UNIVERSITY OF AMSTERDAM
X

UvA-DARE (Digital Academic Repository)

Flowing with intelligence

Machine learning driven screening, optimization and prediction of photocatalytic reactions in
flow

Tenblad, P.

Publication date
2025

Link to publication

Citation for published version (APA):

Tenblad, P. (2025). Flowing with intelligence: Machine learning driven screening, optimization
and prediction of photocatalytic reactions in flow. [Thesis, fully internal, Universiteit van
Amsterdam].

General rights

It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations

If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, P.O. Box 19185, 1000 GD Amsterdam, The Netherlands.
You will be contacted as soon as possible.

UVA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

Download date:14 Sept 2026


https://handle.uba.uva.nl/personal/pure/en/publications/flowing-with-intelligence(d67a077a-fbde-4475-ac5a-ee382b2d9501).html

Chapter 2

Automated self-optimization, intensification,

and scale-up of photocatalysis in flow

This chapter is based on:

A. Slattery, Z. Wen, P. Tenblad, ]. Sanjosé-Orduna, D. Pintossi, T. den Hartog, T.
Noél*, Automated self-optimization, intensification, and scale-up of

photocatalysis in flow. Science, 2024, 383 (6681)



Chapter 2

Abstract

The optimization, intensification, and scale-up of photochemical processes
constitute a particular challenge in a manufacturing environment geared
primarily toward thermal chemistry. In this work, we present a versatile flow-
based robotic platform to address these challenges through the integration of
readily available hardware and custom software. Our open-source platform
combines a liquid handler, syringe pumps, a tunable continuous-flow
photoreactor, inexpensive Internet of Things devices, and an in-line benchtop
nuclear magnetic resonance spectrometer to enable automated, data-rich
optimization with a closed-loop Bayesian optimization strategy. A user-friendly
graphical interface allows chemists without programming or machine learning
expertise to easily monitor, analyze, and improve photocatalytic reactions with
respect to both continuous and discrete variables. The system's effectiveness
was demonstrated by increasing overall reaction yields and improving space-

time yields compared with those of previously reported processes.
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Optimization with RoboChem

2.1 Introduction

Photocatalysis has greatly advanced synthetic methods by leveraging a range of
distinct mechanistic pathways, such as single electron transfer, energy transfer,
and hydrogen atom transfer (HAT)!. Its inherently mild nature allows for
seamless integration with other catalytic processes, facilitating distinct
transformations achievable only through the synergistic action of multiple
catalysts2. Despite these advancements, the field still grapples with substantial
hurdles in optimization, replication, and scalability of these methods

(Figure 2.1)3.

These difficulties partly arise from the chemical complexity of photocatalysis,
involving poorly understood reaction mechanisms and limited understanding
of the photophysics underpinning the observed reactivity*. Additionally, the
complex synergistic interactions between different reaction variables often go
unnoticed in traditional academic optimization strategiess. When a promising
reaction is initially identified, the focus shifts to refining conditions for that
specific substrate by using the “one-factor-at-a-time” (OFAT) method. This
approach entails systematically adjusting individual variables, such as ligands,
bases, solvents, or in rare cases, light intensity, retaining the best result before
proceeding to the next. Although design-of-experiments (DoE) strategies are
increasingly adopted in industrial settings, applying them to each substrate
within a scope is resource intensive. To save time, conditions optimized for a
benchmark substrate are often generically applied to others, leading to
suboptimal yields or selectivity. This is because each substrate has distinct
molecular characteristics, such as differing steric and electronic properties and
the presence or absence of sensitive functional groups, all of which

substantially influence the reaction's outcome.
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Chapter 2

Another challenge in developing photocatalytic methods lies in the variability
of experimental setups, leading to substantial batch-to-batch inconsistencies
and limited scalabilitys. In photocatalysis, photons act as central reactants,
meaning that the reaction rate and stability of reagents closely depend on light
intensity. According to the Lambert-Beer law, light intensity diminishes rapidly
as it travels through a photocatalytic reaction mixture. Therefore, traditional
batch scale-up strategies, which simply enlarge reactor dimensions, are
ineffective, as major portions of the reactor receive insufficient light.
Furthermore, uneven light distribution can cause irreproducibility, extended
reaction times, and unwanted byproduct formation. Flow reactors, integrated
with high-power light sources, have thus become crucial for effectively scaling
up photocatalytic transformations, even in industrial settings 78. These reactors
guarantee uniform high light intensity across the entire reactor cross-section,
enhancing reaction kinetics and reducing reaction times, a concept known as
process intensification®. However, variations in light sources and reactor
geometry mean that even with flow reactor technology, reoptimization is often
necessary to ensure compatibility with the specific photocatalytic

transformation.

In response to the challenge of rapidly optimizing complex photocatalytic
reaction conditions, we sought to develop a multipurpose robotic platform,
called RoboChem, that enables the self-optimization, intensification, and scale-
up of photocatalytic transformations (Figure 2.1). This platform overcomes
associated challenges by integrating off-the-shelf hardware and customized
software, providing a hands-off solution. Our open-source platform combines a
liquid handler, syringe pumps, a high-powered photoreactor, inexpensive
Internet of Things (IoT) devices, and an in-line benchtop nuclear magnetic
resonance (NMR) system to enable automated and data-rich optimization. By
using a continuous-flow capillary photoreactor, our platform ensures highly

reproducible data collection, effectively mitigating issues related to mass, heat,
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Optimization with RoboChem

and photon transport that often contribute to irreproducibility in

photocatalytic transformations10.11,

Further, to account for complex intercorrelations between reaction variables,
optimization algorithms such as DoE and statistical modeling can be integrated
into the platform. However, for complex nonlinear relationships such as those
encountered in photocatalytic reactions, machine learning proves to be a more
effective approach!2. Its capacity to rapidly and efficiently analyze vast amounts
of data enables the identification of underlying patterns and the extraction of
meaningful conclusions!3. Thus, combining machine learning with reaction
automation is advantageous!4. Given that our platform operates as a linear
system (i.e., not parallelized), minimizing the number of experiments required
to reach optimal conditions was crucial. For this reason, we turned to Bayesian
optimization (BO), which has gained popularity in the chemistry community

owing to its capacity to optimize black-box functions15-17,

As an automated flow chemistry setup, our platform is capable of exploring
large regions of the experimental and chemical space within a relatively short
period, making it well suited to address complex optimization problems
encountered in photocatalytic reaction scope elaboration. The RoboChem
platform distinguishes itself from common synthetic method practices by
tailoring the reaction conditions to the specific requirements of every substrate,
thereby enabling a clear evaluation of the applicability and limitations of the
reported transformations, resulting in increased value for industrial

implementation.

Because the capillary photoreactor is equipped with high-power LEDs, of which
the light intensity can be adjusted to meet specific photochemical needs, this
setup enables the production of materials in substantial quantities.
Consequently, results obtained from small-scale experiments can be seamlessly

scaled up in the same reactor to produce tens to hundreds of grams of material
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per day, bridging the gap between laboratory research and practical
application. Operating entirely autonomously, the platform further eliminates
the need for in-depth expertise in photocatalysis or scaling processes to achieve
optimal outcomes. This makes RoboChem an effective collaborative robotic
platform, suitable for use in any synthetic organic chemistry laboratory,
regardless of the users' specific knowledge in photocatalysis. In this work, we
demonstrate the general applicability of RoboChem to the optimization of a
diverse set of photocatalytic transformations, including hydrogen atom transfer
(HAT) photocatalysis, photoredox catalysis, and metallaphotocatalysis, which

are relevant to medicinal and crop protection chemistry.

Photocatalysis offers distinct organic synthesis methods but faces significant challenges.

Technological complexity —— Challenges Chemical complexity
@ setup variability @ multiparametric optimization @ limited mechanistic understanding
@ photon absorption © poor reproducibility @ complex photophysics
@ limited scalability o challenging scale up o one-factor-at-a-time opfimization

Can we expedite the optimization of complex photocatalytic reactions with minimal human knowledge and intervention?

RoboChem: a benchtop robotic platform for the self-optimization, intensification and scale-up of photocatalytic transformations

Bayesian Optimization

& Graphical User Interface Sample Preparation Photochemical Reactor Inline NMR

Closed-loop, multiobjective optimization

o fastoptimization @ reproducible ® captures complex intercorrelations ® ogeneration of detailed datasets @ scalable process

Figure 2.1: RoboChem: a benchtop platform for the closed-loop, multiobjective optimization of
photocatalytic systems. Shown are the challenges associated with optimization, replication, and
scalability of photocatalysis, as well as the robotic platform and its workflow.
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Optimization with RoboChem

2.2 Method

2.2.1 RoboChem Platform

The RoboChem platform can be divided into three distinct workflows: the
controller, the planner, and the user input (Figure 2.2A). The hardware
controller guides the physical platform, encompassing tasks such as preparing
the reaction mixture, executing the experiment, and conducting subsequent in-
line analysis. The planner, which is a machine learning model, is responsible for
determining the optimal experiments to run by selecting parameters and
communicating them to the controller. The results are then fed back to the
machine learning model, which subsequently recommends the next
experiment. Last, the graphical user interface (GUI) allows users to input the

necessary parameters, launch the optimization campaign, and start the process.

Software Control Hardware Control

/ 32 \
Python @ Python Asynchronous Workflow
Planner Coordinator
: Analytical
Bayesian Optimization Manage workflow JSON J; ’/ Tracking C°""|“E“*’ Ay
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v loT Operation Reaction Analysis
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p (Phase Sensors, Module module module
pump trackers etc.) | | (Liquid Handler) || (Photoreactor) || (inline NMR)
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Figure 2.2: Automated robotic platform for the self-optimization, intensification, and scale-up of
photochemistry in flow. (A) High-level view of platform architecture. (B) Reaction tracking on the
platform carried out by phase sensors to allow for timely triggering of events. A reaction slug is
tracked as it passes over a phase sensor and investigated by an algorithm to form a trigger for the
next phase of the optimization cycle.
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2.2.1.1 Platform - Controller

RoboChem is controlled by custom Python code and uses open-source libraries
(Figure 2.2A) with off-the-shelf instruments and devices. By coupling a liquid
handler, syringe pumps, switching valves, a high-power continuous-flow
photoreactor, as well as simple [oT devices such as phase sensors and
ultrasonic detectors with an in-line 60-MHz benchtop NMR spectrometer for
data-rich optimization, we have come up with a workflow to easily and
efficiently optimize and intensify photochemical processes. Each generated
reaction slug (650 mL) represents a discrete set of reaction conditions!819, and
the reactions are executed sequentially: sample preparation, reaction under the
specified conditions, and automated analysis and processing. We used NMR for
data analysis, which accurately integrates yields without requiring prior
calibration of the analytics by using an analytically pure sample. This approach
enabled us to conduct most reactions without the need for an internal standard,
opting instead for an externally calibrated standard with a peak in a similar
parts-per-million range as the target molecule. Although a 60-MHz benchtop
NMR spectrometer was selected as the analytical technique, the platform is
easily adaptable to accommodate other analytical techniques, such as Raman
spectroscopy, infrared spectroscopy, high-performance liquid chromatography
(HPLC)-ultraviolet (UV) visible light, HPLC-mass spectrometry (MS), or gas
chromatography-MS. Because the volume of the reaction slug is determined by
the analytical method, this parameter could be substantially reduced by an

order of magnitude if an alternative technique like HPLC were to be used.20

The RoboChem platform operates in a closed-loop manner, driven by the BO
algorithm. This iterative process involves the BO algorithm proposing
experiments, which are automatically executed and analyzed. The obtained
results are then fed back into the BO algorithm, which generates a new set of

conditions for further optimizationzl22. By harnessing the capabilities of a
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photomicroreactor equipped with high-intensity LEDs23 and the ability to make
computer-controlled power output adjustments, we can minimize reaction
times and substantially enhance the throughput of the platform. This increased

efficiency reduces the time required for a comprehensive optimization run.

By using a series of phase sensors and a dedicated algorithm to detect the
passage of a reaction slug?4, the platform can efficiently track its position
(Figure 2.2B). This cost effective approach enables precise control over the
reaction as it traverses the system. The ability to accurately monitor the
reaction's location eliminates the need to hardcode pump volumes, allowing for
seamless compatibility with reactors of varying sizes without requiring any
code modifications. Moreover, this tracking capability facilitates precise
“parking” of the reaction slug in the NMR system for analysis, optimizing

reagent usage by minimizing the required quantity for each reaction condition.

The entire system is conveniently located on a standard laboratory benchtop
and is enclosed within a custom-designed, closed suction box, eliminating the
need for placement within a fume hood during reaction runs. The system'’s
design facilitates three distinct operating modes: (i) Single experiment:
Conducting a reaction under specific conditions, whether for the purpose of
yield or productivity discovery, or as part of a scope entry. (ii) Self optimization:
Automating the optimization process for a single reaction or multiple reactions
consecutively. (iii) Scale-up: Exploiting the optimized conditions obtained

through self-optimization for efficient scaling up of the reaction.
2.2.1.2 Bayesian Optimization - Planner

The platform leverages BO, a machine learning based approach, to optimize
chemical reactions. BO is a probabilistic model-based method designed to
efficiently identify the maximum (or minimum) of an unknown black-box

function?s. It constructs a probability model of the function using carefully
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selected samples, which guides the search process by suggesting the next point
to evaluate. The BO model incorporates both exploitation and exploration
strategies. Exploitation involves investigating areas predicted to have the
highest value, whereas exploration focuses on exploring points where the
model has limited knowledge. This dual approach prevents the model from
becoming trapped in local maxima or minima. The iterative process continues
with the model being updated after each new evaluation of the function until a
predetermined threshold is reached or a specific number of experiments have

been conducted.

The BO model was implemented with the open-source Python package
Dragonfly, developed by Kandasamy and collaborators?22é. The initial runs are
chosen by using Latin hypercube sampling?7.28. The researchers define the input
variables (parameters to be tuned) and the objective to be optimized. The
platform supports both single-objective and multiobjective optimization,
targeting yield and/or throughput. In single-objective optimization, the model
identifies the global maximum of the reaction. In multiobjective optimization,
the model finds a set of nondominated solutions known as the Pareto front?°.
To assess the progress of the optimization problem, the platform tracks the
hypervolume after each run39. In cases of interrupted runs or the desire to build
upon previously executed experiments, the platform allows for further
optimization from that point (for further details, see the supplementary

materials).

The platform's integration of machine learning effectively reduces the reliance
on human resources3!32. Once the experiments are set up and the optimization
process is initiated, the platform operates independently. The machine learning
model autonomously determines the next set of experiments to run, and the
corresponding commands are automatically transmitted to the platform. As a

result, the platform can run continuously, including overnight, freeing up the
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chemist to focus on other tasks. Throughout this study, human intervention was
mainly needed for replenishing solutions. Notably, we successfully prevented
clogging issues by using a compact reaction slug that efficiently contained any
minor precipitates. After this reaction phase, we maintained a continuous flow
of a carrier solvent, such as acetonitrile or DMSO, to remove any remaining
precipitates. It is important to note that while we did not encounter clogging in
our experiments, the possibility of clogging cannot be ruled out if a flow-

incompatible chemical space is chosen.
2.2.1.3 Graphical User Interface- User Input

A key aspect of the platform's design is the development of an intuitive
graphical user interface (GUI) that enables chemists without programming or
machine learning expertise to easily navigate the system. The GUI provides
functionality for creating new experiments, storing all the settings and results
for an optimization run. It also allows users to generate the required positional
and sample data used by the platform and liquid handler to prepare reaction

slugs.

The liquid handler can accommodate multiple stock solutions of the same type.
As the platform consumes stock solutions, it automatically tracks the quantity
used. When one stock solution is depleted, the platform seamlessly transitions
to the next vial containing a remaining stock solution. The GUI defines the entire

chemical space to be explored under the Machine Learning Settings page.

In the Run Platform tab, a button initiates the platform, and the GUI
continuously tracks the results. For single-objective optimizations, the GUI
presents a chart displaying the objective function (yield or throughput) against
the number of runs. In multiobjective optimizations, it provides a plot of yield

versus throughput and includes a graph tracking the hypervolume.
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The GUI performs validations to ensure all necessary files and chemical spaces
are properly defined before allowing the platform to run. If multiple reagents
are added to a subcategory, the GUI automatically treats them as discrete

variables for the optimization process.

After each run, the data consisting of both the input parameters and the output
values are automatically stored in a JSON file. These JSONs have been converted
to Microsoft Excel (.xIsx) files for easier data manipulation and are available on
Zenodo as .xlsx files33 and in the supplementary materials in table format, in
line with the FAIR principles for scientific data archiving34. These datasets have
the potential to be used in future projects; the data are of high quality owing to
the absence of mass, heat, and photon transport issues. Given that all
experiments are conducted on the same platform (including scale-up),
experimental error is significantly reduced, ensuring that NMR-based yield
estimations closely align with those achieved after isolation on a 1- to 5-mmol
scale. Another advantage is the accumulation of data for negative results, which
are not commonly published but nevertheless are important for the

development of machine learning models3s.

The primary focus of the RoboChem platform is to identify optimal reaction
conditions for photocatalytic transformations. Our versatile platform caters to
both single- and multiobjective optimization problems, offering synthetic
chemists the ability to maximize yield, productivity, and other relevant
objective functions. To accomplish this, we selected five distinct photocatalytic
reactions, covering a total of 19 substrates, for optimization. For each case, we
compared the yield and productivity reported in the literature with the
conditions determined by the artificial intelligence (Al)assisted RoboChem
platform. The reaction conditions discovered by the Al were subsequently used

to scale up the transformations.
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2.3 Result

2.3.1 Single-Objective Optimization for Photocatalytic
HAT Alkylation

We began our testing and validation of the platform with a Giese-type reaction
entailing photocatalytic HAT activation of hydrocarbons36. The reaction was
conducted in the flow photomicroreactor, using tunable 0- to 144-W, 365-nm-
emitting light-emitting diodes (LEDs). This choice allowed us to evaluate robust
and well-established chemistry in our laboratory (Figure 2.3). Five
optimization variables were selected for the reaction [benzylidene-
malononitrile concentration, tetrahydrofuran (THF) loading, photocatalyst
(TBADT) loading, light intensity, and residence time]. A total of 19 experiments
were conducted in a closed-loop fashion continuously for 4 hours. The initiation
phase involved six experiments, serving as a preliminary scan of the reaction
space. Subsequently, the BO algorithm recommended one new experimental
condition at a time for a further 13 experiments, aiming to maximize the
objective function [yield (%)]. Within nine experiments, the platform achieved
a yield of more than 90% and began converging on the optimal conditions for
the chemistry, resulting in a yield exceeding 95% for the desired product.
Notably, the reaction manifested a detrimental effect of high light intensity,
with the optimal range found to be between 20 and 50% of full power (28 to 72
W optical input power). These optimal conditions were then used for scaling up
the transformation with the same capillary photoreactor, confirming the Al-

determined yield with an isolated yield of 99% (3.7-mmol scale).
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Single-Objective Optimization Using Robochem

C-H alkylation via photocatalytic HAT 100 @ ®
TBADT o @ @ ®
H
ST 0, Signify Eagle Reactor (365 nm) - 80 @ @ ®
N —_— o ®
Anhydrous CHyCN, Ny, 1t N @
¥ 60
37 mmol scale: 99% yield = o @
2 (5]
Optimization Variables (5) Bayesian Optimization Objective Functions (1) ~ 40 (2]
—— Algorithm -
Substrate Concentration (0.05-0.2M)
THF loading (1-18 equiv) 20{ @ ° @ @ i
TBADT loading (0.5-3 mol*) /\/ s © oprmisten
Residence time (120-30) = ~~— .0

0+
Light Intensity (5 - 144 W) 0123456 7 8 910111213 14151617 1819
Run

Figure 2.3: Single-objective optimization of the photocatalytic HAT-alkylation of benzylidene-
malononitrile with tetrahydrofuran (THF). rt, room temperature.

2.3.2 Single- and Multiobjective Optimization of C-H
Trifluoromethylthiolation of C(sp3)-H and C(sp?)-H
Bonds Through Decatungstate-Enabled HAT

Having validated the automated Al-driven photochemical platform in a single
objective optimization problem, we aimed next to investigate its capability for
optimizing various photocatalytic processes in multiobjective fashion, seeking
to simultaneously optimize yield and throughput. Consequently, the reaction
conditions found by the Al model would be readily suitable for subsequent
scale-up. As an initial benchmark, we selected the decatungstate mediated
trifluoromethylthiolation of C(sp3)-H and C(sp?)-H bonds through HAT37. The
incorporation of the trifluoromethylthiol group in drug-like molecules holds
high value in medicinal chemistry, offering high lipophilicity (as indicated by
the Hansch parameter of mr = 1.44) and electronegativity, which enhances the
pharmacokinetic properties and optimizes the interaction between the active

compound and its target.

In the trifluoromethylthiolation campaign (Figure 2.4), five reaction

parameters and two objective functions were optimized simultaneously.

46



Optimization with RoboChem

Batch Al Bateh

Al

100 400

C—H triflucromethylthiolation via photocatalytic HAT . 073 i

° o s,
TBADT 5-CFs Foo a

PHEN-5CF, e znu§

Signity Eagle Reactor (365 nm) gm
Rt - RemSCFy E E
anhydrous CHyCH. Ny, 1t Smmol scals: TS% yleld mi
] 30 o
Optimization Variabies (5] Bayssian Dﬂ:‘ﬂﬂm Funchions (2) Batch Al Batch A
PhiN-SCF, Cone. [0.05-0.15 M) P
e Sy oot ace,cons  (TTHE) waomrteqan) (4)
TEADT loading [0.5-4 mol%)
e # Throughput (mmo-b-1) TBADT loading [mol%] (_ 40) Res.tmepun Jos )
Light mtansity (0-124 W) Uignt intensity [W]
100 100 955 100
1056

o0 T ” T

@ 70 & o Oy .0 cF tLE

o 2 b_ s Z 2

= Fu 58
o s § § a8 3 15 s g
ats @ E 5 mmol scale: ST% yleld ~ 40 g
Smmolscale: T1% yleld 59 5‘ From pBunrolacione 5y 5 :g
. 23 . ey o
Batch

Lont iy ) ()

ehin-scr, cone. (M) (__ 0.138) ) H-donor [squiv] | 43)

TEADTIlcading [moi®%] ( 13) ) Restmefmm (____ 148)

10

Batch Al

952
o
e 4 o
5,
FiC™ cl L]
bl Eﬂﬂ 55
Hoe e, 3
a0
st
5 mmol scals: 67% yleld (3:1) 5o
From Sclarecids 24
1 [
Batch A

& ] z
Space-time Yicld (gL h)

k4

P scr one. oonrtoqe ¢

P Y —)

e — e —)

45 )

Al Batch A

Puin-5cFy Cone. M) (__ 013) Haonorfequiv] [ 64)

TBADT losting [mol] 35) ) Rse. time [min] @
om0 )
e - 200
5-CF, 22 |
HiC Y o o mg
o gw EJ
TH T
HeT i, i
g £
5 mmol scale: 30% yleld (dr. 1:3) g9 e i_
From Ambroxada
o 23 0
Batch Al Batch A
Phin-5CF; Cone. [M] (C 0.135) ) H-gonar [squiv] | 1s)
TBADT loading [mofte] (0.5 ) mestmepun (_ 148)
pn——

Figure 2.4: Substrate scope and associated summary for the C-H trifluoromethylthiolation enabled
by RoboChem. *Outer bounds of the chemical space explored for all experiments given (for more
experimental details and exact chemical spaces explored for each experiment, see supplementary
materials section §5.3). tYield and space-time yield comparisons made directly from the literature.
Conditions: PhthSCFs3 concentration (conc.) (0.2 M), H-donor equiv. [1.5 equiv. for aldehydes, 2.5
equiv. for substrates with activated C(sp3)-H bonds, 5 equiv. for substrates with unactivated C(sp3)-
H bonds], TBADT loading (2.5 mol%), residence time (16 hours, 6 hours for aldehydes), light (385
nm, 1.2 W), Nz, 25°C. #Yield and space-time yield comparisons made to reactions carried out by us
under literature conditions with homemade batch reactor with 40-W 370-nm Kessil lamp; yields
were determined by quantitative NMR (supplementary materials section §5.1). SExperiments run as
single objective with the objective function to increase yield. Res. time, residence time.
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The photochemistry was conducted in the continuous-flow photomicroreactor,
which used perfluoroalkoxy (PFA) tubing with a 0.8-mm L.D. and a total volume
of 2.85 mL. To provide the necessary light source, a chip-on-board (COB) UV
LED system with a tunable light intensity ranging from 0 to 144 W of optical
power was used. The screening chemical space encompassed five continuous
parameters: N-(trifluoromethylthio)phthalimide (Phth-SCF3) concentration, H-
donor equivalents, TBADT photocatalyst loading, residence time, and light
intensity. The objective functions chosen for optimization were either yield (%)
or simultaneously the yield (%) and throughput (mmol h-1) of the SCF3-bearing
molecules. To ensure fair comparisons between different reactor systems, we
chose to convert the productivities into spacetime yield (STY) (g-L-1-h-1). This
normalization factorizes the reactor volume, allowing for a more equitable

assessment of performance across varying reactor sizes.

For each substrate, a total of 18 to 36 experiments were conducted within an 8-
to 16-hour timeframe. This series comprised eight initialization experiments
followed by refinement experiments for each optimization campaign until a
sufficient yield or hypervolume was achieved. Notably, substantial yield
improvements were observed compared with their respective model
counterparts in batch reactions. The platform also demonstrated a remarkable
increase in productivities, ranging from 70 to 100 times higher. Next, the
reaction conditions selected by the Al model were successfully used for scale-
up to 5 mmol. In all cases, the isolated yields obtained during the scale-up
process closely matched the NMR yields observed with the Al-optimized

reaction conditions.

Upon further analysis of the Al-discovered reaction conditions, several
interesting observations emerged. The Al algorithm refined the reaction
conditions to achieve optimal reactivity and selectivity for each specific

substrate. In this context, the BO algorithm identified experimental conditions
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that deviated substantially from the standard conditions3’. One notable finding
was the substantial differences in reaction or residence time and light intensity,
depending on the molecule being optimized. Comparing the results obtained for
trifluoromethylthiolated Sclareolide (5) and Ambroxide (6), it is evident that
the catalyst loading and light intensity are significantly lower for Ambroxide.
This result can be rationalized by the fact that Ambroxide can undergo an
additional reaction with another equivalent of Phth-SCF3, resulting in a double-
functionalized final product. However, such a reaction is not possible with
Sclareolide, as the a-to-O carbon position is blocked by the carbonyl group. By
reducing the catalyst loading and light intensity, the Al algorithm successfully

enhanced the yield and selectivity of the monofunctionalized product (6).

2.3.3 Multiobjective Optimization of Oxytrifluoro-
Methylation of Alkenes by Using Photocatalytic Single

Electron Transfer

Next, we directed our focus to the oxytrifluoromethylation of alkenes through
a three component process using photocatalytic single electron transfer with
Ru(bpy)s(PFe)2.38 In the oxytrifluoromethylation campaign (Figure 2.5), we
simultaneously optimized five reaction parameters: styrene concentration, CF3
source loading, photocatalyst loading, residence time, and light intensity. Two
objective functions [yield (%) and throughput (mmol h-1)] were targeted for
optimization. Similarly, for each substrate, a total of 14 to 25 experiments were
conducted within a 3- to 10-hour timeframe. The optimization process used
rapid 19F NMR analysis (2 min per measurement) for molecules 7, 8,9, and 11.
However, molecule 10 required a longer optimization time of 19 hours owing
to the use of tH NMR for quantification. To ensure high accuracy, a 16-min
analysis window was allocated per reaction. Each campaign began with six

initialization experiments, followed by refinements.
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Figure 2.5: Substrate scope and associated summary for the three-component oxytrifluoro-
methylation of alkenes enabled by RoboChem. *Outer bounds of the chemical space explored for all
experiments given (for more experimental details and exact chemical spaces explored for each
experiment, see supplementary materials section §6.2). tYield and space-time yield comparisons
made directly from the literature. Conditions: Styrene conc. (0.05 M), fac-Ir(ppy)s loading (0.5
mol%), Umemoto loading (1.05 equiv), CH2Cl2:MeOH (9:1), 425-nm blue LED (3 W), 2.5 hours. #Yield
comparisons made directly from the literature. Conditions: Styrene conc. (0.05M), fac-Ir(ppy)3
loading (0.5 mol%), Umemoto loading (1.1 equiv), acetone:H20 (9:1), 425-nm blue LED (3 W), 2 to
4 hours. §Yield > 95% by quantitative NMR.
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Similar to previous experiments, the photochemistry was conducted in the flow
photomicroreactor by using PFA tubing with a 0.8-mm 1.D. However, for this
campaign, chip-on-board blue LEDs with a tunable light intensity ranging from
0 to 188 W were manually installed to match the absorption maximum of the
Ru(bpy)s photocatalyst. Owing to the short residence times, which were as low
as 10 s, the internal volume of the photoreactor had to be reduced to 0.26 mL.
This adjustment was necessary because at very low residence times (10 s) with
a larger internal volume (>3 ml), the syringe pumps struggled to cope with the

increased pressure drop across the platform.

The RoboChem platform successfully performed reaction optimization,
resulting in conditions that produced outcomes closely aligned with those of
the model batch reactions. A significant increase in space-time yield of up to
565-fold was achieved, demonstrating substantial potential for scale-up in the
flow reactor. During the scale-up process, a slight improvement in yield was
observed compared with that of the optimization carried out on the platform.
This can be attributed to the fact that, for scale-up, the internal volume of the
reactor was multiplied by a factor of six, whereas the residence time remained
the same. Consequently, an associated sixfold increase in flow rate was
necessary to maintain the desired residence time, leading to improved mass
transfer facilitated by a higher Reynolds number. This phenomenon accounts
for the observed increase in yield compared with that of the platform

conditions.

The results indicate a significant dependence of this chemistry on the sustained
power applied during the reaction, with higher-power or longer residence time
conditions resulting in noticeably lower yields due to photon-induced product
degradation. Remarkably, one reaction condition exhibited optimal
performance at the lowest “turned-on” power output; specifically, molecule 9

at 2-W optical output. Notably, the choice of the lowest light intensity,
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particularly when contrasted with the high light intensity used in other
examples, further highlights the challenging nature of prediction in this context.
Additionally, during the optimization of molecule 9, various CF3 sources were
screened, including trifluoromethyl thianthrenium triflate3® and Umemoto’s
reagent, serving as a test case to evaluate discrete variables. The algorithm
determined that Umemoto’s reagent was the optimal choice for this

transformation.

2.3.4 Multiobjective Optimization of Aryl Trifluoro-
Methylation

To provide another example, our objective was to optimize the visible-light
photocatalytic trifluoromethylation of highly functionalized heteroarenes
developed by our group and researchers from Janssen pharmaceuticals (Fig.
6)%0. In our original report, the reaction was carried out in a commercially
available Vapourtec UV-150 flow reactor. In the flow photomicroreactor
equipped with blue LEDs, we scanned a search space consisting of five reaction
parameters (heteroarene concentration, CF3SO;Na loading, oxidant loading,
residence time, and light intensity), targeting two objective functions [yield (%)
and throughput (mmol h-1)] for optimization. During the optimization of
caffeine trifluoromethylation, we also incorporated a categorical variable to
screen for the appropriate photocatalyst. This highlights the capability of the
RoboChem platform to evaluate and optimize both discrete and continuous
variables. For each substrate, a total of 17 to 35 experiments (including six

initialization steps) were conducted within an 11- to 24-hour timeframe.

In this specific example, the RoboChem platform focused on optimizing a
diverse range of densely functionalized substrates that hold major interest in

drug discovery programs (Figure 2.6).

52



Optimization with RoboChem

10 100
Aryl trifl ylation via phot ytic SET 0 me w - " £
Msa, M T
NJK,E 3
| CFy E]
Ir photoeatalyst (1.5 mors) . o o"“ﬂ rf>_ gﬂn ST.0 . §
x (M) 520y 3 Me 45
[ F. [
9 . crsoMa rOL a0
R“y’:l Signity Eagle Reactor {458 nm) ‘*v‘I = £
DMsO smmolscals: 2% 236 5 i-
From Cafaine
sy y - Objective Funetions (2) ““' row A Chow A ‘
Heteroarens Conc. (00501 M)
Ir eat. (Inppy or Ir-gF) 4§ vield ) Caffeine Cone. [M] CF,50,Na [aquiv.] 288
CF,50.Na loading [2-3.2 equiv)
[NH 15550, loaging (0.5-1.3 squivy 4 Trougnput (mmett) || w50, faquie] | I.Ii-, Ree. tima min] (:5)
Realdancs time (5-15 min)

ottty () et e

e
H
2

MeD. N, .OMe o HM GFy "
b 150 Sy
n‘; - NIW NH
T =
OMa % (1] 3
13 £ 14t a0

3 mmed scale; BE%

E
Space-tima Yield {g-L k)
o

Space-time Yiekd (gL' )

From pyrimiging 20

=

[

24
150.0
0 53
I = I
L L _I” ,,
Flow Al Flow Al Flow
Al- Ak

Pyrimidine Cone: [M] (_____01) GF,S0;Ma[squiv] Cytoaina Cone. [M] CF,50;Na [squiv.]
MH)S:Oufoquiv] ( 13) mestmepun) (80 ) (NH,1:5:0, [squiv] | 123)) meetmeguny ( 120) )
e

vt ity

7
I 211
Al ' Flow A

1ons

32 37

100 100 100 100
ae2

= b
HO, TT4 = NI =
o on 0 hid 5 5 & 5 <
is = N ] -
nw Fto = pil b =
A £ Fe NN 3
HeN CFy 3 5 ar w 2
15t =40 i E 18t E
3 mmol scale: T2% 5 8 3 mmol scale: 62 % 19,4 25 8
Y §- . i

From Cyuding From Adentng .

[ o ] . ]
Flow Al Flow Al Flow Al Flow Al

Ak drions

Akop condimons
Cytosing Cone. [M] (__ed) ) CF,50Mafsquiv] | 252

INHJ:S:0;equiv] (103 ) me.tims fmin]
ot manay ) (7868

Adsnine Conc. [M] CF,50,Na [squiv]
sy oy () e o @
optrematyon ()

278

Figure 2.6: Substrate scope and associated summary for aryl trifluoromethylation through single
electron transfer enabled by RoboChem. *Outer bounds of the chemical space explored for all
experiments given (for more experimental details and exact chemical spaces explored for each
experiment, see supplementary materials section S7.3). 1Yield comparisons made directly from the
literature. Conditions: Heteroarene conc. (0.1 M), Ir-dF, {Ir[dF(CF3)ppy]z}(dtbpy)]PFs (1 mol%),
CF3S0:Na equiv. (3 equiv.), (NH4)2520s equiv. (1 equiv.), residence time (30 min), Vapourtec reactor
(456 nm, 60 W). #Yield and space-time yield comparisons made to reaction carried out by us under
literature conditions with Vapourtec Photoreactor (456 nm, 60 W); yields were determined by
quantitative NMR (supplementary materials section S7.2).

53



Chapter 2

Despite the original work being conducted in a flow system, we observed a
substantial enhancement in both yield and productivity. This improvement can
be attributed to the platform's capacity to tailor the reaction conditions to each
substrate individually, coupled with the use of a more potent light source in the
flow photomicroreactor. It is well-recognized that increasing the light intensity
can inherently influence performance, particularly in the realm of
photochemistry4l. However, if this transition were the primary factor in
enhanced performance, rather than the Al optimization, we would expect to see
more uniformity in the optimized conditions across all literature-to-RoboChem
transitions. Contrary to this, our findings demonstrate notable variability in
these conditions, suggesting a significant and distinct contribution from Al

refinement.

2.3.5 Multiobjective Optimization of C(sp?)-C(sp3) Cross-
Electrophile Coupling

In our final case study, we focused on optimizing complex photocatalytic
transformations that use synergistic catalytic cycles, such as
metallaphotocatalysis. The union between photocatalysis and transition-metal
catalysis offers distinct reactivity, facilitating otherwise difficult bond
formations#2. We prioritized carbon-carbon bond formation because of its
importance in the pharmaceutical and agrochemical sectors. Specifically, we
studied the cross-electrophile coupling of alkyl and aryl bromides to achieve
C(sp?)-C(sp3) bond formation*3. Mechanistic insights revealed that the reaction
requires a combination of benzophenone HAT photocatalysis, silyl radical-
induced halogen atom transfer, and nickel-catalyzed cross-coupling.444> Given
the vast potential chemical space and the delicate balance between the three
catalytic cycles, we believed that identifying the optimum would be a serious

hurdle for chemists, making it an apt test for the RoboChem platform.
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In our optimization campaign (Figure 2.7), eight reaction parameters were
concurrently adjusted: aryl halide concentration, alkyl halide loading, selection
among five nickel ligand sources (L I to L V), choice between two benzophenone
photocatalysts (BP I and BP II), benzophenone and 2,6-lutidine loadings,
residence time, and light intensity. We optimized two objective functions: yield
(%) and throughput (mmol h-1). For every substrate, either 45 or 60
experiments were conducted, with total optimization durations ranging from
41 to 58 hours. Each experimental phase comprised an initial 20 runs, followed

by 25 or 40 runs for optimization.

Initially, we sought to enhance the yield of a substrate that underperformed
under literature conditions#*5. After 60 experiments spanning 58 hours with
RoboChem, we successfully elevated the yield of compound 17 from 37 to 77%.
Analysis of the data pinpointed the choice of ligand as an important variable.
L V was suboptimal, likely owing to the steric interference of its two methyl
groups, highlighting the sensitivity of the nickel catalytic cycle toward steric
hindrance. L1I, L III, and L IV performed adequately but were outperformed by
L I. This observation was swiftly recognized by the algorithm, which selected
L I in 31 of the 40 optimization runs. BP I emerged as the preferred HAT
catalyst, despite underwhelming results under literature conditions when
compared with BP II*5. Moreover, higher light intensities, considered

detrimental in literature model reactions*5, proved beneficial.

Subsequently, we undertook optimization for compounds 18 and 19. Both
endeavors yielded valuable datasets with both positive and negative results
(detailed in supplementary materials), which led ultimately to tailored reaction
conditions, including the selection of HAT catalyst BP II for compound 18, that
substantially improved yields. This result underscores the potential pitfalls of
optimizing OFAT on a model substrate, which may inadvertently narrow the

chemistry to that molecule, limiting broader applicability. As in prior case
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studies, our NMR yields closely mirrored isolated yields, underscoring our
platform's precision and reproducibility. This also highlights the benefit of
using flow technology to control mass, heat, and photon transport across varied

reaction scales, an advantage not available with analogous automated batch

reactor systems.
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Figure 2.7: Substrate scope and associated summary for C(sp2)-C(sp3) crosselectrophile coupling
enabled by RoboChem. *Outer bounds of the chemical space explored for all experiments given (for
more experimental details and exact chemical spaces explored for each experiment, see
supplementary materials section $8.3). tYield comparisons made directly from the literature.
Conditions: Aryl bromide conc. (0.1 M), Alkyl bromide (2.5 equiv.), BP Il (20 mol%), NiBr2-dtbbp (5
mol%), 2,6-lutidine (1.1 equiv.), (TMS)3SiH (1.5 equiv.), residence time (45 min), Vapourtec reactor
(456 nm, 16 W). #Yield and space-time yield comparisons made to reaction carried out by us in
duplicate under literature conditions with Vapourtec UV 150 Photoreactor (456 nm, 16 W); yield
was determined by quantitative NMR (supplementary materials section S8.2).
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2.4 Conclusion and Outlook

As shown in this work, RoboChem constitutes a versatile robotic platform for
the self-optimization, intensification, and/or scale-up of a diverse set of
photocatalytic reactions. Operated through a BO algorithm, this platform is able
to explore the presented parameter space, ultimately furnishing customized
reaction conditions attuned to the specific needs of each substrate. By
substantially reducing the need for human intervention, RoboChem not only
increases operational safety but also liberates researchers to dedicate more
time to the more creative aspects of chemistry, thereby freeing them from the

drudgery of reaction optimization and intensification tasks.

The modularity of the robotic platform is an asset of our design, and we foresee
its integration with different types of flow reactors and process analytical
technologies in the future. Moreover, by individually optimizing reaction
parameters and generating datasets that include both optimal and suboptimal
conditions, intricate relationships between the targeted reaction parameters,
the substrate structures, and the objective functions can be uncovered. The
ability to automatically generate rich datasets, obtained within a highly
reproducible reactor environment, can contribute to the future digitization of

synthetic chemistry.
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2.5 Supporting Information

2.5.1 Methods Summary

For a more detailed description of the preparation and running of the platform,
and generation of stock solutions, see the Supporting Information published on
the Wiley website with DOI 10.1002/cssc.202102011. A short summary is

provided below.
2.5.2 Analytics Preparation

A calibration curve was established for the benchtop NMR by using a reference
standard featuring a molecule within a comparable parts per-million range as
the peaks of interest in the product (e.g., a,o,a-trifluorotoluene for the
photocatalytic oxytrifluoromethylation and the aryl trifluoromethylation).
These calibration measurements were conducted under the exact NMR
conditions as those used during the campaign. Subsequently, a scripting file was
generated to automate the processing of the product's NMR spectrum.
Additionally, the NMR instrument underwent shimming procedures in

preparation for the campaign's commencement.
2.5.3 User Input

The experiment was then initialized by using the GUI to input the settings for
the optimization campaign (chemical space, stock solution concentrations,

NMR settings, scripting file, etc.).
2.5.4 Platform Operation

Stock solutions were prepared according to the procedures detailed in the
supplementary materials. The solutions were subsequently transferred to 4-ml

glass vials and then loaded into the liquid handler. From the GUI, the system
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was then run. The liquid handler makes up the reaction solution which was
automatically introduced into the continuous-flow photochemical reactor.
Upon exiting the reactor, the reaction slug was analyzed by benchtop NMR, and
subsequently, the objective function (yield or throughput) was calculated. This
information was sent back to the BO algorithm, which defines the next set of
conditions. Every campaign kicks off with a Latin Hypercube sampling
initialization, after which optimization toward maximizing the objective
function happens. The optimization cycle was stopped by the operator after the
hypervolume appeared to reach a maximum or when the total amount of runs
indicated at the outset was realized. During the optimization campaign, the
remaining amount of stock solutions and carrier solvent were checked
periodically and refilled if necessary. If the stock solutions are not refilled in

time, the platform will automatically stop the sequence until refilling.
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