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ABSTRACT

ADAPTIVE SAMPLING WITH FEATURE ELIMINATION
FOR AGENT-BASED MODELS

In this thesis, we propose an efficient and user-friendly metamodeling procedure
simultaneously incorporating adaptive sampling with feature elimination in order to
successfully capture the relationships between the parameters and the output of sim-
ulation models in the presence of insignificant model parameters with respect to an
output of interest. In this procedure, Random Forest metamodel is utilized. While
adaptive sampling efficiently yields the metamodel with a high quality training set,
feature elimination promotes the performance and efficiency of the metamodeling pro-
cedure by reducing complexity and dimensionality due to insignificant parameters. In
this respect, the proposed metamodeling procedure is also potentially applicable to
high-dimensional simulation models. For illustrative purposes, the proposed proce-
dure is applied to an agent-based segregation model. It is observed that adaptive
sampling strategy can generate metamodels with higher predictive performance com-
pared to input-oriented and random sampling strategies. Yet, the metamodel accuracy
is considerably influenced by the miry parameter of Random Forest metamodel and
the presence of the insignificant simulation model parameters. However, experimental
results show that the proposed procedure successfully alleviates the drawbacks of in-
significant simulation parameters on the metamodel and sampling by eliminating them,
and reduces the dependency of the metamodel performance to the mtry parameter. As
a result, the proposed metamodeling procedure stands out as a robust and efficient way
to produce a metamodel that successfully approximates the dynamics embedded in the
simulation model. The proposed procedure can be applied by researchers to reduce the
time required for comprehensive model analyses, to gain awareness about the model

behaviors and to detect the model parameters conditioning the model behavior.



OZET

ETMEN-TABANLI BENZETIM MODELLERI ICIN
UYARLANABILIR ORNEKLEME VE DEGISKEN SECIMI

Bu tezde, incelenen ciktiya gore onemsiz olan model parametrelerinin varhginda,
model parametreleri ile model ¢iktisi arasindaki iligkileri bagarili bir gekilde yakalamak
i¢in uyarlanabilir ornekleme ve 6znitelik eleme stratejilerini egzamanh kullanan verimli
ve kullanici dostu bir metamodelleme prosediirii oneriyoruz. Bu prosediirde, Rassal
Orman metamodeli kullanilmakta. Uyarlanabilir 6rnekleme, metamodeli egitmek icin
yiiksek kaliteli bir veri setini verimli bir gekilde olugtururken; oznitelik eliminasyonu,
onemsiz parametreler nedeniyle olusan karmagikligi ve boyutsalligi azaltarak meta-
modelleme prosediiriiniin performansini ve verimini arttirir. Bu baglamda, onerilen
metamodelleme prosediirii potansiyel olarak ¢ok parametreli simiilasyon modelleri i¢in
de uygulanabilir. Ornekleme amaciyla, énerilen prosediir etmen-tabanli bir Ayrisma
modeline uygulandi. Uyarlanabilir ornekleme stratejisinin, girdi odakli ve rastgele
ornekleme stratejilerine kiyasla daha yiiksek tahmin performansina sahip metamodeller
iiretebilecegi gozlendi. Yine de, metamodelin dogrulugu Rassal Orman metamodelinin
miry parametresi ve onemsiz simiilasyon parametrelerinin varligindan énemli olc¢tide
etkilenir. Ancak, deney sonugclari, onerilen prosediiriin 6nemsiz simiilasyon paramet-
relerinin metamodel ve ornekleme tizerindeki dezavantajlarini basarili bir gekilde or-
tadan kaldirdigini ve metamodel performansinin mtry parametresine bagimliligini azalt-
tigin1 gostermektedir. Sonug olarak, onerilen metamodelleme prosediirii, simiilasyon
modeline gomiilii dinamikleri bagarili bir gsekilde yaklagiklayan bir metamodel tiretmek
icin giirbiiz ve verimli bir yol olarak 6éne ¢ikiyor. Onerilen prosediir, kapsamh model
analizleri i¢in gereken siireyi azaltmak, model davraniglar: hakkinda farkindalik kazan-
mak ve model davranigini diizenleyen model parametrelerini tespit etmek i¢in arastirmacilar

tarafindan uygulanabilir.
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1. INTRODUCTION

In the last couple of decades, agent-based modeling (ABM) has been used to
comprehend various phenomena in many domains [1,2]. In consistence with its broad
use, Arroyo et al. [3] have already touched on the rising popularity of ABM using
empirical data. The promising potential of ABM lies behind its power to represent the
dynamics of complex adaptive systems and to monitor the changes in their behaviors

with respect to interventions.

In complex adaptive systems, autonomous components interact and adapt at in-
dividual or population levels [2]. Therefore, the dynamic behavior of the system roots
from the heterogeneity and autonomy of its components. Macal and North [2] em-
phasize that agent-based simulation can be distinguished with its capability to model
heterogeneous agents and revealing the self-organization of agents. Agents can learn
from experiences and adapt their behaviors in a feedback mechanism through inter-
actions with other agents. Also, Lempert [4] describes agent-based simulation as a
significantly capable tool in simulating social systems since it can reveal difficult-to-
show phenomena without any need for mathematical formalisms. As a result, ABM

stands out as a promising tool to gain insights about complex systems.

Yet, the exploration and analysis of simulation models can be challenging due to
the nonlinear interactions among model variables and the number of parameters. Non-
linear relationships between variables may lead to rich system behaviors with several
tipping points and counter-intuitive dynamics. Detecting all of behaviors of a com-
plex system and identifying their causes may demand exhaustive efforts. Furthermore,
the scale of the output data of ABMs can easily become difficult-to-handle [3,5] to
perform analyses. Considering that the complexity of the model and the volume of
the model outputs tend to increase with the number of parameters in the model, it
becomes even more challenging to find out the parameter combinations conditioning

specific behaviors in high-dimensional models. Lee et al. [1] mention that the large-



scale output data brings about challenges in the detection of interesting results and
the assessment of model behaviors under different conditions. Therefore, additional
tools such as statistical methods and machine learning techniques are suggested to
enhance model exploration and analysis [1,3,5]. Also, the sufficient number of sim-
ulations to perform model exploration analysis tends to increase with the number of
parameters. As the parameter space enlarges, more parameter value combinations re-
quire to be evaluated with simulations, and the total simulation time increases. As
a result, the exploration and analysis of simulation models become easily complicated

and computationally costly.

The metamodeling with adaptive sampling emerges as a potentially fruitful ap-
proach to deal with such problems and enhance the model exploration and analysis.
A metamodel serves as a time-efficient and simplified model of any comprehensive
model that relates input variables to output variables. Metamodeling is mainly based
on the trade-off between accuracy and time-efficiency. Crombecq et al. [6] explain
that metamodeling provides a fast and satisfactory approximation to handle the long
computational time of an underlying model. In the context of simulation models,
metamodels can easily represent approximate dynamics of the model without baring
with long simulation execution times to reveal accurate dynamics. Edali and Yiicel [7]
summarize the main purposes of metamodeling of ABMs in relation with model ex-
ploration, prediction, optimization, and validation and verification. Metamodeling can
be used to understand the input-output dynamics, predict the output for a parameter
value combination in a computationally efficient way without a significant loss in ac-
curacy, find the optimal parameter combinations leading to maximum (or minimum)
level of a specific feature of the output, and validate and verify the simulation model.
In all cases, training a metamodel that can successfully capture the behavior of the

model plays a significant role.

One of the ways to promote the performance of a metamodel is to feed the meta-
model with an informative data set. In this sense, adaptive sampling can supply the

metamodel with useful information that can continuously improve the performance



of the metamodel. On top of that, the size of data set required to successfully train
the metamodel tends to decrease as the quality of the data set grows. In adaptive
sampling (i.e. active learning), the initially small training set continuously grows with
the introduction of new data instances in an iterative procedure. The selection of the
new instances is guided by the previous iterations of the procedure so that a small
but high-quality data set can be composed. To be clear, the increased quality of the
training set can compensate for the negative effect of the decrease in the size of the
training set on the metamodel performance. Therefore, adaptive sampling contributes
to the time-efficiency of the metamodeling applications by reducing the number of sim-
ulations needed for training set construction. Furthermore, by monitoring the selected
instances during the adaptive sampling procedure, Edali and Yiicel [7] show that adap-
tive sampling can highlight the boundaries between different behaviors of a simulation
model. Moreover, since the smart selection of data points generally leads to consid-
erable improvements in metamodel performance with limited data, adaptive sampling

can evade the requirement for a large data set and avoid high computation costs.

In literature, studies conducted by Edali and Yiicel [7] and Lamperti et al. [8]
stand out as comprehensive applications of the metamodeling approach with an adap-
tive sampling method for ABMs with two different motivations. While Edali and
Yiicel [7] aim to facilitate the exploration of model behavior by focusing on understand-
ing the relationship between parameters and output variables and achieving accurate
output predictions, Lamperti et al. [8] intend to propose an efficient model validation
and parameter verification method. These applications show that metamodeling with
adaptive sampling is a promising tool to explore and analyze an agent-based simulation
model efficiently. Yet, Edali and Yiicel [7] discuss that as the number of parameters
in an ABM increases, the execution time of the whole process of metamodeling with
adaptive sampling goes up exponentially due to the curse of dimensionality. Also, the
large number of parameters can increase the complexity of the metamodel and nega-
tively influence the efficiency of the metamodel. In their study, van der Hoog [9] draws
attention to the need for complexity reduction of the metamodel for the sake of the

efficiency of their application.



Moreover, in high-dimensional complex models, some parameters of the model
can be redundant or slightly influential depending on the model output monitored.
The presence of such insignificant parameters unnecessarily complicates the model
exploration and analysis with respect to a specific model output. They cause extra
computational cost by triggering the curse of dimensionality and generating excessively
large simulation output data. Due to the vast multi-dimensional parameter space and
large-scale output data caused by insignificant parameters, it becomes more challenging

to detect significant parameters conditioning the dynamic behavior of the system.

Consequently, alternative metamodeling approaches for complex ABMs that can
successfully deal with a large number of parameters are yet to be developed. In this
study, we aim to propose an efficient metamodeling procedure for ABMs considering
its applicability also for high-dimensional ABMs. To overcome the drawbacks of the
presence of insignificant parameters and enhance the efficiency and accuracy of the pro-
cedure, adaptive sampling and feature elimination methods are simultaneously utilized

with metamodeling.

The objective and the extent of this study are presented clearly in the following
section. While the background research is shared in the third section, a new metamod-
eling approach with adaptive sampling and feature elimination is introduced in the
fourth section. Afterward, an application of the proposed metamodeling procedure to
a well-known agent-based simulation model is shown and the results are discussed in

the final sections.



2. PROBLEM DESCRIPTION & OBJECTIVES

Recent studies show that metamodeling with adaptive sampling has emerged as
a capable tool to reduce computational burden and promote the interpretability of the
input-output relationships. Yet, the efficiency of such methods for high-dimensional
models can suffer from the curse of dimensionality. The number of instances required
to train a successful metamodel, the computational cost of training the metamodel,
and the design space of the model exponentially increase with the number of features
[10]. Hence, the construction time of the training set and the execution time of a
metamodeling approach with adaptive sampling are dramatically influenced by the
number of parameters in a simulation model. Moreover, gaining insight into input-
output relationships and identifying main triggers leading to a specific output become
more challenging in high-dimensional models due to the vast parameter space and
large-scale output data [1,5]. Finally, as mentioned previously, some parameters of
a large model can be redundant with respect to a model output monitored. Their
presence further causes inefficiency and inconvenience in exploring and analyzing the

behaviors of model due to their contribution to the curse of dimensionality.

In light of previous discussions, our objective is to propose an efficient meta-
modeling approach combined with adaptive sampling and feature elimination that can
facilitate model exploration and analysis while dealing with the complexity and inef-
ficiency induced by insignificant parameters. An adaptive sampling method accom-
panies metamodeling in order to achieve computational efficiency and contribute to
model performance. Besides, eliminating insignificant features can improve the meta-
modeling and adaptive sampling processes by reducing both the complexity of the
metamodel and dimensionality of the parameter space. As insignificant features are
reduced from the metamodel, adaptive sampling is conducted on a space with lower
dimensions. Hence, adaptive sampling gradually focuses more on the significant fea-
tures to efficiently enhance the performance of the metamodel. Consequently, a refined

metamodel without insignificant features can disclose the model dynamics better and



potentially faster. Elimination of insignificant features also promotes the use of the

proposed metamodeling procedure for high-dimensional simulation models.

To be clear, the main motivations behind the efficient metamodel training are:

e To gain insights into the emergent behavior of the model by satisfactorily sum-
marizing the input-output dynamics with the metamodel.

e To reduce the computational cost due to the large number of simulations required
to train metamodel successfully.

e To reveal important parameters considerably restricting the dynamic behavior of
the model by eliminating parameters that do not have a crucial impact on the

model behavior.

In consistence with the motivations, this study has several potential benefits.
Firstly, researchers (such as model analysts) can perform model exploration and anal-
ysis more efficiently with the guidance of the proposed procedure. The resulting meta-
model can point out the important model parameters and successfully mimic dynamic
relationships between model parameters and the output. The proposed metamodel-
ing procedure can further encourage the use of high-dimensional complex ABMs by
reducing the complexity and speeding up metamodeling process. On top of that, if
the metamodel is accurate enough, it can also serve as a preliminary testing ground
to observe the effects of interventions in policy-making. Finally, in the context of
model validation and verification, the proposed procedure can provide insights about

the effective ranges and the effects of model parameters.

As a result, to develop an efficient metamodeling procedure preferred by model-

ers/analysts with different motivations, in this study, we will mainly focus on

e acquiring a metamodel with high predictive power by correctly addressing the
nonlinear relationships between parameters and the output represented in the

simulation model,



e maintaining a user-friendly application with a minimum requirement for addi-
tional processes by offering a self-sufficient and compact metamodeling procedure,

e achieving a fast application,

e providing a reasonable level of interpretability about parameters and model dy-

namics by identifying significant parameters.



3. BACKGROUND

Barton [11] considers the choice of the metamodel, the selection of data points
to train the metamodel, the performance assessment of metamodel fitted to the ex-
perimental data, and the adequacy of the metamodel among the major issues in a
metamodeling approach. To ensure the accuracy and efficiency of a metamodeling
approach with adaptive sampling, the selection of a proper metamodel and sampling
strategy is of great importance. As Kleijnen [12] warns a computationally demanding
metamodel may negatively influence the efficiency of adaptive sampling, the coherence

between the metamodel and sampling strategy should be considered.

Also, the identification of significant features (i.e. input variables, model pa-
rameters) in a metamodeling approach deserves attention. A carefully adapted feature
selection strategy can enhance the efficiency of the metamodeling approach by reducing
the dimensionality and complexity. Also, it can promise the metamodel with higher
accuracy as it guides the metamodeling approach to focus on significant features. On
the other hand, extra computations the feature selection strategy demands may cause

efficiency loss.

As a result, it is important to carefully select and coherently utilize the meta-
model, sampling strategy, and feature selection strategy to achieve a sufficiently accu-
rate and efficient metamodel of a simulation model. The following subsections introduce
and compare various metamodels, sampling strategies, and feature selection strategies.
The most appropriate candidates for the metamodel, sampling strategy, and feature

selection strategy are discussed in detail.

3.1. Metamodeling

Kleijnen [13] describes a metamodel as an approximate model of the input-output

relationships embedded in a simulation model. Metamodels explicitly represent the



functional relationship between inputs and outputs in a computationally efficient way
since they provide approximate results [11]. Rather than replicating a simulation multi-
ple times for a parameter value combination to obtain an accurate output, a metamodel

can be used to produce a sufficiently accurate output in a relatively short time.

Various metamodeling applications for ABMs can be seen in the areas of simula-
tion optimization [11,13], model exploration and analysis [7,14], model calibration [8].
All these studies rely on a successful metamodel that can capture the implicit dynam-
ics of the underlying simulation model with minimum accuracy loss. Methods such
as kriging, support vector machines (SVM), random forest (RF), boosting, and neural

network are commonly utilized in metamodeling approaches in the literature.

3.1.1. Selection Criteria of Metamodels

Crombecq et al. [6] highlights that the possible functional relationships embedded
in a data set should be searched wisely so that the function mimicking the model
behavior most accurately can be found. For instance, decision trees search for the best
function by splitting the data set recursively while linear regression models try to find
a linear function minimizing the residuals. Therefore, the capability of a metamodel
to address the implicit relationships in a data set plays an important role to achieve a

successful approximation of a simulator.

Also, the purpose of applying a metamodeling procedure can influence the choice
of the metamodel. For instance, a hands-free metamodeling application would priori-
tize a learner that does not demand extensive parameter tuning and data processing
before application. If gaining insights about the mechanisms of the dynamic behavior
of the simulation model is sought, then the metamodel is expected to interpretable. If
the computational efficiency of the metamodeling procedure is desired, metamodels re-
quiring heavy computation times like neural networks can be avoided. Regarding these
discussions, the following points are considered in selecting an appropriate metamodel

to use in this study:
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e High predictive power: ABMs reveal nonlinear relationships between parameters
and outputs and interactions between variables constrained by parameters. To
construct successful metamodels of ABMs, these aspects of ABMs should be
properly addressed. Therefore, machine learning methods such as RF, boosting,
neural network and SVM can be advantageous due to their ability to reflect
nonlinear dynamics in a data set.

e Fast application: The computational cost of metamodels tends to increase with
the size of the training set and the number of features existing in the data set.
Therefore, the time-efficiency of the metamodel used in the procedure consider-
ably influences the overall speed of a metamodeling procedure. Especially, in an
adaptive sampling design where the metamodel is re-trained iteratively, the com-
putational cost of metamodel training can become more visible. If an efficient
metamodel is not employed, any changes in the training set can incur significant
time cost in the metamodeling procedure.

e User-friendly application: The target user of the proposed procedure consists
of mainly modelers and analysts from different backgrounds and with various
expertise. They can use our procedure to explore a model fast and easily and
manipulate their analysis strategies. Hence, proposing a user-friendly design while
maintaining a satisfactory prediction performance seems crucial to promote the
use of the proposed procedure. We consider two main aspects of this issue, which
are hands-free application and self-sufficient application. Regarding hands-free
application, it is more convenient to select a metamodel that does not demand
heavy efforts for parameter tuning and that can perform well on various data
sets without requiring data preprocessing. Secondly, metamodels with additional
features such as variable importance estimates and prediction error estimates
may contribute to the self-sufficiency of the proposed procedure. Easy and cheap
computation of such estimates during metamodel training can reduce the need for
additional methods to perform adaptive sampling and feature selection strategies.

e Interpretability: It is aimed that the proposed metamodeling procedure serves
for acquiring a reasonable level of understanding of the underlying dynamics of

the simulation model. At first sight, decision trees and linear models stand out as
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they justify their predictions by establishing easily tractable rules about the rela-
tionships between inputs and outputs. However, decision trees may have stability
and overfitting problems, and linear models are not even among the alternatives
due to the aforementioned accuracy concern. On the other hand, the loss of in-
terpretability of more complicated techniques such as neural networks, boosting,
RF, or SVM can be restored up to some level by different rule extraction tech-
niques [7,15]. Among these techniques, RF and boosting stand out as they easily
estimate reliable variable importance scores and contribute to the interpretability

of the model without any need for extra computations.

Based on these four concerns, ensemble methods such as RF and boosting seem
to be the most adequate metamodel candidates for this study. The efficient and suc-
cessful use of RF in [7] and boosting in [8] confirm that both are relatively fast and
good performing learners. Furthermore, they can be easily utilized in adaptive sam-
pling methods such as query-by-committee and uncertainty sampling. Also, they can
contribute to the feature elimination process by estimating variable importance. Such
additional benefits of the ensemble methods promote the self-sufficiency of the meta-

modeling procedure.

Apart from the common strengths of RF and boosting, RF is widely used in
prominent feature elimination studies and in many studies related to RF importance
measure [16-21]. Besides, Verikas et al. [22] point out the high performance of RF by
saying that the number of cases where RF is outperformed by alternative techniques is
less than the number of cases where it outperforms. Regarding its popularity in feature
elimination and variable importance literature, and its competitive performance among
alternative machine learning techniques, RF stands out as the strongest candidate for
the metamodel in the frame of this study. The advantages of RF metamodel is further

discussed below in detail.
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3.1.2. Advantages of Random Forest

Random forest (RF) is a widely used ensemble learning method consisting of
different and independent decision trees. While benefiting from the tree predictions
with low bias, RF also alleviates the overfitting risk of a single tree and provides stable
predictions. Verikas et al. [22] show the popularity of RF by listing a substantial
number of studies applying RF in various domains. This implies that RF can be
adapted to data sets with different characteristics and perform successfully in many
of them. Besides, RF is intensively utilized in many feature selection and adaptive
sampling algorithms. Hence, the technical capabilities, predictive performance, and

potential uses of RF lie behind its popularity.

First of all, RF can grasp nonlinear relationships between inputs and output
variables, and interactions between input variables through recursive binary splitting.
RF can perform well in the presence of categorical and continuous variables in the same
data set, correlated variables, noise variables or missing data [16]. Hence, the need for
preliminary processes such as encoding the categorical variables, removing correlated
variables or filling the missing data before the training is not necessary. Moreover, it
can handle a large number of variables with limited training data even when the number
of variables exceeds the number of instances in the data set [16,21]. Since RF is an
ensemble method, its predictions are generally more stable and accurate compared to
a single tree learner [23]. On top of that, RF can perform well even with little effort to
tune its parameters [16,24]. The number of trees grown in RF (ntree) and, especially,
the number of randomly selected splitting variable candidates on the nodes of the trees

of RF (mtry) are the most influential parameters in its predictive performance.

In addition to its technical capabilities and satisfactory predictive performance,
RF can be easily applied in different approaches since it can provide variable importance
estimates, prediction error estimates, and tree-based predictions. For example, in
literature, highly cited several feature selection strategies [16,21,25] depend on variable

importance estimates of RF. Similarly, prediction error estimate of RF can be helpful



13

especially when splitting the available data set into training and test sets is not viable
due to scarcity of the data. Finally, tree-based predictions of RF can be compatibly

used with adaptive sampling strategies such as query-by-committee.

Overall, these features bring quite a fame to RF in many scientific studies and
various domains. Thanks to its popularity, it is expected that the target users of this
study such as researchers, analysts and modelers can easily become familiar with RF
and learn to apply the RF metamodel with a small effort even though their knowledge in
machine learning is limited. Also, RF can be easily applied in well-known programming
languages such as R and Python through many reliable libraries and most of the
resources are easily accessible. The availability of a large number of RF applications
and information about its technical details can encourage the target users such as

analysts and modelers to employ the metamodeling approach utilizing RF metamodel.

3.1.3. Random Forest

Random forest (RF) consists of de-correlated decision trees so that low bias and
low variance in output prediction could be achieved at the same time by simply taking
the average of the individual predictions over the trees for regression problems and
by selecting the most frequent class predicted by individual trees for classification
problems. Each tree in RF is trained on different bootstrap samples. In bootstrapping,
N many instances are randomly selected with replacement from the original data set
with N many instances. While all of the instances are unique in the original data set, the
same instances might be chosen several times in a bootstrap sample. Therefore, each
bootstrap sample remains different from the original data set. According to statistical
findings, as Breiman (2001) mentions, about two-third of the instances in the original
data set is chosen on average in bootstrapping. In other words, each tree in RF is
trained on randomly chosen two-thirds of the original data set. If there are ntree many
trees in RF, then ntree many different bootstrap samples are generated to train each

tree. Therefore, the variety of trees is maintained.
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In addition to bootstrapping, the selection of splitting variables contributes to
variety in RF. Splitting variable at a node of a tree is chosen from a random set of
variables. Breiman [26] explains that the randomness in determining the set of potential
splitting variables serves to minimize the correlation between trees and to improve
accuracy. At each node of a tree, among randomly chosen mtry many variables, the
most explanatory variable is selected to further grow the tree. In general, mitry is
chosen smaller than the number of variables so that a diverse set of trees can be grown
and even the interaction effects of less significant variables with other variables might
be captured. Strobl et al. [20] explain that random selection of splitting variables
might lead to the global optimality of RF despite sub-optimal splits. Breiman [26]
also mentions that this selection method increases the robustness of RF to outliers and

noise, and the speed of RF compared to bagging and boosting.

Bootstrapping and the selection of the splitting variable from a random subset
of variables stand out as the most effective characteristics of RF in terms of providing
unique uncorrelated trees. Also, the fully-grown structure of RF trees contributes to
variety in trees. While single decision tree approaches generally need pruning to handle
overfitting, fully-grown trees do not cause overfitting in RF since the prediction is made
based on the aggregate result of all trees. The aggregation of the tree predictions in
RF is obtained by majority voting (i.e. the most frequent class is selected) for classi-
fication problems (categorical output) and by averaging tree predictions for regression
problems (continuous output). The aggregation of fully-grown uncorrelated trees with
high variance yields a low-bias and low-variance ensemble. The more different trees

are generated; the more potential decrease in variance is gained.

Another prominent feature of RF is the assessment of the model performance
without any strict need for performing cross-validation or the validation set approach.
As discussed above, for a given tree, one-third of the original data set (i.e. out-of-bag
data set, OOB data) is not used in training the tree. This allows OOB data to be
utilized as a substitute for a test set. Predictions of the instances in OOB data can

be calculated by the trained tree. Given that RF is an ensemble of niree many trees,
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overall ntree many diverse OOB data sets exist, and each instance of the original data
set is included in about ntree/3 many OOB data sets. This means that ntree/3 many
predictions are obtained for each instance in the original data set. Predictions for
each instance are aggregated by taking the average or majority vote for regression and
classification, respectively. After the calculation of OOB predictions for each instance,
overall OOB MSE (for regression) and classification error (for classification) over the
original data set are computed and named as OOB error. According to empirical
evidence, Breiman [26] states that OOB error can be used as an accurate substitute
for a test error. Yet, Breiman also warns that the small number of ntree may lead to
overestimation of the error rate. As long as ntree is sufficiently large, OOB error can

be used as an unbiased estimator of a test error.

Each decision tree in RF divides variable space linearly by recursive splitting.
Each decision rule points out a different partition of the variable space. Therefore,
nonlinear relationships between input and output variables can be pointed out with
different decision rules. In RF, each tree constructs different decision rules according
to different subsets of the data. On the other hand, RF can cover the whole variable
space and capture the interactions among variables by gathering different decision trees.
From another perspective, the strict decision boundaries of a decision tree are relaxed
in RF. Hence, unlike a single decision tree, RF is unable to provide decision rules due
to the aggregation of tree predictions. As a consequence, RF shows better performance
than a single decision tree at the expense of losing interpretability. Still, the trees of RF
can be analyzed, and their rules can be accessed if needed. Also, with rule extraction

techniques, interpretability loss of RF can be recovered up to some point [27].

Even without rule extraction, RF is not a completely black-box approach. There
are two main variable importance measures used by RF to assess the effect of the
variables on the output. The first measure is called permutation importance measure.
The importance of a variable is measured by the change in prediction accuracy after
the values of the corresponding variable in OOB data sets are randomly shuffled while

the values of the other variables are kept the same. Basically, after replacing the
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true values of a variable with random noise, OOB predictions are calculated again. If
the shuffled values do not cause a significant loss in prediction accuracy, the variable
is considered irrelevant. If the variable is significant, a noticeable decrease in the
accuracy of OOB predictions is expected. Prediction error on OOB data is recorded as
the misclassification error for classification and MSE for regression, and the errors are
averaged over all trees in RF. Hence, the permutation importance measure is described
with %MSE for regression and misclassification error for classification. The second
measure is based on impurity reduction resulted from splitting on the feature. The
magnitude of a decrease in node impurity determines the importance of a variable.
Consistently, the importance is measured as the mean decrease in the Gini index for
classification and the mean decrease in RSS (Residual Sum of Squares) for regression.
Yet, Gini index-based importance measure is shown to be biased for classification if
the number of levels of categorical variables or the scales of the continuous variables
varies [20]. Moreover, in the presence of high correlations between variables, Strobl et
al. [20] remark that RF-based variable importance measures show a tendency towards
correlated variables. Although these findings raise questions on the reliability of RF

importance measures, they can still provide useful importance scores, if used carefully.

3.2. Sampling Strategies

In addition to selecting a proper metamodel, the selection of a sampling strat-
egy feeding the metamodel influences the performance of a metamodeling procedure.
Both Barton [11] and Crombecq et al. [6] touch on the importance of data set to yield
metamodels with sufficient predictive power. Large data sets generally contribute to
achieving sufficiently accurate metamodels. However, when data generation is compu-
tationally costly, Salle and Yildizoglu [14] draw attention to the trade-off between the
size of the training data set and the predictive performance of the metamodel. The high
cost of collecting and evaluating instances can be a disincentive to obtain a large data
set. To compensate for the potential accuracy loss due to reducing the size of a data

set, promoting its informativeness through smart sampling methods gains an impor-
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tant role. Adaptive sampling (i.e. active learning, sequential sampling)® is one of such
methods providing useful instances for the training set to obtain successful metamodels
at a relatively small computational cost. Since this study focuses on metamodeling of
a simulation model, data sets are basically composed by parameter value combinations
with their corresponding output value. For this reason, all sampling methods aims to

obtain simulation parameter configurations from the parameter space.

When a large data set is available or the computational cost of obtaining a large
set is affordable, one-shot approaches can be utilized. In a one-shot approach, a train-
ing data set is selected at once and the metamodel is trained on this data set. Note
that the metamodel is not involved in the construction of training set. To increase the
efficiency of one-shot sampling, space-filling methods can be employed. Space-filling
designs such as Latin hypercubes (LHS) and Quasi-random Sobol sampling (based
on Sobol” sequences) are easily applicable and provide parameter configurations (i.e.
input variable configurations) successfully covering the whole parameter space. LHS
selects parameter configurations from mutually exclusive and exhaustive intervals with
equal probability corresponding to each parameter (i.e. input variable) [13]. LHS ran-
domly combines the selected values of each parameter to determine parameter value
combinations while maintaining one-dimensional projection properties. It adopts a
noncollapsing design. Therefore, a change in the number of parameters does not in-
fluence the distribution of instances on one-dimensional projections and parameter
configurations remain unique. Yet, since parameter values are combined randomly, a
correlation between the columns of LHS can be observed. To improve the space-filling
property of LHS across the parameter space, optimization-assisted LHS algorithms
are utilized. Sheikholeslami and Razavi [28] mention two widely used LHS algorithms
where the minimum distance between instances is maximized (maximin LHS) and the
correlations between the pairs of the columns of the data matrix are minimized. Like
LHS, Kucherenko et al. [29] explain that Sobol sampling aims to provide uniformly

distributed data points in a fast way. Even a small data set generated by Sobol sam-

T Although adaptive sampling, active learning, and sequential sampling are slightly different no-
tions, they all imply iterative model training. Therefore, in this study, we consider them interchange-
able.
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pling can provide uniform-looking filling over the parameter space. Based on several
uniformity criteria, they state that Sobol sampling provides better data sets compared
to LHS unless an optimized LHS is used. Yet, the findings in [29] favor Sobol Sampling
over optimized LHS in terms of sampling efficiency and uniformity of data points,
especially when a large number of data points are selected from a high-dimensional

parameter space.

Nevertheless, one-shot sampling methods applying Sobol sampling and LHS can
cause inefficiency. Sheikholeslami and Razavi [28] mention that generally an unneces-
sarily large sample size is selected to alleviate the risk of undersampling of the param-
eter space since it is required to specify the sample size before metamodel training. In
case of undersampling in LHS, either a new, larger data set should be generated at a
significant computational cost or new samples are simply added to the current data
set at a cost of distorting the Latin hypercube structure of the training set. Although
incremental increase in the data set is much easier in Sobol sampling compared to an
optimized LHS [29], the selection and evaluation of additional data points to overcome
undersampling still require extra effort. Besides, the presence of insignificant param-
eters worsens the efficiency of one-shot sampling methods by enlarging the parameter
space. As the parameter space enlarges, both the complexity of the method and the
sample size required to sufficiently cover the parameter space increase. Hence, insignif-
icant parameters cause unnecessary computational cost by complicating the one-shot

sampling process.

Unlike one-shot designs, in adaptive sampling, an initially small training set is
iteratively built up with the addition of new instances. These instances are expected
to enhance the metamodel performance. Adaptive sampling aims to reduce the overall
training set size required to train a successful metamodel by using historical informa-
tion of the data and metamodels. The predictive performance of the metamodel is
efficiently promoted with a comparatively small but highly informative data set. De-

pending on the purpose of metamodeling, input-oriented or output-oriented adaptive
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sampling methods? can be utilized. Sheikholeslami and Razavi [28] describe input-
oriented sampling as model-free since the selection of the next instances is not guided
by the metamodel output. The main concern of input-oriented sampling is to enhance
the coverage of the parameter space through iterative sample selection. On the other
hand, in output-oriented sampling, new instances are selected based on their potential
to improve the metamodel performance. Instead of equally sampling over all areas of
the parameter space, output-oriented sampling mostly tends to sample from the areas
difficult to predict their outputs such as the boundaries between different model be-
haviors [7]. Therefore, the model exploration also benefits from the output-oriented

sampling [7,13].

As a result, one-shot sampling methods are generally computationally more ex-
pensive than adaptive sampling methods as they require sufficiently large data sets to
include parameter value combinations from the key regions of the parameter space.
Besides, the preselection of the sample size carries the risk of oversampling and under-
sampling, both of which increase the marginal computational cost of one-shot designs.
On the other hand, adaptive sampling methods can provide more accurate metamodels
at a smaller computational cost compared to one-shot sampling. Furthermore, unless
insignificant parameters are detected prior to the sampling, the adverse effect of in-
significant parameters on the efficiency of the one-shot method cannot be avoided.
However, adaptive sampling methods can be engaged with feature elimination strate-

gies to reduce complications induced by insignificant parameters.

3.2.1. An Overview of the Sampling Strategies

Among adaptive sampling methods, output-oriented sampling methods serve bet-
ter for our aim to explore and understand model dynamics in this study. Firstly, they
can provide insights about model dynamics by pointing out tipping points and be-

havior boundaries. Secondly, they avoid computational cost due to the evaluation of

2Such differentiation between adaptive sampling methods is also made by Crombecq et al. [6].
They use exploration and exploitation based sequential sampling as equivalent to input-oriented or
output-oriented sequential sampling, respectively.
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parameter configurations with easily predictable outputs. Therefore, we will focus on
output-oriented sampling and we will use the term of adaptive sampling to easily refer

to output-oriented sampling.

In the simulation domain, although it is possible to easily obtain a large number of
parameter value combinations (i.e. unlabeled instances), their evaluation in a simula-
tion model can be quite costly. Considering that exploration and analysis of simulation
models generally demand a large number of simulation experiments replicated several
times, reducing the total number of evaluations in the simulation model is important
to achieve a cost-efficient metamodeling process. Adaptive sampling methods compile
up the knowledge obtained by previously trained metamodels and selected instances so
that small and concise data sets are obtained to train successful metamodels. They sat-
isfactorily contribute to the cost-efficiency of a metamodeling approach by improving

the quality of the training set with respect to its size.

In adaptive sampling designs, firstly, a learner (i.e. metamodel) is trained on
a relatively small training set. Then, the learner is used to identify the most useful
parameter value combinations (i.e. unlabeled instances). Selected parameter value
combinations are evaluated in the simulation model and their outputs are obtained so
that they are added to the training set. Hence, three main issues should be discussed:
the selection of instances to initially train the metamodel, the acquisition of unla-
beled instances, and the identification and selection of the most informative unlabeled

mstances.

An adaptive sampling method is initialized with the selection of a relatively small
data set to train the metamodel for the first time. Since adaptive sampling compiles
the information gain starting from the first iteration, the initial training data influences
both the metamodel performance and the quality of the final training set. Assuming
that little or nothing is known about the regions of parameter space and model behav-
ior, Crombecq et al. [30] state that a sampling method with space-filling property can

convey significant information by providing unlabeled instances from various regions
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of the parameter space. Therefore, both Sobol sampling and optimized LHS methods

can be easily implemented to obtain the initial training set.

Following the metamodel training on the training set, informative unlabeled in-
stances are specified according to the feedbacks from the metamodel. Unlabeled in-
stances are acquired based on a query scenario. Settles [31] mentions three main sce-
narios, which are membership query synthesis, stream-based selective sampling, and
pool-based sampling. In membership query synthesis, the learner generates unlabeled
data points de novo rather than selecting them from the parameter space. On the other
hand, stream-based selective sampling emerges as an alternative to membership query
synthesis especially when the distribution of parameter combinations over parameter
space is non-uniform. The main assumption here is that the cost of obtaining unla-
beled instances is negligible. Instead of constructing queries, the learner determines
whether to request the label of each unlabeled instance sampled one by one from a
real data distribution. Lastly, pool-based sampling assumes that only a small set of
labeled instances (training set) is available, whereas there is a large pool of unlabeled
instances. The learner evaluates all unlabeled instances in the pool and selects the best
query. Among these three scenarios, pool-based sampling seems to fit better to the
simulation context. Since the evaluation of parameter combinations in a simulation
model is costly in terms of time, the size of the training set is limited while generating
a pool of unlabeled instances is comparatively cheaper. Consistently, pool-based sam-
pling is also utilized in some metamodeling studies applied to simulation models such
as [7,8]. However, it is important to generate a pool sufficiently representing the pa-
rameter space. If the pool is biased or small, pool-based adaptive sampling procedure
may induce a selection bias in the training set and strictly intervenes in the metamodel
training. To overcome such problems, space-filling sampling methods (such as LHS

and Sobol sampling) can be used to construct the pool.

In addition to the acquisition of unlabeled instances, selection of the most useful
unlabeled instances requires careful attention. Crombecq et al. [30] agree that spending

time to select the best parameter value combinations rather than immediately querying
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the labels of ordinary parameter value combinations is favorable due to the high cost of
evaluations by an oracle (i.e. a simulation model, in simulation domain). Settles [31]
provides an overview of six general frameworks to select the best queries. First of
all, according to uncertainty sampling, unlabeled data points whose predictions by the
metamodel are the least certain are assumed to be the most informative. Uncertainty
sampling can be applied to both classification and regression settings. The uncertainty
of a prediction can be measured based on several approaches such as the difference
between the predicted class probabilities or entropy in classification problems, or vari-
ance in the prediction in regression problems. On the other hand, query-by-committee
(QBC) consults a committee of learners and identifies the most informative unlabeled
instances by monitoring the highest disagreement among committee learners. Dis-
agreement implies the uncertainty in the output prediction. Uncertainty value of an
unlabeled instance can be evaluated as, for instance, the entropy of the predicted class
probabilities over committee members or the difference between class votes of com-
mittee members for classification problems, and the variance in output predictions of

committee members for regression problems.

Both uncertainty sampling and QBC are interested in finding informative in-
stances. However, density-weighted methods also consider input distribution so that se-
lected unlabeled instances are both informative and representative of the input space.?
In case the distribution of unlabeled instances over the input space is not uniform,
informative unlabeled instances are more likely to be selected from densely populated
areas of the input space. So far, the informativeness of an unlabeled instance is mainly
implied by the uncertainty of a model (i.e. a learning algorithm) about its predicted
label. However, the informativeness of unlabeled instances can be assessed according to
their expected effect on the model (i.e. model parameters of the learner or metamodel)
regardless of their predicted labels. To be clearer, unlabeled instances leading to the

maximum expected change in the model due to unveiling their labels are selected to

query. However, the model error does not necessarily improve with this strategy [23].

3Input space implies the all possible combinations of input variables. In the context of this study,
since each variable in the data sets corresponds to a parameter of a simulation model, input space
and parameter space can be used interchangeably.
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To ensure the improvement in the model performance, unlabeled instances can be eval-
uated based on their expected contribution to reducing the model error, instead of their
influence on the model. Unlabeled instances that provide the highest expected error
reduction are selected. Since each unlabeled instance should be handled separately and
the learner should be trained over and over, the computational cost of this strategy can
be significantly high. Instead of minimizing the expected model error, one can be in-
terested in maximizing the reduction in expected variance. Indeed, reducing expected
variance can also ensure a decrease in model error since other components of error
such as bias and noise are not influenced by the model. In this framework, unlabeled

instances minimizing the expected variance for the model are selected to query their

labels.

Overall, the choice of a proper query selection strategy is not independent of the
distribution of the parameter value combinations in the parameter space, the type, and
the computation speed of the learning model. If the distribution of parameter value
combinations is non-uniform, a query strategy framework considering global proper-
ties of the parameter space such as density-weighted methods, expected error reduc-
tion methods, or expected variance reduction methods can be preferable. Uncertainty
sampling and QBC do not pay attention to the distribution of parameter value com-
binations on the parameter space. Unless the input distribution is uniform, they can
keep querying outliers and low-density areas. However, expected error reduction frame-
work is quite costly, especially when the learner is computationally demanding, since
it requires re-training of the learner. Similarly, the utilization of variance reduction
framework is limited due to the binding assumptions on the model class (i.e. the type
of the learner). Depending on the formulation of the query selection criteria and the
type of learner, the computational complexity of variance reduction framework can be

overwhelming.

In addition to the query selection strategy, the number of queries selected at once
can differ in adaptive sampling applications. In sequential sampling, data points are

selected one by one. However, this can be time-consuming when parallel labeling is
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available or the time cost of training the metamodel is not ignorable. On the other hand,
in active batch learning, a group of data points is selected each time. After the labels
of all group members are obtained, they are added to the training set together and the
metamodel is trained. Since batch sampling requires a smaller number of metamodel
training and allows parallel labeling, it can be more efficient. Yet, the selection of the
group members should be properly handled. While the most informative data points
can be easily set as a group, more comprehensive approaches incorporating diversity

among the members or density measures can be utilized in forming groups [23].

3.2.2. Advantages of Query-by-Committee

In this study, due to the time cost of evaluations in the simulation model, we
would like to generate a small initial training set. However, prior information about
the relationships between model parameters and the output is not available before
metamodel training. Hence, uniformly distributed parameter value combinations over
the parameter space are expected to provide the metamodel with comprehensive infor-

mation from various regions of the parameter space [30, 32].

In a uniformly populated parameter space, the risk of spending a long time on
outliers and uninhabited areas of parameter space is not present for QBC and uncer-
tainty sampling. Since QBC and uncertainty sampling can be easily applied without
demanding heavy computations, they become even more advantageous. Nevertheless,
the proper query selection strategy should be chosen in coherence with the metamodel

for the sake of the efficiency and accuracy of the metamodeling approach.

A random forest (RF) metamodel facilitates the utilization of QBC as it is al-
ready an ensemble of diverse decision trees. Also, QBC can be employed in a pool-based
sampling scenario. Since the predictions of individual trees for each unlabeled instance
in the pool can be easily obtained, the most informative unlabeled instances can be
identified very fast based on the disagreement within the committee. The disagree-

ment can be simply computed as standard deviation, range, or coefficients of variance
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in predicted outputs over individual trees for continuous output, whereas entropy of
predicted class probabilities or difference in class votes over the trees can be calculated
for categorical output. Since QBC can be employed both in regression and classifi-
cation settings, QBC promotes the applicability of the metamodeling approach for a
wide range of simulation models. Moreover, Seung et al. [33] show that QBC can per-
form well even with two committee members. Due to its robustness, QBC is likely to
work successfully with the default hyperparameters of the RF metamodel without an
urgent need for tuning. As a result, QBC emerges as a competent framework to detect

informative unlabeled instances.

3.2.3. Query-by-Committee

Query-by-committee (QBC) is a query filtering algorithm based on an ensemble
(i.e. committee) of learners trained on the same data set. Seung et al. [33] explain that
the choice of a query depends on the principle of maximal disagreement. In other words,
the information gain of a query can be estimated according to the level of disagreement
between learners of a committee. The high level of disagreement points out the query
leading to the most informative unlabeled instance. After the selection of an unlabeled
instance and acquisition of its output value through an oracle, the labeled instance is
added to the training set. Updating training set is followed by the re-training of the

committee repeatedly.

In their application, Seung et al. [33] screen a set of random inputs until finding
a query that conditions the highest disagreement among committee learners instead of
constructing such a query. Their algorithm only considers the expected information
gain of unlabeled instances where information gain is linked to the uncertainty of
the predictions made by committee learners. QBC algorithm does not consider any
information which can be extracted from the unlabeled data set such as input density.
Indeed, Borisov et al. [23] warn that QBC can be obsessed with unlabeled instances
from outliers and low-density areas in the unlabeled data set since it is not sensitive

to the input distribution and global properties of the inputs. On the other hand,
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Freund et al. [34] apply a heuristic considering global properties. They identify the
most informative queries according to their expected contribution to the reduction of
the prediction error. However, they conclude that the heuristic is not efficient. As a
result, global properties can be introduced to QBC by compromising the computational

efficiency and simplicity of the method.

In consistence with the selection method of informative queries, the computa-
tion of the informativeness of an unlabeled instance can vary in QBC applications.
For example, Seung et al. [33] identify the most informative queries according to the
difference between the number of positive and negative classes. The small difference
implies informative unlabeled instances. Similarly, Borisov et al. [23] mention entropy
of the class probabilities predicted by learners of the committee as an example mea-
sure for informativeness. In their study, Borisov et al. [23] also consider weighted class
probabilities to determine the most informative unlabeled instances by using the infor-
mation about class proportions in the labeled data set. Indeed, the type of predicted
output can affect the informativeness measure. For instance, while selection criteria
mentioned by Seung et al. [33] and Borisov et al. [23] can be evaluated in classification
settings, the standard deviation, coefficient of variance or range of the predictions of

the committee members can be considered in regression settings.

Lastly, even though in their application Seung et al. [33] consider querying one
instance at a time such that the training set is incremented one by one after each
query, batch learning can be another option where more than one instance is queried
and added to the training set together. Borisov et al. [23] state that batch learning can

significantly contribute to efficiency in both labeling efforts and computation time.
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3.3. Feature® Selection Strategies

Feature selection (i.e. variable selection, feature subset selection) refers to the
process of selecting a good subset of features to use in constructing a predictive learn-
ing model in supervised learning. Depending on the data set and the goal of applying
feature selection, different feature sets can be of interest. Since feature selection serves
to reduce the dimensionality of a data set, it is mostly applied when there are many
features in a relatively limited data. For this reason, feature selection is a popular
application in areas of research dealing with high-dimensional data sets such as bioin-

formatics [16,19,25], neuroimaging [35] and landslide mapping [36].

In the context of metamodeling of a simulation model, feature selection can be
applied to find out the significant model parameters with respect to a specific output
variable. Therefore, three main objectives of variable selection stated by Guyon and
Elisseeff [25] are also valid for the selection of the significant simulation parameters
in a metamodeling study. Firstly, variable selection promotes computational efficiency
of the metamodel by reducing measurement and storage requirements, and acceler-
ating metamodel training and utilization. In addition, variable selection can provide
improvement in prediction performance of the metamodel by discarding insignificant
variables (i.e. insignificant simulation model parameters), enabling the metamodel to
focus on the significant variables and mitigating curse of dimensionality. Lastly, vari-
able selection may help revealing the embedded relationships in the data through better

comprehension. Even data visualization can be applicable with fewer variables left.

In many prominent feature selection studies, based on the discussion about rele-
vance and usefulness of features [37], the objectives of variable selection are generally
considered from two perspectives: interpretation and prediction [16,17,25,38]. While

finding all relevant features serves for the better interpretation of the output, suffi-

4Guyon and Elisseeff [25] differentiate feature from variable (“raw” input variable) when feature is
constructed and it cannot be explicitly computed (for example, after kernel transformations). However,
in this study both terms are used interchangeably and both correspond to model parameters of a
simulation model.
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ciently informative features can be used to build a good predictive model [25,38]. For
example, if finding all symptoms of a disease serves for the interpretation objective,
identifying important symptoms sufficient to diagnose the disease addresses prediction
objective. In this study, feature selection is employed to find the simulation model
parameters which condition the model behavior. Identification of such significant pa-
rameters contributes to both the interpretation and the successful prediction of the
model behavior. Although there could be other parameters slightly affecting the out-
put, these parameters do not play a significant role in determining the output value and

their identification does not considerably promote the interpretability of the output.

3.3.1. Variable Importance Measure

Feature selection algorithms can assess the importance of features using vari-
able importance measures (VIM). VIMs are utilized to quantify the relation between

variables and the output based on several considerations.

In Wei et al. [39], the authors explain seven successful VIMs: the difference-based
VIMs, parametric regression and related VIMs, nonparametric regression techniques
(like random forest based VIMs), hypothesis test techniques, variance-based VIMs,
moment-independent VIMs and graphic VIMs. Each measure can serve different pur-
poses of use. For example, the difference-based VIMs and RF-based VIMs can as-
sess the importance of variables depending on their influence on the output. On the
other hand, some VIMs such as variance-based VIMs, moment-independent VIMs and
graphic VIMs can evaluate variable importance by extracting the contribution of the
uncertainty of variables from the uncertainty of the output. Lastly, the other VIMs
can be employed if the dependence between input variables and the output determines
the significance of the variables. As a result, the selection of a proper variable impor-
tance measure is highly affected by the purpose of quantifying the relation between
input variables and the output. (For more detailed explanations, the comprehensive
review conducted by Wei et al. [39] can be explored. However, a detailed discussion

over variable importance measures is beyond the scope of this study.)
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Moreover, the choice of variable importance measure is not independent of the
data characteristics. In other words, the number of features and variety in their scale
of measurement, existence of correlation between features and absence of some part
of the data (i.e. missing data) can have impact on determining the proper variable

importance measure.

Obviously, RF-based VIMs stand out as powerful candidates in the scope of this
study. First of all, instead of using an external VIM which most likely increases both
computational and practical burden, a variable importance measure already computed
by the metamodel (RF) is more preferable. Secondly, RF-based VIMs can be applied
to small data sets with high number of features and they can be calculated for both
categorical and continuous features easily. Thirdly, since RF-based VIMs are widely
studied in literature, their drawbacks and strengths are mostly revealed. This brings
benefits in two aspects. Variable importance scores computed by a well-known applica-
tion can be examined thoroughly, and the results can be improved by taking required
precautions. Also, the popularity of RF may help the analyst to understand the feature
importance measurement and encourage to check their findings about feature impor-

tance easily when they apply our proposed metamodeling procedure.

3.3.2. Random Forest VIMs

Breiman’s RF based on CART trees can compute two variable importance mea-
sures, which are Gini index-based (i.e. Mean Decrease in Impurity) and permutation-
based VIMs (i.e. Mean Decrease in Accuracy). Gini-based measure considers impurity
reduction gained by a variable to determine its importance level. The total decrease
in node impurity from splitting on a variable is averaged across all RF trees to cal-
culate the importance score of a variable. Node impurity is measured with the Gini
index and Residual Sum of Squares (RSS), respectively for classification and regres-
sion. Since splitting variables in RF are selected from a random subset of variables
based on their performance in impurity reduction, Gini index-based VIM is also re-

lated to the frequency of splits from a variable. On the other hand, permutation-based
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measure utilizes OOB data to assess the effect of features on the accuracy of the RF
model. The prediction error (error rate for classification, Mean Squared Error (MSE)
for regression) on OOB data of each tree is calculated and used as the reference error
value. Then, for each feature, the values for the feature on OOB data are shuffled and
prediction error on the new data is calculated again. Prediction accuracy is expected
to deteriorate after shuffling the values of a significantly important feature. Finally,
the average of the difference between the prediction errors on these two data sets over

all RF trees is used to estimate the importance score of the corresponding feature.

Strobl et al. [40] criticize the reliability of Gini index-based VIM (when RF is built
with CART trees). They introduce variable selection bias in the individual classification
trees of an RF to describe the bias embedded in the selection of splitting variable.
Variable selection bias towards categorical variables, especially with large number of
categories, and continuous variables with missing values exists because such variables
have higher chance to be a splitting variable in decision trees of an RF [20,40]. Since
Gini index-based VIM tends to favor variables frequently split on, the plausibility
of Gini index-based VIM decreases in the presence of missing data and categorical
variables. Unless the data is complete and all the features are either continuous or
categorical with the same number of categories, Gini index-based VIM is subjected to

variable selection bias in classification problems.

On the other hand, permutation-based VIM mitigates variable selection bias in
classification problems. Therefore, it can be safely used not only in regression problems
but also in classification problems. Consistently, permutation-based importance scores
are widely used in prominent feature selection studies using RF such as [16-18, 21].
Nevertheless, permutation-based VIM is affected by the number of randomly selected
splitting variable candidates (mtry parameter of RF). Since mitry can considerably
change the tree structure and control the variety among trees, variable importance
calculations can be dramatically affected by mtry in both regression and classifica-
tion settings. Furthermore, Strobl et al. [20] underline the presence of a bias towards

correlated features in RF based VIMs. Permutation-based VIM becomes more sen-
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sitive to mtry if correlations between variables exist. Permutation-based importance
scores of correlated variables are overestimated especially when miry is small [20].
Also, correlated variables might mask each other’s importance, since they carry similar

information [26].

In order to overcome the bias towards correlated variables and ensure the stability
of the variable importance measure, Strobl et al. [20] propose a new RF-based VIM
called conditional VIM. Unlike Gini index-based VIM and permutation-based VIM,
conditional VIM is calculated by another version of RF constructed with conditional
inference trees. They show that conditional VIM provides more consistent and bias-free
importance scores for both categorical and continuous features even if some features are
correlated. However, calculation of conditional VIM requires a tree structure different
from Breiman’s RF. Moreover, the computation of conditional VIM requires more
time than permutation VIM. As the number of features increases, computational cost

of conditional variable importance increases as well.

In the context of this study, correlations between variables do not emerge since
each variable in the data sets refers to an independent parameter of a simulation
model. Hence, the bias towards correlated variables does not appear in calculations of
permutation-based VIM and Gini-index based VIM. Moreover, the data sets used in
this study do not suffer from missing information as they are generated through simu-
lation runs. Nevertheless, the reliability of Gini-index based VIM is still questionable
due to variable selection bias towards categorical features in classification problems.
Since permutation-based VIM can overcome the selection bias and produce reliable
importance estimates both in classification and regression problems, it stands out as a
better measure than Gini-index based VIM. In addition to its reliability, permutation-
based VIM is more cost-efficient and more compatible with the proposed metamodeling

procedure compared to conditional VIM.

Lastly, in Strobl et al. [40], the authors find out that the bootstrap sampling

with replacement itself causes bias in variable importance. In their classification ex-
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periments, they observe that both Gini index-based and permutation-based VIMs are
influenced by the sampling bias, and the effect is more dominant for variables with
many categories. Although the sampling bias is present for all of RF-based VIMs un-
less subsampling is conducted without replacement, their simulation studies show that

the effect of sampling with replacement is much weaker than variable selection bias.

3.3.3. Feature Selection Algorithms

Feature selection algorithms are generally discussed in three categories: filter,
wrapper, and embedded methods. Guyon and Elisseeff [25] explain that filter methods
are applied as preprocessing steps before constructing a predictive model. Basically,
they are independently utilized to provide relevant features for a predictive learning
algorithm [41]. Statistical measures such as t-test, Anova, and Pearson correlation
coefficient can be used to rank and filter features [35]. Unlike filter methods, wrap-
pers utilize the predictive learning algorithm itself to find a good subset of features.
Therefore, the learning algorithm is expected to provide better accuracy with the set
of features selected by wrapper methods [37]. However, wrapper methods are gener-
ally computationally more expensive than filter methods. Since the learning algorithm
is used to search over the feature space and re-evaluated for each subset of features,
wrapper methods are generally utilized with efficient search strategies such as recur-
sive feature elimination methods. Lastly, in embedded methods, variable selection is
applied in the training of the learning model and manipulates the learning model to
provide a subset of important variables. Least absolute shrinkage and selection operator
(LASSO) can be considered as one of the embedded methods [35]. Embedded methods

are generally faster and computationally more efficient than wrapper methods.

Most feature selection algorithms which inspired this study apply wrapper al-
gorithms utilizing RF [16,17,19,21]. They use permutation-based VIM to assess the
importance of features and they aim to find the best set of variables by re-training RF
with different subsets of features. They either try to find the smallest set of features

yielding a competitive prediction performance or try to identify all relevant features to
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the outcome of interest for interpretation purposes. While Diaz-Uriarte and Alvarez
de Andrés [16] and Jiang et al. [19] focus on the former, Genuer et al. [17] propose two
separate methods to address each objectives. Differently, Hapfelmeier and Ulm [3§]

aim to develop a method to satisfy both prediction and interpretation objectives.

Feature selection strategies can be grouped into two categories: feature intro-
duction strategies (i.e. ascending selection) and feature elimination strategies (i.e.
backward elimination, descending selection). While feature introduction strategies try
to find a set of features yielding the best predictive performance by adding new features
to an initially very small set of features, feature elimination strategies generally start
with the whole set of features and try to reduce the size of the set. Among previously
mentioned feature selection studies, Genuer et al. [17] perform two separate stepwise
variable introduction strategies. They firstly compute the importance scores of the
variables. In order to find all the relevant features, the nested subsets of variables are
formed by adding variables one by one starting from the most important variables. In
their second strategy, to build a successful predictive model, they sequentially intro-
duce each variable and check the performance of the new set of features by monitoring
reduction in error. In both strategies, Genuer et al. [17] consider OOB error to find the
best set set of features. Yet, they suggest utilizing cross validation or a test set to assess
the predictive performance of the learning model. Unlike Genuer et al. [17], Svetnik et
al. [21], Jiang et al. [19], and Diaz-Uriarte and Alvarez de Andrés [16] apply feature
elimination strategies. They calculate permutation-based VIM for all features and it-
eratively eliminate a specific proportion of the features according to their importance
scores. After elimination procedure terminates, they choose the set of features yielding
the best learning model performance. While Diaz-Uriarte and Alvarez de Andrés [16]
monitors the progress in OOB errors to find a set of features with the minimum error
and uses .632+bootstrap method to estimate the prediction error, Svetnik et al. [21]
perform cross-validation both to estimate test error and to select the best feature set.
Since Jiang et al. [19] deal with two data sets, they calculate a combined measure in-
corporating OOB error on the training set and prediction error on the other data set,

and select a feature set with the lowest combined value.
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Feature elimination strategies also differ in updating the importance ranking of
the features after elimination starts. In recursive feature elimination (RFE), impor-
tance scores of features are computed at every step and elimination decision is made
based on the updated importance ranking. On the other hand, in NRFE, importance
scores are calculated in the beginning of the process only once and importance rank-
ing based on the scores is used throughout the elimination process. In other words,
the elimination order of features does not change during the process. Since Svetnik et
al. [21] claim that recalculation of importance scores may lead to overfitting and higher
test error, Svetnik et al. [21] and Diaz-Uriarte and Alvarez de Andrés [16] apply NRFE.
However, Jiang et al. [19] recalculates the importance scores after each elimination step

so that elimination is guided by the new order of the genes.

3.3.4. RFE vs NRFE

Svetnik et al. [21] claim that RFE is more prone to overfitting. According to
their experiments, NRFE performs better than RFE. On the other hand, Gregorutti
et al. [18] argue that Svetnik et al. [21] do not consider correlated features and support
their claim with simulation studies. In contrast to Svetnik et al. [21], Gregorutti et
al. [18] state that RFE achieves better results than NRFE. Since the correct importance
score of a variable is masked due to the presence of its correlated variables, RFE enables
variables to update their importance scores as their correlated variables are eliminated.

Moreover, Gregorutti et al. [18] do not observe overfitting problem with RFE.

In the context of this study, correlations between variables are unlikely to occur
unless correlated parameter value combinations of the simulation model are intention-
ally selected while generating the initial data set. For this reason, both RFE and
NRFE can be used. However, the potential of overfitting problem with RFE deserves

attention.

Nevertheless, all of the studies mentioned previously perform their strategies on

stationary data sets. The size of the data sets used in these studies does not change
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during the application of feature elimination. Therefore, all studies can calculate re-
liable importance estimates in the beginning of their applications. The change in the
importance scores results mainly from the updated set of features. Unlike these studies,
in our study, we consider a procedure where adaptive sampling and feature selection
strategies are applied simultaneously. The procedure is initialized with a relatively
small training set and the size of the set is incremented step by step. Depending on
the size of the initial training set and the number of instances added to the set at each
step, the importance ranking of the feature can dramatically change in the earlier steps
of the procedure. Besides, the quality of the training set is expected to increase as the
new informative instances are added to the training set. Therefore, to estimate reliable
importance scores, it is important to wait until a training set with sufficient quality is

obtained before applying a feature elimination algorithm.

In this application frame, NRFE does not benefit from the information carried
by new instances selected for the training set at each step of adaptive sampling. How-
ever, this may not be an important issue. After the training set is qualified to yield
reliable importance estimates, we do not expect drastic changes in importance rank-
ing of features. For this reason, NRFE does not necessarily suffer from ignoring the
progress of the training set. On the other hand, RFE uses the most recent information
embedded in the training set to estimate variable importance scores. Although Svetnik
et al. [21] highlight overfitting risk of RFE, Gregorutti et al. [18] provide counterargu-
ments. Therefore, RFE may not lead to overfitting in the context of this study. As a
result, rather than immediately deciding on which elimination strategy should be used,

we will compare their performances by conducting experiments.
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4. PROPOSED APPROACH

In light of previous discussions, it is clear that the collaboration and coherence
between metamodel, sampling strategy, and feature selection strategy can promote
the accuracy and efficiency of a metamodeling approach. While metamodel is used
to extract the embedded relationships in a data set, adaptive sampling ensures the
quality of the data set. In the simulation context, since the data set is generated
via a simulation model, the metamodel, indeed, is used to approximate the model
dynamics. Feature selection strategy, on the other hand, can alleviate the complexity in
metamodel training and adaptive sampling induced by insignificant model parameters
with respect to the monitored output. Hence, we propose an efficient metamodeling
approach combining adaptive sampling and feature selection simultaneously to obtain

a concise and sufficiently accurate metamodel of a simulation model.

4.1. Selected Methods and Strategies

The approach initializes with the generation of a small training set. Fang et
al. [32] state that a uniform design is essential to detect various model behaviors without
any prior knowledge about the parameters and the output. Therefore, a space-filling
sampling method with uniformity property like an optimization-assisted LHS and Sobol
sampling should be utilized in obtaining the training set. Since LHS and its variants
are widely used in metamodeling studies for simulation models [7,13,14], we decided

to employ maximin LHS.

The training set obtained from a complex simulation model includes nonlinear
relationships between features and the output. Successfully addressing nonlinearity in
the training set is vital to achieve high performance and to capture the dynamics of
the simulation model. Moreover, an efficient automation of the metamodel, adaptive
sampling, and feature selection strategy is important to obtain a fast and self-sufficient

metamodeling procedure. In this respect, RF metamodel stands out due to its relatively
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fast and straightforward application with QBC-based adaptive sampling and feature
elimination strategies. Besides, RF can successfully perform on various data sets with
minimal preprocessing and hyperparameter tuning efforts compared to many other
metamodel candidates. Hence, an RF-based metamodeling procedure can achieve a

user-friendly and compact design while maintaining high predictive performance.

The performance of the metamodel is further improved by adding informative
instances to the training set. For this purpose, a pool-based approach is employed
to access a wide range of instances without output value (unlabeled instances) and
informative instances are chosen from the pool of unlabeled instances according to QBC
framework. Now that unlabeled instances correspond to parameter value combinations
of the simulation model, obtaining parameter value combinations does not require
simulation model evaluations. Hence, the computational cost of generating such a
pool is generally quite low. To properly utilize pool-based approach and to ensure
QBC is well-supplied, the pool should resemble the actual parameter space. Since the
parameter space of the simulation model is uniformly populated, an efficient space-
filling method such as maximin LHS can be also used to select unlabeled instances for
the pool. The uniform design of the pool enables QBC and uncertainty sampling to
identify informative unlabeled instances from different areas of the parameter space.
Unlike uncertainty sampling, QBC considers the variety in the predictions of different
learners. Therefore, QBC can detect informative instances that a single learner would
miss. Besides, RF metamodel has a convenient structure to utilize QBC and a pool-
based approach and QBC are compatible with each other. For these reasons, we decided
to apply the QBC framework. Accordingly, the most informative unlabeled instances
are implied by the highest disagreement between the trees of RF. Disagreement can be
computed by various measures such as entropy of the predicted class probabilities or
difference in class votes of trees for classification setting. Similarly, standard deviation,
coefficient of variance, and range in tree predictions corresponding to each parameter
combination can be used to measure disagreement in the regression setting. We will

compare the performance of these three measures in Section 5.4.
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In order to limit the negative effects of insignificant features on the metamodel
performance and adaptive sampling, feature elimination strategies are promising. Be-
sides, they can be adapted to the proposed metamodeling procedure thanks to their
iterative nature. Regarding the discussions over RFE and NRFE, we will compare their
performances by conducting experiments. In general, feature elimination strategies are
guided by VIMs to make elimination decisions. In this study, since the correlation
between features (i.e. independent parameters of a simulation model) does not exist,
permutation-based VIM appears to be a reliable importance measure. Also, consider-
ing that it is easily accessible with RF metamodel, permutation-based VIM is used to

estimate the importance scores of features.

4.2. Adaptive Sampling and Feature Elimination Procedures

The proposed metamodeling procedure consists of two main sub-procedures,
called adaptive sampling procedure and feature elimination procedure. While the adap-
tive sampling procedure feeds the metamodel with informative instances and ensures
the quality of the training set, the feature elimination procedure enables the metamodel
to focus on significant features and allows sampling to perform on a space with lower

dimensions. The main flow in the proposed procedure is represented in Figure 4.1.

Initially, a relatively small set of parameter value combinations are generated by
maximin LHS. The output values of the corresponding parameter combinations are
obtained via simulation runs. The size of a data set required to sufficiently cover the
parameter space tends to increase with the number of parameters. Yet, Crombecq et
al. [6] warn that its size should be small enough to benefit from adaptive sampling
in constructing the training set. After the initial training set (7') is constructed,
RF metamodel (M) is trained and the initialization prior to the adaptive sampling

procedure is completed.

After the initialization phase, the adaptive sampling procedure is applied itera-

tively throughout the metamodeling procedure until a predefined number of iterations
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(iteration budget, I) is reached. The size and the quality of the training set gradually
increase with the addition of new instances to the training set at each iteration. In
order to ensure that the quality of the training set is sufficient to estimate reliable im-
portance scores for features, the adaptive sampling procedure is performed alone until
a preselected iteration (iter*). When the metamodeling procedure reaches iter*, the
feature elimination procedure is activated. Starting from iter* the feature elimination
procedure accompanies the adaptive sampling procedure until the end as long as fea-
ture elimination is meaningful. The overall procedure is terminated when the iteration

budget is reached.

4.2.1. Adaptive Sampling Procedure

The adaptive sampling procedure is applied throughout the proposed metamod-
eling procedure. At each iteration, a specific number of the most informative instances
(h) is picked from a pool of unlabeled instances (U). The labels of instances in the
selected set (¢) are queried to the simulation model. Following the assignment of their
labels, they join the training set at the end of the iteration. If the feature elimination
procedure is active at the current iteration, feature elimination is applied before the
new instances are added to the training set. In either case, the effect of the adaptive
sampling is seen at the next iteration after the metamodel is trained on the updated

training set. The steps of the adaptive sampling procedure are shown in Figure 4.2.

Initially, the dimensionality of the parameter space is potentially large due to
the insignificant parameters. When the number of parameters is large and the sample
size is relatively small, Kleijnen [13] warns that LHS does not cover the parameter
space enough to train the metamodel well. To sufficiently cover the high dimensional
parameter space, a much larger pool of unlabeled instances is required. The dimen-
sional complexity and the requirement for a large number of unlabeled instances cause
maximin LHS to perform at a high computational cost [29]. In this sense, a tradi-
tional pool-based approach [7,8] where a very large pool is generated at the beginning

with both significant and insignificant parameters appears to be potentially inefficient.
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Hence, in this procedure, a relatively small pool of unlabeled instances is renewed at

every iteration. Since the insignificant features are gradually eliminated by the feature

elimination procedure, the complexity in maximin LHS decreases and its efficiency in-

creases over iterations. Moreover, since new pools are sampled based on remaining

features without reducing the size of the pools, the informativeness of the pools tends

to Increase.

Until the iteration budget is reached, the selection of new instances continues,

and the training set is enlarged. Rather than defining a dynamic stopping criterion,

we let the user free to decide on the length of the proposed procedure depending on

the available computational power.

Initialization: Train RF metamodel (M) on the initial training set (7).

1:

2:

Record the RMSE value of M.

Generate a pool of unlabeled instances (U) with maximin LHS.

Obtain the predictions of individual trees in M for each instance in U. Assuming
M consists of L decision trees, L many predictions for each instance are obtained.
For each instance in U, compute the disagreement measure, i.e. uncertainty
value, based on a selected metric such as coefficients of variation.

Select h instances subjected to the highest disagreement between the trees of M

to obtain unlabeled training candidates (c¢) by using Eq. 4.1;

c=argmaxuv,, u €U (4.1)

u

Obtain labels of the training candidates through simulation runs.
Update T by adding labeled training candidates (C') to T, after feature elimi-

nation procedure.

Figure 4.2: Adaptive Sampling Procedure.
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4.2.2. Feature Elimination Procedure

Feature elimination procedure can be applied earliest when the training data
becomes large enough to correctly order the variables according to their importance
scores. For convenience, the first iteration at which feature elimination procedure can
be utilized in the proposed procedure (iter*) is predetermined.® Once the proposed
metamodeling procedure arrives at iter*, the feature elimination procedure is activated.
Afterward, as long as the number of remaining features (k) is enough, the feature elimi-
nation procedure is implemented at the next iterations. When only significant features

are left, the feature elimination procedure does not make an elimination decision.

The feature elimination procedure is guided by the permutation-based importance
scores of features. If NRFE is utilized, importance scores are calculated only when the
feature elimination procedure is activated. These scores are permanently used for the
rest of the procedure. In case RFE strategy is employed, the importance scores of the

features are updated at each iteration (iter).

The feature elimination procedure follows an iterative strategy to point out the
insignificant features. In the elimination procedure, initially a specific fraction (p)
of features is considered for elimination. These features are selected based on their
importance scores. However, if the elimination of initially selected features does not
lead to a satisfactory expected change in OOB error of the metamodel, a smaller
set of the features is reviewed for elimination at the next iteration of the elimination
procedure (elim_iter). The number of features considered for elimination exponentially

decreases at each elim_iter until Cond. 4.2 holds;

OOB erroreim_iter < OOB erroreim_iter—1 * (14 0) (4.2)

where OOB errorim_iter—1 18 OOB error calculated at the previous elim_iter and o is

the allowed increase rate in OOB error defined by the user. Exponential reduction

5Detailed discussions on the selection of a proper iter* are made based on several experiments in
Subsection 5.5.2.
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allows for decreasing the dimensionality faster. At the same time, the attention to
the significance of each remaining feature increases step by step. When a subset of
insignificant features is found, their elimination is realized by updating the feature list
so that the metamodeling procedure continues with the remaining features. Otherwise,
the elimination procedure is terminated and none of the features is eliminated in this
iteration of the metamodeling procedure (iter). The steps of the feature elimination

procedure are summarized in Figure 4.3.

Table 4.1: Number of features considered for elimination at each elim_iter based on p,

when the number of features is 50 in the beginning.

elim_iter

112|345

02102 -1]-]-
p 052512631
0.8]40 (3225|2016

The speed of the elimination procedure is controlled by the predetermined param-
eter p, which determines the number of features considered for elimination. Table 4.1
illustrates the number of features considered for elimination at each elim_iter for dif-
ferent p values in a single application of feature elimination procedure. As p increases,
larger sets of insignificant features are evaluated for elimination. Therefore, for a large
p value, the elimination procedure becomes more aggressive. Yet, if the number of
insignificant features is only a few, it requires more elim_iter to find the small set of
insignificant features. Considering that an RF learner is trained at each elim_iter, the
frequent training of RF learner causes inefficiency in the elimination procedure. On
the other hand, the procedure terminates faster with a small p. Nevertheless, a small p
can result in partial elimination of insignificant features especially when the number of
insignificant features is large. The feature elimination procedure is applied again at the
next iterations of the metamodeling procedure to eliminate all insignificant features.
In the worst case, the proposed metamodeling procedure may not achieve to eliminate

all of the insignificant features due to the limited iteration budget. As a result, de-
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10:

11:

12:

13:

14:

15:

16:

17:

18

Given that iter* < iter and 2 < k;

: Calculate permutation-based importance scores if RFE is used.

Otherwise, calculate only when iter = iter®;

: Set elim_iter to 1;

check_elim < TRUFE;
while check_elim do
Calculate the elimination fraction by using Eq. 4.3, and the number of features

considered for elimination by using Eq. 4.4;

p* _ pelim,iter (43)

K = |kiter * D (4.4)

where p is a predefined fraction determining the maximum number of features
that can be eliminated at once and k;., is the number of features at iter.
Train M on T without £’ features having the lowest importance scores;
if Cond. 4.2 holds then
Update kj; by eliminating the selected &’ features from the feature set;
check_elim < FALSE;
else
if all features are significant then
check_elim < FALSE;
else
elim_ter = elim_iter + 1;
end if
end if
end while

: Continue with the adaptive sampling procedure.

Figure 4.3: Feature Elimination Procedure.
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pending on the number of insignificant features, different p values can be preferred.
Unless a prior information about the number of insignificant features is available, it is
safer that p should be neither very large nor very small to ensure the efficiency and

the performance of the metamodeling procedure.

The feature elimination procedure makes elimination decisions before the new
informative instances selected by the adaptive sampling procedure are added to the
training set. For this reason, the feature elimination procedure is not influenced by
the adaptive sampling procedure performed at the same iteration of the proposed
procedure. The combined effect of feature elimination and adaptive sampling can be

seen at the next iteration of the metamodeling procedure at the earliest.
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5. EXPERIMENTAL APPROACH

Two main experimental designs are considered to find out the sampling strategy
yielding the best metamodel performance, and to evaluate the performance of the pro-
posed metamodeling procedure with feature elimination. The performances of adaptive
sampling methods are compared with the performances of one-shot sampling and ran-
dom sampling in the first design. Then, the best sampling strategy is utilized in the
proposed procedure in the second design, and the overall performance of the proposed
procedure with feature elimination is evaluated. The second design also enables to sep-
arate the contributions of adaptive sampling and feature elimination to the metamodel

performance.

The experiments are performed with a well-known agent-based simulation model,
which is segregation model (SM) [42]. The simulation runs are executed on Netlogo [43]

version 6.0.4. The metamodeling procedure is performed in R.

5.1. Simulation Model

Segregation model (SM) depicts a very common social phenomenon with only
two parameters. Despite its simplicity, the model is capable to show complex system
behaviors. Hence, the metamodeling experiments with SM provide valuable insights
about the potential performance of metamodeling procedures applied on a higher-
dimensional simulation models with similar complex behaviors [7]. Moreover, since
SM is widely studied in literature, all possible dynamics of the model are already
revealed. With prior knowledge of the system behavior, the results of experiments can

be analyzed better.

Despite its convenient use in the experiments, SM is a concise model only with two
parameters and both of them are significant. Therefore, the proposed metamodeling

procedure with feature elimination is applied to a variant of SM (DSM). DSM is built
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by introducing four insignificant parameters (i.e. dummy parameters) to SM. The
influence of insignificant parameters of a simulation model on sampling and metamodel
performance, and the contribution of their elimination to the overall metamodeling

procedure are analyzed through SM and DSM.

5.1.1. Segregation Model

The basic segregation model [42] involves two groups of people in a specified area.
For example, these groups can be formed based on ethnicity, supported football team
or religion while the specified are can be a city, a neighborhood, or a class. According
to the model scenario, if people can live beside a certain number of people from their
own group, they feel happy. To seek happiness, people keep moving to unoccupied
places in the specified area. The simulation continues until everyone is happy. The
model reveals the effect of individuals’ choices on society based on their preferences for

similarity and spatial restrictions [44].

As mentioned previously, SM has two parameters called density and %-similar-
wanted. While density is related to the physical conditions such as population and the
size of the area, %-similar-wanted resembles the intolerance level of people to people
from the other group. Both parameters are represented with percentages. When density
is set to a high value, the neighborhood is represented as a crowded place and there are
only a few empty spaces in the neighborhood. In order to describe a place with full of
unoccupied places where people can move easily, a small density value is chosen. On the
other hand, %-similar-wanted expresses people’s desire to live close to neighbors from
their own group. It is represented as the minimum fraction of neighbors from their own
group in order for people to be happy. Setting %-similar-wanted high implies the high
intolerance between groups in the society while low %-similar-wanted resembles a more
peaceful society. The output variable monitored to measure the level of segregation is
%-similar. %-similar is computed as dividing the sum of the number of same-group

neighbors of each person by the sum of the number of all neighbors of each person.
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Figure 5.1: Segregation in the society based on different %-similar-wanted values.

In general, an increase in %-similar-wanted is expected to result in a rise in %-
similar since people would be more eager to live near the people from the same group.
However, the interaction of model variables gives birth to various system behaviors
for different levels of density and %-similar-wanted. Firstly, as long as density is
low enough (roughly under 15), independent of %-similar-wanted value, %-similar
generally reaches values higher than 80. Secondly, if density is higher than 15, the
value of %-similar-wanted starts to play an active role. Unless %-similar-wanted is
above 75, %-similar tends to increase as %-similar-wanted keeps rising, in general.
Thirdly, density, on the other hand, has a little effect on holding back %-similar from
its increasing trend with %-similar-wanted. Finally, only when %-similar-wanted is
very small (less than 30), high density has an observable negative effect on %-similar.
To sum up, specific thresholds for the parameters determine the effect of parameters

on the output and result in sharp changes in the model behavior.

Figure 5.1 shows the segregation in society visually for different %-similar values.
Each point represents a person from one of two groups depending on its color (blue vs
orange). density is set to 80 and by changing %-similar-wanted values, the levels of

segregation corresponding to achieved %-similar are represented. On the figure, it can
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be seen that high %-similar generally addresses highly segregated society while lower

%-similar points out the existence of small-sized local groups.

5.1.2. Segregation Model with Dummy Parameters

With the introduction of four dummy parameters, the new segregation model
(DSM) includes six parameters in total. While %-similar-wanted and density still
condition the model behavior, the other four parameters have little or no effect on the
output. Among dummy parameters, budget-multiplier-dummy and density-multiplier-
dummy are completely redundant parameters which do not influence any variables in
the model. On the other hand, the other two parameters, i.e. noise-dummy and tick-
limit, have a very small impact on the output. While the value of noise-dummy is
directly added to the output, tick-limit indirectly affects the output by constraining
the simulation run time. In order to make sure these dummy parameters remain hardly
relevant, noise-dummy is restricted between 0.00001 and 0.0001, and tick-limit is forced
to be between 90 and 110. The upper limit for tick-limit is higher than the simulation
run length limit (100 time steps) so that it becomes completely irrelevant in some of

the simulations.

Since the four dummy parameters barely affect the output, SM and DSM are ex-
pected to show very similar model behaviors when the same pair of %-similar-wanted
and density is selected. In other words, no matter what the values of dummy param-
eters are, as long as the same value combination of %-similar-wanted and density is
selected, the outputs of SM and DSM are expected to be almost the same. Hence,
DSM enables us to monitor the effect of the presence of insignificant parameters with
respect to a selected output on the metamodel performance and adaptive sampling.
Also, the influence of the feature elimination on the metamodel performance can be

analyzed by experimenting with DSM.

Overall, the following points can be checked in the evaluations regarding adaptive

sampling and feature elimination:
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(i) If the importance scores of the parameters are assessed correctly, then four dummy
parameters should be found out insignificant.

(i) If the feature elimination procedure suggested in this study works well, four in-
significant features (corresponding to the four dummy parameters of the simula-
tion model) must be eliminated in the proposed metamodeling procedure.

(iii) Adaptive sampling must focus on %-similar-wanted and density in sample se-
lection rather than the four insignificant features. In other words, despite the
presence of the insignificant features, the information carried by a sample should
be measured according to the values of significant features, that are %-similar-

wanted and density.

5.2. Data Sets

In this study, since the proposed metamodeling procedure has experimented on
a simulation model, data sets to train and test the metamodel are obtained through
simulation runs. The parameter value combinations evaluated in the simulation model
are selected by using maximin LHS. For each combination, simulation models are
executed for 10 times and the average result is assigned as the output value of the
corresponding parameter value combination. Also, it is observed that the output value
of the model stabilizes before the 100th time step in simulation runs. Therefore, the
length of the simulation runs is restricted with 100 time steps to prevent the run from

lingering.

Training sets in different sizes are generated to evaluate the performance of adap-
tive sampling and one-shot sampling, separately. One-shot sampling is performed with
a training set including 100 instances for each, whereas initial training sets for adaptive
sampling are built with 50 instances. The sizes of training sets does not change for SM
and DSM. Although it is better to increase the size of a data set with the number of
features (i.e. parameters in the simulation model), obtaining a large data set may not
be feasible due to the high computational cost of simulation evaluations. Therefore,

the size of the training data sets for DSM is not increased proportionally to the number
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of its parameter. Besides, in the experiments, it is observed that the current sizes of

the training sets are sufficient to train successful metamodels.

Similar to the training sets, the pools of unlabeled instances include parameter
value combinations obtained with maximin LHS. Pools with 100 unlabeled instances are
generated in the experiments and unlabeled instances are re-selected at every iteration

of the proposed metamodeling procedure.

Lastly, the performances of the metamodels are evaluated based on a test set.
For SM and DSM, two separate test sets are obtained by randomly selecting parameter
value combinations within the allowed ranges of each parameter. The output values
for the selected parameter value combinations are evaluated in the simulation model.

For both SM and DSM, the test sets include 100 instances.

Overall, data sets generated with simulation runs do not require data cleaning
and corrections due to missing or wrong information. Since the features in the data sets
correspond to uncorrelated and independent parameters in the simulation model, po-
tential problems due to correlated features are not observed. Hence, data sets generated

with simulation runs can be easily utilized in the proposed metamodeling procedure.

5.3. Performance Assessment

In the experiments, the performances of both adaptive sampling methods and
the proposed procedure are measured on a test set. Considering that SM and DSM
provide continuous output (i.e. %-similar), RMSE (Root Mean Squared Error) is used
as the main performance measure for metamodel evaluation in the experiments. It is

calculated for a data set with N instances by Eq 5.1;
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RMSE = % (5.1)

=1

where y; and ; are real and predicted output values of instance i, respectively. In this
study, while y; is obtained through evaluation of instance 7 in the simulation model, ;

implies the estimated output of instance ¢ by the metamodel.

Although RF provides OOB error as a prediction error estimate, OOB error
does not stand out as an unbiased error estimate due to the sequential approach [16].
Moreover, a test set can be easily manipulated by the user for different motivations.
Therefore, in spite of its computational cost, using a test set provides flexibility for the

user and reliable error estimations to evaluate the performance better.
5.4. Comparative Study of the Sampling Strategies

In this section, a comparative analysis of adaptive sampling (AdS), one-shot
sampling (OsS), and iterative random sampling (RdS) is conducted. Their influences
on the metamodel performance are discussed. OsS is based on the selection of training
set instances at once before metamodel training. In other words, it does not follow an
iterative procedure and does not benefit from historical metamodeling and sampling
information. On the other hand, RdS and AdS build the training set through iterative
instance selection. Both are initialized with a small training set and at each iteration,
new instances are added to the training set. Unlike OsS, RdS does not maintain a space-
filling property. Although RdS initializes with a relatively small data set obtained with
maximin LHS, adding random instances to the training sets violates uniform coverage

of the feature space.

While RdS blindly selects random new instances without using any information
throughout the iterative process, AdS compiles the information of previously selected

instances and the metamodels trained to choose new instances. Therefore, AdS stands
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out as a smart selection method at which instances are evaluated based on their infor-
mativeness. In AdS, highly informative instances are picked for the training set. The
informativeness measure can vary in different adaptive sampling applications. Since
the QBC method is utilized as the sample selection framework, the informativeness
of an instance is measured based on the disagreement among the decision trees of
an RF ensemble. In this study, three disagreement measures applicable to the con-
tinuous output variable (%-similar) are separately evaluated. These measures can
be named as range-based (AdS_range), standard deviation-based (AdS_sd) and coeffi-
cients of variation-based (AdS_cvar) informativeness measures. They can be computed

by Eq 5.2, Eq 5.3, or Eq 5.4;

range — based : Uy = max Yul — mLin Vul (5.2)
. L \2
standard deviation — based : Uy = \/ZleLéyul . u) (5.3)
ZleL(yul yu)2
coef ficients of variation — based : Uy = Lol (5.4)
Yu

where g, is the predicted output value of instance u € U obtained by decision tree

l€L,and g, = &Ll

As a result, in this section, we focus on comparing the performance of the meta-
models trained on data sets sampled with OsS, RdS, AdS_range, AdS_sd, AdS_cvar
without taking feature elimination into consideration. Our analyses also aim to ad-

dress the effect of the mtry parameter of RF and the existence of insignificant features.

5.4.1. Experimental Design

To monitor the effect of OsS on metamodel performance, 11 large training sets
containing 100 instances are used while 11 small initial training sets each having 50
instances are considered for iterative sampling methods (i.e. RdS, AdS_range, AdS_sd

and AdS_cvar). All sampling strategies are replicated 10 times in each of their cor-
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responding training sets. Due to the randomness embedded in the metamodel itself,
distinct metamodels are obtained in each replication. In other words, in the end, 110

final metamodels are obtained for each sampling strategy.

The application of OsS follows a very straightforward procedure (Figure 5.2). An
RF metamodel (M) is trained on a large training set (7"). After training, the accuracy
of M on the test set is recorded. This process is repeated 10 times (R) in each large

training set.

Inputs: R, T
1: forr=1to R do
2:  Train RF metamodel (M) on T}
Report RMSE of M on the test set;

@

4: end for

Figure 5.2: Application of One-shot Sampling.

On the other hand, AdS and RdS introduce new instances to the training set
throughout a predefined number of iterations (i.e. iteration budget, I). At each itera-
tion, a pool of unlabeled instances (U) is generated and unlabeled training candidates
(¢) is composed by selecting h unlabeled instances from the pool based on the dis-
agreement about their output predictions. Through simulation runs, the labels of the
training candidates are obtained, and these labeled instances (C') are added to the
training set. Then, the metamodel (M) is retrained on the training set and the RMSE
value of the metamodel on the test set is recorded. Until the iteration budget is reached,
this process is repeated. At the end of the final iteration, the final training set and the

final metamodel utilized to mimic the simulation model are obtained.

In the experiments regarding AdS and RdS, U consists of 100 unlabeled instances.
h is set to five and iteration budget is selected as 11. New instances are selected and
added to the training set throughout the first 10 iterations. At the final iteration,
sampling is not performed, and M is trained on the final training set with 100 instances.

Therefore, the final iteration only serves to obtain the final metamodel and record its
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Table 5.1: Parameter values used in the sampling strategy experiments.

Parameters in the Sampling Strategy Experiments
I Iteration budget 11
h Number of instances selected in each iteration 5
u The number of instances in U 100
mitry Hyperparameter of RF Tuned /Default
ntree Hyperparameter of RF 300

performance. The parameters used in the experiments can be seen on Table 5.1. Except
for mtry, the values of all the parameters are kept the same for SM and DSM. Since we
aim to evaluate the influence of miry on the metamodel performance in a generalized
framework, default and tuned mtry values are considered in the analyses for SM and

DSM. The default mtry value of RF is calculated by Eq. 5.5;

. max(|£],1)  for continuous output (55)
MITYde fault = .
|VE| for categorical output

where k is the number of features. Default mtry values equal to 1 and 2 for SM and
DSM, respectively. When mtry values providing the best RF performance are searched,
the best mtry value is found to be 2 for SM while it is 6 for DSM.

In SM and DSM, the dynamic behavior is conditioned mostly by %-similar-
wanted. Although density is still an important model parameter, %-similar-wanted
appears to be more dominant. Therefore, RF metamodels having more splits on %-
similar-wanted generally provide better predictions of the model output. In SM, when
miry is set to 1, splits in RF are made randomly and the metamodel does not bene-
fit from %-similar-wanted to the fullest. However, %-similar-wanted has much more
chance to be a splitting node when mtry is selected as 2. Similarly, in DSM, when
mtry is set to its default value, insignificant features (i.e. dummy parameters of the

simulation model) have more chance to be considered in splits compared to significant
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:forr=1to R do

@

@
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10:

11:

12:

13:

14:

15:

Inputs: R, T, h

for iter =1to I do
Train RF metamodel (M) on T7;
Report RMSE of M on the test set;
if iter # I then
Generate a pool of unlabeled instances (U);
Calculate uncertainty value of each instance in U by using Eq 5.2, Eq 5.3,
or Eq 5.4 based on sampling strategy in use;
Select unlabeled training candidates (¢) by choosing A instances with the
highest uncertainty from U by using Eq. 4.1;
Obtain labeled training candidates (C') by evaluating ¢ through simula-
tion;
Update T" by adding C to T”; ;
end if
end for

end for

Figure 5.3: Application of Iterative Sampling.

features. Since only two out of six features are the significant features (%-similar-

wanted and density), the RF metamodel mostly suffers from splits on insignificant

features. On the other hand, when mtry equals to 6, the metamodel can better ex-

tract information embedded in the data set by focusing on %-similar-wanted. In the

experiments, we confirmed that RF metamodels use %-similar-wanted more frequently

in decision tree splits when mitry equals to 6. As a result, the importance level of

%-similar-wanted considerably jumps to a higher level (Figure 5.4).

As a result, since %-similar-wanted is a very dominant parameter on model be-

havior, the best mtry value equals to the number of parameters in both SM and DSM.
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Figure 5.4: Boxplot of feature importance scores based on OsS.

For another simulation model, the best mtry value can be less than the number of
features depending on the relative importance of the significant features. Hence, we
prefer focusing on default and tuned mtry values to obtain more generalized insights,

rather than comparing specific mtry values.

5.4.2. Results

To provide an overview of the performances of sampling strategies, the average
RMSE values over 110 metamodels trained on 11 data sets with 10 replications are
considered for each sampling strategy. In Figure 5.5 and Figure 5.6, the performances of
sampling strategies over iterations are represented in terms of mean RMSE for SM and
DSM, separately. Each color represents a sampling strategy. Since RdS, AdS_range,
AdS_sd, and AdS_cvar follow an iterative process, their mean RMSE values change
over iterations. Dots on the lines show the average of 110 RMSE values obtained at
the corresponding iteration for the corresponding sampling strategy. On the other
hand, OsS is represented as a horizontal line over iterations to easily compare with
the other sampling strategies. The figures are displayed in two parts based on the

miry value used in metamodel training. While the performances obtained by RF using
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default mtry value (1 for SM, 2 for DSM) are shown on the left-hand side, improved
performances with the best mtry value (2 for SM, 6 for DSM) are presented on the
right-hand side. Therefore, Figure 5.5 and Figure 5.6 give valuable insights into the

best performing strategy and the effect of mtry on the performances.

In general, tuning mtry provides better metamodeling performance for both SM
and DSM. The mean RMSE values of RF decrease with all sampling strategies. How-
ever, the positive effect of using tuned mtry is more visible for DSM. Due to the
presence of insignificant features, default mtry value prevent RF from effectively using
significant features in the construction of decision trees, and cause RF to miss valuable
information that could be obtained from significant features. In Figure 5.6, the large
gap between the performances obtained with the default and tuned mtry values points
out the magnitude of such information loss due to the default mtry value used in RF

for DSM.

In addition to the effect of mtry, sampling strategies also influence the metamodel
performance. Figure 5.5 shows that all AdS strategies perform better than RdS and
OsS regardless of selected miry. Since they lead to sharp decreases in mean RMSEs
in the early iterations, they generally obtain better data sets including fewer instances
compared to OsS. For instance, AdS_sd and AdS_cvar can surpass the performance
of OsS only with 75 instances and 65 instances, on average, depending on mtry. At
the final iteration, while the mean RMSE with both AdS_sd and AdS_cvar is 4, it is
5.32 with OsS for default miry. If miry is tuned, the mean RMSE with AdS_sd and
AdS _cvar reduces to 3.09 (by 23%) and 3.22 (by 19%). The mean RMSE with OsS
decreases by 13% and becomes 4.61. On the other hand, AdS _range is affected by mtry
the most among AdS strategies. The mean RMSE with AdS_range decreases from 4.96
to 3.32 (by 33%). Also, the pace of decrease in mean RMSE is slower with AdS_range.
Therefore, although AdS _range provides better performance than OsS and RdS, on

average, its performance is still dominated by AdS_sd and AdS_cvar.
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Figure 5.5: Average errors with different sampling strategies in Segregation Model.
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Figure 5.6: Average errors with different sampling strategies in Segregation Model with

Dummy Parameters.
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Moreover, a comparison between OsS and RdS provides insights into the effect
of space-filling methods in metamodel performance. While OsS consists of uniformly
distributed instances all over the feature space, RdS does not pay attention to maintain
the space-filling property of its initial training set. Since OsS performs better than
RdS on average, we can confirm that a space-filling sampling strategy such as maximin
LHS is a good method to provide initial training sets for AdS applications rather than

random selection of the training instances.

On the other hand, when dummy parameters exist in the simulation model, Fig-
ure 5.6 shows that the performance of all sampling strategies falls. Especially when
default mtry value is used in the metamodels, the sampling strategies suffer from the
presence of the insignificant features the most. The difference between overall per-
formances obtained with different mtry values becomes deeper. However, even when
the situation is at worst due to insignificant features and default mtry, AdS_sd and
AdS _cvar perform better than OsS, on average. Although they do not improve the
metamodel as fast as they do in SM, they still provide training sets with slightly bet-
ter quality than OsS provides with 100 instances. While the mean RMSE with both
AdS_sd and AdS_cvar is about 9.12, OsS achieves 9.38 as the average RMSE. Consis-
tently, the utilization of the tuned miry value improves the performances of AdS_sd
and AdS_cvar by roughly 50%. Indeed, AdS_cvar (4.04) appears to be slightly better
than AdS_sd (4.39) with tuned parameters, on average. Nevertheless, tuning mtry does
not help AdS_range to surpass the performance of OsS in DSM. In the end, OsS out-
performs AdS range and RdS. This means that adaptive sampling (i.e. output-oriented
sampling) does not necessarily perform better than an input-oriented sampling method
such as maximin LHS. The identification method of informative unlabeled instances is
important to obtain a competitive performance compared to OsS using a space-filling

method.

Figure 5.7 and Figure 5.8 provide further information about the reliability of sam-
pling strategies. Both figures illustrate the change in RMSE of metamodels throughout

the sampling procedure while the best mitry value is used in RF metamodel. Each
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Figure 5.7: Boxplots of test errors with different sampling strategies in Segregation

Model.

boxplot refers to the error distribution of 110 metamodels fed by a specific sampling
strategy. To easily compare the performances of iterative sampling strategies with
OsS, the boxplots of RMSE values obtained with OsS are represented next to the final
boxplots of the corresponding sampling strategies. Therefore, performance differences
due to the selected data set and randomness in replications can be monitored over it-
erations. Initially, all iterative sampling strategies have tall boxplots. This means that
the performance of the metamodel mostly depends on the initial data set and random-
ness in the replications. However, AdS_sd and AdS_cvar achieve to shorten the length
of the boxplots dramatically throughout iterations. In other words, as new instances
are included in the training set, the effect of the initial data sets on the performance
decreases and the performance of AdS_sd and AdS_cvar become more robust. To put it

another way, regardless of the initial training set, both AdS_sd and AdS_cvar converge
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to a specific RMSE level. AdS_sd and AdS_cvar generally decrease RMSE faster when
the initial RMSE is high. As a result, the short boxplots of AdS_sd and AdS_cvar show
their robustness. Since their boxplots are shorter and lower than the boxplot of OsS,

AdS_sd and AdS_cvar are superior to OsS in terms of robustness and performance.
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Figure 5.8: Boxplots of test errors with different sampling strategies in Segregation

Model with Dummy Parameters.

Nevertheless, the presence of insignificant features negatively affects the perfor-
mance of sampling strategies even when mitry paremeter is tuned. Although tuning
miry helps to compensate for the drawbacks of insignificant features, increases in the

final RMSE of the metamodels trained with AdS_sd or AdS_cvar is visible (Figure 5.9).

In conclusion, AdS_cvar and AdS_sd appear to be better than OsS and other
iterative sampling strategies in terms of robustness and performance. The metamodels

trained with AdS_sd and AdS_cvar provide better performances with fewer training
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instances compared to OsS. However, the selection of mtry value and the presence of
the insignificant features play an important role in the performance of AdS_sd and
AdS_cvar. Especially when there are insignificant features, the selection of mtry value
becomes much more important. However, when the number of features and the size of
the data set are large, a comprehensive tuning can be computationally costly. A good
rule of thumb is to select an mtry value larger than the default value and less than
the number of features. Yet, the presence of insignificant features affects the adaptive
sampling process from the beginning and causes performance loss. Moreover, consider-
ing that we seek to propose a time-efficient and user-friendly metamodeling procedure,
the strong dependency of the performance of the adaptive sampling procedure on the
mitry value and the extensive need for its tuning is not desirable. As a result, we aim to
eliminate the insignificant features to recover the performance loss due to insignificant

features and weaken the dependency on the tuning of the mtry parameter of RF.
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5.5. Performance of the Proposed Metamodeling Procedure

The proposed metamodeling procedure consists of two sub-procedures. After the
initialization of the procedure, adaptive sampling procedure and feature elimination
procedures are applied iteratively. Although the adaptive sampling procedure is em-
ployed at every iteration, the feature elimination procedure becomes active as soon
as a predefined iteration (iter*) is reached. To decide on which sampling strategy
should be used in the proposed metamodeling procedure, previously, we analyzed the
performances of different sampling strategies. The sampling experiments showed that
AdS_sd and AdS_cvar provide training sets with higher quality and few instances com-
pared to OsS. Although both AdS_sd and AdS_cvar revealed very similar performances,
AdS_cvar performed slightly better in DSM with tuned mtry. Therefore, in this section,

we use AdS_cvar in the proposed metamodeling procedure.

Moreover, as discussed in Section 3.3, we need to decide on which elimination
strategy we will use in the proposed procedure. In literature, there is yet to be a
consensus on whether RFE or NRFE is better. While Svetnik et al. [21] warn about the
overfitting risk of RFE, Gregorutti et al. [18] claim that no overfitting is observed with
RFE. Therefore, we conducted preliminary experiments to decide which elimination
strategy is best to use in the proposed metamodeling procedure. After selecting the

best elimination strategy, we proceed to the experiments on the proposed procedure.

In the experiments on the proposed procedure, we aim to evaluate the perfor-
mance of the proposed metamodeling procedure from several aspects. Firstly, we will
compare the performances of the proposed procedure with AdS_cvar applied for DSM
to see whether feature elimination improves the performance of adaptive sampling. Sec-
ondly, we will examine whether or not feature elimination can overcome the drawbacks
due to the insignificant features by comparing the proposed procedure with AdS_cvar

applied for SM. Lastly, we touch on the importance of mtry in the proposed procedure.
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5.5.1. Experimental Design

Since elimination can be only applied for DSM, 11 initial training sets with 50
instances and a test set generated previously with DSM are used in the experiments.
These data sets are the same as we used in the previous experiments conducted to eval-
uate sampling strategies for DSM. The proposed metamodeling procedure is replicated

10 times in each training set.

The detailed flow of the proposed metamodeling procedure is already introduced
in Chapter 4 (Figure 4.1). The pseudo-codes of the adaptive sampling procedure and
feature elimination procedure are also shared previously in Figure 4.2 and Figure 4.3.
Briefly, an RF metamodel (M) is trained on the initial training set (7") and the perfor-
mance of M on the test set is recorded in terms of RMSE. Then, the adaptive sampling
procedure is performed. A pool of unlabeled instances (U) is produced and the train-
ing candidates (c) are selected from the most informative unlabeled instances in U.
The outputs of ¢ are queried to the simulation model. If the current iteration is later
than the predefined iteration to activate feature elimination (iter*), the feature elim-
ination procedure is applied before adding recently labeled training candidates (C')
to the training set. To prepare for the feature elimination, the features are ranked
according to their importance scores. Depending on the feature elimination strategy,
the importance ranking of the features is updated either at every iteration (RFE) or
only at iter* (NRFE). Within the feature elimination procedure, an iterative process is
followed to decide on the features to be eliminated. Initially, a specific proportion (p)
of features including the least important features are selected for elimination. An RF
model is trained without the selected features and its performance in terms of OOB
error is monitored. If the change in OOB error is satisfactory (i.e. Cond. 4.2 holds), the
feature elimination procedure terminates and the selected features are deleted from the
feature list. Otherwise, the proportion of features selected for elimination is decreased
until an improvement in OOB error is achieved. If all remaining features are significant,
the feature elimination process terminates without any elimination decisions. After the

feature elimination process is completed, C is added to the training set. At the next
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iteration, M is trained on the new training set only with the remaining features. Al-
though new instances are selected and features to be eliminated are decided at the
current iteration, the effects of these decisions are observed at the next iteration. The
adaptive sampling and feature elimination procedures are iteratively applied until the
iteration budget (I) is reached. At the final iteration, M is trained for the last time
and its performance on the test set is recorded as the final performance. As a result, at
the end of the procedure, the final training set, the final metamodel, and the significant

features highly related to the output are obtained.

Table 5.2: Parameter values used in the proposed procedure experiments.

Parameters used in the Proposed Procedure Experiments
Iteration budget 11
h Number of instances selected at each iteration 5
U The number of instances in U 100
mm Mtry multiplier 1/2
niree Hyperparameter of RF 300
p Elimination fraction 0.5
o The allowed increase rate in OOB error 10%
iter* | The activation iteration of feature elimination procedure 5
Elimination type NRFE/RFE
Sampling strategy AdS_cvar

In the experiments, I, h, v and nitree parameters are kept at the same values
as they were in the previous sampling strategy experiments to compare the proposed
procedure with AdS_cvar (Table 5.2). Regarding elimination type, we decide which
type to use after we check the performances of both RFE and NRFE. In addition, new
parameters such as the predefined iteration to activate feature elimination procedure
(iter*), an miry multiplier to control the value of mtry parameter of RF metamodel
throughout the proposed procedure (mm), a predefined fraction determining the max-
imum number of features that can be eliminated at once (p), and the allowed increase

rate in OOB error defined by the user (o) are introduced in the proposed metamodel-
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ing procedure. While the last three parameters are related to the feature elimination
process, iter* locates the feature elimination procedure within the proposed metamod-
eling procedure. In other words, iter* determines at which iteration of the proposed
procedure the feature elimination procedure is applied for the first time. If iter”* is
set to a small number, the elimination procedure becomes active starting from the
early iterations of the proposed procedure. Due to the effect of the initial training
set on the metamodel performance, the importance scores of the features may not be
estimated correctly in the early steps of the proposed procedure in some data sets.
Therefore, small iter* holds the risk of unreliable elimination. On the other hand, if
a large number lower than iteration budget is selected as iter*, then the elimination
of all insignificant features may not be possible. Based on some analyses conducted to
figure out the best iter* value, we decided to activate the feature elimination proce-
dure when the training set size reaches to 70 (iter* = 5) in the experiments. Among
parameters controlling the feature elimination procedure, mm is used to manipulate

the mtry parameter of RF. The mtry parameter of RF metamodel is determined by

mitry = min(miryge faur * mm, k) (5.6)

where MmtrYgefaur is the default miry value and calculated by Eq 5.5, and k is the
number of remaining features. In the experiments, we compare the performances when
mm equals to 1 and 2. Secondly, p controls the elimination speed. The maximum
number of features that can be eliminated at once is determined by p depending on
the number of remaining features. When p is set to 0.5, the least important half of the
features are considered for elimination at first. If the set of selected features includes
important features, then the set is reduced. If p is set to a larger fraction, then more
than half of the features are selected for elimination. Since very large or very small p
values may cause inefficiency in the elimination process, values around 0.5 are suggested
for p. Consistently, in the experiments, we set p to 0.5. Lastly, o is introduced to
allow the user to manipulate the final set of significant features. The total number of
eliminated features tends to increase with o. Although considerably significant features

are potentially left at the end of the proposed procedure, the predictive performance
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of the metamodel can be negatively influenced due to the small number of remaining
features. In this study, since the importance scores of significant features are clearly
different from each other and much higher than the scores of the insignificant features,
any changes in the elimination decisions with respect to o are not observed. However,
o can be actively utilized in the metamodeling of high-dimensional simulation models
having parameters with different importance scores. Indeed, a similar notion to o is

also used in [16].

5.5.2. Analyses on iter*

The proposed metamodeling procedure starts with a small training data set. As
we found out in the previous experiments, in the early steps of the adaptive sampling
procedures (i.e. AdS_cvar), the performance of RF metamodel is highly influenced
by the training set. With additional informative instances joining to the training set
at each iteration, the prediction accuracy of RF metamodel increases and its feature
importance estimations become more reliable. Therefore, the importance ranking of
features can be unstable, especially, at the early iterations of the procedure. Besides,
the importance measure is also influenced by the mitry parameter of RF. If mitry is
selected poorly, the variable importance scores can be calculated inaccurately. Hence,
some significant features might be mistaken as insignificant or the reverse. After a
sufficient number of training instances are collected, the additional instances would

not lead to dramatic fluctuations in variable importance scores.

In Figure 5.10, the average importance scores of each feature over 10 replications
are represented for every iteration of AdS_cvar applied in three specific data sets among
11 training sets. The effect of tuning the miry parameter of RF is also visible. When
RF is trained with default mtry value, it fails to distinguish significant features (such
as density) from insignificant features in these specific data sets (data set 4, 6 and 9)
in the beginning. The importance scores of budget-multiplier-dummy, noise-dummy,
and tick-limit are estimated higher than the importance score of density at the first

iteration, in data set 4, 6 and 9, respectively. However, starting from the second
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Figure 5.10: Change in importance scores of features in three initial training sets.

iteration, the importance scores of significant features show increasing trends while
the importance scores of insignificant features keep the similar course. On the other
hand, if the mtry parameter of RF is tuned, RF can successfully distinguish between

significant and insignificant features even in the early steps.

However, it is desirable to come up with a rule of thumb value for iter* inde-
pendent of the mitry value. Moreover, in DSM, the separation between significant and
insignificant features is very apparent since we manually introduced dummy parame-
ters. For simulation models with a large number of parameters, the importance scores
of their corresponding features can be close to each other and identification of signifi-
cant features may require more sampling iterations. In such cases, problems regarding
the reliability of the feature elimination procedure can arise if elimination is activated

too early.

To suggest a general iter® value, we searched for the first iteration at which the

importance ranking of features does not dramatically change anymore. Therefore, we
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first assigned features into importance groups according to their importance scores so
that the small fluctuations in individual importance scores are ignored. Then, the
change in the ranking of the importance groups is monitored. If features stay their
importance groups and the ranking of the importance groups remains the same for
at least two iterations, it is assumed that elimination can start. We performed this
analysis on two data sets with five replications. Based on these 10 cases, it is observed

that fifth iteration is appropriate to start elimination.

Nevertheless, this observation mainly depends on the number of features (&),
I, and p. Therefore, a comprehensive suggestion should also consider these factors.
Consider that I, p, and k are 0.5, 11, and 6, respectively. Elimination can take place
at most three iterations in case five out of six features are insignificant (the number of
features left: 6—3—2—1). In other words, an elimination process starting at the fifth
iteration is able to eliminate all of the insignificant features and adaptive sampling can
be performed with the presence of only the significant features. For any setting, iter*
can be decided by taking these considerations into account. If there are k features,

and p is 0.5 then the maximum number of steps at which elimination takes place can

be calculated as E = [log, k.

Since adaptive sampling can perform better without insignificant features, se-
lecting at least F iterations for adaptive sampling to be applied only with significant
features sounds reasonable. Given that iteration budget (1) is larger than 2 % E, iter*
can be computed as I-2 x E. For instance, in the case of DSM, since there are six
features and [ is 11, iter® can be set to five (11-3*2 = 5). If there were eight features,
iter* would be three (11 — 2*4 = 3). In case iter™ is calculated as a very small number,
it is advised that the iteration budget should be increased for the sake of accuracy of

the metamodeling procedure.

As a result of these analyses, in the experiments, we set iter* to five.
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5.5.3. Results

Before moving to the comparative analysis of the proposed metamodeling proce-
dure with AdS_cvar, we first share the results of experiments we conducted to figure out
which elimination strategy suits the best for the proposed metamodeling procedure.
In Figure 5.11, the average performance of the proposed procedure at each iteration
over 11 data sets and 10 replications is represented based on the elimination strategy
in use. While the feature importance scores calculated at iter* (i.e. fifth iteration)
is considered for the rest of the iterations with NRFE, the importance scores of the
features are updated at every iteration with RFE. Figure 5.11 clearly points out that

there is no significant difference between RFE and NRFE regardless of mm parameter.

However, this result cannot be generalized. Due to the gap between the impor-
tance scores of significant features and insignificant features, the metamodel can easily
identify the insignificant features. Similarly, since the gap among the significant fea-
tures is considerably large in terms of importance scores (Figure 5.12), the importance
ranking of the significant features mostly does not change throughout the proposed
procedure. Therefore, NRFE and RFE perform almost the same in the experiments.
Unfortunately, our observations do not clearly point out the advantages and disad-
vantages of both RFE and NRFE. Still, it is important to show that NRFE or RFE
does not necessarily perform better than the other. We also confirm that the proposed

metamodeling procedure is able to eliminate all of the four insignificant features.

On the other hand, the influence of the mm parameter on the performance of
the proposed metamodeling procedure is visible on both Figure 5.11 and Figure 5.13.
Therefore, for the rest of the experiments, we monitor the performance for two differ-
ent mm values. We call the proposed procedure as AdS&Fe_ mm1 and AdS&Fe mm?2
when mm is set to 1 and 2, respectively. In Figure 5.13, the change in the average
performances of AdS&Fe, AdS_cvar, and OsS throughout the iterations are represented
based on the mtry value used in AdS and OsS. Each point is calculated by taking the

average RMSE of metamodels initially trained on 11 data sets and replicated 10 times.
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Figure 5.13: Average performances with OsS, AdS_cvar and AdS&Fe.

Figure 5.13 confirms that the elimination of insignificant parameters improves
the metamodel performance substantially. The average RMSE sharply decreases with
their elimination at the sixth and seventh iterations of AdS&Fe. In the end, AdS&Fe
reduces the mean RMSE of metamodels by roughly 60%. Also, the comparison be-
tween AdS_cvar with default mtry and AdS&Fe_mml is meaningful to comprehend
the contribution of feature elimination to metamodel performance since both utilize
RF metamodel with default mtry value. Even though they start with the same perfor-
mance (i.e. same initial training sets), AdS&Fe_mm1 achieves an accuracy level almost
1.8 times as high as AdS_cvar by getting rid of insignificant features, on average. Be-
sides, while the performance of AdS_cvar highly depends on mtry due to the presence
of insignificant features, AdS&Fe weakens this dependency by feeding the metamodel

only with significant features.

Figure 5.13 also demonstrates that AdS&Fe performs better when mm is 2. The
performance of AdS&Fe improves by about 30% with mm. Consistent with our find-
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ings in the previous experiments on sampling strategies, an mtry value larger than
the default significantly enhances the performance of the metamodel, on average. Al-
though mtry tuning considerably improves the performance of AdS_cvar (red solid
line), AdS&Fe_mm2 can achieve better performance. On top of that, AdS&Fe mm2
uses initially suboptimal mtry (until the seventh iteration) unlike AdS_cvar using the
best mtry. It is clear that AdS&Fe_mm?2 is superior to AdS regardless of mtry value
for DSM. Therefore, rather than spending time on tuning the mtry parameter of RF,
AdS&Fe can easily provide higher performance than OsS and AdS only by selecting

the mm parameter larger than 1.

Moreover, AdS&Fe mm2 shows a very competitive performance compared to
AdS_cvar applied for SM (AdS_cvar(SM)). To be clear, the dashed red lines in Fig-
ure 5.13 represent the performance of AdS_cvar when only significant features exist
from the beginning. Without any tuning efforts, AdS&Fe_mm?2 yields lower RMSE
than AdS_cvar(SM) does, on average. In other words, AdS&Fe_mm2 mitigates the
drawbacks of not tuning mitry parameter of RF metamodel by selecting a convenient
mm and easily manipulating mtry. More importantly, AdS&Fe_mm2 performs almost
as good as AdS_cvar(SM) applied with tuned mitry. This reveals that AdS&Fe_mm2
considerably recovers the performance loss due to the presence of insignificant features.
Overall, AdS&Fe helps to overcome the negative impacts of insignificant features on
sampling by discarding them and enabling the metamodel and sampling to focus only

on significant features.

A more detailed comparison between AdS_cvar(SM) and AdS&Fe_.mm2 can be
made based on Figure 5.14. While AdS_cvar(SM) is initialized with training sets having
only two significant features, initial training sets with additional four insignificant
features are used for AdS&Fe_mm?2. Also, while the performance of AdS_cvar(SM) is
calculated by using the best mtry value for SM, a suboptimal mtry value for DSM
is used to measure the performance of AdS&Fe_mm2 until the last iteration at which
elimination is realized (i.e. the seventh iteration of the procedure). At the first five

iterations, mm sets mtry to 4 while the best mtry is 6. At the sixth iteration, mtry
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becomes 2, which is still smaller than the best mtry. Starting from the seventh iteration,
mm sets miry to its tuned value. Even in these conditions, AdS&Fe_mm2 reduces the
RMSE value of the metamodel and provides a final performance almost as successful
as AdS_cvar(SM) does. Although AdS_cvar(SM) is more successful in reducing the
variance in the performance, the range of the final boxplot of AdS&Fe mm2 can be

considered small enough to ensure the robustness of the performance.
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Figure 5.14: Boxplots of test errors of metamodels trained with AdS_cvar and

AdS&Fe_mm?2.
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6. DISCUSSION

In the experiments, we evaluated the effect of various sampling strategies on meta-
model training and the performance of the proposed metamodeling approach compared
to the best sampling strategy selected. Besides, we discussed the impact of dummy
parameters on the performance of the metamodel and sampling. We also expanded

our experiments to monitor the influence of mtry parameter of RF.

We observed that adaptive sampling strategies such as AdS_sd and AdS_cvar gen-
erally decreases the variance in RMSE of RF metamodel over time. As the training set
grows in size, the performance of the metamodel becomes independent from the initial
training set. Moreover, AdS_sd and AdS_cvar achieve to provide the metamodel with
a highly informative, yet relatively small training set compared to OsS. Hence, AdS_sd

and AdS_cvar contribute to both robustness and the performance of the metamodel.

The comparisons between AdS_cvar and AdS&Fe point that feature elimination
can further enhance the performance of the metamodel. The elimination of the in-
significant features enables the metamodel to extract the information on the data set
better and improves the sampling process by highlighting the significant features. Be-
sides, the experiment confirmed that AdS&Fe is capable of distinguishing and removing
dummy parameters of DSM. As a result, AdS&Fe can almost recover the performance
loss caused by insignificant parameters. Moreover, robustness of AdS&Fe to mtry pa-

rameter of RF metamodel is stronger compared to AdS.

The metamodel accuracy is evaluated on a single test set including 100 instances
for SM and DSM, separately. When we measure the metamodel accuracy in larger test
sets having 200, 300, and 400 instances, we did not spot any considerable change in
the results. Therefore, the performance of the metamodels can be considered unbiased

regarding the size of the test set.
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Nevertheless, the results of experiments clearly showed that the performance of
the proposed metamodeling procedure highly depends on the mtry parameter of RF.
Especially when there are insignificant features in the data set, mtry plays a more
critical role in achieving a successful metamodel. Unless the mtry parameter of RF
metamodel is selected carefully, the proposed metamodeling procedure may not be
able to yield a satisfactory metamodel in terms of predictive performance. Unfortu-
nately, tuning the mitry parameter at the beginning of the procedure and after each
elimination can be quite computationally expensive, especially in the metamodeling of
high-dimensional simulation models. Therefore, instead of frequently searching for the
best mtry value, an mitry value larger than the default can also provide an RF meta-
model with competitive performance. The sampling strategy experiments revealed that
a sufficiently large mtry value enables RF to relieve the nuisance due to insignificant
features and construct more decision trees based on significant features. Although the
best mitry values for RF metamodels were equal to the number of parameters of SM
and DSM, this result cannot be generalized. Besides, selecting mtry equal to the num-
ber of parameters, indeed, decreases the diversity of the decision trees of an RF model
and reduces the potential performance gain obtained from averaging the predictions of
diverse decision trees. Also, it can slow down the metamodeling procedure. For these
reasons, an mtry value between the default and the number of features can be selected.
Depending on the number of features, an mtry value closer to the number of features

can be promising to obtain better metamodel accuracy.

Regarding the findings on mtry, we aimed to control the mtry parameter by
introducing a multiplier (mm) to the proposed metamodeling procedure. Selecting
mm more than one simply implies miry value larger than the default. The mitry
value can be also automatically set closer to the number of features by increasing the
mm value. The experiments showed that a good choice of mm can yield successful
metamodels without tuning of mtry. When mm is selected as 2, AdS&Fe surpasses
AdS _cvar applied for DSM and almost catches up AdS_cvar applied for SM in terms
of metamodel accuracy. On top of that, AdS&Fe can achieve such a competitive

performance with a suboptimal mitry value until the seventh iteration. Based on these



78

findings, the proposed metamodeling procedure can considerably mitigate the need for
parameter tuning to provide successful metamodels. For convenience, setting mm to 2
is potentially promising for regression. However, it is advised to increase mm according
to the number of features in classification as the default mtry is not proportional to

the number of features in classification.

In addition to mtry, we also examined the effect of the ntree parameter of RF.
However, unlike mtry, ntree had a little influence on the metamodel performance.

Therefore, we did not detail our experiments on the ntree parameter.

Settles [31] claims that diversity among A unlabeled instances selected at each
iteration (i.e. training candidates) generally contributes to achieving better results.
Therefore, we checked the effect of the diversity among h unlabeled instances selected
at each iteration (i.e. training candidates) by conducting small-scale experiments.
We monitored the change in the metamodel accuracy with respect to the number of
randomly picked instances within training candidates in the proposed metamodeling
procedure (AdS&Fe). It is observed that diversity within the training candidates ob-
tained by replacing the least informative instances with randomly selected instances
does not promote the performance of the metamodel. As the number of randomly
picked instances increases in the training candidates, the accuracy of the metamodel

decreases.

Although segregation model is a good choice to test a metamodeling approach due
to its structural simplicity and behavioral complexity [27], the small number of model
parameters and the clear separation between these parameters in terms of their influ-
ence on the output did not let us examine the impact of some elements of the proposed
procedure. For instance, we did not observe any difference between the performances
of NRFE and RFE strategies. Similarly, changing the values of some parameters of
the proposed procedure such as o and p did not result in obvious differences in the
proposed metamodeling procedure. However, for a high dimensional simulation model,

NRFE and RFE strategies may bring about different performances and the parameters
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such as o and p can potentially affect the metamodeling procedure.
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Figure 6.1: The possible risks resulted from the different / and h combinations.

Apart from the discussions on the performance of the proposed metamodeling
procedure, discussions on the efficiency of the proposed procedure are also worthy.
The duration of a single application of the proposed procedure mostly depends on the
total number of simulations executed during the procedure and the average runtime
of each simulation execution. Firstly, the total number of simulations is controlled by
two parameters of the proposed procedure: the iteration budget (I) and the number of
the training candidates selected at each iteration (h). For the sake of the efficiency of
the proposed procedure, I and h should be selected accordingly. The possible risks of
the different I and h combinations are described in Figure 6.1. Secondly, the average
run length of simulations is generally higher when adaptive sampling strategies are
employed. A simulation run lasts until either the the stopping criterion (i.e. Everyone is
happy) is fulfilled or the run length limit (100 time steps) is hit. Since adaptive sampling

generally selects instances leading to dramatic changes in the output [7], the evaluation
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of their outputs in the simulation model mostly requires longer time and generally
terminates at the 100th time step. Therefore, the proposed metamodeling procedure
produces the final data set with 100 instances in a longer time compared to a space-
filling one-shot strategy. However, the proposed procedure achieves higher metamodel
accuracy than OsS starting from the seventh iteration, on average. This means that
the metamodel accuracy obtained with OsS can be achieved in a shorter time with the
proposed procedure. From another perspective, if OsS is wanted to achieve the same
the metamodel accuracy obtained with the proposed procedure, the size of the training
set should be considerably increased so that informative instances are included in the
training set. Since the proposed procedure can provide higher accuracy with a smaller
data set, it can be said that the proposed procedure is more efficient than the one-
shot sampling. Similarly, the proposed procedure achieves better performance than
adaptive sampling without elimination starting from the seventh iteration, on average,
although their run times do not significantly differ in the experiments. However, we
expect that the proposed procedure would last shorter than adaptive sampling without

elimination when applied to a high-dimensional simulation model.
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7. CONCLUSION AND FUTURE WORK

In this study, we aimed to develop an efficient and user-friendly metamodeling
procedure combining adaptive sampling and feature elimination strategies so that a
modeler or analyst can benefit from the proposed procedure in model analysis and
exploration. Although we performed the automatized procedure on a small agent-based
model, we tried to propose a general procedure also applicable to high-dimensional
and complex simulation models. Indeed, we discussed each component of the proposed
procedure such as the metamodel, adaptive sampling, and feature selection strategies
with the underlying reasons behind the selected methods in each component. Therefore,
a careful researcher can easily adapt the proposed procedure to a wide range of complex

models by selecting appropriate methods.

To show the advantages of the proposed metamodeling procedure, we performed
two sets of experiments. Firstly, we compared the sampling strategies in terms of
metamodel accuracy and choose the best sampling strategy to use in the proposed pro-
cedure. Therefore, in the second set of experiments, we were able to easily assess the
importance of feature elimination on achieving a good metamodel performance. Over-
all, we observed that adaptive sampling based on standard deviation and coefficients of
variation perform better than one-shot sampling in terms of metamodel accuracy and
reliability. The proposed metamodeling procedure can further boost the performance
of the metamodel by successfully eliminating the insignificant features (i.e. dummy pa-
rameters in a simulation model). On top of that, the proposed procedure can alleviate
the negative effects of insignificant features on metamodel accuracy. Furthermore, the

procedure does not even require exhaustive hyperparameter tuning of RF.

The main advantage of the proposed procedure results from the simultaneous
application of the adaptive sampling and feature elimination strategies. The feature
elimination strategy simplifies the metamodel gradually and lets the metamodel focus

on significant features. The concise metamodel can assess the informativeness of the
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unlabeled instances more accurately and the sampling can feed the metamodel with
more informative instances. Moreover, since the feature elimination strategy can reduce
the dimensionality of the simulation model, the proposed procedure can potentially
mitigate the curse of dimensionality in the metamodeling of simulation models with a

large number of parameters.

Consequently, the proposed metamodeling procedure can produce a metamodel
that sufficiently approximates the dynamics embedded in the simulation model. The
metamodel can inform the modeler and analyst about the important parameters condi-
tioning a specific model behavior and contributes to the interpretability of the simula-
tion model. Moreover, the procedure provides a high-quality data set that can be used
in further analyses. As a result, modelers and analysts can utilize the proposed proce-
dure to reduce the time required for comprehensive model analysis, to gain awareness
about the model behaviors and to detect the model parameters conditioning the model
behavior. If the RMSE of the metamodel is small enough, the metamodel can be even

used as a policy simulator.

While developing this metamodeling procedure, we focused on achieving a highly
accurate metamodel without sacrificing from the efficiency and user-friendliness of the
metamodeling procedure. At the same time, we sought to provide insights into the
parameters and dynamics of the simulation model. Hence, our decisions regarding the
selection of metamodel, sampling strategy, and feature selection strategy are mainly
made based on these considerations. To encourage analysts/modelers to use the pro-
posed procedure, we favored a self-sufficient metamodeling procedure. All the compo-
nents of the proposed procedure are chosen consistently and coherently. As a result,
we built the proposed metamodeling procedure with RF metamodel, QBC sampling
framework, and permutation-based VIM. However, depending on the users’ concerns
and the characteristics of the data sets, different methods can be used instead of the

ones we selected.
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Similarly, the performance of the proposed procedure can be potentially further
improved with alternative methods. For instance, XGBoost, which stands out with its
fast and successful performance, can be replaced with RF metamodel and its variable
importance measure can be utilized instead of permutation-based VIM. As future work,
the variants of the proposed metamodeling procedure can be compared in terms of

metamodel accuracy and efficiency of the procedure.

In this study, we did not inspect the modality of the output although Edali and
Yiicel [7] state that multimodality in regression settings is likely to restrict the meta-
model from successfully approximating the simulation model with continuous output.
However, they also found that the segregation model has a unimodal output distri-
bution, meaning that there is no need to make any transformation in the output to
obtain a successful metamodel. Yet, when the proposed metamodeling procedure is ap-
plied to a different simulation model, it is suggested to perform modality detection on
the model output to obtain better metamodel performance. Similarly, if the proposed
metamodeling procedure is applied to a simulation model with categorical variables, the
balance between the classes of the output should be considered in metamodel training
and sampling for better predictive performance. In summary, extensions regarding the
multimodality and class imbalance problems can be added to the proposed procedure
in the future to support the applicability of the proposed procedure to a wide range of

simulation models.

Finally, the proposed metamodeling procedure should be performed on a large
simulation model in the future. The proposed procedure can potentially overcome the
curse of dimensionality due to the presence of the insignificant features and obtain
an efficient metamodel of a high-dimensional simulation model. Due to the limited
computational resources, we were not able to test the performance of the proposed
procedure on a high-dimensional and large-scale simulation model. However, the extent
of the benefits of the proposed metamodeling procedure can only be measured by

applying the procedure to a high-dimensional simulation model.
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APPENDIX A: DETAILED METAMODEL
PERFORMANCES OBTAINED IN THE EXPERIMENTS

The RMSE values of metamodels yielded with different sampling strategies are
represented in Table A.1 and Table A.2 for segregation model (SM), and in Table A.3
and Table A.4 for segregation model with dummy parameters (DSM). In all of these
tables, each column reports the average RMSE of metamodels replicated 10 times for
each of initial training set. While Table A.1 and Table A.3 show RMSE values of
metamodels constructed with default mtry (1 for SM, 2 for DSM), Table A.2 and
Table A.4 demonstrate the RMSE values obtained with tuned mitry (2 for SM, 6 for
DSM).

The first column (Initial Training Set) implies 11 large training sets for OsS and
11 small initial training set for iterative sampling strategies such as RdS, AdS_range,
AdS_sd, and AdS_cvar. Since the initial training set expands with iterative sampling
strategies, metamodels are trained on different final training sets in each replication.
As a result, RMSE values corresponding to iterative sampling strategies incorporate 10
metamodels trained on different training set with 100 instances, whereas OsS column
reports the average test performance of 10 metamodels trained on the same training

set with 100 instances.



Table A.1: Results for SM when mtry = 1 (default mtry).
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Initial Training Set OsS RdS AdS_range| AdSsd | AdS_cvar
1 5.0036 4.9091 4.6447 3.9445 3.9183
2 5.0368 7.2038 4.8039 3.9440 3.8493
3 6.0812 6.5074 4.7690 3.8770 3.8324
4 4.9335 6.0501 5.5081 4.0009 3.9784
5 5.1938 5.3212 4.7234 3.9025 4.0202
6 4.4699 5.7615 4.6998 3.8820 3.8049
7 5.2972 6.2891 4.9895 4.1020 4.0129
8 5.7374 6.1333 5.2652 4.2258 4.4588
9 5.4510 5.8751 5.9189 4.6852 4.4454
10 5.2928 5.8831 4.3533 3.6927 3.8991
11 5.9927 6.4139 4.8691 4.0541 4.0446

Avg 5.3173 6.0316 4.9586 4.0282 4.0240
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Table A.2: Results for SM when mitry = 2 (tuned mtry).

Initial Training Set OsS RdS AdS_range| AdSsd | AdS_cvar
1 4.6383 3.9646 3.2642 2.7588 2.9400
2 3.2822 5.9589 3.3312 3.0680 3.2984
3 5.1630 5.1934 3.3115 3.0022 3.0932
4 4.1701 4.6637 3.7426 3.7143 3.7395
5 4.4143 3.7680 2.8626 2.7878 2.9742
6 3.6601 4.6300 3.1050 2.8673 2.9129
7 4.8342 5.1810 3.4110 3.1646 3.3523
8 4.2149 4.5562 3.6031 3.3266 3.4238
9 5.5445 4.7837 3.7211 3.5221 3.5055
10 5.0629 4.6890 3.2118 2.9785 3.1728
11 5.7147 4.5838 2.9188 2.8401 2.9622

Avg 4.6090 4.7248 3.3167 3.0937 3.2159




Table A.3: Results for DSM when mitry = 2 (default mtry).
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Initial Training Set OsS RdS AdS_range| AdSsd | AdS_cvar
1 8.7582 10.6867 10.6787 10.1164 10.2219
2 10.3836 10.5871 9.4757 9.3275 9.4841
3 9.7926 10.1369 9.7676 9.2342 8.9752
4 8.6714 9.5538 9.9972 9.4828 9.0906
5 9.0293 10.7761 9.3063 8.6268 8.6962
6 9.7891 10.6541 9.6449 8.7959 8.9388
7 9.6213 11.5540 9.8370 9.2394 9.6207
8 9.0962 9.9926 9.2738 8.4608 8.1543
9 10.0131 10.9068 10.1084 9.2711 9.3930
10 8.7343 9.4368 9.4946 8.5358 8.6196
11 9.2831 9.7554 9.9086 9.4749 9.1039

Avg 9.3793 10.3673 9.7721 9.1423 9.1180




Table A.4: Results for DSM when mitry = 6 (tuned mtry).
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Initial Training Set OsS RdS AdS_range| AdSsd | AdS_cvar
1 4.3669 5.4655 6.2960 4.8680 4.0573
2 6.6235 5.6158 5.5625 4.6363 3.9061
3 6.2359 5.3224 5.0072 4.4078 4.2208
4 4.1164 5.7961 4.7985 4.6031 4.1841
5 3.8428 5.9165 4.2643 3.9765 3.8331
6 4.1570 5.2941 3.9040 4.0827 3.7938
7 5.1022 6.5954 4.5944 4.4024 4.1616
8 4.9667 6.7536 4.0446 3.9599 3.6739
9 4.5028 5.4478 5.1625 4.3669 4.0757
10 3.8010 4.1910 4.3598 4.1174 4.0547
11 5.0657 4.9226 6.2118 4.8501 4.4379
Avg 4.7983 5.5746 4.9278 4.3883 4.0363
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Table A.5 represents the RMSE values of metamodels obtained with the proposed
metamodeling procedure utilizing different mm and elimination strategies for each
initial training set. KEach value in the table show the average RMSE values of 10

replications.

Table A.5: Results obtained with the proposed metamodeling procedure.

NRFE RFE NRFE RFE
Initial Training Set
(mm=1)| (mm=1)| (mm=2) | (mm =2)

1 6.3052 5.9749 3.1565 2.9330
2 4.6108 4.7179 3.6347 3.7030
3 4.8301 4.9212 3.1505 3.1437
4 4.1988 4.3200 3.5032 3.3337
5) 4.3852 4.4074 2.8887 2.8398
6 4.1600 4.2696 3.0476 3.0999
7 5.3273 5.2421 3.2780 3.2117
8 4.7146 4.6977 3.3547 3.4025
9 4.7890 5.0190 3.3290 3.3138
10 4.1567 4.3232 2.9057 2.9137
11 5.1885 5.0899 4.0264 4.0456
Avg 4.7878 4.8166 3.2977 3.2673
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APPENDIX B: PSEUDO-CODE OF THE PROPOSED
METAMODELING PROCEDURE

The pseudo-code of the proposed metamodeling procedure with adaptive sam-

pling and feature elimination strategy is represented in Fig. B.1.

Inputs : I,p, h,iter*, o
Outputs : 7', M
1: Generate initial 7" by using maximin LHS and the simulation model;
2: iter < 1;
3: while iter < I do
4:  Train M on T with feature set f;
5. Set OOB as OOB error of M;
6: Report RMSE of M on test set;
7. if dter # I then

8: Generate U by using maximin LHS considering feature set f;

9: Obtain predictions made by decision trees of M for all in U;

10: Calculate v, for each instance in U by using Eq. 5.4;

11: Decide ¢ by selecting h unlabeled instances with the highest v, by using
Eq 4.1;

12: Obtain C' by querying the outputs of ¢ through simulation runs;

Figure B.1: Pseudo-code of the proposed metamodeling procedure (RFE).



96

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24

25:

26:

27:

28:

29:

30:

31:

32:

33:

34:

35:

36:

37:

38:

39:

if iter > iter* and k£ > 2 then
check_elim < TRUF,
Set k£ to the number of features in feature set f ;
Update rank of feature set f;
elimater < 1,
while check_elim do
Calculate k' by using Eq. 4.4;

Obtain feature set f’ by eliminating &’ features with the lowest ranks

from f;
Train M’ on T with feature set f;
Set OOB’ as OOB error of M’;
if OOB’ < OOB * (1 + 0) then
[ 1
check_elim < FALSE;
else
Calculate k)., by using Eq. 4.4;
if £/ _,, == K then
check_elim < FALSE;
else
elim_iter < elim_iter + 1;
end if
end if
end while
end if
T<~TucC

iter = iter + 1
end if

end while

Figure B.1: — (cont.)



