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SUMMARY

Bayesian optimization (BO) is a strategy for global optimization, based on iterative refinement of a machine 

learning model. This algorithm can aid chemists in finding the highest possible reaction outcome (e.g., yield, 

er, or turnover frequency) from a relatively small number of experiments. In recent times, BO has garnered 

great interest in the organic synthesis community as a computer-guided method to increase the efficiency 

of reaction optimization. This method complements design of experiments (DoE) and traditional ‘‘one vari

able at a time’’ (OVAT) experimentation. However, beginning a BO campaign can be an intimidating prospect 

to an organic chemist. To lower the barrier of entry, we wish to share some insights gleaned from experience 

using BO for reaction optimization.

INTRODUCTION

Academic chemists often rely on ‘‘one variable at a time’’ (OVAT) 

optimization campaigns (Figure 1), in which a single variable is 

changed, and a reaction target, often the yield, is measured until 

the best value is discovered. However, OVAT results in both inef

ficient sampling and a high likelihood of missing optimal experi

mental conditions, as only thin slices of the reaction space can 

be assayed and synergistic effects between variables are 

entirely ignored (Figure 1).1 These are especially relevant for 

complex systems such as the ones handled in catalytic 

reactions.

There are several alternatives to OVAT, including design of 

experiments (DoE) and Bayesian optimization (BO) (Figure 1).2

In contrast to DoE, BO is incredibly flexible; campaigns can 

be augmented on the fly. Furthermore, conclusions can be 

drawn after exploring a relatively small region of a given 

search space, allowing a chemist to consider much larger 

search spaces. BO is especially advantageous in mixed search 

spaces with both categorical and continuous variables that are 

more challenging for DoE. BO (and DoE) is less popular than 

OVAT, partly because of a misconception that it requires 

specialized statistics and programming knowledge. This 

work is intended to dispel such misconceptions and provide 

a guide to initializing and conducting a BO campaign, targeted 

to organic chemists. For discussion of more technical aspects 

of BO for chemical reaction optimization, we refer to the 

literature.3,4

THE BIGGER PICTURE The development of new chemical reactions often commences with experiments 

that are conducted based on procedures from textbooks and manuscripts. The goal is to find conditions 

that provide high-performing reaction outcomes. However, relatively little attention is focused on reaction 

optimization as a topic, and many research chemists are unaware of state-of-the-art tools for optimiza

tion. In academic chemistry, intuition-based optimization is the norm, despite mounting evidence that re

action modeling and algorithmic techniques are more efficient. The use of data-driven techniques has 

the potential to not only streamline optimization campaigns but also discover improved conditions 

compared with conventional methods. This is especially relevant for complex systems such as the 

ones handled in catalytic reactions. Bayesian optimization (BO) supplies an interesting and flexible solu

tion to this universal problem in synthetic chemistry. This field is also ripe for further investigation to un

derstand how to best apply BO. Wise utilization of this technique is paramount, as the potential chosen 

parameters and specified levels are infinite. This article is intended to be a starting point for curious 

chemists! 
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GENERAL OVERVIEW

BO includes a surrogate model, which provides predictions of 

the objective values across the search space (collection of 

considered reaction conditions). This objective is often the reac

tion yield, but it can also be a selectivity, catalyst turnover num

ber, or other targets of interest. Notably, multiple objectives can 

also be optimized at the same time. The information from the sur

rogate model is then used by an acquisition function, which pro

vides new experimental suggestions by finding a compromise 

between exploitation of high predictions and exploration of 

undersampled regions. The surrogate model and acquisition 

function are already implemented in software packages for BO 

and ready for use. The user only needs to define the search 

space and objectives to initialize an optimization campaign. 

The optimizer will provide experimental suggestions, while the 

chemist heads into the lab to perform the experiments and 

then inputs the new yields into the optimizer to obtain new sug

gestions (Figure 2).

Choosing an optimizer

Options abound, ranging from user-friendly apps like JMP 19,5

which now features BO, to Python packages, which provide ulti

mate flexibility, some of which have graphic user interfaces 

(GUIs) and interface with a webpage.

JMP 19 is an app that is free for academics and now has a BO 

feature. This has the benefit of automatically displaying data in a 

digestible format and being readily accessible for chemists who 

are already familiar with using JMP for DoE.

While JMP is a general-purpose data science program, Py

thon-based BO algorithms were specifically designed for optimi

zation in chemistry and can, therefore, be better equipped to 

handle the data and objectives that are used in this field. Python 

knowledge is optional when using established BO packages, 

but learning some basics can be helpful (e.g., common Python 

libraries like pandas). To set up a Python-based algorithm, the 

user should first install a package management system for Py

thon, such as miniconda.6 Next, the user should download the 

algorithm code from GitHub. The respective GitHub pages are 

accompanied by installation instructions. Typically, these involve 

opening the terminal in the root folder of the algorithm and 

executing terminal commands to create, activate, and install 

required packages into a virtual environment. Similar to how 

each room in a home is equipped with tools for certain tasks 

(e.g., cooking utensils in a kitchen), a virtual environment pro

vides the tools to run a specific program, in this case a BO 

campaign. The environment has to be installed only once and re

quires simple re-activation whenever the user wants to execute 

the BO program. The GitHub sites of the BO algorithms also pro

vide usage examples. Replacing the search space variables with 

the desired ones (vide infra) and executing the code allow the 

user to get experimental suggestions. Popular BO frameworks 

for chemistry include EDBO+ (featuring mono and multi-objec

tive optimization),2,7 Web-BO,8 BayBE (boasting substantial 

documentation),9 and Gryffin.10 The first two listed examples 

also include a web app interface for a codeless interaction with 

the respective program. For reviews comparing some of these 

optimizers in more depth, we refer to the literature.11

Creating a search space

Once an optimizer has been chosen, the next task is to define 

the search space, which spans the range of reaction conditions 

that are considered. Here is where chemical intuition has a 

place to shine by considering prior experiments and literature 

knowledge. Categorical variables (e.g., solvents, pre-catalysts, 

and ligands) can be implemented alongside continuous vari

ables (e.g., reagent loadings, temperature, and light wave

length). The initial creation of the search space does not have 

to be a fraught decision, as the campaign can easily be paused 

and augmented at any point throughout the campaign. A 

search space for a BO campaign can be much larger than a 

search space for an OVAT or a DoE campaign. While there is 

no strict limit for the maximum size of the search space, a larger 

space requires more experiments to be explored. Search 

spaces consisting of tens of thousands or even hundreds of 

thousands of experiments12 can often be explored in a reason

able number of experiments.

The basis of predictive modeling in chemistry is the descrip

tion of the chemical context (such as molecules or reaction con

ditions) using machine-readable descriptors and their correlation 

with the output labels to establish a model that can learn these 

correlations and make predictions. In the context of BO, the 

Figure 1. Depiction of OVAT optimization versus computationally aided optimization techniques
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conditions and objectives are described using numerical values. 

However, there are different strategies that can be pursued. Set

tings for continuous variables are straightforwardly defined as 

their numerical values, but categorical variables can be trickier 

to interpret as they also need to be transformed to a numerical 

representation for the BO algorithm. One available avenue is to 

define variables with one-hot-encoding (OHE), which simply as

signs each variable setting a vector that is equidistant to the 

other possible settings. OHE is the default handling of categori

cal variables in many algorithms but contains no chemical infor

mation due to the equidistant treatment. However, it is still 

possible to embed some chemical insights using this technique 

by OHE of multiple aspects of one variable. For instance, when 

featurizing different pre-catalysts (e.g., Pd(PPh3)4, Pd2(dba)3, 

and Pd(OAc)2), the metal charge and ligand identity could be 

treated separately with OHE so that the algorithm would have 

increased information about the difference between the Pd 

pre-catalysts. More chemical information can be encoded by us

ing cheminformatics approaches, such as RDKit featurization13

or Mordred descriptors,14 which are sometimes bundled into 

the software package for BO. These features describe molecules 

through predicted properties such as logP and counts of certain 

functional groups. Chemists can also use density functional the

ory (DFT)-based featurization to encode categorical variables 

representing distinct chemical compounds. DFT features consist 

of calculated physiochemical properties such as orbital en

ergies, atomic charges, and steric shielding at specific atoms. 

It has been shown that such features can lead to improved BO 

performance,2 but they are also more expensive to compute. 

There are tools available for efficient automation of DFT calcula

tions to featurize these categorical variables, such as Auto- 

QChem.15 DFT descriptors can also be approximated by 

calculating similar descriptors at a lower level of theory16 or by 

predicting them using machine learning models.17

Defining the objectives

In the context of a reaction optimization, the most classical target 

objective is the reaction yield, defined on a linear scale with per

centages from 0 to 100. Due to this nature, yield values can be 

directly fed into a BO model without any issue. Optimization ob

jectives in organic chemistry can, however, also be many 

different other metrics such as the absorption property of a 

metal-organic framework18 or the delivery performance of bioac

tive material by polymers.19 Additionally, multiple objectives 

might be optimized simultaneously by BO. This can, for instance, 

be helpful when considering asymmetric reactions in which both 

yield and enantioselectivity are important.7 In such scenarios, 

BO algorithms try to find optimal tradeoff points between the 

two objectives via the so-called Pareto front, instead of opti

mizing them separately. When modeling selectivities such as 

enantioselectivity, it is also worth noting that it is preferred to 

input the objective values as differences in Gibbs free energy 

instead of using enantiomeric excess (ee) directly. This is due 

to the non-linear nature of the ee scale that is more challenging 

to model.20

Notably, the objectives can also be optimized for minimization, 

instead of maximization, by providing appropriate input informa

tion to the BO algorithm. This could, for instance, be useful when 

thinking about how to reduce the cost of a reaction.7

Initialization methods

BO is mostly agnostic to the initiation of the optimization 

campaign. However, an important consideration is that the algo

rithmic modeling depends on the available prior data. If all prior 

experiments performed very poorly, the algorithm will predict 

the same low performance across the search space. The algo

rithm, therefore, performs best if some hit result has already 

been obtained at the start of the campaign. A chemist could start 

with some initial experiments using OVAT or DoE methods and 

then use the data obtained to begin a BO campaign. Alterna

tively, the campaign can also be initialized using pseudo- 

random21 or geometric sampling methods7 that are integrated 

into different BO algorithms and automatically executed when 

there is no prior data. This flexibility in the initiation distinguishes 

BO from DoE, as any set of data can be used to start a campaign 

or augment an ongoing one.

Technical aspects

While the surrogate model and acquisition function do not have 

to be modified in a standard BO campaign, we provide a short 

summary here. For more details, we refer to resources in the 

literature.3,4

Figure 2. Bayesian optimization workflow
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In the language of BO, the ground-truth reaction yield surface is 

the objective function. Because the objective function is un

known, BO algorithms use a surrogate model to approximate 

the objective function and predict outcomes for data points that 

have not yet been sampled. Thus, surrogate models are, in 

essence, structure-reactivity relationships, which many synthetic 

chemists may already know in the form of concepts like linear free 

energy relationships.22,23 Approaches vary on the basis of the 

featurization strategy, the prediction target, and the mathematical 

relationship used to connect the two. In the context of BO for 

chemical reactions, the most used surrogate model is the 

Gaussian process, but other popular methods include random 

forests and Bayesian linear regression. Many BO packages pro

vide the option to customize these surrogate models. Doyle and 

coworkers collected evidence that the Gaussian process surro

gate model is superior to a random forest surrogate model.2

The acquisition function chooses the next set of experiments, 

using a combination of exploration and exploitation. Exploration 

is forging outside the known regions and trying new conditions 

about which the algorithm has little information, thus reducing 

model uncertainty. Exploitation is the sampling of points that 

are expected to possess a high yield, which may lie close to 

points that have already been tested. This dual strategy enables 

global optimization, instead of staying fixed on an initially found, 

potentially local, maximum. It also means that some experi

ments are mainly explorative in nature. Poor results of some 

suggested experiments, therefore, do not have to indicate that 

the campaign is failing but that they help decrease the model 

uncertainty for future rounds.

Godineau and Braconi24 compared different acquisition func

tions (‘‘expected improvement’’ [EI], ‘‘Thompson sampling,’’ and 

‘‘upper confidence bound’’) for a reaction optimization 

campaign, and their results suggested that EI found a higher 

maximum for their campaign. Doyle and coworkers also bench

marked several acquisition functions and found that EI was the 

most successful.2 EDBO+ uses EI as its default acquisition func

tion, whereas Merck’s BayBE package uses ‘‘upper confidence 

bound’’ as its default acquisition function.

Standard acquisition functions are compatible with providing 

multiple suggestions per round, and software packages provide 

the batch size as an algorithm variable. The user can define the 

batch size based on experimental constraints, as BO can 

tolerate batch sizes up to 96-well high-throughput experimenta

tion (HTE) plates.21 Notably, the modeling quality improves with 

the number of the provided prior results. Therefore, the batch 

sizes should be kept smaller if the total experimental budget is 

limited so that the BO algorithm can be updated more often. 

For standard organic chemistry practice, we personally prefer 

batch sizes between 5 and 10.

Ending the campaign

The simplest endpoint to a campaign is when conditions are 

found that are satisfactory for the user. The BO acquisition func

tion also provides metrics that can give the chemist insight into 

the value of continuing the optimization campaign. For instance, 

with EI, expected improvement values are produced. Decrease 

in the expected improvement value for unseen conditions signals 

that the likelihood of finding a higher yield in that search space is 

also decreasing. The chemist can use these data to determine 

when to end the optimization campaign.25–27 Alternatively, 

decreasing expected improvement values can be used as a 

signal to modify the search space to find more suitable condi

tions. For example, in a study on the flow synthesis of pyridinium 

salts,28 the authors noticed low expected return values after 

several rounds of experiments. As the most promising experi

mental results favored high temperatures, the authors extended 

their search space to even higher temperatures and were able to 

improve their reaction outcome after more experiments.

Example applications

The power of BO in reaction optimization is illustrated by suc

cessful application in challenging catalytic settings. In a study 

from Sigman, Doyle, Genentech, and co-workers (Figure 3) on 

a stereo-convergent nickel-catalyzed enol tosylate reduction,27

the authors show that the reduction of stereo-undefined enol to

sylates can lead to either E-alkenes or Z-alkenes based on the 

nature of the ligand and further reaction parameters. After 

manual optimization and an extensive ligand screen by HTE, 

the yield for the Z-selective reaction was only 50%. The authors 

turned to BO for further optimization using a mixed featurization 

approach to describe the categorical reaction parameters. In 

particular, the ligand was described using three steric 

Figure 3. Example application of Bayesian optimization in catalysis
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descriptors that were identified in a related prior study as being 

important for reactivity. The solvent was described by its dielec

tric constant. Finally, the alkylmetal species, which functions as 

a reductant, was described by variables that were chosen by 

chemical intuition such as the number of β hydrogen atoms. 

As the authors were not only interested in the yield of the Z- 

alkene product but also that it is formed in high stereoselectivity 

(to facilitate isolation), the percentage of Z product in the crude 

alkene mixture was used as a second reaction objective in addi

tion to the Z-alkene yield. Using this setup, the authors used ex

isting experimental data from prior optimization attempts as an 

initial input for the BO campaign. After five rounds of five exper

iments selected by BO, the yield was improved to 92%, with a 

contaminant improvement in selectivity from 81:19 Z/E to 

88:12 Z/E.27

In a second example, Luo, Yang, and co-workers reported an 

aldehyde α-alkoxylation under cobalt- and amine-co-catalysis, 

in which they aimed to maximize two objectives: reaction yield 

and enantioselectivity (Figure 4).12 The reaction was optimized 

using different strategies. In manual optimization, optimized con

ditions were found after more than 200 experiments. In parallel, 

the authors conducted a BO campaign starting from a very large 

search space of more than one million experiments. The authors 

opted to optimize only categorical variables (cobalt and amine 

catalysts, additive, and solvent), all of which were featurized us

ing a broad range of DFT descriptors. After initial experimental 

batches, this search space was pruned to ca. half a million sam

ples by removing variable settings that appeared to be unprom

ising based on the experimental data. After further batches, the 

search space was again reduced, and promising new options 

were added based on the observations (space of 114,400 exper

iments remaining). This stepwise strategy resulted in optimized 

results after a total of 83 experiments that were also better 

than the conditions of the manual campaign (+7% yield 

and +2% ee). The authors then also tested whether the data 

from the manual campaign can be used as a starting point for 

a BO campaign to improve the results. To this end, they started 

a separate campaign and used the top 45 results from the 

manual optimization as initial samples. After 15 total samples, 

the algorithm found conditions that improved yield by 4%.12

CONCLUSION

Although the term ‘‘Bayesian optimization’’ was coined in 1970 

by Jonas Mockus,29 this statistical technique was adopted for 

Figure 4. Comparison of Bayesian optimi

zation and manual optimization of a chemi

cal reaction

chemical synthesis much more recently. 

An early pioneer in this field is the 

Aspuru-Guzik group, which developed 

packages such as Gryffin and 

Anubis.10,30 Notably, these packages 

required some knowledge of Python for 

their operation, which posed a substan

tial obstacle for organic chemists. Over the past few years, 

many alternative ways of implementing BO without prior pro

gramming experience have been developed. For instance, BO 

is now available in web apps or as a feature in JMP 19. The 

accessibility of this technique for synthetic chemists has greatly 

increased over time, enabling broader adoption.

Commensurately with the increase in accessibility and interest in 

this technique, creative approaches have evolved to applying BO 

for a range of situations. For instance, BO has been applied for 

‘‘telescoped’’ continuous flow synthesis, in which material is carried 

through synthesis without the purification of intermediates.31 These 

types of situations in which chemical information can be sparse and 

difficult to interpret are ideal for the implementation of BO. Looking 

into the future, BO is a useful tool for researchers developing 

closed-loop ‘‘self-driving laboratories,’’ in which both experimenta

tion and data-driven decision-making are automated.11,32
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