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Abstract

Continuous-flow photochemistry has emerged as a powerful technology
to enhance the greenness and sustainability of many chemical
transformations. However, reaction optimization is time- and resource-
consuming and relies heavily on the experience of the practitioner. In this
chapter, a user-friendly and algorithm-driven automated continuous-
flow photochemical platform was established to accelerate the
optimization of the photoreaction and increase the reaction accuracy and
reproducibility. A real-time updated graphical user interface (GUI) was
created with the open-source python module, Streamlit, to obviate the
usage of proprietary software and to lower the barrier of entry for the
automated system to chemists. The reaction conditions, including
continuous (e.g, residence time) and discrete variables (e.g,
photocatalyst, base), were optimized by a Bayesian Optimization (BO)
algorithm, which employs a Gaussian process surrogate model to
mathematically fit the black-box functions. The experimental conditions
proposed by the BO algorithm were performed on an automated
continuous-flow platform equipped with a liquid handler, a powerful
photoreactor, and an inline NMR, which enables analyzing the results and
getting the feedback in time to obtain closed-loop experimentation. The
first proof of concept result was obtained using photocatalytic hydrogen-
atom transfer as a benchmark to validate the practicality of the

algorithm-driven automated platform for photochemistry.
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RoboChem: Bayesian-driven automated platform
7.1 Introduction

In the past decades, photochemistry and especially photocatalysis have
been embraced by the synthetic community as a powerful and
sustainable approach, allowing for the delivery of highly complex
molecules, which facilitate innovation in key fields such as medicine,!
water treatment,? and energy.3 Photocatalysis employs photons as green
and traceless reagents, leading to environment-friendly, selective and
efficient reactions under very mild reaction conditions (i.e., room
temperature and avoidance of toxic redox reagents). In contrast to the
existing batch system, wherein reactions are plagued with non-uniform
light irradiation profiles and challenging scale-up, continuous flow
photochemistry has been able to overcome these issues and exhibits a
flexible platform with uniform light irradiation, enhanced mass/heat

transfer, and reliable scale-up.*

However, reaction optimization is time- and resource-consuming and
relies heavily on the experience of the synthetic practitioner. In addition,
experimental synthesis remains the bottleneck in early drug discovery,
and reducing the timelines of compound synthesis is crucial to reducing
the cost of preparing novel molecules. To address these issues, high-
throughput experimentation (HTE) techniques have been increasingly
used both in industry and academia.> In those HTE frameworks,
integrated experimental execution hardware (e.g., pumps, valves, liquid
handlers) and process analytical technology (PAT, e.g., NMR, HPLC)¢ offer
standardization and obviate reproducibility issues, resulting in
abundant, high-fidelity datasets. Despite this, the total number of the
screening experiments may expand to an impractical number in a

complex scenario.”

Moreover, the development and integration of decision-making
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algorithms into automated platforms deliver a closed-loop
experimentation cycle.28 With a defined search space (set of boundaries
of continuous or categorical reaction parameters), the algorithm
proposes the reaction conditions to perform based on the feedback and
results of previous experiments. The executor (platform) performs
iteratively until the function criteria are reached. Although many
automated systems have already been developed for different branches
of synthesis, 62849 most of them have focused primarily on optimization
of continuous reaction condition parameters.8k10 Only a few papers
evaluate categorical reaction parameters (e.g. catalyst, ligands)8d11 and
multiple objectives.!2 Besides, to the best of our knowledge, there are no
(1) algorithm-based automated systems for photochemistry, and (2) no

open-access graphical user interface (GUI) for non-experts.

Herein we leveraged an algorithm-driven automated system for
continuous-flow photochemistry. The open-source python module
Streamlit!3 was used to create a user-friendly and real-time updated GUI,
obviating the usage of proprietary software (e.g., LabView and MATLAB)
and lowering the barriers of the automated system. The process
parameters, including residence time and catalyst loading, were
optimized by a Bayesian optimization algorithm,8d12a14 which is an
uncertainty-guided response surface method to get black-box functions.
The experimental conditions proposed by the Bayesian algorithm were
executed on a continuous-flow platform equipped with a high-intensity
photoreactor and inline NMR for reaction analysis and feedback.
Photocatalytic hydrogen-atom transfer (HAT) chemistry!s was
performed to show the practicality of the algorithm-driven automated

platform for photochemistry.
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RoboChem: Bayesian-driven automated platform

7.2 Results and discussion

To obtain a user-friendly algorithm-driven automated photochemical
system, three aspects are considered, including an automated platform,
control algorithm, and graphical user interface (GUI). As shown in Figure
7.1, the GUI receives and translates the requests into machine-readable
objects, as well as enables real-time and interactive communication
between users and results. The coordinator manages the workflow by
distributing resources given constraints, asking the planner for
conditions of the next steps, and obtaining results from the executor. The
planner is a decision-making entity that designs the experiments based
on historical data. The executor (platform) performs experiments,

interfacing with the hardware and reaction samples.
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Figure 7.1 Functional components of the user-friendly algorithm-driven automated
system.

7.2.1 Automated platform

The algorithm proposes reaction conditions that are executed on an
automated, modular, and continuous flow synthesis platform, developed
by our group. A detailed schematic representation of the platform is
presented in Figure 7.2 (see experimental section for more details). The
automated platform is composed of three modules: the operation

module, the reaction module, and the analysis module.
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Figure 7.2 Schematic setup of the automated platform.

The operation module is placed in a nitrogen-filled box, to perform any
oxygen-sensitive reactions. A robotic liquid handler (GX-241, Gilson) was
programmed to prepare the reaction sample slug based on the reaction
conditions suggested by the algorithm. Inside the liquid handler where
the reagents are taken up, the sample solutions are mixed in a larger
capillary tube (Figure S7.11) via a loop that pulls the slug up and down
inside the capillary tubing. The prepared reaction slug is separated from
the carrier solvent with nitrogen gas. The flow rate of the reaction slug
through the system is controlled by the two parallel-working syringe
pumps. The reaction slug is subsequently tracked throughout the system

via phase sensors.

In the reaction module, a 3D printed photoreactor equipped with Kessil
lamp was used in the test stage (Figure S7.14). After these initial tests, a
newly developed photochemical reactor (Signify Eagle Reactor)!¢ will be
utilized to perform photosynthesis in flow. The reactor consists of a
translucent perfluoroalkoxy capillary microreactor (PFA, 750 yum ID, 2
mL volume) and is cooled by a fan and irradiated with six UV-A 365 nm
COB LEDs protected by a quartz exit window, providing a maximum of
144 W optical power (Figure S7.16-17). The light sources are attached to

a heat dissipation element containing cooling fins and a fan, to cool the
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RoboChem: Bayesian-driven automated platform

LEDs for an optimized irradiation efficiency. Potentially, the reaction
module can also extend to any other reactors, such as classical thermal-

/cooled-reactors,1” and electrochemical reactors?8.

Following the reaction module, a benchtop NMR (Magritek Spinsolve 60)
is connected to analyze the reaction sample inline. Generally, a well-
resolved 'H NMR spectrum can be obtained within 2 mins. Longer
analysis time can be achieved via a stop-flow process, which includes an
additional syringe pump and switch valve. Additional inline analytic
devices, such as HPLCSe and MS?9, can also integrate into the platform

based on the different applications.

All the hardware control and execution of experimentations are
automated with Python scripts. Once the user defined the reaction
configuration and search space in the graphical user interface (GUI)
(Figure S7.21-S7.23), the scripts will pass the information, execute the
experiments, and perform the NMR measurement, which closes the
information feedback loop and allows the platform to work without any
human intervention. Furthermore, a real-time display of the results will

be added soon to the GUI.

7.2.2 Control algorithm

Considering that synthetic process development generally involves
different types of parameters (continuous and discrete) and multiple
metrics (e.g., yield, selectivity, productivity), the Bayesian Optimization
algorithm was employed to perform single- and multi-objective
optimization. With this algorithm, no previous knowledge about the
system behavior is required, which is a common scenario encountered
when optimizing unknown chemical reactions. The Bayesian
optimization module, Dragonfly, developed by Kandasamy et al.20 was

selected as the optimization algorithm (for more details see the
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experimental section). Dragonfly constructs a Gaussian process (GP)
surrogate model to describe the relationship between input parameters
and objective functions. Both continuous (e.g., concentration) and
discrete parameters (e.g., additives) can be defined in the optimization
space. It also supports single- and multi-objective optimization mode. In
the early stage, single objective (yield) optimization was performed.
Multi-objective optimization (yield, productivity, and cost) will be

investigated simultaneously in the near future.

Optimize yield
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Figure 7.3 Graphical overview of algorithm-driven optimization workflow and Bayesian
Optimization.

For a defined search space, Bayesian Optimization begins with collecting
initial reaction data via an initial space-filling design of experiments.
(Figure 7.3). After fitting the surrogate model with the initial data,
subsequent experiments in the search space are identified by optimizing
an acquisition function, the upper confidence bound (UCB) and
Thompson sampling (TS) that finds the adequate balance between
exploration and exploitation and maximizes the expected objective
functions of candidate experiments for the next iteration.2% Finally, the
suggested experiments are explored, the results are recorded, and the

surrogate model is updated. This process continuously iterates until a
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certain threshold is reached or the resources are depleted.

7.2.3. System validation

Light-induced hydrogen atom transfer (HAT) presented itself as a
versatile strategy for the late-stage functionalization of C(sp3)-H bonds
without involving transition-metal catalysis or strong oxidants.2! Among
the limited selection of photocatalysts enabling HAT, arguably the most
versatile HAT photocatalyst is the decatungstate anion, which involved in
a wide range of transformations, e.g., alkylation,1522 23 fluorination,24 and

amination.16a25

For the first proof-of-concept validation of the platform, a
photocatalytical (HAT) alkylation15 with four optimization variables was
selected (Figure 7.4A). The reaction was performed in a 3D-printed
photoreactor with 40 W 370 nm Kessil lamp. The optimization domain
included four continuous variables (concentration of benzalmalonitrile,
equivalent of tetrahydrofuran (THF), TBADT loading, and residence
time). A single objective (yield) optimization was considered in the first
validation campaign. For screening discrete variables and multi-objective
optimization, they will be considered in the experimentation of the near

future.

Fourteen experiments (Figure 7.4B, detailed results in the experimental
section) were performed continuously over 3 h in a closed-loop mode.
Four experiments were sampled to conduct a preliminary scan of the
reaction space in the initialization phase. After that, the BO algorithm
proposed one new experiment condition at a time with the aim of

boosting the target function (i.e., yield).

The yield obtained over the 14 experiments are plotted (Figure 7.4B)
versus the experiment number. In the initialization phase, the algorithm

quickly tested the research space within only 4 experiments, achieving a
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85% yield. After that, the algorithm easily obtained an optimal yield

(~95%) in the refinement stage.
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Figure 7.4 Proof of concept validation. (A) Photocatalytic HAT reaction, optimization
variables, and objective function. (B) Objective values (yield) versus experiment number.
(C) 3D scatter plot showing continuous variable values explored. (D) Yield response
surface generated by fitting experimental data with Gaussian process model.

To visualize the effects of each parameter, the obtained yields are plotted
with respect to the four variables explored, where the color and size of
data point correlate with yield and reaction residence time, respectively.
It is straightforward to see that the alkylation reaction can achieve a
nearly quantitative yield with a combination of high THF equivalents,

high TBADT loading, and a low residence time or, alternatively, a
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combination of high THF equivalents, high residence time, and low

TBADT loading.

The Bayesian optimization algorithm was useful not only during the
optimization stage, but also afterwards for process analysis. By
regressing the GP model to the experimental data and evaluating it over
the reaction space, yield response surfaces for the two substrates were
generated (Figure 7.4D). The surface represents the predicted yield (GP
mean value) and the color of the data point reflects the local model
uncertainty (GP standard deviation). The yield surface reflects a
significant reaction acceleration when higher THF equivalents are
provided. Model uncertainty is lowest (dark blue) in the more explored
regions of the design space, and uncertainty is greatest (most yellow) at
lower THF equivalents, since very few datapoints were sampled in this
region. It is worth mentioning that if the user wanted to boost model
accuracy even further for process modeling purposes, the ability to
identify local uncertainty using the GP model can be utilized to perform
post-optimization experiments in the regions with the highest standard

deviation.12a

7.3 Conclusion
Automated processes can reduce experimental time and labor costs,

accelerate chemical discovery, and increase accuracy and reproducibility.
In this work, a user-friendly and algorithm-driven automated
continuous-flow photochemical platform was established. A graphical
user interface (GUI) was created with the open-source python module,
Streamlit, to obviate the need for proprietary software and to lower the
barrier of the automated system to chemists. The multiple continuous
reaction conditions, including residence time and TBADT loading, were
optimized by a Bayesian Optimization (BO) algorithm, which employs a

Gaussian process surrogate model to mathematically fit the black-box
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functions. The experimental conditions proposed by the BO algorithm
were performed on a home-made, automated continuous-flow platform
equipped with a liquid handler, a powerful photoreactor, and an inline
NMR, which enables analyzing the results and getting the feedback in
time to obtain closed-loop experimentation. The first proof of concept
result was obtained using photocatalytic HAT chemistry as a benchmark
to validate the practicality of the algorithm-driven automated platform
for photochemistry. Within only 14 experimental optimizations, a
photocatalytic HAT alkylation can reach a nearly quantitative yield.
Further experiments will focus on involving discrete variables screening

and multi-objective parametric optimization.

7.4 Experimental section

7.4.1 System and Software Design.
All hardware used in the platform is commercially available and was used

without further configuration unless stated otherwise. All the tubing
used in the system is bought from APT Tubing (PFA, 0.8 mm L.D., 1.6 mm
0.D.) unless stated otherwise. All the microfluidic fittings (e.g.,

connections, adaptors, BPR) were purchased from IDEX Health & Science.

h T
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Figure S7.1 Schematic setup of the automated platform with labelled modules.
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Figure S7.2 Picture of the automated continuous-flow platform.

The detailed schematic setup and picture of the automated platform are

presented in Figures S7.1 and S7.2. Table S7.1 describes the software

used in the platform, as well as the version and functions in this project.

Table S7.2 summarizes all the hardware and their uses within the

automated platform, along with the producer, the number, modules,

functions, and communication protocol used for each.

Table S7.1 List of the software required for the automated platform.

Type Version Function
Windows 10 Professional Control system
Pycharm Community, 2022.1.2 Python IDE
Python 3.9, 32-bit Control of platform
Python 3.9, 64-bit Run GUI and BO algorithm
Arduino IDE 1.8.19 Control valves and sensors
Spinsolve 1.18.1 Control benchtop NMR
MestReNova 12.0.0 Analyze the spectrum
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Table S7.2 List of the Hardware for the automated platform. The color code corresponds
to different modules. (Blue: operation module, yellow: reaction module, purple: analysis

module).
Communication
Type Producer Number Module Function
protocol
Syringe Operation
Chemyx 2 Deliver solvent Serial, USB
pump module
4-way Runze Operation Withdraw/infusion
1 Serial, USB
Switch Valve Fluid module solvent
3-way Runze Operation  Switch for solvent
1 Serial, USB
Switch Valve Fluid module or N2
Mass flow Operation
Bronkhorst 1 Deliver N2 Serial, RS232
controller module
TT Operation
Phase sensor 4 Track sample Serial, USB
Electronics module
Liquid Operation Sample
Gilson 1 Serial, USB
handler module preparation
Reaction DALI, RS232
Photoreactor Signify 1 Reaction
module (In progress)
Syringe Analysis
Chemyx 1 Deliver solvent Serial, USB
pump module
4-way Runze Analysis Load the sample
1 Serial, USB
Switch Valve Fluid module for analysis
3-way Runze Analysis  Withdraw/infusion
1 Serial, USB
Switch Valve Fluid module solvent
TT Analysis
Phase sensor 3 Track sample Serial, USB
Electronics module
Analysis
Inline NMR Magritek 1 Analysis sample TCP/IP, USB
module

The workflow for the automated Bayesian algorithm-driven automated

experimentation is shown in Figure S7.3. All the experiment executions

were automated through Python scripts. Once the stock solutions are

prepared, search spaces are defined, and user clicks start, the platform

executes the reactions automatically and returns the results to the

algorithm. The algorithm’s surrogate model is trained with all the
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experimental results available so far, and it proposes a new experiment
condition to evaluate. This process iteratively runs until a certain target

is reached or the resources are depleted.

| Prepare the sample solutions, create the sample info file | 1
l | Train the surrogate model of BO
| Define the search space, set the target function | l
i I BO proposes next condition using acquisition function I

| !

| BO proposes the initial run conditions | Run the platform |

I

| Run the platform |

| Optimization finished |

Figure S7.3 Workflow for Bayesian algorithm-driven automated closed-loop
experimentation.

The workflow for automated experiment execution is described in Figure
S7.4. When the experiment is trigged the first time, the data file for saving
phase information from each phase sensor is generated. All the syringes
are filled with solvent for the experiment and the liquid handler starts
identification. The mass flow controller accurately delivers a certain
amount of N to separate the reaction sample with carrier solvent. After
the liquid handler preparing the reaction sample solutions based on the
proposed reaction conditions and injecting it into the sample loop, the
switch valve is trigged according to the phase sensors. Following that, the
working syringe pump delivers the reaction sample to the reactor with a
flow rate calculated according to the reactor volume and the required
residence time. After that, the sample is delivered to the inline NMR to do
the analysis and the results are returned to the algorithm. Meanwhile, the

system is also cleaned for the next experiment.
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I Initialize files for phase sensors I 1
i | Deliver the sample to the reactor / Clean sample loop I

Fill all the syringes with pure solvent l
i | Deliver sample to inline NMR I

Identify the liquid handler
Switch valve 4 and start NMR measurement

‘ 1

Prepare reaction sample slug | h
Clean the system

! 1

Pump solvent and N,
| Return results to algorithm, get next reaction condition |

Detect sample
in PS3? 1

i Yes | Start next reaction I

| Refresh the volumes in each syringe |

i

Figure S7.4 Workflow for automated experiment execution. The frameworks with the
same color scheme mean the actions inside are trigged simultaneously.

7.4.2 Hardware control

As shown in Table S7.1, the interface of most of the hardware is realized
by serial communication, which is working with the pySerial module. The
communication between the computer and Spinsolve NMR is achieved
with the socket module. Python classes developed for controlling
hardware will be available on Github when the project is finished. The
detailed control for each hardware will be described in the following

sections.

Syringe pump

The parameters for the serial communication of the syringe pump with
the computer are given as follows: Baud Rate - 9600, Data Bits - 8, Parity
- none, Stop bits - 1, Flow control - none. The basic control protocols
include starting/stopping the pump and setting different parameters.
Based on the basic protocols, a single <operate pump> protocol was
developed to use the pump safely and nicely. However, the pump has no
idea about the actual volume of the solvent inside the syringe. So, it
happened when there was almost no solvent inside the syringe and the

pump was still pushing. In this case, we integrated an ultrasonic distance
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sensor (HC-SR04) with each syringe pump (Figure S7.5). The accuracy of
the sensor can reach up to 3 mm. And a simple support and reflection
block was designed with a 3D printer. The distance between the sensor
to the reflection block was converted to the volume of the solvent inside

the syringe by making a calibration curve (Figure S7.6).

(B)

- Arduino

n
[
Reflection block = I

Figure S7.5 (A) Picture of a working syringe pump with an ultrasonic distance sensor. (B)
Scheme of the connection of the ultrasonic sensor.

Switch valve

There are two types of switch valves included in the platform, one is the
three-way and another is the four-way valve (Figure S7.7). The control of
the switch valve is realized by applying an external trigger voltage. When
there is no power connected to the trigger port, the default state for the
switch valve is C-OFF (position A) for the three-way valve and C-3
(position A) for the four-way valve. When there is a trigger signal (7-33
V) applied, the valve will switch to position B (C-ON for three-way and C-
1 for four-way valve). Thus, we used an extra trigger signal of 12 V and
an Arduino-controlled relay to obtain the automated switch valve. The
picture of the testing switch valve and circuit diagram is shown in Figure

S7.8.
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Power supply DC24V+
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DC7-33V GND
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Figure S7.7 (A) Scheme of the drive port of the switch valve; (B) The valve modes of two
switch valves.

(B)

Trigger
voltage
12v

Arduino

Figure S7.8 (A) Picture of test with multiple switch valves. (B) Scheme of the connection
of switch valves.

Mass flow controller

The serial communication of the mass flow controller (MFC) with the
computer is achieved with a RS232-USB converter. The parameters are
described as follows: Baud Rate - 38400, Data Bits - 8, Parity - none, Stop
bits - 1, Flow control - none. The control class for MFC was based on the
<Bronkhorst-Propar> library available from PyPi2é, including converting
setpoint to flow rate and reading flow rate. Besides, a FlowSuiteTM

software, developed by Bronkhorst was used to monitor the real flow
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rate of the N2 and test the control class during the early stage. There is
one point needed to state that the MFC should be placed horizontally to
prevent the gas leaking from the outlet, building up the pressure of the

channel, even with the zero setpoint.

Phase sensor

As shown in Figure 7.2, there are multiple phase sensors (PS,
OPB350L062Z, TT Electronics) employed in the system to track the
position of the reaction droplet. The simple assembly of the phase sensor
is presented in Figure S7.9. To separate the prepared reaction droplet
with carrier solvents, two N bubbles are injected by MFC (Figure
S7.10A). When there is a gas pass through the PS, the digital value
received from Arduino is lower than 0.5, which will be defined as 0.
Similarly, when the liquid pass through the PS, a digital value higher than
0.5 is received, which will be defined as 1. A general pattern of uniform
flow is shown in Figure S7.10B. Multiple functions were developed to
analyze the signal from the phase sensor and identify the reaction droplet
step by step via filtering the spikes of small bubbles and calculating signal
derivative. As shown in Figure 7.10B, a median filter with kernel-size

being 7 was used to identify the reaction droplet.

A

Breadboarﬂ

USB to laptop § |

Figure S7.9 Picture of testing phase sensor with a water-filled syringe.
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Figure S$7.10 (A) Scheme of the flow pattern of the system; (B) Paradigm of how phase
sensor detects the reaction droplet.

Liquid handler

As presented in Figure S7.2, there are three modules included in the
liquid handler (LH, GX-241, Gilson), a syringe pump coupled with a three-
way valve, and an operation module with one z-axis arm and two sample
racks, and a direct injection module with six-way switch valve. The
communication between the liquid handler and the computer occurs
along the Gilson Serial Input/Output Channel (GSIOC), which only works
with a 32-bit python environment. To meet our experimental design, a
python API was developed to interface the liquid handler with the
computer based on the manual of GX-241. Inside the AP], there are two
types of commands listed to communicate with the LH, which are

buffered commands and immediate commands.
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Figure S7.11 (A) Picture of the sampler mixer on liquid handler z-axis arm; (B) Picture of
injection module with sample loop; (C) Schematical connections of six-way switch valve
at different modes.

Liquid handler
Probe arm

The liquid handler needle is mounted to the probe arm (Figure S7.114),
which is used to aspirate samples from the stock solutions and inject the
mixed samples into the sample loop. In order to implement the mixing
between different samples, a 10 cm long PFA tubing (3.12 mm [.D.) was
added above the needle (Figure S7.11A). This PFA tubing with a larger
inner diameter helps to eliminate the gas bubbles between different
samples and improve mixing. The picture and scheme of the six-way
switch valve of the injection module are displayed in Figure S7.11B and
S7.11C. The attached sample loop can be replaced based on the

application of the platform.

Since the volumes of the different samples are based on the proposed
conditions of the Bayesian Optimization algorithm, a <Samplelnfo> class
was developed to translate the reaction parameters to the volumes of
each sample that the needle needs to take. The example of the format with
the required information of samples is presented in Figure S7.12A. In
order to easily extract the sample information, the data is saved in a
dictionary. A simplified workflow to obtain sample info list for the liquid

handler is displayed in Figure S.7.13.
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(A) Format of Sample Info:

cyclohexane-2_400_4——»volume (mL)

./ v
sample name sequence

(B) The structure of the dictionary:

{

‘sample_name’: {
‘sample_name_i": {

‘sequence”: __, # bottle number

| " __, # concentration of the stock solution
‘position’: __, # XYZ coordinates of the bottle
‘volume’: __ # volume in the bottle

}

Figure $7.12 Format and structure of the sample info for the liquid handler.

Current_vol.[i] < 0.17

| [subA_conc,, subB_conc., catal_loading, residence time] |

g, [0.1,0.15,0.02,5]

L]

| [subA_vol,, subB_vol,, catal vol] |

volume *= 0.65/total_volume

solvent_vol. = 0.65 - total_volume solvent_vol. = 0

No

X

| Sample [subA_vol, subB_vol,, catal_vol, solvent_vol.] |- ‘

!

Check Current [subA_vol, subB_vol,, catal_vol,, salvent_vol.] |

| Update current_vol.[i], sequ.[i] |

‘ | sample_info[i][position, volume] I-

Figure S$7.13 Simplified workflow of preparation of sample info list for the liquid handler.
Photoreactor

In the platform, there are two photoreactors used to perform the
photoreaction. During the stage of proof of the concept, a 3D-printed
photoreactor equipped with 40 W 370 nm Kessil lamp was utilized
(Figure S7.14). The light spectrum of the lamp is provided in Figure S7.15.
After the test stage, a powerful photoreactor with six chip-on-board

(COB) LED modules was employed in the platform (Figure S7.16). The
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UV-A LEDs produce monochromatic light with peak wavelength of 371
nm (Figure S7.17), which shifts to shorter wavelength (~367 nm) at
lower operating currents due to a lower operating temperature. The six
LED modules combined can be operated up to 2.0 A, corresponding to
504 W electrical power or 144 W optical power (Figure S7.18). The
output power of each LED module is individually controllable by a
Xitanium LED driver, which works in constant current mode with a
maximum current of 2.0 A. Analog dimming via 1-10 V control allows for
1-100% dimming, so minimum current is 20 mA (Figure S7.19). A DALI-
RS232 communication protocol is developing to control the photoreactor

automatically.

(A)

Figure S7.14 3D printed UFO reactor for Kessil lamp. (A) Design of UFO reactor; (B)
Picture of UFO reactor with Kessil lamp.
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0.04

Radiant Flux (W/nm)
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Figure S7.15 Spectrum of 370 nm Kessil lamp from their website.

Figure S7.16 Signify Eagle Reactor. (A) Reaction coil with cooling fan. (B) Entire reactor
equipped with six chip-on-board LED light modules.

UV-A spectrum mod3@2A

Output (W/nm)
S
o N B o o O N B o 00 o
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Figure §7.17: UV-A spectrum of LED modules when operated at a maximum current of
2.0 A.
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Figure $7.18: Total electrical and optical power of the 6 UV-A modules.
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Figure $7.19: Current of individual LED modules depending on the settings of the Driver

box.

Inline NMR

Inline NMR reaction analysis was accomplished by recording H spectra
using a benchtop 60 MHz NMR spectrometer (Magritek, Spinsolve Ultra
60 MHz). Shims were performed with the flow cell filled with a solution
of 10% H:0 in D20 and referenced to the water peak at 5.00 ppm. A
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“POWERSHIM” was performed in the Spinsolve software (Magritek) and
shim values were below 1 Hz linewidth at 50%, below 40 Hz linewidth at
0.55% and a signal to noise ratio above 20,000. The spectra were
typically recorded in the reaction monitoring mode with a pulse angle of
90 °, acquisition time of 6.4 s, repetition time of 30.0 s and 4 scans. The
record spectra were automatically analyzed with MestReNova software
and the results were sent back to the control algorithm. The total time for

each measurement was roughly 2 mins.

A PULCON (pulse length-based concentration determination)?’
relationship-based NMR method developed by Ghiviriga group?8 was
implemented to calculate the concentration of the reaction product,
which is shown as follows:

A /NS pwo0
_ product product product
Cproduct ~ A N X X Creference (Eq- 57-1)
reference/ Sreference pwgoreference

where C is the molar concentration, 4 is the area of the peak, NS is the
number of spins corresponding to the area, and pw90 is the 90 ° pulse.
Besides, pure water was used as an external standard to perform the
analysis. A workflow about how to process the NMR measurement and

analysis was presented in Figure S7.20.

Triggering event

Python code calls Spinsolve

Yield saved to CSV file
to take measurement

Spinsalve spins up and takes Passed back to python
NMR measurement code for quantification
Spinsolve passes off MNOVA processes and gives

generated FID to MNOVA out the absolute integral

Figure S7.20 Workflow of inline NMR measurement.
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Graphical User Interface (GUI)

The GUI shown in Figure S7.21 is designed from scratch with Streamlit,
an open-access app framework. There are several panels included to
interact with the RoboChem platform. All the users can create their
personal folder before working with the platform. After that, they can fill
in the information about their reaction (e.g., substrate numbers,
concentrations) (Figure S7.22), which will be saved to sample info excel
file for the operation of the liquid hander. Moreover, all the parameters
needed for NMR measurement can also be set in the GUI (Figure 57.23).
Finally, a real-time display of the results obtained will be added in future

expansion.

RoboChem Platform NBGO

Figure $7.21 Home page of Graphical User Interface (GUI) of the RoboChem platform.

RoboChem Platform NRGU, O

Substance names, concentrations

Figure S7.22 Substrate settings panel of RoboChem platform.
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RoboChem Platform NRG (\ )

NMR Settings

External Standard Data Reaction Data

Figure S7.23 NMR settings panel of RoboChem platform.

7.4.3 Bayesian Optimization Algorithm

The Bayesian optimization algorithm was programmed based on the
open-access python library, Dragonfly, which is developed by Kandasamy
et al.20a The algorithm constructs a Gaussian process (GP) surrogate
model to describe the relationship between input variables and objective
functions. Both continuous (e.g., concentration) and discrete parameters
(e.g., additives) can be defined in the optimization space. It also supports
single- and multi-objective optimization mode. In the early stage, single
objective (yield) optimization was performed. Multi-objective
optimization (yield, productivity, and cost) will be investigated in the

near future.

The Bayesian optimization involves 5 steps: 1) Sample initial data; 2)
Train the surrogate model; 3) Identify the subsequent data points using
the acquisition function; 4) Perform the experiments; 5) Iterate step 2)
through 4) until a certain threshold is reached. For each iteration the
surrogate function will get closer and closer to the target function (Figure

$7.24).

In the initialization experimentation, a space-filling design of

experiments is generated using Latin hypercube sampling (LHS) for
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continuous variables and random sampling for categorical variables. The
number of the initial experiments is user-defined and can be determined
based on the number of variables involved to ensure that the algorithm
has a sufficient data to generate a reasonable surrogate model. Once the
initialization results are returned to the algorithm, each refinement
experiment is generated by using either the upper confidence bound
(UCB) or Thompson sampling (TS) acquisition functions with equal

probability.

— Target

4 Observations

—=- Prediction

B 95% confidence interval

—— Utility Function
7' Next Best Guess

Figure S7.24 Bayesian optimization and utility function after 5 steps.

Moreover, by evaluating GP model over the design space, response
surfaces describing how the predicted objective value varies as a function
of continuous parameters can be generated. The height and color of the
surface are used to represent the predicted objective value (GP mean
value) and the local model uncertainty (GP standard deviation) at that

point correspondingly.

Reaction Validation

Table S7.3 List of the reagent stock solutions.

Stock solution Conc. (M) Solvent
2-benzylidenemalononitrile (1) 1 CH3CN
Tetrahydrofuran (2) 12.35 Neat

tetrabutylammonium decatungstate (TBADT) 0.012 CH3CN
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Figure S7.25 Picture of RoboChem platform during the first proof-of-concept stage.

Table S7.4 experimental conditions and results of photocatalytic HAT alkylation.

Run Type Benzi:)‘:l‘s_l‘/’l‘clitr“e e'l:l{lfv TBADT /mol% tr /sec  Yield /%
0 Initial 0.00 0.0 0.0 0.0 0.0
1 Initial 0.08 7.6 2.3 336.1 50.4
2 Initial 0.15 162 18 165.0 84.6
3 Initial 0.20 2.2 0.9 202.1 29.9
4 Initial 0.07 147 1.0 1945 59.3
5  Refine 0.16 13.8 17 180.0 76.7
6  Refine 0.09 13.8 17 180.0 67.6
7 Refine 0.20 17.1 2.4 151.9 88.7
8  Refine 0.20 18.0 3.0 123.3 95.4
9 Refine 0.13 13.7 3.0 360.0 83.2
10  Refine 0.20 17.9 3.0 243.8 95.4
11  Refine 0.19 17.7 3.0 240.9 89.9
12 Refine 0.19 169 0.7 330.0 95.7
13 Refine 0.20 18.0 2.7 359.5 83.7
14  Refine 0.18 159 0.8 300.0 91.4
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