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The path to developing a useful method

1. Identify a problem 2. Initial hit 3. Optimization

4. Generalize 5. General adoption

C-N bonds are prevalent but 
hard to form
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Widely adopted
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predictable



Traditional approach to methods development

Initial discovery 
1983 Today

• Thousands of publication 
• 100’s of ligands 
• 100’s of substrate combinations 
• Among most used reactions in industry

OPRD 2019, 23, 9.; J. Med. Chem. 2016, 59, 4443.; Chem. Sci. 2020, 11, 13085.
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Initial discovery 
1994 Today

• Thousands of publication 
• 100’s of ligands 
• 100’s of substrate combinations 
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40 years, 1390 publications

New combinations still 
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Development of a general, useful reaction is slow



Traditional approach to methods development

How can the “generalization” and development of new reactions be greatly accelerated?



Modern approaches to methods development

Modern Paradigms in Screening 

• Reaction generalization 

• “Accelerate” Serendipity 

• Miniaturization of unique reaction set ups 

Data Science 

• Catalyst optimization 

• Predicting selectivity 

• Discovery of new catalysts 

Machine Learning 

• What is machine learning 

• Prediction of optimal conditions 

• Selectivity prediction for complex systems 

• Catalyst Discovery 



Accelerated Serendipity

Mcnally, A.; Prier, C. K.; MacMillan, D. W. C.; Science 2011, 334, 1114–1117
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Accelerated Serendipity

Puts together 500 - 1,000 reactions per day in a highly controlled fashion

◼︎ Parallel processing of reactions at multiple temperatures in multiple solvents

◼︎ Multi channel filtration and vacuum capabilities, solid weighing and work ups performed

◼︎ 96 well LED plates with easy installation of LEDs of variable wavelengths

Mcnally, A.; Prier, C. K.; MacMillan, D. W. C.; Science 2011, 334, 1114–1117
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1. Identify a problem 2. Initial hit 3. Optimization

4. Generalize 5. General adoption

C-N bonds are prevalent but 
hard to form
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>12% yield

Bond formation at low 
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for initial system
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Additive Screening

Can this reaction be 
generalized faster than 
historical approaches?

Kullmer, C. N. P.; Kautzky, J. A.; Krska, S. W.; Nowak, T.; Dreher, S. D., MacMillan, D. W. C. Science 2022, 376, 532–539

Design a new catalyst for every 
problematic combination

Universal additive that helps all 
substrate combinations?
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Additive Screening
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Additive Screening
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For more details about scope parameterization: 
Kariofillis, S. K.; Jiang, S.; Zuranski, A .M.; Gandhi, S. 
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Linear Free Energy Relationships

Hammett, L. P.; J. Am. Chem. Soc. 1935, 59, 96–103

One of the most widely used “mechanistic probes” with ~66,600 
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Multivariate Linear Free Energy Relationships

Ln

Harper, K. C.; Sigman, M. S.; PNAS 2011, 108, 2179–2183
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between steric bulk at X and Y 
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O
N

NH
X

O

N

O O
Y

Bn

Y = 
H 

Me 
iPr 
tBu 

CH(Pr)2

25 ligand library to determine relation ship 
between steric bulk at X and Y 

O
N

NH
X

O

N

O O
Y

Bn

X = 
H 

Me 
t-Bu 
iPr

Y = 
Me 
tBu 

C(Et)3 
C(Et)3

Predicted e.r. 
49:51 
44:56 
40:60 
49:51

Measured e.r. 
49:51 
46:54 
42:58 
54:46

Relatively accurate predictor 
even for much bigger Y groups

Multivariate Linear Free Energy Relationships

X = 
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Me 
Et 
iPr 
tBu
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10% CrCl3, 10% Ln

10% TEA,, 2 eq. TMSCl

2 eq. Mn, THF, RT

then, TBAF

Ln

Enantioselective Propargylation

O

Ph Me
Br

HO

Ph

Me
O

N

NH
X

O

N

O O
Y

Bn
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10% CrCl3, 10% Ln

10% TEA,, 2 eq. TMSCl

2 eq. Mn, THF, RT

then, TBAF

Ln

O

Ph Me
Br

HO

Ph

Me
O

N

NH
X

O

N

O O
Y

Bn

Low e.r. predicted and overall 
small correlation between e.r. 

and steric parameters
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10% CrCl3, 10% Ln

10% TEA,, 2 eq. TMSCl

2 eq. Mn, THF, RT

then, TBAF

Ln

O

Ph Me
Br

HO

Ph

Me
O

N

NH
X

O

N

O O
Y

Bn

NH

O

N

O O
YN

E

Y = 
Steric parameter

E = 
Hammett parameter
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2 eq. Mn, THF, RT

then, TBAF
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Y

Bn
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Harper, K. C.; Sigman, M. S.; Science 2011, 333, 1875–1878

10% CrCl3, 10% Ln

10% TEA,, 2 eq. TMSCl

2 eq. Mn, THF, RT

then, TBAF

Ln

O

Ph Me
Br

HO

Ph

Me
O

N

NH
X

O

N

O O
Y

Bn

Model gives accurate predictions

Mathematical formula 

Modeling can be done on more 
than just 2 parameters

Multivariate Linear Free Energy Relationships

Enantioselective Propargylation
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N

R2

R3R1
H
N

R2

R3R1
Nuc O

O
P
O

OH

Ar

Ar

Catalyst

Additives 


concentrations


Temperature

Solvent

Nuc-H

Predict ee
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N

R2

R3R1
H
N

R2

R3R1
Nuc O

O
P
O

OH

Ar

Ar

Catalyst

Additives 


concentrations


Temperature

Solvent

Nuc-H

Predict ee

Parameterize all components

N

R2

R3R1

Nuc-H

O

O
P
O

OH

Ar

Ar

catalyst, additives, concentrations, 
temperature, solvent
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N

R2

R3R1
H
N

R2

R3R1
Nuc O

O
P
O

OH

Ar

Ar

Catalyst

Additives 


concentrations


Temperature

Solvent

Nuc-H

Predict ee

Parameterize all components

N

R2

R3R1

Nuc-H

O

O
P
O

OH

Ar

Ar

catalyst, additives, concentrations, 
temperature, solvent

Gather data on a 
training set

Analyze and model

1. Determine the parameters that 
have the highest effect on ee

2. Derive a mathematical formula that 
predicts ee based on the important 

parameters

Multivariate Linear Free Energy Relationships - Predicting ee
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Determine and weigh 
important parameters
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Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 – 348

sol = solvent term

N

R2

R3R1

NBOn

NBOc

O

O
P
O

OH

Ar

Ar

Lcat: Length of 
catalyst

N
H

R

H-X-CNu

Ls: Length of smallest 
substituent

N

R2

R3R1
H
N

R2

R3R1
Nuc O

O
P
O

OH

Ar

Ar

Catalyst

Additives 


concentrations


Temperature

Solvent

Nuc-H

Predict ee
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Catalyst


Toluene, rt
N

ArH

O

Ph

Me

NHCO2Me

Ar

NH NCO2Me

Me

Ph

O
O

O
P
O

OH

anthracene

anthracene
15 examples All predicted within 5% ee

Testing the accuracy of the model with out-of-sample test substrates
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Catalyst


Toluene, rt
N

ArH

O

Ph

Me

NHCO2Me

Ar

NH NCO2Me

Me

Ph

O
O

O
P
O

OH

anthracene

anthracene
15 examples All predicted within 5% ee

Testing the accuracy of the model with out-of-sample test substrates

N

ArH

O

Ph

34 examples 26 examples within 5% ee

HS
R

Ar S

NH
R

Ph

O
Catalyst


Toluene, rt

O

O
P
O

OH

CyMes

CyMes

Multivariate Linear Free Energy Relationships - Predicting ee



Br

EtO2C
Br Ph

EtO2C

Ph
NiNi

Reductant

Akana, M. E.; Tcyrulnikov, S.; Scheider, B. D.; Reyes, G. P.; Monfette, S.; Sigman, M. S. Hansen, E. C.; Weix, D. J. J. Am. Chem. Soc. 2024, 146, 3043–3051

Pdt Dimer
EtO2C

CO2Et
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Pdt Dimer
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Br

EtO2C
Br Ph

EtO2C

Ph
NiNi

Reductant

Akana, M. E.; Tcyrulnikov, S.; Scheider, B. D.; Reyes, G. P.; Monfette, S.; Sigman, M. S. Hansen, E. C.; Weix, D. J. J. Am. Chem. Soc. 2024, 146, 3043–3051

N
N

MeO

OMe

Previous best

N

N
Me2N

NMe2

Predicted best

Pdt Dimer

92% yield

187:1 Pdt:dimer

61% yield

7:1 Pdt:dimer

Poor understanding of the 
origin of the dimer, but model 

provides a hypothesis free 
solution to the problem

EtO2C

CO2Et
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N
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O
Cl

N
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O

Ph

GluER-T36A 1%

NADP+ 1%

GDH-105, glucose

KPi(100 mM, pH=8.0)


Cyan LEDs
GluER-T36A
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N
Me

O
Cl

N
Me

O

Ph

GluER-T36A 1%

NADP+ 1%

GDH-105, glucose

KPi(100 mM, pH=8.0)


Cyan LEDs
GluER-T36A

Geometric descriptors of relevant residues

Enzyme dynamics

Substrate sterics

Substrate electronics
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Modern approaches to methods development

Modern Paradigms in Screening 

• Reaction generalization 

• “Accelerate” Serendipity 

• Miniaturization of unique reaction set ups 

Data Science 

• Catalyst optimization 

• Predicting selectivity 

• Discovery of new catalysts 

Machine Learning 

• What is machine learning 

• Prediction of optimal conditions 

• Selectivity prediction for complex systems 

• Catalyst Discovery 
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Define a task

identify apples?

Parameterize Data

Pictures of apples

Curate Data

Is an object an apple?

Choose Model

Train the AI

Validate Model

Apples

Input OutputApplication
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Apple
Apple
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What is Machine Learning?

General use of algorithms and data to create autonomous or semi–autonomous tasks

Define a task

identify apples?

Parameterize Data

Pictures of apples

Curate Data

Is an object an apple?

Choose Model

Train the AI

Validate Model

Apples

Input OutputApplication

Same algorithm to search through as 
many pictures as you want



Machine Learning Applied to Chemistry

General use of algorithms and data to create autonomous or semi–autonomous tasks

Define a task

identify apples?

Parameterize Data

Pictures of apples

Curate Data

Is an object an apple?

Choose Model

Train the AI

Validate Model

Apples

Input OutputApplication

Same algorithm to search through as 
many pictures as you want
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NH2

Me

X H
N

Me

Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Aryl Halides

Pd Cat.

Additive

base

DMSO (0.1 M), 60 oC

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.
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NH2

Me

X H
N

Me

Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Aryl Halides

Pd Cat.

Additive

base

DMSO (0.1 M), 60 oC

Variables

X R

N

R

Aryl Halides (15)

N
O

Ph

N
OBn2N

Additives (23) Pd Cat. (4) Bases (3)

NH
Pd
OTf
L

N

Me2N NMe2

t-Bu

How can we feed data to the algorithm about each variable?

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.
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Total of 120 descriptors obtained for each individual reaction

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

X R

Spartan  
(software) Parameterized Data 

• Vibrational properties 

• Surface area 

• Dipole moment 

• Atomic electrostatic charge

What is the data input?
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Total of 120 descriptors obtained for each individual reaction

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

X R

Spartan  
(software)

X R

N

R

Aryl Halides (15)

N
O

Ph

N
OBn2N

Additives (23) Pd Cat. (4) Bases (3)

NH
Pd
OTf
L

N

Me2N NMe2

t-Bu

Run 4140 reactions through HTE and input yield along with parameterized reaction conditions

Parameterized Data 

• Vibrational properties 

• Surface area 

• Dipole moment 

• Atomic electrostatic charge
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Total of 120 descriptors obtained for each individual reaction

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

X R

Spartan  
(software)

Unlike MLFER all 120 descriptors can be used 
in the same model in a null-hypothesis manner

Parameterized Data 

• Vibrational properties 

• Surface area 

• Dipole moment 

• Atomic electrostatic charge
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Linear Regression Model is inaccurate and inconsistent

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

RMSE: root mean square error R2: Coefficient of determination 

observed  
yield

straight, well correlated fits are more accurate models

Accuracy Consistency

predicted yield



Machine Learning Applied to Chemistry

observed  
yield

predicted yield

straight, well correlated fits are more accurate models

RMSE: root mean square error R2: Coefficient of determination 

Accuracy Consistency

supervised machine learning models

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

observed  
yield

predicted yield predicted yield predicted yield
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observed  
yield

predicted yield

straight, well correlated fits are more accurate models

RMSE: root mean square error R2: Coefficient of determination 

Accuracy Consistency

supervised machine learning models

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

% of data in training set

R2

% of data in training set

RMSE
Bigger training set makes 

predictions more consistent 
and more accurate
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Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

70% of data used 
to train model

N
OBn2N

Additive 18

N
OEtO2C

OMe
Additive 23

observed  
yield

predicted yield predicted yield

Poorly predictive predictive

What causes the difference in accuracy between additive 18 and 23?

30% of data used 
to validate model
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Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

70% of data used 
to train model

30% of data used 
to validate model

N
OBn2N

Additive 18

N
OEtO2C

OMe
Additive 23

N
O

Ph
N

OPh
N

O

Ph

N
O

Me

EtO2C

N
O

Me

N
O

CO2Et

Me

N
OMe

N
O

CO2Et

N
O

N
OMe

EtO2C

N
OMe

Me

N
O

EtO2C

N
O

Me

MeO2C
N

O

training set additives

All “electron poor” to 
neutral isoxazoles

Model poorly predicts yields for 
additive 18 because it falls out 
of the scope of the training set
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Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

70% of data used 
to train model

70% of data used 
to train model

N
OBn2N

Additive 18

N
OEtO2C

OMe
Additive 23

observed  
yield

predicted yield

Poorly predictive

Inaccurate for parameters 
outside of training data set
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Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

N
OBn2N

Additive 18

N
OEtO2C

OMe
Additive 23

Descriptor Increase in RMSE when excluded from model

Why does the identity of the additive matter?
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Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

Why does the identity of the additive matter? N
OBn2N

Additive 18

N
OEtO2C

OMe
Additive 23

Descriptor Top descriptors suggest additive 
electrophilicity influences yield

N
O

Ph

Pd(PPh3)4 1 eq.

N
Pd(PPh3)

O

Ph

known for nickel but not for palladium
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NH2

Me

X H
N

Me

Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Aryl Halides

Pd Cat.

Additive

base

DMSO (0.1 M), 60 oC

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

Result: Model that can roughly predict the yield of a Buchwald Hartwig reaction in which isoxazoles are present 

NH2

Me

Pd Cat.

Additive

base

DMSO (0.1 M), 60 oC

BrN
O

H
N

Me

N
O

relatively specific 
task

Needed 4,140 
experimental yields
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Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Aryl Halides

Pd Cat.

Additive

base

DMSO (0.1 M), 60 oC

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186–190.

strategy not fit for 
reaction optimization

Result: Model that can roughly predict the yield of a Buchwald Hartwig reaction in which isoxazoles are present 
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Choose Model

Train the AI

How would you train a model that 
trains itself for new systems? 

What would the model need to do to 
quickly find optimal conditions?
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2. Choose a set of 
conditions to 

evaluate

3. Human runs 
experiments and 

inputs data
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Choose Model

Train the AI

1. Model potential 
condition space

2D 
representation of 
condition space

2. Choose a set of 
conditions to 

evaluate

3. Human runs 
experiments and 

inputs data

4. Redefine better 
set of conditions 

to evaluate
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Choose Model

Train the AI

1. Model potential 
condition space

2D 
representation of 
condition space

2. Choose a set of 
conditions to 

evaluate

3. Human runs 
experiments and 

inputs data

4. Redefine better 
set of conditions 

to evaluate

5. Repeat until 
yield optimized or 

experimental 
resources run out



Machine Learning Applied to Chemistry - Reaction Optimization

Shields, B. J.; Stevens, J.; Li, Jun.; Parasram, M.; Damani, F.; Alvarado, Janey, J. M.; Adams, R. P.; Doyle, A. G. Nature 2021, 590, 89–96.

[B]

N

Me

X

N
N

THP

N
N
N THP

Me

Me

NH2

Y
Z R

X Y
Z R

H
N

Me

3695 

experiments

3960 

experiments

Training Data



Machine Learning Applied to Chemistry - Reaction Optimization

Shields, B. J.; Stevens, J.; Li, Jun.; Parasram, M.; Damani, F.; Alvarado, Janey, J. M.; Adams, R. P.; Doyle, A. G. Nature 2021, 590, 89–96.

[B]

N

Me

X

N
N

THP

N
N
N THP

Me

Me

NH2

Y
Z R

X Y
Z R

H
N

Me

3695 

experiments

3960 

experiments

Training Data

X R

Automated 
DFT

Just need to 
input SMILES



Machine Learning Applied to Chemistry - Reaction Optimization

Shields, B. J.; Stevens, J.; Li, Jun.; Parasram, M.; Damani, F.; Alvarado, Janey, J. M.; Adams, R. P.; Doyle, A. G. Nature 2021, 590, 89–96.

[B]

N

Me

X

N
N

THP

N
N
N THP

Me

Me

NH2

Y
Z R

X Y
Z R

H
N

Me

3695 

experiments

3960 

experiments

Training Data

X R

Automated 
DFT

Just need to 
input SMILES



Machine Learning Applied to Chemistry - Reaction Optimization

Shields, B. J.; Stevens, J.; Li, Jun.; Parasram, M.; Damani, F.; Alvarado, Janey, J. M.; Adams, R. P.; Doyle, A. G. Nature 2021, 590, 89–96.

[B]

N

Me

X

N
N

THP

N
N
N THP

Me

Me

NH2

Y
Z R

X Y
Z R

H
N

Me

3695 

experiments

3960 

experiments

Training Data

For more details about Auto-QChem and other applications see: 
Zuranski, A. M.; Wang, J. Y.; Shields, B. J.; Doyle, A. G. React. Chem. Eng. 2022, 7, 1276–1284
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Constant mean Gaussian process 
Pure Exploiter

Picks experiment expected 
to give better yield
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Constant mean Gaussian process 
Pure Exploiter

Pioneering acquisition function 
Pure Explorer

Picks experiment expected 
to give better yield

Picks experiment of greatest 
predictive uncertainty
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3D representation

Susceptible to becoming 
trapped in local maxima
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Constant mean Gaussian process 
Pure Exploiter

Pioneering acquisition function 
Pure Explorer

3D representation

Susceptible to becoming 
trapped in local maxima

3D representation

Explores more condition 
space but not designed to 
find the absolute maxima
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Constant mean Gaussian process 
Pure Exploiter

Pioneering acquisition function 
Pure Explorer

Bayesian optimization with expected improvement 
Mix of both
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Constant mean Gaussian process 
Pure Exploiter

Pioneering acquisition function 
Pure Explorer

Bayesian optimization with expected improvement 
Mix of both

3D representation

Explores more condition 
space and designed to find 

the absolute maxima

Highest yield
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# of experiments

R2
Explore algorithm and mixed algorithm 

have a much more accurate 
“understanding” of the reaction space
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# of experiments

R2
Explore algorithm and mixed algorithm 

have a much more accurate 
“understanding” of the reaction space

# of experiments

Yield
Explore algorithm doesn’t care about 

highest yield and thus doesn’t converge 
on optimal conditions as well as BO-EI
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Test Case

Defined a test space of 1728 conditions

HTE was run for to gather data 
for the test but no data was 

fed to the model
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Me F

Condition?

Test Case

Defined a test space of 1728 conditions

HTE was run for to gather data 
for the test but no data was 

fed to the model

50 expert 
chemists VS 50 run of 

model

Each player could submit 20 batches of 
5 experiments, and between each batch 

get the results from the HTE data
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Me F

Condition?

Test Case

Defined a test space of 1728 conditions

HTE was run for to gather data 
for the test but no data was 

fed to the model

On average the model outperformed experts 
by the 5th batch of experiments

# of Batches

Yield
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Test Case

Defined a test space of 1728 conditions

HTE was run for to gather data 
for the test but no data was 

fed to the model

# of Batches

Yield

Optimal Conditions 
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P
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Me

Me

Me

Me

PdCl2(allyl)2

CsOPiv, 105 oC 

DMA (0.153 M),

100% yield 
Less than 50 experiments for all 

50 different starting points

Unprecedented ligand 
for this class of reaction

Difficult for the experts 
to “find” this ligand
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Application to Mitsunobu reaction
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Br

MeO

O Ph

Condition?

Standard Conditions: 60% yield

180,000 conditions

30 experiments 
99% yield
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O Ph

Condition?

180,000 conditions

30 experiments 
99% yield

Application to deoxyfluorination reaction

Condition?

Standard Conditions: 36% yield

312,500 conditions

40 experiments 
70% yield

O

O NO2

Me

OH

S FAr
O

O

O

O NO2

Me

F

Standard Conditions: 60% yield

Application to Mitsunobu reaction
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Website to use EDBO: 
https://www.edbowebapp.com

https://www.edbowebapp.com
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Condition?

1728 combinations

O

I

CO2Et

OH

CO2Et

Human optimization: ~500 reactions for 70% yield, 80% ee

Bayesian Optimization applied to enantioselective photocatalytic systems
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Condition?

1728 combinations

24 experiments 
80% yield, 91% ee
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CO2Et

OH

CO2Et

Human optimization: ~500 reactions for 70% yield, 80% ee

Bayesian Optimization applied to enantioselective photocatalytic systems
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Condition?

1728 combinations

24 experiments 
80% yield, 91% ee

Condition?

1728 conditions

15 experiments 
59% yield, 77% ee

O

I

CO2Et

OH

CO2Et

Human optimization: ~500 reactions for 70% yield, 80% ee

Human optimization: 49% yield, 76% ee

O

N
I

F

OH

N

F

Bayesian Optimization applied to enantioselective photocatalytic systems
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Machine Learning Applied to Chemistry - Selectivity Predictions in Complex Settings
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Theoretical Question: How can we access substitution at this position to fill a binding pocket? 
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Late-stage functionalization to lynchpin intermediate
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Theoretical Question: How can we access substitution at this position to fill a binding pocket? 
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B2pin2,


[Ir(COD)OMe]2phen

THF, 80 oC

Hartwig C-H Borylation

For simple systems selectivity 
can be a priori predicted by 

empirical knowledge of selectivity 
from other substrates
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Many C-H bonds: predicting selectivity is not trivial



Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367–17376.

Machine Learning Applied to Chemistry - Selectivity Predictions in Complex Settings

N
Boc

N
N N

NHtBu

N

O

H

H H H
H

H

H

H

What C-H bond will be borylated?

Task



Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367–17376.

Machine Learning Applied to Chemistry - Selectivity Predictions in Complex Settings

N
Boc

N
N N

NHtBu

N

O

H

H H H
H

H

H

H

What C-H bond will be borylated?

Task Data Set

86 literature examples

+
N Me

15 less-selective

 examples

60%
40%

F

F
F

F

F
F

B(pin)



Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367–17376.

Machine Learning Applied to Chemistry - Selectivity Predictions in Complex Settings

N
Boc

N
N N

NHtBu

N

O

H

H H H
H

H

H

H

What C-H bond will be borylated?

Task Data Set

86 literature examples

+
N Me

15 less-selective

 examples

60%
40%

F

F
F

F

F
F

B(pin)

Data parameterization

S

Input SMILES

H[Ir]

S

H

[Ir]
S

H [Ir]

DFT TS for each C-H bond

Ph used as 
reference



Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367–17376.

Machine Learning Applied to Chemistry - Selectivity Predictions in Complex Settings

N
Boc

N
N N

NHtBu

N

O

H

H H H
H

H

H

H

What C-H bond will be borylated?

Task Data Set

86 literature examples

+
N Me

15 less-selective

 examples

60%
40%

F

F
F

F

F
F

B(pin)

Data parameterization

S

Input SMILES

H[Ir]

S

H

[Ir]
S

H [Ir]

DFT TS for each C-H bond

Ph used as 
reference

Modeling

Partial Least Squares algorithm (electronic) 

+

Sterimol Parameters (steric)

Predicted relative energy barrier

=

S 100%Boltzmann weights give 
predicted product distribution
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Model is quite accurate in predicting selectivity for simple substrates 
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15 expert 
chemists VS Modelpredict the major site 

of borylation
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