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Pharmacophore representation

P = {(I‘z,dz) € R3 x D}z

Pharmacophore P

Cartesian coordinates r;

Descriptor d;

Descriptor set D
G(P) — (Vp, Ep, /\p)

e Complete graph G

Node set Vp = {v1, ---,U|P|}
Edge set Ep = Vp x Vp

Label set L=DUR

R={|ri —rjll2|1 <4, <|P|}

Labeling function Ap : VUE — L

Node attributes Ap(v;) = I;

Edge attributes Ap(ei;) = [|ri — rj||2

Pharmacophore Matching

Subgraph isomorphism

Gl = (‘/laEla)‘l)a GZ = (‘/27E27)‘2)
G1~ Gy ifft Af : Vi — V; s.t.

o V(u,v) € Ey: (f(u), f(v)) € E2
o YveV;: )\1() ( ’U))

* V(u,v) € E1 : Mi((w,v)) = Aa((f (), f(v)))

GQ - (VQ’EQ’)‘Q)v Gr = (VTaETa)\T)

Gu = Vu,En,A\u) st. Vg CVp, Eg C Er
H={Gu | Gu ~Go)

GQ GT iff H 75 %)

(
) =

Subgraph Supergraph

Pharmacophore matching
PH - PT iff E|g : PQ — PH s.t.
o Vi€ Pq - d; = dg(i)

o |lri —rypl2 <rr

e 7 tolerance sphere radius

Go = G(Po), Gy = G(Py), Gr = G(Pr)
AQ((u,v)) = Au((f(uw), f(v)))
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Pharmacophore representation

P = {(rz,dl) € R3 x D}z

Pharmacophore P

Cartesian coordinates r;

Descriptor d;

Descriptor set D
G(P) — (Vp, Ep, /\p)

e Complete graph G

Node set Vp = {v1, ---,U|P|}
Edge set Ep = Vp x Vp

Label set L=DUR

R={|ri —rjll2|1 <4, <|P|}

Labeling function Ap : VUE — L

Node attributes Ap(v;) = I;

Edge attributes Ap(e;;) = |lr; — rj2

Pharmacophore Matching

Subgraph isomorphism

Gi1 = V1, E1,M1), Go = (Va, Eg, A2)
Gl’L’GQ 1ff§|fV1—>stt

o V(u,v) € Ey: (f(u), f(v)) € E2
o YveV;: )\1() ( ’U))

* V(u,v) € E1 : Mi((w,v)) = Aa((f (), f(v)))

GQ - (VQ’EQ’)‘Q)’ Gr = (VTaETa)\T)

Gu = (Vu,Eu,Au) st. Vg CVp, Eg C Ep
H={Gu | Gu ~ Go)

GQ < GT iff H 7'é %)

(
) =

Pharmacophore matching
PH - PT iff E|g : PQ — PH s.t.
o Vi€ Pq - d; = dg(i)

o |lri —rypl2 <rr

e 7 tolerance sphere radius

Go = G(Po), Gy = G(Py), Gr = G(Pr)
AQ((u,v)) = Au((f(uw), f(v)))

Order embedding loss encodes query target relationship:

E(ZszT) +

L(zg,zr) = Z

(z@,zT7)€EPos

Z max{0,a — E(zq,zr)}

(z@,z2T7)ENeg
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b. Embedding space geometry / ‘
Pr, P, Po.n Pry
N Target region fo: Encoder model A A A A
2 z¢g: Query embedding | | | < R oo T
C
“E’ ZT <> z7: Target embedding Pr: Target pharmacophore — Augmentation
£ % _
= o[> Z(-,-): Loss function Pg: Query pharmacophore
Off-target Pé: Negative query pharmacophore <-» Negative query-target pair
> Py Negative target pharmacophore
L 0 Dimension 1
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J\iversitat  Resylts — Embedding Visualization

a. Dimensionality reduction via PCA b. Dimensionality reduction via UMAP c. Positional perception
Actives / Decoys Hydrophobic Aromatic Hydrogen bond donor
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PC1 (29.05%) ’ '«.@ 3 : B R s
L — x * 0.0 . . ' .
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H [ — [ —
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« Embedding space is structured according to graph size
« Pharmacophore feature types are represented

« 3D positional information is included
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Results — Screening

ACES ADA ANDR EGFR FA10
1.0
0.8 1
g Runtimes per
o [ o [ [
2 Pharmacophore:
s g g g g
= = = = =
0.2 E . .
[ ]
—— Order Embedding (AUROC = 0.58) —— Order Embedding (AUROC = 0.83) —— Order Embedding (AUROC = 0.76) —— Order Embedding (AUROC = 0.63) —— Order Embedding (AUROC = 0.47) m bedd I ng tl me
0.0 1 —— CDPKit (AUROC = 0.55) —— CDPKit (AUROC = 0.94) —— CDPKit (AUROC = 0.71) —— CDPKit (AUROC = 0.76) i .4 ~——— CDPKit (AUROC = 0.55)
' Falsel positive' rate I False‘ positivel rate ' False' positive‘ rate ' Falsel positive' rate ' I False‘ positivel rate ' 67 i 7 MS
KIT PLK1 SRC THRB UROK
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* Alignment time
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e o @ e o 66 £ 6 Us
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o 061 o] e o s
£ £ £ £ £
.§04- .g- .g— .g- .g-
g 2 2 g 2 * Matching time:
0.2
| | | | | 0.3 + 0.09 us
—— Order Embedding (AUROC = 0.56) —— Order Embedding (AUROC = 0.62) —— Order Embedding (AUROC = 0.79) —— Order Embedding (AUROC = 0.70) —— Order Embedding (AUROC = 0.59)
0.0 1 —— CDPKit (AUROC = 0.63) —— CDPKit (AUROC = 0.75) ~—— CDPKit (AUROC = 0.80) —— CDPKit (AUROC = 0.79) —— CDPKit (AUROC = 0.91)
0:0 0?2 0:4 0?6 0:8 1?0 010 0:2 014 0.‘6 0?8 1:0 0.‘0 0.‘2 0j4 0:6 0j8 1:0 0:0 0?2 0:4 0?6 0:8 1?0 0?0 0:2 0?4 0:6 0.‘8 1.‘0
False positive rate False positive rate False positive rate False positive rate False positive rate
DEKOIS2.0 LIT-PCBA Runtime
AUROC BEDROC EF, 5o, EF;o EFso; AUROC BEDROC EF, 5o, EF;5 EFso per ligand (s)
PharmacoNet 62.5 12.3 4.4 4.2 29 - - - 3.1 - 5.2-1073

PharmacoMatch (ours)  60.9 15.1 5.5 4.9 3.2 57.4 5.0 6.0 3.5 22 3.3.-10°°
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Summary

https://github.com/molinfo-vienna/PharmacoMatch :'=-'" A

« Scaling pharmacophore screening to large ,
libraries is challenging https://openreview.net/forum?id=27Qk18I1Zum

« Pharmacophore screening can be formulated
as a contrastive representation learning
problem daniel.rose@univie.ac.at

oliver.wieder@univie.ac.at
>

. thomas.seidel@univie.ac.at
* The learned representations can be used for thierry.langer@univie.ac.at

efficient pre-screening
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