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The path to developing a useful method

1. Identify a problem 2. Initial hit 3. Optimization
: $
Br H,{E O Pd N Pd(dba)2(PTols)2
~——~ R, /Cr NaOTBu, 100 °C
Bu Bu 84% vyield
C-N bonds are prevalent but . . i
hard to form 1983 - migita 1994 - Buchwald/Hartwig
4. Generalize 5. General adoption
Cl R M
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X
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SN A\ O N~ predictable
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N HN™ - Ph CN medchem program

~ongoing (but

mostly done) Widely adopted



Traditional approach to methods development

e Thousands of publication

e 100’s of ligands

e 100’s of substrate combinations

e Among most used reactions in industry

Initial discovery

1983 Today
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Traditional approach to methods development

e Thousands of publication
Initial discovery Today e 100’s of ligands
1983 e 100’s of substrate combinations
e Among most used reactions in industry
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Traditional approach to methods development

e Thousands of publication

Initial discovery e 100’s of ligands

1994 posay e 100’s of substrate combinations
e Among most used reactions in industry
Conditions and ligands known for almost any given combination
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Traditional approach to methods development-belaboring the point
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Traditional approach to methods development-belaboring the point

Initial hit -1983

Br Et
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N
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Initial hit -1955

A

First practical system -1994

o~

First practical system -1992

F|>F>h3
Cl,. 1 \PPhg
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Development of a general, useful reaction is slow

Today: Mostly generalized

40 years, 1390 publications

New combinations still

being optimized

Today: Mostly generalized

70 years, 15,622 publications

New combinations still

being optimized



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
e Catalyst optimization
® Predicting selectivity

® Discovery of new catalysts

Machine Learning
® What is machine learning
® Prediction of optimal conditions
® Selectivity prediction for complex systems

e Catalyst Discovery



Accelerated Serendipity
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Discovery of new amine C-H functionalization through accelerated serendipity

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



Accelerated Serendipity

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

B Parallel processing of reactions at multiple temperatures in multiple solvents
B 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
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HN
\/ R2

C-N bonds are prevalent but
hard to form

C-H arylation is an
extremely desirable reaction

Not compatible with the
synthetic logic of the time!
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1. Identify a problem
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C-N bonds are prevalent but
hard to form

“Predict” a problem and
solve it at the same time
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Additive Screening
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Design a new catalyst for every Universal additive that helps all
problematic combination substrate combinations?

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



Additive Screening
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Relative Yield

Additive Screening
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Additive Screening
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Additive Screening

N
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I |
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Additive Screening

N
Boc Boc ~
lll CO,H N Ir Ni Ill Can this reaction be
2 AN ™
[ j/ | > [ generalized faster than
N Br Z < > N historical approaches?
I I
Boc = Boc
Deoxygenative arylation Decarboxylative alkylation
OH . Ar O -
Ir Ni Ni Alk
> OH >
< ) Reductant
@) @)
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Me  CO,H Ir Ni Me ~ Ar Ir Ni
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ACS Catal. 2023, 13, 11910-11918

PhMeN_ _CO,H PhMeN_ _Ar

bl - T

208 O O O
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Org. Lett. 2024, 26, 27682772

Some of many examples where phthalamde has helped with optimizing and generalizing novel methods



Additive Screening
Ir Ni

X Nuc General conditions using
©/ NucH > ©/ different additives for
( ) different Nuc

Ghosh, I.; Shlapakov, N.; Karl, T. A.; Duker, J.; Nikitin, M.; Burykina, J. V.; Ananikov, V. P.; Konig, B. Nature 2023, 619, 87-93



Additive Screening
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Generalization Through Multi-Substrate Optimization in Enantioselective Catalysis

Enantioselective oxidation Catalyst Design

H
HO O N— Peptide
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® Catalyst? Bn
Bn O
O.

O Me

HO

Rein, J.; Rozema, S. D.; Langner, O. C.; Zacate, S. B.; Hardy, M. A.; Siu, J. C.; Mercado, B. Q.; Sigman, M. S.; Miller, S. J.; Lin, S. Science 2023, 380, 701-712



Generalization Through Multi-Substrate Optimization in Enantioselective Catalysis

Enantioselective oxidation Catalyst Design
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2D visualization of 1,4 diol chemical space
16 1
14 )
12 For more details about scope parameterization:
. Kariofillis, S. K.; Jiang, S.; Zuranski, A .M.; Gandhi, S.
10 So %% S.; Alvarado, J. I. M.; Doyle, A. G. J. Am. Chem. Soc.
8 :’ = 2022, 144, 1045-#1055
6 | e e Optimization set (S1-S15)
* $S16-S20, S25-S29
6 4 2 0 2 4 6 8 10

Rein, J.; Rozema, S. D.; Langner, O. C.; Zacate, S. B.; Hardy, M. A.; Siu, J. C.; Mercado, B. Q.; Sigman, M. S.; Miller, S. J.; Lin, S. Science 2023, 380, 701-712



Generalization Through Multi-Substrate Optimization in Enantioselective Catalysis

Enantioselective oxidation Catalyst Design
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2D visualization of 1,4 diol chemical space
16 1
i . 15 optimization substrates
(0]
12
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10 O 3
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8 ° o © 7 rounds of catalyst design
6 | e e Optimization set (S1-S15)
* $S16-S20, S25-S29
6 4 2 0 2 4 6 8 10

Rein, J.; Rozema, S. D.; Langner, O. C.; Zacate, S. B.; Hardy, M. A.; Siu, J. C.; Mercado, B. Q.; Sigman, M. S.; Miller, S. J.; Lin, S. Science 2023, 380, 701-712



Generalization Through Multi-Substrate Optimization in Enantioselective Catalysis

M
Catalyst O\n/ H \QA o
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Substrate S1 75 75 85 94 Bn>< 5 O-+-i-+-NH
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Under a one substrate optimization
mode P4 is an “optimal catalyst Me
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Rein, J.; Rozema, S. D.; Langner, O. C.; Zacate, S. B.; Hardy, M. A.; Siu, J. C.; Mercado, B. Q.; Sigman, M. S.; Miller, S. J.; Lin, S. Science 2023, 380, 701-712



Generalization Through Multi-Substrate Optimization in Enantioselective Catalysis
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Generalization Through Multi-Substrate Optimization in Enantioselective Catalysis

Catalyst
%ee P11 P2 P3 P4 P5 P6 P7
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Much more general
Me catalyst

, J. C.; Mercado, B. Q.; Sigman, M. S.; Miller, S. J.; Lin, S. Science 2023, 380, 701-712
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Modern approaches to methods development

Data Science
e Catalyst optimization
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® Discovery of new catalysts
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Hammett plot - 1935

Relative !¢ 1
rate (4
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Hammet’g parameter
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One of the most widely used “mechanistic probes” with ~66,600

publications mentioning Hammett plots

Hammett, L. P.; J. Am. Chem. Soc. 1935, 59, 96—-103
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Linear Free Energy Relationships

Correlation of data to make

mechanistic conclusions

OMe < OMe

MeO NC

Slower hydrolysis Faster hydrolysis

Hammett plot - 1935

Relative !¢ 1
rate (4
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Hammet’g parameter
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Basic Hammett equation

! (K)
0g(—) =o
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Linear free-energy relation
ship between relative rate

and hammett parameter

Many other parameters

Sterimol
Charton
Taft
A-values
electric field
Ect.

Hammett, L. P.; J. Am. Chem. Soc. 1935, 59, 96—-103
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Linear Free Energy Relationships - Exceptions

Enantioselective Allylation

10% CrCls, 10% Ln

‘. _NH
10% TEA,, 2 eq. TMSCI )Oi/\ /( OJ\O
Br” \F > Pnh N 0O\ I
2 eq. Mn, THF, RT |\/N R
then, TBAF 2
Bn Ln

Miller, J. J.; Sigman, M. S.; Angew. Chemie 2008, 47, 771-774
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Linear Free Energy Relationships - Exceptions
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23 e.r.
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Enantioselective Allylation

10% CrCls, 10% Ln
10% TEA,, 2 eq. TMSCI

Br/\/ >
2 eq. Mn, THF, RT
then, TBAF
OH OH

Bn/l\/\

1er
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>\e/\

0.3 eur.

0.3 eur.
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Linear free-enerqgy relationship
between log (e.r.) and Steric

parameters

Miller, J. J.; Sigman, M. S.; Angew. Chemie 2008, 47, 771-774



Linear Free Energy Relationships - Exceptions

Enantioselective Allylation

10% CrCls, 10% Ln

H . _NH
? 10% TEA,, 2 eq. TMSCI /Cl)\/\ /( o)\o
) B N ™  Pnh N 07N [

Ph 2 eq. Mn, THF, RT N R
then, TBAF I\/
Bn Ln
0 PhCHO, yv=1.51 Bu £

® PhCH,CH,CHO, = 0.56
A  PhCOMe, y=1.16

-’ Linear free-energy relationship

. between log (e.r.) and Steric

’O
-
-
'O
-

parameters

06 08 10 12 14
Charton value (v) —»

Miller, J. J.; Sigman, M. S.; Angew. Chemie 2008, 47, 771-774
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Linear Free Energy Relationships - Exceptions

Enantioselective Allylation

10% CrCls, 10% Ln

OH “—NH
10% TEA., 2 eq. TMSCI )\/\ /( OJ\O
g \F > ph AN 07N [

2 eq. Mn, THF, RT N R
then, TBAF I\/
Bn Ln
Acetophenone Allylation
Me Me Me

Me
Me Me
1-adamantyl
- ®
y=115 8 CEt Even bigger Charton Values
CH('Pr)2 ’ give worse e.r., breaks the
&
CH( Pr)2 linear relationship

v | ) o J d J v ) v |} M ) o )
03 06 09 12 15 18 21 24

Charton Value (v)

Miller, J. J.; Sigman, M. S.; J. Org. Chem. 2009, 74, 7633—7643
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Multivariate Linear Free Energy Relationships

‘_NH | H H
O)\ Me Me 25 ligand library to determine relation ship
0™\ ,O Et iPr between steric bulk at X and Y
W Y iPr tBu
c tBu CH(Pr)2
Bn Ln
°
N2 4
kS ° ‘

3 °
< 0.9 %
2 ST
$ b .
3
ey
"
L
€
«
<
W

Harper, K. C.; Sigman, M. S.; PNAS 2011, 108, 2179-2183
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/ O)\ Me Me 25 ligand library to determine relation ship
0™\ ,O Et iPr between steric bulk at X and Y
W Y iPr tBu
c tBu CH(Pr)2
Bn Ln

Harper, K. C.; Sigman, M. S.; PNAS 2011, 108, 2179-2183



Multivariate Linear Free Energy Relationships

- —NH H H
0\ 2 Et iPr
W Y iPr tBu

& tBu CH(Pr)2

Bn Ln

25 ligand library to determine relation ship

between steric bulk at X and Y

ectivity (AAGt )

Enantiosel

o © ©
S N R

o N

O
X

o
D
\

t-Bu
iPr

Me
tBu
C(Et)s
C(Et)s

Harper, K. C.; Sigman, M. S.; PNAS 2011, 108, 2179-2183

Relatively accurate predictor

even for much bigger Y groups

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

Measured e.r.
49:51
46:54
42:58
54:46
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Multivariate Linear Free Energy Relationships

Enantioselective Propargylation

10% CrCls, 10% Ln ‘. _NH %[\
10% TEA,, 2 eq. TMSCI HO Me P /</ O ]
Br/\ > >\// 0™\ ,
2 eq. Mn, THF, RT Ph |\/N Y
then, TBAF 3

Harper, K. C.; Sigman, M. S.; Science 2011, 333, 1875-1878
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Multivariate Linear Free Energy Relationships

Enantioselective Propargylation

@)
N
10% CrCls, 10% Ln X..

NH )\
10% TEA,, 2 eq. TMSCI HO Me /( ')
N (@)
2 eq. Mn, THF, RT Ph |\/N Y
then, TBAF

X=Me; Y=1tBu
er =75:25

Low e.r. predicted and overall

small correlation between e.r.

and steric parameters

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



Multivariate Linear Free Energy Relationships

Enantioselective Propargylation

10% CrCls, 10% Ln ‘. _NH i
10% TEA,, 2 eq. TMSCI HO Me P /</ O ]
Br/\ - >\// 0™\ ,
2 eq. Mn, THF, RT Ph |\/N Y
then, TBAF

E—N\\ /

Y =

Hammett parameter  Steric parameter

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



Multivariate Linear Free Energy Relationships

Enantioselective Propargylation

@)
N
10% CrCls, 10% Ln X

N
L
O 10% TEA,, 2 eq. TMSCI HO Me /( 0]
Py S - N A2 0\ i
Ph Me 2 eq. Mn, THF, RT Ph |\/N Y
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Bn Ln
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$ N T # J
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NH £ | TR
02\ “:"s 0.9 N 0
N Y (N ormozg BY
E \ / 3. et # R
()
<"
E = Y=

Hammett parameter  Steric parameter

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



Multivariate Linear Free Energy Relationships

Enantioselective Propargylation

10% CrCls, 10% Ln . K

- —~NH )\
o) 10% TEA,, 2 eq. TMSCI HO, Me /( )
N (@)
)I\ Br/\ - >\/ T ’
Ph Me 2 eq. Mn, THF, RT Ph |\/N Y
then, TBAF P
Bn Ln

Model gives accurate predictions

1.64
1.4- o 14 Optimal Ligand
> _ g o)
Slope = 1.02 = 127
S g / 5 ' MeO A
3 R?=0.96 / £ [ O
® 1.0 o . ® 09 N G5 N
= / S =
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J 06 / (¥ er=92:8 '~V
® 04 o | |
D e
kS ud
A ~
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024 @
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Measured AAG® (kcal/mol)

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



Multivariate Linear Free Energy Relationships

Enantioselective Propargylation o
y-()
10% CrCla, 10% Ln SR )N\
0 10% TEA,, 2 eq. TMSCI HO.  Me /( 0
d @]
)]\ Br/\ : )\/ 0™\ i
Ph Me 2 eq. Mn, THF, RT Ph |\/N Y
then, TBAF 3
Bn Ln

Model gives accurate predictions

1.6

1.4- . _
Slope = 1.02 /7 Mathematical formula

7/ t - - N - v2 s & 1 2
- R®=0.96 AAGY = —1.20 + 1.22FE + 2.845 — 0.855° — 3.7T9ES + 1.25 ES
. g .

-~

1.2

t

0.8- &
0.64 /

0.4-
0.24 . Modeling can be done on more
. k]

pA than just 2 parameters

Predicted AAG* (kcal/mol)

0.0

*\

0.2+

00 03 06 09 12 15
Measured AAG* (kcal/mol)

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



Multivariate Linear Free Energy Relationships - Predicting ee

Catalyst Ar
Additives H OO
N : Nuc
R R concentrations —N @)
\7/ ° Nuc-H > \]-“RS
Ro

Temperature R, O
Solvent
Predict ee Ar

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348



Multivariate Linear Free Energy Relationships - Predicting ee

Catalyst
N Additives H
: uc
R— \7/R3 N concentrations _ R1/N\]_.\R3
Rz Temperature R,
Solvent
Predict ee

Parameterize all components

N
R1/ \7/R3 Ar
@) @)

\P//
 \
ol

Ar

catalyst, additives, concentrations,
temperature, solvent

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348



Multivariate Linear Free Energy Relationships - Predicting ee

Catalyst Ar
Additives
H Nuc @) ®)

N :
R— concentrations —N Y
\7/R3 Nuc-H > Ry SE?
7\

R, 2

Temperature R, O 1
Solvent
Predict ee Ar

Parameterize all components Analyze and model

N
R \7/R3 Ar
1. Determine the parameters that
Ro OO Gather data on a P

. have the highest effect on ee
O\P//O training set 9
O/ h -

OH
Nuc-H
2. Derive a mathematical formula that
Ar

predicts ee based on the important
parameters

catalyst, additives, concentrations,
temperature, solvent

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348



Multivariate Linear Free Energy Relationships - Predicting ee

Catalyst
Additives H
R \__R concentrations  —N_Y1°
7/ ° Nuc-H - 1 \]-‘\Rs
Rz Temperature R,
Solvent
Predict ee
Determine and weigh
important parameters
Solvent
1.0
0.8 .
Catalyst 0.6, Imine (NBO,)
0.4 T
O.g.
¥ ~$> li
Nucleophile Imine (NBOC)
Imine (L)

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348

Ar
L
L,

Ar



Multivariate Linear Free Energy Relationships - Predicting ee

Catalyst Ar
Additives H OO
N : Nuc
R R concentrations —N @) O
\7/ ° Nuc-H > \]-“RS
Ro o OH

Temperature R,
Solvent
Ar

Predict ee

\ /
N

Determine and weigh
a AAG* = 0.42 + 0.29s0l - 0.90NBO,, - 0.75NBO,

Important parameters 3 1 +0.33L; + 0.63H-X-CNu + 0.20L __,
Solvent .
Catalyst — (5. . ~._Imine (NBO,) 5 1.
PO N +
0.2 G 0-
Nucleophile Imme (NBO,) g
£

Im|ne L) ' ® e Training set
=3 - x Validation set
-3 -2 -1 0 1 2 3

Measured AAG* (kcal mol-1)

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348



Multivariate Linear Free Energy Relationships - Predicting ee

Catalyst Ar
Additives . OO
N : Nuc
R— \_-Rs concentrations R1/N = O\ //O
Nuc-H - <\ P
- \OH
Ro Temperature R, O
Solvent
Predict ee Ar
Ar a AAG* = 0.42 + 0.29s0l - 0.90NBO,, - 0.75NBO,
NBOn OO 4 ] +03L, +0.63HX-CNu +020L,
N -
R~ N\ —R3 O\ //O ]
NBO.¢ P\ v’,-: 2
/R, o~ “oH s
Ls: Length of smallest O‘ g L
substituent Ar s
G o
\ ps 0_
Lcat: Length of B 44
catalyst 3 X
() P
a2 - ok
. Soe
R X ® ¢ Training set
sol = solvent term N _) =3 1 % Validation set
'~ H-X-CNu 3 -2 -1 0 1 2 3

Measured AAG* (kcal mol-1)

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348



Multivariate Linear Free Energy Relationships - Predicting ee

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

anthracene
0 0 o9
)]\ Catalyst )I\ O O

NHCO,M N\ 7
Ph”” N )\ 2ne - Ph”” “NH  NCO,Me /P\/
J\ Me Toluene, rt /\)]\ o OH
H Ar Ar Me
anthracene
15 examples All predicted within 5% ee

Reid, J. P.; Sigman, M. S.; Nature 2019, 571, 343 — 348



Multivariate Linear Free Energy Relationships - Predicting ee

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

O
Ph N
M e
H Ar
15 examples
(@)
Ph)]\N R

J\ HS”

H Ar

34 examples

Reid, J.

O
Catalyst

y
Toluene, rt
Ar

All predicted within 5% ee

Catalyst

>
Toluene, rt

26 examples within 5% ee

P.; Sigman, M. S.; Nature 2019, 571, 343 — 348

anthracene
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O O

N P//
O/ \OH

anthracene

CyMes

N7
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Multivariate Linear Free Energy Relationships - Finding New Catalysts

CO,Et
Br Ni O
Ph
B8r” " pp - O
EtO,C Reductant EtO,C

EtO,C
Pdt Dimer

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



Multivariate Linear Free Energy Relationships - Finding New Catalysts

CO,Et
Ph
e C
EtO,C Reductant EtO,C

EtO,C
Pdt Dimer

LOO
0.5 Training
x  Validation
o 0.0
i
<
-
& —0.51
S
E XL15
8 1.0
=
% common ligand space
—1.5 . . R?.0.92
xémproved ligand space preaRQ: 098
LOO: 0.88
—2.017" xue k,-fold: 0.87

-20 -15 -1.0 -05 00 05
AAG* (kcal/mol) Measured

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
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Multivariate Linear Free Energy Relationships - Finding New Catalysts

Ni

Br”” " pp
Reductant EtO,C

EtO,C

Pdt Dimer

AAG* (kcal/mol) Predicted

P Eal

0.0

_0.5 .

LOO
Training
x  Validation

XL15

common ligand space

R?.0.92

n;mproved ligand space pdee: 098

LOO: 0.88

1 G k,-fold: 0.87

-15 -1.0 —-05 00 05
AAG* (kcal/mol) Measured

-2.0

NM62

Previous best Predicted best

61% vyield
7:1 Pdt:dimer

92% vyield
187:1 Pdt:dimer

Poor understanding of the
origin of the dimer, but model
provides a hypothesis free
solution to the problem

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



Multivariate Linear Free Energy Relationships - Finding New Catalysts

@) ‘ ( ~~':".‘ '. ’\‘.a
Me. J\/Cl GIUER-T36A 1% 0 (N
NADP+ 1% Me\ "~.‘ y / | \1 .
' N W I\ L
GDH-105, glucose ™ o W)
| KP(100 mM, pH=8.0) 4o 9
Cyan LEDs Ph e i
GIUER-T36A

Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664



Multivariate Linear Free Energy Relationships - Finding New Catalysts

N"'\ (J
i = ')3;:5":‘. )
Me\N J\/CI GIUER-T36A 1% 0O \q : ‘f}{ ‘(’f’:; v
NADP+ 1% Me @ > ¢ '-.\1 s,‘_“f\
> N A - J
GDH-105, glucose (e N.\M,/'_()‘ I~
| KPi(100 mM, pH=8.0) L S : , '
Cyan LEDs Ph U .
GIuER-T36A

Dihedral angles
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7~ 4
o

g y
Max & min

width Length

Max & min width Angles

Geometric descriptors of relevant residues Substrate sterics

Atomic partial
(NBO) charges

Residue conformers Dynamic surface area

Enzyme dynamics Substrate electronics

Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664
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Measured AAG* (kcal/mol)

Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664
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Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664
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0 Wl , 4 W
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Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664
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Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664
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© -0.33 NBopdtcarbonyl C,GS
S —0.23 * NBOpgt p., Gs
- ’
T 0.8- —0.29 * Sterimol Logy min Entry Pred. (6b/6c) Meas. (6b/6c)
g 0.13 * Residue 269g;erimol B5 sub, GS  §-WEBA 4.0 4.6
[}
0 0.4 6-W66L 3.9 9.2
® Training set Training R = 0.82 6-Y177F 1.9 79
ool @ m Test set Validation R? = 0.70
= ! ! ! | Validation MAE = 0.19 kcal/mol 6-Q232F 2.8 4.3
0.0 0.4 0.8 g B 1.6
Measured Log(6b/6c) 6-Y343A 4.7 6.6
6-Y343F 2.7 2.8
6-Y343W 2.6 n.r.

Clements, H. D.; Flynn, A. R.; Nicholls, B. T.; Grosheva, D.; Leface, S. J.; Merriman, M. T.; Hyster, T. K.; Sigman, M. S.J. Am. Chem. Soc. 2023, 145, 17656—17664
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Data Science in Chemistry

Reviews

Williams, W. L. Zeng, L.; Gensch, T.; Sigman, M. S.; Doyle, A. G., Anslyn, E. V. ACS Cent. Sci. 2021, 21, 1622-1637
Raghavan, P;; Haas, B. C.; Ruos, M. E.; Schleinitz, J.; Doyle, A. G.; Reisman, S. E.; Sigman, M. S.; Coley, C. W. ACS Cent.
Sci. 2023, 9, 2196-2204

Crawford, J. M.; Kingston, C.; Toste, D. F.; Sigman, M. S. Acc. Chem. Res. 2021, 54, 3136-3148

Additional Examples

Morak, T.; Myers, T. E.; Karas, L. J.; Hardy, M. A.; Mercado, B. Q.; Sigman, M. S.; Miller, S. J. J. Am. Chem. Soc. 2023,
145, 22322-22328

Nistanaki, S. K.; Williams, C. G.; Wigman, B.; Wong, J. J.; Haas, B. C.; Popov, S.; Werth, J.; Sigman, M. S.; Houk, K. N.;
Nelson, H. M. Science, 2022, 378, 1085-1091

Sasha, M. H.; Wahlman, J. L. H.; Read, J. A.; Werth, J.; Jacobsen, E. N.; Sigman, M. S. ACS Catal. 2022, 12, 14836
14845

Boni, Y. T.; Cammarota, R. C.; Liao, K.; Sigman, M. S.; Davies, H. M. L. J. Am. Chem. Soc. 2022, 144, 15549-15591




Modern approaches to methods development

Machine Learning
® What is machine learning
® Prediction of optimal conditions
® Selectivity prediction for complex systems

e Catalyst Discovery



What is Machine Learning?

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

Define a task

identify apples?
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What is Machine Learning?

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

Define a task Parameterize Data Curate Data Choose Model

Extract patterrs from data
0ge &
101010 —
0I1gI0l —

101010

identify apples? Pictures of apples Is an object an apple? Train the Al

Applicati Validate Model
pplication Input alidate Mode Output

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 Parameterize Data Curate Data Choose Model

Extract patterrs from data
dgo
e 101010 -5
QIgI0l —
V x 101010

identify apples? Pictures of apples Is an object an apple? Train the Al

Application Input Validate Model Output

Same algorithm to search through as
many pictures as you want




Machine Learning Applied to Chemistry

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

Pd Cat.

H
NH, X Additive N
Me base Ve

DMSO (0.1 M), 60 °C

Aryl Halides

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Pd Cat.

H
NH, X Additive N
Me base Ve

DMSO (0.1 M), 60 °C

Aryl Halides

Variables

)
\
O - ®
Ph NH N/t-Bu

R X Bn,N X O P X )|\

ﬁ S | O\N OTi Meo,N~ NMe,
N /

\

Aryl Halides (15) Additives (23) Pd Cat. (4) Bases (3)

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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Spartan ) _
(software) ‘X Parameterized Data
'\.\f " A e Vibrational properties
_9 e Surface area
5@ 2 u _
" e Dipole moment
\ad

‘@O e Atomic electrostatic charge

SA mm—

Total of 120 descriptors obtained for each individual reaction

What is the data input?

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Spartan ) _

(software) “/. Parameterized Data
J J 0 :

X \ /R '\\‘ @ O A e Vibrational properties
| A _0 e Surface area
P~ 759 9 u .
" e Dipole moment
Y
‘9 @ T e Atomic electrostatic charge
sa @ Jd

Total of 120 descriptors obtained for each individual reaction

\

O\
O ) @
Ph NH N/t-Bu
R X Bn,N X O P X )|\

ﬁ S | O\N OTi Meo,N~ NMe,
N /

Aryl Halides (15) Additives (23) Pd Cat. (4) Bases (3)

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

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Spartan )
(software) Y Parameterized Data
S e i/ L .
'\.\‘ @ O e Vibrational properties
_0O e Surface area
e 0 @ J|u .
" e Dipole moment
o
‘@O e Atomic electrostatic charge
sa @ J

Total of 120 descriptors obtained for each individual reaction

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

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

R2 =0.67
RMSE = 15.5

RMSE: root mean square error R2: Coefficient of determination

observed

i Accuracy Consistency
yield

straight, well correlated fits are more accurate models

predicted yield

Linear Regression Model is inaccurate and inconsistent

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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LaearModel RMSE: root mean square error R2: Coefficient of determination
R2 =0.67
RMSE = 15.5
obs-erved Accuracy Consistency
yield
straight, well correlated fits are more accurate models
predicted yield
supervised machine learning models
Bayes GLM Neural Network | Random Forest
R? = 0.67 , R? =0.87 , R?=0.92
RMSE = 15.5 0y RMSE = 9.7 & RMSE =7.8
observed
yield

predicted yield predicted yield predicted yield

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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LaearModel RMSE: root mean square error R2: Coefficient of determination
R?=0.67
RMSE = 15.5
observed :
i v Accuracy Consistency
yield
straight, well correlated fits are more accurate models
predicted yield
supervised machine learning models
L S - T
. ° 153
oss (& . il
081 * 119
L * 108 Bigger training set makes
R2 0.8 RMSE '~ = 78 predictions more consistent
I and more accurate
. 059
' e
% of data in training set % of data in training set

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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EtO.C_ o
Bn2N o) | \N
70% of data used 30% of data used | \N /
to train model to validate model %
OMe
Additive 18 Additive 23
Poorly predictive predictive
Additive 18 Additive 23
R?=0.74 R? = 0.90
RMSE = 13.7 o RMSE =9.2
observed
yield

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

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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EtO.C_ o
70% of data used 30% of data used | \N /
to train model to validate model %
OMe
Additive 18 Additive 23
training set additives
| O\N Ph O\ | O\N | O\N | O\N
/ | N / / /
Ph EtO,C
Ph Me All “electron poor” to
neutral isoxazoles
Me o Me 0 O\ O\ Me 0
[N o LN W | N
/ / 7 /
EtO,C
CO,Et

CO,Et

EtO,C

Me 0 0 MeO,C 0 O\
| N | N | N N

/ / /

Me Me Me

Model poorly predicts yields for
additive 18 because it falls out
of the scope of the training set

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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70% of data used
to train model

70% of data used
to train model

EtO,C o)
) )
/
OMe
Additive 18 Additive 23

Poorly predictive

Additive 18
R?=0.74
RMSE = 13.7
observed
yield

predicted yield

Inaccurate for parameters
outside of training data set

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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EtO.C_ o
Why does the identity of the additive matter? | N | Y, N
/
OMe
Additive 18 Additive 23
Descriptor Increase in RMSE when excluded from model

Additive *C3 NMR Shift -

Additive E LUMO -

Aryl Halide *C3 NMR Shift -
Additive *O1 Electrostatic Charge -
Additive *C5 Electrostatic Charge -
Additive Dipole Moment -

Base Electronegativity -

Additive Molecular Volume -
Additive E HOMO -

Additive V1 Intensity -

i
o
N
o
W
o

40

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Et0,C_ o
Bn2N 0O \
Why does the identity of the additive matter? | /\N | / N
OMe
Additive 18 Additive 23
Descriptor Top descriptors suggest additive

electrophilicity influences yield

Additive *C3 NMR Shift
Additive E LUMO

Additive *C5 Electrostatic Charge | /N N

Additive *O1 Electrostatic Charge O Pd(PPhs)s 1 eq. /C/\Pd(PPh )
> | I >
Ph Ph 4

Additive Dipole Moment

known for nickel but not for palladium

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Pd Cat.

H
NH, X Additive N
Me base Ve

DMSO (0.1 M), 60 °C

Aryl Halides

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Pd Cat.

H
NH, X Additive N
Me base Ve

DMSO (0.1 M), 60 °C

Aryl Halides

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

Pd Cat.
NH </\\r\\1 ar Additive H ,\’ll/\>
o~ > ~0
Me base
DMSO (0.1 M), 60 oC Me

relatively specific Needed 4,140
task experimental yields

Ahneman, D. T.; Estrada, J. G.; Lin, S.; Doyle, A. G. Science 2018, 360, 186—190.
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Task: Predict the yield of the Buchwald-Hartwig reaction under varying reaction conditions

Pd Cat.

H
NH, X Additive N
Me base Ve

DMSO (0.1 M), 60 °C

Aryl Halides

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

strategy not fit for
reaction optimization

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



Machine Learning Applied to Chemistry - Reaction Optimization

Task: Optimize a reaction where 1000’s of experimental yields are not available

CN CN
Br "
N Condition? N
N N
\ F \
Me Me F

No previous data

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.
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Task: Optimize a reaction where 1000’s of experimental yields are not available

Optimal Conditions

Me
CN . CN o-Ph PdCl(allyl)s
N\ ' Condition? NN\ o CsOPIv, 105 °C
s > I Me=—7~-o7—M®  bma (0.153 M),
\ F \ A
Me Me F e
) Optimizing 100% vyield
N dat :
© prévious data Algorithm Less than 50 experiments

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.
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Task: Optimize a reaction where 1000’s of experimental yields are not available

Optimal Conditions

Me
CN ) CN P/Ph PdClx(allyl)z
N/g— ' Condition? N N\ y 0O Y CsOPiv, 105 oC
g H - I */ o ® DMA (0.153 M),
N = N @)
\ \ Me
Me Me F
) Optimizing 100% vyield
No previous data Algorithm Less than 50 experiments
Choose Model
S P . How would you train a model that
J = .\—_] l_‘,-\,,.p trains itself for new systems?
oolo =L What would the model need to do to
T A quickly find optimal conditions?
Train the Al

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.
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1. Model potential
Choose Model condition space

Extract patterrs from data

Qe & e
NI —T\ 4 e '.Q.’
101010
ool =]
, 2D .
Train the Al

representation of
condition space

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.
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2. Choose a set of
conditions to
evaluate

1. Model potential
Choose Model condition space

Extract patterrs from data
101010 -1
0IgI0l —
101010

Train the Al

P

2D
representation of
condition space

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.
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2. Choose a set of
conditions to
evaluate

1. Model potential
Choose Model condition space

Extract patterrs from data
101010 _I
0I1010] —
101010

Train the Al

pd

2D
representation of
condition space

3. Human runs
experiments and
inputs data

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.
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Choose Model

Extract patterrs from data

Jge
101010 -1
0I1010] —
101010

Train the Al

1. Model potential
condition space

2D
representation of
condition space

4. Redefine better
set of conditions
to evaluate

2. Choose a set of
conditions to
evaluate

3. Human runs
experiments and
inputs data

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.
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Choose Model

Extract patterrs from data
101010 _I
0IgI0l —
101010

Train the Al

P

5. Repeat until
yield optimized or
experimental
resources run out

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.

1. Model potential
condition space

2D
representation of
condition space

4. Redefine better
set of conditions
to evaluate

2. Choose a set of
conditions to
evaluate

3. Human runs
experiments and
inputs data
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X Training Data
Me
\/N NH,
N 3695 /©/ 3960 H
THP  experiments Me N

N—THP experiments /©/ X
/ > |
Yo —
X XN Me Nz R

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.
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X Training Data
Me
\/N NH,
N 3695 /©/ 3960 H
THP  experiments Me N

N—THP experiments /©/ X
/ > |
Yo —
X XN Me Nz R

Automated J
DFT ,
X \/\R e ‘/b -y
| e ol
*9 %971
Just need to sA ¥ o
inout SMILES

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.
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X Training Data
Me
\/N NH,
N 3695 /©/ 3960 ’
THP  experiments Me N

N—THP experiments /©/ N
/ |
Yo —
X X Me Nz R

-
7

Automated 0
DFT %
2.9 _o OpenBabel | __ RDKit
X \/R 5 d d A GA ETKDG
N _o
| P 5 Q 2 [u . ] ’
W2 ‘T i
> TR |
Just need to SA https:llautogchem.org DFT Calculations
inout SMILES

MongoDB

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.



Machine Learning Applied to Chemistry - Reaction Optimization

X Training Data
Me
\/N NH,
N 3695 /©/ 3960 H
THP  experiments Me N

N—THP experiments /©/ X
/ > |
Yo —
X XN Me Nz R

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

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.
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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.
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Constant mean Gaussian process
Pure Exploiter

Picks experiment expected
to give better yield

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.
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Pioneering acquisition function
Pure Explorer

Picks experiment of greatest
predictive uncertainty

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.

Constant mean Gaussian process
Pure Exploiter

Picks experiment expected
to give better yield
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Pioneering acquisition function Constant mean Gaussian process
Pure Explorer Pure Exploiter

Susceptible to becoming
trapped in local maxima

3D representation

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.
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Pioneering acquisition function Constant mean Gaussian process
Pure Explorer Pure Exploiter

Explores more condition
space but not designed to
find the absolute maxima

Susceptible to becoming
trapped in local maxima

3D representation 3D representation

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.
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Pioneering acquisition function Constant mean Gaussian process
Pure Explorer Pure Exploiter

Bayesian optimization with expected improvement
Mix of both

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.
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Pioneering acquisition function Constant mean Gaussian process
Pure Explorer Pure Exploiter

Bayesian optimization with expected improvement Highest yield
Mix of both ~ m Explores more condition
S space and designed to find
(@ the absolute maxima

3D representation

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.
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1.0+
«=ee Exploit
- = = Explore e
. N . - - — s
BO-EI ———— -
R2 Explore algorithm and mixed algorithm
0 have a much more accurate
“understanding” of the reaction space
-0.5

# of experiments

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.
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1.0 -
«seer Exploit

= = Explore -0
057w BO-EI

R2
O..
-0.5
1004 RS 1 .
PR ard |t z “Xi / .
51 (YA, AV R
1 AN Wy panfjy @
sod (FEEL AGE N Nty
Yield N vi it Iy L TLLR ¥
25 - Vi 7 1 I v
W1 VLAV VR Ul -2 )
0 10 20 30 40 50

# of experiments

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.

Explore algorithm and mixed algorithm
have a much more accurate
“understanding” of the reaction space

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
CN CN
N/\g_ Br Condition? N\ HTE was run for to gather data
||\ H D > ||\ for the test but no data was
N\ F N\ fed to the model
Me Me F

Defined a test space of 1728 conditions

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.
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Test Case
CN CN
N Br Condition? N HTE was run for to gather data
||\ N H D > ||\ N for the test but no data was
N\ F N\ fed to the model
Me Me F
Defined a test space of 1728 conditions
Each player could submit 20 batches of
50 expert 50 run of )
] VS 5 experiments, and between each batch
chemists model

get the results from the HTE data

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.
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Test Case
CN CN
N\ Br Condition? N\ HTE was run for to gather data
||\ H > ||\ for the test but no data was
N\ F N\ fed to the model
Me Me F
Defined a test space of 1728 conditions
100
90
50 expert 50 run of 80
] VS Yield
chemists model
70
60 Lower bound
Upper bound
50
0 5 10 15 20

# of Batches

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.



Machine Learning Applied to Chemistry - Reaction Optimization

Test Case
CN CN
N\ Br Condition? N\ HTE was run for to gather data
||\ H > ||\ for the test but no data was
N\ F N\ fed to the model
Me Me F
Defined a test space of 1728 conditions
100
90
On average the model outperformed experts Yield 80
by the 5th batch of experiments
70
60 Lower bound
Upper bound
50
0 5 10 15 20

# of Batches

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.
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Test Case
CN CN
N Br Condition? N HTE was run for to gather data
||\ N H j@ > ||\ N for the test but no data was
N\ F N\ fed to the model
Me Me F
Defined a test space of 1728 conditions
100
Optimal Conditions
90
Unprecedented ligand Me
for this class of reaction P/Ph PdQIz(aIIyI)z a0
" 0O v CsOPiv, 105 oC Yield
°77|o °  DMA (0.153 M),
O 70
Me
100% vyield

Difficult for the experts Less than 50 experiments for all 60 Lower bound
to “find” this ligand 50 different starting points .+=» Upper bound

50

0 5 10 15 20

# of Batches

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.
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Application to Mitsunobu reaction

Br Br
AN HO Condition?» AN 30 experiments
MeO N MeO N 99% yleld
H 180,000 conditions \\
@) @) Ph

Standard Conditions: 60% vyield

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.
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Application to Mitsunobu reaction

Br Br
A\ HO Condition?» AN 30 experiments
MeO N MeO N 99% yield
H 180,000 conditions \\
@) @) Ph

Standard Conditions: 60% vyield

Application to deoxyfluorination reaction

OH E
0
Il Condition? ]
O Me Af—S—F - O Me 40 experlments
( I ( 70% yield
0 NO, © 312,500 conditions o NO,

Standard Conditions: 36% vyield

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.
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C. Workflow for the new implementation of EDBO+ through the web-application

features selectivity :
ae —o g
- ~ I
'/. C 3\ . — >
. >
Web _ & eei 0 O | ol — e 8
Application £ o"es VY. )y SN — p D
9 E -.o.o V]v‘ ‘: ‘ . 3
% o pgj | -l o —0
e i P ol — e
Experimental features ield :
Graphical User Data visualization and dat:.;: ollection P yield
Interface (GUI) reaction conditions selection Multi-objective regression Multi-objective acquisition function
4

Suggested experiments +—— |@||® o

Website to use EDBO:
https://www.edbowebapp.com

Doyle, A. G. J. Am. Chem. Soc. 2022, 144, 19999—-20007.
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Bayesian Optimization applied to enantioselective photocatalytic systems

CO,Et

O

®
/©/ Condition?
-
| . OH
1728 combinations O

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

Doyle, A. G. J. Am. Chem. Soc. 2022, 144, 19999—-20007.
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Bayesian Optimization applied to enantioselective photocatalytic systems

CO,Et

CO,Et " O
/©/ Condltlon?> 24 experiments
|

OH 80% yield, 91% ee
1728 combinations O

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

Doyle, A. G. J. Am. Chem. Soc. 2022, 144, 19999—-20007.
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Bayesian Optimization applied to enantioselective photocatalytic systems

CO,Et
O CO,Et
Cond|t|on’? 24 experiments
| 80% yield, 91% ee
1728 combinations

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

O F
| N Cond|t|on? 15 experiments
_N 59% yield, 77% ee
| 1728 conditions

Human optimization: 49% yield, 76% ee

Doyle, A. G. J. Am. Chem. Soc. 2022, 144, 19999—-20007.
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Theoretical Question: How can we access substitution at this position to fill a binding pocket?

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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Theoretical Question: How can we access substitution at this position to fill a binding pocket?

Late-stage functionalization to lynchpin intermediate

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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Theoretical Question: How can we access substitution at this position to fill a binding pocket?

Hartwig C-H Borylation

H . B(pin)
Bopinz, For simple systems selectivity
[Ir(COD)OMe]zphen> can be a priori predicted by
F F THF, 80 oC F F empirical knowledge of selectivity
F F F F from other substrates
F F F F

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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Theoretical Question: How can we access substitution at this position to fill a binding pocket?

H

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

Task
H NHBu H
I O H
N / \ / \
b N
N H H
Boc/ H H

What C-H bond will be borylated?

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

NHBu B(pin)
|’\|/ N— 40% N
Y |
N \ / N/ Me
H

| | 15 less-selective
What C-H bond will be borylated? 86 literature examples examples

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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Task
H NHBu H
I O H
N / \ / \
b N
N H H
Boc/ H H

What C-H bond will be borylated?

Data parameterization

Input SMILES DFT TS for each C-H bond

S
| / | S ’,.\[Ir]
J H
I_|..-[Ir]

[ir]:-H

S
)
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.

Data Set
B(pm) 60%
40% XN
; [
N Me
F F
F F

15 less-selective

86 literature examples
examples
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Task
NH1Bu
|’\|/ N—
N Y/ \ /
Boc H
What C-H bond will be borylated?
Data parameterization
Input SMILES DFT TS for each C-H bond
S
D O
S J H
| H--' [Ir]
/
[Ir]--~H
‘ 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.

Data Set

B(pin)
>(©\K B | p
Z

N Me

15 less-selective

86 literature examples
examples

Modeling
Partial Least Squares algorithm (electronic)
+

Sterimol Parameters (steric)

Predicted relative energy barrier

Boltzmann weights give S. 100%
predicted product distribution | //
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Experimental Selectivities

100% 11% 100% 45%
N N / NS Br —\ 559
T, oy o0
N F S N N7 N
24%
64%

Predicted Selectivities

100% 930, 100% ] 42%
N N X —\ 57%
0
-t - oy OO
N F S b NZ N
25%,

62%

Model is quite accurate in predicting selectivity for simple substrates

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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predict the major site 15 expert

VS Model
of borylation chemists

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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predict the major site
of borylation

SMe

N—

23% 15% 15%

No reaction: 46%

S S
@)
58% I I
o) OMe
\—O OMe

No reaction: 42%

Caldeweyher, E.; Elkin, M.; Gheibi, G.; Johansson, M.; Skold, C.; Norrby, P.; Hartwig, J. F. J. Am. Chem. Soc. 2023, 145, 17367—-17376.
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y/ NH
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Me
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@)
87%
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No reaction: 7%
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predict the major site
of borylation

SMe

N—

23% 15% 15%

No reaction: 46%

S S
@)
58% I I
o) OMe
\—O OMe

No reaction: 42%
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predict the major site
of borylation

SMe

N—

23% 15% 15%

No reaction: 46%

S S
@)
58% I I
o) OMe
\—O OMe

No reaction: 42%

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

15 rt
expe VS Model
chemists
40% .
— ) OMe 50%
— )X
N / HN@ 13%
33%
46%

Correct answer in
purple

8%
8%
I//>~NH
N~y

Me

Me OBoc

@)
87%
O O)‘\ﬁ/)

7%

No reaction: 7%
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15 expert

. VS Model Overall: 100% accurate
chemists

Overall: 56% accurate

8%
8%

40% . ,4>\

SMe = N
N— F \ /
Cl \ / CN N HN 13% Me
33%

23% 15% 15% 46% Me OBoc

No reaction: 46%

S S
Q @)
o
@) o) \
0] OMe /
\_o OMe 7%
No reaction: 42% No reaction: 7%

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