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Make Molecules!
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The Importance of Test Sets

= molecule 1 = molecule 2
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simple
easy to implement

can be used with any dataset
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J. Am. Chem. Soc. 2016, 138, 12692. Med. Chem. Commun. 2011, 2, 1135.
Med. Chem. Commun. 2011, 2, 1135.  Org. Process Res. Dev. 2021, 25, 57. 26



Regioselectivity Factors of the Minisci K
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Regioselectivity Factors of the Minisci K

J. Am. Chem. Soc. 2013, 135, 12122.

heterocycle

leaction

Electronics, sterics, and longevity of ‘R’

Electronics of heterocycle
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Prediction of Regiochemical Outcomes of the Minisci Reaction

heterocycle
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DF T-derived Fukui reactivity indices are ~90% accurate.

RSC Adv. 2014, 4, 17262. ChemMedChem 2018, 13, 983.
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Prediction of Regiochemical Outcomes of the Minisci Reaction
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DF T-derived Fukui reactivity indices are ~90% accurate.

Molecule Possible Regiochemical
C lexit Reaction Sit Prediction
omplexity eaction Sites Accuracy

Can machine learning provide some improvement?

RSC Adv. 2014, 4, 17262. ChemMedChem 2018, 13, 983. 33
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ChemRxiv 2022, DOI: 10.26343/chemrxiv-2022-gkxm6-v2 J Chemoinformatics 2020, 12, 1.

J Chemoinformatics 2020, 12, 15. Chem. Sci. 2021, 12, 2198.
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J Chemoinformatics 2020, 12,15.  Chem. Sci. 2021, 12, 2198. 39
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A Good Start
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A Modest Improvement
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Significant Improvement!
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Inclusion of Fukui Indices as Atom Information
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Nat. Commun. 2024, 15, 426. 48
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A Different Reaction Altogether

J. Biol. Chem. 2020, 295, 833.
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A Different Reaction Altogether

Biochemistry 2018, 57, 403.
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How Do We Perform On a P450-Only Test Set?

Test Set Model Comparisons
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Comparison To Other Reactivity-Based Models

Chem. Sci. 2021, 12, 2198. J Cheminform. 2022, 14, 46.
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Comparison To Other Reactivity-Based Models
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Comparison To Other Reactivity-Based Models
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80

70 1 — Best Model

60

50

40 1

Accuracy

30

20 1

mI-QM-GNN

10 |

MPNN_sr

Model

Chem. Sci. 2021, 12, 2198. J Cheminform. 2022, 14, 46. 58



UNIVERSITY OF

Motivation J CAMBRIDGE

NMRShjftDB

CCDC

~27,000 spectra 1,000,000+ compounds

e Y

J. Chem. Inf. Comput. 2003, 43, 1733.
Acta Crystallogr. B: Struct. Sci. Cryst. Eng. Mater. 1979, 35, 2331. 59
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Chem. Sci. 2024, 15, 5143. 63



Suzuki and Buchwald-Hartwig Cross Coupling Yield Predictions

Chem. Sci. 2024, 15, 5143.

Suzuki Yield Error Buchwald-Hartwig Yield Error

(MAE) E (MAE)
Unseen Unseen : Unseen Unseen
Boronic Aryl ' Boronic Aryl Unseen  Unseen
Model Acids  Halides : Acids  Halides Ligands Additives
—_—
Random
Forest
Adaboost
Yield-BERT
GraphRXN 5
Crystal-Yield

*Increased Crystal-Yield’s size to half of GraphRXN’s parameters
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Suzuki and Buchwald-Hartwig Cross Coupling Yield Predictions

Chem. Sci. 2024, 15, 5143.

Suzuki Yield Error Buchwald-Hartwig Yield Error

0.3 0.2 3.3 0.3 2.2% 0.4

(MAE) E (MAE)
Unseen Unseen : Unseen Unseen
Boronic Aryl ' Boronic Aryl Unseen  Unseen
Model Acids  Halides : Acids  Halides Ligands Additives
—_
Random
Forest
Adaboost
Yield-BERT
GraphRXN 5
Crystal-Yield 18.4 18.5 21.3 13.4 % 11.7 £ 16.2

*Increased Crystal-Yield’s size to half of GraphRXN’s parameters
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Suzuki and Buchwald-Hartwig Cross Coupling Yield Predictions

Chem. Sci. 2024, 15, 5143.

Suzuki Yield Error Buchwald-Hartwig Yield Error

(MAE) E (MAE)
Unseen Unseen : Unseen Unseen
Boronic Aryl ' Boronic Aryl Unseen  Unseen
Model Acids  Halides : Acids  Halides Ligands Additives

0.3 0.2 3.3 0.3 2.2% 0.4

Random 195+ 195+ : 252+ 281+ 285% 304+
Forest 0.03 0.03 2.0 4.1 0.6 1.5
Aaboost | 218%  215% 1 247+  255% 279+ 2674
0.1 01 ! 26 2.9 0.7 0.5
Yield-BERT
GraphRXN 5
Crystal-Yield ~ 184% 185% | 21.3% 134 11.7% 16.2%

*Increased Crystal-Yield’s size to half of GraphRXN’s parameters
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Suzuki and Buchwald-Hartwig Cross Coupling Yield Predictions

Suzuki Yield Error Buchwald-Hartwig Yield Error

Chem. Sci. 2024, 15, 5143.

Mach. Learn.: Sci. Technol. 2021, 2, 015016.

(MAE) E (MAE)
Unseen Unseen Unseen Unseen
Boronic Aryl ' Boronic Aryl Unseen  Unseen
Vodel Acids  Halides | Acids  Halides Ligands Additives
2 nods 2 Tmandes .  Acids Taldes - @ 0 AddIves
Random 195+ 195+ ' 252+ 281+ 285+ 304+
Forest 0.03 0.03 2.0 4.1 0.6 1.5
Aaboost | 218%  215% 1 247+  255% 279+ 2674
0.1 01 2.6 2.9 0.7 0.5
- 219+ 220+ | 247+ 243+ 243+ 241+
Vield-BERT 0.06 003 + 2.1 1.6 1.4 0.7
400+ 378+ | 252+ 179+ 138+ 1754%
GraphRXN 3.0 27 70 46 1.7 1.8
. 184+ 185% : 213% 134%* 1.7+ 162%
Crystal-vield 7o 3 02 : 33 0.3 2.2+ 0.4

*Increased Crystal-Yield’s size to half of GraphRXN’s parameters

J. Chemoinformatics 2023, 15, 72.
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LD50 Toxicity Predictions

Chem. Sci. 2024, 15, 5143.

Model

Random
Forest

Gaussian
Process

Adaboost

Oloren Chem
Engine

Crystal-Tox

Pharmaceuticals
(MAE)

0.52 £ 0.007
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LD50 Toxicity Predictions

Chem. Sci. 2024, 15, 5143.

Model

Random
Forest

Gaussian
Process

Adaboost

Oloren Chem
Engine

Crystal-Tox

Pharmaceuticals
(MAE)

0.62 + 0.002

0.73 £ 0.002

0.71 £ 0.002

0.52 £ 0.007
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LD50 Toxicity Predictions

Pharmaceuticals

Model (MAE)
Random 0.62 + 0.002
Forest
Gaussian 24, 4 go2
Process

Adaboost 0.71 £ 0.002

Oloren Chem

Engine 0.55 + 0.009

Crystal-Tox 0.52 + 0.007

Chem. Sci. 2024, 15, 5143.

ChemRXxiv Preprint 2022, DOI: 10.26434/chemrxiv-2022-zz776. 70
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New Molecules for Testing

Benign Molecules

OH
HO o OH
O H HO L OH
water (1) O O
OH
LDS50 90,000 OH
sucrose (2)
LDS50 29,700
OH 0 o)
O
”3@0H HOJ‘\/\KU\ONE‘
NH
HO 2
glucose (3) monosodium glutamate (4)
LDS50 = 25,800 LDS50 = 16,600

Chem. Sci. 2024, 15, 5143. 71



New Molecules for Testing

Benign Molecules Natural Toxins

OH Me
o HO o OH ‘ OH
H/ \H HO OH
HO O-
water (1) O ’
LD50 90,000 OH CsHi1  pme HO CsHy4
sucrose (2) THC (5) CBD (6)
LD50 29,700 LD50 = 1,270 LD50 = 980
OH 0 0
O
HO Ho/u\//\j/ﬂ\ON
Ho/gﬁ/o"' N : MeO
HO 2
glucose (3) monosodium glutamate (4) " 05
L D50 = 25,800 LD50 = 16,600 °
BzOHO /OOMe
Ac
aconitine (7) epibatidine (8)
LD50 = 0.08 LD50 = 0.0077

Chem. Sci. 2024, 15, 5143. 72
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Benign Moleculess —-"H————————— Natural Toxins —————— |lllicit Substances
OH Me o NHMe CO,Me
o HO o0 " OH <om %
H “H HO L OH
water (1) 07\ 2 MDMA (9) cocaine (10)
OH ; LD50 = 160
LD50 90,000 OH CsHiy  pme HO CsHi; | LD30 = 96.0
sucrose (2) THC (5) CBD (6) ACO
LD50 29,700 LD50 = 1,270 LD50 = 980 Et;NOC ¢
OH 0 0
o)
HO O oy HO ONa
HO MeO
HO NH; .
| AcO’
glucose (3) monosodium glutamate (4) Mo LSD (11) heroin (12)
LD50 = 25,800 LD50 = 16,600 LD50 =16.5 LD50 = 21.8
BzOHO /OOMe
Ac
aconitine (7) epibatidine (8)
LD50 = 0.08 LD50 = 0.0077

Chem. Sci. 2024, 15, 5143. 73
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LD50 Toxicity Predictions

Pharmaceuticals

Model (MAE)
Random 0.62 + 0.002
Forest
Gaussian (73, 9902
Process

Adaboost 0.71 £ 0.002

Oloren Chem

Engine 0.55 + 0.009

Crystal-Tox 0.52 + 0.007

Chem. Sci. 2024, 15, 5143.

ChemRxiv Preprint 2022, DOI: 10.26434/chemrxiv-2022-zz776. 74
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LD50 Toxicity Predictions

Pharmaceuticals Non-Pharmaceuticals

Model (MAE) (MAE)
—
Random 0.62 + 0.002 5 159 + 0.02
Forest ,
Gaussian g 73 4 002 : 1.86 + 0.002
Process ,
Adaboost 0.71 + 0.002 5 1.77 + 0.002
Oloren Chem
Engine 0.55 + 0.009 5 1.48 + 0.006
Crystal-Tox 0.52 + 0.007 ; 1.38 + 0.02

Chem. Sci. 2024, 15, 5143.

ChemRXxiv Preprint 2022, DOI: 10.26434/chemrxiv-2022-zz776. 75
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Chiral & Non-Chiral

Macro  Weighted

Model F-Score F-Score
le':r‘l‘;? 019+ 032+
0.1 0.009
K-Nearest
Neighbors 0.20 £ 0.33

0.002 0.002

Crystal- 062+  0.92%
Olfaction  0.004 0.002

Chem. Sci. 2024, 15, 5143. 76



58 UNIVERSITY OF

Olfactive Classification CAMBRIDGE

Chiral & Non-Chiral Enantiomer Differentiation

Macro  Weighted Macro Weighted

Model F-Score F-Score F-Score F-Score
le:r‘l‘;? 019+ 032+ 0.069+  0.31+
0.1 0.009 0.002 0.003
K-Nearest .0, 334 0.31+ 0.20 +
Neighbors

0.002 0.002 0.0002 0.001

Crystal- 062+  0.92%
Olfaction  0.004 0.002

0.58 093 %
0.003 0.002

Chem. Sci. 2024, 15, 5143. 77



Olfactive Classification

Identical Olfactive Profiles

i-Prj/:)\ i-Pr.,,
o) Me 0% : “Me

(R)-isomenthone (13) (S)-isomenthone (14)

©\/Et Et

OH OH

15 16

Chem. Sci. 2024, 15, 5143.
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Olfactive Classification

Chem. Sci. 2024, 15, 5143.

Identical Olfactive Profiles

i-Prj/:)\ i-Pr.,,
o) Me 0% : “Me

(R)-isomenthone (13) (S)-isomenthone (14)

©\/Et Et

OH OH

15 16
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Dissimilar Olfactive Profiles

l-Prj/i) l-Pr, :

(R)-menthone (17) S)-menthone (18)

Me Me
HO AN, Ho A\
19 20
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Hidden Chemical Insights from Lightweight Machine Learning
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Why Lightweight ML?

o

Deep ML
Can get accurate predictions

High computational resources
Careful optimization of learning architecture

High data requirement
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Why Lightweight ML?

o

Deep ML
Can get accurate predictions

High computational resources
Careful optimization of learning architecture

High data requirement
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Why Lightweight ML?

N
%O 6%6

Deep ML Lightweight ML
Can get accurate predictions Qualitative Predictions
High computational resources Run on your laptop
Careful optimization of learning architecture Ready to use systems
High data requirement v Lower data requirement

hidden chemical
insights

91



Ullmann Condensations

aryl
lodide

I i HOiR'
)

alcohol

& @
+ |Ar

Z

N

aryl
lodide

H
aromatic

nitrogen
nucleophile

[Cu], Ligand,
Base, Solvent

0 R’
-~ Y
Temperature R

[Cu], Ligand,
Base, Solvent

| Ar

N =~
Temperature
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Ullmann Condensations

Nature Chem. 2024, 16, 633.

aryl
lodide

I i HOiR'
)

alcohol

& @
+ |Ar

Z

N

aryl
lodide

H
aromatic

nitrogen
nucleophile

[Cu], Ligand,
Base, Solvent

0 R’
-~ Y
Temperature R

[Cu], Ligand,
Base, Solvent
N
o | Ar

N =~
Temperature

Historical data
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Ullmann Condensations

Nature Chem. 2024, 16, 633.

aryl
lodide

I i HOiR'
)

alcohol

& @
+ |Ar

Z

N

aryl
lodide

H
aromatic

nitrogen
nucleophile

[Cu], Ligand,
Base, Solvent

O R’
- T
Temperature R

[Cu], Ligand,
Base, Solvent
N
| Ar

N =~
Temperature

Historical data

What are the important factors for reaction yield in each specific reaction class?
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Important Features of Ullmann Condensation

Arl + 2° Alcohols

Arl + Aromatic N

V1d4dWd
OVdIAd
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oplwe|Aolesc)3-N‘N
9NI3-OVdINd

awixopjejholes
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SINHN4(*HO)HN3W
aulwelpauedoid-¢‘L-"aN-Z2‘Z'N‘N
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udioM
"Od®M
oOVING
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Important Features of Ullmann Condensation

Arl + 2° Alcohols

Arl + Aromatic N
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In the Literature...

CuBr, Phen,

Br OH Cs,CO3, PhMe O
AN - U0

Dalton Trans. 2012, 41, 13832. 97
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In the Literature...

CuBr, Phen,

Br OH Cs,CO3, PhMe O
AN - U0

—— Solvent Polarity Controlled Equilibrium

O—Cu—0

Solvent can effect active catalytic species.

Dalton Trans. 2012, 41, 13832. 98
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In the Literature...

Cul, nBuzsNBr,
KsPO,, DMF H

| N OH
> \/\/
©/ +  HNT "o ©/

Tetrahedron Lett. 2008, 49, 2018. 99
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In the Literature...

Cul, nBuzsNBr,
KsPO,, DMF H

| N OH (@) NH
\/\/ 2

not observed

Tetrahedron Lett. 2008, 49, 2018. 100
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In the Literature...

Cul, nBuzsNBr,
KsPO,, DMF H

I N OH O NH
NN\ GG LV’
(T we - U 7

not observed

Cul, nBuyNBr,
K3PO4, PhMe

| (@ NH
©/ + H,NT N"OoH ©/

Tetrahedron Lett. 2008, 49, 2018. 101
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In the Literature...

Cul, nBuzsNBr,
KsPO,, DMF H

I N OH O NH
NN\ GG LV’
(T we - U 7

not observed

Cul, nBuyNBr,
K3PO4, PhMe H

| (@) NH N OH
> \/\/ 2

not observed

Tetrahedron Lett. 2008, 49, 2018. 102
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Cul, nBuzsNBr,
KsPO,, DMF H

I N OH O NH
NN\ GG LV’
SR e el O

not observed

Cul, nBuyNBr,
K3PO4, PhMe H

| O NH N OH
NG G LV’ ~ 7 N\
Y e - O s

not observed

No systematic review of solvent effects.

We can draw out the best solvents for a given reaction.

Tetrahedron Lett. 2008, 49, 2018. 103
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Training and Test Set Comparisons

Acute Toxicity of Training and Testing Sets
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Backup: Retrospective Test Set

Nat. Commun. 2024, 15, 426.

MeO

quinidine (1)

Unique LSF
Reagents

cBUBF3K
(CF3802)22n

Cl N

V/,
N
7\

loratadine (2)
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Reagents
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P450
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Metalloenzyme
(HCFQSOZ)ZZn

HOCstOZNa
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nevirapine (3)
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Backup: Retrospective Test Set

Nat. Commun. 2024, 15, 426.

Me

N
Z
N

lepidine (4)

..... Unique LSF .....
Reagents

NHBocCH,BF3K

2-Me-cPrSO,Na
cBUBFK
CF3(CH2)2802N8

|WeN’”\j

imatinib (5)

Unique LSF
Reagents

cBUBF3K
HCFstZNa
(CF3SOz)zzn
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Prospective Test Set Prospective Test Set
Experimental Results Predictions MPNN, s¢
Me
O
—
H H
O, _ N. _N MeNJ\NMe
N \n/ | R
0 o\ 7 Ny O
6 (Y
og\
NMe

OEt
HN

Nat. Commun. 2024, 15, 426.



Backup: Prospective Results

Prospective Test Set
Experimental Results

Nat. Commun. 2024, 15, 426.
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The Data

Number of Reactions

Nat. Commun. 2024, 15, 426.
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Backup: Baran Heuristics

‘ STEP 1: identify innate sites I

‘ STEP 2: identify conjugate sites I

conjugate reactivity
wEWG T-EWG =CN, COzR, Ac

sRoUNOE
~
N7 N~ “n-EWG N

activated positions:
ortho-para to conjugating EWG

innate reactivity

e

N

activated positions:
o andy

| STEP 3: consider factors that modify reactivity of activated sites I

halide, alkoxy C2 EWG
activate ortho, deactivate meta deactivate C6

& N o

N EWG
methyl C2 EDG
activate ortho Me activate C6
Me
®d 5
~ ~ 7
N Me N N N EDG

J. Am. Chem. Soc. 2013, 135, 12122.
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‘ STEP 4: add effects and decide on conditions I

4£» promote innate reactivity

& reduce innate reactivity

4> promote conjugate reactivity

‘ DMSO \

€» increase reactivity for
electron-poor systems

& reduce conjugate reactivity

‘ solvent + acid ‘

© increase reactivity for
electron-rich systems

solvent usually CHCIs/water

DMSO/acid mixtures useful for
substrates with limited solubility

136



Model Performance (AUROC)
on Retrospective Test Set
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Backup: F-Score, Accuracy, and AUROC

Nat. Commun. 2024, 15, 426.
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Backup: F-Score, Accuracy, and AUROC

Nat. Commun. 2024, 15, 426.
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Two Component PCA with Test Molecules Highlighted {New Train Data)
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R/l R@K—.R,—» rE Mg
Ny Sy N
| ® | ® | D
H i H ~ H
heterocycle

Fukui function-derived predictions

Fz(_) = q; (N — 1) _ Qz(N) (electrophilic radicals)

qi (N T 1) o Qi(N T 1) (nucleophilic radicals)
2

F;(0) =

q; ( N ) = charge at atom 7 in a molecule with N electrons.

Nat. Commun. 2024, 15, 426. 141
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F-Score / % PVV /% TPR /% Accuracy / %
aGNN2D 38 (£5) 56 (£1) 30 (£6) 88 (£1)
aGNN2DQM | 39 (£2) 54 (£2) 30 (£3) 87.6 (£0.3)
aGNN3D 59 (£3) 62 (£2) 56 (+4) 90 (+1)
aGNN3DQM | 60 (+4) 62 (£2) 59 (+6) 90 (£1)

Nat. Chem. 2024, 16, 239. 142
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Backup: Representative P450 Test Set Molecules CAMBRIDGE

Me

O
MeO N N O
I H
N_ _~ N_ .Me Me NH
O OMe
O OH OMe

6 7 8
HN
O
O Me CN Me OH ©
N Me NH “
H | _ R X NMe,
F3C MeO~ "N N | \
N~ O Z
Me O
9 10 11

Nat. Commun. 2024, 15, 426. 143



Fragrance Dataset Breakdown

Top 10 Odor Classes Distribution Molecule Distribution
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enantiomers

Classes Molecule Type

*enantiomers = % enantiomers in all chiral molecules

Chem. Sci. 2024, 15, 5143. 144



Enantiomeric Pairs Predictions: Similar Olfactive Notes

CsHqq Y\/cozH

Me

AcO"
i-Pr
15

fresh, fruity, mint

(fruity, mint)

Me Me

OHC\/'\/\)\
Z Me

(S)-citronellal (25)

citrus, fresh, herbal
(fresh, herbal)
Chem. Sci. 2024, 15, 5143.

CsH11~_-C02H
Me
14
animal
(—)
Me

AcO

i-Pr
16

fresh, fruity, mint

(fruity, mint)

Me Me
OHC\/:\/\)\
A Me
(R)-citronellal (26)

citrus, fresh, herbal

(herbal)
145

(R)-isomethone (17)

mint

(mint)

&3 UNIVERSITY OF
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Et

OH
28

floral

i-Pr.,, :
o) ‘Me

(S)-isomethone (18)
mint

(mint)

= correctly identified similarity /
dissimilarity in olfactive notes

= incorrectly identified similarity /
dissimilarity in olfactive notes



O Et
19

fatty, fermented

(cheesy™)

29

coconut, fruity, sweet
(—)
Me
L
(R)-camphene (31)

balsamic, medicinal

(—)

Enantiomeric Pairs Predictions: Dissimilar Olfactive Notes

Me
w0 L
Et
20
ethereal, fresh 33
dairy, floral, sweet
(ethereal) (—)
o=<j\ SH
O n-Pr )\/\
30 n-Pr OH
21

grassy, spicy,
sweet, vanilla

(—) (sulfurous)

i'Prp
a 0 “‘Me

(S)-camphene (32)

herbal, sulfurous

(R)-methone (23)

camphoreous, pine fresh, musty

(camphoreous) (—)

n-Pr” ""0H

22

blackcurrant, fruity,
sweet, topical, woody

(sweet, fruity)

I-Pr., :
O Me

(S)-methone (24)

camphoreous, fresh

(camphoreous)

4;44
g
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= incorrectly identified similarity /
dissimilarity in olfactive notes

= correctly identified similarity /

dissimilarity in olfactive notes 146
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Performance on CCDC Dataset

Model Test Set MSE
Small MPNN 3.17
Large MPNN 2.93

Mean Squared Error (MSE) of total loss (bond distance loss + bond
angles loss) on crystal structure data for a variety of message passing
neural networks (MPNNSs). Test set consisted of unseen molecules.

Chem. Sci. 2024, 15, 5143. 147
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Per-Molecule Error Rate (Toxicity) CAMBRIDGE

X Oloren
True Toxicity 2 bt e b i ChemEngine
Compound 1 Toxicity : .
(log(mol kg™)) (log(mol ke™')) Predicted Toxicity

(log(mol kg ™))
water —0.70 1.53 1.98
SUCrose 1.06 1.01 1.48
glucose 0.84 1.25 177
monosodium glutamate 1.00 1.66 2.10
THC 2.39 2.88 2.53
CBD 251 2.62 2.41
aconitine 6.90 3.84 3.38
epibatidine 7.43 2.88 2.93
MDMA 3.08 2.59 2.55
cocaine 3.50 2.09 2.67
LSD 4.29 2.65 2.89
heroin 4.23 2.80 3.19

Chem. Sci. 2024, 15, 5143.
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Per-Molecule Set Error Rate (Yields)

Chem. Sci. 2024, 15, 5143.

Model ot
Halide Set 0 Halide Set 1 Halide Set 2 Halide Set 3
Random Forest 23.6 23.9 22.2 31.0
Gaussian Process 27.3 25.2 21.7 30.9
Adaboost 24.6 23.9 18.7 31.6
Yield-BERT 27.3 25.2 21.7 30.9
GraphRXN 9.5 41.6 30.9 18.7
Crystal-Yield 26.7 14.8 16.3 27.5
Base 0 Base 1 Base 2

Random Forest 32.0 32.4 19.9

Gaussian Process 31.0 34.3 24.8

Adaboost 27.2 29.5 19.9

Yield-BERT 23.3 27.4 22.1

GraphRXN 12.8 27.1 13.8

Crystal-Yield 13.9 13.0 13.4

Ligand 0 Ligand 1 Ligand 2 Ligand 3
Random Forest 27.4 29.0 27.6 29.8
Gaussian Process 39.8 32.2 29.2 30.6
Adaboost 26.8 29.9 25.9 27.2
Yield-BERT 20.4 24.0 25.8 27.0
GraphRXN 9.7 17.6 12.7 15.2
Crystal-Yield 24.5 23.4 10.4 14.5
Crystal-Yield® 17.1 12.2 6.5 10.8
Additive Set 0 Additive Set 1 Additive Set 2 Additive Set 3
Random Forest 34.0 31.3 26.7 29.4
Gaussian Process 32 29.0 24.5 27.9
Adaboost 29.0 27.3 26.7 27.5
Yield-BERT 25.2 22.9 22.8 25.3
GraphRXN 16.7 15.2 22.8 154
Crystal-Yield 15.6 16.6 17.2 15.5
149
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Ranked Elements in Training Foundational Model
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Chem. Sci. 2024, 15, 5143.

most common elements in dataset

C N O F S Cl P B SsS CItl P B Si Br Cu I Fe Zn Co
Os Re Au Rh K W Na Al Pt A Li Sh Pd Se Mo Mn Ru Cd Ni
V Cr Ti Pb Eu Ir As U Ga Ge Mg Sb Tb Gd 2Zr Te Hg Dy Nd
TI Rb Sc¢c Nb Ta Ho Cs Sr Yb Ce Ba Er Y Pr Bi Sm In La Ca

least common elements in dataset
y
Lu Hf Tm Th Be Tc Np Pu
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Selected Molecules in Yield Datasets
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How Does the MPNN Work?

atomic
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Nat. Commun. 2024, 15, 426.
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Yield Prediction

Suzuki USPTO Yield Distribution Buchwald-Hartwig HTE Yield Distribution
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The Big Idea
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