
Received: 2 March 2021 Revised: 19 October 2021 Accepted: 25 October 2021

DOI: 10.1002/qre.3025

REVIEW ARTICLE

Design of Experiments and machine learning for product
innovation: A systematic literature review

Rosa Arboretti1 Riccardo Ceccato2 Luca Pegoraro2 Luigi Salmaso2

1 Department of Civil, Environmental and
Architectural Engineering, Università
degli Studi di Padova, Padua, Italy
2 Department of Management and
Engineering, Università degli Studi di
Padova, Vicenza, Italy

Correspondence
Luigi Salmaso,Department ofManage-
ment andEngineering,Università degli
Studi di Padova,Vicenza, Italy.
Email: luigi.salmaso@unipd.it

Abstract
The recent increase in digitalization of industrial systems has resulted in a boost
in data availability in the industrial environment. This has favored the adoption
of machine learning (ML)methodologies for the analysis of data, but not all con-
texts boast data abundance. When data are scarce or costly to collect, Design of
Experiments (DOE) can be used to provide an informative dataset for analysis
using ML techniques. This article aims to provide a systematic overview of the
literature on the joint application of DOE andML in product innovation (PI) set-
tings. To this end, a systematic literature review (SLR) of two major scientific
databases is conducted, retrieving 388 papers, of which 86 are selected for care-
ful analysis. The results of this review delineate the state of the art and identify
themain trends in terms of experimental designs andML algorithms selected for
joint application on PI. The gaps, open problems, and research opportunities are
identified, and directions for future research are provided.
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1 INTRODUCTION

In recent years, industry has been undergoing a fourth industrial revolution, also referred to as “Industry 4.0.” One of the
main drivers of this phenomenon is the creation of cyber-physical systems which, by integration of physical equipment
with digital systems, enables the generation of large and potentially continuous streams of data that are produced by
various sources and characterized by diverse formats. These new types of data, often referred to as “big data,” require
the adoption of specific approaches for their analysis. Methods from traditional parametric statistics rely on assumptions
about the shape of data that are not always met in “big data” settings in which the analyst typically has only scant control
over the data collection process. Furthermore, traditional statistical methods can perform badly in situations where the
volume of data is extremely large, or in situations of extreme high dimensionality (𝑝 >> 𝑛), which are typical in “big
data” contexts. Other problems may be encountered when the data are not in numerical format, but rather image, video,
or audio files. Machine learning (ML) refers to a family of techniques, which enable computer programs to learn specific
patterns or trends from historical data in order to perform complex tasks such as prediction, classification, and clustering.
As a consequence of the increasing availability of large and complex sets of data, ML has rapidly spread in industry as the
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main analytical tool. However, not all industries, nor all business functions are equally invested in the big data revolution,
mainly because data availability is not the same throughout the varying contexts.
Consider a company in the steel industry. At a production level, steel slabs are produced continuously using automated

equipment, which can be integrated with hundreds of sensors positioned at the various stages of the continuous casting
process, producing terabytes of data.1 The research and development (R&D) function of the same company may be inter-
ested in the development of a new alloy steel with enhanced properties. In this case, data will very likely be scarce because
data in materials science usually consists of a small number of observations compared to the enormous search space of
unexplored materials.2,3
This is a problem common to many industries in which product improvement and innovation relies on generating

knowledge of the phenomenon, which drives product performance. In these industries, product performance depends
upon one or more objective indicators, which can be measured and for the most part or entirely define the quality of the
final product itself. Some examples of such indicators include fatigue strength for mechanical transmission system appli-
cations, tensile strength, and resistance to corrosion for generic metal applications, stain removal capacity for detergent
products, solubility for pharmaceutical tablets, and many others. In such cases, strong and robust conclusions for prod-
uct improvement and innovation can be achieved only as a result of analysis of the data collected on the phenomenon of
interest. Due to the peculiarities of each case which limit the field of application, and the reluctance of companies to share
sensitive data, very rarely are large datasets of this kind publicly available, and organizations are motivated to collect the
data they need autonomously.
Experimentation based on a statistical plan is an effective approach to data collection,which has been applied in product

and process improvement for decades. Design of Experiments (DOE) is a statistical method, which guides the execution
of experiments, which in turn are analyzed to detect the relevant variables and optimize the process or phenomenon
under investigation.4 The use of DOE in product innovation (PI) can result in products that are easier and cheaper to
manufacture, that have enhanced performance and reliability, and require a shorter product design and development
time.4
Only recently have the first attempts to assess the implications of a joint application of DOE and ML been carried out,

but these refermainly to production settings in which large amounts of data are generated and only need to be captured by
means of a monitoring infrastructure.5 In their work,5 the authors conclude that ML methods could potentially supplant
DOE in this situation because, in the normal production process, the inputs are varied to an amount sufficient to capture
the relevant effect of each factor, meaning that data abundance by means of continuous process monitoring could make
experimentation unnecessary. The scope of this paper is different. It focuses on the application of DOE and ML as a
means to increase the investigative power in a PI setting, which is typically characterized by data scarcity. Some work has
been carried out on this topic, but it only presented a general background of the literature and a case study application.6
Therefore, the aim of this article is to present a systematic literature review (SLR) covering the publications on the joint
application of DOE and ML in a PI setting. To the best of our knowledge, this is the first comprehensive literature review
of these topics, therefore our aim is to identify the state of the art of this branch of literature for the first time, identify
opportunities, and propose future research directions.
The paper is organized as follows: Section 2 describes the background to the topics of DOE and ML; Section 3 presents

the methodology and execution of the SLR; Section 4 shows the result of the SLR; and Section 5 discusses the findings.
Finally, in Section 6, the contributions of this work are highlighted and some final conclusions are presented.

2 BACKGROUND

In this section, we briefly introduce the topics of DOE in Section 2.1 andML in Section 2.2. Further, we present a simplified
framework, which is typically adopted in studies that apply ML on DOE data in Section 2.3. In Section 2.4, we briefly
discuss a case study to better illustrate the framework described in Section 2.3.

2.1 Design of Experiments

Germinal literature on DOE dates back to the 1920s, when Sir Ronald A. Fisher developed a statistical methodology for
planning experiments in the field of agricultural research.7 Soon the principles of DOE extended into industry, in some

 10991638, 2022, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/qre.3025 by R

iccardo C
eccato - C

ochraneItalia , W
iley O

nline L
ibrary on [17/01/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



ARBORETTI et al. 1133

cases even supplanting the inadequate and expensive “one factor at a time” experimentation, with many applications
dating back to the 1950s or earlier.8
The basis of DOE is the identification of a set of factors, which can potentially drive process performance, the selection

of reasonable levels for each of these factors, the definition of a set of combinations of factor levels and the execution of
experiments according to the defined experimental design. Clearly, in order to assess the impact of each process variable,
the factors should be organized at least on two levels and augmented if interest also lies in the detection of curvature effects.
Consistentwith this description, and given 𝑘 factors and 𝑙 levels, a full factorial design including all combinations of factors
and factor levels will produce a total of 𝑙𝑘 experimental runs. It is evident that as 𝑘 or 𝑙 increase, the number of experiments
can quickly become unfeasible. To this end, fractional factorial designs that require only a fraction of the runs of a full
factorial design have been introduced, nonetheless able to estimate a sufficient number of effects. Other classic designs
used for the detection of interactions and quadratic effects, which are built upon 2𝑘 factorial or fractional factorial designs,
include the central composite design (CCD) and Box-Behnken Design (BBD). CCDs augment a 2𝑘 factorial or fractional
factorial design including 2𝑘 axial runs and 𝑐 center points, while BBDs are constructed by combining 2𝑘 factorials with
incomplete block designs, leading to solutions, which are often more efficient than CCDs in terms of experimental runs
for practical applications.4 Full factorials, fractional factorials, CCDs, and BBDs are all designs used in the context of
response surface methodology (RSM). Other designs used in this context are those with specific peculiarities such as
mixture designs and designs with randomization restrictions.4
RSM is an experimental method based on a collection of statistical designs and procedures that was first introduced

by Box and Wilson9 and belongs to the family of DOE methods. The RSM has the dual objective of understanding the
influence of factors on the response(s) and identifying the optimal configuration of the parameters, which leads to an
optimization, typically by a maximization or minimization, of the response variable(s). As briefly pointed out, several
families of designs have been proposed over the years and each contributed to making RSM the core of DOE in industrial
experimentation. For a comprehensive review of RSM, please refer to the work of Myers et al.10.
In parallel with RSM, robust parameter designs (RPD) were developed mainly by Taguchi.11–13 The idea of RPD is that

processes are governed by two sets of factors: control factors, that are under complete control of the experimenter, and
noise factors, that may be controlled solely during the experimentation process but not in production. The objective of
RPD is to find the configuration of factors that are insensitive to noise, thus minimizing the transmission of variability
fromuncontrolled noise factors. This is achieved by putting control factors in an inner array design, and noise factors in an
outer array design, as such obtaining a design that can guide experimentswith the aimof increasing the quality of a process
or a product in a cost-effective manner. For a comprehensive review of RPDs and critiques of Taguchi’s contribution to
DOE, please refer to Robinson et al.14 and Box et al.15.
Another relevant family of DOE designs is space-filling. The idea behind the construction of space-filling designs is

to spread out experimental points in an even manner in order to collect as much information as possible on the design
space. One of the most widespread space-filling designs is the Latin hypercube design (LHD),16 which is based on a mul-
tidimensional expansion of the concept of Latin squares, that are constructed in a bidimensional space positioning one
and only one sample in each row and column. Space-filling designs are becoming increasingly popular in industry, as they
are adopted in the context of computer simulations of physical systems; for an extensive review of space-filling designs,
please refer to Joseph.17
An additional concept that can be applied across all different types of DOE is sequential experimentation. The principle

of sequential experimentation is to performa series of experiments in a sequentialmanner, using the results of the previous
experiments to drive the next steps. Box and Liu18 assert that industrial innovation comes as a result of a dynamic and
adaptive process of learning, thus a sequential approach to DOE is advocated, particularly in those settings in which
preexisting knowledge is limited, such as in product or process development and innovation. Several authors stressed the
importance of adopting a sequential approach for DOE,19,20 however, the rather seldom adoption of this paradigmmakes
it an open issue in practical DOE studies.21

2.2 Machine learning

ML refers to a vast set of methods and algorithms that enable computer programs to learn from data. One common cat-
egorization of ML is supervised versus unsupervised learning.22 Supervised learning involves building a model for pre-
dicting one or more outputs based on one or more inputs. When the outputs are not available, only the patterns among
the input variables can be studied; in such cases, the ML type is unsupervised learning. Other ML types exist, such as
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F IGURE 1 A simplified framework, which
describes the application of ML as a tool to analyze
Design of Experiments (DOE) data (DOE +ML
framework). If the results of the machine learning
(ML) modeling step are used to suggest the next
experimental configurations, the specific framework
becomes an active learning (AL) one (in red)

semi-supervised learning (the output is available only for few data points) and reinforcement learning, which is typically
used for technologies such as self-driving cars and robotics.23 In this article, given the type of application, we mainly refer
to the supervised learning setting.
The task of developing supervised ML models from a set of training data is rather articulated, and specific applications

may require different and specialized efforts. Nevertheless, a simplified framework includes the twomacro-phases of data
management and data analytics.24 Data management mainly deals with the tasks of data acquisition, filtering, and clean-
ing in order to prepare data for the subsequent analytical phase. In data analytics, themain assignments aremodel training
and evaluation; finally themodel is put into production and used tomake predictions on new and previously unseen data.
A plethora of different MLmodels exists, and depending on the needs and peculiarities of different applications, one may
be preferable over the others. For an excellent introduction to the main ML algorithms, please refer to the work of Hastie
et al.25

2.3 ML on DOE’s data

As will be clear in the following sections of this paper, the application of MLmodels as a method to analyze DOE data has
become more and more common in recent years. A simplified framework of this approach is summarized in Figure 1. In
its most elementary implementation, a ML model substitutes the typical methods used for analysis of DOE data, as such
performing prediction and optimization. We call this framework “DOE+ML.” However, a recent trend in the application
of DOE and ML in PI is based on an iterative application of DOE and supervised ML in which the learner proposes the
next experimental configurations. Therefore, the learner is in control of the data from which the machine learns; this
approach is often referred to as “active learning” (AL).26 A concept strongly linked with AL and often used for adaptive
experimental designs is Bayesian optimization (BO). BO incorporates a Gaussian process (GP) model and an acquisition
function, which drives the adaptive sampling procedure, using the mean prediction and uncertainty of the GPmodel. For
a recent review of BO for adaptive DOE, refer to the work of Greenhill et al.27
In both the nonsequential DOE + ML and AL frameworks, a crucial step concerns model assessment to evaluate the

performance of the predictive model. This is also essential for tuning the hyperparameters of the ML algorithm, a phase
that heavily impacts the ability of the method to provide accurate and reliable predictions. The typical approach consists
in holding out a subset of the initial training data to assess the performance of the algorithms on these unseen data
points.22 This can either be done by randomly dividing the initial dataset into a training and validation set (VS approach)
or by partitioning the initial data into 𝑘 folds of (approximately) equal size, using one of these as a validation set and
the remaining 𝑘−1 groups as training data (𝑘-fold cross-validation – 𝑘-fold CV), repeating the procedure 𝑘 times.22 One
special case of 𝑘-fold CV is when 𝑘 equals the number of training data, identifying the so-called “leave-one-out cross-
validation” (LOOCV).22 Then, when the algorithm is put into production, it is used to make predictions on test data that
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ARBORETTI et al. 1135

was previously unseen and did not belong to the initial dataset. For simplicity, in Figure 1, we report the VS approach, but
𝑘-fold CV is largely employed in ML tasks as it gives a more reliable estimate of the test error.22
Some concerns have been raised about the appropriateness of partitioning DOE data for the purpose of training ML

models. The main issue is that, since one of the objectives of DOE is the minimization of the number of experiments
required to estimate a given number of parameters, the removal of even a few experimental configurations can potentially
destroy the design structure leading to the development of models with inadequate performance or even to the impossibil-
ity of fitting a model capable of estimating the desired effects. In this context, it should be emphasized that while the latter
risk is certainly valid for the typical use of quadratic regression with interactions to analyze DOE data, ML algorithms
generally require less strict assumptions about the data size or structure, meaning that undesigned data can be effectively
modeled, leading to satisfactory predictions on unseen data.
Nonetheless, we recognize that the partition of DOE data into training and validation sets is a controversial matter that

needs more attention in the literature as, to the best of our knowledge, it has never been directly addressed, either analyti-
cally or empirically, by means of a dedicated study. Consequently, the real impact of splitting DOE data for model training
and validation has not yet been quantified, and it is difficult to come to a definitive conclusion. One recent advancement
that can potentially overcome this issue was proposed by Lemkus et al.28 In their article, Lemkus et al.28 propose an inno-
vative method that uses a modification of the fractionally weighted bootstrap29 in order to include all the available DOE
observations in both the training and validation sets. A sufficient level of independence between the two partitions is
obtained by weighting the same observation in the training and validation sets with exponentially distributed weights (a
large weight in the training data corresponds to a small weight in the validation set and vice versa) so that maximum
anticorrelation is obtained.

2.4 Motivating example

In the remainder of the paper, we will provide a systematic and comprehensive overview of the literature on the applica-
tion of DOE andML for PI. In this section, as a motivating example, we present an industrial application that successfully
employs the DOE+ML framework. The case study is taken from the work of Arboretti et al.,6 and consists in the applica-
tion of DOE+ML as a way to collect and analyze data for the development of a new detergent. The main objective was to
developmodels that can reliably predict washing performance on three different types of stains, based on the components
of the detergent’s formula. Moreover, although the goal is predictive in nature, the authors also wanted to develop fairly
interpretable models in order to provide chemists with all the elements required for the generation of new knowledge of
the phenomenon. Accordingly, together with prediction, inference was also one of the study’s objectives.
To this end, the DOE + ML technique was selected because it was considered capable of providing both sufficient

accuracy in prediction and a causal basis, due to the experimental nature of data. A BBD was chosen as the experimental
design, primarily because it avoided extreme combinations of the factor levels that are known to undermine the stability
of the chemical formulae. Furthermore, at the time, the companywas not keen to explore factorial designs withmore than
three levels due to the expected increase in experimental complexity and cost. Nonetheless, a priori knowledge indicated
that the phenomenon was characterized by high and rather unpredictable variability, thus a replicated three-level design
was considered the best option.
After data collection, careful analysis of the data structure was performed, leading to the identification of both fixed and

random effect terms influencing the responses. Accordingly, the ANOVA estimation method30 was employed, leading to
a quantification of the relevant variance components in terms of variability between and within replicates. This confirmed
the presence of large and input-dependent noise (heteroscedasticity). The DOE data were then randomly split into train-
ing and test sets (75%–25%), and five-fold CV was further employed on the training set to appropriately set the hyperpa-
rameters of the predictive models. After careful tuning, three models were fitted for each response, namely: quadratic
regression with interactions, artificial neural network ensemble (ANN ensemble) and Random Forest.31 The ML algo-
rithms were selected since they were expected to provide more accurate predictions than the traditional statistical model.
However, since the objectives included inference, the authors tried to shed some light on the black box of ML models
by providing a measure of variable importance together with a quantification of prediction uncertainty for each model.
The authors believe, therefore, that the developed models represent a reasonable trade-off between model accuracy and
interpretability.22 This is confirmed by the final results of the study: the application of the MLmodels reduces the predic-
tive error by about ∼ 20% − 30% depending on the response variable, if compared to the traditional statistical approach.
At the same time, the estimation of variable importance and uncertainty quantification, together with an extensive
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1136 ARBORETTI et al.

analysis and discussion of the results, prove that ML models can be applied on DOE data without necessarily losing
much in terms of interpretability with respect to parametric approaches. The authors6 state that the developed algorithms
can be included in a semi-automatic system for prediction of the washing performance, thus reducing the need for future
experiments and facilitating the process of new product development.
In the following sections, we will observe that, in addition to the advantages of the DOE +ML framework highlighted

in the industrial application described by Arboretti et al.,6 several other advantages have been found in the literature.

3 METHODOLOGY

In this section, we describe the adopted SLR approach, focusing on the literature research questions, search queries, the
search process, exclusion criteria, database construction and analysis. We follow the general principles of SLR as detailed
by Xiao andWatson32 and Petersen et al.,33 adapting them to this specific research, with the aim of achieving high-quality
and reproducible results.

3.1 Planning the review

In this phase, the main tasks include the formulation of literature research questions (LRQs) and definition of search
queries, which should guide the search in online scientific databases.

3.1.1 LRQs

This research deals with the application of DOE and ML in the field of PI. Even if not clearly stated, all the LRQs listed
below are in the context of PI:

LRQ1: What are the advantages and challenges of the application of ML methods compared to traditional parametric
statistical approaches used for the analysis of DOE data?

LRQ2: Considering a DOE +ML framework, what DOE strategies and DOE types are adopted?
LRQ3: Considering a DOE +ML framework, what ML algorithms are adopted?
LRQ4: Considering a DOE +ML framework, what data partitioning methods are adopted for ML model assessment?
LRQ5: What are the implications of adopting a DOE +ML framework?
LRQ6: What gaps, open questions and research opportunities are identified?

3.1.2 Search queries

The next step consists in the definition of strings and selection of databases. The keywords used to compose the string
are divided into three categories: ML, DOE, and PI. After some iterations and discussion among the authors of the paper,
the final query formulation was defined and is reported in Figure 2. One thing to point out is that while the first two
categories were searched in the title–abstract–keywords of the paper, the third category was searched within the whole
document. This is the result of a careful investigation, which highlighted that the DOE +ML framework is often adopted
in PI settings even if this is not clearly stated in the abstract of the article. In fact, it is often stated in the introduction,
mainly because the adoption of DOE in PI is so widespread that it may not be specified, bymeans of the selected keywords,
in the abstract. Nevertheless, application in PI may already be clear from the abstract if keywords specific to the subject
area of application are adopted. The final query was inputted within Scopus andWeb of Science (WoS) scientific databases
on October 28, 2020.

3.2 Conducting the review

At this point, the review process starts. The first task is to refine the search to reduce the body of work to only relevant
papers. The second task regards the definition of significant dimensions for descriptive and content analyses that will be
used to organize the final results in a systematic and structured manner.
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ARBORETTI et al. 1137

F IGURE 2 The final query inputted within Scopus and Web of Science (WoS) databases. The first category concerns machine learning
(ML) (in green), the second concerns Design of Experiments (DOE) (in blue), and the third product innovation (PI) (in red). The first two
categories were searched within title–abstract–keywords, while the third within the whole document

F IGURE 3 Systematic literature search and refinement process

TABLE 1 The quality criteria used for exclusion of papers based on full text reading

ID Exclusion criteria
C1. The terms of the search query are solely mentioned in the general introduction of the paper.
C2. The general description of the application of DOE and/or ML is very unclear.
C3. DOE and ML are not jointly applied to the same case study or discussed in the same context.
C4. The field of application is distant from a PI setting.

Abbreviations: DOE, Design of Experiments; ML, machine learning; PI, product innovation.

3.2.1 Search refinement

The initial database of papers undergoes a screening process with the aim of selecting only those works relevant to the
scope of the SLR (Figure 3). The initial query found 287 results in Scopus and 101 results in WoS. These were initially
filtered by language (only papers in English are considered), article type, and subject area, with the exclusion of fields
such as medicine, social sciences, chemistry, and physics. The complete search queries are provided as supplemental
material. A second filter was applied on duplicates, narrowing the body of work to 179 papers. All abstracts were then read
and 56 papers were excluded as it was clear that the focus of the paper was far from the scope and LRQs of the present
SLR. The remaining papers were carefully read, and further screened in line with the exclusion quality criteria listed in
Table 1. A final database of 86 papers was used for subsequent analysis.
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1138 ARBORETTI et al.

F IGURE 4 Framework for descriptive analysis

F IGURE 5 Framework for content
analysis (CA)

3.2.2 Descriptive and content analyses

In order to analyze the final database of papers from the search refinement process, descriptive and content analyses
were conducted.
Descriptive analysis serves to gain some initial insights into the papers by providing basic information as detailed in

Figure 4.
One definition of content analysis (CA) is “a research technique for the objective, systematic, and quantitative descrip-

tion of the manifest content of communication”34; CA is applied as a primary tool to synthesize the research topics and
uncover essential matters in publications, with the objective of identifying open questions and research opportunities in
a specific body of knowledge. The core step in CA is the identification, by an inductive or deductive approach, of analytic
dimensions or categories that constitute the basic structure of the body of literature and are used to classify the reviewed
material according to the LRQs, which drive the study.35 Such dimensions constitute the framework for CA, as reported
in Figure 5.

4 RESULTS

In this section, we present the results of the descriptive and content analyses of the selected literature with the aim of
responding to the LRQs of this research.
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F IGURE 6 Number of papers per year

F IGURE 7 Distribution of papers
(total = 86) per subject area

4.1 Descriptive analysis

Figure 6 shows the distribution of publications over the years. The results confirm a growing interest in this research area
since half of the papers have been published in the last 5 years, with a peak in 2019 and 2020.
Engineering is the most influential field of application of the methodology, with 60% of publications similarly divided

betweenmechanical, materials, and chemical engineering (Figure 7). Another very relevant topic is pharmaceutical appli-
cations, accounting for 28.2%. This distribution is in line with the application of DOE in the fields of engineering and
pharmaceutical product development, two of the major fields of application of this statistical technique.36,37
Among the 86 papers considered in the database, 92% adopted a quantitative research approach, the majority of which

being case study applications discussing the adoption of the DOE+ML framework for the innovation of specific products.
The second category is conceptual papers, in which there is a degree of discussion of the DOE+ML approach adopted and
not simply a straight application of the method. Less relevant are the reviews and simulation studies. For papers adopting
a mixed research methodology, the same paper was counted in each pertinent category (Figure 8).
Among the quantitative papers that employ DOE data, the majority used real data from physical experiments rather

than data sourced from computer experiments using software that simulates a specific process. Fewer works consider
data taken from published literature papers, or synthetic data artificially generated in a simulation study, mainly to prove
robustness of a methodology in different scenarios (Figure 9).
The type of DOE + ML application is typically a nonsequential or sequential (only two papers) application of ML

algorithms to analyze DOE data, here defined as the “ML on DOE data” strategy (Figure 10). On the other hand, if the
ML model suggests the data from which it learns, the application is of the AL type. Such an approach has recently been
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1140 ARBORETTI et al.

F IGURE 8 Distribution of papers
(total = 86) per research methodology

F IGURE 9 Distribution of papers
(total = 76) per data source. Note that the
number of articles considered is less than the
systematic literature review (SLR) total, since
in some papers (e.g., some reviews and
conceptual papers), Design of Experiments
(DOE) data are not used. Similar
considerations apply in the next figures

F IGURE 10 Distribution of papers
(total = 82) per type of DOE +ML application
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ARBORETTI et al. 1141

F IGURE 11 Distribution of papers (total = 86) that discuss the advantages (A) and challenges (B) of the application of machine learning
(ML) methods compared to traditional parametric statistical approaches used for the analysis of Design of Experiments (DOE) data

TABLE 2 The advantages of the application of machine learning (ML) compared to traditional parametric statistical approaches used for
the analysis of Design of Experiments (DOE) data in terms of percent value (%) and number of papers (N)

Description % N
ML provides more accurate predictions 58.3 21
ML can model highly complex nonlinear relationships 33.3 12
ML can find better optimal configurations than RSM strategy 25 9
ML can deal with undesigned data 19.4 7
ML does not require assumptions on distribution of data 16.7 6
ML can use production data, minimizing the need for production stops and enhancing automation 11.1 4
ML can deal with many predictors, even uncontrollable ones 8.3 3
ML has a plug-and-play approach 5.6 2

Abbreviations: ML, machine learning; RSM, response surface methodology.

gaining traction,with one paper in 2015, 2018, and 2020 and five papers in 2019. Onework usesDOE techniques to optimize
ML hyperparameters.

4.2 Content analysis

In this section, we present the results of the CA and the answers to LRQs 1 to 5. Each answer is supported by a figure or
table that shows the current state in a quantitative manner. For a complete list of the papers organized by dimensions of
the CA, see the Appendix.

4.2.1 LRQ1: What are the advantages and challenges of the application of ML methods
compared to traditional parametric statistical approaches used for the analysis of DOE data?

Less than 42% of papers discuss the advantages of the application ofML compared to the traditional data analyticsmethods
used to analyze DOE data, and this percentage is reduced to 10.5% when the focus shifts to the challenges (Figure 11).
In general, the advantages refermainly to the ability ofML to provide accurate predictions evenwith complex nonlinear

and undesigned data, also leading to a better optimal configuration of the factors while not requiring particular assump-
tions on the distribution of data (Table 2). However, such advantages are very often limited to the specific application, and
cannot be generalized to a wider setting.
Challenges, on the other hand, deal mainly with well-known algorithmic problems that broadly affect ML methods38

(Table 3).
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1142 ARBORETTI et al.

TABLE 3 The challenges of the application of machine learning (ML) in terms of percent value (%) and number of papers (N)

Description % N
ML is sensitive to data quality 33.3 3
ML tends to overfit data 22.2 2
ML tends to be a black box 22.2 2
ML presents computational challenges 11.1 1
ML does not provide a quantification of uncertainty 11.1 1
There is a lack of expertise in ML 11.1 1
Traditional DOE is unsuitable to fit advanced ML models 11.1 1

DOE, Design of Experiments; ML, machine learning.

F IGURE 1 2 Distribution of studies (total = 83) by Design of Experiments (DOE) strategy and DOE type (A), and by the use of some
criteria for the selection of the design (B). The size of DOE datasets (total = 74) (C) is also shown

4.2.2 LRQ2: Considering a DOE +ML framework, what DOE strategies and DOE types are
adopted?

In papers that directly describe the application of a DOE study or present a review of such applications, almost 88% of
the occurrences use the strategy of nonsequential DOE experimentation (Figure 12(A)). RSM is the methodology applied
in 52.9% of the cases, with CCDs, BBDs, and full factorial designs being the main DOE types adopted. RPD follows, as
22.9% of the applications use Taguchi’s designs. Few papers also employ undesigned data, mainly sourced from literature
or unstructured online databases, and space-filling designs. For clarity, designs employed in less than 2% of the papers are
grouped into the “other” category.
The sequential strategy is adopted in around 12% of the cases. Among these, the AL framework is the main approach

followed, often starting from an initial undesigned dataset that is then enlarged by suggestions of the learner. Rarely are
designs from the RSM literature adopted while in other cases the initial DOE type is not specified (NAs). Other sequential
approaches not within the AL framework are adopted.
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ARBORETTI et al. 1143

F IGURE 13 Distribution of studies (total = 80) by machine learning (ML) algorithm employed (A). The pie chart shows the proportion
of studies, which carry out a comparison of different methods for data analysis (B)

This high fragmentation in type of DOE adopted is not justified by strong reasoning, since in only 16.9% of cases do the
authors explain the rationale behind the choice of design or perform a comparison of concurrent designs before making
the final choice (Figure 12(B)).
Another relevant result concerns the number of experimental configurations tested in the DOE study: about 50% of the

time such a dataset has a size of 29 instances or smaller, and only about 25% of the experiments have 100 or more runs
(Figure 12(C)).

4.2.3 LRQ3: Considering a DOE +ML framework, what ML algorithms are adopted?

In the considered literature, ANNs are predominantly adopted as the ML method for the analysis of DOE data (Fig-
ure 13(A)). ANNs are mainly employed for regression tasks in which they are used for prediction purposes, and shallow
networks with one or two hidden layers are preferred in the almost totality of the papers. In those studies in which an opti-
mization of the factors is also enforced, ANNs are typically paired with a genetic algorithm (GA) that sequentially applies
selection, crossover, andmutation for the generation of a configuration that can optimize the response(s).39 Support vector
regression (SVR) models are also used as an alternative to ANNs. Another algorithm that is often used in the AL and BO
framework is the GP model. Parametric regression (PR), mainly based on quadratic regression with interactions, is also
used principally to carry out a comparison of theMLmethods with the traditionalmethodologies used for analysis of DOE
data. However, this comparison between different algorithms or methodologies for data analysis is only seldom carried
out, also within the ML domain: only 7.5% of papers test different strategies or algorithms for data analysis (Figure 13(B)).
Note that if a prediction algorithm and an optimization algorithm (e.g., ANN and GA) are sequentially employed, this is
not considered to be a comparison of different strategies since the purpose of the two methods is different. Methodologies
used less than 2% of the time fall into the “other” category.

4.2.4 LRQ4: Considering a DOE +ML framework, what data partitioning methods are adopted
for ML model assessment?

Figure 14 shows the different choices made in relation to data partitioning and model assessment found in the literature.
The most used method is the VS approach (57.1%), in which the DOE data are split into two subsets, one used for training
and the other for validation of the developed models. Several authors decided not to divide the DOE data, preferring
instead to carry out further experiments as confirmation of the goodness of predictions, without using these additional
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1144 ARBORETTI et al.

F IGURE 14 Distribution of papers (total = 70) per
type of data partitioning method adopted

F IGURE 15 Distribution of papers (total = 86) that discuss the implications of the adoption of a DOE +ML framework

runs to build the model(s). Other resampling methods, such as 𝑘-fold CV (with 𝑘 typically equal to 5 or 10) and LOOCV,
are employed more seldomly, but still represent relevant options in the literature.

4.2.5 LRQ5: What are the implications of adopting a DOE +ML framework?

The implications of the adoption of a DOE + ML framework are discussed in 31 of the 86 articles considered, that is a
proportion of 36% (Figure 15). Table 4 displays the description of each implication that was discussed in the articles, also
detailing if such implication has an immediate impact on the PI process, and if it is a distinguishing feature of DOE +

ML in general or a hallmark of the AL framework. It is interesting to note that the top advantages of the DOE + ML
framework in terms of percentage all qualify the AL framework, confirming that a sequential approach, preferably of
the AL type, can have several advantages, mainly in the reduction of the experimental trials, which is often achieved
by the suggestion of the optimal, most informative combinations of the factor levels. Other advantages that are typical
of the AL framework include the possibility to explore experimental regions omitted by DOE alone, thus possibly leading
to the discovery of regions with high and unexpected potential for optimization and also the opportunity to fully automate
the experimental procedure if robotic equipment is available. Further analysis of the literature database revealed thatwhile
the advantages of a DOE+ML framework are evident in 25% of papers that adopt a nonsequential strategy, this is true for
90.9% of the works that adopt a sequential (including AL) approach, thus confirming the enormous potential of sequential
experimentation, especially if driven by the ML algorithm.
Several of the implications of the DOE +ML framework reported in the literature have a direct and immediate impact

on the PI process. For instance, several authors state that through such a framework, it was possible to achieve a min-
imization in the number of experiments, thus presenting clear advantages from the point of view of time and mate-
rial costs. Another advantage includes the possibility to fully automate the experimentation process, making this phase
more efficient and saving working hours. This framework also has a positive impact on the return on investments, since
the final product quality appeared to be preferable to the one achieved using competitive approaches. An additional
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ARBORETTI et al. 1145

TABLE 4 The implications of the adoption of a DOE +ML framework in terms of percent value (%) and number of papers (N). Whether
each implication has a direct impact on product innovation (PI) (Impact on PI) and if it is a distinguishing feature of the active learning (AL)
framework (Qualifying AL) is also reported

Description % N
Impact
on PI

Qualifying
AL

In DOE +ML, a minimization of the number of experiments is achieved 35.5 11 x x
In DOE +ML, ML can suggest optimal configurations for DOE trials 29 9 x
DOE +ML can lead to the exploration of experimental regions omitted by DOE alone 25.8 8 x
DOE +ML provides better final product quality 25.8 8 x
In DOE +ML, DOE analysis can be used to explain the relationships, which drive the
ML algorithms and select variables

25.8 8

DOE +ML can lead to full automation in experimentation 22.6 7 x x
DOE +ML provides a systematic, nonsubjective method for PI 16.1 5 x
In DOE +ML, DOE can optimize ML hyperparameters 6.5 2
In DOE +ML, DOE provides reasonable datasets in small data settings 6.5 2 x
In DOE +ML, DOE controlled experiments provide a support for causal claims 3.2 1 x

Abbreviations: AL, active learning; DOE, Design of Experiments; ML, machine learning; PI, product innovation.

organizational improvement consists in the definition of a systematic and objective method, which can drive PI by relying
on robust conclusions based on data. The ability of DOE to generate highly informative datasets in small data settings
and the possibility of supporting, at least to some extent, causal claims thanks to the controlled experiments are other
implications of the framework, which have a collateral impact on the PI process.

5 DISCUSSION

In this section, we discuss the results of the SLR and answer LRQ6 by highlighting the gaps and opportunities for fur-
ther research.
The first thing to point out about the body of knowledge considered in the present study is the general lack of articles

that comprehensively discuss the problem of the application of the DOE + ML framework in the context of PI. This is
already highlighted by the distribution of articles per research methodology (Figure 8), which shows a predominance
of case studies, the majority of which do not focus any attention on the methodology from a statistical perspective, but
proceed with a straight application of DOE andML. In our opinion, this is an indication that the research field is far from
saturation, andmany opportunities are available for new contributions. The relative immaturity of this branch of research
is also noted when looking at the advantages and challenges of the application of ML over PR for the analysis of DOE data
in PI as reported in Tables 2 and 3. The validity of some of the advantages is certainly questionable (e.g., the perception of a
“plug-and-play” nature of ML), and the almost totality of these advantages are not extendable to a general setting, but true
or false depending on the specific case. This is a common problem in ML, since the empirical nature of the methodology
makes most of the conclusions problem specific. Similar considerations can be made on the challenges, given also how
rare discussion of these aspects is (Figure 11). Nevertheless, some of the challenges identified are confirmed by the other
results of the SLR and will be further discussed.
In the literature a nonsequential strategy for DOE is preferred (Figure 12(A)), although many advantages are shown to

be linked with a sequential approach, especially of the AL type (Table 4). Elevated fragmentation is shown for the DOE
type, although this does not appear to be justified since the rationale for the choice of one specific design is only rarely
evident from reading the papers (Figure 12(B)). One possible explanation is that the majority of practitioners do not have
enough experience in the statistical field, therefore may rely on the easiest or most widespread methods in their specific
area. An example is the application of Taguchi’s methodology, which is applied themost in the analyzed literature, mainly
because of its popularity among engineers.36
It is the opinion of the authors that the present field of researchwould largely benefit from additional studies carried out

on DOE because, as pointed out in Table 3, traditional DOEmethodologies from RSM or RPDmay not be suitable to take
advantage of the high flexibility of advanced ML algorithms. These benefits would not be limited to the nonsequential
DOE setting, since the sequential and AL frameworks also need an initial set of points to train the algorithms in the
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1146 ARBORETTI et al.

F IGURE 16 Distribution of papers that provide a quantification of predictions’ uncertainty (A, total = 81) and that perform an
investigation of causality (B, total = 83)

TABLE 5 The methodologies used for a quantification of prediction uncertainty in terms of percent value (%) and number of papers (N)

Description % N
Bayesian framework 44.4 4
Ensemble methods 22.2 2
Bootstrap methods 22.2 2
Using parametric statistics strategies 11.1 1

first iteration. Taking into consideration the scarcity of data, which characterizes the PI setting (Figure 12(C)), and the
consequential need for highly informative datasets, further research on designs tailored to exploit the characteristics of
ML models is recommended. One possible direction of research may concern space-filling designs, mainly because the
homogeneous distribution of experimental configurations may favor flexible interpolating algorithms, as confirmed by
the already widespread adoption of GP models for the analysis of space-filling experiments.17
Similar problems to those discussed for the DOE phase are present for the choice ofML algorithm, with an even smaller

percentage of papers that seem to apply any statistical-based criteria, at least by a direct comparison of competitive mod-
els, for the selection of the final predictive algorithm (Figure 13(B)). Therefore, the preponderance of ANN models (Fig-
ure 13(A)) is not to be attributed to a clear algorithmic advantage, but rather to incidental factors probably connected with
software availability or personal skills of the practitioners. This is also reinforced by the fact that 11 models, considering
both prediction and optimization tasks, are applied in the examined literature, with five of them being applied only once.
Acknowledging the wealth of ML algorithms that have been proposed over the years, this is a surprisingly low number.
Furthermore, some very well-established algorithms such as Random Forests31 are never employed.
Two additional matters that deserve discussion are the problems of uncertainty quantification and causal investiga-

tion that affect ML methodologies, as also pointed out in Table 3. The decisions taken in the early stages of a product
development process may greatly impact the success of the final product itself, with many economic implications for an
organization. Therefore, the robustness and validity of decisions taken at a PI level are critical, and the final objective of
the DOE +ML framework is to support such decisions. Consequently, the outcomes of the models must be reliable and
it is the opinion of the authors that a quantification of prediction uncertainty and at least an attempt to shed light on the
black box of ML models is necessary.
Unfortunately, most ML models do not by nature provide a quantification of prediction uncertainty; this is a well-

known problem, which worsens if we consider the small data setting of this study, in which less information is available
to support point predictions. In the examined database, only 11.1% of the studies provide a quantification of uncertainty
(Figure 16(A)), mainly by leveraging the Bayesian framework in BO applications or by employing Bootstrap or ensemble
methods. In one case, a hybrid modeling approach of ML and ANOVA is employed that provides a quantification of
uncertainty (Table 5).
The situation gets better if the problem of causal investigation is considered, with 48.2% of articles trying to investigate

the rationale which drives the algorithms (Figure 16(B)). It should be stressed that causality is a problematic topic in ML
because the models are by definition empirical and solely rely on correlative relationships. However, some tools are at
the analyst’s disposal to at least try to attenuate such problems, by questioning the rationale which drives the algorithms.
Since a complete discussion on the possibility of performing causal claims in aML setting is out of the scope of the present
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ARBORETTI et al. 1147

TABLE 6 The methodologies used for causal investigation in terms of percent value (%) and number of papers (N)

Description % N
Using traditional DOE tools (also graphical ones) 42.5 17
Variable importance by interpretation of ML algorithm parameters (e.g., weights in ANN) 27.5 11
Using domain knowledge 20 8
Variable selection (both with DOE and ML tools) 12.5 5
Bayesian framework 10 4
Variable importance by sensitivity analysis 10 4

Abbreviations: ANN, artificial neural network; DOE, Design of Experiments; ML, machine learning.

study, we decided to identify those works that use an inquisitive attitude and try to shed light on the black box of ML
algorithms, that is, explicitly or implicitly acknowledge the need for a causal investigation. In the literature this is done by
assessing the importance of each input factor, by performing variable selection, and by using graphical tools to estimate,
even qualitatively, the contribution of the factors on the model or the relationships among different factors (Table 6).
Other attempts are made by corroborating the ML predictions with field knowledge or previous literature results or by
using a Bayesian framework. The most adopted strategy for causal investigation uses tools of traditional DOE analysis
(main effect plots, interaction plots, contour plots, etc.), often also applied to the PR model, to support the results of a
ML algorithm. The limitations of such an approach are clear, however, it at least gives more insights than a blind black
box application of the algorithm. One last thing to point out on this topic is that, given that DOE is based on randomized
controlled experiments, some level of causality is intrinsic to the results since this is not the typical application of ML on
purely observational data.
Taking the above discussion into account, we believe that a direction for future research concerns the study and devel-

opment of proper ML algorithms to use in a DOE + ML framework. The analyst should strive to select or develop ML
algorithms that can quantify uncertainty of predictions and can be, at least to a certain extent, interpretable. Some
works in the literature already acknowledge the importance of these aspects,6 and great potential is shown by the AL
and BO approaches since both take the uncertainty of predictions into account when suggesting the next experimental
configuration to test.3,27 Furthermore, over the years, some model-agnostic tools have been proposed to make ML more
interpretable,40 but this is a growing field of research. A special mention should be given to GP models, since they are
recognized as being fairly interpretable41,42 in ML research.
Another problem to be addressed, and very specific to this context, is the scarcity of data. The usual application of ML is

on big data, but this SLR highlighted the potential for use of ML algorithms on small data as well. The ability to quantify
uncertainty, investigate causality and model small datasets are all factors that, together with the accuracy of predictions,
should be considered when selecting which algorithm to use in a DOE +ML framework application in PI.
One final issue that deserves attention is the choice of data partitioningmethod forMLmodel tuning and assessment. As

discussed in Section 2.3, some concerns have been raised about the appropriateness of splitting DOE data for ML model
training. Nevertheless, a set of hold-out data is necessary to properly tune the hyperparameters of the ML model and
provide a fair estimation of the generalization error of the algorithm.22 Otherwise, there is a risk that the model overfits
the training data, andwe suspect that this may be the case for the 20% of papers that did not partition the training data, but
rather validated themodel using only a handful of configurations bymeans of additional experiments, often carried out in
the vicinity of the identified optimal combination (Figure 14). The VS approach also presents drawbacks, mainly related
to the variability embedded in the execution of the random split and the fact that not all the observations are used to train
the models.22 𝑘-fold CV and LOOCV are, in general, preferable choices, with 𝑘-fold CV being the most balanced solution
both in terms of computational effort and reduction in variance of the error estimation.22 Nevertheless, we recognize the
need for future research on the convenience and impact of partitioning DOE data and on the study of alternative methods
that can keep the design structure while at the same time enabling a proper training and assessment of theML algorithms.

6 CONCLUSIONS

The present work constitutes the first SLR on the topics of DOE and ML in PI. Several valuable insights can be extracted
from this study.

 10991638, 2022, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/qre.3025 by R

iccardo C
eccato - C

ochraneItalia , W
iley O

nline L
ibrary on [17/01/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



1148 ARBORETTI et al.

First, it has been shown that this is a growing field of research with mainly case study applications, but few papers
propose new methodological advances. Advantages and challenges characterize the application of ML in comparison to
traditional statistical tools, but often these tend to be valid for the specific application and not in general.
Furthermore, not enough attention is given to the links between the DOE andML phases in the DOE+ML framework.

In the literature, the choice of DOE strategy and type, and the adoption of ML models show that these two macro-phases
are treated as if they were separate, but in reality, the quality of the final results depends on both. The initial design
choice should be made considering the ML algorithm to be applied afterwards, and the ML algorithm should be selected
considering the peculiarities of the data collected by the DOE. Further research is needed on ways to integrate these two
phases, also in terms of data partitioning and model assessment methods, as several advantages of this framework on
the PI process are found in terms of time, cost, return on investment, and robustness of final decisions. Particularly high
potential is embedded in the sequential DOE strategy and AL framework.
Future research directions can be summarized with the following research questions and related sub-questions:

∙ What are the most appropriate DOE strategies (sequential vs. nonsequential) and DOE types for a DOE +ML frame-
work?

∙ What are the most appropriate ML algorithms in a DOE +ML framework? How does one choose them?
- How does one quantify uncertainty of predictions in a DOE +ML framework?
- In a DOE +ML framework, how does one shed light on the black box of ML algorithms? How does one investigate
causality?

∙ What are the most appropriate methods for data partitioning andMLmodel assessment in a DOE+ML framework?
- What is the true impact of the application of traditional resampling methods such as 𝑘-fold CV on DOE data?

It is the authors’ intention to build on the results of the present SLR and to focus further research on the identified
problems and limitations in order to advance the current state of the art.
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