional space, multiple relations
can be embedded for a single word.

Mikolov et al., 2013
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Learning co-occurrence statistics via next token prediction

eating walking Z00
- 1 15% | 5% | .. | 0% |
Prediction
RoBERTa

Language Model
Random T T T T T T T
Masking The cat is [MASK] some food s

Input The cat is eating some food

24



Quick history of transformers



Recurrent neural networks dominated the field since 90’s

- Sequential input
- To evaluate the prediction the whole sentence had to be fed word by word
- Vanishing gradients

26



Trasformers address all problems of RNN

RNN based Encoder Transtormer's Encoder

Encoder

(Transtormer)
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Preserving context

Fully Connected layer

Convolution

Global attention

ry
#
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/

r 4
r 4

Local attention
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Preserving non-linear relationships

Can you me help this sentence to translate

[ T

Kannst du mir helfen diesen Satz  zu uebersetzen ?

Can you help me to translate this sentence

|

Kannst du mir helfen diesen Satz  zu uebersetzen ?
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Attention is all you need
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Attention iIs learnable

Weights
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Transformer - a cornerstone of modern sequence modeling

Residual connections
and layer n\orma\izati\om R
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Qutput
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‘\ X \\ Feed
A \ N Forward
Feed-forward network: : 4
after taking information from (= Add & Norm
orm 5
other tokens, take a moment to ~{add o ) Multi-Head
2 iy i \ Feed Attention
think and process this information v | Forward

T &
\}

) ) Nx
((Add & Norm ﬁ

~ Nx | (Agaan
Encoder self-attention: —_| [ Faaston )

4

£

Masked
~—s.| Multi-Head Multi-Head
tokens look at each other Attention Attention
, L - it 7
queries, keys, values § — ) L —/ )
are computed from Positional & d Positional
encoder states Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

T

/ Decoder-encoder attention:
target token looks at the source

queries — from decoder states; keys
and values from encoder states

Decoder self-attention (masked):
tokens look at the previous tokens

queries, keys, values are computed
from decoder states

Adapted from: https:/medium.com/@amirhossein.abaskohi/navigating-transformers-a-comprehensive-exploration-of-encoder-only-and-decoder-only-models-right-a0b46bdf6abe
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Encoder-decoder LLMs
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Attention has quadratic complexity

- Dimensionality of attention matrix
grows

- Quadratic complexity is the worst
complexity encountered in
practice

- First implementations (BERT) had
a limit of 512 tokens

- Various optimisations have been
proposed since (see
FlashAttention)

Layer: 8 14

At

the
store
she
bought
apples

At

7 the

store
she
bought
apples

- oranges

bananas

Big-O Complexity Chart
(Rorribie] (8ad) Fai | [Good) [EXEETIERE)

Elements
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Bridging information theory, linguistics and biology
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Protein sequence length does not limit LLMs

- 512 token limit captures 90% of P
known sequence space
- Long distance interactions are not IH“IH |
1 1 ol 1AL LAY LLIIAILNY l | | ] 51 .
solved problem within LLMs H'
(a) Short-range (b) Medium-range (c) Long-range
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Protein language models extract amino acid features

Unsupervised training provides
meaningful amino acid
representations

They correlate with
physicochemical qualities of the
residues

o
.

+F W

Rives et. al 2022

Biological property
% Negatively charged
B Positively charged

@ Hydrophobic
& Aromatic

® Polar

¥ Unique

Size

¢ Small (<120 Da)

® Medium (120-150 Da)
@ Large (>150 Da)
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Forward pass through pLM generates a protein matrix

1 2 3 Np le=Np =
L) L)
protein Wp g concat. Wp
MTSRR...KS >» i i

M T S S protein matrix

38



Embeddings are fundamental for good performance of LLMs

Unsupervised embeddings allow
LLMs to perform variety of tasks
without fine-tuning

Number of parameters allows for
more precise fit to the distribution
in sequence space and prediction
of the next token (perplexity)

Accuracy

100

Aggregate Performance Across Benchmarks

—o— Few Shot
—e— One Shot
80 —e— Zero Shot

60

40 ‘/_,/'

0
0.1B 04B 08B 1.3B 2.6B 6.7B 13B 175B
Parameters in LM (Billions)

Brown et al. 2020
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Neural networks compress data via unifying features

e Neural networks can be seen as data compression
algorithms

e Models learn unifying (compressed) features for multiple
different objects

Semantic Textual Similarity

I like my phone

Your cellphone looks great.
Will it snow tomorrow?
Hurricanes have hit the US
How old are you?

what is your age?

o
<
S

=
S
>
£
%)

o

Your cellphone looks great.
Will it snow tomorrow?
Hurricanes have hit the US
How old are you?

what is your age?

0.8

0.6

0.4

0.2

0.0
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Models learn contact maps as a form of data compression
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pLMs encodes structural features without supervision

-
.

e Contact map for the protein can be extracted via perturbation of the input (Zhang et al. 2024)
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Embeddings similarly to MSA incorporate evolutionary information

e Capture amino acid conservation and variant effects Compare pairwise potentials:
Ribosomal subunit protein RL29

(Marquet at el., 2022) 4

Spearman
e A high correlation of encoded signal with signal extracted 5] R=081
from MSA (Zhang et al., 2024) S ; ﬁi‘ :
- -2 . 0;-‘
4

2 -1 0 2
Inv. Covariance

\4
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~ —35M
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0.0 0.1 0203 04 0506 0.7
Spearman R
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Structure learning is well explained by model investigation
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Other downstream tasks for p

a) Thermostability GB1 - low vs high AAV - two vs many AAV - one vs many a)
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Substitution matrices from embeddings

e From raw embeddings
o pLM-BLAST (Kaminski et al, 2023)
o EBA (Pantolini et al, 2024)
o PEba (lovino & Ye, 2024)
o PLMSearch (Liu et al., 2024)

Substitution matrix Scoring matrix Possible paths
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pLM-BLAST highlights conserved structural motifs

conserved beta-hairpin D
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DEDAL - coevolution informed substitution matrix

Correspondence I Published: March 2008

BLOSUMG62 miscalculations improve search
performance

Mark P Styczynski, Kyle L Jensen, Isidore Rigoutsos & Gregory Stephanopoulos

Nature Biotechnology 26, 274-275 (2008) | Cite this article

Selecting a proper substitution
matrix is hard because
evolutionary relationships are
unknown

We can condition substitution
matrix on coevolutionary
information of input sequences
Significantly improves alignment
of distant proteins
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Other types of protein embeddings

Embeddings

Sequence Structure MSA Function
- ProtTrans [1] - Berger & Bepler [3] - AlphaFold 2 [5] - DeepFRI[7]
- ESM[2] - FoldSeek [4] - MSA-Transformer [6] - TransFun [8]

- ProsT5 (2023)
- SaProt (2024)
- ProSST (2024)

Elnaggar et al., ‘ProtTrans’.

Rives et al., ‘Biological Structure and Function Emerge from Scaling Unsupervised Learning to 250 Million Protein Sequences’.

Bepler and Berger, ‘Learning Protein Sequence Embeddings Using Information from Structure’.

van Kempen et al., ‘Fast and Accurate Protein Structure Search with Foldseek'.

Jumper et al., ‘Highly Accurate Protein Structure Prediction with AlphaFold’.

Rao et al., ‘MSA Transformer’.

Gligorijevic et al., ‘Structure-Based Protein Function Prediction Using Graph Convolutional Networks'.

Boadu, Cao, and Cheng, ‘Combining Protein Sequences and Structures with Transformers and Equivariant Graph Neural Networks to Predict Protein 49
Function’.
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Computational representations with prior knowledge
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Embeddings are predictive of structure

Protein language modeling

Structure emerges in the internal representations

P rOtTra n S ( E I n a g g a r et . a I ] 2 O 2 2 ) Pretraining self-supervision on sequences only. ~ —» of the network from the self-supervision
Omegafold (Wu et al., 2022) @

AminoBERT (Chowdhury et al., 2022) |
ESM (Rives et al. 2022; Lin et al. 2023)

8 : TRANSFORMER
o¥e REPRESENTATION =™
VIA SSL

OUTPUT GSGHMDKKYSIGLA

STRUCTURE PROJECTION
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MSA can be embedded - MSA Transformer

(a) (b)
Input MSA

MSA Transformer

Input MSA

12 layers, 12 heads per layer
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MKELIANIS <« : %3
1%} S
Hamming = 20 § =
(row attention, distance l nx : g 14“1 matrices
column attention) v 05 in total
g3
< d
|
Logistic 4 Column attentions |
model | i
Objective: fill in masked positions
(Tied) row attentions —» predicted contacts
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FoldSeek

TM-align is basically Needleman-Wunsch
algorithm ran over C-alpha atoms
FoldSeek is an embedding of protein
structures (C-alpha atoms + other features
into 20 states = 3Di alphabet

3Di alphabet is aligned using MMSeqs2
internals analogously to raw protein
sequences

Structure = vector of 20 states

(2) Extract features

(4) (Discretization) conversion to 3Di sequence

cos ¢y 5

cos ;3

cos .4

cos @5

cos ¢, 3

COS @3 4|

COS @3 5

d

fili=j)

fo(i-j)

Amino acid --Val--

3Di sequence - A -

Encoder

/:'-.

» Statel
28z

\

4 State2
o* 577
¢ State3

et M

7A
Decoder
1

. State21
o * r : z&‘ el

jcos @12

cos @ 5

Icos @ 4

CcOs @y 5

cos @ 5

COS @3 4

COS P35

d

fi(i=j)

f(i-})

(3) Search 3Di state library

(4) (Training) predict
features
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ProstT5

ProstT5 Pre-training

1. Span denoising
Learn 3Di & minimize forgetting

_, OO i _
O AA ) AA

2. Bi-directional translation
High-quality Learn sequence(—)structure

AFDB subset eooe 3Di_. . 9060 3Di
EE@) AA SE@) AA

ProstT5 Inference

A) Encoder-Decoder si-directional translation

HO()(.r3Di — i A —-S)HEXQ( . AA
“o— :

OE@C) AL — — (O 3bi

Encoder Iterative Decoder

B) Encoder—only ~4000x speedup over structure prediction

OO m —| |[-E- -0

ProstT5
Encoder

ProstT5

Embedding CNN

1.00]
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0.50 1

0.25 1

0.00 1

Fold

% Foldseek(3Di)

<7 Foldseek(p3Di)

7 Foldseek(p3Di-CNN)
MMseqs?2
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Task-specific vectors

PDB baseline
© e T = P

e 1.0

104

e DeepFRI (Gligorijevi¢ et al., 2021; Koehler-Leman et al., 2023)
o vector distance = functional similarity (GO ontology)
e TM-Vec (Hamamsy et al., 2023)
o vector distance = structural similarity (TM-score)
e Protein-Vec (Hammamesy et al., 2023)
o Aspect-Vec models for different ontologies (GO, EC, Pfam,
TM-score...) | 3 uy
o Protein-Vec derives unified protein vector from multiple "0 Suuctural similarity
Aspect-Vecs

c o
o [ec]
[ =
o o
D 9
umber of comparisons

Functional similarity
o
H

10t 3

o
)

10°
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DeepFRI - a function embedding from sequence and structure

~
ReLU
@ Y C,-C.<10A § 538 P39
L /J /’,..'-’\\g =3 94 & . - E
G “w g @ g f
X i
o 0)3 & p > vz
n‘w{ﬂ E]-d‘-zsa h“{E H]»u =512
network representation GCN Layer 2 GCN Layer 3 Y,
Input: Structure
Sequence
‘ contact map Output:
; JEEE— N (. D
i use M
A t RelU ® RelU sigmoid
L I ([
1 = S = ® o @ 600000991
S o K o
K =8 G S 1 d Yy @ E ® E . 60:0001591
G 7 R (i o — o — 0o —
R = o H & Py ®
e 3 ¢ 3 ° : PS @ 60:0003700
T M
1 : N °

\: iterate to build up sequence ) \_

a

Long-Short-Term-Memory Language Model Graph Convolutional Network

Gligorijevic et al., 2021

Trained on PDB and tested on protein models
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0.6
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0.2
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Sequence-structure-function relationship of proteins

larity

Functional sim

1.0

o
©

S
o

0.4

0.2

0.2

PDB baselme

0.4 0.6
Structural similarity

104

[
o
w

P
o
~N
Number of comparisons

10' 5

10°

Koehler-Leman et al.,

a Same structural motif, different function

Cluster 158

15 - MIP1_00279236 T @
('GO: 0016818, 0.47214, \
hydrolase activity, actmg on acid anhydndes .v
ing anhy 1=
(‘GO 0016462 0. 41686 \"
‘pyrophosphatase activity’) T
11 - MIP1_00261729 =5
('G0:0003779', 0.18622, {-\ \'}‘ o
‘actin binding') AN ,Q
('G0:0008092", 0.17409, ‘3_ ],
oS

‘cytoskeletal protein binding')

2023
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Interpretability of DeepFRI

calcium ion binding (GO:0005509)

Activation

1S3P-A: Function = GO:0005509

10

sl — gradCAM \

as{ —— BioliP \ : y \ -
04 \ r/ \

02

o0

Ny | /
- NS \Va
o 20 “© 60 80 100

Residues

\

GradCAM allows to visualize
regions important for prediction
GradCAM correlates with BioLiP
activation function

Precise mostly for binding
functionality
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TM-Vec & DeepBLAST

@ TM-Vec + DeepBLAST

Query sequence ——>

b Train TM-Vec model

Sequence X
H BN

Sequence Y

Input: pairs of amino acid

sequences

_

workflow

TM-Vec search: find proteins with
highest predicted structural similarity
(TM-score) to query

—_

b candd

Pretrained
language model

—_—
Hx

—_
Hy

(H)

Apply twin neural

Extract embeddings network ¢ to

© Build TM-Vec database

Sequence 1

| |

Sequence 2
H B

Sequence n

Input: large database of
n protein sequences
(SWISS-Prot)

embeddings
— _— — Z,
3 d
2
i3 %
=
—_— S —— 7, -
38
£ Z,,
4
s Nz z,

Extract vector
representation Z for
every sequence

© Run DeepBLAST to produce alignments for nearest neighbors

Similar protein 1
u

Similar protein 2
|

Similar protein k

Input: k nearest

neighbors with highest

predicted TM-score

Alignment with similar protein k

— 1

Produce DeepBLAST
alignment for k nearest
neighbors

Retrieve most similar
proteins, their

sequences and TM-
score:

Z,=9(H,)

Build database of vector
representations for N
proteins

DeepBLAST: produce a structure-
aware sequence alignment for most
similar proteins

Output structural

—
alignments

R —

s

le

2= ¢(H,)
similarity(Z, Z)

Compute cosine similarity of vector
representations of sequences
(predicting their TM-score)

d Run T™-Vec search by querying database

Similar protein 1

8 % [ ]

woone — [N —— 2 Simila protein2
ey |

= Zna Similar protein k
z, e W

Retrieve k nearest
neighbors with highest
predicted TM-score

Fast vector search + TM-
score prediction using
cosine similarity




TM-Vec (Hammamsy et. al, 2023)

b Train TM-vec model

_— . —~ - Take embeddings from pLM
H N — e H, .
S o R —— - Approximate structural
N m% — Si:nilarit;zx,z . . . .
S % . similarity from embeddings
e T ol without folding
- Outperforms FoldSeek on
CATH ID (Homology) homology identification task
TM-Vec (CATH) 88%
FoldSeek 85%
TM-Vec (SwissProt) 71%
ProtTucker (EAT) 71%
HHBIits 49%
MMSeq2 (E value of 1000) 36%
MMSeq?2 (E value < .01) 27%
Diamond 26%
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DeepBLAST (Hammamsy et. al 2023)

Annexin first domain

Aigeqoid wawubie anpisay

KYTRGTVTAFSPFDARADAEALRKAMKGMGTDEETILKILTSRNNAQRQEIASAFKTLFGRDLVDDLKSELTGKFETLMVSLMRP
SV----P-A---YFA-E---TLYYSMKGAGTDDDTLIRVMVSRSEIDLLDIRHEFRKNFAKSLYOMIQKDTSGDYRKALLLLCGG
Malidup Malisam

Method F1 score Number detected F1 score Number detected

BBBBB

IMMER 0020002 8 0,020 0,020

Needleman-Wi 00980010 234 00250003 129

vavavava h-Waterman

mmmmmm h-local 0.483 0,020 234 0.187£0017 129

FAST 0569 +0.026 234 0300 0,030 129

T™-al 05760024 234 03930031 129

Complements TM-Vec

Aligns pre-selected proteins
Outperforms sequence aligners, but
falls short from structure alignment
Partially alleviates the need to
compute structures

Properly classifies bacteriocins
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Bonus: LLMs for other sequence modalities
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DNA-BERT

o Promoter activity prediction

e

|dentification of promoter regions 20| Promoter

Identification of TF binding sites Pt ot o e

Prediction of functional genetic variants

Splice sites annotation
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Evo: foundational model for prokaryotic life

A B § -

GLU
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Evo executes a lot of downstream tasks

|Spearman r|

Zero-shot E. coli protein fitness prediction
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Zero-shot ncRNA fitness prediction
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Evo can act as a generative model

Count

A B :3 Base n;ogel C
retrained Evo TnpA
8k context 300
Transposase |bonuc|eoprote|n ( o
complex 200+
(XpeeeiXivt) PXN) 8 100+

J.I.LLI.LI.LL

A A

“

800

Count

Insertion — — 2. Finetuning task TnpB
Train model on ~2 kb 600
5 45 - 3 1S200/1S605 systems
3 —5 3 — 5 400
Genomic TnpA coding TnpB coding wRNA
target site sequence sequence (~200 bp) 20071
(~450 bp) (~1.2 kb)
— 0-

T
Design task: IS605 system (~2 kb)

D ESMFold pLDDT: 94
Protein identity to 8BF8: 47%

Protein identity fo training: 56% MFE = -64 kcal/mol

E-value = 5.6 x 102

ESMFold pLDDT: 79
Protein identity to 2EC2: 47%
Protein identity to training: 75%

.
Inferred
guide
RNA
I ESMFold model T ESMFold mode! lll ‘ T
PDB: 8BF8
I POB:2EC2 Ty (426 bp) n > WRNA (208 bp)

TnpB (1,164 bp) Nucleotide identity to ISCo1: 48%

Evo-generated IS605 system Nucleotide identity to training: 62%

[

% ldentlty to tralnlng

m

ISCco1

>

1SDra2 500 1500 2500

Entropy

500 1000 1500 2000 2500

ISCysp14  (E—————

1

500 1000 1500 2000 2500
Sequence position
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p TM-MAMBA - proteins with posttranslational modifications
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Disease and druggabillity prediction

Model Accuracy  Precision  Recall F1 Score MCC AUROC AUPRC
OneHot-WT 0.657 0.653 0.990 0.786 0.135 0.722 0.832
OncHot-PTM 0.656 0.652 0.990 0.786 0.13 0.722 0.832
ESM-2-650M 0.662 0.667 0.936 0.78 0.178 0.737 0.836
ESM-2.3B 0.593 0.681 0.676 0.68 0.122 0.531 0.656
PTM-Mamba 0.692 0.696 0.914 0.792 0,276 0.763 0.847
Model Accuracy  Precision  Recall  F1 Score MCC AUROC AUPRC
OneHot-WT 0.767 0.777 0.978 0,866 0,067 0.686 0.84
OneHot-PTM 0.767 0.777 0,978 0.866 0.067 0.687 0.84
ESM-2-650M 0.855 0.858 0.975 0.912 0.55 0.921 0.976
ESM-2-3B 0.5835 0.878 0.8790 0,891 0.545 0.851 0,942
PTM-Mamba 0.861 0.886 0.947 0.913  0.581 0.905 0.967
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pTM prediction
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PTM Annotations



