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In the last decades, the systematic use of mathematical models has become pervasive within the chemical process
engineering context. Experiment design plays a critical role for the rapid calibration and validation of mathe-
matical models — whether mechanistic, data-driven or semiempirical models — with the ultimate goal of driving
process development and optimisation. Since data is often limited, and running additional experiments to gather
more information for model calibration might be expensive or impractical, model-based design of experiments
(MBDoE) techniques have become increasingly relevant to support the model calibration task on a broad range of
process engineering applications. In this review, we aim to provide a comprehensive overview of the advances in
the field that have occurred since the previous work presented by Franceschini and Macchietto (2008), Chemical
Engineering Science, 63, 4846-4872. We first provide the theoretical foundations behind the standard MBDoE
problem formulation and highlight recent advances; we then thoroughly analyse limitations, open challenges,
and current trends by discussing about 250 contributions in the field. Finally, we highlight future research di-
rections that may enlarge and further enhance the robustness and reliability of MBDoE implementation in real
industrial scenarios.
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c set of process constraints

to initial time

ty vector of the output variables sampling times

u vector of control or input variables

" nonzero singular values in the diagonal matrix »

w2 zero singular values

Uk, Kullback-Leibler divergence from the likelihood to the evidence

vy prediction variance

Vo variance—covariance matrix

P nonzero singular values in the diagonal matrix »

2 zero singular values

wMD selection matrix to tailor the discrimination to a specific subset of
candidate models

w'E selection vector to minimize the parameter uncertainty of selected
models

Wi weight coefficient associated to each model parameter 6;

W jj weight coefficient associated with the pair 6, 6;

x vector of state variables

Yy measurable output variables

y vector of predicted output variables

y° vector of initial conditions

yﬂat flat output vector

Greek letters

a user selected constant variable in Eq. (41)

p set of time-dependent backoff functions

eMAX design optimality computed for parameter precision

eMIN design optimality computed for model discrimination

o

specified lower bound for the increase of 4; over the initial value )

4 vector of model parameter estimates

0 vector of model parameter estimates treated as stochastic variables
C) linear combination of the original parameter estimates

A diagonal matrix containing the eigenvalues of Hy

s variance of a Gaussian Process

n sigma points

a‘?i estimated variance for the measured response y;

T total duration of the experiment

@ design vector

Popr optimal elements of the design vector

@opr’” optimal experimental conditions for joint-MBDoE

@opr™P optimal experimental conditions for model discrimination
173 selected metric of FIM

Yy Hunter and Rainer discrimination function

Yy Buzzi-Ferrari and Forzatti discrimination function
Acronyms

ANN artificial neural network

DAE differential and algebraic equations
DoE design of experiments

FIM Fisher information matrix

GP Gaussian Process

GSA global sensitivity analysis

HTE high-throughput experimentation
MBDoE model-based design of experiments
MC Monte Carlo

OMBRE Online Model-Based Redesign of Experiments
RFI relative Fisher information

SDL Self-Driving Laboratory

1. Introduction

Recent advances in computational methods within the field of pro-
cess systems engineering have led to the growing adoption of mathe-
matical models as suitable supporting tools for accelerating process
development and optimisation (Pistikopoulos et al., 2021; Buede and
Miller, 2024). Mechanistic models are typically formulated as systems of
differential and algebraic equations (DAEs), with the model structure
reflecting the causal mechanisms of the physical process (Bonvin et al.,
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2016). Appropriate physics-based assumptions can provide a deep un-
derstanding of the underlying phenomena within the system under
investigation and enable predicting dynamic behaviour beyond condi-
tions previously observed.

The degree of knowledge and understanding of the process directly
affects the model structure and its complexity in terms of both model
equations and number of adjustable model parameters to be estimated
from experimental measurements (Alizadeh et al., 2020). In this context,
the modeller should investigate (i) whether it is possible to determine
the values of all model parameters from measured data (i.e., model
identifiability), (ii) whether the precision of the parameter estimates is
statistically satisfactory, and, if different candidate models exist, (iii)
which candidate most accurately predicts the real process behaviour. It
is therefore crucial to design experimental campaigns so as to facilitate
the parameter estimation and/or model discrimination activities. This
review will mostly focus on the parameter estimation task.

The idea of optimal experiment design is not new and has been well
established in the field of automation for many years (e.g., Lindqvist and
Hjalmarsson, 2001; Hjalmarsson, 2005, 2008). Optimal experiment
design is key for several reasons: (i) to aid parameter estimation under
the assumption that the available model is structurally identifiable; (ii)
to save material resources; (iii) to reduce measurements cost when lab
assays are required; (iv) to lower the total time of the experimental
campaign.

Traditional design of experiments (DoEs) approaches have their
roots in the foundational work of Fisher (1925, 1934), who introduced
key concepts like randomization, blocking, and factorial designs
(Murphy, 2022). Box and Wilson (1951) viewed the output of an
experiment as a response surface function of its inputs, with experiment
design aiming at finding the optimum conditions to maximise this
function. All these methods vary a subset of control (also input or
manipulated) variables and analyse the corresponding outcomes (Box
et al., 1978), and are often referred to as black box methods as they do
not explicitly incorporate any model-based understanding of the system
physics. In practice, they represent an attempt to improve on the simply
random sampling of input space given by the Monte Carlo (MC) method
(Metropolis and Ulam, 1949; Mascagni, 2015), or its more refined ver-
sions such as Sobol’s sequences (Sobol, 1967). As a result, they can be
time-consuming, resource-intensive, and may offer sub-optimal infor-
mation. Also, any constraints on equipment, internal variables or out-
puts are not considered. They are not often applied in the context of
mechanistic models; rather, they are commonly exploited to study the
static relationship between process inputs and outputs. A significant
advancement in this field is represented by the Design of Dynamic Ex-
periments (Georgakis, 2013), which incorporates time-dependent input
variations into the experimental conditions. However, even within this
framework, the absence of a mechanistic model limits the ability to
leverage physical knowledge of the system. More recently, the use of
machine learning has become an increasingly popular trend, particu-
larly in Bayesian parameter estimation (Nolan et al., 2021); however,
significant amounts of data and extensive training are needed.

In contrast, the model-based design of experiments (MBDoOE)
approach emerges as a more powerful strategy to maximize the mech-
anistic informational content that can be gained from an experimental
campaign (the following contributions provide some interesting reviews
and general perspectives on the topic: Chaudhuri and Mykland, 1993;
Franceschini and Macchietto, 2008a; Pronzato, 2008; Chakrabarty et al.,
2013).

The MBDoE framework arises from the pioneering works on optimal
experimental design by Bard (1974), and Goodwin and Payne (1977),
who laid the theoretical basis for experiment planning in nonlinear and
dynamic systems. The basic principle of MBDOE is to exploit the physical
knowledge of the system under investigation — which is embedded into
the available mathematical model - to guide the design of the experi-
mental campaign such that collected measurements provide the
maximum information value for model calibration and/or
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discrimination. In other words, the model itself becomes a fundamental
component of the experiment design, reducing the number of required
experiments while optimising resource use. An optimisation framework
is used for the solution of the resulting problem. Espie and Macchietto
(1989) were the first to formulate the MBDoE for general models as an
optimal control problem, while Zullo (1991), in an unpublished PhD
thesis, developed much of the underlying computational machinery for
computer-aided experimental design — although practical implementa-
tion proved challenging due to the numerical optimisation capabilities
available at the time. Notably, several research groups have made long-
standing contributions that have pioneered and advanced the formula-
tion and application of MBDoE across multiple domains (Lhomann et al.,
1992; Vanrolleghem et al., 1995; Versyck et al., 1997; Bauer et al., 2000;
Asprey and Macchietto, 2000; Faller et al., 2003; Bardow and Mar-
quardt, 2004; Banga and Balsa-Canto, 2008), laying the groundwork for
modern methodological developments. For more details concerning the
early years of MBDoE development, please refer to the review papers
mentioned previously. Fig. 1 elucidates the differences in terms of in-
formation fluxes between traditional DoE and MBDoE for parameter
estimation. Note that a key difference is that within the DoE framework,
typically the “output” of the experiment design activity is an empirical
model correlating input and output variables, whereas in MBDoE the
mechanistic model is an “input” to the experiment design task.

It is worth highlighting that approaches originating from the control
and automation fields, such as adaptive input design and dual control,
fundamentally address similar problems as MBDoE. However, these
approaches have distinct origins and typical use cases. Adaptive input
design and dual control are primarily developed for relatively simple
and often linear models, where the main objective is to balance real-time
control and learning (Hjalmarsson, 2005; Stigter and Molenaar, 2012;
Goodwin and Sin, 2014). In contrast, MBDoE focuses on the estimation
of parameters in complex nonlinear dynamic models, commonly
encountered in process systems engineering.

Over the last years, many contributions have advanced the theory
and practice of MBDoE, addressing various strategies, challenges, and

Experiment
execution Data
‘ !
Regression
model building
NO
DoE parameters good

| START |

Empirical model
structure &
parameter estimates

(@)

Chemical Engineering Science 319 (2026) 122347

case studies. With reference to the previous foundational review on
MBDoE for parameter estimation by Franceschini and Macchietto
(2008a), three critical directions of development within the MBDoE field
were already identified, which still remain relevant today. Specifically:

(i) Limitations arising from parameter uncertainties in the MBDoE
framework, and the potential benefits of robust design
techniques.

(ii) Challenges arising in the estimation of models with large number
of parameters, and the potential use of screening tools, to identify
and exclude less influential model parameters, thereby reducing
computational burden and avoiding numerical issues arising
from increasing model complexity.

(iii) The opportunity of using multi-objective optimisation problem
formulations to integrate cost, performance and reliability, aim-
ing at offering a more practical solution to practical industrial
problems.

A new direction with respect to Franceschini and Macchietto (2008a)
is the extension of MBDoE methodologies beyond their classical appli-
cations in process engineering, exploring new domains where model-
based experiment design can provide significant benefits (as will be
discussed in Section 3.4).

This review aims at providing a comprehensive overview of the key
advances in the field, while also discussing future research opportunities
that could further enhance the application of MBDOE in process systems
engineering. The manuscript is organised as follows. In Section 2, we
recall the fundamentals regarding the MBDoE problem formulation for
parameter estimation, and briefly touch on its application for model
discrimination. Readers already familiar with these concepts may pro-
ceed directly to Section 3, where we thoroughly analyse current trends
and progress in MBDoE use and formulation. Section 4 discusses future
research directions that could be particularly beneficial to strengthen a
more reliable adoption of MBDoE approaches in real case scenarios. Our
conclusions are drawn in the final Section. Fig. 2 presents a schematic
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Fig. 1. Differences in terms of information fluxes between traditional DoE (a) and MBDoE for parameter estimation (b).
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and navigating the review.

2. Fundamental concepts on standard MBDoE problem
formulation

In the context of (optimal) experiment design, the activity of
designing an experiment encompasses several critical decisions that
must be made prior to the execution. The core of the design consists in
determining the experimental variables (such as concentration of re-
actants and the flow of cooling water in a reactor) to be manipulated
during the experimental campaign, while ensuring that they are
consistent with the constraints of the system (Fisher, 1925; Box and
Wilson, 1951). The design must be developed with a thorough under-
standing of the system being studied, ensuring that the chosen condi-
tions guarantee meaningful data for the intended use, e.g., parameter
estimation. An important aspect of the experiment design activity is the
experimental budget, which reflects the financial and logistical issues
that may limit the scope of the experiment — this is particularly relevant
in the (bio)pharmaceutical field (Destro and Barolo, 2022). The costs
associated with experiments can vary widely, depending on factors such
as the need for specialized equipment and/or expensive raw materials,
and time required to collect data. These limitations must be carefully
addressed during the design phase in order to maximize the information
obtained within the available resources. In practice, this involves opti-
mising the allocation of resources and prioritizing experiments that offer
the highest potential for obtaining informative and reliable results.

Focusing on the standard MBDoE procedure to design an experiment
for parameter estimation, three key activities are required (Fig. 3): (i)
the design of the experiment, based on the preliminary (or current)
knowledge about the system; (ii) the execution of the experiment at the
experimental conditions planned by design and collection of data; (iii)
the (re)estimation and statistical assessment of the model parameters
based on the new data.

A defining characteristic of the MBDoE methodology is that the core
activity of the experiment design is driven by the model itself, which is
used to predict the dynamic behaviour of the process under investigation
and the expected information content obtained from the new experi-
ment. In mathematical terms, the relationship between the process in-
puts and outputs can be described by the following set of DAEs:

®

where x(t), u(t), and 0 are (respectively) the vector of time-dependent
state variables, the vector of controls or input variables that can be
typically manipulated during the experiment, and the vector of the
model parameter estimates; y is the vector of predicted output variables,
while vector field f represents all other DAEs. Vector 6 contains the best
current parameter estimates, which are characterized by a certain level
of precision — that is generally defined by suitable statistical informa-
tion. System (1) is typically subject to a number of process constraints,
C, that can be expressed as:

c=x(t)—g() <0, 2)
where g(t) stands for set of active constraints, which typically include
limits on both the outputs and internal states, as well as possible con-
straints on the control inputs.

A vector of initial conditions, y°,
tem:

is required to solve the DAEs sys-

. {f(x(to):x(to)»u( 0),0

to),0,t) =0

A , 3)
Y(to) = h(x(to))

with t; being the initial time. The MBDoE framework for parameter
estimation relies on the following assumptions about both the model and
the physical system: (i) the model provides a structurally correct rep-
resentation of the process under investigation; (ii) the values of all model

o
L]
Parameter wr
guesses r—— Parameter
— = —1 .‘; - precision
Model sufficient?
SN Experiment Experiment Parameter
design execution estimation
DESIGN A NEW EXPERIMENT

Fig. 3. MBDoE for parameter estimation: standard procedure.
Adapted from Asprey and Macchietto (2000).
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parameters can be determined from measured data (i.e., the model is
identifiable (Miao et al., 2011)), and (iii) the physical system can be
perfectly controlled during the experiment (i.e., the input variables can
be manipulated exactly as planned during the experiment design phase).
These assumptions, while foundational for traditional MBDoE theory,
are often challenged in practice. The issue of process-model mismatch
has recently gained increasing attention in the MBDoE literature and
will be discussed in detail in Section 3.1.4. On the other hand, when
structural or practical (because of noisy and/or scarce measurements)
identifiability is compromised, model-based ranking and parameter se-
lection techniques (e.g., sensitivity analysis (Saltelli et al., 2008) and
estimability analysis (McLean and McAuley., 2012)) can still support
design decisions. More generally, this issue reflects a fundamental trade-
off between the mechanistic fidelity of the model and its identifiability
based on available data (Walter and Pronzato, 1997), and highlights the
broader need for MBDoE methodologies capable of coping with struc-
turally uncertain or partially informed models.

2.1. Experiment design

A crucial point in the experiment design is the evaluation of the
expected information predicted by the model. Its mathematical formu-
lation is of paramount importance as the outcome of the optimisation of
experiment design is a set of experimental conditions aimed at maxi-
mizing a particular measure of it.

2.1.1. Expected information

Given a set of preliminary experimental data, the expected infor-
mation predicted by the model is quantified by the Fisher information
matrix (FIM), Hy (Bard, 1974; Zullo, 1991):

N<p Ny Ny al ay()
=300 s [P T

(€3]

b
} Lm=1:1:N,

where s;; is the i,j% element of the inverse of the measurement error
covariance matrix, Ny, is the number of sampling intervals, N, is the
number of measured variables, and Ny is the length of ¢. HY is the prior
dynamic information matrix, considering the statistical information
about the parametric system before each trial is carried out. For
instance, when the prior information can be expressed by simple bounds
of variability for model parameters, a Ny-dimensional hyper-rectangular
region of variability can be built assuming a uniform distribution for the
model parameters (Zullo, 1991). If no preliminary information is
available at all, the term Hg in Eq. (4) can be neglected.

2.1.2. Design criteria

Here, we define what we consider to be the best experiment, which
usually is the maximization of the expected information predicted by the
model. This is typically carried out by maximizing a metric y of the
Fisher information matrix, or more frequently, by minimizing a metric y
of the variance-covariance matrix of model parameters (Franceschini
and Macchietto, 2008). The variance—covariance matrix, Vj, is mathe-
matically defined as the inverse of FIM (Bard, 1974):

Ny N, Ny ayi(te) 9yi(t) h
ilte) 0yj{tk)
{HO + Z Z Z 11{ 96, 06, }z,m:m:m } . ©

The optimal experimental settings are selected by acting on the elements
of the design vector ¢:

® = [youl®),ty,7]", ®)

where ty, is the vector of the output variables sampling times (assuming
that, for some variables, only a limited number of measurements can be
made available), and t is the total duration of the experiment. The
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optimisation problem to compute the optimal elements of design vector,
@opr> can be formulated based on the maximization of a certain metric,
y, of the FIM as:

Popr = argmax{y[Hy(0, )] }, 7

or, more frequently, based on the minimization of a certain metric, y, of
the variance covariance matrix, as:

@opr = argmin{y [V, (6,¢)] }. @)

During the optimisation, the set of model parameters is fixed at the
current estimates. As the quality of the parameter estimates is related to
their confidence intervals, the most used design criteria to select the
metric y are the so-called alphabetic criteria (Kiefer, 1959; Pukelsheim,
1993); details are reported in the Supplementary Material (Section S.1).

Standard MBDoE formulations can be implemented in a sequential or
parallel manner, depending on the experimental setup and the compu-
tational resources available. Sequential designs allow for iterative
refinement based on data collected at each step: after each experiment,
parameter estimates are updated and the experimental design is re-
optimised accordingly. This structure can improve robustness against
model uncertainty, particularly during early stages of model develop-
ment. However, the need to solve repeated optimisation problems makes
sequential approaches computationally demanding over time. By
contrast, parallel designs optimise multiple experiments simultaneously
in a single optimisation problem. This can be advantageous when
experimental facilities support simultaneous tests (e.g., high-throughput
platforms), and no intermediate feedback is needed. When experiments
are very long and elapsed time is limited, this may be the preferred
option. However, the resulting optimisation problem includes a larger
number of decision variables, proportional to the number of experi-
ments or experimental units, which may increase computational
complexity. In this regard, Sandrin et al. (2025) proposed a computa-
tional framework that enhances the tractability of parallel designs by
combining effort-based optimisation over a discretised experimental
domain with gradient-based refinement, allowing for globally optimal
parallel designs under model uncertainty while maintaining computa-
tional tractability. Nonethelss, the trade-off between adaptability and
optimisation complexity must be carefully considered based on the
specific experimental and computational context (Galvanin et al., 2007).

2.2. Experiment execution

The new experiment is executed at the experimental conditions
planned by design. The level of information that can be extracted from
the experimental campaign is strongly related to the available equip-
ment (control inputs and measurements). In the experimental practice, it
should be possible to measure the control variables, u(t), and the set of
system responses, y, in each performed experiment. Note that the
measured responses can be either “almost” continuous or sampled. The
time resolution in capturing the behaviour of the system depends on the
relationship between the sampling time and the dominant dynamics of
the process. If the sampling time is sufficiently small compared to the
system dynamics, the data can be treated as “almost” continuous;
conversely, a low sampling rate may lead to quantization effects (Seborg
et al., 2016).

For parameter estimation purposes, the set of measured variables
should be as free as possible from the effect of disturbances, and from
random and/or systematic measurements errors. The MBDoE procedure
is built to improve the parameter estimation by exploiting the infor-
mation embedded in the set of measured responses y. To account for the
distribution of the measurements errors, a variance model can be
adopted to describe all the characteristics of the measurements system
for the given experiment. Details are given in Section S.2 of the Sup-
plementary Material.
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2.3. Parameter estimation

The final step is the estimation of model parameters from the
available experimental measurements. Several methods can be adopted,
which are described in Section S.3 of the Supplementary Material.

2.4. MBDOoE for model discrimination

When different candidate models are available (i.e., models incor-
porating different assumption, and, thus, described by different math-
ematical structure), an MBDoE framework can be adopted to assist in the
designing of optimal experiment for distinguishing between models re-
sponses. Although this review focusses on MBDoE for parameter esti-
mation, a discussion on model discrimination is also necessary both for
sake of completeness and because the two goals often intertwined and
led to combined approaches.

The optimal set of experimental conditions for model discrimination,
@opr™P, may be computed by maximizing a discrimination function, ¥,
that evaluates the difference between predictions of the candidate
models (Vega-Ramon et al., 2024). The simplest discrimination function
¥ is that proposed by Hunter and Reiner (1967), which can be formu-
lated as:

Ny Ny

Pul@) =Y > [ul@) - In@) Gule) - In@))], ©)

M=1 N=M+1

where y) and yy are the set of responses predicted by models M and N
among the Ny candidates, given the experimental conditions ¢. A more
commonly used formulation of ¥ is that presented by Buzzi-Ferraris and
Forzatti (1983, 1984) and Schwaab et al. (2006):

o) = > D (Fule) —55(0) PFu(e) - Fu(o) | 10)

where P is a weight matrix which modulates the importance of the
difference between the predictions of the candidates.

It is worth highlighting that the prediction capability of available
candidate models strongly depends on the precision of the parameter
estimates. To cope against this issue, Galvanin et al. (2016) and Deussen
and Galvanin (2023) proposed a joint-MBDoE approach which aims at
simultaneously improving parameter precision and discriminating
among rival models through a multi-objective optimisation formulation.
The optimal experimental set for the joint-MBDOE, ¢pr’?, is computed
according to:

2
Ny Ny (yMi - yN.i)
@opr’” = argmax Z Wi PuPy { — s.t. an
7 | M= i1 Oyi N

O EHHHJ” : IN
wa%gewuheM <g < eMAX
j=1 Nu

where o7, is the estimated variance for the measured response y;,
W%?V is the MN ™ element of a Ny x Ny dimensional selection matrix
WP that is constituted by binary values [0,1] specified by the user to
tailor the discrimination to a specific subset of candidates. wf E is the j th
element of the Nj; dimensional selection vector w*" that is constituted by
binary values [0,1] specified by the user to minimize the parameter
uncertainty of selected models. When wj{}, = 1, the user is interested in
discriminating between model M and N; when w)?3, = 0 the user is not
interested in discimintating between model M and N. Similarly, when
wif =1, the user is interested in improving the parameter estimation for
model N; when wk = 0, model N is not considered in the optimal design.
eMIN is the design optimality computed for model discrimination, while

MAX

€ is that obtained for improving parameter estimation. The
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optimisation in Eq. (11) is thus performed for a number of values of ¢
ranging in between "IV and A,

Schulze and Schenkendorf (2018, 2020) proposed an alternative
approach for model discrimination based on the concept of differential
flatness. A dynamic system of the form presented in Eq. (1) is said to be

differentially flat if there exists a flat output vector, )A'ﬂm(t), such that all
system states and inputs can be expressed as explicit functions of it and a
finite number of its time derivatives, up to a certain order r (Fliess et al.,

1995). Mathematically, the flat output vector, ?ﬂa[, is expressed as:
¥ () = W (x(0)), a2

and the states and controls can be represented as explicit functions:

x(0) = &7 0.5 ©, 5" ©"), 13)

u(t) :é‘u<‘?ﬂat(t)7yﬂd[(t)v"'7yﬂat(t)(r+1))- 14

Flat systems are a special class of nonlinear systems for which such a
representation exists. One of their key properties is that they allow
trajectory planning and control synthesis to be carried out in a
straightforward manner, without integrating the system dynamics.
Moreover, for a system to be flat, the number of flat outputs must match

the number of control inputs, i.e., dimjﬂat = dimu. In the context of
MBDOE, the flatness property is exploited to compute analytical model-
revealing inputs by maximizing the difference between flat outputs
across different candidate models. This results in a computationally
efficient solution to the model discrimination problem. However, the
practical applicability of this method is limited by the fact that not all
systems are flat — flatness is a structural property that must be verified a
priori for each model under consideration.

Beyond traditional optimisation-based discrimination approaches,
machine learning techniques have also been explored for model
discrimination. They have gained increasing attention in recent years, as
they have shown potential in identifying patterns from data without
explicit model-based assumptions. For instance, Sangoi et al. (2024)
developed a procedure that leverages artificial neural network (ANN)
classifiers for rapid identification of kinetic model structures, integrated
with optimal experiment design. The ANN-based approach involves
training a classifier (Zou et al., 2009) on in silico-generated data for each
candidate, enabling it to determine the most suitable kinetic model
based on input features. A major advantage of the method is that it does
not require explicit parameter estimation, as parameter uncertainty is
inherently incorporated during the data generation step.

3. Progresses in MBDoE formulation for parameter estimation

In this Section we specifically focus on MBDoE application for
parameter estimation. In the following, we discuss the current most
relevant limitations and review recent developments aimed at address-
ing these issues. To facilitate comparison and understanding, Table 1
summarizes key references under each heading.

3.1. Development of robust techniques within standard MBDoE problem
formulations and accounting for model uncertainty

3.1.1. Parametric uncertainty

A key issue in the standard MBDoE formulation is the uncertainty
associated with the parameter estimates, which may significantly affect
the ability to design informative experiments within the experimental
space while satisfying all process constraints. The impact of parametric
uncertainty influences both the reliability of model predictions, y, and
the sensitivity of model responses with respect to parameter estimates (i.

e., the term ()};‘g”, appearing in Eq. (4)) - this in turn affecting the
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Table 1
Key references organised by topic.

Topic

References

Limitations in standard MBDoE
problem formulations addressed

Parametric uncertainty — Bayesian
approach

Parametric uncertainty — Sigma
point method

Parametric uncertainty — Design
objective based on worst-case
metric

Parametric uncertainty — Stochastic
design

Parametric uncertainty — Global

sensitivity analysis

Parametric uncertainty — Online
experiment redesign
Parameter correlation

Ill-conditioning of the FIM

Effect of structural model-process
mismatch

New algorithms and optimisation
techniques
Local optimality

Multi-objective formulations

Solution of the optimisation
problems

Gibson et al. (2024); Cao et al. (2024);
Rodrigues et al. (2022); Kalyanaraman et al.
(2020); Overstall et al. (2020); Luo et al.
(2015); Kalyanaraman et al. (2015); Terejanu
et al. (2013).

Mdluli et al. (2015); Telen et al. (2014)

He et al. (2010); Barz et al. (2010)

Nimmegeers et al. (2020); Mesbah and Streif
(2015); Streif et al. (2014); Galvanin et al.
(2010)

Chu and Hahn (2010); He et al. (2009);
Martinez et al. (2009); Brockmann et al.
(2008); Chhatre et al. (2008); Yue et al.
(2008).

Pankajakshan et al. (2021); de-Luca et al.
(2016); Galvanin et al. (2009a)

Kim and Lee (2018); Maheshwari et al.
(2013a); Franceschini and Macchietto
(2008b,¢)

Quaglio et al. (2019); Shahmohammadi and
McAuley (2019a,b); Lopez et al. (2015); Barz
et al. (2013); Kravaris et al. (2013); Lopez

et al. (2013); Li and Yeh (2012);Wu et al.
(2008)

Ghodba et al. (2025); Petsagkourakis and
Galvanin (2020); Quaglio et al. (2018);
Galvanin et al. (2012)

Sandrin et al. (2025); Friso and Galvanin
(2024); Cenci et al. (2023); Kusumo et al.
(2022a); Vanaret et al. (2021); Diirrbaum and
Kroll, 2016

Wang et al. (2024); Bouchkira et al. (2023);
Kusumo et al. (2022b); Pankajakshan et al.
(2019); Noh et al. (2018); Manesso et al.
(2017); Tsay et al. (2017); Houska et al.
(2015); Maheshwari et al. (2013a,b); Telen
et al. (2012a); Franceschini and Macchietto
(2008b,c¢).

Zhu et al. (2024); Bouchkira et al. (2023);
Kaiser and Engell (2022, 2020); Tsay et al.
(2017); Kucerova et al. (2016); Steimel and
Engell (2016); Kroll and Diirrbaum (2015);
Telen et al. (2014b)

prediction of expected information. Assuming that the model structure is
correct (i.e., no structural mismatch is present), the issue has been
addressed through more robust design techniques. Fig. 4 illustrates how
uncertainty in parameters affects uncertainty in predicted responses,
leading to potential suboptimal design, while robust MBDoE techniques
aim at addressing these issues.

3.1.1.1. Bayesian approach. A trending solution is the adoption of
Bayesian design (Terejanu et al., 2013; Luo et al., 2015; Kalyanaraman
etal., 2015; Kalyanaraman et al., 2020; Overstall, 2020; Rodrigues et al.,
2022; Cao et al., 2024; Gibson et al., 2024). According to the Bayesian
approach, the change in the information about the set of parameters
estimates 0 between the prior density over the parameters p(6) and the
posterior p(d|y) is given by Bayes’ rule:

(¥10)p(6)

~ P
pely) = 5) (15)
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where p()7|0) is the likelihood function; p(y) = [ p()7|0)p(0)d0 is the
marginal likelihood used for normalization. Within the MBDoE context,
adopting a Bayesian approach aims at integrating the posterior distri-
bution of model parameters p(6]y) rather than relying on point esti-
mates. p(6]y) is used to represent the parametric uncertainty to account
for the full range of possible parameter values. Then, the optimal
experimental conditions are typically computed as to maximize the
mutual information between 6 and Yy, i.e., reducing the uncertainty in
joint parametric distribution (Lindley, 1956). This measure is referred to
Kullback-Leibler divergence from the likelihood to the evidence
(Paulson et al., 2019):

Ua(0) = [ log(%)pmwdy. 16)

The optimal experimental conditions, @pr, are those maximizing the
value of Ugg, i.e., the conditions that maximize the information gain
about the parameters 6 by minimizing the uncertainty in the posterior
distribution.

Note that the optimisation problem can be also formulated by
considering the Bayesian counterpart of the FIM (Wang and Yue, 2020)
as:

Hiayes (0) = / H,(0)p(617)do. a7

Although the Bayesian approach to MBDOE offers significant advantages
in handling parameter uncertainty, some limitations must be consid-
ered. First, the computational complexity of integrating the selected
optimisation function over the parameter space may be significant
(Paulson et al., 2019). MC approaches have been proposed as a practical
numerical solution within the Bayesian framework to approximate the
integrals in Eq. (16) or (17) (He et al., 2009; Krausch et al., 2019), but
their computational cost still can be prohibitive, especially for high-
dimensional or non-linear models. Moreover, the choice of prior distri-
bution p(@) plays a critical role in shaping the results. Inaccurate or
overly restrictive priors may lead to suboptimal designs, while non-
informative priors may fail to adequately reflect prior knowledge,
potentially resulting in inefficient experiments (He et al., 2009).

3.1.1.2. Sigma point method. An alternative approach to addressing
parametric uncertainty has been proposed by Telen et al. (2014) and
Mdluli et al. (2015). In this context, the FIM is efficiently computed
using the Sigma Point method, which involves selecting a minimal set of
strategically chosen values (sigma points) around each estimated model
parameter, enabling an efficient evaluation of how such uncertainties
influence optimal experiment design (Nimmegeers et al., 2017). The
primary advantage of the Sigma Point method lies in its significantly
lower computational cost compared to direct Bayesian approaches,
which require evaluating high-dimensional integrals. In contrast to
advanced computational techniques used within the Bayesian context (i.
e., MC sampling), the Sigma Point framework provides more direct
formulas that effectively leverage the problem structure. Specifically, for
a current set of Ny estimated model parameters with var-
iance-covariance matrix Vj, the evaluation of information requires (2
Ny + 1) computations, where the sigma points are defined as:

Ty = (9, (18)

i = 0+ A/ (Ng +k)Vg‘i, (19)

7 =0—/(Ny+Kk)Voy w,withi=1:1:Np, j=Ny+1:1:2N,,  (20)

where k is a scaling parameter which is typically fixed equal to
(3 —N,) (Julier and Uhlmann, 1996). The expected value of the FIM,
H,(0), is finally computed as:
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Fig. 4. Propagation of parametric uncertainty for a two-parameters model (¢; and 6,) towards model prediction (¥) may lead to suboptimal experiment design and/
or constraints violation, while robust MBDoE techniques aim at addressing these issues.

. 1 2N,

H,(0) = mng(nO) +% > Hy(m).

i=1

(21

3.1.1.3. Stochastic design. To account for the effect of parametric un-
certainty in MBDOE, various stochastic approaches have been proposed.
They involve considering all possible realizations of the set of model
parameters within the expected uncertainty bounds and treating them as

stochastic variables (5). Consequently, the design problem becomes
inherently stochastic, with the solution represented as a stochastic
design vector that satisfies model equations, optimality conditions, and
feasibility constraints. Given that only one experiment is typically
feasible at a time, the stochastic framework must be simplified to pro-
vide a unique optimal solution. The design objective can be evaluated
using a conservative approach based on worst-case metric of parametric
uncertainty (Walter and Pronzato, 1987; Asprey and Macchietto, 2002;
Welsh and Kong, 2011). The general maximin design criterion based on
FIM maximizes a selected metric of the FIM for the worst possible set of
parameters, and is mathematically formulated as (He et al., 2010):

Popr = argmaxmin{y[Hy (6, ¢)] }. 22)

Alternatively, one can refer to the variance—covariance matrix, and use
the minmax design criterion formulation (Barz et al., 2010):

Popr = argminmax{y[Vo(6,)] }. (23)

While the worst-case approach ensures robustness by preparing for the
most adverse parameter configurations, it often leads to overly conser-
vative designs that may not be practical or efficient. In contrast, prob-
abilistic experiment design approaches have been proposed, where the
occurrence of different possible scenarios is considered with appropriate
weighting (Galvanin et al. 2010; Streif et al., 2014; Mesbah and Streif,
2015; Nimmegeers et al., 2020).

Galvanin et al. (2010) proposed a backoff strategy that provides a
balanced alternative by mitigating excessive conservatism and deliv-
ering solutions that remain robust within realistic uncertainty bounds.
The computation of the FIM remains as defined in Eq. (4), while nominal
constraints are adjusted using backoff margins to maintain the system

within a feasible region with a specified probability. This modifies Eq.
(2) as follows:

¢ = x(t) - g(t) +5(8) <0, (24)
where f is a set of time-dependent backoff functions considering the
effect of parametric uncertainty on the state variables at the designed
experimental conditions. Backoff functions are quantified based on the
predicted probability distribution of the state variables under para-
metric uncertainty, and reflect a specified confidence level. They are
generally nonlinear, and their magnitude can be tuned by the user,
allowing for variable degrees of conservatism depending on the criti-
cality of each state variable, e.g., via MC simulations based on para-
metric or expected structural uncertainty. A key consideration is that
large values may lead to overly conservative and poorly informative
designs. One advantage of this approach is the ability to tailor backoff
constraints for individual state variables and/or at specific times or
conditions. Note that in this case, too, the reduction of the design space
may lead to an unfeasible design.

Nimmegeers et al. (2020) presented an efficient approach for sto-
chastic optimal experiment design based on polynomial chaos expan-
sion, which is exploited to approximate the expected value of both the
objective function and the process constraints as a sum of orthogonal
polynomials (i.e., polynomials of which the inner product is equal to
zero) through collocation points. These polynomials are a function of the
uncertain variable for which a probability distribution is known
(Mesbah and Streif, 2015; Nimmegeers et al., 2016).

3.1.1.4. Global sensitivity analysis. To further refine the robustness of
the design under parametric uncertainty, the use of global sensitivity
analysis (GSA) has been proposed as an alternative to traditional local
sensitivity analysis indices in Eq. (4) (Brockmann et al., 2008; Chhatre
et al., 2008; Yue et al., 2008; Martinez et al., 2009; He et al., 2009; Chu
and Hahn, 2010). Instead of evaluating the effect of small perturbations
around nominal parameter values, GSA considers the full range of
parameter uncertainty and quantifies their contributions to output
variability over the entire parameter space. Variance-based GSA, such as
the Sobol’s method (Sobol, 1993), are commonly preferred over
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alternative approaches (e.g., Morris method) as they allow for a more
thorough understanding of how uncertainty in parameters influences
model predictions (Saltelli et al., 2008). The conditional variance
characterizes the individual contribution of a parameter ¢; to the total
variance of the predicted output y;, and is computed as:

Ny
¥i(0) =Yi-+ Zyi,l(gl) + Z Vije(05,0:) + - +Viazn, (01, -+, O, )
=1

1<j<t<Ny
(25)
where the partial functions are:
Yir = Eo(¥1), (26)
yi-p ('911) =k, (ﬁlﬂp) - Zyi-,s — Vi 27)

sCp

with Ey(¥;) denoting the unconditional expectation of the model output
y; over the joint distribution of all parameters, while ~ p indicating the
complementary subset of p, i.e., 6 , represents the set of all parameters
except 6p. Ey,(Jil6p) is, instead, the conditional expectation of the
output given a fixed value of 6,, averaged over all the other parameters
0p; this isolates the influence of parameter ¢, on the output while ac-
counts for uncertainty in the remaining parameters.

The orthogonal property of the function decomposition (i.e., [
Vi (0p)¥iv(6y)p(0)d6 = 0 with p # v, p and v different subsets) allows to
express the variance of the response of interest V(3;) as:

Ny
V(y:) = ZVP+ Z Vie+t ..+ Vi, (28)
p=1 1<j<t<Nyp
with
VP = Vyp (E9~p (-}’,\l |9P)) - ZVS' (29)
sCp
Vi, Vie, ..., Vios..N, are partial variances which describe the parameters

effect on the variance of the response. According to Homma and Saltelli
(1996), results from Sobol’s GSA can be collected in two different
metrics, i.e., the first-order effect index S;, and the total effect index
Siror- The first-order effect index, S;, represents the direct effect
contribution of each parameter [ to the variance of the output: the higher
the S; value, the higher the influence of the [ th parameter on the output.
With respect to y;, it is defined as:

_Vy(E SAE))

= 30
V(y:) 0

S

and can be substituted to the term a}g—(gfk), appearing in Eq. (4), for each
sampling time t;. One advantage of this approach is the possibility of
augmenting the problem formulation with additional constraints for
each parameter on either individual Sj, or total effect index S; 707 (i.e.,
designs where a specific parameter is above or below desired sensitivity

thresholds).

3.1.1.5. Online Model-Based redesign of experiments. Alternative to
traditional offline design approaches (one or more full experiments at a
time), dynamic methodologies such as Online Model-Based Redesign of
Experiments (OMBRE) offer innovative solutions for managing param-
eter uncertainty in real-time, i.e., during each experiment (Galvanin
et al.,, 2009a). According to the traditional procedure for parameter
estimation, parameters are estimated after the experiment execution.
This means that the increasing information available as the experiment
unfolds is not exploited until its completion, potentially leading to sub-
optimal experimental conditions, particularly when initial parameter
uncertainty is high and/or experiments are long. Instead, OMBRE
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techniques enable real-time adaptation of experimental conditions as
new data becomes available. The core principle of online redesign is to
iteratively update the experiment design based on data collected during
the experiment. After each experimental cycle (which is defined based
on factors such as the elapsed time or number of samples collected),
parameter estimates are refined, and experimental conditions are
recalculated to maximize information gain - i.e., the FIM is updated
iteratively as new measurements are integrated. Building on this foun-
dation, De-Luca et al. (2016) introduced a more robust OMBRE meth-
odology by proposing a new design criterion based on maximizing
dynamic information gain. The method continuously adapts the exper-
imental conditions to maximize the precision of model parameter esti-
mates and includes an automatic mechanism to determine the optimal
moments for redesigning the experiment, ensuring that a significant
increase in information content is achieved before proceeding with
parameter estimation and subsequent redesign. Specifically, the crite-
rion is applied to the parameter with the highest uncertainty, using
statistical indices like the t-value, which measures the precision of
parameter estimates. More recent developments in the field
(Pankajakshan et al., 2021) have led to the proposal of an adaptive
OMBRE which dynamically determines when to re-optimise the exper-
imental conditions based on the intermediate results of parameter esti-
mation. The approach shows close similarity to parameter updates in
online control, such as those implemented using the extended Kalman
filter, where parameters are continuously updated based on real-time
measurements.

The growing interest in real-time experimental design has also led to
the development of adaptive strategies, such as adaptive input design
and dual control, where system identification and control objectives are
addressed simultaneously (Hjalmarsson, 2005; Stigter and Molenaar,
2012). These approaches integrate MBDoE with real-time feedback and
control schemes and provide a rigorous foundation for managing un-
certainty by continuously updating the experimental policy in response
to new measurements. Recent contributions have advanced this view-
point, proposing control-oriented frameworks for online MBDoE in
various contexts. For instance, Lucia and Paulen (2014) introduced a
robust model predictive control formulation that integrates experiment
design; Qian et al. (2014) focused on closed-loop MBDoE for parameter
estimation in thermal systems. Barz et al. (2016) proposed an adaptive
input design approach for the identification of chromatography models;
Jost et al. (2017) presented a feedback control algorithm that optimises
both inputs and measurement times. Telen et al. (2018) analysed online
vs. offline strategies for bioprocesses under uncertainty; Kim et al.
(2022) applied an optimal experimental design strategy supported by
model predictive control to automated cultivation platforms.

3.1.2. Parameter correlation

A crucial aspect in the formulation of the FIM is the potential cor-
relation between parameters within the model. The FIM (Eq. (4)) is
derived from the partial derivatives of model predictions with respect to
parameter estimates, which are influenced not only by the individual
values of the parameters but also by their interdependencies. Failure to
account for these correlations may lead to misleading conclusions, as the
covariance structure of the parameters affects both the distribution of
possible parameter values and the reliability of model predictions.
Indeed, it may be observed that high correlation is actually built-in in
the choice of many traditional alphabetic design objectives. For
example, the A and D-criteria are minimised when the parameter con-
fidence ellipsoid collapses to a line (in 2D), and this is often obtained in
practice (see Fig. S.1 in the the Supplementary Material). In cases where
parameters are highly correlated, information about one parameter may
be shared with another, leading to an overestimation of the information
available from the experiment (Franceschini and Macchietto, 2008b,c;
Chu, Y., Hahn, J., 2012; Maheshwari et al., 2013; Yuan and Benyabhia,
2023; Kim and Lee, 2018).

A typical way to calculate the correlation R; between the pair of
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parameters 6;, ¢; is to directly exploit the variance-covariance matrix
itself (Maheshwari et al., 2013):

R; Vo,

T ViV,

Thus, to minimize the correlation among parameters one need to
minimize the correlation among all parameters, e.g., by considering the
sum of square values of all the correlation coefficients:

(31

Ny—1 Ny
min > Y " Ri(0,9). (32)
i=1 j=2j#i

The use of Eq. (32) as the objective for experiment design is only aimed
at decreasing the correlation between parameters, whilst the confidence
in parameter estimates may be very large (Issanchou et al. 2003). A
multi-objective optimisation problem can be therefore formulated by
coupling Eq. (32) with Eq. (7) or, alternatively, Eq. (8). Although Egs.
(7) and (8) already account for parameter interactions (var-
iance-covariance matrix), Eq. (32) is introduced to explicitly minimize
their correlation. Minimizing the sum of squared correlation coefficients
helps in the reduction of parameter interdependence, improving nu-
merical stability and reliability of parameter estimates. The selection of
the optimal solution is based on identifying the Pareto front, which
represents the set of non-dominated solutions offering the best trade-off
between the objectives (Maheshwari et al., 2013).

As an alternative to the formulation of a multi-objective optimisation
problem, Franceschini and Macchietto (2008b,c) proposed novel design
criteria aimed at simultaneously including explicit measures of corre-
lation, while targeting the experiments to the improvement of parameter
precision. One way to achieve this is to minimise correlation in the
objective function while requesting specified levels of parameter preci-
sion as problem constraints. In practice, specifying desired levels of
parameter precision can be challenging, especially in the early stages of
model development when limited information is available. These
thresholds must therefore be chosen carefully, ideally based on engi-
neering judgment, sensitivity analyses, or prior experimental evidence.
If the required precision levels are too strict, the resulting optimisation
problem may indeed become infeasible or lead to overly conservative
experimental designs. A good practice at each design step, which de-
livers an understanding of the trade-offs between correlation and
parameter precision, is to start with one objective and loose constraints,
and then tighten as you go (and/or switch correlation and parameter
precision as objective and constraints). To the purpose, the FIM (Eq. (4))
is first diagonalized as:
H, = EAE", (33)
where A is a diagonal matrix containing the eigenvalues of Hy and E is
the matrix of corresponding normed eigenvectors. The new parameters

© =E'0 are a linear combination of the original ones and represent
principal components, from which information regarding their correla-
tion structure can be derived. The information content is, then,
expressed by means of the eigenvalues 4; in A (associated with param-
eter 6;) as constraints to the formulation of the optimisation problem
(32):

Nyg—1 Ny
min > " R (0,@)s.t. ki — 4 > ¢ withi € {1,Ny}, (€]
i=1 j=2j#i

where ¢/ indicates a specified lower bound for the increase of 4; over the
initial value 1 calculated at a specific base point. The recognition that
the best experiment has multiple requirements not easily reducible to a
single scalar metric, led Franceschini and Macchietto (2008b,c) to sug-
gest formulating the optimal DOE as a flexible combination of parameter
precision (reflected by the y metric as in Eq. (7) or (8) or constraints as
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in Eq. (34)) and correlation between specific parameter pairs (R; as in

Eq. (34)), or overall (Zf’:"l’l f’:"z#i
(34)). Depending on the problem at hand, either could be selected for
minimisation or specified as a constraint, possibly changing at each
design iteration. It was observed that many of the numerical or ill-
conditioning problems usually associated with traditional formulations
were solved. These issues typically arise from the poor conditioning of
the FIM when parameters exhibit strong correlations, which can lead to
instability during optimisation. The diagonalization of the FIM and the
transformation of the parameters into principal components signifi-
cantly reduce these correlations, resulting in a better-conditioned
problem. Recent studies have demonstrated the effectiveness of this
FIM approximation in enhancing numerical stability. For example,
Karakida and Osawa (2020) and Soe and Sun (2024) highlighted how
reducing the dimensionality of the FIM through diagonalization can lead
to more stable problem formulations and improved computational
efficiency.

Kim and Lee (2018) presented a different approach. After parameter
estimation, weight coefficients are associated with each model param-
eter to account for both precision and correlation among them. Weight
coefficients are used to define a new objective function for the next
experiment design.

where w ; is the weight coefficient associated to each model parameter
0;, and wy; is the weight coefficient associated with the pair 6;, 6; ac-
counting for the effect of their correlation. The first term in the objective
of Eq. (35) penalizes high variances to guide the selection of informative
experiments aimed at improving parameter precision (i.e., minimizing
parameters variance), while the second term minimizes the correlation
among pairs. Choosing the weight coefficients is not a straightforward
task, as their selection depends on model knowledge; moreover, in the
presence of high correlation and large variance, the weights may not be
independent. As noted earlier, trying with different values for the
weights at each design step will typically give experimenters/modellers
a better understanding of the trade-off between objectives, allows them
to tailor their priorities and is a good practice.

Another approach consists in coupling the standard MBDoE formu-
lation for parameter estimation (Eq. (7) or Eq. (8)) with estimability
analysis (Wu et al., 2011), according to which only the most estimable
parameters are considered - i.e., parameters that are the most effective
towards model predictions and are little correlated each other (Chu and
Hahn, 2012; Yuan and Benyahia, 2023).

R;?(0, @) as the argument in Eq.

No
> wa[Ry] (35)

Ny
Popr = argmin{ Z w1 Vi +
0 | 4 —
P P

3.1.3. Ili-conditioning of the FIM

A commonly encountered problem during the MBDoE procedure is
the ill-conditioning of the FIM, which can make the matrix nearly non-
invertible or lead to numerical instability during inversion. This issue
arises when the matrix lacks full rank, typically due to the presence of
many model parameters (White et al., 2016), potentially compounded
by high correlations among them, or as a consequence of insufficiently
informative experimental conditions. A common approach to address
this issue is parameter subset selection, where only the most estimable
parameters are included in the FIM (Wu et al., 2008; Barz et al., 2013;
Kravaris et al., 2013; Lopez et al., 2013; Lopez et al., 2015).
Orthogonalization-based parameter ranking for estimability analysis
(Wu et al., 2011) has been successfully exploited in the so-called leave
out approach to find and leave out problematic parameters - i.e., those
parameters that are less influential with respect to model outputs and
highly correlated — that make the FIM noninvertible (Shahmohammadi
and McAuley, 2019a).

A common alternative to parameter subset selection for avoiding
noninvertible FIM is to use a pseudoinverse of the original matrix. The
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Moore Penrose pseudoinverse, H, !, is the most adopted due to its
straightforward computation via singular value decomposition (Li and
Yeh, 2012; Shahmohammadi and McAuley, 2019a; Shahmohammadi
and McAuley, 2019b):

Hy = i) {5 8} lval, (36)

where «~; and +q are nonzero singular values in the diagonal matrix J1, «2
and ~, are zero singular values (or singular values below a prescribed
threshold). The Moore-Penrose pseudoinverse for the FIM is defined as:

H)'=un . (37)
While parameter subset selection ensures numerical stability and
interpretability, the pseudoinverse retains all parameters in the analysis,
albeit with reduced focus on practical identifiability, i.e., without ana-
lysing whether it is theoretically possible to uniquely determine the
values of all model parameters from experimental measurements. The
choice between these approaches depends on the specific objectives and
constraints of the experiment design.

As an alternative, Quaglio et al. (2019) proposed a model identifi-
cation approach of online reparameterization which is particularly
useful when parameters are practically non-identifiable or highly
correlated. The framework is based on two fundamental steps: (i) a
primary parameter estimation which is required to assess whether it is
possible to estimate all model parameters and their correlation; (ii) a
parametrization update where the parameter space is transformed to a
more robust parameter space aimed at reducing estimability issues.
After the parametrization update, the parameter estimation is repeated
within the new (robust) parameter space. Finally, parameter estimates
are transformed back to the original space applying algebraic trans-
formation. The algorithm has been demonstrated to effectively minimize
the condition number of originally ill-conditioned problems. However,
the effectiveness of the method may be limited, particularly when the
model is highly nonlinear or has a high-dimensional parameter space,
for which the transformation may become challenging. In these cases,
the reparameterization process may lead to increased computational
complexity and may not reliably avoid issues such as local optima or the
failure to obtain a robust parameter space.

3.1.4. Effect of structural model-process mismatch

The selection of a reliable model should balance complexity and
predictive capability, potentially leading to the development of model
structures that embody a certain degree of misspecification. This in turn
may impact on both the information that can be extracted from the FIM
and the satisfaction of process constraints. Although the issue is critical
in many experiment design applications, relatively few studies have
directly addressed it.

A pioneering approach was developed by Galvanin et al. (2012), who
proposed an online model-based redesign methodology where distur-
bances are explicitly estimated and incorporated into the experiment
design process. In this approach, the system dynamics are augmented
with a disturbance term d(t), leading to the following modified state-
space representation:

x = f(x,u,0) +d(t). (38)
The term d(t) accounts for model-process mismatch and is estimated in
real time during the experiment execution. The structure of d(t) is
treated as an unknown input estimated online to capture discrepancies
between the model and the actual process. It is assumed that d(t)
smoothly varies over time, allowing for stable real-time estimation
without imposing a specific functional form.

Note that the inclusion of d(t) may increase the degrees of freedom of
the model, which could potentially impact the identifiability and sta-
tistical reliability of the parameter estimates. The experimental condi-
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tions are then iteratively updated by solving an optimisation problem
that minimizes the combined uncertainty in both ¢ and d(t). This
strategy enables the simultaneous achievement of a statistically satis-
factory estimation of the model parameters and the identification of
potential discrepancies between the real system and the model.

To avoid miscalculating information during the experiment design
phase, Quaglio et al. (2018) proposed an extended FIM formulation that
accounts for model misspecification. Mathematically, the extended FIM,
E, is defined as the sum of the traditional FIM (Eq. (4)) and a deviation
term D:

E=H,+D, (39)
LA ~ 0y:i(tx) 9y;(t

D=3" 35> 500 -le)) |2 2 (40)
k=1 i=1 j=1 L m | 1m=1:1:Ny

with y;(t,) representing the true i response at time t; that will be
measured during the experimental campaign. Since y;(t) cannot be
known a-priori, it could be approximated using a support model, i.e., a
data driven model. Note that because of the presence of matrix D, matrix
E (Eq. (39)) is not positive semidefinite and may therefore admit
negative eigenvalues. The inversion of E loses significance and may also
result in critical numerical problems, and, thus, design criteria must be
based on the maximization of a certain direct scalar measure of E.
Another option could be to directly leverage the data-driven model for
parameter updating.

As an alternative, Petsagkourakis and Galvanin (2020) proposed a
novel algorithm based on Gaussian Processes (GP-MBDoE) where
Gaussian Processes (GPs) are used to (i) approximate the model
mismatch between the process and the model, and (ii) directly compute
the expectation of the metric of the FIM and propagate the posterior
distribution of parameters. The expected value of the objective is
expressed as:

9opr = argmin((p.0) + a\/S(.0) ).

where 771(¢, 6) and £(¢,0) are the mean and the variance of the GP which
approximate the system under investigation after propagation of the
uncertainty of parameter set 6; a is a user-selected constant variable.

In spite of the potential effectiveness of both methods, it is worth
noticing that large datasets should be available to train the empirical
models of support. This requires the availability of experimental appa-
ratus capable of generating extensive data and, thus, may be a strong
limitation to the applicability in real-case scenarios. Recent advance-
ments have also explored the integration of MBDoE with batch-to-batch
optimisation and economic model predictive control to enhance
robustness against model-mismatch and disturbances (Ghodba et al.,
2025).

(41)

3.2. New algorithms and optimisation techniques

3.2.1. Local optimality

The standard MBDoE approach determines experimental conditions
that optimise the objective function (Eq. (7) or, alternatively Eq. (8)).
These optimal conditions are often restricted to small regions of high
information content, which may result in limited exploration of the
entire experiment design space. As a result, the model may exhibit poor
predictive capabilities in unexplored regions.

To enhance space exploration and reduce model prediction uncer-
tainty, Cenci et al. (2023) proposed a novel MBDoE formulation based
on G-optimality mapping, which leverages a model prediction variance
map to identify experimental conditions that minimize prediction un-
certainty. Specifically, each experimental condition in the experiment
design space is characterized in terms of prediction variance V), (rep-
resented by a scalar index J;) and information content (expressed
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through a selected metric y of Hy). For a given experimental point, Jg is
computed as:

N}’ N, P

Jo =Y Vy(0.0)];

=1 =1

(42)

The G-optimality-based criterion to be satisfied by the candidate design
points is:

JG 2 JG,thrJG.maxy (43)
where Jgmax is the maximum value of G-optimality, and Jgur is a
threshold chosen by the user in between 0 and 1 - the closer Jg 4, to 1,
the fewer the candidate design points, since only those having the
highest prediction variance are accepted; Jg & = 0 is equivalent to the
standard MBDoE formulation. Among the selected candidate points
satisfying Eq. (43), the experimental condition maximizing information
is chosen as the optimal experiment. The procedure can be mathemat-
ically expressed as a constrained optimisation problem:

Popr = argmin{y[Vy(6,@)] } s.t. Jo > Jo TG max- (49

By incorporating a flexible threshold Jg 4, the approach allows users to
balance exploration and the maximization of information content in the
experimental campaign. However, the selection of this value is critical,
as it directly affects the number and quality of candidate points
considered. Additionally, the grid-search algorithm may impose a high
computational burden.

Friso and Galvanin (2024) proposed an alternative procedure that
integrates a sampling-based experiment design approach with experi-
ment ranking based on the FIM to iteratively select the most informative
experiment. The procedure begins by generating N,., exploratory ex-
periments using a standard DoE method, such as Latin Hypercube
Sampling. For each experimental point, the corresponding FIM is eval-
uated according to Eq. (4). The candidate experiments are then ranked
based on their Relative Fisher Information (RFI), a normalized metric
that quantifies the information content of each point relative to the
entire experimental set. For the i th experimental point, the RFI is
computed as:

(| He, |

RFl; = ————.
L ||

(45)

The experiment with the highest RFI is selected as the most informative
for the next iteration, ensuring that each step maximizes information
gain. However, while this framework provides a powerful method for
exploring the entire experiment design space, it heavily relies on the
number and position of grid points. In the case of high-dimensional or
complex models, it may require a large number of iterations to achieve a
satisfactory level of precision in parameter estimates — potentially
exceeding the computational effort of a standard MBDoE formulation.
Other methods for experiment selection involve attributing weights
to a set of candidate experiments, where the optimal design is obtained
by solving a convex optimisation problem over these weights (Yang
et al., 2013). In such formulations, the weights themselves are the
optimisation variables, and the optimality conditions can be established
without requiring second derivatives. This reformulation, which applies
also to nonlinear models, allows for the incorporation of previously
conducted experiments and often improves computational tractability.
In this context, Sagnol and Harman (2015) formulated the optimisation
problem as a mixed-integer second-order cone program, enabling the
computation of exact D-optimal designs. More recently, Seufert et al.
(2021) propose a model-based experimental design approach for high-
dimensional inputs that employs machine learning techniques to adap-
tively assign weights to candidate experiments, enabling efficient se-
lection of the most informative trials while managing computational
complexity. The weakness of this approach is that choice is limited to
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candidate experiments proposed a-priori (not necessarily optimally
informative, or even good).

An alternative approach to cope against the issue of space explora-
tion is to discretise the entire experiment design space into a finite set of
candidate experiments (Kusumo et al., 2022a; Sandrin et al., 2025;
Vanaret et al., 2021; Diirrbaum and Kroll, 2016). For each candidate, the
standard MBDoE framework (i.e., solving Eq. (7) or (8)) can be then
applied thereby mitigating local optimality and/or suboptimality issues.

3.2.2. Multi-objective formulations

As already highlighted by Franceschini and Macchietto (2008a),
during the experiment design different aspects of interest can be
considered (e.g., correlation among parameters, directional informa-
tion, costs...) and explicitly included in the optimal design formulation.
Alternative to the single objective optimisation (Eq. (7) or Eq. (8)), the
integration of various factors within the optimal design of experiments
leads to the development of new multi-objective formulations (Telen
et al., 2012a). The multi-objective framework requires the simultaneous
solution of different objective problems, each expressed through a
suitable objective function. Typically, no single solution exists; instead,
the concept of Pareto optimality is employed to determine the set of
optimal conditions. The Pareto front represents the set of solutions
where no objective can be improved without worsening another, illus-
trating the trade-offs between the different objectives. Different methods
can be adopted to evaluate the Pareto front, such as the weighted sum
method (Das and Dennis, 1997), the normal boundary intersection (Das
and Dennis, 1998), the normalized normal constraint (Messac et al.,
2003) or evolutionary multi-objective methods (Rangaiah, 2009).

Regardless of the type of approach adopted to formulate the prob-
lem, many contributions focused on the integration of cost functions
(Houska et al., 2015; Noh et al., 2018; Pankajakshan et al. 2019; Wang
et al., 2024), or risk functions (Kusumo et al., 2022b) within the stan-
dard MBDoE framework based on the maximization of the information
content. As already discussed in Section 3.1.2, other works proposed
multi-objective formulations to cope against the issue of parameter
correlation (Franceschini and Macchietto, 2008b,c; Maheshwari et al.,
2013a,b; Tsay et al., 2017). Bouchkira et al. (2023) combined standard
D-optimal design with the maximization of Euclidian norms of the col-
umns of the FIM to improve estimability. Considering a fed batch
bioreactor, Telen et al. (2012b) included as extra objective the biomass
production, allowing to study the possible trade-off between informa-
tion content and production that typically occurs in real industrial
environment. Manesso et al. (2017) maximized data information con-
tent using FIM-based metric while computing the model curvature to
account for the effect of (strong) model nonlinearities within the optimal
experiment design. More than two objectives were combined by Forte
et al. (2017), i.e., the minimization of model predictions with respect to
the nominal process operational point, experimental uncertainty of
measured variables, and, if multiple candidate models are available, the
maximization of the predictions of competing models.

Irrespective of the mathematical approach considered, the critical
step in multi-objective formulations is the choice of an appropriate
formulation for the specific problem at hand. This requires a deep un-
derstanding of the priorities, e.g., whether parameter precision is more
important than managing (which) correlations, or whether exploring a
broader design space is needed to understand the shape of the design
surface. Additionally, it is always necessary to conduct a thorough
analysis of the data produced at each experiment, and obtain a judicious
understanding of the suggested designs and their evolution. While this
process could eventually be automated, human intelligence continues to
play a crucial role in ensuring that the chosen formulation is effective
and the experimental results are properly interpreted.

3.2.3. Solution of the optimisation problem
When dealing with complex, nonlinear and high-dimensional
models, the solution of the MBDoE optimisation problem may require
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a high computational burden — and this is even more relevant in the case
of multi-objective formulations. Various approaches have been pro-
posed to streamline the optimisation solution, i.e., to improve the
computational efficiency and to simplify the solution problem. Foun-
dational work by Bauer et al. (2000) and Korkel et al. (2004) addressed
these challenges by developing dedicated numerical methods for
optimal experimental design in DAE systems, including the efficient
generation of higher-order sensitivities and robust solution strategies.
The computational burden of MBDoE methods is largely determined by
the underlying optimisation algorithms employed. For instance, global
optimisation techniques such as genetic algorithms or particle swarm
optimisation are commonly used to handle multimodality, nonlinearity,
and discontinuities in objective functions (Lei et al., 2017). While these
methods increase the likelihood of identifying a global optimum, they
often come at the cost of greater computational effort compared to local
methods (e.g., gradient-based algorithms). Furthermore, the selection of
the MBDoE approach (e.g., classical FIM-based criteria vs. Bayesian
methods) also influences computational demand. On the other hand,
MBDoE has already greatly benefitted from the significant improve-
ments on general optimisation methods, and continues to do so.

The approximation of the original model using a surrogate is a
powerful method to deal with computational challenges. For instance,
Kucerova et al. (2016) demonstrated the effectiveness of polynomial
chaos expansion in approximating nonlinear finite element simulations
in a simple problem of two-dimensional, nonstationary linear heat
transfer. Bouchkira et al. (2023) developed a polynomial response sur-
face surrogate to mimic a complex first-principle model to predict the
conversion rate of a phosphate ore digestion by phosphoric acid. Zhu
et al. (2024) focused on piecewise affine surrogate-based optimisation
for enhanced Menschutkin reaction kinetics. However, the use of sur-
rogate models introduces a potential risk that the identified optimum
may not correspond exactly to the true optimum of the original problem,
due to the inherent approximations in the surrogate. To address this
concern, several strategies can be employed to verify and enhance the
reliability of surrogate-based optimisation. These include a posteriori
validation using the full model at the predicted optimum (Forrester
et al, 2008), cross-validation during surrogate training to assess
generalization accuracy (Kuhn and Johnson, 2013), and trust-region
approaches that restrict surrogate usage to regions where it has been
demonstrated to be accurate enough (Conn et al., 2009). These tech-
niques help quantify and control the approximation error, thus ensuring
that the surrogate is reliable where it matters most, particularly in the
neighbourhood of the optimal design.

Building on iterative design strategies, Steimel and Engell (2016) and
Tsay et al. (2017) proposed a superstructure optimisation framework
under parameter uncertainty. The method is based on a two-stage mixed
integer optimisation problem: in the first stage, design and structural
decisions are made, often represented by discrete variables (e.g.,
selecting specific experimental setups or configurations); the second
stage addresses the operational adjustments and continuous optimisa-
tion, and uncertainty in parameter estimates is explicitly accounted.
Kaiser and Engell (2020, 2022) refined the methodology to improve
computational efficiency, introducing advanced uncertainty quantifi-
cation techniques and demonstrated its robustness in the hydro-
aminomethylation of decene.

Another approach to reduce the computational burden involves
selecting only a subset of parameters within the MBDoE framework.
Techniques such as estimability analysis and parameter ranking, as
discussed in Section 3.1.2, are particularly effective for this purpose. The
selection of an effective numerical solver is also relevant. Telen et al.
(2014b) introduced novel optimisation algorithms based on sequential
semidefinite programming (Ramana, 1997), which offer specific ad-
vantages over sequential quadratic programming (Boggs and Tolle,
1995) within optimal experiment design. Specifically, the approach (i)
guarantees a reduction in estimating uncertainty at the matrix level by
incorporating a linear matrix inequality, (ii) allows easy formulation of
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optimal designs in a direct control optimisation scheme, and (iii) sim-
plifies matrix inversion problems, such as the computation of Vj,
through reformulation. Additionally, Kroll and Diirrbaum (2015)
relaxed the optimisation solution based on D-optimal design criteria by
applying determinant decomposition. The approach aims at reducing
computational complexity in identifying optimal solutions, enhancing
numerical stability, and improving the management of parameter
variance.

While the literature presents a broad spectrum of advanced MBDoE
formulations - including robust, stochastic, Bayesian, and multi-
objective approaches — a critical evaluation reveals that their practical
added value often remains difficult to quantify. For instance, Bayesian
formulations offer a rigorous treatment of parameter uncertainty, but
they typically require high-dimensional integration and remain
computationally intractable for many real-case models. Similarly, multi-
objective formulations attempt to balance competing goals (e.g., infor-
mation content vs. parameter correlation), but frequently result in
complex optimisation problems whose benefits over simpler scalar
metrics are not consistently demonstrated. Only a limited number of
contributions provide quantitative comparisons with classical MBDoE
formulations in terms of reduction of experimental runs, improvement
of parameter precision, or robustness against uncertainty. Moreover,
while novel formulations tend to be methodologically elegant, they
often rely on assumptions (e.g., full access to prior distributions, exact
knowledge of experimental noise structure) that are challenging to meet
in real applications. These limitations partially explain why many of
these approaches remain confined to academic settings and simulation-
based validations. More practically, the quest for arcane academic
challenges has often run faster ahead than that for software useability
and reliability.

Bridging the gap between methodological sophistication and real-
world applicability remains a key challenge for future research.

3.3. Software

Despite advances in methods and algorithms, the implementation of
MBDoE remains challenging, partly due to the paucity of general-
purpose software packages (Agi et al., 2024). MBDoE necessitates the
user to define specific model equations in the form of (1) and requires
tools to be integrated with modelling platforms such as Python, MAT-
LAB, AspenPlus, or GAMS. Table 2 lists available packages.

Currently, gPROMS® is one of the few commercial platforms that
directly supports MBDoE activities for parameter estimation. While its
capabilities are applicable across various industries, its usage is partic-
ularly prominent in pharmaceutical applications due to its integration
with Quality by Design principles and specialized modelling tools for
reaction and crystallization processes (Process Systems Enterprise,
2023).

For Python users, some open-source packages for MBDoE applica-
tions are available. Kusumo et al. (2022b) developed Pydex which
provides an advanced framework for continuous experiment design for
parameter estimation, using probabilistic methods to explore the
experimental space and identify optimal configurations. Pydex stands
out for the capability to handle uncertainties and operational constraints
during the planning of experiments. The software operation is divided
into two main phases: (i) probabilistic sampling of the experimental
space, which helps the selection of promising configurations, and (ii)
optimal experiment design, aimed at maximizing efficiency and mini-
mizing costs. Another open-source Python package that should be
mentioned is GPdoemd (Olofsson et al., 2019), which is specifically
developed to design optimal experiments aimed at model discrimina-
tion. The core methodology of GPdoemd involves replacing complex
models with GP surrogates. By leveraging GPs, the package facilitates
approximate inference, enabling the marginalization of model parame-
ters to account for uncertainty. However, Pydex and GPdoemd are not
fully pre-configured packages, often require substantial user
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Table 2
Comparison between the most popular open-source toolkits for MBDoE
applications.

Software Language License Application Url Link
gPROMS®  gPROMS Proprietary Parameter https://www.
Modelling precision siemens.co
Language m/global/en/
products/auto
mation/indust
ry-software/g
proms-digital-
process-desig
n-and-operat
ions.html
Pydex Python Massachusetts Parameter https://pydex.
Institute of precision readthedocs.
Technology io/en/latest/
(MIT)
GPdoemd Python Berkeley Model https://www.
Software discrimination sciencedirect.
Distribution com/science/
(BSD) - 3 article/pii/
S0098135
419300468
Pyomo. Python BSD -3 Parameter https://pyom
DoE precision o.readthedocs.
io/en/6.8.0/
contributed
_packages/d
oe/doe.html
MIDDoE Python MIT Parameter https://pypi.
precision & org/project
model /middoe/
discrimination
VPLAN C++ Academic Parameter https://simopt
(upon request) precision Jiwr.uni-h
eidelberg.
de/vplan

customisation, and generally demand a strong understanding of both
Python programming and the underlying MBDoE principles.

To make MBDoE methodologies more accessible, Wang and Dowling
(2022) developed a comprehensive Python-based modelling package,
Pyomo.DoE, which can be suitably exploited for parameter precision.
The package integrates with a variety of solvers, making it versatile for
different computational needs. It allows the user to easily define con-
straints, objectives and decision variables, and is suitable for both single
and multi-objective optimisation formulations. Additionally, its ability
to handle nonlinear, mixed-integer, and dynamic optimisation problems
makes it useful for MBDoE applications that require complex model
interactions and real-time optimisation.

More recently, Tabrizi et al. (2025) proposed a Python package,
MIDDoE, which aims at tackling some flexibility limitations in the
PYOMO array and model structure. The package offers MBDoE tech-
niques tailored for both model discrimination and parameter estimation,
and provides tools to assess model identifiability, including estimability
analysis, while ensuring adaptability to process constraints.

Furthermore, the software VPLAN (https://simopt.iwr.uni-h
eidelberg.de/vplan) represents a important tool for MBDoE applica-
tions. It incorporates advanced numerical techniques for solving
nonlinear optimisation problems for parameter precision and offers
dedicated functionalities for uncertainty quantification and sensitivity
analysis.

An essential computational technique that supports the imple-
mentation of MBDoE is automatic differentiation which enables efficient
and accurate computation of gradients and sensitivities required for
optimisation and uncertainty quantification. Several modern toolkits
and frameworks, including those for dynamic optimisation, increasingly
rely on automatic differentiation to ensure numerical robustness and
scalability (Griewank and Walther, 2008). For example, Python libraries
such as Autograd (Maclaurin et al., 2015), and PyTorch (Paszke et al.,
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2019) offer automatic differentiation functionality that can be leveraged
for MBDoE applications. Commercial modelling environments such as
gPROMS® have also long incorporated built-in automatic differentia-
tion features since their early commercial deployment in the early 2000
s.

In conclusion, the use of advanced toolkits and software represents a
crucial step in accelerating the implementation of MBDoE techniques,
streamlining a more efficient implementation for industrial purposes. In
general, there is still the need for a user’s friendly software, with a
comprehensive availability of libraries of identification tools and
MBDoE methods. We believe that one of the reasons that hindered a
widespread utilisation of MBDoE techniques, in particular among in-
dustrial practitioners, is that their implementation and usage still re-
quires specialistic skills and expertise.

3.4. MBDoE applications

MBDoE has been applied across a wide range of disciplines to
improve parameter estimation and (less frequently) to assist in model
discrimination. This Section provides an overview of its applications for
parameter estimation, with some studies also integrating model
discrimination, in various fields, relying on different data sources, i.e.,
either experimental or in silico. Experimental data refer to measure-
ments obtained directly from laboratory or industrial experiments,
while in silico studies rely on numerical simulations based on previously
validated mathematical models (the purpose being a controlled
demonstration of the methods rather than model development). The
increasing number of studies based on experimental data underscores
the growing effort to validate MBDoE methodologies in real-world set-
tings. Table 3 summarizes the key publicly available contributions in
various domains, categorized by different data types (experimental vs.
in silico).

Several important trends emerge from Table 3:

e Kinetic reactions and biological systems are the most extensively
studied fields, with a balanced mix of both theoretical and experi-
mental studies (Barz et al., 2022). Here, MBDoE is primarily
employed to refine parameter estimates only; however, some studies
also incorporate model discrimination techniques among rival
models (Hennecke et al., 2024; Han et al., 2016; Galvanin et al.,
2015; Schaber et al, 2014), e.g., distinguishing between competing
reaction mechanisms.

Pharmaceutical manufacturing and pharmacodynamics leverage
MBDoE to enhance process efficiency and product testing, while
balancing regulatory constraints with experimental feasibility. Ap-
plications in this area are still limited — both considering in silico and
experimental studies — and only focus on parameter estimation.
Life science models (e.g., pharmacodynamics and physiological
models) are key in biomedical research, for drug development, and
personalized medicine. Models have been recently proposed and
applied to aid in the diagnosis and characterization of diseases, but
their complexity is such that they often require long and costly
clinical tests. MBDoE has been demonstrated to be useful in
designing minimal sets of clinical tests for parameter estimation.
However, also in this context, in silico studies are predominant.
Food microbiology and analytical chemistry show a significant
number of cases employing real experimental data opposed to purely
theoretical studies — all contributions concerning parameter esti-
mation only. This suggests an easier practical implementation with
respect to fields such as pharmaceutical manufacturing, where
practitioners are generally more reluctant to trust complex available
models.

Electrochemical systems have been also studied, with specific focus
on parameter precision. While research in this field remains pre-
dominantly in silico, some studies demonstrate the feasibility of
applying MBDoE also in real-word applications.
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Table 3

Case studies utilizing MBDOE for parameter estimation, with some studies also
integrating model discrimination, across different fields categorized by data type
(in silico vs. experimental).

Application field Data type References

Katsoulas et al. (2025); Geremia et al.
(2024a,b); Yuan and Benyahia (2024);
Geremia et al. (2023); Kilari et al.
(2023); Yuan and Benyahia (2023)
Matsunami et al. (2023); Cenci et al.
(2022); Pal et al. (2021); De-Luca et al.
(2020)

Yonge et al. (2024); Asprion et al.
(2020); Yue et al. (2013); Galvanin

et al. (2009a)

Agunloye et al. (2024); Schaare et al.
(2023); Waldron et al. (2020); Waldron
et al. (2019); Jung et al. (2019); Jiang
et al. (2019); Echtermeyer et al.
(2017); Han et al. (2016); Galvanin

et al. (2015); Schaber et al. (2014);
Reizman and Jensen (2012); McMullen
and Jensen (2011)

Hennecke et al. (2024); Villaverde

et al. (2022); Moller et al. (2019);
Telen et al. (2017); Ruess and Lygeros
(2015); Yu et al. (2015); Schenkendorf
and Mangold (2011)

Saccardo et al. (2023); Moser et al.
(2021); Barz et al. (2018); Luna and
Martinez (2018); Cruz Bournazou et al.
(2017); Bernardi et al. (2016); Lopez
et al. (2013); Flores-Sanchez et al.
(2013); Valencia et al. (2013);
Kontoravdi et al. (2010)

Barz et al. (2016); Barz et al. (2013)
Taverna et al. (2019); VoB et al.
(2019); Shotwell and Gray (2016);
Maheshwari et al. (2015); Galvanin

et al. (2011); Galvanin et al. (2009b)
Galvanin et al. (2024); Pargett et al.
(2014)

Garre et al. (2019)

Longhi et al. (2018); Longhi et al.
(2017); Neddermeyer et al. (2016);
Longhi et al. (2016)

Stroebl et al. (2024); Rhyu et al.
(2024); Ciucci (2013); Tsikonis et al.
(2011)

Park et al. (2018)

Evripidou et al. (2024); Kaminski et al.
(2016); Hametner et al. (2013)

Liu et al. (2025); Galvanin et al.
(2016b); Stamati et al. (2015)

Pharmaceutical science In silico

& manufacturing
Experimental
In silico

Reaction kinetics

Experimental

Biological systems and In silico

bioprocessing

Experimental

Analytical chemistry
Life science models

Experimental
In silico

Experimental

In silico
Experimental

Food microbiology

Electrochemistry In silico

Experimental

Other fields In silico

Experimental

Other fields such as automotive engineering (Hametner et al., 2013),
polymer science (Kaminski et al., 2016); separation processes (Evripidou
et al., 2024; Galvanin et al., 2016b) and airpath modelling for engine
control strategies (Stamati et al., 2015) are emerging. This highlights the
versatility of MBDOE in tackling diverse modelling challenges in various
contexts for improving parameter precision.

4. Future perspectives

In the evolving context of process systems engineering, MBDoE must
adapt to meet the demands of increasingly complex and interdisci-
plinary modelling frameworks. In this section, we address emerging
challenges and opportunities for future development related to the
integration of MBDoE methodologies within advanced techniques. As
shown in Fig. 5, future directions for MBDoE encompass several areas,
including its integration with data-driven modelling frameworks,
considering the impact of available equipment in real-world scenarios,
and the development of new approaches for optimal design.
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4.1. MBDoE and data-driven modelling

Recently, there has been a rapid advancement in data-driven
modelling techniques and a progressive shift towards hybrid model-
ling approaches, where first-principle knowledge is complemented by
data-driven components within a unified framework, with the goal to
better capture the underlying system complexities (Sansana et al. 2021).
However, this evolution inevitably raises several challenges concerning
the integration of MBDoE methodologies with hybrid modelling
paradigms.

4.1.1. Integration of MBDoE within hybrid modelling frameworks

Traditional MBDoE focuses on optimising the parameters of mech-
anistic models; in a data-driven DoE, the underlying system is described
by some physics-free model, such as a neural network, with the opti-
misation consisting in some form of machine learning from just
input-output data (data-driven). In hybrid frameworks, both mecha-
nistic and data-driven components are used in combination to leverage
their respective strengths: mechanistic models provide interpretability
and physical consistency, but can be challenging to develop for complex
systems, while data-driven models offer flexibility requiring no prior
knowledge of the underlying principles of the system (only sufficient
data for training). This makes them particularly useful when dealing
with poorly understood processes or when first-principle modelling is
impractical. Moreover, hybrid approaches offer a unique opportunity to
integrate mechanistic knowledge with less quantitative data sources,
including images, sound, and complex analytical results, expanding the
applicability of MBDoE in innovative ways. When integrating MBDoE
with hybrid models for parameter estimation this gives rise to several
key challenges. The first challenge is to decide what form of data-driven
models to use and how the two types of models are to be used together.
One possible choice is to use the data-driven components to capture
deviations from the mechanistic models, however this in not the only
one. An additional complexity when optimising data-driven compo-
nents, is the choice of which parameters (e.g., weights and biases) in the
data-driven model to choose. These are crucial for making accurate
predictions. The data-intensive nature of machine learning models raises
two key concerns. The first is the number of experiments required for
initial training and calibration, which can be substantial. The second is
ensuring the experimental feasibility of the proposed designs, particu-
larly in the early stages of training when extrapolation risks are high.
Mechanistic models also face limitations in extrapolation, but they allow
for the integration of physical constraints on parameters, input controls,
and states, which helps mitigate feasibility issues — an advantage that is
more challenging to implement in purely data-driven models (Azarpour
et al., 2017; Asprion et al., 2019). To address this issue, a recent
framework proposed by Pankajakshan et al. (2025) combined Gaussian
Process regression with active learning to optimise experimental con-
ditions and manage the calibration of data-driven models effectively,
which offers potential for optimising experiment design and ensures
efficient use of resources.

Another critical challenge is the interaction between mechanistic
and data-driven parameters. The interdependencies between the two
components often complicate the identifiability of models and/or
reduce interpretability. This necessitates the development of ad-hoc
sensitivity analysis techniques and design criteria to guide experi-
ments across both submodels (Selvarajan et al., 2022; Schweidtmann
et al., 2024). As the hybrid model evolves with the accumulation of new
data, adaptive learning techniques must be integrated into MBDoE
frameworks to refine experiment design iteratively, ensuring that the
data collection process remains optimal and evolves over time (Tian
et al., 2020).

An additional issue is how to design experiments to maximize the
mismatch between a given mechanistic model and the real system. This
could serve two main purposes: (i) identifying which specific channel or
equation fails to capture the real system behaviour, thereby providing
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Fig. 5. Future directions in MBDOE, highlighting emerging challenges and opportunities for further exploration.

insights into its limitations, and (ii) enabling the optimal training of a
suitable data-driven component to compensate for the observed
mismatch. With concern to purpose (i), a promising research direction
concerns the exploitation of MBDoE techniques not only to design spe-
cific experiments aimed at discriminating between competing model
structures, but also to identify terms or pathways within the model
equations that contribute most significantly to model inaccuracies or
prediction failures (Meneghetti et al., 2014; Chen and lerapetritou,
2020; Quaglio et al., 2020).

Literature on the topic of integrating MBDoE within hybrid model-
ling frameworks is scarce; however, a relevant attempt has been pre-
sented by Tappe et al. (2023). The work provides insights into
limitations of traditional MBDoE concepts in calibrating physics-
informed neural networks (PINNs) — where first-principle models are
incorporated into the structure of artificial neural networks creating an
hybrid framework in terms of model calibration — and proposes a physic
loss function (Shukla et al., 2022) as suitable objective for optimal
experiment design. While the work by Tappe et al. (2023) is limited to
the specific case of PINNs and does not provide substantial details from a
numerical/mathematical perspective, it provides some directions for
future research. This includes exploring different types of hybrid model
configurations, developing novel optimisation criteria, and advancing
new techniques that could become pivotal for significant future in-
novations in MBDoE applications.

4.1.2. Bridging MBDoE and machine learning for optimal experiment
design

Data-driven and machine learning techniques often face challenges
related to data selection for model calibration and the risk of over-
parameterization (Simon et al., 2023). Over-parameterization occurs
when models have more parameters than necessary to describe the un-
derlying data, which can lead to overfitting, reduced generalization, and
inefficient use of experimental resources (too many experiments). This
runs counter to the core principles of MBDoE, which focuses on opti-
mising experiment design with minimal data (i.e., in data-poor situa-
tions). A critical question arises: can MBDoE itself be adapted to leverage
machine learning techniques to optimise data selection and mitigate the
risk of over-parameterization? Active learning and data selection stra-
tegies can play a vital role in addressing this challenge. By using algo-
rithms that prioritize the most informative data points, these approaches
could reduce the need for excessively large datasets while maintaining
model performance. The potential of combining machine learning with
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MBDoE could guide the design process in real-time, continuously
adjusting to new data and minimizing overfitting risks.

Moreover, in data-scarce regimes, MBDOE provides a principled way
to maximize the information gained from each experiment, enabling
more efficient training of machine learning models. By strategically
guiding data acquisition, MBDoE can enhance the ability of data-driven
and hybrid models to even when only a limited number of experiments is
feasible. This is especially valuable in biological and biopharmaceutical
systems, where data collection is often costly and time-consuming
(Destro and Barolo, 2022).

4.1.3. DoE and MBDOE in data-rich environments

Traditionally, MBDoE has been applied in data-scarce scenarios,
where the careful design of experiments is crucial to maximize infor-
mation gain from limited (experimental) data. Crucially, the model itself
may be viewed as condensing much physics validated with prior data. In
environments where large volumes of data are readily obtained (for
example, when a large number of experiments are readily done), a
deeper understanding of the relative advantages of black box DoE,
MBDoOE, and combined approaches (i.e., combination of DoE and
MBDOoE strategies) is critical. Traditional DoE focuses on the statistical
design of experiments to explore the parameter space but does not take
advantage of prior knowledge from the model. In contrast, MBDOE ex-
ploits the available model to design the experimental campaign, leading
to more targeted and efficient experimentation. However, in data-rich
environments, one may argue that the application of MBDoE may be
unnecessary or offer limited benefits, as the abundance of data would
reduce the need for optimisation of experiment design typically associ-
ated with MBDOoE.

The true challenge lies in efficiently navigating the parameter space
when data are abundant, avoiding redundancy, and ensuring that the
experimental design continues to add value.

Combined approaches can integrate the strengths of both DoE and
MBDoE approaches, allowing for a more dynamic exploration of the
parameter space while refining the design based on data already
collected (Agunloye et al., 2024a). In principle, this can offer the best of
both worlds: the broad exploration capabilities of DoE and the efficiency
of MBDoE. DoE can provide an initial framework for design, ensuring
broad coverage of the experimental space, while MBDoE can refine the
design by incorporating data-driven feedback and adjusting to model
uncertainties as more data is collected. In other words, instead of being
primarily used to explore the parameter space broadly, MBDoE can be
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leveraged to refine designs dynamically, adjusting based on data already
collected. This synergy allows for a more balanced approach. While
starting with initial DoE to ensure broad exploration before refining with
MBDOoE is a standard recommendation, its implementation in data-rich
environments may require adaptation. The abundance of data could
shift the balance between exploration and exploitation, potentially
allowing for a more flexible transition between DoE and MBDoE
depending on real-time data availability and model refinement needs.

Importantly, MBDoE retains its distinctive advantage in scenarios
where the cost of materials is significantly higher than the cost of
measurements and experimental setups, availability of materials is
scarce and/or experimental campaigns are time-consuming. This is
particularly relevant in high-value industries such as bio-
pharmaceuticals or specialty chemicals, where experiments are expen-
sive and minimizing the number of runs is critical (Destro and Barolo,
2022). In such cases, the possibility to optimise scarce and costly mea-
surements offers a tangible benefit over traditional DoE approaches,
which typically assume a more balanced cost structure.

Future research will likely focus on how to balance the exploration of
new areas of the parameter space with the exploitation of existing
knowledge to optimise data collection, ensuring that experiments are
both informative and computationally feasible.

4.2. MBDoE and automated and multi-scale experiments

The integration of MBDoE with experimental equipment presents
several challenges when dealing with real-world industrial processes (as
opposed to in-silico simulations). In traditional MBDoE approaches, it is
often assumed that the control variables can be precisely manipulated
and measured. However, this assumption does not always hold in
practice, as real-world experimentation involves uncertainties and var-
iations that must be accounted for. Moreover, as processes scale up or
when high-throughput systems are employed, new considerations must
be introduced into the experiment design framework to address equip-
ment complexities and exploit the potential for automation. This section
explores how MBDoOE can be adapted to handle these challenges,
ensuring its relevance in modern experimental practices.

4.2.1. Uncertainty in input variables

The standard MBDoE formulation assumes that the experimental
control variables can be accurately set and measured. In practice, critical
input factors are often difficult to determine or control precisely. Un-
certainty may arise when exact values of certain variables entering the
process cannot be determined with confidence (Elster, 2007). Instead,
variability refers to unpredictable changes in critical inputs, such as
alteration in the physical or chemical properties of raw materials, or the
impact of external disturbances (Stauffer et al., 2018). Input uncertainty
and variability can propagate through the model, affecting model pre-
dictions and parameter estimation (Abdi et al., 2024).

Up to now, robust design strategies have only been proposed in
literature to account for the uncertainty associated with parameter es-
timates. However, the propagation of input uncertainties, particularly in
nonlinear models, also impacts the reliability of model predictions,
which in turn affects the prediction of expected information. One
promising direction for future research is to extend robust design
methodologies to account for uncertainty in critical input factors,
enabling more reliable experiment design under real-world conditions
where variability and uncertainty are inherently unavoidable. A critical
yet underexplored aspect of incorporating input uncertainties into
robust MBDoE frameworks concerns their distribution. In many cases,
the exact distribution is not known a priori, which introduces an addi-
tional layer of complexity in their quantification and propagation.
Frequently, uniform distributions are employed as a conservative
approach, ensuring that all potential values within a specified range are
equally probable (Petrik et al., 2013; Geremia et al., 2024b). Alterna-
tively, Gaussian distributions are often assumed due to their simplicity
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and widespread application in statistical modelling (Shewhart, 1929).
However, these choices may not always reflect the underlying vari-
ability of real-world inputs. For example, inputs influenced by physical
or chemical properties, such as raw material quality or environmental
disturbances, may exhibit skewed or multimodal distributions (Sin et al.,
2009). The choice of distribution has a direct impact on the quantifi-
cation of prediction uncertainty and is likely to be carried out off-line,
prior to any DoE, to establish the most appropriate distribution for
each uncertain input. Furthermore, if the variabilities of the inputs are
not independent, joint variability models would need to be considered.
If certain process inputs, e.g., flowrate or temperature, can be measured
during experiments, it may be possible to detect their actual experi-
mental values (as opposed to their design setpoints). In such cases, it
might be feasible to estimate their variance model in a similar way as is
done for measurements of output values, enabling more accurate
modelling of input uncertainty during the experiment. Addressing this
gap requires further investigation into techniques for estimating distri-
butions from sparse or noisy data.

Another challenge in incorporating input uncertainty within MBDoE
formulation regards an increased computational demand, especially for
nonlinear models and high-dimensional input spaces. To address the
high dimensionality of input spaces, dimensionality reduction tech-
niques such as Principal Component Analysis (Montgomery, 2013) or
Partial Least Squares regression (Wold et al., 1983) could be integrated
into robust MBDoE frameworks. These statistical methods identify the
most influential combinations of input variables, thereby reducing the
complexity of the design space while preserving the critical information
required for accurate experiment design. However, the application of
such techniques to MBDoE comes with significant limitations. In
particular, while latent variables can help identify directions of
maximum variance or covariance with the outputs, it is often chal-
lenging to map them unambiguously back to the original design space.
Multiple combinations of inputs may correspond to the same latent
representation, making it difficult to interpret and implement the
resulting design in practice. This ambiguity can limit the practical utility
of Principal Component Analysis or Partial Least Squares regression in
experiment design, especially when precise input specification is
required. Future work should address this issue, for example by
exploring inverse mapping strategies or incorporating interpretability
constraints into the dimensionality reduction process.

Additionally, stochastic optimisation (Powell, 2019), surrogate
modelling (He et al., 2023), and parallel computing (Fox et al., 2014)
may alleviate the computational burden, but further investigation is
essential to ensure both scalability and accuracy. Global sensitivity
techniques, which help assess the impact of different inputs on output
measurements, could also be applied.

Equipment limitations should also be considered, as the capabilities
and constraints of available instruments play a critical role in deter-
mining the quality and reliability of measurements. While optimal
control techniques for sensor placement (e.g., those used for tubular
reactors) have long been well-established, the recent work by Alen et al.
(2025) have started to explore how management of inputs uncertainty
can be extended to include equipment constraints, particularly in opti-
mising sensor placement in weakly constrained settings. The proposed
framework employs an algorithm for near-optimal experiment design
through column subset selection, including a randomized technique that
avoids adjoint computations, ensuring computational efficiency while
incorporating system uncertainties. The framework directly addresses
the impact of model errors and equipment constraints on sensor place-
ment, reflecting the need of accounting for uncertainties and variability
typically present in real-world systems.

4.2.2. Multi-scale experimentation

In process development and scale-up, experimentation is typically
conducted across different equipment scales. Traditional MBDoE
methodologies often assume a controlled and consistent experimental
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setup, which works well in lab-scale experiments where the variables
can be tightly regulated. However, as processes scale up to pilot or in-
dustrial levels, there are significant changes in equipment, environ-
mental conditions, and operational constraints. These changes should be
adequately accounted for, as they may potentially compromise the
robustness and transferability of the developed models. Practically, two
approaches can be followed for incorporating multi-scale experimenta-
tion within MBDoE frameworks: (i) designing and simultaneously
executing multiple experiments for equipment at different scales, or (ii)
sequentially scaling-up with model adaptation. The latter consists in first
exploiting MBDoE at the laboratory scale for model discrimination,
parameter estimation and statistical validation; then, the same model is
used with equipment at larger scale trying to reconcile the differences, e.
g., by designing further experiments specifically to characterize those
scale-dependent variations.

One of the primary challenges in incorporating multi-scale experi-
mentation into MBDoE frameworks is the heterogeneity of data gener-
ated at different scales. Variations in equipment design, operating
conditions, and measurement precision can introduce systematic dis-
crepancies that complicate model calibration and validation. Hierar-
chical modelling approaches can be employed, where scale-specific
models are integrated within a unified framework that accounts for
inter-scale variability (Gelman, 2006). Moreover, the design of experi-
ments must consider scale-dependent factors, e.g., mixing efficiency,
heat transfer rates, and reaction kinetics, which may behave differently
across scales. Developing scale-bridging models to be integrated into
MBDoE frameworks can facilitate the translation of experimental find-
ings from one scale to another (Knap et al., 2016). The integration of
multi-scale experimentation into MBDoE frameworks may also neces-
sitate advancements in data fusion techniques. Combining heteroge-
neous data from various scales requires sophisticated statistical and
machine learning methods to harmonize the data and extract mean-
ingful insights. Techniques such as multi-fidelity modelling, where high-
fidelity and low-fidelity data are combined to improve model pre-
dictions, can be also particularly useful in this context (Fernandez-
Godino, 2016). Future research should focus on developing standard-
ized protocols and methodologies to account for the effect of multi-scale
experimentation, e.g., establishing best practices for hierarchical
modelling, scale-bridging techniques, and data fusion methods.

4.2.3. MBDOE in the context of high-throughput experimentation

The advent of high-throughput experimentation (HTE), driven by
advancements in robotics and automation, has significantly transformed
the landscape of experiment design (Mennen et al., 2019). High-
throughput systems enable the rapid execution of many experiments
in parallel, increasing the speed and scale at which data can be gener-
ated (Lu et al., 2024). Some examples of high-throughput systems
include DIGIBAT (https://www.imperial.ac.uk/digibat), focused on
material synthesis and electrochemistry for battery and energy research,
AutoCHEM (https://researchsupport.admin.ox.ac.uk/micromeritics-au
tochem-2920), a fully automated chemisorption analyser, and the
High-Throughput Experimentation Platform (https://www.materials.
ethz.ch/research/high-throughput-experimentation.html), which spe-
cializes in the automation and optimisation of chemical reactions for
materials and catalysis research.

A further evolution of HTE is represented by Self-Driving Labora-
tories (SDLs), which integrate machine learning with laboratory auto-
mation to conduct experiments in active learning loops. Autonomous
labs leverage advanced robotics, automated modules, and artificial in-
telligence, with the main advantage of autonomously designing,
executing, and analysing a wide range of experimental conditions. This
enables an accelerated exploration of complex parameter spaces,
uncovering experimental conditions that might otherwise be over-
looked, while optimising resource utilization (Abolhasani and Kuma-
cheva, 2023; Baldea et al., 2025). One of the most significant benefits of
SDLs is their potential to conduct experiments without human
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intervention, thus eliminating bottlenecks associated with manual pro-
cesses. Through continuous learning and integration with machine
learning algorithms, SDLs can dynamically adjust experiment design
based on real-time results, which optimises the exploration of new
experimental configurations. This adaptive cycle enables a much faster
progression of research and allows for the discovery of novel insights
and data patterns, exceeding the capabilities of traditional experimental
methods (Sadeghi et al., 2024).

While full automation is often envisioned, maintaining human
oversight in critical decision-making steps remains essential to ensure
reliability and industrial applicability (Scheurer and Reuter, 2025). As
these technologies evolve, the potential for fully autonomous experi-
mental cycles opens new possibilities for optimising experiment design,
particularly in complex systems. Relevant contributions in biology and
biotechnology have demonstrated the potential of MBDoE approaches in
high-throughput systems. For example, Cruz Bournazou et al. (2017)
and Barz et al. (2018) proposed an online MBDoE framework for
adaptive redesign of parallel fed-batch cultivations of Escherichia coli in
automated platforms. Further studies (Schmideder et al., 2015;
Hernandez Rodriguez et al., 2019; Moller et al., 2019; Habicher et al.,
2020) demonstrated the scalability of model-based methods to multiple
simultaneous bioreactor experiments with real-time data integration
and parameter updating.

While HTE offers unparalleled efficiency in data collection, it also
introduces new complexities. The large volume of data generated can be
overwhelming, making it challenging to extract meaningful insights
without a structured approach. Here, MBDoE may be incorporated to
guide the experimental process, ensuring that even in high-throughput
settings, experiments are designed to maximize information gain and
resource efficiency (Abt et al., 2018; Cenci et al., 2023; Friso and Gal-
vanin, 2024).

MBDoE can complement HTE by focusing on optimising experi-
mental conditions to reduce redundancy and improve data quality. The
challenge is to extend MBDOoE to consider very large number of experi-
ments. Galvanin et al. (2007) presented the first framework and
formulation for extending traditional MBDoE to the case of design
campaigns of parallel, sequential and mixed parallel/sequential sets
experiments. For parameter precision, the alternative is often between
extending the range of the design space explored to get improved model
quality over a wider range of conditions, and carrying out multiple ex-
ecutions of the same experiment to get improved measurement variance
data. More work is to be done on the selection of suitable objectives to
balance the two and indeed developing overall more systematic pro-
cedures. A relevant point is maintaining computational viability. The
sheer scale of data and the number of variables involved can lead to
significant computational demands, especially in complex, nonlinear
systems. A trade-off between the speed of HTE and the precision of
MBDOoE should be established to prioritize experiments based on their
expected information yield relative to the computational effort required.
Ensuring the scalability of MBDoE methods to handle the vast datasets
produced by HTE also remains critical. Furthermore, the integration of
MBDoE with automated systems requires robust algorithms capable of
real-time decision-making and adaptability to unforeseen experimental
outcomes. On the computational side, key bottlenecks lie in algorithm
design, solution parallelization, and the need for faster data analysis.
Leveraging the strengths of both MBDoE and HTE can help address these
issues, providing a more efficient balance between computational
complexity and accuracy, while ensuring that experiment design re-
mains both efficient and insightful in an era of rapid data generation.

Looking forward, a promising direction lies in embedding MBDOE at
the core of autonomous experimental cycles, where it can function not
only as a design tool but also as a strategic decision engine. In SLDs, this
role becomes even more critical, as MBDoE can continuously guide the
exploration of experimental conditions based on real-time model up-
dates and learning. When coupled with hybrid models that combine
mechanistic insight with data-driven adaptability, such systems enable a
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closed-loop environment where each experiment is informed by
evolving understanding. In this context, SDLs may be seen as living re-
alizations of process system engineering principles — merging modelling,
optimisation, and control into an autonomous platform for intelligent
experimental discovery.

4.3. MBDoE and new problem formulations

As experiment design becomes more sophisticated and data-rich,
new formulations of objective functions, enhanced techniques for un-
certainty quantification, and the integration of alternative optimisation
goals are necessary to ensure that MBDoE remains effective. This section
explores key areas where MBDOE can evolve, focusing on incorporating
more complex information structures, leveraging Bayesian approaches,
and considering broader objectives beyond parameter precision.

4.3.1. Optimal design criteria

Traditional MBDoE approaches typically rely on objective functions
based on the FIM (Eq. (4)) to guide the design of experiments. However,
an important question is whether traditional criteria are sufficient, or if
additional information could further optimise experimental strategies.
While the FIM effectively captures the sensitivity of model parameters, it
overlooks other important aspects, such as correlations between vari-
ables and the intricate structure of data in non-linear or highly coupled
systems. As discussed in Section 3, several methodologies have been
developed to address limitations in the use of traditional FIM-based
criteria, which include incorporating parameter uncertainty, account-
ing for structural mismatches in models, and introducing multi-objective
optimisation frameworks. Despite these advances, significant challenges
remain in fully capturing the complexity of real-world systems. One
possible future trend is to focus on evaluating alternative criteria to
guide the optimisation process; e.g., entropy-based methods (Huan
et al., 2024). In the context of experimental design, entropy is used to
quantify the spread or unpredictability in the parameter space, and
experimental designs are chosen to explore regions of the parameter
space where the uncertainty is high, thereby improving the overall ef-
ficiency of the design (Huan and Marzouk, 2013). These approaches
typically aim at minimizing the expected posterior entropy of the
parameter distribution after conducting an experiment. This is equiva-
lent to maximizing the expected reduction in uncertainty, and is often
implemented by maximizing the expected Kullback-Leibler divergence
(Eq. (16)) from the likelihood to the evidence.

Additionally, integrating Bayesian approaches or leveraging tech-
niques from information theory might offer new pathways to refine
MBDoE methodologies, offering greater flexibility and adaptability in
complex and uncertain environments. In a Bayesian framework, prior
knowledge is formally represented through a prior distribution, which
encodes the preliminary understanding of model parameters and asso-
ciated uncertainties (Gelman and Shalizi, 2013). This can include, for
instance, initial values and probabilistic distributions that describe un-
certainty in specific aspects of the system before new data is collected.
Once new experimental data is acquired, the prior distribution is
updated to form a posterior distribution, which provides a refined esti-
mate of the model parameters. While in traditional approaches prior
knowledge is only embedded into the model structure and assumptions,
the use of Bayesian methods facilitates a more explicit, mathematically
rigorous, and standardized process for incorporating and updating this
knowledge throughout the experimental design process. Given their
potential, Bayesian methods can be used in a more standardized way to
incorporate prior knowledge, update model predictions based on new
data, and quantify uncertainty (see Section 3.1.1). For example, by using
Bayesian optimisation or probabilistic modelling, MBDoE can be
adapted to manage uncertainty in both model parameters and experi-
mental outcomes. While these developments may offer more flexible and
adaptive frameworks, it is important to recognise that having an intel-
ligent human in the design loop — who is capable of understanding the

19

Chemical Engineering Science 319 (2026) 122347

direction predicted by the design step, interpreting results, and, in
particular, directing the evolution by reformulating objective functions
and constraints — remains essential. The potential of advanced Al-based
methods to support these high-cognitive level tasks presents one of the
greatest challenges moving forward. Further research could investigate
how these techniques can be efficiently integrated into MBDoE frame-
works, with a focus on computational burden and real-world
applicability.

4.3.2. Evolving approaches for parameter uncertainty

While MBDoE has made significant progresses in optimising
parameter estimation, there is room for further sophistication. For
instance, systems with intrinsic uncertainties, such as biological pro-
cesses, where high uncertainty in model parameters is common, pose
additional challenges.

In general, the question is how much parameter precision is neces-
sary for a model to be useful? MBDoE can be re-formulated to account
for the behaviour of such uncertain systems more effectively. One pos-
sibility is to focus on achieving an acceptable model performance, rather
than aiming for exact parameter estimation. In other words, the idea is
to quantify the maximum allowable parametric uncertainty such that
model predictions fall within a predefined level of confidence (Geremia
et al.,, 2023). An optimisation framework was recently proposed by
Geremia et al. (2024a), where the precision of parameter estimates is
explicitly optimised to target preset tolerance requirements on process
key performance indicators and product critical quality attributes.
Specifically, the confidence intervals of the estimated parameters are
compared to the optimisation results, which defines the maximum
allowable parameter uncertainty compatible with the desired model fi-
delity. If the confidence intervals are narrower than the allowable error,
the model is accurate enough; otherwise, an additional MBDoE iteration
is conducted, targeting the parameters that do not meet the criterion.
Further studies may aim at expanding this approach to more complex
and multi-scale systems, and deeply analyse how uncertainties propa-
gate across different levels of the model structure. This could involve
integrating robust optimisation techniques that consider worst-case
scenarios, and ensuring model reliability even under extreme param-
eter variations.

Another promising avenue for future research lies in bridging
MBDoE with advanced control techniques, which align with online
experimental design strategies These methodologies enable the simul-
taneous refinement of model parameters and real-time optimisation of
input policies, offering a principled way to integrate learning and
decision-making under uncertainty. The synergy between MBDoE and
control theory is expected to play a key role in the development of next-
generation experimental design frameworks (Hu et al., 2025), possibly
exploiting automated/autonomous platforms.

4.4. Other research directions

The integration of MBDoE with emerging computational and data-
driven techniques has the potential to automate the development of
flowsheet models. Flowsheet models represent the interconnected unit
operations in a process, along with material and energy streams, and are
crucial for process optimisation and system understanding (Boukouvala
et al., 2012). Traditional flowsheeting often relies on iterative cycles of
experimentation and model refinement, but these can be resource-
intensive and time-consuming, especially in complex industries like
pharmaceutical manufacturing (Destro and Barolo, 2022).

By combining MBDoE with advanced methodologies, flowsheeting
could possibly be automated more systematically. A possible direction is
to combine the concept of superstructure used in flowsheeting synthesis,
with a MBDoE perspective, whereby the components in the flowsheet
(which are discrete decision variables) and operating conditions (which
are continuous decision variables) constitute the design vector for the
optimal experiments. This integration could reduce manual
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intervention, improve model accuracy, and facilitate real-time optimi-
sation of process flows. However, high-dimensional datasets and the
complexity of physical mechanisms pose significant challenges in
developing accurate and reliable flowsheets. In this context, MBDoE
could guide the experiment design process while allowing for the
incorporation of new data-driven techniques that enhance model pre-
cision and scalability. Another relevant point is that flowsheeting
models are generally calibrated on a unit-by-unit base, i.e., fit-for-
purpose data are generated for each unit sequentially. However, a
global calibration approach, where all unit operations are considered
simultaneously, can be effective, too (Geremia et al., 2023). Future
works could further investigate pros and cons of different workflows
that can be applied to calibrate flowsheeting models.

Symbolic regression has recently emerged as a powerful tool for
deriving interpretable mathematical expressions directly from data,
without requiring prior knowledge of the underlying physical mecha-
nisms (Rogers et al., 2024). In the context of MBDoE, symbolic regres-
sion can aid in identifying governing equations for interconnected unit
operations, making it a valuable tool for enhancing the adaptability and
interpretability of process models.

By exploring a vast space of potential expressions, symbolic regres-
sion allows the identification of relationships between input and output
features, even when the exact functional form of these relationships is
unknown. When combined with MBDOoE, this technique can systemati-
cally generate process models and optimise experimental conditions
based on real-time data analysis. For example, Rogers et al. (2024)
employed symbolic regression to derive mechanistic expressions for a
personal care product, demonstrating the potential of this integrated
approach. MBDoE was then used to discriminate among candidate
models while optimising the process flow diagram, effectively balancing
exploration and optimisation.

Similarly, other machine learning techniques, such as GPs or neural
networks, could be employed to complement MBDoE by capturing sys-
tem dynamics while maintaining interpretability. For instance, Rogers
et al. (2025) proposed an MBDoE framework that integrates symbolic
regression with neural network feature attribution to improve model
structure identification and strategic sampling. These approaches could
address challenges in model development, particularly when traditional
first-principle modelling is limited by incomplete knowledge of the
underlying mechanisms, shifting towards a more data-driven yet inter-
pretable paradigm.

5. Conclusions

Over the years, MBDoE has been successfully applied to support
experiment design, allowing to efficiently gather informative data for
model calibration and parameter estimation. This review has explored
the theoretical foundations of MBDOE, its standard formulations, and
recent advances to address challenges such as parameter uncertainty, ill-
conditioning, and multi-objective optimisation. Application across
different fields have demonstrated the versatility and impact of MBDoE
in experiment design. The final section of this review explored emerging
perspectives that extend MBDoE beyond its traditional applications. The
most significant points are summarized below.

(i) Integration of MBDoE with hybrid modelling paradigms, where
mechanistic models are combined with data-driven components
to better capture the complexities of real-world systems. Chal-
lenges include the design of a combined architecture, problem
formulation and algorithms, accounting for parameter interplay,
computational scalability, and uncertainty quantification in
hybrid models.

Consideration of uncertainties in process inputs, which are
completely overlooked in standard MBDoE formulations.
Extending robust design strategies to account for variability/un-
certainty in critical input factors will no doubt improve the

(i)
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reliability of experiment designs in real-world conditions. New
challenges include the accurate characterization of uncertainty
distributions at appropriate levels, and associated computational
burden. Advanced techniques such as dimensionality reduction,
surrogate modelling, and stochastic optimisation have been
suggested as potential solutions, but further investigation is
needed to establish scalable and efficient frameworks.

New formulations of the optimal design problem. Future trends
should focus on incorporating more complex information struc-
tures, leveraging Bayesian approaches, and consider broader,
more sophisticated design objectives beyond parameter precision
(to include multiple objective and constraints, perhaps varying as
experimentation and model building proceed).

The combination of MBDoE with emerging computational tech-
niques (e.g., symbolic regression) for the automatic development
of process models. This integrated approach is expected to reduce
manual intervention, enhance interpretability, and facilitate the
systematic generation of process models, particularly in data-rich
environments.

Design with high-throughput automated equipment. In this
environment, data generation is no longer the bottleneck;
instead, the focus shifts to selecting which experiments to run and
how to effectively interpret the generated data. Developing
strategies to optimise experimental selection and extract mean-
ingful insights from large-scale automated experimentation will
be a crucial aspect of future research.

(iii)

@iv)

(v

—

Looking ahead, researchers have several exciting fields to explore.
The development of robust MBDoE techniques that can integrate with
data-driven modelling remains a priority. Second, addressing the
computational challenges associated with high-dimensional systems and
iterative design frameworks will require interdisciplinary collaboration,
leveraging advancements in parallel computing, metaheuristic algo-
rithms, and real-time data analytics. Moreover, extending MBDoE
applicability to emerging fields, and focus on new formulations, could
also broaden its impact.

MBDoE stands at a crossroads where traditional methodologies are
progressively being refined to meet the demands of increasingly com-
plex and interdisciplinary systems. By addressing the challenges out-
lined in this review and exploiting innovative computational and
modelling techniques, MBDoE has the potential to remain at the fore-
front of experiment design, driving scientific and industrial advance-
ments in the years to come.

A final comment is due. In spite of the considerable advances dis-
cussed, practical applicability of MBDoE approaches and large benefits
demonstrated across a variety of applications, it is fair to note that their
use in industry is still largely a niche event. In our view, this is less a
consequence of appropriate formulations, good algorithms and useful
solutions than appropriate practices and workflows. In reality, experi-
ment execution, data analysis and model development are still largely
done sequentially, often not even adjacent in time, and by personnel
with little overlap in expertise. The opportunity for synergistic exploi-
tation of models and data is thus missed. An ideal solution would be for
MBDoE methods to be incorporated directly into lab control software or
experimental equipment as integral support software. The advent of
high throughput experimental platforms, autonomous experimental
systems, and integration with artificial intelligence for improved use-
ability and interpretation offer both a challenge and a great opportunity.
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