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= Zhang et al., EquiPocket: an E(3)-Equivariant Geometric Graph Neural
Network for Ligand Binding Site Prediction, ICML 2024

= Lietal., Contextual Al models for single-cell protein biology, Nature Methods,
2024
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=FL Background-Binding Site/Pocket T4

The Core Problem

Binding site

Predicting the binding sites of target proteins.

It is a fundamental step in modeling drug discovery
* Protein-ligand docking tasks.
» Structure-based molecular generation
* Understanding biological interactions in living systems

Problem Statement. Given a protein Gp = (V,, E., Ep), the model f(Gp)
Is required to predict the atoms of binding sites: V; € V,,.



=pr. PYEVious works

Geometry-Based
Examples: Fpocket, LigSite

Exploit hand-crafted
geometric algorithms to find
hollow spaces. Limited
expressivity

Machine Learning

Examples: P2Rank

Use Random Forest with

surface geometry features.

Still relies on hand-crafted
descriptors

EPFL AT A GLANCE 5

Deep Learning (CNN)

Examples: DeepSite, DeepSurf

Treats protein as a 3D image
(voxelization). Currently the
dominant approach but has
flaws



. Limitations of CNN-based Methods - ¢

.

(a) CNN-based methods

Irregular Structures: Regular voxels struggle to
model the naturally shape of proteins. (fixed
box)

Rotation Sensitivity: Rotation changes the
input, confusing the model.

Surface Coarseness: Voxel grids are too
coarse to capture the fine-grained geometry of
surface atoms.

Size Shift Unawareness: Fixed grid sizes often
cut off large proteins or waste space for small
ones.



=rr._'The Proposed Method: EquilPocket

Key Innovations
EquilPocket is an E(3)-equivariant GNN that addresses previous limitations

= Graph-based: naturally handles irregular protein

Protein Atom
Surface Probe
.+ |@ Binding Site

= Equivariant: Insensitive to rotation and translation

= Surface-centric: Specifically models surface
geometry using probes

= Adaptive: Uses dense attention to handle
variable protein sizes

Chemical Info ‘- . Local Geometry



= Preliminaries & Definition g

Protein Graphs

= Protein Graph Gp = (Vp, Ec, Ep): Nodes
Vp are atoms, edges E. are chemical
bonds and E}, are spatial neighbors

Surface Probe Set

= A set of 3D coordinates generated by
rolling a solvent probe (e.g., water)
across the protein surface (alg. MSMS)
o x; € R3:1ts 3D coordinate.
o p; € V,: The index of its Nearest
Protein Atom.

Surface Graph

" G = (W, E5): V, = {p;} (Nearest Protein
Atoms).

E(3)-Equivariance

= A function f is equivariant if
transforming the input transforms the
output similarly:

flg-X)=g fX)
= |nvariant: f(g - X) = f(X)

Solvent Excluded Surface  Surface Probe s; = (x;, p;)

-
C '~

Surface Graph

~ -
N e e e

(2)



=r. EQuilPocket Overview :

Three modules: Local Geometric Modeling, Global Structure, Surface Message Passing Modeling

o —— o ——— —— — o — " —— — — i — o —— — ——— —— ——— ——

a)Local Geometric Modelin ) )
Surface Probe Set S ( ) g : Protein Atom Surface Probe

Cluster Surface Probe to Atom
I (c¢)Surface Message Passing

Get Surface Probe Geometric

Surface-Egnn Layer %
Y ‘

Aggregate->Surface Atom

; !
concat( g, c” l:> Surface-Egnn Layer —
1 '

Protein

Dense Attention Output [ Predict Relative Direction

Filter Atom in Surface
i /\ LT

Spatial Graph Model
P P Embeddingh¢"!|| Position X out

i

Topological Graph Model

Ligand Atoms -

Protein Graph
gP (b) Global Structure Modeling Relative Direction of Nearest Ligand Atom



=rr.  [VIodule 1 - Local Geometric Modeling 10

irtual points(balls)
Extracting Surface Features (context) Surface Probe /

= Collect surrounding probes S; = {s; = (x;,p;) €
S |p; = i} for each surface atom i € V%.

Geometric descriptor g;

-
~, -
L T

= For each surrounding surface probe s; € §;, we first
search its two nearest surface probes from s as s;,

— a

ands;,, X; = mean(S;) . (a)

Ljjp = Lj — Ljy, Ljjp = Lj — Ly, Lj,center = Lj — Liy

Surface Atom Surface Probe ‘ Surface Center

& j protein — &Lj — &, Lcenter,protein — Li — L. jcefiter \
X zjj | ®jy nearest|
Q(Sj) — [HmthZv ijj2H27 £y, Vol e ’ I
ol J 41

||$j,centerH2a Hm_j,protein||2a ||$pr0tein,centerH27 42]3 ‘,/42 // \\\

N

xcenter,pl‘otein Il ’,.CE ) . \ i
1,2 Lj,protein s :

41 _ H 3333“1 ‘TJJQ H 42 — L j center " Lcenter, protein v Ljj2 \ Lj2 nearest;
Tjjr1 1211 Tjjo 112 ||mj,center||2chenter,protein||2 ZT; !

gi :[POOIiDg({MLP(Q (Sj ))}Sj €S; ) ) (b)
MLP(Pooling{(g(s;))}s,es.)]. Compute relative distances and angles between probes




zrr. Mlodule 2 - Global Structure Modeling

Chemical-Graph Modeling

= Uses GNN to process chemical {c}ievs
features (atom types) and chemical
bonds

{ci}ieve = GNN({ci}icvs, o),

Filter Atom in Surface

i

Spatial Graph Model

i

Topological Graph Model

Spatial-Graph Modeling

= Uses EGNN to incorporate 3D
coordinates x; and spatial edges.

{ci }ieve = EGNN({z;, ¢; }iev,s,€D).

» This captures the global structural
context of the protein.



=pr. VMlOdule 3 — Surface Message Passing 12

concat([c", g])

We perform equivariant message passing 3
exclusively on the Surface Graph to refine
features. Surface-Egnn Layer

Surface-EGNN Layer || ..

= Input: Invariant features h(®) = [¢”, g] and T
coordinates X;(0) = [x;,x;].

Surface-Egnn Layer

l
mi = b (RO, B, (X0, X0),e1)). !
Dense Attention Output [
h(l+1) = o (h(-l) Z m)
. "LajenN@) )
I4+1 l l l
XD Z x® 4 |ZJ€N() @) - 2D)s(mi), / \
- out " t
where ¢.,, ¢n, ¢, are MLPs, and Embeddlnghi Position X 7;0 “

T X X = [l || s L |28 s Lot » Z s Lol



=pr. VMlOdule 3 — Surface Message Passing 13

Challenge: A fixed receptive field causes over-smoothing
in small proteins and insufficient coverage in large ones.

Dense Attention Output Layer.

1. Calculate the density of neighbors at different hop distances n; T o
$ (@)
o HieVe|0< |z — )] <10} e

S Np ’ ; JT

0 1 L Concat
niz[ng),ng),---,ng ),NP]ERLJr2 o
2. An MLP generates attention weights a; to adaptively } j:i::i :

balance information from different GNN layers. . =
a; = Sigmoid(¢,(n;)) '

hZO_ut — COHCElt(a’iOh'EO)) ceey a’ithL))’

1 L
out __ (1)
= B L+1 Zl:OXZ ’

________________




=rr. 'Training Objectives

Binding Site Prediction
* Binary Classification: label y =1: surface atom i is within 4A of a ligand.
y; = Sigmoid( MLP(h{'"))

= Loss: Dice Loss (L) handles class imbalance effectively.

Relative Direction
= Auxiliary Task: Predict the unit vector direction d; from atom x; € G, to

the nearest ligand atomm;. d, = =% N et
s T el 4T

* Loss: Cosine Similarity Loss(L )

Total Loss
L=L,+ Ly,
= Combines semantic segmentation with geometric regression

14



-pr.  EXperimental Setup 5

Evaluation Metrics
Datasets = DCC: Distance between the
predicted and true binding site
Dataset Role = Number of Description center. (Success if < 4A)
Binding

— | = DCA: Shortest distance from

scPDB - Trainin 1 ~16k entries, predicted center to any ligand atom
g curated
binding sites

Failure Rate: % of proteins without

ACH42 Testing 1,2,3.45... Standard o
COAC esting 1,2,3,4,5 Standar any binding site center

0 benchmark(mli
g subset) AR
_ |{Predicted sites | DCC/DCA < threshold}|
HOLO4K  Testing 1.2,3,4,5...  Larger, more Success Rate(DCC/DCA) = |{True sites}|
complex
proteins

|{Protein|predicted binding center = (}|

Failure Rate =
Arre fate [{Protein}|
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=rr.Comparison with SOTA 16
EquilPocket outperforms geometry-based, ML-based, and CNN-based methods
Param  Failure COACH420 HOLO4K PDBbind2020

Methods Type

(M)  Rate | DCCtH DCA?T DCCtH DCA?T DCCtH DCA?T
Fpocket® Geometric-based \ 0.000 0.228 0.444 0.192 0.457 0.253 0.371
P2rank® Machine-learning \ 0.000 0.366 0.628 0314 0.621 0.503 0.677
DeepSite® 1.00 \ \ 0.564 \ 0.456 \ \
Kalasanty" CNN-based 70.6 0.120 0.335 0.636 0.244 0.515 0416 0.625
DeepSurf" 33.1 0.054 0.386 0.658 0.289 0.635 0510 0.708
RecurPocket® 21.2 0.075 0.354 0.593 0.277 0.616 0.492 0.663
GAT Topological 0.03  0.110  0.039(0.005) 0.130(0.009) 0.036(0.003) 0.110(0.010) 0.032(0.001)  0.088(0.011)
GCN Graph 0.06  0.163  0.049(0.001) 0.139(0.010) 0.044(0.003) 0.174(0.003) 0.018(0.001)  0.070(0.002)
GCN2 0.11 0466 0.042(0.098) 0.131(0.017) 0.051(0.004) 0.163(0.008) 0.023(0.007) 0.089(0.013)
SchNet Spatial 049  0.140  0.168(0.019) 0.444(0.020) 0.192(0.005) 0.501(0.004) 0.263(0.003) 0.457(0.004)
Egnn Graph 041 0270 0.156(0.017) 0.361(0.020) 0.127(0.005) 0.406(0.004) 0.143(0.007)  0.302(0.006)
EquiPocket-L 0.15 0552  0.070(0.009) 0.171(0.008) 0.044(0.004) 0.138(0.006) 0.051(0.003) 0.132(0.009)
EquiPocket-G Ours 0.42 0.292  0.159(0.016) 0.373(0.021) 0.129(0.005) 0.411(0.005) 0.145(0.007) 0.311(0.007)
EquiPocket-LG ‘ 0.50 0220 0.212(0.016) 0.443(0.011) 0.183(0.004) 0.502(0.008) 0.274(0.004)  0.462(0.005)
EquiPocket 1.70 0.051 0.423(0.014) 0.656(0.007) 0.337(0.006) 0.662(0.007) 0.545(0.010) 0.721(0.004)
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=rr. Case study

based, and CNN-based methods

EquilPocket outperforms geometry-based, ML

(1,572 Atoms)

PDBbind: 5ei3

PDBbind: 1f8¢ (12,268 Atoms)

DeepSurf

‘ Ligand ‘EquiPocket ‘ Fpocket ' Kalasanty




=rr. Ablation & Size Shift Analysis

18
EquilPocket outperforms geometry-based, ML-based, and CNN-based methods
Param Failure COACH420 HOLO4K PDBbind2020
Methods Type
(M)  Rate | DCC?t DCA* DCC?t DCA* DCC?t DCA?
EquiPocket-L 0.15 0.552  0.070(0.009) 0.171(0.008) 0.044(0.004) 0.138(0.006) 0.051(0.003) 0.132(0.009)
EquiPocket-G Ours 0.42 0.292  0.159(0.016) 0.373(0.021) 0.129(0.005) 0.411(0.005) 0.145(0.007) 0.311(0.007)
EquiPocket-LG 0.50 0.220  0.212(0.016) 0.443(0.011) 0.183(0.004) 0.502(0.008) 0.274(0.004) 0.462(0.005)
EquiPocket 1.70 0.051  0.423(0.014) 0.656(0.007) 0.337(0.006) 0.662(0.007) 0.545(0.010) 0.721(0.004)
The protein size shift and model performances for proteins of various sizes
e I8 Y1 — Protein (0 < atoms <= 1k) 0175 —— Fpocket
Coach420 —+— Protein (3k < atoms <= 4k) // —e— Kalasanty
«— ScPDB os{ —=— Protein (6k < atoms <= 7k) 0.150 Equi .
- EquiPocket (w/o Dense Attention)
—=— Holo4k . R
| 0.125 4 === EquiPocket (w/o Direction Loss)
—+— PDBbind

0

10'00 20'00 30'00 40'00 502)0 GObO 70'00 80'00
The number of atoms within a protein

(a)

Per of atoms within cutoff

0.0 4

Average DCC with data distribution

4

Depth of surface-egnn

(b)

0.100 A

o
=]
~
v

o
o
w
=]

o
o
N
w

0.000 A

EquiPocket

0 1000

2000 3000

40'00 50'00
The number of atoms within a protein

(c)

6000 7000 8000




== OUMmMary: Positive & Negative 19

EquiPocket is an E(3)-Equivariant Graph Neural Network (GNN) that leverages
a dual-graph architecture (atomic and surface) to integrate geometric
context for rotation-invariant ligand binding site prediction.

id Positives:

« E(3) Equivariance: Guarantees rotation/translation invariance for the final prediction
and consistency of feature learning, improving generalization.

« Geometric Context: Effectively models the protein surface geometry to provide
crucial context for binding site prediction.

A Limitations:

« Scalability Issue: Performance can deteriorate or become inefficient for very large
proteins due to the sheer size of the surface probe set and complex graph message

passing.



EPFL Oveview

» EquiPocket: *




=rr. Background—protein in the biological contexts

Importance of biological contexts (e.g. cellular and tissue)

Understanding protein function and developing molecular therapies require

deciphering the cell types in which proteins act as well as the interactions between

proteins.

* The expression of genes and the function of proteins encoded by these genes
depend on cellular and tissue contexts

* Protein functions and interactions will be different in various biological contexts

 Modeling protein interactions across biological contexts remains challenging for
existing algorithms

S0

W4 P
ﬁ.}; | ’
o1 r-* -'
] o ¢

4 _:;v'.

. "1 4y
“E\m ;‘ 7283, AR
£ v(* f

i ,“""W\f

L A .
o AN Nd s

'Lar : 13 l.‘\';\.;.‘- \
A I H ‘ ‘“ ) ’( , //
l ‘ e, S\ \\m‘k /A // d?/ /"J Y Ny ,',.,

"ﬂ‘ . lw

| Protein interaction

network

Activated genes
in the cell type

- /




=prContext-free protein representation learning  2:

= Existing works: Generate one representation for each protein, not tailored to

specific biological contexts (cell types and disease states) (e.g. GAT)

= Weakness: These representations cannot identify protein functions that vary
across different cell types, which in turn hamper the prediction of protein roles
in a cell type-specific manner.

Protein representations

Cell type context

Tissue context

d PINNACLE provides: @ Prior methods provide:

el F

T €2 ©3 .. CI56 ¥ Not available

™ 72 T3 .. 7164 ¥ Not available

Protein interaction

network




=rr. 'The Data Revolution

Single-Cell Atlases

We are in the era of single-cell transcriptomics.
Resources like Tabula Sapiens provide a high-
resolution "parts list” of activated genes across
hundreds of unique cell types and tissues.

The Missing Link

While we have the schematic (protein networks)
and the inventory (single-cell atlases), they have
historically remained separate.

The challenge lies in effectively merging these
massive, disparate datasets to inform protein
models.

EPFL AT A GLANCE

Single-cell atlas

D N 24
%@ﬁr. tissues

Qo
5o, 483,152
°5S0”  cells

Translation



-»=. Contribution: Context-specific model ,,
PINNACLE (Protein Network-based Algorithm for Contextual Learning)

Geometric Deep Learning

PINNACLE integrates single-cell transcriptomics, protein-protein interaction networks, and tissue
hierarchies. It moves beyond static models to generate high-resolution protein representations.

Distinct Cell-Type Specificity

Instead of one single vector per protein, PINNACLE generates 394,760 distinct representations—one
for every cell type in which a protein is active. This allows for precise, cell-type-specific therapeutic
targeting.

2 3

Protein interaction  Activated genes  Cell type-specific
network in the cell type protein network



I Ovelgvjew of PINNACLE i

Protein-level attention
with cell type specificity

protein / > PPI
AN
l< Cell type-specific PPl (Protein-protein

Meta-graph level attention on cellular . .
interactions and tissue hierarchy |nterat|0n) networks {Gl}

« Edges: Protein-Protein interation

g Attention bridge between protein > Metagraph
N and cell type representations
4
~_ _— Cell types and tissues form a network.
= Edges
& » cell type-cell type interactions

« cell type-tissue associations
* Tissue—tissue relationships

Legend

é}(\ \\.‘Q‘Q 0?,
Q\O& Oe} «\‘Jc’ === Protein-protein interaction

O ® O Node type m==_Cell type-to-cell type interaction

E g E Representation === Tissue-tissue relationship

ENeuralmessage passing === Cell type-to-tissue relationship



-pr. PINNACLE: Multiscale GNN (Attention based) .-

1. Protein-level attention with cell type specificity.

)) exp(a(a’-[h,|h,]))

Xuy =

h'? — AGG|o &, , WPhP
( (Z ’ Y S s exp(o@r- [y i)

veNy

2. Metagraph-level attention on cellular interactions and tissue
hierarchy.

hS¢ — AGG (0( > ag, chhgc)) ) h" <AGG (0( D a:,»,tWTThIT))

cEN,, teN,,
hgT ~ AGG (a( Z ac, ¢ WCTth)) (3) h/¢ < AGG (o (CEZJ; ¢ WTChgc))
teN,, '
h,, = BhEC + BThET 4) h, = BTTh]T + BTChC
learned attention weights f7,r = CC,CT,TC,TT, P = Z::ZE(";‘ELJ:

m, = ZuequT -tanh(M - h!, + b)

3. Bridge between protein and cell type embeddings.

h, < h. + AGG (0( > Vc,-,uhu)) . h, < h, +y. ,h,.

uevy,

Protein-level attention
with cell type specificity

S

(6)

(7)

g Attention bridge between protein
and cell type representations
V4

b




EPFL Training Obj@CtiV@ 27

Self-supervised learning Latent protein embedding
mm

Latent protein region of C1context P2
]

embedding region

L= Lprotein +(1- 9)(£celltype + Liissue)» of C3 context Pz = X

=

> Each cell type-specific PPI network (link prediction ) =

and cell type identity \ c3 ) /
P55 cz

*Cprotein — G*Cppi +/1*Ccelltypeid

T3
Unified embedding space

Decrease embedding distance @==@ |ncrease embedding distance

Lopi = D, Do Yuplog(Y,,)+ A=y, ) logd-y,,)

c;eCu,ve Vc,-

_ 2 : :
Lcelltypeid = E@ Zv 1Ze —2¢]l; (cell type identity) > Tissue level (link prediction) BCE(T-T + T-C)

— rIT TC
’Ctissue - ’Ctissue + ’Ctissue

> Cell type level (link prediction) BCE(C-C + C-T)

L _ LCC LCT L;;—sue = Z ytk:tq log( ﬁtk,tq) + (1 _ytk,tq) log(l _ﬁtk,tq)
celltype = ~celltype + celltype liestg €T
cc_ log( ¥ 1 log(l—V Llsswe = 20 20 Voo, 1080V, )+ A=Yy o) logl =Y, o).
Lcelltype = Z yc‘.—,q og( ny,G) + ( _ny,C}) og( _ny,Q) issue o L t1C; b€ koCi G
¢;,GEC '
Lg;iltype = Z Z yCi,fk log( J’}Cistk) + (]‘ _yC",tk) log(l _Jlici!tk).

GEC {EeET



-»-. Pretraining data

Reference human physical PPI network

BioGRID, HuRI and Menche et alll with 15,461 nodes and

207,641 edges.

/ * Nodes: 15,461\

Edges: 207,641

EPFL AT A GLANCE 28

Multiorgan, single-cell transcriptomic atlas of humans.
Total Cells: 483,152 (from 15 Donors, 59 Specimens) Tabula Sapiens

Data Summary:
® Immune cells: 264,824 (54.81%)
® Epithelial cells: 104,148 (21.56%)

® Endothelial cells: 31,691 (6.56%)
® Stromal cells: 82,478 (17.07%)

Proportional Makeup of Cell Compartments

I 'mmune cells

I Epithelial cells
I Endothelial cells
I Stromal cells

Other/Uncategorized

Menche, J. et al. Uncovering disease—disease relationships through the incomplete interactomé. Science 347, 1257601(2015).



=pr. Application

Tasks:

EPFL AT A GLANCE 29

« enhance three-dimensional (3D) structural protein representations,
* analyze the effects of drugs across cell type contexts, nominate therapeutic targets in a cell

type-specific manner
* retrieve tissue hierarchy in a zero-shot manner
« perform context-specific transfer learning

f Multimodal
deep learning

g Context-specific
transfer learning

Context Context Context  Protein -~~~  Cell
! )7
o
=z

Contextualized

model Tissue

h Contextualized
prediction



(]
Results: captures cellular and tissue
[ EPFL AT A GLANCE
EPFL - - 30
a protein embedding region of cell type b Protein embedding region of cell type € Protein embedding region of cell type
context: medullary thymic epithelial cell context: bronchial vessel endothelial cell context: mesenchymal stem cell

.
> . ‘.'»:-; ?

Two dimensional UMAP(uniform et .
manifold approximate projection) Protein f Coll
plots of contextualized protein ; rtotelnt rotm o o :

: ext contact region
representatlons generated by ea g =53.01+7.24 Mean SAFE NES = 23.43 £ 12.20 Mean SAFE NES =15.12 £ 20.25

. . - -58. ax =36 Max SAFE NES = 63.86

PlN NAC I—E from SIX dlfferent Ce” type SAFE e,r\:lrichseaﬁFrEer?gE:borsl'?o?)?is=182 SAFE erh:‘richng:eri\lgE:bo?higgs=264 SAFE enriched neighborhoods =144
context.

d Protein embedding region of cell type € protein embedding region of cell type f Protein embedding region of cell type
context: lung microvascular endothelial cell context: kidney epithelial cell context: fibroblast of breast

Quantified by neighborhood enrichment

. . “
scores (NES), the higher is better. a
proteins from other ‘ . ;
cell types '
Mean SAFE NES = 37.75 + 4.87 Mean SAFE NES =52.90 £12.95 Mean SAFE NES =49.67 + 4.12
Max SAFE NES = 44.10 Max SAFE NES = 62.78 Max SAFE NES = 65.83

SAFE enriched neighborhoods = 355 SAFE enriched neighborhoods =137 SAFE enriched neighborhoods = 235



-, Embedding similarities using PINNACLE’s
protein representations

Same cell type v.s. Different Cell type Context specific v.s. Context-free

Context-free PINNACLE: remove cell type and tissue network and all
cell type- and tissue-related components of PINNACLE’s architecture

31

Protein presentations from the same cell type show high

similarity and objective function
I
3 I b ® Same cell type
e Same cell type ;
o 0.65 o 42 {4 _ P Different cell type
Epithelial | P=5.30x 10 Different cell type l - 0.13
compartment m ! : Stroma i P = 0.0032
" compartment
I
066 o e '——%—H -
Immune | P =119 x 10~ 0.13
compartment I’H 0.02 i Immune | © P=0.0003
I compartment
I
I
: 0.60 *—:—c o ol 1I—o-o*
el e : e ithelial 012
P ﬂ 0.02 ! Epithelial | ‘ P=584x10"
W | compartment
® Same cell type
0.64 e }—1 E‘{—-—{ -
Stromal | P=4.30x10"8 Different cell type
compartment ﬂ 0.0 I : : 0.13
}: 0.02 I Endothelial P=0.059
- | | . : | | compartment
0 0.2 0.4 0.6 0.8 1.0
S s . 5 3 [ I | I I I
Similarity of PINNACLE protein representations 0 0.2 0.4 0.6 0.8 10

KS two-sample KS test P-value, lower is better (from two distribution) Similarity of context-free protein representations



EPFL -
representations of PPIs

d f 1.00 ~

PINNACLE enhances 3D structural

0.006

EPFL AT A GLANCE 32

® @ Binding proteins
Nonbinding proteins

] 0.003
0.015

K
@
Socre gap?
0.011 discrimination 1

!&f v 7 X =
P emmmm— e L3 e { ==mm=-
t} “
< S 0.99 -
L. v :~ Maximize the gap % ) 4 ‘: v
""" ) between binding and }' TTTTTT & ‘:
- nonbinding proteins i:" |
Binding proteins Nonbinding proteins 0.98 -
()
-
o]
(@]
w
e 0.97 -
54 - Context-free protein representation
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Tissues discrimination T

This validates PINNACLE's ability to learn and
encode the underlying biological structure of
tissues. The closer the tissues are in the real
world (ontology), the closer they are in the
model's embedding space.

Tissue embedding distance

0.0035 | Original tissue ontology
" Random reference
0.0030 -+

0.0025 7 Spearman’s p =0.36
(P=1.85x10""9)

0.0020 4 KS two-sample test = 0.5
(P < 0.001)

0.0015

0.0010 -

Spearman’s p = 0.005

0.0005 -~ (P=0.349)

1 2 3 4 5 6 7 8 9

Tissue ontology distance
closer

As the biological distance (X-axis) increases, the
computational distance (Y-axis) also increases.
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The predictor module (that is, MLP) fine-tunes the (pretrained) contextualized protein representations for

predicting whether a given protein is a strong candidate for the therapeutic area of interest. (RA: rheumatoid arthritis

+ IBD: inflammatory bowel disease)

1. Specify therapeutic area
(seed disease and its descendants
in a disease ontology)

RA: rheumatoid arthritis

IBD: inflammatory bowel disease
IBD Disease Ontology Tree

O Proctitis
Crohn’s O

RA
Ulcerative
proctosigmoiditis
Colitis
Psoriatic  Ankylosing Ulce[f[pve
arthritis  spondylitis colitis

Specific diseases

Microscopic
colitis

Lymphocytic
colitis  Collagenous
colitis

disease Appendicitis

OCrohn's

colitis

Small bowel
Crohn’s disease

2. Curate clinical trials for diseases
(at least one completed clinical
phase 2 or more)

Clinical Unique  Unique Clinical Unique  Unique
phase drugs  proteins phase drugs  proteins
2 81 10 2 1 67
3 27 26 3 21 26
4 94 49 L/ 4 59 46

3. Curate list of candidate targets
(proteins targeted by a drug in
clinical trials)

C

Protein 1

Cell type 1 Cell type 2 Cell type N
— o
£ o)
. 9 @
| o | =3
| o -
1 LY
L'-.,,\ \\\
‘'
= PINNACLE
= i i i
% MLP Downstream task: Is a given
) Predictor module protein a strong candidate for a
k= therapeutic area of interest?
L
' Output: Predicted probability
0.9 05 ++* 0.7 ofProtein1incell types1, 2,
..., N being a target for the
M therapeutic area of interest?
Cell type
1 2 .. N
Protein1 | 09 05 .. 07 Additiona'l in:sights: Wh'ich
) cell type is highly predictive to
Protein2 1 0.3 0.4 ... 0.  examine therapeutic targets?
ProteinM | 0.6 0.8 .. 0.2
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Benchmarking of context-aware and context-free approaches for RA (d) and IBD (e) therapeutic areas.

Baselines: Random work, GAT, BIONIC (context free model)

Dot: performance (averaged across ten random seeds) of

protein representations from a given context
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Performance of contextualized target
prioritization for RA and IBD therapeutic areas

EPFL AT A GLANCE

36

PINNACLE can nominate targets across cell type contexts

a RA therapeutic area

~
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Naive regulatory ('("‘““h Hepatocyte Duodenum
T cell DN3 —_— ") glandular cell
Typel thymocyte / o,
. o ('r
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IBD therapeutic area

1.0

0.8

0.6

02—+

CD4' o8
@ «—  memory Tcell ~ o
«——__ _ Enterocyte of epithelium % = '{it
® ’ of large intestine
® T——_ Tfollicular fel
helper cell >_ PINNACLE pJ &®
gl outperforms GAT'
0\ Myeloid dendritic cell
% Large intestine goblet cell
----- " ;--------_________/_______-GAT_______
B cell / @ «— Intestinal tuft cell
%
Regulatory ’4/
T cell e Transit amplifying
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Predictive cell type contexts reflect MoAs in RA therapies = Predictive cell type contexts elucidate MoAs in IBD therapies
b e
T follicular helper cell *  100.0 Regulatory T cell * 9638
Microglial cell . 99.2 Dendritic cell 1 e 903
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PINNACLE is a protein representation learning method that use the context learning for
enhancing the context-specific property of the presentations

|b Positives:

* Sophisticated Modeling: Utilizes GNNs to capture complex topological interactions within
the static PPl network backbone.

« High-Resolution Targeting: Achieves cell-type specificity in protein representations,
moving beyond "average” network views using single cell atlases context.

A Limitations:

* Inter-Cell Signaling: Long-range connections (protein interactions between different cell
types) are currently only modeled implicitly through the Metagraph structure, simplifying
direct molecular dialogue.
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