
DEPARTMENT OF
PHYSICS

ISABEL DE ALMEIDA CURIOSO

Bachelor of Science in Biomedical Engineering

DELIVERING RELIABLE AI TO CLINICAL
CONTEXTS: ADDRESSING THE CHALLENGE
OF MISSING DATA

MASTER IN BIOMEDICAL ENGINEERING

NOVA University Lisbon
December, 2022



DEPARTMENT OF
PHYSICS

DELIVERING RELIABLE AI TO CLINICAL CONTEXTS:
ADDRESSING THE CHALLENGE OF MISSING DATA

ISABEL DE ALMEIDA CURIOSO

Bachelor of Science in Biomedical Engineering

Adviser: Dr. Hugo Filipe Silveira Gamboa
Associate Professor with Aggregation, NOVA University of Lisbon

Examination Committee

Chair: Dr. Ricardo Nuno Pereira Verga e Afonso Vigário
Associate Professor with Aggregation, NOVA University of Lisbon

Rapporteur: Dr. Hui Liu
Researcher, University of Bremen

Adviser: Dr. Hugo Filipe Silveira Gamboa
Associate Professor with Aggregation, NOVA University of Lisbon

MASTER IN BIOMEDICAL ENGINEERING

NOVA University Lisbon
December, 2022



Delivering Reliable AI to Clinical Contexts: Addressing the Challenge of

Missing Data

Copyright © Isabel de Almeida Curioso, NOVA School of Science and Technology, NOVA
University Lisbon.
The NOVA School of Science and Technology and the NOVA University Lisbon have the
right, perpetual and without geographical boundaries, to file and publish this dissertation
through printed copies reproduced on paper or on digital form, or by any other means
known or that may be invented, and to disseminate through scientific repositories and
admit its copying and distribution for non-commercial, educational or research purposes,
as long as credit is given to the author and editor.

This document was created with the (pdf/Xe/Lua)LATEX processor and the NOVAthesis template (v6.9.15) [1].

https://github.com/joaomlourenco/novathesis


Acknowledgements

There were many remarkable people who shaped my academic journey, and to whom I
would like to express my gratitude. Know that these words will never be enough to fully
convey the immensity of my appreciation.

First of all, to my advisor, Professor Hugo Gamboa, for the vote of confidence which
allowed me the opportunity to explore this fascinating subject, and for encouraging me
to do my best.

To Fraunhofer AICOS, particularly to the Lisbon team, for the warm welcome, amazing
work environment, moments of leisure and words of advice. I would like to specially
thank Ricardo and Bruno, who answered all my questions and were available at any time,
especially in the final stage of the dissertation writing, when no day passed without me
having new concerns. I was extremely lucky for their motivation, relentless support, and
immeasurable patience.

To the amazing friends that FCT has given me, with whom I shared unforgettable
moments and memories that I will cherish forever. I am truly grateful to have met you.

To Zé, who has stuck by my side for the last 7 years, makes me see the brighter side of
things, and supports me unconditionally.

To my mother and my father, who always cared about me and told me that they would
be proud of me no matter what. To my sister, my person, for always lifting me up and
showing me that every problem had an answer. To my brother, for checking in on me and
making me laugh when I needed it most. All my achievements were and will always be
due to my wonderful and unique family.

iii



Abstract

Clinical data are essential in the medical domain, ensuring quality of care and improving
decision-making. However, their heterogeneous and incomplete nature leads to an ubiq-
uity of data quality problems, particularly missing values. Inevitable challenges arise in
delivering reliable Decision Support Systems (DSSs), as missing data yield negative effects
on the learning process of Machine Learning models. The interest in developing missing
value imputation strategies has been growing, in an endeavour to overcome this issue.

This dissertation aimed to study missing data and their relationships with observed
values, and to later employ that information in a technique that addresses the predicaments
posed by incomplete datasets in real-world scenarios. Moreover, the concept of correlation
was explored within the context of missing value imputation, a promising but rather
overlooked approach in biomedical research.

First, a comprehensive correlational study was performed, which considered key
aspects from missing data analysis. Afterwards, the gathered knowledge was leveraged to
create three novel correlation-based imputation techniques. These were not only validated
on datasets with a controlled and synthetic missingness, but also on real-world medical
datasets. Their performance was evaluated against competing imputation methods, both
traditional and state-of-the-art.

The contributions of this dissertation encompass a systematic view of theoretical con-
cepts regarding the analysis and handling of missing values. Additionally, an extensive
literature review concerning missing data imputation was conducted, which comprised a
comparative study of ten methods under diverse missingness conditions. The proposed
techniques exhibited similar results when compared to their competitors, sometimes
even superior in terms of imputation precision and classification performance, evaluated
through the Mean Absolute Error and the Area Under the Receiver Operating Characteris-
tic curve, respectively. Therefore, this dissertation corroborates the potential of correlation
to improve the robustness of DSSs to missing values, and provides answers to current
flaws shared by correlation-based imputation strategies in real-world medical problems.

Keywords: Missing Data, Missing Data Imputation, Correlation, Machine Learning,
Decision Support System
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Resumo

Dados clínicos são essenciais para assegurar cuidados médicos de qualidade e melhorar
a tomada de decisões. Contudo, a sua natureza heterogénea e incompleta cria uma
ubiquidade de problemas de qualidade, nomeadamente pela existência de valores em
falta. Esta condição origina desafios inevitáveis para a disponibilização de Sistemas de
Apoio à Decisão (SADs) fiáveis, já que dados em falta acarretam efeitos negativos no treino
de modelos de Aprendizagem Automática. O interesse no desenvolvimento de estratégias
de imputação de valores em falta tem vindo a crescer, num esforço para superar esta
adversidade.

Esta dissertação visou estudar o problema dos dados em falta através das relações
que estes apresentam com os valores observados. Esta informação foi depois utilizada
no desenvolvimento de técnicas para colmatar os problemas impostos por dados incom-
pletos em cenários reais. Ademais, o conceito de correlação foi explorado no contexto da
imputação de valores em falta, já que, apesar de promissor, tem vindo a ser negligenciado
em investigação biomédica.

Em primeiro lugar, foi realizado um estudo correlacional abrangente que contemplou
aspetos fundamentais da análise de dados em falta. Posteriormente, o conhecimento reco-
lhido foi aplicado na criação de três novas técnicas de imputação baseadas na correlação.
Estas foram validadas não só em conjuntos de dados com incompletude controlada e
sintética, mas também em conjuntos de dados médicos reais. O seu desempenho foi
avaliado e comparado a métodos de imputação tanto tradicionais como de estado-de-arte.

As contribuições desta dissertação passam pela sistematização de conceitos teóricos
relativos à análise e tratamento de dados em falta. Adicionalmente, realizou-se uma
extensa revisão da literatura referente à imputação de dados, que compreendeu um
estudo comparativo de dez métodos sob diversas condições de incompletude. As técnicas
propostas exibiram resultados semelhantes aos dos restantes métodos, por vezes até
superiores em termos de precisão da imputação e de performance da classificação. Assim,
esta dissertação corrobora o potencial da utilização da correlação na melhoria da robustez
de SADs a dados em falta, e fornece respostas a algumas das atuais falhas partilhadas por
estratégias de imputação baseadas em correlação quando aplicadas a casos médicos reais.

Palavras-chave: Dados em Falta, Imputação de Dados em Falta, Correlação, Aprendiza-
gem Automática, Sistema de Apoio à Decisão
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1
Introduction

1.1 Context and Motivation

A growing and ageing population entails a broad amount of clinical information that needs
to be organised and easily accessed by professionals. Since the analysis of paper-based
data is time-consuming and far from the ideal solution, digitalization has emerged as a
vital process towards the optimisation of health care management, accompanied by an
arising of useful tools such as Electronic Health Records (EHRs) [2].

An EHR contains thorough clinical information, and can thus facilitate knowledge
acquisition. However, in most cases, the establishment of relationships between data in
order to formulate a medical diagnosis still relies solely on the physician. Artificial Intelli-
gence (AI), and specifically Machine Learning (ML), is suitable for discovering patterns
in vast datasets, an ability that could benefit clinical decision-making and support health
care decisions [3]. Therefore, AI-based Decision Support Systems (DSSs) will become an
important instrument to assist professionals, leveraging all available information from the
patient’s journey.

Moreover, EHRs mirror the heterogeneous nature of clinical data, often collected
through different procedures and stored in distinct formats. Unfortunately, with this
variability also comes inconsistency. In fact, the majority of real-world datasets are
incomplete, which yields deleterious effects on the learning process of a ML model [4].

A reliable AI-based DSS must be able to cope with missing values since its performance
may influence clinical decision-making [5]. This concern, along with the ubiquity of
missing data in any real-world database, prompted a growing interest in developing
strategies that address this challenge, particularly missing value imputation techniques.

Nevertheless, state-of-the-art imputation approaches still face limitations that ought
to be overcome, such as the requirement for the performance of a complete-case analysis.

1



CHAPTER 1. INTRODUCTION

Besides, a myriad of imputation methods is only validated on datasets with a controlled
and synthetic missingness, which does not fully reflect the entropy of a real-world scenario.

In recent years, some authors have proposed techniques that account for correlation
when imputing missing values, stating that such choice is beneficial [6], [7]. Correlation is
a measure of association between two variables, and thus may provide helpful information
to the prediction of missing values.

The concept of correlation gains relevance in clinical datasets, where distinct features
frequently are different manifestations of the same physiological event or medical condi-
tion, consequently exhibiting a significant level of dependency. Although promising, the
exploration of correlation within the context of missing value imputation is still scarce in
biomedical research.

This dissertation does not merely analyse the correlation between values, but rather
carries out a comprehensive correlational study to create novel imputation methods. The
proposed strategies aim to improve the reliability of AI-based DSSs and to tackle the
current flaws shared by correlation-based imputation techniques.

1.2 Objectives

The main objective of this dissertation is to address the challenges posed by missing
inputs on real-world medical datasets, thus enhancing the robustness of AI-based DSS.
The outlined approach was based on the exploration of probabilistic dependencies be-
tween attributes, more specifically correlation. The prospective benefits of considering
correlation when imputing missing values in a real-world setting were assessed through
an analysis of several existent imputation methods, which inspired the proposal of three
novel imputation techniques.

The first stage of this work included a correlational study, i.e. an exploratory investi-
gation of the associations between variables, conducted separately on every missingness
source mechanism. A missingness mechanism describes the relationships between mea-
sured data and missingness, although not offering a causal explanation for the incom-
pleteness.

Within this stage, missing values were injected into three complete datasets under all
missingness mechanisms individually, with three different Missing Rates (MRs). Through
the results of this stage, we aim to answer the following questions:

1. Does a correlational study that considers missingness patterns provide useful

insights to address missing data?

• Research Question 1.1 - Can correlation be used to distinguish between miss-
ingness mechanisms?

• Research Question 1.2 - Does the Missing Rate affect the measured correlations?

2
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In order to approach the main Research Question (RQ), the traditional correlation
measurements between the values of two variables were extended. In fact, the correlation
between the values of one variable and the missingness pattern of every other, as well as
the correlation between the missingness patterns of two attributes were also analysed.

Furthermore, a study was conducted on how these types of correlation captured the
relationships associated with each missingness mechanism. Distinctive traits were sought,
therefore addressing RQ 1.1.

As for RQ 1.2, correlation matrices computed from datasets with different and known
MRs were compared. The disparities were evaluated in terms of Mean Absolute Error
(MAE) and standard deviation.

The second stage of this dissertation focused on evaluating missing data imputation
procedures and their impact on the performance of ML models. In addition to the datasets
with synthetically injected missing values, two real-world medical databases were used,
enabling the performance evaluation to span across actual case studies. Three innovative
imputation methods were developed and compared against existent techniques, both
traditional and state-of-the-art. This second and last stage was designed to answer the
question below:

2. Can correlation be leveraged to create more robust and reliable missing data

imputation methods?

• ResearchQuestion 2.1 - Does accounting forcorrelation enhance the imputation
quality in different missingness mechanisms?

• Research Question 2.2 - In real-world medical problems, does imputation
based on correlation yield better classification results?

• Research Question 2.3 - Does a more precise imputation improve the perfor-
mance of a ML classifier?

The datasets with synthetically injected missing elements permit a comparison between
original values and the estimations provided by every imputation method considered.
An evaluation of the imputation quality was conducted for each missingness mechanism
using the MAE, thus covering RQ 2.1.

Afterwards, the effect of the imputation procedure on the performance of ML classifiers
was assessed. Apart from the aforementioned datasets, this evaluation also encompassed
two real-world medical datasets. The selected imputation techniques were applied to
these databases, and the imputed datasets were given as inputs to three ML models. In
order to tackle RQ 2.2, the classification results yielded by each differently imputed dataset
were analysed.

Lastly, in regards to RQ 2.3, the classification performance of models trained upon
imputed datasets was compared against the performance of the model trained upon the
original dataset. Since the original dataset has, by definition, a perfect imputation quality,
an individual comparison of its performance with that of each imputed dataset addresses
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RQ 2.3. Due to the need for an originally complete dataset, this assessment can not be
accomplished on real-world databases.

1.3 Document Structure

This document is divided into seven Chapters. The first and current Chapter introduced
the dissertation, discussing its motivation and main objectives. The second Chapter
covers the fundamental theoretical concepts for the development of this dissertation. The
third Chapter contemplates a literature review on missing value imputation, focusing
on state-of-the-art techniques which exploit correlations between attributes. The fourth
Chapter describes the five datasets used throughout this dissertation, detailing the types
of variables and the distribution of missing values within every dataset. The fifth Chapter
provides a comprehensive description of the methodologies adopted to fulfil the objectives
of this work. The sixth Chapter presents and critically analyses the various results
obtained within this project. Lastly, the seventh Chapter concludes the dissertation by
demonstrating the main findings and contributions, as well as limitations and future work.
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Theoretical Concepts

This chapter covers several theoretical concepts essential for the development of this work,
and is divided into four Sections. The first section provides a brief introduction to clinical
data, focusing especially on EHRs. In the second section, the concept of correlation is
discussed and several coefficients that measure the strength of this statistical association
between two variables are presented. A proper understanding of these concepts is essential
to study and leverage the relations between medical attributes. The third section contains
an overview of the fundamental ML concepts. Lastly, the fourth section addresses missing
data, particularly the missingness mechanisms and missing value handling approaches.

2.1 Electronic Health Records

In biomedical research, specially within the scope of clinically oriented investigation, it is
common to come across complex and large-scale datasets, namely the standardised data
structures in health care: EHRs, Electronic Medical Records (EMRs) and Personal Health
Records (PHRs) [8]. Although used interchangeably, these three terms are not necessarily
equal, as the databases may encompass different information.

EMRs are fundamentally a repository of legal records created by health care providers,
e.g. clinical codes for billing purposes, electronic prescriptions, disease management
protocols, and others [9]. PHRs are separate from EMRs and comprise clinically relevant
information concerning a particular patient (the user), such as their allergies, medications,
laboratory data and radiology reports [2]. Lastly, a patient’s EHR integrate longitudi-
nal data gathered during clinical care encounters throughout their pathway, including
demographics, medications, vital signs, laboratory data, radiology reports, electronic
prescriptions, and scanned documents [9]. This section will focus on the clinical data
provided by EHRs.
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CHAPTER 2. THEORETICAL CONCEPTS

EHRs contain thorough medical information produced by multiple sources, which
is stored either in a structured or an unstructured format. The structured data may
be divided into: numerical data, which includes laboratory test results and vital sign
measurements; coded data, e.g. procedure and diagnosis codes; categorical data, such as
medication records; and demographic information [10]. The unstructured data includes
radiology reports, medical images, clinical notes, progress notes, discharge summaries
and detailed descriptions of anything the physician considers helpful for diagnosis and
treatment [8], [10].

Although the information is collected through different procedures and stored in
distinct formats, it can occasionally explain the same physiological event or medical
condition. For instance, Fjell et al. [11] observed that different types of cerebrospinal fluid
biomarkers yielded complementary information. Furthermore, Sylvestre et al. [12] showed
that the detection of hyperkalemia was significantly improved if knowledge from drug
prescriptions and laboratory test results was combined. One of the greatest contributions
of EHRs for biomedical investigation is that they facilitate the search and study of these
associations amongst the data.

However, there are challenges associated with the use of EHRs for research. Denaxas
and Morley [8] presented some examples: substantially missing or incomplete datasets,
data collected at irregular time-points, and the integration of information from multiple
sources. Given the key role that clinical data play in the improvement of medical decision-
making, it is essential to address these issues and to ensure data quality.

2.2 Probabilistic Dependency between Variables

According to Pillai and Leong [13], probabilistic dependencies between variables can
take two forms: mutual and non-directional, such as a correlation; or conditional and
directional, e.g. conditional dependence / independence and causation.

As aforementioned, distinct features in a clinical dataset may provide different manifes-
tations of the same physiological event or medical condition, thus exhibiting a significant
level of dependency. The dependencies between clinical variables should be explored,
as they show great potential to improve the performance of diagnostic and prognostic
prediction models [13], [14].

In addition, correlation (a form of probabilistic dependency) provides useful informa-
tion to the prediction of missing values, improving the accuracy of the imputation process
[6], [7], [15], [16]. Therefore, focus will be placed on the concept of correlation.

2.2.1 Correlation

Correlation is a measure of association between two variables, i.e. an indicator of how
much a change in the magnitude of one variable is related to a change in the magnitude
of another variable [17]. Although knowing the values of a variable 𝐴 permits better
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prediction of a correlated variable 𝐵, correlation does not necessarily assure causality [18].
A paradigmatic example that refutes this common misconception is the increase of both
ice cream and fan sales in the summer, which results in a strong correlation between these
two events. However, this association does not substantiate the hypothesis that eating ice
cream causes people to purchase fans.

Hence, even though a causal relationship may occur between two variables, correlation
analysis would not be sufficient to justify its existence. In the same way, it is possible
to distinguish between regression and correlation: while the former expresses how the
knowledge of 𝐴 enables the prediction of 𝐵 (one way association), the latter measures the
strength of a mutual and symmetric association [19].

In the literature, correlation is most often used in reference to monotonic linear as-
sociations between variables, albeit non-linear relations can also be studied [17], [18].
Furthermore, correlation can also be described in terms of strength and direction. As-
suming a monotonic relation between the correlated variables 𝐴 and 𝐵, the correlation is
positive (negative) if an increase in 𝐴 is associated with an increase (decrease) in 𝐵.

Correlation coefficients are statistical measures of the degree of correlation between
variables. There are a myriad of coefficients, each suitable for specific types of variables
and with distinct underlying assumptions (e.g. linear association). Prior to presenting
some of these coefficients, a taxonomy for the classification of variables will be discussed.

2.2.1.1 Types of Variable

There are various terminologies concerning the classification of variables, such as qualita-
tive or quantitative, discrete or continuous, independent or dependent. The classification
of interest for this work stems from the so-called scales of measurement: nominal, ordinal,
interval, and ratio. This taxonomy and the properties of each scale permit the choice of
the most appropriate statistical method for data analysis [20].

• Nominal Variables - Qualitative variables containing two or more labels (categories)
without an intrinsic and undisputable order. Nationality, sex, blood group and cause
of death are examples of nominal variables. Even if a nominal variable is numerically
encoded, it makes no sense to perform mathematical operations on the numbers, as
they have no meaning nor represent a specific ordering [21].

• Ordinal Variables - Similar to nominal variables, except for the possibility of estab-
lishing a natural ranking within the set of labels. For instance, opinions about a
certain subject (“strongly agree” to “strongly disagree”) exhibit a natural ordering
and, therefore, are categories of an ordinal variable. The education level is another
example. Mathematical operations on a numerically encoded ordinal variable are
not meaningful as well, excluding comparisons between labels.
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• Interval Variables - Quantitative variables measured on a scale without a “true zero
point”, i.e. where the measurement of 0 does not signify an absence of the attribute
[20]. For example, temperature measured in degrees Celsius is an interval variable
because 0 ◦C does not imply that there is no temperature.

• Ratio Variables - Quantitative variables that, in addition to all the properties of
interval data, are measured on a scale with a “true zero point”. Height, weight,
heart rate, and temperature measured in Kelvin are examples of ratio variables.

Categorical data include two measurement scales: nominal and ordinal. Within the
scope of ML, categorical data may require encoding procedures, such as one-hot encoding,
which produces several binary variables (one per each category). Thus, it is important
to include binary variables, i.e. categorical attributes consisting of two non-overlapping
labels, in this discussion.

As for the interval and ratio scales, they measure numeric / metric data. These last
designations are more prevalent in ML literature, since most, if not all techniques handle
interval variables similarly to ratio ones.

2.2.1.2 Correlation Coefficients

Within this section, some of the most widely-used correlation coefficients will be presented
and described. Table 2.1 was designed to provide a clearer overview of these correlation
measurements across different variable types.

Table 2.1: Correlation coefficients across different variable types.

Binary Nominal Ordinal Numeric

Binary

Phi Coefficient,
Cramér’s 𝑉

Nominal Cramér’s 𝑉 Cramér’s 𝑉

Ordinal Rank Biserial Rank Biserial
Extension

Spearman,
Kendall’s Tau

Numeric Point Biserial Point Biserial
Extension

Spearman,
Kendall’s Tau

Pearson,
Spearman,

Kendall’s Tau
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1. Pearson’s Coefficient

The Pearson’s coefficient, or Pearson’s product-moment correlation coefficient, is
one of the most used correlation measurements in medical research [22]. Commonly
denoted by 𝑟, this coefficient measures the strength of a linear relationship between
two numeric random variables 𝑋 and 𝑌, calculated by the following equation:

𝑟 =
cov𝑋𝑌
𝜎𝑋𝜎𝑌

(2.1)

where cov𝑋𝑌 is the covariance value between 𝑋 and 𝑌, and 𝜎𝑋 and 𝜎𝑌 are the
standard deviations of variables 𝑋 and 𝑌, respectively.

The covariance assesses the joint variability of two random variables, but its value
is dependent on the magnitudes of the variables. The Pearson’s coefficient is a
normalised covariance, scaled so that it ranges from -1 to +1, which respectively
indicate a perfect negative and a perfect positive linear correlation [17]. A coefficient
close to 0 refutes the existence of a linear relation between the variables, but never the
existence of correlation, since the existing relationship may be non-linear. Figure 2.1
depicts constructed examples that illustrate how the Pearson’s correlation coefficient
reflects different relationships between variables.

In order to draw proper conclusions regarding the degree of correlation, some
assumptions have to be met. In fact, Pearson’s correlation is only suitable for random
numeric variables (interval and ratio) that follow a bivariate normal distribution
[17], [18]. In addition to this constraint, this coefficient is fairly sensitive to outliers.

2. Spearman’s Rank Coefficient

The Spearman’s rank correlation coefficient, usually denoted by 𝑟𝑠 , is a rank-based
Pearson’s coefficient. Instead of using the actual values of two random variables to
compute the coefficient, it uses their ranks as shown in the next equation:

𝑟𝑠 = 1 − 6 ×
∑𝑁
𝑖=1 𝑑

2
𝑖

𝑁(𝑁2 − 1) (2.2)

where 𝑑𝑖 is the rank difference of each pair of observations and 𝑁 is the number of
observations.

Analogous to the Pearson’s correlation, a Spearman’s coefficient also ranges from
–1 to +1. However, ranking of the data brings a few differences comparing to the
Pearson’s coefficient:

• Spearman’s correlation is suitable for all except nominal variables, as both
numeric and ordinal can be ranked. Furthermore, it can be used even when
two numeric variables do not follow a bivariate normal distribution [18];
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• This coefficient measures the strength of a strictly monotonic relationship
between two variables, which does not need to be linear due to the use of ranks.
A coefficient close to 0 indicates the absence of a monotonic relationship, while
the extreme values of -1 and +1 describe a perfect negative and perfect positive
monotonic association, respectively;

• The robustness to outliers is greater [17].

Figure 2.1 allows a better understanding of when the values obtained through the
Pearson’s and Spearman’s correlation coefficients are distinct, as well as the situations
in which one is more appropriate than the other.

(a) 𝑟 = 0.04, 𝑟s = 0.05 (b) 𝑟 = 0.99, 𝑟s = 0.98

(c) 𝑟 = −0.78, 𝑟s = −0.75 (d) 𝑟 = 0.71, 𝑟s = 0.95

Figure 2.1: Pearson’s and Spearman’s correlation coefficients, 𝑟 and 𝑟𝑠 , for different
relationships between two normally-distributed variables 𝑋 and 𝑌: (a)𝑋 and 𝑌 are
practically independent, (b)𝑋 and𝑌 have a strong positive linear relationship, (c)𝑋 and𝑌
have a moderate negative linear relationship, (d)𝑋 and𝑌 have a strong positive exponential
relationship. Based on [17].
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3. Kendall’s Tau Coefficient

The Kendall’s Tau correlation coefficient, denoted by 𝜏, is another rank correlation
measurement, considered an extension of the Spearman’s coefficient [23]. Hence, it
quantifies the strength of a monotonic relationship between two random variables,
𝑋 and 𝑌, which can be ordinal or numeric.

Contrarily to the Spearman’s correlation, Kendall’s Tau does not evaluate the asso-
ciation between two rankings. Instead, it is a measure of how many transpositions
are needed to get both variables in the same order [18]. In fact, its calculation is
based on the number of concordant and discordant pairs of observations. A pair
of observations (𝑥𝑖 , 𝑥 𝑗) and (𝑦𝑖 , 𝑦𝑗), with 𝑖 < 𝑗, is said to be concordant if the unit
ranking higher on 𝑋 ranks higher on𝑌, i.e. 𝑥𝑖 < 𝑥 𝑗 and 𝑦𝑖 < 𝑦 𝑗 or 𝑥𝑖 > 𝑥 𝑗 and 𝑦𝑖 > 𝑦 𝑗

[24]. A pair is discordant otherwise.

This coefficient has some variations and the most widely-used is Kendall’s Tau-b,
denoted by 𝜏b, which accounts for pairs with tied ranks. When ranking a variable, a
tied rank is a rank shared by two or more units that have the exact same value on
that variable [25]. Kendall’s Tau-b is calculated through the following equation:

𝜏b =
𝑛c − 𝑛d√

[𝑛(𝑛 − 1)/2 − 𝑇𝑋] × [𝑛(𝑛 − 1)/2 − 𝑇𝑌]
(2.3)

where 𝑛 is the number of observations, 𝑛c the number of concordant pairs, 𝑛d the
number of discordant pairs, and 𝑇𝑋 and 𝑇𝑌 are the number of tied pairs on 𝑋 and 𝑌,
respectively.

Similarly to the previous coefficients, Kendall’s Tau-b also ranges from -1 to +1,
which respectively indicate a perfect negative and a perfect positive association
between the two rankings.

In comparison to Spearman’s, this coefficient is more suitable for small datasets,
although the former is still more widely used [23]. Furthermore, Kendall’s Tau
frequently yields smaller correlation values than Spearman’s rank coefficient [26].
Lastly, Puth et al. [27] stated that, in the presence of any tied ranks, Spearman’s
correlation should be considered superior to Kendall’s Tau.

4. Point Biserial Coefficient

The point biserial correlation coefficient, represented by 𝑟pbi, measures the strength
of association between a binary nominal variable 𝑌 and a numeric variable 𝑋 [28].
The following equation can be used to compute this coefficient:

𝑟pbi =
𝑋̄1 − 𝑋̄0

𝜎𝑋

√
𝑝1𝑝0 (2.4)

where 𝑝1 and 𝑝0 = 1 − 𝑝1 are respectively the proportion of units with 𝑌 = 1 and
𝑌 = 0, 𝑋̄1 and 𝑋̄0 are respectively the means of 𝑋 given 𝑌 = 1 and 𝑌 = 0, and 𝜎𝑋 is
the standard deviation of 𝑋.
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This measurement ranges from -1 to +1 and is based on the Pearson’s coefficient
[29]. Thus, its interpretation is similar: a positive (negative) value indicates that the
two variables are related positively (negatively), and a higher coefficient represents
a greater degree of association.

There is a generalization of this coefficient suitable for when 𝑌 is a nominal variable
with more than two labels. The point biserial extension coefficient assumes that
𝑌 follows a multinomial distribution and that the conditional distribution of 𝑋 for
fixed 𝑌 is multivariate normal [30].

5. Rank Biserial Coefficient

The rank biserial correlation is similar to the point biserial correlation, except that
the numeric variable 𝑋 is ranked, i.e. it can be ordinal [29]. This coefficient also has
an extension for when 𝑌 is a nominal variable with more than two labels.

6. Phi Coefficient

The Phi coefficient, denoted by 𝜙, is the equivalent to Pearson’s coefficient that
measures the linear correlation between two binary variables 𝑋 and 𝑌. It can
be calculated through the Pearson’s chi-square goodness-of-fit statistic, or simply
chi-square statistic, for the 2 × 2 contingency table of the two variables:

𝜙 =

√
𝜒2

𝑁
(2.5)

where 𝜒2 is the chi-square statistic and 𝑁 is the number of observations.

While the chi-square statistic expresses the statistical significance of the relationship,
𝜙 describes the strength of the association [19]. The 2×2 contingency table is helpful
to determine the sign of the coefficient: the table for a positive correlation should be
closer to a diagonal matrix, with most of the data falling along the diagonal cells; the
opposite happens for a negative correlation. The sign is the same as 𝑛11𝑛00 − 𝑛10𝑛01

where 𝑛𝑖 𝑗 are the number of observations where 𝑋 = 𝑖 and 𝑌 = 𝑗, with 𝑖 , 𝑗 = {0, 1}.

Similar to the Pearson’s correlation, the Phi coefficient also ranges from -1 to +1,
which respectively represent a negative and a positive perfect association. A value
close to 0 indicates the absence of a linear association.

7. Cramér’s 𝑉

Cramér’s 𝑉 is an extension of the Phi coefficient for larger contingency tables, as it
measures the strength of linear association between two nominal variables with two
or more labels [29]. Its formula is also based on the chi-square statistic, as shown
below:

𝑉 =

√
𝜒2

𝑁(𝑘 − 1) , 𝑘 = min(𝑟, 𝑐) (2.6)
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where 𝜒2 is the chi-square statistic, 𝑁 is the number of observations, 𝑟 and 𝑐 are
respectively the number of rows and columns of the contingency table, and 𝑘 is the
lesser number of categories of either variable. When 𝑘 = 2, Equation 2.6 becomes
equivalent to Equation 2.5, which concerns the calculation of the Phi coefficient.

Cramér’s 𝑉 ranges from 0 to 1, with 0 indicating the absence of an association
between the variables and 1 representing a perfect correlation.

Bergsma [31] observed that for small sample sizes, the empirical value of 𝑉 poten-
tially overestimates the strength of association. To overcome this limitation, a bias
correction was presented:

𝑉̃ =

√
𝜙̃2

𝑘 − 1
, 𝑘 = min(𝑟, 𝑐) (2.7)

where

𝑟 = 𝑟 − 1
𝑁−1 (𝑟 − 1)2,

𝑐 = 𝑟 − 1
𝑁−1 (𝑐 − 1)2,

𝜙̃2 = max
(
0, 𝜙2 − 1

𝑁−1 (𝑟 − 1)(𝑐 − 1)
)
.

2.3 Machine Learning

While AI comprehends all programs and algorithms that learn like humans, ML is the
branch of AI that allows systems to automatically learn from past data. ML algorithms
make decisions or predictions without being explicitly programmed and improve their
performance with experience [32], [33]. This ability has led to a widespread use of ML in
areas such as health care, cybersecurity, agriculture, and many others.

2.3.1 Machine Learning Taxonomy

ML models can be divided into four categories according to the learning process:

• Supervised Learning (SL) - A learning process is supervised if the instances (ex-
amples) used for training the model are labelled, i.e. it is provided information
regarding their target values or categories. Based on the patterns and relationships
between these instances and their respective labels, the system estimates a mapping
function and uses it to make predictions about unseen input data. SL models are
generally used to solve two types of problems: regression and classification [34].
In the former, the target variable is a continuous value, whereas in the latter it is
a discrete value or category. Linear and Ridge regressions are some examples of
regression models. A classification problem may be binary, when there are only two
possible outcomes, or multiclass, when it deals with more than two classes. The
most known classification methods include Decision Trees (DTs), Random Forests
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(RFs), K-Nearest Neighbours (KNNs), Naive Bayes (NB) Classifiers and Support
Vector Machine (SVM) Classifiers [35]. SL models can also be segmented into dis-
criminative and generative, depending on how the algorithms reach their prediction.
A discriminative model focuses on the decision boundary between the different
classes. Examples of these models are: Logistic Regressions, KNN and SVM. A
generative model explicitly models the detailed characteristics of each class, such as
its probabilistic distribution. The Bayes Theorem is used as the basis for designing
these learning algorithms, which include models such as the NB.

• Unsupervised Learning - In contrast to SL, unsupervised models learn through
unlabelled data. These systems discover similarities and differences in the input
instances, identifying hidden patterns without the need for human interference [33].
The most common tasks include clustering, dimensionality reduction, association
rule discovery and anomaly detection.

• Semi-supervised Learning - The learning process is said to be semi-supervised when
it uses both labelled and unlabelled data, and can be regarded as a hybridisation of
supervised and unsupervised learning. Semi-supervised models aim to provide a
better prediction than that obtained through labelled or unlabelled data alone [33].

• Reinforcement Learning - In a reinforcement learning problem, an autonomous
agent learns the optimal course of action, i.e. behaviour, through trial-and error
interactions with a dynamic environment [36]. The learning process is driven by a
numerical reward, and the agent must attempt different sequences of actions and
progressively favour those which maximise this reward, as it reflects in a better
performance.

2.3.2 Machine Learning Pipeline

The sequence of processes involved in the development of a ML model is known as
ML pipeline. There are three key stages of development: pre-processing, training, and
performance evaluation. A schematic representation of a general ML pipeline is show
in Figure 2.2. A description of each of these phases will be presented in the following
subsections, as well as some additional steps. These topics will be addressed from a SL
perspective and greater focus will be placed on the concepts used in this work.

2.3.2.1 Pre-processing

The majority of real-world datasets are often incomplete, inconsistent, and contaminated
with noise due to their heterogeneous origin [4]. These issues have a deleterious effect
on the learning process, and therefore it is essential to ensure data quality, i.e. ensure a
clean, well organised and normalised dataset. The pertinence of a pre-processing stage
lies precisely in this necessity. Within this scope, practices such as data cleaning, feature
extraction, feature selection, categorical encoding, and data scaling will be addressed.
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?
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Figure 2.2: Development of a ML model.

Data cleaning is the detection and handling of corrupt or inaccurate data. This process
may include missing data imputation, outlier detection, and noise removal [37]. A wide
variety of data analysis methods becomes inappropriate or difficult to apply on incomplete
datasets, thus revealing the need to deal with missing data [38]. This issue will be discussed
in more detail in Section 2.4, where additional problems associated with missing values
are presented, as well as various approaches to tackle this challenge.

The feature extraction process transforms data into a meaningful numerical represen-
tation, i.e. a representation that captures and highlights the patterns in the data and its
structure [39]. On the other hand, feature selection consists of detecting the most relevant
features and discarding irrelevant and redundant data, i.e. features that neither provide
additional nor useful information [40]. Hence, this procedure selects which subset of
features will be used to train the ML model. The implementation of these two practices
typically leads to an enhanced performance of predictive models.

Although categorical data is present in a significant amount of real-world applications,
the grand majority of ML models are developed for numeric variables [41]. Therefore, each
categorical feature needs to be encoded, i.e. transformed into their numerical counterpart.
Ordinal encoding and one-hot encoding are amongst the most widely-used techniques of
categorical encoding:

• Ordinal encoding - Each category is represented by a different integer, which
typically ranges from 0 to 𝑛 − 1, where 𝑛 is the number of categories. Although this
procedure does not change the cardinality of the variable, and thus does not add new
columns to the dataset, it introduces an ordering that is absent in nominal variables.
This encoding might be suitable for representing growing levels of severity of a
medical condition, for example.
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• One-hot encoding - A variable, containing 𝑛 categories, is transformed into 𝑛 binary
columns, each encoding a different category. In the resulting binary columns, a
value of 1 indicates that the sample in question belongs to the encoded category,
and the value of 0 indicates otherwise. Even though this procedure overcomes the
previous limitation for nominal variables, it can considerably increase the dataset’s
dimension and originate a sparse set of features.

Data scaling is the process of remapping the data variables from their original format
to an unified format for all features, adjusting for range and / or distribution [39]. This
transformation prevents bias in the results produced by a ML model [4]. For instance, in
a classifier based on the Euclidean distance, features with a larger range of values would
be more determinant (have a larger contribution) if the dataset was not previously scaled.
There are two common approaches for data scaling:

• Normalisation - Converts each value 𝑥 of a certain feature 𝑋 to a value 𝑥norm in the
range [𝑙𝑜𝑤, ℎ𝑖𝑔ℎ]:

𝑥norm = 𝑙𝑜𝑤 +
(ℎ𝑖𝑔ℎ − 𝑙𝑜𝑤)(𝑥 − 𝑋min)

𝑋max − 𝑋min
(2.8)

where 𝑋min and 𝑋max are respectively the minimum and maximum values of 𝑋. The
variables 𝑙𝑜𝑤 and ℎ𝑖𝑔ℎ are usually either -1 and 1, or 0 and 1.

• Z-score normalisation/ Standardisation - Forces each feature to have the properties
of a standard normal distribution, with a mean of 0 and a unit standard deviation.
Each value 𝑥 is replaced with its standard score 𝑥stand, given by the next equation:

𝑥stand =
𝑥 − 𝜇

𝜎
(2.9)

where 𝜇 and 𝜎 are the statistical mean and standard deviation, respectively.

2.3.2.2 Training

In any ML pipeline, it is fundamental to split the dataset into train and test subsets, each
serving a different purpose. To avoid data leakage, procedures such as missing data
handling, feature selection, categorical encoding and data scaling are first performed on
the train set. The knowledge obtained through that subset is used to transform the test set.
Then, the ML model learns upon information from the train set and estimates a mapping
function, based on the common patterns that denote the samples of the same class [34].

The main objective of this work does not directly imply the development and opti-
misation of the ML models usually involved in this step, since the focus is on the data
itself, more specifically on the precision of the imputation procedure. A great part of the
success of a ML model is due to the quality of the data it is trained upon. Therefore, by
evaluating the performance of models trained upon imputed data, we can indirectly eval-
uate the missing data handling approach used for imputation. Moreover, it is important
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to understand how ML algorithms work, in order to perceive how they can be affected
by the imputation of missing values. For these reasons, a succinct description of the RF,
SVM and NB algorithms will be presented, as they are some of the most commonly used
models.

1. Random Forest

A RF is based on DT classifiers, and thus this algorithm will also be briefly described.
A DT is composed of nodes, or subdivisions, that guide the sorting of a given
instance from the DT’s root to a leaf, i.e. a node that provides the classification.
Every non-terminal node contains a split based on a single feature, and each branch
descending from that node corresponds to one of the possible values (or interval
of values) for this attribute [42]. The non-terminal nodes should apply the most
beneficial division from a learning perspective. Hence, each division must meet a
“goodness of split” criterion, and the most widely-used are the Gini Impurity Index
and Information Gain [43].

Returning to the RF algorithm, it is an ensemble technique that fits several simple
DTs in parallel and independently, using different subsets of training samples. The
multiple outputs are combined to reach a single result, thus increasing prediction
accuracy [33].

2. Support Vector Machine

The aim of a SVM algorithm is to find the optimal hyperplane in a high-dimensional
feature space, i.e. the hyperplane that best separates the data points [44]. The
minimum distance between a hyperplane and the data points nearest to it is called
the margin, and it is widely used to measure the efficiency of the separation enforced
by a hyperplane. As depicted in Figure 2.3, the optimal hyperplane achieves the
maximum margin of separation between the two classes. Although it was first
proposed as a two-class discriminant function, extensions of this method have been
developed, which include nonlinear SVMs.

Figure 2.3: Binary classification performed by a SVM algorithm. Adapted from [45].
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3. Naive Bayes

A NB classifier is a probabilistic model whose design stems from the Bayes Theorem.
Therefore, this ML algorithm assumes that the features are independent within a
given class, and calculates the final classification for a certain instance through the
following equation:

𝑦̂ = argmax
𝑗∈{1,...,𝑚}

𝑓∏
𝑘=1

𝑃(𝑥𝑘 |𝑦 𝑗)𝑃(𝑦 𝑗) (2.10)

where 𝑦̂ is the final prediction for sample 𝑥, 𝑦 𝑗 is the 𝑗th class out of the 𝑚 possible
classes, 𝑥𝑘 is the 𝑘th feature of sample 𝑥 within a total of 𝑓 attributes, 𝑃(𝑥𝑘 |𝑦 𝑗) is the
probability of 𝑥𝑘 given a class 𝑦 𝑗 , and 𝑃(𝑦 𝑗) is the probability of class 𝑦 𝑗 .

When building any ML model, varying the values of the hyperparameters, i.e. param-
eters that define the model architecture, may lead to distinct performances. Examples
of hyperparameters of the RF classifier are the number of trees and the “goodness of fit”
criterion. Hyperparameter tuning is often performed, as it allows the identification of the
set of values that results in an optimal model architecture [46]. The main three techniques
used to perform hyperparameter optimisation are the following:

• Grid Search - This approach performs an exhaustive search of the optimal configu-
ration of hyperparameters, whose values belong to a given fixed set. In other words,
a list of values is specified for each chosen parameter, the model is trained upon
each possible combination, and the one that produced the best performance results
is selected as optimal.

• Random Search - In this strategy, instead of specifying a list of discrete values for
every hyperparameter, a statistical distribution must be defined for each one. Then,
combinations of values are randomly selected to train the model, and the one that
produced the best performance results is selected as optimal. Contrarily to grid
search, not all possible configurations are tested.

• Bayesian Optimisation - This approach does not treat each configuration of hyper-
parameters independently, as the last two did. In fact, each combination of values is
determined considering previous results, which avoids unnecessary iterations.

After the best algorithm and set of hyperparameters is defined, the model is apt to be
trained upon the whole training subset.

2.3.2.3 Performance Evaluation

After this training process, the test set is given as an input to the model in order to evaluate
its performance on unknown data. If the results are appropriate, the model is considered
ready to be implemented and evaluated in a real-world scenario. If not, the development
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process must be adjusted or even reformulated, as the training process must be repeated
in different conditions to achieve better results.

The performance evaluation is dependent on the data-splitting process, and several
techniques can be adopted considering each specific context:

• Holdout set - The dataset is partitioned into two mutually exclusive subsets, the
training and the test set. The former is larger and is given as an input to the model,
while the latter is used for evaluation.

• 𝑘-fold Cross Validation - The dataset is divided into 𝑘 mutually exclusive folds of
approximately equal size. The model is trained 𝑘 times: in each iteration, one of
the folds serves as the test set and the remaining are used as the training set. A
particular case of this strategy is the leave-one-out method, where one sample is left
out for evaluation at each iteration.

• Bootstraping - In this technique, the training set is created by sampling with replace-
ment 𝑛 instances from the dataset of size 𝑛. The remaining samples constitute the
test set and are used for evaluation.

The evaluation metrics are used to assess the generalisation ability of a trained model,
i.e. its performance when tested against unseen data [47]. Moreover, these metrics can
be used for model selection as they enable a simple comparison of different classifiers’
performance.

In binary classification there is always a positive and a negative class, which can
represent the binary output values (1, 0) or (true, false), respectively [35]. In multiclass
classification, the positive class is one chosen from all the possibilities and the negative
class is an agglomeration of the remaining. This division into positive and negative classes
allows the definition of the following key concepts:

• True Positive (TP) – Number of instances correctly classified as positive.

• False Positive (FP) – Number of instances incorrectly classified as positive.

• True Negative (TN) – Number of instances correctly classified as negative.

• False Negative (FN) – Number of instances incorrectly classified as negative.

The definition of some of the most commonly used evaluation metrics relies on the
aforementioned concepts.

1. Confusion Matrix

In a classification problem, a confusion matrix is the standard structure to represent
the model’s performance. For problems with 𝑁 target classes, the confusion matrix
will be a 𝑁 × 𝑁 matrix. This representation summarises the number of correct
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and incorrect predictions for each target class, showing the distribution of the
misclassified test samples. Figure 2.4 shows the confusion matrix for a binary
classification problem.

TNFN

FPTPPositive (1)

Negative (0)

Positive (1) Negative (0)

Actual Classes

Predicted 
Classes

Figure 2.4: Confusion Matrix of a binary classifier.

A perfect classifier (binary or multiclass) has a diagonal confusion matrix, as it only
makes correct predictions.

2. Accuracy

The accuracy metric consists of the fraction of correctly predicted classes over the
total number of instances within the test set. In a binary classification problem:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN (2.11)

In multiclass classification, the accuracy is obtained by dividing the sum of elements
in the main diagonal of the confusion matrix with the total number of instances.

3. Recall

The recall, also known as sensitivity, measures the percentage of real positive
instances that are actually classified as positive, i.e. the True Positive Rate (TPR). Its
formula for a binary classification problem is as follows:

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP + FN (2.12)

For multiclass classification, the recall for each class is calculated through Equa-
tion 2.12, and then an arithmetic mean of these values is used to obtain the macro
average recall [48]. There is also a micro average score, but the macro average is
more suitable when all classes are equally important (even in imbalanced data).

4. Precision

The precision metric measures the ratio of predicted positive instances that are in
fact real positive samples. In binary classification:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP + FP (2.13)
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As for a multiclass classification problem, the macro average precision is calculated
in a similar fashion as the previous metric, i.e. through an arithmetic mean of the
precision values for each class.

5. F1-Score

The F1-Score represents the harmonic mean between the precision and recall metrics
[47]. For binary classification problems:

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (2.14)

And for multiclass classification, the macro F1-Score can be calculated through the
following equation [48]:

𝑀𝑎𝑐𝑟𝑜 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2 ×𝑀𝑎𝑐𝑟𝑜𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑀𝑎𝑐𝑟𝑜𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑅𝑒𝑐𝑎𝑙𝑙

𝑀𝑎𝑐𝑟𝑜𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑀𝑎𝑐𝑟𝑜𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑅𝑒𝑐𝑎𝑙𝑙
(2.15)

The macro-averaged F1-Score was preferred for this dissertation, as it considers
all classes to be equally important, even on imbalanced data. A weighted average
would give greater importance to classes with more instances, which is the opposite
of what is intended.

6. Specificity

The specificity measures the proportion of real negative instances that are actually
classified as negative, i.e. the True Negative Rate (TNR). In binary classification:

𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐𝑖𝑡𝑦 =
TN

TN + FP (2.16)

In a multiclass classification problem, the macro average specificity is the arithmetic
mean of the specificity values for each class.

7. Area Under the Receiver Operating Characteristic (AUROC)

The output of a ML classifier may be given as a numeric value that represents the
degree to which an instance is a member of a class, i.e. a probabilistic score ranging
from 0 to 1 [49]. After defining a cut-off value, it is possible to generate a binary
outcome: when the probabilistic score is above the threshold, the output is a positive
case; otherwise, it is a negative case. The Receiver Operating Characteristic (ROC)
curve is a two-dimensional graph in which the sensitivity, i.e. the TPR, is plotted
against 1 − specificity, i.e. the False Positive Rate (FPR), for different cut-off values.
This curve describes the evolution of correctly predicted positive cases as the number
of false positives increases. Figure 2.5 depicts the ROC curves for a perfect, a generic,
and a random classifier.
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Figure 2.5: ROC curves for a perfect, a random, and a generic classifier.

A perfect classifier would have a TPR of 1 for any non-zero values of FPR, and
thus the ROC curve runs along the vertical y-axis to the point (0,1), and then goes
horizontally until it reaches the point (1,1) [50]. The ROC curve of a random classifier,
which is equally likely to produce a false positive or a true positive, is a diagonal
line going from the origin to the point (1,1). A generic classifier usually exhibits a
ROC curve that lies between the previous two.

The AUROC is a performance measurement for classification problems, with a higher
value indicating that the model is closer to an ideal situation in which all positive
instances are correctly classified. This ability is of particular interest within the scope
of clinical diagnosis [51].

In multiclass classification, the ROC curve can be plotted for all classes individually,
with the remaining ones serving as negative cases.

2.4 Missing Data

Little and Rubin [52] defined missing data as “unobserved values that would be meaningful
for analysis if observed; in other words, a missing value hides a meaningful value”. This
absence of information poses a recurring predicament to several research fields, including
medical sciences.

There are various factors that could cause missing data, such as faulty equipment,
incorrect measurements, drop-out in studies and human errors [53], [54]. In a clinical
context, Wells et al. [55] identified two main causes for missing information: lack of
collection, e.g. when a patient’s blood pressure is not measured, and lack of documentation,
e.g. when their blood pressure is measured but not registered in the medical record.

Missing values bring numerous consequences for a research work. Firstly, it is expected
a decrease in the information extracted from the data, whichmay result in a loss of efficiency
and precision, and lead to conclusions statistically less strong [53], [56]. Furthermore,
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common data analysis methods often become inappropriate or difficult to apply on
incomplete datasets [38]. The gravity of these problems is aggravated by an increase in
the MR, i.e. the percentage of missing data [6].

Little and Rubin [52] argued that some unobserved values cannot be regarded as
missing data, and thus should be handled differently. For example, consider a study
with two phases, conducted one year apart, that evaluates the well-being of hospitalised
patients. It is likely that the second phase will have more missing information, as the
patients may no longer be alive. However, well-being is not a meaningful concept for
people who are not alive, and therefore the aforementioned definition of missing data
does not apply.

A nearly universal classification system for missing data problems was established by
Rubin [57], who pioneered the study on how the process that causes missingness affects
the analysis of data. Within this scope, Little and Rubin [52] distinguished missingness
pattern from missingness mechanism, terms which are often used interchangeably. The
former refers to the configuration of observed and missing values in a data matrix, whereas
the latter describes possible relationships between missingness and measured values.

Figure 2.6 shows the three missing data patterns, presented by Little and Rubin [52],
that appear most in the literature. In an univariate pattern, as opposed to a multivariate
one, the missingness is restricted to a single variable. If the variables in the data can be
arranged so that the configuration of observed and missing values resembles a staircase,
then the pattern is monotone. When this setup is not possible, the missingness pattern is
classified as general.

(a) Univariate (b) Monotone (c) General

Figure 2.6: Examples of missing data patterns: (a) Univariate, (b) Monotone, (c) General.
Observed and missing values are represented respectively by the colours blue and red.

2.4.1 Missingness Mechanisms

Little and Rubin [52] categorised the missingness mechanisms as Missing Completely
at Random (MCAR), Missing at Random (MAR), or Missing not at Random (MNAR).
Although these mechanisms do not offer a causal explanation for the missingness, they de-
scribe generic relations between data and missingness, which are important to understand
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when choosing the appropriate method to handle the missing values [58], [59].
Before delving into each mechanism, it is important to present some concepts used for

their definition. Following Little and Rubin [52], let𝑌 = (𝑦𝑖 𝑗) denote an (𝑛×𝐾) rectangular
dataset without missing values, i.e. a complete dataset, where 𝑦𝑖 𝑗 is the value of variable𝑌𝑗
for unit or observation 𝑖. If 𝑌 contains missing data then the missingness indicator matrix
𝑀 = (𝑚𝑖 𝑗) is defined, such that 𝑚𝑖 𝑗 = 1 if 𝑦𝑖 𝑗 is missing and 𝑚𝑖 𝑗 = 0 if 𝑦𝑖 𝑗 is observed.

The formal description of the missingness mechanisms relies on the conditional dis-
tribution of 𝑚𝑖 given 𝑦𝑖 , hereby represented as 𝑓𝑀 |𝑌(𝑚𝑖 |𝑦𝑖 , 𝜙), where 𝜙 denotes unknown
parameters.

2.4.1.1 Missing Completely at Random

In a MCAR mechanism the missingness is completely unrelated to the values of the data,
missing or observed. This mechanism verifies the equality

𝑓𝑀 |𝑌(𝑚𝑖 |𝑦𝑖 , 𝜙) = 𝑓𝑀 |𝑌(𝑚𝑖 |𝑦∗𝑖 , 𝜙) (2.17)

for all 𝑖 and any distinct values (𝑦𝑖 , 𝑦∗𝑖 ) in the sample space of 𝑌, as formally defined by
Little and Rubin [52]. Accordingly, Equation 2.17 acknowledges that the probability of
missingness on a variable 𝑌𝑗 is not dependent on other measured variables nor on the
values of 𝑌𝑗 itself [58].

Table 2.2 was designed to better illustrate these concepts. Consider a routine medical
checkup, where the provider registers the patient’s age and collects standard measure-
ments such as weight, height, blood pressure, and others. The variables Age and Systolic
Blood Pressure (SBP) are reported in Table 2.2, as well as the three missingness mechanisms
applied to the latter. Figure 2.7 depicts a schematic representation of this example.

Table 2.2: Patient’s age and SBP values, measured during a routine medical checkup. The
three missingness mechanisms were applied to the variable SBP.

Age SBP (mmHg)

(years) Complete MCAR MAR MNAR

11 110 110 ? ?
16 126 ? ? 126
21 108 108 ? ?
29 133 133 ? 133
35 96 96 96 ?
40 100 ? 100 ?
43 152 ? 152 152
56 116 116 116 116
67 148 148 148 148
71 140 ? 140 140
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If the provider forgets to record the SBP in an haphazard manner, i.e. with no relation
to the patient’s age nor to the value of the reading itself, then the variable will be MCAR.
This mechanism is represented on the third column of Table 2.2, which shows that the
missing values are not confined to a particular location in the Age or SBP distributions.
Additionally, note that the MCAR schematic in Figure 2.7(a) only exhibits an association
between the missingness and unmeasured variables, since there is no relation between
the missingness and the data within this mechanism.

(a) MCAR (b) MAR (c) MNAR

Figure 2.7: Schematic representation of the missingness mechanisms in the given example
of a routine medical checkup: (a) MCAR, (b) MAR, (c) MNAR. The letters M and
U represent, respectively, the missingness indicator matrix and a set of unmeasured
variables. The solid arrows indicate statistical associations, while the dashed ones denote
possible relationships. Based on [58].

Another example of a MCAR mechanism happens when a patient’s laboratory test
results are missing because the samples were incorrectly processed. Also, if a subject
drops out of a longitudinal study for reasons unrelated to any factors under study, the
resulting missing values are considered MCAR [60].

2.4.1.2 Missing at Random

In a MAR mechanism the missingness is related to the observed values of the data, but
not to the missing ones. As per the nomenclature adopted by Little and Rubin [52], let 𝑦(0)𝑖
and 𝑦(1)𝑖 denote the observed and missing elements of 𝑦𝑖 , respectively. This mechanism
verifies the equality

𝑓𝑀 |𝑌(𝑚𝑖 |𝑦(0)𝑖 , 𝑦(1)𝑖 , 𝜙) = 𝑓𝑀 |𝑌(𝑚𝑖 |𝑦(0)𝑖 , 𝑦∗(1)𝑖 , 𝜙) (2.18)

for all 𝑖 and any distinct values (𝑦(1)𝑖 , 𝑦∗(1)𝑖) in the sample space of 𝑌(1) [52]. In conformity
with Equation 2.18, the probability of missingness on a variable 𝑌𝑗 depends solely on the
values of other measured variable (or variables), but not on the values of 𝑌𝑗 itself [58].

Returning to the example illustrated in Table 2.2. If the provider deliberately does
not measure the SBP of patients younger than 30 years old, then there will be a relation
between the missingness and the variable Age. Consequently, the missing values are
restricted to the lower segment of the Age’s distribution, as represented on the fourth
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column of Table 2.2. Since there is no dependency between the missingness and the values
of the variable SBP, this is a case of a MAR mechanism.

The schematic in Figure 2.7(b) depicts an association between the missingness and the
observed values, as well as a possible linkage between the missingness and unmeasured
variables. However, the latter is not relevant to Rubin’s theory, which exclusively studies
the relationships between missingness and measured data, and thus will not be included
in the current analysis.

The MAR mechanism may also appear in, for example, a survey examining depression.
Suppose the male subjects are less likely to answer questions about depression severity
than the female ones. As the missingness is dependent on a measured variable, i.e. the
subject’s sex, but not on the severity of their depression, then the data is MAR [61].

2.4.1.3 Missing not at Random

Finally, in a MNAR mechanism the missingness is related to the unobserved data. Accord-
ing to Little and Rubin [52], the distribution of 𝑚𝑖 depends on the missing elements of 𝑦𝑖 ,
i.e. Equation 2.18 does not apply for some unit 𝑖 and some values (𝑦(1)𝑖 , 𝑦∗(1)𝑖). This is the
only mechanism that permits an association between the probability of missingness on
a variable 𝑌𝑗 and the values of 𝑌𝑗 itself. Additionally, the missingness can depend on the
observed values of the data, as long as it still relates to the missing ones [58].

Consider, once again, the example represented in Table 2.2. Suppose the provider
deliberately does not register SBP values under 115 mmHg. As shown on the last column
of Table 2.2, the missing values are limited to the lower segment of the SBP’s distribution.
This indicates a relation between the missingness and the unobserved data, which is
consistent with a MNAR mechanism.

Accordingly, the MNAR schematic in Figure 2.7(c) shows an association between the
missingness and the unobserved values, along with a possible connection between the
missingness and unmeasured variables. This last connection will not be included in the
current analysis, for the aforementioned motives. Although in this particular example
there is no evident association between the observed data and the missingness, nothing
precludes this association from also being present in a MNAR mechanism.

Consider, as a final example, a questionnaire examining lifestyle and health habits.
Subjects with a substance use disorder are more likely to refuse to answer questions
about drug usage. Even though drug usage may depend on measured and observed
variables, such as age or monthly income, the missing values depend on the usage itself
and, therefore, the values are MNAR.

2.4.1.4 Assessing Missingness Mechanisms

Several methods have been developed to test if an attribute is under the MCAR mechanism
[62]–[64], but none of these methods is able to provide definite evidence [58], [65]. For
example, suppose a certain variable 𝑉 is MCAR, and that the remaining variables of the
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dataset are split into two subgroups: one where 𝑉 is observed and another where it is
missing. A simple test consists of performing group mean comparisons, because it is
expected that these two subgroups share the same mean vector (recall that the observed
values in 𝑉 are a random sample of an hypothetically complete dataset). However, the
remaining missingness mechanisms can also generate subgroups with equal means, which
shows that this is not a conclusive test.

The practical problem with MAR and MNAR mechanisms lies in not knowing the
real values of the missing entries. As a consequence, there is no way to confirm if the
missingness in a certain variable is related to the unobserved data (MNAR) or is solely a
function of other measured variables (MAR) [66].

On a final note, these missingness mechanisms should not be regarded as a prede-
termined trait of the dataset, as they can be affected by the performed analysis [58], [67].
Ponder the previous MAR example, concerning a survey that evaluates depression. If the
variable Sex was left off the analysis model, then this would no longer be a MAR case.
Instead, since the cause of missingness is now an unmeasured variable, this would be a
MCAR analysis.

2.4.2 Missing Value Handling Approaches

When addressing the challenges imposed by missing data, researchers have developed
a myriad of methods to overcome this issue. These techniques can be divided into
three categories, according to the adopted strategy [52], [53]: deletion, imputation and
model-based methods.

2.4.2.1 Deletion Methods

The deletion methods, or missing data ignoring techniques, are procedures based on
completely recorded units. The deletion process can be executed in two ways: listwise
deletion and pairwise deletion. The former discards the units with one or more missing
values, performing a so-called complete-case analysis. The latter, on the other hand, omits
units on an analysis-by-analysis basis, with its prototypical application being the use of
different complete subsets to determine each element in a correlation matrix [58].

Deletion is undoubtedly the simplest strategy and thus widely employed in many areas
of scientific research [68]. Despite its convenience, discarding incomplete units induces
a potential loss of information, aggravated by an increase in the MR or in the number
of variables. Moreover, this procedure may introduce bias in the analysis, particularly
when the mechanism is not MCAR, as the remaining units are unrepresentative of the
hypothetically complete dataset [52], [58]. Since the benefits do not counterbalance all
the limitations, this strategy is inadvisable in most cases, except when the proportion of
missing data is low.
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2.4.2.2 Imputation Methods

The key purpose of an imputation technique is to fill in, i.e. replace, the missing elements
by some predicted values, usually estimated from the observed data. In an univariate
imputation approach, only the observed values of the missing variable are considered for
the prediction. Contrarily, multivariate imputation presupposes including other variables
in the estimation of the missing value. Additionally, imputation methods can be grouped
into two categories: single imputation and Multiple Imputation (MI).

In single imputation, a sole replacement value is computed for each missing data point.
The most frequent single imputation techniques in the literature include mean imputation,
regression imputation, and KNN imputation, which will all be described below.

• Mean imputation - A case of univariate imputation, in which the missing values
are replaced with the arithmetic mean of the observed elements. As for categorical
data, the missing variable’s mode can be used (mode imputation). The simplicity
and convenience of this technique makes it the most commonly used [53]. However,
mean imputation decreases the variability of the data and distorts its distribution’s
shape, reducing the standard deviation and measures of association, such as the
correlation [58], [68]. In fact, Enders [58] states that this technique leads to biased
parameter estimates even under a MCAR mechanism.

• Regression imputation - In this approach, the missing values are filled in with
predicted data calculated from a regression equation. A different linear regression
is built for each incomplete variable based on the remaining ones (multivariate
imputation), usually through a complete-case analysis. Since continuous estimates
are not suitable for dichotomous variables, a logistic regression can be built instead,
as it models the probability of binary outcomes and is able to estimate a replacement
value according to that probability [69]. A drawback to regression imputation may
arise in datasets with multiple missingness patterns, because each one requires a
distinct equation, which complicates the procedure [68]. Furthermore, this technique
relies on the assumption of linear relationship between variables, which might be
absent. Consequently, the imputation overestimates correlations and attenuates the
variability of the data, albeit not as strongly as mean imputation [53], [58].

• KNN imputation - This technique is amongst the hot deck imputation methods,
in which missing values from an incomplete unit (recipient) are replaced by data
extracted from instances similar to the recipient (donors) [70]. The missing attribute
in the recipient must be observed in the donors. In KNN imputation, the 𝐾 closest
neighbours, i.e. the 𝐾 units with the smallest distance to the recipient, are first
selected. Then, the missing value is imputed with the average of the 𝐾 observed
values. There are numerous distance measures, such as Minkowski distance, Man-
hattan Distance, and Euclidean distance, the latter being the most common choice
[71]. KNN imputation is applicable to both numeric and non-numeric variables,
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maintains the univariate distribution of the data and does not affect its variability
to the same extent as other imputation methods [58]. However, the computational
time is longer, as it is a slightly more complex technique that requires going through
the whole dataset. Moreover, Beretta and Santaniello [72] observed that KNN impu-
tation not only lacks precision when handling attributes with no dependencies in a
dataset, but also may introduce spurious associations into the data.

When compared to deletion methods, single imputation has the advantage of main-
taining the dataset’s size, which permits the use of all units. However, these techniques
handle the imputed values as true estimates, distorting standard errors [58], [68].

In MI, on the other hand, various replacement values are computed for each missing
data point. Every missing value gets𝑚 plausible estimates predicted through the observed
data, which generates 𝑚 imputed datasets. Afterwards, the desired statistical analysis is
performed on each imputed dataset and the results are pooled to produce a single set of
estimates. Hence, MI comprises three phases: imputation, analysis, and pooling. The last
phase may involve averaging parameters estimates, such as regression coefficients, or the
use of ensemble techniques, namely bootstrap aggregation and stacking [73].

One of the most popular MI algorithms is Multivariate Imputation by Chained Equa-
tions (MICE), proposed by Van Buuren and Groothuis-Oudshoorn [74], which operates
under an assumption of MAR missingness. The MICE method starts by replacing all
missing values with a temporary "place holder", generally through mean imputation [75].
Afterwards, a permanent imputation is performed in an iterative manner, i.e. addressing
one incomplete variable at the time. A regression model is built for a certain incomplete
attribute, in which that attribute is the dependent variable and all the other variables
are the independent ones. Note that the independent variables are entirely complete,
as they contain the "place holders". The missing values in the incomplete attribute are
replaced with the predictions from the fitted regression model, and the algorithm moves
to the next incomplete attribute. The imputed values in each iteration are used in the
subsequent ones, instead of the temporary "place holders". This procedure is repeated
for every incomplete attribute, thus completing a cycle. The MICE algorithm can have
various cycles, updating the performed imputations in each one. By default, each variable
is regressed considering its type: a logistic regression is chosen for binary variables and
the predictive mean matching is used for numeric data.

MI overcomes some drawbacks associated with single imputation, particularly the
lack of variability. By pooling multiple results, the estimated data will reflect the statistical
uncertainty in the imputation process, which results in more precise standard errors [58].
In fact, Peugh and Enders [68] state that this method yields unbiased parameter estimates
under a MAR mechanism, although the same may not happen for MNAR data. However,
MI may exhibit inferior performances on high dimensional data, as well as data with high
MRs [71], [76].
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2.4.2.3 Model-based Methods

Model-based methods, as the name suggests, rely on the establishment of a model to
represent the complete data, from which inferences will be drawn. This model is related
to the data’s statistical distribution, whose parameters are commonly estimated through
maximum likelihood procedures [52]. Maximum likelihood estimation aims to find the set
of population parameter values most likely to have generated the observed data, i.e. that
present the optimal fit [68]. An iterative optimisation algorithm, such as the Expectation
Maximisation (EM) algorithm, is often used to repeatedly test different sets of parameters
until an optimal fit is reached. After this, missing value imputation may be performed
through the gathered results.

A first advantage of these methods is the possibility to consider the incompleteness of
data when producing estimates of sampling variance [52]. Moreover, maximum likelihood
estimation is not only superior to traditional techniques (e.g. mean imputation) under
a MCAR mechanism, but also generates unbiased parameter estimates with MAR data
[68]. Nevertheless, this method may yield biased parameter estimates under a MNAR
mechanism. Furthermore, non-compliance with the assumption of a multivariate normal
distribution can bias standard errors, although various corrective procedures for non-
normal data have been developed to address this limitation [58]. Lastly, model-based
methods present other disadvantages such as a high computational cost and iterative
procedures with low speed of convergence [37].

2.4.2.4 Performance Evaluation of Missing Data Handling Approaches

Missing value handling approaches can be evaluated through different criteria, some of
which will be described below. More emphasis will be placed on metrics that assess the
precision of the imputation process.

1. Root Mean Squared Error (RMSE)

The RMSE represents the standard deviation of the differences between observed
values and predicted missing values:

RMSE =

√√
1
𝑚

𝑚∑
𝑖=1

(𝑜𝑖 − 𝑝𝑖)2 (2.19)

where 𝑜𝑖 denotes the 𝑖th observed value, 𝑝𝑖 the 𝑖th imputed value, and𝑚 the number
of estimations, i.e. the number of missing values.

A lower RMSE indicates a narrower difference between true and predicted values,
thus evaluating the quality of the imputation procedure. Although being the
favoured measurement, RMSE is fairly influenced by outliers [77]. Naturally, this
metric can only be computed when an originally complete dataset is available.
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2. Mean Absolute Error (MAE)

As for datasets that include dichotomous attributes, the MAE is a more suitable
choice [78]. The MAE represents the average difference between observed values
and predicted missing values:

MAE =
1
𝑚

𝑚∑
𝑖=1

|𝑜𝑖 − 𝑝𝑖 | (2.20)

where 𝑜𝑖 denotes the 𝑖th observed value, 𝑝𝑖 the 𝑖th imputed value, and𝑚 the number
of estimations.

Therefore, this performance indicatorassesses how similar the predicted values are to
the real values, with a smaller MAE reflecting a more precise imputation process. For
binary variables, this metric represents the proportion of falsely imputed categories,
i.e. the error rate, which can also be named MAE for simplicity. This error can also
only be calculated when an originally complete dataset is available.

3. Standard ML Evaluation Metrics

After handling the missing data, whether by a complete-case analysis or an impu-
tation method for example, the processed dataset can be given as input to a ML
algorithm. Evaluation metrics, such as the accuracy or the AUROC, can assess the
impact of each imputation technique on the model’s performance. These metrics
have been described previously in Section 2.3.2.3.
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Literature Review

This chapter provides a review of literature studies on missing value imputation, and is
subdivided into two sections. The first one focuses on state-of-the-art techniques which
exploit correlations amongst attributes. In the second section, the application of missing
data imputation in the clinical domain is explored and discussed.

3.1 Missing Data Imputation

Missing values are ubiquitous in any real-world dataset, which prompted a growing
interest in research projects that address this challenge. The work of Rubin [57] laid the
foundation for further studies concerning this issue, paving the way for the development
of new approaches. Nevertheless, there are still limitations to be overcome. Throughout
this section more focus will be placed on techniques that rely on correlation between
values to perform missing data imputation, as such a choice is suggested to be beneficial
by several authors.

Regression imputation, where missing data are replacedby predictions from regression
equations, is a very common approach [6], [79], [80]. Mishra et al. [79] proposed the Feature
Correlation based Missing Data Imputation (FCMI) algorithm, that for each column with
missing values (the target) builds a regression model based on other columns that are
highly correlated with that specific target. The authors argue that highly correlated
attributes capture information about each other. FCMI outperformed KNN and two MI
techniques on both numeric and categorical data. However, these experiments were only
conducted on MAR features and the results may not generalise to data under the remaining
two missingness mechanisms. Moreover, FCMI calculates the correlation coefficients and
fits the regression models through a complete-case analysis, and a subset without missing
values may not be possible to obtain from a real-world dataset.
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Another strategy using regression imputation was presented by Sefidian and Danesh-
pour [6]. The Correlation Maximization-based Imputation Methods (CMIM) are ten
slightly different techniques that attempt to maximise the correlation between the missing
attributes and the remaining ones. This paper assumes that the linear correlations within
the whole dataset are weaker than those found within certain subsets, and thus data
segments with strong correlations are created in order to fit linear regression models. The
performed imputation was evaluated under the MAR mechanism, with four MRs. The
CMIM approach was superior to competing techniques such as mean imputation, KNN,
a DT-based imputation, and an auto-encoder neural network imputation. Nevertheless,
CMIM has some drawbacks and the major one pointed out by the authors is the choice
of the best technique, among the ten presented, for a given dataset. Since no technique
was clearly superior to the others it would be necessary to make a personalised and non-
automatic selection for each dataset, which is naturally time-consuming. Furthermore, the
optimal parameter values for each imputation method were found through a grid-search
strategy, thus increasing the computational cost.

One of the most widely-used approaches is KNN imputation, and variants of this
method [7], [78], [81]–[84]. Liu, Lai and Zhang [7] developed the Correlation-based
Hierarchical K-Nearest Neighbors (CoHiKNN) algorithm, which utilises the correlation
between attributes as weights in the calculation of the distances from each complete
record to the target incomplete record. After selecting the nearest neighbours, the missing
element is imputed with the average of the observed values. The imputation is phased,
as it is performed in segments with an ascending number of missing elements, i.e. it
starts with the subset of records with fewest missing values and ends with the ones with
the most. The coefficients are initially obtained through a complete-case analysis, and
updated in each phase with the union of complete and imputed instances. Although not
specified in the paper, the datasets used indicate that experiments were conducted on both
numeric and categorical data, under a MCAR mechanism. The CoHiKNN approach was
superior when evaluated against mean imputation, a clustering centre-based imputation,
and traditional KNN imputation. However, this technique requires a complete subset to
compute the first correlation coefficients, which may not be attainable from a real-world
dataset, as was stated before.

In order to counter the sparsity of methods specifically addressing the imputation
of categorical variables, Faisal and Gerhard [81] proposed a weighted KNN method for
nominal data, both binary and multi-categorical. A set of nearest neighbours is obtained
for each missing value of every incomplete sample. The developed distance function
assigns greater importance, i.e. weight, to covariates highly correlated with the missing
attribute. The authors chose Cramér’s𝑉 as the association measurement. When evaluated
on MCAR data, this approach showed a smaller imputation error than methods such as
mode imputation, RF-based imputation, and a MI technique.

The so-called data splitting-based techniques have also gained popularity in literature
[85]–[88]. Tsai, Miao-Ling and Wei-Chao [85] presented the Class Center based Missing
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Value Imputation (CCMVI) method, which starts by partitioning the entire dataset into
classes. In the case of a SL problem, the class labels correspond to the outcome values.
Each class has a centre, a standard deviation and a threshold based on the euclidean
distances between the centre and the complete data samples. The latter is used in the
missing data imputation procedure, which was evaluated on categorical, numeric and
mixed data, under a MCAR mechanism. However, missing values are only present in
the training set, a rather impractical assumption. CCMVI outperformed mean / mode
imputation, KNN imputation and SVM imputation for numeric and mixed data types.

A few of these data splitting-based methods require a subset with complete samples
to impute the missing values [85], [87], [88], which prompted Bhagat and Singh [86] to
propose the Nullify the Missing Values before Imputation (NMVI) approach to overcome
this limitation. Similarly to CCMVI, the NMVI method initially splits the entire dataset
into classes according to the outcome label of each instance (in a SL problem). Rather than
computing the class centres, standard deviations and thresholds using solely complete
data, this technique replaces the missing elements with the value zero and uses all class
samples, thus excluding the dependency on a complete subset. Experiments were con-
ducted on both numeric and nominal data, with several MRs under all three missingness
mechanisms separately applied to the whole dataset. However, the authors do not specify
how NMVI handles missing data in the test set for a SL problem, which may indicate that,
similarly to CCMVI, this subset is unrealistically assumed to be complete. Performance
evaluation showed that NMVI results are on par with techniques such as KNN imputation,
CCMVI, and a MI method.

A novel paradigm was proposed by Miao et al. [89] through the development of a
mixed interpolation procedure based on feature differences, i.e. a procedure that employs
the optimal interpolation technique for each column. Although the term interpolation
is used throughout this paper, the given definition is compatible with that of the term
imputation. This algorithm dynamically analysed which of the four imputation methods
selected by the authors - mean interpolation, regression, SVM, and MI - yielded the best
results on every column individually. Experiments showed that the proposed interpo-
lation procedure outperformed all four of the aforementioned imputation techniques
on synthetically created missing data, under an unmentioned missingness mechanism.
Despite implementing the best method on each attribute, this work does not mention if
the proposed procedure is suitable for both numeric and categorical data.

The potential of MI approaches has also been a subject of study [73], [90]–[93]. For
instance, Khan and Hoque [90] presented an extension to the MICE algorithm, named
Single Center Imputation from Multiple Chained Equation (SICE), that aimed to overcome
the complexity of analysing multiple high-dimensional datasets. SICE replaces each
numeric (categorical) missing element with the average (mode) of the corresponding
values in the differently imputed datasets generated by MICE, thus being described as a
hybrid of single and MI. The experimental results showed that the proposed technique
generally performed better imputation of binary and numeric data than competitors such
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as KNN, SVM, and logistic regression. Even so, the authors did not specify the missingness
mechanisms nor MRs on all used datasets, just mentioning that MAR mechanism, with a
MR of 10%, was injected onto one of the datasets.

In recent years, there has been a widespread application of Deep Learning (DL) in
various fields, and missing value imputation is no exception [94]–[97]. Khan, Wang
and Liu [94] proposed the Convolutional Neural Network Imputation (CNNI) approach,
which identifies existing correlations within a large dataset and leverages that information
to train a convolutional kernel. CNNI performed equal, sometimes better, than KNN
imputation, two MI methods and a DL approach, but experiments were carried out only
on numerical MCAR data, and thus the results may not generalise.

As for model-based methods, several variants of EM imputation have been developed
[78], [98], [99]. Razavi-Far et al. [78] presented the kEMI technique, whose name reflects
the implemented combination of the KNN algorithm with EM imputation. For each
incomplete record, the former automatically finds the best set of nearest neighbours, and
then the latter imputes the missing values by exploring global similarities, i.e. correlations,
among the selected donors. kEMI was designed to handle both numeric and categorical
attributes, and its performance was superior to other techniques, including standard EM
imputation, KNN imputation, and DT-based imputation. Evaluation was conducted under
diverse missingness patterns, although the authors do not mention the used mechanism.

Table 3.1 provides an overview of the presented literature studies on missing value
imputation. Multiple approaches that exploit correlations between values yield promising
results, albeit with recurring limitations such as evaluation for only one missingness
mechanism and the requirement for a complete subset. Even though these methods were
validated in a controlled environment, i.e. with missing elements synthetically injected
into clean datasets, it is essential to account for the variability of a real-world situation
before deploying them in such scenario.

Table 3.1: Literature studies on missing value imputation.

Reference

Missing

Values

Model Summary Limitations

Mishra et al.
[79]

MAR
(MR = 10%)

FCMI: Regression models
are built based on highly
correlated attributes.

− Only one missingness
mechanism was tested.
− Needs a complete subset.

Sefidian
and

Danesh-
pour [6]

MAR
(MR = 30%,
40%, 50%,

60%)

CMIM: Ten techniques that
aim to maximise the corre-
lation between the missing
features and the remaining
ones. Subsets with strong
correlations are created to
fit regression models.

− Only one missingness
mechanism was tested.
− Can not directly impute
discrete values.
− Needs a complete subset.
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Continuation of Table 3.1

Reference

Missing

Values

Model Summary Limitations

Liu, Lai
and Zhang

[7]

MCAR
(MR = 5%,
10%, 15%,
20%, 25%)

CoHiKNN: Accounts for
the correlation between at-
tributes when selecting the
nearest neighbours, which
will be used for imputation.

− Only one missingness
mechanism was tested.
− Needs a complete subset.

Faisal and
Gerhard

[81]

MCAR
(MR = 10%,
20%, 30%)

Weighted KNN approach
for nominal data, in which
highly correlated features
have a greater contribution
to the distance.

− Only one missingness
mechanism was tested.
− Only nominal data was
used for the imputation
model, although that was
the paper’s objective.

Tsai,
Miao-Ling

and
Wei-Chao

[85]

MCAR
(MR = 10%,
20%, 30%,
40%, 50%)

CCMVI: The dataset is split
into classes. A threshold for
missing value imputation is
defined for each class based
on the distances between
the centre and the samples.

− Only one missingness
mechanism was tested.
− Missing data is solely in
the training set.
− Needs a complete subset.
− Does not consider corre-
lation between features.

Bhagat and
Singh [86]

MCAR,
MAR,

MNAR
(MR = 10%,
20%, 30%,
40%, 50%)

NMVI: Similar to CCMVI,
except it replaces the miss-
ing values with zero and
uses all class samples, thus
excluding the dependency
on a complete subset.

− Does not specify the han-
dling of missing data in the
test set.
− Does not consider corre-
lation between features.

Miao et al.
[89]

Unknown
mechanism;
MR = 5%,
10%, 20%,
30%, 40%

Mixed interpolation proce-
dure that employs the op-
timal imputation technique
(mean, regression, SVM or
MI) in each column.

− Does not specify the
missingness mechanism.
− Needs a complete subset.
− Does not consider corre-
lation between features.
− Does not mention the
type of variables for which
it is suitable.
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Continuation of Table 3.1

Reference

Missing

Values

Model Summary Limitations

Khan and
Hoque [90]

MAR
(MR = 10%);
Information
not specified
for all used
datasets.

SICE: Extension of MICE.
Replaces each missing ele-
ment with the mean / mode
of the corresponding val-
ues in the differently im-
puted datasets generated by
MICE.

− Only one missingness
mechanism was tested.
− Does not consider corre-
lation between features.

Khan,
Wang and

Liu [94]

MCAR
(MR = 10%,
20%, 30%,
40%, 50%,
60%, 70%)

CNNI: Identifies existing
correlations within a large
dataset and leverages that
information to train a con-
volutional kernel.

− Only one missingness
mechanism was tested.
− Performance evaluated
on numeric datasets alone.

Razavi-Far
et al. [78]

Unknown
mechanism;
MR = 1%,
5%, 10%,

20%

kEMI: The KNN algorithm
finds a setofdonors andEM
explores global similarities
(correlations) to impute the
missing values.

− Does not specify the
missingness mechanism,
only the pattern.
− Needs a complete
subset.

3.2 Missing Data Handling in Clinical Records

Similar to the majority of real-world datasets, medical data are inconsistent and incomplete
in nature. Missing values must be handled heedfully in order to prevent adverse effects
on the performance of any predictive model [52]. Furthermore, ensuring data quality is
key when developing a reliable AI-based clinical DSS, since its prediction accuracy might
affect the decision-making process [5]. Therefore, efforts have been made towards an
efficient processing of missing values.

Firstly, a few comparative studies regarding the performance of well-established and
standard imputation approaches on real-world clinical datasets will be presented. These
datasets do not have artificially created missing values, but instead present unknown and
possibly multiple missingness mechanisms simultaneously. Hence, it is worth assessing
the efficiency of such techniques under these less controlled conditions.

Jerez et al. [100] studied the impact of imputation methods on the prognosis accuracy
of a real breast cancer problem. The results obtained through a complete-case analysis
were compared to those produced by three statistical methods (mean, hot deck imputation,
and MI) and three ML-based methods (two DL-based approaches and KNN). Apart from
hot deck imputation, all techniques enhanced the prediction accuracy, with KNN leading
to the best improvement. Furthermore, the authors stated that the ML-based methods are
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a more suitable choice for that particular case study, while noting that this deduction may
not generalise to other datasets.

The work conducted by Rahman and Davis [101] yielded similar results for clinical risk
prediction on cardiovascular patients. In fact, all ML-based imputation methods chosen
for the study (KNN, SVM, DT, and a fuzzy rule-based classification algorithm) exhibited
superior performances than the statistical method (mean / mode imputation).

Finally, Austin et al. [92] investigated the performance of MI in clinical research,
specifically in a case study concerning mortality prediction on patients hospitalised with
heart failure. Although this paper showed that MI outperformed complete-case analysis,
it would have been interesting to explore the performance of other imputation techniques
in order to draw more relevant conclusions.

On the other hand, some authors developed novel imputation approaches, which
are then evaluated on particular clinical case studies [102]–[106]. A brief overview of a
few techniques will be provided, seeking to identify and discuss their limitations and
successful strategies.

Madhu et al. [102] proposed the missXGBoost method, which trains an Extreme
Gradient Boosting algorithm to impute continuous values in both continuous and discrete
attributes. This technique yielded a superior classification accuracy than a few competitors
when tested on several benchmarks medical datasets. As for research works with a specific
clinical objective, Jaques et al. [103] designed the Multimodal Autoencoder, a DL method
that handles missing data within a real mood prediction problem. Since this model was
trained considering missing data, its performance is not affected as much as in techniques
that did not take this into account. However, neither Madhu et al. [102] nor Jaques
et al. [103] considered the correlations between features, which combined with their
requirement for a complete subset, might avert its employment in other clinical contexts.

In the study of Alzheimer’s disease, Tabarestani et al. [105] developed a multitask
learning method for progression prediction. The authors stated that this approach is
robust to the negative effects of missing data, as it captures the dependencies between
different feature representations and preserves enough information to ensure a fairly high
performance accuracy. Yoon, Zame and van der Schaar [106] proposed a DL model which
also exploited the relationship among features, particularly the correlation within and
across data streams. This work was not within the scope of a specific clinical case study,
but was tested on several real-world medical datasets and demonstrated considerable
improvements over state-of-the-art techniques, including MICE and DL-based approaches.

Despite a noticeable research endeavour to overcome the challenges posed by missing
values in clinical data, complete–case analysis is still one of the most common strategies
to address this issue [92], [107]. Albeit straightforward, this approach regards missing
values as a disposable nuisance, overlooking the reason for their occurrence. Carrying
out an inattentive complete-case analysis may have deleterious consequences, as some
authors assert that missingness can be informative [55], [108].
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Moreover, missing data imputation methods often present limitations such as the
necessity for a complete subset and validation for numeric variables alone. In the health
care domain, information is frequently collected by multiple sources and a reliable DSS
must be able to handle the inherent variability of real-world clinical datasets. Additionally,
professionals’ trust in a AI-based DSS increases if it is clear how the model reached its
decisions and what inputs were used for the prediction. Although DL models might
outperform traditional techniques, such as KNN and SVM, they may be considered “black
boxes” in terms of their inner-working. Even if methods for interpreting these DL models
are employed, their complexity and the need for a large amount of data may hinder their
use in clinical decision-making [109], [110]. Similarly, an imputation procedure suitable
for a real health care scenario ought to have an optimised performance, whilst maintaining
an adequate level of interpretability.

To the best of our knowledge, exploration of the concept of correlation in medical
research is ratherscarce, whether in novel imputation approaches [89], [102]–[104], whether
in frameworks that make use of existing standard methods [5], [82]. In fact, most ML
applications consider highly correlated features as redundant, discarding one of them
before further processing. However, this procedure is not advisable for an imputation
model, as various studies have shown the beneficial effects of taking correlation into
account [6], [7], [78], [79], [81], [94], [105], [106]. Hence, it is worth investigating the
potential contribution of correlation for the imputation of missing medical data.
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4
Datasets

This chapter introduces the five datasets used throughout this dissertation. Firstly, three
publicly available and complete datasets were chosen and manipulated to enable a com-
prehensive study that included various MRs of the three missingness mechanisms. Then,
since the main focus of this work was to study missing value imputation in clinical
contexts, two real-world medical datasets were selected and described. The provided
characterisation focuses on the types of variables and the distribution of missing values
within every dataset.

4.1 UCI Machine Learning Repository Datasets

In order to evaluate missing data imputation approaches and compare them against state-
of-the-art methods, three complete and publicly available datasets were selected from
the UCI Machine Learning Repository [111]. This collection of databases was created by
the Center for Machine Learning and Intelligent Systems at the University of California,
Irvine (UCI). The selection process was primarily based on the type of variables of each
dataset, as it is essential to ensure that these methods perform a suitable and efficient
imputation regardless of the attribute’s type.

Within this work, multiclass nominal variables were one-hot encoded, which resulted
in the creation of several binary attributes associated with each original nominal variable.
Furthermore, ordinal encoding was applied to ordinal attributes, which are then treated
as numeric variables, a very common and often reasonable assumption [112]. Hence, it is
only relevant to assess the imputation accuracy on both numeric and binary variables.

Taking this into consideration, three complete datasets were retrieved from the afore-
mentioned repository: Wine Data Set, only comprising numeric variables; SPECT Heart

Data Set, which solely includes binary attributes; Statlog (Heart) Data Set, a mixed-type
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dataset. The categorical variables within the latter were encoded as mentioned above. An
overview of these datasets (after encoding) is provided in Table 4.1.

Table 4.1: Overview of the datasets retrieved from the UCI Machine Learning Repository.

Name

Number of

instances

Number of

attributes

Variable

types

Task

Wine Data Set 178 13 Numeric Multiclass
Classification

SPECT Heart
Data Set 187 22 Binary Binary

Classification
Statlog (Heart)

Data Set 270 22 Numeric and
Binary

Binary
Classification

Synthetic missing values were injected into these three datasets, under all three
missingness mechanisms with three different MRs (10%, 30%, and 50%), totaling nine
synthetic datasets per each UCI Machine Learning Repository dataset. The adopted
procedures are further described in Section 5.2.

4.1.1 Wine Data Set

The Wine Data Set was obtained through a chemical analysis of three different types of
wines. It contains 178 samples, which can be classified into three categories (wine types)
based on 13 attributes. These attributes, whose names are displayed in the first column of
Table 4.2, are the numeric quantity of chemical constituents found in the wine. Table 4.2
also provides an overview of each of the nine datasets that were generated through the
injection of missing values, detailing which variables are missing under the corresponding
mechanism and MR.

Table 4.2: Characterisation of the missingness injected into the Wine Data Set. The crosses
indicate which variables are missing in each synthetic dataset. Total missingness is the
ratio between the number of missing values and the total number of values. Incomplete
samples is the proportion of instances with at least one missing attribute.

MCAR MAR MNAR

10% 30% 50% 10% 30% 50% 10% 30% 50%
Numeric

Alcohol X X X
Malic acid X X X

Ash X X X
Alcalinity of ash X X X X X X X X X

Magnesium X X X
Total phenols X X X
Flavanoids X X X X X X X X X

Nonflavanoid
phenols

X X X
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Continuation of Table 4.2
MCAR MAR MNAR

10% 30% 50% 10% 30% 50% 10% 30% 50%
Proanthocyanins X X X X X X X X X
Color intensity X X X X X X X X X

Hue X X X
OD280/OD315
of diluted wines

X X X X X X X X X

Proline X X X X X X X X X

Total

Missingness

10% 30% 50% 5% 14% 23% 5% 14% 23%

Incomplete

Samples

74% 100% 100% 47% 84% 97% 46% 88% 99%

4.1.2 SPECT Heart Data Set

The SPECT Heart Data Set results from cardiac Single Proton Emission Computed Tomog-
raphy (SPECT) images, which can be classified into normal or abnormal. The available
training set includes instances from 187 patients with 22 binary attributes extracted from
the images, whose names are shown in the first column of Table 4.3. Similarly to the
previous example, Table 4.3 presents which variables are missing in each of the nine
synthetic datasets.

Table 4.3: Characterisation of the missingness injected into the SPECT Heart Data Set. The
crosses indicate which variables are missing in each synthetic dataset. Total missingness is
the ratio between the number of missing values and the total number of values. Incomplete
samples is the proportion of instances with at least one missing attribute.

MCAR MAR MNAR

10% 30% 50% 10% 30% 50% 10% 30% 50%
Binary

F1 X X X
F2 X X X
F3 X X X
F4 X X X
F5 X X X X X X X X X
F6 X X X
F7 X X X
F8 X X X
F9 X X X
F10 X X X
F11 X X X X X X X X X
F12 X X X X X X X X X
F13 X X X X X X X X X
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Continuation of Table 4.3
MCAR MAR MNAR

10% 30% 50% 10% 30% 50% 10% 30% 50%
F14 X X X
F15 X X X X X X X X X
F16 X X X
F17 X X X
F18 X X X X X X X X X
F19 X X X X X X X X X
F20 X X X X X X X X X
F21 X X X X X X X X X
F22 X X X X X X X X X

Total

Missingness

10% 30% 50% 5% 15% 25% 5% 15% 25%

Incomplete

Samples

92% 100% 100% 23% 61% 96% 20% 64% 96%

4.1.3 Statlog (Heart) Data Set

The Statlog (Heart) Data Set is used to assess the presence of heart disease in a binary
classification problem. It encompasses cardiac data from 270 patients, summarised into 13
numeric and categorical attributes. After performing the previously described categorical
encoding, the processed dataset has 6 numeric and 16 binary variables, resulting in the
22 attributes exhibited in the first column of Table 4.4. As before, Table 4.4 depicts which
variables are missing in every synthetic dataset.

Table 4.4: Characterisation of the missingness injected into the Statlog (Heart) Data Set. The
crosses indicate which variables are missing in each synthetic dataset. Total missingness is
the ratio between the number of missing values and the total number of values. Incomplete
samples is the proportion of instances with at least one missing attribute.

MCAR MAR MNAR

10% 30% 50% 10% 30% 50% 10% 30% 50%
Numeric

Age X X X
Resting BP X X X X X X X X X

Serum
cholesterol

X X X X X X X X X

Maximum HR
achieved

X X X X X X X X X

Oldpeak X X X
Major vessels X X X X X X X X X

Binary
Sex X X X
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Continuation of Table 4.4
MCAR MAR MNAR

10% 30% 50% 10% 30% 50% 10% 30% 50%
Chest pain_1 X X X
Chest pain_2 X X X
Chest pain_3 X X X
Chest pain_4 X X X X X X X X X
Fasting blood

sugar
X X X

Resting EKG_0 X X X
Resting EKG_1 X X X
Resting EKG_2 X X X X X X X X X

Exercise induced
angina

X X X X X X X X X

Slope_1 X X X
Slope_2 X X X X X X X X X
Slope_3 X X X X X X X X X
Thal_3 X X X
Thal_6 X X X X X X X X X
Thal_7 X X X X X X X X X

Total

Missingness

10% 30% 50% 5% 15% 25% 5% 15% 25%

Incomplete

Samples

90% 100% 100% 33% 83% 99% 44% 81% 100%

4.2 Osteoporosis Dataset

The Osteoporosis Dataset assembles publicly available data from the 2013-2014 cycle of
the National Health and Nutrition Examination Survey (NHANES) [113]. The NHANES
is a research program that aims to monitor the health and nutritional status of adults
and children in the United States. The survey participants are randomly selected and,
therefore, can present a variety of health statuses.

This study combines interviews and physical examinations in order to assess the
prevalence of diseases and medical conditions, such as anaemia, diabetes, osteoporosis
and many more. The NHANES interviews, conducted at the respondents’ homes, collect
demographic, socioeconomic, dietary and health-related information. The physical exam-
inations are performed by trained medical personnel, and include laboratory tests and
physiological measurements.

The working dataset consists of 37 variables and 1643 subjects, which can be classified
into 3 conditions: normal, osteopenia, and osteoporosis. Osteoporosis is a skeletal disorder
characterised by a deterioration of the bone architecture and a reduction of bone mass,
which leads to increased bone fragility and susceptibility to fracture [114]. Osteopenia is
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the condition that precedes osteoporosis. Subjects with osteopenia have a bone mineral
density lower than the reference values for a healthy individual, but not low enough to
be diagnosed with osteoporosis. The osteopenia and osteoporosis classes were combined
into a single one, thereby transforming this study into a binary classification problem. As
for the collected data, Table 4.5 gives a brief characterisation of each feature group within
the Osteoporosis Dataset, including the number and type of variables, and the average
MR. Table A.1 provides a more detailed description of each variable.

Table 4.5: Brief characterisation of the Osteoporosis Dataset.

Feature Group Attributes Average MR

Demographics 1 numeric, 1 nominal and 2 ordinal (1.1 ± 1.9)%
Nutrition 6 numeric (7.6 ± 0.2)%

Blood pressure 2 numeric (3.3 ± 0.3)%
Anthropometrics 2 numeric (0.6 ± 0.1)%
Physical fitness 1 numeric 10.0%

Blood lipids 4 numeric (27.8 ± 25.4)%
Hormones 3 numeric (8.9 ± 4.5)%

Biochemistry 2 numeric (3.1 ± 0.7)%
Physical activity 11 numeric (10.0 ± 0.1)%

Lifestyle 2 numeric (9.8 ± 0.0)%

The variables DMDEDUC2 and INDFMIN2, reported in Table A.1, had two additional
categories, "Dont’ Know" and "Refused", which were considered missing values in this
work. Recalling the definition of missing data given by Little and Rubin [52], this is a
reasonable assumption since these responses hide values that would be meaningful for
analysis if observed.

In summary, the MRs in each attribute vary from 0.0% to 53.4%, and the dataset
has a proportion of 72.0% incomplete samples, i.e. subjects with at least one missing
value. Furthermore, 38.8% of the individuals are classified as normal (healthy) and the
remaining 61.2% were diagnosed with either osteoporosis or osteopenia. The average age
of all participants is 58± 12 years, with those classified as normal having a mean of 58± 10
years and the remaining, considered not healthy, an average age of 62 ± 12 years.

After performing categorical encoding, the final working dataset was left with 43
variables, 36 of which are numerical and 7 are binary. A special encoding had to be
applied to the variable INDFMIN2: although it has 12 ordered categories, the remaining
2, "$20,000 and Over" and "Under $20,000", have binary characteristics that do not fit
into the variable’s ranking. Hence, the 12 ordered categories were ordinally encoded,
while the other 2 were considered missing values. Then, an additional attribute named
INDFMIN2_binary was created, in which the values of 0 and 1 were attributed, respectively,
to the categories that represented range values under $20,000, and $20,000 and over. As a
consequence of this procedure, the proportion of incomplete samples rose to 73.2%.
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4.3 Cardiothoracic Surgery Dataset

The Cardiothoracic Surgery Dataset contains clinical and demographic information re-
trieved by the Cardiothoracic Surgery Service of Hospital de Santa Marta in Portugal,
from 2011 to 2019. For each subject, the collection started during the pre-surgery period
and extended up to one year after the surgical procedure.

Furthermore, measurements were carried out in compliance with the data fields found
in the Adult Cardiac Database, from the Quality Improvement Programme (QUIP) [115].
The QUIP, created by the European Association for Cardio-Thoracic Surgery (EACTS),
establishes a set of guidelines to unify cardiac surgical databases, aiming to motivate the
improvement of clinical outcomes.

The dataset contains records from 8122 patients and was used to predict the occurrence
of complications within three months after hospital discharge, in a binary classification
problem. Table 4.6 displays the various incidents considered in the post-discharge com-
plications, as well as the assigned label. The outcome variable takes the value of 1 when
an incident labelled as "Severe" or "Death" occurs, and the value of 0 otherwise. Since a
patient can experience more than one complication, the outcome variable refers to the
most severe incident suffered by each subject within three months after discharge. Patients
that did not experience a single complication have an outcome of 0. Subjects in which
only the incident labelled as "Unknown" was reported were excluded from the analysis.

Table 4.6: Incidents and labels of the Cardiothoracic Surgery Dataset’s outcome.

Incident Label Outcome

Impossible do reach Unknown -
Superficial infection
Complication not requiring admission to the ICU
Atelectasis / pneumonia / pleural effusion / pneumothorax
Fibrillation or arrhythmia requiring treatment

Light 0

Complication requiring surgery (cardiac or other)
Complication requiring admission to the ICU
Stroke with deficits persisting for >72 hours
Infection/instability of the sternum
Angioplasty
Endocarditis and/or sepsis
Definitive pacemaker
Infarction
Acute respiratory distress syndrome
Dialysis or haemofiltration

Severe

Sudden death Death

1

Data was collected on 106 medically relevant variables, which can be grouped into
the categories shown in Table 4.7. As before, Table 4.7 provides a brief characterisation
of each feature group, including the number and type of variables, and the average MR.
Table A.2 gives a more thorough description of the Cardiothoracic Surgery Dataset.
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Table 4.7: Brief characterisation of the Cardiothoracic Surgery Dataset.

Feature Group Attributes Average MR

Hospitalisation 4 dates (23.7 ± 47.2)%
Cardiac history 4 ordinal and 1 binary (16.1 ± 35.3)%

Previous interventions 2 dates, 1 ordinal and 1
nominal (44.9 ± 51.6)%

Pre-operative risk factors 4 numeric, 3 ordinal, 4
nominal and 4 binary (0.9 ± 0.2)%

Pre-operative haemodynamics &
catheterisation

1 date, 5 numeric, 2 ordinal, 1
nominal and 1 binary (49.3 ± 42.8)%

Pre-operative status & support 4 binary (0.6 ± 0.2)%

Operation 1 text, 2 ordinal and 4
nominal (27.2 ± 46.1)%

Coronary surgery 2 numeric and 2 nominal (61.4 ± 0.7)%

Valve surgery 1 code, 8 numeric, 3 ordinal,
10 nominal and 7 binary 34.8 ± 30.2)%

Cardiac Surgery Morbidity Scale 1 numeric and 8 nominal (7.6 ± 22.1)%
Discharge details 2 nominal and 1 binary (32.4 ± 55.6)%

Patient demographics and
autocalculations

1 code, 10 numeric, 1 nominal
and 1 binary (7.8 ± 26.4)%

The MRs in each attribute vary from 0.0% to 99.9%, and the dataset has a proportion
of 100.0% incomplete samples, i.e. every individual has at least one missing value. An
initial pre-processing was performed, which involved the removal of patients that died
before being discharged, replacement of missing values based on domain knowledge, and
binarization of features with high cardinality, such as dates. This pre-processing also
aggregated in-hospital complications and lengths of hospital stay into new features, and
removed variables updated after hospital discharge, e.g. patient status and date of death.

The final working dataset has 5625 subjects. After applying categorical encoding, the
resulting number of features is 119, of which 31 are numeric and 88 are binary. Contrary
to the previous cases, the ordinal attributes were both ordinally and one-hot encoded
in order to investigate if each category could be useful for imputation as an individual
feature, instead of solely resorting to the ordinal variable from a continuous perspective.

After the initial pre-processing, the MRs in each attribute range from 0.0% to 82.4%,
and 94.1% of the instances are incomplete. Moreover, 92.7% of the patients had light or no
complications three months after discharge, and the remaining 7.3% either experienced
severe complications or died. From the first group (outcome value is 0), 38.9% are female
and have an average age of 65 ± 13 years, whereas 43.4% of the subjects from the second
group are female and have an average age of 68 ± 12 years.

In order to perform a time-based analysis, patients whose information was collected
in 2019 were assembled in a separate test subset. This group contains 667 subjects, from
which 92.7% reported light or no complications three months after discharge. Therefore,
the distribution of class labels is maintained in this test set.
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Methodologies

This chapter includes a comprehensive description of the methodologies adopted to
answer the RQs raised in Section 1.2. A general approach is first presented, followed by a
detailed characterisation of each step within the outlined framework.

5.1 General Approach

This dissertation aims to address the challenges imposed by incomplete real-world datasets
on the performance of ML models. To this end, the concept of correlation will be studied
and later integrated within novel missing data imputation strategies.

Following a classical approach, the first step of this work involved the selection of
case studies, i.e. datasets to perform experiments on, thus allowing the validation of the
proposed methods. Three complete datasets and two real-world medical databases were
picked, and a description for each one is presented in Chapter 4. The selected databases
had a verified objective that guaranteed the credibility of the study while also avoiding
the redundancy generated by retrieving some definition from the data.

In order to evaluate the performance of several imputation techniques under different
missingness mechanisms, and with various MRs, synthetic missing values were injected
into the three complete datasets from the UCI Machine Learning Repository. Section 5.2
outlines the adopted procedures. The two real-world medical datasets were not manipu-
lated in this manner, nor is it advised to do so, as they naturally present missing values
under unknown and possibly multiple missingness mechanisms simultaneously.

Then, taking inspiration from several works that pointed out the benefits of accounting
for correlation when imputing missing values, a correlational study was conducted. In
addition to the correlation between the values of two variables, which is the most traditional
measurement, two other relationships were assessed: the correlation between the values
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of a variable and the missingness pattern of every other, and the correlation between the
missingness patterns of two distinct attributes. Section 5.3 provides a description of this
study and its objectives.

The subsequent step consisted of implementing various existent imputation methods,
both traditional andstate-of-the-art. A comparative evaluation enabled the identification of
limitations and strengths associated with each technique, complementing the information
found in the literature.

Furthermore, three novel correlation-based imputation approaches were proposed and
evaluated against the implemented techniques. The final step consisted precisely in this
performance evaluation, which can be subdivided into two types: imputation evaluation
and classification evaluation. The former is only available for the three UCI Machine
Learning Repository datasets, as it assesses the quality of the imputation procedure by
comparing the imputed values with the original ones (ground truth). Figure 5.1 depicts a
schematic representation of the followed framework for a final performance evaluation.
The illustrated steps are further described in the succeeding sections.

UCI 
Dataset

Train Set

Test Set

Stratified Folds

5 X

Original Dataset

Synthetic Dataset

Imputed Dataset

Training

Grid Search
Model with the highest 
mean AUROC score

Imputation evaluation

UCI 
Dataset

Missing Value
Injection

Train Set

Test Set

Stratified Folds

5 X
Imputation Train Set

Test Set

5 X

VS

Training

Performance 
metrics

VS

Performance 
metrics

Classification evaluation

(a) UCI Machine Learning Repository datasets

Real-world 
Dataset

Train Set

Test Set

Stratified Folds

5 X
Imputation Train Set

Test Set

5 X

Training
Classification evaluation

Grid Search

Model with the highest 
AUROC score

Performance 
metrics

Stratified Folds

(b) Real-world datasets

Figure 5.1: Performance evaluation of the missing data imputation models in (a) the UCI
Machine Learning Repository datasets, and (b) Real-world medical datasets.
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5.2 Injection of Synthetic Missing Data

As aforementioned, artificial missing values were created within the three UCI Machine
Learning Repository datasets. For this end, the package missMethods [116] from the
Comprehensive R Archive Network (CRAN) was used, as it supplies functions for the
injection of missing data. CRAN is a repository of code and documentation for R, and
thus the necessary programming for this task was carried out using this language.

The package missMethods is inspired in the work of Santos et al. [117], offering the
possibility to implement nearly all the approaches to synthetic missing data generation
compiled by the authors. Three functions from this package were selected, each one
implementing a different missingness mechanism in a multivariate configuration. The
algorithms that originated these functions will be described below.

The MCAR1unifo approach, proposed by Twala [118], was chosen for the MCAR mech-
anism. The subscript unifo was used by Santos et al. [117] to denote multivariate config-
urations. Within this particular algorithm, the missing elements are obtained through
Bernoulli trials: for each observation of every variable, the binary outcome of a Bernoulli
trial determines whether the value will be removed or not. The probability of success
in that Bernoulli trial is the MR, which will be equal in all the features. The respective
implementation in the package missMethods receives this probability of missingness as
an argument and has a parameter to enforce a deterministic number of missing values.

As for the MAR mechanism, a combination of the MAR1unifo and MAR2unifo algorithms,
proposed respectively by Gariarena and Santana [119] and Twala [118], was performed.
Firstly and following Twala [118], several pairs of highly correlated features are created, in
which one of them determines missingness in the other. For an odd number of variables,
a single triple is formed. In each pair (or triple), the determining feature is the most
correlated with the outcome variable. The missing elements on the non-determining
feature correspond to the positions of the 𝑘 lowest values of the determining feature.
Instead of defining a MR for the entire dataset as performed by Twala [118], the strategy
followed by Gariarena and Santana [119] was prefered where each missing column has an
equal MR. The corresponding function in the package missMethods receives, among other
parameters, the features in which the missing values will be created and the probability
of missingness, i.e. the MR, which then defines the value of 𝑘.

Lastly, the MNAR1unifo and MNAR2unifo algorithms, based on the works of Gariarena
and Santana [119] and Twala [118] respectively, were merged to generate MNAR data.
Similar to the previous procedure, pairs of highly correlated features are formed in which
only one of the variables are injected with synthetic missing values. For triples, two
variables have missing data. In compliance with the MNAR2unifo method, the lower
values of each non-determinant feature are then deleted. However, the amount of missing
elements pervariable is determined by the MR, equal in all missing features, as proposed by
Gariarena and Santana [119]. The missMethods’ function that implements this approach
also accepts as input the name of the missing variables, as well as the MR.
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Table 5.1 displays the implemented missMethods’ functions and non-default parame-
ters, along with their corresponding algorithm from Santos et al. [117].

Table 5.1: Implemented missMethods’ functions and their respective algorithm from
Santos et al. [117]. Only the parameters with a non-default value are specified.

Santos et al. [117] Algorithm

(Function)

Parameters

MCAR1unifo (delete_MCAR) p ∈ {0.10, 0.30, 0.50}

MAR1unifo and MAR2unifo
(delete_MAR_censoring)

p ∈ {0.10, 0.30, 0.50}
Wine Data Set:
cols_mis = [’Flavanoids’, ’OD280/OD315 of diluted
wines’, ’Alcalinity of ash’, ’Proanthocyanins’, ’Color
intensity’, ’Proline’]
cols_ctrl = [’Total phenols’, ’Hue’, ’Ash’,
’Nonflavanoid phenols’, ’Malic acid’, ’Magnesium’]

SPECT Heart Data Set:
cols_mis = [’F5’, ’F11’, ’F12’, ’F9’, ’F13’, ’F20’, ’F21’,
’F19’, ’F15’, ’F18’, ’F22’]
cols_ctrl = [’F1’, ’F6’, ’F7’, ’F4’, ’F8’, ’F16’, ’F3’, ’F10’,
’F14’, ’F17’, ’F2’]

Statlog (Heart) Data Set:
cols_mis = [’Resting EKG_2’, ’Thal_7’, ’Slope_2’,
’Chest pain_4’, ’Maximum HR achieved’, ’Slope_3’,
’Exercise induced angina’, ’Serum cholesterol’,
’Resting BP’, ’Major vessels’, ’Thal_6’]
cols_ctrl = [’Resting EKG_0’, ’Thal_3’, ’Slope_1’,
’Chest pain_3’, ’Age’, ’Oldpeak’, ’Chest pain_2’, ’Sex’,
’Chest pain_1’, ’Fasting blood sugar’, ’Resting EKG_1’]

MNAR1unifo and MNAR2unifo
(delete_MNAR_censoring) Same parameters as delete_MAR_censoring

Missing values were injected into the UCI Machine Learning Repository datasets
under all three missingness mechanisms individually, with three different MRs: 10%, 30%,
and 50%. Therefore, nine synthetic datasets were created for each of these three databases,
and a brief characterisation of their missingness can be found in Tables 4.2, 4.3 and 4.4
from Chapter 4.

5.3 Correlational Study

The literature review presented in Chapter 3 compiled several studies showing that
correlation had a beneficial impact on the imputation of missing values. In order to further
comprehend the vastness of the information provided by this form of dependency, a
correlational study, i.e. an exploratory analysis on the relations between two variables,
was conducted. This study was divided into two stages.
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5.3.1 First Stage

The first stage focused on the different correlation measurements. As discussed in Sec-
tion 2.2.1.2, there are a myriad of coefficients, each suitable for specific types of variables.
Thus, a brief comparison was carried out between coefficients that assess the correlation
among the same types of variables, i.e. coefficients that lie in the same cell in Table 2.1.
The main objective of this first stage was to select the correlation coefficients that would
be used by the proposed imputation methods.

Considering the type of variables present in the UCI Machine Learning Repository
datasets, two distinct comparative assessments were performed. The first was between
coefficients that measure the correlation among two numeric attributes, such as Pearson’s
coefficient, Spearman’s rank coefficient, and Kendall’s Tau coefficient. The second was
between coefficients that measure the correlation among two binary attributes, i.e. the
Phi coefficient and the Cramér’s 𝑉 . In this stage, the correlation between a numeric and a
binary attribute was not addressed because there are no alternatives to the point biserial
coefficient, which was then automatically selected to measure this type of relationship
in subsequent steps. The performed analyses were solely carried out on the three UCI
Machine Learning Repository datasets.

The module scipy.stats from Python’s library SciPy provided functions to calculate all
the necessary coefficients except for Cramér’s 𝑉 , which was implemented using Python.
After this stage, one correlation measurement was selected per relationship type (numeric-
numeric, numeric-binary, and binary-binary), resulting in a total of three coefficients.

5.3.2 Second Stage

The second stage of this study encompassed a correlational analysis of every missingness
mechanism, using the datasets with injected missing values generated from the three UCI
Machine Learning Repository databases. As previously stated, these datasets were chosen
based on their type of variables, which permits a more complete assessment. This stage
investigated how correlation captures the relationships associated with each missingness
mechanism and sought to identify distinctive traits between them.

Firstly, the effect of the missingness mechanism and MR on the correlation between
variables was evaluated. The correlation matrix for each dataset with injected missing
values was compared with the correlation matrix of the corresponding original dataset.

Furthermore, since the missingness mechanisms describe generic relations between
data and missingness, it is interesting to investigate whether correlation can capture these
relationships. For example, MAR missingness depends solely on the values of another
attribute, which may indicate that the missingness pattern of a MAR variable has a strong
correlation with the values from another attribute.

In order to study this correlation between values and missingness patterns within a
dataset, a missingness indicator matrix𝑀 was first obtained. Let 𝑓 denote the total number
of features and 𝑓miss ≤ 𝑓 the number of features with missing values. 𝑓𝑗 represents the
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𝑗th feature, where 𝑗 ∈ {1, 2, ..., 𝑓 }, and 𝑓miss,𝑖 represents the 𝑖th incomplete feature, where
𝑖 ∈ {1, 2, ..., 𝑓miss}. Furthermore, consider that 𝐶vm is a 𝑓miss × 𝑓 matrix that will store
the computed correlations. For every pair {𝑖 , 𝑗}, with 𝑓miss,𝑖 ≠ 𝑓𝑗 , 𝐶vm[𝑖 , 𝑗] stores the
correlation between the values of 𝑓𝑗 and the missingness pattern of 𝑓miss,𝑖 , its binary
missingness indicator. Matrix 𝐶vm, or var-miss matrix, was computed for all datasets with
injected missing values, under all missingness mechanisms. Then, the matrices were
examined to check whether they clearly captured strong relationships, keeping in mind
that the variables that determined the missingness in the MAR scenario were known.

In addition to the previous assessment, the correlation between two missingness
patterns, or nullity correlation, was also investigated for every missingness mechanism,
seeking to identify if any relevant relation existed. For instance, a negative high correlation
between two missingness patterns may indicate that the corresponding variables are
almost never observed simultaneously.

5.4 Data Splitting and Initial Pre-processing

From a predictive modelling perspective, it is fundamental to first split the working
dataset into train and test subsets prior to commencing missing data imputation, or any
other pre-processing procedure, in order to prevent data leakage. Within this dissertation,
encoding, data scaling and missing data handling were initially performed on the train
set, and the knowledge obtained was leveraged to transform the test set.

The data splitting process ought to account for the nature of the case study, as well
as the characteristics of the working dataset. In this particular work, it is important to
consider that medical databases frequently present unbalanced class labels. For instance,
92.7% of the samples from the Cardiothoracic Surgery Dataset are negative cases and only
7.3% are from the positive class, as noted in Section 4.3.

A stratified 5-fold strategy was applied in order to preserve the proportion of instances
for each class target in both train and test subsets. Hence, each working dataset was divided
into five different train and test sets with equal distributions of samples per class label,
which secured a fair performance evaluation. Note that in the Cardiothoracic Surgery
Dataset a grouped stratified 5-fold strategy had to be adopted instead. This approach
groups the instances by patient, thus ensuring that the same subject is not represented
in both the training and test subset, which could lead to performance overestimation. It
was not necessary to take this precaution in the Osteoporosis Dataset as it was previously
ascertained that there were no separate instances belonging to the same patient.

As illustrated in Figure 5.1(a), the UCI Machine Learning Repository datasets were
only divided into train and test subsets after the injection of missing values since some of
the missingness mechanisms involved in this manipulation depend on parameters found
from the full dataset. Consider the case where a variable has missing elements when its
value is below a threshold equal to a fraction of the maximum value. The maximum value
of the training set could not be used, as nothing precludes a higher value from appearing
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in the test subset. Moreover, generating missing values only in the training set is not an
option, as it would make the problem unrealistic. Consequently, this course of action was
pursued, stressing that no data leakage is believed to occur because the true values of the
missing elements are not used nor provide information to the ML model.

Afterwards, the initial pre-processing consisting of categorical encoding and data
scaling was carried out firstly within each training set. Chapter 4 specified the encoding
performed in every dataset. As for data scaling, a normalisation to the range [0, 1] was
applied to all features. The normalisation of both train and test subsets of the UCI Machine
Learning Repository datasets with injected missing values was based on the training set
of the corresponding original database. This ensures that the observed values in each
synthetically generated dataset are equal in the respective complete dataset, allowing a
valid comparison between the predicted (imputed) values and the ground-truth.

5.5 Missing Data Imputation

This section encompasses the major contribution of this dissertation, i.e. the development
of three novel correlation-based imputation approaches, which were evaluated against
existing techniques. Before introducing these three approaches, the methods from the
literature used as baseline for comparison are presented.

5.5.1 Traditional and State-of-the-art Imputation Methods

Various existent imputation methods, both traditional and state-of-the-art, were imple-
mented. A comparative study was conducted, aiming to identify limitations and strengths
associated with each technique, complementing the information found in the literature.
Furthermore, these methods served as benchmarks, permitting a more informative evalu-
ation of the proposed imputation techniques.

Overall, seven imputation methods were selected: Mean / Mode, Regression, KNN,
CMIM [6], CoHiKNN [7], NMVI [86], and MICE [74]. This selection sought to encompass
both common and modern techniques with diverse baseline strategies. Mean / Mode
imputation, Regression, KNN, and MICE were described in Section 2.4.2.2, whereas
CMIM, CoHiKNN and NMVI were briefly discussed in Section 3.1. Table 5.2 shows all
the parameter values of interest that were tested for each method.

A replication of the imputation performed by CMIM, CoHiKNN and NMVI was
implemented based on the interpretation of the corresponding papers, as no existing
implementation published by the authors was found. Thus, the results obtained may be
different from those reported in the literature. Since NMVI did not specify how it handles
missing data in the test set it was necessary to make the assumption that each sample in
this subset is assigned to the class whose centre is closest to it (using euclidean distance).

Additionally, regression imputation was also implemented from scratch. For the
remaining techniques, the classes SimpleImputer and KNNImputer from Python’s library
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scikit-learn [120], and the package mice [74] from CRAN were used. The necessary
programming for this task was carried out using Python and R.

Table 5.2: Parameter values for the selected traditional and state-of-the-art methods.

Method Parameters

Mean / Mode imputation missing_values = np.nan
Regression imputation -

KNN missing_values = np.nan, n_neighbors ∈ {5, 10, 15},
weights = ’distance’, metric = ’nan_euclidean’

CMIM percentage ∈ {0.1, 0.5, 0.9}, threshold ∈ {0.1, 0.5, 0.9}
CoHiKNN n_neighbors ∈ {5, 10, 15}

NMVI -

MICE defaultMethod = c("pmm", "logreg", "polyreg", "polr"),
m = 3, maxit = 10, seed = 42

5.5.2 Proposed Imputation Methods

In order to contribute to biomedical research surrounding missing values, three novel
correlation-based imputation techniques have been developed: Correlation Weighted K-
Nearest Neighbour Imputation (CWKNNI), K-Nearest Neighbours Selected by Correlation
Imputation (KNNSCI) and Correlation Weighted Regression Imputation (CWRI). These
techniques aim to tackle some of the drawbacks found in the methods from literature, such
as the necessity for a complete subset, evaluation on solely one missingness mechanism,
and valid imputation only for numeric variables.

Furthermore, they exploit the concept of correlation, a promising but still not widely
adopted approach in medical research. Rather than just using the correlation between
values, these methods investigate the potential benefits of considering the correlation be-
tween values and missingness patterns, an innovative and unique strategy. The following
three sections outline the framework of CWKNNI, KNNSCI and CWRI. The correlation
coefficients selected after the first stage of the correlational study, described in Section 5.3,
are used throughout this section. Note that, since the core concept of these three methods
is similar, the first steps of their implementation are identical because they mostly concern
the calculation of correlation matrices.

5.5.2.1 Correlation Weighted K-Nearest Neighbour Imputation

The CWKNNI method was inspired by the CoHiKNN algorithm, a KNN approach that
utilises the correlation between attributes as weights in the calculation of the distances
from each complete record to the target incomplete record. However, instead of uniquely
considering the correlation between values, the weights are obtained through a weighted
average of that correlation and the correlation between values and missingness pattern.
Additionally, CWKNNI overcomes the limitation of CoHiKNN in terms of its dependency
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on a complete data subset to impute the missing values, as it computes the correlation
matrix through a pairwise deletion approach instead of performing listwise deletion.

A simple flowchart of CWKNNI is shown in Figure 5.2(a). Furthermore, the following
step-by-step explanation provides the outline for this method:

1. Consider a dataset 𝑋, with 𝑓 features and 𝑁 instances. Additionally, let 𝑓miss denote
the number of attributes with missing values.

2. Compute the 𝑓 × 𝑓 correlation matrix 𝐶vv adopting a pairwise deletion strategy, i.e.
calculate the correlation between the available values within each pair of attributes
on an analysis-by-analysis basis. In addition, calculate a 𝑓miss × 𝑓 matrix, hereby
denoted as 𝐶vm, with the correlations between values and missingness patterns,
according to the procedure described in Section 5.3.2. In this approach, the absolute
value of these correlations was considered, thus accounting for the strength of the
association, not its direction.

3. Order the features from the one with the lowest MR to the one with the highest.
Imputation will be performed in this sequence, in a phased manner.

4. Let 𝑓𝑗 denote the attribute being imputed, where 𝑗 is its index. Create a subset𝑋miss_𝑗

consisting of samples where the attribute 𝑓𝑗 is missing. Furthermore, create a pool
of samples where the attribute 𝑓𝑗 is observed.

5. For each instance in 𝑋miss_𝑗 find the 𝑘 nearest neighbours within the subset’s respec-
tive pool. A weighted euclidean distance which accounts for the presence of missing
values is used as a distance measure:

𝑑𝑣𝑡 =

√
𝑤D ×

∑
𝑖∈𝑂 𝑓

(1 − 𝑤C𝑖) × (𝑣𝑖 − 𝑡𝑖)2 (5.1)

where 𝑑𝑣𝑡 is the distance between samples 𝑣 and 𝑡, 𝑣 is an instance of 𝑋miss_𝑗 , 𝑡 is
a sample from the corresponding pool, 𝑣𝑖 and 𝑡𝑖 are the observed values from the
𝑖th attribute of 𝑣 and 𝑡 respectively, and 𝑂 𝑓 is the set of indexes of the variables that
are not missing neither in 𝑣 nor in 𝑡. 𝑤D is the quotient between the total number of
features 𝑓 and the dimension of 𝑂 𝑓 , i.e. the number of features observed in both 𝑣
and 𝑡. As for 𝑤C𝑖 , it is a weighted average of the correlation between 𝑓𝑗 and 𝑓𝑖 , and
the correlation between the values of 𝑓𝑖 and the missingness pattern of 𝑓𝑗 :

𝑤C𝑖 = 𝑝 × 𝐶vv[𝑖 , 𝑗] + (1 − 𝑝) × 𝐶vm[𝑖 , 𝑗] , 𝑝 ∈ [0, 1] (5.2)

Note that 0 ≤ 𝑤C𝑖 ≤ 1. The term (1 − 𝑤C𝑖) in Equation 5.1 ensures that a stronger
𝑤C𝑖 leads to a the greater fading of (𝑣𝑖 − 𝑡𝑖)2, lowering the computed distance.
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6. Replace the missing value in each instance of 𝑋miss_𝑗 with a weighted prediction, in
which the weights are the inverse of the computed distances 𝑑𝑣𝑡 : a closer neighbour
has a higher importance (i.e. weight) in the final prediction. The mean of the values
is used for numeric variables, whereas the mode is used to impute binary attributes.

7. Repeat Steps 4-6 until all missing values, from all features, have been imputed.
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Figure 5.2: Flowcharts of the (a) CWKNNI and (b) KNNSCI methods.
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The number of neighbours 𝑘 and the percentage 𝑝, i.e. the weight placed on the corre-
lation between values in comparison to the correlation between values and missingness
pattern, are two parameters of CWKNNI.

This method also accepts a boolean parameter, initial_fill, which determines if an
initial and temporary imputation with the standard KNN method is carried out. The
values from this imputed dataset will be used for the calculation of both 𝐶vv and 𝐶vm.
Furthermore, the pool for each subset 𝑋miss_𝑗 will be formed by these KNN imputed
samples. The number of samples within each pool remains the same, the only difference
is that no instance has missing attributes. As for the sample being imputed, 𝑓𝑗 will be its
only missing feature.

Additionally, the boolean argument update controls if the imputed values will be
used in subsequent phases of imputation, instead of just considering the original values
of each sample. Both matrices 𝐶vv and 𝐶vm are updated at the beginning of each phase,
thus accounting for the newly imputed values. Note that the missingness pattern used to
calculate 𝐶vm does not change.

In conclusion, CWKNNI presents a total of four parameters, and the values tested for
each one are shown in Table 5.3.

Table 5.3: Parameter values for the proposed approaches.

Method Parameters

CWKNNI
n_neighbors ∈ {5, 10, 15},
percentage ∈ {0.2, 0.4, 0.6, 0.8},
initial_fill ∈ {False, True}, update ∈ {False, True}

KNNSCI
n_neighbors ∈ {5, 10, 15},
percentage ∈ {0.2, 0.4, 0.6, 0.8},
initial_fill ∈ {False, True}, update ∈ {False, True}

CWRI percentage ∈ {0.2, 0.4, 0.6, 0.8}

5.5.2.2 K-Nearest Neighbours Selected by Correlation Imputation

As most KNN-based approaches, CWKNNI exhibits an increased computational cost for
high dimensional data. To overcome this drawback, the KNNSCI method was created.
This technique performs a pre-selection of features based on correlation, which reduces
the dimensionality and facilitates its application on large datasets. As mentioned before,
KNNSCI accounts for both the correlation between values, and the correlation between
values and missingness pattern.

Figure 5.2(b) provides a simple flowchart of KNNSCI. Morevoer, the outline for this
method is given in the step-by-step description below:

1. Consider a dataset 𝑋, with 𝑓 features and 𝑁 instances. Additionally, let 𝑓miss denote
the number of attributes with missing values.
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2. Compute the 𝑓 × 𝑓 correlation matrix 𝐶vv adopting a pairwise deletion strategy, i.e.
calculate the correlation between the available values within each pair of attributes
on an analysis-by-analysis basis. In addition, calculate a 𝑓miss × 𝑓 matrix, hereby
denoted as 𝐶vm, with the correlations between values and missingness patterns,
according to the procedure described in Section 5.3.2. In this approach, the absolute
value of these correlations was considered, thus accounting for the strength of the
association, not its direction.

3. Order the features from the one with the lowest MR to the one with the highest.
Imputation will be performed in this sequence, in a phased manner.

4. Let 𝑓𝑗 denote the attribute being imputed, where 𝑗 is its index. Create a subset𝑋miss_𝑗

consisting of samples where the attribute 𝑓𝑗 is missing.

5. Using the correlation matrices, compute the coefficient 𝑟C𝑗 ,ℎ between attribute 𝑓𝑗

and the ℎth attribute of 𝑋 (apart from 𝑓𝑗). This coefficient is equal for all samples
within the subset 𝑋miss_𝑗 and is obtained through the following equation:

𝑟C𝑗 ,ℎ = 𝑝 × 𝐶vv[ℎ, 𝑗] + (1 − 𝑝) × 𝐶vm[ℎ, 𝑗] , 𝑝 ∈ [0, 1] (5.3)

Note that 0 ≤ 𝑟C𝑗 ,ℎ ≤ 1.

6. Create a pool of samples where the attribute 𝑓𝑗 is observed. Find the features where
𝑟C𝑗 ,ℎ < 0.7 and remove their columns from both 𝑋miss_𝑗 and corresponding pool.
The value of 0.7 was chosen based on the work of Schober, Boer, and Schwarte [17],
which stated that a coefficient above 0.7 indicates a strong correlation.

7. For each instance in 𝑋miss_𝑗 find the 𝑘 nearest neighbours within the subset’s re-
spective pool (after removing the columns with 𝑟C𝑗 ,ℎ < 0.7). A standard euclidean
distance is used as a distance measure.

8. Replace the missing value in each instance of 𝑋miss_𝑗 with a weighted prediction,
in which the weights are the inverse of the computed euclidean distances: a closer
neighbour has a higher importance in the final prediction. The mean of the values is
used for numeric variables, whereas the mode is used to impute binary attributes.

9. Repeat Steps 4-8 until all missing values, from all features, have been imputed.

In addition to the number of neighbours 𝑘 and the percentage 𝑝, KNNSCI also has the
parameters initial_fill and update, which serve a similar purpose as the parameters with
the same name in CWKNNI. Table 5.3 exhibits the tested values for each parameter of the
KNNSCI algorithm.

59



CHAPTER 5. METHODOLOGIES

5.5.2.3 Correlation Weighted Regression Imputation

The CWRI approach is a regression-based method, in which the missing values are
imputed with predictions drawn from distinct linear regression models. This technique
finds several estimates for each missing value, and combines them taking into account
the correlational importance of the predictor variables. This correlational importance is
obtained through a weighted average of the correlation between values and the correlation
between values and missingness pattern.

Figure 5.3 displays a simple flowchart of CWRI. Similar to the previous sections, a
step-by-step outline of CWRI is presented:

1. Consider a dataset 𝑋, with 𝑓 features and 𝑁 instances. Additionally, let 𝑓miss denote
the number of attributes with missing values.

2. Compute the 𝑓 × 𝑓 correlation matrix 𝐶vv adopting a pairwise deletion strategy, i.e.
calculate the correlation between the available values within each pair of attributes
on an analysis-by-analysis basis. In addition, calculate a 𝑓miss × 𝑓 matrix, hereby
denoted as 𝐶vm, with the correlations between values and missingness patterns,
according to the procedure described in Section 5.3.2. In this approach, the absolute
value of these correlations was considered, thus accounting for the strength of the
association, not its direction.

3. Build a 𝑓 × 𝑓 matrix, denoted as 𝑅, containing multiple linear regression models. Let
𝑓𝑖 and 𝑓𝑗 be two different attributes of 𝑋, with indexes 𝑖 and 𝑗 respectively. For every
pair {𝑖 , 𝑗} (where 𝑖 ∈ {1, 2, . . . , 𝑓 }, 𝑗 ∈ {1, 2, . . . , 𝑓 }, and 𝑖 ≠ 𝑗), 𝑅[𝑖 , 𝑗] stores a linear
regression model in which 𝑓𝑖 is the independent variable and 𝑓𝑗 is the predictor.

4. Assemble the subset 𝑋incomp including all incomplete samples, i.e. instances with at
least one missing value.

5. Consider any instance of 𝑋incomp, and let 𝑓𝑘 denote its 𝑘th missing attribute. Using
every non-missing feature 𝑓𝑡 in this sample, obtain the corresponding predicted
value for 𝑓𝑘 through the regression model 𝑅[𝑘, 𝑡]. If 𝑓𝑘 is a numeric variable, the
final imputation will be a weighted average of all predicted values. If 𝑓𝑘 is binary, a
weighted mode is applied. To obtain the weight given to each variable 𝑓𝑡 , denoted as
𝑤𝑘,𝑡 , first calculate its correlational importance𝑤C𝑘,𝑡 through the following equation:

𝑤C𝑘,𝑡 = 𝑝 × 𝐶vv[𝑡 , 𝑘] + (1 − 𝑝) × 𝐶vm[𝑡 , 𝑘] , 𝑝 ∈ [0, 1] (5.4)

Note that 0 ≤ 𝑤C𝑘,𝑡 ≤ 1. After computing 𝑤C𝑘,𝑡 for every non-missing feature, 𝑤𝑘,𝑡

is a simple normalisation:

𝑤𝑘,𝑡 =
1∑

𝑡 𝑤C𝑘,𝑡
× 𝑤C𝑘,𝑡 (5.5)

6. Repeat Step 5 until all incomplete samples have been imputed.
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Figure 5.3: Flowchart of the CWRI method.

The percentage 𝑝, i.e. the weight placed on the correlation between values in compari-
son to the correlation between values and missingness pattern, is the only parameter of
CWRI. The tested values for this parameter are presented in Table 5.3.

5.6 Training Pipeline

After performing missing value imputation, three ML models were trained: a RF classifier,
a SVM classifier, and a NB classifier. The procedure followed for the datasets with injected
missing values is detailed first, and the procedure for the real-world medical datasets
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after, since the adopted strategy differed. Both procedures used a grid search with 5-fold
cross validation for the optimisation of the models through hyperparameter tuning.

As illustrated in Figure 5.1(a), a grid search technique is applied to each complete UCI
Machine Learning Repository databases, instead of the imputed datasets. This choice
greatly reduces the computational cost, since the alternative would be to run a grid search
for each stratified fold of all imputed dataset. Hence, for every UCI Machine Learning
Repository dataset, one grid search algorithm is computed using the 5 stratified folds for
the 5-fold cross validation strategy. The tested hyperparameter values for each model are
detailed in Table 5.4. For each one of the three ML classifiers, the optimal hyperparameters
are the ones from the model with the highest average AUROC score. This metric was
chosen because it is widely-used in medical research to evaluate clinical prediction models,
as a greater AUROC indicates that the model classifies more instances correctly.

Table 5.4: Tested hyperparameter values for the selected ML classifiers in the framework
of the synthetically generated datasets.

Classifier Hyperparameters

RF

random_state = 42, max_depth ∈ {3, 5, 7, 9},
n_estimators ∈ {5, 10, 25, 50, 100, 200},
criterion ∈ {’entropy’, ’gini’},
min_samples_split ∈ {10, 20, 50},
min_samples_leaf ∈ {5, 10, 25}

SVM
random_state = 42, class_weight = ’balanced’,
C ∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100},
gamma ∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100}

NB
var_smoothing ∈ {1.0 × 10−4, 2.8 × 10−5,
7.7 × 10−6, 2.2 × 10−6, 6.0 × 10−7, 1.7 × 10−7,
4.6 × 10−8, 1.3 × 10−8, 3.6 × 10−9, 1.0 × 10−9}

The procedure followed for the real-world datasets was slightly different, as depicted in
Figure 5.1(b). In this case, as there is no baseline dataset (ground truth), it was considered
necessary to compute a grid search with 5-fold cross validation for each stratified fold
of each imputed dataset to ensure a fair comparison between the imputation techniques.
In order to soften the computational cost, the number of tested values within some
hyperparameters of the RF classifier was lowered, as shown in Table 5.5. Similarly to the
above case, the optimal model in each computed grid search was the one that achieved
the highest AUROC.

The performed comparative study aimed to be as rigorous and fair as possible. To
this end, hyperparameter tuning constituted an essential step to guarantee that each
imputation technique was being evaluated under its best conditions, minimising the
likelihood of any factors external to the imputation procedure corrupting the results.
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Table 5.5: Tested hyperparameter values for the selected ML classifiers in the framework
of the real-world medical datasets.

Classifier Hyperparameters

RF

random_state = 42, max_depth ∈ {3, 6, 9},
n_estimators ∈ {10, 25, 100},
criterion ∈ {’entropy’, ’gini’},
min_samples_split ∈ {20, 50},
min_samples_leaf ∈ {10, 25}

SVM
random_state = 42, class_weight = ’balanced’,
C ∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100},
gamma ∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100}

NB
var_smoothing ∈ {1.0 × 10−4, 2.8 × 10−5,
7.7 × 10−6, 2.2 × 10−6, 6.0 × 10−7, 1.7 × 10−7,
4.6 × 10−8, 1.3 × 10−8, 3.6 × 10−9, 1.0 × 10−9}

5.7 Performance Evaluation

As aforementioned, two types of performance evaluation were carried out: imputation
evaluation and classification evaluation.

The first type assessed the quality of the imputation procedure by comparing the
estimated values with the original ones. This evaluation could only be implemented
on the incomplete datasets generated from the three UCI Machine Learning Repository
datasets, since it is impossible to trace back the real values of the missing elements in the
remaining datasets. Section 2.4.2.4 presented different criteria to assess the precision of
the imputation procedure, from which the MAE was chosen for the evaluation.

The classification evaluation studied the impact of each imputation procedure on a
ML model’s performance, namely on a RF classifier, a SVM classifier, and a NB classifier.
In addition, these models were also trained upon datasets to which listwise deletion was
applied. A 5-fold cross validation was carried out using the stratified split mentioned in
Section 5.4. The AUROC was selected to assess each classifier’s performance due to its
widespread use in the evaluation of clinical prediction models.
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Results and Discussion

This chapter presents and discusses the various results obtained within this dissertation,
following the methodologies previously outlined in Chapter 5. The comprehensive studies
that were carried out aimed to answer the RQs posed in Chapter 1 regarding correlation
and missing value imputation.

6.1 Correlational Study

In the first stage of this correlational study, a comparison between correlation measure-
ments was performed. This stage determined which correlation coefficients would be
used in further analyses. The second stage explored the relationships between variables
and missingness patterns of each missingness mechanism.

6.1.1 Correlation Coefficients Comparison

Taking into account the types of variables considered throughout this dissertation, it was
necessary to select three coefficients, one for each type of relationship (numeric-numeric,
binary-binary, and binary-numeric). Moreover, the sole objective of this stage is to compare
the values provided by different correlation coefficients, which does not necessarily entail
their interpretation.

As for coefficients that measure the correlation among two numeric attributes, three
measurements were compared: Pearson’s coefficient, Spearman’s rank coefficient, and
Kendall’s Tau coefficient. These three statistical measurements range from -1 to 1 but
have distinct underlying assumptions, as discussed in Section 2.2.1.2. Pairwise correlation
was computed for all numeric variables of the Wine Data Set and the Statlog (Heart) Data
Set. Since these coefficients measure symmetric and mutual associations, the correlation
between any two variables 𝑋 and 𝑌 is equal to the one between 𝑌 and 𝑋, i.e. the two
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variables are interchangeable. Therefore it is only necessary to calculate the correlation
for one of these and any two such pairings.

Figure 6.1 depicts the lower-triangle of the correlation matrices obtained for the Wine
Data Set through these three coefficients. The upper-triangle of the matrices was omitted
for legibility purposes, as the information provided is redundant. In terms of pattern, the
Pearson’s and Spearman’s rank coefficients are the closest, with Kendall’s Tau coefficient
generally showing lower absolute values, as discussed in Section 2.2.1.2. The largest
discrepancy between the modulus of the Pearson’s and Spearman’s coefficients is 0.16,
found when measuring the correlation among the attributes “Magnesium” and “Color
int.”. Similar inferences are drawn from the correlation matrices computed for the numeric
attributes of the Statlog (Heart) Data Set, depicted in Figure B.1. In this case, the largest
difference between the Pearson’s and Spearman’s coefficients is 0.07, an even lower value.

(a) Pearson’s Coefficient (b) Spearman’s Rank Coefficient

(c) Kendall’s Tau Coefficient (B)

Figure 6.1: Correlation matrices of the Wine Data Set obtain through different coefficients:
(a) Pearson’s coefficient, (b) Spearman’s Rank coefficient, (c) Kendall’s Tau coefficient.
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When compared to Kendall’s Tau, Spearman’s rank coefficient yields more reliable
inferences in the presence of tied ranks, as mentioned in Section 2.2.1.2. Real-world
medical datasets are usually high dimensional and prone to tied ranks, and thus Kendall’s
Tau was not chosen. Given that there are no significant disparities between the Pearson’s
and the Spearman’s coefficient, the former was selected as it is the most used in research.

Moreover, regarding the correlation among binary variables, two coefficients were
compared: Phi coefficient, and Cramér’s 𝑉 (with its bias correction). As stated in Sec-
tion 2.2.1.2, the uncorrected Cramér’s𝑉 is an extension of the Phi coefficient, and therefore
the correlations measured by these two coefficients are expected to be similar in modulus.
The main difference between these metrics is the fact that Phi ranges from -1 to 1, while
Cramér’s 𝑉 only takes positive values up to 1. Pairwise correlation was computed for all
binary variables of the Statlog (Heart) Data Set and the SPECT Heart Data Set.

Figure 6.2 contains the lower-triangle of the two correlation matrices calculated for
the binary attributes of the Statlog (Heart) Data Set through the Phi coefficient and the
Cramér’s 𝑉 (corrected). In terms of pattern, the clear differences are due to the distinct
ranges of these two coefficients, i.e. to the fact that Cramér’s𝑉 is never negative. Although
the matrix in Figure 6.2(b) does not exhibit negative values, it is possible to establish a
relationship with the matrix in Figure 6.2(a) in terms of absolute value: the higher the
negative correlation measured by the Phi coefficient, the higher the positive value of
Cramér’s 𝑉 . If the modulus of the correlations given by the Phi Coefficient are compared
to the ones computed by Cramér’s𝑉 , the largest disparity takes the value of 0.06 on a scale
of 0 to 1, which is a non-significant difference. A similar behaviour is observed for the
SPECT Heart Data Set, whose matrices are shown in Figure B.2. In this case, the largest
disparity takes the value of 0.07, which is non-significant on a scale of 0 to 1.

(a) Phi Coefficient (b) Cramér’s 𝑉 (corrected)

Figure 6.2: Correlation matrices of the binary variables of the Statlog (Heart) Data Set
obtained through different coefficients: (a) Phi Coefficient, (b) Cramér’s 𝑉 (corrected).
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Since there are no considerable discrepancies between the correlations measured by
the Phi coefficient and Cramér’s 𝑉 , the former was chosen for this dissertation because it
is more widely-used for binary attributes and is able to assess the direction (positive or
negative) of an association, whereas the latter only provides an absolute value.

Finally, the point biserial coefficient will be used to measure the correlation between a
numeric and a binary attribute. Recall that this coefficient was automatically selected as
there are no other suitable alternatives. To summarise, this initial study led to the selection
of three distinct correlation coefficients to deal with different types of variables: Pearson’s
coefficient, Phi coefficient and point biserial coefficient. These metrics are all based on
Pearson’s correlation, and therefore the correlation values obtained for different variable
types are comparable.

6.1.2 Correlation Between Values

The second stage of the correlational study initiated with an evaluation concerning the
impact of both the missingness mechanism and MR on the correlation between the values
of two variables. With that objective in mind, the correlation matrix from every dataset
containing injected missing values was compared with the correlation matrix from its
corresponding original (and complete) dataset. The MAE was used to measure the average
difference between the correlations of every pair of corresponding elements from these
matrices. Note that pairs in which none of the variables were missing were not included
in the calculation of this error. The results are shown in Table 6.1.

Table 6.1: Impact of the missingness mechanism and MR on the correlation between values
assessed by the MAE. For legibility purposes, the values are multiplied by 102.

(MAE ± Standard Deviation) ×102

10% 30% 50%

MCAR 3.38 ± 3.07 6.42 ± 4.92 9.17 ± 7.90
MAR 3.45 ± 3.27 10.73 ± 11.22 17.49 ± 18.64Wine Data

Set MNAR 5.84 ± 3.82 20.81 ± 14.56 28.55 ± 21.03
MCAR 3.06 ± 2.20 6.79 ± 4.80 9.72 ± 7.26
MAR 2.52 ± 1.85 5.75 ± 4.30 9.41 ± 8.18

SPECT
Heart Data

Set MNAR 3.39 ± 2.27 8.86 ± 7.56 14.60 ± 14.27(a)

MCAR 1.95 ± 1.74 4.59 ± 3.93(a) 7.93 ± 6.76(a)

MAR 1.57 ± 1.46 4.45 ± 3.95(a) 7.05 ± 8.18(a)
Statlog
(Heart)
Data Set MNAR 2.15 ± 1.94 4.83 ± 4.68(a) 8.79 ± 9.58(a)

(a) This MAE does not include all possible pairs of variables because the missing-
ness precluded the calculation of some correlation values.

In every dataset, for any missingness mechanism, the MAE grows as the MR increases.
Furthermore, Figure 6.3 suggests that this relationship is approximately linear. A higher
MR leads to less knowledge about the dataset, which increases the uncertainty when
computing the correlation matrices, thus resulting in larger MAEs, i.e. a greater difference
in comparison to the correlation values computed on the original dataset.
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Figure 6.3: Graphical representation of Table 6.1. This graph only includes situations in
which every MAE includes all possible pairs of variables.

As for the missingness mechanism, MNAR yields the highest MAEs on all three
databases. Recall that, in this mechanism, the missing values are confined to the lower
segment of their variable’s distribution. The localised nature of this missingness has a
greater impact on the correlations when compared to mechanisms in which the removal
of elements is of a more haphazard nature. An entirely random missingness, i.e. MCAR,
would not affect the computed correlations as much because the missing variable would
still be representative of the originally (or hypothetically) complete variable.

However, the MCAR mechanism only generates the lowest errors on the Wine Data Set,
although the MAEs are close to the ones from the MAR mechanism in the remaining two
databases. Despite MCAR missingness being more haphazard than MAR, the generated
MCAR datasets have a higher total missingness (view Section 4.1), which increases the
uncertainty when calculating the correlation values. Consequently, the MAE of the MAR
mechanism was slightly lower on the SPECT Heart Data Set and the Statlog (Heart) Data
Set. These databases include binary attributes, not present in the Wine Data Set, which
may indicate that MCAR and MAR missingness have similar effects in this type of variable.

Figure 6.4 contains the correlation matrices of the Wine Data Set obtained through
the Pearson’s coefficient for the original dataset and for different MRs under the MNAR
mechanism. This visual representation makes it possible to notice that the correlation
values soften as the MR grows, i.e. correlations that were strong in the complete dataset
are weakened by the increase in the MR. Although the overall pattern maintains some
similitude, high correlation values (in modulus) practically cease to exist for larger MRs.
In fact, while the matrix in Figure 6.4(b) is nearly identical to the correlation matrix of
the original dataset (Figure 6.4(a)), the matrix in Figure 6.4(d) no longer exhibits such
significant similarities. A comparable behaviour is observed for the correlation matrices
of the SPECT Heart Data Set under the MAR mechanism, shown in Figure B.3. The
attenuation of the correlation values is not as prominent because the values regarding the
complete dataset were not particularly strong.
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(a) Complete Dataset (b) MR = 10%

(c) MR = 30% (d) MR = 50%

Figure 6.4: Correlation matrices of the Wine Data Set obtained for (a) the complete
dataset and for different MRs under the MNAR mechanism: (b) MR = 10%, (c) MR = 30%,
(d) MR = 50%.

On the other hand, the correlation matrices of the Statlog (Heart) Data Set under the
MCAR mechanism, represented in Figure 6.5, do not exhibit a clear attenuation of the
correlation values with the rise of the MR. As a matter of fact, Figure 6.5(d), concerning
the highest MR, maintains the strong negative correlations between the variables "Rest.
EKG_0" and "Rest. EKG_2", "Slope_1" and "Slope_2", and "Thal_3" and "Thal_7" for instance.
Furthermore, the overall pattern remains nearly unchanged. An identical behaviour is
observed in the Wine Data Set also under the MCAR mechanism, shown in Figure B.4.
The disparity with the example above is due to the missingness mechanism, since the
completely random nature of MCAR does not to affect computed correlations as greatly.

In summary, MNAR missingness has the most significant impact on the correlation

69



CHAPTER 6. RESULTS AND DISCUSSION

(a) Complete Dataset (b) MR = 10%

(c) MR = 30% (d) MR = 50%

Figure 6.5: Correlation matrices of the Statlog (Heart) Data Set obtained for (a) the complete
dataset and for different MRs under the MCAR mechanism: (b) MR = 10%, (c) MR = 30%,
(d) MR = 50%. The black squares correspond to situations in which the missingness
precluded the calculation of the correlation.

between values, generating higher MAEs on all three databases. Although MAR missing-
ness may yield lower MAEs in comparison with MCAR, the higher standard deviations
indicate that the existing differences between correlation values are larger. In other words,
the MAR mechanism generates fewer disparities between correlation matrices, but the
ones that occur are greater than the ones from the MCAR mechanism.

Hence, the influence that missingness has on the correlation between values should
not be overlooked when developing correlation-based imputation methods, particularly
when working with datasets that have higher MRs. It may be important to consider a
possible decrease in the correlation, even if this effect is only more prominent in MNAR,
which some authors argue is the least prevalent mechanism in a real-world scenario [58].
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6.1.3 Correlation Between Values and Missingness Pattern

This assessment aimed to investigate if correlation measures were capable of capturing
the relationships between missingness patterns and observed values. For instance, the
MAR elements synthetically inserted in one variable were determined by the observed
values of another attribute. Therefore, the correlation between the missingness pattern of
the first variable and the values of the second attribute should reflect a strong association.
Although this is the most evident example, all three mechanisms were studied.

For every dataset with injected missing data, the matrix contemplating the correla-
tions between values and missingness pattern, denoted as var-miss correlation matrix,
was obtained. In order to investigate how these correlations vary between missingness
mechanisms, Table 6.2 was analysed. Firstly, for each dataset, under each mechanism, the
mean of all pairwise var-miss correlations from the three MRs was computed, resulting
in a single var-miss correlation matrix with these averages. Then, the mean and standard
deviation of the absolute value of all elements from every var-miss correlation matrix was
calculated and is displayed in Table 6.2. Note that the standard deviations corresponding
to the averages of all pairwise correlations from the three MRs are not considered.

Table 6.2: Average var-miss correlations obtained for three MRs under the same missingness
mechanism. For legibility purposes, the values are multiplied by 10.

(Mean ± Standard Deviation) ×10
Dataset MCAR MAR MNAR

Wine 0.47 ± 0.34 2.32 ± 1.74 2.24 ± 1.53
SPECT Heart 0.41 ± 0.32 1.23 ± 1.20 1.61 ± 1.32

Statlog (Heart) 0.35 ± 0.27 1.11 ± 1.24 1.09 ± 1.11

For every dataset, the MCAR mechanism yields the lowest average var-miss correlations,
with no values greater than 0.05 on a scale of 0 to 1. This was expected given that MCAR
missingness is entirely unrelated to the data, which leads to weaker var-miss correlations.

As for the MAR and MNAR mechanisms, their average var-miss correlations are
practically identical and higher than MCAR’s by one order of magnitude. Since MAR
missingness is solely dependent on other measured variables, it is not surprising that the
average var-miss correlations are more significant, ranging from 0.11 to 0.23 on a scale of
0 to 1. Although MNAR missingness does not necessarily have an association with the
observed data, nothing precludes this from being present. Particularly, if the values of
a missing attribute have a strong correlation with the values of another feature, then it
is natural that the missingness of that attribute (which depends on its values) also has a
strong correlation with the values of the second feature. The missing attributes in these
three working datasets in fact have a significant correlation with at least one other variable,
which explains the larger values of the computed var-miss correlations for MNAR.

Before delving into a visual inspection of the var-miss correlation matrices, it is impor-
tant to first study if matrices under the same missingness mechanism differ greatly with
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the MR. To this end, the standard deviation of all pairwise correlations across the three
MRs was calculated for each dataset under each mechanism. Then, the average of the
standard deviations of all pairs from the same dataset under a certain mechanism was
computed and is shown in Table 6.3. The standard deviation was chosen because it is
a measure of the dispersion around a mean value, and this assessment aims to analyse
the variation of the var-miss correlations with the MR. Note that the MAEs could not be
computed because there are no ground truth values for these correlations.

Table 6.3: Average of the standard deviations of the var-miss correlation matrices obtained
for different MRs under the same missingness mechanism. For legibility purposes, the
values are multiplied by 102.

(Mean ± Standard Deviation) ×102

Dataset MCAR MAR MNAR

Wine 7.24 ± 3.82 7.83 ± 4.49 9.32 ± 4.89
SPECT Heart 6.48 ± 3.47 7.80 ± 4.81 7.90 ± 4.41

Statlog (Heart) 5.37 ± 2.89 5.31 ± 4.01 5.72 ± 4.00

In every dataset, the average of the standard deviations is higher for MNAR, followed
by MAR and MCAR. However, the values are quite similar. Given that correlation ranges
from -1 to 1 and that all values on Table 6.3 are below 0.10, no significant disparity is
expected between matrices of different MRs under the same mechanism.

Next, some examples of var-miss correlation matrices from every missingness mech-
anism will be studied. Note that, contrary to the matrices concerning the correlation
between values, the var-miss correlation matrices have different axes: the rows correspond
to the missingness indicator for each missing variable and the columns to the values of
each attribute in the dataset. For this reason, there is no redundant information in a matrix
and it has to be completely represented (without removing the upper-triangle).

Figure 6.6 includes the var-miss correlation matrices for the Wine Data Set under the
MCAR mechanism with different MRs. In this mechanism, the missingness is completely
unrelated to the data, which explains why the computed correlations are overall weak for
every MR, with no modulus value greater than 0.4. This also corroborates the low average
var-miss correlations that the MCAR mechanisms presented in Table 6.2. Moreover, there
does not seem to be a pattern that is consistent across MRs because the missing values
were removed haphazardly. Whereas in the other mechanisms there is a visual trend
that becomes more pronounced as the MR grows, MCAR does not show such regularity.
This, along with the minimal variations in the var-miss correlations across the three MRs,
might be causing the low standard deviations shown in Table 6.3. A similar behaviour
is observed for the var-miss correlation matrices of the Statlog (Heart) Data Set under the
MCAR mechanism, exhibited in Figure B.5. In this case, there is not a single var-miss
correlation with an absolute value superior to 0.3.

As for the MAR mechanism, Figure 6.7 contains the var-miss correlation matrices
for the SPECT Heart Data Set with different MRs. Contrary to the previous case, the
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure 6.6: Correlation matrices between the values and the missingness pattern of the
Wine Data Set obtained for different MRs under the MCAR mechanism: (a) MR = 10%,
(b) MR = 30%, (c) MR = 50%. Missing features have the suffix "_miss". The black squares
correspond to correlations that are impossible to compute.

calculated correlations are fairly strong, particularly for higher MRs, which explains the
greater var-miss correlations displayed in Table 6.2. There is an underlying pattern that
becomes more pronounced as the MR increases. A larger number of missing values makes
any relationship between observed data and missingness more evident, thus emphasising
this pattern. Note that there are only a few pairs whose correlation has risen significantly
in modulus across MRs, so it is natural that the average standard deviation shown in
Table 6.3 is not high. For each missing attribute, i.e. each row of the matrix, there is always
a negative value that stands out, corresponding to the correlation with the variable that
determined the missingness of that attribute. The pair is negatively correlated because
the missing elements on the non-determining feature coincide with the positions of the
lowest values of the determining feature. Additionally, a missing feature sometimes has
medium strength correlations with another attribute, for example “F19_miss” and “F1”.
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This may indicate that there is a strong positive correlation between the values of “F1”
and “F10”, i.e. the determining feature of “F19_miss”. In fact, this significant association
is present in Figure B.3(a), and further inspection revealed it has a positive value of 0.66.
The var-miss correlation matrices for the Wine Data Set, depicted in Figure B.6, also exhibit
this behaviour under the MAR mechanism.

(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure 6.7: Correlation matrices between the values and the missingness pattern of
the SPECT Heart Data Set obtained for different MRs under the MAR mechanism:
(a) MR = 10%, (b) MR = 30%, (c) MR = 50%. Missing features have the suffix "_miss".
The black squares correspond to correlations that are impossible to compute.

Lastly, Figure 6.8 presents the var-miss correlation matrices for the SPECT Heart Data
Set under the MNAR mechanism with different MRs. As in the situation above, the
computed correlations have a reasonable strength even for lower MRs, coherent with the
values of Table 6.2, and show an underlying pattern that is accentuated by a rise in the MR.
Furthermore, there is not a sole correlation that stands out for each missing attribute, but
rather a group composed of some correlations with a lower absolute value. For instance,
“F13_miss” has a moderate correlation with “F21”, “F3”, and “F8”, which may cause this
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mechanism to be misinterpreted as MAR. In fact, MNAR missingness is related to the
unobserved data of the missing variable alone. Hence, these moderate correlations are
due to a spurious association between the missingness of “F13_miss” and the values of
“F21”, “F3”, and “F8”, caused by a significant correlation between the observed values
of “F13” and the values of the other three variables, as exhibited in Figure B.3(a). This
example proves that, in practice, it is impossible to confirm if the missingness in a certain
variable is related to the unobserved data (MNAR) or is just a function of other measured
variables (MAR). Similar inferences can be drawn from the var-miss correlation matrices
of the Wine Data Set under the MNAR mechanism, included in Figure B.7.

(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure 6.8: Correlation matrices between the values and the missingness pattern of
the SPECT Heart Data Set obtained for different MRs under the MNAR mechanism:
(a) MR = 10%, (b) MR = 30%, (c) MR = 50%. Missing features have the suffix "_miss". The
black squares correspond to correlations that are impossible to compute.
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In summary, the MCAR mechanism yields weak var-miss correlations that reflect the
haphazard nature of this missingness, as expected. Furthermore, the var-miss correlation
matrices do not show an underlying pattern across MRs as the missingness is unrelated
to the measured data.

On the contrary, when computed for the MAR or MNAR mechanisms, these matrices
display a consistent pattern across MRs, which includes strong correlations. These signif-
icant correlations were expected in the MAR mechanism, where one observed attribute
determines the missingness in another. However, the presence of such correlations in
the MNAR case are due to spurious associations and can lead to incorrect inferences
concerning the identification of the mechanism.

Moreover, each MAR attribute in a var-miss correlation matrix, i.e. each row, exhibits a
single stand-out correlation higher than the others, corresponding to the association with
its determinant feature. In the MNAR case there is not a sole stand-out value in each row,
but instead a group of moderate correlations. Alas, this disparity is not sufficiently strong
to allow a distinction between the MAR and MNAR mechanisms.

Finally, note that the most noticeable discrepancies between the var-miss correlation
matrices of all three mechanisms only become clear for higher MRs. Therefore, this assess-
ment concluded that it is impossible to undoubtedly identify the missingness mechanisms
solely using var-miss correlations. Albeit only particular cases have been discussed, the
inferences drawn fairly generalise to any dataset under these three mechanisms.

6.1.4 Correlation Between Missingness Patterns

Lastly, the correlation between two missingness patterns, or nullity correlation, was
studied in order to assess the degree to which one attribute’s presence or absence influences
another’s presence. For example, when two variables are observed almost simultaneously,
i.e. their missing values are in the same positions, they should have a strong positive
nullity correlation. Furthermore, when the observation of one variable occurs concurrently
with the absence of another, then their nullity correlation should be close to -1. These
relationships were studied for all three missingness mechanisms.

The nullity correlation matrix was obtained for every synthetic dataset with injected
missing data. As in the above section, it was first investigated whether the nullity correla-
tions vary with the missingness mechanism. For each dataset, under each mechanism, the
mean of all pairwise nullity correlations across the three MRs was calculated, resulting in
a single matrix with these results. The average and standard deviation of the modulus of
all elements from every generated matrix is compiled in Table 6.4. Note that the standard
deviations of the means of all pairwise correlations from the three MRs are not considered.

MCAR has the lowest average nullity correlations in every dataset, with no absolute
value higher than 0.04 on a scale of 0 to 1. These results are due to each MCAR variable
exhibiting an haphazard missingness pattern, and therefore no strong association between
these patterns is observed.
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Table 6.4: Average nullity correlations obtained for three MRs under the same missingness
mechanism. For legibility purposes, the values are multiplied by 10.

(Mean ± Standard Deviation) ×10
Dataset MCAR MAR MNAR

Wine 0.33 ± 0.26 1.54 ± 1.02 2.25 ± 1.66
SPECT Heart 0.34 ± 0.24 3.80 ± 1.64 4.02 ± 1.56

Statlog (Heart) 0.28 ± 0.21 2.80 ± 2.34 2.27 ± 1.83

Regarding the MAR and MNAR mechanisms, their average nullity correlations are
fairly similar and greater than the previous mechanism by one order of magnitude. In
particular, MAR yields values from 0.15 in the Wine Data Set to 0.38 in the SPECT Heart
Data Set, which indicates that moderate nullity correlations can occur. Recall that MAR
missingness is not random by nature, as it relates to the values of a determining feature.
Significant associations between missingness patterns of two distinct attributes may be
observed if the values of the determining features of these attributes are correlated.

As for the MNAR mechanism, it shows values ranging from 0.23 in the Wine Data Set
and Statlog (Heart) Data Set to 0.40 in the SPECT Heart Data Set. MNAR missingness
is also not random by nature, depending on the values of the missing variable itself.
Moderate associations may occur between missingness patterns of two distinct attributes
if the values of the hypothetically complete attributes were correlated.

Afterwards, similar to the above section, the variability of the nullity correlation ma-
trices across MRs was analysed. Thus, the standard deviation of all pairwise nullity
correlations across the three MRs was obtained for each dataset and missingness mecha-
nism. Table 6.5 contains the average of the standard deviations of all pairs from the same
dataset under a certain mechanism. Once again, MAEs could not be computed because
there are no ground truth values for the nullity correlations.

Table 6.5: Average of the standard deviations of the nullity correlation matrices obtained
for different MRs under the same missingness mechanism. For legibility purposes, the
values are multiplied by 102.

(Mean ± Standard Deviation) ×102

Dataset MCAR MAR MNAR

Wine 5.34 ± 2.77 7.91 ± 3.97 13.20 ± 7.55
SPECT Heart 4.96 ± 2.69 12.47 ± 5.69 13.76 ± 5.78

Statlog (Heart) 4.30 ± 2.30 12.11 ± 6.49 9.42 ± 4.47

In every dataset, the average of the standard deviations has similar values for all
mechanisms, with MCAR yielding the lowest averages. Furthermore, the disparity
between matrices under the same mechanism should be insignificant, considering that
correlation varies from -1 to 1 and that all values on Table 6.5 are under 0.15.

A visual inspection of nullity correlation matrices from every missingness mechanism
will be performed below. The upper-triangle of the matrices was omitted for legibility
purposes, as the information provided is redundant.
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The nullity correlation matrices for the Statlog (Heart) Data Set under the MCAR
mechanism with multiple MRs are shown in Figure 6.9. Apart from the main diagonal of
the matrices, there is no correlation with an absolute value greater than 0.25. Hence, the
correlation between missingness patterns is weak or even non-existent, which is expected
given the random nature of the MCAR mechanism. This confirms the inferences drawn
from Table 6.4. The independence between data and missingness also explains the absence
of a noticeable pattern across MRs. The existing variations between values are rather
minor, which leads to the lower standard deviations present in Table 6.5. Figure B.8 shows
that the SPECT Heart Data Set yields a similar behaviour under the MCAR mechanism.
In this case, there is no correlation value with a modulus higher than 0.21 (apart from the
main diagonal of the matrix).

(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure 6.9: Correlation matrices between the missingness patterns of the Statlog
(Heart) Data Set obtained for different MRs under the MCAR mechanism: (a) MR = 10%,
(b) MR = 30%, (c) MR = 50%.

78



6.1. CORRELATIONAL STUDY

Figure 6.10 includes the nullity correlation matrices for the Wine Data Set under
the MAR mechanism with different MRs. In contrast to the example above, the nullity
correlation is moderately strong for higher MRs. A growth in the MR might strengthen
existent relationships between missingness and accentuate an underlying pattern across
matrices. Note that there are only a few pairs whose nullity correlation has changed
significantly in modulus across MRs, which explains why the average standard deviation
shown in Table 6.5 is not high. For instance, the negative correlation between the variables
“OD280/OD315_miss” and “Color int._miss” has a significant growth (in modulus). Recall
that the MAR missingness in these variables is determined by the values of other attributes.
This negative nullity correlation may indicate that the values of the determining features
of these two missing attributes are negatively correlated. In fact, the correlation matrix of
the original Wine Data Set (Figure 6.4(a)) shows that the values of “Hue” and “Malic acid”,
i.e. the determining features of “OD280/OD315_miss” and “Color int._miss” respectively,
have a moderate negative correlation.

Hence, a general inference is drawn: when the missingness patterns of two MAR
attributes have a significant positive (negative) correlation, then the values of their deter-
mining features have a significant positive (negative) correlation. These moderate nullity
correlations are reflected in the higher values yielded by the MAR mechanism in Table 6.4,
when compared to MCAR. These conclusions also apply to the nullity correlation matrices
of the Statlog (Heart) Data Set under the MAR mechanism, exhibited in Figure B.9. The
matrices present an underlying pattern across MRs as well, with the difference that not
all nullity correlations that were strong for the lower MR remained so for higher MRs.

Finally, the nullity correlation matrices for the Wine Data Set under the MNAR mech-
anism with different MRs are shown in Figure 6.11. Similar to the MAR missingness,
the MNAR nullity correlations in general increase as the MR rises, reinforcing an un-
derlying pattern. For example, the positive nullity correlation between the variables
“OD280/OD315_miss” and “Flavanoids_miss” experiences an overall growth, although
it decreases between MR = 30% and MR = 50%. Recall that in every MNAR variable, the
missingness is related to the values of the missing variable itself. Hence, the aforemen-
tioned positive nullity correlation suggests that the values (observed and unobserved)
of “OD280/OD315” and “Flavanoids” are positively correlated. As a matter of fact, the
correlation matrix of the original Wine Data Set (Figure 6.4(a)) proves this deduction.

Once again, a general inference is drawn: when the missingness patterns of two MNAR
attributes have a significant positive (negative) correlation, then their values, observed
and unobserved, have a significant positive (negative) correlation. The occurrence of these
correlations explains why the values in Table 6.4 are greater for the MNAR mechanism in
comparison to MCAR, where no such significant associations are found. Furthermore, the
nullity correlation matrices of the SPECT Heart Data Set under the MNAR mechanism,
depicted in Figure B.10, present a similar behaviour to the described above. In this case,
there is also an underlying pattern accentuated across MRs, but there is an overall decrease
in the nullity correlations as the MR increases.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure 6.10: Correlation matrices between the missingness patterns of the Wine Data
Set obtained for different MRs under the MAR mechanism: (a) MR = 10%, (b) MR = 30%,
(c) MR = 50%.

In summary, the MCAR mechanism yields inferior nullity correlations than the re-
maining mechanisms due to the random nature of this missingness, i.e. its independence
from measured data. Moreover, there is not a consistent pattern in the nullity correlation
matrices across MRs.

On the other hand, MAR and MNAR mechanisms exhibit a pattern that becomes more
pronounced as the MR grows. Furthermore, their nullity correlation matrices show the
existence of moderate associations, which were expected given the values of Table 6.4.
In the MAR case, a significant positive (negative) correlation between the missingness
patterns of two attributes implies that the values of their determining features present a
significant positive (negative) correlation. As for the MNAR case, a significant positive
(negative) correlation between the missingness patterns of two attributes indicates that
their values, observed and unobserved, have a significant positive (negative) correlation.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure 6.11: Correlation matrices between the missingness patterns of the Wine Data Set
obtained for different MRs under the MNAR mechanism: (a) MR = 10%, (b) MR = 30%,
(c) MR = 50%.

Finally, note that the nullity correlation matrices from different mechanisms are clearly
distinct only for higher MRs and even then, the MAR and MNAR matrices are quite
similar. Hence, it is impossible to unequivocally identify the missingness mechanisms
through nullity correlations alone. Although only specific examples have been discussed,
the inferences drawn fairly generalise to any dataset under these three mechanisms.

6.1.5 Final Remarks

This study focused on correlation, a measure of mutual and non-directional association
between two variables. There are many other forms of probabilistic dependency that were
not considered, such as causality, conditional independence, and multicollinearity.

Although correlation does not ensure causality, Section 6.1.3 showed that it was able
to capture the dependency between the missingness of a MAR attribute and the values
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of its determinant feature. Furthermore, the associations between variables and MNAR
missingness, despite being spurious, may provide useful information. Hence, it is worth
investigating if accounting for the correlation between values and missingness pattern has
benefits for missing value imputation.

6.2 Evaluation of the Proposed Imputation Methods

In order to evaluate the performance of the proposed imputation methods, a comparative
study was conducted, in which existent techniques, both standard and state-of-the-art
served as benchmarks. This study encompassed two types of evaluation: quality of
imputation evaluation and classification evaluation.

6.2.1 Quality of Imputation Evaluation

Firstly, the quality of the imputation procedure was assessed. Using the synthetic datasets
with injected missing values generated from the three UCI Machine Learning Repository
databases, the imputed values were compared with the original ones (ground truth), and
the precision of the estimation was measured through the MAE.

The results obtained for the proposed methods were compared against seven existing
imputation methods: Mean / Mode, KNN, NMVI [86], CMIM [6], CoHiKNN [7], Regres-
sion, and MICE [74]. The novel techniques CWKNNI and KNNSCI were both subdivided
into four variants, according to the binary values of the parameters initial_fill and update:
the suffix “_FF” corresponds to initial_fill = False and update = False, “_FT” corresponds
to initial_fill = False and update = True, and so on. This allowed for an analysis of whether
there is an optimal combination of these two parameters.

Due to the high quantity of data and the intention to carry out a comprehensive
comparative study, it was necessary to aggregate the results. Particularly, the average
value of the three distinct MAEs obtained for the three chosen MRs was calculated for
every missingness mechanism. Although this does not allow the influence of the MR on
the imputation procedure to be assessed, it was deemed more relevant to evaluate the
impact of the mechanism.

Table 6.6 contains the average MAEs from all cross validation folds of each imputation
method, calculated for every synthetic dataset under the three missingness mechanisms.
For each method, only the optimal tested values for their parameters (e.g. number of
neighbours) were considered. The highlighted values are the lower MAEs in each column.
Techniques that are unable to perform imputation for higher MRs are marked because the
calculated MAEs do not fully represent their efficiency. Since this error frequently grows
with the MR, because the amount of useful information decreases, then the quality of the
imputation performed by those techniques is likely worse than what the displayed MAEs
indicate. Figure 6.12 and Figure B.11 provide different visual representations of Table 6.6.
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Table 6.6: Average MAE calculated under the three missingness mechanisms. The highlighted values are the lower MAEs in each column.

MAE ± Standard Deviation

MCAR MAR MNAR

Method

Wine Heart Statlog Wine Heart Statlog Wine Heart Statlog

Mean / Mode 0.18 ± 0.00 0.37 ± 0.01 0.25 ± 0.01 0.23 ± 0.01 0.46 ± 0.05 0.35 ± 0.08 0.35 ± 0.00 0.62 ± 0.11 0.41 ± 0.13

KNN 0.14 ± 0.01 0.26 ± 0.04 0.17 ± 0.05 0.13 ± 0.03 0.19 ± 0.09 0.21 ± 0.11 0.24 ± 0.05 0.38 ± 0.17 0.30 ± 0.11

NMVI 0.18 ± 0.03 0.42 ± 0.02 0.29 ± 0.00 0.14 ± 0.02 0.43 ± 0.06 0.32 ± 0.12 0.16 ± 0.04 0.49 ± 0.08 0.33 ± 0.05

CMIM 0.15(a) 0.29(a) 0.18(a) 0.19 ± 0.04 0.23 ± 0.03(b) 0.21 ± 0.08 0.27 ± 0.06 0.41 ± 0.18 0.18 ± 0.02
(b)

CoHiKNN 0.15(a) 0.29(a) 0.20(a) 0.19 ± 0.02 0.16 ± 0.01
(b) 0.28 ± 0.10 0.29 ± 0.02 0.41 ± 0.27 0.30 ± 0.04(b)

Regression 0.15(a) 0.29(a) 0.19(a) 0.19 ± 0.05 0.13 ± 0.01
(b) 19.02± 20.38 0.27 ± 0.07 0.24 ± 0.04

(b)
0.20 ± 0.01

(b)

MICE 0.17 ± 0.01 0.34 ± 0.05 0.23 ± 0.04 0.15 ± 0.03 0.29 ± 0.05 0.18 ± 0.03 0.24 ± 0.05 0.35 ± 0.08 0.27 ± 0.03

CWKNNI_FF 0.13 ± 0.01 0.27 ± 0.04 0.17 ± 0.04 0.14 ± 0.03 0.27 ± 0.09 0.24 ± 0.11 0.24 ± 0.05 0.40 ± 0.19 0.31 ± 0.12

CWKNNI_FT 0.13 ± 0.01 0.26 ± 0.03 0.17 ± 0.04 0.13 ± 0.03 0.26 ± 0.11 0.24 ± 0.12 0.24 ± 0.05 0.39 ± 0.20 0.31 ± 0.12

CWKNNI_TF 0.13 ± 0.00 0.25 ± 0.03 0.16 ± 0.03 0.13 ± 0.03 0.23 ± 0.10 0.24 ± 0.11 0.24 ± 0.05 0.40 ± 0.22 0.31 ± 0.12

CWKNNI_TT 0.13 ± 0.00 0.25 ± 0.04 0.16 ± 0.03 0.13 ± 0.03 0.22 ± 0.10 0.24 ± 0.11 0.24 ± 0.05 0.39 ± 0.23 0.31 ± 0.12

KNNSCI_FF 0.14 ± 0.01 0.26 ± 0.04 0.17 ± 0.05 0.18 ± 0.04 0.36 ± 0.09 0.28 ± 0.11 0.29 ± 0.03 0.40 ± 0.22 0.35 ± 0.10

KNNSCI_FT 0.13 ± 0.01 0.26 ± 0.04 0.17 ± 0.05 0.18 ± 0.03 0.34 ± 0.11 0.27 ± 0.11 0.29 ± 0.03 0.39 ± 0.22 0.35 ± 0.10

KNNSCI_TF 0.14 ± 0.01 0.26 ± 0.04 0.17 ± 0.03 0.13 ± 0.03 0.20 ± 0.09 0.23 ± 0.11 0.24 ± 0.05 0.39 ± 0.16 0.30 ± 0.11

KNNSCI_TT 0.14 ± 0.01 0.26 ± 0.04 0.17 ± 0.03 0.13 ± 0.03 0.20 ± 0.09 0.23 ± 0.11 0.24 ± 0.05 0.39 ± 0.16 0.30 ± 0.11

CWRI 0.15 ± 0.00 0.29 ± 0.01 0.18 ± 0.02 0.18 ± 0.02 0.25 ± 0.13 0.27 ± 0.07 0.31 ± 0.01 0.45 ± 0.22 0.36 ± 0.07
(a) No average was computed and only the MAE for a MR of 10% is shown because the technique was unable to perform imputation for MR = 30% and
MR = 50%.
(b) The average was only computed with the MAEs for MRs of 10% and 30% because the technique was unable to perform imputation for MR = 50%.
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(a) MCAR

(b) MAR

(c) MNAR

Figure 6.12: Average MAE for all synthetically generated datasets, under each missingness
mechanism: (a) MCAR, (b) MAR, (c) MNAR.
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6.2. EVALUATION OF THE PROPOSED IMPUTATION METHODS

Looking at the MCAR mechanism first, the quality of the imputation performed by
the proposed methods is similar to the remaining techniques. Overall, CWKNNI yields
slightly better results, with the variants CWKNNI_TF and CWKNNI_TT always having
the lowest MAEs out of all methods.

Furthermore, Figure 6.12(a) demonstrates that the ranking concerning the quality of
the MCAR imputation procedure remains nearly unchanged independently of the dataset,
i.e. techniques that are superior (inferior) in the Wine Data Set, are also superior (inferior)
in the SPECT Heart Data Set and the Statlog (Heart) Data Set. Hence, for MCAR data of
both numeric and binary types, it is inferred that CWKNNI will produce estimates that
are closer to the real values if they had been observed.

Figure 6.12(a) also shows that the MAEs are always lower for the Wine Data Set,
followed by the Statlog (Heart) Data Set, and then the SPECT Heart Data Set, i.e. the
imputation quality is better in the dataset which exclusively included numeric attributes,
followed by the mixed-type dataset, and then the dataset with only binary variables. This
suggests that the imputation performed by the selected methods is more precise in MCAR
numeric data than in MCAR binary values. However, it is important to note that the MAE
for binary variables represents the proportion of falsely imputed categories, and therefore
has a tendency to be higher than for numeric variables, where disparities between the
imputed and original values are less heavily penalised.

As for the MAR mechanism, the proposed methods also exhibit an imputation quality
close to their competitors. All four variants of CWKNNI, along with KNNSCI_TF and
KNNSCI_TT, are amongst the methods with the highest overall precision.

The ranking concerning the quality of the MAR imputation procedure, as depicted by
the three lines plotted in Figure 6.12(b), is not as identical in the three datasets as it was in
the case of MCAR. In fact, the only pattern equal in all three lines is the increase of the
MAE in the variants KNNSCI_FF and KNNSCI_FT. Furthermore, this graph facilitates
the observation that CWKNNI, KNNSCI_TF and KNNSCI_TT provide fairly accurate
estimates for the MAR values.

Once again, the MAEs are generally lower for the Wine Data Set. The lines that
represent the Statlog (Heart) Data Set and the SPECT Heart Data Set often intersect,
and therefore there is not a dataset with a clearly poorer imputation. For the reasons
stated above, it is not fair to consider that the selected methods are more accurate in the
imputation of numeric values than of binary ones solely based on the MAE.

Recall that the injection of MAR values was based on the pairing of highly correlated
features, where one of the features determines the missing elements in the other. Hence it
was expected that the proposed methods would yield the best results out of all techniques,
since they account for the correlation between values in the imputation process. Although
their imputation quality was among the best, this superiority was not observed. The
impact of missing values on the correlation between values, which grows with the MR as
proved in Section 6.1.2, may have harmed the precision of the imputation procedure.

Finally, the proposed methods show a satisfactory imputation quality in the MNAR
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mechanism. Contrary to the mechanisms above, there is not a case where these techniques
are superior to the remaining, but the results are nevertheless comparable. Similar to the
MAR mechanism, the proposed methods that normally produce produce lower MAEs
are CWKNNI (all variants), KNNSCI_TF and KNNSCI_TT.

Even though the methods CMIM, CoHiKNN, and Regression show better MNAR
imputation results in the Statlog (Heart) Data Set, their average MAE does not include the
error corresponding to MR = 50%, as these methods were unable to perform imputation.
Since the MAE frequently increases with the MR, it can be inferred that these techniques
would have a poorer performance than the proposed methods had they been able to
perform imputation, similar to what is observed in the Wine Data Set. The same deduction
can be made for Regression imputation in the SPECT Heart Data Set.

The ranking concerning the quality of the MNAR imputation procedure presents a
considerable similarity across the three datasets, as exhibited in Figure 6.12(c). Particularly,
the two lines that represent the Wine Data Set and the Statlog (Heart) Data Set, have a
nearly equal behaviour regarding the proposed methods. This figure demonstrates that
CWKNNI, KNNSCI_TF and KNNSCI_TT yield reasonably accurate MNAR estimates,
considering that these techniques are capable of performing imputation on all tested MRs.

Moreover, Figure 6.12(c) shows that the MAEs regarding MNAR imputation are overall
lower for the Wine Data Set, followed by the Statlog (Heart) Data Set, and then the SPECT
Heart Data Set. The only three techniques where this order does not hold are CMIM,
CoHiKNN, and Regression, i.e. the three methods whose average MAE may not fully
represent their precision. Once again, no just inference can be drawn regarding the
imputation quality on MNAR numeric data versus MNAR binary values.

Additionally, Figure B.11 reveals that, for any dataset, the MNAR mechanism generally
presents the largest MAEs in all techniques. This was expected given that most existing
techniques, both standard and state-of-the-art, are MAR-based approaches, and thus
provide better results under the MCAR and MAR mechanisms. In fact, no significant
difference was observed between the MAEs of these two mechanisms, although overall
MCAR errors are slightly lower in the Wine Data Set and Statlog (Heart) Data Set. Further-
more, the three lines plotted in each graph of Figure B.11 exhibit a comparable behaviour,
although it is not as noticeable as in Figure 6.12(a), for example. This indicates that the
ranking concerning the quality of the imputation procedure differs moderately depending
on the mechanism, with the most prominent variations occurring in the SPECT Heart
Data Set (Figure B.11(b)).

To summarise, the proposed methods yield consistently good results in all three
missingness mechanisms. In fact, in comparison to its competitors, CWKNNI is the most
precise technique in the MCAR mechanism. The four variants of CWKNNI demonstrate
a similar imputation quality. As for KNNSCI, the variants in which initial_fill = True
show a higher quality in the MAR and MNAR mechanisms than the other two variants.
KNNSCI_TF and KNNSCI_TT both provide fairly accurate estimates under all three
missingness mechanisms. Furthermore, the imputation performed by the proposed
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methods is overall less precise on MNAR data, which is in compliance with the state-of-
the-art techniques.

In terms of computational cost, both KNNSCI and CWRI reveal a lower cost than the
majority of the implemented state-of-the-art techniques. However, CWKNNI is one of the
most expensive methods, which precluded its application on the Cardiothoracic Surgery
Dataset, i.e. the most complex working dataset. If the missing value imputation procedure
is not a real-time task, a high computational cost should not be a factor that determines
the rejection of a certain method, provided that the imputation performed contributes to
the improvement of data quality.

Finally, note that this comparative study evaluated the imputation quality of the
proposed methods under diverse missingness conditions and on distinct variable types,
thus ensuring a comprehensive assessment that is often lacking in the literature.

6.2.2 Classification Evaluation

Since the original values of the missing elements in real-world datasets are not known, it
is not possible to assess the quality of the imputation procedure through the MAE or any
other measurement that requires a ground truth. Therefore, a classification evaluation
was carried out, in which the impact of the imputation procedure on the performance of
different ML models was studied. Three ML algorithms were trained upon the imputed
datasets: a RF classifier, a SVM classifier, and a NB classifier. Additionally, these classifiers
were also trained upon datasets to which listwise deletion was applied.

Similar to Section 6.2.1, it was necessary to aggregate the results of the synthetic
datasets due to the high quantity of data. The increased complexity of real-world datasets
is reflected in the presence of unknown and possibly multiple missingness mechanisms
simultaneously. Hence, it was decided to not evaluate the impact of the missingness
mechanism on the AUROCs because such analysis could only be performed on the
synthetic datasets, whose imputation quality was already studied quite extensively in
the section above. The results regarding the different MRs of the three mechanisms were
averaged to reduce the volume of results and thus facilitate their interpretation.

Table 6.7 refers to the RF classifier and contains the average AUROC for every impu-
tation method. Only the optimal values for the parameters of each method (e.g. number
of neighbours) were considered. The highlighted values are the highest AUROC scores
in each column. The Cardiothoracic Surgery Dataset presents two scores because the
information collected in 2019 was assembled in an additional test subset. Techniques that
are unable to perform for higher MRs are marked, as the calculated AUROC may not fully
represent them. There were also methods that, due to high computational costs, could
not conduct imputation on the Cardiothoracic Surgery Dataset, a considerably large and
complex dataset. Figure B.12(a) provides a visual representation of Table 6.7.

The majority of the selected methods yields identical results, as reflected in Fig-
ure B.12(a), where the plotted lines are nearly constant and the existing variations come
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Table 6.7: Average AUROC(%) using a RF classifier. The highlighted values are the higher
scores in each column.

(AUROC ± Standard Deviation) %

Method Wine Heart Statlog Osteoporosis

Cardiothoracic

Surgery

Complete
Dataset

100.00±0.00 81.04±10.47 91.47±3.90 N/A N/A

Listwise
Deletion

79.70±24.26(a) 70.04±11.94(a)
91.38±1.49

(b) 79.96±5.59
77.55±14.35

(d)

56.13±7.31

Mean / Mode 98.71±0.94 83.77±8.26 89.18±2.22 83.43±3.31
70.18±4.66
61.24±0.97

KNN 98.45±1.07 81.12±7.12 89.05±2.62 83.45±3.20
71.08±4.94
61.17±1.81

NMVI 98.27±2.05 83.86±6.03 88.06±2.59 78.04±2.59
65.61±5.04
57.07±0.94

CMIM 99.24±0.39
(a)

86.50±5.50
(a) 89.23±1.68(b) 83.36±3.36 (c)

CoHiKNN 98.85±0.51(a)
88.93±7.27

(a) 89.30±1.44(b) 83.57±3.12 (c)

Regression 98.90±0.50(a) 81.91±5.03(a) 88.11±3.22(b) 83.21±3.20
70.36±4.81
60.16±0.97

MICE 98.99±0.69 83.02±4.83 89.12±1.96 83.37±2.92
70.63±4.51
59.60±1.41

CWKNNI_FF 98.56±0.91 82.05±6.45 89.33±1.71 83.54±2.90 (c)

CWKNNI_FT 98.55±1.05 82.12±5.45 89.09±2.16 83.60±3.04 (c)

CWKNNI_TF 98.51±0.91 82.25±5.19 89.26±1.80 83.55±3.02 (c)

CWKNNI_TT 98.43±1.05 82.04±5.52 89.29±1.50 83.64±2.85 (c)

KNNSCI_FF 98.47±1.15 83.44±5.98 88.88±3.00 83.63±3.07
71.32±4.78

61.42±1.53

KNNSCI_FT 98.57±0.98 84.63±5.58 89.09±2.07 83.73±3.13

71.10±4.80
61.86±1.00

KNNSCI_TF 98.45±1.04 81.81±5.89 89.04±2.28 83.11±3.02
70.84±5.31
60.75±2.06

KNNSCI_TT 98.45±1.04 81.81±5.89 89.04±2.28 83.11±3.02
70.84±5.31
60.75±2.06

CWRI 98.72±0.56 83.12±6.26 89.50±2.26 83.07±3.66
71.10±1.92
60.23±1.39

(a) The technique was unable to perform under the MCAR mechanism with MR = 30% and
MR = 50%.
(b) The technique was unable to perform under the MCAR mechanism with MR = 30% and
MR = 50%, and under the MNAR mechanism with MR = 50%.
(c) The technique was unable to perform imputation due to high computational costs.
(d) Only 7.3% of the samples from the Cardiothoracic Surgery Dataset were used in this complete-
case analysis, which is not at all representative.
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from methods that were unable to perform for certain MRs. The proposed methods are in
compliance with their competitors, sometimes even exhibiting higher AUROCs. Table 6.7
shows that, if listwise deletion is not considered, KNNSCI_FT outperforms the other tech-
niques on 3 of the 5 datasets, and CWRI produces the best AUROC in the Statlog (Heart)
Data Set. These methods were not particularly superior in terms of imputation quality,
which may suggest that a more precise imputation does not imply a better classification.

In order to further investigate this hypothesis, a study on whether an optimal impu-
tation quality, i.e. a null MAE, leads to a better classification model was conducted. To
this end, the results from the original (and complete) UCI Machine Learning Repository
datasets were compared with those of the imputation methods. In the SPECT Heart
Data Set, the vast majority of the classifiers trained upon imputed datasets outperforms
the model trained upon the original dataset, thus demonstrating that there is not a clear
relationship between imputation quality and the performance of a ML model. This find-
ing raises the question of whether a more suitable imputation method for a DSS is one
that yields more precise estimates or one by which a better classification performance is
achieved. At first glance, a clinical prediction model should have an optimal performance,
but it may not be acceptable to fully disregard the quality of the imputation performed by
the chosen method. For instance, consider an imputation technique that produces biased
parameter estimates, i.e. distorts the original statistical distribution of the data. In some
cases, this permits a greater generalization ability of the ML model that was trained upon
the imputed data. However, the knowledge that should have been learned from the data
may have been corrupted by the imputation procedure, ultimately leading to a facilitated
learning task and misleadingly better classification results.

As for the SVM classifier, Table 6.8 includes the average AUROC of all stratified folds
for every imputation method. Once again, only the optimal values for the parameters of
each method were considered. The Cardiothoracic Surgery Dataset presents two AUROCs
because it has an additional test subset. The highlighted values are the highest AUROCs
in each column, and the techniques that were unable to perform under certain conditions
were marked. A visual representation of Table 6.8 is depicted in Figure B.12(b).

Similar to the previous case, practically all imputation techniques show nearly equal
AUROCs, with the most prominent difference being from the score produced by Listwise
Deletion in comparison to the others. As already discussed, this technique should be used
cautiously, since simply discarding all incomplete instances may produce a dataset that is
not representative of the original problem, particularly for higher MRs.

Table 6.8 reveals that the proposed methods achieved results comparable to the others.
Moreover, if the techniques that could not perform under all circumstances are set aside,
CWRI yields the highest AUROC in 2 of the 5 datasets, and KNNSCI_FT outperforms
its competitors on the Osteoporosis Dataset. These were the methods that also exhibited
a better performance for the RF classifier. Once more, given that neither CWRI nor
KNNSCI_FT showed a clear greater imputation quality (rather the opposite even), this
reinforces that a less precise imputation does not lead to worse classification results. In
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Table 6.8: Average AUROC(%) using a SVM classifier. The highlighted values are the
higher scores in each column.

(AUROC ± Standard Deviation) %

Method Wine Heart Statlog Osteoporosis

Cardiothoracic

Surgery

Complete
Dataset

100.00±0.00 83.39±9.43 91.17±3.17 N/A N/A

Listwise
Deletion

91.97±15.99(a) 58.39±24.53(a)
89.55±2.97

(b) 82.58±4.33
46.37±18.97
49.00±8.66

Mean / Mode 99.27±0.60 75.71±24.30 88.37±1.95 82.78±2.40
68.58±2.89
55.95±2.55

KNN 99.27±0.62 79.44±13.16 88.27±2.32 82.75±2.35
68.88±2.70
55.97±2.44

NMVI 98.78±1.72 84.72±4.36 88.31±2.09 80.39±3.19
68.54±2.92
55.61±2.56

CMIM 99.54±0.34
(a)

85.42±3.88
(a) 88.81±1.35(b) 82.57±2.52 (c)

CoHiKNN 99.50±0.36
(a)

85.47±5.84
(a)

89.26±1.09
(b) 82.74±2.32 (c)

Regression 99.41±0.49
(a) 83.85±3.68(a) 87.39±3.90(b) 82.29±2.25

63.72±4.18
56.67±1.64

MICE 99.35±0.54 80.77±14.89 88.49±2.00 82.62±2.59
68.96±2.54

55.56±2.89
CWKNNI_FF 99.35±0.50 79.80±14.68 88.36±2.32 82.78±2.41 (c)

CWKNNI_FT 99.28±0.56 80.91±9.92 88.24±2.01 82.78±2.41 (c)

CWKNNI_TF 99.25±0.58 80.65±10.36 88.52±1.37 82.91±2.70 (c)

CWKNNI_TT 99.21±0.66 80.72±9.57 88.54±1.46 82.73±2.56 (c)

KNNSCI_FF 99.23±0.67 80.88±13.99 88.35±2.45 82.83±2.49
68.90±2.69
55.98±2.63

KNNSCI_FT 99.19±0.70 83.35±6.00 88.27±1.78 83.02±2.58

68.91±2.68
56.14±2.63

KNNSCI_TF 99.23±0.59 77.14±17.41 88.24±2.02 82.71±2.32
68.87±2.72
56.03±2.56

KNNSCI_TT 99.23±0.59 77.14±17.41 88.24±2.02 82.71±2.32
68.87±2.72
56.03±2.56

CWRI 99.40±0.44 84.32±5.76 88.91±1.84 82.78±2.41
68.58±1.85
55.93±3.24

(a) The technique was unable to perform under the MCAR mechanism with MR = 30% and
MR = 50%.
(b) The technique was unable to perform under the MCAR mechanism with MR = 30% and
MR = 50%, and under the MNAR mechanism with MR = 50%.
(c) The technique was unable to perform imputation due to high computational costs.
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fact, the SPECT Heart Data Set has cases where the AUROC of classifiers trained upon
imputed datasets is greater than the one from the model trained upon the original dataset.

Finally, Table 6.9 concerns the NB classifier and displays the average AUROC of all
folds for every imputation method. The results were selected and presented in a similar
manner to the last two tables. Figure B.12(c) gives a visual representation of Table 6.9.

As in previous classifiers, most imputation techniques produce almost identical results
in all working datasets, which is reflected in the nearly unchanging lines plotted in the
graph of Figure B.12(c). The proposed methods are in compliance with the remaining
ones, and can even be considered superior in some datasets. Particularly, out of the
techniques that were able to perform under all circumstances, the variants CWKNNI_TF
and CWKNNI_FT respectively exhibit the best AUROC in the SPECT Heart Data Set and
in the Osteoporosis Dataset. These methods were amongst the ones with the highest
overall imputation precision. However, this does not signify that a superior imputation
quality leads to better classification. In fact, beyond the examples already discussed above,
Table 6.9 shows that the SPECT Heart Data Set and the Statlog (Heart) Data Set present
a few cases in which the AUROC of the NB classifier trained upon an imputed dataset is
higher than the one from the model trained upon the complete dataset.

In conclusion, the proposed correlation-based methods yield similar results to state-of-
the-art techniques in all five working datasets, regardless of the classifier. There were even
some cases where the proposed methods were superior to their competitors. However,
the AUROCs were not substantially different from the scores of simpler techniques such
as mean / mode imputation, which revealed an overall worse imputation quality. In
fact, it was observed that a more precise imputation does not necessarily generate better
classification results. Note that this classification evaluation took into account not only
the AUROCs, but also whether the methods could perform under all the circumstances
tested. Lastly, no imputation technique was clearly favoured by a certain classifier, as the
results were fairly consistent in all three ML models. It was observed that there are more
suitable classifiers for certain problems than others, which is natural given that distinct
ML algorithms have different approaches regarding the processing and evaluation of data.

For each working dataset, Table 6.10 summarises the highest average AUROC of every
classifier, detailing the corresponding imputation method and additional performance
metrics. The imputation techniques that were unable to perform for higher MRs were not
considered. No threshold optimisation was performed, and therefore the default value of
0.5 was considered for interpreting probabilities to class labels. A threshold optimisation
would ensure that the best classification metrics were achieved for each model. However,
it is not expected for this procedure to significantly change the results presented given
that, during the training of the classifiers, the weights associated to each class were
required to be inversely proportional to its frequency, thus addressing imbalanced classes.
Table B.1 specifies the values of the hyperparameters and parameters of the classifiers and
imputation methods, respectively, which were shown in Table 6.10.
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Table 6.9: Average AUROC using a NB classifier. The highlighted values are the higher
scores in each column.

(AUROC ± Standard Deviation) %

Method Wine Heart Statlog Osteoporosis

Cardiothoracic

Surgery

Complete
Dataset

99.82±0.25 74.86±4.86 86.50±4.33 N/A N/A

Listwise
Deletion

82.30±20.3(a) 68.97±9.65(a) 82.12±6.69(b) 77.28±5.35
50.85±14.71
49.58±3.16

Mean / Mode 97.79±1.90 74.63±5.95 85.50±1.55 77.54±2.82
66.58±4.57
58.00±0.88

KNN 98.21±1.13 75.92±4.04 85.93±1.99 77.80±2.93
67.05±4.27
57.86±0.78

NMVI 97.57±2.21 74.32±3.55 86.07±1.81 77.54±2.62
66.90±4.36
58.00±0.85

CMIM 98.07±1.48(a)
77.97±5.04

(a) 85.32±1.42(b) 77.47±2.60 (c)

CoHiKNN 98.58±0.81
(a)

78.01±5.85
(a) 85.84±0.61(b) 77.58±2.93 (c)

Regression 98.00±1.50(a) 74.45±3.16(a) 85.69±2.37(b) 76.51±2.56
50.80±7.18
49.56±3.97

MICE 98.45±1.04 75.44±2.72 87.38±1.66 77.59±2.69
67.45±4.07

58.04±1.15

CWKNNI_FF 98.28±1.08 75.55±6.13 86.42±1.40 77.78±2.93 (c)

CWKNNI_FT 98.19±1.10 76.35±3.92 86.22±1.91 77.90±2.89
(c)

CWKNNI_TF 98.16±1.10 77.36±5.70 86.63±0.91 77.77±2.94 (c)

CWKNNI_TT 98.12±1.13 76.46±5.07 86.42±1.23 77.83±2.89 (c)

KNNSCI_FF 98.28±1.10 76.60±3.74 85.99±2.33 77.81±2.93
67.00±4.25
57.94±0.78

KNNSCI_FT 98.30±1.15 75.44±4.15 86.15±1.93 77.89±2.87
67.06±4.26
57.94±0.79

KNNSCI_TF 98.28±0.95 76.41±4.29 86.19±1.46 77.79±3.05
67.04±4.28
57.86±0.78

KNNSCI_TT 98.28±0.95 76.41±4.29 86.19±1.46 77.79±3.05
67.04±4.28
57.86±0.78

CWRI 98.12±1.40 75.11±5.13 86.28±1.57 77.55±2.80
65.07±3.50
57.56±0.68

(a) The technique was unable to perform under the MCAR mechanism with MR = 30% and
MR = 50%.
(b) The technique was unable to perform under the MCAR mechanism with MR = 30% and
MR = 50%, and under the MNAR mechanism with MR = 50%.
(c) The technique was unable to perform imputation due to high computational costs.
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Table 6.10: Highest average AUROC(%) of every classifier, corresponding imputation model and additional performance metrics. (Mean ±
Standard Deviation).

Classifier

Imputation

Method

AUROC

(%)

Accuracy

(%)

Sensitivity

(%)

Precision

(%)

F1-Score

(%)

Specificity

(%)

RF MICE 98.99 ± 0.69 92.47 ± 2.58 93.06 ± 2.48 93.04 ± 2.24 92.52 ± 2.52 96.29 ± 1.30

SVM CWRI 99.40 ± 0.44 93.00 ± 2.34 93.58 ± 2.18 93.56 ± 2.08 93.10 ± 2.67 96.51 ± 1.20Wine

NB MICE 98.45 ± 1.04 90.51 ± 3.87 91.03 ± 3.67 91.77 ± 3.29 90.69 ± 3.83 95.15 ± 1.99

RF KNNSCI_FT 84.63 ± 5.58 84.28 ± 3.06 71.85 ± 6.93 69.30 ± 5.38 66.38 ± 5.99 57.04 ± 11.81

SVM NMVI 84.72 ± 4.36 75.56 ± 5.06 73.87 ± 2.51 62.03 ± 3.67 60.57 ± 4.88 71.85 ± 5.24Heart

NB CWKNNI_TF 77.36 ± 5.70 67.12 ± 5.87 69.28 ± 5.54 57.99 ± 4.32 53.54 ± 6.01 71.85 ± 8.18

RF CWRI 89.50 ± 2.26 81.40 ± 3.26 81.21 ± 3.22 81.54 ± 3.27 81.12 ± 3.30 82.93 ± 4.29

SVM CWRI 88.91 ± 1.84 81.84 ± 2.37 81.64 ± 2.25 81.89 ± 2.48 81.59 ± 2.36 83.44 ± 3.74Statlog

NB MICE 87.38 ± 1.66 80.70 ± 2.18 80.47 ± 2.24 80.76 ± 2.25 80.43 ± 2.23 82.52 ± 1.93

RF KNNSCI_FT 83.73 ± 3.13 75.65 ± 2.49 75.34 ± 2.27 74.65 ± 2.46 74.80 ± 2.43 73.93 ± 2.77

SVM KNNSCI_FT 83.02 ± 2.58 75.41 ± 2.39 75.31 ± 2.90 74.43 ± 2.57 74.62 ± 2.62 74.88 ± 5.56Osteoporosis

NB CWKNNI_FT 77.90 ± 2.89 72.98 ± 3.62 70.22 ± 4.10 71.64 ± 3.97 70.63 ± 4.09 57.94 ± 6.61

RF
KNNSCI_FF

KNNSCI_FT

71.32 ± 4.78

61.86 ± 1.00

82.65 ± 2.98

84.17 ± 1.87

63.16 ± 4.07

56.32 ± 0.86

56.89 ± 2.51

54.16 ± 0.49

57.89 ± 3.44

54.58 ± 0.51

85.95 ± 3.08

88.96 ± 2.31

Cardiothoracic

Surgery
SVM

MICE

Regression

68.96 ± 2.54

56.67 ± 1.64

76.08 ± 2.42

77.87 ± 0.96

63.17 ± 2.91

55.18 ± 1.73

52.91 ± 0.93

52.29 ± 0.76

54.21 ± 1.70

51.59 ± 1.01

78.31 ± 2.52

82.78 ± 1.09

NB
MICE

MICE

67.45 ± 4.07

58.04 ± 1.15

83.84 ± 0.74

85.22 ± 0.31

62.97 ± 2.01

54.63 ± 0.50

57.05 ± 1.02

53.45 ± 0.41

58.31 ± 1.22

53.82 ± 0.47

87.38 ± 0.98

90.49 ± 0.30
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Conclusions and Future Work

This chapter concludes this dissertation by reviewing its main findings and contributions
to biomedical research. Furthermore, a reflection on this work’s limitations is presented,
along with perspectives for future approaches to address the challenge of missing data.

7.1 Conclusions

Missing data are ubiquitous in biomedical sciences, posing a recurring predicament to
delivering reliable AI-based DSS. There has been a growing interest around strategies
that address this inevitable challenge, specifically missing value imputation techniques.

Despite a noticeable research endeavour, state-of-the-art imputation methods still face
drawbacks that prevent the forthcoming DSSs’ application. Furthermore, one of the most
widely-used approaches is a simple complete-case analysis, which handles missing values
as a disposable nuisance, occasionally yielding dubious results.

This dissertation proposed novel imputation techniques that not only sought to tackle
the issues imposed by missing data, but also overcame some of the limitations presented
by existing methods. Moreover, the adopted approach seeked to leverage correlation as a
potential tool for missing value imputation. Even though several authors have shown the
benefits of this strategy in distinct fields, the exploration of correlation within the scope
of missing value imputation is still overlooked in clinical data.

Hence, the first stage of this work contemplated a fairly thorough correlational study, i.e.
an analysis of the relationships between variables, covering every missingness mechanism
fully established in the literature. Instead of focusing solely on the correlation between the
values of two attributes as most studies do, this work also encompassed the correlation
between values and missingness pattern, and the correlation between the missingness
patterns of two distinct variables. The choice to analyse these types of correlation stemmed
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from the fact that each missingness source mechanism is characterised by a different
relationship between data and missingness, and therefore it was worth observing how
correlation captured these associations.

In regards to RQ 1.2, it was concluded that missingness, particularly MNAR, has a
significant impact on the correlation between values, which intensified as the MR rose. As
for the other types of correlation, the MR overall slightly accentuated existing relationships
between values and missingness patterns or between two missingness patterns. When
developing correlation-based imputation methods, it should be assessed whether it is
worth considering this effect, specially if the working datasets have higher MRs.

Furthermore, this work concluded that it is not possible to distinguish between the three
missingness mechanisms through correlation alone, thus answering RQ 1.1. Although the
MCAR mechanism has distinct characteristics under certain circumstances, the practical
issue with MAR and MNAR remains, i.e. there is no way to verify if the missingness is
dependent on unobserved data or is solely related to other measured variables. This might
raise the question of whether the current taxonomy concerning missingness mechanisms
is helpful for missing data imputation in real-world problems.

Nevertheless, the correlational study permitted a more comprehensive view of the
missingness mechanisms and the generic relationships they describe. In particular, the de-
pendency between missingness and observed values provided interesting insights, which
inspired the development of three innovative methods that incorporate this association
within the imputation procedure: CWKNNI, KNNSCI, and CWRI.

In terms of imputation precision, the proposed correlation-based methods yielded
similar and, in some cases, slightly better MAEs than competing state-of-the-art techniques.
It is not possible to specify an optimal imputation strategy for each missingness mechanism,
since none of the evaluated techniques was consistently superior to the others. Even so,
the proposed methods showed that accounting for correlation can enhance the imputation
quality in some datasets, particularly under MCAR missingness, which answers RQ 2.1.

Afterwards, in order to conduct a classification evaluation, three ML models were
trained upon the imputed datasets and their performance was assessed through the
AUROC metric. Contrary to the expected, a more precise imputation was not always
followed by better classification results, thus covering RQ 2.3. This shows that, when
developing a robust AI-based DSS, the evaluation of the imputation procedure must not
rely merely on the differences between estimated and original values, possibly resorting
to domain knowledge in a data-centric approach.

Finally, regardless of the classifier, the proposed correlation-based methods were in
compliance with their competitors, sometimes even exhibiting higher AUROC scores. In
fact, the developed methods often showed the best AUROCs within the selected real-world
case studies. Hence, imputation based on correlation can yield better classification results
in real-world medical problems, which answers RQ 2.2. In summary, this work confirmed
the auspicious role of correlation-based imputation towards the improvement of DSSs’
robustness to missing values, while addressing limitations of current imputation methods.
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7.2 Limitations and Future Work

The previous section discussed the main contributions of this dissertation, which focused
on the exploration of the concept of correlation and its application in missing data
imputation methods. Even so, this work presents some limitations that might be addressed
in future projects within the scope of delivering reliable AI-based DSSs.

One of the main fragilities is the high computational cost yielded by CWKNNI, one of
the proposed missing value imputation methods. Due to time constraints, this method
could neither be applied nor evaluated on the most complex working dataset. Note that
this limitation is shared with several state-of-the-art methods. Even though computational
cost should not be a determining factor for the dismissal of an imputation method, it is a
concern that must be taken into account in future works.

Additionally, the optimal values for the parameters percentage and n_neighbors

of the imputation methods CWKNNI and KNNSCI were found through a grid search
strategy, i.e. all possible combinations of parameter values were evaluated and the best
one was chosen. This approach increased the computational cost, and so an alternative
that identifies the optimal values in a more automatic manner would be beneficial.

In regards to data types, this dissertation only worked with structured data, particularly
numeric and binary variables. However, clinical data is highly multimodal, encompassing
both structured and unstructured data produced from multiple sources and that may carry
different physiological information. Multimodal ML is able to cope with this heterogeneity,
and may even manage to establish dependencies within and between modalities. Since
such dependencies can be leveraged within the scope of missing data handling, it is worth
investigating the potential of multimodal AI.

Moreover, this work focused solely on correlation, which is a measure of mutual and
non-directional association between two attributes. Although leveraging correlation has
revealed to be a promising approach, there are many other forms of probabilistic depen-
dency that were not considered. For instance, causality and conditional independence
are two examples of directional associations. Besides, multicollinearity is a statistical
measurement of the linear relation among two or more variables. Given the complexity
inherent to clinical data, it is expectable that attributes exhibit a wide range of probabilistic
dependencies, whose contribution to the processing of missing values should be studied.

Furthermore, in a real-world setting, resorting to domain knowledge to infer about the
characteristics of the data or its source might lead to more precise imputation estimates. A
future project could consist of analysing how the integration of domain knowledge affects
the performance of an imputation approach exclusively based on measured data.

Lastly, given that imputation procedures aim to estimate often unknown values,
uncertainty can be explored in order to increase professionals’ trust in an AI-based DSS.
These systems should not only have an optimised performance, but also provide a well-
founded decision and point out possible frailties, such as the number of imputations made
and the confidence in each missing value prediction.
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ix A
Additional Content

This appendix contains two tables with additional content concerning the two working
real-world datasets, which might be of interest within the scope of this dissertation. The
first one includes a more thorough characterisation of the Osteoporosis Dataset. The
second table describes the Cardiothoracic Surgery Dataset in a more detailed manner.
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Table A.1: Extensive characterisation of the Osteoporosis Dataset.

Variable Description Variable Type MR

Demographics

RIDAGEYR
Age in years, at the time of the screening

interview.
Metric 0.0%

RIDRETH3 Race-ethnicity.
Nominal

(6 categories)
0.0%

DMDEDUC2
Education level, only measured in adults

aged 20 and over.
Ordinal

(5 categories)
0.0%

INDFMIN2
Annual family income, reported as a range

value in dollars.
Ordinal

(14 categories)
4.3%

Nutrition

DRTVB6 Vitamin B6, in mg Metric 7.5%

DRTVB12T Vitamin B12, in mg Metric 7.5%

DRTVC Vitamin C, in mg Metric 7.5%

DRTVD Vitamin D (D2 + D3), in µg Metric 7.9%

DRTVK Vitamin K, in µg Metric 7.5%

DRTCALC Calcium, in mg Metric 7.5%

Blood pressure

BPXSY Systolic Blood pressure, in mmHg Metric 3.0%

BPXDI Diastolic Blood pressure, in mmHg Metric 3.5%

Anthropometrics

BMXWT Weight, in kg Metric 0.5%

BMXHT Height, in cm Metric 0.7%

Physical fitness

MGDCGSZ
Grip strength, in kg, obtained through the
sum of the largest reading from each hand.

Metric 10.0%

Blood lipids

LBDHDD HDL-Cholesterol, in mg/dL Metric 2.9%

LBDLDL LDL-Cholesterol, in mg/dL Metric 53.4%

LBXTC Total Cholesterol, in mg/dL Metric 2.9%

LBXTR Triglycerides, in mg/dL Metric 53.0%

Hormones

LBXTST Testosterone, total, in ng/dL Metric 3.7%

LBXEST Estradiol, in pg/mL Metric 8.4%

LBXSHBG Sex Hormone Binding Globulin, in nmol/L Metric 14.7%

Biochemistry

LBXSCA Calcium, in mg/dL Metric 3.8%
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APPENDIX A. ADDITIONAL CONTENT

Continuation of Table A.1

Variable Description Variable Type MR

LBXVIDMS Vitamin D Serum (D2 + D3), in nmol/L Metric 2.4%

Physical activity

PAXMTSD Total physical activity (MIMS1/day) Metric 9.8%

PAXMINSB
Sedentary behaviour (MIMS <1), in

minutes/day
Metric 10.0%

PAXMINLPA
Light physical activity (1<MIMS <10), in

minutes/day
Metric 10.0%

PAXMINMPA
Moderate physical activity (10<MIMS <30),

in minutes/day
Metric 10.0%

PAXMINVPA
Vigorous physical activity (30<MIMS <45),

in minutes/day
Metric 10.0%

PAXMINVVPA
Very vigorous physical activity (>45 MIMS),

in minutes/day
Metric 10.0%

PAXSUMSB
Summation of acceleration values within

sedentary behaviour, in MIMS/day
Metric 10.0%

PAXSUMLPA
Summation of acceleration values within

light physical activity, in MIMS/day
Metric 10.0%

PAXSUMMPA
Summation of acceleration values within
moderate physical activity (MIMS/day)

Metric 10.0%

PAXSUMVPA
Summation of acceleration values within
vigorous physical activity (MIMS/day)

Metric 10.0%

PAXSUMVVPA
Summation of acceleration values within

very vigorous physical activity (MIMS/day)
Metric 10.0%

Lifestyle

PAXSWMD Sleeping time, in minutes/day Metric 9.8%

PAXLXSD Light exposure, in LUX/day Metric 9.8%

1Monitor-Independent Movement Summary (MIMS) is a non-proprietary, open-source, device-
independent universal summary metric.
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Table A.2: Extensive characterisation of the Cardiothoracic Surgery Dataset.

Variable Variable Type MR

Hospitalisation
Date of admission Date 0.0%
Date of death Date 94.5%
Date of discharge Date 0.1%
Date of surgery Date 0.0%
Cardiac history
Angina Ordinal (5 categories) 0.3%
Dyspnoea Ordinal (4 categories) 0.3%
Number of previous MIs Ordinal (4 categories) 0.3%
Most recent MI Ordinal (6 categories) 79.2%
Congestive heart failure Binary 0.4%
Previous interventions
Previous PCI Ordinal (4 categories) 0.4%
Date of last PCI Date 92.2%
Previous cardica. vascular Nominal (4 categories) 0.2%
Date of last cardiac surgery Date 86.9%
Pre-operative risk factors
Weight Metric 1.3%
Height Metric 1.3%
Smoking history Ordinal (3 categories) 0.9%
Diabetes treatment Ordinal (4 categories) 0.8%
Hypercholesterolaemia Binary 0.7%
Hypertension Binary 0.7%
Renal disease Nominal (5 categories) 0.8%
Last pre-operative creatinin (mg/dL) Metric 0.8%
Last pre-operative creatinin.1 (µmol/L) Metric 0.8%
Chronic lung disease Ordinal (3 categories) 0.7%
Extra-cardiac arteriopathy Nominal (3 categories) 0.9%
Cerebrovascular disease Nominal (7 categories) 0.9%
Carotid bruits Binary 0.9%
Neurological dysfunction Binary 0.7%
Pre-operative heart rhythm Nominal (7 categories) 0.8%
Pre-operative haemodynamics & catheterisation
Left- or right-heart catheter Nominal (3 categories) 1.4%
Date-of-last catheterisation Date 25.2%
Number of diseased corona Ordinal (4 categories) 11.0%
Left main stem disease Binary 11.0%
Ejection fraction category Ordinal (3 categories) 1.4%
Ejection fraction value Metric 84.7%
PA systolic Metric 89.6%
AV gradient Metric 69.2%
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Continuation of Table A.2
Variable Variable Type MR

LVEDP Metric 99.9%
Mean PAWP / LA Metric 99.9%
Pre-operative status & support
IV inotropes Binary 0.5%
IV nitrates / heparin of any Binary 0.4%
Ventilated Binary 0.7%
Cardiogenic shock Binary 0.8%
Operation
Operative urgency Ordinal (4 categories) 0.3%
Main reason for urgency Nominal (7 categories) 94.1%
Number of previous heart operations Ordinal (6 categories) 0.3%
Procedure groups Nominal (7 categories) 0.0%
Other cardiac procedures Nominal (24 categories) 0.1%
Other non-cardiac procedures Nominal (5 categories) 0.1%
Other operation description Text 95.3%
Coronary surgery
Arterial distal coronary anastamoses Metric 60.8%
Venous distal coronary anastamoses Metric 61.2%
Arteries used as grafts Nominal (9 categories) 62.3%
Valve surgery
Number of valve procedure Metric 13.3%
Valve site Nominal (4 categories) 44.4%
Stenosis Binary 44.4%
Insufficiency Ordinal (5 categories) 44.5%
Explant type Nominal (6 categories) 44.5%
Native valve pathology Nominal (11 categories) 44.4%
Reason for repeat valve surgery Nominal (8 categories) 44.6%
Valve procedure Binary 44.4%
Implant type Nominal (6 categories) 44.4%
Implant code Code 45.4%
Implant size Metric 45.7%
Valve status Ordinal (4 categories) 44.5%
Segments of the aorta Ordinal (5 categories) 91.9%
Aortic procedure Nominal (12 categories) 92.0%
Cardiopulmonary bypass Nominal (3 categories) 0.2%
Predominant form of myocardial protection Binary 19.0%
Cardioplgia: Infusion mode Binary 21.5%
Cardioplgia: Solution Binary 30.9%
Cardioplgia: Temperature Binary 21.4%
Cardioplgia: Timing Binary 21.6%
Intra-aortic balloon pump u Nominal (4 categories) 0.5%
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Continuation of Table A.2
Variable Variable Type MR

Non-cardioplegia myocardial protection Nominal (5 categories) 97.5%
Reason for IABP use Nominal (5 categories) 97.3%
Bypass time Metric 1.5%
Total circulatory arrest time Metric 4.5%
Cumulative X-clamp time Metric 1.8%
Duration of surgery Metric 0.5%
ICU stay Metric 0.2%
Intermediate stay Metric 2.6%
Cardiac Sugery Morbidity Scale
CNS complications Nominal (4 categories) 0.1%
Renal complications Nominal (4 categories) 0.1%
Respiratory complications Nominal (4 categories) 0.2%
Cardiac complications Nominal (4 categories) 0.2%
Detailed cardiac complications Nominal (9 categories) 66.4%
Bleeding complications Nominal (4 categories) 0.1%
Infective complications Nominal (4 categories) 0.2%
Other complications Nominal (4 categories) 0.2%
Morbidity Index Metric 0.5%
Discharge details
Destination on discharge Nominal (6 categories) 0.3%
Patient status at discharge Binary 0.3%
Primary cause of death Nominal (8 categories) 96.6%
Patient demographics and autocalculations
Age Metric 0.0%
Gender Binary 0.0%
Hosp No Code 0.0%
BMI Metric 1.5%
BSA Metric 1.4%
Additive EuroSCORE Metric 0.0%
Euroscore results Metric 0.9%
Logistic EuroSCORE Metric 1.8%
Pre-operative stay Metric 0.1%
Post-Operative stay Metric 0.2%
Total hospital stay Metric 0.2%
Status Nominal (8 categories) 0.0%
Subsequent entry Metric 95.5%
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Complementary Results

This appendix includes twelve figures, each providing complementary information to
the discussion of results held in Chapter 6. Furthermore, it contains a table detailing the
values for the hyperparameters and parameters of the classifiers with the highest average
AUROC and corresponding imputation methods, respectively.
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(a) Pearson’s Coefficient (b) Spearman’s Rank Coefficient

(c) Kendall’s Tau Coefficient (B)

Figure B.1: Correlation matrices of the numeric variables of the Statlog (Heart) Data
Set obtain through different coefficients: (a) Pearson’s coefficient, (b) Spearman’s Rank
coefficient, (c) Kendall’s Tau coefficient.
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APPENDIX B. COMPLEMENTARY RESULTS

(a) Phi Coefficient

(b) Cramér’s 𝑉 (corrected)

Figure B.2: Correlation matrices of the SPECT Heart Data Set obtained through different
coefficients: (a) Phi Coefficient, (b) Cramér’s 𝑉 (corrected).
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(a) Complete Dataset (b) MR = 10%

(c) MR = 30% (d) MR = 50%

Figure B.3: Correlation matrices of the SPECT Heart Data Set obtained for (a) the complete
dataset and for different MRs under the MAR mechanism: (b) MR = 10%, (c) MR = 30%,
(d) MR = 50%. The upper-triangle of the matrices was omitted for legibility purposes, as
the information provided is redundant.
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APPENDIX B. COMPLEMENTARY RESULTS

(a) Complete Dataset (b) MR = 10%

(c) MR = 30% (d) MR = 50%

Figure B.4: Correlation matrices of the Wine Data Set obtained for (a) the complete dataset
and for different MRs under the MCAR mechanism: (b) MR = 10%, (c) MR = 30%, (d) MR
= 50%. The upper-triangle of the matrices was omitted for legibility purposes, as the
information provided is redundant.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure B.5: Correlation matrices between the values and the missingness pattern of
the Statlog (Heart) Data Set obtained for different MRs under the MCAR mechanism:
(a) MR = 10%, (b) MR = 30%, (c) MR = 50%. Missing features have the suffix "_miss". The
black squares correspond to correlations that are impossible to compute.

119



APPENDIX B. COMPLEMENTARY RESULTS

(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure B.6: Correlation matrices between the values and the missingness pattern of the
Wine Data Set obtained for different MRs under the MAR mechanism: (a) MR = 10%, (b)
MR = 30%, (c) MR = 50%. Missing features have the suffix "_miss". The black squares
correspond to correlations that are impossible to compute.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure B.7: Correlation matrices between the values and the missingness pattern of the
Wine Data Set obtained for different MRs under the MNAR mechanism: (a) MR = 10%,
(b) MR = 30%, (c) MR = 50%. Missing features have the suffix "_miss". The black squares
correspond to correlations that are impossible to compute.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure B.8: Correlation matrices between the missingness patterns of the SPECT Heart
Data Set obtained for different MRs under the MCAR mechanism: (a) MR = 10%, (b) MR =
30%, (c) MR = 50%. The upper-triangle of the matrices was omitted for legibility purposes,
as the information provided was redundant.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure B.9: Correlation matrices between the missingness patterns of the Statlog
(Heart) Data Set obtained for different MRs under the MAR mechanism: (a) MR = 10%,
(b) MR = 30%, (c) MR = 50%. The upper-triangle of the matrices was omitted for legibility
purposes, as the information provided was redundant.
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(a) MR = 10% (b) MR = 30%

(c) MR = 50%

Figure B.10: Correlation matrices between the missingness patterns of the SPECT
Heart Data Set obtained for different MRs under the MNAR mechanism: (a) MR = 10%,
(b) MR = 30%, (c) MR = 50%. The upper-triangle of the matrices was omitted for legibility
purposes, as the information provided is redundant.
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(a) Wine Data Set

(b) SPECT Heart Data Set

(c) Statlog (Heart) Data Set

Figure B.11: Average MAE under all missingness mechanisms, for each synthetically
generated dataset: (a) Wine Data Set, (b) SPECT Heart Data Set, (c) Statlog (Heart) Data
Set.
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(a) RF classifier

(b) SVM classifier

(c) NB classifier

Figure B.12: Average AUROC for every imputation method, using three diferent ML
models: (a) RF classifier, (b) SVM classifier, (c) NB classifier.
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Table B.1: Hyperparameters and parameters of the classifiers with the highest average AUROC and
corresponding imputation methods, respectively.

Dataset Classifier Hyperparameters

Imputation

Method

Parameters

RF

random_state = 42

max_depth = 3

n_estimators = 200

criterion = ’entropy’

min_samples_split = 10

min_samples_leaf = 10

MICE -

SVM

random_state = 42

class_weight = ’balanced’

C = 1

gamma = 1

CWRI percentage = 0.8

Wine

NB var_smoothing = 1.0 × 10−4 MICE -

RF

random_state = 42

max_depth = 5

n_estimators = 100

criterion = ’entropy’

min_samples_split = 20

min_samples_leaf = 5

KNNSCI_FT

n_neighbors = 10

percentage = 0.8

initial_fill = False

update = True

SVM

random_state = 42

class_weight = ’balanced’

C = 0.1

gamma = 0.1

NMVI -
Heart

NB var_smoothing = 1.0 × 10−4 CWKNNI_TF

n_neighbors = 15

percentage = 0.2

initial_fill = True

update = False

RF

random_state = 42

max_depth = 5

n_estimators = 200

criterion = ’entropy’

min_samples_split = 10

min_samples_leaf = 5

CWRI percentage = 0.8

SVM

random_state = 42

class_weight = ’balanced’

C = 100

gamma = 0.01

CWRI percentage = 0.8

Statlog

NB var_smoothing = 1.0 × 10−4 MICE -
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Continuation of Table B.1

Dataset Classifier Hyperparameters

Imputation

Method

Parameters

RF

random_state = 42

max_depth = 9

n_estimators = 100

criterion = ’entropy’

min_samples_split = 50

min_samples_leaf = 10

KNNSCI_FT

n_neighbors = 5

percentage = 0.6

initial_fill = False

update = True

SVM

random_state = 42

class_weight = ’balanced’

C = 10

gamma = 0.1

KNNSCI_FT

n_neighbors = 10

percentage = 0.4

initial_fill = False

update = True

Osteoporosis

NB var_smoothing = 1.0 × 10−4 CWKNNI_FT

n_neighbors = 10

percentage = 0.2

initial_fill = False

update = True

RF

random_state = 42

max_depth = 6

n_estimators = 100

criterion = ’gini’

min_samples_split = 20

min_samples_leaf = 25

KNNSCI_FF

n_neighbors = 15

percentage = 0.2

initial_fill = False

update = False

SVM

random_state = 42

class_weight = ’balanced’

C = 0.1

gamma = 0.1

MICE -

Cardiothoracic

Surgery

NB var_smoothing = 1.7 × 10−7 MICE -

RF

random_state = 42

max_depth = 3

n_estimators = 100

criterion = ’gini’

min_samples_split = 20

min_samples_leaf = 10

KNNSCI_FT

n_neighbors = 10

percentage = 0.6

initial_fill = False

update = True

SVM

random_state = 42

class_weight = ’balanced’

C = 10

gamma = 1

Regression -

Cardiothoracic

Surgery

(2019)

NB var_smoothing = 1.7 × 10−7 MICE -
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Python Libraries and R Packages

This appendix contains three tables. The first includes the Python libraries used through-
out this dissertation and the second describes a selection of Python modules from the
library scikit-learn. The third table presents the two R packages used.

Table C.1: Python libraries used throughout this dissertation.

Library Version Description

scikit-learn 0.24.1
Library for machine learning, providing functions for
model fitting, data pre-processing, model selection,
and model evaluation.

pandas 1.4.1 Library for data analysis and manipulation.

NumPy 1.22.1 Library for scientific computing, including functions
to operate upon arrays.

SciPy 1.7.3 Library for scientific programming, including meth-
ods for statistical problems.

Matplotlib 3.3.4 Library for creating visualizations of data.

seaborn 0.11.1 Library for data visualization based on Matplotlib,
with greater focus on the aesthetic.
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APPENDIX C. PYTHON LIBRARIES AND R PACKAGES

Table C.2: Collection of the most relevant modules from the scikit-learn library within the
scope of this work.

Module Description

preprocessing.MinMaxScaler Scales data to a given range (normalisa-
tion).

model_selection.StratifiedKFold
Splits the data into train and test set, pre-
serving the proportion of instances for
class each target.

model_selection.StratifiedGroupKFold model_selection.StratifiedKFold variant
with non-overlaping groups.

preprocessing.LabelEncoder Ordinal encoding of categorical data.
preprocessing.OneHotEncoder One-hot encoding of categorical data.

impute.SingleImputer Univariate imputation with simple tech-
niques.

model_selection.GridSearchCV Performs hyperparameter tuning through
a grid search strategy.

ensemble.RandomForestClassifier RF classifier.
svm.SVC SVM classifier.

naive_bayes.GaussianNB Gaussian NB classifier.

metrics.roc_auc_score Computes the AUROC from prediction
scores.

Table C.3: R packages from the CRAN used in this dissertation.

Package Description

missMethods

Methods for Missing Data: provides functions for the injection
and handling of missing values, along with methods to evaluate
missing data methods. Inspired in the work of Santos et al.
[117].

mice
Multivariate Imputation by Chained Equations: implementa-
tion of the MICE algorithm as described by Van Buuren and
Groothuis-Oudshoorn [74].
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Complementary Work

This annex contains the scientific paper "Addressing the Curse of Missing Data in Clinical
Contexts: A Novel Approach to Correlation-Based Imputation", which presents the three
novel correlation-based imputation methods developed during this work, as well as the
results obtained in the comparative study. This paper was submitted to the Journal of King
Saud University - Computer and Information Sciences and is currently under review.
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Addressing the Curse of Missing Data in Clinical Contexts:
A Novel Approach to Correlation-Based Imputation
Isabel Curiosoa,b, Ricardo Santosa,b,∗, Bruno Ribeiroa, André Carreiroa, Pedro Coelhoc,d,
José Fragatac,d and Hugo Gamboaa,b

aAssociação Fraunhofer Portugal Research, Rua Alfredo Allen 455/461, 4200-135 Porto, Portugal
bLaboratory for Instrumentation, Biomedical Engineering and Radiation Physics (LIBPhys-UNL), Physics Department, NOVA School of Science
and Technology, 2829-516 Caparica, Portugal
cComprehensive Health Research Center, NOVA Medical School, Campo Mártires da Pátria, 130, 1169-056 Lisboa, Portugal
dHospital de Santa Marta, Centro Hospitalar Universitário Lisboa Central, Rua de Santa Marta, 50, 1169-023 Lisboa, Portugal

A R T I C L E I N F O
Keywords:
Missing Data
Missing Data Imputation
Correlation
Clinical Data
Machine Learning

A B S T R A C T
Clinical data are essential in the medical domain. However, their heterogeneous nature leads
to many data quality problems, notably missing values, which undermine the performance
of Machine Learning-based clinical systems. Hence, there has been a growing interest in
strategies that address this challenge in order to build trustworthy systems to improve the
quality of care and benefit clinical decision-making. In particular, missing value imputation is
a common approach. We propose three novel imputation techniques that leverage correlation in
an innovative manner by exploring the relationship between values and missingness patterns.
Experiments were carried out on three publicly available datasets, under three missingness
mechanisms with different missing rates, and on two real-world medical datasets. The imputation
precision and the classification performance of the proposed techniques were evaluated in a
comprehensive comparative study, which included diverse existing methods. The developed
techniques outperformed state-of-the-art methods on several assessments while overcoming
current flaws shared by correlation-based imputation strategies in real-world medical problems.

1. Introduction
A growing and ageing population entails a broad amount of clinical information that needs to be organised and

easily accessed by professionals. Since the analysis of paper-based data is time-consuming, digitalisation has emerged
as a vital process towards optimising health care management, accompanied by the rise of valuable enablers such as
Electronic Health Records (EHRs) (Ambinder, 2005).

An EHR contains thorough clinical information and can thus facilitate knowledge extraction. However, establishing
relationships within the data to formulate a medical diagnosis still mostly relies on the physicians’ experience. Artificial
Intelligence (AI) is suitable for discovering patterns in vast datasets, an ability that could support and benefit clinical
decision-making. Therefore, AI-based clinical systems will become an important instrument to assist professionals,
leveraging all available information from the patient’s journey.

Moreover, EHRs mirror the heterogeneous nature of clinical data, often collected through different procedures and
stored in distinct formats. Unfortunately, with this variability also comes inconsistency. In fact, most real-world datasets
are incomplete, which yields deleterious effects on Machine Learning (ML) models built thereon. In healthcare, reliable
ML-based systems must be able to cope with missing values since their performance may influence clinical decision-
making (Iranfar et al., 2021; Kang and Tian, 2018). This concern, along with the ubiquity of missing data in real-world
databases, prompted a growing interest in developing strategies that address this challenge, particularly missing value
imputation techniques.

In recent years, some authors have developed techniques that account for correlation when imputing missing values,
stating that such a choice is beneficial. Even though correlation cannot assure a causal relationship between missingness
and its source, it may still provide helpful insights for predicting missing data. The concept of correlation gains
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relevance in clinical datasets, where distinct features are frequently different manifestations of the same physiological
event or medical condition, consequently exhibiting a significant level of dependency. Although promising, the study
of correlation within the context of missing value imputation is still scarce in biomedical research.

Therefore, this work exploits the correlation between attributes to address the challenges posed by missing data in
real-world medical datasets, aiming to improve the robustness of ML-based systems. This paper contributes to the State
of the Art with three novel correlation-based imputation techniques, which leverage not only the correlation between
values but also the correlation between values and missingness patterns, an innovative and unique strategy. These
techniques overcome the limitations of existing imputation methods in terms of their dependency on a complete data
subset. Furthermore, a comprehensive comparative study was conducted to evaluate the effectiveness of the developed
techniques.

The remaining of this paper is organised as follows. Related works, particularly state-of-the-art correlation-
based imputation techniques, are briefly presented in Section 2. Section 3 covers materials and methods, including
missingness mechanisms and correlation. Section 4 provides detailed descriptions of the proposed imputation
techniques. Section 5 introduces the five datasets used throughout this work and the experimental setup. The obtained
results are presented and discussed in Section 6. Lastly, Section 7 concludes this paper by reviewing its main findings
along with perspectives for future work.

2. Related Work
There are two main approaches to address the challenges imposed by missing data, namely deletion and imputation.
The deletion methods, or techniques for ignoring missing data, are straightforward procedures based on completely

recorded samples. As for imputation methods, their key purpose is to fill in, i.e. replace, the missing elements
with predicted values, usually estimated from the observed data. These methods include a simple mean imputation,
regression imputation and K-Nearest Neighbours (KNN) imputation (Little and Rubin, 2019).

As previously mentioned, several authors have recently turned their attention to correlation-based imputation
techniques. Mishra et al. (2021) proposed an imputation method that replaces the missing elements in an attribute
with predictions from regression models trained with features that are highly correlated with the incomplete attribute.
Sefidian and Daneshpour (2020) also presented regression-based algorithms, called Correlation Maximisation-based
Imputation Methods (CMIM), which attempted to maximise the correlation between the missing attributes and the
remaining ones. Liu et al. (2019) developed the Correlation-based Hierarchical K-Nearest Neighbors (CoHiKNN)
algorithm. This KNN-based algorithm utilises the correlation between attributes as weights to compute the distance
between each incomplete record and all complete records. Khan et al. (2022) proposed the Convolutional Neural
Network Imputation (CNNI) approach, which identifies existing correlations within a dataset to train a convolutional
kernel that will replace all missing values.

Nevertheless, state-of-the-art imputation approaches still face limitations that ought to be overcome, such as the
often unfeasible requirement for a complete subset, i.e. a subset without missing elements. Besides, a myriad of
imputation methods is only validated on datasets with a controlled and synthetic missingness, which does not fully
reflect the entropy of a real-world scenario.

3. Materials and Methods
3.1. Missingness Mechanisms

A nearly universal classification system for missing data problems was established by Rubin (1976), who pioneered
the study on how the processes that cause missingness affect data analysis. Within this scope, Little and Rubin (2019)
categorized the missingness mechanisms as Missing Completely at Random (MCAR), Missing at Random (MAR), or
Missing not at Random (MNAR). Although these mechanisms do not offer a causal explanation for the missingness,
they describe generic relations between data and missing elements, which are important to understand when choosing
the appropriate method to handle the missing values (Enders, 2022).

Let 𝑋 = (𝑥𝑖𝑗) denote an (𝑁 × 𝑔) dataset without missing values, i.e. a complete dataset, where 𝑁 is the number
of samples or observations, and 𝑔 is the number of features. 𝑥𝑖𝑗 is the value of variable 𝑋𝑗 for observation 𝑖. If 𝑋
contains missing data then the missingness indicator matrix 𝑀 = (𝑚𝑖𝑗) is defined, such that 𝑚𝑖𝑗 = 1 if 𝑥𝑖𝑗 is missing
and 𝑚𝑖𝑗 = 0 otherwise.
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According to Little and Rubin (2019), the formal description of the missingness mechanisms relies on the
conditional distribution of 𝑚𝑖 given 𝑥𝑖, hereby represented as 𝑓𝑀|𝑋(𝑚𝑖|𝑥𝑖, 𝜙), where 𝜙 denotes unknown parameters.

In the MCAR mechanism, the missingness is completely unrelated to the data values, missing or observed. This
mechanism verifies the equality

𝑓𝑀|𝑋(𝑚𝑖|𝑥𝑖, 𝜙) = 𝑓𝑀|𝑋(𝑚𝑖|𝑥∗𝑖 , 𝜙) (1)
for all 𝑖 and any distinct values (𝑥𝑖, 𝑥∗𝑖 ) in the sample space of 𝑋. Accordingly, Equation 1 acknowledges that the
probability of missingness on a variable 𝑋𝑗 is not dependent on other measured variables nor on the values of 𝑋𝑗itself.

In the MAR mechanism, the missingness is related to the observed values of the data, but not the missing ones.
Let 𝑥(0)𝑖 and 𝑥(1)𝑖 denote the observed and missing elements of 𝑥𝑖, respectively. This mechanism verifies the equality

𝑓𝑀|𝑋(𝑚𝑖|𝑥(0)𝑖, 𝑥(1)𝑖, 𝜙) = 𝑓𝑀|𝑋(𝑚𝑖|𝑥(0)𝑖, 𝑥∗(1)𝑖, 𝜙) (2)
for all 𝑖 and any distinct values (𝑥(1)𝑖, 𝑥∗(1)𝑖) in the sample space of 𝑋(1). In conformity with Equation 2, the probability
of missingness on a variable 𝑋𝑗 depends solely on the values of another measured variable (or variables) but not on
the values of 𝑋𝑗 itself.

Finally, the MNAR mechanism’s missingness is related to the unobserved data. According to Little and Rubin
(2019), the distribution of 𝑚𝑖 depends on the missing elements of 𝑥𝑖, i.e. Equation 2 does not apply for some sample
𝑖 and some values (𝑥(1)𝑖, 𝑥∗(1)𝑖). This is the only mechanism that permits an association between the probability of
missingness on a variable 𝑋𝑗 and the values of 𝑋𝑗 itself. Also, the missingness can depend on the observed values of
the data as long as it still relates to the missing ones.
3.2. Correlation

Correlation is a measure of association between two variables, i.e. an indicator of how much a change in the
magnitude of one variable is related to a change in the magnitude of another variable (Schober et al., 2018). Although
knowing the values of a specific variable allows a better prediction of the values of a correlated variable, correlation
does not necessarily assure causality.

Correlation coefficients are statistical measures of the degree of correlation between variables. There are several
coefficients, each suitable for specific types of variables and with distinct underlying assumptions. Below, the
coefficients used in this paper will be presented.

Pearson’s (product-moment correlation) coefficient is one of the most used correlation measurements in medical
research. Commonly denoted by 𝑟, this coefficient measures the strength of a linear relationship between two numeric,
random variables 𝑋 and 𝑌 , calculated by the following equation:

𝑟 =
cov𝑋𝑌
𝜎𝑋𝜎𝑌

(3)
where cov𝑋𝑌 is the covariance value between 𝑋 and 𝑌 , and 𝜎𝑋 and 𝜎𝑌 are the standard deviations of variables 𝑋 and
𝑌 , respectively.

Pearson’s coefficient is a normalised covariance, scaled so that it ranges from -1 to +1, indicating a perfect negative
and positive linear correlation, respectively. Pearson’s correlation is only suitable for random numeric variables that
follow a bivariate normal distribution (Schober et al., 2018; Akoglu, 2018).

The Phi coefficient, denoted by 𝜙, is the equivalent of Pearson’s coefficient, which measures the linear correlation
between two binary variables 𝑋 and 𝑌 . It can be calculated through Pearson’s chi-square goodness-of-fit statistic for
the 2 × 2 contingency table of the two variables:

𝜙 =
√

𝜒2

𝑁
(4)

where 𝜒2 is the chi-square statistic and 𝑁 is the number of observations. The Phi coefficient also ranges from -1 to +1.
The point biserial correlation coefficient, represented by 𝑟pbi, measures the strength of association between a binary

nominal variable 𝑌 and a numeric variable 𝑋:
𝑟pbi =

𝑋̄1 − 𝑋̄0
𝜎𝑋

√
𝑝1𝑝0 (5)
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where 𝑝1 and 𝑝0 = 1−𝑝1 are respectively the proportion of samples with 𝑌 = 1 and 𝑌 = 0, 𝑋̄1 and 𝑋̄0 are respectively
the means of 𝑋 given 𝑌 = 1 and 𝑌 = 0, and 𝜎𝑋 is the standard deviation of 𝑋. This measurement also ranges from -1
to +1.

The chosen coefficients are all based on Pearson’s correlation. Therefore, the correlation values obtained for
relationships between different variable types are comparable.

4. Novel Correlation-Based Imputation Techniques
This paper proposes three novel techniques which leverage correlation when performing missing value imputation.

These techniques aim to tackle some of the drawbacks found in the methods from the literature, such as the need for
a complete subset and the evaluation on a single missingness mechanism. Furthermore, they exploit the concept of
correlation, a promising but still not widely adopted approach in medical research. Rather than just resorting to the
correlation between values, these methods investigate the potential benefits of considering the correlation between
values and missingness patterns. If this correlation is strong, then the missing elements on the incomplete variable
are confined to a particular segment in the distribution of the other variable’s values. Such association may be helpful
when computing estimates for the missing elements.

For this purpose, it is key to establish the procedure by which the matrices denoting the correlation between values
and missingness patterns are obtained. Consider any dataset and let 𝑔 denote the total number of features and 𝑔miss ≤ 𝑔
the number of features with missing values. 𝑔𝑗 represents the 𝑗th feature, where 𝑗 ∈{1, 2, ..., 𝑔}, and 𝑔miss,𝑖 represents
the 𝑖th incomplete feature, where 𝑖∈{1, 2, ..., 𝑔miss}. Furthermore, consider that 𝐶vm is a (𝑔miss × 𝑔) matrix. For every
pair {𝑖, 𝑗}, with 𝑔miss,𝑖 ≠ 𝑔𝑗 , 𝐶vm[𝑖, 𝑗] stores the correlation between the values of 𝑔𝑗 and the missingness pattern of
𝑔miss,𝑖, i.e. its binary missingness indicator.

Additionally, let 𝐶vv denote the standard (𝑔 × 𝑔) correlation matrix. This matrix is computed through a pairwise
deletion strategy, i.e. the correlation is calculated between the available values within each pair of attributes on an
analysis-by-analysis basis.
4.1. Correlation Weighted K-Nearest Neighbour Imputation

The Correlation Weighted K-Nearest Neighbour Imputation (CWKNNI) method was inspired by the imputation
technique CoHiKNN, proposed by Liu et al. (2019). However, instead of uniquely considering the correlation between
values of different attributes, the weights in CWKNNI are obtained through a weighted average of the correlation
between values and the correlation between values and missingness patterns. Additionally, CWKNNI overcomes the
limitation of CoHiKNN in terms of its dependency on a complete data subset to impute the missing values, as it
computes the correlation matrix through a pairwise deletion approach instead of performing listwise deletion.

The following step-by-step explanation provides the outline for CWKNNI:
1. Consider a dataset 𝑋, with 𝑔 features and 𝑁 instances.
2. Compute the (𝑔 × 𝑔) correlation matrix, denoted as 𝐶vv, and the (𝑔miss × 𝑔) matrix, hereby denoted as 𝐶vm, with

the correlations between values and missingness patterns. This approach considers the absolute value of these
correlations, thus accounting for the strength of the association, not its direction.

3. Order the features from lowest to highest missing rate. Imputation will be performed in this sequence, in a phased
manner.

4. Let 𝑔𝑗 denote the attribute being imputed. Create a subset 𝑋miss_𝑗 consisting of samples where 𝑔𝑗 is missing.
Furthermore, create a subset 𝑋obs_𝑗 with samples where 𝑔𝑗 is observed. If 𝑋miss_𝑗 is empty, skip to the next
attribute.

5. For each instance in 𝑋miss_𝑗 find the 𝑘 nearest neighbours within 𝑋obs_𝑗 . A weighted euclidean distance which
accounts for the presence of missing values is used as a distance measure:

𝑑𝑣𝑡 =
√

𝑤D ×
∑
𝑖∈𝑂𝑔

(1 −𝑤C𝑖) × (𝑣𝑖 − 𝑡𝑖)2 (6)

where 𝑑𝑣𝑡 is the distance between samples 𝑣 and 𝑡, 𝑣 is an instance of 𝑋miss_𝑗 , 𝑡 is a sample from 𝑋obs_𝑗 . 𝑣𝑖 and
𝑡𝑖 are the observed values from the 𝑖th attribute of 𝑣 and 𝑡 respectively. 𝑂𝑔 is the set of indexes of the variables
that are not missing in 𝑣 nor in 𝑡. 𝑤D is the quotient between the total number of features 𝑔 and the dimension
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of 𝑂𝑔 . As for 𝑤C𝑖, it is a weighted average of the correlation between 𝑔𝑗 and 𝑔𝑖, and the correlation between the
values of 𝑔𝑖 and the missingness pattern of 𝑔𝑗 :

𝑤C𝑖 = 𝑝 × 𝐶vv[𝑖, 𝑗] + (1 − 𝑝) × 𝐶vm[𝑖, 𝑗] , 𝑝 ∈ [0, 1] (7)
Note that 0 ≤ 𝑤C𝑖 ≤ 1.

6. Replace the missing value of 𝑔𝑗 in each instance of 𝑋miss_𝑗 with a weighted prediction, in which the weights
are the inverse of the computed distances 𝑑𝑣𝑡: a closer neighbour has higher importance (i.e. weight) in the final
prediction. The mean value is used for numeric variables, whereas the mode is used to impute binary attributes.

7. Repeat Steps 4-6 until all missing values from all features have been imputed.
The number of neighbours 𝑘 and the percentage 𝑝, i.e. the weight placed on the correlation between values in

comparison to the correlation between values and missingness pattern, are two parameters of CWKNNI.
This method also accepts a boolean parameter, initial_fill, which determines if an initial and temporary imputation

with the standard KNN method is carried out. The values from this imputed dataset will be used for the calculation
of both 𝐶vv and 𝐶vm. Furthermore, the subset 𝑋obs_𝑗 will be formed by these KNN imputed samples. The number of
samples within each 𝑋obs_𝑗 remains the same; the only difference is that no instance has missing attributes. As for the
sample being imputed, 𝑔𝑗 will be its only missing feature.

Additionally, the boolean argument update controls if the imputed values will be used in subsequent phases of
imputation instead of just considering the original values of each sample. Both matrices 𝐶vv and 𝐶vm are updated at
the beginning of each phase, thus accounting for the newly imputed values. Note that the missingness patterns used to
calculate 𝐶vm do not change.
4.2. K-Nearest Neighbours Selected by Correlation Imputation

As with most KNN-based approaches, CWKNNI exhibits an increased computational cost for high dimensional
data. The K-Nearest Neighbours Selected by Correlation Imputation (KNNSCI) method was created to overcome this
drawback. For each variable to be imputed, this technique performs a pre-selection of features based on correlation,
which reduces the dimensionality and facilitates its application on large datasets. The outline for this method is given
below:
1-4. Equal to Steps 1-4 from CWKNNI.

5. Using the correlation matrices, compute the coefficient 𝑟C𝑗,ℎ between attribute 𝑔𝑗 and the ℎth attribute of 𝑋
(apart from 𝑔𝑗). This coefficient is equal for all samples within the subset 𝑋miss_𝑗 and is obtained through the
following equation:

𝑟C𝑗,ℎ = 𝑝 × 𝐶vv[ℎ, 𝑗] + (1 − 𝑝) × 𝐶vm[ℎ, 𝑗] , 𝑝 ∈ [0, 1] (8)
Note that 0 ≤ 𝑟C𝑗,ℎ ≤ 1.

6. Create a subset 𝑋obs_𝑗 with samples where 𝑔𝑗 is observed. Find the features where 𝑟C𝑗,ℎ < 0.7 and remove their
columns from both 𝑋miss_𝑗 and 𝑋obs_𝑗 . The value of 0.7 was chosen based on the work of Schober et al. (2018),
which stated that a coefficient above 0.7 indicates a strong correlation.

7. For each instance in 𝑋miss_𝑗 find the 𝑘 nearest neighbours within 𝑋obs_𝑗 (after removing the columns with
𝑟C𝑗,ℎ < 0.7). A standard euclidean distance is used as a distance measure.

8. Replace the missing value on the attribute 𝑔𝑗 in each instance of 𝑋miss_𝑗 with a weighted prediction, in which
the weights are the inverse of the computed euclidean distances: a closer neighbour has a higher importance in
the final prediction. The mean value is used for numeric variables, whereas the mode is used to impute binary
attributes.

9. Repeat Steps 4-8 until all missing values from all features have been imputed.
In addition to the number of neighbours 𝑘 and the percentage 𝑝, KNNSCI also has the parameters initial_fill and

update, which serve a similar purpose as in CWKNNI.
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4.3. Correlation Weighted Regression Imputation
The Correlation Weighted Regression Imputation (CWRI) approach is a regression-based method in which the

missing values are imputed with predictions drawn from distinct linear regression models. This technique finds several
estimates for each missing value and combines them taking into account the correlational importance of the predictor
variables. This correlational importance is obtained through a weighted average of the correlation between values and
the correlation between values and missingness patterns.

A step-by-step outline of CWRI is presented:
1. Consider a dataset 𝑋, with 𝑔 features and 𝑁 instances. Additionally, let 𝑔miss denote the number of attributes

with missing values.
2. Compute the (𝑔 × 𝑔) correlation matrix, denoted as 𝐶vv, and the (𝑔miss × 𝑔) matrix, whereby denoted as 𝐶vm,

with the correlations between values and missingness patterns. This approach leverages the absolute value of
these correlations.

3. Build a 𝑔 × 𝑔 matrix, denoted as 𝑅, containing multiple linear regression models. Let 𝑔𝑖 and 𝑔𝑗 be two different
attributes of 𝑋, with indexes 𝑖 and 𝑗, respectively. For every pair {𝑖, 𝑗}, where 𝑖 ≠ 𝑗, 𝑅[𝑖, 𝑗] stores a linear
regression model in which 𝑔𝑖 is the independent variable and 𝑔𝑗 is the predictor.

4. Assemble the subset 𝑋inc including all incomplete samples, i.e. instances with at least one missing value.
5. Consider any instance of 𝑋inc, and let 𝑔𝑘 denote its 𝑘th missing attribute. Using every non-missing feature 𝑔𝑡in this sample, obtain the corresponding predicted value for 𝑔𝑘 through the regression model 𝑅[𝑘, 𝑡]. If 𝑔𝑘 is

a numeric variable, the final imputation will be a weighted average of all predicted values. If 𝑔𝑘 is binary, a
weighted mode is applied. To obtain the weight given to each variable 𝑔𝑡, denoted as 𝑤𝑘,𝑡, first calculate its
correlational importance 𝑤C𝑘,𝑡 through the following equation:

𝑤C𝑘,𝑡 = 𝑝 × 𝐶vv[𝑡, 𝑘] + (1 − 𝑝) × 𝐶vm[𝑡, 𝑘] , 𝑝 ∈ [0, 1] (9)
Note that 0 ≤ 𝑤C𝑘,𝑡 ≤ 1. After computing 𝑤C𝑘,𝑡 for every non-missing feature, 𝑤𝑘,𝑡 is a simple normalisation:

𝑤𝑘,𝑡 =
1∑

𝑡𝑤C𝑘,𝑡
×𝑤C𝑘,𝑡 (10)

6. Repeat Step 5 until all incomplete samples have been imputed.
The percentage 𝑝 is the only parameter of CWRI.

5. Experiments
5.1. Datasets

Three complete and publicly available datasets were selected from the UCI Machine Learning Repository: Wine
Data Set, only comprising numeric variables; SPECT Heart Data Set, which solely includes binary attributes; Statlog
(Heart) Data Set, a mixed-type dataset. The selection process was primarily based on the type of variables of each
dataset, as it is essential to ensure that these methods perform a suitable and efficient imputation regardless of the
attribute’s type.

Within this paper, multiclass nominal variables were one-hot encoded, and ordinal encoding was applied to ordinal
attributes. Hence, assessing the imputation precision is only relevant for numeric and binary variables.

Synthetic missing values were injected into these three datasets, under all three missingness mechanisms, with
three different missing rates (10%, 30%, and 50%) defined for every attribute. In the MCAR mechanism, all features
were incomplete and shared the same missing rate, whereas in the remaining two mechanisms, only 50% of the features
were incomplete but also had the same missing rate. A total of nine synthetic datasets were generated per UCI Machine
Learning Repository dataset. For this end, the R package missMethods (Rockel, 2022) was used, as it supplies functions
for injecting missing data. This manipulation enabled a comprehensive study that included different missing rates and
missingness mechanisms.

Then, since the main focus of this paper is to study missing value imputation in clinical contexts, two real-world
medical datasets were chosen: the Osteoporosis Dataset and the Cardiothoracic Surgery Dataset.

The Osteoporosis Dataset assembles publicly available data from the 2013-2014 cycle of the NHANES (National
Health and Nutrition Examination Survey Data, 2022). The dataset consists of 37 variables and 1643 subjects classified
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into three conditions: normal, osteopenia, and osteoporosis. The osteopenia and osteoporosis classes were combined
into a single one, thereby transforming this case study into a binary classification problem. As for the collected data,
Table 1 gives a brief characterisation of each feature group within the Osteoporosis Dataset, including the number and
type of variables, and the average missing rate.

Table 1
Brief characterisation of the Osteoporosis Dataset.

Feature Group Attributes Average missing rate (%)

Demographics 1 nominal, 2 ordinal, 1 numeric (1.1 ± 1.9)%
Nutrition 6 numeric (7.6 ± 0.2)%
Blood pressure 2 numeric (3.3 ± 0.3)%
Anthropometrics 2 numeric (0.6 ± 0.1)%
Physical fitness 1 numeric 10.0%
Blood lipids 4 numeric (27.8 ± 25.4)%
Hormones 3 numeric (8.9 ± 4.5)%
Biochemistry 2 numeric (3.1 ± 0.7)%
Physical activity 11 numeric (10.0 ± 0.1)%
Lifestyle 2 numeric (9.8 ± 0.0)%

After categorical encoding, the final working dataset was left with 43 variables, 36 numerical and 7 binary. The
dataset has a proportion of 73.2% incomplete samples, i.e. subjects with at least one missing value. Furthermore, 38.8%
of the individuals were classified as normal (healthy), and the remaining 61.2% were diagnosed with either osteoporosis
or osteopenia. The average age of all participants was 58 ± 12 years, with those classified as normal having a mean of
58 ± 10 years and the remaining, considered not healthy, an average age of 62 ± 12 years.

As for the Cardiothoracic Surgery Dataset, it contains clinical and demographic information retrieved by the
Cardiothoracic Surgery Service of Hospital de Santa Marta in Portugal from 2011 to 2019. For each subject, the
collection started during the pre-surgery period and extended up to one year after the surgical procedure. The dataset
contains records from 8122 patients and was used to predict the occurrence of complications within three months after
hospital discharge, in a binary classification problem. Data was collected on 106 medically relevant variables, which
can be grouped into the categories shown in Table 2.

Table 2
Brief characterisation of the Cardiothoracic Surgery Dataset.

Feature Group Attributes Average missing rate (%)

Hospitalisation 4 dates (23.7 ± 47.2)%
Cardiac history 4 ordinal, 1 binary (16.1 ± 35.3)%
Previous interventions 2 dates, 1 ordinal, 1 nominal (44.9 ± 51.6)%

Pre-operative risk factors 4 numeric, 3 ordinal,
4 nominal, 4 binary (0.9 ± 0.2)%

Pre-operative haemodynamics and
catheterisation

1 date, 5 numeric, 2 ordinal,
1 nominal, 1 binary (49.3 ± 42.8)%

Pre-operative status and support 4 binary (0.6 ± 0.2)%
Operation 1 text, 2 ordinal, 4 nominal (27.2 ± 46.1)%
Coronary surgery 2 numeric, 2 nominal (61.4 ± 0.7)%

Valve surgery 1 code, 8 numeric, 3 ordinal,
10 nominal, 7 binary (34.8 ± 30.2)%

Cardiac Surgery Morbidity Scale 1 numeric, 8 nominal (7.6 ± 22.1)%
Discharge details 2 nominal, 1 binary (32.4 ± 55.6)%

Patient demographics/ autocalculations 1 code, 10 numeric,
1 nominal, 1 binary (7.8 ± 26.4)%

An initial pre-processing was performed, and the working dataset was left with 5625 subjects, 92.7% of which are
negative cases. Those negative cases have an average age of 65 ± 13 years, whereas the positive cases have an average
I Curioso et al.: Preprint submitted to Elsevier Page 7 of 15
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age of 68 ± 12 years. After applying categorical encoding, the resulting number of features is 119, of which 31 are
numeric, and 88 are binary. Finally, 94.1% of the samples are incomplete.

In order to perform a time-based analysis, patients whose information was collected in 2019 were assembled in a
separate test subset. This group contains 667 subjects, from which 92.7% are negative cases. Therefore, the distribution
of class labels is maintained in this test set.
5.2. Experimental Setup

Prior to imputation, a grouped stratified 5-fold strategy was applied to each dataset. Note that the UCI Machine
Learning Repository datasets were divided after injecting synthetic missing values.

The performance of the proposed imputation techniques was evaluated through a comparative study. Overall, seven
other imputation methods were selected to be part of this study: Mean / Mode, Regression, KNN, CMIM (Sefidian
and Daneshpour, 2020), CoHiKNN (Liu et al., 2019), NMVI (Bhagat and Singh, 2022), and MICE (Van Buuren and
Groothuis-Oudshoorn, 2011). CMIM are a compilation of ten distinct imputation techniques; for this work only the
fifth one was implemented and tested. Additionally, the results produced by listwise deletion were also included in
the performed analysis. This selection sought to encompass both standard and modern methods with diverse baseline
strategies. These methods served as benchmarks, enabling a more informative evaluation of the proposed techniques.

Two types of performance evaluation were carried out: imputation precision and classification evaluation. The first
type assessed the quality of the imputation procedure by comparing the imputed values with the original ones, i.e.
ground truth, resorting to the mean absolute error (MAE). This evaluation could only be carried out on the incomplete
datasets generated from the three UCI Machine Learning Repository datasets since it is impossible to trace back
the real values of the missing elements in the remaining datasets. The classification evaluation studied the impact
of each imputation procedure on an ML model’s performance, namely on RF, SVM, and NB classifiers. A 5-fold
cross-validation strategy was adopted, and the average AUROC was used to compare the various imputation techniques.

The performed comparative study aimed to be as rigorous and fair as possible. To this end, hyperparameter tuning
constituted an essential step to guarantee that each imputation technique was being evaluated under the best possible
conditions, minimising the likelihood of any factors external to the imputation procedure corrupting the results. A
grid search technique was applied to each stratified fold of the original UCI Machine Learning Repository databases,
instead of the imputed datasets. The procedure followed for the real-world datasets was slightly different. As there is
no baseline dataset (ground truth), it was considered necessary to compute a grid search with 5-fold cross-validation
for each stratified fold of each imputed dataset to ensure a fair comparison between the imputation techniques. In order
to soften the computational cost, the number of tested values within some hyperparameters of the RF classifier was
lowered, as shown in Table 3. For each classifier, the optimal hyperparameters are the ones from the model with the
highest average AUROC. The AUROC was therefore selected to assess each classifier’s performance.

6. Results and Discussion
The imputation quality of the proposed methods will be first discussed. The average value of the three distinct

MAEs corresponding to the three chosen missing rates was computed for each imputation method when applied to
every synthetic dataset, as displayed in Table 4. Techniques unable to perform imputation for higher missing rates are
marked, as the calculated errors do not fully represent their efficacy. Since the MAE frequently grows with the missing
rate, because the amount of useful information decreases, the quality of the imputation performed by those techniques
is likely worse than what the displayed MAEs indicate. For this reason, although the marked techniques sometimes
have the lowest MAEs, they cannot be considered the best in terms of imputation quality.

The proposed correlation-based imputation methods yield consistently good results in all three missingness
mechanisms. Notably, compared to its competitors, CWKNNI is the most precise technique in the MCAR mechanism.
Furthermore, the ranking concerning the quality of the MCAR imputation procedure remains nearly unchanged
independently of the dataset, i.e. techniques that are superior (inferior) in the Wine Data Set are also superior (inferior)
in the SPECT Heart Data Set and the Statlog (Heart) Data Set. Figure 1 provides a visual representation of this
observation. Hence, for MCAR data of both numeric and binary types, it is inferred that CWKNNI will produce
estimates that are closer to the real values if they had been observed.

As for the MAR mechanism, the proposed methods exhibit an imputation quality close to their competitors,
although not clearly better. The injection of MAR values was based on the pairing of highly correlated features,
where one of the features determines the missing elements in the other. Hence it was expected that the proposed
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Table 3
Tested hyperparameter values for every classifier.

Classifier Hyperparameter Values

UCI Machine Learning Repository datasets

RF max_depth∈ {3, 5, 7, 9},
n_estimators∈ {5, 10, 25, 50, 100, 200},
criterion∈ {’entropy’, ’gini’},
min_samples_split∈ {10, 20, 50},
min_samples_leaf ∈ {5, 10, 25}

SVM random_state=42,
class_weight= ’balanced’,
C∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100},
gamma∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100}

NB var_smoothing∈ {1.0 × 10−4, 2.8 × 10−5, 7.7 × 10−6, 2.2 × 10−6,
6.0 × 10−7, 1.7 × 10−7, 4.6 × 10−8, 1.3 × 10−8, 3.6 × 10−9, 1.0 × 10−9}

Real-world medical datasets

RF max_depth∈ {3, 6, 9},
n_estimators∈ {10, 25, 100},
criterion∈ {’entropy’, ’gini’},
min_samples_split∈ {20, 50},
min_samples_leaf ∈ {10, 25}

SVM random_state=42,
class_weight= ’balanced’,
C∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100},
gamma∈ {0.0001, 0.001, 0.01, 0.1, 1, 10, 100}

NB var_smoothing∈ {1.0 × 10−4, 2.8 × 10−5, 7.7 × 10−6, 2.2 × 10−6,
6.0 × 10−7, 1.7 × 10−7, 4.6 × 10−8, 1.3 × 10−8, 3.6 × 10−9, 1.0 × 10−9}

methods would yield the best results out of all techniques since they account for the correlation between values in
the imputation process. Although their imputation quality was among the best, this superiority was not observed. The
impact of missingness on the correlation between values, which increases as the missing rate grows, may have harmed
the precision of the imputation procedure.

The MNAR mechanism generally presents the largest MAEs in all imputation methods, which was expected given
that most existing techniques, both standard and state-of-the-art, are MAR-based approaches, and thus provide better
results under the MCAR and MAR mechanisms. As for the proposed methods, their MAEs are also higher on the
MNAR mechanism and the values are similar to those yielded by the remaining imputation techniques.

Regarding leveraging correlation for the prediction of missing values, the quality of the imputation performed by
the proposed techniques CWKNNI and KNNSCI can be considered overall superior to that of competing correlation-
based methods, i.e. CMIM and CoHiKNN. Furthermore, unlike these methods, the developed techniques could perform
imputations for every missing rate, which again shows their superiority.

Table 5 concerns the classification performance evaluation, in which three different ML classifiers (RF, SVM, and
NB) were trained upon the imputed datasets, and their performance was compared in terms of AUROC. Recall that
this evaluation also includes results concerning the imputation performed on the two real-world medical datasets. As
for the synthetic datasets, the AUROCs regarding all missing rates of every mechanism were averaged. As before,
techniques unable to perform imputation on certain datasets are marked.

For each classifier, the proposed correlation-based imputation techniques are comparable to their competitors and
can even be considered superior in some cases. Particularly, RFs that were trained upon datasets imputed through
the proposed KNNSCI method exhibit an overall better performance, presenting the best AUROCs in 4 out of 6
evaluations, including the two real-world datasets, as shown in Figure 2. Although this result is not statistically
significant, combining the KNNSCI method with an RF classifier obtained the best classification performances in
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Table 4
Average MAE for all missingness mechanisms. The highlighted values are the lower MAEs in each assessment.

Imputation Method Wine SPECT Heart Statlog (Heart)

MCAR mechanism

Mean / Mode 0.18 ± 0.00 0.37 ± 0.01 0.25 ± 0.01
KNN 0.14 ± 0.01 0.26 ± 0.04 0.17 ± 0.05
NMVI 0.18 ± 0.03 0.42 ± 0.02 0.29 ± 0.00
CMIM 0.15(a) 0.29(a) 0.18(a)

CoHiKNN 0.15(a) 0.29(a) 0.20(a)

Regression 0.15(a) 0.29(a) 0.19(a)

MICE 0.17 ± 0.01 0.34 ± 0.05 0.23 ± 0.04
CWKNNI* 0.13 ± 0.01 0.25 ± 0.03 0.16 ± 0.03
KNNSCI* 0.13 ± 0.01 0.26 ± 0.04 0.17 ± 0.03
CWRI* 0.15 ± 0.00 0.29 ± 0.01 0.18 ± 0.02

MAR mechanism

Mean / Mode 0.23 ± 0.01 0.46 ± 0.05 0.35 ± 0.08
KNN 0.13 ± 0.03 0.19 ± 0.09 0.21 ± 0.11
NMVI 0.14 ± 0.02 0.43 ± 0.06 0.32 ± 0.12
CMIM 0.19 ± 0.04 0.23 ± 0.03(b) 0.21 ± 0.08
CoHiKNN 0.19 ± 0.02 0.16 ± 0.01(b) 0.28 ± 0.10
Regression 0.19 ± 0.05 0.13 ± 0.01(b) 19.02 ± 20.38
MICE 0.15 ± 0.03 0.29 ± 0.05 0.18 ± 0.03
CWKNNI* 0.13 ± 0.03 0.22 ± 0.10 0.24 ± 0.11
KNNSCI* 0.13 ± 0.03 0.20 ± 0.09 0.23 ± 0.11
CWRI* 0.18 ± 0.02 0.25 ± 0.13 0.27 ± 0.07

MNAR mechanism

Mean / Mode 0.35 ± 0.00 0.62 ± 0.11 0.41 ± 0.13
KNN 0.24 ± 0.05 0.38 ± 0.17 0.30 ± 0.11
NMVI 0.16 ± 0.04 0.49 ± 0.08 0.33 ± 0.05
CMIM 0.27 ± 0.06 0.41 ± 0.18 0.18 ± 0.02(b)

CoHiKNN 0.29 ± 0.02 0.41 ± 0.27 0.30 ± 0.04(b)

Regression 0.27 ± 0.07 0.24 ± 0.04(b) 0.20 ± 0.01(b)

MICE 0.24 ± 0.05 0.35 ± 0.08 0.27 ± 0.03
CWKNNI* 0.24 ± 0.05 0.39 ± 0.20 0.31 ± 0.12
KNNSCI* 0.24 ± 0.05 0.39 ± 0.16 0.30 ± 0.11
CWRI* 0.31 ± 0.01 0.45 ± 0.22 0.36 ± 0.07

(a) No average was computed and only the MAE for a missing rate of 10% is shown because the
technique was unable to perform imputation for the missing rates of 30% and 50%.
(b) The average was only computed with the MAEs for the missing rates of 10% and 30% because the
technique was unable to perform imputation for a missing rate of 50%.
* Algorithms developed in this work.

the two real-world medical datasets, which is a desired achievement when developing reliable and robust ML-based
systems to deploy in clinical contexts.

Moreover, correlation-based imputation yields the best AUROCs in 10 out of 18 evaluations, with the proposed
KNNSCI and CWRI techniques being the main contributors to these results. These imputation techniques not only
produced higher AUROCs but were also capable of performing imputation under all tested circumstances.

Initially, we believed that a more accurate imputation entailed a better classification performance. In order to
investigate this hypothesis, the ML classifiers were also trained upon the original (and complete) UCI Machine
Learning Repository datasets. Since these datasets represent an optimal imputation quality, i.e. a null MAE, comparing
the obtained results with those of the classifiers trained upon imputed datasets allows the hypothesis to be tested.
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Table 5
Average AUROC(%) obtained for each classifier. The highlighted values are the higher scores in each assessment.

Wine SPECT Heart Statlog (Heart) Osteoporosis Cardiothoracic Cardiothoracic (2019)

RF classifier

Original
Dataset 100.00±0.00 81.04±10.47 91.47±3.90 N/A N/A N/A

Listwise
Deletion 79.70±24.26(a) 70.04±11.94(a) 91.38±1.49(b) 79.96±5.59 77.55±14.35(d) 56.13±7.31

Mean / Mode 98.71±0.94 83.77±8.26 89.18±2.22 83.43±3.31 70.18±4.66 61.24±0.97
KNN 98.45±1.07 81.12±7.12 89.05±2.62 83.45±3.20 71.08±4.94 61.17±1.81
NMVI 98.27±2.05 83.86±6.03 88.06±2.59 78.04±2.59 65.61±5.04 57.07±0.94
CMIM 99.24±0.39(a) 86.50±5.50(a) 89.23±1.68(b) 83.36±3.36 (c) (c)

CoHiKNN 98.85±0.51(a) 88.93±7.27(a) 89.30±1.44(b) 83.57±3.12 (c) (c)

Regression 98.90±0.50(a) 81.91±5.03(a) 88.11±3.22(b) 83.21±3.20 70.36±4.81 60.16±0.97
MICE 98.99±0.69 83.02±4.83 89.12±1.96 83.37±2.92 70.63±4.51 59.60±1.41
CWKNNI* 98.56±0.91 82.25±5.19 89.33±1.71 83.64±2.85 (c) (c)

KNNSCI* 98.57±0.98 84.63±5.58 89.09±2.07 83.73±3.13 71.32±4.78 61.86±1.00
CWRI* 98.72±0.56 83.12±6.26 89.50±2.26 83.07±3.66 71.10±1.92 60.23±1.39

SVM classifier

Original
Dataset 100.00±0.00 83.39±9.43 91.17±3.17 N/A N/A N/A

Listwise
Deletion 91.97±15.99(a) 58.39±24.53(a) 89.55±2.9(b) 82.58±4.33 46.37±18.97 49.00±8.66

Mean / Mode 99.27±0.60 75.71±24.30 88.37±1.95 82.78±2.40 68.58±2.89 55.95±2.55
KNN 99.27±0.62 79.44±13.16 88.27±2.32 82.75±2.35 68.88±2.70 55.97±2.44
NMVI 98.78±1.72 84.72±4.36 88.31±2.09 80.39±3.19 68.54±2.92 55.61±2.56
CMIM 99.54±0.34(a) 85.42±3.88(a) 88.81±1.35(b) 82.57±2.52 (c) (c)

CoHiKNN 99.50±0.36(a) 85.47±5.84(a) 89.26±1.09(b) 82.74±2.32 (c) (c)

Regression 99.41±0.49(a) 83.85±3.68(a) 87.39±3.90(b) 82.29±2.25 63.72±4.18 56.67±1.64
MICE 99.35±0.54 80.77±14.89 88.49±2.00 82.62±2.59 68.96±2.54 55.56±2.89
CWKNNI* 99.35±0.50 80.91±9.92 88.54±1.46 82.91±2.70 (c) (c)

KNNSCI* 99.23±0.59 83.35±6.00 88.35±2.45 83.02±2.58 68.91±2.68 56.14±2.63
CWRI* 99.40±0.44 84.32±5.76 88.91±1.84 82.78±2.41 68.58±1.85 55.93±3.24

NB classifier

Original
Dataset 99.82±0.25 74.86±4.86 86.50±4.33 N/A N/A N/A

Listwise
Deletion 82.30±20.3(a) 68.97±9.65(a) 82.12±6.69(b) 77.28±5.35 50.85±14.71 49.58±3.16

Mean / Mode 97.79±1.90 74.63±5.95 85.50±1.55 77.54±2.82 66.58±4.57 58.00±0.88
KNN 98.21±1.13 75.92±4.04 85.93±1.99 77.80±2.93 67.05±4.27 57.86±0.78
NMVI 97.57±2.21 74.32±3.55 86.07±1.81 77.54±2.62 66.90±4.36 58.00±0.85
CMIM 98.07±1.48(a) 77.97±5.04(a) 85.32±1.42(b) 77.47±2.60 (c) (c)

CoHiKNN 98.58±0.81(a) 78.01±5.85(a) 85.84±0.61(b) 77.58±2.93 (c) (c)

Regression 98.00±1.50(a) 74.45±3.16(a) 85.69±2.37(b) 76.51±2.56 50.80±7.18 49.56±3.97
MICE 98.45±1.04 75.44±2.72 87.38±1.66 77.59±2.69 67.45±4.07 58.04±1.15
CWKNNI* 98.28±1.08 77.36±5.70 86.63±0.91 77.90±2.89 (c) (c)

KNNSCI* 98.30±1.15 76.60±3.74 86.19±1.46 77.79±3.05 67.06±4.26 57.94±0.79
CWRI* 98.12±1.40 75.11±5.13 86.28±1.57 77.55±2.80 65.07±3.50 57.56±0.68

(a) The technique was unable to perform under the MCAR mechanism with missing rates of 30% and 50%.
(b) The technique was unable to perform under the MCAR mechanism with missing rates of 30% and 50%, and under the MNAR
mechanism with a missing rate of 50%.
(c) The technique was unable to perform imputation due to high computational costs.
(d) Only 7.3% of the samples from the Cardiothoracic Surgery Dataset were used in this complete-case analysis, which is not at
all representative.
* Algorithms developed in this work.
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Figure 1: MAE for all synthetically generated datasets under the MCAR missingness mechanism.

Figure 2: AUROC for every imputation method performed on the working datasets, obtained through an RF classifier.

Furthermore, recall that the classifiers’ hyperparameters were chosen after a grid search was applied to the original
dataset, and no hyperparameter tuning was performed on the models trained upon the imputed datasets. Hence, the
classifiers trained upon the original datasets may have a slight advantage over the remaining, as their performance was
optimised.

Even so, in the SPECT Heart Data Set, for example, the vast majority of the RFs trained upon imputed datasets
outperform the RF trained upon the original dataset, thus demonstrating that there is not a clear relationship between
imputation quality and the performance of an ML model. Figure 3 depicts this example. This finding raises the question
of whether a more suitable imputation method for an ML-based clinical system is one that yields more precise estimates
or one by which a better classification performance is achieved. At first glance, a clinical prediction model should have
optimal performance, but it may not be acceptable to fully disregard the imputation quality of the chosen method. For
instance, consider an imputation technique that produces biased parameter estimates, i.e. distorts the original statistical
distribution of the data. In some cases, this permits a greater generalisation ability of the ML model trained upon the
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imputed data. However, the knowledge that should have been learned from the data may have been corrupted by the
imputation procedure, ultimately leading to a facilitated learning task and misleadingly better classification results.

Figure 3: AUROC for every imputation method performed on the SPECT Heart Data Set, obtained through an RF classifier.
These results are compared against the AUROC of the RF trained upon the original dataset (orange line).

Lastly, Table 5 shows that the most prominent differences in AUROC come from the scores produced by Listwise
Deletion in comparison to the others. This reinforces that this approach should be used cautiously because simply
discarding all incomplete instances may produce a dataset that is not representative of the original problem, particularly
for higher missing rates.

7. Conclusions
Missing data are ubiquitous in biomedical sciences, posing a recurring predicament in delivering reliable AI-based

clinical systems. There has been a growing interest in strategies that address this inevitable challenge, specifically
missing value imputation methods.

This paper proposed three novel correlation-based imputation techniques which leverage not only the correlation
between values but also the correlation between values and missingness patterns. Their performance was evaluated
in a comparative study which included existing methods, both standard and state-of-the-art. This study assessed the
imputation quality of the proposed methods under diverse missingness conditions and on distinct variable types.
Furthermore, classification performance was assessed on multiple datasets, both synthetic and real-world. Hence, a
comprehensive evaluation that is often lacking in literature was ensured. The proposed techniques were in compliance
with their competitors, sometimes outperforming them. In fact, the best AUROCs for real-world medical datasets were
obtained through an RF trained using data imputed with the proposed KNNSCI method.

One of the proposed imputation methods, CWKNNI, could not be applied to the most complex dataset due to
its high computational cost. Even though computational cost should not be a determining factor for dismissing an
imputation method, it is a concern that must be considered in future works. Moreover, note that this drawback is
shared by some state-of-the-art techniques, although it was overcome by the proposed methods KNNSCI and CWRI.

We found that a more accurate imputation does not entail a better classification performance, which may imply
that a trade-off between these two properties has to be made when choosing an imputation technique.

In summary, this work confirmed the auspicious role of correlation-based imputation in improving ML-based
clinical systems’ robustness to missing values while addressing important limitations of current imputation methods.
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A. Appendix

Table A.1
Tested parameter values for every imputation method within the comparative study.

Imputation Method Parameter Values

Mean / Mode missing_values = np.nan
Regression −
KNN missing_values = np.nan,

n_neighbors ∈ {5, 10, 15},
weights= ’distance’,
metric = ’nan_euclidean’

CMIM percentage ∈ {0.1, 0.5, 0.9},
threshold ∈ {0.1, 0.5, 0.9}

CoHiKNN n_neighbors ∈ {5, 10, 15}
NMVI −
MICE m=3, maxit=10, seed = 42,

defaultMethod=c("pmm", "logreg", "polyreg", "polr")
CWKNNI n_neighbors ∈ {5, 10, 15},

percentage∈ {0.2, 0.4, 0.6, 0.8},
initial_fill∈ {False,True},
update∈ {False,True}

KNNSCI n_neighbors ∈ {5, 10, 15},
percentage∈ {0.2, 0.4, 0.6, 0.8},
initial_fill∈ {False,True},
update∈ {False,True}

CWRI percentage∈ {0.2, 0.4, 0.6, 0.8}
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