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Abstract: Implementing a digital transformation in the Process Research and Development (PR&D) phase of an
active ingredient offers significant opportunities to accelerate the journey from laboratory to manufacturing scale.
Here, we report on three distinct initiatives undertaken at Syngenta to address concrete bottlenecks at different
PR&D stages. First, Bayesian optimisation enabled efficient navigation of large reaction spaces with minimal
experimental effort. Second, laboratory automation combined with multilinear calibration reduced hands-on time
by ~85% and laid the foundation for autonomous closed-loop optimisation. Third, advances in Process Analytical
Technology (PAT), including improved Multivariate Curve Resolution algorithms and modular Python-based pipe-
lines, enabled real-time reaction monitoring in challenging industrial settings.
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1. Introduction

Within the journey that brings a new active ingredient from
discovery to market, the Process Research and Development
(PR&D) phase constitutes a critical bridge. Its primary mission is
to identify robust, safe, and cost-effective synthetic routes, ensur-
ing a seamless transition from laboratory to manufacturing scale.

The PR&D phase has been traditionally hampered by signifi-
cant operational bottlenecks. First, the labour-intensive and repeti-
tive manual execution of experiments, which limits the throughput
of an optimisation campaign. Second, the fragmentation of data
(where information from various sensors and laboratory platforms
remains siloed), which creates barriers to a holistic understanding
of the overall process.

In line with broader trends in the chemical industry, the PR&D
departments at Syngenta have undertaken significant efforts to
address these bottlenecks by integrating digital tools directly into
core development workflows. While this is a complex and on-
going journey, concrete progress is already being made across
multiple stages of the development process.

In this manuscript, we report on three distinct examples of how
digital tools are being integrated into process development work-
flows at Syngenta. We begin with Bayesian optimisation, applied
in the early stages of development to efficiently navigate large
reaction spaces. We then describe how laboratory automation re-
duces manual effort and accelerates flow chemistry optimisation
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campaigns. Finally, we present advances in Process Analytical
Technology (PAT) for real-time reaction monitoring, and their
deployment at manufacturing scale. Together, these examples il-
lustrate the breadth of opportunities that digital transformation
offers across the process development lifecycle.

2. Machine-Learning for Early-Stage Process
Development

Al and machine learning are reshaping chemical research. In
particular Bayesian optimisation (BO) is emerging as a powerful
tool for navigating vast and complex ‘black-box’ chemical
spaces.[l1'The interest in BO within the chemistry community has
grown rapidly over the past decade, with a ~40-fold increase in
publications (Fig. 1). This trend reflects both the method’s matu-
ration and its growing industrial relevance.
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Fig. 1. Growth of Bayesian Optimization literature in chemistry (2015-2026).

BO complements traditional reaction optimisation techniques
like One-Factor-at-a-Time (OFAT),2I Design of Experiments
(DoE)B! and High-Throughput Experimentation (HTE).[*
Conventional OFAT is limited by high resource consumption and
an inability to account for synergistic variable interactions. While
DoE addresses these interactions, it is primarily suited for contin-
uous variables (categorical variables introduce greater complex-
ity) and suffers from an exponential increase in experiments as the
number of factors grow. HTE can expand screening capacity, but
it remains insufficient for spaces with millions of combinations.
BO fills this gap by accounting for complex interactions in vast
chemical spaces with minimal experimental input.

A Bayesian reaction optimisation workflowl5! begins with
the user defining the chemical space (including categorical and
numerical variables), alongside the objectives and experimen-
tal budget. The optimiser then recommends initial experiments.
Through iterative learning, results are fed back to refine the sur-
rogate model and objective function. An acquisition function se-
lects subsequent trials by balancing exploration of new regions
with exploitation of known optima, repeating this cycle until the
objective is achieved or the budget is exhausted.

In 2023, within our Process Research department, we evalu-
ated the potential of BO for early-stage process development. We
aimed to benchmark BO against other optimisation techniques
(such as OFAT, HTE, and DoE) to assess their respective advan-
tages and limitations and determine the most suitable R&D stage
for each.l% In the following sections, we present two case stud-
ies: the development of a sustainable Cu-catalysed C-N coupling
and the optimisation of a nucleophilic substitution manufacturing
process.

2.1 Optimisation of a Copper-Catalysed Ullmann Coupling
The first case study evaluated the utility of BO for the C—N
coupling reaction involving sterically hindered bromo-pyrazines

1 and amines 2 (Scheme 1).I71 Although copper-catalysed versions
of this transformation are well-documented in literature,!8! an
analysis of our internal electronic laboratory notebook (ELN) re-
vealed that palladium remains the primary choice, with only 31%
of metal-catalysed C-N couplings utilising copper. This prefer-
ence for palladium stems from its inherent robustness and general-
ity, whereas copper systems often require specific optimisation for
different reactant combinations. The objective of this study was to
identify sustainable, high-yielding alternatives using Earth-
abundant copper catalysts and non-hazardous solvents.
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Scheme 1. Cu-catalysed C-N Coupling of pyrazines 1 and amines 2.

The explored chemical space included 5 copper sources, 12
ligands (each tested at 2 loadings), 8 bases (evaluated at 3 stoi-
chiometries), 6 solvents, 2 molarities, 2 temperatures, and 2 sto-
ichiometries for the amine coupling partner. The combination of
these parameters yielded a total of 138,240 possible experimental
conditions.

To navigate this chemical space, an experimental budget of 80
reactions was arbitrarily set, divided into ten rounds of eight par-
allel experiments. Three optimisation campaigns using Bayesian
optimisers with different acquisition functions were conducted:
EDBO-TS, EDBO-ELPI and AUTOMUS.! These platforms
differ primarily in their search strategy:['2l EDBO-EI utilizes
Expected Improvement to favour experiments with the highest
potential for yield improvement; EDBO-TS employs Thompson
Sampling to balance exploration and exploitation by gradually
favouring exploitation as sampling evolves; AUTOMUS uses
Upper-Confidence Bound to negotiate this balance by considering
how often specific clusters of the reaction space have been visited.
To ensure a fair comparison, the first round of experiments was
randomly generated and served as an identical starting point for
all three optimisation campaigns.

Starting from an initial yield of 21% identified in the shared
random round, each optimiser substantially improved the results
within the defined budget, though they reached different optima.
For the investigated case study, the EDBO-EI platform identified
optimised conditions yielding 87% of the target product after nine
rounds. The AUTOMUS optimiser reached a 78% yield in just six
iterations, while EDBO-TS achieved a maximum yield of 64%.

In all cases, by exploring less than 0.05% of the total reac-
tion space, the BO framework successfully identified various
high-yielding and sustainable copper-catalysed conditions that
would have likely been missed via other optimisation methods.
Notably, some discovered conditions were unreported in literature
for Ullman couplings, highlighting the BO ability to find novel,
unbiased solutions that escape human intuition. Furthermore, the
identification of diverse optimal conditions on the model substrate
allowed for a significantly higher success rate when the method-
ology was applied to a broader library of substrates.

2.2 Discovery of New Conditions for an Existing
Nucleophilic Substitution Manufacturing Process

The second case study focused on a phase-transfer (PT) pro-
moted nucleophilic substitution reaction (Scheme 2). This in-
vestigation was prompted by the need to identify new reaction
conditions for the manufacturing process of an active ingredi-
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ent, primarily due to regulatory constraints regarding solvent
usage.
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Scheme 2. PT-catalysed nucleophilic substitution of 4 into 5.

Unlike the first case study, the primary objective of this
work was to determine if a significantly larger chemical space
(2,764,800 possible combinations) could be effectively explored
using the same experimental budget of 80 reactions, conduct-
ed in eight rounds of ten parallel experiments. In fact, a current
open question in BO is the determination of the optimal experi-
mental budget for a given chemical space to maximize efficien-
cy and effectiveness. To ensure representative sampling of the
chemical landscape, 15 phase-transfer catalysts were selected
based on clustering of their ‘C_count” and ‘g-value’ descriptors
(C_count = total number of carbons on the 4 chains;
g-value = sum of reciprocals of the number of carbons on the 4
chains).['] Optimised parameters included the stoichiometry of
the starting material, PT catalyst, base, and additive, as well as the
identity of catalysts, bases, additives, and solvents. Molarity and
temperature were also included. As in the previous case study, all
categorical variables were handled via one-hot-encoding (OHE),
which allows their representation as unique binary vectors of ze-
ros (0) and ones (1).'2'While OHE does not incorporate inherent
chemical information, it demonstrates only a marginal decrease in
performance compared to DFT-based encoding, while eliminating
the need for prior computational efforts.[!

Using the EDBO optimizer with Thompson Sampling, the
campaign identified several high-yielding reaction conditions.
These discovered conditions were diverse in terms of the cata-
lysts, bases, additives, and solvents utilised, allowing the team
to select the most appropriate options based on cost and scala-
bility. The chosen conditions were further evaluated using DoE
to assess robustness and model the reaction space near the opti-
mum. Following a successful scale-up, this approach delivered
a viable, sustainable alternative to the original manufacturing
process.

2.3 Considerations on Bayesian Optimisation

While the advantages of BO seem compelling, a balanced sci-
entific evaluation must consider its strengths and inherent limita-
tions in comparison to other optimisation techniques. A primary
benefit of BO is its extraordinary efficiency in navigating vast,
multi-dimensional reaction spaces that would be practically im-
possible to explore using conventional methods. Unlike tradition-
al DoE, which is primarily suited for the fine-tuning of continuous
variables, BO simultaneously investigates categorical and numer-
ical factors. Because the user can define how many experiments
to run in parallel, BO does not require any specialised laboratory
equipment (which instead significantly helps streamlining HTE
workflows). BO can also optimise multiple (sometimes compet-
ing) objectives concurrently, allowing the inclusion of the cost and
sustainability metrics alongside chemical yield from the start of
the development process.

Despite these benefits, BO ‘black-box’ nature remains a chal-
lenge. At the conclusion of an optimisation campaign, the scientist
often does not completely understand why specific conditions are
optimal or how different variables interact (unlike DoE, which

provides a clearer mathematical model and ‘process envelope’ of
reaction trends). Furthermore, the technique still faces significant
open questions, such as the optimal experimental budget for a
specific reaction space size and identifying whether a better ac-
quisition function exists for a given case study.

Consequently, BO should not be viewed as a replacement for
other optimisation tools but rather as a powerful precursor in a
modern research workflow. In this hybrid approach, BO is uti-
lised in the early stages to rapidly narrow down a massive reaction
space to a few high-performing regions. Once these regions are
identified, the chosen conditions can be further studied with a
DoE aimed at assessing robustness as well as defining a model
of the reaction space near the optimum. This integrated approach
identifies optimal conditions with significantly fewer experiments
than OFAT, HTE, or DoE alone for spaces of comparable mag-
nitude.

The efficiency gains offered by BO can be further amplified
when combined with laboratory automation, which removes the
experimental throughput bottleneck that otherwise limits the
number of iterative cycles achievable within a given timeframe.

3. Lab Automation as an Enabler for Accelerated
Process Development

In process chemistry, automation addresses a well-known
bottleneck: the time-intensive, repetitive execution of exper-
iments that limits the throughput of optimisation campaigns.
Considerable work has been done in this area over the past years,
especially on flow chemistry, and several reports of self-opti-
mising platforms have been published.!'3! Flow chemistry, when
constrained to the liquid phase, constitutes a natural entry point
to automation; handling solids introduces substantial addition-
al challenges related to clogging and representative sampling.
Within the Enabling Processing Technologies team, we have pur-
sued continuous efforts since 2023 to make automation a stand-
ard practice for flow chemistry experiments, running DoE-based
optimisation campaigns as a standard way of working and, more
recently, incorporating BO.

Our standard instrumental setup comprises modules for op-
erations (actuators) and data recording (sensors): pumps, ther-
mostats, pressure controllers, samplers, and similar units. A dis-
tributed control system (DCS) orchestrates these unit operations
through a graphical user interface (GUI), handling multiple com-
munication protocols (4-20 mA, RS-232, TCP/IP, OPC-UA, etc.)
to integrate diverse equipment.

The standard workflow (Fig. 2) for an automated flow chem-
istry experiment starts by defining input parameters that describe
the steady state to be reached. These parameters are then translat-
ed from human-interpretable values (residence time, equivalents,
etc.) to setpoints (flow rates, signals, efc.). Those are sent to the
equipment (pumps, thermostats, pressure regulators, etc.) com-
posing the installation and the experiment is started.

Once the experiment has been executed, upon sampling it
can be analysed either via offline or online analysis. The re-

Process

Adjusts to
parameters

PAT, sensors

Steady state
detection

Input Parameters
Flow, T °C, P...

Quench & dilution

DoE: H

go to next
parameter set

Analysis
Offline / Online

Result

Data analysis &
model update

Fig. 2. Standard workflow for automated flow experiments (DoE or
closed loop).
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sult triggers the execution of the next experiment. In a classical
DoE optimisation campaign, the next experiment in the list is
executed. However, the introduction of online analytical meas-
urements opens the door for autonomous / closed loop experi-
mentation.

An analysis of Syngenta internal data showed that for a stand-
ard 30-experiment optimisation campaign, automation reduces
hands-on time by approximately 85% (Fig. 3). The residual time
required consisted of the preparation of feed solutions and defini-
tion of process space boundaries and constraints for the optimisa-
tion.

700

600
-85% Time saved

Automated

500

400

300

200

Time required [min]

100

Manual

Fig. 3. Time requirement comparison between manual and automated
experimentation for n=30 experiments (estimation based on Syngenta
internal data).

In the sections below, we will showcase two examples of how
automation in flow chemistry serves as an enabler for accelerated
process development.

3.1 Automated DoE in Flow

In 2023, we started by implementing in our laboratories an
automated flow chemistry experimentation workflow. In these in-
itial steps, we decided to leave analytical data analysis outside of
the workflow. Our standard setup consisted of pumps, pressure
sensors, temperature sensors, and a sampler equipped with a valve
to either collect or discard the reaction mixture (Fig. 4). A sample
was collected upon reaching steady state, assumed to occur after
stabilisation of all process setpoints followed by three residence
times to the collection valve — a widely accepted criterion for
flow systems.[14] At the outlet of the reactor, a pump performed
quench, dilution, and internal standard (ISTD) addition of the
collected sample to ensure representative and precise analytical
results.

This automated set up was tested in several DoE optimisation
campaigns. The experimentalist pre-filled an Excel template with
the series of experiments to be performed, as well as a representa-
tion of the setup. This Excel file is read by a proprietary Python
script that translates each experiment from human-readable inputs
into machine-based setpoints (Fig. 5). An additional software lay-
er enables fully automated execution via programmatic interac-
tion with the DCS. An internally developed Python module drives
the complete DoE workflow: a list of input vectors describing the
planned experiments is prepared; the module sends each coordi-
nate to the corresponding equipment in the appropriate format;
after reaching steady state, a sample is drawn, the setup is purged,
and parameters are adjusted for the next condition. This iterative
process continues until the full experimental program is complete.
Analysis is then performed offline using the appropriate analyti-
cal method (HPLC, GC, NMR).

Fig. 4. First-generation standard setup comprising pumps (highlighted
in orange), pressure and temperature sensors (highlighted in blue), pres-
sure regulators, and a sampler (highlighted in red). Equipment is con-
trolled by a DCS (Hitec Zang GmbH), itself driven by a Python script.

Command

Feedback = Feedback

I" B .
- Command i

- = ﬁ -

n:: ij

Python (32 bits) DCS . e
o Equipment o Software (32 bits)
o Experiments o Hardware

Protocol
o Equipment
o Experiments (DoE)

Fig. 5. The different layers involved in the first-generation automation
workflow: from human (table) to Python to DCS to equipment.

This workflow was tested to optimise the biphasic oxidation
of an allylic alcohol 7 to the corresponding ketone 8 in flow
(Scheme 3).

OH  __TEMPO (1 mol%) _O
NaBr (Xeq.)
Z NaOCI (Y eq.) Z N
7 Toluene (Zeq.) 8 (e)
TrC] TEMPO

Scheme 3. Biphasic allylic alcohol 7 oxidation to ketone 8 optimised in
flow with 4 parameters: temperature and equivalencies (NaBr, NaOCl,
and toluene).

The effects of the four parameters were evaluated through a
full-factorial DoE with two or three levels, depending on the pa-
rameter (Table 1).

This resulted in 26 experiments performed autonomously up
to sample collection. The samples were analysed by '"H NMR, and

Table 1. Parameter space probed during the DoE for the transformation
of alcohol 7 into ketone 8.

Parameter Unit Min Max Levels
NaBr equiv 0.1 0.3 2
NaOCl equiv 1 12 2
Toluene equiv 0 2 2
Temperature °C 30 60 3
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a model describing with high confidence the response of the sys-
tem over the explored domain was obtained (Fig. 6). While this
example demonstrated the usefulness of our automated workflow,
the main remaining bottleneck was the manual and time-intensive
offline '"H NMR analysis.

07- R?2=1098 /
06~ RMSE = 0.0329 / ‘
ie] ‘
© 05 :
>
w© 04 /
E .
£ o3 4
02
012 ‘ .
01 02 03 04 05 06 07 NaBr "“pa—%
Predicted Yield

Fig. 6. (Left) Actual vs. Predicted response for yield of ketone 8. (Right)
Response surface of yield vs. temperature and NaBr equivalency.

In a subsequent iteration of this workflow, the oxidation of a
sulfide 9 to its respective sulfoxide 10 was optimised (Scheme 4).

s H,0, (Xeq.) ﬂ 0
/©/ ~ AcOH (Yeq.) S ‘s’
L
TrC]
cl
9 tzs) C 10 cl 1

Scheme 4. Oxidation of sulfide 9 to sulfoxide 10. Sulfone 11 is the over-
oxidation by-product to be minimised. The ISTD used was benzonitrile.

Aiming at removing the analytical bottleneck of the previous
example, the associated DoE was executed with a different ex-
perimental setup (Fig. 7), including a sampling valve linked to an
UHPLC system to perform analytics. After addition of a quench
medium and an ISTD, the reaction mixture flowed through the
sampling valve. Upon reaching steady state, the valve is switched
to injection and a trigger signal is sent to the UHPLC system to
start an analysis, before the system switches to the next set of
conditions.

Also in this case, a full-factorial DoE aiming at optimising
H,0, equivalents, AcOH equivalents, temperature, and residence
time was performed in 26 experiments. The trials were ran-
domised, except for temperature, to avoid heating/cooling cycles.
The full experimental program (Fig. 8), including liquid chroma-
tography (LC) analysis, was completed in less than 3 hours in an

Sulfide

AcOH g}}l
H0; -OH
ISTD

Fig. 7. Setup used for the optimisation of the oxidation of sulfide 9 to its
corresponding sulfoxide 10.

unattended fashion. A 94% yield of sulfoxide 10 could be ob-
tained with the following reaction conditions: 1.2 equivalents of
H,0,, 5 equivalents of AcOH at 80 °C, with 20 seconds of resi-
dence time.
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Fig. 8. Colormap of DoE conditions (inputs) tested for optimising the
oxidation of sulfide 9 to sulfoxide 10, and the corresponding results
(outputs).

This automated workflow can be extended beyond DoE to
a fully closed-loop optimisation, where experimental outcomes
directly inform the selection of subsequent conditions without
human intervention. This requires sufficiently reliable analytical
data to ensure an optimiser can select the next experimental con-
ditions correctly.

3.2 Moving to Closed-Loop Optimisation: Reaching the
Desired Data Quality

The analytical data collected during process development
plays a central role: it allows the building of an understanding
of the system and supports robust scale up of a process from the
laboratory to manufacturing. However, a model is only as good
as the data it is built from. Automating the analysis of reaction
mixtures is challenging, as unexpected perturbations can arise
during sample preparation (i.e. inhomogeneity due to solids or im-
miscible liquids) or during analysis itself (i.e. overlapping peaks,
detector response outside the calibrated range). Among the analyt-
ical methods used in process development, LC is one of the most
widely adopted as it is very precise, provided it operates within
its validated range.

Several reports of self-optimising flow platforms using auto-
mated LC analysis have been published.!!30.15.16] While these are
impressive demonstrations, the analytical data-processing steps
were tailored to the specific reactions being studied. In an indus-
trial setting, a highly automated workflow that still requires ex-
tensive pre-work on analytical data acquisition and careful man-
ual validation of generated data is less desirable. Some of these
challenges have been addressed with the release of the MOCCA
(Multivariate Online Contextual Chromatographic Analysis)
Python library,!”! which provides automated baseline correction,
peak deconvolution, and compound tracking for liquid chroma-
tography-photodiode array detector (LC-DAD) data. However,
one limitation still remained: the absence of flexibility with re-
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spect to sample concentration to ensure that the detector response
falls within its linear range.

In agrochemical process development, productivity is a key
performance metric that imposes constraints on concentration. In
a typical flow chemistry optimisation campaign, the concentra-
tion of the analyte of interest may range from 1 to 250 mg/mL,
spanning more than two orders of magnitude. Standard LC-DAD
analysis at a single wavelength often fails to provide accurate
quantification across this entire range: at high concentrations the
detector saturates, while at low concentrations the signal falls be-
low reliable detection limits. Without addressing this, closed-loop
optimisation is restricted to qualitative guidance, and quantitative
modelling — whether kinetic, DoE, or multi-objective BO — be-
comes unreliable. To address this without requiring further sam-
ple processing, we implemented a multilinear calibration protocol
that utilises the full DAD dataset instead of a single wavelength.
When using an ISTD, this results in a calibration matrix that en-
ables quantification of compounds at any wavelength where they
exhibit absorption. This approach can expand the exploitable
concentration range by two orders of magnitude: at high concen-
trations, wavelengths with low extinHction coefficients remain
within the linear range, while at low concentrations, wavelengths
with high extinction coefficients are exploited (Fig. 9).

Chromatogram: mix_16 @ 234.0 nm

Fig. 9. (@) DAD signal matrix from a UHPLC sample. (b) Chromatogram
extracted at 234 nm. (c) UV-Vis spectra of compounds associated with
peaks at 1.71, 2.86, and 3.87 min retention time. The spectra fall within
the linear range of the detector when the line is green. The substance at
1.71 min cannot be quantified reliably at 234 nm.

The first step of the workflow consists of generating the cali-
bration matrix. The calibration matrix can be obtained by meas-
uring only three samples, which contain a substance X and the
internal standard ISTD at known concentrations (Fig. 10a). This
matrix contains the relative response factors (RRF) for a sub-
stance X versus the ISTD at every possible pair of wavelengths
(M,» Mgy, across the recorded spectrum. The matrix is then used
to analyse reaction mixtures with an unknown concentration of
the analyte X after addition of the internal standard. To achieve
this goal, we developed a Python script which uses the previously
generated calibration matrix to output a results matrix. The re-
sults matrix provides a quantification estimate for substance X
for each valid wavelength pair (Fig. 10b). Rather than relying on
a single data point, the system generates a concentration estimate
for every valid wavelength pair identified in the matrix. Finally,
these multiple estimates undergo statistical averaging, allowing
significant improvement of the precision and robustness of the fi-
nal concentration value by mitigating the impact of baseline noise
or spectral perturbations.

This automated framework enables reliable, unattended quan-
tification over a concentration range spanning more than two
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=2 3
LC Analysis — DAD analysis
B -

Results Matrix

Aistp

(@)

Calibration Matrix

Ready \/ A
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Black: Not Calibrated
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Fig. 10. (a) Multilinear calibration workflow leading to the generation of
calibration matrices vs. ISTD. (b) Multilinear analysis workflow relying on
the multilinear calibration matrices.

orders of magnitude, providing the high-quality analytical data
which is necessary for a fully autonomous, closed-loop reaction
optimisation. This approach is currently being deployed internally
to help make autonomous process optimisation part of our stand-
ard flow chemistry working practices.

Access to higher-quality analytical data enables improved
modelling regardless of the framework — kinetic models,
DoE, or BO alike. It also lays the foundation for advanced
real-time process monitoring, as described in the following
section.[18]

4. Process Analytical Technology (PAT): Transforming
Complex Spectral Data into Real-Time Process
Control Models

Process Analytical Technology (PAT) is a framework for de-
signing, analysing, and controlling chemical processes through
the real-time measurement of critical quality and performance
attributes. It relies on a variety of analytical techniques (i.e. in-
frared spectroscopy (IR)), allowing for continuous process un-
derstanding and adaptive control. PAT has greatly improved over
the past decades through advances in flexibility and robustness
of instrumentation, as well as the development and availability of
analysis algorithms and tools.l%-201 However, especially in a pro-
cess development environment, two main challenges still persist.

First, traditional PAT applications suffer from critical data
fragmentation: in situ sensors generate real-time data in pro-
prietary software, offline analytical measurements reside in
laboratory information management systems (LIMS), and pro-
cess parameters (i.e. temperature, pressure, flow rates, agitation)
are usually captured in a separate data acquisition platform. This
compartmentalisation hinders holistic process understanding, as
each data modality remains isolated, and it is often manually pro-
cessed by different teams using incompatible tools. As a result,
potentially valuable analyses are often not pursued, since the ef-
fort required to merge, clean, and analyse these datasets becomes
prohibitive.

To address this challenge, Syngenta’s digital transformation
efforts focus on connecting these previously siloed data streams,
through the development of proprietary analytical data manage-
ment systems, laboratory-based process orchestration systems,
and tailored electronic lab notebooks. This integrated data found-
ation will enable multiple applications, including PAT, by reduc-
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ing the effort required to harmonise data and accelerating end-to-
end analysis and process understanding.

Second, the timeline required to develop a PAT method of-
ten exceeds the length of a process optimisation campaign. This
challenge and the associated solutions will be summarised in the
next sections.

4.1 Streamlining PAT Method Development

Robust qualitative and quantitative PAT method development
can be a lengthy process and the availability of sufficiently trained
personal to analyse data manually can become a bottleneck espe-
cially during early process development when conditions change
fast. Within the PAT team at Syngenta, we focus on improvements
to address this method development challenge.

Traditionally, the creation of calibration models linking in-pro-
cess measurements to final product quality attributes relies on
Partial Least Squares (PLS) regression. This method can predict a
property of interest starting from many related measurements by
combining them into a few weighted factors. To achieve accept-
able predictive accuracy, a PLS regression requires many calibra-
tion samples (typically 30-100 samples spanning the expected
range of product variation), as well as iterative model refinement.
Consequently, the timeline for the development of a single PLS
model often extends weeks to months, involving designed experi-
ments to generate calibration samples, off-line reference analyses,
spectral acquisition, and iterative model optimisation. This makes
PLS regression poorly suited for chemical process development,
where reaction conditions can change fast; also the transferability
of the generated model from laboratory to plant scale might be
limited.

An alternative is traditional peak integration, which however
becomes unreliable when structurally similar compounds produce
overlapping signals. While Indirect Hard Modelling (IHM) tech-
niques can handle peak overlap, they require substantial expertise
and time investment for model development.

Multivariate Curve Resolution (MCR) offers substantial
time-efficiency and robustness advantages over these approaches
in the case of spectroscopic reaction monitoring. MCR techniques
have been known for a long time,[2!-22] as they offer an automated
way to deconvolute pure component spectra and concentration
profiles from the spectrum of an unknown mixture of chemicals.
The MCR problem can be formulated as Nonnegative Matrix
Factorization (NMF): X = WH, where X is the matrix of the mix-
ture spectra, W represents the pure spectra and H contains con-
centrations. Despite the power of the method, MCR has not been
widely adopted in the PAT community. Two main factors likely
contribute to this: the limited availability of versatile, cost-effec-
tive software, and a lack of confidence in the obtained results due
to the inherent ambiguity of the mathematical problem (i.e. many
combinations of pure spectra and concentrations could fit the ex-
perimental data equally well). Furthermore, the effectiveness of
NMF-based MCR analysis depends heavily on both algorithmic
choice and experimental design.

In a recently submitted paper(?3] we provided a comprehen-
sive comparison of three NMF algorithms, including the clas-
sical and wide-spread Alternating Least Squares (ALS), the
Fast Projected Gradient Method (FPGM) and NMF minimum
volume regularisation (MinVol), across different datasets. Our
study found that the latter two consistently outperform the clas-
sical ALS algorithm, especially in datasets having poor signal to
noise ratios (i.e. detection of reaction intermediates with minimal
accumulation). To facilitate the broader adoption of the MCR
methodology within the PAT community, we first derived practi-
cal guidance on how to use offline concentration measurements
as constraints, in order to maximise the model accuracy, robust-
ness and interpretability. In addition, we implemented the three
algorithms in a new open-source Python package, McrNmf,[24]

enabling their straightforward integration into automated data
processing workflows.

4.2 Bridging Laboratory PAT Methods and Industrial-
Scale Monitoring

The real power of the NMF algorithm described above emerg-
es once it is embedded into larger, automated data pipelines, in
which raw spectral data is automatically collected, pre-processed,
analysed and finally converted into a process monitoring signal
without requiring manual intervention at each step. Building such
workflows in Python, rather than relying on commercial software,
gives us the flexibility to rapidly chain together modular algo-
rithms and tailor them to the specific needs of a project. This is
illustrated in the following example.

The synthesis of a fungicide active ingredient includes the bro-
mination of compound 12 with bromine to yield the mono-bromi-
nated target compound 13 (Scheme 5). Undesired dibrominated
compounds can form in the case of poor stoichiometric control,
leading to out-of-specification batches.

Br2
_— Br , HBr

[e] [e] (o]

12 13 :

Scheme 5. Bromination of 12 leading to the mono-brominated com-
pound 13 with dibrominated species as by-products.

o

While critical, reliably detecting the reaction endpoint in real
time had for a long time been challenging. Standard inline meas-
urement methods were either insufficiently selective or incompat-
ible with the process equipment. A non-contact Raman probe
(993 nm) was the only viable option, but this produced data with
a poor signal-to-noise ratio (Fig. 11). The nature of the transfor-
mation and the inability to build a meaningful calibration design
space ruled out classical calibration approaches such as PLS. A
simpler multivariate method (Principal Component Analysis,
PCA) in combination with spectral pre-treatment was also at-
tempted but lacked the sensitivity needed to reliably detect the
quality specification limit.

Tntensity

Wavenumber (cm*)

Fig. 11. Raman spectral raw data over the course of the reaction.

We therefore developed a custom Python pipeline to address
this challenge (Fig. 12). First, the raw spectral data was pre-pro-
cessed for correcting the noisy baseline. Classical baseline cor-
rection algorithms (i.e. Asymmetrically Reweighted Penalized
Least Squares, ARPLS, which is known to work well with Raman
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Fig. 12. Training and monitoring data pipeline for end of reaction moni-
toring.

data)[?>lalso cut off low intensity signals. In contrast, a recently pub-
lished neural network-based algorithm (triCNN)[201 worked well,
preserving weak but chemically meaningful signals. Second, the
MinVol NMF algorithm described in the previous section was ap-
plied to extract the dominant spectral features from the noisy mixture
data. This revealed a component whose signal appears specifically at
the end of the reaction and serves as a natural monitoring indicator,
even though its complete chemical identity remains unknown.

When a reaction is proceeding normally, the extracted signal
follows a predictable linear trend throughout the bromine dosage.
Deviations from this expected behaviour (quantified as a z-score)
will serve as a real-time monitoring indicator, cutting off the dos-
age when the specification limits are reached.

This pipeline successfully transformed a complex, noisy dataset
into a simple yet sensitive real-time monitoring model which could
not have been achieved at present times with standard commercial
software. We recognise that maintaining custom code comes with
its own challenges, and we therefore view Python-based workflows
not as a replacement for commercial tools, but as a flexible exten-
sion of the analytical toolbox, best suited for rapid prototyping and
for enabling advanced analyses where standard solutions fall short.
Large language models (LLMs) can help the user to more easily
build their own data pipelines through vibe-coding. However, we
do not recommend this approach for applications where high con-
fidence and reproducibility are needed. Instead, building subject
specific custom Al agents could be a good way forward.

5. Conclusions

This perspective illustrates how targeted digital tools address
concrete bottlenecks across process development stages, from
early-stage reaction optimisation to real-time monitoring at man-
ufacturing scale. Bayesian optimisation efficiently navigates large
reaction spaces with minimal experimental effort. Laboratory au-
tomation, combined with multilinear calibration, reduces hands-
on time by approximately 85% and lays the foundation for auton-
omous closed-loop optimisation. Advances in NMF algorithms
and modular Python pipelines lower the barrier to real-time PAT
monitoring, even in challenging industrial settings. Together,
these tools form a connected pipeline: BO identifies promising
conditions, automation enables the generation of large volumes
of high-quality data — both to feed iterative optimisation and to
build robust models — and PAT translates that data into real-time
monitoring at scale. This continuity — from discovery to manufac-
turing — is the core of our ongoing digital transformation.
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