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RoboChem - Development

2.1 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 chapter, the development of a
versatile flow-based robotic platform is presented, addressing these challenges
through the integration of readily available hardware and customized software.
This open-source platform combines a liquid handler, syringe pumps, a
tuneable continuous-flow photoreactor, inexpensive Internet of Things devices,
and an inline 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. Additionally, the platform extends its analytical capabilities to
incorporate ultra-performance liquid chromatography (UPLC), enabling
precise quantification of reaction components and further enhancing its utility

for complex reaction optimization.
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Chapter 2

2.2 Introduction

Photocatalysis exploits light for driving reactivity under mild conditions,
contributing to advancements in synthetic methods for pharmaceuticals,
agrochemicals, and materials.[1-3] Nonetheless, challenges persist in
optimizing, replicating, and scaling these techniques.[*] These challenges
stem from practical considerations like uneven light absorption and
experimental variability, alongside chemical complexities such as poorly
understood reaction mechanisms and intricate interactions among
various variables.[5] These phases in advancing photocatalytic processes
are crucial yet time-consuming components of contemporary chemical
manufacturing, requiring expertise and precision due to their intricate
and sensitive nature. In response to the need for efficient optimization of
complex photocatalytic reaction conditions, we have developed a robotic
platform named RoboChem (Figure 2.1). RoboChem facilitates the self-
optimization, intensification, and scale-up of photocatalytic
transformations. By integrating readily available hardware, customized
software, and a Bayesian Optimization algorithm, this platform offers a
hands-free and safe solution, mitigating associated challenges. Operating
autonomously, RoboChem eliminates the requirement for extensive
expertise in photocatalysis or scaling processes to achieve optimal
results. This renders RoboChem a valuable collaborative robotic
platform suitable for any synthetic organic chemistry laboratory,
irrespective of users' specific familiarity with photocatalysis. The robotic
platform incorporates several key components, including a liquid
handler, syringe pumps, a tunable continuous-flow photoreactor, cost-

effective IoT devices, and an in-line NMR system. It employs a closed-
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loop Bayesian Optimization approach to systematically explore a chosen
parameter space encompassing both discrete and continuous variables.
Consequently, the platform excels in identifying optimal reaction

conditions that maximize either yield, throughput, or a combination

thereof.
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 @ one-factor-at-a-time optimization

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

© fast optimization @ reproducible © captures complex intercorrelations @ generation 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, and the robotic

platform and its workflow.
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2.3 Overview

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. Lastly, the Graphical User Interface (GUI) allows users to input the
necessary parameters, launch the optimization campaign, and initiate the

process.
2.3.1 Platform - Controller

RoboChem is controlled by custom Python code and uses open-source libraries
with off-the-shelf instruments and devices. By coupling a liquid handler, syringe
pumps, switching valves, a high power photoreactor as well as simple Internet
of Things (10T) devices such as phase sensors and ultrasonic detectors with an
in-line 60 MHz NMR spectrometer for data-rich optimization, we have come up
with a workflow to easily and efficiently optimize and intensify photochemical
processes (Figure 2.2A). Each generated reaction slug (650 pL) represents a
discrete set of reaction conditionsl¢’l and the reactions are executed
sequentially: sample preparation, followed by reaction under the specified
conditions, and finally, automated analysis and processing. We employed NMR
for data analysis, which accurately integrates yields without requiring prior

calibration of the analytics using an analytically pure sample.
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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) Simplified view of RoboChem (C) 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 a next phase of the optimization cycle.

This approach enabled us to conduct most reactions without the need for an
internal standard, opting instead for an externally calibrated standard with a

peakin a similar ppm range as the target molecule. Although a 60 MHz benchtop
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NMR spectrometer was selected as the analytical technique, the platform is
easily adaptable to accommodate other analytical techniques such as Raman
spectroscopy, IR spectroscopy, HPLC-UV-Vis, HPLC-MS, or GC-MS. As the
volume of the reaction slug is determined by the analytical method, this
parameter could be significantly reduced by an order of magnitude if an

alternative technique like HPLC were to be used.[8l

The RoboChem platform operates in a closed-loop manner, driven by the
Bayesian Optimization (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 optimization.[%10] By harnessing
the capabilities of a photo-microreactor equipped with high-intensity LEDs,
known for scaling up photochemistry to productivities exceeding 2 kg/day,11]
and the ability to make computer-controlled power output adjustments, we can
minimize reaction times and significantly enhance the throughput of the
platform. This increased efficiency reduces the time required for a

comprehensive optimization run.

By employing a series of phase sensors and a dedicated algorithm to detect the
passage of a reaction slug,12] the reactor can efficiently track the position of the
reaction slug within the platform (Figure 2.2C). This cost-effective approach
enables precise control over the reaction as it traverses the system. The ability
to accurately monitor the reaction slug throughout the platform eliminating 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.
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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/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.
2.3.2 Bayesian Optimization — Planner

The platform leverages Bayesian Optimization (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.[!3] It constructs a probability model of the
function using carefully 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, while 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 is implemented using the open-source Python package

Dragonfly, developed by Kandasamy and collaborators.[10.141 The initial runs are
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chosen using Latin-hypercube sampling,[1516] the researchers define the input
variables (parameters to be tuned) and the objective to be optimized. The
platform supports both single-objective and multi-objective optimization,
targeting yield and/or throughput. In single-objective optimization, the model
identifies the global maximum of the reaction. In multi-objective optimization,
the model finds a set of non-dominated solutions known as the Pareto front.[17]
To assess the progress of the optimization problem, the platform tracks the
hypervolume after each run.['8] In cases of interrupted runs or the desire to
build upon previously executed experiments, the platform allows for further

optimization from that point.

The platform's integration of machine learning effectively reduces the reliance
on human resources.[1920] 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
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 by taylor recirculation. 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.
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2.3.3 GUI - User Input

A key aspect of the platform's design is the development of an intuitive
Graphical User Interface (GUI) (Figure 2.3) 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 (Figure 2.3A).

The liquid handler can accommodate multiple stock solutions. 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 of that type. The user defines the
chemical space to be explored under the Machine Learning Settings page

accessible through the GUIL

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 (Figure 2.3B). In multi-objective optimizations, it provides
a plot of yield versus throughput and includes a graph tracking the

hypervolume.

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.
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Figure 2.3 Graphical User Interface (A) Automated generation of sample vial positions for tracking
of stock solutions (B) Plot generation for a multi-objective optimization tracking the pareto front

and dominated points and the associated Hypervolume over time.

2.4 Hardware

2.4.1 Automated platform description

2.4.1.1 Platform Overview

The platform can be broken down into four distinct modules (Operation,
Reaction, Analysis and Computer) shown below (Figure 2.4) and pictured
(Figure 2.5)

; ]
;@ Three-way switching valve!
H H
:@ Four-way switching valve +
H

. E@ Six-way switching valve +

Signify Eagle
Liquid Handler Waste gRe;'m'g Power Supply Waste Reservoir Waste

Operation module Reaction module Analysis module Computer

Figure 2.4. Schematic setup of the automated platform with labelled modules.
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Figure 2.5. Picture of the automated continuous-flow platform.

2.4.1.2 Platform Components

As shown in Table 2.1, 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. The communication between the computer and Signify Eagle
Reactor is based on Ethernet. An additional command sender class script was
developed with Python. A detailed summary for each hardware will be

described in the following sections.
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Table 2.1 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 Module Function
protocol
Operation
Syringe pump Chemyx Deliver solvent Serial, USB
module
4-way Switch Operation Withdraw/infusion
Runze Fluid Serial, USB
Valve module solvent
3-way Switch Operation
Runze Fluid Switch for solvent or N2 Serial, USB
Valve module
Mass flow Operation
Bronkhorst Deliver N2 Serial, RS232
controller module
TT Operation
Phase sensor Track sample Serial, USB
Electronics module
Operation
Liquid handler Gilson Sample preparation Serial, USB
module
Reaction
Photoreactor Signify Reaction Ethernet
module
Analysis
Syringe pump Chemyx Deliver solvent Serial, USB
module
4-way Switch Analysis Load the sample for
Runze Fluid Serial, USB
Valve module analysis
3-way Switch Analysis Withdraw/infusion
Runze Fluid Serial, USB
Valve module solvent
TT Analysis
Phase sensor Track sample Serial, USB
Electronics module
Analysis
Inline NMR Magritek Analysis sample TCP/IP, USB
module
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2.4.1.3 Platform Hardware Modules

2.4.1.3.1 Syringe pump

The parameters for the serial communication of the syringe pump with the
computer are given as follows: Baud Rate - 38400, 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 appropriately. 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 sensor (HC-SR04) with each syringe pump
(Figure 2.6). 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 2.7).

Ultrasonic sensor

Reflection block

Figure 2.6. (A) Picture of a working syringe pump with an ultrasonic distance

sensor. (B) Scheme of the connection of the ultrasonic sensor.
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Figure 2.7. Calibration curve of sensor distance vs solvent volume inside the
syringe.

2.4.1.3.2 Switch valves

There are two types of switch valves included in the platform, one is the three-
way and another is the four-way valve (Figure 2.8). 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
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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 supplementary figure 6.

Power supply DC24v+
DC24V 2A

rigger voltage| DC7~33V
DC7-33V SND

Feedback input voltage
DC3.3-24V

Output level 1

(B)
Three-way Four-way

NN RO

W\ WY

Position A Position B Position A Position B

Figure 2.8. (A) Scheme of the drive port of the switch valve; (B) The valve

modes of two switch valves.

(B)

Valves

Relays

Trigger
voltage
12v

Arduino

Figure 2.9. (A) Picture of test with multiple switch valves. (B) Scheme of the

connection of switch valves.
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2.4.1.3.3 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 PyPi, including converting setpoint to flow rate and
reading flow rate. Besides, a FlowSuite™ software, developed by Bronkhorst
was used to monitor the real flow rate of the N, and test the control class during
the early stage. 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.

2.4.1.3.4 Phase sensor

As shown in Figure 2.10, there are multiple phase sensors (PS, OPB350L0627,
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 2.10.
To separate the prepared reaction droplet with carrier solvents, two N, bubbles
are injected by the MFC (Figure 2.11(A)). 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 2.11(B). 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 2.11(B), a median filter with kernel-size being 7 was used

to identify the reaction droplet.
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Figure 2.10. Picture of testing phase sensor with a water-filled syringe.

(a)

Carrier solvent N,

Reaction droplet

filter_kernel=7

N,

Carrier solvent

(B)

1e9

= Raw phase data
~— Filtered phase data

500

600

—— Droplet start
~— Droplet stop

600

—— Droplet size
~—— Bubble size

400

Figure 2.11. (A) Scheme of the flow pattern of the system; (B) Paradigm of how

phase sensor detects the reaction droplet.
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2.4.1.3.5 Liquid handler

As presented in Figure 2.12, 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.

)

Inject mode

3.12 mm LD,

* PFA tubing

. . N
f (= . 24 &
P J/ . . ° 7 74
Liquid handler 2 Y.</, )
Probe arm / & / b
0 K / 6 A Q s
| | 4
| (3
l /

Needle

Figure 2.12. (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.

The liquid handler needle is mounted to the probe arm (Figure 2.12(A)), 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 2.12(A)). This PFA tubing with a larger inner diameter helps to
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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 2.12(B) and Figure 2.12(C). 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 2.13. 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 2.14.

(A) Format of Sample Info:

cyclohexane-2_400_4—— volume (mL)

- v
samp]e 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 2.13. Format and structure of the sample info for the liquid handler.
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I [subA_conc., subB_conc., catal_loading, residence time] |

Current_vol.[i] < 0.17

e.g, [0.1,0.15,0.02, 5]

| [subA_vol., subB_vol,, catal_vol.] |

Yes
Total_volume > 0.65? ‘
volume *= 0.65/total_volume

solvent_vol. = 0

solvent_vol. = 0.65 - total_volume No

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

!

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

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

L

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

Figure 2.14. Simplified workflow of preparation of sample info list for the

liquid handler.

2.4.1.3.6 Photoreactor

During the validation and application phases, a powerful photoreactor with six
chip-on-board (COB) LED modules was employed in the platform (Figure
2.15), which is named as Signify Eagle Reactor. The light source of the reactor
can be manually changed. In our case, two different light sources were
assembled, one is a UV-A light source (371 nm) and the other one is a blue light
source (456 nm). The UV-A LEDs produce monochromatic light with peak
wavelength of 371 nm (Figure 2.16). The six LED modules combined can be
operated up to 2.0 A, corresponding to 144 W optical power (Figure 2.17). 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 2.17). The Blue LEDs produce
monochromatic light with peak wavelength of 450 nm (Figure 2.18). The six
LED modules combined can be operated up to 2.0 A, corresponding to 182 W
optical power (Figure 2.19).
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The control of the Signify Eagle Reactor was achieved based on Ethernet
communication. After establishing the connection to the Ethernet gateway of
the cabinet, a protocol for controlling the light engine and fan is created via
common gateway interface (CGI). In order to achieving a convenient
communication, a python script was developed to send the command based on

the protocol. The level of light and fan can be tuned easily by sending

commands.

Figure 2.15. Signify Eagle Reactor. (A) Reaction coil with cooling fan. (B) Entire

reactor equipped with six chip-on-board LED light modules.

20 UV-A spectrum mod3@2A

18
16
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1.2
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Figure 2.16. UV-A spectrum of LED modules when operated at a maximum

current of 2.0 A.
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Figure 2.18. Visible light spectrum of Blue LED modules when operated at a
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Total optical blue output (6 modules) vs drive current
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Figure 2.19. Total optical power of the 6 Blue LED modules.

2.4.1.3.7 Inline NMR

Inline NMR reaction analysis was accomplished by recording 1H and 1°F 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%
H20 in D;0 and referenced to the water peak at 5.00 ppm. A “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 are then automatically analyzed with

MestReNova software and the results are sent back to the control algorithm.

A externally calibrated quantitative NMR method was implemented to calculate

the concentration of the reaction product, which is shown as follows:

Aproduct X mreference Cproduct

X 100% =

Ctheoretical max

yield,roguct = X 100%

(Eq. 1)
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where C is the molar concentration, 4 is the area of the peak and m is the slope
of the calibration curve of the external reference normalized for number of
protons in the product. A workflow about how to process the NMR

measurement and analysis was presented in Figure 2.20.

Triggering event

Python code calls Spinsolve

Yield saved to CSV file
to take measurement

Spinsolve 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 2.20. Workflow of inline NMR measurement.
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2.5 Software

The software packages and their associated versions are listed in Table 2.2

Table 2.2 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

2.5.1 Machine Learning and Data Analysis on Robochem

2.5.1.1 Bayesian Optimization

The machine learning algorithm implemented in this project is Bayesian
Optimization. It is implemented using the open-source package Dragonfly.[10]
The required model inputs include the variable space, the number of initial
experiments and the total number of experiments. The initial points are selected
using Latin hypercube sampling for Euclidean and integral variables, while
discrete and discrete numeric values are selected uniformly at random. The
variable space spans the domain over which the objective should be optimized.
Both discrete variables and continuous variables are allowed. It is thus possible
to include multiple variables of the same type and thus leaving the decision of
which of them yields the best result to the model. Discrete variables include
excess reagents, catalysts, bases and co-catalysts. For each of these variables,
there is also a continuous variable. For instance the concentration or the

equivalents. Here the limiting reagent, residence time and percentage of Eagle
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reactor power are also included. For the continuous variables the boundaries,
i.e. the highest and lowest value the model is allowed to pick, also has to be
defined. For instance, if two catalysts are included the discrete variable would
be written as {'name’: 'catalyst’, 'type’: 'discrete’, 'items": ['[TBADT’, ‘NaDT’[} and
the continuous variable as {'name’: ‘cat loading’, 'type’: 'float’, 'min": 0, 'max’: 1}.
The variable space thus is a list of dictionaries. The optimizer function and the
function caller used are CPGPBandit and CPFunctionCaller for single objective
optimization, and CPMultiFunctionCaller and CPMultiFunctionCaller for multi
objective optimization. The algorithm settings are as follows: the model is
rebuilt after each batch, where the batch size has been set to 1. The criterion for
tuning the GP (Gaussian processes) hyper-parameters has been set to ml-
post_sampling. For multi objective runs, the scalarization approach is also
included. This is set to linear. The default settings of the kernel, the acquisition
function and the initialization as predefined by Dragonfly are used. Each time
the BO calls the objective function, the platform is run, and the parameter
settings are sent to the platform. The model then waits until the result is sent

back before updating and deciding on the next experiment.

2.5.1.2 Hypervolume

The hypervolume is calculated using the python package pymoo. Since the
package assumes minimization, all values fed to the function are multiplied
with -1. The reference point is set to origin [0,0]. The hypervolume is given by
the product of the x and y value and for sake of comparison, the hypervolume is

normalized by dividing by the maximum volume theoretically possible.
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2.5.1.3 Platform graphical user interface (GUI)

The graphical user interface (GUI) was developed using Streamlit, an open-
source Python library for creating web applications for data science and

machine learning.

2.5.1.3.1 Home

The Home page of serves as the default landing page and provides step-by-step
instructions on how to set up the experiments and run the platform. This page
serves as a starting point for users new to the program, guiding them through

the necessary steps to utilize the platform effectively. (Figure 2.21)

£

RoboChem Platform NRGQ

OPESPD

Instructions

Figure 2.21. Home page of the RoboChem Platform containing step-by-step
instructions on how to use the web application, set up the experiments and run

the platform.

2.5.1.3.2 User Settings

On this page, the user name (Figure 2.22 (1.)) and the experiment name (Figure
2.22 (2.)) is defined. All files generated during the optimization campaign will
be named with experiment name and placed inside a folder also named

experiment name inside the user’s personal folder, named user name. This folder
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will be located at C:\Users\user\Platform_Data\user_name, where 'user' refers
to the name of the computer's user and 'user_name' is the user name. The user
chooses their name from the dropdown list. If their name isn’t in the list, they
have the option to update the list of users with their name or to use Guest

instead.

RoboChem Platform NRGQ

1. Username

2. Experiment

Figure 2.22. User Settings page, where the name of the experiments and the

location they are saved to are defined.

2.5.1.3.3 Reagent Settings

On this page, the first step in setting up an experiment is to specify the number
of different reagents, excluding the solvent (Figure 2.23 (1.)). Next, the name
and type of each reagent is defined, such as limiting reagent, excess reagent,
catalyst, base, and co-catalyst (Figure 2.23 (2.3, 2.b)). The user then sets the
number of 2 mL and 4 mL vials of the solvent and each reagent required for the
experiment and sets the concentration of each reagent (Figure 2.23 (2.c)). Once
these steps are completed, an Excel file is automatically generated that details
the position of each vial in the liquid handler (Figure S19 ). On the left (Figure
2.24 (1.)),thelayoutof the 2 mL vials is defined. On the right (Figure 2.24 (2.)),
the layout of the 4 mL vials is defined. The name of each vial follows the format

reagent_name-vial_number-concentration-number_of ml. When filling the liquid
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handler the vials have to be ordered according to the excel file. It is important
to follow the Excel file carefully, as it ensures correct positioning of each vial.
The Excel file is updated between runs, and the remaining amount of each

reagent is automatically tracked by changing the number_of ml on the string.

1. Number of reagents
& Home
& User Settings

—_—
< Reagent Settings i 29

@ Machine Learing Settings

Set the number of different reagents to be loaded in the Liquid Handler (excL. sotvent)

£ Experiment Settings
Run Platform
2. Names of reagents
a

Insert the name for reagent number 1:

o cess_reagent catalyst base co-catalyst
Benzalmalonitrile - ’
er 2 P
- limiting_reagent @ excess_reagent catalyst base co-catalyst
Insert the name for reagent number 3: Parameter Type:
limiting_reagent O excess_reagent  © catalyst O base O co-catalyst
TBADT g_reag _reag (-]
Ins mber
limiting_reagent O excess reagent @ catalyst O base () co-catalyst

C.
reagent concentrations and volumes
Solvent Benzalmalonitrile

Set the number of 2 mL vials: indicate t

L4 2000

Set the number of 4 mL vials

Setthe number of 4 mL vials: Setthe number o

_ . —
R o

Benzophenone

Indicate

200

Set the number of 2 mL vials

Set the number of 4 mL vials:

Figure 2.23. Reagent Settings page. Step 1 is to set the number of different
reagents (excluding the solvent). Step 2.a is to name the reagents and Step 2.b is

to define what type of parameter each reagent is; limiting reagent, excess
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reagent, catalyst, base or co-catalyst. Step 2.c is to set the number of 2ml and

4ml vials for the solvent and the reagents and indicate the concentration.

Generate Excel file

3385 3335

2ml vials 4ml vials

Figure 2.24. Reagent Settings page. The Excel file is generated from the data
filled in previously. On the left, 1., the layout of the 2 mL vials is defined. On the
right, 2., the layout of the 4 mL vials is defined. When filling the liquid handler

the vials have to be ordered according to the excel file.

2.5.1.3.4 Machine Learning Settings

To set up the machine learning model, a variable space needs to be defined
based on the different reagent specified in the previous section. The variable
space is spanned up by each parameter type that was chosen. For each
parameter type, the minimum and the maximum are defined. These values are
chosen via some initial intuition of the chemist and what can be made from the
stock solution. Additionally, the residence time and the percentage of the
intensity of the eagle are defined as part of the variable space. (Figure 2.25 (1.))
The next step is to specify the type of optimization to be run: single objective
optimization of either yield or throughput or multi objective optimization of
both yield and throughput (Figure 2.25 (2.)). Next, the number of initial runs

and the number of refinement runs are defined. If previously carried out

[
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experiments are available, they can be used for the initialization, and will in that
case replace the initial runs. In this case, the corresponding JSON file needs to
be copied and placed in the folder generated for the current set of experiments.

The platform will then only carry out the refinement runs. (Figure 2.25 (3.))

RoboChem Platform NRGQ

NOEL RESEARCH GROUP

Machine Learning Settings
| Jpep—

limiting_reagent excess_reagent catalyst residence._time eagle_percentage

Figure 2.25. Machine Learning Settings page. Step 1 is to set the boundaries of
the variable space. Step 2 is to decide the objective of the optimization, yield
and/or throughput. Step 3 is to decide if to use previous generated data to use

for model initialization or to run initial runs. The number of refinement runs is

then defined.

2.5.1.3.5 Experiment Settings

This section allows the user to adjust the experiment settings. Namely the
reactor volume and the sample push volume (Figure 2.26 (1.)). Additionally,
the NMR settings can be configured in this section. Specifically, the NMR
nucleus, the integration calibration, the pulse angle, the number of scans, the
repetition time, the acquisition time, the centre frequency and the decouple

power. (Figure 2.26 (2.))
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RoboChem Platform NRG Q

1. Experiment Settings

2. NMR Settings

IRINE HDEC

Figure 2.26. Experiment Settings page. Here the experiment settings, including
reactor volume and sample push volume as well as the NMR settings can be

adjusted.

2.5.1.3.6 Run Platform

When all the previous tabs are filled in correctly, the liquid handler has been
filled with the stock solutions according to the generated Excel file, the NMR file
has been added to the experiment folder, the user can start the experiments by
pressing the run platform button (Figure 2.27 (1.)). If any information is
missing or files are missing, error messages will be displayed and the button is
not displayed. The results of each run will be displayed, showing either the yield
or throughput for single-objective optimization runs, and yield versus
throughput (Figure 2.27(2.a.)) as well as the hypervolume for multi-objective

optimization runs (Figure 2.27 (2.b.)).
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e RoboChem Platform NRG Q

& Reagent settings NOEL RESEARCH GROUP
g Machine Learning Settings

ﬂ Experiment Settings

LT 1. Run platform
Run platform
2. a. Pareto Plot . b. Hypervolume
100 )
08
80
E 0.6
£ 60
e . é
- 0 :§0.4
20 0.2
0 T T 0.0 . T M T
0.0 05 10 15 20 25 30 0 5 10 15 20 25
Throughput (mmol/hr) Run

Figure 2.27. Run Platform page. From this page, the platform can be started
(1.). For single objective optimization the object (yield or throughput) will be
plotted. The figure is updated after each run. For multi objective optimization,

to the left, the yield and throughput is plotted after each run (2.a.) and the

corresponding development of the hypervolume is plotted to the right (2.b.).

77



Chapter 2

2.6 Extension of RoboChem to UPLC

To expand upon the analytical capabilities of RoboChem, an Ultra-Performance
Liquid Chromatography (UPLC) system was integrated in place of the in-line
NMR. With this setup, the automated, high-resolution analysis of complex
reaction mixtures could be performed, providing complementary data to the
inline NMR analysis. In the same manner as discussed in section 2.4.1.1, the
platform could be broken down into four distinct modules (Operation, Reaction,
Analysis and Computer) as shown in Figure 2.28 By adhering to this layout, the
analytics could be more readily interchanged, making the overall RoboChem

system inherently more modular.

Operation module HPLC analysis module

Figure 2.28 Overview of RoboChem in UPLC mode

While UPLC may be a more analytically powerful tool, the standalone nature
and reliance on a vendor-locked GUI program (OpenLab CDS), made the UPLC
integration more challenging on both hardware and software fronts. As no
inbuilt protocols were available for python-based control and communication,
or to coordinate external sample injection, a new control and communication
system was developed (Figure 2.29). This custom-built system, termed

ChromTroller (Chromatogram Acquisition Controller), allowed the UPLC to be
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interfaced with the RoboChem platform and ensured compatibility with
RoboChem'’s existing modules. The control system was composed of three core

elements: Data Acquisition, Data Processing and RoboChem Communication.

e Start Trigger - -
e Yield X%

Figure 2.29 Overview of RoboChem connection to the Chromtroller for the extension to UPLC

2.6.1 Sample Injection and Data Acquisition

To coordinate the external sample injection with the data acquisition, new
hardware components needed to be implemented into the UPLC and existing
ports exploited. As no external injection module was present, an external six-
way switch valve equipped with a 1pL sample loop, was introduced between
the vial-sampler and analytical column of the UPLC. This allowed RoboChem to
load the reaction mixture into the sample loop at low pressures, with
subsequent valve switching bringing the sample loop in-line with the high
pressure UPLC system and directly injecting the crude sample into the UPLC. As
this switch valve could be controlled by a microcontroller, this approach gave

python-based control over the sample injection. However, in order to get
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precise and reliable analysis this sample loading also needed to be coordinated
with the triggering of the data acquisition. To gain control of the UPLC data
acquisition, a communication port built to facilitate inter-module
communication within the UPLC system was exploited. By sending specific
signals (via a microcontroller) to this port, the UPLC data analysis could be
precisely and externally triggered. As both this trigger and the switch valve
could be controlled via a python-based program outside of the vendor-locked
GUI program, it was possible to precisely and consistently time the external

sample injection with the start of the analysis.

2.6.2 Data Processing

Similar to the data acquisition, the data processing for the UPLC instrument was
typically performed in the vendor-locked OpenLab CDS program. As this
program did not support any external python program communication, a data
processing module also needed to be implemented in ChromTroller. Based on
the MOCCA package from Haas et al./21] a data processing component was also
implemented into ChromTroller that allowed the chromatogram traces to be
directly processed. This processing component was responsible for all elements
of the data analysis including file parsing, dimensional reduction, baselining,
peak picking, deconvolution, integration and quantification, identity
assignment, as well as error analysis. In this way the complex multiwavelength
chromatograms stored in the vendors proprietary datafiles could be easily
returned to the RoboChem platform as processed peak integrals that could be
related to optimization variables. This a crucial function of the ChromTroller
package as the Bayesian optimisation of the RoboChem has no spectral analysis

capability and requires simple numerical input such as peak integral or yield.
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2.6.3 RoboChem Communication

To ensure seamless communication between the ChromTroller-UPLC module
and the overarching RoboChem platform, a socket-based protocol was
established over a specialized laboratory network (LabNet). This network
environment was specifically designed to integrate multiple instrument
platforms within a single laboratory infrastructure. By employing a dedicated
network protocol, the two controlling computers—one running the
ChromTroller software and the other managing the RoboChem automation—
could exchange commands, status updates, and data in a bidirectional, real-time
fashion. This approach ensures that the UPLC, now operating under
ChromTroller’s control, can be precisely orchestrated by the RoboChem system,
thereby facilitating the smooth coordination of reaction preparation, sample
injection, data acquisition, and subsequent data processing and optimization

workflows.

In this configuration, the UPLC is managed by a single dedicated computer (PC
1) that runs the ChromTroller program. PC 1 is responsible for controlling the
UPLC’s sample injections, initiating and monitoring chromatographic runs,
processing chromatogram data, and returning processed results. Concurrently,
the RoboChem platform, residing on a separate computer (PC 2), oversees the
entire reaction workflow, including the preparation of mixtures, sampling
operations, and communication with the ChromTroller for analytical tasks. To
maintain robust and transparent communication between these two systems, a
client-server model was implemented, with the ChromTroller side acting as the
server and RoboChem as the client. Each machine was assigned a static IP
address within the local laboratory network, ensuring stable connections and
predictable routing. The use of LabNet provided a controlled and secure
network environment, mitigating the risk of interference from external traffic

and enhancing the reliability of the data exchange.

81



Chapter 2

The communication itself is facilitated through TCP/IP sockets, chosen for their
stability and error-checking capabilities. Data transferred between the two
computers are encoded as JSON files, a format that offers broad compatibility,
ease of parsing, and straightforward debugging. Under normal operation,
RoboChem (the client) sends a request to ChromTroller (the server) when it
requires a new chromatographic analysis. Upon receiving this request,
ChromTroller coordinates the UPLC’s operation, triggers the chromatographic
run, and processes the resulting data into a simplified pandas dataframe
containing peak integrals and other analytical metrics. These processed results
are subsequently interpreted, converting the peak integrals into actionable
reaction parameters, such as yields, are then transmitted back to RoboChem,

that feed into RoboChem’s Bayesian optimization algorithms.

To ensure reliable operation, the communication protocol includes robust
error-handling routines. For instance, if a command fails to transmit properly
or the server does not respond within a predefined timeframe, the system
attempts to re-establish the connection and resend the command. Detailed
logging is also maintained, allowing for systematic troubleshooting should any
communication failure occur. By integrating these controls and fail-safes, the
combined RoboChem-ChromTroller-UPLC system maintains high reliability,
ensuring that the entire workflow—from sample injection and
chromatographic analysis to data processing and optimization—proceeds with

minimal human intervention and maximum reproducibility.
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2.7 Conclusions

The RoboChem platform represents an advancement in the optimization,
intensification, and scale-up of photocatalytic processes, setting itself apart
through its seamless integration of accessible hardware, custom software, and
a robust Bayesian optimization framework. Unlike other platforms,
RoboChem’s modular and open-source design offers exceptional versatility,
enabling chemists to optimize reactions involving both continuous and discrete
variables with minimal expertise in programming or machine learning. Its
closed-loop automation, driven by Bayesian optimization, integrates a tunable
continuous-flow photoreactor, in-line benchtop NMR, and IoT devices to deliver
iterative, data-rich optimization that maximizes yield and throughput with
minimal user intervention. The intuitive graphical user interface simplifies
setup and operation, making advanced optimization techniques accessible to
chemists with no prior experience in automation or machine learning. The
platform’s hardware versatility accommodates various analytical techniques,
including NMR and UPLC, and adapts to different reactor sizes without
requiring code modifications. It handles small reaction volumes efficiently,
supports high-intensity LED-driven reactions, and enables scalable
productivities, addressing both lab-scale and industrial needs. Its capability for
multi-objective optimization, powered by state-of-the-art algorithms, allows
users to explore trade-offs between yield and throughput, providing both
precision and insights. Finally RoboChem was extended to further analytics in
the form of UPLC, enabling even more potential chemistries to be investigated

by the platform.
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