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Highly reactive diazo intermediates are valuable building blocks in organic synthesis but present significant

challenges due to their instability and associated safety risks. Continuous-flow chemistry offers a strategy

for handling these compounds under controlled conditions, however, identifying optimal reaction

parameters across multiple interacting variables remains experimentally demanding. Here we report an

autonomous continuous-flow platform for the safe and accelerated synthesis of diazo intermediates.

The system integrates a microfluidic reactor with automation, inline FT-IR monitoring, and Bayesian

closed-loop optimization to iteratively refine key reaction parameters including temperature, residence

time, pressure, and acid concentration. Real-time monitoring of temperature and pressure prevents

excursions beyond predefined and potentially unsafe operating limits. The platform was validated using

three representative systems: diazoacetonitrile (DAN), trifluoromethyl diazomethane (TFDM), and ethyl

diazoacetate (EDA). For DAN, autonomous optimization reduced the optimal residence time from 62 to 21

s while improving the objective metric by 27.3%. In the TFDM system, variation of acid concentration

revealed a narrow optimal window, highlighting the competing roles of acid-promoted diazotization and

diazo decomposition. Multi-objective optimization of EDA demonstrated the trade-off between reaction

yield and process throughput through identification of Pareto-optimal operating conditions. Optimal

conditions for all systems were identified within a few hours, significantly reducing experimental effort

compared to conventional manual screening. The modular architecture provides a general strategy for

feedback-driven continuous-flow synthesis of unstable or safety-critical intermediates.

1. Introduction

Diazo compounds are highly versatile intermediates in
modern organic synthesis, enabling transformations such as
cyclopropanation, C–H functionalization, homologation and
metal-catalyzed carbene transfer with high atom-economy.1–5

However, the same structural feature that confers reactivity
also renders many diazo reagents thermally unstable and
prone to rapid, exothermic decomposition.6 In conventional
batch processes, the production of diazo compounds often
requires cryogenic temperatures and immediate quenching to
mitigate uncontrolled decomposition, making scale-up
hazardous and operationally demanding.7

Continuous-flow technology has emerged as a safer and
more scalable alternative for generating hazardous
intermediates in situ.8,9 In flow systems, reactive species can be
generated and immediately consumed in downstream
transformations, minimizing their accumulation and reducing
the risk associated with thermal runaway or uncontrolled

decomposition. The small reactor volumes and enhanced heat
transfer characteristic of microreactors enable precise control
of temperature and residence time, which is particularly
advantageous for thermally labile diazo compounds.10

In recent years, a variety of synthetic strategies have been
developed for the preparation of diazo compounds in flow,
including diazotization of primary amines, base-induced
decomposition of nitroso derivatives, oxidation of
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Fig. 1 Representative examples of generation routes and downstream
transformations of diazo compounds, illustrating their role as versatile
reactive intermediates.
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hydrazones, and diazo transfer reactions such as the
Bamford–Stevens and Regitz protocols.11 Among these,
diazotization using nitrosating agents (e.g., sodium nitrite
under acidic conditions) remains one of the most direct and
widely used strategies for accessing diazo compounds from
primary amines.12–14 Representative generation pathways and
downstream transformations of diazo compounds are
summarized in Fig. 1. Several diazotization examples have
shown the benefits of the “generation-consumption” flow
strategy, for example for the synthesis of methyl esters from
carboxylic acids by diazotization of methylamine,15 or the
aldol functionalization of trifluoromethyl diazomethane.16

Although flow technology has mitigated many of the
inherent safety risks associated with diazo chemistry, the
rapid identification of optimal operating windows for
unstable intermediates remains experimentally demanding
and often inefficient. Practical limitations include the need
for inline phase separation, thermal and acid-induced
decomposition of the products, and, in some cases, the
inability to isolate the diazo compounds for direct offline
quantification.17,18 These constraints complicate systematic
optimization and motivate the development of automated
data-driven strategies with integrated inline monitoring.

In recent years, the integration of automation with inline
process analytical technology (PAT) has enabled real-time
reaction monitoring and dynamic control of flow
processes.19,20 Automated feedback loops can adjust
parameters such as pump flow rates, reactor temperature,
and system pressure in response to live analytical data,
thereby improving reproducibility, safety, and throughput. In
parallel, statistical approaches such as design of experiments
(DoE) have been adopted to automate and analyze predefined
experimental matrices using either inline or offline
measurements.21,22

While these tools enable structured and reproducible
exploration, they rely on fixed experimental designs and
therefore lack the ability to adaptively refine the search space
based on intermediate results. To address this limitation,
self-optimizing flow platforms have emerged as an option to
accelerate the screening process.23,24 These platforms
combine automation and PAT with closed-loop learning
algorithms, such as Bayesian optimization or reinforcement
learning.23,25,26 In these frameworks, surrogate models are
iteratively updated using experimental data, and acquisition
functions are employed to guide the selection of new
experimental conditions, enabling autonomous and efficient
exploration of high-dimensional parameter spaces.23,27 By
iteratively proposing and experimentally testing new
conditions, such systems can rapidly converge on optimal
results without manual intervention.

Self-optimizing workflows have been successfully applied
across diverse reaction modalities, including thermal
catalysis, photochemical transformations, and
electrochemical processes, demonstrating their broad
potential for efficient reaction development.26,28–32 However,
despite these advances, the application of autonomous

platforms to highly energetic and safety-critical diazo
compounds remains largely unexplored.

Herein, we report a fully automated, self-optimizing
continuous-flow platform for the hazard-aware synthesis of
diazo intermediates, demonstrated using diazoacetonitrile
(DAN), trifluoromethyl diazomethane (TFDM) and ethyl diazo
acetate (EDA) as representative case studies. The platform
integrates a microfluidic reactor system with inline FT-IR
monitoring and a Bayesian closed-loop optimization
algorithm, enabling autonomous refinement of key reaction
variables under continuous-flow conditions.

The platform was evaluated under both single- and
multi-objective optimization frameworks, while real-time
monitoring of temperature and pressure provided an
additional layer of safety by preventing excursions into
hazardous operating regimes. Overall, this work presents a
generalizable strategy for autonomous flow synthesis of
energetic diazo reagents.

2. Experimental
2.1. Flow-platform setup

All experiments were performed on a custom-built
autonomous continuous-flow platform (Fig. 2). The system
integrates four syringe pumps (three HiTec Zang SyrDos units
and one Sykam S1610) to deliver aqueous and organic
reagent streams into a microreactor (Little Things Factory, ST
Design). The reaction mixture temperature was controlled
using a thermostatic bath (Huber Ministat 125), while system
pressure was regulated via an automated back-pressure
regulator (Equilibar ZF1) with external pressure control.

Downstream of the reactor, a membrane-based
liquid–liquid separator (Zaiput SEP-10) was used to
separate the aqueous and organic phases. The organic
phase was subsequently directed through an inline FT-IR
flow cell connected to a MATRIX-MF spectrometer (Bruker)
for real-time analysis. For maintenance of the optical probe,
two custom-built automated three-port valves enabled
periodic cleaning with isopropanol, driven by a peristaltic
pump (Vapourtec SF-10). The entire platform was operated
using a custom-developed Python software, which
coordinated hardware control, data acquisition, and
closed-loop optimization based on real-time sensor and
analytical feedback.

2.2. Reagents and solutions

All chemicals were obtained from commercial suppliers and
used as received without further purification.
Aminoacetonitrile hydrochloride (AAN·HCl, ≥98%, Thermo
Scientific), sodium nitrite (p.a., Sigma-Aldrich),
dichloromethane (p.a., Sigma-Aldrich), glycine ethyl ester
hydrochloride (≥98%, Sigma-Aldrich), toluene (p.a.,
Sigma-Aldrich), ethyl diazoacetate (15 wt% solution in toluene,
Sigma-Aldrich), and 2,2,2-trifluoroethylamine hydrochloride
(≥98%, Thermo Scientific) were used in this study.
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2.3. Analytical methods

FT-IR spectra were recorded using a Bruker MATRIX-MF
spectrometer equipped with an optical-fiber ATR diamond
probe mounted in a flow cell located immediately downstream
of the membrane separator. For each measurement, 32 scans
were collected over the 3200–850 cm−1 range with a spectral
resolution of 4 cm−1. At each experimental condition, a
minimum of five independent measurements were acquired to
ensure reproducibility. The relative standard deviation (RSD)
was calculated automatically with a threshold of 3%. If this
criterion was not met, additional measurements were collected
until the threshold was satisfied.

Because DAN cannot be safely isolated, the FT-IR
integrated signal was used as a proxy for product formation.
For ethyl diazoacetate, a calibration curve was established
using a commercially available 15 wt% solution in toluene
(Sigma-Aldrich). A series of dilutions in toluene were
prepared to obtain standard solutions with concentrations
ranging from 0.22 M to 1.18 M. FT-IR spectra of each
standard were recorded under conditions identical to the
inline measurements, and the asymmetric diazo stretching
band was integrated over the 2165–2057 cm−1 region.

In the case of trifluoromethyl diazomethane (TFDM),
quantification was based on the integrated area of the NN
stretching band in the 2125–2070 cm−1 region. A calibration
curve was established by correlating FT-IR integrated areas
with absolute concentrations determined by 19F NMR
spectroscopy using trifluorotoluene as an internal standard.
This approach enabled conversion of the FT-IR response into
absolute TFDM concentrations. All spectral processing and
integration were performed using Bruker OPUS software.

2.4. Automation and data integration

Pumps, thermostat, back-pressure controller, and automated
valves were controlled via LabVision software (HiTec Zang)

connected to a Distributed Control System (DCS,
LabManager, HiTec Zang). All hardware components and the
FT-IR spectrometer were connected to a local network
through an OPC (Open Platform Communications) server
(OPC Expert, OPC Training Institute), which served as a
communication layer between the experimental platform and
the optimization software.

A custom Python software acted as an OPC client and
continuously monitored process variables, including
temperature, pressure, flow rates, and FT-IR analytical data in
real time. The acquired measurements were processed by the
optimization algorithm, which evaluated the experimental
response and determined the operating conditions for the
subsequent experiment. Updated setpoints for temperature,
pressure, and flow rates were then transmitted back through
the OPC server to LabVision, which applied the new conditions
to the corresponding hardware devices.

This bidirectional communication architecture enabled
fully autonomous closed-loop operation of the platform.
During each optimization cycle, experimental data generated
by the flow system were automatically transferred to the
optimization software, while newly proposed operating
conditions were communicated back to the equipment
without user intervention. A schematic representation of the
communication architecture and data flow between the
Python software, OPC server, LabVision/LabManager, and the
experimental hardware is provided in the SI (Fig. S6).

2.5. Optimization algorithm and graphical user interface

A Bayesian optimization workflow was implemented in
Python using the scikit-optimize library33 for single objective
optimization and process optimizer library for multi objective
optimization.34 A graphical user interface (GUI) was
developed using Streamlit35 to facilitate configuration and
supervision of the optimization campaigns. The GUI enables

Fig. 2 Schematic architecture of the autonomous continuous-flow platform for diazo compound synthesis.
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user-defined selection of optimization variables, objective
functions, numbers of initialization experiments, initialization
strategy between Latin hypercube sampling (LHS) or random
and total optimization iterations. In addition, campaigns can
be paused and resumed, allowing flexible supervision and
intervention during long experimental runs. Experimental
results are visualized in real time, providing continuous
feedback on optimization progress and system performance.
The GUI also serves as a local data management layer, storing
experimental metadata and results in a structured format
aligned with FAIR data principles.36 Fig. 3 shows a scheme of
the workflow used in the autonomous platform.

2.6. General procedure

The overall experimental workflow was identical for all three
substrates, with only minor adjustments to feed composition
and operating conditions (Table 1). Briefly, an aqueous
solution of the diazo precursor—aminoacetonitrile·HCl for
diazoacetonitrile (DAN), glycine ethyl ester·HCl for ethyl
diazoacetate (EDA), and 2,2,2-trifluoroethylamine·HCl for
trifluoromethyl diazomethane (TFDM)—was combined with
an aqueous sodium nitrite solution using a T-mixer. The
resulting stream entered the microreactor, where an organic
solvent stream was introduced to continuously extract the
diazo product.

The volumetric ratio between the organic and aqueous
phases was maintained at 1 : 1 for all experiments to ensure
consistent extraction efficiency and enable direct comparison
between optimization campaigns. For TFDM experiments, an
additional 5 mL coil reactor was installed downstream of the
microreactor to adjust the effective residence time. System
pressure was regulated by an automated back-pressure
controller, while reactor temperature was controlled by
placing the microreactor in a thermostatic bath.

Downstream of the reactor, a membrane-based phase
separator isolated the organic phase from the aqueous and
gaseous phases, and the organic stream was directed through
an inline FT-IR flow cell for real-time spectral acquisition.
After three residence times, spectral data were collected and
the relative standard deviation (RSD) was evaluated. The
mean value of the validated measurements was then passed
to the Bayesian optimization algorithm, which updated the
experimental setpoints via LabVision for the subsequent
iteration. To initiate an optimization campaign, the user
defines the relevant parameters using the graphical user
interface (GUI). Upon starting a campaign, the autonomous
system first checks the FT-IR signal for the presence of water
and, if required, performs automated cleaning of the optical
probe using isopropanol. When temperature is included as
an optimization variable, it is set prior to the experiment,
and the system verifies every 5 s that the measured
temperature matches the target value. If the deviation
exceeds 0.5 °C, the experiment is not initiated. During this
equilibration phase, a constant organic solvent flow of 0.2
mL min−1 is maintained to minimize reagent consumption
and prevent reaction channel fouling between experiments.

Once the temperature deviation falls below 0.5 °C, the
remaining parameters are applied and the countdown to
steady-state operation begins. Subsequent experimental steps
proceed automatically as described above.

All experimental data and metadata are stored in a local
or cloud-based database. The optimization campaign
terminates once the predefined number of experiments has
been completed.

3. Results and discussion
3.1. Optimization of diazoacetonitrile production

The continuous production of diazoacetonitrile (3) from
aminoacetonitrile (1) in the presence of sodium nitrite (2)
was selected as a challenging case study due to the
pronounced instability and highly energetic nature of the
diazo product. The corresponding diazotization reaction is
shown in Scheme 1. Our group had previously optimized its

Fig. 3 Schematic workflow of the autonomous optimization platform.

Table 1 Product-specific feed concentrations and organic solvent used
for extracting

Product Precursor (M) NaNO2(M) Organic

DAN 2.0 2.4 Dichloromethane
TFDM 1.0 1.0 Dichloromethane
EDA 2.0 2.4 Toluene

Scheme 1 Reaction scheme for the continuous-flow diazotization of
aminoacetonitrile hydrochloride to form diazoacetonitrile (DAN).
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continuous-flow production using a one-factor-at-a-time
(OFAT) approach.17 Building on this prior work, we sought to
evaluate whether the autonomous platform could reproduce
and improve upon these results while significantly reducing
experimental time. To this end, three optimization
campaigns were conducted with increasing complexity,
progressing from autonomous reproduction of
literature-reported conditions to the systematic introduction
of additional variables and expanded search spaces.

3.1.1. Literature reproducibility. The initial optimization
campaign was designed to reproduce the conditions and
performance of a prior manual one-factor-at-a-time (OFAT)
optimization.17,37 Three variables were explored within
predefined safety boundaries: temperature (35–70 °C),
residence time (52–210 s), and pressure (2–6 bar). The
objective was to maximize the FT-IR signal corresponding to
the NN asymmetric stretching vibration (2125–2070 cm−1).
The Bayesian optimization algorithm was initialized with 5
randomly selected experimental conditions, followed by 10
optimization iterations, resulting in a total of 15 experiments.
The optimal conditions identified were, temperature = 70 °C,
residence time = 62 s, and pressure = 2.8 bar. As shown in
Fig. 4A (blue points), the FT-IR signal for diazoacetonitrile
increased from an initial value of 2.6 to 2.98, corresponding
to a 14.6% improvement. The complete campaign was
executed under fully autonomous control within
approximately three hours.

This initial study demonstrates the platform's ability to
rapidly and reproducibly recover literature-reported optimal
conditions.

3.1.2. Increasing system complexity. A second campaign
was conducted with increased experimental complexity. A
fourth variable, called additional acid, was introduced to
investigate the effect of externally added HCl in the
aminoacetonitrile feed on product formation. Acid
concentration was selected as a new variable because of its

dual mechanistic role in the diazotization process.
Increased proton concentration promotes the formation of
nitrosating species (e.g., HNO2), thereby accelerating
conversion of aminoacetonitrile to diazoacetonitrile.
However, diazo compounds are known to be acid- and
thermally sensitive, and excessive acidity may enhance its
decomposition once formed.3 Here, “additional acid”
denotes externally added HCl beyond that present in the
substrate hydrochloride. The range for this new variable
was set between 0.2–0.4 M. Based on insights from
campaign 1, the residence time boundaries were adjusted
to 40–120 s, as shorter times had yielded better outcomes,
and the pressure range was narrowed to 2–4 bar. As shown
in Fig. 4A (orange dots), the FT-IR signal showed a
consistent upward trend throughout the campaign,
culminating in a best objective value of 3.39, representing a
14.2% improvement over campaign 1. The system
completed a total of 28 experiments, 14 initialization points
(LHS) and 14 optimization iterations in around 7 hours.
The optimal conditions identified were temperature = 35
°C, residence time = 40 s, pressure = 2 bar, and extra acid
= 0.39 M. Notably, the optimal temperature shifted
significantly compared to campaign 1. While higher
temperatures were initially favorable, the introduction of
additional acid shifted the optimum toward lower
temperatures. This behavior can be rationalized by the dual
role of acid in the diazotization process. Increased proton
concentration enhances formation of nitrosating species,
promoting conversion of aminoacetonitrile to
diazoacetonitrile. However, because DAN is thermally labile,
elevated temperatures also accelerate decomposition. In the
acid-enriched system, where diazo formation is facilitated,
operating at lower temperatures helps preserve the product
and maximize yield.

3.1.3. Expansion of the design space. In the previous
campaign, the optimal temperature and residence time were

Fig. 4 Optimization of diazoacetonitrile production across three autonomous campaigns. (A) Evolution of the FT-IR integrated area corresponding
to the NN asymmetric stretch (2125–2070 cm−1). For each experimental condition, five independent inline measurements were acquired to assess
reproducibility; initialization and optimization iterations are shown separately, highlighting progressive improvement in the objective value across
campaigns. (B) Parallel coordinates plot illustrating the relationships between process variables and the objective function across all
experiments performed during the three campaigns. Blue traces highlight experiments yielding integrated FT-IR areas above 3.5,
corresponding to the best-performing conditions.
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located at the lower end of their respective ranges. In the
third campaign, these lower boundaries were further
extended to explore conditions beyond the previously tested
space. The new boundaries were 25–70 °C for temperature
and 20–120 s for residence time, while the ranges for
pressure and extra acid were kept the same as in campaign 2.
The platform executed 30 experiments in total, with 15
initializations (LHS) and 15 optimization runs, completing
the campaign in approximately seven hours. As shown in
Fig. 4A (green dots), the optimization yielded a best FT-IR
signal of 3.77—an 11.5% improvement over campaign 2 and
a 27.3% increase compared to campaign 1. The optimal
conditions identified were temperature = 25.7 °C, residence
time = 21 s, pressure = 2.61 bar, and extra acid = 0.40 M.
These results confirm the trend observed in campaign 2 and
further support the benefits of operating at lower
temperatures and shorter residence times. Notably, the
identification of efficient reaction conditions at low
temperature and short residence times highlights the
ability of the optimization methodology to rapidly locate
process-efficient operating regimes. Lower temperatures
reduce energy demand, while short residence times
increase the potential throughput of the flow process.
Multivariate trends are further visualized using a parallel
coordinates plot (Fig. 4B).

3.1.4. Surrogate modelling and variable importance.
Bayesian optimization is primarily designed as a sequential
decision-making framework to efficiently identify optimal
conditions, rather than to generate globally representative
datasets for mechanistic modeling.38 However, the structured
exploration it performs, particularly when initialized using
space-filling strategies such as Latin hypercube sampling
(LHS), can yield sufficiently diverse and informative data to
enable post hoc analysis. In the present study, to rationalize
the trends observed across the three optimization campaigns
and to assess how well the explored design space can be
captured quantitatively, a random forest surrogate model was
trained using the complete experimental dataset. The
model exhibited satisfactory predictive performance
under cross-validation (RMSE = 0.21, R2 = 0.74), as
illustrated by the parity plot in Fig. 5A. These metrics
suggest that the primary trends within the explored
design space are adequately captured by the selected
input variables.

Analysis of variable importance (Fig. 5B) identifies the
concentration of additional acid as the most influential
parameter affecting the objective function, followed by
temperature and residence time, while pressure plays a
comparatively minor role within the explored operating
window. These findings are consistent with the
experimental observations and support the hypothesis that
increased acid concentration facilitates efficient diazo
formation at lower temperatures and shorter residence
times. This shift in operating conditions enhances
productivity while reducing exposure to thermally induced
decomposition of diazoacetonitrile.

3.2. Optimization of trifluoromethyl diazomethane (TFDM)
production

The second case study used to evaluate the autonomous
platform was the continuous production of trifluoromethyl
diazomethane (5) from 2,2,2-trifluoroethylamine·HCl (4), as
shown in Scheme 2. Trifluoromethyl diazomethane is a
valuable synthetic intermediate for the introduction of the
CF3 group into organic molecules through cyclopropanation,
insertion, and nucleophilic addition reactions. The
incorporation of the trifluoromethyl motif is widely exploited
in medicinal chemistry to enhance metabolic stability,
lipophilicity, and bioavailability. Despite its synthetic
relevance, TFDM is highly energetic and particularly sensitive
to temperature and acidity, and has been only rarely
investigated under continuous-flow conditions.16,18

Compared to diazoacetonitrile, TFDM exhibits distinct
reactivity patterns and stability constraints, making it an

Fig. 5 Surrogate modelling of diazoacetonitrile optimization data. (A)
Parity plot comparing measured and predicted FT-IR integrated areas
obtained model under five-fold cross-validation. Each data point
represents the mean response value of five replicates. (B)
Variable-importance analysis derived from the trained random
forest model, highlighting the relative influence of process
parameters on the objective function.

Scheme 2 Reaction scheme for the continuous-flow diazotization of
2,2,2-trifluoroethylamine hydrochloride to form trifluoromethyl
diazomethane (TFDM).
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ideal complementary case study to assess the robustness and
adaptability of the autonomous optimization platform. Three
screening campaigns were conducted, each designed to
progressively refine the understanding of the reaction system.
The initial campaign investigated the effects of temperature,
residence time, and pressure on product yield. Subsequent
campaigns increased system complexity by introducing
additional acid as a fourth variable, while maintaining a
single-objective optimization framework.

3.2.1. TFDM campaign 1. During campaign 1, a fixed
concentration of externally added HCl (0.1 M) was employed.
Based on insights from previous case studies, this condition
was selected as a suitable starting point to investigate the
effects of temperature, residence time, and pressure. The
explored ranges were temperature (20–50 °C), pressure
(2.0–6.0 bar), and residence time (120–600 s). Product
extraction into the organic phase was performed using a
1 : 1 organic-to-aqueous phase ratio, corresponding to a
twofold excess of organic solvent relative to the substrate
solution (2,2,2-trifluoroethylamine·HCl, 1 M).

A total of 15 experiments were performed autonomously,
including 7 initialization experiments (Fig. 6A, blue dots).
The best result in this campaign was obtained in experiment
15, achieving a yield of 90.83% and a TFDM concentration of
0.45 M in DCM. The parameters for the best experiment were
temperature = 26.13 °C, pressure = 6 bar and residence time
= 120 seconds. In this campaign experiments with residence
times closer to the upper boundary present a lower yield (full
dataset in SI).

3.2.2. TFDM campaign 2. Based on the results obtained in
campaign 1, a second campaign was conducted in which the
residence time range was reduced and a fourth variable, the
HCl addition, was introduced. The objective was to assess
whether TFDM exhibits behavior similar to that observed for
DAN, where increased acid concentration leads to improved
yield and throughput. The explored ranges were temperature
(20–50 °C), residence time (60–300 s), pressure (2.0–4.0 bar),
and additional HCl concentration (0.2–0.4 M). Yield was

selected as the objective function, and a total of 15 experiments
were performed, including 7 initialization experiments.

The results of this campaign reveal a pronounced
influence of additional acid concentration on the reaction
outcome. In contrast to the trend observed for DAN, higher
acid concentrations led to lower yields. This behavior can be
rationalized by considering the higher intrinsic reactivity of
TFDM compared to DAN. Highly reactive diazo compounds
are known to undergo rapid acid-induced decomposition,
and this tendency increases with diazo reactivity. While DAN
tolerates increased acid concentrations and can even benefit
from them under certain conditions, the more reactive TFDM
appears more susceptible to acid-promoted degradation. The
effects of the remaining variables were comparatively minor.
For instance, experiments 14 and 15 resulted in similar yields
despite residence times of 60 and 298 s, respectively. The full
set of results is shown in Fig. 6A (orange dots).

3.2.3. TFDM campaign 3. Based on the results of the
second campaign, a third campaign was conducted to
investigate the effect of lower concentrations of externally
added acid. All variable ranges were kept unchanged except
for the additional HCl concentration, which varied between
0.01 and 0.19 M. A total of 15 experiments were performed,
including 7 initialization experiments.

The results of this campaign provide further insight into
the role of additional acid in the TFDM reaction. During the
initialization phase, the highest yields were obtained at acid
concentrations between 0.04 and 0.14 M. Guided by this
observation, the first optimization experiment was
intentionally performed at a lower acid concentration of 0.02
M. Under these conditions, the yield decreased markedly to
below 50%. These results indicate the presence of an optimal
acid concentration window (Fig. 7C), as very low acid levels
do not have a beneficial effect on reaction performance. This
conclusion is further supported by a control experiment
performed without added acid at different residence times
(see SI), where longer residence times resulted in higher
yields than shorter residence times.

Fig. 6 Optimization of trifluoromethyl diazomethane production across three autonomous campaigns. (A) Evolution of the yield% with 5
measurements for each experiment; initialization and optimization iterations are shown separately (B) parallel coordinates plot illustrating the
relationships between process variables and the objective function across all experiments performed during the three campaigns. Green traces
highlight experiments yielding 87%, corresponding to the best-performing conditions.
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3.2.4. Surrogate modelling and variable importance for
TFDM optimization. Following the same approach applied
to DAN, a random forest surrogate model was trained
using the complete dataset obtained from the TFDM
optimization campaigns.

The global model (Fig. 7A) demonstrated strong predictive
capability under cross-validation (R2 = 0.842, RMSE = 4.18%),
indicating that the major trends in TFDM yield are
well captured by the selected operating variables.
Variable-importance analysis (Fig. 7B) identifies acid
concentration as the dominant factor governing system
performance, substantially outweighing the contributions of
residence time, temperature, and pressure. This pronounced
dependence suggests the existence of a narrow optimal
acidity window, consistent with the dual role of acid in
promoting diazotization while simultaneously facilitating
product decomposition at higher concentrations. To further
visualize this behavior, a response contour plot was
generated for the two most influential parameters, acid
concentration and residence time, at constant temperature
(25 °C) (Fig. 7C). The contour map reveals a well-defined
optimum at moderate acid concentrations (0.04–0.15 M) and
shorter residence times, highlighting the critical balance
between formation and degradation kinetics. These findings
corroborate the experimental trends observed during
optimization and demonstrate the utility of surrogate
modelling as a complementary interpretative tool.

3.3. Optimization of ethyl diazoacetate (EDA) production

In addition to single-objective optimization, many chemical
processes require the simultaneous consideration of multiple
performance metrics. Ethyl diazoacetate (7) provides a
suitable system to explore such trade-offs due to its
well-established use in diazo chemistry and its
documented preparation under continuous-flow
conditions.39–41 The continuous-flow diazotization of
glycine ethyl ester hydrochloride (6) using sodium nitrite
to generate EDA is shown in Scheme 3.

In this system, reaction yield and process productivity
do not necessarily coincide under identical operating
conditions, as conditions that favor high conversion may
reduce throughput due to longer residence times or lower
flow rates. Multi-objective Bayesian optimization was
therefore applied to simultaneously evaluate these
competing criteria. This approach enables the
identification of Pareto-optimal operating regions, allowing
the trade-off between yield and productivity to be
quantified and visualized.

3.3.1. Single-objective optimization. A first campaign was
conducted using yield as the sole objective. Three
variables were explored: temperature (25–70 °C), residence
time (20–120 s), and pressure (2–4 bar), while the
concentration of externally added HCl was fixed at 0.1 M.
The campaign was started with 10 LHS experiments followed
by 20 optimization experiments. As shown in Fig. 8A, the
platform identified operating conditions delivering yields up
to approximately 84%. The progression of experiments
demonstrates efficient convergence toward stable high-yield
regions within the defined search space.

Fig. 8B shows a parallel coordinates representation of all
experiments, highlighting the parameter combinations
associated with improved yields. Higher-performing
experiments tend to cluster at elevated temperatures and
residence times mostly between 50–70 s, whereas pressure
does not exhibit a strong systematic correlation with yield
within the investigated interval. This representation
illustrates the progressive focusing of the optimization
toward a defined region of the operating space.

Fig. 7 Surrogate modelling of TFDM optimization campaigns. (A) Cross-validated parity plot of the RF model, showing predictive performance
between measured and predicted yields. (B) Variable importance across all experiments, showing additional acid as the variable with the higher
importance. (C) Response contour plot for TFDM yield as a function of externally added acid concentration and residence time (temperature fixed
at 25 °C), illustrating the presence of a narrow optimal acid window and the benefit of shorter residence times.

Scheme 3 Reaction scheme for the continuous-flow diazotization of
glycine ethyl ester hydrochloride to form ethyl diazoacetate (EDA).

Reaction Chemistry & EngineeringPaper



React. Chem. Eng.This journal is © The Royal Society of Chemistry 2026

3.3.2. Multi-objective optimization. While single-objective
optimization enabled identification of high-yield conditions,
maximizing yield alone does not necessarily maximize
process productivity. In continuous-flow systems, throughput
is directly influenced by residence time and total flow rate,
introducing an inherent trade-off between conversion
efficiency and production rate.

To quantitatively evaluate this relationship, a multi-
objective Bayesian optimization campaign was performed,
simultaneously targeting yield and throughput. This
framework allows identification of Pareto-optimal operating
conditions, providing a structured representation of the
compromise between material efficiency and mass
productivity. A total of 20 experiments (10 initialization, and
10 optimization) were run sequentially, using the same
variables and levels as in the single objective optimization.

Fig. 9 shows the results of the multi-objective optimization
campaign, where yield and throughput were simultaneously
targeted. The scatter plot displays all performed experiments,
while the Pareto front highlights the set of non-dominated
operating conditions.

The Pareto front reveals a clear trade-off between yield
and productivity. Conditions delivering the highest
throughput are associated with reduced residence times and

increased flow rates, resulting in moderate yields (∼75%).
Conversely, higher yields (>80%) are achieved at lower
throughput values, reflecting the kinetic requirements of
complete diazotization.

This distribution confirms that no single operating
condition simultaneously maximizes both objectives. Instead,
the multi-objective framework identifies a spectrum of
optimal compromises, enabling informed selection of
process conditions depending on whether material efficiency
or production rate is prioritized.

Taken together, the EDA case study demonstrates the
flexibility of the platform to operate under both single- and
multi-objective frameworks using the same experimental
architecture. While single-objective optimization rapidly
identified high-yield operating conditions, the multi-objective
approach revealed the structured trade-off between efficiency
and productivity inherent to continuous-flow diazotization.
This dual capability highlights the adaptability of the
workflow to different process priorities without modification
of the experimental setup.

4. Conclusions

An autonomous, hazard-aware continuous-flow platform for
the production and optimization of highly reactive diazo
intermediates has been developed and validated. By
integrating automated flow hardware, inline FT-IR
monitoring, and Bayesian closed-loop optimization, the
system enables rapid identification of optimal operating
conditions under strict safety constraints.

Across three representative case studies, diazoacetonitrile
(DAN), trifluoromethyl diazomethane (TFDM), and ethyl
diazoacetate (EDA), the platform demonstrated robust
performance under increasing levels of chemical complexity.
For DAN and TFDM, systematic optimization revealed a
pronounced dependence on acid concentration, highlighting

Fig. 8 Optimization of ethyl diazoacetate (EDA) production. (A)
Evolution of yield as a function of experiment index, distinguishing
initialization and optimization iterations, 3 replicates are plotted by
experiment (B) parallel coordinates plot illustrating the relationships
between process variables and yield across all experiments,
highlighting the operating regions associated with improved
performance.

Fig. 9 Multi-objective optimization of ethyl diazoacetate (EDA)
production. Scatter plot of all experiments (blue) and corresponding
Pareto front (red) obtained by simultaneously targeting yield and
throughput. The Pareto front represents the set of non-dominated
operating conditions balancing yield and throughput.
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the delicate balance between proton-promoted diazotization
and acid- or temperature-induced decomposition. Surrogate
modelling further quantified variable importance, illustrating
how data generated during optimization can be leveraged to
extract mechanistic insights beyond condition discovery.

The extension to multi-objective optimization in the EDA
system demonstrated the ability of the platform to identify
Pareto-optimal trade-offs between yield and throughput,
shifting the framework from simple condition maximization
to informed decision-making. The modular software
architecture allowed rapid adaptation to new substrates
without hardware modification, underscoring the general
applicability of the approach.

Collectively, this work establishes a versatile and
adaptable strategy for feedback-driven optimization of
unstable or safety-critical intermediates in continuous flow.
By coupling automation, inline analytics, and data-driven
modelling, the platform moves beyond safe generation
toward intelligent, interpretable, and decision-aware
process development.

Author contributions

D. B. conceived and supervised the study. G. A. V. developed
the optimization platform and software, performed the
experiments, analyzed the data, and wrote the original
manuscript draft. M. S. contributed to the chemical
experiments. A. M. contributed to the construction of the
experimental platform. All authors reviewed and approved
the final manuscript.

Conflicts of interest

There are no conflicts to declare.

Data availability

The datasets generated during the current study, including
experimental results and optimization data, are available in
the supplementary information (SI). Additional data are
available from the corresponding author upon request.

The software used to perform the autonomous
optimization and data analysis is openly available at: https://
github.com/Gono-cl/Streamlit_VOL.

Supplementary information is available. See DOI: https://
doi.org/10.1039/d6re00154h.

Acknowledgements

The authors acknowledge financial support from the
European Union's Horizon Europe research and innovation
programme under the Marie Skłodowska-Curie Doctoral
Network “Microprocess Engineering for Electrosynthesis”
(Grant Agreement No. 101073003).

Notes and references

1 N. M. Roda, D. N. Tran, C. Battilocchio, R. Labes, R. J.
Ingham, J. M. Hawkins and S. V. Ley, Cyclopropanation
Using Flow-Generated Diazo Compounds, Org. Biomol.
Chem., 2015, 13(9), 2550–2554, DOI: 10.1039/C5OB00019J.

2 P. Dingwall, A. Greb, L. N. S. Crespin, R. Labes, B. Musio,
J.-S. Poh, P. Pasau, D. C. Blakemore and S. V. Ley, C–H
Functionalisation of Aldehydes Using Light Generated, Non-
Stabilised Diazo Compounds in Flow, Chem. Commun.,
2018, 54(83), 11685–11688, DOI: 10.1039/C8CC06202A.

3 N. R. Candeias, R. Paterna and P. M. P. Gois, Homologation
Reaction of Ketones with Diazo Compounds, Chem. Rev.,
2016, 116(5), 2937–2981, DOI: 10.1021/acs.chemrev.5b00381.

4 C. Damiano, P. Sonzini and E. Gallo, Iron Catalysts with
N-Ligands for Carbene Transfer of Diazo Reagents, Chem.
Soc. Rev., 2020, 49(14), 4867–4905, DOI: 10.1039/D0CS00221F.

5 G. Maas, New Syntheses of Diazo Compounds, Angew. Chem.,
Int. Ed., 2009, 48(44), 8186–8195, DOI: 10.1002/anie.200902785.

6 P. K. Mykhailiuk and R. M. Koenigs, Diazoacetonitrile
(N2CHCN): A Long Forgotten but Valuable Reagent for
Organic Synthesis, Chem. – Eur. J., 2020, 26(1), 89–101, DOI:
10.1002/chem.201903335.

7 J. Wang, Diazo Compounds: Recent Applications in
Synthetic Organic Chemistry and Beyond, Tetrahedron Lett.,
2022, 108, 154135, DOI: 10.1016/j.tetlet.2022.154135.

8 A. Bonner, A. Loftus, A. C. Padgham and M. Baumann,
Forgotten and Forbidden Chemical Reactions Revitalised
through Continuous Flow Technology, Org. Biomol. Chem.,
2021, 19(36), 7737–7753, DOI: 10.1039/D1OB01452H.

9 A. Bonner, P. Naik, R. Crawford and M. Baumann, Recent
advances exploiting reactive intermediates generated via
continuous flow chemistry, Curr. Opin. Green Sustainable
Chem., 2024, 47, 100907, DOI: 10.1016/j.cogsc.2024.100907.

10 M. Movsisyan, E. I. P. Delbeke, J. K. E. T. Berton, C.
Battilocchio, S. V. Ley and C. V. Stevens, Taming Hazardous
Chemistry by Continuous Flow Technology, Chem. Soc. Rev.,
2016, 45(18), 4892–4928, DOI: 10.1039/c5cs00902b.

11 S. T. R. Müller and T. Wirth, Continuous-Flow Generation
and Synthetic Applications of Trifluoromethyl
Diazomethane, Chem. – Eur. J., 2018, 24(41), 10571–10583,
DOI: 10.1002/chem.201800136.

12 C. A. Shukla, A. A. Kulkarni and V. V. Ranade, Selectivity
engineering of the diazotization reaction in a continuous
flow reactor, React. Chem. Eng., 2016, 1, 387–396, DOI:
10.1039/C5RE00056D.

13 J. Liu, D. Wang, Q. Xu, H. Yu, J. Zhou, Z. Yu and W. Su,
Continuous-Flow Double Diazotization for the Synthesis of
m-Difluorobenzene via Balz-Schiemann Reaction, J. Flow
Chem., 2020, 10(4), 589–596, DOI: 10.1007/s41981-020-00115-4.

14 F.-J. Wang, A. Chen, S. Ling and J.-H. Xu, Continuous-Flow
Diazotization of Red Base KD Hydrochloride Suspensions in
a Microreaction System, React. Chem. Eng., 2021, 6(8),
1462–1474, DOI: 10.1039/D1RE00075F.

15 C. Audubert and H. Lebel, Mild Esterification of
Carboxylic Acids via Continuous Flow Diazotization of

Reaction Chemistry & EngineeringPaper

https://github.com/Gono-cl/Streamlit_VOL
https://github.com/Gono-cl/Streamlit_VOL
https://doi.org/10.1039/d6re00154h
https://doi.org/10.1039/d6re00154h
https://doi.org/10.1039/C5OB00019J
https://doi.org/10.1039/C8CC06202A
https://doi.org/10.1021/acs.chemrev.5b00381
https://doi.org/10.1039/D0CS00221F
https://doi.org/10.1002/anie.200902785
https://doi.org/10.1002/chem.201903335
https://doi.org/10.1016/j.tetlet.2022.154135
https://doi.org/10.1039/D1OB01452H
https://doi.org/10.1016/j.cogsc.2024.100907
https://doi.org/10.1039/c5cs00902b
https://doi.org/10.1002/chem.201800136
https://doi.org/10.1039/C5RE00056D
https://doi.org/10.1007/s41981-020-00115-4
https://doi.org/10.1039/D1RE00075F


React. Chem. Eng.This journal is © The Royal Society of Chemistry 2026

Amines, Org. Lett., 2017, 19(16), 4407–4410, DOI:
10.1021/acs.orglett.7b02231.

16 B. Pieber and C. O. Kappe, Generation and Synthetic
Application of Trifluoromethyl Diazomethane Utilizing
Continuous Flow Technologies, Org. Lett., 2016, 18(5),
1076–1079, DOI: 10.1021/acs.orglett.6b00194.

17 D. Bošković, S. Loebbecke, S. Panic, G. P. Calogero, L. Radulescu
and M. Schwarzer, Diazoacetonitrile Safe and Green Synthesis
through Continuous Processing (1) Pdf, Chem. Ing. Tech.,
2024, 96(5), 652–657, DOI: 10.1002/cite.202300187.

18 T. K. Allred, O. A. Mukhina, O. Epstein, J. Yan, K. Crossley,
M. G. Beaver, M. J. Frohn, J. I. Murray and D. Bauer,
Continuous Preparation of Trifluoromethyl Diazomethane in
Flow Using In-Line Membrane Phase Separation—
Application to the Catalytic Asymmetric Cyclopropanation of
Substituted Styrenes, Org. Process Res. Dev., 2025, 29(3),
716–722, DOI: 10.1021/acs.oprd.4c00477.

19 M. A. Morin, W. P. Zhang, D. Mallik and M. G. Organ,
Sampling and Analysis in Flow: The Keys to Smarter, More
Controllable, and Sustainable Fine-Chemical
Manufacturing, Angew. Chem., 2021, 133(38), 20774–20794,
DOI: 10.1002/ange.202102009.

20 C. P. Breen, A. M. K. Nambiar, T. F. Jamison and K. F.
Jensen, Ready, Set, Flow! Automated Continuous Synthesis
and Optimization, Trends Chem., 2021, 3(5), 373–386, DOI:
10.1016/j.trechm.2021.02.005.

21 E. Rial-Rodríguez, J. D. Williams, D. Cantillo, T. Fuchß, A.
Sommer, H.-M. Eggenweiler, C. O. Kappe and G. Laudadio,
An Automated Electrochemical Flow Platform to Accelerate
Library Synthesis and Reaction Optimization, Angew. Chem.,
Int. Ed., 2024, 63(51), e202412045, DOI: 10.1002/
anie.202412045.

22 E. Rial-Rodríguez, J. F. Wagner, H.-M. Eggenweiler, T.
Fuchss, A. Sommer, C. O. Kappe, J. D. Williams and D.
Cantillo, A Low-Volume Flow Electrochemical Microreactor
for Rapid and Automated Process Optimization, React. Chem.
Eng., 2024, 9(1), 31–36, DOI: 10.1039/D3RE00586K.

23 C. Mateos, M. J. Nieves-Remacha and J. A. Rincón, Automated
Platforms for Reaction Self-Optimization in Flow, React. Chem.
Eng., 2019, 4(9), 1536–1544, DOI: 10.1039/C9RE00116F.

24 M. J. Nieves-Remacha, Autonomous Synthesis and Self-
Optimizing Reactors, in Machine Learning and Hybrid
Modelling for Reaction Engineering, ed. D. Zhang and E.
A. Del Río Chanona, Royal Society of Chemistry, 2023,
pp. 319–357, DOI: 10.1039/BK9781837670178-00319.

25 A. A. Volk, R. W. Epps, D. T. Yonemoto, B. S. Masters, F. N.
Castellano, K. G. Reyes and M. Abolhasani, AlphaFlow:
Autonomous Discovery and Optimization of Multi-Step
Chemistry Using a Self-Driven Fluidic Lab Guided by
Reinforcement Learning, Nat. Commun., 2023, 14, 1403, DOI:
10.1038/s41467-023-37139-y.

26 A. D. Clayton, E. O. Pyzer-Knapp, M. Purdie, M. F. Jones, A.
Barthelme, J. Pavey, N. Kapur, T. W. Chamberlain, A. J.
Blacker and R. A. Bourne, Bayesian Self-Optimization for
Telescoped Continuous Flow Synthesis, Angew. Chem.,
2023, 62, e202214511, DOI: 10.1002/anie.202214511.

27 J. A. Bennett and M. Abolhasani, Autonomous Chemical
Science and Engineering Enabled by Self-Driving
Laboratories, Curr. Opin. Chem. Eng., 2022, 36, 100831, DOI:
10.1016/j.coche.2022.100831.

28 A. Slattery, Z. Wen, P. Tenblad, J. Sanjosé-Orduna, D.
Pintossi, T. Den Hartog and T. Noël, Automated Self-
Optimization, Intensification, and Scale-up of
Photocatalysis in Flow, Science, 2024, 383(6681), eadj1817,
DOI: 10.1126/science.adj1817.

29 J. Ke, C. Gao, A. A. Folgueiras-Amador, K. E. Jolley, O. De
Frutos, C. Mateos, J. A. Rincón, R. C. D. Brown, M. Poliakoff
and M. W. George, Self-Optimization of Continuous Flow
Electrochemical Synthesis Using Fourier Transform Infrared
Spectroscopy and Gas Chromatography, Appl. Spectrosc.,
2022, 76(1), 38–50, DOI: 10.1177/00037028211059848.

30 O. J. Kershaw, A. D. Clayton, J. A. Manson, A. Barthelme, J.
Pavey, P. Peach, J. Mustakis, R. M. Howard, T. W.
Chamberlain, N. J. Warren and R. A. Bourne, Machine
Learning Directed Multi-Objective Optimization of Mixed
Variable Chemical Systems, Chem. Eng. J., 2023, 451, 138443,
DOI: 10.1016/j.cej.2022.138443.

31 N. H. Angello, V. Rathore, W. Beker, A. Wołos, E. R. Jira,
R. Roszak, T. C. Wu, C. M. Schroeder, A. Aspuru-Guzik,
B. A. Grzybowski and M. D. Burke, Closed-Loop
Optimization of General Reaction Conditions for
Heteroaryl Suzuki-Miyaura Coupling, Science,
2022, 378(6618), 399–405, DOI: 10.1126/science.adc8743.

32 D. Karan, G. Chen, N. Jose, J. Bai, P. McDaid and A. A. Lapkin,
A Machine Learning-Enabled Process Optimization of Ultra-
Fast Flow Chemistry with Multiple Reaction Metrics, React.
Chem. Eng., 2024, 9(3), 619–629, DOI: 10.1039/D3RE00539A.

33 T. Head, M. Kumar, H. Nahrstaedt, G. Louppe
and I. Shcherbatyi, Scikit-Optimize: V0.9.0, DOI:
10.5281/zenodo.4014775.

34 A. Obdrup, B. E. Nielsen, R. H. Taaning, S. Carlsen, S.
Bertelsen, M. B. Nielsen, A. B. Blichfeldt, C. B. Brandt
and S. Furbo, ProcessOptimizer v1.1.0, 2025, DOI:
10.5281/zenodo.14891895.

35 Streamlit Inc., Streamlit: The Fastest Way to Build and Share
Data Apps, url https://streamlit.io.

36 M. D. Wilkinson, M. Dumontier, I. J. Aalbersberg, G.
Appleton, M. Axton, A. Baak, N. Blomberg, J.-W. Boiten, L. B.
Da Silva Santos, P. E. Bourne, J. Bouwman, A. J. Brookes, T.
Clark, M. Crosas, I. Dillo, O. Dumon, S. Edmunds, C. T.
Evelo, R. Finkers, A. Gonzalez-Beltran, A. J. G. Gray, P. Groth,
C. Goble, J. S. Grethe, J. Heringa, P. A. C. ′T Hoen, R. Hooft,
T. Kuhn, R. Kok, J. Kok, S. J. Lusher, M. E. Martone, A.
Mons, A. L. Packer, B. Persson, P. Rocca-Serra, M. Roos, R.
Van Schaik, S.-A. Sansone, E. Schultes, T. Sengstag, T. Slater,
G. Strawn, M. A. Swertz, M. Thompson, J. Van Der Lei, E.
Van Mulligen, J. Velterop, A. Waagmeester, P. Wittenburg, K.
Wolstencroft, J. Zhao and B. Mons, The FAIR Guiding
Principles for Scientific Data Management and Stewardship,
Sci. Data, 2016, 3, 160018, DOI: 10.1038/sdata.2016.18.

37 D. Bošković, S. Loebbecke, C. G. Piscopo, L. J. Radulescu
and M. Schwarzer, Safe-by-Design Flow Technology for

Reaction Chemistry & Engineering Paper

https://doi.org/10.1021/acs.orglett.7b02231
https://doi.org/10.1021/acs.orglett.6b00194
https://doi.org/10.1002/cite.202300187
https://doi.org/10.1021/acs.oprd.4c00477
https://doi.org/10.1002/ange.202102009
https://doi.org/10.1016/j.trechm.2021.02.005
https://doi.org/10.1002/anie.202412045
https://doi.org/10.1002/anie.202412045
https://doi.org/10.1039/D3RE00586K
https://doi.org/10.1039/C9RE00116F
https://doi.org/10.1039/BK9781837670178-00319
https://doi.org/10.1038/s41467-023-37139-y
https://doi.org/10.1002/anie.202214511
https://doi.org/10.1016/j.coche.2022.100831
https://doi.org/10.1126/science.adj1817
https://doi.org/10.1177/00037028211059848
https://doi.org/10.1016/j.cej.2022.138443
https://doi.org/10.1126/science.adc8743
https://doi.org/10.1039/D3RE00539A
https://doi.org/10.5281/zenodo.4014775
https://doi.org/10.5281/zenodo.14891895
https://streamlit.io
https://doi.org/10.1038/sdata.2016.18


React. Chem. Eng. This journal is © The Royal Society of Chemistry 2026

Diazoacetonitrile Generation and Direct Conversion to
Pyrazoles, ChemistryOpen, 2026, 15, e202600006, DOI:
10.1002/open.202600006.

38 P. I. A. Frazier, Tutorial on Bayesian Optimization,
arXiv, 2018, preprint, arXiv:1807.02811, DOI:
10.48550/arXiv.1807.02811.

39 M. M. E. Delville, J. C. M. Van Hest and F. P. J. T. Rutjes,
Ethyl Diazoacetate Synthesis in Flow, Beilstein J. Org. Chem.,
2013, 9, 1813–1818, DOI: 10.3762/bjoc.9.211.

40 R. A. Maurya, K.-I. Min and D.-P. Kim, Continuous Flow
Synthesis of Toxic Ethyl Diazoacetate for Utilization in an
Integrated Microfluidic System, Green Chem., 2014, 16(1),
116–120, DOI: 10.1039/C3GC41226A.

41 N. Wang, J. Zhou, Y. Zhang, Y. Ge and N. Li,
Continuous Flow Synthesis of Ethyl Diazoacetate and
CFD Analysis of Micromixing Efficiency in a
Microreactor, Ind. Eng. Chem. Res., 2024, 63(32),
14002–14017, DOI: 10.1021/acs.iecr.4c01804.

Reaction Chemistry & EngineeringPaper

https://doi.org/10.1002/open.202600006
https://doi.org/10.48550/arXiv.1807.02811
https://doi.org/10.3762/bjoc.9.211
https://doi.org/10.1039/C3GC41226A
https://doi.org/10.1021/acs.iecr.4c01804

	crossmark: 


