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Unlike common analytical techniques such as cyclic voltamme-
try, statistics-based optimization tools are not yet often in the
toolbox of preparative organic electrochemists. In general,
experimental effort is not optimally utilized because the
selection of experimental conditions is based on the one-

variable-at-a-time principle. We will summarize statistically
motivated optimization approaches already used in the context
of electroorganic synthesis. We discuss the central ideas of
these optimization methods which originate from other fields
of chemistry in relation to electrosynthetic applications.

1. Introduction

Organic electrosynthesis enjoys a revival, growing interest, and
enthusiasm within the organic chemical community.[1–4] When
the concepts of green chemistry are carefully applied, electro-
chemistry enables highly sustainable and eco-friendly synthetic
strategies.[5] The electrochemical activation is of particular
interest to electrify organic synthesis[6] and producing value-
added products.[7] Consequently, electroorganic synthesis is
considered as 21st century technique and can represent a cost-
efficient method.[8] Besides the green aspect the electroorganic
synthesis can substantially short cut the number of synthetic
steps being required.[9,10] Great efforts are made to bring this
field into the toolkit of every chemist. The expansion of the
scope of possible applications for electrosynthesis progresses
rapidly.[2–4,11] We are striving to streamline the experimental
procedure itself, enabling others to easily adopt it, since many
parameters are often not reported to provide good
reproducibility.[2,12] But still the optimization remains challeng-
ing in many cases and attention must be paid to many variables
of the studied system. More precisely, the already big parameter
space of conventional organic synthesis is further enlarged by
addition of electrolysis specific variables like the amount of
applied charge and the current density. Besides that, the impact
of sometimes considered minor factors like the stirring rate or

inter electrode distance might be surprisingly big in some cases
due to the electrolysis’ nature as an interfacial reaction.[12–14]

The resulting complexity creates the desire for systematic
optimization strategies that are capable of handling these
mostly non-linear systems we are confronting. When a One
Variable at a Time approach is insufficient, a common step
forward is using Design of Experiments (DoE) techniques that
include building a regression model, thus giving detailed
information about the system under investigation.[14–19] If multi-
ple combinations of substrates are to be considered, including
measured and calculated molecular parameters can be very
achieving but requires the use of more sophisticated ap-
proaches like predictive modeling methods (e.g. Multivariate
Linear Regression or Principal Component Analysis) and machine
learning.[20–22]

The mentioned methods require balanced experimental
data to produce good performing models. So, chemists must
tackle the paradigm of neglecting negative results and make
the same effort for bad as for good reactions to obtain high
quality data for both cases.[23]

Automated setups push the boundaries of quick generation
of data and flow-operation is preferred over batch mode in this
case. This is due to the relatively simple inclusion of inline
measurements, which allow for a real-time feedback for the
outcome of the reaction.[24] Using automated flow setups in
classical organic synthesis led to the development of highly
autonomous synthetic tools from self-optimizing setups using
active learning or optimization algorithms to fully AI driven
synthesis robots.[25–28] In this article we want to sum up how
these elaborate strategies can be applied to electrochemistry
for accelerated development of electrosynthetic pathways
towards highly value-added products.

2. Electrochemical Parameters

The parameter space for electroorganic reactions includes not
only parameters for classical organic synthesis, but also those
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required to describe the electrodes and the electrolyte system.
Including continuous and directly controllable parameters like
concentrations, ratios, temperature, or pressure as well as
categorical (non-continuous) parameters like the choice of
solvent, nature of the electrode material, reactants, or the
reactor setup.

Every mode of operation brings its own set of parameters:
In general, one must consider the electrode materials, their
geometry, their size, the distance between working- and
counter-electrode and, if used, the supporting electrolyte and
its concentration. In galvanostatic mode, the current density
and amount of charge are added to the list and in potentio-
static mode the voltage needs to be considered. An overview of
the parameters is given in Figure 1. Note that in some scenarios
(e.g. virtual screening or predictive modeling[20,21]) it is very
rewarding to consider additional supportive descriptors. The
latter might include information about electrolyte, electrode
material or intermediates involved in the reaction.

3. Optimization Strategies

In a fair number of cases optimization procedures follow the
One Variable at a Time (OVAT) principle. The experimenter
selects a start set of reaction conditions and optimizes step by
step, parameter for parameter. The idea behind this is already
anchored in school physics, just change one setting to know
where the systems change comes from, if there is any. This
brings up two problems, first what set of settings does one use

to start and less obviously, how does one quantify interactions
between parameters. The former can be dealt with by prior
knowledge, whereas the latter can only be remedied by a more
sophisticated optimization procedure.

In many cases, efficient optimization procedures can lead to
a better understanding of the investigated system with the
least number of experiments needed. Although the presented
tools do not give a direct insight into the mechanistic
concourse, they provide hints which parameters play significant
or even decisive roles. This knowledge can be used to sharpen
mechanistic proposals and deepen the understanding.

3.1. Design of Experiments

Design of Experiments (DoE) refers to a series of (experimental)
design patterns that help fulfilling these requirements and aim
providing an empirical model for the studied system. The
patterns are designed in such a way that for a given number of
parameters of a process to be investigated, the respective
cause-effect relationships with respect to one or more process
responses are determined with minimal experimental effort by
efficiently arranging the experimental points in the parameter
space. Their application encourages the experimenter to
consider various methods to maximize the amount of informa-
tion obtained while minimizing the influence of sources of
error.[29,30] It may seem difficult at first to apply DoE to one’s
own optimization problem but it turns out very rewarding
afterwards and there are many helpful and good introductions
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in literature.[29–31] While there are commercial software packages
on the market, there are also free Phyton or R projects that
have implemented the common designs and evaluations (e.g.
pyDOE[32] the DoE R-Plugin[33]).

Factorial designs are commonly used and easy to establish.
In their simplest form they comprise two levels for each
parameter and include every possible combination of the
settings of all parameters (two level full factorial design). To
tackle the large number of experiments in factorial designs with
big parameter sets, fractions of the full factorial design (frac-
tional factorial design) can often be used with minor impact on
the information obtained from the resulting model. In addition
to factorial designs there are designs that allow for the
application of models including higher order polynomial terms.
Central composite designs for example, may be constructed
from an initial factorial design to provide that feature.

While DoE has been successfully used as an optimization
tool in many areas of chemistry and has found a firm place in
the industry in the Six Sigma environment, it is underrepre-
sented in electroorganic synthesis. A representative selection of
DoE applications in electroorganic synthesis is shown in
Figure 2. Hilt and co-workers published their first DoE-based
optimization in 2018, in which they studied and optimized
anodic iodination reactions.[15] Although the initial linear
optimization quickly produced outstanding yields for the
example substrate, only moderate yields could be achieved for
their aimed substrate scope. By using a central composite
experimental design, they investigated three reaction parame-
ters (solvent mixture ratio, KI stoichiometry and applied charge)
in a total of 18 experiments. The data evaluation revealed a
second order interaction between the applied amount of
charge and the concentration of methanol, which is due to
overoxidation of the solvent at high methanol concentration
and excess charge. The optimized conditions allow the electro-
chemical conversion of various electron-rich and electron-poor
substituted arenes in good to very good yields.

In 2019 Wirth and co-workers combined their electro-
chemical flow cell with online 2D HPLC analysis in a DoE driven
optimization approach.[17] They exploited the memory effect of
chirality in N-aryl carbonylated amino acid derivatives under
non-Kolbe electrolysis conditions to generate enantiomerically
enriched alkoxylated amides via an acyliminium ion intermedi-
ate. The usage of desirability functions allowed a simultaneous
optimization of both targets, based on the same experimental
data set. They started with a fast linear screening of electrode
materials, substrate concentrations and flow rates, followed by
a fractional 25-1 design to cover the influence of the concen-
tration of starting material, applied charge, temperature, flow
rate, and—as a categorical parameter—the anode material
(graphite and glassy carbon). In a second step they used a full
factorial 23 design to fine tune flow rate, amount of charge and
temperature ending up with optimized reaction conditions with
yields up to 100% and enantioselectivities up to 70% ee.

Our group lately used a DoE driven optimization approach
to investigate the anodic C-C-cross coupling of 2-methoxy-4-
methylphenol and 2,4-dimethylphenol in flow electrolyzers.[19]

This transformation has been studied by our group for quite
some time in an OVAT approach, successfully scaling up to
larger electrolyzers.[34] However, the optimization of the yield
has always been difficult due to the high number of reaction
parameters involved. We then investigated the reaction in a
fractional factorial 27-3 experimental design, following the results
of linear optimization with respect to the parameter limits. Data
analysis revealed the presence of several two-factor interactions
that had complicated the OVAT optimization. The main effect
plots indicated an independence of current density and starting
concentration in the studied region, which allowed us to almost
triple the space-time yield, with an overall yield of up to 85%.

For the optimization of an anodic, salt-free synthesis of aryl
HFIP ethers our group again chose a DoE based approach. The
results were compared to the conditions optimized in an OVAT
fashion. For many of the substrates under investigation the new
DoE based conditions led to higher yields up to 59%, while

Figure 1. Common parameters and pathways in electrosynthetic processes. The system parameters are directly controllable by the experimenter and should
be considered during the optimization process. Supportive descriptors are useful to consider when large data sets are sought for (e.g. in machine learning),
they may also include parameters that describe the electrode material or components of the electrolyte.
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dropping the reaction times to about a third giving a more
convenient electrolysis overall. The application of factorial
designs in this case also revealed the stirring rate as a crucial
factor for the reactions outcome.[14,35]

Furthermore, our group used a DoE supported optimization
for the electrochemical oxidation of sodium iodide to periodate
at a BDD anode.[36] Previous methods of producing periodate
are based on the use of lead dioxide anodes, but they are
known to slowly decompose into solution during oxidation.
Therefore, expensive purification of periodate is necessary
before use as reagent for sensitive applications. Consequently, a
carbon anode-based alternative was highly desirable. In the
optimization of batch experiments, higher current density was
shown to have a positive effect on yield, but a full-factorial 24

design for scale up only achieved a yield of 60%. A
corresponding optimization of the reaction in a 12 cm2 divided
flow cell could be transferred to a cell with 48 cm2 anode area
without affecting the yield. Up to 98% para-periodate was
obtained at a current density of 100 mA/cm2. The obtained
periodate was suitable for the shortest syntheses of the anti-
epileptic drug levetiracetam.[10]

3.2. Principal Component Analysis

When working with complex systems and trying to consider
every possibly influential variable one might be confronted
with massive datasets. In this case a principal component
analysis might be the right tool for the job. In very simplified
terms, principal component analysis is an approach to reduce
the dimensionality of a given dataset by construction of a set of
principal components (PC) as linear combinations of the
variables contained in the original dataset. In this process, the
linear combinations are built to be as meaningful as possible,
i. e. they describe the variance as sufficient as possible. Simple
to use implementations of principle component analysis are
included in scikit-learn and statsmodels for example.[37,38]

An illustrative example is given from the field of quantita-
tive structure-property relationship (QSPR). The group of
Karelson and co-workers investigated a list of 774 solvents and
127 solvent scales (Figure 3).[39] The solvent scales used here are
multilinear regression equations as a function of descriptors
describing the solvents under consideration. The descriptors
come from different classes, such as constitutional, thermody-
namic or quantum chemical descriptors. They used a combina-
torial approach, utilizing existing experimental data and calcu-
lated descriptor values. For each solvent molecule they
determined the score on each solvent scale, ending up with a

Figure 2. Applications of Design of Experiments in electrosynthesis.[14,15,17,19]
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774×100 matrix. By PCA treatment of the latter they found the
first five principal components (PC) to account for 75% of the
total variance. The data can then be plotted with respect to the
principal components, resulting in a map of the solvent space.
The map made available by Karelson can be used, for example,
to find alternatives for solvents in one‘s own reactions by means
of visual inspection, or as a basis for optimization approaches
such as DoE, since here the solvent can be included as a quasi-
continuous parameter.

A similar approach was used by Sheppard and co-workers to
replace DMF as a solvent in an SNAr reaction due to non-specific
product selectivity (Figure 3).[16] As a data basis, they used a list
of 137 solvents with about 20 physical and calculated proper-
ties. The subsequent PCA showed the first 3 PCs to be
responsible for 70% and 4 PCs for 80% of the variance in the
data. The solvent space thus generated was then used as the
basis for a DoE assisted analysis, where the solvent can be
considered as a (semi)continuous variable. As far as we know,
there is still no corresponding counterpart to this procedure in
electro organic synthesis.

3.3. Predictive Modelling Based on Machine Learning

Machine learning refers to a collection of methods or
algorithms, building computational models. They help to
identify hidden patterns in data and usually the user aims for a
model that generalizes well, meaning it proves good precision
in predicting data that was unseen before.[40–42] It should be
noted that machine-learned models can only be as sophisti-
cated as the data they are fed with. Hence, to unleash the
power of machine learning, high-quality data are necessary,
which may constitute a bottleneck that requires careful
consideration.[43] On the one hand, the experimental generation
of new data is expensive. On the other hand, the vast pool of
published data is difficult to mine in an automated fashion due
to the heterogeneous nature of written resources.[44] Literature
data is also prone to be biased,[43] e. g., data from different
laboratories may be in disagreement with their associated
uncertainty of measurement. Pernot and Cailliez describe
approaches to identify and eliminate systematic errors of this
kind.[45] Regardless of these challenges, machine learning based
predictive modeling techniques have proven successful in
effectively every area of science and are widely used in
transition metal catalysis for reaction optimization and time
efficient search for new catalysts.[20,46] There exist many open-
source projects offering countless algorithms for this purpose
(e.g. scikit-learn,[37] scikit-optimize,[47] Tensorflow,[48] Phoenics[49]

and Gryffin).[50]

3.3.1. Descriptors and Model Validation

The idea is to link descriptors for reagents or catalysts to
experimental data. The space containing the experimental
results like yield, selectivity or turnover number is usually called
figure of merit (FOM). The data is split into a training, a test and
a validation set. The training set is used to build a correlation
between a FOM and the gathered data. The validation set is
then used to validate the predictions of the model. In practice,
a cross-validation procedure is often used for this purpose. In
the simplest case (k-fold cross validation[51]), the set of data for
training and validation is divided into k subsets of equal size.
Then k test runs are performed, with the i-th component being
used as the test set. The total error results from the average of
the individual test runs. The model created in this way has
never seen the data from the test set, so it is blind to it. This set
is used to test the predictive power of the model. Application
of model validation methods is crucial to avoid overfitting.
Especially, with small data sets it is possible that the model is
trained to simply “memorize” the data it was trained on and
therefore will not perform well on unseen data. In other terms
the model does not generalize well and is overfitted. If this is
the case, a larger data set might have to be established to
receive a better performing model.[40]

Depending on the included data, the model can be used for
virtual screening. Examples of this are models with descriptor
data in transition metal catalysis: New ligands are designed
with software support on the basis of design criteria, the

Figure 3. Examples for Principal Component Analysis applied to organic
chemistry. SPS stands for the corresponding first order regression model of
the respective solvent scale used by Karelson.[16,39]
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descriptors are determined, for example, in quantum mechan-
ical calculations, and the performance of the ligand is predicted
using the regression model.[52] In the laboratory, corresponding
complexes are then synthesized from all performance ranges
and the model is evaluated on the basis of the results. It is of
great importance not only to test “good” catalysts or “good
reaction conditions”, but to test the model in its entire
prediction range.[20] Correlation plots between quantum-chemi-
cally obtained descriptors and measured properties can give an
indication of different or similar system behavior. For example,
Nematollahi and co-workers were able to show an identical
electron transfer mechanism by linear relation of the HOMO
energies with the measured half wave oxidation potentials of
different catechol derivatives.[53]

If this concept is transferred to organic electrosynthesis,
properties of the substrate in the form of physical or calculated
descriptors could be used for virtual screening.

3.3.2. Multivariate Linear Regression

The group of Hilt and co-workers used multivariate linear
regression in the optimization of the electrochemical
trifluoroethoxylactonisation (Figure 4).[54] The aim of the study
was to obtain an experimentally inexpensive approach to
possible chiral mediators by multivariate modeling. Initially,
they investigated the parameter space of a test reaction using
iodobenzene as a mediator in a D-optimal screening design in
25 runs. This allowed them to increase the yield of the test
reaction from an initial 27% to 78%. In the next step, they
tested the performance of different commercially available
mediators using the optimized conditions of the test reaction
and built a regression model using the yields and theoretically
calculated descriptors of the mediators. They calculated
descriptor values for several more difficult to synthesize chiral
mediators, whose performance they predicted based on the
MLR model. Validation showed good predictive power of the
model and the first chiral mediator test showed a promising
yield of 56%. This doubled the yield previously known for this
chiral mediator.

3.3.3. Nonlinear Methods

The group of Ding and co-workers recently used cyclic
voltammetry (CV) to generate descriptors for electro-organic
synthesis (Figure 5). They used the onset potential, Tafel slope
and effective oxidation potentials to build an “electro-descriptor
diagram”. While CV studies are reasonably quick to conduct, it
still takes considerable experimental effort, thus forcing Ding
et al. to work on relatively small datasets up to 29 entries
including the test set. Machine Learning is especially appealing
when descriptors can be quickly and inexpensively generated.
Nevertheless, they applied a decision tree and a k-nearest
neighbors algorithm to the obtained data from the model
reactions, using 60% of the data as a training set and 40% for
testing. The chosen methods are typically used for classification

tasks and incorporate different strategies to solve them.[40] They
demonstrated that the electro-descriptors could be used to
identify a hot zone leading to good reaction outcomes and
they were able to separate reactive and nonreactive species.[55]

It should be noted that except for the case of TEMPO-mediated
oxidative dehydrogenation of N-heterocycles, for preparative
scale electrolysis a constant potential was used. In the
economically more interesting form, electrolysis at constant
current, the potential is raised to the desired current flow. This
complicates the modeling, since the oxidation and reduction
potentials of the other substrates and the reaction products, as
well as the kinetics of these electron transfer reactions and the
subsequent reactions must also be considered. Furthermore, CV
only maps the situation at the electrode, but is largely oblivious
to subsequent reactions in the bulk or at the transition to the
stagnant layer.[56]

Modestino and co-workers successfully used an artificial
neural network to optimize a pulsed electrolysis of acrylonitrile

Figure 4.Workflow of Hilt for virtual screening of various iodine mediators
for the electrochemical trifluoroethoxylactonization reaction. First, the test
reaction was optimized using iodophenol by means of DoE. With the
optimized conditions, different iodine mediators were tested and linked to
quantum chemical descriptors by the means of MLR. A possible chiral
mediator was used in the reaction according to its descriptor-dependent
scoring, doubling the literature-known yield for the latter.[54]
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regarding the production rate of adiponitrile and the selectivity
of the reaction (Figure 5). This class of algorithms is certainly
the most popular today. This is due to its great versatility,
flexibility and state of the art performance in finding complex
patterns. Though, it should be noted that the application of a
neural network requires careful handling of several hyper-
parameters and that they tend to overfit easily if not used

properly.[40] The initial optimization in an OVAT fashion led to an
increase in selectivity of 250% and production rate of 20%
compared to the non-pulsed electrolysis, proving the superi-
ority of their process. Applying a 2-layer feed-forward neural
network with 9 hidden neurons, the improvements could be
raised even further to 325% and 30%, respectively. Thus,
impressively illustrating the networks use in the optimization
process even though only a small dataset of 16 data points was
used. It should be noted again that the received model has to
be critically inspected when working with these small data sets
to ensure reasonable generalization.[40] The data was split to
70% training set, 15% test set and 15% validation set.[57]

When using elaborate optimization strategies like the ones
described here, it is simple to extend the targeted goals by
defining a desirability function that contains the weighted
measures sought to be optimized. Szekely and co-workers used
this approach to design a sustainable electrochemical process
for the synthesis of a ZIF-8 metal-organic framework (Figure 5).
They included measures for product quality and yield as well as
the process’ sustainability (carbon footprint, E-factor, energy
consumption) in the desirability function. A Support Vector
Machine (SVM) was used for modelling with the experimental
data of an initially run DoE. The data set obtained via the DoE
consisted of 27 runs and cross validation was used to tune the
SVMs hyperparameters. The resulting model was then used for
parameter optimization. Two approaches were compared, one
running grid search on the model, the other using an evolu-
tionary algorithm. The constructed desirability function was
used as the figure of merit.[58]

3.3.4. Automation and Autonomous Optimization

In other areas of synthetic chemistry, machine learning
techniques have been used to greater extent.[22,28,42] Jensen and
co-workers accomplished almost full automation of a robotic
flow synthesis platform for organic compounds. The whole
process included several artificial neural networks and a Monte
Carlo tree search algorithm for synthesis planning.[25] Using
literature data for modelling in this big data fashion requires
one to carefully consider the bias in literature toward reporting
positive results only.[25,59] The reactor used by Jensen et al. is
modular and reconfigured by a robotic arm, leaving only some
refining during the recipe formulation to the user.[25] It should
be highlighted that, if applicable, flow operation is the
preferred mode for a high degree of automation and online
reaction monitoring in this case.[24,26–28] The latter was not
implemented by Jensen et al. due to their work’s focus on
synthesis planning and not the optimization of a given
reaction.[25]

Implementation of a feedback loop enables autonomous
optimization procedures using active learning algorithms. Felpin
and co-workers used a simplex algorithm to autonomously
optimize the C� H arylation of indole-3-acetic acid derivatives
reaching yields up to 89%.[28] The Doyle group recently
demonstrated the use of Bayesian optimization algorithms for
chemical reactions in a striking way. After initial development

Figure 5. Examples for the application of machine learning in
electrochemistry.[55,57,58]
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and tuning on experimental data from literature on two
palladium-catalyzed cross-coupling reactions, they collected
results from 1728 HTE experiments covering the complete
search space previously defined. Again, a palladium-catalyzed
cross-coupling reaction was used for this part of their studies.
The whole experimental dataset was then used to develop a
quiz game to collect input by chemists with it. Afterwards the
human optimization attempts and the Bayesian optimizer were
compared, showing that both performance and variance of the
algorithm were superior. While no truly autonomous optimiza-
tion was employed here, it was simulated on the already known
results from the HTE campaign.[60]

4. Conclusion

We see great potential in the application of modern optimiza-
tion methods in organic electrosynthesis. Simple OVAT ap-
proaches just seem inappropriate for the complex nature of
electroorganic conversions. DoE helps to understand cause-
effect relationships and multiparameter interactions not re-
solved in OVAT. It also offers adequate solutions for systems
with slightly higher amounts of parameters. When working with
large datasets principal component analysis is a handy tool to
narrow down the dimensionality of the parameter space while
still maintaining reasonably accurate representations of the
higher dimensional space. Thus, PCA can help to systematically
include solvents in optimization methods as described above.
Predictive modeling can be used to broaden the optimization
scope by incorporating substrate derived descriptor data. Using
machine learning opens countless other options from computer
assisted synthesis planning to fully autonomous self-optimizing
flow reactors.

In many cases, combinations of the described methods can
be found in literature since there are manifold challenges in
chemistry that sometimes ask for multiple steps and different
tools to appropriately solve them. In order to apply these
approaches, a paradigm shift has to happen. The information of
both, well working as well as inferior experiments is needed for
balanced data sets and therefore well performing models.
Therefore, the results for both have to be of the same quality.
Well, efficient working synthetic chemists often discard the runs
if they see it is not well working. Therefore, old sets of
experiments cannot easily be exploited for these statistical
methods, because half of the information is already lost.
However, with these modern statistical tools the field of
electroorganic synthesis will be propelled into a new era of
time and cost-efficient screening and optimization.
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