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THE DIGITAL FUTURE OF PROCESS CHEMISTRY AND TECHNOLOGY
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Autonomous Flow Chemistry Platform

Why? How?

>

>

Free up chemist resource Control and Processed
database

Data-rich experimentation at an
early development stage

More than “just” finding optimal lab
scale conditions

> Process understanding

> Kinetic model generation

> Reactor/flow characterization

> Preliminary control approaches

Faster/easier scale-up and control
definition!

Initial 3-PAT reactor platform: Sagmeister, P. et al. React. Chem. Eng. 2019, 4, 1571
Full PAT integration: Sagmeister, P. et al. Angew. Chem. Int. Ed. 2021, 60, 8139



Autonomous Flow Chemistry Platform

Model Predictive\
Control (MPC)

Sacher, S. et al. Chem. Eng. Res.
Des. 2022, 177, 493

Self-Optimization

Sagmeister, P. et al. Adv. Sci.
2022, 9, 2105547

Iterative Model
Building

Knoll, S. et al. React. Chem.
Eng. 2022, 7, 2375

Dynamic
Experiments

Sagmeister, P. et al. Manuscript
in preparation

Control and Processed
Algorithm database data
Oo results Data
oo —> analysis
conditions

Process PAT
parameters

@\

Integration

Sagmeister, P. et al. React. Chem.
Eng. 2019, 4, 1571

ﬂh Partial Least

Squares (PLS)

£
\

Sagmeister, P. et al. React. Chem.
Eng. 2020, 5, 677

Indirect Hard
Modeling (IHM)

®

Sagmeister, P. et al. Angew. Chem. Int.
Ed. 2021, 60, 8139

Artificial Neural
Network (ANN)

®

Sagmeister, P. et al. Digital Discov.

\2022, 1, 405
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MPC for APl Synthesis

Reaction and Analysis Strategy

CO,H
cl

hydrogenation

inline FTIR

nitration o
separation NS 2
hydrolysis inline OH
® UVMNiIs .
r?\,‘-:: Separatlon online UHPLC H2N
% COzH - mesalazine
— on e (API)

O,N

Sagmeister, P. et al. Angew. Chem. Int. Ed. 2021, 60, 8139
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MPC for API Synthesis

Hybrid Reaction Model — Training Workflow

Data from kinetic
experiments and DoE

Kinetic models
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MPC for API Synthesis

Automated Process Control Scheme

PTQ u(t) process inputs d(t) disturbance
Il H flow rates, temperatures, eg. pump delivering incorrectly
stoichiometry...
Controll \ y(t) process outputs
References ontrolier Reactor P easured by PAT
r(t) u(t) y(t)
ﬁ
@ PAT

Yield 90 % ———

ideal case r(t) = y(t)

What happens if we have a
disturbance?



MPC for API Synthesis

Automated Process Control Scheme

PTQ

References

r(t)
e ——

Yield 90 %

u(t) process inputs
I l H flow rates, temperatures,

stoichiometry...

Controller

N\

feedback of

Reactor

reactor state x(t)

Digital Twin

d(t) disturbance

eg. pump delivering incorrectly

y(t) process outputs
___— measured by PAT

Yield 75 %

Hybrid reaction models




MPC for API Synthesis

Example Experimental Data

automated startup with MPC
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MPC for API Synthesis

Example Experimental Data

automated startup with MPC Response MPC + PID
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MPC for API Synthesis

Hybrid Reaction Model — Training Workflow

Data from kinetic
experiments and DoE

Kinetic models
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Model-Building in a Data-Rich Environment

Approach 1. Empirical Models

@ PAT and Data Analysis
@ — L > High data density

L)

) @ > NMR, FTIR, Raman
Self-Optimization Reaction Model > |dentify trace impurities

> Broad process space > Around the optimum > Chromatography
> Multiple objectives > Automated Dok > |dentify mechanism

Approach 2: Kinetics-based Models

Cost of Optimization
—_ $ > Material consumption

. —_— > Droplet-Flow reactor
Steady-State Dynamic Scale-up i’ > Automation

Experiments Experiments .
> Minimal effort for

> Building a kinetic model| operator
> Reactor characterization -



Multi-Step
Self-Optimization




Self-Optimization Algorithms

> Work as “Black Box"” or “Grey Box”

> Cover large design space Self-Optimization

. . Algorithm
> No prior chemistry knowledge N\ Control affid Processed data
Optimization databask
Method infeasible
oo Results
S G ) . . . D .
Single- or Multi-Objective 8% ) | — Data afalysis
. J
© Pareto Front
> TSEMO ¢ Possible Solutions

> Thompson sampling efficient multi-objective
Critical process

optimization algorithm parameters

> Global, multi-objective algorithm

Clayton, A. D. et al. React. Chem. Eng. 2019, 4, 1545
Bradford, E. et al. J. Glob. Optim. 2018, 71, 407 EHE



Self-Optimization Workflow

Control and database

feed input ‘
variables \

calculate & set

new process conditions
Optimization method

Bayesian - TSEM

O
@ python ‘\

calculation of input variables

objective values

wait to reach
steady-state

Data analysis
@ Processed data

Control and database
feed back ‘

calculate objective values



Reaction Setup

Edaravone Synthesis

thermostat 1

NHNH; 54-6& .ZT
{©/ _Q'Ni | H‘N o)
3 ool W HTD— @U\)LCA
o
o

y,
P,
(solvent 1 (EtOH)
(0]

L

/‘\

o

edaravone .. ' A

cooling water

> Synthesis of a simple API (2 steps)

I(/I-<)—(solvent 2 (EtOH)J

thermostat 2

1==

Liquid starting materials and no solubility concerns
Separation of steps to improve selectivity

Zhou, S. et al. Org. Process Res. Dev. 2021, 25, 2146




Optimization Objectives and Variables

Three Objectives
IYieId of Intermediate lReagent Consumption ISpace-Time Yield
STEP 1 STEP 1 & STEP 2 STEP 2

Seven Variables

STEP 1 @ .E {Jl .1T-o

Residence Concentration Temperature Phenylhydrazine
Time Equivalents
0.5-1.5 min 1.0-24M 10 - 50 °C 0.5-15 eq.
4 E 4
STEP 2 Le
Temperature Triethylamine Dilution

Equivalents
25-130 °C 0.5-3.0eq. O0-1xQ;

il
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Multi-Step Optimization Results

Continuous Data

20

Concentration (mol/L

STY (kg/L/h)

frhion

——Equiv. 1 step
——Equiv. 2 step
——Equiv. Combined

imine (NMR)
——imine (FTIR)
- edaravone (FTIR)

—STY 2 step

—Yield 1 step
100%

75%
50%
25%

Yield 1

50

10.0

15.0
Time (h)

20.0 25.0

+ 0%
30.0

Objectives

Space-time yield (kg/L/h)

Yield 1 (%) 40 1

Overall Equivalents

85 optimization experiments (26 h)
Yield 1 step: > 95%, STY: 542 kg L' h"!
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Iterative Model Building Concept
State-of-the-Art Our Aim

Fully automated iterative model building
o

, gi Model building
Automated experiments with offline model building a‘—l'-‘
’ S
Experiments \h\\

)

Autonomous optimization without detailed models

Reaction model

Knoll, S. et al. React. Chem. Eng. 2022, 7, 2375



Features of OPTIPUS

> Python-based program
interacting with XamcControl

> Compatible with the current
platform

> Performs consecutive DoE sets
with increasing complexity

> Model evaluation after each set
> User experience
> Graphical user interface

> Real-time model visualization

Knoll, S. et al. React. Chem. Eng. 2022, 7, 2375
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Case Studies

NO,

NO,
() - s
F |':l| MeCN/MeOH (1+1v) N

F

02-04M o

1. Nucleophilic Aromatic Substitution

> Using a S Ar reaction to test system
> 4 variables

> Temperature

> Concentration

> Reagent ratio

> Residence time

Br 405 nm
+ OQN
O MeCN/AcOH
F

0.25-0.45M

2. Photoinduced Benzylic Bromination
> “New” interesting variable: light
> 6 variables

> T, ¢, reagent ratio, t, .

> Additive ratio

> Light intensity



Case Study 1: S Ar

Workflow |
1. Automated DoE in broad design space

2. Automated DoE in narrow design space
around optimal point (robustness)

T |C|
=E



Case Study 2: Benzylic Bromination

Workflow I
1. Self-Optimization with broad design space (TSEMO)

2. Automated DoE in optimum region




Case Study 2: Benzylic Bromination

——
o N,B’ online '"H NMR
O~
5
0.75 M in MeCN
o




Case Study 2: Benzylic Bromination

Ortrus B

2 3.38175
o 1 online 'TH NMR
N

potentiostat ‘ D

12.2545

Equivalents NBS 5

Space-time yield 7 (kg/L/h)

1.12725
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: 8
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O PTIPUS 09-11 40-50 0.40-0.45 750 - 950 0.8-12 0.01-0.05




28 Experiments

37 Experiments
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This presentation contains valuable proprietary information of Research Center Pharmaceutical Engineering GmbH
(RCPE) or its subsidiaries that is protected by law, and no licenses or other proprietary rights are granted herein, nor
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