W) Check for updates .
Chemistry

Europe

European Chemical
Societies Publishing

Review

Chemistry—Methods doi.org/10.1002/cmtd.202200031

www.chemistrymethods.org

Recent Developments in Process Digitalisation for
Advanced Nanomaterial Syntheses

Diego Iglesias, Dina Haddad, and Victor Sans*"

Digitalisation and industry 4.0 are set to profoundly change the
way chemical and materials discovery and development work.
The integration of multiple enabling technologies such as flow
synthesis, automation, analytics, and real-time reaction control
lead to highly efficient, productive, data-driven discovery and
synthetic protocols. For instance, the development of flow
chemistry enables the fine control and automation of process
parameters such as flow rates, temperature, and pressure, which
inherently enhances process efficiency. Flow chemistry presents
a more sustainable means of manufacturing in terms of waste
minimisation, as it enables the integration of synthetic
processes with downstream processing. Furthermore, it allows
the integration of analytical techniques to provide in situ
process monitoring of large amounts of process and product

1. Introduction

Process digitalisation is set to transform chemical and materials
industry, with a profound transformation of synthetic processes,
enabling rapid, on-demand and efficient synthetic processes,
which both improve the properties of the materials synthesised
and reduce the waste generated.! An effective digitalisation of
the synthetic process requires: 1) Full automation of the
synthetic process. Microfluidic reactor systems are key to
achieve this, by eliminating the manual handling steps inherent
to batch procedures. 2) Real-time data generation about the
properties of the nanomaterials fabricated, to rapidly correlate
the inputs (concentrations, flow rates, temperature, etc.) with
the outputs (particle size, size distribution, physico-chemical
properties, etc.). 3) Advanced modelling to rapidly optimise the
properties of the materials, and also for the discovery of
emerging properties. The application of artificial intelligence
technologies offers a broad range of possibilities to process
chemistry, by rapidly developing models that establish mean-
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data. The application of Artificial Intelligence (Al) and/or
Machine Learning (ML) techniques allows rapid decision making
that can optimise existing processes, and it has also been
applied in the discovery of novel materials, synthetic pathways
and chemicals. All this is contributing to an effective digital-
isation of chemical and material synthetic processes from the
laboratory to large-scale industrial deployment.

This paper presents recent developments in the effective
digitalisation of chemical synthetic processes which integrates
continuous flow synthesis, analytics and artificial intelligence
technologies. Specifically, this paper illustrates the emerging
trend of process digitalisation through the advanced syntheses
of materials with catalytic, optical and optoelectronic applica-
tions.

ingful connections between the process parameters and the
properties of the materials synthesised. The combination of
these three aspects opens new windows of opportunity to
develop robust and reproducible fabrication processes. In this
work, we present some representative advances in the field to
illustrate the potential of this emerging paradigm.

2. Discussion

Continuous flow syntheses, also known as flow chemistry, are
efficient processing technologies which are gaining relevance
for the production and commercialisation of nanoscale and
structured materials,” including perovskites, quantum dots,
noble metal/metal oxide nanoparticles and porous materials
(e.g., MOFs). These advanced materials have a broad range of
applications including optoelectronics, catalysis, photovoltaic
devices, LEDs and energy conversion and storage,” drug
delivery, hyperthermia medical treatments, amongst others."”
However, the bottleneck in the application of nanomaterials in
industry is their scale-up to a commercial manufacturing level
whilst keeping the material quality. Many of these nano-
materials can be crystallized from solution, and their desirable
properties are highly dependent on their chemical and physical
properties (e.g., composition, size, shape, etc.) and the nano-
crystal dispersity formed during synthesis. Therefore, it is of
utmost importance to provide a controlled and reproducible
chemical (e.g., pH) and physical (e.g., temperature) environment
during synthesis resulting in well-defined nanocrystal proper-
ties.

Currently, batch synthesis of nanomaterials is most widely
used in industry. However, due to inconsistent mixing and

© 2022 The Authors. Published by Wiley-VCH GmbH
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localised concentration and temperature variations within batch
reactors, reproducibility and scalability issues arise. The use of
microfluidic reactors, in the context of flow syntheses, can
overcome these limitations due to the large surface area to
volume ratios which enhance heat and mass transfer resulting
in faster reactions and higher yields." In the context of flash
chemistry, chemical transformations take place very quickly and
are solely controlled through the mixing process. Therefore, the
enhanced mixing within microfluidic systems enables fast
consecutive reactions involving unstable intermediates to take
place®® and the resulting homogenous environment enhances
the selectivity towards the desired product, increasing the
reaction yield. Furthermore, flow chemistry allows the isolation
of unstable reactive species before they decompose by
controlling the residence time of the reaction,” either through
adjusting the reactants’ flow-rates or microreactor length.

High mixing is a key advantage in microfluidic systems,
although dominated by slow diffusion under the laminar flow
regime.”!!. The resulting parabolic velocity profile within the
microchannels results in a broad residence time which inevi-
tably develops particle size dispersity,"** as shown in Fig-
ure TA. Promoting convection and enhancing mixing within the
microchannels is one way to reduce this polydispersity, for
example, by introducing Dean vortices through corners and
bends or introducing Taylor vortices through segmented liquid-
liquid/liquid-gas flow,""***] as shown in Figure 1B.

Furthermore, the strict control over reaction parameters in
flow chemistry is a major advantage for standardisation of
reaction conditions across laboratories, thus increasing the level
of reproducibility of experiments."” In terms of safety, the
consumption of smaller amounts of hazardous reagents
associated with microfluidic systems reduces safety risks and
allows the use of extreme chemical conditions otherwise
deemed unsafe in batch reactors.” Thus, it provides extra
control over exothermic reactions particularly. Furthermore, the
continuous operation of microfluidic systems enhances param-
eter screening during optimisation studies which results in
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Figure 1. A) The fluid parabolic velocity profile due to friction near the walls.
The resulting residence time distribution gets broader over time. B) More
uniform particle growth is obtained when chaotic mixing is induced in a
segmented flow process. Each segment represents an ideal batch reactor
resulting in consistent residence time distribution over the reactor length.
Reprinted from Ref. [9], Copyright (2020) with permission from Elsevier.

lower reagent consumption making the process more environ-
mentally friendly. Finally, scale-up of production can be
achieved by increasing both the flow-rate and reactor length,
maintaining the residence time, or by numbering up the
microreactors operating simultaneously in parallel,"" avoiding
the detrimental product quality associated with batch up-
scaling. Nevertheless, the high sensitivity inherent to the
reactions involved in the synthesis of nanomaterials, including
steps of nucleation, growth, ripening, etc. represents a true
challenge for the effective scaling-up due to changes in the
heat and mass transport properties and mixing when reactor
dimensions are increased."? Numbering up of microreactor
units also poses challenges to generate and maintain stable
flow conditions, which are critical to achieve steady state flow
conditions that guarantee a uniform residence time
distribution."” In many cases the materials are produced in
relatively small amounts and with a high added value. For
instance, 145 g per day of CdTe nanocrystals were achieved
with five parallel flow reactors, which is considered a significant
production rate for high quality quantum dots. Expanding the
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parallel reactor system could be relatively easily adapted to
achieve a scale of Kg per day, enough to satisfy industry
requirements.!

During recent years, 3D printing, also known as additive
manufacturing (AM), has been used to fabricate advanced
geometrical reactor shapes at increasingly high resolutions. It
enables the manufacture of complex structures layer-by-layer
using 3D model data."” Thanks to AM, reactor geometry can be
finely tuned for the optimisation of mixing and, more interest-
ingly, the implementation of advanced mixing features such as
serpentine structures or the split/recombination of flow

A)

channels."” The optimised mixing also allows process up-
scaling by increasing reactor dimensions to the milli- or
mesoscale."” Figure 2A showcases an example of a continuous
oscillatory baffled reactor (COBR) manufactured with 3D
printing used for the synthesis of silver nanoparticles and, as
shown in figure 2B, the combination of an oscillatory flow
regime and periodic obstructions (baffles) results in high mixing
at low Reynolds numbers, which makes the reagents more
evenly distributed in the reactor. A geometry like the one
shown in Figure 2C, can create a swirling flow that resembles a
coiled tube if oscillation is applied, and the authors suggest
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Figure 2. A) 3D printing of a continuous flow oscillatory baffled reactor with advanced mixing for the synthesis of silver nanoparticles. Adapted from Ref.
[17a], Copyright (2017), RSC. B) CFD analysis of a 3D printable oscillatory baffled reactor showing improved mixing under oscillatory conditions. Adapted from
Ref. [22] under CC BY 4.0. C) Design of a helical baffle with central rod. D) CFD simulations of velocity profiles of helical oscillatory baffle reactor: top without
central rod, bottom with central rod. Reprinted from Ref. [18], Copyright (2019) with permission from Elsevier. E) Reactors fabricated using 3D printing,
featuring a Coil-in-Coil Reactors (bottom). Reprinted with permission from Ref. [23]. Copyright (2019) American Chemical Society.
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additive manufacturing for its construction."® Figure 2D illus-
trates the velocity profiles obtained by CFD simulations for the
helical baffled oscillating reactor: the inclusion of the central
rod makes the velocities more consistent across the domain.
Furthermore, 3D printing enables the design of structures with
tailored surface area for supporting different active catalysts,"”
biocatalysts®” and other advanced functionalities.?” This would
serve as an alternative to the packed bed reactors used in the
industry, trading operational difficulties due to the intrinsic
randomness of particle-based beds, like pressure drop, flow
maldistribution or non-uniformity of the available catalytic
surface, with a more reliable control over reactor parameters
that can be digitally validated before initial experiments.” In
this way, 3D printing enables the evolution from simple straight
tubular or random packed reactors to more complex systems,
including baffled reactors (Figure 2A-B), coiled tube featuring
periodic inserts (Figure 2C-E) and other advanced geometries
(Figure 2E)1'7222

In-line analytics offer great synergy with continuous flow
systems, since they are techniques that continuously record the
output of the reactors.”” The properties of nanoparticles are
highly dependent of size and shape, so constant control of the
output is key for properly controlling their synthesis."? The
chosen techniques must be rapid enough to monitor the
changes on real time and sensitive enough at small volumes,
also it is preferred that they are non-destructive.” This synergy
enables to swiftly evaluate the effect of modifying reaction
parameters or detecting reaction intermediates otherwise
undetectable using offline methods like Gas Chromatography
(GQ) or High Performance Liquid Chromatography (HPLC).
However, these techniques have a limited range of applications
for nanomaterial syntheses. Spectroscopic techniques are
commonly used along microfluidic systems for the synthesis of
advanced materials, thanks to their capabilities for fulfilling the
aforementioned requirements and the optoelectronic proper-
ties presented by many of these materials.””! Furthermore,
some studies report the formation of an amorphous phase of
unstable intermediates during nanoparticle synthesis deviating
from the traditional particle formation mechanisms.”® Under-
taking the reaction in a microfluidic system allows the steady-
state operation to “freeze” transient reaction states locally™”
since chemical species are transforming through both time and
space, therefore providing better understanding of the stages
of particle formation.

UV-VIS absorption spectroscopy is widely used in the flow
synthesis of nanoparticles of materials such as gold or
silver.'”** The radiation absorption properties of this kind of
materials allow to monitor their formation, and the implemen-
tation of Mie-based algorithms enables to estimate the size of
the synthesised particles in real time.*” In the case of materials
with photoluminescence properties, such as quantum dots,
photoluminescence spectroscopy offers great sensitivity and
real-time information of their physical properties.”” As seen on
Figure 3, there is correlation between physical properties like
particle size distribution and the width of the maximum
emission peak. Furthermore, other properties like quantum
yield or fluorescence lifetime of quantum dots can be measured
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Figure 3. Schematic of a flow system for the synthesis of lead halide
perovskite quantum dots featuring simultaneous both UV-VIS absorption
and fluorescence spectroscopies for the in situ characterisation of products.
Reprinted from Ref. [3a], Copyright (2020) with permission from Elsevier.

in real time" therefore, their synthesis can be tailored to

efficiently achieve the desired properties. However, these
techniques are not enough for providing insight in properties
like crystal structure, surface ligand population or crystal
nucleation dynamics,* hence new tools need to be developed.

X-Ray spectroscopic measurements are an essential tool in
the study of crystalline materials, however the analysis times
classically required are too long for a direct implementation in
microfluidic systems and hence setups need to be adapted.””
In this regard, there are reports of systems that enable the use
of X-Ray Absorption Spectroscopy (XAS) to monitor the
evolution of gold nanoparticles oxidation states during their
synthesis®? or the combination of Small Angle X-ray Scattering
(SAXS) and Wide Angle X-ray Scattering (WAXS) for studying
the nucleation and growth of nanoparticles.®¥ In the case of
Fe;O,NPs, their co-precipitation from solution is a very simple,
cheap, and safe method, however, the nucleation of nano-
crystals is so quick that reaction mechanisms are not well
understood.” In-situ Small Angle X-ray Scattering (SAXS) and
in situ synchrotron X-Ray Diffraction (XRD) can be integrated at
different positions of the reactor length as shown in Figure 4
for capturing reaction states. It is even possible to simulta-
neously measure SAXS/WAXS and UV-VIS to systematically
study all the factors that may influence crystal nucleation and
model nanoparticle growth for materials such as gold.*¥
Transmission electron microscopy (TEM) is another technique
whose potential for in-line monitoring has also been demon-
strated. The use of liquid flow cell TEM permitted to directly
observe how two dimensional double hydroxide nanostructures
attach, and give insight into the parameters that influence the
formation mechanism.”

Albeit they are more traditionally used for the character-
isation of organic molecules, Fourier transform infrared (FTIR)
and nuclear magnetic resonance (NMR) spectroscopies can be
implemented in setups for the synthesis of advanced materials.
For example, FTIR has been used to monitor precursor

© 2022 The Authors. Published by Wiley-VCH GmbH
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Figure 4. A) Schematic of set-up for in situ XRD studies, capturing the temporal reaction states after mixing the reactant solutions by adjusting the coiled
microreactor tube length before the flow cell (residence time between 5-160 s). B) XRD pattern during the first 160 s after mixing the reactant solutions. The
bars at the bottom show the peak positions and relative intensities of Fe;O,NPs. Reprinted from Ref. [4a] Copyright (2020), with permission from Elsevier.

consumption during the synthesis of CdS nanocrystals. The
obtained data was combined with UV-VIS to understand the
mechanism of their growth via mass balance.®’® NMR is another
technique classically used during the synthesis of organic
molecules, but recent developments have shown its integration
in the flow synthesis and functionalisation of iron oxide
nanoparticles. The magnetic properties of this material and
their correlation with particle size enable to monitor particle
size in real time during synthesis.?”!

As it has been previously discussed, flow synthesis offers
better control of reaction parameters and reproducibility of
results over batch synthesis, however there is still room for
improvement. The translation of reaction parameters (temper-
ature, pressure, flow, injection time...) into digital values that
can be controlled by software, also known as digitalisation,
makes flow synthesis of advanced materials prone to automa-
tion. The total control of reactor conditions by a computer,
minimizing the quantity of uncontrolled variables or differences
due to human intervention, further improves the reproducibility
of the results.®® With the addition of in-line analytics for real
time characterisation of the products, those reaction parameters
can be directly related to material properties and transform
syntheses into sequences of sets of parameters.*”

However, as complexity of the systems increase, and more
variables need to be controlled, the search for the ideal
conditions by changing only one variable at a time becomes
very time consuming to the human researcher. The use of
statistical techniques like “Design of experiments” (DoE) allows
to study different parameters by creating a matrix of combina-
tions of reaction conditions to evaluate their influences; so
time, resources consumption, and waste are reduced.*” Never-
theless, if the number of parameters to be evaluated grows
even further, the number of experiments required becomes too
large.*” The use of optimisation algorithms that interpret the
data to maximise/minimise the desired output of the reactions
is an alternative tool that can help enhancing the speed of
discoveries.”® This approach involves mathematical models
with closed loops where the recorded information of an

Chemistry—Methods 2022, 2, e202200031 (5 of 9)

experiment influences the experimental conditions for the
following ones.*"” The more extensively used algorithm for self-
optimisation is the Nelder-Mead Simplex Method,*” but there
are also examples of the use of others like a modified version
known as Complex,*' Mie,“*' TSEMO™* or SNOBFIT.**!

Figure 5 illustrates the general workflow for automated self-
optimising systems: Initial experimental conditions are set, the
output of the reactor is recorded and according to the received
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Figure 5. A) Schematic for the setup of self-optimising synthesis platform. B)
lllustration of how a self-optimisation algorithm works. Reprinted with
permission from Ref. [46]. Copyright (2016) American Chemical Society.
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signal new experimental conditions are chosen by the
algorithm.”® The system keeps working until a stop condition is
reached. There are different criteria for finishing the process,
some examples include a fixed number of iterations, the
difference between two consecutive experiments being within
a chosen tolerance™” or the minimisation of a dissatisfaction
coefficient compared to a target value.*” More complex models
include multivariable target optimisation functions, based on
Pareto front optimisation.”®

Machine learning (ML) is a further advanced application of
optimisation algorithms. It's an Artificial Intelligence based
technology that enables the recognition of patterns within
complex datasets.”” ML can be used during reaction planning,
like in the selection of reaction pathways that yield the desired
material geometries;*® or execution, to constantly improve the
results until target properties are achieved.”" ML techniques
offer potential advantages over cognitive rational experiment
design, by selecting non-biased experimental conditions that
can contribute to process discovery.”? There are several
available techniques, some examples include artificial neural
networks, decision trees, linear regressions or support-vector
machines.”® The application of these techniques during any
part of the chemical research workflow, or even during the
whole process, can significantly accelerate discoveries. Its
potential has been demonstrated in applications such as finding
new perovskite single-crystal crystallisation conditions,®” max-
imising the yield and antibacterial properties of ZnO
nanoparticles®™ or optimise perovskite quantum dots
bandgap.”

Machine learning algorithms require training to achieve
predictive character. Training is classified according to the kind
of data supplied to the algorithm, hence it is divided into
supervised learning (with previously labelled data), unsuper-
vised learning (with unlabelled data), semi-supervised learning
(a combination of both) and reinforced learning (each action is
linked to a score that the system tries to maximize).*® In
advanced material synthesis, the predominant use of machine
learning methods has been to fit already available data into
surrogate models that can be used for supervised learning
techniques.®” This can be used for establishing relationships
between different datasets, such as a material composition and
its properties, and therefore predict target properties such as a
perovskite bandgap® or the dimensionality of the crystalline
phases®™ depending on the perovskite chemical composition
before synthesizing them. The applications of unsupervised
learning in advanced materials development are less common,
nonetheless it can help in uncovering hidden relationships
within big datasets of unlabelled data. This has been reported
in applications such as finding the key structural parameter that
governs charge losses in halide perovskites.®™® One of the
inconveniences of supervised learning is the need to have
enough labelled data, something than can be very expensive.
Semi-supervised learning can be used to generate a model
from part of the labelled data using unsupervised learning and
then use supervised learning to label the remaining data.”””
Reinforced learning is often used at parameter self-optimisation

Chemistry—Methods 2022, 2, e202200031 (6 of 9)

processes, for instance, achieving target properties in perovskite
guantum dots.”"

The data required can come in different formats but can be
categorized in material properties from experiments/simula-
tions, chemical reaction parameters, image data and data
extracted from literature. At the same time, this information can
come in diverse formats such as text, vectors, tensors, images,
weighted graphs....*™ The source for obtaining this data can be
really diverse but some examples include libraries of previous
in-house experiments,”™ mining the available literature for
synthesis data,*” generating an initial set of experiments to be
labelled and then used for the training® or open available
databases. In the case of material science, there are many
databases. For instance the Cambridge Structural Database
contains crystallographic data of reported structures;®” the
Materials Project®™ or AFLOW®” contain physico-chemical
properties (formation enthalpies, band structures, material
porosity...). There are also databases specialised in the specific
properties like the Harvard Clean Energy Project for organic
photovoltaic materials; or contain experimental conditions and
the properties of obtained materials like HTEM.®® One factor
that would enrich experimental databases would be inclusion
of failed experiments. This could also accelerate the develop-
ment of ML techniques by increasing the availability of
information, something that would also reduce human bias and
therefore improve the versatility of the models.™ It should be
considered that, before training the machine algorithm, there is
a need to process the data so that its format matches the
requirements of the algorithm, and potential variations depend-
ing on the source of the data should be considered, so
information should be unified.

The machine learning model selected and the desired
accuracy determine the quantity of data needed for the
training. Generally, the amount of data required for machine-
learning applications is large, but in fields like material science
the quantity of high-quality points available is only in the order
of hundreds or thousands so this becomes an issue.”® There-
fore, the development of models that rely on minimal amount
of data for achieving accurate enough predictions is essential.”"”
However, it's even possible to work without any previous data
as illustrated by the Figure 6 two-step algorithmic strategy for
minimization of the number of datasets required: initially, a
Bayesian optimisation algorithm selects batches of 15 experi-
ments that are used to train a deep neural network (DNN).
Once enough data has been generated, the predictions of the
DNN are compared against the results while more 15 experi-
ment batches are run. Finally, once DNN accuracy is stablished,
it can be used for predicting the spectra of silver nanoparticles
and the matching synthesis conditions. Nevertheless, currently,
ML approaches are more suited for fast syntheses. Slow and
multistep processes remain a challenge due to the higher
number of uncontrollable parameters that cause variability
(flow fluctuations, fouling, ageing of solutions, etc.) and thus
would require higher complexity models with periodic
training.“”’

The transformation of controllable variables into digital
inputs, along automation and monitorisation of processes,

© 2022 The Authors. Published by Wiley-VCH GmbH
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Figure 6. Two-step training of a deep neural network (DNN) for the synthesis of silver nanoparticles. The trained DNN can predict optical properties of the
nanoparticles and required synthesis parameters different from the originally targeted. Reproduced from Ref. [62] under the terms of CC BY 4.0.

increases their reproducibility and the speed of discoveries, as
previously discussed. Moreover, this digitalisation of the chem-
ical workflow paves the way to further control of processes
using computers. The usual chemical reaction workflow can be
divided into different modular operations and, hence, they
could be assimilated into different digital commands. The term
chemputation embodies this mindset: to transform classically
written chemical reactions into programmable code analogous
to computer software. All the factors (e.g., needed operations,
reagents, temperature, vessels, etc.) are coded as variables that
a computer could process to send the required commands to a
robotic platform.”?

One of the challenges in the development of chemputing is
the need of process standardisation: the reaction sequence and
the reported results must follow a standard so they can be
universally shareable (analogous to the code hosting platform
GitHub).”? Moreover, the integration of different software and
hardware parts may cause interoperability issues between the
different parts so a unified approach is needed to democratize
automation, using tools such as knowledge graphs.”® The
development of a programming language for chemistry proc-
esses, like Universal Chemical Description Language (xDL), and
the creation of open source tools that allow to reproduce
experiments without conflicts of different software licences
between labs would also help in this matter. Those initiatives
are akin to others like the standardisation of flow chemistry
protocols,” the creation of open experimental databases® or
labware development tools.” Higher standardisation would
further enhance the reproducibility of results between laborato-
ries and help in the global sharing of knowledge. Furthermore,
the availability of standardized information would have a

Chemistry—Methods 2022, 2, e202200031 (7 of 9)

positive impact in the creation of surrogate models for
supervised machine learning techniques.®”

However, there is also the need to develop reconfigurable
hardware compatible with this approach. The possibility of
carrying out many different unit operations within a single
system requires complex automated platforms. Many of the
reactions described in the literature are made in batch, so the
transition to coding may be easier due to more established
workflows and its likeness to the sequential nature of program-
ming. Sequences can be done by either programming an
apparatus with different modules used for individual
operations” or cartridge based methods."® The transition to
multistep flow syntheses requires additional factors to be
considered like changes of solvent phase, parallelisation of
processes or the calculation of times required for achieving
steady state. Nevertheless, solutions are being developed like
modular interchangeable flow reactor systems”” or radial
platforms where a central station rotates to connect different
modules.”® Most of the reported development regarding these
kinds of platforms are within the field of organic synthesis,
however, there are reports of a reconfigurable multistage
platform for the synthesis of advanced materials which allows
the synthesis of different quantum dots with adjustable core/
shell compositions.” The use of chemical programming could
be used to program the desired properties of the nanomaterials
synthesised, while the synthetic platforms allow minimal
optimisation steps and less waste generation. Furthermore,
with the implementation of cloud computing technologies,
these platforms could be made accessible from all over the
world so scientists could benefit from them without the need of
sharing physical location with the laboratory.”

© 2022 The Authors. Published by Wiley-VCH GmbH
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3. Conclusions

In order to further develop technologies based on advanced
nanomaterials on a broad range of applications, ranging from
antimicrobial, catalysts to optoelectronic devices, their synthe-
ses have to be fully controllable and scalable. Continuous-flow
syntheses of nanomaterials has emerged as a key technology to
achieve this goal, thanks to fine control of the reaction
parameters, including temperature and mixing. Furthermore,
the use of continuous-flow facilitates the automation of key
variables controlling the overall process and also allows to
generate real-time data of the conversion and selectivity
observed. This also paves the way to the application of Al
algorithms, which increase the speed of optimisation of
reaction parameters, the knowledge about unexplored con-
ditions and eventually the discovery of new materials.
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