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ABSTRACT
Bayesian optimization is a stochastic, global black‐box optimization algorithm. By combining Machine Learning with decision‐
making, the algorithm can optimally utilize information gained during experimentation to plan further experiments—while

balancing exploration and exploitation. Although Design of Experiments has traditionally been the preferred method for

optimizing bioprocesses, AI‐driven tools have recently drawn increasing attention to Bayesian optimization within bioprocess

engineering. This review presents the principles and methodologies of Bayesian optimization and focuses on its application to

various stages of bioprocess engineering in upstream and downstream processing.

1 | Introduction

In science and engineering, progress and uncovering new
knowledge depend on systematic experimental investigation of
complex systems. Especially in biological systems, where the
prediction accuracy of experimental outcomes is highly data‐
dependent, the approach to experimentation has evolved
significantly over time. The most straightforward systematic
experimental design is the One‐Factor‐At‐a‐Time (OFAT)
approach, which involves altering a single variable within a
system while keeping the others constant and observing the
system's response to each alteration (Daniel 1973). However,
while being straightforward and intuitive, by design, the effect
of only one variable on the system is observed (Razavi and
Gupta 2015). Furthermore, the limitations of manually execu-
table experiments are quickly reached in multifactorial systems,
as the number of total experiments increases exponentially
with the number of parameters to be screened. This led to the
statistical Design of Experiments (DoE) method, which con-
stitutes a significant improvement introduced by Ronald

Fisher in 1935 (Fisher 1935) and further refined by George
Box in 1951 (Box and Wilson 1951). By introducing response
surface models, DoE became a new experimental design and
optimization standard.

In general, a response surface model is an empirical represen-
tation of the effect of several input variables on a target response
fit using regression techniques based on experimental data. The
choice between linear, polynomial, or other model forms
depends on the complexity of the process studied. This choice
directly influences the sampling strategy, ranging from full
factorial designs for simple systems to fractional factorial or
central composite designs for more complex interactions. Full
factorial designs cover all factor combinations but are often
impractical for studies with many variables, leading to the use
of fractional designs that sample a subset of combinations to
identify main effects and interactions efficiently. Central com-
posite designs further refine the approach for quadratic models,
optimizing the exploration of nonlinear relationships (Szpisják‐
Gulyá's 2023).
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However, a limitation of DoE is that it requires a predetermined
mathematical model, such as a linear or polynomial, from the
start. It creates a bias that may not accurately reflect the un-
derlying system dynamics (Razavi and Gupta 2015). Further-
more, traditional DoE methods tightly integrate sampling and
result analysis, limiting the flexibility to adapt to new findings
during the experimental process. This approach can limit
responsiveness to new findings, hindering immediate adjust-
ments based on experimental outcomes (Greenhill et al. 2020).
Iterative extensions of classical DoE methods, such as sequen-
tial optimal designs address these issues by incorporating new
data into the design process (Goos 2006; Wynn 1970). These
approaches improve model accuracy and efficiency in identi-
fying optimal solutions. However, complementing both tradi-
tional and iterative DoE methods, adaptive experimentation
methodologies provide a broader framework that evolves based
on real‐time data and insights. Adaptive methodologies often go
beyond refining models to explicitly guide exploration and ex-
ploitation in experimental designs. This adaptive approach en-
ables scientists to adjust to new findings during experiments.
The following samples can be taken from previously unexplored
areas that are likely to yield maximum or minimum values or
represent a compromise. Adaptive sampling methods could lead
to finding the optimal solution more quickly while reducing the
number of experiments (Jin and Kumar 2023).

In recent years, Bayesian optimization (BO) has emerged as a
logical progression to traditional DoE methods. Initially
postulated by Jonas Mockus in 1975 (Močkus 1975) and
gaining prominence in the 2010s for optimizing neural net-
work hyperparameters (Snoek et al. 2012), BO integrates
Machine Learning with adaptive sampling into a flexible,
model‐based global optimization algorithm. BO, like DoE,
relies on an underlying mathematical model. Often, this
model takes the form of Gaussian processes (GP), which are
highly flexible, non‐parametric models capable of represent-
ing complex, nonlinear relationships without requiring a
predefined functional form. They are very effective with
small datasets and stochastic noise, while their ability to
quantify uncertainty enables BO to dynamically balance ex-
ploration and exploitation during optimization. This makes
BO efficient in identifying optimal solutions with minimal
experimental effort (Frazier 2018).

BO's versatility and efficacy in addressing complex optimi-
zation challenges have been demonstrated across various
fields, including materials science (Jin and Kumar 2023;
Zhang 2021; Rohr et al. 2020; Chepiga 2023; Frazier and
Wang 2015), chemical reactions (Pickles 2024; Zhang 2024),
protein engineering (Hu et al. 2023), neuroscience (Choinière
2024) and improving cookie recipes (Daniel Golovin 2017),
among others.

However, to date the application of BO in bioprocess en-
gineering remains relatively underexplored compared to
traditional Design of Experiments methods (Kasemiire 2021).
This review article first outlines the concept of BO, providing
a comprehensive overview of its principles and methodolo-
gies. Then, we provide a detailed review of the current lit-
erature on the application of BO to problems in bioprocess
engineering.

2 | Bayesian Optimization: A Sequential Model‐
Based Approach

BO is an advanced global optimization framework combining a
probabilistic surrogate function and an acquisition function.
The surrogate function estimates the objective function's
behavior using existing data, turning the objective function into
an easier‐to‐evaluate surrogate. Conversely, the acquisition
function strategically determines new sampling points, balanc-
ing the exploration of new areas against the exploitation of
known high‐value regions guided by the surrogate model.

The central idea of BO lies within Bayes' theorem (Bayes 1763),
which updates the surrogate model iteratively with new data.
Bayes' theorem is expressed as

P A B
P B A P A

P B
( | ) =

( | ) ( )

( )
(1)

where P(A | B) is the posterior probability of the parameters A
given the data B, P(B |A) is the likelihood of the data B given
the parameters A, P(A) is the prior probability of the parame-
ters, and P(B) is the probability of the data.

This theorem mathematically demonstrates how existing
knowledge is updated, allowing for a dynamic and iterative
learning process. This approach diverges from the traditional
DoE by considering uncertainty and incorporating a decision‐
making policy. Both workflows are presented in Figure 1.

In the following paragraphs, surrogate functions and acquisi-
tion functions are introduced.

2.1 | Surrogate Function

BO uses a surrogate model to approximate the unknown black‐
box function f, with the GP model being the most popular due
to its natural element of uncertainty quantification and its
flexibility (Rasmussen and Williams 2006). The GP surrogate
model is defined by a mean function m(x) and a covariance
function, or kernel, k(x,x′), articulated as

∼f x m x k x x( ) GP( ( ), ( , ′)) (2)

The mean function m(x) represents the average output of the
function f(x) across the design space, often assumed to be zero
for simplicity in many applications.

The kernel function k(x,x′) defines the covariance between any
two points x and x′ in the input space, capturing a measure of
similarity between them. This similarity determines how re-
lationships in the data are modeled, impacting the GP's ability
to represent smoothness and variability in f(x) (Garnett 2023).
Kernels are particularly powerful because they implicitly map
inputs into a high‐dimensional (or even infinite‐dimensional)
feature space without explicitly performing the transformation.
This is achieved through the kernel trick, where the kernel
function directly computes inner products in the feature space.
In this way, complex, nonlinear patterns in the input space can
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be represented as simpler, linear relationships in the implicit
feature space, enabling GPs to model a wide range of functional
behaviors without requiring explicit parameterization of f(x)
(Rasmussen and Williams 2006).

The choice of kernel governs the GP's flexibility and adapta-
bility, with different kernels encoding assumptions about
smoothness, variability, or periodicity (Rasmussen and
Williams 2006). For example, a commonly used kernel is the
squared exponential (SE) function, also known as the radial
basis function (RBF), defined as



 


k x x x x( , ′) = exp −

1

2θ
| − ′|

2
2 (3)

where θ is the length scale parameter controlling the smooth-
ness of the function. Another important class of kernels is the

Matérn kernels, a generalization of the RBF kernel, providing
additional flexibility through the smoothness parameter ν
(Rasmussen and Williams 2006). This parameter controls the
differentiability of the modeled function and a particularly
useful variant of the Matérn kernel occurs when ν= 5/2. This
specific case offers a good balance between smoothness and
computational traceability and is also commonly used besides
RBF (Snoek et al. 2012).

While GPs are highly flexible and effective, their computa-
tional cost scales cubically (O(n3)) with the number of data
points n. This is because GPs involve the inversion of an n × n
covariance matrix during training, making them less suitable
for very large datasets. Approximations such as sparse GPs or
inducing point methods can mitigate this issue, but trade‐offs
in accuracy may occur (Csató and Opper 2002; Wang and
Chen 2023).

FIGURE 1 | Comparing the sequence of DOE versus BO: Statistical design of experiments typically follows a structured approach, often using

models like Response Surface Methodology to analyze relationships between variables. DOE can include iterative cycles, enabling refinement of

experimental designs based on initial results. BO, by contrast, adopts an inherently adaptive strategy, using a probabilistic surrogate model and

acquisition function to dynamically guide experiments.
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As BO relies on a model's ability to quantify uncertainty for
efficiently searching for optimal solutions, every model offering
this ability could be used as a surrogate. Although GPs are often
the preferred choice due to their inherent probabilistic nature,
other models such as Random forests (Qi et al. 2024) and
Bayesian neural networks (Snoek 2015) can be adapted for BO.
Additionally, deep ensemble methods can provide uncertainty
estimates by analyzing the variance in predictions from multi-
ple models. Even non‐probabilistic models can be integrated
into BO using surrogate methods or prediction errors to
approximate uncertainty (Westermann and Evins 2020).

It is worth noting that the reliability of uncertainty quantifica-
tion depends heavily on the choice of hyperparameters, priors,
and model structures. While optimization routines like mar-
ginal likelihood maximization reduce subjectivity, these choices
still rely on domain knowledge and assumptions, which can
influence the results (Snoek et al. 2012).

2.2 | Acquisition Function

As the decision‐making strategy, acquisition functions in BO
determine the next point to query in the optimization process.
They utilize the mean µ(x) and uncertainty σ(x) predictions
from the GP model as a basis for optimization. A balance is
typically sought between exploiting areas with a known high
objective mean and exploring regions with significant uncer-
tainty (Greenhill et al. 2020). The principle is illustrated in
Figure 2. Based on this trade‐off, acquisition functions are
classified into three primary categories: improvement‐based,
optimistic, and information‐based (Jin and Kumar 2023).

Improvement‐based policies prioritize candidates expected to
improve upon the current optimum. The Probability of
Improvement (PI) is an example and is formulated as











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t t
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where µt(x) represents the predicted mean of the objective
function at point x, f(x+t) is the current maximum observed
value of the objective function, ξ is a small positive number to
encourage exploration by prioritizing regions with higher
uncertainty, σ(x) indicates the model's predicted standard
deviation or uncertainty at point x and Φ is the cumulative
distribution function of the standard normal distribution. This
balances the exploration of unknown regions with the ex-
ploitation of known promising areas (Kushner 1964).

The expected improvement (EI) is another improvement‐based
acquisition function that considers both the likelihood and the
expected magnitude of improvement over the current best
observation. It is defined as

( )( )EI x x f x Z x Z( ) = μ ( ) − Φ( ) + σ ( )ϕ( )t t t
+ (5)

where
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Z

x f x
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+
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represents the standardized distance between the predicted
mean µt(x) at point x and the current maximum observed value
f(x+t), scaled by the predicted standard deviation σt(x) at point x.
This standardization transforms the difference into a dimen-
sionless quantity, allowing it to be used directly in the calcu-
lations of Φ and ϕ, where Φ is the cumulative distribution
function and ϕ is the probability density function of the stan-
dard normal distribution (Močkus 1975).

Optimistic policies such as the upper confidence bound (UCB)
favor exploration by assuming regions of high uncertainty can
yield better outcomes:

UCB x x x( ) = μ ( ) + κ σ ( )t t t (7)

where κ is a tuning parameter that balances the level of ex-
ploration against exploitation (Srinivas et al. 2012).

Information‐based policies, like entropy search (ES) and
knowledge gradient (KG), are designed to maximize the infor-
mation gained about the optimum's location or the expected
improvement in the surrogate model's maximum (Frazier
et al. 2008).

Custom acquisition functions are particularly relevant for sce-
narios where experiments are conducted in batches. These
functions, such as batch expected improvement (qEI) and batch
upper confidence bound (qUCB), determine multiple potential
candidates at once using Monte Carlo sampling and repar-
ameterization techniques for efficient selection (Balandat 2020).

2.3 | Advanced Methods in Bayesian
Optimization

The core iterative process of BO has been adapted and extended
to meet challenges presented by various real‐world problems.
The most important principles are presented in this section.
However, in‐depth explanations can be found in the following
reviews (Greenhill et al. 2020; Jin and Kumar 2023; Shahriari
2016; Wang 2023).

Incorporating Prior Knowledge. Leveraging prior knowl-
edge in the BO framework can significantly enhance optimi-
zation efficiency by reducing search complexity. As Bayes'
theorem fundamentally is about updating knowledge, e.g.,
similar data from past experiments can be used as a prior and
leveraged in different ways (Joy 2019). Furthermore, the
Gaussian process model as such offers mechanisms to insert
expert knowledge, for example, by editing the kernel or the
mean function itself (Nguyen et al. 2023).

Mixed‐Type Space. Many optimization problems involve
mixed types of input variables (continuous, discrete, categorical,
and binary). BO has been adapted to handle such mixed‐type
inputs through methods, like one‐hot encoding, kernel
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modification to accommodate different types of variables, or
using surrogate models like Random forests that naturally
handle mixed inputs (Shields et al. 2021).

High Dimensionality. Generally, the performance of BO is
decreasing above 20 dimensions (Greenhill et al. 2020). Strate-
gies to mitigate this include reducing the design space,
screening variables to identify the most influential ones, de-
composing the problem into simpler sub‐problems, or employ-
ing dimensionality reduction techniques. Specialized kernels
and approximation methods have been developed to enable BO
in higher‐dimensional spaces.

Multi‐Objective Optimization. Design problems often en-
compass multiple conflicting objectives. BO has been adapted to
handle such scenarios through the concept of Pareto optimi-
zation, where a set of optimal points is identified so that no
single objective can be improved without detriment to others.
This approach requires balancing the trade‐offs between ob-
jectives and often involves constructing a Pareto front to guide
the optimization process (Bradford et al. 2018).

Constraints. Real‐world optimization problems frequently
come with various constraints, including inequality and
equality constraints, as well as “black box” constraints whose

forms are unknown. BO methods have evolved to incorporate
such constraints into the optimization process, either by mod-
ifying the acquisition function or employing strategies like the
Augmented Lagrangian method to transform constrained opti-
mization problems into unconstrained ones (Picheny 2016;
Letham et al. 2019).

Parallel (Batch) Optimization. In scenarios where mul-
tiple experiments can be conducted simultaneously, BO has
been extended to recommend batches of experimental set-
tings. This approach involves selecting multiple points to
evaluate in parallel, using techniques such as suppression
or local penalization in the acquisition function to
account for the simultaneous exploration of multiple points
(Gonzalez 2015).

Multi‐Fidelity (Multi‐information) Optimization. When
high‐fidelity evaluations are expensive, BO can utilize multi‐
fidelity models that combine high‐‐fidelity experimental results
with lower‐fidelity information. That might be simulations,
predictions, or cheaper but noisier measurements. This
approach enables an efficient search by leveraging convenient,
lower‐fidelity evaluations to guide exploration and exploiting
the more expensive, higher‐fidelity evaluations (Cosenza
et al. 2022).

FIGURE 2 | Demonstration of the interplay between Gaussian process regression and acquisition function within a BO loop. Depicted is the

Expected Improvement acquisition function indicating the next sampling point at its peak, balancing exploration versus exploitation.
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3 | Application Examples of BO in Bioprocess
Engineering

An overview of several studies on BO application in bioprocess
engineering published in the past 7 years is given in this section.
The selected studies are organized by their respective unit
operation.

3.1 | Upstream Processing

3.1.1 | Media Optimization

Yoshida et al. optimized a synthetic medium for plasmid‐based
protein expression in Escherichia coli using 31 different media
components (Yoshida et al. 2023). By a Latin Hypercube experi-
mental design, 81 cultivations were performed in deep‐well‐scale,
and GFP fluorescence was measured as a response to protein ex-
pression levels. The resulting data set, which consisted of media
component concentrations and fluorescence intensities, was used
to train a deep neural network (DNN) and showed promising
results after a second retraining. This DNN was used as a basis to
be optimized by BO, with the algorithm suggesting 20 new media
compositions. By this approach, the authors transformed the
problem into a digital representation, focusing on optimizing a
simulation of the problem instead of engaging in a continuous
cycle of laboratory experiments and reassessments. The final GFP
fluorescence showed a 1.4‐fold higher intensity than the best of the
initial data set and was validated on a larger scale.

In their approach to optimize cell culture media for cellular
agriculture, Consenza et al. encountered limitations in prior
research determining multi‐passage growth (Cosenza et al. 2021).
Therefore, the researchers utilized a multi‐information source BO
algorithm in a novel approach. This method combined low‐fidelity
assays, like AlamarBlue and LIVE/DEAD staining, which offer
cost‐effective biomass estimates, with high‐fidelity measurements
such as trypan blue exclusion cell counting (Cosenza et al. 2022).
The algorithm aimed to maximize cell growth while minimizing
media cost. The optimization of 14 media components for murine
C2C12 cells led to a media formulation that significantly out-
performed a common commercial medium in supporting cell
proliferation, achieving an 181% increase in cell counts with 38%
fewer experiments compared to a traditional DoE method. This
medium also demonstrated robust performance over long‐term
growth across multiple cell passages.

Similarly, as an extension to their multi‐information BO,
Cosenza et al. also utilized a multiple‐objective multi‐
information BO to develop a serum‐free medium tested with
murine C2C12 cells for a cellular agriculture application
(Cosenza 2023). The objective being the maximization of cell
growth while achieving minimization of cost, the authors dis-
covered media with double the growth than the control.

3.1.2 | Cell Culture

Claes et al. explored the efficacy of BO for bioprocess optimi-
zation, focusing specifically on its application in cell therapy
manufacturing under conditions of deliberately varying

experimental noise and the need for parallel experimentation
(Claes et al. 2024). The research assessed BO's performance
through evaluations on two in silico bioprocess models and
further demonstrated its application in an in vitro monocyte
purification. The first in silico analysis revealed that BO out-
performed the current industry standard DoE, requiring
roughly 50% fewer experiments to achieve similar optimization
objectives. Specifically, the BO methodology was shown to
reduce the experimental load by approximately 69% for the
monoclonal antibody (mAb) process optimization, where it
achieved a comparable product yield with only 14 experiments,
as opposed to the 45 experiments required by traditional
response surface methodology. For the in vitro application, the
optimization of a monocyte purification process via counterflow
cell centrifugation was optimized using BO. This practical
application increased monocyte recovery from 46% to 82% while
maintaining a purity level of 78%, all within a framework of 10
experimental runs. This application showcased BO's capability
to navigate complex bioprocess optimization landscapes effi-
ciently and demonstrated its potential to significantly reduce
resource consumption and accelerate development timelines in
cell therapy manufacturing.

Bader et al. applied BO for optimizing the production of ex-
tracellular vesicles from a 3D culture of mesenchymal stem cells
(Bader 2023). Four parameters were considered in the process
optimization, namely microcarrier concentration, seeding den-
sity, centrifugation time, and impeller speed, to optimize three
objectives: maximizing enzymatic activity of the MSG‐EV pro-
tein CD73, maximizing vesicle to protein ratio and minimizing
the number of calregulin impurities. This was achieved using a
multi‐objective batch BO algorithm in 32 (4 × 8) experiments.
The first set of eight experiments was planned using a Latin
Hypercube design and was used for initial Gaussian process
modeling. Comparable DoE designs lie within 27–81 experi-
ments for different experimental designs. The authors also
noted that the data set is rich in information due to systematic
sampling in regions with high uncertainty, as performed by the
acquisition function. It is shown that this data can be used
further to build explanatory models for authorities in a quality‐
by‐design fashion or for creating predictive models, like an
artificial neural network with an error near the analytical error.

De Luca et al. conducted an in silico study on BO for iterative run‐
to‐run experiments, focusing on strategies for optimizing titer
values based on a mammalian process model (De Luca 2023).
Their research identified that strategies incorporating constraints
on the prediction interval width generally aligned model predic-
tions more closely with experimental outcomes. The constraints
were implemented as a support vector machine defining the multi‐
dimensional input of the process data as a validity domain of the
model, as described by Schweidtmann et al (Schweidtmann et al.
2022). Surprisingly, acquisition functions aiming at exploring the
design space achieved higher titers than those aiming at max-
imizing the upper prediction limit of the target variable.

3.1.3 | Fermentation

Eskanderi et al. demonstrated the application of multi‐fidelity
BO to optimize the gas conversion rate in an industrial‐scale
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bioreactor for syngas fermentation using a high‐fidelity
computational fluid dynamics model leveraged with a simpler,
ideal‐mixing‐based model (Eskandari et al. 2023). Furthermore,
Thompson et al. developed a physically constrained neural
network and combined it with an expected information gain
acquisition function to optimize the operating conditions of a
bioreactor for microbial communities (Thompson et al. 2023).

3.1.4 | Reaction Optimization

Rosa et al. optimized a set of 12 reaction parameters to maxi-
mize the mRNA concentration by an in vitro transcription
reaction (Rosa 2022). The authors could optimize the reaction
by applying a batch optimization technique of three to five
sampling points, resulting in a final mRNA concentration of
12 g/L, constituting a two‐fold increase in half of the time in
contrast to published industrial standards. A total of 60 ex-
periments were performed, with 16 initial experiments in a
Latin Hypercube design. Furthermore, the authors addressed a
fundamental limitation GP relative to DoE: their interpretabil-
ity. This was achieved by employing an explanation model
based on Shapley values, which provided the authors with
deeper insights and more transparent explanations.

In their study on optimizing alkaline wood delignification,
Rummukainen et al. directly compared DoE and BO. They
found that the choice of an initial experiment can significantly
affect the BO algorithm in identifying optimal conditions
quickly. Furthermore, an increasing measurement noise also
slowed its progress. Bayesian optimization still provided a more
precise model near the optimum when compared to a response
surface model, however, in their study, the overall number of
required experiments could not be reduced compared to DoE.
The authors suggest combining DoE and BO: using space‐filling
designs and optimal designs can help selecting initial experi-
ments that are further refined by BO (Rummukainen 2024).

3.2 | Downstream Processing

3.2.1 | Formulation

Narayanan et al. optimized three different variants of a tandem
single‐chain variable fragment (scFv) derived from the antibody
Humira, considering eight compounds of a buffering system as
independent variables to maximize thermal stability, or to be
precise, the melting temperature Tm (Narayanan 2021). Initial
20 experiments in a Latin Hypercube experimental design were
used for model building. Another two cycles were performed in
batch mode until 25 experiments in total were conducted to find
the optimum. Compared with different DoE designs, 64–128
experiments would have been necessary to find this optimum.
After initially choosing a rather conservative range of parame-
ters, the authors also investigated the design space in extended
parameter ranges. To facilitate this, experiments already con-
ducted were leveraged as a “prior belief” to be integrated into
the BO cycle, an approach not feasible with traditional DoE.
Additionally, a multiple‐objective approach was performed to
maximize the melting temperature and the interface stability of

one scFv variant. With 15 initial experiments, a total of 33 ex-
periments were conducted to identify the Pareto front.

Sano et al. applied BO to pharmaceutical product development
to refine the formulation and manufacturing methods for orally
disintegrating tablets (Sano et al. 2020). Utilizing an already
published data set enhanced by data augmentation from a DoE
by an artificial neural network simulation, the study sought to
minimize unnecessary experiments and hasten method devel-
opment. Instead of approximating the Pareto front, multiple
objectives were optimized by introducing a mathematically
defined score as a trade‐off of the two targets, tensile strength,
and disintegration time. The findings of the study demonstrated
that BO could significantly reduce the experimental workload,
cutting down the number of necessary experiments from about
25, as required by the central composite DoE design, to just 10.
This efficiency gain is also attributed to repeated hyperpara-
meter tuning within the BO process, which helped to stabilize
performance variations across different optimization scenarios
and improve the overall average performance. Their research
underscores BO's potential to lessen dependence on individual
expertise in pharmaceutical development, enhancing both the
efficiency and effectiveness of optimization tasks.

4 | BO Today and Tomorrow: Tools, Techniques,
and Trajectories

4.1 | Strengths and Limitations of BO Compared
to DoE

Performing a literature search in the database Scopus with the
terms “Bioprocess” and “Design of Experiments” shows a
steady increase of publications from 5 in the year 2009 up to 61
in the year 2024 (Kasemiire 2021). For an analogous search
using only the keywords “Bayesian optimization” and “Bio-
process,” a total number of 22 can be found. Considering only
those articles actually applying BO to guide experiments within
a bioprocess optimization context leaves even less. This seems
somewhat surprising, as most studies that compared it with the
industry standard DoE report a need for less experiments and
better results.

However, several factors may explain the slower adoption of BO
compared to DoE. Unlike DoE, which relies on established
statistical methodologies and is widely applied in industry and
academia, BO demands a deeper understanding of probabilistic
models, machine learning concepts, and hyperparameter tun-
ing. This complexity might represent a barrier for experi-
mentalists without prior experience in these areas. In addition,
DoE offers simplicity and interpretability, which makes it
especially valuable in regulatory settings. Its deterministic
nature and fixed experimental designs are straightforward to
communicate and validate, particularly in industries where
regulatory approval requires transparency. BO, while offering
greater flexibility and adaptability, usually relies on black box
models which are harder to interpret and validate for such
purposes. Another important difference is their suitability for
different experimental systems. BO is suitable for nonlinear
problems and scenarios with noisy or complex design spaces.
For smaller‐scale, well‐characterized systems with relatively
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simpler objectives, DoE may provide comparable results while
being easier to implement. However, BO has the advantage of
leveraging prior knowledge by incorporating existing data
directly into its probabilistic models. While DoE can also
include sequential designs, it typically relies on predefined as-
sumptions and model forms, limiting its ability to adapt
dynamically to new insights. Finally, practical considerations,
such as the availability of software tools may also influence the
choice.

4.2 | Software

DoE is implemented very well in various commercial software
suites, providing good documentation and easy‐to‐use generic
user interfaces. This is not the case for BO yet. Here, imple-
mentations are mainly found in open‐source software libraries
for different programming languages like Python, Matlab, R, or
Julia, targeted primarily for research purposes. Table 1 illus-
trates the variety of BO packages used in our referenced ex-
amples. Being a very active research area poses another
challenge for experimentalists: no single platform currently
contains all recent advancements in the field. As a result, Wang
and Dowling recommend that experimentalists should not
commit to a single BO software solution without first compar-
ing the features, documentation, and tutorials of several plat-
forms (Wang and Dowling 2022). An overview of different
software packages and code examples have been given in lit-
erature multiple times and can be found in the following re-
views (Jin and Kumar 2023; Zhang 2021; Wang and Dowling
2022). However, it is worth mentioning some very recently
published packages which are targeted for real‐world experi-
mental campaigns, lowering the barrier for experimentalists
significantly and supporting a lot of functionalities out of the
box. Some of them are developed by industrial manufacturers
like BayBE, developed by Merck KGaA (Fitzner 2024), Obsidian
developed by Merck & Co. Inc. (Stone and Xu 2024), or Pro-
cessOptimizer developed by Novo Nordisk (Obdrup 2024).
Occasionally, also industry software providers seem to add BO
to their product portfolio (AI Experimentation at Benchling
2024; Bayesian Bioprocess Data Analytics in R&D and GMP
manufacturing 2024; Desice 2024). The emergence of these tools
highlights the growing interest in making BO accessible to a
wider audience. The authors expect to see more software
solutions in the future and therefore suspect the application of
BO will increase.

4.3 | Towards Autonomous Experimentation
With Bayesian

4.3.1 | Optimization

BO has also gained a lot of attention in the context of autono-
mous experimentation. Due to its cyclic character and inte-
grated decision‐making intelligence, robots can be equipped
with an algorithm that enables them to independently guide
experiments, once experiments are planned. A noteworthy ex-
ample from chemistry showed the optimization of a photo-
catalyst for hydrogen production by a robot that operated for

8 days autonomously performing nearly 700 experiments to
explore a ten‐dimension design space (Burger 2020). In bio-
process engineering, multiple examples of high‐throughput
screening combined with model‐aided decision‐making have
been demonstrated: Kanda et al. developed an autonomous
robotic AI system equipped with a batch Bayesian optimization
algorithm (Genki and Kanda 2022). This system was tasked
with optimizing the induction of differentiation from induced
pluripotent stem cells (iPSCs) to retinal pigment epithelial
(RPE) cells. It tested 143 different conditions over 111 days,
navigating through 200 million potential experimental setups.
The results showed an 88% improvement in iPSCRPE cell
production in terms of pigmentation scores compared to the
best manual cultures previously established. Helleckes et al.
focused on improving the secretion of PETase enzymes by
Corynebacterium glutamicum for the biodegradation of poly-
ethylene terephthalate (PET) plastics (Helleckes et al. 2023).
They introduced a probability based screening strategy that
combines laboratory automation with BO. This approach en-
ables rapid and efficient identification of optimal signal peptides
for enzyme secretion through high‐throughput screening. By
integrating automated processes with statistical modeling, the
study significantly enhances the screening efficiency, identify-
ing the most promising signal peptides for PETase secretion in
just two rounds of screening. Similarly, Helleckes et al. recently
developed a semi‐automated process for creating 63 different
catalytically active inclusion body variants, coupled with an
automated screening workflow that was optimized using
Bayesian optimization and Thompson sampling (Helleckes
et al. 2024).

In combination with screening methods, Bayesian optimization
offers a promising way to efficiently guide through vast design
spaces that were also not accessible by rigid screening alone.

4.4 | Physics‐Informed Bayesian Optimization

Originally developed as a method for black‐box optimization,
Bayesian optimization traditionally relies on data‐driven sur-
rogate models to approximate the objective function. In
recent years, the intersection of machine learning with first‐
principle models has attracted significant interest across various
scientific and engineering disciplines (Rackauckas 2021). This
approach uses the predictive power of data‐driven methods
combined with the fundamental insights offered by physical
knowledge, aiming to enhance predictive accuracy to reduce
computational costs and improve model interpretability.
Known as hybrid modeling, this practice has a long history
within the bioprocess engineering field going back to the 1990s
(Psichogios and Ungar 1992). Therefore, the fusion of hybrid
surrogate models with acquisition functions that exploit
uncertainty quantification presents an attractive approach that
could gain interest. While not widely explored in the literature,
some studies within materials science and physics report that
this approach leads to improved accuracy and faster identifi-
cation of the global optimum compared to traditional black‐box
methods (Hanuka et al. 2021; Oikonomou 2023).

The flexibility of BO offers multiple possibilities for integrating
physical knowledge into the optimization process. For example,
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Di Fiore et al. propose a physics‐aware multi‐fidelity BO
framework that initially uses low‐fidelity models based
on first principles for broad exploration. This process identi-
fies key areas where high‐fidelity experimental data or sim-
ulations are subsequently applied to refine the model (Di
Fiore and Mainini 2024). However, most approaches target
the model structure itself. An example demonstrates
Ziatdinov et al. who developed an augmented Gaussian
process‐based BO method that enhances optimization by
incorporating physical models as structured probabilistic
priors. This integration improves both the efficiency and
accuracy of the learning process (Ziatdinov et al. 2022). Sim-
ilarly, Khatamsaz et al. showed a Physics‐Informed BO en-
hancing optimization efficiency by incorporating physics‐
infused kernels into the Gaussian process model, effectively
leveraging both statistical and physical information for
material design optimization (Khatamsaz 2023).

5 | Conclusion

BO has positioned itself as a very promising process development
tool in the field of bioprocess engineering, offering a sample‐
efficient and adaptive optimization tool that combines machine
learning and experimental decision‐making. This review article
highlights its key principles and showcases different currently
published applications across different unit operations in bio-
process engineering. The software landscape as well as applica-
tions in autonomous experimentation are discussed. Additionally,
the exploration of combining BO with physics‐based models is
presented, indicating a promising direction for integrating data‐
driven insights with established scientific principles.
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