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Abstract

Over the past few decades, metamodeling tools have received attention for their ability
to represent and improve complex systems. The use of metamodeling techniques in
optimization problems via simulation has grown considerably in recent years to
promote more robust and agile decision-making, determining the best scenario among
the solution space to the problem. In this sense, this Chapter discusses the state of the
art of metamodeling-based simulation optimization, presenting the gaps, opportunities,
and future perspectives found in literature.
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1. Introduction

Production systems need to include increasingly effective decision-making
tools to ensure organizational competitiveness, customer satisfaction, and cost reductions
(Salam and Khan, 2016). According to Law (2013), analytical solutions are effective
when systems are relatively simple. However, the author states that most real systems are
too complex for analytical analyses. Simulations were developed to predict and evaluate
complex, stochastic, and often analytically intractable system performance (Xu et al.,
2016).

One advantage of using simulations is reduced decision-making risk, since
simulations allow different scenarios to be evaluated without physically interfering in
production systems (Helleno et al., 2015). Since not all possible scenarios can be
practically evaluated, Simulation Optimization (SO) is used to achieve these goals
(Barton, 2009).

The SO field has progressed significantly over the past decade with newly
developed algorithms, implementations, and applications. There have been significant
contributions to this field of research given the work of researchers and practitioners,
mainly in the fields of engineering, industrial operations, mathematical programming,
statistics, machine learning, and computer science (Amaran et al., 2016).

SO finds the input values of a simulation model that gives the best outputs
(Belgin, 2019). According to Fu (2002), SO can be divided into two phases: 1) generating
possible candidates for solving the problem; and 2) evaluating solutions using simulation
model estimates. Figure 1 shows this process.
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Figure 1: General SO process.
Source: Adapted from Fu (2002).

According to Miranda et al. (2017), several SO techniques have been developed
in recent years, e.g., heuristics and metaheuristics, that have still been little explored by
scientific literature.

SO methods can be classified into two categories, model-based and metamodel-
based methods. Moghaddam and Mahlooji (2017), explain that the optimization and
simulation modules are directly integrated with each other in model-based methods,
where optimization occurs according to the solutions that need to be evaluated, then the
simulation evaluates them. A third component, called a metamodel, exists in metamodel-
based approaches, which identifies and estimates the relationship between simulation
model inputs and outputs as a deterministic mathematical function that is used to evaluate
possible simulation and optimization solutions (Barton and Meckesheimer, 2006;
Moghaddam and Mahlooji, 2017; Parnianifard et al., 2020a).
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The model-based approach is the most popular and widespread method according
to literature. However, when a simulation model is very complex, and when a problem
solution space is large, a SO process using these techniques is too slow, and may require
hours or months to converge to an acceptable local optimum value, making use unfeasible
for several applications (Cai et al., 2019; Miranda et al., 2014). On the other hand,
metamodeling techniques have been increasingly used over the last decade to reduce
computational optimization times (Parnianifard et al., 2019).

Metamodeling techniques have been applied in several engineering and
management branches, e.g., optimally allocating operators and equipment on factory
floors (Amaral et al., 2022), planning and controlling traffic to minimize travel times
(Xiao Chen, Osorio, and Santos, 2019), structurally designing vehicles to reduce weight
(Fu and Sahin, 2004), finding optimal sizes for concrete barrier designs (Yin et al., 2016),
and geometrically optimizing laminated composite wind turbine blades to reduce weight
(Albanesi et al., 2018), etc.

Currently, several algorithms are used to build metamodels. Some examples
include Response Surface Methodology (RSM) (Hassrnaayebi et al., 2019; Shirazi;
Mahdavi; Amiri, 2011), the Kriging algorithm (Baquela and Olivera, 2019; Pedrielli et
al., 2020), the Radial Basis Function (RBF) (Christelis and Mantoglou, 2016; Yin et al.,
2016), and Artificial Neural Networks (ANN) (Raei et al., 2019; Storti et al., 2019).

Given these various methods, and the growing importance of metamodeling for
complex engineering problems, this study seeks to provide readers with a review of the
main metamodeling concepts as applied to SO problems. Furthermore, this chapter will
conduct a Systematic Literature Review (SLR), to provide a holistic view of how this
topic is addressed in literature.

2. Background

According to Lin and Chen (2015), optimization via simulation is a powerful
decision-making tool, since this technique can understand various relationships in
complex real-world systems, to identify the best solution to a given problem. According
to Souza Junior et al. (2019), SO helps decision-makers invest or allocate resources in
new or existing production systems.

Amaran et al. (2016), define SO as an optimized Objective Function (OF), that is
subject to constraints, which is then evaluated using stochastic simulations. Carson and
Maria (1997), state that SO is a process of identifying the best input values for simulated
system variables, and evaluating solutions using a loop created between the optimization
algorithm and the simulation model.

The SO field of study has evolved significantly over the last decade, in light of
newly developed algorithms, software programs, and applications. Amaran et al. (2016),
state that the general formulation of an SO problem can be expressed as in Eq. (1).

MinE,[f(x,y, w)]

s.a. E,lg(x,y,w)] <0
h(x,y) <0 1)
X <x < xy
x € RY,y € D™
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Where E,, is the expected value of function f, which is evaluated by simulating
continuous X inputs, or discrete y inputs, subjected to a random number vector w.
Likewise, restrictions are defined by function g values that are evaluated in each
simulation. Problems may also contain other constraints (represented by h) that do not
involve random variables, or contain constraints linked to decision variables.

By contrast, Miranda et al. (2017), states that long computational times are
required for the optimization algorithm to converge to a good result for SO problems
addressing complex systems with very large solution spaces. Barton (2009), states that
this has led researchers to develop specialized SO methods, which include:

e ranking and selection;

e heuristics and metaheuristics;
e random searches; and

e metamodeling.

According to De La Fuente and Smith (2017), the more complex the studied
system, the more time required for performing optimizations. According to the authors,
to obtain good results in a timely manner, one would need to elevate problems to another
level of abstraction, i.e., a metamodel.

Metamodeling is commonly used for developing representations of simulation
models (De La Fuente et al., 2019). A metamodel can understand relationships between
decision variable values and simulation outputs, providing OF approximations faster than
the original simulation model (Jalali and Nieuwenhuyse, 2015). In layman's terms, a
simulation model is an abstraction of a real system, and similarly, a metamodel is an
abstraction of a simulation model (a model of another model), making evaluations simpler
and faster, albeit while less accurately representing real systems. Figure 2 shows this
relationship.

Once a metamodel has been trained and validated it can replace the original
simulation model in SO processes, thereby considerably reducing computational times
for optimization convergence, as shown in Figure 3. This process is called Metamodel
Based Simulation Optimization (MBSO).

Several metamodeling methods and applications have emerged in literature in
recent years to create more reliable metamodels. Barton (2009), stands out, especially for
comparing the main methods used for these applications, i.e., RSM, RBF, Kriging, RNA,
and spline. Hannah, Powell, and Dunson (2014), proposed an MBSO method based on a
semi-convex regression. Yousefi et al. (2018), used ensemble methods in an agent-based
simulation model to reduce average wait times in the healthcare sector,
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Figure 2: Relationship between real-world scenarios, simulation models, and metamodels.
Source: (Li et al., 2010).
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Figure 3: SO process (a) and MBSO process (b).

Souza Junior et al. (2019), studied the integrations between metamodeling,
parallel processing and metaheuristics appltied to production engineering problems, and
Woldemariam and Lemu (2019), used ANN and Genetic Algorithm (GA) metamodeling
to optimize fluid dynamics analysis models. Hullen et al. (2020), proposed strategies for
dealing with SO uncertainty by combining ML with stochastic programming, robust
optimizations, and discrepancy modeling.

Sections 2.1 — 2.3 address the concepts involved in the main machine learning
algorithms used to build metamodels, performance metrics, hyperparameter optimization
techniques used in these algorithms, and a brief explanation of one of the most widely-
used MBSO designs, the Latin Hypercube Design (LHD), all to aid in better
understanding the algorithms and techniques common to metamodeling studies.
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2.1 Machine Learning Algorithms

2.1.1 Gaussian Process

Also known as the Kriging algorithm, the Gaussian Process (GP) is a non-
parametric Bayesian approach using variables following Gaussian distribution (Kleijnen,
2014). The main goal is to define a probability for infinite functions, by adding finite
points that result in a function passing directly over these points (Ostergard et al., 2018).
Nguyen-Tuong et al. (2009), state that given a set of n training data {x;,y;}/=,, the
function f(xi) seeks to learn from input data (x;) transformed into response variables (yi),
converging according to Eq. (2), where ¢; is the Gaussian noise function, with zero mean,
and variance o2.

yi = f(x) + € 2

The GP is a stochastic process, whereby any finite group of model entry points
are incorporated into Gaussian distribution, expressed as f(x) ~GP[u(x),K(X,X))],
where u(x) and K(X, X) are the mean and the covariance functions, respectively (Wan
and Ren, 2015). Here, the covariance functions are normally given via a Gaussian kernel,
as per Eqg. (3) (Nguyen-Tuong et al., 2009).

k(x,, x4) = 02 exp (—%(xp —xg) W(x, — xq)> ®)

Where o2and W are the variance and amplitude of the Gaussian kernel.
Furthermore, Eq. (4) shows the joint distribution for the estimated (f(x.)) and observed
(y) values, given a given input x,. By conditioning the joint distribution, one can extract
the predicted mean value (f(x.,)), and the associated variance (V(x,)), as per Eq. (5) and
Eq. (6) (Nguyen-Tuong et al., 2009).

y KX, X)+ 0% k(X x)
[f (x*)] ~N (O' k(x.,X)  k(x,x.) ) “)
fx,) =kI(K+ 02ty =kTa (5)
V(x,) = k(x.,x,) — kI (K + o2~ k. (6)

Where k, = k(X,x,),K = K(X,X), and a are the SO prediction vectors.

2.1.2 Polynomial Regression

PR is a collection of statistical and mathematical techniques that can be applied
to develop, improve, and optimize processes. It has been successfully used in recent
decades to represent stochastic systems (Parnianifard et al., 2020a). PR was developed
over 50 years ago for exploration and extrapolation applications (Barton and
Meckesheimer, 2006), and according to Parnianifard et al. (2019), literature cites PR as
being used to:
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1. approximate relationships between dependent and independent variables;
2. investigate and determine the best process operating conditions; and
3. implement more robust responses.

According to Myers, Montgomery, and Anderson-Cook (2016), PR for a given
response is based on Taylor series expansion theory to a data set. The general formulation
for linear regression (first-order PR) is given by Eq. (7) (Parnianifard et al., 2019).

k
y =0 = o+ ) fixi+e ™

Where k is the number of independent variables. If more complex response
surfaces cannot be represented by linear PR, quadratic (second-order) PR can be used. Its
general formulation is given in Eq. (8) (Dengiz and Belgin, 2015; Osorio and Bierlaire,
2013; Parnianifard et al., 2019; Parnianifard et al., 2020a).

y=fX) =P +iﬁixi +iﬁiixi2 +zk: zk: Biirxixy + € 8)
i=1 i=1

i=1i<i’'=2

Where 3, B:, Bi; and f;; are the unknown coefficients, and ¢ is the model noise.
The number of expressions p is p = k + 1 for linear regression, p = %(k + 1) (k+ 2)

for quadratic regression, and p = %(k + 1)(k + 2)(k + 3) for cubic regression

(Parnianifard et al., 2019). One of the main advantages of PR is the model interpretability
and adaptability to different data types. However, Ostergard et al. (2018), state that these
can be computationally inefficient compared to more sophisticated high dimension
expansions, e.g., GP and SVM.

2.1.3 Artificial Neural Networks

ANNs have been widely applied to classification, regression, and time-series
problems. They consist of an input layer, one or more hidden layers, and an output layer.
(Hassoun, 1995). The general ANN and neuron structures are shown in Figures 4 and 5,
respectively.
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Figure 4 - Structure of an Artificial Neural network
Source: Adapted from Storti et al. (2019)
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Figure 5 - General structure of a Neuron
Source: Adapted from Storti et al. (2019)

According to Li et al. (2010), information transmission occurs via neuron
connections through layers. Also according to the authors, a typical ANN can be
represented with three layers and one neuron in the output layer, as per the following
formula:

J k
ny(X)=szf<zvijf(xi)+aj>+ﬁ+€ )

j=1 i=1

Where:
X is a k dimension vector;
f(.) is the transfer function;
¢ the random error with mean 0;
v;j represents the connection weights between the i neurons in the input layer and
the j neurons in the hidden layer;
aj is the bias of the j" hidden layer neuron;
e w; is the weight of connections between the j hidden neuron and the output
neuron;
e | is the total number of neurons in the hidden layer; and
e S isthe output neuron bias (Li et al., 2010).
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According to Oliveira et al. (2010), weights and biases are adjusted using
supervised training algorithms. The back-propagation algorithm is most widely used,
where the model is fed with standard inputs, and the signal is propagated to the output
layer to generate predictions. This error then adjusts the output neuron, hidden neuron,
and input neuron connection weights.

2.1.4 Random Forest

Breiman (2001), introduced the Random Forest (RF) method, which combines
many randomly uncorrelated decision trees to obtain predictions based on average votes
among all individuals (Li et al., 2020). RF is one of the most efficient ML algorithms in
terms of accuracy and execution speed for large databases. It is also a simple method, and
its variables and results can be easily interpreted (Crisci et al., 2012).

Dai et al. (2018), state that RF is a combination of decision trees
{h(x,0,),k =1,2,..}, where each tree receives a random vector {0,}. Outputs are
numerical, and training data are independently and identically distributed in regression
problems (Breiman, 2001). The root mean square error associated with each tree h(x) is
defined by Eq. (10), for the X vector and Y output (Dai et al., 2018).

Exy(Y — h(X))? (10)

The procedure for adjusting the RF is simple. The first step involves adjusting all
m independent trees. Then a sample size N is obtained at each interaction, and k attributes
are randomly selected to generate new uncorrelated trees (De La Fuente and Smith, 2017).
The individual predictions of each m'" tree are guided by a set of if-then-else rules,
characterized by ® (Hastie et al., 2008). According to Breiman (2001), an FR forecast is
calculated using the average from the k trees h(x), belonging to the forest, as per Eq. (11).

M
FO =2 ) T(X:0,) (11)
m=1

Where M is the number of trees, T(X:O®nm) is the model for a single tree, X is the
training data vector, and @n is the set of rules for the trees.

2.1.5 Gradient Boosted Trees

The Boosting method was initially proposed by Schapire (1990), to build highly
accurate models based on low learning converging algorithms, or decision trees for
Gradient Boosted Trees (GBT). Friedman (2002), proposed a variation of this method
called Stochastic Gradient Boosting, introducing randomness to the procedure proposed
by Schapire (1990). Friedman (2002), states that the trees are trained using a random
sample N of the training data at each iteration of the algorithm without replacements, so
N < N, where N is the size of the training data. The GBT algorithm differs from bagging
methods, since the first seeks to sequentially build models (trees), while the second is
adjusted based on models built in parallel (Xia et al., 2017).

This algorithm is based on sets of decision trees. A new tree is generated at each
interaction based on the residues of previous trees (De La Fuente and Smith, 2017). Given
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a dataset {xi; yi} size N, input attributes are represented by x;, while y; is the response
variable. The objective of the algorithm is to determine the function F*(x) that expresses
the relationship between x and y to minimize the loss function as per Eq. (12). This
relationship is additively approximated in Eq. (13) (Xia et al., 2017).

F*(x) = argming ¥ (y, F(x)) (12)
M

Fa() = ) Bh(x; 6) (13)
m=0

The ideal base learners (h(x;®m)) are represented by fmh(x;Om), where fin and On
are optimal coefficients and parameters for the base learner, respectively. Frieman (2002),
presents a pseudocode for GBT as described in Algorithm 1.
Algorithm 1: Stochastic Gradient Boosted Trees

1 Fo(x) = argmin, ¥ (y;,¥)

2 Form=1to M do:
3 {n(l)}llv = randperm {l}llv

~ _ alp((yn:(i)'F (xn() )) L~
4 Vre(dm = — l aF(xn(i)) Fooer , L= 1;N

=Fp—1 (%) _

5 {Rim} Y = L — terminal node tree({Fnym Xn(}1)
6 Yim = arg miny an(i)ele ¥ (yn(i)r Fm—l(xn'(i)) + V)
7 Fm(x) = Fm—l(x) +V.Vim l(x € le)
8 End For.

Source: Friedman (2002).

Where ¥ (yi,y) represents the loss function, Rim represents each region formed by
the | nodes of the m™ trees, and m(i)})represents integer (1, .... N) permutations for
training data {y;, x;}Y.

Line (4) in the algorithm gives the gradient of the loss function, or the pseudo-
residues of the last iteration, and y;, is the set of optimal expansion coefficients
corresponding to each tree node in the m™ iteration.

2.1.6 Support Vector Machine

A Support Vector Machine (SVM) from Vapnik (1999), is one of the most popular
ML methods proposed in recent years (Cao et al., 2020). It was initially built to classify
problems but has been widely used for regression problems (Cao et al., 2020, Hastie et
al., 2008).

For classification problems, the method seeks boundaries to separate training data
into respective classes with the least amount of error. A hyperplane is defined based on
vectors built from observations located at boundaries, so data on different sides of the
hyperplane are allocated in different classes (Ostergard et al., 2018).

Jeng (2006), explains that SVM tries to find a maximum margin between two
classes using linear vector combinations for these types of problems, and this is solved
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using quadratic programming with linear constraints. According to the authors, this
algorithm can be extended to solve nonlinear regression problems by introducing the £
parameter, which represents the loss function. Li et al. (2010), gave a mathematical
formulation of SVM as per Eq. (14):

9= fX)=wpX)+b (14)

Where X € R¥ is the k-dimensional input, ¢ is a nonlinear transformation from

KX to K", with h >k, and f(X) describes the hyperplane in R". The authors emphasize
that coefficients w and b can be obtained by minimizing the risk function, as per Eq. (15).

- A 1
Rsvm(C) = Cz C(f(Xl-),yi) + E”W”2 (15)
Where:
. lfX) —y|-€ selfX)—y|=¢€

0 Contrary Case

The final SVM method prediction function is obtained after solving the
minimization problem via Eq. (17) (Vapnik, 1999).

f(Xau) = ) (@i = GK(X,X) +b an

Where X is the new model input, K(X, Xj) is the Kernian function representing the
distance between X and Xi, and a;, a; and b are coefficients obtained by minimizing the
risk function (Li et al., 2010).

Oliveira et al. (2010), state that SVM efficiency depends on correctly choosing
the hyper-parameters C, epsilon (€) and Kernel (K). According to Cherkassky and Ma
(2004), the ideal C value of can be calculate via Eg. (18):

C = max(|)7+30y|,|37—30y|) (18)

Where ¥ and o, are the mean and standard deviations of the y values in the
training data. To calculate &, the authors recommend making a first pass with the
algorithm using the default parameters to calculate the prediction error 6 associated with
the database, where § =y —y;, (i = 1, ...,n).

]
€ =30 21 (19)
n
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Where o is the standard deviation of error 8, and n is the number of database
examples.

2.2 Performance Metrics

An important step in building metamodels is evaluating them to choose the model
that best fits the data, and aid in selecting and/or optimizing the parameters. Bergmeir and
Benitez (2012), stated that the Mean Square Error (MSE) or Root MSE (RMSE), the
Mean Absolute Error (MAE), and the Mean Absolute Percentage Error (MAPE), were
the main error metrics cited in literature. According to Hu et al. (2006), the coefficient of
correlation (R?) was another important regression metric.

Taking y. as the observed (actual) value at point i, y, as the predicted value, and n
as the size of the test data, RMSE, MAE and MAPE can be calculated as per Eq. (20),
Eq. (21), and Eq. (22), respectively (Bergmeir and Benitez, 2012; Chai and Draxler,
2014).

n
1
RMSE = |~ (7, = 9,)? (20)
i=1
n
1 )
MAE == |y, = 9i 1)
i=1

n

1
MAPE = ;Z |1OO

i=1

Vi —37i|
Yi

(22)

There is no consensus as to the model accuracy values for metamodel evaluation
metrics. However, one could state that a metamodel with R? > 0.90 is reasonable, R? >
0.95 is accurate, and R? > 0.99 is almost perfect (Ostergard et al., 2018).

R? is an accuracy metric with an amplitude that varies from 0 to 1. As shown in
Eq. (23), it is calculated by dividing the sum of the squares of the residuals (y, — yi)z by

the total sum of the squared residuals (y, —yi)z. High R? values correspond to good
model and training data fits, but do not guarantee reduced errors (Hu et al., 2006).

(i — 9)*

R?=1-— — (23)
?:1(% - ¥i)?
Where:
n
1
y. = EZ Vi (24)
i=1

2.3 Hyper-Parameter Optimization
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Choosing adequate hyper-parameters for ML algorithms is a fundamental step for
increasing the learning capacity of these algorithms. Given that these parameters cannot
be manually defined, one must use optimization techniques to find the best performing
configuration extraction from the algorithm (Xia et al., 2017).

Currently, there are several optimization methods for selecting hyper-parameters,
like AG, ant colony, grid search, Bayesian optimization, etc. (Hullen et al., 2020; Kim;
Boukouvala, 2020; Li et al., 2019). In our study, we chose to use GA given its execution
speed, its ability to adapt to different variable types, and given that the initial values do
not need to be defined to perform optimization. Table 1 gives a brief comparison of the
main hyper-parameter optimization methods.

Table 1 - Comparison of common methods for hyper-parameter optimization.

I(\)ﬂ;;ilhn;:jzsatlon Strengths Weaknesses Complexity (time)
Simple Takes a lot of time and
Grid Search is efficient only for | nk
categorical variables
Is more efficient than | Does not consider
the Grid Search previous results and is
Randon Search L . n
not  efficient  with
conditional variables
Allows for parallelism | Supports only
Gradient-based continuous  variables nk
and detects only large
locations
Has fast convergence | Low  capacity  for
Bayesian GP for_ continuous par.al.lelism and |s not n3
variables efficient for conditional
variables
Has fast convergence | Low  capacity  for
Bayesian TPE for continuous | parallelism nlogn
variables
Sequential model- | Is efficient for all | Low capacity for
based algorithm | variable types parallelism nlogn
configuration
Maintains conditional | Not  efficient  for
dependencies conditional  variables
Hyperband . nlogn
and requires small
subsets to be relevant
Bayesian hyperBand Is _efficient for all | Requires small _subsets nlogn
variable types to be representative
Genetic algorithm Allows for parallelism | Low _capacity for 2
parallelism
Is efficient for all | Requires proper start up
Particle swarm variables types nlong
Allows for parallelism

k is the number of hyperparameters, and n is the number of hyperparameter values.
Source: Adapted from Yang and Shami (2020).

A Genetic Algorithm (GA) is a heuristic technique that was inspired by the theory
of natural selection. It was initially proposed by De Jong (1975), and Holland (1975), and
is based on Darwin's theory of the survival of the fittest. It can be successfully applied to
linear and nonlinear programming problems (Bashiri and Geranmayeh 2011; Lessmann
et al., 2006). The search space in GA comprises candidate solutions, each represented by
a chromosome (Alabas et al., 2002). Each chromosome comprises genes, representing
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encoded parameters for a candidate solution, and aptitude, or OF, to reach the best
solution for the problem. The objective of GA is to combine genes to obtain new
chromosomes with better OF values (Li et al., 2010).

The GA comprises three basic operators, i.e., reproduction, crossover, and
mutation. Reproduction is a process by which individual parameters, or genes, are copied
based on their OF values. Individuals with higher OF values are more likely to generate
one or more offspring in the next generation. When a parameter is reproduced it creates
an exact replica of itself. Then, the crossover operator randomly combines newly
produced parameters. Finally, mutations generate changes to parameter values, playing a
secondary role, because mutation rates are generally low (Alabas et al., 2002; Storti et al.,
2019).

GA applied to hyper-parameter optimization was studied by Hou et al. (2019),
and Hullen et al. (2020). This method evaluates several possible parameter combinations
{as, ..., ai} of the ML algorithm. The cross-validation technique is used to calculate the
error associated with each combination. k-fold cross-validation is one of the most
important techniques for evaluating regression and classification methods. It divides
training data both equally and randomly into k parts, using k-1 parts for training the
algorithm, and the remainder for testing. The error of each array is calculated k times, and

a different part k; is selected for testing at each iteration, with i = {1, ..., k}. Then,
performance is measured based on averaged errors in k validation interactions, which is
a more robust metric than if it were measured using just one observation (Bergmeir and
Benitez, 2012). Roy and Datta (2019), suggested using 10-fold cross-validation.

2.4 Design of Experiments

According to Montevechi et al. (2012), experiments are a series of tests with
purposeful changes made to input variables to identify and analyze the effects of these
changes to response variables within the system. According to the authors, the Design of
Experiments (DOE), is a set of methods for designing and conducting experiments.
Several DOE techniques have been cited in literature, e.g., orthogonal arrays (Miranda et
al., 2017), Central Composite Designs (CCD), (Villarreal-Marroquin et al., 2013),
factorial designs (Dengiz et al., 2006), etc.

According to the Structured Literature Review (SLR) in Section 4, the most
common DOE method for metamodeling projects is the Latin Hypercube Design (LHD).
According to Parnianifard et al. (2020), LHD is a computational DOE technique based
on space-filling. For n input variables, m sample points are randomly obtained within m
equally probable intervals. Figure 6 gives an example of an LHD array with n=2 decision
variables, and a m=7 sample size.

-

3

7 T 7 7 .

6 . 6 6 . 6 .

5 5 5 . 5
<4 w4, s 4 . 5 4

3 - 3 3 3 .

2 . 2 . 2 . 2

1 . 1 . 1 1 .

0 » ] » 0 » 0 »

01 2 3 4 5 6 7 01 2 34 5 6 7 01 2 34 5 6 7 01 2 34 35 6 7
{a) *1 (b) * (c) X, (d) i

Figure 6: Examples of LHD arrays with 2 input variables and 7 sample points Source: Adapted
from Luo, Ji and Lu (2019)
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According to Parnianifard et al. (2020), the LHD procedures are:

e The value ranges for each variable are divided into m subranges of equally
probable magnitudes. The number of sampling points m is defined by the
researcher. In general, it should be greater than the total points produced by the
CCD.

e The second step is allocating the m points between each lower and upper interval
limit, with each point (1, 2, ..., m) in one row and column of the sample space.

3. Systematic Literature Review

As shown in the previous section, there is a wide range of methodologies and
applications surrounding MBSO. Sections 3 and 4 provide a Systematic Literature
Review on the topic to provide the reader with an overview of how metamodeling has
been approached both in academia and in practice.

3.1 Literature Reviews on Metamodeling Simulation Optimization

We conducted a search in the Scopus and Web of Science scientific databases in
July 2020 to look for studies including Literature Reviews (LR) on MBSO, or other
related topics. In this step we searched for terms related to metamodeling (metamodel,
metamodeling, meta-model, or machine learning), optimization via simulation
(Simulation optimization, simulation-based optimization, or optimization via simulation)
using Boolean logic (AND/OR), and Literature Reviews (literature reviews, the state-of-
the-arts, overviews, or surveys), with a filter for documents in English.

12 LRs on topics related to MBSO were returned, however, these focused on a
certain stages of metamodeling projects, one or a few metamodeling algorithms or types
of simulations, and none contained complete discussions on MBSO knowledge that
should be used by academics and practitioners for developing projects. This section
contributes by offering a comprehensive view of MBSO using the scientific rigor of SLR
(Y. Xiao and Watson 2019), and CIMO (Context, Interventions, Mechanisms, Outcomes)
(Denyer et al., 2008).

The first study returned was published from the Winter Simulation Conference in
1986, addressing the frequency domain experimentation technique and RSM for dealing
with discrete variable problems (Schruben, 1986). At the same conference, twenty-three
years after the publication of the study by Schruben (1986), Barton (2009) gave an
overview of SED metamodeling techniques, describing the main algorithms used in
metamodeling according to literature i.e., RSM, RNA, Kriging, spline, RBF, and
provided a framework for conducting metamodeling projects using local or global
searches. That same year, Kleijnen (2009), published a review of Kriging metamodeling
and its association with techniques like bootstrapping, DOE, sensitivity analysis, and
optimization.

In 2010, a study systematically compared five SO metamodeling algorithms (i.e.,
RNA, RBF, Kriging, SVM, and multivariate regression splines) for decision support
systems (LI et al., 2010). In 2014, a study was carried out on Kriging metamodeling with
parametric and distribution-free bootstrapping applied to optimization problems via
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deterministic and/or stochastic simulations (Kleijnen 2014). That same year, Figueira and
Almada-Lobo (2014), studied hybrid SO method classifications and taxonomies,
explaining questions on procedures and methods related to metamodeling.

In 2015, Dellino et al. (2015), described robust optimization concepts using
Kriging metamodeling in a chapter of their book, applying these to an economic order
quantity inventory model. A survey was carried out again in 2015 on the practical use of
search experimentation techniques, i.e., SO, DOE, and metamodeling applied in SED
(Hoad et al., 2015). Two years later, an LR was conducted presenting a general review of
several metamodeling algorithms (i.e., polynomial regression, Kriging, RBF, SVM, and
mixed metamodels), DOE techniques (i.e., geometrical, statistical, and optimal designs),
and mechanisms (i.e., expected improvements, efficient global optimizations, bumpiness,
etc.), for problems containing continuous variables (Vu et al. 2017). That same year, two
other LRs addressed metamodeling using Kriging and polynomial regression (Kleijnen
2017a, 2017b).

Finally, only one study used a SLR to study metamodeling for robust black-box
SO subjected to uncertainties (Parnianifard et al. 2019). These studies served as the basis
for conducting our SLR on MBSO. We should mention that our SLR did not seek to
conduct an exhaustive review of literature on MBSO, but rather to provide academics and
practitioners in the area with a broad view of the subject by consolidating and explaining
existing MBSO projects, while also defining the frontier for knowledge in this area, by
identifying and presenting current opportunities and challenges related to this topic.

3.2 The Systematic Literature Review Method

A SLR is a methodology for outlining the theoretical-scientific basis necessary
for understanding a topic. This is done by collecting, understanding, synthesizing, and
evaluating a set of scientific studies (Levy and Ellis, 2006; Xiao and Watson, 2019).
According to Sousa Junior et al. (2019), SLRs assist researchers in performing
methodological steps, e.g., defining problems, selecting methods, collecting data, and
performing analysis, to mitigate flaws in the conclusions of studies, thereby offering
greater clarity on employed research procedures.

SLR is not the same as a traditional LR, but rather seeks to clearly explore a
specific issue by consulting existing literature. An SLR differs from other LR
methodologies given its exact principle, whereby researchers must pre-specify and clarify
their inclusion/exclusion criteria to readers (Denyer and Tranfield, 2009). Oliveira et al.
(2016), point out that one of the advantages of SLR relative to traditional RL methods, is
that SLRs avoid data bias and distortions. A SLR mainly seeks to promote advancements
and to develop new studies, given the fact that a new frontier of knowledge can only be
established after defining the current frontier.

3.3 Employing the Systematic Literature Review Method

Our SLR adopted the same procedures as Oliveira et al. (2016), and Sousa Junior
et al. (2019), to systematically investigate MBSO knowledge, by identifying borders and
gaps in existing literature, thereby providing new guidelines for future studies. This was
done in four main stages, i.e., planning, researching/sorting, analyzing/synthesizing, and
presenting the results.
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3.3.1 Planning

This step was developed by a panel of experts in the area to better investigate this
field of research. The panel included 3 Ph.Ds with academic and practical experience in
MBSO projects, in addition to a Ph.D. and M.Sc. researching the same topic.

The study was inspired given the expressive growth in MBSO publications, the
differing applications to knowledge areas, and given the lack of studies comprehensively
and systematically synthesizing and discussing knowledge on this subject. We expect that
our results can aid all project stages within this area, and present the state-of-the-arts for
MBSO by compiling existing studies, and mainly proposing future opportunities for
additional research.

The main SLR objectives are:

+ identify and explore the main MBSO aspects in studies;

+ analyze and summarize the results;

» discuss the results, define the state-of-the-arts, and any research gaps and trends
that could be further explored.

To do this, Research Questions (RQ) need to be defined to extract and analyze
intrinsic knowledge on the topic. Several frameworks and methods for structuring RQs
have been addressed in literature e.g., PICO, PICOS or PICOC (Population,
Interventions, Comparisons, Outcomes, and Context) (Kloda et al. 2020), SPICE
(Settings, Perspectives, Interventions, Comparisons, and Evaluations) (Booth, 2006),
SPIDER (Samples, Phenomenon of Interest, Designs, Evaluations, and Research Type)
(Methley et al. 2014), ECLIPSE (Expectations, Clients, Location, Impacts, Professionals,
and Services) (Wildridge and Bell 2002), etc.

We used the CIMO-logic framework as proposed by Denyer et al. (2008), which
combines problem Contexts requiring Interventions, generated using a Mechanism, in
order to produce Outcomes. This approach has been used by several authors to study
engineering problems (Aouadni et al., 2019; Balan, 2018; Makhashen et al., 2020; Costa
etal., 2020; llk et al., 2020; Kochan and Nowicki, 2018; Tanila et al., 2020). The RQs in
our study were divided into the four elements outlined in the CIMO-logic method:

» context: real or theoretical problems...

* interventions: ... using metamodeling...

* mechanisms: ...combined with optimization techniques via simulations...

» outcomes: ...to find the best performing solution within the project scope and
constraints.

The RQs were formulated in compliance with these objectives, within the scope
of this study, and to identify existing gaps in literature. The RQs are:

* RQ1) What is the role of metamodeling in SO projects, and what are its main
applications? (Context)
* RQ2) What are the main simulation and optimization techniques used with

metamodeling? (Mechanisms)
* RQ3) What are the most widely-used metamodeling algorithms in MBSO?
(Interventions)
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« RQ4) What sampling strategies are normally used? (Interventions)
* RQ5) How are results measured/validated? (Outcomes)

The information extracted from the articles was divided into two categories to
answer the RQs, as shown in Figure 7.

_— Research Bases —

e

Metamodel algorithm

Problem studied

Sampling strategy
Application field

Simulation and optimization method

Real/Synthetic data
Adopted softwares

Variables and objectives Performance indicators

Figure 7: Research pillars and article extracted data

The first category investigates the nature of the work relative to the area of
industry that the studies focus on, what types of problems are addressed, whether the
problem is real or theoretical (based on data from literature), and how decision variables
and problem objectives are framed. The second category deals with method-related issues
e.g., simulation type, the metamodeling algorithms used, the search engines used in the
optimizations, sampling strategies, software programs, and how results were measured.
Finally, the main MBSO frameworks from literature will be presented, along with two
new frameworks that complement the main points found in the SLR.

3.3.2 Researching and Sorting the Articles

We conducted exploratory research in the Scopus and Web of Science (WoS)
scientific databases on the topic, since these databases are the main data citation sources
(Mongeon and Paul-Hus 2016), and are representative of publications on the subject
(AGHAEI et al., 2013). Thus, terms related to metamodeling (metamodel, metamodeling,
meta-model, and machine learning), and SO (Simulation optimization, simulation-based
optimization, optimization via simulation, and SO) were searched for in both databases
using Boolean Logic (AND/OR) in the process. The meta-search returned 188 articles
from the WoS and 293 articles from Scopus, resulting in 481 studies.

The initial article selection phase for downloading was made by reading the
titles/abstracts of the articles that met the following inclusion criteria:

a) contained SO metamodeling search terms in titles/abstracts/keywords;
b) published in peer-reviewed journals;

c) written in English; and

d) had full versions available for download.
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209 studies were excluded from the search after applying the inclusion criteria for
failing to meet at least one of the previously defined criteria. 3 (0.6%) did not have the
search terms in the titles, abstracts, or keywords, 203 (42, 2%) were not published in peer-
reviewed journals, 5 (0.8%) were not written in English, and 1 was not available for
download. 269 articles were downloaded in total for quality assessment, 144 from
Scopus, and 125 from the WoS. Then 104 articles were removed due to duplications.

Quality assessments consist of reading the titles, abstracts, objectives, methods,
results, and discussions. 21 articles were excluded from analysis at this stage for the
following reasons, 11 (52.3%) mentioned “machine learning” but did not use ML or
metamodeling, 8 (38.1%) used metamodeling/ML for purposes other than SO, and 2
(9.5%) did not use simulations. 143 articles were selected for full reading after the quality
assessment for information extraction and data analysis. Figure 8 shows the
search/screening procedures.

Searching/screening procediments
Databases selection Scopus Wos Total
Search the literature n=293 n=188 n=481
Screen for inclusion n=144 n=125 n=165
Assess quality n=126 n=121 n=143

Figure 8: Searching/Sorting

Figure 8 shows the results of the search/sort phase. 293 articles were downloaded
from Scopus, and 188 from WoS after the search phase. 144 articles from Scopus and 21
from WoS were included for screening. 104 eligible articles from WoS were excluded
because they were duplicates with Scopus. Finally, 126 studies from Scopus and 17 from
WoS were selected for analysis and data extraction in the quality assessment phase.

3.3.3 Analysis and Synthesis

The articles were evaluated in 9 items to answer the RQs, as shown in Figure 7,
corresponding to:

define the problem;

industrial sector;

data source;

variables and objective types;

metamodeling algorithms;

sampling strategies;

simulation and optimization methods;

software used;

performance indicators and validation methods.

CoNoOARWNE

Similar nomenclature standardizations were performed after data extraction, e.g.,
the gaussian process and Kriging were understood as being the same algorithm, and the
Latin Hypercube Design and Latin Hypercube Sampling refer to the same DOE
technique.
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Descriptive data, table, and graph statistics were made after the synthesis using
the Software R program. The results were analyzed in line with the RQs related to the
three aforementioned categories, serving as a basis for the results and conclusions that
aided us in developing a body of evidence on the main MBSO perspectives discussed in
this SLR.

3.3.4 Results Presentation

The results were summarized in graphs and tables to discuss the topic, revealing
compelling SLR insights. We reflected on and identified the gaps and perceptions on the
development of this theme within the scientific community based on the analysis of the
interactions between SO and metamodeling.

The main results are summarized in Tables 2 - 6 below following the analyses and
syntheses, wherein all RQs will be answered, and where we discuss the state-of-the-arts
for MBSO, presenting practices observed in literature, and possibilities for future research
on this topic. The 143 articles were divided into two categories according to the problem
origin, e.g., real or theoretical, to elucidate the relationship between academia and
practical problems facing industry/service providers.

4. Results and SLR Discussion

This section presents the data obtained from the articles and answers the RQs, in
the order following the pillar arrangements, i.e., nature of research, methods, and state-
of-the-arts.

4.1 Nature of research

This section discusses the “nature of research” pillar, which is directly linked to
RQ1 (“What is the role of MBSO, and what are its main applications?”). The main
problem-related aspects and industrial sectors, economic sectors, and problem
specificities like objectives and sizes studied in literature are presented. Table 2 shows
the problem type, and industrial and economic sectors.

The objects of study in the articles were classified and grouped into more than 18
problem classes. Given the wide variety of problems, only the six most frequent classes
are shown in Table 2 i.e., Process Control, Stock Control, Product Design, Resource
Allocation, Mathematical Models, Traffic Models, together constituting more than 65%
of the problems found. The most studied issue was using MBSO for control processes to
optimize production parameters for certain goods. Most works (74.1%), addressed this
problem type relative to managing water resources to find well-water injection and
extraction pumping rates for supplying demand while reducing energy costs, wear and
tear, and watershed contamination e.g., (Ataie-Ashtiani et al. 2014; Candelieri et al.,
2018; Hussain et al., 2015; Roy and Datta 2019a; Timani and Peralta 2017). Other
applications were determining optimal parameters for plastic injection processes (Dang
2014; Villarreal-Marroquin et al., 2011, 2013), cutting parameters for semiconductor
wires (Monostori and Viharos 2001), and sheet metal pressing (WANG et al., 2018).
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Table 2 - Nature of the research.

Problem Type Real Theoretical Total Cum. %
Process Control 16 (10.4%) | 10 (07.2%) 26 (17.2%) | 17.2
Stock Control 01 (00.6%) | 20 (13.1%) 21 (13.7%) | 31.2
Product Design 08 (05.2%) | 08 (05.2%) 16 (10.5%) | 41.6
Resource Allocations 11 (07.2%) | 05 (03.3%) 16 (10.5%) | 52.1
Mathematical Models 00 (00.0%) | 11 (07.2%) 11 (07.2%) | 59.3
Traffic Models 08 (05.2%) | 01 (00.6%) 09 (5.88%) | 65.1
Industrial Sector

Not Specified 03 (02.3%) | 36 (27.9%) 39 (30.2%) | 30.2
Water Management 19 (14.7%) | 10 (07.7%) 29 (22.5%) | 52.7
Urban Traffic 18 (13.9%) | 02 (01.5%) 20 (15.5%) | 68.2
Energy Generations / Distribution 06 (04.6%) | 01 (00.8%) 07 (05.4%) | 73.6
Health care 06 (04.6%) | 00 (00.0%) 06 (03.9%) | 78.3
Pharmaceutical / Chemical Industry 03 (02.3%) | 02 (1.5%) 05 (03.9%) | 82.2
Economic Sector

Not Specified 03 (02.3%) | 36 (27.9%) 39 (30.2%) | 30.2
Primary 19 (14.7%) | 10 (07.7%) 29 (22.4%) | 52.7
Secondary 15 (11.6%) | 07 (05.4%) 22 (17.0%) | 69.8
Terciary 33 (25.5%) | 06 (04.6%) 39 (30.2%) | 100.0

The second problem class was related to inventory controls and management
activities, e.g., sizing the number of kanbans for shop floors e.g., (Alabas et al., 2002;
Dengiz; Alabas-Uslu and Dengiz, 2009; Hurrion, 1997; Huyet and Paris, 2001), and lot
size (Sousa Junior et al., 2019; Greenwood et al., 1998; Hachicha, 2011; Horng and Lin,
2017; Jackson et al., 2019; Moghaddam and Mahlooji, 2016, 2017; Nezhad and Mahlooyji,
2014; Parnianifard et al., 2020b; Zakerifar et al., 2011). Both dealt with theoretical cases,
where data sources came from other articles, or from classic problems in specialized
literature. In our SLR, only one article addressed the stock control problem by studying a
real case using metamodeling via Kriging in discrete SO to optimize emergency fuel
stocks in ships (Quan et al. 2013).

Many authors have also studied MBSO techniques to optimize product designs.
Examples include applications related to the automotive (Fu and Sahin, 2004; lvanova
and Kuhnt, 2014; Stork et al., 2008), energy (Sharif and Hammad 2019; Storti et al.,
2019), hydropower (Bananmah et al., 2020; Mooselu et al., 2019), and transit
infrastructure (Yin et al., 2016) sectors. Many authors have also studied MBSO applied
to resource allocation problems (e.g., (Coelho and Pinto 2018; Song et al., 2005; Yousefi
and Yousefi 2019; Zeinali et al., 2015), to synthetic mathematical functions (e.g., Baquela
and Olivera, 2019; Kim and Boukouvala, 2020; Gonzalez et al., 2020; Wang et al., 2020),
and to urban traffic issues (Chen et al., 2019; Chong and Osorio 2018; Osorio and
Bierlaire 2013; Osorio and Chong 2015).

Another important factor is that theoretical studies and real cases are balanced in
both of these problem classes, and in most of other classes found in the SLR, indicating
the interest and development in the area, in academia, and in practice. However, it is
worth mentioning that studies focused on theoretical cases for some problem classes, e.g.,
inventory controls, and we recommend exploring this problem more in real contexts,
since inventory management is a strategic activity for most organizations.
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The second aspect studied was the industrial sector of focus in the studies. 52.0%
of the articles focused on water resource management, energy generation/distribution,
urban traffic planning, healthcare, and the chemical/pharmaceutical industry. This shows
that most MBSO efforts are focused on essential goods and services production,
providing cost reductions and improvements that benefit the greatest number of people.
About 30.2% of all studies did not specify the industrial sector. It is noteworthy that
among the real cases, only 4.3% did not specify the industrial sector.

This is positive because more precise problem indications help future researchers
and practitioners select the methodologies that best fit their industrial sector. Regarding
the economic sector of the studies, primary, secondary, and tertiary sectors were equally
represented, characterizing the breadth and versatility of MBSO techniques.

Table 3 shows the variables and objectives of the studies.

Table 3 - Problem variables and objectives.

Variables Real Theoretical | Total Cum. %
N° of Variables (median) | 10 5 6 -
Continuous 34 (26.7%) | 37 (29.1%) | 71(55.9%) | 55.9
Discreet 12 (09.4%) | 23 (19.1%) | 35(27.6%) | 83.5
Hybrid 07 (05.5%) | 07 (05.5%) | 14 (11.0%) | 94.5
Binary 02 (01.6%) | 01 (00.8%) | 03 (02.4%) | 96.9
Not Specified 00 (00.0%) | 03 (02.4%) | 03 (02.4%) | 99.2
Categorical 01 (00.8%) | 00 (00.0%) | 01 (00.8%) | 100.0
Optimization Objectives

Single Objective 53 (35.6%) | 54 (36.2%) | 107 (71.8%) | 71.8
Multi Objective 18 (12.1%) | 22 (14.8%) | 40 (25.8%) | 98.7
Not Specified 01 (00.7%) | 01 (00.7%) | 02 (01.3%) | 100.0

Regarding the problem sizes studied, real case applications had a median of 10
variables, compared to 5 variables for theoretical cases, as shown in Table 3. Furthermore,
many authors have studied problems with more than 100 variables (e.g., (Chen et al.,
2019; Chong and Osorio 2018; Jackson et al., 2019; Osorio 2019b; Osorio and Punzo
2019; Timani and Peralta 2017), extending up to 16,200 variables for a mesoscopic
simulation model calibration problem for controlling traffic (Osorio 2019a). Regarding
the type of variable, 83.5% of the problems had continuous or discrete variables. The first
type had infinite solution spaces, and the second had delimited solution spaces, with an
average of 203,963 possible scenarios, ranging from 36 to 1x10°2 scenarios, with a 90%
percentile at 2.5x10%.

Although most studies addressed single-objective problems, 25.8% studied
metamodeling for multi-objective optimization problems, mainly dealing with identifying
Pareto Frontiers. We can observe the importance of using metamodeling, since recursive
SO methods are practically unfeasible for dimensionality and solution space problems
found in this SLR, in addition to proving to be good choices for multi objective
optimizations, which are a class of NP-hard problems (Baquela and Olivera 2019).

We also analyzed metamodeling use versus model-based techniques. Although
61.3% of all studies did not specify the reason for choosing metamodeling over other
methods, 33.9% of all articles used metamodeling to reduce project optimization times,
while other methods could not converge with adequate computation time given restricted
simulation budgets (e.g., Parnianifard et al., 2018; Song et al., 2005; Villarreal-Marroquin
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et al.,, 2013). Furthermore, 3.0% used metamodeling to provide quick answers to
operational problems requiring short-term decision-making time frames (e.g., Dunke and
Nickel, 2020; Calahorrano et al., 2016). Metamodeling was also used to perform joint
optimizations taking data from several models (e.g., Bartz-Beielstein et al., 2018), to
quickly generate entire solution spaces (e.g., Stork et al., 2008), and better understand
optimization processes (e.g., Huyet and Paris, 2001).

We can answer RQ1 (“What is the role of metamodeling in SO projects, and what
are its main applications?”), according to the information in Tables 2 and 3, and in the
discussion. Metamodeling is used to reduce computational times for problems where
solution spaces and model complexity make more traditional recursive methods too
expensive or unfeasible. Furthermore, recursive methods are unfeasible depending on the
decision-making time frame, in light of the advent of industry 4.0, and the use of
simulations as decision support tools in real or near real time, meaning that metamodels
need to be used. Once trained and validated, they can generate good results in mere
seconds.

Several authors have used this strategy for operational support systems (e.g.,
Dunke and Nickel, 2020; Calahorrano et al., 2016; Pedrielli et al., 2020; Shirazi et al.,
2011; Steer et al., 2012). Regarding the main MBSO applications in real cases, process
control problems, resource allocation and sizing, urban traffic controls, and product
designs are particularly worth mentioning. Furthermore, there was fair distribution among
different economic sectors, allowing us to infer that MBSO is a broad method that can
generate good results when facing various problems, including NP-hard problems.

4.2 Methods used

This section presents the most widely-used methods, according to literature, for
metamodeling algorithms, search methods (optimization), simulation types, sampling
strategies, software programs, and programming languages. Tables 4 and 5 summarize
the results, showing the six most frequent technologies/methods for each studied topic.

We noticed that the number of occurrences exceeds the total number of articles
analyzed for certain topics due to the fact that some studies used more than one method,
either by comparing or combining them. For example, Li et al. (2010), compared
metamodels using RNA, RBF, SVM, Kriging, and MARS for a resource allocation
problem, and Bartz-Beielstein et al. (2018), combined metamodels using linear
regression, RF, and Kriging via an ensemble model, etc. (e.g., Lal and Datta, 2020;
Parnianifard et al., 2020a; Ranjbar et al., 2020).

The first aspect in Table 4 was the type of simulation used by the researchers. 25%
of the studies did not state the type of simulation used, and this only appeared as a
recommendation for future studies so researchers can identify the type of simulation
applicable to their specific problems in literature, and identify which tools can be used
and associated with it. Of all the articles, 26.3% used SED. According to Law (2013),
SED is defined as a system modeling and simulation technique that evolves over time,
where events change state at discrete points in time.

Several authors have used SED for problems related to the secondary and tertiary
economic sectors, like inventory controls (e.g., Dengiz et al., 2009; Quan et al., 2015),
shop floor planning (e.g., Dunke and Nickel, 2020; Greinacher et al., 2020), allocating
and sizing resources (Aydin et al., 2018; Coelho and Pinto 2018; Cuckler et al., 2017),
and production scheduling (Chang, 2016; Hassannayebi et al., 2019). No SED
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metamodeling application was conducted for the primary economic sector, perhaps
because this type of simulation is commonly taught in specific engineering courses,
limiting this tool’s dissemination. We can therefore state that there is a possible literature
gap that future researchers could explore, i.e., using metamodeling and SED to optimize
processes in the primary sector.

Table 4 - Method used.

pp. 119-171

Type of Simulation Real Theoretical | Total Cum. %
SED 14 (09.7%) 24 (16.6%) | 38 (26.3%) | 26.4
Not Specified 12 (08.3%) 24 (16.6%) | 36 (25.0%) |51.4
Finite Element Method 13 (09.0%) 13 (09.0%) | 26 (18.0%) | 69.4
Simulating Traffic 16 (11.1%) 1 (00.7%) 17 (11.8%) | 81.3
Monte Carlo Simulations 01 (00.7%) 5 (03.5%) 06 (04.2%) | 85.4
Finite Volume Method 04 (02.8%) 00 (00.0%) | 04 (02.8%) | 88.2
Optimization Method

Genetic Algorithm 12 (13.1%) 10 (10.9%) | 22 (24.1%) | 24.2
Trust Region 11 (12.0%) 01(01.1%) | 12(13.1%) | 374
NSGAII 08 (08.8%) 02 (02.2%) | 10(10.9%) | 48.4
Particle swarm 06 (06.6%) 03 (03.3%) | 09 (09.9%) | 58.2
Simulated annealing 03 (03.3%) 02 (02.2%) | 05 (05.5%) | 63.7
Metamodeling Algorithm

Kriging 22 (09.0%) 31 (12.7%) | 53 (21.7%) | 21.7
Polynomial Regression 20 (08.2%) 19 (07.8%) | 39 (16.0%) | 37.7
RNA 26 (10.7%) 13 (05.3%) | 39 (16.0%) | 53.7
Ensembles 06 (02.5%) 15 (05.1%) | 21 (08.6%) | 62.3
RBF 06 (02.5%) 09 (03.7%) | 15(06.1%) | 68.4
SVM 02 (00.8%) 08 (03.3%) | 10(04.1%) | 715
Sample Strategy

Latin hypercube design 23 (15.2%) 38 (25.1%) | 61 (40.3%) | 404
Random 10 (06.6%) 10 (06.6%) | 20 (13.2%) | 53.6
Not Specified 10 (06.6%) 03 (02.0%) | 13 (08.6%) | 62.3
Factorial design 04 (02.6%) 06 (04.0%) | 10 (06.6%) | 68.9
Central composite design 03 (02.0%) 03 (02.0%) | 06 (04.0%) | 72.8
Orthogonal array 01 (00.7%) 04 (02.6%) | 05 (03.3%) | 76.2

By contrast, the second most widely-used simulation type was numerical
simulation using the finite element method (18.0%), and most applications were focused
on the primary economic sector (50.0%), for optimizing pumping rates for water
extractions (e.g., Dhar and Datta, 2009; Hussain et al., 2015; Roy and Datta, 2018a,
2019Db). Traffic simulations were conducted for 11.8% of all articles, corresponding to
microscopic models (Guo and Zhang 2014; Osorio and Bierlaire, 2013; Osorio and
Nanduri, 2015), mesoscopic models (Chen et al., 2019; Chen et al., 2016; Osorio, 2019a),

and macroscopic models (Chen et al., 2014; Zhang et al., 2017). Metamodeling acts as a

means for minimizing transit model error in this type of simulation by optimizing the
model's input parameters (e.g., origin-destination matrix), minimizing the average travel
time by optimizing traffic signal cycle times, defining public transportation and/or toll

fees, etc.
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Several other types of simulations were also identified, but were less-popular than
those mentioned before. These include Monte Carlo simulations (e.g., Song et al., 2005;
Wade, 2019), the finite volume method (e.g., Mooselu et al., 2019; Storti et al., 2019),
the differential elements method (e.g., Alizadeh et al., 2017; Li et al., 2020), and agent-
based simulations (e.g., Yousefi and Yousefi, 2019; Zeinali et al., 2015), etc.

The second item shown in Table 4 was the optimization method used in the
studies. It is worth mentioning that metamodels are not optimization methods, but rather
simplified models of original simulations. Researchers need to apply appropriate search
methods to metamodels to perform optimizations. Many optimization algorithms were
found in the studies. Genetic Algorithms were most-commonly used, especially for
single-objective network planning problems (Shariatinasab et al., 2008; Vahidi et al.,
2008; Ye and You, 2015), for resource allocation (Sousa Junior et al., 2020; Yousefi et
al., 2018), process control (Ali et al., 2018; Luo et al., 2019; Ouyang et al., 2017), and
product designs (Albanesi et al., 2018; Storti et al., 2019).

The second most frequently used search method was the trust region method,
which is mostly used with quadratic polynomial metamodels for urban traffic control
problems (Chen et al., 2019; Chong and Osorio, 2018; Osorio and Bierlaire, 2013; Osorio
and Chong, 2015; Osorio and Nanduri, 2015), traffic model calibrations (Li et al., 2017;
Osorio 2019b), emergency evacuations (Lv et al. 2015), and network planning (Ye and
You 2015). The third most commonly applied search method was the Non-dominated
Sorting Genetic Algorithm 1l (NSGA-II), an evolutionary multi-objective optimization
algorithm, which was used mostly for optimizations, especially optimizations for process
control problems. (Alizadeh et al., 2017; Dhar and Datta, 2009; Hussain et al., 2015;
Ranjbar et al., 2020; Sreekanth and Datta 2011), and for product designs (Mooselu et al.,
2019; Sharif and Hammad 2019)

Other commonly used methods in literature were particle swarm optimizations
(e.g., Li et al., 2020; Yadav et al., 2016), and simulated annealing (e.g., Christelis and
Mantoglou, 2016; Ciuffo and Punzo, 2014). By stratifying the main types of simulations,
we see that Genetic Algorithms were used most in SED, the finite element method, and
the finite volume method. The trust-region was most used for traffic simulations, and
Monte Carlo simulations used mostly Gold Region, Ranking, and Selection methods.

With respect to RQ2 ("What are the main simulation and optimization techniques
used in conjunction with metamodeling?"), we can conclude that SED is the most popular
simulation technique considering the total number of publications, and the most popular
technique for secondary economic sector applications, given that most industrial
processes have independent and identically distributed variables, and can be modeled as
discrete systems. The finite element method was most common for the primary economic
sector, led by studies on process controls for water extraction activities. Traffic
simulations, in particular microscopic simulations, for urban traffic planning and
management, were most frequently used as simulation techniques in the tertiary economic
sector. Furthermore, researchers used Genetic Algorithms as a search engine in single-
objective optimization processes more frequently, and the NSGA Il algorithm more
frequently for multi-objective optimizations.

The third analyzed item was the type of metamodeling algorithm used. Table 4
shows that the most frequent algorithm was Kriging, appearing in 53 articles (21.7%).
Kriging was initially proposed by Daniel G. Krige (1951), for geostatistical applications.
It is a highly flexible interpolation method, given its ability to employ a wide variety of
correlation functions (Parnianifard et al., 2018). Kriging has been applied to a wide
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variety of problems because of this flexibility, e.g., for controlling inventories (Azizi,
Seifi, and Moghadam 2019; Quan et al., 2013; Smew, Young, and Geraghty 2013),
product designs (Bartz-Beielstein et al., 2018; lvanova and Kuhnt, 2014; Yaohui 2017),
process controls (Boukouvala and lerapetritou, 2013; Candelieri et al., 2018; Roy and
Datta 2018b), etc.

PR is another class of classic algorithms found in literature (16%). PR is an
explicit mathematical expression, that is either linear or nonlinear, that aims to
approximate relationships between independent and dependent variables (Parnianifard et
al., 2019). PR is commonly found in literature as RSM (Aydin et al., 2018; Cuckler et al.
2017; Hassannayebi et al., 2019), as quadratic polynomials (Xiao et al., 2015; Zlatinov
and Laskowski, 2015), and as first-orders (Hong et al., 2013; Villarreal-Marroquin et al.,
2013). Many authors have also used polynomials to approximate true functions in local
searches via the trust region method (e.g., Chen et al., 2019; Chen et al., 2014; Chong and
Osorio, 2018; Osorio and Chong, 2015; Osorio and Nanduri, 2015).

ANNSs were the third most frequently used algorithm. These algorithms are some
of the most important artificial intelligence techniques, given their ability in solving
extremely difficult problems that do not have any known analytical solutions. ANNs
comprise both interconnected and adaptive elements, which respond to stimuli, similar to
the human nervous system (Hachicha, 2011). Choosing the appropriate architecture is a
crucial success factor for ANN applications, however, standard formula cannot be
determined, and each case must be analyzed individually.

Hyperparameter selection techniques used in metamodels are important for these
types of problems, and trial and error methods (Ataie-Ashtiani et al., 2014; Sreekanth and
Datta, 2011), or more efficient optimization methods, like Genetic Algorithms for
selecting hyper-parameters, can be used (Hullen et al., 2020; Kim et al., 2016).

Several authors (4th position) also used ensemble methods, or algorithms that
combined several metamodels, be them similar or not, to formulate metamodels with
greater learning capacities, like bagging (Chen et al., 2017; Yousefi et al., 2018), stacking
(Bartz-Beielstein et al., 2018), AdaBoost (Yousefi et al., 2018; Yousefi and Yousefi,
2019), etc.

Algorithms using decision tree-based ensembles were the most frequent, and RF
use was common (e.g., Bartz-Beielstein et al., 2018; Candelieri et al., 2018; Sousa Junior
et al., 2019; Sousa Junior et al., 2020; Steer et al., 2012), along with GBT (e.g., (Sousa
Junior et al., 2019; Sousa Junior et al., 2020). Many applications deal with using RBF
algorithms (Sousa Junior et al., 2019; Sousa Junior et al., 2020). e.g., Ali et al., 2018;
Christelis and Mantoglou, 2016; Horng and Lin, 2018; Krityakierne et al., 2016; Stork et
al., 2008), and SVM (e.g., Hou et al., 2019; Lal and Datta, 2020; Li et al., 2019;
Mirenderesgi and Mousavi, 2016).

Based on the above data, we can answer RQ3 (“What are the most commonly
used metamodeling algorithms in MBSO?”). The main algorithms are Kriging,
Polynomial Regression (especially RSM), ANNs, ensemble methods (in special RF and
GBT), RBF, and SVM. The most common algorithms stratified by type of simulation in
SED are Polynomial Regressions, Kriging, ANNSs, and decision trees. For the finite
element method, they were Kriging, ANNSs, Polynomial Regressions, MARS. and RBF.
80% of all traffic simulations used either Polynomial Regressions or Kriging. Monte
Carlo simulations and the finite volume method mostly used ANNSs. Table 5 shows the
main hyper-parameters of these algorithms and their frequencies .
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The last item in Table 4 was the sampling strategy used by the researchers to build
the metamodel, addressing RQ4 (“Which sampling strategies were used?”’). One of the
critical success factors in metamodel use is the training database. So researchers must
choose the correct sampling method that can reduce the number of simulations needed
for modeling, while also representing the search space well (Vu et al. 2017). 61 articles
(40.3%) used the DOE technique, known as LHD, followed by random sampling (13.2%),
Factorial Design (6.6%), CCD (4.0%), the Orthogonal Array (3.1%), etc., in addition to
another 13 articles (8.6%), that either did not use, or did not specify, the sampling
technique.

LHD was first proposed by McKay et al. (1979), and is a very popular stratified
sampling method for metamodeling studies. Given n samples and s variables, LHD
divides each variable’s region of into n disjointed intervals of equal probability. Then the
sample space is selected by building a n x s matrix. The columns are randomly selected
from a permutation of [1, ..., n], and each row corresponds to a hyper-rectangle cell. After
building the matrix, a point from each cell is sampled (Luo et al., 2019).

In addition to good representative samples in the solution space, the sample size
in LHD can be defined by the user. This can lead to success in building metamodels that,
unlike techniques like the orthogonal array or CCD, have greater decision-making power,
in function of trade-offs between experimental performance time and metamodel
accuracy. Although the sample size can be defined by the user, the academic consensus
Is that it should be at least 10 times greater than the number of problem variables (Kim
and Boukouvala, 2020; Parnianifard et al., 2018; Parnianifard and Azfanizam, 2020;
Smew et al., 2013). We should note that LHD was the most used simulation type, except
for in traffic simulations, which used random sampling more frequently.

Furthermore, 80 articles (61.5% of the studies using some sampling technique)
used the fixed sampling strategy, i.e., only a set of samples size w is taken at the beginning
of the project, and the metamodel is trained with this set alone. For the incremental
strategy (38.5%), an initial data sample size § is taken, and the metamodel is trained and
optimized with the precision and region direction results containing the optimum level,
adding a new sample set size ¢; to the database. Then the metamodel is retrained with
base size ;.1 = &; + &;, where i € Z is the number of algorithm iterations.

This algorithm, which is responsible for recursive and adaptive learning, is
referred to as Efficient Global Optimization (EGO) in most studies. The choice for the
point(s) that should be added to each interaction is usually made using the Expected
Improvement (EI) algorithm (Coelho and Pinto 2018; Pedrielli et al., 2020; Quan et al.,
2013; Rojas-Gonzalez et al., 2020; Wang et al. 2018). Table 6 shows the main software
programs used, and performance metrics found in literature.

Regarding the type of technology used in the studies, we observed from the first
topic in Table 6 that most authors (19.7%), did not specify the modeling and simulation
software they used, while 14.9% used programming languages like C++ (e.g., Song et al.,
2011), Python (e.g., (Sousa Junior et al., 2019; Kim and Boukouvala, 2020), or Matlab
(e.g., Parnianifard and Azfanizam, 2020; Rojas-Gonzalez et al., 2020). Regarding
proprietary software used for simulations, we can cite the use of Arena®, one of the first
software programs developed with 2D animation for modeling discrete systems.
FEMWATER and MoldFlow were the most common software programs for the finite
element method, along with Aimsun for traffic simulations.
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Table 5 — The main metamodeling algorithm hyper-parameters.

pp. 119-171

Algorithm Amplitude Most Frequent
Kriging
Correlation Function {Gaussian, polynomial, exponential} Gaussian
Lenghscale (0) [10%9; 10%] 10
Epsilon? [10€; 109] -
Geometric Tolerance! [0; 0.3] -
Max N°. of vectors® [38; 47] -
RP
Degree {1°, 20, 3°, 4°, 5°% 2°
RNA

. {linear, sigmoid, quadratic error, hyperbolic tangent, | | .
Transfer function rectified linear unit, RBF} Linear
Training function {backpropagation, levenberg-marquardt, feedforward} | Backpropagation
Learning rate [0.01; 0.4] 0.1
Epochs [200; 1500] 1500
N° of layers [1; 4] 1
N° of neurons [1; 66] 4
Momentum 0.1 0.1
RF
N° of trees [10; 50] 10
Maximum Depth 2 2
N° of variables per node® | int(p/3) — 1, int(p/3), int(p/3) + 1 -
GBT
N° of trees [1; 100] 100
Learning rate2 [0.05; 0.30] -
Min. Obs. per leaf2 [0.12; 0.50] -
RBF
Function {gaussian, splines, multiquadratics, cubic} Gaussian
Scale (sigma) [1; 20] 1
Regularization [10°%9; 109 -
SVM
c* [ly = 30]; |y + 30]] 20.73
Epsilon® [0; 36,/In n/n] 0.0779
Kernel {RBF, Gaussian} Gaussian
Gama [0.0224; 0.1294] 0.0673

'Hyper-parameter cited but not quantified in the SLR, so the hyper-parameter as suggested by Rostami,
Khaksar, and Manshad (2014) was used.

2Hyper-parameter cited but not quantified in the SLR, therefore, the hyper-parameter as suggested by
Ganjisaffar, Caruana, and Lopes (2011) was used.

3Hyper-parameter cited but not quantified in SLR articles, however, this was soon adopted as suggested by
Dai et al. (2018), where p is the number of decision variables in the problem.

4The C and epsilon values should be calculated from an algorithm first run using the default parameters,
where ¥ and o, are the mean and standard deviations of the y values in the training data, n is the sample
size, and o is the variance of the difference between the estimated and observed values. For further details
see Oliveira et al. (2010).
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Table 6 - Software and metrics.

Simulation Software Real Theoretical | Total Cum. %
Not Specified 05 (03.4%) | 24 (16.3%) | 29 (19.7%) | 19.7
Programming Language 07 (04.7%) | 15 (10.2%) | 22 (15.0%) | 34.7
Arena 04 (02.7%) | 08 (05.4%) | 12 (08.1%) | 42.9
FEMWATER 04 (02.7%) | 04 (02.7%) | 08 (05.4%) | 48.3
Aimsun 07 (04.7%) | 00 (00.0%) | 07 (04.7%) | 53.1
MoldFlow 02 (01.3%) | 02 (01.4%) | 04 (02.7%) | 55.8
Metamodeling Software

Matlab 26 (18.5%) | 26 (18.5%) | 52 (37.1%) | 37.1
Not Specified 24 (17.1%) | 24 (17.1%) | 48 (34.2%) | 71.4
Python 03 (02.1%) | 03 (02.1%) | 06 (04.2%) | 75.7
R 03 (02.1%) | 03 (02.1%) | 06 (04.2%) | 80.0
GAMS 03 (02.1%) | 03 (02.1%) | 06 (04.2%) | 84.3
Minitab 02 (01.4%) | 02 (01.4%) | 04 (02.8%) | 87.1

Performance Metrics
Mean square error (MSE)/Root MSE 32 (12.6%) | 36 (14.1%) | 68 (26.8%) | 26.8
Coefficient of Correlation (R, R?, Ragj) 24 (09.4%) | 26 (10.2%) | 50 (19.7%) | 46.5

Not Specified 24 (09.4%) | 13 (05.1%) | 37 (14.6%) | 61.0
Mean absolute percentage error (MAPE) | 14 (05.5%) | 12 (04.7%) | 26 (10.2%) | 71.3
Mean absolute error (MAE) 05 (01.9%) | 07 (02.7%) | 12 (04.7%) | 76.0
Standardized residuals error (SRE) 02 (00.7%) | 05 (02.0%) | 07 (02.7%) | 78.7
Validation Technique

Not Specified 28 (22.6%) | 20 (16.1%) | 48 (38.7%) | 38.7
Train/test split 17 (13.7%) | 11 (08.9%) | 28 (22.6%) | 61.3
Leave one out cross-validation 09 (07.3%) | 11 (08.9%) | 20 (16.1%) | 77.4
k-fold cross-validation 06 (04.8%) | 11 (08.9%) | 17 (13.7%) | 91.1
Does not use validation 00 (00.0%) | 04 (03.2%) | 04 (03.2%) | 94.4
New test data 02 (01.6%) | 02 (01.6%) | 04 (03.2%) | 97.6

Regarding the software or programming language used in developing the
metamodels and the optimization structure, Matlab was used by 37.1% of all researchers.
However, Python and R, which are open-source languages ,were widely used in the field
of Data Science, and have gained traciton in recent years. All 6 works (4.3%), using R
were published from 2014 onwards, and studies using Python were published between
2019 and 2020. Therefore, we can conclude that Matlab is widely used and popular for
MBSO projects. However, the recent and successful use of R and Python makes them
good alternatives, mainly given the growth in communities focused on ML studies
(Pedregosa et al., 2011), and newly created and improved algorithms, that may increase
metamodel efficiency and fit.

The last item analyzed in this section was the performance metrics used to
evaluate the metamodels, to answer RQS5 (“How are the results measured/validated?”).
The three most widely used metrics were MSE (or root MSE), the coefficient of
determination R, R?, Rédj, MAPE, and MAE. More details on these metrics are given in

Section 2.2.

The metamodel validation process is a fundamental step, since researchers can
evaluate and compare the effectiveness of different metamodels based on simulated
system representativeness. Of all the articles analyzed, 38.3% did not specify the type of
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validation process used, and we recommend that future research pay more attention to
this stage, since validation is an important part of the MBSO methodological process, and
provides support and reliability to metamodels. 22.9% of all articles (e.g., Sousa Junior
et al., 2019; Hussain et al., 2015; Luo et al., 2019; Raei et al., 2019), used the database
division strategy in two parts, the first for training the metamodel (around 70%-80% of
the data), and the second for testing/validating (20%-30% of data).

However, cross-validation techniques were used in most studies, and 20 (16.4%),
of all authors used leave-one-out cross-validation (e.g., Azizi et al., 2019; Xiqun et al.,
2019), and 15 (12.3%), used k-fold cross-validation, (e.g., Coelho and Pinto, 2018; Hou
etal., 2019; Wade, 2019). For a more detailed explanation of cross-validation techniques
see Bergmeir and Benitez (2012).

4.3 MBSO Frameworks

Given the relevance and complexity of this topic, and the wide variety of joint
techniques and applications for metamodeling, some MBSO frameworks have emerged
to help researchers and practitioners with their projects. Existing frameworks, as proposed
in literature, must be analyzed to propose a MBSO in SED framework to obtain insights
that result in better assertiveness when designing suggested steps. Thus, the same
keywords and search criteria/article screening used in this SLR were again applied to
journal articles alone.

Osorio and Bierlaire (2013), proposed a framework optimizing urban traffic
simulations, integrating metamodeling with quadratic polynomials and the derivative-free
trust region optimization algorithm. Pedrielli et al. (2020), proposed a framework for real-
time route optimization for ship collision detection systems. The method used
metamodeling and agent-based simulations to generate contingency plans for possible
collisions, minimizing risks and negative effects from route changes.

Other frameworks have also addressed specific engineering problems, e.g., Dang
(2014), who used metamodeling, DOE, and Computer Aided Engineering to optimize
plastic injection processes. Ranjbar et al. (2020), developed a multi-objective
optimization procedure with metamodeling and NSGA |1 to manage water intrusion into
coastal aquifers.

Parnianifard et al. (2020Db), proposed a robust optimization framework to optimize
OF while minimizing response variance using metamodeling, Taguchi orthogonal arrays,
Pareto frontiers, and Bootstrapping sensitivity analysis.

Barton (2009) proposed a general optimization framework using metamodeling in
SED models. The SO process was bifurcated into two possible strategies, as either local
or global metamodeling, as shown in Figure 4.8. The global metamodeling strategy,
which is the focus of this paper, adjusts the metamodel to represent the entire search
space, and this global approximation is used in iterative optimization processes. The local
strategy alternates the metamodeling and optimization steps, since as optimization moves
in the search space, new local regions of @ space are explored, and new metamodel
approximations are adjusted.

The global metamodeling strategy proposed by Barton (2009), was designed with
seven main steps. In the first step, the search space region must be identified by defining
the problem constraints. The type of metamodel is chosen in the second step. The author
suggests using RNA, RBF, splines, or Kriging to do this. The following three steps deal

In Jorge, Ariosto B., et al. (Eds.) Uncertainty Modeling: Fundamental Concepts and Models, Vol. 3, UnB 149



Amaral, Jodo V. S., et al. (2022) Metamodel-Based Simulation Optimization: Literature Review pp- 119-171

with choosing the type of experiment - which can be performed via fractional or complete
factorial arrangements, CCD, LHD, etc. - conducting the experiments in the simulation
model, and adjusting the metamodel to the experimental arrangement. If the error metrics
are unacceptable, one should go back to the third step and change the metamodel type or
experimental design. The last two steps address the optimization phase, where the
optimization algorithm must be applied, and the optimal simulation model response must
be evaluated.

It is worth mentioning that there are several methodologies for metamodeling,
however, there are two main identifiable aspects, i.e., fixed sampling and incremental
sampling. In fixed sampling, a sample set with N experiments is generated at the
beginning of the project and the metamodel is trained using this set. Figure 9 shows a
fixed sampling metamodeling framework.
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Figure 9: Fixed sampling metamodeling framework

The framework steps are as follows:

1. Determine the decision variables (xi, ..., xn), and their variation amplitudes, along
with the OF that will be optimized (y);

2. Define the experimental arrangement and select a sample of m scenarios that will

comprise the metamodel training base. The LHD array is usually suggested for

this step;

Run experiments on the simulation model, and store the simulated data;

Select the ML algorithms and the hyper-parameters that will be optimized, along

with the variation range;

Build the metamodel structure in the software or programming language;

6. Perform hyperparameter optimization by validating and testing using the cross-
validation technique. The GA is usually suggested as an optimization method,;

7. Evaluate whether the error and adjustment metrics are acceptable according to the
decision-maker criteria. If yes, then go to step 8. If no, then go back to step 4;

~ow

o
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8. Run the metamodel optimization to find the decision variable values that optimize
the predicted OF value defined in Step 1. The decision-maker can use any
optimization techniques they see fit, e.g., AG, Ranking and Selection, NSGA 11,
etc.;

9. Identify the solution that optimizes the OF predicted by the metamodel,;

10. Evaluate the solution from the simulation model.

By contrast, the incremental sampling approach is adaptive, and performs
experiments preferably in more promising solution space regions. A small sample set is
used to train the metamodels, and these are used to find new promising trial points in the
simulation. These new points are added to the first set, and the loop continues until
meeting the stop criterion. Figure 10 shows the incremental sampling framework.
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Figure 10: Incremental sampling metamodeling framework

The framework steps are as follows:

1) Determine the decision variables (xi, ..., xn), and their variation amplitudes, along
with the OF that will be optimized (y);

2) Define the experimental setup and select a sample of m scenarios that will
comprise the initial metamodels training base. The LHD array is usually suggested
for this step;

3) Run experiments on the simulation model, and store the simulated data;
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4) Optimize the hyper-parameters via validations and testing using the cross-
validation technique on the selected metamodel and the initial generated
experiment base. The GA is usually suggested as an optimization method;

5) Train the metamodel using available experiments;

6) Use the metamodel to predict the point that optimizes the acquisition function to
find the point (or points) that should be tested in the simulation. The acquisition
function can be used from simpler functions, e.g., the highest/smallest £ (x) value,
or more complex functions, e.g., Expected Improvement or Probability of
improvement, which seek the point that best meets trade-offs between regions
with higher global optimum (£ (x)high) probabilities, and regions with high
uncertainty (&(x)high);

7) Evaluate this new point (or set of points) in the original simulation model,

8) Check if the stop criteria have been met. If yes, return the optimal point. If no,
proceed to step 9. The maximum number of iterations or simulations, the
metamodel reaching certain precision, or the maximum number of iterations
without improving the optimal response, can all be used as stop criteria;

9) Add the new test point to the current test base;

10) Evaluate whether the metamodel's hyper-parameters need to be adjusted.
Comparing the metamodel error of the current iteration with the previous one can
be used as a criterion. If further hyper-parameter adjustments are needed, proceed
to step 4. If not, proceed to step 5.

These frameworks were developed based on analyzing good practices observed in
the articles from the SLR.

4.4 Future directions for MBSO research

Based on the articles studied in this SLR, we identified that trends and gaps in
literature can constitute opportunities involving adopted MBSO contexts and methods.
Regarding the methods used, growing development in the area of computational science
has greatly contributed to improved learning algorithms, which can consequently be
studied by creating more accurate metamodels. One algorithm that has been gaining
traction in the ML field, given its flexibility and learning ability, is Deep Learning
(Higham and Higham, 2019; Xu et al., 2020). However, it has not been used to create SO
metamodels, meaning that future studies could explore this research opportunity.

Beyond Deep Learning, there are still many opportunities for using ML
algorithms already addressed in literature, but which are still being developed. Classical
algorithms like Kriging and ANNs have shown considerable growth in recent years,
especially when varying how these algorithms are used, e.g., (Rojas Gonzalez, Jalali, and
Van Nieuwenhuyse 2020; Yousefi et al., 2018), or by using them with other techniques
to build innovative solutions, e.g., (Ranjbar et al., 2020; Yaohui, 2017). Extreme learning
machines e.g., (Li et al., 2020), SVM (Li et al., 2019), and ensemble methods, e.g., (Lal
and Datta 2020), are other algorithms that have gained recent attention in MBSO, have
high learning capabilities, and are under active development in the field of artificial
intelligence.

Hyper-parameter optimization techniques increase metamodel effectiveness in
correctly representing simulation models. Optimization methods like AG, particle
swarms, Bayesian optimizations, and search grids for hyper-parameter optimization have
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led to positive results in several studies, e.g. (Amiri et al., 2019; Hou et al., 2019; Hullen
et al., 2020; Kim and Boukouvala, 2020; Li et al., 2019), but research is still incipient.

The global optimization method is another technique that has shown good results
for building metamodels, which uses EGO and EI techniques to build adaptive and
interactive metamodels. Kriging was mostly used as a metamodeling algorithm for
applications involving this strategy, e.g., (Coelho and Pinto, 2018; Ivanova and Kuhnt,
2014; Wang et al., 2020). We recommend that future research explore this adaptive
strategy for building metamodels based on other algorithms, like ANNs, SVM, Extreme
Learning Machines, decision trees, etc.

Metamodeling has been used to address more complex and large-scale problems
over the years. Feature selection techniques have been used more and more to deal with
increasingly large databases in the ML and data mining communities. Feature selection
can be interpreted as a set of techniques used to reduce problem size, removing irrelevant
or redundant variables from the database (Bommert et al. 2020). However, these
techniques were only addressed by Kim and Boukouvala (2020), and Sharif and Hammad
(2019), and we suggest that future research address these techniques, like Principal
Component Analysis, Wrappers, Filters, etc., to treat data in the MBSO process.

Regarding the context in which the studies were conducted, the highest growth
trend was observed in the tertiary economic sector, driven mainly by metamodeling use
in logistical problems, like cargo transportation and storage, and calibrating and
optimizing of urban traffic models. However, it is worth mentioning that no MBSO
application-optimized operations at distribution centers, a potential field for application,
especially given e-commerce expansion and reverse logistics challenges. Furthermore,
the COVID-19 pandemic intensified the pre-existing trends of using modeling and
simulation techniques in healthcare (Currie et al., 2020), giving metamodeling an
opportunity to reduce inherent healthcare model complexity and provide faster more
consistent decision making.

Finally, with advancements in industry & service 4.0, many organizations from
different sectors have demanded Digital Twin studies and applications. According to
Mueller et al. (2017), Digital Twins are physical and virtual system junctions
(simulators), connected in full or in partial autonomy, with real-time controls, which can
work with human decision-making interfaces. This limits model-based SO technique use,
since decision making is done in real time, or in short time intervals, leading to
metamodeling replacing optimization simulation models via Digital Twin simulations.
Dunke and Nickel (2020), Calahorrano et al. (2016), Pedrielli et al. (2020), Shirazi et al.
(2011), and Steer et al. (2012), addressed operationally applying metamodels for decision
making in near real time.

5 Final Considerations

This paper sought to (a) carry out an SLR on MBSO to (b) identify and explore
the main aspects related to the topic, (c) analyze and summarize the results to answer the
RQs, and (d) define the state-of-the arts, gaps, and trends that could be explored in future
research.

SLR proved to be satisfactory in exploring and analyzing existing scientific
literature. The guidelines proposed by Denyer and Tranfield (2009), and Denyer et al.
(2008), greatly aided in better conducting this study, preventing possible distortions and
author partialities in the results, thereby allowing us to meet our first objective. It is worth
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mentioning that this study did not seek to exhaustively analyze all articles on the subject,
but to systematically analyze a representative sample that would allow us to consistently
answer the RQs, generating insights into MBSO practices, to assist future researchers and
practitioners in understanding and identifying the frontier of existing knowledge in the
area.

According to our second and third objectives, Sections 4.1 and 4.2 presented the
main aspects related to the MBSO contexts of the studies, along with the simulation,
optimization, sampling, and metamodeling methods adopted in the studies. Finally,
Section 4.3 addressed the main frameworks and best MBSO project practices. Section 4.4
discussed the gaps and trends identified in this study, thereby responding to our final
proposed objective.

Regarding the RQs, we can start by concluding that metamodeling has reduced
computational time spent on SO problems, where recursive models would be expensive,
or unfeasible. Metamodeling has been applied to many problems, with emphasis on
MBSO optimizations for process control parameters, sizing, resource allocation, urban
traffic controls, and product designs.

MBSO studies were initiated predominantly by industry. However, they have
tended to expand into primary sectors, especially for water extraction and treatment, and
into the tertiary economic sector, focusing on smart city concepts and better healthcare
management.

Our second conclusion deals with the adopted methods. We were unable to reach
a global consensus on which method or technique is most suitable for each problem, since
this decision is often made based on available resources and the prior knowledge of
researchers. The most frequently used simulation techniques were SED, the finite element
method, and microscopic simulations of urban traffic. Regarding the most frequently used
optimization methods, Genetic Algorithms were used for dealing with single-objective
problems, the NSGA 11 algorithm was used for multi-objective problems in SED models,
the finite elements, finite volumes, and trust-region methods were used for traffic
simulations.

Lastly, the most used algorithms for building metamodels were Kriging, PR,
RNAs, RBF, and SVM, along with ensemble methods (Bagging, AdaBoost, etc.), which
combine one or more metamodeling algorithm to formulate a metamodel that can learn
better, e.g., RF and GBT. Also, LHD and Random design were the main sampling
strategies for search spaces.
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