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Zusammenfassung

Kohortenstudien zielen darauf ab, Risikofaktoren zu identifizieren, die den
Gesundheitszustand einer Bevölkerung in Bezug auf bestimmte Krankheiten
beeinflussen können. In der Epidemiologie werden die Teilnehmer von Gesund-
heitsstudien zur Ermittlung der Risikofaktoren einer Krankheit hinsichtlich
verschiedener gesundheitsbezogener Aspekte beobachtet, die bei der Entwick-
lung der Zielkrankheit eine Rolle spielen können. Diese Aspekte umfassten viele
Faktoren wie Lebensstil (z. B. Rauchen oder Alkoholkonsum) oder Medikamente
(z. B. Drogenkonsum), aktuelle Gesundheit (z. B. Diabetes oder erhöhter Blut-
druck) und soziodemografische Faktoren (z. B. Geschlecht, Familienstand).
Um die Daten zu sammeln, werden Personen eingeladen, an der Studie
teilzunehmen. Die Informationen von den Individuen werden durch Interviews
erhalten, z.B. Fragen zu ihren Gewohnheiten und dem aktuellen Gesundheitszu-
stand. Darüber hinaus werden medizinische Bilder akquiriert, um Anomalien
zu entdecken, z.B. erhöhte Brustdichte. In Kohortenstudien werden dieselben
Personen erneut zur Studie eingeladen, um die Untersuchungen zu wieder-
holen und die zeitlichen Veränderungen zu beobachten. Der Zweck dieser
Nachuntersuchungen besteht darin, den möglichen Zusammenhang zwischen
den Krankheiten und den Risikofaktoren zu identifizieren. Fehlende Daten sind
jedoch ein unvermeidlicher Bestandteil solcher Studien, bei denen einige Per-
sonen aus der Studie ausscheiden oder die Aufzeichnungen unvollständig sind.
Diese Arbeit bietet halbüberwachte visuelle Analyse-Frameworks, um diskrim-
inierende Subpopulationen in Kohortenstudiendaten zu untersuchen und zu
entdecken. Um dies zu erreichen, bieten interaktiv koordinierte Mehrfachan-
sichtsysteme die Möglichkeit, um die verschiedenen Assoziationen zwischen
Daten und Funktionen zu untersuchen. Mit S-ADVIsED kann der Analyst die
Ergebnisse des Subspace-Clusters untersuchen und visuell validieren. Mit Dis-
coVA kann der Analyst Subpopulationen anhand verschiedener Datentypen (z.
B.Multi-Omics und klinische Daten) identifizieren.
Um fehlende Daten in Längsschnittstudiendaten zu behandeln, bietet das VIVID
Framework außerdem Methoden zur Imputation (z. B. Mehrfachimputation)
und zur Überprüfung der Plausibilität der Ergebnisse.



vi

Abstract

Cohort studies aim to identify risk factors that may influence the health condi-
tions of a population regarding specific diseases. In epidemiology science, to
discover the risk factors of a disease, the cohort individuals are observed regard-
ing different health-related aspects that may have a role in developing the target
disease. These aspects involved many factors like lifestyle (e.g. smoking or alco-
hol consumption), or medicament (e.g. taking drugs), current health situations
(e.g. diabetes or having elevated blood pressure), and socio-demographic factors
(e.g. gender, marital status).
To collect the data, people are invited to join the study via advertisements. The
information from the individuals is acquired by having interviews, e.g. asking
questions about their habits examinations and doing to find out the current
health condition of individuals. Moreover, medical images are prepared to dis-
cover probable abnormalities, e.g. breast density. In cohort study data, the same
individuals are re-invited to the study to repeat the examinations and observe the
changes over time in different time points. The purpose of these follow-ups is to
identify the possible link between the diseases and risk factors. However, missing
data are an inevitable part of such studies where some individuals drop from the
study of the records is incomplete. This thesis provides semi-supervised visual
analytics frameworks to explore and discover discriminative subpopulations in
cohort study data. To reach this, interactive coordinated multiple views systems
provide a platform to investigate the different associations between the data
and features. S-ADVIsED enables the analyst to explore the results of subspace
clustering and also validate the results visually. DiscoVA enables the analyst to
identify subpopulations using different data types (e.g. multi-omics and clinical
data).
Additionally, to handle missing data in longitudinal study data, VIVID frame-
work provides the methods to explore and impute (e.g. multiple imputation)
the missing values. Moreover, it allows the expert to check the plausibility of the
results.
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2 CHAPTER 1. INTRODUCTION AND MOTIVATION

The main aim of population health studies as an interdisciplinary field

is to improve the health situation of a group of people who have some

shared characteristics, e.g. they reside in the same area, they have the

same lifestyle or they are of the same ethnicity [1]. The experts of pop-

ulation health investigate the determinants which influence the level of

health within and across populations. The factors that may influence

the determinants consist of the biological history, lifestyle, and socio-

demographic status of a population.

In this thesis, we try to find an answer to the question of what level of

guidance is necessary to support the biomedical experts for analysis of

the data? and how the quality of the data may influence the analyses?

Additionally, is the analysis of large-scale with divergence types possible?

There are certain obstacles to make a complex analysis of medical data

possible for medical experts. Firstly, for analysis of the data, the biomedi-

cal experts usually do not have enough programming skills and prefer not

to be thrown into a pool of parameters because it costs a lot of time and

effort to find out the influence of changing each parameter on the result.

Secondly, the medical data are high dimensional and heterogeneous, thus

it makes it hard to aggregate the data and find answers for the medical

questions.

Generally, this thesis tackles the following challenges:

• Improving data quality using visualization techniques along with sta-

tistical and data mining techniques on longitudinal epidemiological

studies

• Allowing biomedical experts to derive and validate complex hy-

potheses

• Introducing semi-exploitative approaches to analysis complex het-

erogeneous medical data

To find patterns among the epidemiological data we need to analyze them

by statistical or machine learning techniques. Before performing any tech-

nique we should make sure that the results are trustable. Thus, to achieve
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correct results we need to consider the correctness of the data and the ap-

plied techniques.

Thus, a part of this thesis focuses on data quality, i.e. missing data issues

as an inevitable part of healthcare studies. The remaining part of this the-

sis provides a combination of data mining techniques as well as visual-

izations to find a pattern on the data, for example, identifying high-risk

sub-cohorts vs. low-risk sub-cohorts.

This thesis is organized as follows:

• Chapter 2 provides information on the basis of epidemiological stud-

ies including the history, data, and aims. Moreover, a brief descrip-

tion of the widely used machine learning techniques for the analysis

of epidemiological data is given.

• Chapter 3 covers a summary of the data quality issues. The main fo-

cus of this chapter are missing data issues in longitudinal epidemio-

logical data. A proposed framework for handling missing data using

visualization techniques is explained.

• Chapter 4 covers the sub-cohort discovery in epidemiological data.

The clustering techniques are used as the core of this chapter. A pro-

posed framework for sub-cohort validation and discovery in cross-

sectional data is described. Additionally, the mock-ups for the exten-

sion work for sub-cohort discovery in longitudinal data are provided.

• Chapter 5 focuses on the sub-cohort discovery of multi-omics data.

The provided framework for making complex visual queries on can-

cer patients’ heterogeneous data types and sources is described.

• Finally, Chapter 6 concludes the thesis by summarizing the contribu-

tions of the thesis.

Chapters 3,4 and 5 are based on conference and journal publications.
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6 CHAPTER 2. BACKGROUND & METHODS

In this chapter, a general description of epidemiology aims, terms, data,

and techniques to analyze the data is provided. The main focus of this the-

sis is employing data mining techniques to �nd patterns among epidemi-

ological data. Thus, the data mining techniques consisting of clustering,

classi�cation, feature selection, and dimension reduction techniques are

described more speci�cally.

2.1 Epidemiological Study Terms and Aims

Epidemiology studies refer to the occurrence and reasons of disease in spe-

ci�c populations. The aims of such studies are to prevent diseases by creat-

ing strategies using investigations in populations who already experienced

a disease.

Epidemiological studies measure the characteristics of populations. The

parameter of interest may be a disease rate, the prevalence of exposure,

or more often some measure of the association between an exposure and

disease. Because studies are carried out on people and have all the atten-

dant practical and ethical constraints, they are almost invariably subject

to bias.

The epidemiology science is about 2500 years old. Following gives an in-

troduction on epidemiology emergence and evolution [2]:

• Hippocrates: Hippocrates was a Greek physician and the �rst epi-

demiologist in history. He is known as "the father of medicine". He

was the �rst person who made a distinction between the terms "epi-

demic" and "endemic". When a special disease exists permanently

or for a long time in a region, it is called an "endemic" disease, for

example, the HIV infection is an "endemic" in parts of Africa. The

high prevalence of a disease in a high number of people at the same

time and in the same community is called an "epidemic". The epi-

demic diseases may spread through communities. When the disease

spreads all over the world, its disease is called a "pandemic". The

COVID-19 is an example of a pandemic disease in 2020 [3].

• John Graunt: John Graunt was a haberdasher and councilman in

London. In 1662, he published a landmark on the analysis of mor-

tality data. His contribution to epidemiology leads to understand-



2.1. EPIDEMIOLOGICAL STUDY TERMS AND AIMS 7

ing the facts on human life and diseases. One of his contributions

was the discovery that the ratio of births and deaths of men is more

than that of women, namely a ratio of 14 to 13. He also noticed that

although women have lower mortality, they get ill more often than

men.

• William Farr: William Farr was a mortality statistician from Britain

and is known as the father of modern vital statistics. He introduced

many basic statistical models that are widely used today in the clas-

si�cation of diseases.

• John Snow: In 1854, and in the time of exploitation of the cholera

epidemic in the Golden Square of London, John Snow made some

investigations to discover the cause of the disease and �nd solutions

to prevent it. He believed that the source of cholera infection was the

water. Thus, he illustrated a map of the Golden Square area to make

hypotheses about the source of cholera including the water pumps,

see Figure 2.1. In his illustration, called spot map, he marked the

geographical distribution of cholera cases and the water pumps to

�nd out the relationship between residents with cholera and water

pumps. In the end, he concluded that the Broad Street pump was

the main source of infection [4].

In the late 1800s, using epidemiological studies for investigation of infec-

tious disease prevalence became more common. Later, between 1930 and

1940, epidemiological research was extended to noninfectious diseases.

Afterward, epidemiology science was applied to almost all health-related

issues.

Epidemiological Data Types. In this section, a description of sources and

types of epidemiological data is provided. Generally, based on the data col-

lection, the epidemiological studies are classi�ed into two categories the

observational or experimental. In the observational type, a disease like

a �ue is analyzed in the wild, while in the experimental type the expert

controls the study features, e.g. drug trials [5]. The main focus of this the-

sis is based on observational studies. The epidemiological studies can be

categorized into non-inclusive three stages/types. Figure 2.2 shows a tax-

onomy of the cohort studies. In the following, the observational studies

are described [6] and [7].
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Figure 2.1: John Snow on cholera. London: Humphrey Milford: Oxford University
Press; 1936.

Cohort studies: The cohort studies are usually helpful to understand the

pattern of spreading of diseases in a population. The results can be ex-

tended to wider populations. These studies are mostly used for preventive

decisions.

Case studies: The aim of case studies is to investigate the pattern of

spreading a disease under speci�c conditions by examining a set of fac-

tors and individuals. In these studies, there is no allegation to extend the

results to a bigger population.

Control studies: In control studies, the individuals of the study are

grouped based on the speci�c diseases and they are compared with a
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Figure 2.2: Taxonomy of epidemiological studies.

controlled group of unexposed individuals, for example, a group who

experienced an infection vs. healthy people.

2.1.1 Cohort Study Data Sources

The cohort study data are collected from various sources to describe indi-

viduals' characteristics in a population. The common sources of the data

are as follows :

• Socio-economic and demographic �ndings: This information is

mostly collected by questionnaires and interviews of the study par-

ticipants. Socio-demographic refers to features like age, size, gender,

marital status, and information like having pets. Socio-economic

usually includes pieces of information on the level of education,

monthly income, house type, and occupation pattern [8].

• Physical examinations: The physical characteristics of individuals

that are associated with their health condition are examined or as-

sessed and are saved to the database. Some physical characteristics

consist of height, weight, BMI, blood pressure.

• Laboratory tests: The tests that may be associated with a disease are

examined by blood or urine tests. These features are including glu-

cose and blood sugar.
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• Medical records: The medical history of individuals may give infor-

mation about the current health condition of the participant. Thus,

the data regarding experienced diseases, treatments as well as used

medicaments are collected and saved in the database.

• Medical images: Sometimes the information from medical images

like MRI or X-ray is extracted and annotated by an expert in a form

to be able to be saved in the database. This information re�ects the

health status of an individual regarding a speci�c disease, e.g. fatty

liver. However, collecting information from medical images is not

trivial due to the costs and the time of the procedure.

2.1.2 Cross-Sectional Study vs. Longitudinal Study

Cross-sectional: In this type of study the data of a speci�c population

and the pattern and relationship between features are collected in a sin-

gle time point. In cross-sectional studies, the participants are not tracked

for changes over time. In fact, the main task here is to analyze the partici-

pants in a single given time point. For example, analyzing the relationship

between diabetes and smoking based on the comparison of sub-cohort A

aged between 20 and 30 and sub-cohort B with participants between 31

and 40 years. Thus, the analyst should check the diabetes status for smok-

ers and non-smokers for sub-cohorts A and B.

Although cross-sectional studies have no additional costs and their analy-

sis is not in�uenced by issues like dropouts, they are not suf�cient to �nd

out the cause of disease due to the re�ection of a speci�c event in the past.

This is mainly because cross-sectional studies only consider a single time

point and ignore what happens in the past or future.

Longitudinal study: In longitudinal studies, the data is collected repeat-

edly from the same participants over time. The process of collecting data

in longitudinal studies may take some years or decades. The time spent

on data gathering depends on the type of information that needs to be

collected.

The longitudinal studies are helpful because they allow the analyst to de-

tect any changes in participants' characteristics. This makes it possible

to follow the participants' characteristics as a sequence of events. An ex-
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Figure 2.3: A general categorization of the most common data mining techniques.

ample of the usage of this kind of study is when the analyst wishes to ob-

serve the changes in the fatty liver status of women aged between 30 and

40 years who are smokers and follow these patients for the next 10 years.

Therefore, it helps to understand the relationship between gender, smok-

ing, and fatty liver.

Although from an economic point of view, longitudinal studies are more

expensive than cross-sectional studies, they provide stronger results by

involving detailed information of participants over time. However, cross-

sectional studies are less challenging because there is no need for follow-

up involvement of the same participants.

2.1.3 The Role of Data Mining in Epidemiological Studies

The data mining techniques as a part of computer science are applied in

different research areas. They aim, to identify patterns in the data or pre-

diction of an event by incorporating a different set of algorithms, statistics,

and mathematics. One of the main goals of this thesis is to apply data

mining techniques along with visualizations to analyze the data. In the

following, some data mining techniques are explained, see Figure. 2.3.
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Classi�cation

Classi�cation is a supervised learning task to predict the class/label/target

of a given data point. The classi�cation consists of two steps: training and

test. In the training step, the data (usually a part of the dataset) is used

for the learning of the classi�er; then, the test data assesses the accuracy

of the classi�er. In the following the well-known classi�cation algorithms

are described [9].

• k-Nearest Neighbor (KNN): The KNN is a common classi�cation

method where each observation is analyzed based on its closest

neighbor and inherited its label from the nearest neighbor. The

KNN technique is very intuitive and easy to implement, but it is not

the best choice for the classi�cation of high-dimensional data. We

used a visual classi�er in Chapter 4 for the discovery and validation

of sub-cohorts based on the KNN algorithm. The overall steps to

perform KNN classi�cation are as follows:

a For each sample in the database, calculate the distance be-

tween samples and keep the distances in an array.

b Sort the array of each sample based on the distances in ascend-

ing order.

c Pick the �rst K entries from the k selected entries.

d Return the mode of the labels of the K selected entries.

Figure 2.4: Example of a simple decision tree.

• Decision trees: The decision tree is a popular classi�cation tech-

nique that classi�es the data in a tree structure by applying if-then
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rules. The tree structure is built based on a top-down recursive ap-

proach. The decision tree is only applicable to categorized data, thus

to perform it on continuous data, it should be discretized in a prepro-

cessing step. Figure 2.4 shows a simple example of decision trees.

The main issue with decision trees is over�tting. It may lead to over-

growing the tree in many branches in the presence of outliers. There

are some pruning techniques to manage this problem to prevent the

tree from growing or pruning the unnecessary branches after grow-

ing the tree. Iterative Dichotomoiser 3 (ID3) and C4.5 are the most

famous decision tree algorithms. ID3 proposed by Ross Quinlan in

1986 [10].

ID3 has a top-town greedy strategy and in each iteration, the algo-

rithm selects the best features, i.e. divides the features into groups

of two or more which is called a node. In general, ID3 construct a

decision tree in the following steps [11]:

1. Get the dataset with n features as input.

2. For each i feature in the dataset.

3. It calculates the amount of certainty by entropy and informa-

tion gain of feature i .

4. It selects the feature with minimum entropy and maximum gain

as the best feature best.

5. Split the dataset based on feature best.

6. Create a node in the decision tree for best feature.

ID3 has several drawbacks: �rst, the usability of ID3 is usually lim-

ited to only categorical features. Second, because of the over�tting

it usually works well with the learned dataset, but fails to adapt and

generalize with new datasets.

In 1993, Quinlan proposed C4.5 as an extension of ID3 to tackle the

drawbacks of ID3. C4.5 is able to handle both continuous and cate-

gorical values, e.g. it uses a threshold value to discretize the contin-

uous values. Moreover, it will prune the decision tree by removing

branches that have less in�uence on the classi�cation of the data.

Node-link/ Network diagrams and icicle plots are conventional visu-

alizations of the decision trees. The node-link diagrams use a net-
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work representation to show the connection (by links) of the nodes

(usually circles/dots/icons). Icicle plots are used to show hierarchy

information; originally they are used to show the hierarchical clus-

tering result [12].

BaobabView 1 is a famous tool for construction, pruning, and visual-

izations of decision trees [13]. Figure 2.5 shows a screenshot of Baob-

abView that uses node-link diagrams to represent the decision trees.

Figure 2.5: The interface of the tool for visualization of decision trees proposed
by [13]

• Random Forest: Random forest is the enhanced version of the de-

cision tree as it manages the problem of over�tting by selecting and

merging the best decision trees. The random forest consists of a large

number of decision trees, as each tree implies a class prediction. The

model of prediction will be assessed by the class with the most votes.

The key to build the result is the low correlation between the models.

Thus, the random forest can be used as a solution for both classi�-

cation and regression problems. Generally, the random forest algo-

rithm has four main steps (see Fig. 2.6):

1. In the �rst step, a portion of random samples is split from the

given dataset as the training dataset.

1 Baobab is an African short tree with an enormously thick trunk. It can live to a great age
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2. Second, a decision tree is constructed for each sample of the

training dataset. Then, the prediction results are assessed from

every decision tree.

3. Next, the algorithm will make a voting for all predictions.

4. In the last step, the most voted prediction result will be selected

as the result for the �nal prediction.

Figure 2.6: Random forest algorithm steps.

• Neural networks: The arti�cial neural networks are built based on

neuron elements inspired by the human neuron system. They con-

sist of multiple layers of neurons where each neuron takes a real

value which is multiplied with a weight [14]. Although neural net-

work classi�cation works well with high-dimensional data and is

able to �nd the complex relationships between features, it is non-

trivial to be implemented as it needs a large dataset for training as

well as high computational power for training the model. Generally

training a network consists of the following steps:

1. Split the input data to train and test subsets.

2. The training data, i.e. data and an array of the corresponding

labels for training, should be fed to the model.

3. The model trains to �nd the relationship between the data and

the labels.

4. The test dataset should be fed to the model to predict the labels.

5. Evaluate how the predictions match the labels of the test dataset.
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Feature Selection

• Filter approach: In the �lter approach or single-factor analysis, the

power of each feature for prediction is evaluated. The predictive

power can be evaluated in various ways, such as getting the corre-

lation between features and the target feature. The target feature is

the one that should be predicted.

• Wrapper approach: The wrapper approach uses a combination of

features to assess the predictive power. The most used wrapper ap-

proaches are forward step-wise, backward step-wise, and subset se-

lection. The aim of the wrapper approach is to �nd the best combi-

nation of features. This technique is not suitable for large datasets as

it is highly computationally intensive.

• Embedded approach: The embedded approach assigns weights

to features. The features which are not good predictors get a low

weight. In contrast, the features with a high predictive role get a

higher weight. The regression techniques such as LASSO regression

and RIDGE regression are used for the weighting of features.

Association Rule Mining

The aim of association rules is to identify a set of items or features that

occur together in a dataset. The term i temset refers to a set of items to-

gether, i.e. consisting of more than one item. The frequent itemset mining

technique identi�es the itemsets that appear together.

Association rule methods discover interesting relationships between fea-

tures in a dataset based on some interestingness of measurements. If T is

a set of transactions, X and Y are the itemsets and X ) Y are an associ-

ation rule; then, the most important evaluation measurements to assess

the interestingness the discovered rules are as follows [15]:

• Support: The suppor t factor indicates how frequently the items in

a speci�c rule appeared together.

supp( X) Æ
j{t 2 T ;X µ t }j

jT j
(2.1)
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• Con�dence: The con f idence factor represents the reliability of a

speci�c rule. It indicates the percentage of the rule found true.

conf( X ) Y ) Æsupp( X [ Y )/supp( X) (2.2)

• Lift: The l i f t value re�ects the importance of a speci�c rule. It is

commonly computed by the equation below.

lift( X ) Y ) Æ
supp( X [ Y )

supp( X) £ supp(Y )
(2.3)

Figure 2.7: An example of the visualization of association rules using arulesViz
package in R [16]

We used associate rules in Chapter 3 to �nd shared characteristics of par-

ticipants who left the study.

• Apriori algorithm: The Apriori algorithm is one of the oldest and fa-

mous association rule mining algorithms proposed by Agrawal and

Srikant in 1994 [17]. Apriori uses a bottom-up approach and itera-

tively �nds the frequent data items in a dataset. The input of the

algorithm is the dataset and a minimum support threshold which is

set by the user. It identi�es the itemsets by the following steps:
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1. First, consider each item as a 1-itemsets candidate. Then, the

occurrence of each item is counted by the algorithm.

2. Pick the candidates that satisfy the minimum support speci�ed

by the user for the next iteration.

3. Combine dual items and discover 2-itemset frequent items that

satisfy minimum support.

4. Prune the 2-itemset candidate by minimum support value.

5. Continue the combining and pruning steps to �nd k-itemsets

that satisfy minimum support.

6. By meeting the criteria, �nding the most frequent itemsets, the

algorithm will stop.

Figure 2.8: The steps of the Apriori algorithm.

• FP-Growth algorithm: The FP-Growth is another popular and high-

performance association rule mining algorithm proposed by [18] to

�nd frequent patterns. The overall steps of the FP-Growth algorithm

are as follows:

1. Scan the database for the �rst time to �nd a frequent 1 ¡

i temset, i.e. single item pattern.

2. Sort the frequent items based on frequency in descending order,

f-list.
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3. Construct the FP-tree by re-scanning the database.

4. Sort the conditional FP-tree in the reverse order of the f-list to a

generate frequent item set.

In Chapter 5, we use the FP-Growth algorithm to �nd out the set of

patients who frequently appeared together in regions of interest of

the DNA sequence.

Dimension Reduction

Dimension reduction techniques appeared in the early 20th century to

tackle analytics of high-dimensional data. In general, it is obvious that

dimension reduction techniques are applied to reduce the number of fea-

tures of a given dataset without losing too much information.

Nowadays, we are generating a huge number of data in our daily life, as

about 90% of the data around the world was only produced in the past

four years. Some sources of the data include:

• Smartphones' apps collect a lot of personal information

• Google servers save the earth planet and searches

• Facebook collects all information that we share such as our clicks,

likes and, etc.

• Instagram saves photos, videos, and our likes.

The healthcare and epidemiological datasets are no exception. They store

health-related information of a population which leads to datasets with

hundreds/thousands of features.

One may ask why we need to reduce the number of features. There are

several reasons:

• By reducing the number of features, less space is required to store

the data.

• For analysis, training a dataset with fewer features needs conse-

quently less computation time.
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• Some techniques, e.g. global clustering, do not work correctly with a

high number of features.

• Most of the time in huge datasets some features are highly correlated,

thus dimension reduction techniques solve the problem of collinear-

ity by removing redundant features.

• It is easier to visualize low-dimensional data. Suppose that we have

two features of age and height, it is really easy to plot the relation-

ship between them in a scatter plot. In reality, we have many more

features in a dataset, i.e. hundreds. Now, the challenge is how to vi-

sualize for example a dataset with n features. It does not seem to be

a good way to visualize pairwise relationships of features as we need

n(n ¡ 1)/2 plots. It takes a lot of space and is dif�cult to follow.

Dimension reduction techniques are widely used in many �elds, e.g. for

the analysis of multi-omics data [19]. Figure 2.12 shows the usability of di-

mension reduction techniques for analysis of clustering results [20]. Anal-

ysis of high dimensional data is always challenging, because for the follow-

ing reasons:

• A problem is the curse of dimensionality which means that with the

increasing number of dimensions in a dataset the distance between

points becomes vague. It means by adding more dimensions, the

observations spread out from each other until the distance between

them becomes equal. Figure 2.9 illustrates this problem. Thus, the

clustering on lower dimensions of the data is more suitable for the

analysis [21].

Figure 2.9: By adding more dimensions, the sparsity increases exponentially [ 21].
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• With large datasets the training and analysis of the data is slow.

• A large dataset needs a bigger storage space.

• Usually, the data might be noisy and with a lot of irrelevant and re-

dundant features.

Thus, dimension reduction techniques help to address all the above-

mentioned issues by reducing the feature space. Some dimension re-

duction techniques are described subsequently.

• PCA: The principal component analysis is a linear well-used dimen-

sionality reduction technique [22]. This technique generates a set of

new features from a given huge dataset with a high number of fea-

tures. The new set of generated features is called the principal com-

ponent. The most common characteristics of PCA are that:

a The principal components are linear combinations of the origi-

nal features.

b The �rst principal component represents the maximum vari-

ance in the dataset and the second principal component's aim

is to describe the rest of the variance in the dataset which is un-

correlated to the �rst principal component.

c The next principal component describes the variance of the

dataset which is not included by the previous principal compo-

nents.

In Chapter 5 the PCA is used for 2D projection of mRNA data and to

visualize the similarity between sub-cohorts. In PCA the high vari-

ance features form the principal components and the data will be

rotated along the direction of higher variance.

In fact, each principal component is a linear combination of the orig-

inal predictors of the given dataset. As an example, suppose that we

are having a dataset with a set of p predictors and we want to extract

the two principal components PC A1 and PC A2.

If a set set of predictors is:

Nor mal i zed Predictor s ÆX1,X2, ...,X p (2.4)
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The �rst principal component is calculated as:

PC A1 Æ©11X1 Å ©21X2 Å ©31X3 Å ...Å ©p1X p (2.5)

where

Áp1 Æ(Á1,Á2,Á3, ...) is the loading vector for the �rst principal com-

ponent. As the large value of loading may lead to a large variance,

the sum of the squares of the loading vectors is limited and is equal

to one. The result of the PC A1 in the p ¡ dimensional space is a

line that is the closest to the n observations based on the (usually)

Euclidean distance. In other words, the resulted line minimize the

distance between the line and a data subject.

The second principal component PC A2 can be calculated the same

as PC A1, see Eq. 2.6. ThePC A2 is uncorrelated with PC A1 as their

correlation is equal to zero and it explains the remaining variance of

the dataset.

PC A2 Æ©12X1 Å ©22X2 Å ©32X3 Å ...Å ©p2X p (2.6)

When we visualize the two uncorrelated components, they have or-

thogonal directions to each other. Figure 2.10 shows the PCA calcu-

lation of RNA data in Chapter 5.

• MDS: Multidimensional scaling is also a popular linear dimension

reduction technique [23]. This technique computes the similarity of

the data points and projects the points in lower feature space based

on a distance function, i.e. Euclidean distance, as closer points in

high-dimensional data are also closer to each other in lower dimen-

sions. MDS is applied in Chapters 4 and 5 to show the similarity of

sub-cohorts. Following are the steps of MDS:

a Set the number of dimensions after reduction in n-dimensional

space. In n-dimensional space, this number could be between 2

and 3 (dimensions more than 3 are dif�cult to visualize). Then,

set the orientation of the coordinates north, south, east, and

west.

b The distance of all pairs of points in the dataset should be calcu-

lated using Euclidean distance. The result is an n ¤ n similarity

matrix, where n is the number of observations in the dataset.



2.1. EPIDEMIOLOGICAL STUDY TERMS AND AIMS 23

Figure 2.10: PCA shows uncorrelated components having orthogonal directions
to each other.

c Evaluate the stress function by comparison of the similarity ma-

trix and original dataset, where stress is a measure for goodness

of �t according to the predicted and actual distances.

d Adjust the coordinates to minimize stress.

• t-SNE: PCA and MDS are linear approaches, but what if we want to

�nd a pattern in a non-linear approach? T-distributed Stochastic

Neighbor Embedding is a non-linear dimension reduction tech-

nique that calculates the probability of the relationship between

data points in high-dimensional data, then mapping the points with

a similar distribution in the low-dimensional space [24].

Mainly there are two methods to map the data points in low-dimensional

space, local and global. T-SNE maintains the local and global struc-

ture simultaneously. Local techniques map each data point by

nearby data points in low-dimensional space. The second method

is a global technique that preserves the mapping of points on the

manifold of near points and keeps the distance of faraway points to

faraway data points. In other words, it aims to keep the geometry at

all scales, including low-dimensional space and high-dimensional
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space. It converts the distance between data points in the form of

probabilities.

In general, the t-SNE calculates the distance between data points in

three steps:

1. To calculate distances in high-dimensional space, t-SNE calcu-

lates the Euclidean distance between data points in the form

of probabilities which are representative for similarities of data

points. The distance probability between point xi and x j is

calculated according to 2.7, where ¾ is the variance of high-

dimensional data .

p j ji Æ
exp(¡jj xi ¡ x j jj2/ ¾2

i )
P

k6Æi exp(¡jj xi ¡ xk jj2/ ¾2
i ))

(2.7)

2. In the low-dimensional space, the distance probability between

data points yi and y j (corresponds to xi andx j in high dimen-

sional space) is calculated according to Equation 2.8.

q j ji Æ
exp(¡jj yi ¡ y j jj2)

P
k6Æi exp(¡jj yi ¡ yk jj2))

(2.8)

3. Minimizing the difference between probabilities in high-dimensional

space and low-dimensional space

In Chapter 5, the t-SNE is used as an option for 2D projection of RNA

data.

• UMAP: Although t-SNE works well with mid-size datasets, it has its

own limitations like computation time in the case of having very

large datasets.

The Uniform Manifold Approximation and Projection (UMAP) is a

recent dimension reduction technique [25] which is an enhanced

version of t-SNE. It managed to solve the issues with t-SNE. UMAP

works well with very large datasets and preserves both the local and

global structure of the data points. UMAP works with uniformly dis-

tributed data based on Riemannian geometry. The distance between

data points can be calculated by:
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1. Calculating the distance between the data points in high-dimensional

space.

2. Calculating the distance between the data points in low-dimensional

space.

3. Minimizing the difference between both distances using Gradi-

ent descent.

We used the UMAP algorithm as an option for projection of mRNA

data in Chapter 5.

Figure 2.11: Comparison of different dimension reduction techniques on different
datasets [25].
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Figure 2.12: A screenshot of ClusterVision for analysis of clustering results [20].

Clustering

Clustering is one of the most important techniques in machine learning.

It is an unsupervised technique with the aim of identi�cation of the cor-

relation between features in the data with minimum detailed information

about the data. The outcome of clustering can be used to generate hy-

potheses. The most important clustering algorithms are:

• K-means: The K-means clustering partitions the data into k clusters,

as the observations with the nearest mean, belong to the same clus-

ter [26]. In fact, it aims to minimize the variance of observations

within a cluster. Suppose having n observations {( x1,x2,x3, ...,xn )}

and d features, the k-means algorithm will group the n observations

into the k setsC Æ{C1,C2, ...,Ck }. Thus, the main goal is to �nd:

ar gc min
kX

i Æ1

X

x2Ci

°
° X ¡ ¹ i

°
° 2 Æar gc min

kX

i Æ1
jCi j V arCi (2.9)

where ¹ i is the mean of points in Ci . The K-means clustering is used

in Chapetr 3 in a step for generating the dummy dataset with missing

data.

• DBSCAN: The density-based spatial clustering of applications with

noise (DBSCAN) is a widely used density-bound clustering tech-
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nique [27] and [28]. The density-based techniques identify the areas

with high density as clusters. The density of data points within a

cluster is higher than outside of the corresponding cluster.

To measure the density of a speci�c data point, DBSCAN takes two

main parameters to be applied in clustering: eps specify how close

the observations should be in a dense region-based using a speci�c

distance measure, and minPoints determines the minimum num-

ber of connected observations in a region. DBSCAN has the strength

to identify outliers.

It is important to set the parameters to an appropriate value. If we

have a dataset with n data points, by setting epsto a very large value,

all data points will have a density n . The reason is that for each data

point all other points will lie in the eps area of the given data point.

In contrast, if we set eps to a very small number, all data points will

have density 1.

The data points in a DBSCAN approach can be in one of the three

following groups, see Fig. 2.13:

– Core point: Core point is a data point that always belongs to the

dense region. The number of points around a key point is more

than the de�ned number for minPoints within the espregion.

– Border point: If a point is in the neighborhood of a core point,

but has fewer points than minPoints within the esp area, it is

called a border point.

– Noise point: Any point which is neither a key point nor a border

point, is called a noise point.

The key points whose distance is maximum epslie in the same clus-

ter, while border points will be assigned to the cluster of its neighbor

key point. The noise points will be ignored and considered as out-

liers. Overall, DBSCAN works as follows:

a Identify and label key, edge, and noise points.

b Exclude noise points.

c Connect the core points which lie in a sphere within epsarea.
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d The connected core points will form a cluster.

e Assign each edge data point to its neighborhood key point.

The DRESS algorithm that we use for the subspace clustering of epi-

demiological data in Chapter 4 is a DBSCAN-based algorithm.

Figure 2.13: The circle shows the esparea of a DBSCAN algorithm.

• Hierarchical:

Hierarchical cluster analysis groups similar observations into clus-

ters. The result of hierarchical clustering is a set of distinct clusters

where the observations within each cluster are similar to each other.

Hierarchical clustering builds a hierarchy cluster based on a speci�c

strategy, either agglomerative or divisive [29]. Ag g lomer at i ve is a

bottom-up technique, which means that clustering starts with each

observation (each observation forms a cluster), and as we move to an

upper level of the hierarchy it merges the pairs of clusters. Di vi si ve

techniques are called top-down, where it starts with one cluster of

all observations and in each move down the iteration the cluster will

split up. The result of both techniques is visualized in a dendrogram.

The hierarchical clustering is used for the clustering of RNA samples

of cancer patients in Chapter 5.

• Subspace: Subspace clustering is a technique that considers all

features in the clustering process, and the algorithm �nds similar
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Figure 2.14: a) Shows the data points before clustering. b) Dendrogram of clusters
after hierarchical clustering. c) The iterative steps for hierarchy clustering of data
points in (a).

observations that can be grouped together in an overlapped subset

of dimensions [21]. There are a number of works that review the

(subspace-)clustering approaches. In fact, subspace clustering is the

enhanced version of the traditional clustering technique. Its main

aim is to �nd groups of objects in different subsets of dimensions, i.e.

subspaces, without eliminating some dimensions or objects. Over-

all, it has two main steps: the �rst is the feature selection and the

second step is to attempt the clustering technique. In other words,

subspace clustering needs a search method to evaluate each combi-

nation of subspaces to apply the clustering. A detailed description

of subspace clustering and its application to �nd sub-cohorts in

epidemiological data is explained in Chapter 4.

• Biclustering: Biclustering is a powerful data mining technique that

emerged to allow simultaneous clustering of rows and columns. Bi-

clustering techniques mainly were applied for clustering of omics

data, however, it is believed that with gaining knowledge on choos-

ing appropriate biclustering tools and enhancing the technique to be

applicable on a wide range of the data in can be applied on other vari-

ety of the data [30]. Biclustering is considered a pattern-based tech-

nique, it means depending on the problem the relevant algorithm

should be selected. In a generalized categorization, the algorithms

are de�ned as [31]:
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a Bicluster with constant values: The aim of this type is to �nd bi-

clusters with constant values on rows and columns. In practice,

this type of algorithm is not really applicable since, in reality, the

data is often noisy. Hartigan algorithm is an example to �nd bi-

clusters with constant values. Fig 2.15 (a) shows an example of

constant values bicluster. A perfect constant values bicluster is

a submatrix with size ( I , J), where for all i ² I and j ² J the values

are equal and the variance is zero.

b Biclusters with constant values on rows or columns: These

types of algorithms look for clusters with constant values on

rows or columns. To apply this type of algorithms the data

should be normalized in a preprocessing step. Many algorithms

focus on this type of biclustering. Fig. 2.15 (b) and (c) shows ex-

amples of constant values on rows and columns in the best

case. These types of biclusters can be obtained by ai j Æ¹ Å ai

or ai j Æ¹ ¤ ai expressions, where ¹ is a constant value within

a speci�c bicluster and ai is the adjusted value on i th row that

can be achieved either by an additive or multiplicative way.

c Biclusters with coherent values: These kinds of biclusters are

an improvement on the previous types which aim to �nd bi-

clusters with constant values on both rows and columns (see

Fig. 2.15(d-e). More advanced techniques are used to assess the

quality of biclusters by calculation of covariance between rows

and columns. These biclusters are also achieved based on two

models, additive and multiplicative.

In Chapter 4, it is suggested to use biclustering for analysis of

longitudinal epidemiological data as future work.

2.2 Study Examples

The most famous study examples in Europe are the Study of Heath in

Pomerania and the Rotterdam Study.
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Figure 2.15: a) Constant values bicluster. b) constant values on rows bicluster. c)
Constant values on columns. d) Coherent additive values bicluster. e) Coherent
multiplicative values bicluster.

Rotterdam Study

The Rotterdam study was appointed in the Ommoord region of Rotter-

dam city in the Netherlands in the late 1980s [32]. The main focus of

this study was to analyze cardiovascular, endocrine, hepatic, neurologi-

cal, ophthalmic, psychiatric, dermatological, otolaryngologic, locomotor,

and respiratory diseases as well as diseases that are common in elderly

persons, like Parkinson and Alzheimer disease. Generally, the Rotterdam

study consists of four independent cohorts, and the data were collected in

parallel. The �rst cohort (R-I) was established between 1990 and 2011 with

7983 participants. The second cohort study (R-II) was conducted from

2011 to 2016 with 3011 participants. The third cohort study (R-III) took

place between 2006 and 2014 with 3932 participants. The fourth cohort

study (R-IV) was established in 2016 and is still ongoing.

Study of Health in Pomerania

The Study of Health in Pomerania (SHiP) is performed in the Northeast re-

gion of Germany, i.e. Greifswald, Stralsund, and Anklam [33]. The same as

for other sources of epidemiological data, the information is acquired via

interviews of participants and gaining information on sociodemograph-
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ics, lifestyle, and medicaments. Moreover, some information is collected

based on physical examinations, for example, BMI and blood pressure sta-

tus, while some information is based on laboratory examinations, e.g. di-

abetes status and information on liver functionalities. Additionally, some

information is extracted from medical images.

The SHiP study is carried out in Western Pomerania. The whole study con-

sists of two dependent datasets: SHiP and SHiP-TREND. The main aims

of the study were frequent diseases like fatty liver, breast cancer, and back

pain.

The �rst collection of the �rst cohort (SHiP) started from 1997 to 2001, i.e.

SHiP-0 with 4308 participants. The second wave of SHiP-1 was conducted

from 2002 to 2006 having 3300 participants, and the third wave was be-

tween 2008 and 2012 with 2500 participants. The last wave of the study,

i.e. SHiP-3, was performed between 2008 and 2012 with 1700 participants.

As explained in the previous chapter, the study was initially started with

4308 participants, but within each next wave of the study, the number of

participants reduced dramatically. Thus, a new study started in the same

region with 8016 new participants, called SHiP-TREND.
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A fundamental topic in analytics is data quality, as it should be considered

to have valid and accurate results. Thus, data cleaning is a vital preprocess-

ing step to have valid outcomes [34]. As shown in Fig. 3.1, based on the

taxonomy of dirty data/ rogue data issues by Kim et al. [35] data quality is

a broad topic. Dirty data refers to inaccurate or incomplete data stored in

the database. The inaccuracy of data can be due to misspelling or punctu-

ation errors.

In many �elds, during and after the collection process of the data, more

speci�cally time-oriented data, the quality of data is questioned to ensure

the accuracy of the analysis. One unavoidable aspect of the data quality

is missing data, where some information for any reason remains un�lled.

Consequently, it likely leads to biased data, since the available data is not

representative for all real data and it restricts the statistical power of fur-

ther analysis. As in many research �elds, this problem is always present in

epidemiological data. There is a number of works to handle missing data,

but still, there is a gap to reach a satisfactory level of managing the missing-

ness issue, which may be �lled by visual analytic approaches. Following,

the related works for handling missing data and the role of the visualiza-

tion in this topic are explained, followed by a more detailed description of

missing values in epidemiological data.

3.1 Missing Values as a Data quality Issue

Missing data is considered as a data quality factor, since it may affect the

results of the analysis. In longitudinal epidemiological studies, it happens

within and between the waves of the study. The missingness happens

within waves of the study when some information is not �lled for any rea-

son. This issue is called an item non-response. The missing data is present

in longitudinal studies when the participants are re-invited for follow-up

examinations but do not show up. The terminology of unit non-response

or dropout is used for this case of missingness, which means that all in-

formation of the corresponding participant becomes unavailable from a

certain point. There can be many reasons for each form of missing data.

Since in the presence of missing data the dataset could not be represented

as real and whole data, it leads to a number of problems. Depending on
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Figure 3.1: Taxonomy of data quality issues.

the number and type of missing data it reduces the statistical power of the

study and leads to biased estimations [36].

There are various reasons for missing values within waves of the study. The

way we handle missing values is determined by the cause of missing val-

ues because it explains whether the presence of missing values in�uences

the distribution of the original dataset or not. The probable reasons for

missingness within waves of the study are:

• Laboratory issues, e.g. blood's sample tube breaks accidentally

• Lack of biological samples, e.g. participant's fear to give a blood sam-

ple

• Errors in data entry, e.g. answers to some questions are ignored

• Non-response to certain questions/examinations, e.g. the partici-

pant denies answering speci�c questions for any reason

The possible reasons for missing data between waves of study include:

• Physically unable, e.g. disabilities to show up for examinations
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Figure 3.2: Taxonomy of the missing data mechanism.

• Inconvenient location, e.g. participants moved out from their former

location

• Schedule con�icts, e.g. the determining date for examinations is not

appropriate for participants

• Forgetting visits, e.g. not all participants recorded the follow-up ex-

amination date

• Side effects, e.g. the participants are not in a good health condition

because of the side effects of some treatments

In general, there are three types of missing values and the way we should

handle missing data depends on this missingness mechanism [37]:

• Missing Completely At Random (MCAR): when there is no logical ex-

planation for the missing values. For example, if a participant ac-

cidentally skips a question in the questionnaire or the sample tube

breaks, and consequently the result cannot be provided. In this case

of missingness, usually, the distribution of missing values and ob-

served values is the same and it does not lead to biased data.

• Missing At Random (MAR): this type of missingness occurs when the

missing values are dependent on some available data. This type of

missing value usually is a source of biased data. As a simple exam-

ple, in a dataset where both features of age and blood pressure are

considered, it is more likely that the blood pressure measure remains
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un�lled for younger participants. The reason might be that it is less

likely that younger people have hypertension issues. Thus, it might

be ignored to be measured for young people. As a consequence, the

observed blood pressure values tend to be higher (for elderly people)

and missing for younger people with lower blood pressures.

• Missing Not At Random (MNAR): this type of missing data also leads

to biased data as the distribution of observed and missing data is dif-

ferent. Like the MAR type, the missingness is dependent on what

is happening in the study, but the cause of dependency is missing

in the data (mostly to the speci�c feature itself ). For example, in a

study of migraine patients who are really sick and do not show up.

As a result, information about the migraine status of people with

headaches remains missing.

3.2 Related Works in VA

In this section, a brief explanation of previous works on handling missing

data in epidemiological studies is provided. Then, the focus is on visual-

izations related to works with data quality topics.

Figure 3.3: Missingness map of Amelia package [38]
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