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Mirrored Dendrograms: an Unsupervised Feature-Based Visualization Tool            

Applied on Medical Data 

 

Angela Sleiman Moufarrej 

 

ABSTRACT 

 

In a time when data is experiencing a remarkable growth in different fields, extracting 

and understanding the correlations between different data features is becoming 

increasingly important in many application areas, ranging over business, 

demographics, politics, and medicine, among others. The proper exploitation of such 

data offers great challenges in terms of data analysis and visualization, in order to 

allow effective and efficient decision-making. The problem is further aggravated on 

the Web where the data is often loosely structured and multi-featured. In this context, 

interactive data visualization has been recently suggested as a promising solution to 

facilitate data analysis and help in unveiling patterns, trends, and anomalies in the data. 

In this research, we present a new unsupervised feature-based tool for data 

visualization titled “mirrored dendrograms”. Our tool accepts as input semi-structured 

and multi-featured data, and allows the user to select the target features to be visualized 

and mapped against each other, as well as their relative impacts (weights) on the 

visualization process. It then invokes a hierarchical clustering process to cluster the 

data following the user-chosen features, and produces a dendrogram structure for each 

combination of target features. The dendrograms are then mirrored against each other 

by mapping the internal nodes of one dendrogram against the other dendrogram’s 

nodes, in order to highlight their structure correlation. Different from existing solutions 

like parallel coordinates and heatmap dendrograms, our work offers three main 

contributions: (i) connecting the dendrograms through their internal nodes (instead of 

connecting their leaf nodes like with heatmap dendrograms and tangelgrams) 

providing a visual representation of the relationships between the data structures, (ii) 

allowing to zoom-in and out the data to show their relationships at different granularity 
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levels (compared with existing static solutions which do not allow varying 

granularities), and (iii) identifying the best zooming level between two dendrograms 

highlighting the maximum correlation (similarity) with the minimal amount of details 

(granularity) presented to the user (based on the intuition that users wish to acquire the 

most value out of the data, while viewing the least amount of data, i.e., with the least 

amount of effort). We have conducted a preliminary evaluation of our solution, using 

a sample dataset of 197 Electronic Health Records (EHRs) obtained from a private 

medical clinic, where all EHRs were vetted by a medical doctor from LAU Rizk 

hospital. The study was focused on the migraine headache disorder, where multiple 

patient data samples were mapped and visualized against each other. A number of 19 

testers volunteered to participate in an online survey to help review and evaluate the 

data visualizations produced by our new tool, compared with existing solutions. Initial 

results are promising and highlight the potential our tool. 

 

Keywords: Data Visualization, Interactive Visualization, Data Clustering, 

Dendrogram, Features Correlation, Similarity Computation, Semi-structured Data. 
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Chapter 1 

Introduction 

In a time when data is experiencing a remarkable growth in different fields, extracting 

and understanding the correlations between different data features is becoming 

increasingly important in many application areas, ranging over business, 

demographics, politics, and medicine, among others. In business, stakeholders are 

interested in understanding the dynamics that affect the market and identifying the 

needed improvements in their companies to increase consumer satisfaction and sales 

volumes (Joseph, 2019). In demographics, examining the relationships between 

several factors is required to study a certain population (Scheller, 2019). In politics, 

identifying the associations between different elements is fundamental in making 

critical political decisions and understanding people’s opinions and voting trends 

(Nærland, 2018). In medicine, great researches and investigations related to the 

evolution of diseases, their symptoms, and corresponding diagnoses and medications, 

are based on the study of correlations between various features extracted from the 

observed patient data (Wongsuphasawat & Gotz, 2011). 

The proper exploitation of such data introduces many challenges in terms of data 

analysis and visualization, in order to allow effective and efficient decision-making. 

The problem is further aggravated on the Web where the data is often loosely 

structured and multi-featured. In this context, interactive data visualization comes into 

play as a valuable and promising solution to facilitate data analysis. In fact, data 

visualization offers great means for unveiling patterns and trends that could be 

repeated over time and space beside detecting anomalies in the data (Simpao, 

Ahumada, Gálvez, & Rehman, 2014; Joseph, 2019). Moreover, data visualization adds 

a certain layer of abstraction, by providing a clear and creative presentation of the data 

allowing to better reach the target audience. 

Therefore, we present in this research a new unsupervised feature-based tool for data 

visualization titled “mirrored dendrograms”. Our tool accepts as input semi-structured 

and multi-featured data, and allows the user to select the target features to be visualized 
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and mapped against each other, as well as their relative weights reflecting their impact 

on the visualization process. After selecting the required features, appropriate 

similarity computations are applied on the data based on the user-chosen features. 

Then, a hierarchical clustering process is invoked to cluster the data and produce a 

dendrogram structure for each combination of target features. Each dendrogram 

reflects the incremental steps of the clustering process and provides the user with 

insights on how the data is grouped together. Moreover, and in order to reduce 

visualization complexity, the system recommends the best zooming level to display 

the dendrograms, highlighting the maximum correlation (similarity) with the minimal 

amount of details (granularity) presented to the user. This is based on the intuition that 

users wish to acquire the most value out of the data, while viewing the least amount of 

data (i.e., with the least amount of effort). The dendrograms are then mirrored against 

each other, where their leaf nodes are displayed at the center, and their root nodes on 

the sides. The internal nodes of one dendrogram are mapped against the other 

dendrogram’s internal nodes, identifying the best connections using the transportation 

optimization problem in order to highlight their structure correlation. The higher the 

number of significant connections between the internal nodes, the higher the 

correlation between the designated data features, and vice versa. Note that the tool 

provides interactive visualization capabilities, allowing the user to adjust the zooming 

level, as well as the number and weight of the connections between the mirrored 

dendrograms, allowing to adapt the visualization accordingly. 

Different from currently existing solutions like parallel coordinates and heatmap 

dendrograms, our work offers three main contributions: (i) connecting the 

dendrograms through their internal nodes rather than only connecting their leaf nodes 

(instead of connecting their leaf nodes like with heatmap dendrograms and 

tangelgrams) providing a visual representation of the relationships between the data 

structures, (ii) allowing to zoom-in and out the data to show their relationships at 

different granularity levels (compared with existing static solutions which do not allow 

varying granularities), and (iii) identifying the best zooming level between the two 

dendrograms which highlights the maximum correlation with the minimal amount of 

details presented to the user (acquiring the most value out of the data, while viewing 

the least amount of data). 
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For the sake of this research, we applied our visualization technique on medical data. 

We used a sample dataset of 197 Electronic Health Records (EHRs) obtained from a 

private medical clinic, where all EHRs were vetted by a medical doctor from LAU 

Rizk hospital. The study was focused on the migraine headache disorder. This allows 

extracting correlations between different aspects related to patient information, 

including various migraine symptoms, family history, social history, medications, and 

laboratory observations. In order to evaluate our work, we performed a case-based 

study and presented some observations resulting from the tool. In addition, a survey 

was conducted and run over 19 testers with a background in data science and computer 

engineering, producing an initial qualitative evaluation and comparison with existing 

solutions. Initial results are promising and highlight the potential of our tool. 

The remainder of this report is organized as follows. Chapter 2 describes basic notions 

and provides background information related to data analytics, hierarchical clustering, 

electronic health records, and similarity measures. Chapter 3 briefly presents the 

literature and existing works targeting data visualization in general, and medical data 

visualization in particular. Chapter 4 discusses our motivation, aim, objectives and 

contributions. Chapter 5 explains the methodology followed to achieve the required 

visualization. Chapter 6 describes the prototype that was implemented. Chapter 7 

presents our experimental evaluation. Chapter 8 highlights the impact of our work 

whereas Chapter 9 highlights its potential limitations and discusses future 

improvements. Lastly, we conclude the study in Chapter 10.  
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Chapter 2 

Basics and Background  

This chapter covers basic concepts and background information related to the study. 

We start by describing the importance of data analytics and visualization. Then, we 

describe hierarchical clustering and explain the concept of dendrograms. We proceed 

by providing an explanation of medical data and specifically electronic health records 

(EHR). Then, we discuss background information related to patient (EHR) similarity, 

the basis of clustering, by describing studies done on medical data similarity. 

Eventually, we discuss recent studies related to medical data clustering. 

2.1 Visual Data Analytics 

It is difficult to make decisions from large amounts of data in the complex way they 

are presented. Therefore, analytics and data visualization are needed to simplify their 

display and help decision makers in making faster and accurate decisions concerning 

the data. Analytics incorporate processing data using mathematical and algorithmic 

methods in addition to other techniques such as text mining and natural language 

processing. A very useful method of analytics is “Visual Analytics”, which is “the 

science of analytical reasoning facilitated by interactive visual interfaces”. It can help 

visualize such large amounts of data to understand the patterns and trends and make 

faster and better decisions (Simpao et al., 2014). 

2.2 Hierarchical Clustering 

Clustering is the idea of grouping object into clusters (groups) in a way that objects 

within the same cluster have analogous characteristics and are more similar than all 

the other objects that do not belong to that cluster. The fundamental ingredient of 

clustering is a good similarity measure to compute objects similarities and group them 

into appropriate clusters based on a chosen clustering algorithm. 

Clustering algorithms can be divided into three main categories: partitional, 

hierarchical and hybrid. Partitional clustering, non-hierarchical, consists of splitting 

objects into non-overlapping clusters in a way that each object belongs to just one 
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cluster. A popular example of partitional clustering is the K-means algorithm, which 

needs as input the number of clusters K. Contrary to that, hierarchical clustering, also 

known as dendrogram, consists of a hierarchy of clusters where the leaf nodes are the 

individual data objects, the internal nodes are cluster of objects and the root node is 

the entire data set. The data objects similarity can be deduced from the height of their 

lowermost interior node. In other words, the height is lesser when the objects are more 

similar and close to each other. Hierarchical clustering allows generating nested 

clusters in the form of hierarchical tree.  

Dendrograms are considered interesting since they show the whole clustering process 

and how the objects were grouped and they can reveal outliers through the most 

isolated branches. With dendrogams, good clusters are reflected by the high separation 

between subtrees which indicates low inter-cluster similarity and by the low height 

subtrees which indicates high intra-cluster similarity. Inter-cluster similarity can be 

calculated using three different methods: single link, complete link and average. Single 

link method defines cluster similarity as the similarity between the two most similar 

objects of both clusters. As opposed to it, complete link method defines cluster 

similarity to be the similarity between the two least similar objects of both clusters. 

Lastly, average link method defines cluster similarity to be the average similarity 

between all objects’ pairs from both clusters, and this one is generally more used since 

it is robust against noise.  

Hierarchical clustering has many advantages over partitional clustering given that it 

does not require to input the number of clusters, shows the whole clustering process 

as a dendrogram and generate clusters of better quality. However, hierarchical 

clustering algorithms have a more time complexity compared to partitional clustering 

algorithms. The following figure shows clustering using a dendrogram (Tekli, 2018b).  

 

Figure 1: Dendrogram sample and corresponding clustering steps from Tekli (2018b) 
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2.3 Electronic Health Records (EHRs) 

2.3.1 Overview 

Recently, patient’s medical history and records are being digitized and stored in the 

form of Electronic Health Records or what is known as EHRs. Those records contain 

the personal stats of the patient including the age, gender, height and weight. They also 

contain the medical history including allergies, symptoms, diagnosis, medications, 

treatments and results of laboratory tests (Vuppalapati, Ilapakurti, & Kedari, 2016). 

Therefore, EHR contents can be structured, due to the fact that they contain the patient 

profile and history, or unstructured since they can also include physician notes 

(Wongsuphasawat & Gotz, 2011). The clinical notes are considered to be unstructured 

since they lack uniformity. Not all physicians write the same notes and it is difficult to 

integrate in the system unified codes to be used by all clinicians (Pai et al., 2014). 

Additionally, the rise of EHRs enabled measurement and electronic tracking of the 

increasing amount and variety of variables which resulted in a huge quantity of patient 

data clearer than paper-based medical records and easily reachable (Simpao et al., 

2014). In fact, the electronic records made clinical data more distributed, widely 

available and of better quality than the paper-based ones. They allowed for faster 

information retrieval, and advanced privacy levels through security policies imposed 

and user authentication and access control (Furuie et al., 2017). 

2.3.2 EHRs and Big Data 

These massive amounts of data are known as Big Data which is characterized by its 

volume, velocity and variety; where volume refers to the data size, velocity refers to 

its generation frequency and processing speed, and variety refers to its different types 

and formats. These characteristics form the 3Vs of Big Data. In some cases, an 

additional V could be added to form the 4th V, value. The value refers to the quality 

of data and its impact (García, Casado, & Bouchachia, 2016). Moreover, a very 

important characteristic of Big Data is its repeated patterns and trends over time and 

space (Simpao et al., 2014). Since medical data affect directly human beings, it has a 

large impact on their lives. In this case, the 4Vs would be applied to it. Such data is 

necessary for decision making by experts to extract and analyze repeated observations 

or specific events. In the health care sector, decision makers are physicians whose aim 
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is to treat their patients. For this reason, they use EHRs to get the patient’s medical 

history and give the appropriate cure. 

2.3.3 EHRs Usage in Hospitals 

Hidari, Telang and Marella (2015) show the effects of EHRs on patient safety which 

is the freedom from harm that can be produced by medical management and can affect 

the patient. Their study resulted in a decline in medication errors and harm when 

hospitals opt for Electronic Health Records in their treatment process. Furuie et al. 

(2007) present the development of a more comprehensive EHR implementation which 

includes medical images and real-time vital signals with other clinical data in InCor 

Heart Institute of Sao Paulo. They also address a heterogeneous and distributed EHR 

prototype. Braga et al. (2016) describe a consensus model formed by a panel of experts 

that incorporates medical information considered to be essential in an EHR. The model 

included 4 main pillars which are data collection, diagnosis, care plan and evaluation. 

Each pillar includes items and subitems related to the patient data. For instance, the 

pillar diagnosis incorporates the item “exams”, and the item “test results” (Braga et al., 

2016).  Following these descriptions, EHRs became widely used among physicians in 

hospitals, medical centers and clinics. 

2.4 Similarity Measures applied on Medical Records 

The first two studies are both analogous when it comes to comparing EHRs. The 

purpose was to analyze the amount of free text present in the EHRs to compare and 

apply similarity on them. The input is a set of semi-structured EHRs and the output is 

the similarity value of any two EHRs in the input set. The focus was mainly on the 

unstructured part of the EHR as it may convey more information. To come up with the 

output, feature selection was applied to allow the selection of features of interest for 

similarity computation, specifically those pertaining to the unstructured part. Then the 

text was preprocessed by applying segmentation and removing stop words (Zhang, He, 

Yang, Wang & Li, 2017; He, Yang, Wang & Li, 2017). In the study conducted by 

Zhang et al. (2017), Bag of Words (BOW) representation was used to convert the 

sequence of words to a BOW vector. Moreover, Word2Vec and Word Mover’s 

Distance were used to estimate the distance. On the other side, in the study conducted 

by He et al. (2017), the sequence of words was converted to a VSM vector, and TF-

IDF representation was used to estimate the distance. Then, both studies applied Latent 



 8 

Semantic Index model (LSI) for dimensionality reduction and Latent Dirichlet 

Allocation model (LDA). In the end, after getting the final vector representations of 

the two documents to be compared, cosine measure was applied to extract the 

similarity between them (Zhang et al., 2017; He et al., 2017). 

Another study was conducted by Zhu et al. (2016) which measured pairwise patient 

similarities while taking into consideration time-based information through temporal 

corresponding of longitudinal records. In this study, two methods were discussed to 

obtain the similarity measure: unsupervised and supervised. The first step is to get the 

contextual embedding of medical concepts. And the context about a medical event A 

designates the medical events occurring earlier than A and those occurring following 

A within the patient records corpus. This happens by connecting all medical 

occurrences in the patient records according to their timestamps to get a section 

showing his/her historical condition. Then, Word2Vec is applied taking into 

consideration both the timestamp and the relative positions of the concepts. However, 

the sliding window around the words which defines their context is variable based on 

the medical condition, whether it is chronic or acute, and based on the patients 

themselves. The second step is to represent the temporal patient information. This is 

done by forming medical concept vectors from the medical concepts in the patient’s 

history in an EHR and grouping them to come up with one representation vector, 

representing one visit. Then a matrix is formed out of all the EHRs of each patient, 

produced by each visit. After forming this matrix, unsupervised and supervised 

similarities are computed. For the unsupervised similarity, RV coefficient [] and dCov 

measures are calculated over patient pairs representations. For the supervised 

similarity, a deep learning model is followed to compute similarities over the pairs of 

temporal matrices. The stages are as follows: from the two matrices, two convolution 

feature maps are produced which aim is to extract efficient patterns. Then the 

information is aggregated via pooling and the representation is reduced by taking the 

most significant feature for each feature map. After that, a similarity matrix is 

produced from these two resulting vectors, and the output is flattened and passed to 

softmax layer. Finally, optimization and regularization are performed and the 

similarity score is formed. Experiments have shown that this technique enabled better 

representations than the baselines, which leads to better cohorts’ detection (Zhu et al., 

2016). 
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Similarly, Sha, Venugopalan and Wang (2016) proposed an original temporal 

similarity measure to be applied on patients created by unevenly measured data, since 

according to them meaningful information can be extracted from timestamps, 

frequency, order, and results of measurements. Their method starts with extracting 

patient data. They were taken from two databases: MIMIC-II which contains temporal 

data like lab test results and electronic clinical documentation and Pediatric ICU 

databases of CHOA which include clinical information like visit information, 

laboratory and microbiology testing. The focus was on the highest ten most recurrent 

laboratory tests in both databases. And since lab tests vary between patients, depending 

on their medical situation, traditional similarity measures such as Euclidean distance 

cannot be used. To overcome this limitation, the patient’s lab test is viewed as a 

trajectory of timestamped lab results taking into consideration the time intervals 

between consecutive test results. As for the similarity measure, it was developed based 

on the following assumption: similar patients will have lab tests of similar order and 

results, and will have similar time intervals separating corresponding lab results. A 

modified version of the Smith-Waterman algorithm was followed. This algorithm is 

initially proposed to locate, with dynamic programming and a predefined scoring 

method, an optimal local alignment for two evaluated DNA sequences. Moreover, a 

gap is defined when an observation is found in one trajectory and not found in the 

other. This technique, which is temporal based, outperformed other studies which are 

not temporal. However, this similarity measure, involving temporal computations and 

complexity, needs approximately six times more time when compared with other non-

temporal similarity measures (Sha et al., 2016). 

Another study was proposed by Sun, Wang, Hu, and Edabollahi (2012) which aimed 

to derive a worthwhile patient similarity measure by leveraging physicians input to 

monitor it. The study implemented a feature-based framework by forming features 

from longitudinal sequences of noticeable measures and events in the EHRs. 

Therefore, a feature vector represents each patient and forms the input to the similarity 

measure. Using the physicians feedback to adjust the similarity measure makes it a 

supervised technique. This is achieved by learning a generalized Mahalanobis 

distance, a distance between a point P and a distribution D, through utilizing Locally 

Supervised Metric Learning (LSML). Mainly, for each training patient, two groups of 

neighborhoods should be constructed according to an original distance measure. The 
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first group consists of the patients who are close in distance measure to the training 

patient and who are reviewed by the physician as similar to the index patient. This 

group is called the Homogeneous neighborhood of the patient being analyzed. The 

second group consists of the patients who are close in distance measure to the training 

patient and who are reviewed by the physician as not similar to the index patient. This 

group is called the Heterogeneous neighborhood. Now once these neighborhoods are 

formed for each patient in the training data, the target is to minimize the heterogeneous 

neighborhood and maximize the homogeneous neighborhood. In addition to this, and 

in order to interactively modify the present similarity measure effectively based on the 

additional feedback, the study presented the interactive Metric learning (iMet) 

technique that is able to regulate the underlying distance metric incrementally 

according to the newest supervision information. Since there are many physicians 

providing their feedback, it is important to combine their input by constructing 

discriminative neighborhoods for each separate metric then merging them into a 

distinct optimal distance metric (Sun et al., 2012). 

2.5 Medical Data Clustering 

Wilczek, Gawrysiak, and Spinczyk (2019) proposed an automatic clustering technique 

for unstructured medical data based on several steps including studying the similarity 

between the data to be grouped accordingly. The steps are described in the following 

lines. First step consists of representing information in the text document corpus by 

applying bag-of-words method in SAS Text Miner to get the frequency matrix which 

is the number of occurrences of words in the documents. The second step is applying 

dimensionality reduction of the matrix using Principal Component Analysis (PCA). 

The third step is applying the cosine distance and correlation metric to get the 

similarity of the text documents. The fourth step is getting the optimal number of 

clusters and is based on the resolution of PCA technique, the similarity measure 

followed and its threshold value. The F-measure was used to evaluate the clustering 

results and select the best-case clusters. The fifth step is interpreting the visual results 

by checking conciseness, relativity and proximity, focus with context, zoomability, 

etc. In summary, the study proposed SAS Text Miner to find similarities between 

medical record documents (Wilczeke et al., 2019). 
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Another interesting study was conducted by Gøeg, Cornet and Andersen (2015) to 

cluster clinical models from local EHRs using semantic similarity. The purpose is to 

compare local templates, which are mostly not standardized and could make semantic 

interoperability more difficult. To overcome this problem, semantic similarity is used 

to compare clinical models and solve lexical differences. The adopted measure is based 

on SNOMED CT ontology which is flexible and covers medical fields widely. For 

term semantic similarity, SNOMED CT and a base set of 30 medical term pairs are 

used. As for set-of-term semantic similarity, a set, graph or vector approach is followed 

if it is group-wise. In this case, the group of concepts are directly compared without 

computing specific concept similarities. If the comparison is pair-wise, all pair or best 

pair approaches are followed. Overall, the comparison method involves SNOMED CT 

representation, template assessment and hierarchical clustering. It also involved the 

usage of both “Lin” and “Sokal and Sneath” similarity estimates along with average 

and best-match-average aggregation techniques which resulted in four methods. 

Following the similarity computations, templates were clustered hierarchically using 

dendrogams and this allowed a better overview of those templates and a starting point 

for additional analysis. The best-match-average showed a better performance than its 

counterpart and could be used for comparing templates along with SNOMED CT 

(Gøeg et al., 2015). 
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Chapter 3 

Literature Review 

This chapter summarizes the literature and existing work in data visualization. We start 

by describing existing visualization tools targeting generic data. We specifically focus 

on visualizations based on Parallel Coordinates and Clustering. Afterwards, we 

describe Tanglegram and Heatmap visualizations which seek to represent the 

relationships between hierarchical clusters. Finally, we conclude this section with an 

overview of existing visualization tools and studies applied to the medical field.   

3.1 General Visualization Tools 

Starting from this point, it is important to highlight some existing tools for Big Data 

visualization. Ali, Gupta, Naya and Lenka (2016) describe several tools available for 

this purpose. Tableau is one of them. It provides interactive, fast and flexible interface 

where the user can choose among a variety of charts to visualize data. However, for 

heavy computations and analytics, the user should have some programming skills to 

be able to use Tableau. Another tool is described in their paper which is Microsoft 

Power BI. It is also a flexible and interactive tool where the user can query data using 

natural language without needing programming skills. However, this tool is slow 

compared to Tableau. The paper also describes Plotly which creates many types of 

charts online. This tool needs coding skills if the user wishes to use it offline. Another 

tool is also mentioned in the paper which is Gephi. This tool is for network analysis 

but is limited to graph visualization. The last tool described is Excel 2016. The latter 

is powerful but only able to manage semi-structured data whereas Big Data is known 

by its variety and unstructured instances. Moreover, Excel is not free. In summary, 

every tool described has its pros and cons. The following figures represent some of the 

described visualization tools extracted from this study (Ali, Gupta, Naya & Lenka, 

2016). 
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Figure 2: Sample visualization from Microsoft Power BI from Ali et al. (2016) 

 

Figure 3: Sample visualization from Gephi from Ali et al. (2016) 

3.2 Clustered Parallel Coordinates 

Parallel coordinates is a common visualization technique that allows visualizing high-

dimensional datasets and extracting the underlying relationships between them. In this 

representation, each dimension data samples are plotted on a separate vertical axis. 

The N axes are uniformly spaced and parallel to each other and the data points are 

linked so that the correlation between data on two adjacent axes can be deduced. In an 

N-dimensional space, a data element is plotted as a polyline that crosses all the axes 

and its location on each axis is proportional to its value for the dimension related to 

that axis. Nevertheless, this technique could become confusing when dealing with a 

huge number of data samples and dimensions because the visualization will suffer 
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from cluttering and the amount of meaningful information that can be perceived is 

reduced (Nohno, Wu, Watanabe, Takahashi & Fujishiro, 2014; Fua, Ward & 

Rundensteiner, 1999). 

To overcome this problem, Nohno et al. (2014) presented a way to reduce clutter based 

on the concept of contractible parallel coordinates, unlike other studies which focused 

on merging polylines of data samples. The idea behind their research was to merge 

several vertical axes into a new combined axis and thus reduce the dimensions. This 

requires reordering of the vertical axes to get the most correlated ones next to each 

other and merge them together into a single vertical axis. In order to contract the axes, 

four steps were followed. The first step was to derive the correlation among the 

different dimensions to find pairwise relationship between them using the Pearson 

Correlation Coefficient. The second step was to encode the resulting pairwise 

correlations into a graph. The third step was reordering the axes using the correlation 

graph through spectral graph analysis. The fourth step was to apply axis contraction 

using dendrogram trees. This means that the number of dimensions is reduced by 

grouping consecutively pairs of adjacent axes that are the most similar. This successive 

binary grouping results in a dendrogram tree representation which is shown in the 

visualization system at the bottom of the vertical axes. The following figure depicts 

the described visualization and the dimension reduction applied (Nohno et al., 2014). 

 

Figure 4: Sample visualization reduction from Nohno et al. (2014) 

Similarly, Fua, Ward and Rundensteiner (1999) presented an extension of the parallel 

coordinates visualization. They added hierarchical enhancements to it to simplify the 

exploration of huge multivariate data sets. This is done by developing hierarchical 

clustering using “Birch” algorithm to provide a multiresolutional display of data to 

reveal trends and patterns at separate levels of summarization. A change on parallel 

coordinates was applied to carry aggregation information for the clusters output. They 
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also applied proximity-based coloring scheme to show the data and clusters belonging 

to analogous parts of the hierarchy in similar colors. In addition to that, their focus was 

not on displaying data solely, but also exploring it and uncover trends and patterns in 

an interactive way by allowing users to navigate through the resulting visualization to 

reach the desired level of detail and region of interest. This was achieved through 

several options offered to users such as structure-based brushing to localize a subset 

of data, drill-down and roll-up to adjust the level of details, dimension zooming to 

scale up the dimensions with respect to the selected focus region, extent scaling which 

allows uniformly scaling the thickness of bands when these are overlapped, and 

dynamic masking to control the opacity of the different areas. A sample of their 

visualization is shown below (Fua et al., 1999). 

 

Figure 5: Sample visualization from Fua et al. (1999) 

Likewise, Johansson, Treloar and Jern (2004) discussed the idea of reducing clutter 

observed in parallel coordinates when the dataset is very large and used clustering to 

overcome this limitation. Therefore, they represented clusters in the parallel 

coordinates view instead of normal data points. In their study, rather than using 

traditional clustering methods, they used an unsupervised learning algorithm to 

perform clustering called SOM (self-organizing map). They also used linked views to 

simplify the visualization of the resulting clusters. This means that any modification 

in one view is reflected automatically to the other linked views. Moreover, they offered 

interaction options where the user can drill-down, filter clusters and zoom the view on 

desired areas.  The clusters are distinguished by their different colors and the users can 

specify the number of clusters they wish to visualize along with other parameters. A 

sample of the visualization is shown below (Johansson et al., 2004). 
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Figure 6: Sample visualization from Johansson et al. (2004) 

Another interesting study related to parallel coordinates and clustering was presented 

by Johansson, Cooper, and Jern (2005). According to them, clustering data points 

solves the cluttering problem of parallel coordinates. However, another problem will 

still be present which is the correlation can be analyzed only on two adjacent axes or 

dimensions. To overcome this limitation, they extended the usual 2D display of 

parallel coordinates to 3D display to produce what they called “clustered multi-

relational parallel coordinates” (CMRPC). Their technique enables analyzing the 

correlation between several features at a time due to the 3D representation. CMRPC 

enables analyzing concurrently one-to-one relations between a central “focus” 

dimensions and the remaining dimensions situated around it and forming a cylinder. 

They introduced a new method called Relation Spacing and used it to situate the 

different axes based on how “interesting” the relations between them are. In other 

words, more space is assigned on each side of a dimension when the relation is more 

interesting and when the correlation between that dimension and the “focus” relation 

is higher. For clustering, they used K-means algorithm. They also applied relation 

fading to allow the users to fade out dimensions and relations of less interest to them. 

In addition, they presented the possibility of highlighting a single cluster and the 

remaining clusters will be made transparent. A sample of the visualization is shown in 

the following figure (Johansson et al., 2005). 
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Figure 7: Sample visualization from Johansson et al. (2005) 

In a similar context, Zhonghua and Lingda (2016) extended parallel coordinates 

visualization in their study and added the time dimension to it in order to get a 3D-

Parallel Coordinates visualization. This helps detecting variable changes over time and 

show more information in a limited space. They designed their system to include 

multiple planes, each representing a certain time. This forms a group of plane cluster 

and each plane includes the parallel coordinates visualization depending on the time 

of the data samples. In other words, data sampled at the same time will be represented 

on the same plane and the ones sampled at different times will be represented on 

different planes. The following image is a sample of the visualization discussed 

(Zhonghua & Lingda, 2016). 

 

Figure 8: Sample visualization from Zhonghua and Lingda (2016) 
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3.3 Tanglegram 

Tanglegram is a representation that allows comparing two pairs having tree-like 

structure such as hierarchical clusters. Both trees should have identical leaves. Trees 

are visualized face to face and an edge is drawn between pairs of matching leaves to 

join them. This allows depicting spatial relationships between the joint leaves. The 

fewer the crossings between trees and the closer are matching leaves, the more useful 

is the analysis. Most of the work done on tanglegrams was to reduce line crossings 

(known as entanglement) and make the visualization clearer and easier to understand. 

Tanglegrams are commonly used in biology (Venkatachalam, Apple, St. John & 

Gusfield, 2009; De Vienne, 2019). The main purpose of this visualization is to identify 

congruence between the trees based on the level entanglement. However, the trees 

being compared can have different internal structures or topologies, and at the same 

time, the leaves can be similar and thus no tangle displayed in the tanglegrams. 

Therefore, this visualization can be misleading when evaluating correlation between 

the hierarchies (De Vienne, 2019). 

 

Figure 9: Sample tanglegram representation from De Vienne (2019) 

3.4 Cluster Heatmap 

Heatmap, and in specific the cluster heatmap is an original representation that shows 

two hierarchical clusters at the same time in a data matrix, one positioned as row and 

the other one positioned as column. Within the matrix formed by the two clusters, 

rectangular tiling is displayed and each tile has a color with respect to a color scale to 

reflect the value of the matching element of the data matrix. The rows and columns 

are ordered in a way that similar ones are close to each other and the tiling colors are 

more visually appealing. The tiling is bordered from the top or bottom by one 

hierarchical cluster tree and from the side by the other one. Therefore, in a small 
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display area, it simplifies the examination of row, column and combined cluster 

structure and allows showing large data matrices. The cluster heatmap is the result of 

many graphical representations implemented by statisticians over the years (Wilkinson 

& Friendly, 2009). 

 

Figure 10: Heatmap visualization from Wilkinson and Friendly (2009) 

3.5 Medical Visualization Tools and Related Studies 

In the health care field, many studies were also conducted to analyze and visualize 

medical data which is in the form of Electronic Health Records. A study conducted by 

Zhang et al. (2013) used the Five Ws of journalistic reporting in order to visualize 

medical information. The Five Ws stand for the who, when, what, where and why. The 

concept behind this idea is the following: the who and what refer to the patient history 

and status, the where describes the location within the patient’s body of the who and 

what information. The when is a sequential chain stressing on the temporal order of 

events, and the relationship between these events is described by the why. The concept 

is presented in 2 displays. The first one is a patient overview display including the 

patient’s body, symptoms, treatments and a time histogram showing the occurrence of 

events. It is basically for the who, where, when and what. The second display is 

sequential, showing the diagnostic workflow. It is mainly for the when and why. 

However, Zhang et al. (2013) approach does not address very large amounts of data. 
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Figure 11: Sample visualization of the Five Ws from Zhang et al. (2013) 

Another data visualization system for Electronic Health Records called Lifelines2 is 

presented by Wang, Wongsuphasawat, Plaisant and Shneiderman (2010). The system 

is intended to visualize temporal categorical data such as the patient’s previous hospital 

visits, diagnoses, medications and tests performed. This data represents “events” and 

is visualized for multiple records. Therefore, multiple EHRs are displayed as multiple 

rows where each row includes a sequence of events over time. A control panel is also 

available to align, rank and filter data constituting the ARF framework. This 

visualization allows physicians to compare patients with each other as they are 

represented by rows or even compare a group of patients with another group. However, 

this system only provides temporal summaries as an overview and does not support 

numerical values but rather supports events and categories (Wang et al., 2010). 
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Figure 12: Sample visualization from Lifelines2 

Likewise, Wongsuphasawat and Gotz (2011) described another technique for 

visualizing patient data. The technique is called Outflow visualization technique and 

is designed for sequences of temporal events, where the events represent symptoms. It 

aggregates event sequences in a state transition graph called Outflow graph. From the 

Outflow graph, a visual encoding display was designed showing the time required for 

each change between the states. And for each state and transition, the number of 

patients and the average patient outcome are shown. Outflow allows user interaction 

through zooming, filtering, brushing, tooltips use, and symptom selection 

(Wongsuphasawat & Gotz, 2011). In summary, the main objective of Outflow 

technique is to show aggregate statistics for symptoms and disease evolution so it 

doesn’t address the analytics of a single patient. 

 

Figure 13: Sample visualization from Outflow 
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Similarly, Perer and Sun (2012) presented MatrixFlow which is a visual analytic tool 

that highlights important and interesting trends of diseases and makes them more 

discoverable. This is done by extracting event sequences from patient EHR data and 

constructing a temporal network of co-occurring events which represent disease 

progression over time. The resulting visualization is interactive and presented as 

temporal flow of matrices. The system has several features such as sorting similar 

events to gather underlying cluster patterns and comparing co-occurrence events over 

time and within clusters via further line graph visualization. However, MatrixFlow is 

considered efficient when it comes to a limited number of clinical events. The 

interpretation becomes more difficult when this number increases. Moreover, the 

system presents a single evolution pathway and does not support complex ones (Perer 

& Sun, 2012). 

 

Figure 14: Sample visualization from MatrixFlow 

Another interesting approach was described by García et al. (2016) for real-time 

interactive visualization. This approach seeks a high efficiency in response time and a 

better performance compared to existing solutions by incrementally visualizing data. 

In other words, data will be processed gradually not all at once which allow users to 

get approximate results directly rather than waiting for the whole data to be processed 

to see an output (García et al., 2016). However, this approach provides an approximate 

result that varies over time with any data change.  

Correspondingly, Vuppalapati et al. (2016) presented a system which integrates fitness 

level activities in the EHR based on “Internet of Things”, by applying sensors like 

monitors for blood pressure or blood glucose. The generated signs are captured by a 

mobile application and validated over the network. Then, they are transmitted further 

to the cloud for data processing. After that, the results will be available on a mobile 
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and web application to be monitored and viewed by both the patient and physician 

(Vuppalapati et al., 2016). 

In addition to the previously mentioned visualizations, Huang et al. (2015) developed 

an interactive visualization tool for data exploration and analysis which graphically 

displays over time disease-disease associations. In other words, this tool shows how 

new diseases may be developed over time by a group of patients suffering from one 

chronic disease. This is achieved by data transformation to cluster the patients and 

form the cohorts. Then their trajectory network is formed where each node denotes a 

group at a time window and each edge denotes the association between two groups at 

successive time windows where their members overlap. The resulting output is a flow 

diagram showing different factors’ states and evolutions over time also known as 

Sankey diagram-style timeline. The visualization is affected by the user input since 

they can specify the time windows and important factors to include. Nevertheless, 

factors are defined by hand and patients are grouped by a simple similarity measure or 

frequency based measure. This causes noise in the combination of factors and high 

variance within each cluster (Huang et al., 2015). 

 

Figure 15: Sample visualization from Huang et al. (2015) 

Another study was also conducted to visualize the symptoms of Type 2 Diabetes 

Mellitus (T2DM). This study applied a multidimensional-scaling approach (MDS) on 

medical records based on co-word analysis and a distance-based similarity 
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computation to extract the most important terms from the records and evaluate the 

symptoms of T2DM. As a result, a visual clustering was performed on the extracted 

terms which highlighted the related T2DM symptoms within the clusters and the most 

common ones. However, MDS technique can be applied on small to medium size data 

sets (Meng & Yang, 2014). 

Similarly, Spinczyk and Dzieciątko (2016) analyzed radiological images to group the 

related and similar ones together and visualize their connections. The study was 

performed on a set of 400 abdominal images, specifically on their descriptions. For 

this purpose, they used dimensionality reduction by applying Latent Semantic 

Indexing to filter the descriptions. Then, they applied two similarity measures to 

compare the resulting documents: The Cosine metric and the Jaccard metric. The 

resulting plots connections varied depending on the similarity measure adopted. This 

technique was described as not perfect with regard to the power of distinction, 

nevertheless, it is totally automatic (Spinczyk & Dzieciątko, 2016). 

In addition to the above, and among the interesting studies related to visualization in 

the medical field is HPIminer system which purpose is to mine and visualize the 

interactions of human proteins also known as Protein-Protein interactions (PPI), their 

networks and pathways in the body system. This tool is based on two databases: HRPD 

database for interactions and KEGG database for pathways. It also includes a text 

mining engine formed by the combination of several text mining systems, 3 of them 

were developed by the authors in previous studies and two new ones developed in this 

study. The first three are: NAGGNER used for named-entity recognition of genes and 

proteins, ProNormz used for protein normalization and PPInterFinder used for 

obtaining protein–protein interactions also known as PPI pairs. The two newly added 

systems are: Iminer or interaction miner, which is used for mining interactions, and 

Pminer or pathway miner, which is used for mining pathways. The final result is the 

HPIminer system which provides a visualization of the protein-protein interactions and 

pathways, based on user’s input through a web interface that accepts protein and gene 

names, or biomedical literature and displays the corresponding visualizations between 

the input protein names themselves and other related proteins (Subramani, Kalpana, 

Monickaraj & Natarajan, 2015). 
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Figure 16: Sample from HPIminer 

Likewise, DICON or Dynamic Icons is another interesting visualization tool 

introduced by Gotz, Sun, Cao and Ebadollahi in 2011. This tool allows physicians and 

domain experts to view cohorts of similar patients as treemap-based icons and refine 

them for better quality clusters. As for the architecture of this system, it is composed 

of the following components: the preprocessing module which extracts the principal 

features of the multidimensional EHR data and performs cluster analysis with 

reference to these features, the visualization module which displays the resulting 

clusters using DICON, and the user interaction module that allows to adjust the clusters 

and re-process accordingly by splitting them, merging them with other clusters and 

filtering different features. As for the DICON representation, each patient feature is 

represented using a colored rectangle whose area depends on the value and color 

depends on the feature type. Then, the rectangles representing the group of features 

are grouped together to form the patient icon which is also a rectangle. The single 

patient icons are then packed together to form the cluster icon. However, the cluster’s 

icon is based on splitting the patient iconic representations into the single feature icons 

and then recombining the rectangles based on the feature type.  This forms the treemap 

layout where the first level in the hierarchy represents the whole cluster, the second 

level represents the features and the third one depicts the individual patients. This 
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technique can be used in combination with other techniques such as scatter plots where 

each element is one DICON and each plot axis represents a new different feature. This 

type is visualization is powerful and interesting, however, it is limited with the 

information amount it can convey (Gotz et al., 2011). 

 

Figure 17: Sample visualization from DICON 

3.6 Discussion 

In this chapter, we have briefly reviewed data visualizations solutions range from 

generic solutions targeting generic data, to medical specific solutions targeting EHRs. 

While offering several types and forms of visualization and allowing ways of 

interacting with the user, yet they present various limitations which are described 

below.  

• Few of the described tools such as Tableau and Plotly require the user to 

acquire computer programming skills, which makes them difficult to use by 

non-experts, specifically in the medical field where medical doctors and 

personnel might not have the needed computer programming skills. 

• Few tools such as Lifelines2 and Outflow show sequences, events, states, and 

temporal summaries, and are targeted towards representing the evolution or the 

flow of data over time, instead of handling numerical data such as medications 

intake, vital signs, and laboratory results. 
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• Few tools such as the Five Ws, MatrixFlow and DICON were not designed to 

handle large amounts of data, or are limited to the amount of data they can 

display due to the nature of their visualization. 

• Most of the clustered parallel coordinates based visualizations, discussed in 

section 5.2, are built upon holistic data clustering, where the similarity 

computation and data clustering processes are conducted holistically, without 

addressing the multi-featured nature of the data. Even though they allow a 

certain flexibility in zooming and changing the level of details, yet their 

visualization at a given zooming level only shows the clusters and data points 

at the chosen level, without displaying the whole clustering and data 

organization structure. Moreover, none of the existing approaches identify the 

best zooming level to displaying the data initially to the user. 

• Other visualizations like Tanglegram and Cluster Heatmap allow to cluster the 

data based on user designated features and allow extracting correlations 

between the features by linking the data. Nonetheless, they only connect the 

clustered data through their leaf nodes, and do not provide any connectivity 

between the inner nodes of the clustered structures. 
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Chapter 4 

Proposal 

This chapter describes the motivation behind our work in the first section. Then, we 

define our aim and discuss our objectives by describing the system and its capabilities. 

In the end, we highlight our main contributions. 

4.1 Motivations 

Following the previous discussion and the research done, we found that extracting and 

understanding the correlations between semi-structured and multi-featured data while 

taking into consideration its structural distribution in a simple yet comprehensive way 

is fundamental in decision making and helps unveiling patterns, trends, and anomalies 

in the data. Therefore, we describe in the below our motivations behind this study. 

Motivation 1. Most existing cluster-based visualization methods process the data 

items holistically, without addressing the multi-featured nature of the data. In this 

context, the need to cluster the data based on one target feature or a group of 

features becomes essential, providing the user with the ability to visualize the 

target data while favoring certain features above others. This allow the user to 

better understand the relationships between the different data features. 

Motivation 2. While several visualizations allow connecting data to extract 

relationships between features and dimensions, it would be useful to show the 

relationships between the internal nodes of the clustering structures and not only 

the data points themselves, which would allow the user to better understand the 

relationships between the data structures. 

Motivation 3. Moreover, while few existing tools offer interactive functionalities and 

capabilities, and allow to zoom and change the level of details displayed in the 

visualization, nonetheless, they do not describe the inner-workings of the 

clustering process and the inner structure of the data at the different granularity 

levels. 

Motivation 4. Most of the described tools display all the information at once, such 

that information presented to the user might initially include useless details. Here, 
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providing a certain level of abstraction to show the user the least amount of useful 

information, by presenting the data a certain granularity that is carefully chosen by 

the system, would help the user acquire the most value out of the data, with the 

least amount of effort in accessing it. 

4.2 Aim 

To address all of the above, and with all the motivating points described, our aim is to 

provide an unsupervised feature-based visualization tool in order to better analyze and 

understand the relationship between two features/group of features, with the ability to 

provide different weights to the chosen features to be mapped based on the impact of 

each feature. We propose an interactive tool that allows zooming in and out the data 

depending on the needed level of details and displays the data initially at the best 

zooming level offering maximum similarity and minimum granularity. Eventually, our 

goal is to assist decision makers in achieving a faster and better decision making 

process. 

4.3 Objectives and Description of the System 

To accomplish the aforementioned aim, we plan on doing the following: 

Objective 1. Handling data features dynamically and interactively by generating two 

dendrograms, one for each user-chosen feature(s) where data would be clustered 

based on the feature(s) while taking into consideration the weights provided for 

each feature depending on its impact, to highlight correlations between them (cf. 

Motivation 1). 

Objective 2. Linking the resulting dendrograms through their internal nodes rather 

than their leaf nodes using the transportation optimization problem, in order to 

provide a visual representation of the relationships between the data structures (cf. 

Motivation 2) 

Objective 3. Offering the ability to zoom-in and out the data to allow the user to 

navigate between different zooming levels based on the requested level of details 

(cf. Motivation 3) 

Objective 4. Allowing to display the best zooming level to highlight the maximum 

similarity with the minimal amount of details, including the ability to favor 

similarity over granularity or vice versa (cf. Motivation 4) 
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4.4 Contributions 

Our suggested visualization tool offers four main contributions: 

1. Considering the multi-featured nature of data and clustering it accordingly (cf. 

Objective 1) 

2. Connecting the generated dendrograms through their internal nodes rather than 

their leaf nodes (that represent the data itself and should be connected by 

nature) which provides a visual illustration of the connections between the data 

structures (clustering structure) and not only the data (cf. Objective 2) 

3. Allowing to zoom-in and out the data to display their relationships at different 

granularity levels while showing the whole clustering structure at the required 

level (cf. Objective 3) 

4. Identifying the best zooming level between the two dendrograms and 

displaying it as the default visualization which emphasizes the maximum 

correlation (similarity) with the minimal amount of details (granularity) and 

enabling the user to set weights for the needed level of similarity versus the 

needed level of granularity depending on his/her preferences (cf. Objective 4). 
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Chapter 5 

Methodology 

This chapter presents the methodology that was followed in the research, which 

consists of four main phases. Section 5.1 describes the data preparation and 

preprocessing phase which allows to extract and organize HER features from their 

semi-structured data representation. Section 5.2 describes the similarity evaluation 

measure which we devise and use to compare pairs of data objects represented 

following different user designated features. Section 5.3 describes the hierarchical 

clustering process used to generate the dendrograms structures. Section 5.4 describes 

the presentation of mirrored dendrograms and their properties. Section 5.5 describes 

the processes of connecting the mirrored drendrograms, zooming in and out of them 

to show different granularity levels, and identifying the best granularity level to present 

to the user. Section 5.6 describes the possible user interactions, and how the data 

visualization tool is adapted accordingly.  

5.1 Data Pre-processing 

5.1.1 Description of the Dataset 

In order to describe our methodology, we will explain the dataset that we worked on. 

Any semi-structured dataset can be used. 

For the sake of this study, we used a sample dataset of 197 Electronic Health Records 

(EHRs) obtained from a private medical clinic, where all EHRs were vetted by Doctor 

Sola Aoun Bahous, Professor/Interim Dean of the Department of Internal Medicine - 

Division of Nephrology, from LAU Rizk hospital.  

The EHRs are divided as follows: 

• 114 samples of patients who suffer from migraine disorder 

• 83 samples of control patients 

The samples were initially provided as database entries in an Excel sheet, where rows 

represent patients and columns represent features which are information related to 
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those patients. Related features were combined together depending on their type. For 

instance, date of birth, date seen, age, gender, marital status and consanguinity were 

combined under “basic information”. 

5.1.2 Approaches 

The dataset described in the previous section form an instance of possible datasets that 

require analysis and visualization and need to be accepted as input in our system. Other 

forms or variations may be provided and thus their processing will vary. 

For this reason, we present in the following two approaches for handling data before 

inserting it for visualization and we discuss their pros and cons. 

5.1.2.1 Approach 1: Processing Data in its Original Form 

This approach is more intuitive and relies on using data as it is, in its original form and 

without the help of any mediators. In other words, data doesn’t need to be semi-

structured to use it. 

The pros of this approach are: 

1. No effort is required to develop and build mediators. 

2. No time is needed for pre-processing; one can directly start processing the data. 

However, this approach has many cons as well and are listed below: 

1. Using data as it is without any pre-processing will cause structural 

inconsistency and differences in the data and this can limit the quality of 

visualization and the accuracy of results. 

2. More time will be required to process the data in the system in order to handle 

structural inconsistencies and differences on the fly while performing the 

visualization and dealing with user interactions. 

5.1.2.2 Approach 2: Pre-processing Data 

This approach relies on pre-processing data before providing it as input to the system 

and transform it to a semi-structured form such as XML or JSON. This way the system 

will accept a common structure instead of inconsistent input. For this to be achieved, 

a software or mediator is needed. 
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The pros of this approach are: 

1.  Better results and increased accuracy; this is due to solving structural 

inconsistencies and differences in the data prior to processing and 

visualization. 

2. Less processing time, and faster visualization on the fly since the data has a 

common structure. 

Similarly, this approach has also some cons as listed below: 

1. Need to develop and implement software, acting as mediator, for every dataset 

provided since they could come from different sources and for various 

purposes so they will differ. 

2. Additional time needed for pre-processing data before starting with processing 

and visualization. 

5.1.3 Design Chosen and Pre-processing 

As for our system, and since we are working with electronic health records, we decided 

to go with the second approach and pre-process the EHRs before using them. The main 

reason behind our choice is that usually medical data has a limited number of 

providers. They are mainly produced by professional doctors, medical institutions, or 

governments, and not by any end user. Therefore, there will be no significant variations 

between EHR data even though they might come from different sources. 

For this sake, we developed a simple software mediator, written in Java language, that 

allowed transforming the initially provided excel sheet of data into semi-structured 

XML files, where each file represents a single patient (originally a row inside the 

sheet). 

The XML file is composed of main sections, each containing several elements related 

to the section type. The sections are Basic Information, Migraine Medical Data, Family 

History, Social History, Medications, Lab Results, Vital Signs and Pulse Wave 

Velocity. These sections may vary depending on patient’s case and on the physician 

collecting the EHR. As for the elements within each section, they are related to the 

section they belong to. For instance, the “Family History” section includes the 
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following elements: “Stroke”, “CAD”, “Hyperlipidemia”, “Hypertension” and 

“Diabetes”. Similarly, the elements inside a section may vary between EHRs. 

The next figure shows a sample XML file representing one patient EHR having 

migraine. For the sake of privacy, values were omitted from the elements. 

 

Figure 18: Sample migraine patient EHR structure 

5.2 Data Similarity 

Now that we have the data samples in their semi-structured form, in our case the EHRs, 

we are ready to input them in the system and start with the computations that lead to 

the desired visualization. And the first step to achieve this purpose is the pairwise 

similarity computation between EHRs. 

We have discussed in the background section some studies concerning medical data 

similarity. In our study, since we have data in a semi-structured form, and in order to 

make the system not only targeted towards medical data but towards all sorts of data 

from various areas, we decided to go with XML similarity. Our purpose was to have 
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an adaptive feature-based similarity measure that allows comparing two patients based 

on: 

• Any single simple element (e.g., height) 

• Any group of simple elements 

• Any single complex element (which is a section in our case, e.g., vital signs) 

consisting of its nested simple and complex elements 

• Any group of complex elements 

Therefore, our equations and computations were inspired from the study of Ma and 

Chbeir (2005).  

As mentioned previously, our clustering is made based on a feature or a group of 

features as chosen by the user. In other words, similarity measure between two data 

samples is computed based on the desired element similarity value, or the desired 

group of elements, section, or group of sections similarity values. 

5.2.1 Single Element Similarity 

In this section, we discuss the similarities between two single simple elements. 

5.2.1.1 Numerical Elements Similarity 

We start by defining the similarity between two elements having numerical values 

𝑥"	and 𝑥$ as below: 

 
𝑆𝑖𝑚 𝑥", 𝑥$ = 1 −

𝑥" − 𝑥$
𝑥,-.

	𝑖𝑓	𝑥"	 ≠ 0	𝑎𝑛𝑑	𝑥$	 ≠ 0; 𝑒𝑙𝑠𝑒	𝑆𝑖𝑚 𝑥", 𝑥$

= 1	 
( 1 ) 

where 𝑥,-. is the maximum value of the numerical element being compared among 

the dataset. For instance, let the element being compared the age at onset, 𝑥" = 25, 𝑥$ 

= 23 and 𝑥,-. = 50 (the maximum age at onset among the dataset). Therefore, the 

similarity value would be: 

 
𝑆𝑖𝑚 25, 23 = 1 −

25 − 23
50 = 0.96	  

On another side, if we compare different elements, where 𝑥" = 40 and  𝑥$ = 23 we get: 
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𝑆𝑖𝑚 40, 23 = 1 −

40 − 23
50 = 0.66	  

So, we can easily deduce that 25 and 23 (Sim=0.96) are more similar than 40 and 23 

(Sim=0.66). 

5.2.1.2 Date Elements Similarity 

We define the similarity between two elements having date values 𝑥"	and 𝑥$, 

represented in the Unix Timestamp format, as below: 

 
𝑆𝑖𝑚 𝑥", 𝑥$ = 1 −

(𝑥"	 + 𝛼) − (𝑥$ + 𝛼)
𝑥,-. + 𝛼

 ( 2 ) 

where 𝑥,-. is the maximum timestamp among the dataset of the date element being 

compared and 𝛼 is the absolute value of minimum timestamp among the dataset of the 

date element being compared. This equation is similar to equation (1) with one 

difference which is the addition of 𝛼 to eliminate negative values and make the 

comparison meaningful. For instance, let the element being compared the date of birth 

represented as Unix Timestamp, 𝑥" = 725846400 (01-Jun-1993), 𝑥$ = 483753600 (01-

May-1985), 𝑥,-. = 878688000 (the maximum timestamp among the dataset) and 𝛼 = 

|-219715200| (the minimum timestamp among the dataset). Therefore, the similarity 

value would be: 

 𝑆𝑖𝑚 725846400, 483753600 = 0.78  

On another side, if we compare different elements, where 𝑥" = 483753600 (01-May-

1985) and  𝑥$ = 420940800 (05-May-1983) we get: 

 𝑆𝑖𝑚 483753600,420940800 = 0.943  

So, we can easily deduce that 01-May-1985 and 05-May-1983 (Sim=0.943) are more 

similar than 01-Jun-1993 and 01-May-1985 (Sim=0.78). 

5.2.1.3 Single Value Elements Similarity 

As for the similarity between two elements having as values a single String value each, 

it can be defined as below: 
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𝑆𝑖𝑚 𝑥", 𝑥$ =

1	𝑖𝑓	𝑥"	 = 	 𝑥$	
0	𝑖𝑓	𝑥"	 ≠ 𝑥$	

 ( 3 ) 

For instance, if we compare the element “Gender”:  

 𝑆𝑖𝑚 “Female”, ”Female” = 1  

whereas  

 𝑆𝑖𝑚 “Female”, ”Male” = 0  

However, in some cases, two different String values can be a bit similar. For instance, 

if we compare the element “Type of Smoking” and we have 𝑥"	= “None” and 𝑥$	= 

“Cigarettes” then Sim(“None”,”Cigarettes”) = 0. Nevertheless, if we have 𝑥"	= 

“Hubble Bubble” and 𝑥$	= “Cigarettes”, we cannot treat them the same way as “None” 

and “Cigarettes” because “Hubble Bubble” and “Cigarettes” are two different types of 

smoking so they have something in common. For this reason, and for such cases, we 

decided to use a lookup table as per below: 

Table 1: Lookup table for "Type of Smoking" similarity 

Type of 
Smoking Cigarettes Hubble Bubble None 

Cigarettes 1 0.5 0 

Hubble Bubble 0.5 1 0 

None 0 0 1 

 

5.2.1.4 Multiple Values Elements Similarity 

We define the similarity between two elements having as values a subset of multiple 

String values as below: 

 
𝑆𝑖𝑚 𝐴, 𝐵 =

|𝐴 ∩ 𝐵|
max	( 𝐴 , 𝐵 ) 

( 4 ) 

Where |𝐴 ∩ 𝐵| is the number of common values between A and B, and max 𝐴 , 𝐵  

is the maximum cardinality between A and B. For instance, let A be “Fasting, Period, 
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Stress, Noise, Sunlight” and B be “Fasting, Stress, Bloating, Period” then |𝐴 ∩ 𝐵| = 3 

(corresponding to “Fasting, Period, Stress”) and max 𝐴 , 𝐵  = 5 (maximum 

cardinality).  Therefore: 

 𝑆𝑖𝑚 A, B =
3
5 = 0.6  

On another side, if we compare different elements where A corresponds to “Fasting, 

Period, Stress, Noise, Sunlight” and B corresponds to “Stress, Hunger, Hot, Cold” then 

|𝐴 ∩ 𝐵| = 1 (corresponding to “Stress”) and max 𝐴 , 𝐵  = 5 (maximum cardinality). 

In this case: 

 𝑆𝑖𝑚 A, B =
1
5 = 0.2  

So, we can easily deduce that “Fasting, Period, Stress, Noise, Sunlight” and “Fasting, 

Stress, Bloating, Period” (Sim=0.6) are more similar than “Fasting, Period, Stress, 

Noise, Sunlight” and “Stress, Hunger, Hot, Cold” (Sim=0.2). 

 

5.2.2 Multiple Elements Similarity 

To compute the similarity between two data samples d1 and d2 based on a set of single 

elements, whether they are in the same section or in different sections, the following 

equation is applied: 

 𝑆𝑖𝑚(𝑑U, 𝑑V) = 	 𝑊𝑒𝑖𝑔ℎ𝑡[\]^"_`×𝑊𝑒𝑖𝑔ℎ𝑡bc\,\`^×𝑆𝑖𝑚bc\,\`^ ( 5 ) 

Where: 

• 𝑊𝑒𝑖𝑔ℎ𝑡[\]^"_` represents a variable provided by the user to highlight the 

importance of the section and its impact. 

• 𝑊𝑒𝑖𝑔ℎ𝑡bc\,\`^ represents a variable provided by the user as well to highlight 

the importance of an element within a section and its impact. 

• 𝑆𝑖𝑚bc\,\`^ represents the computed similarity between two samples based on 

the single element. 

This leads to more flexibility in the computations. By default: 
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 𝑊𝑒𝑖𝑔ℎ𝑡[\]^"_` = 	
1

𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑆𝑒𝑐𝑡𝑖𝑜𝑛𝑠 ( 6 ) 

 𝑊𝑒𝑖𝑔ℎ𝑡bc\,\`^ = 	
1

𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠	𝑊𝑖𝑡ℎ𝑖𝑛	𝑎	𝑆𝑒𝑐𝑡𝑖𝑜𝑛 
( 7 ) 

For instance, the EHR shown in Figure 18 has 8 sections, so by default the weight of 

a section will be U
k
= 0.125. The user can change this default weight depending on 

his/her preferences; the system will adjust the weights of the other sections accordingly 

to get a weight sum of 1.  

Now, if we take the section “Family history” from the same EHR, we can notice that 

it has 5 elements. By default, the weight of an element will be U
l
= 0.2. The user can 

change this default weight depending on his/her preferences; the system will adjust the 

weights of the other elements in this section accordingly to get a weight sum of 1. 

In this way, we can compute the similarity between two data samples based on any 

group of simple elements within one section or different sections, and based on any 

section (similarity of all elements within the section) or any group of sections. In the 

case of EHRs, the similarity between two patient EHRs can be computed based on any 

group of sections which could be all the sections and thus all the EHR. 

For instance, the similarity between two patient EHRs P1 and P2 (structure is same as 

in Figure 18) based on the elements “Gender” and “Consanguinity” from “Basic 

Information” section and the element “Alcohol” from “Social History”, given that they 

all have equal weights, is equal to the below: 

𝑆𝑖𝑚 𝑃U, 𝑃V = 𝑊𝑒𝑖𝑔ℎ𝑡n-o"]	p`q_	×	𝑊𝑒𝑖𝑔ℎ𝑡r\`s\t	×	𝑆𝑖𝑚r\`s\t +

																												𝑊𝑒𝑖𝑔ℎ𝑡n-o"]	p`q_	×	𝑊𝑒𝑖𝑔ℎ𝑡u_`o-`vw"`"^x	×	𝑆𝑖𝑚u_`o-`vw"`"^x + 

																												𝑊𝑒𝑖𝑔ℎ𝑡[_]"-c	y"o^_tx	×	𝑊𝑒𝑖𝑔ℎ𝑡zc]_{_c	×	𝑆𝑖𝑚zc]_{_c	

                  = U
k
	× U

|
	×	𝑆𝑖𝑚r\`s\t +	

U
k
	× U

|
	×	𝑆𝑖𝑚u_`o-`vw"`"^x +	

U
k
	× U

}
	×	𝑆𝑖𝑚r\`s\t 

5.2.3 Distance 

Once the pairwise similarity is computed between two data samples d1 and d2, we 

extract the distance between them based on the below formula: 
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 𝑑𝑖𝑠𝑡 𝑑U, 𝑑V = 1 − 𝑆𝑖𝑚 𝑑U, 𝑑V , 𝑤ℎ𝑒𝑟𝑒	0 < 𝑆𝑖𝑚 𝑑U, 𝑑V < 1 ( 8 ) 

5.3 Data Clustering 

Once the pairwise distances between data samples are computed based on the desired 

feature or group of features, the second step is to cluster the data. For this reason, we 

need the distance between all data samples to be able to group them accordingly. This 

leads us to form a distance matrix of all data samples. 

Let 𝑁 be the number of data samples we want to compare, the resulting distance matrix 

M will be 𝑁×𝑁 symmetrical matrix where M(i, j) is the distance between data samples 

at indices i and j in the matrix. 

Once the distance matrix M is computed, we can proceed with clustering. In our study, 

we used hierarchical clustering to form dendrograms, and specifically we used the 

Unweighted Pair-Group Method with Arithmetic mean (UPGMA) which is an 

average-link method for inter-cluster similarity to form the clusters. In UPGMA, all 

the pairwise distances have equal contribution in the computed average (Edwards, 

2016). 

The following example represents the distance matrix M of 7 patient EHRs to be 

clustered together based on the “Glycemia” feature. Each entry M(i, j) represents the 

distance between patients i and j, calculated from their similarity based on “Glycemia”. 

Table 2: Distance matrix of 7 EHRs based on "Glycemia" 

 0 1 2 3 4 5 6 

0 0 0.088235 0.073529 0.080882 0.066176 0.139706 0.058824 

1 0.088235 0 0.014706 0.007353 0.022059 0.051471 0.029412 

2 0.073529 0.014706 0 0.007353 0.007353 0.066176 0.014706 

3 0.080882 0.007353 0.007353 0 0.014706 0.058824 0.022059 

4 0.066176 0.022059 0.007353 0.014706 0 0.073529 0.007353 

5 0.139706 0.051471 0.066176 0.058824 0.073529 0 0.080882 

6 0.058824 0.029412 0.014706 0.022059 0.007353 0.080882 0 
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Now that we have the above distance matrix, and since we are using UPGMA method, 

we can proceed with the steps to form the dendrogram grouping these 7 patients based 

on “Glycemia” feature. 

We start by choosing the patients having the lowest distance between them (highest 

similarity), other than 0. Using the matrix in Table 2, the minimum distance is 

0.007353 as shown highlighted in grey in Table 3 and it occurs between 1 and 3, 2 and 

3, 2 and 4, 4 and 6. 

Table 3: Distance matrix of 7 EHRs based on "Glycemia" with lowest distance highlighted 

 0 1 2 3 4 5 6 

0 0 0.088235 0.073529 0.080882 0.066176 0.139706 0.058824 

1 0.088235 0 0.014706 0.007353 0.022059 0.051471 0.029412 

2 0.073529 0.014706 0 0.007353 0.007353 0.066176 0.014706 

3 0.080882 0.007353 0.007353 0 0.014706 0.058824 0.022059 

4 0.066176 0.022059 0.007353 0.014706 0 0.073529 0.007353 

5 0.139706 0.051471 0.066176 0.058824 0.073529 0 0.080882 

6 0.058824 0.029412 0.014706 0.022059 0.007353 0.080882 0 

 

We choose to cluster 4 and 6 (choice is made randomly). The resulting distance matrix 

is shown in Table 4. 

Table 4: Updated distance matrix with new node 4&6 

 0 1 2 3 4 & 6 5 

0 0 0.088235 0.073529 0.080882 0.0625 0.139706 

1 0.088235 0 0.014706 0.007353 0.0257355 0.051471 

2 0.073529 0.014706 0 0.007353 0.0110295 0.066176 

3 0.080882 0.007353 0.007353 0 0.0183825 0.058824 

4 & 6 0.0625 0.0257355 0.0110295 0.0183825 0 0.0772055 
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5 0.139706 0.051471 0.066176 0.058824 0.0772055 0 

 

Since we are using the UPGMA method for clustering, we can compute the new 

distance between node 4&6 and the remaining nodes by computing their average 

distance. For example, the new distance between node 4&6 and node 0 will be: 

𝑑𝑖𝑠𝑡 4&6,0 =
dist 4,0 + dist 6,0

2 =
0.066176 + 0.058824

2 = 0.0625 

Similarly, the new distance between node 4&6 and node 1 will be 

𝑑𝑖𝑠𝑡 4&6,1 =
dist 4,1 + dist 6,1

2 =
0.022059 + 0.029412

2 = 0.0257355 

We continue on computing the distance between node 4&6 and the remaining nodes 

(which are nodes 2, 3 and 5) to get the values as per Table 4. 

Now we repeat the process, we choose the next 2 nodes having the lowest distance 

(maximum similarity). Using the matrix in Table 5, the minimum distance is 0.007353 

and is shown highlighted. We can see that it occurs between nodes 1 and 3 and nodes 

2 and 3. 

Table 5: Updated distance matrix with new node 4&6 and minimum distance highlighted 

 0 1 2 3 4 & 6 5 

0 0 0.088235 0.073529 0.080882 0.0625 0.139706 

1 0.088235 0 0.014706 0.007353 0.0257355 0.051471 

2 0.073529 0.014706 0 0.007353 0.0110295 0.066176 

3 0.080882 0.007353 0.007353 0 0.0183825 0.058824 

4 & 6 0.0625 0.0257355 0.0110295 0.0183825 0 0.0772055 

5 0.139706 0.051471 0.066176 0.058824 0.0772055 0 

 

We choose to cluster 2 and 3 (choice is made randomly). The resulting distance matrix 

is shown in Table 6.  
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Table 6: Updated distance matrix with new nodes 2&3 and 4&6 

 0 1 2 & 3 4 & 6 5 

0 0 0.088235 0.0772055 0.0625 0.139706 

1 0.088235 0 0.0110295 0.0257355 0.051471 

2 & 3 0.0772055 0.0110295 0 0.014706 0.0625 

4 & 6 0.0625 0.0257355 0.014706 0 0.0772055 

5 0.139706 0.051471 0.0625 0.0772055 0 

 

Since we are using the UPGMA method for clustering, we can compute the new 

distance between node 2&3 and the remaining nodes by computing their average 

distance. For example, the new distance between node 2&3 and node 0 will be: 

𝑑𝑖𝑠𝑡 2&3,0 =
dist 2,0 + dist 3,0

2 =
0.073529 + 0.080882

2 = 0.0772055 

Likewise, we continue on computing the distance between node 2&3 and the 

remaining nodes (which are nodes 1, 4&6 and 5) to get the values as per Table 6. 

Below is also an example of the new distance between node 2&3 and node 4&6 to 

highlight the fact that all pairwise distances have equal contribution: 

𝑑𝑖𝑠𝑡 2&3,4&6 =
dist 2,4 + dist 3,4 + dist(2,6) + dist 3,6

4

=
0.007353 + 0.014706 + 0.014706 + 0.022059

4 = 0.014706 

Now we repeat the process, we choose the next 2 nodes having the lowest distance 

(maximum similarity). Using the matrix in Table 7, the minimum distance is 

0.0110295 and is shown highlighted. We can see that it occurs between node 1 and 

node 2&3 . 

Table 7: Updated distance matrix with new nodes 2&3 and 4&6 and minimum distance highlighted 

 0 1 2 & 3 4 & 6 5 

0 0 0.088235 0.0772055 0.0625 0.139706 
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1 0.088235 0 0.0110295 0.0257355 0.051471 

2 & 3 0.0772055 0.0110295 0 0.014706 0.0625 

4 & 6 0.0625 0.0257355 0.014706 0 0.0772055 

5 0.139706 0.051471 0.0625 0.0772055 0 

 

Therefore, we cluster 1 with 2&3. The resulting distance matrix is shown in Table 8. 

Table 8: Updated distance matrix with new nodes 1&2&3 and 4&6 

 0 1&2&3 4 & 6 5 

0 0 0.080882 0.0625 0.139706 

1&2&3 0.080882 0 0.0183825 0.0588237 

4 & 6 0.0625 0.0183825 0 0.0772055 

5 0.139706 0.0588237 0.0772055 0 

 

Similarly, since we are using UPGMA method for clustering, we can compute the new 

distance between node 1&2&3 and the remaining nodes by computing the average of 

all pairwise distances. For example, the new distance between node 1&2&3 and node 

0 will be: 

𝑑𝑖𝑠𝑡 1&2&3,0 =
dist 1,0 + dist 2,0 + dist 3,0

3

=
0.088235 + 0.073529 + 0.080882

3 = 0.080882 

Likewise, we continue on computing the distance between node 1&2&3 and the 

remaining nodes (which are nodes 4&6 and 5) to get the values as per Table 8. 

Now we repeat the process, we choose the next 2 nodes having the lowest distance 

(maximum similarity). Using the matrix in Table 9, the minimum distance is 

0.0183825 and is shown highlighted. We can see that it occurs between node 1&2&3 

and node 4&6. 
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Table 9: Updated distance matrix with new nodes 1&2&3 and 4&6 and minimum distance highlighted 

 0 1&2&3 4 & 6 5 

0 0 0.080882 0.0625 0.139706 

1&2&3 0.080882 0 0.0183825 0.0588237 

4 & 6 0.0625 0.0183825 0 0.0772055 

5 0.139706 0.0588237 0.0772055 0 

 

Therefore, we cluster 1&2&3 with 4&6. The resulting distance matrix is shown in 

Table 10. 

Table 10: Updated distance matrix with new node 1&2&3&4&6 

 0 1&2&3&4&6 5 

0 0 0.0735292 0.139706 

1&2&3&4&6 0.0735292 0 0.0661764 

5 0.139706 0.0661764 0 

 

Like in the previous step, we compute the distance between node 1&2&3&4&6 and 

the nodes 0 and 5 to get the values as per Table 10. 

And again, we repeat the process, we choose the next 2 nodes having the lowest 

distance (maximum similarity). Using the matrix in Table 11, the minimum distance 

is 0.0661764 and is shown highlighted. We can see that it occurs between node 

1&2&3&4&6 and node 5. 

Table 11: Updated distance matrix with new node 1&2&3&4&6 and minimum distance highlighted 

 0 1&2&3&4&6 5 

0 0 0.0735292 0.139706 

1&2&3&4&6 0.0735292 0 0.0661764 

5 0.139706 0.0661764 0 
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Therefore, we cluster node 1&2&3&4&6 with node 5. The resulting distance matrix 

is shown in Table 12. 

Table 12: Updated distance matrix with new node 1&2&3&4&6&5 

 0 1&2&3&4&6&5 

0 0 0.084558667 

1&2&3&4&6&5 0.084558667 0 

 

Finally, it remains to cluster node 1&2&3&4&6&5 with node 0. This way, we get all 

the data clustered into 1 big cluster and we have the dendrogram that describes this 

whole description as shown in Figure 19, where the x-axis represents the node (patient) 

number and the y-axis represents the distance value. 

 

Figure 19: Resulting glycemia dendrogram 

5.4 Data Visualization 

After explaining the clustering process and the dendrogram generation, we will discuss 

in this section the visualization process. For this sake, we will use the same Glycemia 

example from the previous section as the first feature to be compared. Therefore, the 

first dendrogram in the visualization is shown in Figure 19. On another hand, the 

second feature which we aim to correlate with Glycemia is LDL. Figure 20 shows the 

dendrogram of the same 7 patients clustered based on LDL, and Table 13 shows the 

full distance matrix. The clustering process is similar to the one explained in the 
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previous section. This dendrogram will form the second dendrogram in the 

visualization. 

 

Figure 20: LDL dendrogram 

Table 13: Distance matrix of 7 EHRs based on "LDL" 

 0 1 2 3 4 5 6 

0 0 0.260638 0.047872 0.276596 0.069149 0.138298 0.212766 

1 0.260638 0 0.212766 0.015957 0.191489 0.12234 0.047872 

2 0.047872 0.212766 0 0.228723 0.021277 0.090426 0.164894 

3 0.276596 0.015957 0.228723 0 0.207447 0.138298 0.06383 

4 0.069149 0.191489 0.021277 0.207447 0 0.069149 0.143617 

5 0.138298 0.12234 0.090426 0.138298 0.069149 0 0.074468 

6 0.212766 0.047872 0.164894 0.06383 0.143617 0.074468 0 

 

Now that we have two full dendrograms representing all patients clustered based on 

the desired feature/group of features each, our purpose next is to define the best 

zooming level to display the visualization initially. 
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5.4.1 Default Zooming Level Generation 

We define by the default zooming level the most “zoomed-out” visualization that 

presents enough details to the user. This level is a compromise between similarity and 

granularity. In other words, this level should highlight the maximum correlation 

(similarity) with the minimal amount of details (granularity) presented to the user. The 

idea behind this is that users usually wish to acquire the most value out of the data, 

while viewing the least amount of data. This helps them in getting results quickly and 

assists is faster decision making. 

To achieve this, we need to define for each dendrogram the best zooming level. In 

other words, we need to show the ideal number of nodes for the dendrogram generated 

based on the first feature/group of features on one hand, and the ideal number of nodes 

for the dendrogram generated based on the second feature/group of features on the 

other hand; in order to provide a good zoomed-out visualization with an acceptable 

amount of details. In the example that we are presenting, we need to show the ideal 

number of nodes for Glycemia dendrogram and the ideal number of nodes for LDL 

dendrogram.  

The first step is to generate all the possible dendrograms for each feature/group of 

features. In our example, since N=7 (we have 7 patients), we will be generating for 

Glycemia 7 dendrograms, each at a zooming level. For each dendrogram, we generate 

the distance matrix corresponding to the zooming level. This distance matrix D is the 

result of the generated dendrogram and includes at each entry D(i,j) the height of the 

lowest node that groups j and j. Similarly, we will generate 7 dendrograms with their 

distance matrices for LDL.  

 𝐷 𝑖, 𝑗 = ℎ𝑒𝑖𝑔ℎ𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑙𝑜𝑤𝑒𝑠𝑡	𝑛𝑜𝑑𝑒	𝑡ℎ𝑎𝑡	𝑔𝑟𝑜𝑢𝑝𝑠	𝑖	𝑎𝑛𝑑	𝑗 ( 9 ) 

In the following, we show the dendrograms and the correponding distance matrices at 

each level for both Glycemia and LDl. 
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5.4.1.1 Zooming Level N=7 

At this level, we can see the full zoomed-in visualization. N=7 means that all 7 nodes 

are displayed at the leaves. Figure 21 shows the first dendrogram for Glycemia at N=7 

and Table 14 shows the corresponding distance matrix. Similarly, Figure 22 shows the 

first dendrogram for LDL at N=7 and Table 15 shows the corresponding distance 

matrix. 

 

Figure 21: First dendrogram for Glycemia at N=7 

Table 14: First distance matrix for Glycemia at N=7 

 0 1 2 3 4 5 6 

0 0 0.084559 0.084559 0.084559 0.084559 0.084559 0.084559 

1 0.084559 0 0.01103 0.01103 0.018383 0.066176 0.018383 

2 0.084559 0.01103 0 0.007353 0.018383 0.066176 0.018383 

3 0.084559 0.01103 0.007353 0 0.018383 0.066176 0.018383 

4 0.084559 0.018383 0.018383 0.018383 0 0.066176 0.007353 

5 0.084559 0.066176 0.066176 0.066176 0.066176 0 0.066176 

6 0.084559 0.018383 0.018383 0.018383 0.007353 0.066176 0 
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As previously discussed, each entry (i,j) in the above matrix correspond to the height 

of the lowest node that groups i and j. For instance, if we take 0 and 1/2/3/4/5/6, the 

lowest node grouping them is the root node in the dendrogram and its height is 

0.084559. If we take 5 and 1/2/3/4/6, the lowest node grouping them has a height of 

0.066176, etc. 

 

Figure 22: First dendrogram for LDL at N=7 

Table 15: First distance matrix for LDL at N=7 

 0 1 2 3 4 5 6 

0 0 0.18617 0.058511 0.18617 0.058511 0.099291 0.18617 

1 0.18617 0 0.18617 0.015957 0.18617 0.18617 0.055851 

2 0.058511 0.18617 0 0.18617 0.021277 0.099291 0.18617 

3 0.18617 0.015957 0.18617 0 0.18617 0.18617 0.055851 

4 0.058511 0.18617 0.021277 0.18617 0 0.099291 0.18617 

5 0.099291 0.18617 0.099291 0.18617 0.099291 0 0.18617 

6 0.18617 0.055851 0.18617 0.055851 0.18617 0.18617 0 
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5.4.1.2 Zooming Level N=6 

At this level, we can see a zoomed-out visualization. N=6 means that only 6 nodes are 

displayed at the leaves. This means that 5 out of the initial nodes are displayed whereas 

the 6th node represents a cluster of 2 nodes. Figure 23 shows the second dendrogram 

for Glycemia at N=6 and Table 16 shows the corresponding distance matrix. Similarly, 

Figure 24 shows the second dendrogram for LDL at N=6 and Table 17 shows the 

corresponding distance matrix. 

 

Figure 23: Second dendrogram for Glycemia at N=6 

Table 16: Second distance matrix for Glycemia at N=6 

 0 1 2 3 4 5 6 

0 0 0.084559 0.084559 0.084559 0.084559 0.084559 0.084559 

1 0.084559 0 0.01103 0.01103 0.018383 0.066176 0.018383 

2 0.084559 0.01103 0 0.007353 0.018383 0.066176 0.018383 

3 0.084559 0.01103 0.007353 0 0.018383 0.066176 0.018383 

4 0.084559 0.018383 0.018383 0.018383 0 0.066176 0 

5 0.084559 0.066176 0.066176 0.066176 0.066176 0 0.066176 

6 0.084559 0.018383 0.018383 0.018383 0 0.066176 0 
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In Table 16, we can notice that 4 and 6 have now a distance of 0. This is reflected in 

the dendrogram of Figure 23 where 4 and 6 are clustered and form a new node (2).  

P.S: The number in parentheses represents the number of nodes inside the cluster.  

 

Figure 24: Second dendrogram for LDL at N=6 

Table 17: Second distance matrix for LDL at N=6 

 0 1 2 3 4 5 6 

0 0 0.18617 0.058511 0.18617 0.058511 0.099291 0.18617 

1 0.18617 0 0.18617 0 0.18617 0.18617 0.055851 

2 0.058511 0.18617 0 0.18617 0.021277 0.099291 0.18617 

3 0.18617 0 0.18617 0 0.18617 0.18617 0.055851 

4 0.058511 0.18617 0.021277 0.18617 0 0.099291 0.18617 

5 0.099291 0.18617 0.099291 0.18617 0.099291 0 0.18617 

6 0.18617 0.055851 0.18617 0.055851 0.18617 0.18617 0 

 

In Table 17, we can notice that 1 and 3 have now a distance of 0. This is reflected in 

the dendrogram of Figure 24 where 1 and 3 are clustered and form a new node (2).  
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5.4.1.3 Zooming Level N=5 

At this level, we can see a zoomed-out visualization. N=5 means that only 5 nodes are 

displayed at the leaves. Figure 25 shows the third dendrogram for Glycemia at N=5 

and Table 18 shows the corresponding distance matrix. Similarly, Figure 26 shows the 

third dendrogram for LDL at N=5 and Table 19 shows the corresponding distance 

matrix. 

 

Figure 25: Third dendrogram for Glycemia at N=5 

Table 18: Third distance matrix for Glycemia at N=5 

 0 1 2 3 4 5 6 

0 0 0.084559 0.084559 0.084559 0.084559 0.084559 0.084559 

1 0.084559 0 0.01103 0.01103 0.018383 0.066176 0.018383 

2 0.084559 0.01103 0 0 0.018383 0.066176 0.018383 

3 0.084559 0.01103 0 0 0.018383 0.066176 0.018383 

4 0.084559 0.018383 0.018383 0.018383 0 0.066176 0 

5 0.084559 0.066176 0.066176 0.066176 0.066176 0 0.066176 

6 0.084559 0.018383 0.018383 0.018383 0 0.066176 0 
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In Table 18, we can notice that 2 and 3 have now a distance of 0. This is reflected in 

the dendrogram of Figure 25 where 2 and 3 are clustered and form a new node (2). 

 

Figure 26: Third dendrogram for LDL at N=5 

Table 19: Third distance matrix for LDL at N=5 

 0 1 2 3 4 5 6 

0 0 0.18617 0.058511 0.18617 0.058511 0.099291 0.18617 

1 0.18617 0 0.18617 0 0.18617 0.18617 0.055851 

2 0.058511 0.18617 0 0.18617 0 0.099291 0.18617 

3 0.18617 0 0.18617 0 0.18617 0.18617 0.055851 

4 0.058511 0.18617 0 0.18617 0 0.099291 0.18617 

5 0.099291 0.18617 0.099291 0.18617 0.099291 0 0.18617 

6 0.18617 0.055851 0.18617 0.055851 0.18617 0.18617 0 

 

In Table 19, we can notice that 2 and 4 have now a distance of 0. This is reflected in 

the dendrogram of Figure 26 where 2 and 4 are clustered and form a new node (2).  
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5.4.1.4 Zooming Level N=4 

At this level, we can see a zoomed-out visualization. N=4 means that only 4 nodes are 

displayed at the leaves. Figure 27 shows the fourth dendrogram for Glycemia at N=4 

and Table 20 shows the corresponding distance matrix. Similarly, Figure 28 shows the 

fourth dendrogram for LDL at N=4 and Table 21 shows the corresponding distance 

matrix. 

 

Figure 27: Fourth dendrogram for Glycemia at N=4 

Table 20: Fourth distance matrix for Glycemia at N=4 

 0 1 2 3 4 5 6 

0 0 0.084559 0.084559 0.084559 0.084559 0.084559 0.084559 

1 0.084559 0 0 0 0.018383 0.066176 0.018383 

2 0.084559 0 0 0 0.018383 0.066176 0.018383 

3 0.084559 0 0 0 0.018383 0.066176 0.018383 

4 0.084559 0.018383 0.018383 0.018383 0 0.066176 0 

5 0.084559 0.066176 0.066176 0.066176 0.066176 0 0.066176 

6 0.084559 0.018383 0.018383 0.018383 0 0.066176 0 
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In Table 20, we notice that 1, 2 and 3 have now a distance of 0. This is reflected in 

the dendrogram of Figure 27 where 1 is clustered with 2 and 3 and form a new node 

(3). 

 

Figure 28: Fourth dendrogram for LDL at N=4 

Table 21: Fourth distance matrix for LDL at N=4 

 0 1 2 3 4 5 6 

0 0 0.18617 0.058511 0.18617 0.058511 0.099291 0.18617 

1 0.18617 0 0.18617 0 0.18617 0.18617 0 

2 0.058511 0.18617 0 0.18617 0 0.099291 0.18617 

3 0.18617 0 0.18617 0 0.18617 0.18617 0 

4 0.058511 0.18617 0 0.18617 0 0.099291 0.18617 

5 0.099291 0.18617 0.099291 0.18617 0.099291 0 0.18617 

6 0.18617 0 0.18617 0 0.18617 0.18617 0 

 

In Table 21, we can notice that 6, 1 and 3 have now a distance of 0. This is reflected 

in the dendrogram of Figure 28 where 6 is clustered with 1 and 3 and form a new node 

(3). 
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5.4.1.5 Zooming Level N=3 

At this level, we can see a zoomed-out visualization. N=3 means that only 3 nodes are 

displayed at the leaves. Figure 29 shows the fifth dendrogram for Glycemia at N=3 

and Table 22 shows the corresponding distance matrix. Similarly, Figure 30 shows the 

fifth dendrogram for LDL at N=3 and Table 23 shows the corresponding distance 

matrix. 

 

Figure 29: Fifth dendrogram for Glycemia at N=3 

Table 22: Fifth distance matrix for Glycemia at N=3 

 0 1 2 3 4 5 6 

0 0 0.084559 0.084559 0.084559 0.084559 0.084559 0.084559 

1 0.084559 0 0 0 0 0.066176 0 

2 0.084559 0 0 0 0. 0.066176 0 

3 0.084559 0 0 0 0 0.066176 0 

4 0.084559 0 0 0 0 0.066176 0 

5 0.084559 0.066176 0.066176 0.066176 0.066176 0 0.066176 

6 0.084559 0 0 0 0 0.066176 0 
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In Table 22, we notice that 1, 2, 3, 4 and 6 have now a distance of 0. This is reflected 

in the dendrogram of Figure 29 where 1, 2 and 3 are clustered with 4 and 6 and form 

a new node (5). 

 

Figure 30: Fifth dendrogram for LDL at N=3 

Table 23: Fifth distance matrix for LDL at N=3 

 0 1 2 3 4 5 6 

0 0 0.18617 0 0.18617 0 0.099291 0.18617 

1 0.18617 0 0.18617 0 0.18617 0.18617 0 

2 0 0.18617 0 0.18617 0 0.099291 0.18617 

3 0.18617 0 0.18617 0 0.18617 0.18617 0 

4 0 0.18617 0 0.18617 0 0.099291 0.18617 

5 0.099291 0.18617 0.099291 0.18617 0.099291 0 0.18617 

6 0.18617 0 0.18617 0 0.18617 0.18617 0 

 

In Table 23, we can notice that 0, 2, and 4 have now a distance of 0. This is reflected 

in the dendrogram of Figure 30 where 0 is clustered with 2 and 4 and form a new node 

(3). 
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5.4.1.6 Zooming Level N=2 

At this level, we can see a zoomed-out visualization. N=2 means that only 2 nodes are 

displayed at the leaves. Figure 31 shows the sixth dendrogram for Glycemia at N=2 

and Table 24 shows the corresponding distance matrix. Similarly, Figure 32 shows the 

sixth dendrogram for LDL at N=2 and Table 25 shows the corresponding distance 

matrix. 

 

Figure 31: Sixth dendrogram for Glycemia at N=2 

Table 24: Sixth distance matrix for Glycemia at N=2 

 0 1 2 3 4 5 6 

0 0 0.084559 0.084559 0.084559 0.084559 0.084559 0.084559 

1 0.084559 0 0 0 0 0 0 

2 0.084559 0 0 0 0. 0 0 

3 0.084559 0 0 0 0 0 0 

4 0.084559 0 0 0 0 0 0 

5 0.084559 0 0 0 0 0 0 

6 0.084559 0 0 0 0 0 0 
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In Table 24, we notice that 1, 2, 3, 4, 5 and 6 have now a distance of 0. This is 

reflected in the dendrogram of Figure 31 where 5 is clustered with 1, 2, 3, 4 and 6 

and form a new node (6). 

 

Figure 32: Sixth dendrogram for LDL at N=2 

Table 25: Sixth distance matrix for LDL at N=2 

 0 1 2 3 4 5 6 

0 0 0.18617 0 0.18617 0 0 0.18617 

1 0.18617 0 0.18617 0 0.18617 0.18617 0 

2 0 0.18617 0 0.18617 0 0 0.18617 

3 0.18617 0 0.18617 0 0.18617 0.18617 0 

4 0 0.18617 0 0.18617 0 0 0.18617 

5 0 0.18617 0 0.18617 0 0 0.18617 

6 0.18617 0 0.18617 0 0.18617 0.18617 0 

 

In Table 25, we can notice that 0, 2, 4 and 5 have now a distance of 0. This is reflected 

in the dendrogram of Figure 32 where 5 is clustered with 0, 2 and 4 and form a new 

node (4). 
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5.4.1.7 Zooming Level N=1 

At this level, we can see the most zoomed-out visualization. N=1 means that only 1 

node is displayed at the leaves which corresponds to the root node. Figure 33 shows 

the seventh dendrogram for Glycemia at N=1 and Table 26 shows the corresponding 

distance matrix. Similarly, Figure 34 shows the seventh dendrogram for LDL at N=1 

and Table 27 shows the corresponding distance matrix. 

 

Figure 33: Seventh dendrogram for Glycemia at N=1 

Table 26: Seventh distance matrix for Glycemia at N=1 

 0 1 2 3 4 5 6 

0 0 0 0 0 0 0 0 

1 0 0 0 0 0 0 0 

2 0 0 0 0 0 0 0 

3 0 0 0 0 0 0 0 

4 0 0 0 0 0 0 0 

5 0 0 0 0 0 0 0 

6 0 0 0 0 0 0 0 
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In Table 26, we notice that all nodes have now a distance of 0. This is reflected in the 

dendrogram of Figure 33 where all nodes are clustered together and represented in the 

root node (7). 

 

Figure 34: Seventh dendrogram for LDL at N=1 

Table 27: Seventh distance matrix for LDL at N=1 

 0 1 2 3 4 5 6 

0 0 0 0 0 0 0 0 

1 0 0 0 0 0 0 0 

2 0 0 0 0 0 0 0 

3 0 0 0 0 0 0 0 

4 0 0 0 0 0 0 0 

5 0 0 0 0 0 0 0 

6 0 0 0 0 0 0 0 

 

In Table 27, we notice that all nodes have now a distance of 0. This is reflected in the 

dendrogram of Figure 34 where all nodes are clustered together and represented in the 

root node (7). 
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5.4.1.8 Dendrograms Similarity 

Once the dendrograms are computed for each feature/group of features at all zooming 

levels, the next step is to compute their pairwise similarities. For this sake, we 

introduce in this section the similarity between two dendrograms, which is effectively 

the similarity between their corresponding distance matrices. 

 𝑆𝑖𝑚 𝑑𝑒𝑛𝑑1, 𝑑𝑒𝑛𝑑2 = 1 − 𝑑𝑖𝑠𝑡 𝑑𝑒𝑛𝑑1, 𝑑𝑒𝑛𝑑2 	 ( 10 ) 

Where 

 
𝑑𝑖𝑠𝑡 𝑑𝑒𝑛𝑑1, 𝑑𝑒𝑛𝑑2 =

𝑚",$ − 𝑛",$",$

|𝑚",$ + 𝑛",$|",$
 

( 11 ) 

Where 𝑚",$ is the distance entry in the distance matrix corresponding to dendrogram 1 

and 𝑛",$ is the distance entry in the distance matrix corresponding to dendrogram 2. 

In fact, equation 11, reflecting the distance between two dendrograms and thus 

between their distance matrices, is based on Manhattan distance which allows getting 

the distance between two data points. If we have data point d1 at (x1,y1) and data point 

d2 at (x2,y2) then their Manhattan distance is |x1-x2|+|y1-y2| (Black, 2019). However, 

we introduced a small variation which is the denominator in order to normalize the 

result and get a distance between 0 and 1. 

Therefore, we apply this formula to the dendrograms resulting from the previous step 

and we compute their pairwise similarities. If we have N dendrograms for each 

feature/group of features, we get an NxN dendrogram similarity matrix where each 

entry at (i,j) represents the similarity between dendrogram i of the first feature/group 

of features and dendrogram j of the second feature/group of features. As for the 

naming, Dendrogram i has i number of nodes at the leaves (zooming level i) and 

dendrogram j has j number of nodes at the leaves (zooming level j). 

If we apply this formula to our example (Glycemia vs LDL) and we compute pairwise 

similarities of the 7 dendrograms of each feature, we get a 7x7 similarity matrix as 

shown in Table 28. An entry at position (4,5) for instance represents the similarity 

between dendrogram 4 of Glycemia and dendrogram 5 of LDL. Dendrogram 4 has 4 
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nodes at the leaves (zooming level 4) and dendrogram 5 has 5 nodes at the leaves 

(zooming level 5). 

Table 28: Similarity matrix of Glycemia vs LDL dendrograms 

Dend# 1 2 3 4 5 6 7 

1 NaN 0 0 0 0 0 0 

2 0 0.18507 0.22258 0.28848 0.27862 0.27681 0.27548 

3 0 0.29438 0.39708 0.45087 0.43688 0.43431 0.43241 

4 0 0.31883 0.41619 0.46771 0.47345 0.48060 0.47856 

5 0 0.32352 0.41987 0.47095 0.47656 0.48366 0.48746 

6 0 0.32736 0.42318 0.47405 0.47956 0.48662 0.49041 

7 0 0.33118 0.42647 0.47714 0.48254 0.48958 0.49334 

 

A small interpretation of the matrix in Table 28 allows to notice that the similarity 

between dendrogram 1 and all the remaining dendrograms is 0 because dendrogram 1 

is when N=1, which means the most zoomed-out level where only 1 node is displayed 

at the leaves representing the root node. 

As for the similarity value between dendrogram 1 for the first feature and dendrogram 

1 for the second feature, we chose to set it as NaN because these dendrograms represent 

only the root node and don’t provide any useful information. Therefore, this option is 

not useful for us.  

5.4.1.9 Dendrograms Granularity 

After generating the similarity matrix of the dendrograms, the next step is to compute 

their pairwise granularity score. And by granularity we mean the minimum amount of 

information or details that the visualization conveys. For this sake, we introduce in this 

section the granularity score between two dendrograms. This score varies between 0 

and 1. Therefore, a granularity score of 0 means that the dendrogram is fully zoomed-

in (maximum amount of details is shown and maximum number of nodes) and a 

granularity score of 1 means that the dendrogram is fully zoomed-out (minimal amount 

of details is shown and minimal number of nodes, which is the root node only). In 

other words, the lower the granularity the more the details and vice versa. 
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 𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦_𝑆𝑐𝑜𝑟𝑒(𝑑𝑒𝑛𝑑U, 𝑑𝑒𝑛𝑑V)

= 𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦(𝑑𝑒𝑛𝑑U)×𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦(𝑑𝑒𝑛𝑑V)	 
( 12 ) 

Where  

 𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦(𝑑𝑒𝑛𝑑) = 1 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑣𝑒𝑛𝑒𝑠𝑠(𝑑𝑒𝑛𝑑) ( 13 ) 

Where 

 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑣𝑒𝑛𝑒𝑠𝑠(𝑑𝑒𝑛𝑑)

=
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑒𝑎𝑓	𝑛𝑜𝑑𝑒𝑠	𝑑𝑖𝑠𝑝𝑙𝑎𝑦𝑒𝑑 − 1
𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑒𝑎𝑓	𝑛𝑜𝑑𝑒𝑠 − 1	  

( 14 ) 

In fact, equation 14, reflecting the informativeness score of a dendrogram (amount of 

information carried by the dendrogram), is nothing but the ratio between the number 

of leaf nodes displayed at the zooming level being analyzed and the total number of 

leaf nodes when the dendrogram is fully zoomed-in. The -1 is added at both the 

numerator and denominator to disregard the case when the dendrogram is fully 

zoomed-out (only the root node is displayed at the leaves). In this case, no information 

is carried and the score will become 0.  

As for equation 13, it reflects the granularity score of the dendrogram, which is the 

inverse of its informativeness score. 

Finally, the granularity score between two dendrograms is the product of their 

individual granularity scores as shown in equation 12. 

Therefore, and as done with similarity, we apply these formulas to dendrograms of all 

zooming levels and we compute their pairwise granularity score. If we have N 

dendrograms for each feature/group of features, we get an NxN dendrogram 

granularity matrix where each entry at (i,j) represents the granularity score between 

dendrogram i of the first feature/group of features and dendrogram j of the second 

feature/group of features. As for the naming, Dendrogram i has i number of nodes at 

the leaves (zooming level i) and dendrogram j has j number of nodes at the leaves 

(zooming level j). 

If we apply this formula to our example (Glycemia vs LDL) and we compute pairwise 

granularity scores of the 7 dendrograms of each feature, we get a 7x7 granularity score 



 66 

matrix as shown in Table 29. Similarly, an entry at position (4,5) for instance 

represents the granularity score between dendrogram 4 of Glycemia and dendrogram 

5 of LDL. 

Table 29: Granularity matrix of Glycemia vs LDL dendrograms 

Dend# 1 2 3 4 5 6 7 

1 NaN 0.83333 0.66667 0.5 0.33333 0.16667 0 

2 0.83333 0.69444 0.55556 0.41667 0.27778 0.13889 0 

3 0.66667 0.55556 0.44444 0.33333 0.22222 0.11111 0 

4 0.5 0.41667 0.33333 0.25 0.16667 0.08333 0 

5 0.33333 0.27778 0.22222 0.16667 0.11111 0.05556 0 

6 0.16667 0.13889 0.11111 0.08333 0.05556 0.02778 0 

7 0 0 0 0 0 0 0 

 

A small interpretation of the matrix in Table 29 allows to notice that the granularity 

score between dendrogram 7 and all the remaining dendrograms is 0 because 

dendrogram 7 is when N=7, which means the most zoomed-in level where all 7 nodes 

are displayed at the leaves so its granularity score will be 0. 

As for the granularity score between dendrogram 1 for the first feature and dendrogram 

1 for the second feature, we chose to set it as NaN because these dendrograms represent 

only the root node and don’t provide any useful information. Therefore, this option is 

not useful for us.  

5.4.1.10 Similarity vs Granularity 

Now that we have both the similarity matrix and the granularity matrix for all 

dendrogram combinations, we proceed with identifying the combination that displays 

the best zooming level which conveys high similarity at a minimal amount of details. 

Therefore, we need to calculate the overall score of every combination (every two 

dendrograms) to get a new NxN matrix reflecting this score for all dendrogram 

combinations.  
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 𝑂𝑣𝑒𝑟𝑎𝑙𝑙_𝑆𝑐𝑜𝑟𝑒 𝑑𝑒𝑛𝑑U, 𝑑𝑒𝑛𝑑V
= 𝛼×𝑆𝑖𝑚 𝑑𝑒𝑛𝑑U, 𝑑𝑒𝑛𝑑V
+ 1 − 𝛼 ×𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦_𝑆𝑐𝑜𝑟𝑒(𝑑𝑒𝑛𝑑U, 𝑑𝑒𝑛𝑑V) 

( 15 ) 

Where 𝛼 is a variable that can be provided by the user depending on his/her preferences 

to prioritize similarity over granularity or vice versa. As for the default 𝛼 provided by 

the system, and after several runs of testing, we decided to set it as 𝛼 = 0.8 because 

this value showed the best results in compromising between similarity and granularity. 

In other words, the system is considering 80% similarity and 20% granularity. 

The overall score matrix produced from the similarity matrix in Table 28 and 

granularity matrix in Table 29 is depicted below in Table 30. 

Table 30: Overall score matrix for Glycemia vs LDL 

Dend# 1 2 3 4 5 6 7 

1 NaN 0.16667 0.13333 0.10000 0.06667 0.03333 0 

2 0.16667 0.28695 0.28917 0.31411 0.27845 0.24923 0.22038 

3 0.13333 0.34661 0.40656 0.42737 0.39395 0.36967 0.34593 

4 0.10000 0.33840 0.39962 0.42417 0.41209 0.40115 0.38285 

5 0.06667 0.31437 0.38034 0.41010 0.40347 0.39804 0.38997 

6 0.03333 0.28966 0.36076 0.39591 0.39476 0.39485 0.39233 

7 0 0.26494 0.34118 0.38171 0.38603 0.39166 0.39467 

 

Now we select the maximum score from the matrix as highlighted in Table 30. This 

entry corresponds to dendrogram 3 for Glycemia (N=3) and dendrogram 4 for LDL 

(N=4). This will therefore be the default zooming level at which the visualization is 

initially displayed as shown in Figure 35. The first dendrogram to the left is the 

clustering based on Glycemia and the second dendrogram to the right is the clustering 

based on LDL. 
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Figure 35: Default zooming level for Glycemia and LDL 

5.4.2 Nodes Connections 

5.4.2.1 Matching Internal Nodes 

Finally, when the default zooming is displayed, the remaining step is to connect the 

internal nodes of the dendrograms to highlight the correlation between features. For 

this sake, we based our computations on the transportation problem to identify the 

internal matching nodes. The transportation problem, one of the linear programming 

problem types, allows to optimally allocate resources (Salazar, 2019). In our case, the 

purpose is to optimally allocate nodes and match them together. 

For N data samples, the internal nodes are N-1. Therefore, we construct an (N-1)x(N-

1) matrix where the rows are the internal nodes of the first dendrogram and the columns 

are the internal nodes of the second dendrogram. Each entry (i,j) in the matrix is the 

similarity value between internal node i from dendrogram 1 and internal node j from 

dendrogram 2. To compute the similarity between every two internal nodes, we used 

Jaccard similarity measure between their corresponding clusters; in other words, for 

each internal node, we considered all leaf nodes corresponding to it.  

 
𝑆𝑖𝑚(𝑛", 𝑛$)�-]]-ts =

|𝑛" ∩ 𝑛$|
|𝑛" ∪ 𝑛$|

 
( 16 ) 

Where 𝑛" is an internal node from dendrogram 1 and 𝑛$ is an internal node from 

dendrogram 2. 
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To elaborate the idea, we will explain the concept on the full zoomed-in visualization 

of Glycemia vs LDL shown below in Figure 36. Since N=7, then N-1=6 and we will 

have a 6x6 matrix to work with. Table 31 shows the similarity matrix of the internal 

nodes. 

 

Figure 36: Full zoomed-in visualization of Glycemia vs LDL at N=7 

Table 31: Internal nodes similarity matrix for full zoomed-in visualization of Glycemia vs LDL 

Glycemia 
    LDL (1,3) (2,4) (6,1,3) (0,2,4) (5,0,2,4) 

(6,1,3,5, 

0,2,4) 

(4,6) 0 0.33333 0.25 0.25 0.2 0.28571 

(2,3) 0.33333 0.33333 0.25 0.25 0.2 0.28571 

(1,2,3) 0.66667 0.25 0.5 0.2 0.16667 0.42857 

(4,6,1,2,3) 0.4 0.4 0.6 0.33333 0.28571 0.71429 

(5,4,6,1,2,3) 0.33333 0.33333 0.5 0.28571 0.42857 0.85714 

(0,5,4,6,1,2,3) 0.28571 0.28571 0.42857 0.42857 0.57143 1 

 

Looking at the above table, and to explain how it was generated, we provide below 

some examples from the Jaccard similarity computations. 

𝑆𝑖𝑚 (4,6), (2,4) �-]]-ts =
| 4,6 ∩ 2,4 |
| 4,6 ∪ 2,4 | =

1
3 = 0.333333 
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𝑆𝑖𝑚 1,2,3 , (0,2,4)
�-]]-ts

=
| 1,2,3 ∩ (0,2,4)|
| 1,2,3 ∪ (0,2,4)| =

1
5 = 0.2 

𝑆𝑖𝑚 (5,4,6,1,2,3), (5,0,2,4) �-]]-ts =
|(5,4,6,1,2,3) ∩ (5,0,2,4)|
|(5,4,6,1,2,3) ∪ (5,0,2,4)| =

3
7 = 0.42857 

The same applies to all the other entries. 

Once this table is formed, we start by matching the nodes together. Below are the steps 

explaining the process. 

1.  We choose the highest similarity value and match its corresponding nodes 

together. In Table 32, the highest similarity is 1 at nodes (0,5,4,6,1,2,3) and 

(6,1,3,5,0,2,4), which are the root nodes of both dendrograms. Since they both 

include all the leaf nodes then naturally their similarity value will be 1. This 

value and its corresponding nodes are highlighted in the table and therefore we 

have the first connection. 

Table 32: Internal nodes similarity matrix for Glycemia vs LDL with first connection highlighted 

Glycemia 
    LDL (1,3) (2,4) (6,1,3) (0,2,4) (5,0,2,4) 

(6,1,3,5, 

0,2,4) 

(4,6) 0 0.33333 0.25 0.25 0.2 0.28571 

(2,3) 0.33333 0.33333 0.25 0.25 0.2 0.28571 

(1,2,3) 0.66667 0.25 0.5 0.2 0.16667 0.42857 

(4,6,1,2,3) 0.4 0.4 0.6 0.33333 0.28571 0.71429 

(5,4,6,1,2,3) 0.33333 0.33333 0.5 0.28571 0.42857 0.85714 

(0,5,4,6,1,2,3) 0.28571 0.28571 0.42857 0.42857 0.57143 1 

 

2.  We choose the highest similarity value from the non-highlighted nodes. The 

highest similarity is at nodes (1,2,3) and (1,3) and its value is 0.66667. Table 

33 shows this value highlighted along with its corresponding nodes. Therefore, 

we have the second connection. 
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Table 33: Internal nodes similarity matrix for Glycemia vs LDL with second connection highlighted 

Glycemia 
    LDL (1,3) (2,4) (6,1,3) (0,2,4) (5,0,2,4) 

(6,1,3,5, 

0,2,4) 

(4,6) 0 0.33333 0.25 0.25 0.2 0.28571 

(2,3) 0.33333 0.33333 0.25 0.25 0.2 0.28571 

(1,2,3) 0.66667 0.25 0.5 0.2 0.16667 0.42857 

(4,6,1,2,3) 0.4 0.4 0.6 0.33333 0.28571 0.71429 

(5,4,6,1,2,3) 0.33333 0.33333 0.5 0.28571 0.42857 0.85714 

(0,5,4,6,1,2,3) 0.28571 0.28571 0.42857 0.42857 0.57143 1 

 

3. Similarly, we choose the highest similarity value from the non-highlighted 

nodes. The highest similarity is at nodes (4,6,1,2,3) and (6,1,3) and its value is 

0.6. Table 34 shows this value highlighted along with its corresponding nodes. 

Therefore, we have the third connection. 

Table 34: Internal nodes similarity matrix for Glycemia vs LDL with third connection highlighted 

Glycemia 
    LDL (1,3) (2,4) (6,1,3) (0,2,4) (5,0,2,4) 

(6,1,3,5, 

0,2,4) 

(4,6) 0 0.33333 0.25 0.25 0.2 0.28571 

(2,3) 0.33333 0.33333 0.25 0.25 0.2 0.28571 

(1,2,3) 0.66667 0.25 0.5 0.2 0.16667 0.42857 

(4,6,1,2,3) 0.4 0.4 0.6 0.33333 0.28571 0.71429 

(5,4,6,1,2,3) 0.33333 0.33333 0.5 0.28571 0.42857 0.85714 

(0,5,4,6,1,2,3) 0.28571 0.28571 0.42857 0.42857 0.57143 1 

 

4. We repeat the process as long as there are remaining similarity values greater 

than 0 and as long as there are unmatched nodes. In case there are two equally 

highest similarity values, the choice is made randomly. The final result is 

shown in Table 35 where all the connections are highlighted and all the nodes 

are matched.  



 72 

Table 35: Internal nodes similarity matrix for Glycemia vs LDL with all connections highlighted 

Glycemia 
    LDL (1,3) (2,4) (6,1,3) (0,2,4) (5,0,2,4) 

(6,1,3,5, 

0,2,4) 

(4,6) 0 0.33333 0.25 0.25 0.2 0.28571 

(2,3) 0.33333 0.33333 0.25 0.25 0.2 0.28571 

(1,2,3) 0.66667 0.25 0.5 0.2 0.16667 0.42857 

(4,6,1,2,3) 0.4 0.4 0.6 0.33333 0.28571 0.71429 

(5,4,6,1,2,3) 0.33333 0.33333 0.5 0.28571 0.42857 0.85714 

(0,5,4,6,1,2,3) 0.28571 0.28571 0.42857 0.42857 0.57143 1 

 

Once all the connections become known, the system shows by default all the ones 

having a similarity value greater than or equal to 0.5. We have chosen this threshold 

value to be 0.5 because we considered that for two internal nodes to be enough similar, 

they should be similar for more than 50%.  This threshold can be changed by the user. 

More details concerning varying it are mentioned in section 5.5.3. 

In our example, three out of the six highlighted values are above 0.5: 

1. Value 1 between (0,5,4,6,1,2,3) and (6,1,3,5,0,2,4) 

2. Value 0.66667 between (1,2,3) and (1,3) 

3. Value 0.6 between (4,6,1,2,3) and (6,1,3) 

Therefore, only these three connections will be displayed in the full zoomed-in 

visualization as shown in Figure 36. 

Now, if we go back to the default zooming visualization of Glycemia and LDL that 

was discussed in the previous section and displayed in Figure 35, its corresponding 

similarity matrix for the internal nodes is shown in the following table (Table 36). With 

a default threshold value of 0.5, the system will show initially only 1 node connection 

which is at the root nodes since all leaf nodes are included. 

Table 36: Internal nodes similarity matrix for default visualization of Glycemia vs LDL 

Glycemia 
    LDL (0,2,4) (5,0,2,4) (6,1,3,5,0,2,4) 

(5,4,6,1,2,3) 0.285714 0.428571 0.857143 
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(0,5,4,6,1,2,3) 0.428571 0.571429 1 

 

5.4.2.2 Connections Thickness 

Once the nodes are matched, and the connections are formed, what remains is defining 

the thickness of the links with respect to the similarity of the internal nodes being 

mapped. The more their similarity, the more the link connecting them is thick and vice 

versa. In other words, the thickness of the links is proportional to the similarity value. 

Looking back at Figure 36, it is clear that the connection at the root nodes, where the 

similarity value is 1, is thicker than the internal connections, where the similarity 

values are 0.6667 and 0.6. 

5.5 User Feedback and Visualization Adaptation 

In this section, we discuss the things that could affect the visualization. In other words, 

we explain what the user is able to input to the system based on his/her preferences 

and how the visualization adapts accordingly. 

5.5.1 Features Weights 

Initially, when the user enters the features or the group of features to be correlated 

together, he/she can specify their weights depending on their impact. The weights can 

be provided for the single feature (element) and for the section as a whole. All weights 

are considered in the initial similarity computations between data samples to form the 

dendrograms as explained in section 5.2.2. Therefore, they affect the clustering and 

the visualization as a whole. 

5.5.2 Zooming In and Out 

The user is also able to zoom-in and get more details from the dendrograms and 

connections until displaying the maximum number of leaf nodes or zoom-out and get 

less details until reaching the root node only. Therefore, he/she can vary N which is 

the number of leaf nodes displayed for each dendrogram separately and the 

visualization will be affected accordingly. 
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Figure 37 shows the visualization of Glycemia vs LDL when the user changes the 

zooming level. In this figure, Glycemia has a zooming level of 4 (only 4 leaf nodes are 

displayed) and LDL has a zooming level of 5 (only 5 leaf nodes are displayed). 

 

Figure 37: Visualization of Glycemia at zooming level 4 vs LDL at zooming level 5 

5.5.3 Threshold for Nodes Connections 

The user is also able to vary the threshold value that affects the number of internal 

connections to be displayed. Initially, the system uses a threshold value of 0.5 but the 

user can change it according to how many links he/she wishes to visualize. The higher 

the value, the less the connections because more similarity is required and vice versa. 

Figure 38 shows the full zoomed-in visualization of Glycemia vs LDL when the user 

changes the threshold value from 0.5 to 0.3. In this case, more links would be shown 

than in Figure 36 because the value decreased; therefore, less similarity is required 

between nodes. Specifically, 5 links will be shown as per Table 35. 
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Figure 38: Full zoomed-in visualization of Glycemia vs LDL with a threshold value of 0.3 

5.5.4 Alpha for Default Zooming 

Similarly, the user is also able to change the value of 𝛼 which affects the choice of the 

default zooming visualization. In fact, 𝛼 affects the ratio of similarity versus 

granularity. Therefore, the user can vary 𝛼 depending on how much value he/she 

wishes to acquire out of the data and the amount of data he/she wishes to view. When 

increasing 𝛼, similarity would be favored over granularity and vice versa (based on 

equation 15). 

Figure 38 shows the new default zooming visualization of Glycemia vs LDL when the 

user changes 𝛼 from 0.8 to 0.6. Since the value decreased, then granularity will 

increase (less details) and this is reflected in the figure as the number of nodes for LDL 

dendrogram decreased to 3 (it was 4 when the default level was chosen with 𝛼 = 0.8). 

 

Figure 39: New default zooming visualization of Glycemia vs LDL with alpha=0.6  
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Chapter 6 

Visualization Tool – Prototype 

This chapter describes the prototype developed in order to produce the visualization 

and accept all the previously discussed user inputs with more visual interactions. In 

the first section, we present an overview of the software and technology used. In the 

second section, we describe the tool and the steps that should be done by the user to 

reach to the visualization. 

6.1 Overview and Technology Used 

To develop the prototype and all the discussed steps and computations, we used Python 

language. Why Python? Because Python is versatile and known for its powerful data 

visualizations and machine learning libraries. It has an object-oriented nature which 

allows producing modular code. Python is widely used by Data Scientists and is also 

easy to learn (Desai, 2020). 

We used PyCharm IDE from JetBrains to write Python code as it offers all needed 

tools while allowing to save time. It is useful since it provides code completion 

techniques, error checking and easy code navigation (“PyCharm”, n.d.). 

As for the libraries used, they are listed in the below table with their corresponding 

usage: 

Table 37: Libraries used in the prototype 

Library Name Usage 

Tkinter Creating the GUI 

Scipy: 
scipy.cluster.hierarchy.dendrogram Generating the dendrograms 

Matplotlib and matplotlib.patches Plotting the dendrograms and the 
connections between them 

Numpy Storing the matrices used in the tool 
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Sickit Learn: 
sklearn.cluster.AgglomerativeClustering 

Creating the agglomerative clustering 
models and linkages 

Xml ElementTree Parsing the XML files 

 

The following figure represents the architecture of the prototype: 

 

Figure 40: Architecture of the prototype 

6.2 Description of the Tool 

In this section, we describe the tool allowing to produce our visualization in details by 

providing all the steps that the user needs to perform from the time he/she enters the 

data to the time he/she perceives the visualization. In the example, we are using the 

EHR dataset explained earlier in section 5.1. 

6.2.1 Choosing Patients and Features 

The first step is to choose which type of patients to be compared (whether control or 

migraine patients) and then confirm as shown in Figure 41. 

 

Figure 41: Choosing patient type to compare 

Next, the user has to select the needed features or group of features to be correlated 

together. Moreover, he/she can assign weights to these features individually and to the 

sections they belong to. By default, they come all with the same weight as in Figure 
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42, and when the user enters a specific weight for an element or section, the remaining 

weights will be updated automatically so that the sum of the weights remains 1. Also, 

Figure 42 shows the slider highlighted in red where the user can vary the value of 𝛼 

which specifies the ratio of similarity versus granularity needed. By default, 𝛼 = 0.8. 

 

Figure 42: Features having equal weights by default 

In this example the user is interested in visualizing the below combination of features 

with their corresponding weights between parentheses: 

• Set 1:  

o Basic Information section (0.5) => Date of Birth (0.5) and Gender (0.5). 

o Social History section (0.5) => Current Smoker (1).  

o In this case, sections and elements within them have equal weights. 

• Set 2:  

o Migraine Medical Data section (0.7) => Age at Onset (0.4) and 

Frequency (0.6) 

o Lab Results section (0.3) => Magnesium (0.5) and Vitamin D (0.5). 

o In this case, the sections Migraine Medical Data and Lab Results do not 

have similar weights, nor the elements Age at Onset and Frequency 

within Migraine Medical Data. 

Therefore, the user wishes to visualize the correlation between set 1 and set 2. 
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6.2.2 Set 1 Features Selection 

The user starts by selecting set 1 features. Therefore, he/she specifies the sections first. 

Sections required are Basic Information and Social History. Both are of equal weights, 

so each will have a weight of 0.5. The remaining sections’ weights will be set to 0 by 

default once the required sections are fixed, as shown in Figure 43. 

 

Figure 43: Basic Information and Social History selected with equal weights 

Then, and within each section, the user has to specify the elements. If not specified, all 

the elements will be considered at equal weights as shown in Figure 44. 

 

Figure 44: All elements of Basic Information section with equal weights by default 

In the example, from Basic Information section, the user wishes to visualize only DOB 

and Gender, both with equal weights. Therefore, the user selects DOB and Gender and 

sets a 0.5 weight to each. Once fixed, the remaining elements’ weights become 0 as 

shown in Figure 45. 
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Figure 45: DOB and Gender elements selected from Basic Information section with equal weights 

Similarly, from Social History section, the user selects Current Smoker element. Since 

this element is the only element selected, its weight should be 1. The remaining 

elements’ weights become 0 as shown in Figure 46. 

 

Figure 46: Current smoker element selected from Social History section 

6.2.3 Set 2 Features Selection 

The user then confirms and proceeds with selecting the sections and elements of set 2, 

which should be correlated with set 1. Therefore, the user selects Migraine Medical 

Data and Lab Results sections. He/she specifies the weight for each section. In this 

case, Migraine Medical Data section has a weight of 0.7 whereas Lab Results section 

has a weight of 0.3. The remaining sections’ weights are changed to 0 automatically 

as shown in Figure 47. 
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Figure 47: Migraine Medical Data and Lab Results sections selected with different weights 

Again, within each section, the user has to specify the elements. In the example, from 

Migraine Medical Data section, the user wishes to visualize Age at Onset and 

Frequency. The elements have different weights. Age at Onset has a weight of 0.4 

whereas Frequency has a weight of 0.6. Once fixed, the remaining elements’ weights 

become 0 as shown in Figure 48. 

 

Figure 48: Age at Onset and Frequency elements selected from Migraine Medical Data section with different 

weights 

Likewise, from Lab Results section, the user specifies the elements Magnesium and 

Vitamin D, both having equal weights; in other words, both have a 0.5 weight value 

as shown in Figure 49. 
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Figure 49: Magnesium and Vit D elements selected from Lab Results section with equal weights 

6.2.4 Visualization and Interactions 

Once confirmed, the visualization is created at the default zooming level displayed in 

Figure 50. The user can modify the number of nodes on both left and right dendograms 

(highlighted in red). He/she can also modify the annotation type. In the figure, the 

annotation type chosen is left as highlighted. 

 

Figure 50: Default zooming visualization for set 1 vs set 2 

The user can also change the links’ color. Figure 51 shows the links’ color changed to 

blue, the annotation type changed to right and the number of nodes shown on both 

sides changed to the maximum number of nodes (N=7). 
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Figure 51: Visualization of set 1 vs set 2 with a different number of nodes, links' color and annotation type 

The user can change the threshold value for the number of internal connections shown, 

which is 0.5 by default. Figure 52 shows the threshold value changed to 0.32, which 

means more connections are shown. 

 

Figure 52: Visualization of set 1 vs set 2 with a different threshold value of 0.32 

In addition, the user can choose to display colored circles instead of the links, to 

minimize the number of links and make the visualization simpler. Originally linked 

nodes will have the same circle color as shown in Figure 53. 
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Figure 53: Visualization of set 1 vs set 2 with colored circles instead of nodes 

Finally, the user can totally remove the links to display only the dendrograms without 

any connection as shown in Figure 54. 

Figure 54: Visualization of set 1 vs set 2 with links off 
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Chapter 7 

Experimental Evaluation 

This chapter discusses the evaluation of the prototype and the visualization. In order 

to do so, we performed two studies: the first one is case-based where we evaluate the 

strength of the tool in highlighting correlation and compare our visualization with two 

other close visualizations, and the second one is a qualitative approach based on users’ 

feedback. 

7.1 Case-Based Study 

7.1.1 Evaluation of Correlation  

This section evaluates the effectiveness of the visualization in highlighting correlation 

between the chosen features. For this reason, we have chosen 25 patients out of the 

dataset (for simplicity) and tried to produce two different visualizations for different 

features having different correlation values. For an effective comparison, we produced 

the Pearson Correlation Coefficient of the dataset for the features being compared. 

According to “Pearson Product-Moment Correlation” (2020), Pearson Correlation 

Coefficient allows to measure the strength of the association between two variables, 

therefore the amount of correlation. It can range between -1 and 1 where -1 means a 

full negative association, 0 means no association and 1 means a full positive 

association. 

7.1.1.1 Correlated Features 

In this example, we compare “Days of Migraine” and “Frequency of Abortive 

Treatment”. The actual dataset is shown in the Table 38 below. We used Excel to 

produce the Pearson Correlation Coefficient of the above dataset and we got the value: 

0.5882. This means that the strength of the association between Days of Migraine and 

Frequency of Abortive treatment for this dataset is relatively high since the 

corresponding correlation value is between 0.5 and 1.0. The resulting visualization for 

these features is depicted in Figure 55. 
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Table 38: Dataset of 25 patients for “Days of Migraine” and “Frequency of Abortive Treatment” 

Days of Migraine Frequency of  
Abortive Treatment 

10 10 
10 10 
12 10 
10 10 
10 10 
20 10 
12 12 
16 12 
28 13 
14 14 
12 14 
15 15 
15 15 
15 15 
18 15 
13 15 
15 15 
16 16 
16 16 
20 20 
20 20 
4 20 

25 22 
30 25 
26 30 

 

 

Figure 55: Visualization of “Days of Migraine” versus “Frequency of Abortive Treatment” 

7.1.1.2 Less Correlated Features 

In this example, we compare “Days of Migraine” and “BMI”. The actual dataset is 

shown in the Table 39 below. Similarly, we used Excel to produce the Pearson 

Correlation Coefficient of the dataset and we got the value: 0.1556. This means that 

the strength of the association between Days of Migraine and BMI for this dataset is 
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relatively low since the corresponding correlation value is between 0 and 0.5. The 

resulting visualization for these features is depicted in Figure 56. 

Table 39: Dataset of 25 patients for “Days of Migraine” and “BMI” 

Days of Migraine BMI 
10 27.0993 
10 25.7117 
12 21.0938 
10 20.0288 
10 28.6288 
20 22.9854 
12 26.6193 
16 23.7118 
28 27.6817 
14 21.5139 
12 24.2123 
15 27.3438 
15 27.9904 
15 22.7694 
18 22.2222 
13 18.2563 
15 19.5918 
16 23.9512 
16 21.8750 
20 29.7442 
20 19.2974 
4 22.4996 

25 29.7521 
30 20.3428 
26 27.3438 

 

 

Figure 56: Visualization of “Days of Migraine” versus “BMI” 

7.1.1.3 Discussion 

We can conclude the below from the previous two figures: 



 88 

• Figure 55, which depicts the correlation between “Days of Migraine” and 

“Frequency of Abortive Treatment” of value 0.5882, includes a high number 

of connections between internal nodes. Therefore, it reflects this high 

correlation value. 

• Figure 56, which depicts the correlation between “Days of Migraine” and 

“BMI” of value 0.1556, includes a low number of connections between internal 

nodes (as compared to Figure 55). Therefore, it reflects this low correlation 

value. 

Consequently, the tool was able to reflect the correlation value between features 

through the internal nodes connections showing its effectiveness in highlighting 

correlation between different features. 

7.1.2 Comparison with Tanglegram and Heatmap 

This section describes the evaluation of our visualization by comparing it to two 

similar approaches: Tanglegram (discussed in section 3.3) and Heatmap (discussed in 

section 3.4). We have chosen these two approaches because they allow extracting the 

correlation between two dendrograms. However, both differ from our visualization in 

connecting the leaf nodes of dendrograms instead of connecting their internal nodes. 

The example is a visualization of the same 25 patients where the features to compare 

are “Days of Migraine” and “Frequency of Abortive Treatment”. Our purpose is to 

extract the relationship between these two features for these patients. The dataset is 

shown previously in Table 38 and its correlation value is 0.5882 as discussed in section 

7.1.1.1. 

Now, the same dataset was used in our tool Mirrored Dendrograms as well as in 

Tanglegram and Heatmap. Our purpose is to see if the correlation value that we got 

using Pearson Correlation Coefficient could be reflected in the visualizations. The 

following figures show the three visualizations. For the sake of comparison and since 

Tanglegram and Heatmap cannot be zoomed in and out, we have chosen the full 

zoomed in visualization of Mirrored Dendrograms. 
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Figure 57: Visualization of 25 patients using Mirrored Dendrograms 

 

Figure 58: Visualization of 25 patients using Tanglegram 
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Figure 59: Visualization of 25 patients using Heatmap 

As we can see, in the Mirrored Dendrograms visualization, there are 13 internal 

connections without considering the root node, since this connection always exists by 

default. Therefore, 13 out of 24 internal nodes are connected. If we take their ratio, we 

get 0.54167 which is a good reflection of the correlation value of 0.588204124 that we 

got previously using Excel. 

On another hand, the Tanglegram visualization, which only shows the leaf nodes and 

allows to evaluate congruence between two dendrograms based on the connections 

crossings, does not allow us to extract this correlation value in the first glance. We can 

see that some connections do not cross but this is not totally reflective of the correlation 

value that we got.  

Eventually, the Heatmap visualization, which allows to evaluate correlation based on 

the scale provided, shows that almost one third (0.33) of the data samples are correlated 

since they are darker than the remaining and represented in the shades of blue. Thus, 

this visualization as well did not reflect the correlation value of 0.588204124. 

In summary, and in the above case study, we can deduce that Mirrored Dendrograms 

outperformed Tanglegram and Heatmap in extracting the correlation between features. 
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7.2 Qualitative Approach: User Feedback Study 

Since our work involves visualization perceived by users, and for better evaluation of 

the prototype, the feedback from many users is useful and can assist in enhancing the 

visualization in the future. For this sake, we produced an online survey1 shown in 

Appendix A. The survey included ratings from users for the below five points: 

1. Strength of the visualization in reflecting the correlation. 

2. Efficiency of the default zooming suggested initially by the tool. 

3. Efficiency of zooming in and out the data. 

4. Usefulness of the interactive capabilities of the tool in reflecting users’ needs. 

5. Effectiveness of the visualization when compared to Tanglegram and 

Heatmap. 

A number of 19 testers volunteered to participate in the survey. The testers are from 

different institutions and companies. Some of them are senior students in the 

Department of Electrical and Computer Engineering in the Lebanese American 

University. Others are employees in different companies and have a background in 

data science, business analytics, computer science or computer engineering. Their 

feedback helped in reviewing and evaluating the visualization produced by our new 

tool, compared with existing solutions. In the following, we present the results and 

discuss them.  

7.2.1 Survey Respondents Age Groups 

  

Figure 60: Survey respondents by age group distribution 

                                                
1 Survey link: https://www.surveymonkey.com/r/PBDR7PJ 
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Figure 60 highlights the age group of the survey respondents. Most of them (57.89%) 

are between 25 and 34. We also have respondents from other age groups: between 18 

and 24 and between 35 and 44. Therefore, the tool was evaluated by people from 

different age groups and perspectives. 

7.2.2 Survey Respondents Professions 

  

Figure 61: Survey respondents’ profession distribution 

Figure 61 highlights the professions of the respondents. It can be seen that they are 

various, but most importantly all are from the science and engineering background. 

Therefore, the visualization was evaluated by people from the field. 

7.2.3 Evaluation of Aspects of the Visualization 

7.2.3.1 Visualization Strength in Reflecting Correlations 

This aspect was reflected in question 3 of the survey as shown in Appendix A, where 

responders had to rate from 1 to 10 the strength of the visualization in reflecting 

correlations between features that are correlated, and features that are less correlated. 

The responses were distributed as per Figure 62. Almost 70% (68.43%) of the 

respondents rated the potential of the tool in highlighting correlations between features 

from 7 and above, which is a favorable number. 
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Figure 62: Rates distribution of the strength of the tool in reflecting correlation 

7.2.3.2 Default Zooming Efficiency 

This aspect was reflected in question 4 of the survey as shown in Appendix A, where 

responders had to rate from 1 to 10 the efficiency of the default zooming initially 

suggested by the tool. The responses were distributed as per Figure 63. Similarly, 

almost 70% (68.42%) of the respondents rated the efficiency of the default zooming 

from 7 and above, which underlines the potential of the default zooming suggested by 

the system. 

  

Figure 63: Rates distribution of the default zooming efficiency 
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7.2.3.3 Zooming-In and Out Efficiency 

This aspect was reflected in question 5 of the survey as shown in Appendix A, where 

responders had to rate from 1 to 10 the efficiency of the zooming-in and out in the way 

it is presented by the tool and in its strength in visualizing at different granularity 

levels. The responses were distributed as per Figure 64. Almost 80% (78.95%) of the 

respondents found that zooming-in and out is effective in showcasing data at different 

levels of details and rated its efficiency from 7 and above. 

  

Figure 64: Rates distribution of the zooming-in and out efficiency 

7.2.3.4 Tool’s Interactive Capabilities 

This aspect was reflected in question 6 of the survey as shown in Appendix A, where 

responders had to rate from 1 to 10 the tool’s interactive capabilities from defining the 

required zooming level, to changing the links’ colors and display, to adding and 

removing clusters’ annotations and to changing the similarity threshold. The responses 

were distributed as per Figure 65. 84.2% of the respondents rated these interactive 

capabilities from 7 and above, which reflects their usefulness. 
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Figure 65: Rates distribution for the tool's interactive capabilities 

7.2.3.5 Comparison with Other Similar Visualizations 

This aspect was reflected in question 7 of the survey as shown in Appendix A, where 

responders had to rate from 1 to 10 each of the following three visualizations in 

conveying correlation information between two features: Mirrored Dendrograms, 

Tanglegram and Heatmap. Figure 66 shows the rates distribution of each of them.  

• 84.22% of the respondents rated Mirrored Dendrograms visualization from 7 

and above. 

• 36.84% of the respondents rated Tanglegram visualization from 7 and above. 

• 47.38% of the respondents rated Heatmap visualization from 7 and above. 

The above results show that Mirrored Dendrograms outperformed Tanglegram and 

Heatmap in conveying correlations between two features. 
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Figure 66: Rates distribution of the three visualizations (Mirrored Dendrograms, Tanglegram, Heatmap) 

7.2.4 Results Summary 

Figure 67 below summarizes the average rate for the tools functionalities and features. 

It can be seen that the average rates are all above 7 and range between 7 and 8, 

underlining the potential of the tool in highlighting correlations between features to be 

compared, suggesting a default zooming level for the user initially to compromise 

between maximum correlation/similarity and acceptable granularity, zooming-in and 

out the data to visualize data samples and corresponding cluster hieararchies at 

different levels of details, and providing several interactive capablities to allow the 

user to set his/her preferences for the visualization. 
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Figure 67: Average rate of the tool's functionalities and features 

Similarly, Figure 68 below summarizes the average rate of each of the following three 

visualizations: our prototype Mirrored Dendrograms, Tanglegram and Heatmap. It can 

be seen that Mirrored Dendrograms outperformed the other representations in 

conveying correlations between features according to responders, with an average rate 

of almost 8 (7.95).  

  

Figure 68: Average rate of Mirrored Dendrograms, Tanglegram and Heatmap 

In summary, the results of the survey are promising and highlight the potential of our 

tool. There are areas where we can enhance the visualization such as the default 

zooming suggestion, and perhaps providing additional attributes when visualizing 

correlations to enrich the visualization.  
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Chapter 8 

Contribution and Impact 

This chapter summarizes the contributions of the research from a visualization 

perspective and reviews its impact in the medical field and other different fields. 

8.1 Visualization Contributions 

From a technical perspective, and as discussed thoroughly in Chapter 4, contributions 

are mainly four: 

1. Considering the multi-featured nature of data and clustering it accordingly. 

2. Connecting the dendrograms through their internal nodes to provide a visual 

illustration of the relationships between the data structures. 

3. Allowing to actively zoom-in and out the data at several levels of details. 

4. Identifying the best and default zooming level which emphasizes maximum 

similarity and minimum granularity. 

From a general perspective, the proposed visualization tool provides an enhanced and 

adaptive way of interactive visualization which offers a general overview of the multi-

featured data instead of keeping it in the complex way it is; this makes it easier to 

analyze. Specifically, it allows understanding the relationships between features, 

depending on the user’s choice by highlighting the impact of the features to be mapped 

and his/her preference regarding the visualization granularity. This leads to a faster, 

effective and more efficient decision making process in a time where everything runs 

at a fast pace. 

8.2 Impact in Medical Field 

In the medical field, decision makers are medical workers (physicians, nurses, etc.) 

and data could be patients’ data represented in the form of Electronic Health Records, 

or any other hospital/clinical data. When the data represents EHRs, our tool can assist 

medical personnel in making relevant decisions related to patients by analyzing 

relationships between several features such as gender, age, vital signs, family history, 
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disease symptoms, medications, lab results and many more. Such correlation 

information can help in predicting possible outcomes from the existing results when a 

new patient is introduced. It can also aid in getting an overview of the factors or 

combination of factors that could cause some symptoms and diseases on one side, and 

knowing the medications or combination of medications that could help in the relief 

from the symptoms and diseases on the other side. 

8.3 Application to Various Areas 

Our tool is generic and applicable on any semi-structured data. In other words, it has 

many application areas, ranging over business, demographics, politics, among others. 

In all these sectors, decision making is a fundamental step and extracting correlation 

between features and factors is needed to achieve it. For instance, combining 

demographics and politics, it can help analyzing the relationships between the 

population background (including age, religion and education) and the elected 

parliament parties and representatives.  
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Chapter 9 

Limitations and Future Work 

This chapter presents the limitations of our work and the enhancements that could be 

introduced in the future. 

9.1 Potential Limitations 

Despite its potential and promising results, our tool suffers from the following 

limitations: 

1. The research is limited to textual data which involves numbers, timestamps, 

booleans, and strings. Images and multimedia are not included in the 

computations. 

2. The data should be semi-structured, and might sometimes require 

preprocessing. Free-form data which is completely unstructured is not 

supported, and should be transformed to semi-structured form in order to be 

used. 

3. The time dimension is not considered: Data generated or representing 

information produced at different timestamps are not currently handled by the 

tool.    

9.2 Future Work 

In the future, we plan on adding the below enhancements to our prototype: 

1. Enhancing the default zooming suggestion to make it more descriptive of the 

correlation at the proposed granularity level, as per the survey results. 

2. Ability to process non-textual data such as multimedia and images. This can 

be done by transforming them to a semi-structured representation such as 

XML. For instance, images can be represented in Scalable Vector Graphics 

(SVG) format, movies can be represented in Moving Pictures Experts Group 

(MPEG-7) format, geographic data can be represented in Geographic Markup 

Language (GML) format or Keyhole Markup Language (KML) format, etc. 
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(Tekli, 2018a). Then, an appropriate XML similarity measure is needed to 

compare them and proceed with the remaining steps. 

3. Introducing the time dimension by processing data differently depending on 

the timestamp it belongs to. This allows to transform our visualization to a 3D 

visualization by considering the time when forming dendrograms. In this way, 

the set of data belonging to the same timestamp will be clustered together and 

represented on a plane related to that specific timestamp. Another dataset 

belonging to a different timestamp will be clustered separately and represented 

on a different plane related to the new timestamp. In other words, dendrograms 

for the same features at different timestamps will belong to different planes.  
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Chapter 10 

Conclusion 

In this research, we have developed an interactive and feature-based visualization tool 

that assists the user in extracting correlations between different user-chosen features 

and allows an effective and efficient decision making process. Our prototype, named 

“mirrored dendrograms” enables the user to choose two single features or two groups 

of features to be compare together. It then clusters the data samples following the user-

chosen features to form two hierarchical clusters (dendrograms). It displays the 

resulting dendrograms in a parallel way facing each other, and connects their nodes 

together based on their similarities – considering both internal and external nodes – in 

order to provide insight on the structural correspondence of the dendrograms. In 

addition, our tool allows the user to control the visualization’s granularity level, by 

zooming-in and out of the data structures to get more or less details concerning the 

data. At any chosen level of granularity, the user can perceive both the data samples 

(leaf notes) and their structures (inner nodes). Moreover, the tool automatically 

suggests the visualization at the best zooming level, ensuring a maximum amount of 

correlation and similarity between both dendrograms while preserving a minimal 

amount of details and sufficient granularity. Finally, the tool offers several interactive 

components that accept the user’s input and adapt the visualization accordingly. We 

developed a prototype system to evaluate our tool. We used a medical dataset of 197 

patient EHRs reflecting migraine medical disorder, obtained from a private medical 

clinic, where all EHRs were checked by a medical doctor from LAU Rizk hospital. 

We performed observations and compared the visualization with other existing 

visualization tools like Tanglegram and Cluster Heatmap. Furthermore, we conducted 

a survey on 19 human testers from the data science and computer engineering 

background, to qualitatively evaluate the visualization tool. The results of both 

observational and qualitative evaluations were promising and underlined the potential 

of our solution. 
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Appendix A: Survey 

Unsupervised Feature-Based Visualization Tool Applied on Medical Data 

Research Summary: 

The purpose of our study is to produce a new unsupervised feature-based technique 

for data visualization inspired from parallel coordinates and hierarchical clustering, 

specially dendrograms, in order to visualize large datasets effectively and interactively 

and extract correlations between different features or group of features of the dataset.  

Our tool “Mirrored Dendrograms” displays two dendrograms placed in parallel where 

each is the result of clustering the data based on a feature or a group of features of 

interest to the user. The dendrograms are linked at similar internal nodes, or sub-

clusters, taking into consideration similarity between the structure of clustered data 

and not only the data itself (on the leaves), to allow extracting the correlation between 

the chosen features. In other words, the more the links, the higher is the correlation 

and vice versa. Moreover, the tool enables user interaction to zoom in (show all 

patients and full dendrograms) and out (show clusters of patients at leaves when 

applicable) the data, depending on the needed level of details and presents the data to 

the user initially at a default zooming level which is a compromise between data 

similarity and granularity, meaning that it provides enough information and a good 

similarity result.  

For the sake of this research, we have chosen patients migraine medical data 

(Electronic Health Records EHRs). The leaf nodes of the dendrograms represent 

individual patients identified by a number: patient 1 at dendrogram 1 is the same as 

patient 1 at dendrogram 2. When the visualization is zoomed out, the number becomes 

an indicator of the number of patients in the cluster. Patients are clustered based on a 

selected feature: dendrogram 1 reflects patients clustered based on feature 1 and 

dendrogram 2 reflects patients clustered based on feature 2. The purpose is to extract 

the correlation between feature 1 and feature 2 from the produced visualization. 
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Question 1: 

Please specify your age group. 

Under 18 18-24 25-34 35-44 

45-54 55-64 65+ 

Question 2: 

Please specify your profession. 

 

Question 3: 

The images below show two visualizations of 25 patients produced by our tool 

“Mirrored Dendrogams”. The first image shows the visualization of two correlated 

features whereas the second image shows the visualization of two less correlated 

features. On a scale from 1 to 10, rate the visualization from the perspective of defining 

the correlation between the mentioned features. 

1 2 3 4 5 6 7 8 9 10 

 

Correlated features 
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Less correlated features 

Additional Comments 

 

Question 4: 

The first image below shows the visualization of 25 patients to extract the correlation 

between “Days of Migraine” and “Frequency of Abortive Treatment” as it appears 

“zoomed out” by default by our tool “Mirrored Dendrogams” to reduce complexity. 

On a scale from 1 to 10, rate this default zoomed out visualization from the perspective 

of defining the correlation between the mentioned features, its ability to reduce 

complexity, as compared to the full visualization in the second image. 

P.S: The labels at the nodes are the actual patients’ identification numbers. 

1 2 3 4 5 6 7 8 9 10 
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Default Zooming Level 

 

Full Zoomed in Visualization 

Additional Comments 

 

Question 5: 

The images below show the visualization of 25 patients to extract the correlation 

between “Days of Migraine” and “Frequency of Abortive Treatment” at different 

zooming levels. Originally, the more users zoom in, the more details they get regarding 

clusters and their correlation. On a scale from 1 to 10, rate this variation of zooming 

and whether it is descriptive of the correlation value between the features with respect 

to the level of details required. 

1 2 3 4 5 6 7 8 9 10 
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3 Elements vs 3 Elements 

 

5 Elements vs 6 Elements 

 

10 Elements vs 15 Elements 
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17 Elements vs 14 Elements 

 

25 Elements vs 25 Elements 

Additional Comments 

 

Question 6: 

The images below show the level of interaction and control the user is able to do in the 

“Mirrored Dendrograms” tool. On a scale from 1 to 10, rate these interactive 

capabilities. 

1 2 3 4 5 6 7 8 9 10 
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Varying Number of Nodes Displayed 

 

Varying Links Color 

 

Varying Annotations 
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Varying Similarity Threshold 

 

Replacing Links with Same Color Circles and Hovering Over a Circle to Display the Link 

Additional Comments 

 

Question 7: 

The images below show three different visualizations of 25 patients to extract the 

correlation between “days of migraine” and “frequency of abortive treatment”. The 

first image is produced by our tool “Mirrored Dendrogams” with internal links 

threshold of 0.5 (50% similarity or more). The second image is produced by 

“Tanglegram” visualization. The third image is produced by “Heatmap” visualization. 

On a scale from 1 to 10, rate each visualization in conveying correlation information 

between the two features. 
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Mirrored Dendrograms: 

1 2 3 4 5 6 7 8 9 10 

Tanglegram: 

1 2 3 4 5 6 7 8 9 10 

Heatmap: 

1 2 3 4 5 6 7 8 9 10 

 

Mirrored Dendrograms 

 

Tanglegram 
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Heatmap 

Additional Comments 

 

 




