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Development of a hierarchical k-selecting clustering 

algorithm – application to allergy 
 

Patrik Malm 

 

Abstract 

A major type of allergy is mediated by immunoglobulin E (IgE) antibodies and is known as 

IgE-mediated allergy, immediate- or type I hypersensitivity. An allergic reaction can occur 

when a sensitised individual encounters the allergen to which he/she has specific IgE 

antibodies directed. Cross reactivity is a phenomenon that occurs when IgE antibodies 

originally raised against one allergen binds to another source. Under certain and quite 

commonly fulfilled conditions this leads to an allergic response against one or several proteins 

that the individual has no prior contact with. In vitro test assays that quantitatively measure 

serum levels of specific IgE antibodies are commonly used in the allergy diagnostic setting. 

Recently, multivariate analysis of a data set holding IgE measurements in over 1000 multi-

reactive individuals to a panel of 89 allergen extracts was reported. Several aggregations of 

potential cross-reactive allergen extracts were obtained with K-means clustering. Although 

above-mentioned clusters comprise an interesting finding, no hierarchical view of them was, 

however, presented. 

The objective with this Master’s thesis was to develop, implement and evaluate an iterative 

procedure for hierarchical clustering with good overall performance which also merges 

features of certain already described algorithms into a single integrated package. An 

accordingly built tool was applied to the aforementioned IgE-reactivity data. The finally 

implemented algorithm uses a hierarchical approach which illustrates the emergence of 

patterns in the data. At each level of the hierarchical tree a partitional clustering method is 

used to divide data into k groups, where the number k is decided through application of 

cluster validation techniques. The cross-reactivity analysis, by means of the new algorithm, 

largely arrives at anticipated cluster formations in the allergen data, which strengthen results 

obtained through previous studies on the subject. Notably, though, certain unexpected 

findings presented in the former analysis where aggregated differently, and more in line with 

phylogenetic and protein family relationships, by the novel clustering package. 

 

Master's thesis, 30 ECTS, Engineering Biology programme 

University of Linköping, November 2007 
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1. Introduction 
The need for appropriate computer based tools for multivariate data analysis has increased 

together with boosted quantity of information that e.g. researches, developers and medical 

personnel are faced with. Because of this general trend it has become increasingly difficult, 

not to mention time consuming, to manually discern meaningful patterns in data sets. 

Seemingly, there is much to gain with the use of good, robust and easy to use pattern 

recognition algorithms. Increasing need for adequate data processing, however, entails 

tougher demands on software reliability, stability and functionality. An easy-to-grasp and 

reliable representation from a large and complex body of data, which can be used as a 

foundation upon which decisions are later made, is currently possible to achieve in many 

cases. 

Clustering is a type of analysis especially suitable for large datasets of multivariate data. The 

purpose of a clustering algorithm is to find partitions in data through the use of some kind of 

similarity measure. Two of the most common clustering methods are called K-means and 

Hierarchical clustering. They represent two separate approaches towards the partitioning of 

data. K-means is a partitional method, which produces a grouping of data into a predefined 

number of clusters using an error criterion, whereas hierarchical clustering uses a similarity 

measure to merge pairs of clusters together. The result from K-means is a list of cluster 

affiliation for each data point, whereas hierarchical clustering returns a tree structure showing 

nested groupings. Both methods have strengths and weaknesses. K-means is an acknowledged 

tool when a data set is to be grouped into a specific number of clusters. In some instances, 

however, it is less useful because of its flat representation of data. Hierarchical clustering is 

very useful because it produces a stepwise visualisation of the clustering process, giving the 

user the option to observe groups formed at different levels. It is, however, limited to joining 

two clusters at a time, a constraint that often leads to messy and unclear representations of 

data.  

In a recent publication, cluster analysis (K-means) was used to find cross-reactive allergens. 

Within allergy, cross-reactivity of B-cell type is a phenomenon that relates to binding of 

immunoglobulin class E (IgE) antibodies, raised against a certain antigen, to another source 

due to structural similarities to the sensitising antigen. The IgE antibody is a key molecule in 

the cascade of events that ultimately triggers an allergic response and is thereby also 

important to allergy diagnostics. In the study, a data set that contained quantitative 

measurements of IgE antibodies from a number of multi-sensitised individuals to a wide range 

of allergen preparations was studied by means of K-means to identify aggregates of allergen 

preparations. Although the article presents some very interesting results no hierarchical 

information on data cluster were obtained clearly. A new clustering tool that in a reliable way 

could generate hierarchical information is needed, which became a major incentive for this 

project. 

The purpose of this project is twofold: 

• To develop, implement and evaluate an iterative procedure for hierarchical clustering, that 

relies on a partitional clustering procedure, such as K-means, and that is able to create n 

groups of data ( 2≥n ) at each level. 

• To apply the algorithm to a recently reported dataset containing IgE measurements to a 

collection of allergens in an attempt to further identify sub-structures containing allergens 

that are recognized together, which could indicate IgE-cross reactivity proteins.  



 2 

A flowchart for the proposed algorithm is depicted in figure 1-1. The initial data is fed onto a 

stack and clustered. Each accordingly derived cluster is transferred to the stack to be further 

clustered. This process is iterated until all data points occur as singular units. The key step in 

this process is the optimized clustering procedure. The purpose of the optimisation is to find 

the optimal number of clusters, as well as the best cluster configuration for this number, for a 

specific data set. This must be accomplished by virtue of some kind of cluster validation 

technique, which can compare results obtained by the data being clustered into 2, 3, 4, and so 

on, clusters. Each step of the algorithm must also be logged so that a tree structure later can be 

drawn to illustrate the result.  

 
Figure 1-1. Flowchart for the planned algorithm. The stack functions as a reservoir for data groups waiting to be 

clustered. Initially the entire data set is laid onto the stack. This is then clustered and the resulting partitions put 

on the stack. This procedure is repeated with the only exceptions occurring when the cluster consists of one or 

two data points. In those cases the data points have become single point clusters and are thus excluded from 

further processing. The optimised clustering procedure consists of an initiation, clustering and selection of the 

optimal number of clusters for that particular data set. 

The following text is a short recount of the contents of this report. In the next chapter, 

background to immunology and allergy as well as an introduction to clustering methodology 

are presented. Chapter 3 outlines evaluations performed throughout the study including a 

description of the data sets and methods evaluated. Chapter 4 describes the results obtained 

from evaluation and testing, but also the results obtained when the finished algorithm was 

applied on the allergen data set mentioned above. The results of the application of the 

proposed algorithm on the allergen data set are discussed in chapter 5 along with speculations 

on strengths and weaknesses of the completed algorithm and the future improvements that 

would further enhance its operation. 

Data added to stack 

Is stack empty ? 

Pop data from stack 

Nr. data points > 2 ? 

Finished 

Perform optimized clustering 

Resulting clusters � stack Nr. data points = 2 ? 

Split into leaves 

Leaf node reached 

Yes 

Yes 

   Yes 

No 

No 
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2. Background 

2.1. Allergy  
Allergic diseases are inflammatory disorders that are caused by an abnormal reaction to 

otherwise harmless environmental antigens (allergens) [1]. The term “allergy” is often 

confused with the term “hypersensitivity”, which has a much wider coverage of adverse 

responses to exogenous substances. In fact, allergy encompasses several forms of hyper-

sensitivity, a major one being the type I hypersensitivity, also known as IgE-mediated allergy. 

It is defined as: “A hypersensitivity reaction initiated by special immunologic mechanisms” 

and is mediated by the production of E-class immunoglobulins. Other variants of 

immunological hypersensitivity are e.g. type II hypersensitivity that is caused by cytotoxic 

antibodies and type III hypersensitivity, which is caused by deposition of antigen-antibody 

complexes in blood vessels of various tissues. Several major symptom categories related to 

hypersensitivity can have (partially) diverse etiology. Asthma can e.g. be separated into 

allergic or nonallergic asthma and while both types display similar inflammatory changes 

only the allergic type is caused by an immune reaction [2, 3].   

The number of people affected by allergies and hypersensitivities has increased greatly in 

western societies during the past few decades. A threefold increase in reported cases of 

asthma, hay fever and/or eczema can be seen among Swedish men reporting to military call-

up during the period 1970 - 1999. Improvements in both pharmacological and immunological 

treatments have, however, led to a decrease in the number of deaths related to e.g. asthma 

since the 1980’s. Contrary to this positive trend a threefold increase of hospitalization due to 

serious allergic reactions, such as anaphylactic shock, is seen among people aged 0-19 during 

the period 1987 – 2002. A likely reason for the increase of allergy among western populations 

remains to be presented, but a number of environmental factors are assumed to play a major 

part [4].  

A much debated proposition states that the infection history and status of an individual is an 

important underlying factor for susceptibility to allergies; this line of reasoning is sometimes 

referred to as the “hygiene hypothesis” [5]. Studies in Central Europe have shown that 

children who grow up in an agricultural environment, thereby coming in contact with farm 

animal related bacteria, run smaller risks of developing atopic diseases, relative to those raised 

in urban areas [4]. 

2.1.1. Immune response, immune reactive cells and molecules. 

Our body has several layers, generally providing a robust defence against pathogen attacks. 

The first, and most basic, is our skin, which effectively prohibits most unwanted micro-

organisms from entering simply by being impermeable in its construction. Microbes entering 

through our orifices are e.g. confronted by mucus layers if inhaled or ingested, the latter route 

ultimately involving an extremely unfriendly gastric and intestinal environment. Those 

pathogens that still manage to gain access are faced with a variety of immune reactive cells 

and molecules that in different ways work to free the body of the intrusion [3, 6]. 

The skin, together with the mucociliary blankets is part of a larger group of defence measures 

called the innate immune system. This group also contains a very important cellular defence 

system e.g. macrophages and dendritic cells that acts by capturing foreign objects through 

phagocytosis. In many instances this process involves re-routing the foreign peptide 

fragments to their surface in association with MHC (major histocompatibility complex) class 

II molecules, to be presented to the next line of defence, the adaptive immune system [6-8]. 
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Adaptive immunity is characterised by an ability to tailor an antigen-specific defence against 

pathogens. It is focused on T- and B-lymphocytes, which - in an environment of cytokines 

and chemokines - differentiate into specific effector cell types [6, 7]. Cytokines is a group of 

proteins that work in much the same way as hormones, but cytokines are mainly acting on 

cells of haematopoietic origin and commonly within a short range (local cells), whereas 

hormones typically act on a variety of tissues, commonly remote in relation to biosynthesis 

sites. There are several functional groups of cytokines, each with its own area of action/target 

[3]. It is known that cytokines play a vital role in the development and maintenance of allergy. 

Cytokines involved in this disease are members of the Interleukin (IL), Interferon (IFN) and 

Tumour Growth Factor beta (TGF-β) families [5, 6, 9]. The extent and method of their 

involvement are briefly outlined below. 

The adaptive immune works through the use of antigen-specific receptors and effector 

molecules, expressed on the surface of T and B lymphocytes in conjunction with cytokine-

mediated signalling. These antigen-specific receptors/effectors are formed through somatic 

rearrangement of germline gene elements. The end result is millions of different T-cell 

receptors (TCR), which play a vital role in the maturation of T-lymphocytes, and 

immunoglobulins, each with the ability to recognise different types of antigen [6]. 

Immunoglobulins (Igs), or antibodies, are protein molecules that combine with antigen 

determinants. Igs are commonly divided into five different families, or classes, depending on 

their physical, chemical and immunological properties. These classes are named IgG, IgA, 

IgM, IgD and IgE, the most common (80%) in serum being IgG [8].  

The adaptive immune system has the ability to target pathogens through different response 

ways. Each major response is mediated by a certain type of T lymphocyte [8]. T-cells are 

defined by the receptor composition on their surface. T-cells with a CD8
+
 receptor (TC, T-

cytotoxic cells) uses cytotoxines to stimulate apoptosis in infected cells while T-cells 

equipped with a CD4
+
 receptor (TH, T-helper cells) differentiate into subpopulations that 

supports either humoral or cell-mediated responses [6, 8]. When an antigen-presenting cell 

(APC) presents an antigen in association with a class II MHC on its surface CD4
+
 T-cells are 

able to interact with this complex through their TCRs (T-cell receptors). Depending on a 

variety of local environmental factors, e.g. the cytokine composition, the TH cell will 

subsequently differentiate into either TH1 or TH2 cells (figure 2-1). Moreover the TH1 

lymphocytes are known to secrete a panel of cytokines dominated by IL-2, IFN-γ and IL-12,  

whereas that of TH2 cells encompasses IL-4, IL-5 and IL-13 [6, 7]. Cytokines that impact the 

TH cell are largely produced by cells of the lymphocytic and granulocytic lineages, notably 

the APC and a T-cell subpopulation called T regulatory cells (TREG). TREG operation is not yet 

fully outlined, but it is known that such lymphocytes use cytokines (IL-10 and TGF-β) in 

order to suppress or boost different immune pathways in order to tune immune responses [10].  
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Figure 2-1. The maturation process for T-helper cells. 

TH-cells react together with another type of lymphocyte, called B-cells, in a two step reaction, 

which result in the conversion of B-cell to either an antibody producing plasma cell (figure 2-

2) or to a memory cell, which quickly mobilizes should a similar antigen appear once again. 

During activation TH lymphocytes stimulate B-cells through cocktails of cytokines and by 

direct contact to start producing immunoglobulines. The TH1 cells support a class-switch 

sequence leading to an IgG mediated immune response, whereas the TH2 cells promote 

development of IgE-secreting plasma cells. [8]. 

  
Figure 2-2. The dual signal principle for B-cell activation.   
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2.1.2. Allergic response and sensitisation 

Sensitation to an allergen involves a preferential TH2-type immune response to an antigen, 

which leads to the synthesis of antigen-specific IgE [1, 9]. IgE has a special tissue 

distribution: contrary to IgG or IgM, that occur as circulating antibodies, IgE (apart from the 

serum-confined fraction) attaches to a narrow set of secretory cells, i.e. mast cells and 

basophilic granulocytes [8]. These are cells which, upon receiving a triggering signal from 

IgE molecules that cross-bind an antigen, react to that antigen with release of inflammatory 

mediators [9]. An immediate reaction takes place within 15-30 minutes after exposure to 

antigen and lasts 2-3 hours, whereas a delayed response, that also may occur, takes place after 

6-12 hours and can last up to 24 hours [7].  

Although allergens are a very heterogeneous group of proteins, they share certain functional 

characteristics. Most importantly, the protein must in some way induce the TH2-type immune 

response resulting in IgE synthesis [11]. Another vital ability is that it must have at least two 

IgE binding epitopes (binding sites). This is a prerequisite because in order for the mast cell to 

release the inflammatory mediators, two of the IgE receptors on its surface must cross-link to 

the same protein [8, 11].  

Recent studies on allergens in pollens and plant foods suggest that most allergens are found in 

a very limited group of protein families. Among food allergens it was concluded that 65 % of 

the allergens came from four families only [12, 13].  

2.1.3. Cross-reactivity 

Cross-reactivity is generally referred to as a phenomenon that occurs when IgE antibodies 

originally raised against one allergen binds to another source. This response is mechanistically 

related to structural resemblances between the involved proteins. Cross-recognition can, 

though, also occur at the T-lymphocyte level, but it is much less understood in detail. The 

comprehensive term ‘co-recognition’, includes both sensitation to multiple antigens and the 

several forms of cross-reaction [14]. Cross-reactivity can trigger clinical symptoms without 

prior (sensitising) exposure. A typical situation involves reaction to a protein with very low 

probability to cause sensitation, but with symptom triggering properties. A common example 

of the latter is the well known apple – birch pollen cross-reactivity. The allergy inducing 

protein in apples, called Mal d 1, is referred to as an incomplete allergen because of its 

inability to induce IgE antibodies. It can, however, elicit symptoms if the patient is previously 

sensitized to the birch pollen protein Bet v 1 [15]. Another known example is the latex-fruit 

syndrome where 30-80% of patients with latex allergy also report reactions (anaphylaxis, 

asthma, eczema, and oral allergy syndrome) to mainly exotic fruits (e.g. banana, kiwi, etc.) 

[14]. 

An epitope can be either linear or conformational. The former type is defined as a continuous 

sequence of amino acid residues in a protein, whereas the latter sort of epitope is made up of 

short peptide sequences distributed over part of the protein and it will not be functional until 

the protein assumes its tertiary structure. Typically, but not consistently, B-cell epitopes 

involve conformational motifs. By contrast, T-cells preferentially recognise linear epitopes. 

This is related to interactions between the T-cells and APCs; conformational epitopes are 

largely eliminated when an APC breaks down captured antigens into short polypeptides of 12-

15 amino acids [7, 16]. 

In order for a protein to exhibit cross-reactive features with an antigen the sequence identity is 

typically 70 % or higher. Cross-reactive proteins with <50 % identity are rare. Exceptions 
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from this rule of thumb do, however, occur, in particular when postsynthetic modifications on 

proteins are involved. These modifications can involve carbohydrate chains attached to 

synthesised proteins. Such moieties (functional groups) can act as epitopes, recognised by IgE 

antibodies that have been created as a response against an otherwise structurally different 

protein. The clinical relevance of these cross-reactive carbohydrate determinants (CCDs) is 

still debated since they rarely generate overt immunological symptoms [14].  

Ccross-reactivity can sometimes mean problems when it comes to allergy diagnostics. Cross-

reactive allergens tend to elicit positive in vitro and in vivo tests, with varying degree of 

clinical relevance [14].  

2.1.4. Food allergy 

Food allergies have become a considerable health concern in developed countries [17]. Up to 

15% of the general population believes that they may be allergic to some kind of food [18]. 

Most adverse food reactions are, however, caused by intolerance, which is conceptually 

distinct from allergy. Reports suggest that the prevalence for food allergies in Europe is up to 

7.5% for children and 2-4% for adults. Fortunately, about 85% of children that experience 

food-allergic disorders outgrow them in the first 5-10 years of life [17].  

The term “food intolerance” has often been overused and applied incorrectly to all adverse 

reactions to food; the same can also be said about the term “food allergy” [18]. As evident 

from the European classification scheme for adverse food reactions (figure 2-3) allergic 

reactions involve an immune mediated response, whereas food intolerances are caused by 

other factors (e.g. enzyme deficiencies, bacteria or psychological reactions) [17].  

 
Figure 2-3. Classification and terminology for food allergy most frequently used in Europe. 

Food allergic reactions can involve a number of different symptoms in the respiratory and 

gastrointestinal tracts as well as in the skin. Some of the reactions that can appear in sensitive 

individuals upon exposure to food allergens are swelling, rash, nausea, vomiting, abdominal 

cramp and diarrhoea [19]. A frequent symptom is called OAS (oral allergy syndrome), which 

develops within minutes of contact with an allergen and manifests itself with local 

itching/swelling of lips, tongue, palate, throat and/or ears. In most cases the symptoms are 

mild and wear off after about an hour, but a more dramatic swelling can ensue, occasionally 

with progression towards a general anaphylactic reaction. OAS relates to release of mediators 

ADVERSE FOOD REACTIONS 

NON-TOXIC 

(Individual susceptibility) 

TOXIC 
(General reaction for all who have 

been exposed to sufficient dose) 

 

FOOD ALLERGIES 

(Immune mediated) 

FOOD INTOLERANCES 

(Non-immune-mediated) 

IgE-mediated Non-IgE-mediated Enzymatic Pharmacologic Undefined 
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due to IgE binding to cross-reactive allergens. Birch pollen-allergic patients often experience 

OAS after ingestion of raw fruits like e.g. apple and kiwi [17].  

The most serious type of allergic reaction to food is anaphylaxis. It is defined as a ‘severe, 

life-threatening generalized or systemic hypersensitivity reaction’. This reaction is caused by 

the abrupt, massive release of mediators from mast cells and/or basophiles throughout the 

body, which may lead to cardiovascular and homeostatic impairment and occasionally even 

death. The reaction may commence within minutes after contact with the particular food, 

sometimes just traces amounts of it [17].  

There are geographical aspects that need to be taken into account with regard to food 

allergies. Clearly, different geographical locations may involve dissimilar sensitation patterns. 

This is most likely related to the partly diverse nutritional habits across various regions and to 

area-specific distributions of trees and weeds. In the USA, UK and Scandinavian countries 

peanuts and nuts are the most prevalent elicitors of anaphylaxis; this is not true for other 

regions. In France the potentially most life threatening foods are eggs and seafood, whereas 

those of Switzerland and Australia are celery and seafood, respectively [18]. 

2.1.5. Diagnose formats and problems 

The double- blind placebo controlled food challenge (DBPCFC) is, and has been for the last 

50 years, the gold standard for diagnosing allergy [14]. This test is performed by 

administrating placebo and active food challenges in random order with neither patient nor 

health care professional knowing which food is active. Active and placebo tests are preferably 

administrated on separate days. The suspected allergen of the active test diet is disguised in 

food normally tolerated by patient. Because of its time consuming nature, the expenses 

entailed to it and a need to maintain alertness to intervene promptly in the event of severe 

adverse reaction DBPCFC is only performed at specialized centres. The test is not 

consistently performed in a uniform fashion and different studies can therefore be hard to use 

for comparison purposes [17]. 

Aside of the DBPCFC test there are several ways to diagnose allergies. The diet diary is 

perhaps the simplest diagnostic tool. A diet diary enables the patient to keep track on all foods 

ingested in a chronological order over a specified period of time. A specific food, suspected of 

provoking a reaction, within the frame of the test, can simply be removed from the diet and/or 

be subjected to additional–more conclusive–assessments. Another common method of 

diagnosis is elimination diet where the patient ceases to ingest a suspected food for a time in 

order to observe eventual lack of symptoms [18].  

The skin prick test (SPT) is a commonly employed allergy diagnostic method in the clinical 

setting and is regarded an excellent way of excluding IgE-mediated allergies. Food extracts 

and appropriate positive (histamine) and negative (saline) are applied in the skin and the 

resulting reaction measured. A positive result with a SPT is not a compelling indicator of 

allergy (positive predictive accuracy can be less than 50%), but a negative test almost 

consistently confirms the absence of an IgE-mediated reaction (negative predictive accuracy 

is greater than 95 %) [18]. 

Allergen specific IgE antibodies are a principal group of endogenous components in allergic 

reactions and the presence of such antibodies can be measured through quantitative in vitro 

assay tests. The most frequently used method is based on a solid phase carrying an 

immobilized antigen, which is then incubated with a blood serum sample. Any antigen 

specific antibodies present in the serum will then bind to the antigen. The amount of 
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antibodies present in the serum is detected and quantified by virtue of a labelled IgE-specific 

antibody detection reagent (figure 2-4). There are several variants of this concept. In another 

type off assay the IgE antibodies are first captured by an immobilised anti-IgE antibody. 

Tagged antigen is then added and the amount captured by the IgE – anti-IgE complexes is 

measured [17].  

 
Figure 2-4. Specific IgE detection assay using a solid phase with immobilised antigen. 

In order to obtain a well designed assay certain features central to achieving high performance 

need to be seriously considered, such as: antibody isotype specificity, level of sample 

independent background signals, controlled interference by total IgE and specific IgG 

antibodies present in the sample, sample dilution linearity, minimal intra- and interassay 

variation and adequate detection limit and measuring range [17]. Previously, the radioallergo-

sorbent test (RAST), a semi quantitative method, was used for this type of IgE measurements. 

In later years, it has been replaced by automated and quantitative methods, such as e.g. 

ImmunoCap™ (Phadia; Uppsala, Sweden). With all the above listed criteria fulfilled modern 

assays can attain a very high level of accuracy (>95%), as regards identifying allergen-

specific IgE involved in symptomatic allergy responses [19].  

Diagnostic testing for food allergy still poses problems not yet fully resolved. Insufficiencies 

of commercially available food extracts can contribute to false-negative results, due to lack of 

standardization and enzyme degradation processes, the latter part occasionally involving 

epitopes [14]. The preparation of food extracts is a delicate process and it is important that no 

allergens are lost or inactivated. A problem inherent in IgE quantification methods, being of 

practical importance to certain food allergens in particular, is a difficulty to finding a clear 

correlation between IgE-levels in serum and symptoms. It is important to remember that IgE 

is a marker of sensitation, not of allergic disease. [19, 20] 

2.2. Clustering 
Clustering is defined as the unsupervised and exploratory classification of samples 

(observations, data items, or feature vectors) into groups (clusters) [21]. Application areas 

range from data mining, document retrieval, image segmentation to grouping of biological 

data.  

The clustering procedure can be divided into several steps. The first among those involves 

specification of the sample representation, i.e. how the data to become subjected to treatment 

should be described. Perhaps there is a subset of the data that better describes the problem or, 

alternatively, must be excluded from the analysis due to missing or insufficient data 
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annotation. Additionally, there may be a need to homogenise the data e.g. through the use of 

logarithm transformation or by means of other operations. 

The second step (after sample representation) in the clustering process is to define an 

appropriate sample proximity measure, i.e. a method to determine distance (or similarity) 

between two samples. There is a wide variety of methodological directions to choose among, 

a major measure being the Euclidean distance.  

The third step in the clustering process involves the actual clustering. This can be 

accomplished in a number of ways, some of which will be described in chapter 2.2.3 below. 

Presentation of output from the clustering step can be adapted to the investigators need. It can 

e.g. be hard (with all data partitioned into groups), fuzzy (where each pattern has a variable 

degree of membership) or hierarchical (a nested series of partitions based on a criterion for 

merging or splitting clusters). Other techniques include probabilistic and graph theoretic 

approaches. 

In some cases, additional analysis of the clusters is needed. After completion of the clustering 

procedure data abstraction may be useful. This can include a number of adaptations ranging 

from restructuring the output data to extended data analysis to process the result in order to 

make it easier to interpret by visual inspection. Moreover, it is often desirable to perform a 

cluster validation, in which analysis is made to confirm the result of the clustering step. In 

most cases no “gold standard” is at hand so this is often a subjective phase based on how 

much is known about the data and how reasonable the result seems. There are, however, 

objective cluster validation methods and some of these have been tested in this thesis. 

 

Some of the points mentioned above pose great challenges to users of clustering methods. The 

questions how a data set should be pre-processed, which similarity measure is appropriate or 

which of the numerous clustering algorithms that best fits the situation are not easily 

answered, especially since a single correct answer is rarely available. Thus, no single 

clustering technique is universally applicable to uncovering the variety of structures present in 

multidimensional data sets. Each new clustering method typically performs slightly better 

than those already established on a specific distribution of samples. Therefore, it is of great 

importance that users of clustering algorithms are well versed in the technique that the 

particular algorithm utilizes. However, a sound understanding of the data gathering process 

and a certain degree of domain expertise is just as important as the technical knowledge.  

2.2.1. Initiation techniques 

Many clustering techniques, some of which will be described in chapter 2.2.3, require an 

initial partition of data. The problem at hand is to find k initial groups in a set of n data 

samples. There are several ways to approach this problem [22]. 

One of the most straightforward ways to create an initial partition is through the sample, or 

random k-selection, method. This method randomly selects the first among k desired initial 

vectors from the n data samples. Then, it randomly selects the next vector out of the n-1 

remaining samples and so on.  

The uniform distribution method is a second alternative to achieve initial partitioning. This 

method uses a random selection taken from a range defined by minimum and maximum 

values of all features in the dataset. This results in initiation points that are uniformly 

distributed over the space spanned by the dataset. 

Subset clustering is another widely used initiation method. This algorithm works by first 

randomly selecting a subset of the data, e.g. 10 percent, followed by a clustering iteration on 
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the subset using a simple method, such as the sample algorithm, for initiation. The resulting 

cluster centres are then used as starting points for global data clustering. 

Finally, the leader cluster algorithm is technique that partitions a data set into groups by 

virtue of a radius distance, T. A leader object is associated with each group and all other 

objects in the group lie within the distance T from that object. This method is illustrated in 

figure X. The algorithm starts by selecting the first data point and assigning it as the first 

leader object, A. Subsequently, the remaining samples are examined and those that are within 

the distance T are assigned to group one. The first data sample examined that fall outside the 

radius T is assigned as the next leader object, B. This procedure is iterated to identify cluster 

centre C as well as the remaining centres. This algorithm has the advantage of being fast, 

since it only requires to process the data once. All cluster centres are at least a distance T from 

each other, which means that it is dependent on the ordering of the data set and that a distance 

(T) is specified rather than the number of clusters. [22] 

  
Figure 2-5. Leader clustering. 

A common problem is that clustering results are hampered by poor initiations, something that 

is likely to occur since many initiation methods in some way rely on a random distribution. 

The easiest solution to this problem is to repeat the clustering algorithm several times using 

different initiations and in the end keep the best results according to some kind of criterion 

function. [21] 

2.2.2. Sample proximity measures 

As mentioned above the choice of proximity measure can yield great variations in the 

resulting clusters. A few of these measures will be described in the text below. 

The Euclidean distance is one of the most common proximity measures. The Euclidean 

distance between points P = (p1, p2, …, pn) and Q = (q1, q2, …, qn), in Euclidean n-space, is 

defined as 
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A commonly used alternative to this distance measure is the squared Euclidean distance.  

Another well known measure is the Mahalanobis distance. Unlike the Euclidean distance, that 

of Mahalanobis takes the correlations of the data set into account. Moreover, it is scale in-

variant, i.e. not dependent on the scale of measurements. The Mahalanobis measure for a 

group of values with mean m=(m1, m2, …, mn)
T
 and the covariance matrix C for a multivariate 

vector x=(x1, x2, …, xn)
T
 is defined as 
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If the covariance matrix is the identity matrix the Mahalanobis distance is reduced to the 

Euclidean distance.  

A dissimilarity measure found in information theory and probability theory is the Jeffrey-

Kullback-Liebler divergence. This measure is also known as the information gain and the 

relative entropy and is defined in its asymmetric version as 
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where p1 and p2 denotes the probability density functions for P1 and P2. The JKLD measures 

the difference between a “true” probability distribution P1 and an arbitrary probability 

distribution P2. Even though it is often used as a distance measure the JKLD is not a true 

metric since it is not symmetric, thereby being referred to as divergence rather than distance. 

There is, though, a symmetric version of the measure, which is defined as 
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2.2.3. Clustering techniques 

Different approaches for data clustering can be described with the help of the hierarchy in 

figure 2-6. At the top level the first distinction is between hierarchical and partitional 

approaches (hierarchical approaches produce a nested series of partitions whereas a partitional 

approach produces only one partition). Aside from the taxonomy in figure 2-6 there are a few 

more issues that may affect all the different approaches regardless of their placement. [21]  

 
Figure 2-6. A taxonomy of clustering approaches. 

Agglomerative vs. divisive: This is related to the algorithmic structure and operation. An 

agglomerative approach involves that all data samples are initially defined as single clusters. 

They are then gradually merged until a specified criterion is fulfilled, leading to an arrest of 

the process. A divisive method starts with all samples in a single cluster and then proceeds by 

splitting that cluster into groups until a stopping criterion is met. [21] 
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Monothetic vs. polythetic: This aspect relates to the sequential or simultaneous use of features 

in the clustering process. In other words, does the algorithm take all features into 

consideration when clustering data samples or does it look at them one at a time? Most 

algorithms are polythetic and thus use all features to decide the distances between groupings. 

Monothetic algorithms has a major drawback in that they generate 2
d
 clusters where d is the 

dimensionality of the data. [21] 

Hard vs. Fuzzy: A hard clustering algorithm assigns each sample in a data set to a single 

cluster, whereas a fuzzy clustering method assigns various degrees of membership in several 

clusters. A fuzzy clustering can be converted to a hard counterpart by assigning all samples to 

the clusters in which they have the strongest membership. [21] 

In the following text a few different clustering methods and their operation will be described 

in greater detail. 

2.2.3.1. K-means 

K-means is a partitional clustering algorithm. The number of clusters that the algorithm will 

find is defined by the user. K-means starts by creating an initial set of cluster centres using 

any among several sorts of initiation methods (see chapter 2.2.1). Then the following two 

steps are alternated until convergence is achieved (see also figure 2-7): 

• Each sample is assigned to the cluster, to which cluster centre it is closest. 

• The mean value of all features is calculated for each cluster. The resulting vector becomes 

the new centre for that cluster.  

The convergence criterion could be the lack of reassignment of any samples from one cluster 

to another, or a criterion function can be used. The most intuitive and frequently used criterion 

function in partitional clustering techniques is a cluster iteration that minimizes the squared 

error criterion, which for a clustering C of a data set P is defined as 

 ∑ ∑
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where qx is the group of samples belonging to the k
th 

cluster and mk is the centroid of the k
th

 

cluster. The most common way to use this calculation as a convergence criterion is to observe 

the decrease in the J value for each movement of the cluster centres. The algorithm is halted 

when the decrease is lower than a predefined threshold value. [21, 23] 
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Figure 2-7. Movement of cluster centres in K-means. In the first step the samples are partitioned depending on 

which cluster centre, A or B, they are closest to. The new cluster centre is then calculated as the mean of all 

features (left) giving the result for the next iteration (right). 

2.2.3.2. Vector Quantisation 

A family of algorithms, closely related to K-means clustering, is referred to as vector 

quantization (VQ). Perhaps most well known of these are the Linde-Buzo-Gray (LGB) and 

self organizing map (SOM) algorithms [23]. VQ algorithms aim at minimizing the objective 

function 

 ∑ ∑
= ∈

−=
K

k Cx

kqKVQ

kq

mxmmmJ
1

2

21 ),...,,( ,   (6) 

where mk is the prototype, or the centroid for the cluster, and Ci denotes the cluster i. In other 

words the algorithm seeks to minimize the distance from all samples to their respective cluster 

centre. For a fixed set of clusters Ci, one may calculate the gradient of JVQ as 
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This means that VQ uses a stochastic steepest descent approach where the derivative is 

approximated by the single term –(xq – mk). After an initial placement of each individual 

prototype, mk, is updated in iteration step t according to 

 ))(()()1( tmxtmtm kqkk −+=+ η , (see figure 2-8.),  (8) 

where η is a user defined step length parameter that must decrease slowly towards zero to 

ensure convergence. Geometrically, this means that mk(t) moves towards the example xq. The 

halt criterion for this type of algorithm is generally the lack of significant change in JVQ. [24, 

25] 
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Figure 2-8. Illustration of the update rule for prototype. The prototypes are moved in the steepest descent 

direction using a user defined steplength, η. This steplength must be reduced slowly with each step in order to 

avoid overshooting the minima.   

2.2.3.3. Maximum Likelihood 

Maximum likelihood is a mixture resolving approach to clustering [23]. In other words, the 

method assumes that the samples to be clustered are drawn from one among several 

distributions (usually Gaussian), and it aims to estimate the parameters so that each Gaussian 

corresponds to a unique cluster. Given a dataset D = x1, x2, x3,…,xN of unlabelled samples, 

conventional maximum likelihood estimation aims at maximizing the likelihood function 

 ( ) ( )∏
=

=
N

n
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where θk are parameters of sub-model k and θk = [mk,,Ck] if Gaussian distribution is assumed. 

The logarithm is often applied in order to obtain the log-likelihood function. Generally the 

algorithm starts by creating an initial partition of the data. After this procedure samples are 

iteratively moved in order to find a more appropriate likelihood value. This is demonstrated in 

a scenario appearing in figure 2-9. Here, a sample is about to be placed into either of cluster 

one or two. The resulting density functions, after placing the sample into any among the 

clusters, shows that the maximum likelihood is achieved by placing it in cluster two. One 

limitation connected with this method is that the number of mixtures, K, does not correspond 

to the number of clusters if the clusters are elongated and complex. Other problems include 

the risk of ending up in local minima and the risk of being faced with multiple solutions with 

approximately the same likelihood function value.  
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Figure 2-9. An attempt to place a sample into one of two clusters and the resulting probability density functions. 

It is clear by the image that the sample obtains the maximum likelihood when placed in cluster two. 

2.2.3.4. Hierarchical Clustering 

The operation of a hierarchical clustering algorithm is illustrated in figure 2-10. This figure 

depicts five samples - A, B, C, D and E - grouped into three clusters and the dendrogram that 

is the result of the agglomerative clustering. A dendrogram illustrates the nested groupings of 

samples and the similarity levels at which groupings change [21]. Thus, it is possible to split a 

dendrogram to obtain the corresponding clusters for that particular level of similarity. The 

most popular forms of hierarchical clustering algorithms are the single-link and complete-link 

algorithms. These two algorithms differ with respect to how they characterize similarity 

between a pair of clusters. The single-link method defines the distance between two clusters 

as the minimum of distances between all pairs of samples. Based on the example, as depicted 

in figure 2-10, the distance between the sample A and the cluster containing the B and C 

samples would be equal to the distance between A and B. By contrast the complete-link 

algorithm describes the distance as the maximum of all pairwise distances between samples in 

two clusters which, if applied on the same example as above, would correspond to the 

distance between A and C. The characteristics of the resulting dendrogram are accordingly 

highly dependent on the type of linkage used. The complete-link algorithm tend to define 

tightly associated and compact clusters whereas that of single-link suffers from a chaining 

effect and has a tendency to produce clusters that are straggly or elongated. 
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Figure 2-10. Points falling into three clusters (left) and the resulting dendrogram obtained using the single-link 

algorithm (right). 

Hierarchical clustering is a commonly used method, familiar to most biologists through its 

application to sequence and phylogenetic analysis. Apart from the dendrogram there is 

another way to visualize results from clustering, called clustergram [26]. A clustergram 

combines a dendrogram created through hierarchical clustering with a heatmap, which 

translates variation into colours, e.g. fluorescence intensity reading. This is often performed 

over time so that an increase in e.g. fluorescence can be seen in the heatmap over the course 

of a test. This technique enables visualization and identification of genes that are active under 

certain conditions. An example output can be seen in figure 2-11.  

 
Figure 2-11. Clustergram created from testdata with genes grouped together using hierarchical clustering on the 

y-axis and with the time on the x-axis.  
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2.2.4. Cluster validation techniques 

Clustering algorithms can produce a partitioning of data into k clusters and different 

approaches as to how this can be achieved have been outlined in the previous chapter. 

However, it can be difficult to identify an appropriate k. The human eye is a good validating 

tool for data represented in two and maybe three dimensions, but it is not a feasible way to 

verify data of higher dimensionality. Consequently, in order to find the best number of 

clusters a user either has to have a deep understanding of the data beforehand and by trial and 

error optimize parameters to obtain an understandable clustering or acquire an empirical 

measurement of the “correctness” of the clustering result by means of a cluster validation 

technique. There are different approaches to the problem of cluster validation. Some 

techniques rely on a difference measurement between two clustering results, using different 

number of clusters. Others only depend on the actual partition of the samples and return a 

numerical indication on the correctness for each value of k. Three approaches to cluster 

validation will be presented below [27, 28]. 

2.2.4.1. Silhouettes 

The silhouette method is a graphical cluster validation technique, which represents each 

cluster from a partition with a so-called silhouette [27]. The silhouette method works by 

comparing clusters with respects to tightness as well as separation from other clusters. 

Computational processes pertaining to silhouettes are described in figure 2-12. Only two 

things are needed in order to construct silhouettes: the obtained partition through the use of 

any given clustering algorithm and the collection of all proximities between samples. For each 

sample i a certain value s(i) will be calculated. These numbers are then combined to create a 

plot. The numbers s(i) can be defined in the case of dissimilarities. Take any object i in the 

data set, and define the cluster it is assigned to as A. When cluster A contains other objects 

apart from i, we can compute 

 a(i) = average dissimilarity of i to all other objects of A. 

In figure 2-12 this is the average length of all lines within A. The next step is to consider any 

cluster Pj which is different from A, and compute 

 d(i,Pj) = average dissimilarity of i to all objects of Pj. 

In figure 2-12, this is the average length of all lines projecting from i to Pj. After computing 

d(i,Pj) for all clusters ,AP ≠ all that remains is to find the smallest of those numbers and 

denote it by 

 b(i) = min d(i,Pj), .APj ≠     (10) 
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Figure 2-12. An illustration of the elements involved in the computation of s(i), where the object i belongs to 

cluster A. 

The cluster B, for which this minimum is attained, is named the neighbour of the sample i. 

The neighbour cluster is the second best choice for the sample and the answer to the question: 

if i was found to not belong to cluster A, which cluster would be the closest competitor? The 

number s(i) can now be derived by combining a(i) and b(i) as follows: 
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When cluster A contains only a single sample s(i) is set to zero. From this formula it is also 

clear that 

 1)(1 ≤≤− is      (12) 

for each sample i. When s(i) is at its largest (indicates close to 1) it can be considered as well 

clustered. Conversely, a scenario involving s(i) is close to -1 indicates almost certainly a 

misplaced sample in the cluster. For the intermediate case, when s(i) is about zero, the sample 

lies at an equal distance to both competing clusters. To acquire a deeper insight in the 

meaning of s(i) figure 2-13 shows example outputs for two separate cases. Here a data set has 

been clustered into either three or four clusters. Paired with the result of the clustering are the 

corresponding silhouette plots. It is clear that data partitioned into three clusters gives far 

better results than four clusters.  
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Figure 2-13. The same data set clustered into three (above) and four (below) clusters. It is clear from the 

corresponding silhouettes that data grouped into three clusters yields a better result.   

2.2.4.2. Ratio 

The ratio method finds the optimal number of clusters by looking for what is referred to as a 

“knee” of an error curve. This curve is typically generated from values of a criterion function 

for a series of cluster processes, using an increasing number of clusters. The result of the 

criterion function (e.g. sum of squares, J) is plotted against the number of clusters in order to 

produce a graph, similar to that of figure 2-14. The ratio method then divides the error value 

for k (k = 2, 3, 4, …) with the error value for k-1 in order to get the ratio between them. The 

“knee” is defined as the k with the lowest ratio value, because this indicates the number of 

clusters that leads to the greatest increase in correctness when compared with the number of 

proceeding clusters. This can be compared to a procedure, which finds a point that shows the 

largest deviation from a standard curve drawn through the points in the plot. In the figure this 

corresponds to k = 4, which clearly coincides with a local bend in the curve. This method is a 

local knee finding technique, as it only looks at two points at a time. [28] 
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Figure 2-14. An “error” / “number of clusters” curve indicating a “knee” at k = 4. 

2.2.4.3. L-method 

The L-method is an example of what is known as a global knee-finding method. The method 

fits two straight lines to the curve so as to minimize the root mean square error (RMSE) 

between the points of the graph and the lines. The outcome will largely appear as figure 2-15. 

The L-method operates by first dividing the plot around the value of k to be analyzed, c. If the 

maximum number of clusters is defined as b the left line, Lc, is defined as the resulting error 

values for k = 1..c and the right line, Rc, is defined as the error values for k = c+1..b. The total 

RMSE for c is then calculated as 
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where RMSE(Lc) is the root mean squared error of the best-fit line for Lc. This method will 

ignore local dips in the curve because it combines the structure of the entire plot. A downside 

is that the method is dependent on quite large datasets to reach full potential. [28] 

 
Figure 2-15. The result of the L-method adapting two lines to the plotted data.  
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3. Material and methods 

3.1. Data set 
Two different data sets were used in this study to evaluate various methods for cluster 

analysis, choice of initiation points and selection of optimal number of clusters, k. A two-

dimensional data set was manually generated (simulated), figure 3-1, with the purpose of 

providing a clear visualization of clustering results. This data set was constructed in such a 

way that it should return a meaningful hierarchical tree-structure after cluster analysis, i.e. the 

resulting tree should start by branching into three followed by further segmentation into two, 

four and six groups respectively.  

     
Figure 3-1. Two dimensional data set used for development and testing. 

The second data set was an excerpt of a repository containing measurements of IgE reactivity 

in human sera from sensitised, but otherwise unidentifiable individuals. The entire database 

contains about 49,000 samples and has been compiled for the research, development, and 

quality assessment of ImmunoCap™ (Phadia AB, Uppsala, Sweden). The reduced data set 

possessed two characteristics that made it especially appropriate for the development and 

testing of the study outlined in this thesis. Firstly, it was of a suitable size (1011 individuals 

with IgE values for 89 different allergen preparations) and, secondly, it had been previously 

studied in a published article, [29]. Accordingly, it was well known beforehand, making 

interpreting results derived from this study much easier. Moreover, the individuals typically 

show rather high levels of specific IgE antibodies (sIgE) to multiple allergenic extracts. The 

types of allergen sources targeted by serum IgE molecules of this cohort are food, insect, 

grass pollens, weed pollens, mites, micro-organisms (e.g. Penicillium notatum) and tree 

pollens. Because of a great variation in the IgE values between different individuals/allergens 

the data was also ranked prior to further analysis. Ranking involves a categorisation, which 

implicates that the individual with the lowest IgE value for a certain allergen is assigned the 

value “1” for that allergen, the individual with the second lowest IgE value for the same 

allergen is assigned the value “2” and so on. Conversion of raw data to logarithm values is a 

common alternative to ranking and was also used in this work to homogenize IgE read-outs. 

3.2. Evaluation of initiation techniques 
In order to obtain a clear view on the importance of starting method three different initiation 

techniques were evaluated: (see also chapter 2.2.1) 
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� Sample 

� Uniform distribution 

� Modified leader algorithm.  

The original leader algorithm lacks the ability to specify a number of clusters beforehand, 

something that was essential for this project. Therefore, a modified version, enabling this 

function, had to be implemented. In conformity with the original leader algorithm the 

modified leader version initially uses a radius to find those samples that are close enough to a 

randomly selected leader object. These data are thereafter grouped as a cluster and are 

excluded from the next iteration. The modified leader does, however, terminate only on the 

condition that all samples have been assigned to any one cluster and the specified number of 

clusters has been achieved. Thus, when the scenario, specified by the middle image in figure 

3-2 arise, the modified leader algorithm takes the sample that is furthest from its assigned 

cluster centre and reassigns it as a member of the newly formed cluster. Then, in a final step, 

all samples are reassigned to become a part of the cluster centre closest to them. If the 

opposite scenario, that not all samples are assigned when the predefined number of clusters 

has been calculated, should arise, the algorithm is restarted using a larger radius. 

 
Figure 3-2. Step by step overview on how the modified leader algorithm groups the initial data. In the first step a 

random point is chosen and the samples within the calculated radius are assigned to the first cluster (left). If all 

samples have been assigned to clusters before the sought of number of clusters have been achieved (middle) the 

data point furthest from its cluster centre is assigned as the next cluster centre. Then new cluster partitions are 

then calculated, the numbers surrounded by parenthesis indicates the new partition (right). 

3.3. Comparison of clustering methods 
The selection of a robust and reliable clustering algorithm was of great importance for this 

project. Therefore the selection of clustering method was a central part of the development. 

Subsequent to a serious consideration of a variety of optional directions, four different 

clustering methods were eventually selected for evaluation: (see also chapter 2.2.3) 

� K-means 

� Vector quantisation 

� Log-likelihood 

� JKLD facilitated clustering (see chapter 2.2.2) 
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The symmetric Jeffrey-Kullback-Liebler Distance was implemented to be used as a clustering 

method. As the JKLD measures the separation between Gaussian distributions the idea was 

that clustering could be achieved through the optimisation of the JKLD for a certain amount 

of clusters. The optimisation step was implemented using the following pseudo algorithm: 

1. Leader algorithm is used as initiation. 

2. Initial JKLD is calculated. 

3. The Mahalanobis (see chapter 2.2.2) distance is used to find outliers in all clusters. 

4. Take the largest (in terms of member numbers) unedited cluster and try transferring its 

furthest outlier to all other clusters. See if a better JKLD can be achieved through a 

transition. 

5. If an improvement can be achieved through a transfer, do so and use the mahalanobis 

distance to find a new furthest outlier and repeat 4. Else check the current cluster as 

edited and then go to 4. If this is the last cluster go to 6. 

6. Clustering process finished, use the last JKLD value as reference for this level. 

3.4. Evaluation of k-selection techniques 
The identification of the optimal number of clusters at each level of operation was another 

important challenge of this study. Three different types of k-selection techniques were 

evaluated: (see also chapter 2.2.4) 

� Silhouette 

� Ratio 

� L-method 

3.5. Clustering visualisation 
One among the most important objectives of this project was to enable adequate visualisation 

of the clustering process. Therefore it was considered essential that a tool, which could 

illustrate each step of the iterative hierarchical clustering algorithm, be created. There was 

also an interest to arrive at a tool that would give a quick overview of aggregations in 

observed data. These two needs ultimately resulted in the creation of two visualisation aids, a 

dendrogram-like illustration tool and a clustergram-like illustration tool. 

3.5.1. Dendrogram-like illustration 

Plot is a dendrogram inspired tool and it comes as both an interactive and a non-interactive 

version. The algorithm can draw trees from stem to leaf, showing each clustering step that has 

been made along the process. Because the iterative hierarchical clustering algorithm is able to 

arrange a data set into n new clusters ( 2≥n ) there existed no comprehensible way to use a 

distance measurement between points as that used when drawing a dendrogram (see chapter 

2.2.3). So, in order to acquire any kind visual information related to the clustering procedure a 

measure of the extent of scatter within clusters was designed. The measure was calculated as 

follows: the mean of the within cluster distances between member samples, xq, and their 

corresponding centroid, mk, was divided with value the same measurement for all N initial 

data points. This can also be formulated as 



 25 

∑

∑

=

∈

−

−

=
N

i

i

N

Cx

kq

k

mx
N

mx
N

r

k

kq

1

2

2

1

1

,    (14) 

where Ck represents cluster k, Nk represents the number of members in cluster k and m 

represents the mean value for all initial samples. Thus, each branch length represents the ratio, 

r, of scatterness between its corresponding cluster and total data-set. From a visual aspect this 

translates to comparatively extended lines on the plot for widespread clusters and vice versa. 

This was found useful, since it clearly showed clusters containing outliers or, alternately, 

clusters containing relatively unrelated data. An example of the resulting plot can be seen in 

figure 3-3. 

 
Figure 3-3. Resulting image from the interactive Plot tool. This was created using the interactive version which 

gives the user the option to create guidelines by clicking on the leaves. This helps with matching leaves to labels 

and can also make finding the groupings easier. 

3.5.2. Clustergram-like illustration 

Clustergram is a modification of the MATLAB™ (Mathworks, Natick, MA) function 

clustergram, being part of the bioinformatics toolbox. The rewrite replaces the dendrogram 

function, being the default clustering method for the MATLAB™ version, with the iterative 

hierarchical clustering algorithm, developed throughout this project. The clustergram still 

behaves as described in chapter 2.2.3. See figure 3-4 for an example output. 
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Figure 3-4. Example output from Clustergram function. 
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4. Results 

4.1. Evaluation of initiation techniques 
The initiation methods were mainly tested on the two-dimensional data described in chapter 

3.1. When a deeper understanding of their operation had been achieved they were applied on 

the ImmunoCap™ data set. The purpose of applying these methods to the ImmunoCap™ data 

was to observe how well the initiation algorithms performed as revealed by aggregations of 

allergen preparations. 

Sample is the default initiation method for K-means in the MATLAB™ programming 

environment and its simplicity makes it quick and easy to use. The method’s major drawback 

is that it statistically is just as likely to put all starting points next to each other as it is to 

spread them out evenly. This characteristic increases the likelihood for most clustering 

methods to stall in local minima.  

Uniform distribution should avoid some of the innate problems with sample distribution. Its 

fairly simple implementation and because it is one of MATLAB’s™ already existing starting 

methods for K-means makes it a good candidate. A possible problem related to this kind of 

initiation lies in that it uniformly divides the data-space into k segments and thus takes no 

regard to data structure. This could lead to inconsistencies in those cases where very large 

groups of similar data occur as they would run a risk of being spread out over several initial 

clusters. 

The modified leader algorithm seems to avoid many of the pitfalls previously mentioned and 

also takes the topography of the data into account. One question that remains, though, is 

whether it will work for multidimensional data in the same way as it does on a two 

dimensional representation. Also, the modified leader algorithm relies on squared Euclidean 

distance and this kind of measurement takes no regard to the correlations of the data. This 

can, in the multidimensional case, result in that different dimensions are unevenly taken into 

account.  

The three above-mentioned initiation techniques were evaluated for feasibility. The test 

involved an implementation of the standard K-means algorithm to identify a starting method 

that produced the smallest sum of errors value. The ImmunoCap™ data set served as test 

material in this assessment. Each initiation technique was used six times and mean figures of 

the resulting values were used as a performance estimate. The result is present in table 4-1. 

  Sum of errors (J) x 10
9
 

Sample 1.67 

Uniform 1.60 

Leader 1.59 

Table 4-1. Comparison of initiation techniques based on the mean of six sum of errors values. 

It would seem that both uniform distribution and the leader algorithm have a slightly better 

performance than the sample method, but this difference is, however, less pronounced when 

initiation is repeated several times. 

4.2. Comparison of clustering methods 
The development and evaluation of different clustering techniques was perhaps the most time 

consuming part of this project. Each method was applied to both the two-dimensional and the 
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ImmunoCap™ data-sets (chapter 3.1) to see how well they grouped data. All four clustering 

algorithms listed in chapter 3.3 where exhaustively tested. Accordingly derived results are 

outlined below. 

Because K-means is such a common clustering method it was an obvious candidate to include 

in the evaluation procedure. It comes with the statistics toolbox from MATLAB™ and was 

readily available without much preparation. The MATLAB™ implementation of K-means 

uses a two phase algorithm while clustering. Apart from the standard K-means algorithm (see 

chapter 2.2.3) this version also accomplishes a second phase, called the “on-line” updating 

phase. In this phase points are individually moved to other clusters in order to assess whether 

a lower sum of errors can be found. This second phase can correct many inappropriately 

identified configurations where K-means have found a local minimum, thereby making the 

algorithm more stable. The MATLAB™ version is also fast and offers a range of different 

alternatives with regard to distance measurements, and a multitude of solutions to various 

issues that might arise.  

Because no prewritten vector quantisation algorithm existed in MATLAB™ the algorithm 

had to be implemented. The basic VQ algorithm (see chapter 2.2.3), initiated using the sample 

method, soon proved to be both unstable and unreliable. The most serious disadvantages 

identified are slow operation time and a tendency to stall in local minima with no ability to 

escape. This, in turn, led to meaningless cluster-partitions. The performance was to a certain 

degree increased through the modified leader algorithm applied as an initiation method which, 

through a better initial partition, provided VQ with a better chance to find optimal cluster 

partitions. A semi-stochastic version was developed in a final attempt to make the VQ-

algorithm more stable and more efficient. This version randomized the order of all samples in 

a list. The algorithm then ran through the list doing the standard operations for each point. 

When all samples had been taken into account the new sum of errors was calculated; if the 

new value was better than that before the operations were continued and accordingly derived 

changes were kept. If the changes failed to improve the sum of errors value the samples were 

run again in a new randomized order. The tendency to arrest in local minima was somewhat 

reduced by this algorithm, but it significantly increased process time. When a sum of errors 

comparison was made between the semi-stochastic VQ algorithm and K-means the results 

showed a lower performance for VQ (table 4-2). Also when compared with K-means on the 

two data sets described in chapter 3.1 the VQ-algorithm was considerably slower as can be 

seen in table 4-3.  

  Sum of errors, x10
9
 

K-means 1.84 

VQ (leader) 2.01 

VQ (sample) 2.12 

 Table 4-2. The resulting mean sum of errors after 25 attempts of clustering the ImmunoCap™ data set into 5 

clusters. The semi-stochastic version of VQ was used for this test.  

Data set / Clustering algortihm 2-dimensional data ImmunoCap™ data 

K-means Ca. 0.03 s Ca. 0.8 s 

VQ Ca. 0.3 s Ca. 36 s 

Table 4-3. Time required to group two data sets into 12 clusters using K-means and VQ, both initiated using the 

sample algorithm. 

Because of problems with performance and reliability little gain from a continued work on the 

vector quantisation algorithm was expected.  
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The log-likelihood algorithm seemed initially applicable to matters of this study because of its 

use of Gaussian probability distribution estimates (see chapter 2.2.3), which solved the 

problem with Euclidean distance as mentioned in chapter 4.1. The method showed great 

promise in initial tests both with respect to speed and accuracy. After further tests, however, it 

was found that the algorithm did not perform well on the type of operation needed. When the 

log-likelihood method was applied on the ImmunoCap™ data it became clear that the 

algorithm seemed to create clusters of close to even size, rather than well grouped clusters 

(see figure 4-1).  

 
Figure 4-1. A silhouette comparison of the clustering result from the log-likelihood method (left) and kmeans 

(right). It is clear that the log-likelihood method favours the formation of clusters of close to similar size, even if 

it means forming clusters that are poorly grouped. As is the case with e.g. clusters one and four in the log-

likelihood image. 

The application of the Jeffrey-Kullback-Liebler distance to a clustering method would enable 

maximum separation of Gaussian distributions of clusters. Also, as with the log-likelihood 

method, the distribution of each cluster would be taken into account. Another advantage lies 

in that it would reduce the need for a separate cluster validation method, because the 

clustering result for each k would also return a parameter useful for comparisons. 

Implementation of an algorithm that used the JKLD was expediently accomplished. It was 

clear, however, from the initial tests that several hurdles remained. There were doubts as to 

how a distance measurement between n different clusters (n > 2) was supposed to be 

conducted practically, as the JKLD only is defined as the distance between two Gaussian 

distributions. In order to solve this problem the mean distance between all clusters was used, 

but as mentioned above, this did not work well. The next problem can be seen in figure 4-2, 

which illustrates the result of a clustering run performed by means of the JKLD clustering 

method on the two-dimensional data set. It is quite clear that the clustering algorithm failed to 

achieve a meaningful result. 
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Figure 4-2. The three resulting clusters from the JKLD cluster algorithm when applied to the two-dimensional 

data set. Here it is clearly visible that two of the clusters (squares and circles) have formed linear structures 

whereas the third (triangles) has been used as a “leftover” cluster.  

4.3. Evaluation of k-selection techniques 
Certain criteria where in focus when the different k-selection algorithms were evaluated. The 

most basic criterion was that the method should make “logical” decisions when applied to the 

two-dimensional test-data described in chapter 3.1. The definition of “logical” was related to 

the apparent underlying structure of the data. This was the first phase, designed to find 

apparent flaws in the code or logic. The second criterion states that the k-selection technique 

should find the underlying hierarchical structure in the data, if present. This means that if 

applied to the two-dimensional test-data the algorithm should arrive at three clusters as an 

optimal choice in the first step and two, four and six clusters in the ensuing steps (see figure 

3-1). This “fuzzy” method of operation was perhaps the most difficult to achieve. As a final 

test the k-selection technique was applied on the ImmunoCap™ data set (chapter 3.1) after 

which the relevance and each step of the groupings was analysed. 

It was soon realised that it was necessary to limit the value of k to one half of the number of 

samples in the data set. This was largely because all k-selection methods will favour the 

assignment of samples in single clusters, rather than grouping them together, which involves 

meaningless partitions in most cases. Also, by putting a limitation on the maximum number of 

resulting clusters for each data set time was saved because the number of times the clustering 

algorithm needed to be run was reduced.  

As the silhouette method already existed in MATLAB™ there was no need to implement the 

algorithm. The mean value of all cluster silhouette values for each number of clusters, k = 2, 
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3, 4…, were compared and the best one chosen as optimal k. Initial trials showed that the 

silhouette algorithm generally worked well, but certain constraints were also observed. As 

mentioned above one major problem is that k-selection techniques favour the formation of 

many single-point clusters. With the MATLAB™ implementation of the silhouette-method 

this is caused by the fact that single point clusters always have a silhouette value of +1 and the 

resulting mean silhouette value for a clustering result where most clusters only contained one 

sample consequently lies very close to +1. This favours the creation of as many clusters as 

possible. A restriction was implemented in order to solve this problem, aside from limiting the 

number of k as mentioned above, which stated that no single point clusters were allowed to 

participate in the mean silhouette value calculation for each k. With this restriction 

implemented the silhouette method showed robustness in the selection of an optimal value of 

k. 

The ratio method was quick to implement because of its simplicity. Moreover, initial trials 

showed that it was especially dedicated to finding the underlying structure of the data in the 

stepwise way, referred to as “fuzzy” above. A possible problem was that the ratio algorithm 

tended to choose k = 2 in most of the initial steps.  

It was quickly realised that the L-method needs quite large data sets in order to work properly. 

Because the algorithm uses two lines to calculate an optimal k it is dependent on the presence 

of at least four results from clustering, i.e. the minimum number of clusters has to be four. 

Also in the case that k = 4 the calculation is trivial because there is only one way to solve that 

problem and the result will always be two (see figure 4-3).  

 
Figure 4-3. Using the L-method when the maximum number of clusters is four is a trivial problem always 

resulting in the selection of k = 2.  

4.4. Test results 
As a final step the iterative hierarchical clustering algorithm was tested on various data in 

order to see how well the algorithm performed. The first test was to run the algorithm on the 

ImmunoCap™ data set using the same sample representation and proximity measure as used 

in the article where the data set was first analyzed [29]. The result of the test run can be seen 

in figure 4-4. 
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Figure 4-4. Result of test run on the ImmunoCap™ data set. The groups that have been circled correspond to 

groups found in the referred study.  

The result showed an impressive correlation with results derived from the same data as 

reported in the above-mentioned article. Actually, the algorithm made even more rational 

assumptions on individual allergen placement in a few instances. For example, the ‘Bee’-

allergen was placed in the group ‘Plant food general’ in the referred study, whereas the 

iterative hierarchical clustering algorithm placed it in the seafood and insect group, seemingly 

a more sensible choice. An interesting segmentation of the allergen data can be noted in the 

first step of the tree-structure. This initial aggregation shows a clear differentiation between 

the group of allergens containing plants, insects and seafood and the group containing animals 

and fungi. An inconsistency can be found, though, in the ‘Shrimp’ allergen. The algorithm has 

placed this allergen within the ‘Animal and fungi’ group rather than in the more logical 

‘Seafood and insects’ group.  
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5. Discussion 
Many automated analysis methods in practise today produce very large amounts of data. Most 

of that data is pre-processed by some type of computer analysis tool prior to presentation to 

the user. Multivariate data analysis, which is a highly relevant approach to identify 

meaningful patterns in complex data, typically includes any among a range of clustering 

algorithms.  

The most representative reference method for this study is the standard hierarchical clustering 

algorithm. As also mentioned in chapter 2.2.3 it is a popular and widely used method to 

cluster data. The advantages of this type of clustering are well known. There is no require-

ment to predefine the number of clusters, different partitions can be achieved by “cutting” the 

dendrogram at a given level and the dendrogram can in some instances be used as taxonomy 

are just a few examples. Hierarchical clustering is, however, limited to joining one pair of 

clusters at a time, a feature that can easily lead to messy graphical representations, e.g. when a 

tight group containing many samples is added one by one. 

From the onset, this study aimed at creating a significantly improved clustering algorithm 

which combines good qualities inherent in existing methods. More specifically, a key 

objective was to achieve a hierarchical method of operation that did not limit the number of 

clusters, formed in each partitioning, to two. The algorithm would require the presence of 

some kind of optimization algorithm, which would ensure that all groupings formed where 

optimal, based on current prerequisites. Additionally, an intuitive and informational graphical 

representation of accordingly produced cluster configurations should be presented to the user.  

Throughout the development process of the iterative hierarchical clustering algorithm most of 

the work was focused on initiation-, clustering- and k-selection techniques. Different 

approaches to each of these steps where evaluated in order to find algorithms that best suited 

the type of operation needed.  

5.1. Evaluation of initiation, clustering and k-selection 
Initially, the initiation method used for all development was based on the sample algorithm. 

This was the standard means of initiation for several clustering methods that required a 

minimum amount of time to operate. It was found, however, that the sample method could 

lead to poor clustering results, especially if no repetitions were used. Therefore, two 

alternative initiation methods, uniform distribution and the modified leader algorithm, were 

implemented and tested in order to obtain alternatives. Both seemed slightly more stable than 

the sample algorithm and the leader algorithm was chosen as the preferred option (table 4-1).  

K-means became the initial choice of clustering algorithm due to the fact that it was already 

implemented in the “in house” installation of MATLAB™. Alternate clustering algorithms 

were sought, however, starting with the principally similar VQ-algorithm. Initially the VQ 

algorithm showed promising results, but it was soon realised that the algorithm was to slow to 

be appropriate in this context (table 4-3). The slow progress was caused by high numbers of 

iterations needed to find minima in error curves. Despite many optimisation attempts this 

method could not be sufficiently improved. Two clustering methods based on probability 

density functions were implemented: maximum likelihood and JKLD. Both these methods, 

however, posed several problems, which made them unsuitable for this type of application. 

The most serious problem pertained to calculation of the probability density functions. This 

required the calculation of the covariance matrix corresponding to each cluster. This, in turn, 

prohibited data from being singular, i.e. the number of samples ought to be larger than the 
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number of variables. Since the iterative hierarchical clustering algorithm runs from stem to 

leaf small groups of samples will automatically occur. Hence, in order for the algorithm to 

work properly the data dimension had to be reduced (by means of principal component 

analyses), which in turn involves loss of information. In some situations, when the number of 

dimensions was very large, this reduction led to an appreciably lessened reliance in the 

resulting partition. Aside from this problem, which affected both methods, each method 

displayed other weaknesses as well. The maximum likelihood method displayed a preference 

for even-sized rather than well grouped clusters (figure 4-1). This unfavourable behaviour was 

connected to the fact that the estimation of the Gaussian distribution becomes uncertain when 

clusters contain a small number of samples. Even though it is principally adven-

tageous (overall likelihood increases) to disrupt large clusters by transferring samples into 

smaller ones, rather than to keep small clusters un-changed, a consequence is that poorly 

grouped clusters may be obtained. In the case of JKLD facilitated clustering, one of the main 

hurdles was that the algorithm failed to achieve meaningful results, but rather produced 

elongated clusters like those appearing in figure 4-2. The problem is that the most efficient 

way for the algorithm to create clusters with high mutual separation, seems to be to form k-1 

clusters (k > 2) that in the 2-D dataset corresponds to lines and then assign the remainder of 

the samples to a “leftover” cluster. This causes a significant overlap between the “leftover” 

cluster and the line-forming clusters and, thus, low JKLD divergence. However, the 

divergence between different line-forming clusters, as computed by the JKLD, will yield high 

values, which outweigh the low values obtained between line-forming clusters and the 

“leftover” cluster. In the end no clustering algorithm managed to replace K-means as a 

preferred method. K-means was robust for small clusters as well as fast for larger ones. The 

MATLAB™ version also offered a variety of distance measures, aside from those mentioned 

in this report. One possible issue is that the MATLAB™ implementation of the K-means 

algorithm is quite complex, which makes it difficult to modify should a future need arise. 

The final part of the project algorithm configuration involved a choice of k-selection 

technique. In the end the silhouette method became the primary method. The ratio method 

was kept as a valued alternative because it can offer different representations, thereby 

complementing results derived by the silhouette method. The ratio method is however laden 

with a problem. In order to obtain a value for k = 2 the sum of errors value for k = 2 had to be 

compared with the same value for k = 1, i.e. the sum of distances for the entire data set to the 

mean. Because that value can be very large relative to the k = 2 value, the method can, when 

applied to certain data sets, tend to choose k = 2 in most initial steps, see for example figure 

5-2. While this is not a major problem, further elaboration on this issue would deviate 

somewhat from the main pathway of the study. Further development of the alterative to the 

ratio method, called the L-method, was discontinued because it was clear that it failed to add 

anything on top of what had already been achieved through the ratio method. 

After specifying initiation, clustering and k-selection techniques for the algorithmic package 

the result could be described as follows: an iterative method that hierarchically classifies a 

dataset from entire group to single point clusters and - at every step - uses K-means in tandem 

with the silhouette criterion to divide the current data into an optimal number of clusters. The 

algorithm was dubbed iterative hierarchical K-means (IHKM). 

5.2. Application of IHKM to IgE-reactivity data 
One of the several purposes with this study was to apply the IHKM algorithm to an allergen 

data set in an attempt to delineate co-recognition in IgE-mediated allergy, including IgE 

cross-reactive patterns. A full scale test, using the setup detailed above, gave some very 
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interesting results (figure 4-4). Almost consistently these results verified those published in 

the referred article [29] and, additionally, accomplished a more rational cluster assignment for 

certain allergen preparations. Some allergens, appearing as unexpected constellations in the 

reference article, e.g. ‘bee’ and ‘white pine’ occurring together with different kinds of plant 

foods was - through the IHKM algorithm – placed together with ‘seafood and insects’ and 

‘tree and weed pollen’ respectively. Additionally the overall result is presented by virtue of a 

specially designed graphical interface. This shows a view that not only informs the user on 

final clustering results, but also on sub-groupings in the overhead structure. In the resulting 

figure (figure 4-4) several of such sub-groupings can be found. Notably rye, wheat, barley and 

oat, i.e. the four major cereals occur as a tight group. Another interesting aggregation contains 

rice, maize, union and garlic structured as two pairs. Also, when observed groupings among 

the fungi cluster are more closely studied some correlations between IgE-reactivity and 

taxonomy can be seen For example, Baker’s Yeast (Saccharomyces cerevisiae) is grouped 

together with Candida albicans, which is another yeast species. Moreover Rhizopus nigricans 

and Mucor racemosus, which both stem from different lineage than the other fungi, form a 

separate group. A result that does not quite follow what would be deemed logical is the 

placement of shrimp, appearing as a single cluster directly under the animal and fungi group. 

Upon reduction of the dataset to two dimensions only the result attains a highly generalised 

configuration as depicted in figure 5-1. This shows that a group containing insects and 

seafood acts as a bridge between the two larger groups. In essence, when the data set is 

initially divided into two main groups the shrimp allergen preparation is separated from the 

other allergens of its natural group.  

 
Figure 5-1. A generalisation of the groupings of the ImmunoCap™ data set when the number of dimension has 

been reduced to two. 

Additional interesting comparisons involve results derived from IHKM in conjunction with 

either the silhouette criterion or that of ratio. As mentioned above the ratio method tends to 

favour the selection of two clusters at each step of the hierarchical clustering process. This is 

especially prominent in figure 5-2 (left panel). The result from this clustering is not equally in 

accord with results obtained in the article referred to above as that validated by the silhouette 

method, but the main features are nonetheless preserved. However, when this result is 

compared to a classical hierarchical analysis (figure 5-2, right panel) the outcome is of quite 

similar quality. 
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Figure 5-2. IHKM clustering result from the ImmunoCap™ data set when using the ratio method (left). 

Dendrogram drawn using complete agglomerative clustering (right).  

The placement of a shrimp allergen in a seemingly erroneous group illustrates the perhaps 

most apparent vulnerability of the hierarchical algorithms of this type. Because of its divisive 

character, errors made at high levels of the tree structure cannot be corrected in ensuing steps 

and even though the algorithm attempts find the best partitioning into the optimal number of 

clusters, errors will inevitably occur. Therefore, it is of great importance to clearly enable 

visualisation of aggregations in each step of the hierarchical clustering process, thereby 

making it possible to amend dubious groupings.  

5.3. Future improvements 
Seemingly, there are viable prospects for future development of the IHKM clustering 

algorithm. The algorithm is modular, which means that each key function can be replaced. 

This leaves much room for evaluating alternative initiation methods, clustering algorithms 

and k-selection techniques, since only a cross section of available such techniques have been 

evaluated throughout the course of this study. Quite a few among the families of clustering 

algorithms, regularly used for different types of applications, have already been mentioned in 

this report (see chapter 2.2.3). One family not hitherto included in this survey is the Neural 

Network (NN) clustering methods [23]. This family of nonlinear statistical models, object of a 

great deal of “hype”, has been used in diverse sorts of applications. Undoubtedly, quite a few 

of those methods are interesting candidates for this type of study. Furthermore, several more 

features could be added to the current visualisation tool in order to improve on its 

functionality. The ability to hide or highlight certain branches of the tree structure, the ability 

to cut the tree plot at a certain level or to limit it at a certain number of clusters are just some 

possible enhancements. 
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