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v Machine-learning-assisted screening for
automated synthesis of pharmaceutical resources
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scikit-learn
algorithm cheat-sheet
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AF7O0—E R : Chem. Commun. 2020, 56, 1259 (Highlighted in Synfacts, EurekAlert!)
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Exploration of conditions using ML
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Electrolysis of a-ketiminophosphonate

3 3
HN'R N'R

A _oR? L__oR?

>
R’ P\ORz electrochemical R’ P\ORZ
O oxidation O

1. metal free
2. external oxidant free
3. mild conditions

2. RAXRZBEILICKDERRYTFIVERK

ML-assisted simultaneous multiparameter screening

\__/ \__/
minimum number of

experiments
collecting dataset

evaluating ML estimation

Machine Learning
(Bayesian optimization)

1. efficient and rapid screening
2. save energy, time, and labor
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Posterior

Acquisition function

t=3

Posterior

Acquisition function

t=4

New
observation

ESEH
* Probability of Improvement (PI)
NEERZIEE=EHAER

« Expected Improvement (El)
REHREBNEZEDHFEZIEER

« Lower Confidence Bound (LCB)
BRREFRADN—FAD

LCB=u — BxX0O

HAFFE: 1, 2ERE: 0
B HFEREFRADEIEZOFO—ILT HRE

https://www.linkedin.com/pulse/bayesian-optimization-jonathan-hilgart
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CN CN
[PdCl(allyl)], (2.25 mol%) N
N { Br Ligand (5 mol%) <’ \
« H * : - N
N . Base (3 equiv.) y /
I\IA R Solvent (C), T e .

KOAG | CsOAG BUOAGC | BuCN 90 120 0.057 0.153

. X N | | | | | |
KOPiv | CsOPiv prIene' DMAG 105 0100

PPh;{oPCy, /i E 12858

Ligand Base Solvent T (°C) C (M)

Doyle, A. G. et al., Nature, 2021, 590, 89; J. Am. Chem. Soc. 2022, 144, 19999
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j 0,0 RiNHz 00 N o o .

— !E Dearomatization

c1”Cl RONM, . RPN NHR! next N, = B’ -8 H.-F‘: :Q .

conditions K‘I @ [—NE} . ':‘-I..
T 0.30 M el R. ,-lq . N ‘0 . _.!‘r

Me,NB KaH = 8.9 - 1
sHEn (haH =8l ' Deatailed
Mechanistic

R
0 51s
% P Analysis Unigue Active Species

‘ X
SNpdo wes® o

(42 examples)

Fuse, S. et al., Chem. Methods 2021, 1, 484 Harada, S.: Nemoto, T. et al., ACS Catal. 2023, 13, 147
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Experimental design by
Bayesian optimization

Initial Training Set
(ITS)

1 7

Prediction by Bayesian model Prediction by Bayesian model Prediction by Bayesian model

il

Experiment

4

R XEBEILEERT S
Bl R I SRR ﬂﬁ

15 0 o
Experiment 0 '= O\S"=O
/ 3 ERIE (MA) -
~N
0P oaP\oiPr &FE;‘EE, R RS o-Poipr
. X . 2aRE%
entry EiR{E (mA) 1a (mM) EfEE (M) EE (°C) BFfE (min) (Nlll\/”j; °
1 1 10 0.05 60 180 8
o o 2 2 20 0.2 25 60 16
Initial Training Set - 3 3 10 0.1 40 120 o5
4 4 15 0.1 40 60 38
5 5 5 0.05 25 120 26

Training Set

Training Set
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Pt Pt o
1.0
(BRRE) ok ek
: NH 3 mA N
' ,RZ ) ’ <l .RZ_/<
Tees gt LiCIO4 (0.19M), CHACN AN
45 °C, 120 min
o) o) o) o o)
(0 I (0 I [0 I/ 0 I/
s<o s<o s<o 0.dto s<o
/N' /N. /N. ,[l] MeO /N.
JO'Pr I:,,O'Pr I:,,O'Pr _O'Pr J_O'Pr
0” ~O'Pr 0” ~O'Pr 0” ~O'Pr 0~ “OiPr 0” ~O'Pr
7b: 61% 7c: 95% 7d: 72% 7e: 929 7f: 75%
o) o) o) o)
0 I/ (0 I/ 0 I/ (0 I
$=o s=o sto sto c\"é,,o
Br ~N By ~N Ph ~N ~N \N
_OPr _OPr _OPr _OEt { o
0* ~O'Pr 0* ~o'Pr 0” ~O'Pr 0” “OEt  7k:62% ,PLqip,
4
79: 56% 7h: 98% 7i: 73% 7i: 79% o
c‘)é’/o o 2 e Q.0 Q.0
Sel 7 % %
‘N ?—O S\ S\ O;S‘
{ oipr =N % % ’N7 80%
. 790 . 7n: 94% 70: 58% p: 0
71: 72% c)',Psolpl,. 7m: 87% Ph Ph "Bu Ph
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‘mlm
Pt
%’zo Pt %,,0
©;<\NH EFME (MA) - @E,(‘N
EfEE (M), CH3CN
60 n = . ’ 70 n
Bu  prEE RS Bu
i . . ToDYRE Y,
entry B (mA) 6o (mM) BAE (V) BE (C) BM (min) ey
1 1 10 0.05 60 180 46
2 2 20 0.2 25 60 22
3 3 10 0.1 40 120 62
4 4 15 0.1 40 60 53
D, S . S . 005 ... 25 . 120 ... 4 ..
6 4 10 0.12 60 180 29
67
7 3 11.7 0.22 40 120 oo MBEINE)
SEOEE 3 10.4 0.19 45 120 58
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~N
’P:OfPr
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70: 66% (58%)
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1) NaSH aq. (eq.) and concentration in H,O (M) T,’J',’Jjj : j]_E'ﬂ:?I %( x) (SIK)
30 °C, 10 min. . N
2) Sulfur (eq.) BB
cl o 95 °C, 1 h, then 50 °C #H#FEEATI5m
Cl Cl 3) TBAB (8.5 mol%) g:><:g (202211 H108)
SM 95 °C, 24 h iro-dithiol eI X B#H4m
spiro-ditnioliane
(2 grams scale) > SP ( 2023%4H28H)
concentration in toluene (M) 2023ﬂ5f§ck U ﬁ%ﬂiﬁﬂ:
NaSH aq. NaSH aq.
asnAd - sulfur SV Yield A sulfur SMo Yield
Entry concentration "o\ concentration | oy ) Entry concentration oy concentration  ong
(€a) in H,0 () 9)in toluene (M) ° (€9 in 1,0 (m) 9 in toluene (M) °
1 6.5 14.8 24 1.19 65 ) 1 5.5 5.3 2.1 4.54 67 )
2 4.5 7.4 24 2.78 51 2 2.7 7.0 3,3 2.16 31
3 3.5 14.8 3.0 0.76 39 3 6.9 18.4 2.7 1.42 68 > ITS
4 5.5 7.4 1.2 1.19 76 > L 4 8.3 4.3 0.9 0.84 48
5 6.5 9.8 2.0 2.78 66 5 4.1 10.0 1.5 1.06 66/
6 4.5 9.8 1.2 0.76 52 “Prediction with ITS (entries 1to 5) experimental results
“Prediction with ITS (entries 1t0 6)  experimental resu It 6 6.7 16.2 2.7 1.50 70
Q ______ . e i w7 e A . A\ T TTTTTTTTTToTmTT T ot
7re iction ;N; (e: 1r|es ° : P . 22ex erlme7r18a fesirs Prediction with ITS (entries 1 to 6) experimental results
S — e — — — 7 6.5 29.8 1.3 4.54 89 (87)
Champion data in company (none-BO screening): 2 grams scale . 20 grams scale
6.0 1.9 3.0 1.71 68 ITS prepared by random sampling g

ITS prepared by Latin hypercube sampling (LHS)
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H,N COOH
)j\ + CO, -
- 2e-, 2H* Ph” 45 Ph (electrode area) x (current density)

g (electricity, F/mol) =

Ph

Anode (Pt) (Faraday constant) x (flow rate) x (concentration of the

_ substrate )
THF solution of Trapped 3ain 1 M HCI aq. P— '
]m 2 il ' i ks '1. Rapid screening
&  Limitation on! i o
+ - h‘"’:’»-,-':fl’;i‘ + - . 2. Efficient conditions
\| g <Y =

: ‘parameters |
: pammaters g

Saturated w/ CO, g / <Cross-sectional view> ;
S , lem ) ) ) , | :
x " S — M_acﬁme Iearmqg with ' ' :
L i minimum experiments " Searchspace "Séarch space
Cathode (GC) Cathode |~ (BO with constraints)
Entry [1a] [BusNClO4]  Current density  Flow rate  Electrode distance  Charge Passed  Yield of 4a Current efficiency
/M /M / mA cm2 / mL h™! / pm (¢) / F mol™ (%) (%)

1 0.08 0.1 25 15 120 2.33 28 24
Training 2 0.08 0.15 40 25 80 2.24 31 28
. 3 0.04 0.1 10 10 20 2.80 88 28
4 0.04 0.05 25 25 120 2.80 39 33
5 0.12 0.15 15 5 80 2.80 46 63
6A 0.049 0.1 11.1 8.9 30 2.85 920 52
2.0<g<3.0 7A 0.062 0.075 12.2 7.4 20 2.98 78 S7

8A 0.045 0.12 10.1 9.2 30 2.73 78 58 ChemComm

9A 0.043 0.077 11.9 11.1 30 2.79 81 24 =
6B 0.04 0.084 10.6 14.6 30 2.03 85 84
20<g<2.1 7B 0.071 0.053 10.6 8.3 40 2.01 71 71

8B 0.06 0.15 11.7 10.8 20 2.02 77 76 :
9B 0.042 0.094 12.2 16 20 2.03 88 87 Crasn, T

Y. Naito, M. Kondo, Y. Nakamura, N. Shida, K. Ishikawa,T. Washio*, S. Takizawa*, M. Atobe*, Chem. Commun. 2022, 58, 3893 (f® X &)
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B & = XiEa X~

HO
+ TfOH (B mol%)

R
N Se OMe
Bayesian optimization Flow rate micro mixer :
assisted screening e . XH =

For flow reaction OMe | HO

... i R ' Conc. of IQMAs or QMAs (C M),
Optimization of numerical and X OMe ' Temp. < 15 min !
categorical parameters ~-oe-t

XTNF cross-coupling functionalized biaryl

sone-hot encoding _ \ in flow system
s rapid optimization of mixing-type SM&S(Q__C’)\I)SOZR) +low catalyst loading +inexpensive solvent
+ multi-parameter screening ¢room temperature ¢short reaction time

3. WHINARXGBILICEBHET)—ILILEYMDTO—ERRIESE

HEXF Y —EFZRZTZETO6RIT/\TA—2) DA EEzEE

Commun. Chem. 2022, 5, 148
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MeO OMe OMe
Me Me , HO TFA (20 mol %) O
| | > MsHN Me
Toluene, 100 °C HO
NMs 6
5 Kurti et al.

Angew. Chem. Int. Ed. 2016, 55, 566

MeO OMe
+ HO MeSO3H (20 mol %)
e -
O HFIP, RT
5> 6 Kita et al.
Angew. Chem. Int. Ed. 2016, 55, 15535 7
:  High catalyst loading, 100 °C, HFIP (Expensive solvent) . 95%
This work
R5
6 6 6
R*O PR TfOH (<2 mol %) OR
R HO \ '
+ \©/\;—R7 Toluene, <60 °C R4HN
NR Flow System HO Oe o7
ML process (Bayesian Optimization)
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Categorical Parameters: Types of micro mixers

B O

T shaped
@W @ Comet X
B-type
input 2
HO Z
K:@ + TFOH (0.5-2.0 mol %)
6a (1 to 3 eq) in toluene
input 1
MeO_ OMe Flow rate OMe
(0.05 to 0.2 mL/min) TSHN O
— Mixer » HO
498
53 Temp (20 to 60 °C)
in toluene 7a

Conc. of 5a and 6a (0.01 to 0.1 M)
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Categorical Parameters: Types of micro mixers

B-type

Mixer type T shaped B-type Comet X
Acquisition Function

OrdinalEncoder 1 2 3
* Probability of Improvement (PI)
OneHotEncoder 1.0.0 0.1.0 0.0.1 A .
| [10.0) [0.1.0]  {0.0.1] S E A R S B 1R
BinaryEncoder [1.0] [0.1] [1.1]

« Expected Improvement (El)

REERELEETE

» Lower Confidence Bound (LCB)

Single EI (=29 >R - &Ff) R LR DN —RAD

= Parallel LCB (=29 DX 5f) FEEDE




ATV HIVINGA—=R3ZEERA X &L : Initial Training Set

HO
+ TFOH (Y mol %)

6a (X eq) in toluene

input 1 FI Z mL/min
MeO. OMe ow rate ( )

Flow rate O OMe
Q (Z mL/min) TsHN

> Mixer > HO
46
5a Temp, Conc. of Toluene
in toluene 7a
Entr Mixer X Equiv Temp. Conc. Flow rate TfOH Yield 7a
Y of6a  (C) (M) (ZmLmin?) (Ymol%) (%)
1) Comet X 2 60 0.05 0.05 1 68
2) Comet X 3 40 0.01 0.2 0.5 73
3) B-type 1 60 0.01 0.1 2 42
4) B-type 3 20 0.1 0.1 0.5 28
5) T-shaped 1 40 0.05 0.05 2 55

6) T-shaped 2 20 0.1 0.2 1 75
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RO w

lied for initial training. d
£ : X Equiv  Temp. Conc. Flow rate + TfOH Yield 7a
WY T hBHd  okea (20 M1z mPfYy (Ymd%) @)
8) Cooned tXX 2.3 685 000339 00064 11 68
%)) @Omﬁx 13 185 0815 0g21 0254 48
_A AW REE
T shaped : *@

B-type Comet X
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input 2
HO
+ TfOH (1.5 mol %)
6a (3 eq)
in toluene

input 1

Flow rate (0.8 mL/min)
MeO OMe Flow rate

TsHN

O OMe
y

(0.8 mL/min)
—| Comet X HO
NTs 25 °C, 0.015 M Toluene Q OO

5a
7a

in toluene
96%
only 15 reactions

ML Predicted results:
 Mixer = Comet X
 Flow rate = 0.8 mL/min
« Catalyst loading = 1.5 mol %
« Temperature =25 °C
« Concentration =0.015 M
« Amount of reactant = 3.0 eq




EH O

input 2
HO
+ TfOH (1.5 mol %)
7a (3 eq) in toluene
5
input 1 Flow rate R R6
RO OR® Flow rate (0.08 mL/min) O
R (0.08 mL/min) RHN
»1  Comet X >0
NR? 25°C, 0.015 M OO
in toluene6

8a
T T oMe T T oMe T T ome MeO_~_.OMe
Q\lp O Q\IIO O O (@) O OMe
SN Me> N ﬁ\o’u‘N ,S°N
5' H H |\/|eO H
a5 & N & " G
8a (R=Me): 96%
8b (R=MeO): 93% 8e 8f 8¢
8¢ (R=Cl): 86% 92% 44% 81%
8d (R=NO,): 91%
Me
OMe O OMe OEt
Ts O Ts O Ts
O 00 JC
8h 8j 8k
95% 77% 71%




EH

input 2
HO
R7+ TfOH (1.5 mol %)
7a (3 eq) in toluene
input 1 Flow rate
MeO_ OMe Flow rate (0.08 mL/min) OMe
(0.08 mL/min) TSHN
»1  Comet X >0
NTs 25°C, 0.015 M Oe R’
in toluene 6a Ny
OMe O OMe O OMe
TsHN E TsHN TsHN

OBn

8ad 8ae 8af
82% 85% 74%
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6a’' (eq) in toluene

input 1 . Flow rate (mL/min) OMe
MeO_ OMe ow rate O
(mL/min) HO
— > Mixer P> HO Br
(5) Temp, Conc. in Toluene O
al
in toluene OH
7a38% [ 66%

15 reactions

Flow rate:
0.8 mL/min

Stoichiometry:
3 eq.

Temperature:
25°C

—

—

Flow rate: - Mixer: :> Mixer: S N
0.068 mL/min ' Comet X B-type {%%%99:

Stoichiometry: * Concentration: :> Concentration: Comet X
3.2 eq. I 0.015Mm 0.044M
. D) > o
Temperature: TfOH: TfOH: \ v@ ‘@
30 °C - 1.5mol % 0.35 mol % B-type "

M. Kondo, H. D. P. Wathsala, M. S. H. Salem, K. Ishikawa, S. Hara, T. Takaai, T. Washio*, H. Sasai, S. Takizawa* Commun. Chem. 2022, 5, 148
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