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ABSTRACT

METAHEURITIC APPROACH FOR OPTIMAL DATA PRE-PROCEING
METHOD ELECTION

CAE TUDY: MIING VALUE HANDLING

aied Farham-Nia

Industrial Engineering, Master’s Thesis, December 2022

Thesis upervisor: Assoc. Prof. Dr. Kemal Kiliç

Keywords: Data Pre-Processing, Missing Values Handling, Metaheuristic
Approach, simulated Annealing Algorithm

The current big data era has given rise to many pioneering opportunities both in
research and in practice. However, despite the potential benets, there are also
signicant challenges in employing the observed data for mining information and
creating value based on informed decisions. Indeed, the quality of datasets, as a
crucial factor, has become a major challenge and a focus area beyond the elds of
database management systems and data engineering. Handling missing values in
datasets as a pervasive and unavoidable phenomenon is still the subject of active
research. While scientists and practitioners in the elds of statistics and machine
learning have introduced various approaches and developed methods, still there is
great room for improvement. In this research, a systematic approach for handling
the missing values is proposed in which the appropriate method for each feature of
a dataset is selected according to the downstream data analytic task in an auto-
mated manner. In this regard, a simulated annealing based meta-heuristic has been
developed which assigns the appropriate one of the seven commonly used miss-
ing value handling methods, namely; Mean/Mode/Median Imputation, Hot-Deck,
K-NN, Bayesian Ridge Regression Imputation, and Random Forrest Regression Im-
putation to each feature. Experimental analysis are conducted on four dierent
datasets and the performance of the proposed approach is tested at dierent levels
of missingness. The results demonstrate that the proposed approach outperforms
the seven methods when they are employed separately. The results imply that a
wholesale approach which is based on choosing the best missing values handling
method for a particular dataset should be granularized and features should be ad-
dressed separately during the missing data handling stage.
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ÖZET

OPTIMUM VERI ÖN İŞLEME YÖNTEMI EÇIMI İÇIN METAEZGIEL
YAKLAŞIM

VAKA ÇALIŞMAI: EKIK DEĞERLERIN ELE ALINMAI

aied Farham-Nia

Endüstri Mühendisliği, Yüksek Lisans Tezi, Aralık 2022

Tez Danışmanı: Assoc. Doç. Dr. Kemal Kiliç

Anahtar Kelimeler: Veri Ön İşleme, Eksik Değerleri İşleme, Üst ezgisel yanaşmak,
benzetilmiş tavlama algoritması

Yaşamakta olduğumuz büyük veri çağı, hem araştırma hem de uygulamada sayısız
fırsatın ortaya çıkmasına neden olmuştur. Bununla birlikte, potansiyel faydalarına
rağmen, eldeki verideki saklı bilginin ortaya çıkarılması ve bilgiye dayalı kararların
verilmesi sürecine yönelik önemli derecede zorluklar bulunmaktadır. Bu yüzden de
verinin kalitesi, veritabanı yönetim sistemleri ve veri mühendisliği alanlarının öte-
sinde büyük bir zorluk ve odak alanı haline gelmiştir. Yaygın ve kaçınılmaz bir şe-
kilde bir çok uygulamada karşımıza çıkan veri kümesindeki eksik değerlerin yarattığı
sorunların giderilmesi, halen üzerinde aktif olarak çalışılan bir araştırma konusudur.
İstatistik ve makine öğrenimi alanlarındaki bilim insanları ve uygulayıcılar bu kap-
samda çeşitli yaklaşımlar ve yöntemler geliştirmiş olsalar da, hala iyileştirme için çok
yer vardır. Bu araştırmada, veri kümesinin her bir özniteliği için uygun olan eksik
veri giderme yönteminin bir meta sezgisel yöntem kullanılarak sistematik bir şekilde
belirlendiği bir yaklaşım önerilmiştir. Bu bağlamda, yaygın olarak kullanılan yedi
eksik değer giderme yönteminden uygun olanı atayan benzetilmiş tavlama tabanlı
bir meta-sezgisel geliştirilmiştir; Her özellik için Ortalama/Mod/Medyan Değerlen-
dirmesi, Hot-Deck, K-NN, Bayesian Ridge Regresyon Değerlendirmesi ve Rastgele
Forrest Regresyon Değerlendirmesi. Dört farklı veri kümesi üzerinde deneysel ana-
lizler yapılmış ve önerilen yaklaşımın performansı farklı eksiklik seviyelerinde test
edilmiştir. onuçlar, önerilen yaklaşımın, ayrı ayrı kullanıldıklarında yedi yöntem-
den daha iyi performansı olduğunu göstermektedir. Bu araştırmanın bulguları, be-
lirli bir veri kümesi için en iyi eksik değeri giderme yönteminin seçilmesine dayanan
toptan bir yaklaşımın ayrıntılandırılması gerektiğini ve eksik değerlerin giderilmesi
aşamasında özelliklerin ayrı ayrı ele alınması gerektiğini göstermektedir.
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1. INTRODUCTION

The data revolution is transforming the all aspects of our lives. In tune with that,
data analytics as a systematic computational approach in the pursuit of extracting
meaningful knowledge from raw data in order to create value has received much
attention in recent years, such that its use cases cover all aspects of life and the
opportunities seem to be endless. Although scientists and practitioners who have
embraced data analytics and engaged in inferring or fact-based decision-making —
whether at an individual or an organizational level— have experienced tremendous
value creation, employing it has its own challenges, limitations, terms of use, and
prerequisites.

The quality and performance of predictions and decisions made through data-driven
models not only depend on the performance of an employed method, but also toughly
depends on the suitability and quality of the utilized dataset. Based on the survey
that O’Reilly conducted in 2021, the second most signicant barrier to AI adoption
in enterprises was the availability of quality data (Loukides, 2021). Anomalies such
as noise, missing values, outliers, dimensionality, inconsistent data, irrelevant data,
redundant data, and huge sizes of instances can aect the learning process and
knowledge extraction results.

Data pre-processing, as a mandatory and necessary step, refers to the set of methods
and techniques that converts the initial dataset into a new dataset which can serve
as a proper input for a certain Data Analytics (DA) algorithm (García, Ramírez-
Gallego, Luengo, Benítez & Herrera, 2016). While data pre-processing dealt with as
the most time-consuming task —takes up to 80% of the whole analytical process in
most of the typical data mining and machine learning projects (El-Amir & Hamdy,
2020)— it is an often over neglected topic in research.

One of the most frequent and perennial problems regarding dataset quality is miss-
ing values. Missing value refers to a situation in which the data or data features
are not completely available (Lin & Tsai, 2020). Missing values might occur in a
dataset due to; 1. Data collection errors such as not collecting property or losses
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during the process because of equipment failure, human error, or problems with the
data collection protocols, 2. Data entry errors such as a situation where data is
manually entered into a computer, typos, transposition of digits, or other mistakes,
3. Nonresponse, etc (allaby & Azlan, 2021). Although statistics and data sciences
literature have developed theoretical frameworks and guidelines for dealing with dif-
ferent types of missing values since the 1970s (Rubin, 1976), this issue has not been
addressed yet enough.

Most of the eorts made in this eld have followed one of the following approaches
or a mixture of them; 1. ome of them have introduced a novel framework or new
methods and techniques to estimate the missing values which has considered the
dataset as a whole and applied one specic method on all data features (Mostafa,
Eladimy, Hamad & Amano, 2020),(Raja, asirekha & Thangavel, 2020), (Buuren &
Oudshoorn, 2000). Figure 1.1 illustrates the schematic of this approach. As each
feature of a dataset has its own nature and may dier from the others (such as units,
missing values’ distribution, missingness ratio, etc.), it would not be appropriate to
treat them all in the same manner with one method. 2. The other group have
tried to nd the best missing values handling method among a series of methods by
comparing the performance of the methods on a specic data analytics task such
as classication or clustering in one or multiple datasets (Fu, Liao & Lv, 2021),
(Mostafa et al., 2020). Figure 1.2 illustrates the schematic of this approach. The
main problem with research which have followed this approach is that although
the results of such surveys are reliable for the investigated cases, they cannot be
generalized, and in the case of change in data or the downstream data analytics task,
the result is no longer reliable and the whole process must be repeated manually to
nd out the best method.

Figure 1.1 Approach 1.
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Figure 1.2 Approach 2.

Recently, with the advent and expansion of Machine Learning Operations (MLOps)
as a set of practices and tools that automate and integrate the processes between ML
developments and implementations to automate ML pipelines (AutoML) in a reliable
and ecient way (ymeonidis, Nerantzis, Kazakis & Papakostas, 2022), the need for
a systematic approach to performing data pre-processing is more than ever. In a
manual machine learning approach, the process ow from raw data pre-processing,
to feature selection, learning model selection, model training, and then performing
hyper-parameter optimization to maximize the predictive performance of the model.
On the other hand, AutoML simplies these challenging manual steps and enhances
the eciency and eectiveness of machine learning practices. Generally, Automated
Machine Learning (AutoML) refers to the automated end-to-end process of applying
machine learning in real and practical scenarios (He, Zhao & Chu, 2021).

Considering the research have done so far and the realities of the world of practice,
the need for a systematic approach that carries out the missing values handling in
a feature-wise manner while considering the downstream data analytic task, and
provides the optimal combination of methods automatically is evident. In this re-
search, we aimed to ll this gap by approaching the data pre-processing, specically
missing values handling issues in an automated and systematic way (Figure 4.1).

Figure 1.3 Proposed Approach
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1.1 Problem Statement

Consider a tabular dataset D :M ∗N , where M represents rows that corresponds to
a given record/instance/observation and N represents columns that corresponds to a
particular variable/feature regarding instances which is also called the dimension of
the dataset. The ultimate objective of all KDD processes is to conduct a downstream
data analytic task T with the performance evaluation metric P such that the pre-
processing task aims to provide proper data so as to reach the optimum value of
P .

Each feature that contains values can have a dierent attributes from the rest of
the features such as 1. type of values (Nominal, Ordinal, Discrete, Continuous), 2.
units, 3. distribution of values, 4. number or portion of anomaly (missing values,
outlier, etc.) 5. distribution of anomalies 6. the mechanism and cause of the
anomaly, etc., such that these dierences lead to the situation where one specic
data pre-processing method —missing values handling method in particular for this
research— could not be the best performer for handling all features.

Considering each feature as an independent member of the entire dataset in that
it can take a dierent method for handling missing values than the others, given
K possible dierent missing values handling methods for each feature, what is the
best combination of missing values handling methods for the dataset D so that P
is optimized?

1.2 Research Objectives and Motivations

Missing values is a common problem that arises in many real-world data sets caus-
ing severe problems and biases. The way missing values are handled can have a
signicant impact on the analysis results. Therefore, nding eective ways to deal
with them is critical for accurate analysis and decision-making based on data.

The purpose of this research is rst and foremost to promote greater mindfulness
about data pre-processing and more specically missing values handling. The second
objective of our research is to focus on this latter problem, aiming to target the issue
in a systematic and automatic way.

A few of the many motivations to use such an approach are increasing simplicity
by automating, enhancing eciency and eectiveness, improving results by system-
atizing, and providing accessibility to a wider range of users, including those who
may not have the necessary expertise or resources for utilizing and testing dierent
methods to get the sucient results.
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1.3 Research Contribution

The main contribution of this research includes the following three headlines:

1. Handling missing values in a dataset feature-wise rather than dataset-wise,

2. Finding the optimal combination of missing values handling methods for a dataset
with respect to the performance of a downstream data analytic task,

3. Performing the mentioned process in a systematic and automated manner.

1.4 Flow of the Thesis

The rest of this thesis is organized as follows; Chapter 2 includes the literature
review and related works on missing values handling approaches and methods, and
continues in chapter 3 explaining the proposed approach to overcome the stated
problem and an overview of the missing values imputation methods employed in
this study. A detailed description of the experiments and obtained results follow in
chapter 4. Chapter 5 highlights the key ndings, draws conclusions, and provides
suggestions for future studies.
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2. LITERATURE REVIEW

In this chapter, we present a concise review of Data Pre-Processing and a compre-
hensive review of missing values handling approaches and methods.

2.1 Data Pre-Processing

Knowledge discovery in databases (KDD) is the process of identifying valid, mean-
ingful, and practical patterns from massive and complex datasets in a systematic and
iterative manner which includes three main tasks; data pre-processing, data mining
(DM), and data post-processing (Fayyad, Piatetsky-hapiro & myth, 1996). A
great number of researchers have claimed that data pre-processing techniques are
one of the most crucial and inuential steps in the process of KDD (García, Lu-
engo & Herrera, 2016) and are being developed and utilized as a part of the eort
to improve the performance of DM techniques (Benhar, Idri & Fernández-Alemán,
2019).

In breaking down the tasks of data mining projects, data scientists of IBM have
claimed that they allocate 80% of time and eort to data pre-processing and 20%
to other tasks (Gabernet, 2017), which is almost the same ratio in other studies
(Kurgan & Musilek, 2006).

The main objective of preprocessing is to address issues with the imperfections and
challenges inherent in raw data such as noise, inconsistencies, outliers, missing data,
high dimensionality, and imbalanced data. The Data Pre-processing tasks can be
categorized into ve main categories: 1. data cleaning, 2. data reduction, 3. data
transformation, 4. data integration, and 5. data balancing (García et al., 2016;
Haixiang, Yijing, hang, Mingyun, Yuanyue & Bing, 2017). Data cleaning refers to
processes of handling missing values, identifying and treating outliers, detecting and
eliminating noises, and reducing and correcting inconsistencies (for further informa-
tion see: (Ilyas & Chu, 2019)). The concept of data reduction refers to reducing the
number of features in a data set, which is usually achieved through feature selection,
feature extraction, or discretization. (for further information see: (Jović, Brkić &
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Bogunović, 2015). The data transformation involves normalizing continuous data to
decrease large-scale dierences between attributes, as well as encoding categorical
data (for further information see: (García, Luengo & Herrera, 2015)). Data inte-
gration deals with the process of bringing together data from disparate sources and
combining them to provide a unied and coherent dataset (for further information
see: (Dhayne, Haque, Kilany & Taher, 2019)). The data balancing task primarily
deals with the problem of imbalanced classes and is utilized when one class has more
instances than the others to adjust the uneven distribution of classes (for further
information see: (Haixiang et al., 2017)).

Handling missing values is the focus of the remaining part of this literature review.

2.2 Handling Missing Values

The process of KDD has a great inuence on and from data. The missing values in
datasets, is one of the common problems in research studies, as well as real-world
decision-making, especially in the eld of Data Analytics (allaby & Azlan, 2021).
Missing values in the dataset aect the quality of the dataset as a data mining
process’s input which can impact the performance of our models and can cause
a signicant amount of inaccuracies in results obtained through data mining and
machine learning tasks.

The missing value problem in datasets may be caused by many factors such as
human errors, data inaccessibility, or even from a virus in the database (allaby
& Azlan, 2021). According to the literature, based on the typology of missingness
mechanisms —i.e; the cause of missing values existing in a dataset— can be classied
into various types, and the most common ones are the followings:

• The missing completely at random (MCAR): Missingness does not depend
on the observed or missing values of the dataset and the probability of being
missing is the same for all cases.

• Missing at random (MAR): The missingness does not depend on the data
that are missing but depends only on observed data of the dataset and the
probability of being missing is the same only within groups dened by the
observed data.

• Missing not at random (MNAR): The missingness depends on both missing
and observed data and the probability of being missing varies for reasons that
are unknown to an observer (Rubin, 1976).

• Missing structurally (M): Missingness is due to the fact that it does not exist
7



and ought not to be in the dataset, for example; the youngest kid’s age for a
person who does not have a kid (Tripathi, Rathee & aini, 2019).

ince these dierent types of anomalies generally arise from dierent sources, the
handling of missing data must be carefully considered when extracting knowledge
from a given dataset is the objective. In order to overcome the problematic phe-
nomenon of missing values, researchers and analysts must choose either deletion
(discarding missing values/data) (Lin & Tsai, 2020) or imputation (Fu et al., 2021).

Deletion handles the missing values through the process of exclud-
ing/discarding/eliminating observations with incomplete information by dropping
the case (known as case deletion, Row-wise deletion, or complete-case analysis)
or eliminating the feature (Column-wise deletion). Most of the time when the
dataset is large enough and the MCAR assumption is met, it might be feasible to
use list-wise deletion, otherwise, it results in biasness due to information loss. The
column-wise deletion method produces relatively low-biased results when applied to
MCAR and MAR datasets, however, this method can reduce the statistical power
of further analysis. (Williams, 2015).

On the other hand, in the case of imputation, a missing value is replaced with a
value that has been estimated by using statistical and machine learning methods
based on information contained in the dataset (Lin & Tsai, 2020). On the basis
of the number of imputed values, imputation methods are classied into single and
multiple imputation methods (Lin, Li, Alam & Ma, 2020). ingle imputation meth-
ods are a simple approach that replaces missing values for each individual value by
using a quantitative attribute or qualitative attribute of all the non-missing values
such as mode, mean, or median. mean/Mode/Median imputation, Hot-Deck Im-
putation, Regression, and Expected Maximization are some of the examples. This
group of methods needs less computation and is easy and fast to use but when used
with high-dimensional data sets, these methods may lead to unrealistic or biased
results (Jerez, Molina, García-Laencina, Alba, Ribelles, Martín & Franco, 2010).
To overcome the limitations of single imputation methods, the multiple imputation
methods use the observed data distributions to approximate multiple values which
reect the uncertainty around the true value. Decision tree, VM, KNN, random
Forrest, clustering imputation, etc. are examples of multiple imputation methods
(Emmanuel, Maupong, Mpoeleng, emong, Mphago & Tabona, 2021).

Based on the construction approach used for imputation, methods can be categorized
as machine learning-based (or model-based) and statistics-based methods (Lin &
Tsai, 2020). The most common methods of both approaches —often called classic
or standard methods— are as listed in Table 2.1.
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Table 2.1 The Main tatistical-based and Machine Learning-Based Imputation
Methods.

Statistics-Based Machine Learning-Based
Expectation maximization (EM)
(Ghorbani & Desmarais, 2017)

Random forest (RF) (hah, Bartlett,
Carpenter, Nicholas & Hemingway,
2014; Tang & Ishwaran, 2017)

Hot deck (HD) (Reilly, 1993) Articial neural networks (ANN)
(Kuligowski & Barros, 1998)

Multiple imputation (MI) (Hassani,
Kalantari & Ghodsi, 2019)

upport vector machine/regression
(VM/VR) (García-Laencina,
ancho-Gómez & Figueiras-Vidal,
2010; Lorenzi, Mercier & Melgani,
2012)

Mean/mode/median (Bertsimas,
Pawlowski & Zhuo, 2017; Humphries,
2013)

K-nearest neighbor (KNN) (Malarvizhi
& Thanamani, 2012)

Gaussian mixture model (GMM) (Yan,
Xiong, Hu, Wang & Zhao, 2015)

Decision tree (DT) (Nikfalazar, Yeh,
Bedingeld & Khorshidi, 2020)

cold deck imputation (Farhangfar,
Kurgan & Pedrycz, 2007)

Clustering (Nikfalazar et al., 2020;
Zhang, Zhang, Zhu, Qin & Zhang,
2008)

Linear discriminant analysis (LDA)
(Farhangfar et al., 2007)

Association rule (AR) (Li, haraf, it-
bon, adiq, Indulska & Zhou, 2014)

Linear/logistic regression (LR)
(Farhangfar et al., 2007; Peng &
Zhu, 2008)

Genetic algorithm (GA) (García, Kale-
natic & Bello, 2011)

Least squares (L) (Zhang, ong, Wang
& Zhang, 2008)

Rough set theory (RT) (Clark,
Grzymala-Busse & Rzasa, 2014)

Markov chain Monte Carlo (MCMC)
(Ding & Ross, 2012)

Multilayer perceptron (MLP) (Gautam
& Ravi, 2015)

Naïve Bayes (NB) (Van Ginkel, Van der
Ark, ijtsma & Vermunt, 2007)

Collateral missing value estimation
(CMVE) (ehgal, Gondal, Dooley &
Coppel, 2008)

Principal component analysis (PCA)
(Zuccolotto, 2012)
ampling (Farhangfar et al., 2007) Extreme learning machine (hao, Meng

& un, 2017)
ingular value decomposition (VD)
(Brock, haer, Blakesley, Lotz &
Tseng, 2008)

Kernel-based imputation (Zhu, Zhang,
Jin, Zhang & Xu, 2010)
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Another approach that has been developed to overcome the limitations and weak-
nesses of single imputation and single models is ensemble models. In this approach,
multiple models are constructed, usually by using simple and fast methods, then
combined to create a single improved result that is usually more precise than a sin-
gle model (Re & Valentini, 2012). While parallel computing environment can be
used for ensemble methods, several studies have demonstrated that ensemble miss-
ing values handling algorithms outperform the single model machine learning based
algorithms (Adeniran, Adebayo, alami, Yahaya & Abdulraheem, 2019; Bauer &
Kohavi, 1999; Tran, Zhang, Andreae, Xue & Bui, 2017).

A review of recently published papers shows that more detailed analyses on existing
methods have been conducted, also more advanced and hybrid methods have been
prescribed to handle this perennial phenomenon. for example;

allaby and Azlan have shown in their research (allaby & Azlan, 2021) that uti-
lizing the K-Nearest Neighborhood imputation method can overcome the missing
values problem in the classication process. The K-Nearest Neighbor Imputation
method also helps to improve the performance which is evidenced by the level of
accuracy obtained in the classication process, where it was 77.01% before han-
dling the missing value, but after the imputation process, the accuracy increased to
78.31%.

Fu et al. Have applied the discarding, mean, and Multiple Imputation (MI), Ran-
dom Forrest Regression (RFR), support vector Regression (VR), and Articial
Neural Network (ANN) to impute the missing data in the UNODA dataset (an
international soil database), and have performed nonparametric tests and multiple
linear regression to qualitatively evaluate the reliability of these imputation meth-
ods. Their ndings have shown 1. that MAEs and RMEs of all features uctu-
ated within acceptable ranges, 2. The standard error, coecient of variance, and
standard deviation decreased signicantly after imputation, 3. All features have ex-
plained 99.8%, 91.0%, 63.9%, 88.5%, 59.4%, and 90.2% of the target variable using
discarding, RFR, VR, ANN, mean, and MI, respectively, 4. Multiple imputations
and random forest regression imputation methods are better for imputing the miss-
ing values in UNODA since they have reached the lowest RMEs and MAEs while
both are good at explaining the variability of data in all features (Fu et al., 2021).

Jäger et al. have conducted comprehensive benchmark experiments comparing clas-
sical machine learning, statistical and modern deep learning imputation approaches
such as Mean/Mode Imputation, K-NN Imputation, Random Forest Imputation,
Discriminative Deep Learning Imputation, and Generative Deep Learning Imputa-
tion on an extensive range of real-world datasets with realistic missingness patterns
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and heterogeneous data. The performance of imputation methods is evaluated and
compared based on their imputation quality and the impact that missing data han-
dling has on a downstream ML task(regression, binary and multiclass classication)
(Jäger, Allhorn & BieSmann, 2021).

Mostafa et al. (2020) have proposed CBRG as a novel algorithm for handling missing
data which does imputation in cumulative order based on the gain ratio of feature
selection and the Bayesian Ridge Regression and compared it with six common miss-
ing value imputation methods such as Multiple Imputation by Chained Equations
(MICE), Least-quares, Norm (Gaussian Mixture Model), tochastic, Fast KNN,
EMI in R and PYTHON. They have analyzed eight dierent datasets by (or with)
generating dierent proportions of missing values based on dierent missingness
mechanisms, and have demonstrated the eciency of the proposed algorithm using
time of imputation, RME, MAE, and R2.

Raja and Thangavel have proposed the Rough K-means centroid-based imputa-
tion method, a novel method to handle missing data, utilizing unsupervised ma-
chine learning techniques by combining oft computation approaches with cluster-
ing techniques to overcome the inconsistency problems. They have carried out the
experimental analysis by applying their proposed method and also on other centroid-
based imputation algorithms such as K-means centroid-based imputation method
and fuzzy C-means centroid-based imputation method, as well as parameter-based
imputation algorithms such as K-means parameter-based imputation method, fuzzy
C-means parameter-based imputation method, and rough K-means parameter-based
imputation methods on four benchmark datasets, viz. Dermatology, Pima, Wiscon-
sin, and Yeast datasets, which have been taken from the UCI data repository and
compared their results using RME and MAE (Raja et al., 2020).

Nugroho and urendro have expressed their concerns about missing value imputa-
tion for cases in which datasets contain outliers and estimated values could dier
from the true values hence being unreliable. To analyze and provide a solution
they have proposed a two-stage method that prior to doing the missing value im-
putation step with the class center-based rey algorithm (ON + C3FA), combines
normalization and outlier removals as a rst step. They also have utilized com-
mon standard imputation methods such as mean, regression, multiple imputations,
a random value, KNN, and decision tree (DT)-based missing value imputation to
make a comparison with the proposed algorithm. F1-core, Accuracy, Precision,
Recall, AUC, and AUC-PR have been used as performance metrics and their Ob-
tained experimental results showed that Missing values could be handled eciently
in order to obtain actual data by adding normalization and outlier removals step to
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the class center-based rey algorithm and it also outperforms the previous standard
methods (Nugroho, Utama & urendro, 2021).

More recently, Deep learning as a specialized and growing sub-eld of machine learn-
ing has been applied to the estimation of missing values and the results were very
promising (Biessmann, alinas, chelter, chmidt & Lange, 2018; Gad, Hosahalli,
Manjunatha & Ghoneim, 2021; Khan, Wang & Liu, 2022; Li, Du, Wang, Qin &
Tan, 2020). For example, Choudhury and Pal have proposed a mechanism for clas-
sication task which utilizes an auto-encoder neural network. They have used the
training data without missing values to train the auto-encoder, equipping it to pre-
dict missing values. Then, to do a classication task via using a training set with
missing values, they have used the trained auto-encoder in order to estimate miss-
ing values Considering the hypothesis that the best choice for a missing value is the
one that is capable of recomposing itself via the auto-encoder. İn their two-stage
training scheme, rstly an initial prediction of the missing value has made based
on the nearest neighbor rule, secondly, it becomes rened by minimizing the miss-
ing value reconstruction error. They have compared the performance of the eight
classiers on fourteen datasets with two congurations, one Combining the imputed
instances and the remaining instances without missing values and the other one on
the complete dataset using eight dierent imputation techniques (Choudhury & Pal,
2019).

As can be seen, the main limitations of the presented approaches and methods are
that they perform properly only in special conditions, such as; at the specic miss-
ingness mechanism or the type of data distribution, and are case-specic (Limited
and specic dataset(s)) or task-pecic (limited and specic downstream ML/DA
task(s)) and are not generalizable.

In this study, we attempt to overcome the weaknesses of the existing approaches by
utilizing some of the missing values handling methods in the literature in order to
gain the advantages of those methods, while employing them in a dierent manner
and approach than what is common in the literature.
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3. PROPOED METHODOLOGY

The most direct solution to the stated problem would be to examine all combina-
tions, which would be KN , and check P to determine the optimal combination(s).
Having the complexity and the running time of exponential O(2n) makes this ap-
proach impractical for even a mere 10 features. Therefore, the traditional lines of
attack for NP-hard problems can be employed;

• Devising exact algorithms that are relatively fast and reasonable only for small
size problems.

• Implementing Metaheuristic/heuristic algorithms, that provide approximated
solutions (suboptimal) in a reasonable amount of time.

• Identifying subproblems (special cases of the problem) in which better or exact
heuristics can be applied to them (UBC-C, 2018).

In this study, to tackle the stated problem, the metaheuristic approach and partic-
ularly imulated Annealing (A) algorithm will be employed.

3.1 Simulated Annealing Algorithm

In combinatorial optimization, for the rst time, Kirkpatrick et al. introduced the
concept of imulated Annealing. A, as a exible metaheuristic, can be used to solve
a wide range of combinatorial optimization problems eciently and adequately. As
an analogy, it is inspired by the annealing process in solids (Kirkpatrick, Gelatt Jr
& Vecchi, 1983).

The following pseudo-code denes the procedure of the imulated Annealing Algo-
rithm:

Step 1. Initialization. et k = 1, m = 1 and select a, T1,ε1, b, K1, K2, L and K.
Determine an initial solution x1, F1. et F ∗ (x∗) = F1 (x1), where x∗ = x1 is the
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current best point and serves as the seed.

Step 2. Generate a neighborhood around xk using a neighborhood generation
mechanism.

Step 3. elect a candidate solution x from the neighborhood or subneighborhood
of xk,

If F (x)< F ∗ (x∗), x∗ = xk+1 = x and F ∗ (x∗) = F (x); go to step 4.

If F ∗ (x∗)< F (x)< F (xk), set xk+1 = x; go to step 4.

If F (x)> F (xk), generate a random number Uk from the uniform distribution

U (0,1). If Uk ≤ P (xk,x,Tm), set xk+1 = x and go to step 4; otherwise, set

xk+1 = xk and repeat this step after incrementing k by 1.

Step 4: Termination. If at least one of the termination criteria is satised, then
stop.

Step 5: Check whether the temperature is to be reduced. If so, let Tm+1 = amT1

and increment m by 1.

Increment k by 1.

Go to step 2.

3.1.1 Solution Representation

In this study, a solution X to the problem is represented by a Vector with the size
of N equal to the dimension of the dataset, where each element of the X vector, i.e.
xi, species the method of imputation for handling the missing values of feature i;

(3.1) X = [x1,x2, ▷▷▷,xi, ▷▷▷,xN ]

3.1.2 Initial Solution

Any random solution can be used as a starting point by the algorithm, however, to
avoid getting caught in a trap of repetitive solutions, using an initial solution with
a uniform random distribution is recommended.
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3.1.3 Solution generation strategy

The order of handling missing values in these series of experiments is left to right
and one after the other, which means that rst all the missing values are imputed
for feature 1 and then for feature 2, and so on, like the strategy employed in multiple
iterative chained equations (MICE) (Van Buuren & Groothuis-Oudshoorn, 2011).
In this strategy, according to the missing value handling method in handling the
missing value of the current feature, the imputed values in the previous feature(s)
may also be used.

3.1.4 Neighbourhood Generation Scheme

Adjacent pairwise interchange, general pairwise interchange, and Mutation are used
as neighborhood generation methods.

In an adjacent pairwise interchange, a neighbor is obtained by a pairwise interchange
of the adjacent elements in the X vector. For a given X vector with N features,
adjacent pairwise interchange would result in (n−1) possible neighbors.

In general pairwise interchange, a neighbor is obtained by every possible pairwise
interchange, not only the adjacent ones. this method would yield to n(n− 1)◁2
possible neighbors.

In the swap, a neighbor is obtained by every possible change in each of the elements
of the X vector.

3.1.5 Parameters Tuning

Montero et. al. (Montero, Ri & Neveu, 2014) divided the parametrization in
metaheuristics into 4 main categories: 1. parametrization by analogy, 2. manual
parametrization, 3. parametrization by DOE and 4. search-based parametrization.
In this study, as an alternative common technique (antos, Madureira & Varela,
2022), a mix of analogy and manual parametrization is utilized.

Before running the meta-heuristic, 1. we searched for successful implementations
of the A, and the initial setting and parameters were determined by analogy, 2.
then performances were evaluated for dierent experiments, 3. the parameters were
tweaked 4. change in performances have analyzed and the procedure is repeated.
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3.2 Imputation Methods

To create diversity in terms of functional mechanism in the methods,
Mean/Mode/Median imputation, Hot-Deck, K-NN, Bayesian Ridge regressor impu-
tation, and random Forrest regressor imputation methods (Little & Rubin, 2019),
Troyanskaya, Cantor, herlock, Brown, Hastie, Tibshirani, Botstein & Altman
(2001) were used in this study.

3.2.1 Mean, Median, Mode Imputation

As an univariate simple imputation and statistical imputation baseline, the column-
wise Mean, Median, and Mode (i.e., the most frequent value), are used to ll in
missing values from sci-kit-learn’s impleImputer (impleImputer) module. The
following steps are followed to use the Mean/Median/Mode Imputation methods:

1. For the column i in the dataset:

2. If the column has missing values:

Calculate the Mean/Median/Mode of the non-missing values in the column

3. For each missing value in the column:

Replace the missing value with the calculated Mean/Median/Mode

4. End the Imputation

3.2.2 Hot-Deck Imputation

In general, the Hot-Deck imputation method replaces missing value with observed
response from a similar unit. It is evident from the literature that Hot-Deck impu-
tation can take dierent forms, and there is no consensus regarding what is the best
way of applying it. In this study, as a Random and univariate method, Random
Hot-Deck imputation is used by creating a module for it (Troyanskaya et al., 2001).
The following steps are followed to use the Hot-Deck Imputation method:

1. For the column i in the dataset:

2. If the column has missing values:
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3. For each missing value in the column:

Replace the missing value with the randomly chosen value

from the same column.

4. End the Imputation

3.2.3 K-NN Imputation

As a classication-based multivariate imputation and ML baseline, the K-NN im-
putation is used from sci-kit-learn’s KNNImputer (KNNImputer) module.

The following steps are followed to use the K-NN Imputation method:

1. Determine the parameter K; the number of closest observations to be used.

2. For the column i in the dataset:

3. If the column has missing values:

4. For each missing value in the ith column:

calculate the dierence between observations with missing data and

those with complete observations.

5. ort the observations based on distance.

6. Identify the closest K observations based on the smallest distance

values.

7. Impute missing value by calculating the weight mean estimation

value on the closest K observations with the formula:

8. End the Imputation

3.2.4 Bayesian Ridge Regressor Imputation

As an iterative, regularized linear regression and multivariate method, the bayesian
ridge regressor imputation is used from scikit-learn’s IterativeImputer (IterativeIm-
puter) module.
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The major problem found in regression models which are tted through the Ordinary
Least quares (OL) approach is overtting, especially in cases of multicollinearity.
Regularization is often used to mitigate this problem. Ridge regression is a method
that penalizes the size of coecients with L2 regularization in which the squared
magnitude of the coecient added as the penalty term to the loss function. Due to
the single point estimates coecient values have when using OL, the model results
are not taking into account the uncertainty when using training data. This issue
is addressed by the Bayesian approach by modeling the regression with probability
distributions instead of single value estimates, with the dependent variable assumed
to have a Gaussian distribution (Pereira, Abreu & Rodrigues, 2020).

The following steps are followed to use the BRR Imputation method:

1. For the column i in the dataset:

2. If the column has missing values:

3. dene the Bayesian Ridge Regression model and t it to the data:

4. For each missing value in the column:

replace the missing value with the predicted value by

the tted Bayesian Ridge Regression model based on

the available data.

5. End the Imputation

3.2.5 Random Forrest Regressor Imputation

As an iterative, tree-based and an ensemble method, the Random Forrest regressor
imputation is used from sci-kit-learn’s IterativeImputer (IterativeImputer). As a
meta estimator, a random forest maximizes the predictive accuracy and controls
overtting by tting a number of classifying decision trees on various subsamples of
the dataset and averaging them (Pedregosa, Varoquaux, Gramfort, Michel, Thirion,
Grisel, Blondel, Prettenhofer, Weiss, Dubourg & others, 2011).

The following steps are followed to use the RFR Imputation method:

1. For the column i in the dataset:
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2. If the column has missing values:

3. dene the Random Forrest Regression model and t it to the data:

4. For each missing value in the column:

replace the missing value with the predicted value by

the tted Random Forrest Regression model based on

the available data.

5. End the Imputation

Based on (Pedregosa et al., 2011), Bayesian Ridge and Random Forest Regressors
give the best results among the other Iterative and regression-based imputers.

3.3 Statistical Test

In order to compare the performance of the proposed approach with the performance
of each of the 7 common methods over the replications, statistical hypothesis testing
will be used. In this regard, the non-parametric version of the two-sample t-test,
namely, the Wilcoxon signed-rank test will be utilized.

The performance results of replication i can be schematically shown below:

Mean Media Mode Hot-Deck KNN BRR RFR Proposed
Approach

Yi1 Yi2 Yi3 Yi4 Yi5 Yi6 Yi7 Xi

The Wilcoxon signed-ranked test will be examined as follows in each experiment
setting to compare the performance of the proposed approach and the performance
of each of the 7 utilized methods:




Null hypothesis (H0): The observations Xi−Yij are symmetric about µ= 0.

Alternative hypothesis (H1): The observations Xi−Yij are symmetric about µ ̸= 0.
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4. EXPERIMENTAL ANALYI & REULT

To conduct a comprehensive evaluation on the performance of the proposed ap-
proach, two dierent downstream ML tasks, namely, multiple linear regression and
K-NN classication were investigated on 4 benchmark datasets.

In the experiments, 10%, 25%, 50%, and 75% missingness ratios were created ran-
domly and tested in accordance with the purpose of the experiment.

For the case of the imulate Anealling algorithm, the adjacent pairwise interchange
was used as the base method of neighborhood generation, however, general pairwise
interchange and mutation were also tested and evaluated.

#ABCD is used to name the experiments, and Table 4.1 reveals the logic of this
coding:

Table 4.1 Manual of Nomenclature of Experiments

Notation: Indicator of: Covering:
A Dataset Table 4.2
B missingness Ratio 1: 10%, 2: 25%, 3: 50%, 4: 75%
C Machine Learning Task 1: Multiple Linear Regression, 2: KNN
D Neighborhood 1:Adjacent pairwise interchange

Generation Method 2:general pairwise interchange, 3:mutation

For instance, #1211 is the experiment on the Red Wine Quality dataset with 25%
missing values with the Multiple Linear Regression downstream ML task where
the Adjacent Pairwise Interchange was used in A as a Neighborhood Generation
method.
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4.1 Performance Criteria

Mean quared Error for multiple linear regression (Allen, 1971) and Accuracy for K-
NN classication (Burgard & Perone, 1978) were employed as performance criteria
and imulated Annealing algorithms’ objectives.

(4.1) MSE = 1
n
Σn
i=1


Yi− Ŷi

2

(4.2) Accuracy = TP +TN

TP +TN +FP +FN

4.2 Benchmark Datasets

OpenML (OpenML) and machine learning repository UCI (UCI) databases provide
benchmark datasets and accessibility to them through an API. The Python package
ciKit-Learn (ciKit-Learn) which provides APIs to download datasets and create
well-formatted DataFrames was used in this study. Table 4.2 presents information
about all datasets that were used for benchmark suits.

Table 4.2 Benchmark Datasets Information

No Source ID Name # of
Instances

# of
features

1 OpenML 40691 Red Wine Quality 1599 12
2 UCI 2190358 Dry Bean Dataset 3654 17
3 UCI 2063325 Wine 178 13
4 OpenML 531 Boston Housing 506 14

4.3 Computational Environment Specications

Coding and running of all the experiments have been done in Python 3.7.10, Jupyter
Notebook (anaconda3) using a 1.60 GHz Intel Core i5 processor with 16GB RAM.
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4.4 Experiments & Results

In order to ensure that the result delivered by the proposed approach is not due to
randomness, experiments were repeated on the datasets whit randomly generated
missing values from the original datasets while the random seed states were xed
for the A algorithm. At the beginning of the experimental analysis, to nd out the
appropriate value for the number of replications, the experiments on replications
have been performed and the sample average of the performance of the replications
was calculated. The number was decided by observing its convergence to a stable
obtained result by the sample average value.

Figure 4.1 illustrates the results obtained in Experiment #1211. Other experimental
settings yielded similar results. Observing that the sample means became quite
stable after 30 runs, hence this number will be used as the number of replications
in all the analyses. In the following experimental settings, the performance of the
proposed approach is assessed and compared to the performances of the other 7
methods based on the results obtained from 30 replications.
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Figure 4.1 The sample mean performance (MSE) of the experiments on Wine-Quality
datasets with 25% missingness ratio with Multiple Linear regression task for varying num-
ber of replications in Experiment
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4.4.1 Proposed Approach’s Performance Tests

In order to test the performance of the proposed approach, a series of experiments
(#X2X1) on 4 dierent datasets in the 25% missingness ratio with two ML tasks
have been conducted.

The graphs below (from 4.2 to 4.6 demonstrate the performance of each method for
all the 30 replications sorted in ascending order by the results of A algorithm in
each experiment and the results are summarized in Table 4.3.

Figure 4.2 The performance of the methods for each replication in experiment #1211
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Figure 4.3 The performance of the methods for each replication in experiment #1221

Figure 4.4 The performance of the methods for each replication in experiment #2221
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Figure 4.5 The performance of the methods for each replication in experiment #3221

Figure 4.6 The performance of the methods for each replication in experiment #4211
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Table 4.3 Results of Experiments #X2X1

Average Performance of 30 Replications:
Experiment

No. : Mean Median Mode Hot-Deck KNN BRR RFR Proposed
Approach

#1211 0.3783 0.3976 0.4746 0.5032 0.3469 0.3273 0.3345 0.2803
#1221 0.3222 0.4969 0.5311 0.5159 0.3423 0.3294 0.3305 0.5349
#2221 0.4204 0.4790 0.4730 0.4810 0.4307 0.4187 0.4188 0.5323
#3221 0.4768 0.6305 0.6370 0.6185 0.5527 0.55 0.55 0.75
#4211 31,49 31,68 107,51 37,1 25,12 21,32 24,05 20,45

Wilcoxon signed-rank test Results between
the Proposed Approach and the methods:

26 30 41 44 19 14 16 % AVG
Improv.

0.000 0.000 0.000 0.000 0.000 8.000 0.000 tats.#1211
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

66 8 1 4 56 62 62 % AVG
Improv.

0.000 0.000 0.000 1.000 0.000 0.000 0.000 tats.#1221
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

27 11 13 11 24 27 27 % AVG
Improv.

0.000 0.000 0.000 0.000 0.000 0.000 0.000 tats.#2221
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

57 19 18 21 36 36 36 % AVG
Improv.

0.000 0.000 0.000 2.000 0.000 0.000 0.000 tats.#3221
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

35 35 81 45 19 4 15 % AVG
Improv.

0.000 0.000 0.000 0.000 0.000 25.00 0.000 tats.#4211
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

The results of experiments reveal that the average performance of the proposed
approach in dierent experiments are better than utilizing each of the 7 methods
solely. The statistical Wilcoxon signed-rank test results that there is a statistically
signicant dierence between the results of the proposed method and the other 7
common methods which conrms that the proposed approach outperforms the other
methods even at the condence level of 0▷01.

4.4.2 Eect of Missingness Ratio

A series of experiments on a Red Wine Quality dataset in 4 dierent levels of the
missingness ratio with two stated ML tasks (#1X11 and #1X21) have been con-
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ducted to investigate the eect of the missingness ratio of the datasets on the per-
formance of the methods.

To easily compare the performance of the proposed approach with each of the used
methods, the following gures ( from 4.7 to 4.10 depict the results of #1X11 exper-
iments in 4 dierent missingness levels, sorted in ascending order by the results of
A algorithm.

Figure 4.7 The performance of the methods for each replication in experiment #1111
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Figure 4.8 The performance of the methods for each replication in experiment #1211

Figure 4.9 The performance of the methods for each replication in experiment #1311
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Figure 4.10 The performance of the methods for each replication in experiment #1411

The summary of the #1X11 experiments results can be seen in Table 4.4.
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Table 4.4 Results of Experiments #1X11

Average Performance (MSE) of 30 Replications:
Experiment
Condition:

Mean Median Mode Hot-Deck KNN BRR RFR Proposed
Approach

10% 0.3943 0.4042 0.4453 0.4297 0.3722 0.3425 0.3581 0.3440
25% 0.3783 0.3976 0.4746 0.5032 0.3469 0.3273 0.3345 0.2803
50% 0.2864 0.3127 0.4020 0.5212 0.2680 0.3120 0.2714 0.1722
75% 0.1588 0.1776 0.2256 0.2611 0.1586 0.1583 0.1532 0.0643

Wilcoxon signed-rank test Result between
the Proposed Approach and the methods:

Experiment
Condition:

Mean Median Mode Hot-Deck KNN BRR RFR

10 %
13 15 23 20 8 -0.4 4 % AVG

Improv.
0.000 0.000 0.000 0.000 0.000 141.0 0.000 tats.
0.000 0.000 0.000 0.000 0.000 0.060 0.000 P-Value

25 %
26 30 41 44 19 14 16 % AVG

Improv.
0.000 0.000 0.000 0.000 0.000 8.000 0.000 tats.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

50 %
40 45 57 67 36 45 37 AVG

Improv.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 tats.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

75 %
60 64 71 75 59 59 58 % AVG

Improv.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 tats.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 p-Value

The results obtained on the Red Wine Quality dataset with the downstream regres-
sion task at the missingness level of 25%, 50%, and 75% reveal that the proposed
approach has improved performance by at least 14% compared to the other 7 meth-
ods used in the research. considering the P-Value results of the Wilcoxon signed-
ranked test, the null hypotheses are rejected in favor of alternative hypotheses which
support that the results obtained by the proposed approach are better than the re-
sults of the other 7 methods. Regarding the test results in the experiment with a
10% missingness ratio, while the average Bayesian ridge regressor performance is
better than the proposed approach, the P-Value shows that we fail to reject the
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null hypothesis in 0.01 and 0.05 signicance level, which means statistically we can-
not conclude that there is a signicant dierence between the performance of the
proposed approach and the BRR in this experimental conditions.

The following gures (from 4.11 to 4.14 depict the results of #1X21 experiments in 4
dierent missingness levels, sorted in ascending order by the results of A algorithm.

Figure 4.11 The performance of the methods for each replication in experiment #1121
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Figure 4.12 The performance of the methods for each replication in experiment #1221

Figure 4.13 The performance of the methods for each replication in experiment #1321
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Figure 4.14 The performance of the methods for each replication in experiment #1421

The summary of the #1X21 experiments results can be seen in Table 4.5.
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Table 4.5 Results of Experiments #1X21

Average Performance (Accuracy) of 30 Replications:
Experiment
Condition:

Mean Median Mode Hot-Deck KNN BRR RFR Proposed
Approach

10% 0.3989 0.4705 0.4703 0.4736 0.4300 0.4206 0.4210 0.4909
25% 0.3222 0.4969 0.5311 0.5159 0.3423 0.3294 0.3305 0.5349
50% 0.4172 0.6356 0.6894 0.6348 0.2318 0.1818 0.1816 0.6931
75% 0.7245 0.8420 0.8508 0.8321 0.2102 0.0623 0.0686 0.8547

Wilcoxon signed-rank test Result between
the Proposed Approach and the methods:

Experiment
Condition:

Mean Median Mode Hot-Deck KNN BRR RFR

10 %
23 4 4 4 14 17 17 % AVG

Improv.
0.000 0.000 0.000 71.00 0.000 0.000 0.000 tats.
0.000 0.000 0.000 0.003 0.000 0.000 0.000 P-Value

25 %
66 8 1 4 56 62 62 % AVG

Improv.
0.000 0.000 0.000 1.000 0.000 0.000 0.000 tats.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

50 %
66 9 1 9 199 281 282 % AVG

Improv.
0.000 0.000 0.000 42.00 0.000 0.000 0.000 tats.
0.000 0.000 0.000 0.000 0.000 0.000 0.000 P-Value

75 %
18 2 0 3 307 1272 1145 % AVG

Improv.
0.000 0.000 0.000 22.00 0.000 0.000 0.000 tats.
0.000 0.000 0.002 0.000 0.000 0.000 0.000 p-Value

The results reveal that the proposed approach outperforms the other 7 methods in
all the missingness levels with the K-NN downstream task. P-values support the
results and the null hypotheses are rejected in favor of the alternative hypothesis
which indicates that the performance of the proposed approach is better than the
other 7 methods in all the missingness ratio levels.
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4.4.3 Eect of Dataset Size

In order to investigate the eect of dataset size on the performance of the proposed
approach, two factors; 1. The computation time of the proposed approach, and 2.
The average improvement in performance by the proposed approach was calculated.
To calculate the average improvement in the performance, for each replication in
each experiment the following formula has been utilized:

(4.3)

Improvement= |Max Accuracy of the Methods − Accuracy of Proposed Approach|
Max Accuracy of the Methods

In the datasets with small size and high missingness ratio (50% and 75%), some
rows (instances) do not contain any value and all the features of instance are missing
value. due to this situation, it is not possible to implement the methods as well as
the proposed approach in the general mode. For this reason, the experiments are
done at 10% and 25% missingness level.

The average improvement for 30 replications in each experiment is as presented in
Table 4.6.

Table 4.6 dataset size eect

10% 25%

Dataset: ize:
Average

Improvement
(%):

Average
Computation
Time (s):

Average
Improvement

(%):

Average
Computation
Time (s):

Wine 178*13 6.65 260.9 30.35 297.9
Red Wine
Quality

1599*12 0.14 226.7 0.03 262.4

Dry Bean 3654*17 2.59 1564.5 9.55 2426.0

ince there is no consistent trend in the average improvement of performance as
well as the computation time with the increase in the size of the dataset, it is not
possible to make any claim about the impact of the dataset size on the performance
and Computational time.

It can be seen that there is a positive correlation between the calculation time and
the dimension(number of features) of datasets, meaning that with the increase in
the number of features in the datasets, the computation time also increases.
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4.4.4 Eect of Neighborhood Generation Method

To investigate the eect of the neighborhood generation methods on the performance
of the proposed approach, methods 1. Adjacent pairwise interchange, 2. General
pairwise interchange and 3. Mutation were performed on the wine quality dataset
with 25% missing values employing the Multiple Linear Regression.

The results of 30 replications for neighborhood generation methods are shown in
Figure 4.15. The results for adjacent pairwise interchange and general pairwise
interchange are the same (The Blue one and the Green one).

Figure 4.15 The performance of the methods for each replication in experiment #121X

The summary of the #121X experiments results can be seen in Table 4.7.
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Table 4.7 Results of Experiments #121X

Average Performance of 30 Replications:

Experiment
Condition:

Adjacent
Pairwise

Interchange

General
Pairwise

Interchange
Mutation

25% 0.2803 0.2803 0.3141
Computational Time:

25% 676 407 653

As it is evident from Figure 4.15 and Table 4.7, while Adjacent pairwise interchange
and General pairwise interchange have the same performance over the 30 replica-
tions, with the Mutation method the performance decrease by an average of 12%.
The results of Wilcoxon signed-ranked tests between the results of 30 replications
of Adjacent pairwise interchange and General pairwise interchange with Mutation
are P-Values = 0.003 and statistics = 0.000, which supports that the dierence is
statistically signicant.

Regarding the total computational time (TCT), the general pairwise interchange is
faster than the other 2 neighborhood generation methods.
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5. CONCLUDING REMARK & FUTURE REEARCH

In this study, we proposed a systematic approach to handle missing values in a
feature-wise and automated manner with respect to the downstream learning mod-
els’ performance. By using simulated annealing, the proposed approach searches for
the optimal solution(s) for selecting the appropriate missing value handling method
for each feature in the dataset. Various experiments on 4 dierent datasets under
4 dierent missingness ratios with 2 dierent downstream machine learning tasks
(multiple linear regression and K-NN) each with 30 replications have been conducted
to investigate the performance of the proposed approach compared to 7 common
missing values handling methods; Mean/Median/Mode, Hot-deck, K-NN, Bayesian
Ridge Regression Imputation, and Random Forrest Regression Imputation.

The results can be summarized in the following main ndings;

What is evident from the literature on handling missing values and performance
results of 7 methods used in this research, there is no "the best" missing values
handling method, since the best performing one can change according to the dataset,
missing values ratio, downstream data analytics task and even in replications of the
same dataset with same missing values ratio and same analytical model. On the
other hand, it is almost impossible to test all the dierent methods and nd the
best method among them before each time using data to perform a data analytics or
machine learning task. Most of the time, acquiescing and settling for one adequately
good method for the circumstances is the case.

Moreover, the results of experiments reveal that the proposed systematic approach
helps to increase the downstream task’s performance substantially regardless of the
dataset, missingness ratio, and downstream task compared to the performance of
each method solely.

Additionally, we observe that the missingness ratio can aect the performance of
the proposed approach. Although it is not possible to nd a constant trend and rate
of change in performance improvement amount, but the impact is evident.
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While we are aware of the limitations of our experiments, there is no nding about
how dataset size aects the performance and computation time of the proposed
approach, which indicates the fact that more tests are needed to reveal the eect
and relationship between the dataset size and the performance of the proposed
approach.

Regarding the neighborhood generation methods of the A algorithm, the Mutation
method reaches worser results for 11 out of 30 replications compared to the Adjacent
Pairwise Interchange and General Pairwise Interchange which is also statistically
signicant. In terms of computational time, General pairwise interchange performs
faster than the other two methods. Although at rst thought, using the Mutation
method to avoid falling into the trap of repeating similar solutions during iterations
seems to be a better method, but the results show that this method cannot always
lead to better performance results.

5.1 Future Research

This study can be further extended in the following directions;

• Our research has limitations regarding the number of methods employed and
the number of datasets investigated. It is recommended to follow the proposed
approach to test other missing values handling methods and datasets. Also, it
is recommended to apply the proposed approach and repeat the framework of
conducted experiments on the real datasets with missing values and compare
the results with the current research.

• In this research, a trajectory based metaheuristic was employed. For further
investigations, it is recommended to utilize population based and construction
based metaheuristics as well.

• In this study, solution generation works by starting from the leftmost feature
and lling in the missing values in order. To reduce the computation time,
other solution generation strategies can be devised and checked.

• In this research, the proposed systematic approach was implemented and eval-
uated on missing value handling. It is recommended to implement the pro-
posed systematic approach on other data pre-processing tasks and activities
such as outlier detection, etc.
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• In this study, multiple linear regression and classication with K-NN were
implemented and investigated. For future studies, other downstream learning
model and analytics tasks can be implemented and investigated.

• Considering the change in results by changing the neighborhood generation
operator, it is recommended to investigate the performance of other neighbor-
hood generation methods and strategies. Also, by changing the termination
policy, it is possible to reduce the search time.
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Table A.2 Computational Result of Imputation methods in the Experiment #1111

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,395929 0,410614 0,421061 0,425173 0,368518 0,335808 0,35760441
1 0,374379 0,380833 0,446505 0,384731 0,35454 0,326375 0,3371431
2 0,370245 0,381464 0,413782 0,400047 0,345356 0,319478 0,33207978
3 0,383786 0,392544 0,429034 0,433163 0,353235 0,333505 0,34773962
4 0,399604 0,417297 0,452724 0,418915 0,374919 0,339152 0,35831747
5 0,391685 0,400702 0,4392 0,404656 0,371318 0,336142 0,35703416
6 0,398946 0,411579 0,440651 0,459962 0,384376 0,347525 0,36228189
7 0,373009 0,391973 0,423303 0,425065 0,357326 0,326887 0,34626075
8 0,388159 0,403091 0,424107 0,431595 0,365366 0,337971 0,35994509
9 0,399763 0,406247 0,471918 0,415938 0,380315 0,349783 0,35892882
10 0,403885 0,41425 0,443597 0,407539 0,387348 0,348578 0,37541674
11 0,411383 0,424392 0,456785 0,430786 0,377555 0,351376 0,36760111
12 0,401378 0,407939 0,447116 0,421209 0,385718 0,371985 0,38570269
13 0,410069 0,414793 0,46832 0,42351 0,386117 0,351946 0,36498741
14 0,397979 0,406357 0,445289 0,413071 0,380015 0,33811 0,35894027
15 0,39958 0,410642 0,444867 0,45971 0,373038 0,343137 0,36108473
16 0,397281 0,416488 0,446464 0,423537 0,368939 0,339914 0,3540583
17 0,407265 0,410831 0,459098 0,412201 0,366816 0,33659 0,35212648
18 0,393978 0,403474 0,443981 0,420285 0,369195 0,348065 0,35626998
19 0,383628 0,387211 0,441413 0,402425 0,367182 0,340121 0,35083964
20 0,400438 0,411564 0,451506 0,558019 0,383266 0,345447 0,35400949
21 0,412746 0,418321 0,469901 0,461611 0,382718 0,34725 0,36121198
22 0,389389 0,389752 0,435923 0,44382 0,363805 0,351869 0,36686624
23 0,398588 0,406354 0,448608 0,445487 0,378275 0,35573 0,36941828
24 0,379103 0,391285 0,441801 0,390264 0,361804 0,334511 0,34932783
25 0,40066 0,41238 0,463559 0,466838 0,388807 0,345282 0,36315886
26 0,40241 0,414221 0,456763 0,46208 0,380231 0,351604 0,3716711
27 0,387124 0,397194 0,43688 0,401031 0,369385 0,351602 0,35620049
28 0,381063 0,402176 0,445559 0,44531 0,360898 0,32383 0,34139409
29 0,396399 0,392016 0,451861 0,405211 0,382315 0,346208 0,36777712

49
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Table A.4 Computational Result of Imputation methods in the Experiment #1211

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,3848756 0,4085247 0,477998 0,4766109 0,3665932 0,3687337 0,33564784
1 0,3850309 0,4057291 0,4879509 0,4785086 0,360929 0,2871034 0,32450727
2 0,3883162 0,4065728 0,4925701 0,4918508 0,3557528 0,3138617 0,33036618
3 0,3741374 0,3927703 0,462199 0,4587989 0,3360134 0,3093088 0,33353303
4 0,3599627 0,3878133 0,4560476 0,4497336 0,3460251 0,3329455 0,32609837
5 0,3945021 0,3996072 0,4926203 0,5043592 0,35699 0,2901164 0,32745148
6 0,3857532 0,401295 0,48468 0,4264748 0,363283 0,3867845 0,35230987
7 0,3989994 0,4191638 0,5028556 0,5150004 0,349931 0,333664 0,35706881
8 0,4041231 0,4179881 0,510284 0,516753 0,3706839 0,4019029 0,38117118
9 0,3905728 0,4118714 0,4927641 0,4971359 0,3752372 0,403539 0,37057569
10 0,3567923 0,3847048 0,4532034 0,3993354 0,3305892 0,3472932 0,31396195
11 0,3669684 0,388159 0,4740429 0,4993737 0,3349923 0,355753 0,31596707
12 0,3653876 0,3760922 0,4533216 0,4653379 0,3412989 0,2391067 0,31441515
13 0,3606428 0,3827781 0,4661396 0,4591682 0,3291847 0,2909967 0,30911117
14 0,3637351 0,3881103 0,4515127 0,4549872 0,3455913 0,3448334 0,33238491
15 0,3865139 0,4064271 0,4658155 0,4715108 0,3453262 0,3184122 0,34174664
16 0,3905728 0,4118714 0,4927641 0,4971359 0,3752372 0,403539 0,37057569
17 0,3690922 0,3855499 0,4810947 0,6762725 0,3398933 0,3240063 0,32029296
18 0,3834339 0,3976339 0,4688938 0,4041287 0,3587263 0,2925875 0,32958622
19 0,385963 0,4045913 0,4983523 0,7444814 0,3497273 0,3059498 0,33749271
20 0,3839954 0,3983162 0,4768331 0,9450312 0,3300411 0,3066077 0,33205058
21 0,3338081 0,3572175 0,4441104 0,4285319 0,3004321 0,2386378 0,28541923
22 0,4089584 0,4260127 0,4891182 0,5071212 0,3760737 0,3858522 0,36502567
23 0,3770155 0,4045418 0,4658014 0,4660555 0,3313676 0,3105492 0,32933809
24 0,3692313 0,3894997 0,460939 0,4618492 0,3319511 0,287879 0,32712395
25 0,361711 0,3864125 0,458047 0,393606 0,319186 0,320578 0,30834013
26 0,3522152 0,3684054 0,4483909 0,4017586 0,326013 0,2880229 0,32192318
27 0,4257482 0,4410445 0,5047865 0,5052883 0,3774073 0,4033835 0,38615352
28 0,3669024 0,3923846 0,4507959 0,7184447 0,3407928 0,3515824 0,33514546
29 0,3741062 0,3870411 0,4756267 0,3836081 0,3436303 0,277273 0,32118438
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Table A.6 Computational Result of Imputation methods in the Experiment #1311

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,3154 0,33943 0,460539 0,350136 0,286672 0,305355 0,287553
1 0,294177 0,327561 0,395634 0,78087 0,277081 0,29906 0,276779
2 0,313673 0,337605 0,441449 0,738869 0,297033 0,328938 0,310168
3 0,32364 0,33306 0,476173 0,482345 0,303442 0,379217 0,306641
4 0,276979 0,313377 0,31875 0,390593 0,263922 0,301231 0,250682
5 0,290734 0,321078 0,400935 0,3365 0,28253 0,311506 0,279276
6 0,310339 0,337158 0,410498 0,347846 0,301274 0,329442 0,292556
7 0,274085 0,29229 0,403143 1,557673 0,238893 0,32167 0,256364
8 0,253115 0,284096 0,340599 0,293521 0,239639 0,296753 0,245418
9 0,286858 0,30513 0,408377 0,308484 0,278439 0,315378 0,271108
10 0,259683 0,289977 0,364202 0,731456 0,257369 0,26767 0,238811
11 0,317611 0,330472 0,46833 0,339337 0,293862 0,310859 0,298667
12 0,246275 0,274628 0,35388 0,695743 0,235989 0,275161 0,230847
13 0,253837 0,278155 0,384039 0,374899 0,228526 0,27901 0,238984
14 0,304831 0,324032 0,440099 0,330784 0,293243 0,316635 0,294108
15 0,278774 0,301934 0,39994 0,309202 0,253404 0,289213 0,258224
16 0,248048 0,281789 0,361683 0,705804 0,239751 0,276893 0,240851
17 0,280355 0,299598 0,419431 0,719921 0,252403 0,276799 0,267195
18 0,28513 0,320999 0,40079 0,778646 0,266325 0,295493 0,26975
19 0,291125 0,305238 0,443681 0,315541 0,266657 0,283454 0,266772
20 0,272895 0,303349 0,382681 0,382517 0,24161 0,294662 0,251207
21 0,294127 0,314658 0,322332 0,327469 0,260127 0,2968 0,279556
22 0,270205 0,300401 0,378201 0,378174 0,248219 0,265668 0,255339
23 0,271751 0,30853 0,375743 0,755095 0,272665 0,283894 0,256617
24 0,279637 0,300117 0,409608 0,698051 0,249553 0,269642 0,255837
25 0,325182 0,357846 0,451867 0,797306 0,306031 0,655852 0,368941
26 0,312089 0,350207 0,420966 0,361609 0,297518 0,331278 0,291623
27 0,272895 0,303349 0,382681 0,382517 0,24161 0,294662 0,251207
28 0,296931 0,331519 0,412176 0,346581 0,283999 0,321158 0,279143
29 0,293268 0,315802 0,431855 0,32085 0,282246 0,288306 0,272595
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Table A.8 Computational Result of Imputation methods in the Experiment #1411

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,155737 0,180874 0,231407 0,23406 0,147221 0,146635 0,146556
1 0,187695 0,202422 0,298717 0,796407 0,16814 0,184779 0,170799
2 0,159668 0,174164 0,176456 0,177784 0,166473 0,144934 0,150439
3 0,143921 0,157206 0,240025 0,238972 0,135284 0,174003 0,141748
4 0,159029 0,169495 0,169704 0,169701 0,174819 0,190572 0,161773
5 0,235543 0,338731 0,339035 0,248751 0,216084 0,240208 0,22438
6 0,154191 0,159664 0,160822 0,15996 0,13615 0,144756 0,144215
7 0,163852 0,178299 0,180085 0,181987 0,166016 0,160281 0,158448
8 0,112392 0,129236 0,200658 0,193787 0,122193 0,107809 0,108826
9 0,108162 0,132123 0,19089 0,479807 0,123775 0,109106 0,105943
10 0,198676 0,214029 0,293896 0,299837 0,198128 0,20275 0,18787
11 0,112575 0,13433 0,18864 0,187643 0,122214 0,128616 0,110945
12 0,172495 0,190966 0,258091 0,256289 0,170484 0,159641 0,160503
13 0,155302 0,170477 0,171415 0,457177 0,16758 0,149224 0,149023
14 0,158389 0,177259 0,244135 0,237271 0,164358 0,146991 0,153978
15 0,173075 0,169309 0,286685 0,293373 0,174704 0,159609 0,168428
16 0,197278 0,216443 0,297766 0,570102 0,182023 0,196948 0,192494
17 0,137169 0,166956 0,221724 0,171041 0,1351 0,148658 0,130583
18 0,112952 0,149496 0,166244 0,166446 0,118021 0,117893 0,116171
19 0,16906 0,173264 0,174243 0,174253 0,168726 0,162211 0,165019
20 0,15763 0,171887 0,253969 0,172779 0,170487 0,156585 0,152833
21 0,157995 0,167346 0,269393 0,16654 0,159432 0,151117 0,1448
22 0,151173 0,167832 0,165745 0,166743 0,146986 0,145378 0,144433
23 0,115119 0,138626 0,184808 0,187273 0,122248 0,134654 0,116795
24 0,146026 0,171064 0,219395 0,177084 0,144064 0,154971 0,144953
25 0,177825 0,181811 0,184654 0,430654 0,162633 0,162958 0,177134
26 0,206866 0,220896 0,300942 0,221552 0,204043 0,200107 0,196484
27 0,163219 0,178732 0,272194 0,179153 0,16063 0,149887 0,156589
28 0,184764 0,199786 0,278323 0,202441 0,198123 0,188743 0,17855
29 0,138508 0,147854 0,148003 0,234168 0,134674 0,131026 0,135882
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Table A.9 Computational Result of the Experiment #1121

Computational results of proposed approach for 30 replications in the experiment #1121:
best State Start cost best costs best cost TCT(s)

0 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,434375 [0.4094, 0.4344, 0.4406, 0.4469, 0.4469] 0,446875 208,71
1 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,49375 [0.4188, 0.4938, 0.5281, 0.5281, 0.5281] 0,528125 215,25
2 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45 [0.4562, 0.525, 0.525, 0.525] 0,525 213,63
3 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,421875 [0.4313, 0.4313, 0.4437, 0.4437, 0.4437] 0,44375 215,91
4 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,440625 [0.3719, 0.4406, 0.4594, 0.4594, 0.4594] 0,459375 212,57
5 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,490625 [0.4125, 0.5281, 0.5281, 0.5281] 0,528125 210,7
6 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,459375 [0.4281, 0.4969, 0.4969, 0.4969] 0,496875 213,84
7 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,434375 [0.4031, 0.4344, 0.4781, 0.4938, 0.4938] 0,49375 209,65
8 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,46875 [0.4375, 0.4688, 0.4688, 0.4906, 0.4906] 0,490625 208,42
9 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,49375 [0.3969, 0.4938, 0.5062, 0.5062, 0.5062] 0,50625 216,86
10 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,446875 [0.4156, 0.4469, 0.475, 0.475, 0.475] 0,475 210,8
11 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,41875 [0.35, 0.4188, 0.4844, 0.4844, 0.4844] 0,484375 211,8
12 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,503125 [0.4156, 0.5031, 0.5125, 0.5125, 0.5125] 0,5125 213,3
13 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,44375 [0.3781, 0.4531, 0.4531, 0.4531] 0,453125 212,69
14 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,446875 [0.3719, 0.4719, 0.4719, 0.4719] 0,471875 214,82
15 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45 [0.4188, 0.45, 0.45, 0.4688, 0.4688] 0,46875 210,17
16 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,440625 [0.4156, 0.4406, 0.4781, 0.4875, 0.4875] 0,4875 212,65
17 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,465625 [0.4156, 0.4656, 0.5219, 0.5219, 0.5219] 0,521875 213,09
18 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,490625 [0.4437, 0.5125, 0.5125, 0.5125] 0,5125 211,11
19 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,459375 [0.3906, 0.4594, 0.4813, 0.4813, 0.4813] 0,48125 216,58
20 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,49375 [0.4344, 0.4938, 0.4938, 0.5062, 0.5062] 0,50625 212,68
21 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,446875 [0.3906, 0.4469, 0.4625, 0.4625, 0.4625] 0,4625 215,44
22 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,48125 [0.425, 0.4969, 0.4969, 0.4969] 0,496875 259,77
23 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,425 [0.425, 0.5094, 0.5094, 0.5094] 0,509375 259,1
24 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,471875 [0.4188, 0.4719, 0.4719, 0.4813, 0.4813] 0,48125 269,06
25 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,48125 [0.4219, 0.4813, 0.4844, 0.5, 0.5] 0,5 257,01
26 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45 [0.4188, 0.45, 0.5094, 0.5094, 0.5094] 0,509375 277,13
27 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,4375 [0.4094, 0.4938, 0.4938, 0.4938] 0,49375 273,12
28 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45 [0.4031, 0.45, 0.45, 0.5188, 0.5188] 0,51875 266,31
29 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45625 [0.4406, 0.4625, 0.4625] 0,4625 260,06
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Table A.10 Computational Result of Imputation methods in the Experiment #1121

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,38125 0,434375 0,446875 0,459375 0,409375 0,428125 0,428125
1 0,421875 0,49375 0,5 0,49375 0,421875 0,440625 0,453125
2 0,421875 0,525 0,45 0,478125 0,465625 0,41875 0,41875
3 0,409375 0,421875 0,425 0,478125 0,428125 0,425 0,425
4 0,371875 0,440625 0,45625 0,45 0,396875 0,428125 0,428125
5 0,403125 0,528125 0,490625 0,490625 0,45 0,409375 0,409375
6 0,409375 0,496875 0,459375 0,484375 0,43125 0,434375 0,434375
7 0,384375 0,434375 0,49375 0,490625 0,41875 0,45625 0,45625
8 0,384375 0,46875 0,490625 0,496875 0,428125 0,434375 0,434375
9 0,403125 0,49375 0,46875 0,503125 0,45 0,403125 0,403125
10 0,409375 0,446875 0,46875 0,478125 0,4625 0,4125 0,4125
11 0,36875 0,41875 0,440625 0,48125 0,396875 0,359375 0,359375
12 0,45 0,503125 0,48125 0,49375 0,434375 0,446875 0,446875
13 0,35625 0,453125 0,44375 0,384375 0,421875 0,43125 0,43125
14 0,3625 0,471875 0,446875 0,4125 0,434375 0,425 0,425
15 0,39375 0,45 0,46875 0,5 0,440625 0,428125 0,428125
16 0,378125 0,440625 0,4875 0,440625 0,409375 0,3875 0,3875
17 0,425 0,465625 0,4875 0,4625 0,45625 0,428125 0,428125
18 0,41875 0,5125 0,490625 0,509375 0,421875 0,43125 0,43125
19 0,3625 0,459375 0,478125 0,446875 0,415625 0,40625 0,40625
20 0,421875 0,49375 0,50625 0,50625 0,453125 0,44375 0,44375
21 0,403125 0,446875 0,4375 0,434375 0,421875 0,421875 0,421875
22 0,415625 0,496875 0,48125 0,496875 0,428125 0,403125 0,403125
23 0,409375 0,509375 0,425 0,4625 0,43125 0,40625 0,40625
24 0,390625 0,471875 0,48125 0,465625 0,4375 0,41875 0,41875
25 0,403125 0,48125 0,5 0,49375 0,43125 0,4125 0,4125
26 0,396875 0,45 0,484375 0,453125 0,403125 0,396875 0,396875
27 0,371875 0,49375 0,4375 0,484375 0,43125 0,4125 0,4125
28 0,41875 0,45 0,51875 0,5 0,415625 0,40625 0,40625
29 0,41875 0,4625 0,4625 0,478125 0,453125 0,4625 0,4625
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Table A.11 Computational Result of the Experiment #1221

Computational results of proposed approach for 30 replications in the experiment #1221:
best State Start cost best costs best cost TCT(s)

0 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5 [0.3125, 0.5, 0.5, 0.5156, 0.5156] 0,515625 321,01
1 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,44375 [0.3406, 0.4437, 0.4813, 0.5781, 0.5781] 0,578125 310,87
2 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,503125 [0.2938, 0.5031, 0.5031, 0.525, 0.525] 0,525 267,11
3 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,496875 [0.3344, 0.4969, 0.4969, 0.5281, 0.5281] 0,528125 259,05
4 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,515625 [0.3156, 0.5156, 0.5156, 0.5531, 0.5531] 0,553125 252,5
5 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,521875 [0.3312, 0.5219, 0.5563, 0.5563] 0,55625 258,02
6 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,51875 [0.2906, 0.5281, 0.5281, 0.5281] 0,528125 264,16
7 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45625 [0.3438, 0.4562, 0.4844, 0.5125, 0.5125] 0,5125 261,45
8 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,503125 [0.3438, 0.5031, 0.5312, 0.5625, 0.5625] 0,5625 260,4
9 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5 [0.325, 0.5, 0.5437, 0.5437, 0.5437] 0,54375 264,48
10 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,51875 [0.3125, 0.5188, 0.525, 0.5469, 0.5469] 0,546875 269,08
11 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5 [0.2969, 0.5, 0.5437, 0.5437, 0.5437] 0,54375 261,68
12 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,521875 [0.35, 0.5219, 0.5219, 0.525, 0.525] 0,525 259,75
13 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,534375 [0.3469, 0.5344, 0.5687, 0.5719, 0.5719] 0,571875 255,31
14 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,490625 [0.3312, 0.4906, 0.5062, 0.5062] 0,50625 263,6
15 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5125 [0.3469, 0.5125, 0.5125, 0.5188, 0.5188] 0,51875 255,69
16 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5 [0.325, 0.5, 0.5437, 0.5437, 0.5437] 0,54375 257,74
17 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,509375 [0.3375, 0.5094, 0.5125, 0.5563, 0.5563] 0,55625 259,48
18 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,45625 [0.3438, 0.4562, 0.4719, 0.5094, 0.5094] 0,509375 256,55
19 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,49375 [0.3375, 0.4938, 0.5312, 0.5312, 0.5312] 0,53125 259,19
20 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5 [0.325, 0.5, 0.5188, 0.5437, 0.5437] 0,54375 254,7
21 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,515625 [0.2844, 0.5281, 0.5281] 0,528125 255,84
22 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,465625 [0.325, 0.4656, 0.4969, 0.5, 0.5] 0,5 255,36
23 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,484375 [0.3312, 0.4844, 0.4844, 0.4969, 0.4969] 0,496875 255,76
24 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,484375 [0.3344, 0.4844, 0.4844, 0.5031, 0.5031] 0,503125 254,17
25 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,4625 [0.3375, 0.4625, 0.5844, 0.5844, 0.5844] 0,584375 258,83
26 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,490625 [0.325, 0.4906, 0.5375, 0.5375, 0.5375] 0,5375 254,08
27 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,496875 [0.3719, 0.4969, 0.4969, 0.5188, 0.5188] 0,51875 257,42
28 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,475 [0.3406, 0.475, 0.55, 0.55] 0,55 256,38
29 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5125 [0.3031, 0.5125, 0.5188, 0.5281, 0.5281] 0,528125 253,29
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Table A.12 Computational Result of Imputation methods in the Experiment #1221

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,309375 0,5 0,515625 0,503125 0,34375 0,30625 0,30625
1 0,3 0,44375 0,578125 0,546875 0,353125 0,309375 0,34375
2 0,3 0,503125 0,525 0,521875 0,35 0,303125 0,303125
3 0,31875 0,496875 0,528125 0,540625 0,353125 0,365625 0,365625
4 0,346875 0,515625 0,553125 0,525 0,3625 0,303125 0,303125
5 0,334375 0,521875 0,521875 0,553125 0,353125 0,36875 0,36875
6 0,3125 0,528125 0,51875 0,46875 0,28125 0,30625 0,30625
7 0,35625 0,45625 0,5125 0,515625 0,3125 0,321875 0,321875
8 0,3 0,503125 0,5625 0,534375 0,34375 0,35 0,35
9 0,334375 0,5 0,540625 0,525 0,33125 0,28125 0,28125
10 0,315625 0,51875 0,546875 0,465625 0,309375 0,29375 0,29375
11 0,303125 0,5 0,5375 0,546875 0,30625 0,2875 0,2875
12 0,315625 0,521875 0,525 0,528125 0,33125 0,365625 0,365625
13 0,3125 0,534375 0,571875 0,521875 0,325 0,35 0,35
14 0,334375 0,490625 0,50625 0,50625 0,340625 0,3125 0,3125
15 0,35625 0,5125 0,51875 0,49375 0,36875 0,371875 0,371875
16 0,334375 0,5 0,540625 0,5375 0,33125 0,28125 0,28125
17 0,3625 0,509375 0,55625 0,5 0,3125 0,325 0,325
18 0,315625 0,45625 0,509375 0,5125 0,315625 0,359375 0,359375
19 0,36875 0,49375 0,525 0,528125 0,328125 0,359375 0,359375
20 0,328125 0,5 0,54375 0,5375 0,3625 0,365625 0,365625
21 0,2875 0,528125 0,515625 0,528125 0,334375 0,340625 0,340625
22 0,3125 0,465625 0,5 0,45625 0,3875 0,35 0,35
23 0,315625 0,484375 0,496875 0,49375 0,371875 0,33125 0,33125
24 0,3125 0,484375 0,503125 0,5 0,403125 0,35 0,35
25 0,315625 0,4625 0,55625 0,540625 0,353125 0,3625 0,3625
26 0,321875 0,490625 0,528125 0,546875 0,315625 0,315625 0,315625
27 0,328125 0,496875 0,51875 0,521875 0,3625 0,3375 0,3375
28 0,33125 0,475 0,55 0,471875 0,375 0,334375 0,334375
29 0,28125 0,5125 0,528125 0,50625 0,35 0,271875 0,271875
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Table A.13 Computational Result of the Experiment #1321

Computational results of proposed approach for 30 replications in the experiment #1321:
best State Start cost best costs best cost TCT(s)

0 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,621875 [0.175, 0.6219, 0.6219, 0.6656, 0.6656] 0,665625 279,58
1 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,634375 [0.1719, 0.6344, 0.6344, 0.6875, 0.6875] 0,6875 284,51
2 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,68125 [0.2188, 0.6875, 0.6875, 0.6875] 0,6875 283,24
3 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5875 [0.175, 0.5875, 0.6156, 0.6656, 0.6656] 0,665625 261,69
4 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,61875 [0.1812, 0.6188, 0.625, 0.6469, 0.6469] 0,646875 261,98
5 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,634375 [0.1938, 0.6344, 0.6344, 0.6656, 0.6656] 0,665625 263,4
6 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,646875 [0.15, 0.6469, 0.6469, 0.6969, 0.6969] 0,696875 263,24
7 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,63125 [0.1844, 0.6312, 0.6375, 0.6875, 0.6875] 0,6875 263,45
8 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,66875 [0.1969, 0.6687, 0.6687, 0.7344, 0.7344] 0,734375 263,95
9 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,63125 [0.1688, 0.6312, 0.6312, 0.6937, 0.6937] 0,69375 266,86
10 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,671875 [0.1594, 0.6719, 0.6719, 0.7406, 0.7406] 0,740625 266,78
11 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,628125 [0.15, 0.6281, 0.6813, 0.6813, 0.6813] 0,68125 266,45
12 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,659375 [0.1562, 0.6594, 0.7438, 0.75, 0.75] 0,75 263,74
13 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,65 [0.1313, 0.65, 0.6875, 0.6875, 0.6875] 0,6875 267,11
14 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,609375 [0.1812, 0.6094, 0.6219, 0.7281, 0.7281] 0,728125 268,26
15 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,68125 [0.1938, 0.6813, 0.6906, 0.6906, 0.6906] 0,690625 271,4
16 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,63125 [0.1469, 0.6312, 0.6469, 0.7188, 0.7188] 0,71875 269,43
17 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,659375 [0.175, 0.6594, 0.6813, 0.6875, 0.6875] 0,6875 268,08
18 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,63125 [0.1656, 0.6312, 0.7156, 0.7156, 0.7156] 0,715625 263
19 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,603125 [0.2313, 0.6031, 0.6031, 0.6656, 0.6656] 0,665625 264,12
20 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,628125 [0.1906, 0.6281, 0.6281, 0.7063, 0.7063] 0,70625 265,92
21 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,6125 [0.2062, 0.6125, 0.6406, 0.6406] 0,640625 264,74
22 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,63125 [0.1688, 0.6312, 0.7156, 0.7312, 0.7312] 0,73125 263,57
23 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,653125 [0.1781, 0.6531, 0.6656, 0.6875, 0.6875] 0,6875 267,28
24 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,61875 [0.1625, 0.6188, 0.6375, 0.6813, 0.6813] 0,68125 264,92
25 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,5875 [0.1844, 0.5875, 0.6625, 0.6687, 0.6687] 0,66875 267,46
26 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,60625 [0.1875, 0.6062, 0.6062, 0.6906, 0.6906] 0,690625 266,97
27 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,628125 [0.1906, 0.6281, 0.6281, 0.7063, 0.7063] 0,70625 267,47
28 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,65 [0.1719, 0.65, 0.6906, 0.6906, 0.6906] 0,690625 263,46
29 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,665625 [0.1594, 0.6656, 0.6781, 0.6937, 0.6937] 0,69375 264,92
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Table A.14 Computational Result of Imputation methods in the Experiment #1321

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,428125 0,621875 0,665625 0,6625 0,2375 0,196875 0,196875
1 0,375 0,634375 0,6875 0,4 0,234375 0,19375 0,1875
2 0,39375 0,6875 0,68125 0,503125 0,2375 0,1875 0,1875
3 0,35625 0,5875 0,665625 0,66875 0,25 0,203125 0,203125
4 0,4375 0,61875 0,646875 0,69375 0,240625 0,184375 0,184375
5 0,38125 0,634375 0,665625 0,65 0,228125 0,21875 0,21875
6 0,453125 0,646875 0,696875 0,64375 0,221875 0,203125 0,203125
7 0,425 0,63125 0,6875 0,421875 0,253125 0,175 0,175
8 0,40625 0,66875 0,734375 0,65 0,246875 0,184375 0,184375
9 0,409375 0,63125 0,69375 0,625 0,203125 0,175 0,175
10 0,440625 0,671875 0,740625 0,709375 0,21875 0,175 0,175
11 0,4 0,628125 0,678125 0,659375 0,259375 0,18125 0,18125
12 0,4625 0,659375 0,75 0,734375 0,20625 0,18125 0,18125
13 0,421875 0,65 0,6625 0,675 0,246875 0,14375 0,14375
14 0,44375 0,609375 0,728125 0,625 0,25 0,18125 0,18125
15 0,446875 0,68125 0,684375 0,678125 0,21875 0,209375 0,209375
16 0,43125 0,63125 0,71875 0,653125 0,21875 0,175 0,175
17 0,40625 0,659375 0,6875 0,65625 0,215625 0,14375 0,14375
18 0,43125 0,63125 0,6875 0,646875 0,259375 0,1875 0,1875
19 0,409375 0,603125 0,665625 0,66875 0,259375 0,19375 0,19375
20 0,459375 0,628125 0,70625 0,640625 0,2375 0,15 0,15
21 0,41875 0,6125 0,6125 0,665625 0,26875 0,175 0,175
22 0,396875 0,63125 0,73125 0,740625 0,21875 0,184375 0,184375
23 0,409375 0,653125 0,6875 0,69375 0,159375 0,184375 0,184375
24 0,415625 0,61875 0,68125 0,678125 0,215625 0,184375 0,184375
25 0,353125 0,5875 0,66875 0,4625 0,278125 0,190625 0,190625
26 0,378125 0,60625 0,690625 0,596875 0,2125 0,18125 0,18125
27 0,459375 0,628125 0,70625 0,640625 0,2375 0,15 0,15
28 0,409375 0,65 0,675 0,6375 0,246875 0,175 0,175
29 0,45625 0,665625 0,69375 0,6625 0,171875 0,184375 0,184375
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Table A.15 Computational Result of the Experiment #1421

Computational results of proposed approach for 30 replications in the experiment #1421:
best State Start cost best costs best cost TCT(s)

0 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,828125 [0.0719, 0.8281, 0.8688, 0.8688] 0,86875 260,59
1 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,803125 [0.0813, 0.8031, 0.8031, 0.8344, 0.8344] 0,834375 257,73
2 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,8625 [0.05, 0.8656, 0.8656] 0,865625 257,27
3 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,84375 [0.0594, 0.8469, 0.8469, 0.8469] 0,846875 257,22
4 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,8375 [0.0531, 0.8406, 0.8406] 0,840625 257,46
5 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,846875 [0.0813, 0.8469, 0.8469, 0.85, 0.85] 0,85 255,21
6 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,85625 [0.0594, 0.8594, 0.8594, 0.8594] 0,859375 258,81
7 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,81875 [0.0594, 0.8187, 0.8375, 0.8375, 0.8375] 0,8375 259,17
8 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,84375 [0.0469, 0.8438, 0.8562, 0.8625, 0.8625] 0,8625 260,93
9 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,846875 [0.1, 0.8469, 0.85, 0.85] 0,85 258
10 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,81875 [0.0656, 0.8187, 0.8375, 0.8375] 0,8375 259,73
11 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,859375 [0.0594, 0.8656, 0.8656, 0.8656] 0,865625 257,57
12 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,834375 [0.0531, 0.8344, 0.8406, 0.8406, 0.8406] 0,840625 262,35
13 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,865625 [0.0437, 0.8656, 0.8656, 0.8781, 0.8781] 0,878125 259,56
14 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,83125 [0.0594, 0.8313, 0.8313, 0.8656, 0.8656] 0,865625 256,33
15 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,85 [0.0656, 0.85, 0.85, 0.8531, 0.8531] 0,853125 257,95
16 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,815625 [0.0625, 0.8156, 0.8156, 0.8375, 0.8375] 0,8375 257,63
17 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,815625 [0.0906, 0.8156, 0.8594, 0.8656, 0.8656] 0,865625 257,99
18 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,840625 [0.0531, 0.8406, 0.8469, 0.8688, 0.8688] 0,86875 261,63
19 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,828125 [0.075, 0.8281, 0.8281, 0.8406, 0.8406] 0,840625 263,04
20 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,8375 [0.0688, 0.8375, 0.8469, 0.8469] 0,846875 257,3
21 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,825 [0.075, 0.8531, 0.8531] 0,853125 260,3
22 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,853125 [0.0688, 0.8531, 0.8531, 0.8625, 0.8625] 0,8625 258,92
23 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,85 [0.025, 0.85, 0.85, 0.8625, 0.8625] 0,8625 258,61
24 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,846875 [0.0688, 0.8469, 0.8531, 0.8531] 0,853125 260,3
25 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,853125 [0.0375, 0.8531, 0.8531, 0.8594, 0.8594] 0,859375 257,57
26 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,828125 [0.0563, 0.8281, 0.8531, 0.8562, 0.8562] 0,85625 261,66
27 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,815625 [0.0625, 0.8156, 0.8219, 0.8219, 0.8219] 0,821875 255,86
28 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,840625 [0.0344, 0.8844, 0.8844, 0.8844] 0,884375 262,54
29 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5] 0,86875 [0.0281, 0.8719, 0.8719, 0.8719] 0,871875 258,85
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Table A.16 Computational Result of Imputation methods in the Experiment #1421

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,721875 0,828125 0,86875 0,86875 0,203125 0,06875 0,06875
1 0,684375 0,803125 0,834375 0,71875 0,165625 0,06875 0,259375
2 0,753125 0,865625 0,8625 0,865625 0,203125 0,05 0,05
3 0,71875 0,846875 0,84375 0,84375 0,209375 0,05625 0,05625
4 0,69375 0,840625 0,8375 0,834375 0,259375 0,05 0,05
5 0,690625 0,846875 0,85 0,790625 0,271875 0,071875 0,071875
6 0,7375 0,859375 0,85625 0,859375 0,215625 0,071875 0,071875
7 0,69375 0,81875 0,825 0,828125 0,184375 0,05 0,05
8 0,74375 0,84375 0,8625 0,865625 0,196875 0,0625 0,0625
9 0,71875 0,846875 0,846875 0,709375 0,196875 0,096875 0,096875
10 0,7125 0,81875 0,8375 0,828125 0,203125 0,06875 0,06875
11 0,740625 0,865625 0,859375 0,859375 0,20625 0,053125 0,053125
12 0,69375 0,834375 0,8375 0,8375 0,175 0,053125 0,053125
13 0,746875 0,865625 0,878125 0,865625 0,2 0,071875 0,071875
14 0,740625 0,83125 0,865625 0,846875 0,178125 0,078125 0,078125
15 0,734375 0,85 0,853125 0,7625 0,24375 0,04375 0,04375
16 0,70625 0,815625 0,8375 0,803125 0,196875 0,078125 0,078125
17 0,715625 0,815625 0,865625 0,865625 0,209375 0,0875 0,0875
18 0,728125 0,840625 0,86875 0,865625 0,23125 0,05 0,05
19 0,721875 0,828125 0,840625 0,85 0,24375 0,053125 0,053125
20 0,721875 0,8375 0,846875 0,825 0,196875 0,053125 0,053125
21 0,715625 0,853125 0,825 0,846875 0,18125 0,06875 0,06875
22 0,734375 0,853125 0,8625 0,84375 0,209375 0,065625 0,065625
23 0,75 0,85 0,8625 0,86875 0,184375 0,059375 0,059375
24 0,73125 0,846875 0,853125 0,85 0,221875 0,046875 0,046875
25 0,75 0,853125 0,859375 0,85625 0,203125 0,05 0,05
26 0,746875 0,828125 0,85625 0,775 0,20625 0,0625 0,0625
27 0,6875 0,815625 0,81875 0,821875 0,228125 0,075 0,075
28 0,746875 0,884375 0,840625 0,85625 0,271875 0,071875 0,071875
29 0,753125 0,871875 0,86875 0,85 0,209375 0,03125 0,03125
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Table A.19 Computational Result of the Experiment #2121

Computational results of proposed approach for 30 replications in the experiment #2121:
best State Start cost best costs best cost TCT(s)

0 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,564979 [0.5882, 0.5882, 0.5882, 0.5882, 0.5882] 0,588235 1571,07
1 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,570451 [0.5937, 0.5937, 0.5937, 0.5937] 0,593707 1569,38
2 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,588235 [0.6211, 0.6211, 0.6211, 0.6211, 0.6211] 0,621067 1599,87
3 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,563611 [0.6115, 0.6115, 0.6115, 0.6115, 0.6115] 0,611491 1510,68
4 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,584131 [0.5992, 0.5992, 0.5992, 0.5992, 0.5992] 0,599179 1521,39
5 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,575923 [0.6088, 0.6088, 0.6088, 0.6088, 0.6088] 0,608755 1496,35
6 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,569083 [0.5759, 0.5787, 0.5787, 0.5787] 0,578659 1488,69
7 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,564979 [0.5964, 0.5964, 0.5964, 0.5964, 0.5964] 0,596443 1494,05
8 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,575923 [0.6129, 0.6129, 0.6129, 0.6129, 0.6129] 0,612859 1500,13
9 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,585499 [0.5992, 0.5992, 0.5992, 0.5992, 0.5992] 0,599179 1498,32
10 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,555404 [0.58, 0.58, 0.58, 0.58, 0.58] 0,580027 1495,07
11 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,585499 [0.6088, 0.6088, 0.6088, 0.6088, 0.6088] 0,608755 1488,39
12 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,608755 [0.6156, 0.6156, 0.6156, 0.6156] 0,615595 1503,03
13 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,566347 [0.5882, 0.5882, 0.5882, 0.5882, 0.5882] 0,588235 1498,22
14 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,570451 [0.5718, 0.58, 0.58, 0.58] 0,580027 1492,58
15 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,564979 [0.6238, 0.6238, 0.6238, 0.6238, 0.6238] 0,623803 1481,37
16 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,566347 [0.6033, 0.6033, 0.6033, 0.6033, 0.6033] 0,603283 1509,32
17 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,589603 [0.6101, 0.6101, 0.6101, 0.6101, 0.6101] 0,610123 1500,6
18 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,545828 [0.5732, 0.5732, 0.5732, 0.5732, 0.5732] 0,573187 1491,48
19 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,554036 [0.6005, 0.6005, 0.6005, 0.6005, 0.6005] 0,600547 1519,62
20 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,569083 [0.591, 0.591, 0.591, 0.591, 0.591] 0,590971 1528
21 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,574555 [0.5814, 0.5814, 0.5814, 0.5814, 0.5814] 0,581395 1537,53
22 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,547196 [0.5759, 0.5759, 0.5759, 0.5759, 0.5759] 0,575923 1814
23 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,588235 [0.6115, 0.6115, 0.6115, 0.6115, 0.6115] 0,611491 1607,78
24 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,571819 [0.5855, 0.5855, 0.5855, 0.5855, 0.5855] 0,585499 1586,38
25 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,570451 [0.6005, 0.6005, 0.6005, 0.6005, 0.6005] 0,600547 1560,8
26 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,5513 [0.5787, 0.5787, 0.5787, 0.5787, 0.5787] 0,578659 1567,05
27 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,574555 [0.6088, 0.6088, 0.6088, 0.6088] 0,608755 1748,09
28 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,573187 [0.5978, 0.5978, 0.5978, 0.5978, 0.5978] 0,597811 1881,94
29 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,571819 [0.5951, 0.5951, 0.5951, 0.5951, 0.5951] 0,595075 1874,89
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Table A.20 Computational Result of Imputation methods in the Experiment #2121

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,500684 0,540356 0,536252 0,53078 0,562244 0,536252 0,536252
1 0,545828 0,570451 0,563611 0,570451 0,599179 0,549932 0,597811
2 0,538988 0,559508 0,559508 0,563611 0,607387 0,562244 0,562244
3 0,53078 0,543092 0,556772 0,53078 0,599179 0,538988 0,538988
4 0,534884 0,581395 0,547196 0,564979 0,600547 0,536252 0,536252
5 0,53762 0,566347 0,577291 0,563611 0,564979 0,555404 0,555404
6 0,5171 0,571819 0,5513 0,563611 0,574555 0,54446 0,54446
7 0,518468 0,549932 0,554036 0,547196 0,559508 0,53078 0,53078
8 0,521204 0,55814 0,564979 0,534884 0,582763 0,515732 0,515732
9 0,586867 0,600547 0,575923 0,584131 0,586867 0,584131 0,584131
10 0,522572 0,555404 0,55814 0,552668 0,574555 0,532148 0,532148
11 0,540356 0,567715 0,560876 0,559508 0,588235 0,554036 0,554036
12 0,536252 0,577291 0,569083 0,55814 0,562244 0,543092 0,543092
13 0,540356 0,567715 0,552668 0,5513 0,564979 0,541724 0,541724
14 0,506156 0,547196 0,532148 0,515732 0,569083 0,525308 0,525308
15 0,545828 0,573187 0,560876 0,554036 0,570451 0,532148 0,532148
16 0,545828 0,573187 0,547196 0,549932 0,571819 0,54446 0,54446
17 0,522572 0,547196 0,547196 0,541724 0,580027 0,547196 0,547196
18 0,532148 0,569083 0,570451 0,563611 0,580027 0,543092 0,543092
19 0,50342 0,526676 0,538988 0,532148 0,571819 0,532148 0,532148
20 0,514364 0,533516 0,562244 0,538988 0,552668 0,526676 0,526676
21 0,562244 0,582763 0,575923 0,574555 0,571819 0,548564 0,548564
22 0,528044 0,545828 0,540356 0,549932 0,577291 0,528044 0,528044
23 0,549932 0,569083 0,559508 0,573187 0,616963 0,562244 0,562244
24 0,532148 0,555404 0,536252 0,552668 0,577291 0,53078 0,53078
25 0,536252 0,574555 0,564979 0,570451 0,574555 0,538988 0,538988
26 0,522572 0,55814 0,529412 0,54446 0,581395 0,54446 0,54446
27 0,560876 0,588235 0,569083 0,580027 0,588235 0,555404 0,555404
28 0,564979 0,592339 0,575923 0,577291 0,597811 0,54446 0,54446
29 0,529412 0,564979 0,555404 0,566347 0,595075 0,52394 0,52394
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Table A.21 Computational Result of the Experiment #2221

Computational results of proposed approach for 30 replications in the experiment #2221:
best State Start cost best costs best cost TCT(s)

0 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,512996 [0.5376, 0.5376, 0.5376, 0.5376, 0.5376] 0,53762 2245,41
1 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,5171 [0.5267, 0.5267, 0.5267, 0.5267, 0.5267] 0,526676 2298,2
2 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,493844 [0.528, 0.528, 0.528, 0.528, 0.528] 0,528044 2283,66
3 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,478796 [0.528, 0.528, 0.528, 0.528] 0,528044 2284,87
4 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,488372 [0.5431, 0.5431, 0.5431, 0.5431] 0,543092 2301,07
5 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,508892 [0.5308, 0.5308, 0.5308, 0.5308, 0.5308] 0,53078 2276,19
6 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,465116 [0.5294, 0.5294, 0.5294, 0.5294, 0.5294] 0,529412 2292,96
7 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,46922 [0.5267, 0.5267, 0.5267, 0.5267, 0.5267] 0,526676 2282,65
8 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,504788 [0.5171, 0.5171, 0.5171, 0.5171, 0.5171] 0,5171 2293,01
9 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,492476 [0.5239, 0.5239, 0.5239, 0.5239, 0.5239] 0,52394 2291
10 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,515732 [0.5513, 0.5513, 0.5513, 0.5513, 0.5513] 0,5513 2284,67
11 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,504788 [0.5417, 0.5417, 0.5417, 0.5417, 0.5417] 0,541724 2280,61
12 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,473324 [0.5185, 0.5185, 0.5185, 0.5185] 0,518468 2283,72
13 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,502052 [0.5404, 0.5404, 0.5404, 0.5404, 0.5404] 0,540356 3288,89
14 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,506156 [0.5212, 0.5212, 0.5212, 0.5212] 0,521204 2591,66
15 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,511628 [0.539, 0.539, 0.539, 0.539, 0.539] 0,538988 2262,17
16 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,499316 [0.539, 0.539, 0.539, 0.539, 0.539] 0,538988 2234,69
17 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,49658 [0.5363, 0.5363, 0.5363, 0.5363, 0.5363] 0,536252 2787,14
18 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,526676 [0.5499, 0.5499, 0.5499, 0.5499, 0.5499] 0,549932 4095,73
19 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,500684 [0.5321, 0.5321, 0.5321, 0.5321, 0.5321] 0,532148 2804,41
20 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,474692 [0.5034, 0.5034, 0.5034, 0.5034, 0.5034] 0,50342 2276,68
21 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,470588 [0.5308, 0.5308, 0.5308, 0.5308, 0.5308] 0,53078 2275,35
22 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,536252 [0.5554, 0.5554, 0.5554, 0.5554, 0.5554] 0,555404 2311,87
23 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,480164 [0.5417, 0.5417, 0.5417, 0.5417] 0,541724 2289,24
24 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,525308 [0.5581, 0.5581, 0.5581, 0.5581, 0.5581] 0,55814 2308,82
25 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,499316 [0.5308, 0.5308, 0.5308, 0.5308, 0.5308] 0,53078 2291,85
26 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,500684 [0.5198, 0.5198, 0.5198, 0.5198, 0.5198] 0,519836 2296,38
27 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,480164 [0.5048, 0.5048, 0.5048, 0.5048, 0.5048] 0,504788 2336,29
28 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,50342 [0.5321, 0.5321, 0.5321, 0.5321] 0,532148 2326,05
29 [2, 5, 1, 0, 2, 4, 3, 2, 6, 1, 1, 3, 5, 1, 2, 1, 4] 0,502052 [0.5226, 0.5321, 0.5321, 0.5321] 0,532148 2305,78
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Table A.22 Computational Result of Imputation methods in the Experiment #2221

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,432285 0,492476 0,488372 0,485636 0,444596 0,445964 0,445964
1 0,4487 0,497948 0,470588 0,497948 0,430917 0,429549 0,433653
2 0,487004 0,484268 0,467852 0,484268 0,373461 0,406293 0,406293
3 0,413133 0,466484 0,481532 0,484268 0,413133 0,404925 0,404925
4 0,447332 0,500684 0,492476 0,508892 0,48974 0,447332 0,447332
5 0,430917 0,500684 0,477428 0,511628 0,404925 0,391245 0,391245
6 0,395349 0,466484 0,478796 0,488372 0,383037 0,393981 0,393981
7 0,433653 0,499316 0,492476 0,499316 0,393981 0,433653 0,433653
8 0,418605 0,47606 0,47606 0,481532 0,426813 0,399453 0,399453
9 0,415869 0,48974 0,473324 0,47606 0,450068 0,410397 0,410397
10 0,425445 0,493844 0,495212 0,487004 0,463748 0,404925 0,404925
11 0,417237 0,461012 0,471956 0,478796 0,418605 0,436389 0,436389
12 0,424077 0,480164 0,437756 0,465116 0,415869 0,421341 0,421341
13 0,418605 0,478796 0,4829 0,495212 0,411765 0,425445 0,425445
14 0,418605 0,488372 0,45554 0,477428 0,478796 0,433653 0,433653
15 0,425445 0,49658 0,467852 0,4829 0,458276 0,429549 0,429549
16 0,436389 0,500684 0,49658 0,512996 0,433653 0,443228 0,443228
17 0,388509 0,463748 0,461012 0,463748 0,430917 0,403557 0,403557
18 0,424077 0,492476 0,46922 0,497948 0,44186 0,393981 0,393981
19 0,425445 0,478796 0,485636 0,467852 0,474692 0,447332 0,447332
20 0,418605 0,46238 0,46238 0,49658 0,425445 0,435021 0,435021
21 0,409029 0,461012 0,458276 0,470588 0,463748 0,407661 0,407661
22 0,422709 0,470588 0,473324 0,478796 0,430917 0,456908 0,456908
23 0,398085 0,451436 0,473324 0,466484 0,422709 0,424077 0,424077
24 0,458276 0,502052 0,491108 0,49658 0,428181 0,395349 0,395349
25 0,374829 0,439124 0,437756 0,439124 0,406293 0,414501 0,414501
26 0,377565 0,4487 0,466484 0,444596 0,454172 0,421341 0,421341
27 0,396717 0,456908 0,456908 0,454172 0,417237 0,415869 0,415869
28 0,417237 0,485636 0,467852 0,465116 0,413133 0,380301 0,380301
29 0,414501 0,484268 0,480164 0,471956 0,422709 0,409029 0,409029
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Table A.24 Computational Result of Imputation methods in the Experiment #3121

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,472222 0,611111 0,638889 0,611111 0,527778 0,527778 0,527778
1 0,611111 0,805556 0,666667 0,611111 0,75 0,611111 0,638889
2 0,638889 0,722222 0,75 0,611111 0,75 0,694444 0,694444
3 0,638889 0,75 0,694444 0,694444 0,694444 0,611111 0,611111
4 0,555556 0,694444 0,777778 0,75 0,638889 0,555556 0,555556
5 0,527778 0,666667 0,611111 0,611111 0,638889 0,583333 0,583333
6 0,666667 0,694444 0,611111 0,694444 0,638889 0,666667 0,666667
7 0,527778 0,666667 0,777778 0,75 0,666667 0,583333 0,583333
8 0,611111 0,611111 0,638889 0,666667 0,638889 0,611111 0,611111
9 0,666667 0,75 0,722222 0,75 0,722222 0,75 0,75
10 0,527778 0,666667 0,666667 0,611111 0,666667 0,555556 0,555556
11 0,694444 0,861111 0,861111 0,75 0,75 0,694444 0,694444
12 0,444444 0,5 0,5 0,472222 0,555556 0,444444 0,444444
13 0,666667 0,666667 0,638889 0,638889 0,666667 0,694444 0,694444
14 0,666667 0,861111 0,75 0,75 0,777778 0,694444 0,694444
15 0,583333 0,666667 0,638889 0,666667 0,694444 0,611111 0,611111
16 0,638889 0,694444 0,638889 0,638889 0,722222 0,638889 0,638889
17 0,611111 0,666667 0,666667 0,638889 0,666667 0,638889 0,638889
18 0,555556 0,638889 0,638889 0,611111 0,638889 0,555556 0,555556
19 0,638889 0,694444 0,638889 0,583333 0,666667 0,527778 0,527778
20 0,777778 0,75 0,75 0,75 0,805556 0,833333 0,833333
21 0,638889 0,722222 0,694444 0,75 0,75 0,666667 0,666667
22 0,611111 0,638889 0,666667 0,638889 0,694444 0,666667 0,666667
23 0,583333 0,694444 0,722222 0,722222 0,666667 0,666667 0,666667
24 0,472222 0,611111 0,611111 0,583333 0,694444 0,472222 0,472222
25 0,555556 0,666667 0,694444 0,638889 0,75 0,722222 0,722222
26 0,611111 0,638889 0,583333 0,583333 0,722222 0,527778 0,527778
27 0,638889 0,666667 0,722222 0,638889 0,805556 0,611111 0,611111
28 0,472222 0,666667 0,638889 0,722222 0,555556 0,527778 0,527778
29 0,666667 0,694444 0,694444 0,694444 0,722222 0,666667 0,666667
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Table A.26 Computational Result of Imputation methods in the Experiment #3221

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,666667 0,694444 0,75 0,527778 0,611111 0,694444 0,694444
1 0,527778 0,583333 0,638889 0,638889 0,666667 0,583333 0,583333
2 0,388889 0,611111 0,666667 0,555556 0,555556 0,527778 0,527778
3 0,5 0,722222 0,666667 0,638889 0,583333 0,472222 0,472222
4 0,333333 0,583333 0,611111 0,611111 0,472222 0,583333 0,583333
5 0,472222 0,611111 0,722222 0,666667 0,555556 0,611111 0,611111
6 0,638889 0,694444 0,777778 0,694444 0,694444 0,638889 0,638889
7 0,416667 0,666667 0,666667 0,472222 0,638889 0,472222 0,472222
8 0,444444 0,611111 0,611111 0,638889 0,444444 0,361111 0,361111
9 0,361111 0,638889 0,611111 0,666667 0,444444 0,611111 0,611111
10 0,555556 0,666667 0,805556 0,777778 0,527778 0,555556 0,555556
11 0,388889 0,527778 0,611111 0,583333 0,527778 0,388889 0,388889
12 0,388889 0,611111 0,611111 0,583333 0,5 0,527778 0,527778
13 0,555556 0,583333 0,555556 0,555556 0,611111 0,444444 0,444444
14 0,444444 0,555556 0,611111 0,694444 0,416667 0,583333 0,583333
15 0,388889 0,638889 0,527778 0,611111 0,555556 0,333333 0,333333
16 0,5 0,611111 0,638889 0,611111 0,583333 0,583333 0,583333
17 0,638889 0,777778 0,75 0,722222 0,583333 0,555556 0,555556
18 0,388889 0,444444 0,472222 0,527778 0,611111 0,555556 0,555556
19 0,5 0,583333 0,555556 0,555556 0,472222 0,527778 0,527778
20 0,416667 0,638889 0,666667 0,611111 0,416667 0,694444 0,694444
21 0,388889 0,611111 0,583333 0,666667 0,527778 0,472222 0,472222
22 0,611111 0,777778 0,75 0,75 0,666667 0,555556 0,555556
23 0,527778 0,694444 0,638889 0,611111 0,555556 0,694444 0,694444
24 0,527778 0,638889 0,583333 0,638889 0,638889 0,611111 0,611111
25 0,472222 0,722222 0,722222 0,527778 0,666667 0,611111 0,611111
26 0,472222 0,666667 0,555556 0,583333 0,611111 0,666667 0,666667
27 0,472222 0,527778 0,555556 0,555556 0,472222 0,472222 0,472222
28 0,583333 0,666667 0,666667 0,722222 0,5 0,611111 0,611111
29 0,333333 0,555556 0,527778 0,555556 0,472222 0,5 0,5

73
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Table A.28 Computational Result of Imputation methods in the Experiment #4211

Computational results of Imputation Methods for 30 replications:
Mean Median Mode Hot-Deck KNN BRR RFR

0 0,666667 0,694444 0,75 0,527778 0,611111 0,694444 0,694444
1 0,527778 0,583333 0,638889 0,638889 0,666667 0,583333 0,583333
2 0,388889 0,611111 0,666667 0,555556 0,555556 0,527778 0,527778
3 0,5 0,722222 0,666667 0,638889 0,583333 0,472222 0,472222
4 0,333333 0,583333 0,611111 0,611111 0,472222 0,583333 0,583333
5 0,472222 0,611111 0,722222 0,666667 0,555556 0,611111 0,611111
6 0,638889 0,694444 0,777778 0,694444 0,694444 0,638889 0,638889
7 0,416667 0,666667 0,666667 0,472222 0,638889 0,472222 0,472222
8 0,444444 0,611111 0,611111 0,638889 0,444444 0,361111 0,361111
9 0,361111 0,638889 0,611111 0,666667 0,444444 0,611111 0,611111
10 0,555556 0,666667 0,805556 0,777778 0,527778 0,555556 0,555556
11 0,388889 0,527778 0,611111 0,583333 0,527778 0,388889 0,388889
12 0,388889 0,611111 0,611111 0,583333 0,5 0,527778 0,527778
13 0,555556 0,583333 0,555556 0,555556 0,611111 0,444444 0,444444
14 0,444444 0,555556 0,611111 0,694444 0,416667 0,583333 0,583333
15 0,388889 0,638889 0,527778 0,611111 0,555556 0,333333 0,333333
16 0,5 0,611111 0,638889 0,611111 0,583333 0,583333 0,583333
17 0,638889 0,777778 0,75 0,722222 0,583333 0,555556 0,555556
18 0,388889 0,444444 0,472222 0,527778 0,611111 0,555556 0,555556
19 0,5 0,583333 0,555556 0,555556 0,472222 0,527778 0,527778
20 0,416667 0,638889 0,666667 0,611111 0,416667 0,694444 0,694444
21 0,388889 0,611111 0,583333 0,666667 0,527778 0,472222 0,472222
22 0,611111 0,777778 0,75 0,75 0,666667 0,555556 0,555556
23 0,527778 0,694444 0,638889 0,611111 0,555556 0,694444 0,694444
24 0,527778 0,638889 0,583333 0,638889 0,638889 0,611111 0,611111
25 0,472222 0,722222 0,722222 0,527778 0,666667 0,611111 0,611111
26 0,472222 0,666667 0,555556 0,583333 0,611111 0,666667 0,666667
27 0,472222 0,527778 0,555556 0,555556 0,472222 0,472222 0,472222
28 0,583333 0,666667 0,666667 0,722222 0,5 0,611111 0,611111
29 0,333333 0,555556 0,527778 0,555556 0,472222 0,5 0,5

75


