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Chapter 1

Introduction

The generation of clusterings is quite a difficult task when little knowledge on the data is
available. There exist a large number of clustering algorithms that all aim to find a fitting
partitioning of the data, but they all come with different assumptions on the data. Taking
k-Means as an example, the data is assumed to be Gaussian distributed which might not
actually be the case for many data-sets, making it unsuitable for clustering such data. As
Chen and Liu [18] also describe in their paper, the process of clustering is not done when
a solution is computed, but when the researcher involved “... evaluated, understood and
accepted the patterns.”

To find suitable methods and results, visual frameworks have been proposed that aim to
help in recognizing a fitting clustering by evaluating the results of different algorithms and
parameter settings via quality metrics and ranking the clustering solutions. Clustervision
[43] is one of those frameworks whereby different algorithms can be run and their solutions
are visualized and ranked according to the average of five different quality metrics. Thus, the
user can look at the ranked candidates through different visualizations and choose a solution
as the final result. A problem with this approach is though that any individual metric is
biased towards a specific resulting cluster structure, possibly ranking a clustering higher than
another one, even if it does not fit the data properly. The authors of Clustervision themselves
mention that “the effectiveness of these metrics in gauging the quality of the clustering is
also difficult to determine due to the lack of ground truth” [43]. Also, as many solutions were
calculated and only one of them is used for the final decision, a lot of calculated knowledge
is ignored.

To overcome this problem, we propose to not use quality metrics for the choice of the best
clustering but to rely on robustness indicators for the selection of the best result. Using this
approach, robustness can be seen as how resilient a clustering solution is towards introducing
additional noise points or small changes in the parameters of the clustering algorithm. As
robustness is difficult to evaluate by itself, many different algorithms with different param-
eters should be used, to analyze where multiple methods or parameter sets find a similar
result. Clusterings that are similar to many other results can be seen as robust and finding a
consensus for those can result in an even better overall clustering than just choosing one of
the calculated results. To find such similar clusterings or groups of similar clusterings, meta-
clustering can be used. For computing the final candidates, each group of similar results can
be merged into a consensus result, capturing the essence of the group.

Based on this idea we created a tool that will be further described in Chapter 5. Addi-
tionally, the tool aims to include domain experts in the process of finding the result. Most
research on consensus clustering, as also seen in the survey of Vega-Pons and Ruiz-Shulcloper



[66], only briefly mentions how generating or pre-selecting base clusterings can impact the
result of consensus clustering, even though this may change the quality of the final solution.
For this reason, the tool allows the user to visually explore the clusterings created by the sim-
ple clustering algorithms, facilitating the choice of which ones use for the process of merging
when trying to obtain a final result for a given data-set.

The remaining chapters of this thesis is organized as follows: Firstly, the related work
regarding the methods used and existing tools is mentioned (Chapter 2). Next, the theory of
the methods used is discussed (Chapter 3) and a description of the idea of the tool (Chap-
ter 4) and how it can be used (Chapter 5) is given. After this, additional details on the
implementation, used frameworks and extendability of the tool are described (Chapter 6).
Then, the performed experiments are shown (Chapter 7), illustrating how the tool is able to
outperform simple methods, with a user being tasked to work on clustering tasks with this
tool. Lastly, future work and possible research topics based on the findings are proposed
(Chapter 8) and finally, this thesis is concluded with the lessons learned and a summarizing
reflection (Chapter 9).



Chapter 2

Related Work

2.1 Clustering Algorithms

Clustering is the task of finding groups of points in data such that points within a group
have some kind of relationship, while points in different groups do not relate. Defining how
relationships can be expressed and how these groupings can be found are non-trivial tasks,
for which reason a lot of research has been put towards this topic. Different ways of thinking
about this problem, the expected results and the performance aspects of the algorithms
resulted in a large number of different methods.

To summarize which methods are available, many surveys were written over time [6, 57,
69, 70]. Another aspect of clustering is which kinds of data can be clustered and even for
more specific tasks like text clustering many methods are available [28]. Even though these
are relevant methods, they will not be mentioned further on, as this paper only works on
processing numeric data. Also, work has been put into optimizing clustering algorithms for
different types of architectures and machines, e.g. for distributed systems [32] in regards to
energy consumption and load balancing [41]. Such aspects will also not be further considered,
as this paper and the created tool do not aim to beat existing methods in runtime or energy
efficiency.

To give an overview of existing clustering algorithms Xu and Tian [70] generalize the idea
of algorithms to nine categories. These categories are defined by which fundamental ideas
the algorithms are based on and stated in the following:

e Partition

e Hierarchy

e Fuzzy Theory

e Distribution

e Density

e Graph Theory
e Grid

e Fractal Theory
e Model



Partition-based methods aim to find central points in the data to represent clusters. Data
points are then assigned to the central point closest to them, whereby each central point forms
a cluster. The most famous method in this group is k-Means which has been implemented in
different ways; an example for a newer variant of it was proposed by Kanungo et al. [38].

Hierarchy-based methods at first consider each point as representing a cluster and merge
groups of points to form clusters according to some logic. The opposite can also be done,
first assuming all points belong to one cluster and then splitting them into multiple clusters.
When starting with each point in one cluster, typical linking strategies are single link, joining
clusters according to the distance between the closest points, average link, joining according
to the average distance of all points from one cluster to the other, or maximum link, whereby
the maximum distance between points of the clusters is considered.

Fuzzy Theory based methods do, unlike other methods, not produce discrete values for
the cluster ownership label but a value in the interval [0, 1], representing how strongly a point
belongs to a cluster. The usual method to compute such an ownership value is to optimize
toward an objective function and seeing these values as the likelihood of a point belonging
to a given cluster.

Distribution-based methods aim to find clusters following the idea that any cluster should
have its own mathematical distribution function. In other words, each distribution found in
the data should have a cluster with its generated points assigned to it. In most cases, Gaussian
distributions are assumed, reducing the complexity of the search.

Density-based methods assume that points with a dense neighborhood, i.e. many points
being close to it, should belong to a common cluster. Typical parameters for such clustering
algorithms include the reach of the neighborhood and the number of points that should be
found in there, such that the points are considered densely connected. Example algorithms
for this are DBSCAN [27] and OPTICS [8], which was introduced as an improvement of
DBSCAN.

Graph Theory based methods work by considering each point in the data as a vertex of
a graph with their distances representing the edges. The algorithms then aim to partition
the graph into k sub-graphs, each representing a cluster, whereby the edges connecting the
sub-graphs should have a large sum of the distances or small sum of similarities.

Grid-based methods look at the data space as a multidimensional grid. The resulting
rectangular spaces are then used in combination with hierarchical and density-based methods
to both improve the result and the computational performance of the algorithms. The cell-size
of the grid allows a trade-off between those two goals.

Fractal Theory based methods aim to optimize the intrinsic quality of the fractal dimen-
sion [70]. In this context, fractal represents the geometry divisible into multiple parts having
common characters with the whole [70].

Model-based methods work by first assuming a model for the data and then optimizing
the clustering to reflect the choice of model. Many of those are based on statistical learning
methods whereby a classification tree is built hierarchically under the assumption that the
distribution for each attribute is independent [70].

2.1.1 New Clustering Algorithms

Newer methods for clustering have also been proposed, either with completely novel ideas or
by combining ideas from the previous section. To briefly summarize [70], those algorithms
are for example based on:

o Kernel



Ensemble (more on this in Section 2.3)

Swarm Intelligence

Quantum Theory

Spectral Graph Theory

Affinity Propagation
e Density and Distance

Additionally, algorithms were developed for clustering special data structures [70]. These
include:

e Spatial Data
e Data Streams

e Large-Scale Data

For a more in-depth overview Xu and Tian [70] published a survey paper, on which the
categories in this paper were based on.

2.2 Visual Frameworks

Visual Frameworks are used to both allow the user analyzing data and empower him to
produce better results. Often, when tackling a data analysis problem, the issue is not that
there are no good methods available to solve it, but the difficult choice of which method
produces a satisfying result. As looking at quality values and data tables does often not
reveal the necessary information for educated choices, visualizations and frameworks are
needed. Note that for this paper the words framework, tool and application will be used
synonymously as we consider them only differing in the way how the user uses the created
work, whether it is to be used from code, through APIs or just as a program with a graphical
user interface.

2.2.1 Visual Clustering Frameworks

Visual clustering frameworks and tools aim to help users to perform clustering in a simpler,
more understandable way and to visualize results, such that they can make more educated
decisions on which algorithms to use. The visualizations also make it easier to grasp how
clusters are structured, which model assumptions can be made and how good the computed
result is.

For this reason, different frameworks have been proposed in literature, with a prominent
one being Clustervision [43]. The Clustervision framework allows the user to visually explore
the solutions created by multiple clustering algorithm runs, whereby each run may use a
different algorithm and different settings for computation. Besides just showing the result
and information on different properties of the resulting clusters, this framework ranks the
computed results according to quality measures. As there exists a large number of different
quality measures, each being biased towards/preferring specific cluster structures, the frame-
work uses the average of five different quality measures as an indicator of the quality. A



problem of this approach may occur when individual measures are biased and combined into
a more general one. Then, one must be careful to not create new biases by the choice of
how to combine them. The choices made by the authors of Clustervision [43], for example,
show favorable results for the presented use-cases but may be poor when facing a data-set
that does not fit the assumptions of the chosen metrics. Aside from the problems arising
from quality measures, Clustervision only considers clustering solutions that are at least 5%
different from other top results, possibly missing better solutions because they are similar to
a good result. Also, by choosing a single result through this ranking process, the final choice
can be in the best case as good as the best produced clustering, even though much more in-
formation is available when looking at all solutions. This left out knowledge can possibly be
used to produce a combined result that may be better than any individual one resulting from
simple clustering algorithms. These points are also the reason why the framework described
later in this thesis was created.

VISTA [18] is another visual clustering framework which was proposed by Chen and Liu
and consists of three parts. Firstly, VISTA allows for data filtering for visualization. In this
step, data can be normalized, missing values can be handled and if the dimensionality is too
high, reduction techniques can be used. Also, if the data is too large, it is possible to reduce
it by extracting relevant sub-sets. Next, selecting and filtering of labels can be performed.
After clustering, it is possible to partially extract cluster labels for the points using the
framework’s data filtering tools, allowing to only visualize some clusters, for example. Lastly,
the tool allows for post-processing whereby a new cluster presentation is used which they
name ClusterMap. ClusterMap projects the data on a two-dimensional grid showing the
cluster labels in each cell and allowing for quick relabeling. Chen and Liu further iterate on
this idea by introducing iVIBRATE [19] whereby they further analyze the accuracy of their
tool and the theoretic background of their method.

Many clustering frameworks also implement visual elements such that clustering results
or data can be explored visually, although this often only includes trivial plots. For example,
the Java framework ELKI provides such simple functionality [58]. Generally, in most pro-
gramming languages simple scatter plots and charts are available, they can be used whenever
no further in-depth analysis is needed.

Data-set specific Frameworks

On top of the general frameworks for visualizing clusterings, specific ones exist that aim to
visualize the data better as the framework has knowledge on the type of data.

For example, Castellanos-Garzén and Diazl [15] propose “An Evolutionary and Visual
Framework for Clustering of DNA Microarray Data” which implements specific visualizations
of the data that may not be useful when using other data than DNA data. Still, with the
knowledge about this specific task, these visualizations prove to be more useful than only the
ones targeted at the general use-case of clustering. There are various examples for domains in
which such specific frameworks exist; even for the task of clustering “Memes” [21] to detect
emerging events and topics driven by rumors, a framework has been created.

2.2.2 other Visual Frameworks

In addition to visual frameworks for clustering, visual parameter space analysis is also rel-
evant, as finding the best parameters for a clustering algorithm may be difficult. For such
use-cases, Sedlmair et al. [59] propose a framework that provides help in finding parameters.



There are also a few tools that implement additional visualizations for consensus clus-
tering. An example is ConsensusClusterPlus [68], which visualizes the co-association matrix
created from the base clusterings. This matrix represents how often two points occur in a
common cluster relative to the number of base clusterings. When looking at this as a heat
map, a clear block structure is supposed to indicate a good choice for the parameter k& which
defines the number of clusters in the base results. It also implements Consensus Cumulative
Distribution Function (CDF) Plots and Delta Area Plots, showing the CDF of the consensus
matrix for each parameter k£ and relative change for consecutive values of k. The Delta Area
Plot is supposed to allow the user to determine a value k at which the relative increase is
negligible, similar to the elbow-method. Additional plots are also available, further enabling
the user to compare the quality of consensus results regarding the parameter k.

2.3 Consensus Clustering

Consensus (or Ensemble) clustering aims to combine multiple clustering solutions for the
same data-set into one result. This result should be representative for the combined knowl-
edge acquired by all base clusterings and therefore be more robust and accurate than the
average result at least. As the consensus result should lie in the center of the solution space
spanned by the base clusterings, if there are sufficiently many good clusterings, it should
be able to overcome problems arising from outliers. In literature, the problem of consensus
clustering is often found under different names, those being cluster ensemble [13], clustering
aggregation [30] and ensemble of partitions [50]. For the evaluation of the quality of a result,
five main factors can be defined [29, 66]:

Novelty finding results otherwise unattainable

Robustness having better average quality than input clusterings
Consistency finding a result somehow similar to input clusterings
Stability being more noise resilient than simple clustering algorithms
Scalability applicability for large data-sets regarding runtime

Consensus clustering includes two parts. Firstly, base clusterings must be generated,
which can be done with different strategies [13]. One may choose to perform multiple runs of
the same algorithm with the same parameters but different random seeds, the same algorithm
with different parameters or even multiple different algorithms. All of these possibilities can
be chosen while always clustering the full data, a different sub-sample of the data points
(Bootstrapping) [52] each run (e.g. 80%) or even different subspaces of the data. After the
generation of base clusterings, the next step is to combine those with a consensus function. In
general, consensus functions can be separated into two groups, Object Co-occurrence (O-Co)
methods and Median Partitioning (MP) methods [66]. There exist a large number of methods
in both of those groups, which can be categorized according to what ideas they are based on.

2.3.1 Object Co-occurrence

Object Co-occurrence (O-Co) based consensus functions look at how points relate to each
other and use this information to create a consensus result. If two points often occur in a
common cluster of the base clusterings, intuition would suggest that they should also appear



in a common cluster in the final result. The same holds for points most frequently clustered
apart, indicating that they should not be clustered together by the consensus function. The
different O-Co based methods formulate algorithms that aim to create a result reflecting
these thoughts and usually run in a deterministic way, not seeing this task as an optimization
problem. This contrasts the methodology of Median Partitioning methods as can be seen
in the following section. To summarize the groups of O-Co consensus functions, they are
categorized by their underlying computational strategy. The different methods are based on:

e Relabeling and Voting

e Co-association Matrix

e Link Uncertainty

e Dual-Similarity

e Spectral Methods

e Graph and Hypergraph

e Minimum Spanning Tree

e Locally Adaptive Clustering Algorithm
e Information Theory

e Finite Mixture Model

Relabeling and Voting based methods use the individual points as “voters” whereby each
point can vote for the cluster it should be assigned to [54]. For this to work, the different
base clusterings need to map their clusters to one another, defining which cluster is associated
most closely with which cluster from another base clustering. This mapping can be performed
with algorithms like Kuhn’s Hungarian method [42].

Co-association Matrix based methods create a matrix representing how often two points
are in the same cluster relatively [53]. With this matrix the consensus result can be computed
using hierarchical linking of sets or with a clustering algorithm that uses this matrix as a
similarity matrix. The Link Uncertainty [73] and Dual-Similarity [7] methods expand on this
idea by allowing uncertainty values in the matrix and using neighbor-neighbor relationships
respectively. Spectral Methods also expand on the idea of co-association matrices by trying
to remove noise from the matrix before creating the final result [62].

Graph and Hypergraph based methods create graphs from the base clusterings, repre-
senting the relationship between the points as edges. They then split the resulting graph into
sub-graphs with graph partitioning [61], defining the clusters. Representative methods from
this group are the Cluster-based Similarity Partitioning Algorithm (CSPA), the HyperGraph-
Partitioning Algorithm (HGPA) and the Meta-CLustering Algorithm (MCLA). A variant of
these are Minimum Spanning Tree algorithms which require a specific graph structure, the
minimum spanning tee. This tree is created using Prim’s Algorithm [16, p. 276] and the
clusters are obtained by cutting edges. With k£ edges cut, the final result is derived through
majority voting, a prominent method within this category is Divisive Clustering Ensemble
with Automatic Cluster Number (DICLENS) [48]. DICLENS is also able to estimate an
optimal k£ by computing all possible results and evaluating their quality.



Locally Adaptive Clustering Algorithms look at different subspaces of the data and com-
pute weights from clustering results in these subspaces [25]. To create a final result, the
computed clusterings and their weights are modeled as a graph, which is partitioned after-
wards.

Information Theory based methods compute quality measures to define distances between
clusters and use k-Means to cluster those together [66, p. 353].

Finite Mixture Model based methods define the consensus clustering problem similarly
to the EM-Algorithm (Expectation Maximization) for clustering [31, 63]. The labels for each
point are defined as probability distributions and the final solution is obtained by solving a
maximum likelihood estimation problem.

2.3.2 Median Partitioning

The main difference of Median Partitioning in comparison to Object Co-occurrence is that
methods in this group tackle consensus clustering as an optimization problem. With the
distance between clusterings defined, the task of finding a median partition is to look for a
solution that would be in the center of the solution space spanned by the base clusterings.
In other words, the resulting clustering should have a minimal sum of distances to all base
clusterings. As this problem has been shown to be NP-hard [11], heuristics must be used.
The different groups of median partitioning methods can be roughly described through the
methods that they are based on:

e Genetic Algorithms

Mirkin Distance

Sum of Pairwise Distances

Kernel Functions

e Non-negative Matrix Factorization

e Binary Linear Programming

Genetic Algorithm based methods require a distance measure and a fitness function to
compute a consensus result [20]. Through evolutionary steps, different results are combined
or modified until the fitness of the result is satisfactory or does not further improve over many
iterations. At first, the results to be combined may be picked from the base clusterings or just
be random assignments. For the choice of distance measure, Mirkin Distance is often used and
comes with additional ideas on how genetic modifications should be applied [33], such that
a good result is computed with higher probability. The Sum of Pairwise Distances can also
be used with genetic algorithms. The assumption of this measure is that a good consensus
result can be found by more strongly considering clusterings far apart in the solution space
[3]. The idea of using Kernel Functions was also proposed [65], enabling faster computation
regardless of the heuristic used, though mostly genetic algorithms are used in combination
as well.

Non-negative Matrix Factorization based methods translate the median partitioning prob-
lem to a matrix form which can then be solved by running two multiplicative update pro-
cedures [44]. Running those procedures multiple times iteratively improves the result in
each iteration and the final result can be obtained by stopping the algorithm at any time or
whenever some convergence criterion is met.



Binary Linear Programming based methods create a compact representation of the data
and model objects on an intermediate level between points and clusters [35]. For those
intermediate objects, binary decisions on cluster ownership are calculated iteratively using
Expectation Maximization (EM), whereby within the expectation step of EM the factor graph
method [35] is used for estimation. The solution is then mapped back from intermediate
objects to data points, assigning the points their labels for the consensus solution.
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Chapter 3

Methods

The newly created tool uses a large number of existing methods that are described in this
chapter. Here, we aim to give an overview of what exact methods were used, the theory
behind them and in which scenarios they can be/are applied. For a more general overview
of some of the topics relating the methods used, refer to the related work of this paper in
Chapter 2.

3.1 Dimensionality Reduction

Dimensionality reduction techniques are able to reduce the number of dimensions in a data-set
while trying to maintain as much information as possible. Reducing the number of dimensions
is often needed for reducing the computational complexity of clustering and improving the
accuracy of the result, but also to visualize the data in a lower-dimensional space. This
visualization is then often easier to understand for a user than if all dimensions are shown at
once.

3.1.1 Principal Component Analysis

Principal Component Analysis (PCA) [51] aims to transform correlated variables into uncorre-
lated ones thereby omitting less relevant dimensions. Generally, Principal Components (PCs)
are linear combinations of the original variables and can be computed through the eigenvec-
tors V of the covariance matrix C'. To use these PCs for dimensionality reduction, the k£ ones
corresponding to the k largest eigenvalues of the matrix are extracted into a matrix Vj, and
used as a basis to transform the data. This is done by calculating data,edyced = VkT*datacemer,
whereby the original data must be centered first.

3.1.2 t-Distributed Stochastic Neighbor Embedding

The dimensionality reduction method t-Distributed Stochastic Neighbor Embedding (t-SNE)
[64] works by converting the Euclidean distances between points into conditional probabili-
ties that represent similarities. This similarity represents the probability that a point would
be picked as the neighbor of another point if neighbors were picked proportionally to their
probability density under a Student-t distribution centered at a given point. To layout the
points, an initial randomly sampled solution is created and improved on iteratively with gra-
dient descent, such that the similarities are best represented by the points in low-dimensional
space. As inputs for the method, the number of dimensions k, the perplexity and some
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optimization parameters are needed. The number of resulting dimensions is defined by k
and the optimization parameters can be used to improve the runtime of the algorithm. The
perplexity parameter can be seen as a smoothing parameter defining the effective number of
neighbors for each point. This parameter is usually fairly robust [64], good choices in practice
are values between 5 and 50.

3.1.3 Multi-Dimensional Scaling

Multi-Dimensional Scaling (MDS) [14] uses a distance matrix (often called proximity data)
and a number of target dimensions k£ as input. It then tries to lay out the points in a
k-dimensional space such that the distance between each pair in that space is as close as
possible to its true distance. When this method is used with a distance matrix created with
FEuclidean distances, the result will be equivalent to simply running the PCA method on the
data itself.

For the calculation of the solution, MDS builds n k-dimensional hypervectors with un-
known parameters and aims to minimize the stress value by applying gradient descent. The
stress of a configuration is defined as the residual sum of squares for the distances, i.e. the
sum of squared errors between the actual distances and the distances in the k-dimensional
space.

3.2 Clustering

The clustering algorithms implemented for the tool were used to create base clusterings for
meta-clustering. Besides this, any base clustering result may be chosen by the user as the
overall result. In contrast to the other algorithms, OPTICS was not used for the generation
of base clusterings but to compute the meta-clustering. For additional information on the
choice of OPTICS for meta-level clustering, see Section 5.2.

3.2.1 k-Means

K-Means clustering is one of the most prominent methods used for clustering [36]. The main
implementations of k-Means are Lloyd’s method [55] and MacQueen’s method [45], although
important variants like k-Medians [24] and k-Medoids [39] are available.

The main idea of k-Means type clustering algorithms is to start with centroids which are
points in the data-space representing the centers of clusters. Each point is thereby assigned
to the centroid closest to it according to Euclidean distance, defining the clusters. To improve
the result, the centroid is updated to the center of its corresponding points iteratively. This
is repeated until no more changes happen or some convergence criterion is met. The update
procedure of each iteration does not guarantee finding the optimum though, even if no more
changes for the centroids can be observed. How the initial centroids are chosen may also
impact the quality of the result greatly. To find a good initialization, Arthur and Vassilvitskii
[9] proposed k-Means+-+ whereby the centroids are picked such that they are far apart with
high probability. They showed that this kind of initialization makes the overall algorithm
O(log(k)) competitive with the optimal clustering [9]. Still, the usual choice is to initialize
them by picking random data points.

The main difference between Lloyd’s and MacQueen’s method is that Lloyd’s method only
recalculates the centroid positions every time an iteration is completed while MacQueen’s
method also updates them whenever a point changes its assigned clusters. This results in
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more computational cost during iterations, may allow for faster convergence though. The
k-Medians method is different in regard to the distance metric used. Unlike Lloyd’s and
MacQueen’s methods it does not use the Euclidean distance but the Manhattan-distance
(1-Norm) to find the centroids. K-Medoids in contrast to all previous methods does not use
centroids that may lie anywhere in the data space, but only existing points may be used.
These are called medoids and define the objects for which the average dissimilarity to all
points within the cluster is minimal.

3.2.2 Expectation Maximization

The Expectation Maximization (EM) algorithm [23] aims to iteratively find estimates of
parameters of a model such that they are assigned the most likely values. To do this, the al-
gorithm alternates between two steps, those being the expectation step and the maximization
step. In the expectation step, the expectation of the log-likelihood is defined as a function
given the current set of parameters. The maximization step then computes the new set of
parameters such that the expected log-likelihood function is maximized.

This can be applied for clustering by defining the model as a Gaussian mixture and
running this EM algorithm such that the best model, given the parameter k, is found. A
benefit of this can be that Gaussian clusters with different distribution parameters can more
easily be found than with k-Means.

3.2.3 DBSCAN

Density-Based Spatial Clustering of Application with Noise (DBSCAN) [27] is an algorithm,
that unlike k-Means, is not based on partitioning the data directly but on searching for dense
regions in the data. For the calculation, two parameters are needed, namely epsilon (€¢) and
a minimum number of objects (u or minPts). The parameter € defines how large a region
may be considered for neighborhood search and p defines how many objects must be within
that region for it to be considered dense. The following explanations are needed for a full
understanding of the algorithm:

When defining the neighborhood within the epsilon range for an object p as N(p), the
algorithm considers an object p as a core-object if |N¢(p)| > p.

An object p is said to be directly density-reachable if p € N.(q) and ¢ is a core-object.

For two objects p and ¢, they are density-reachable if there exists a path of objects between
them for which each pair of objects is directly density-reachable.

An object p is considered to be density-connected to another object ¢ if both p and ¢ are
density-reachable from a common object o.

Any objects at the border are not core-objects but will be assigned to a cluster; points
outside will be considered noise.

To now create all the different clusters, for all pairs of points p and ¢ if ¢ is density-
reachable from p they will both be assigned the same cluster and p is considered density-
connected to ¢. It is important to note here that points on the border of two clusters may
belong to either cluster depending on the order of processing.

Also, the relationship between e and pu is interesting to observe in practice. Often, when
trying different parameter sets for DBSCAN it is sufficient to fix one parameter to a somewhat
sensible value while only sampling the other. If one, for example, knows that any region with
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less than 20 “close” points should not be considered a cluster, it is possible to fix p at 20 and
only sample € to find a satisfactory result.

3.2.4 OPTICS

Ordering Points To Identify the Clustering Structure or OPTICS [8] is an extension of DB-
SCAN whereby DBSCAN’s Epsilon € parameter is used in a different manner. It also has a
parameter minPts which has a similar meaning as the yu parameter of DBSCAN. The idea
is that different distance parameters are used in each step such that density-based clusters
with different densities can be found simultaneously. To achieve this, the ¢ parameter only
defines the maximum distance for which points can be considered reachable and the actual
reachability distance for two objects is computed as:

reachability-distancec pminpts(p, 0) =

{UNDEFINED, if |N.(p)| < minPts

maz(core-distance(o), distance(o,p)), otherwise

whereby:
core-distancee minpts(p) =

{UNDEFINED, if |N.(p)| < minPts

minPts-distance(p), otherwise

The output of the OPTICS clustering algorithm is an ordered list of objects with their
reachability-distances. To compute this list, all points are processed iteratively, starting
with any point initially. All points neighboring the current point are updated with their
reachability distance from the current point, assigning the minimum of the new and previous
values to the point. To select the next point, the one with the smallest reachability value
or a new random one if there are none reachable is chosen. The resulting list of points with
reachability distances can be visualized with a bar chart whereby valleys indicate clusters.
As the definition of these valleys can be done in different ways, the result can be considered
hierarchical.

3.3 Consensus Functions

Consensus functions have the goal of merging multiple different clustering solutions together
such that the overall result represents a consensus between all base clusterings. In this work,
we focused on two methods that aim to achieve this.

3.3.1 Co-association Matrix based Consensus

Co-association Matrix based consensus functions [53] first create a co-association matrix that
indicates how often two points p and ¢ appear in a common cluster, i.e. if p and ¢ are clustered
together 70% of the time the corresponding entry of the matrix is 0.7. To extract a consensus
result from this matrix different methods can be applied. One possibility is to choose a
clustering algorithm that takes this matrix as an input, converts it to a dissimilarity /distance
measure and performs clustering with it. Another possibility is to use linking of sets strategies,
which is also done for the implementation in the tool. This has the benefit of being trivial to
implement and not imposing a cluster structure, as it would, for example, be the case when
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using k-Means. The possible linking strategies are single-link, using the similarity of the two
points of the sets where it is maximal, average-link, using the average similarity between all
point pairs, or maximum link, whereby the smallest similarity is used. With each of these
strategies, the pair of sets for which this linking value is maximal (i.e. they are most similar)
is merged. To stop the merging process and obtain the final result, either a threshold value
can be set for the link value, indicating from where on no more merging should be performed
or a number of target clusters k& can be defined, stopping when only k sets remain. Another
option for defining when to stop merging is the Lifetime Criterion. For the implementation
of the tool, the average-link strategy is chosen per default with either defining & or using this
Lifetime Criterion to estimate k.

Lifetime Criterion

The lifetime of a group of sets is defined as the difference between the linking values for
the previous merge and the next merge. These linking values are the maximum link value
according to some strategy, where the next merge of two sets would occur. The Lifetime
Criterion claims that a good choice for a cut in a hierarchical clustering tree is the one for
which the lifetime is maximal [71]. This estimate, similarly to the elbow-method for other
clustering algorithms, aims to find a good trade-off between the number of clusters and the
accuracy decrease due to increasing/decreasing the cluster number. To use this criterion,
either two runs of merging (only keeping the linking values) need to be performed or the full
merge-tree must be saved. If the whole tree is saved, the result can be obtained by cutting
the tree, otherwise the grouping of sets needs to be re-computed up to the corresponding
level.

3.3.2 DICLENS

Divisive Clustering Ensemble with Automatic Cluster Number (DICLENS) [49] organizes the
clusterings in a graph with the edges representing inter-cluster similarities. Within this graph
a minimum spanning tree is searched for with Prim’s algorithm [17] and the ideal number
of clusters k is initially unknown. This k is found by iteratively removing the edge with
minimum weight and regarding the connected components as meta-clusters. Next, majority
voting is performed with the given meta-clustering, computing a final result for which the
intracluster similarity (ICS) and intercluster similarity (ECS) are used as indicators of the
quality. This is repeated until all edges of the minimum spanning tree are removed and the
result for which ICS-ECS is largest is chosen.

Mimaroglu and Aksehirli [49] also provide a Java implementation of their method, which
includes a visual interface for simpler understanding. This implementation was also used to
implement their method in this tool.

3.4 Other Methods

3.4.1 Kuhn’s Hungarian method

Kuhn’s Hungarian method [42] can be used to solve the mathematical assignment problem
for the two-dimensional case. A simple example of the assignment problem is to think of
n jobs and n workers in a factory who demand a different payment for each specific job.
Now the task is to find the optimal assignment whereby all jobs are performed, all workers
are assigned a job and the total cost for all workers is minimal. The assignment problem
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also allows for reformulation such that the target value is maximized instead of minimized,
whenever this fits the problem better and it can be extended to more than two dimensions. In
the aforementioned example, an additional dimension could be the tools used, i.e. a worker
demands a different payment depending on which task he has to perform with which tool
being provided. Also, as an extension to make this more general each dimension may not
necessarily need to have the same number of elements. If there are, for example, more workers
than jobs, some workers will not be assigned a job.

3.4.2 Kernel Density Estimation

Kernel Density Estimation aims to estimate the probability density function for a random
variable [56]. Given a sample of points, one is interested in the shape of the unknown
density function of the distribution from which the points are drawn. To estimate this
function a kernel density estimator is used, requiring a kernel function and a bandwidth
parameter. For the kernel function, many different choices are possible, typical ones are
Gaussian, multivariate Student and Laplacian kernels [40]. The bandwidth parameter defines
the smoothness of the resulting function and can be difficult to manually set. For this reason,
estimates based on the standard deviation of the samples are available for this parameter
[60].

The resulting function can then be used to analyze from which distributions the data-
points may have been drawn, which may also prove useful when analyzing clustering solutions.
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Chapter 4

Idea of the Tool

The main idea of the tool can be split into three aspects: facilitating clustering exploration,
including information from multiple solutions and allowing for easy use of complex methods.

4.1 Facilitating Clustering Exploration

One of the main research questions for the tool was: How to assist users in visually exploring
clustering results? To achieve this, both visualizing how similar results are to each other and
presenting individual results is of importance.

For the visualization of individual clusterings, scatter plots are useful as they can trivially
show the data and a scatter plot matrix can be used whenever all dimensions should be
shown at once. To analyze individual dimensions, kernel density estimation is useful, as
more knowledge on the distribution can be gained. Additionally, dimensionality reduction
techniques are valuable as high-dimensional data is difficult to explore using only scatter
plots. With these visualizations, it is often already possible for the user to get a feeling for
the accuracy of the clustering result.

To visualize how similar different clusterings are, one needs to define a measure represent-
ing the distance between two results. Using this measure, finding groups of similar results
is interesting as those may indicate robust solutions. Still, it is difficult to define how close
clustering results need to be for them to be considered similar. For this reason, we use OP-
TICS for meta-clustering the results, as it produces a reachability plot in which a user can
visually identify how this similarity could be defined. This can be done, as the plot shows
valleys for dense regions of objects (in this case clusterings) and these valleys are quite sim-
ple to see. With the ordering produced by OPTICS, a heat map of the distance matrix of
the clusterings can also be shown. There, the actual distances can be more finely explored.
Also, a projection to points can be shown for this matrix by using MDS, this can give a fast
approximate overview of which solutions are close to each other.

4.2 Gathering more Information

Another research question was: How can we gain knowledge from more of the computed
clusterings, instead of just picking one? We found that the goal of most visual frameworks is
to find the best clustering solution out of a bunch of computed ones. Using the information of
more than one clustering can result in a better solution though, so finding a way of including
it was relevant. In our tool, this was achieved by using consensus functions which are able to
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combine multiple clustering solutions into one. This cannot only be done by combining all
computed solutions but also in combination with finding similar groups. These groups can
be combined into one result each, capturing the essence of all included results.

Also, the question of how one can obtain multiple candidate solutions was of importance.
In many data-sets the number of clusters or the structure of them may not be unambiguously
defined. It may be the case, that a group of points has a gap in the data due to random
factors or that this group actually consists of two groups. It would now be interesting for
a user to find which solutions are possible and to reason about why one solution may be
better than another one. To solve this, the combination of similar clusterings is useful as
each combined result shows the consensus of that meta-cluster. If the meta-cluster was large
and defined by how closely related the results were, its size can be used as an indication for
the combined solution being satisfactory. This can be assumed as the user can reason that
for the different obtained solutions from different meta-clusters, the ones from large ones are
more robust than the ones from small meta-clusters.

4.3 Easy Usage of complex Methods/Workflows

The aspect of how easily a user can use those often complex clustering and consensus cluster-
ing methods was also relevant. There are currently no simple tools that allow using clustering
methods, comparing them and computing consensus clusterings, all in one place. Therefore,
an important consideration was to make this process as easy as possible, while not losing
out on the power the methods bring with them. Our strategy was to clearly separate the
pre-processing, the definition of the clustering algorithms and the exploration and merging
of the results. To also enable the use of future or currently missing methods, the extendabil-
ity of the tool was of importance, this is achieved through interfaces with which additional
methods can easily be added.
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Chapter 5

Using the Tool

The implemented tool aims to facilitate the computation and selection of good clustering
solutions for a given data-set. To do this, both powerful visualizations and algorithms are
needed, which are combined here. When working with the created application, the user
can first import and edit point data, then select clustering algorithms and parameters for
meta-clustering and finally use the meta-view to analyze the results or create consensus
results. The final goal after all of this is either having found a clustering solution that is
satisfactory or created one using consensus clustering in the final step. This simple workflow
can be described with three steps, each with its own view and functionality. In the following
sections, the views and possibilities within each view are described. For more details on
implementation see Chapter 6.

5.1 Data Visualization and Manipulation

To get started with the tool, the user needs to import or create a data-set on which the
clustering should be performed. As the data may have too many dimensions or include
unnecessary columns, it needs to be sanitized as well. For this reason, the first window
shown implements functionality for both of these steps. When the application is started,
a scatter plot without data is shown, as well as a side menu with different buttons. This
starting window will further on also be called data-view as it visualizes point data, it can be
seen in Figure 5.1.

5.1.1 Plots and I/O

The scatter plot in the center-left shows data that was imported or created and allows for
changing the shown dimensions by clicking on the center of the corresponding axis. The range
of values may also be adjusted this way, clicking on the upper or lower bound of the range
on any axis opens a small input box. To automatically set this range such that the minimum
and maximum values of the shown data are just at the border, the small square button in
the bottom-left can be clicked. This is also a useful feature for returning to a full view of the
data, if the range has been made smaller to have a zoomed-in view. The right part of the tool
contains the functionality for importing/exporting data, manipulating the data, showing it
in a scatter plot matrix and opening the workflow-view, which will be explained in the next
step.

Firstly, to import a data-set for visualization and later use, the import button in the
bottom-right can be pressed, opening a file dialog which can load either CSV or ARFF files.
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Figure 5.1: Data-View, the starting window of the application

These formats are supported as they are most commonly used to store such data. This file
dialog can be seen in Figure 5.2.
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&l DVD RW Drive (F:)

File Name: | |

Files of Type: |AH Files |v

Index of Cluster Labels| -1

Figure 5.2: Import Dialog

After selecting a file, the index of cluster labels can be defined, in case labels should be
loaded from the file. Otherwise, the value can be left at “—1”, indicating that no columns
should be used for label information. “—2” may be also be specified, it is used as a shortcut
for selecting the last column as cluster label information, removing the need to count columns
if it is the last one. The chosen column is not inserted as a dimension in the data space but
used only for the cluster labels, the color of the loaded points will be reflected in the scatter
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plot of the data-view. In Figure 5.3, one can see how the data-view looks when data with
cluster labels is shown. The data-set used for this example is the same as in Section 7.2.
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Figure 5.3: Data-View with example data-set (including cluster labels)

To export data, the export button can be used. This button will open a similar dialog as
for importing, though the index of the labels does not need to be defined as data with cluster
labels will be stored such that the labels for all points will be included in the first column.
If the data does not contain label information, this first column is completely omitted. The
supported format for exporting data is CSV.

Alternatively to importing, the user can also create a data-set himself from within the
tool. It is possible to draw points onto the canvas when the “SinglePoint” option is selected
in the top-right, as in Figure 5.1. For this, the user only needs to click on the position of the
canvas where he wants points placed. It is important to note that if there are more than two
dimensions, all values for the hidden dimensions will not be set, which may cause a problem
for the clustering algorithms later on. Another possibility is the use of the “ELKIGenerator”,
which accepts an XML-style input for defining how to generate data. The definition for this
format can be found in corresponding definitions file on the ELKI Github repository [10] or in
the tools /lib folder. This generator allows defining distributions on dimensions, the number
of points for each generated distribution and many additional options like plane rotations.
This can be quite useful when working with a quick sample data-set.

In the top-right, the “Matrix” button can be used to display all dimensions at once, as it
will open a new window showing the current data in a scatter plot matrix. Each scatter plot
visualizes a different combination of dimensions and since the plots on the diagonal of this
view are not useful, they were replaced with kernel density estimation plots. These kernel
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density estimation plots show how the values of the points in the corresponding dimension are
distributed, overlapping the total distribution with the distribution of points with different
labels. This may also allow seeing how clusters differ in each dimension.

An example for this view can be seen in Figure 5.4 with the data-set from Figure 5.3.
Here, the kernel density estimations already show a quite clear structure for the yellow and the
blue cluster as each of those clusters nicely shows a Gaussian distribution in one dimension.

Dim: 0 Dim: 1

pr

Figure 5.4: Scatter Plot Matrix for data-set from Figure 5.3

5.1.2 Modifying the data

As the data may still contain unwanted dimensions after loading, cleanup may need to be
done. To reduce the dimensionality, the simplest method is to select the “Dim. Remover”
tool in the top right and define the index of the dimension to be removed. This tool may be a
fitting choice when one knows that there is no or only little relevant information in a column.
More sophisticated methods Principal Component Analysis (PCA) [51] and t-Distributed
Stochastic Neighbor Embedding (t-SNE) [64] are also available. With these methods as
much information as possible is tried to be maintained while reducing the dimensionality.
PCA does this by calculating the principal components of the data and projecting it onto the
k strongest ones resulting in a reduced data-set with k£ dimensions. k can easily be defined
in the settings of PCA by filling in the dimensions field. t-SNE works similarly to PCA, has
more options though and even a parallel implementation. For more information on those
methods see Section 3.1.

Other than reducing the dimensionality of the data, the application allows for normaliza-
tion, such that it can be more easily used for clustering. If there are different dimensions with
a strongly different meaning and range, this normalization step can improve the accuracy of
clustering greatly [22]. The available tools are “Normalize” and “Standardize”. Normalize
changes the value range for each dimension to the interval [0, 1] while preserving relative dis-
tances, the Standardize tool adapts these ranges such that the average is 0 and the standard
deviation is 1.
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With the pre-processing done, the actual clustering of the data can be thought of next.
To work on this next step the “Clustering” button can be pressed, opening the next major
view of the tool.

5.2 Selection of Algorithms and Parameters

By clicking the “Clustering” button in the data-view, the window for managing clustering
workflows, further on called workflow-view, opens. Here, clustering algorithms, their param-
eters and the parameters for meta-clustering can be defined. The workflow-view can be seen
in Figure 5.5, there are no clustering tasks added yet and all settings are set to their default
values.

£ Workflow-View — [} X
oo RS - .
lower bound: 1
upper bound: 1
Samples Each: 1
MinPts: | 2| Seed: ‘ -1 Add ground truth Variation of Information |v‘ Confirm
Eps: -1 [] Keep trivial solutions Add trivial solutions ‘ Load Result ‘ ‘ Load Wf

Figure 5.5: Workflow-View with no tasks and default values

In the top-left, the selector allows for choosing clustering algorithms to add to the work-
flow. When an algorithm is selected, the corresponding options panel appears in the right,
allowing to set the parameter ranges that should be sampled. For each parameter, the values
used for clustering are drawn from a uniform distribution for each run while the number of
runs can be defined in the “Samples” field. For some algorithms, where there is only the
parameter for the number of clusters k, as for k-Means, the “Samples Each” setting defines
how many runs to perform for each value within the range, instead of the total number of
samples. This is the case as for such methods randomly sampling k is usually not desired,
but only running the algorithm multiple times for each k, as random factors may impact the
result. When all parameter ranges and the number of samples are defined, the clustering task
can be added to the workflow with the “Confirm” button in the bottom right. If a clustering
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task should be removed, the “X” button beside the task can be clicked. An example of the
workflow-view with defined clustering tasks can be seen in Figure 5.6.

[£] Workflow-View - O X
"
lower bound: |'_1
Workflow: upper bound: 1
LioydKMeans: k{LB:2 UB:10} Samples each{3} epsilon
I bound: 1
MacQueenKMeans: k{LB:2 UB:10} Samples each{4} ower boun Q
upper bound: 1
DBScan: minPTS{LB:3 UB:20} Epsilon{LB:0.2 UB:2.0 Samples{100}
Samples: 1
MinPts: | 2| Seed: ‘ 5\ [] Add ground truth ‘\v’ariatinn of Information |V‘ ‘ Confirm ‘
Eps: -1 [ ] Keep trivial solutions Add trivial solutions ‘ Execute Workflow ‘ Load WF || Save Wi ‘

Figure 5.6: Workflow-View with tasks defined

For ease of use, workflows can be saved and loaded in the workflow-view, using the “Save
W1” and “Load W{” buttons respectively. The tool creates custom Clustering Workflow Files
(CWF) for this, allowing to re-use and modify workflows throughout multiple executions of
the tool. This can be especially useful when working with standardized data-sets, such that
the parameter ranges are similar or whenever k-Means is sampled. As this file does not
depend on or reference a specific data-set, it may be used for different ones.

MinPts: 2 Seed: -1 [v] Add ground truth

Eps: -1 [ ] Keep trivial solutions Add trivial solutions

Figure 5.7: Options for setting Seed and OPTICS parameters

In the bottom-left, see Figure 5.7, additional options are available which are not saved in
the CWF files as the user should set them manually. Defining a random seed by setting the
value for “Seed” to something other than —1 fixes the randomness of the clustering algorithms
such that re-running them produces the same result every time, making results reproducible.
For meta-clustering, the OPTICS [8] algorithm is used as it produces a useful reachability plot
in the meta-view, allowing for the identification of dense result regions which should indicate
robustness of results. The “Epsilon” and “MinPTS” fields allow setting the parameters for
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the OPTICS algorithm, making it possible to define how close clustering results have to be
considered reachable and how many points need to be in this range. With these options,
the user is able to define how densely related clustering results must occur for them to be
shown as robust in the meta-view. The default parameters are chosen such that clusterings
are always considered reachable and the neighborhood only considers the closest neighbor
for reachability, leading to a processing order and result similar to single-link clustering. To
select the distance function used by OPTICS, the selector in the bottom right just above
“Execute Workflow” can be used. The “Execute Workflow” button is available as soon as at
least one clustering task is added, as it replaces the “Load Result” button.

The additional checkboxes in the bottom-left allow adding the ground truth to the meta-
view (if available) and to manage trivial solutions. Trivial solutions are in this case the
solutions in which either all points were clustered into one cluster or each point was assigned
its own cluster. One can delete trivial solutions occurring from the clustering algorithms
or forcefully add them to the result, which may be visually helpful in the reachability plot
later. These trivial solutions might also prove useful when comparing the NMI value of other
solutions to the ground truth, comparing how good their value is.

When all settings are defined, the user can press the “Execute Workflow” button, as
visible in Figure 5.5, launching a task that runs the algorithms and opens the meta-view
with the computed results. In this step, the meta-clustering with OPTICS [8] is performed
too.

If the user has a previously saved Clustering Result File (CRF) which can be created
in the meta-view, he can also omit defining a workflow and load the results in through the
“Load Result” button. This button is only available when no clustering tasks were added to
the workflow, as it can be seen in Figure 5.6. Before loading a result though, the user should
make sure that the settings in the bottom-left for meta-clustering are set to his satisfaction.
The seed field has only no effect when loading a result as no clustering algorithms, except for
meta-clustering which is deterministic, are run. After the data is loaded and meta-clustering
is performed, the meta-view again opens with the chosen data.

During the computation of the clustering algorithms and the meta-clustering, the loading
bar next to the “Execute Workflow” button is updated, showing the current progress of the
calculation.

5.3 Meta-View and Consensus Clustering

With either a clustering result loaded in or clustering algorithms run and the meta-clustering
performed, the meta-view is shown. Here, the terms “clustering results” and “base cluster-
ings” are used interchangeably.

This view allows the user to comparatively explore the clustering results and thereby
analyze their robustness. This should empower him in making educated choices on which
clustering to pick as the final result or deciding on which ones should be combined into a
consensus result. The meta-view can be seen in Figure 5.8, where example data is loaded
and the ground truth is currently shown.

The meta-view consists of five main visual elements and some Ul-elements at the top.
Having these five elements, the left four visualizations give an overview of the data on an
individual clustering and meta-level and the right part can be used to filter the base clusterings
and look at area charts for different parameters.
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In the top-left visualization, the data can be seen with the points colored according to
their cluster labels found in the result of the currently selected clustering run. The selected
clustering can be changed by either selecting another one in the selector above or by clicking
on a result in one of the other three views that show them on a meta-level. When changing
between selected clustering solutions, the colors for the labels are adapted such that the
change of labels is minimal. This is computed solving the mathematical assignment problem
with Kuhn’s Hungarian method [42] and helps the user more easily seeing differences between
solutions. If the user wishes to reset the colors for the labels of the currently selected coloring,
for example when the recoloring leads to similar colors, he can press the “C” button in the
top-right of the view, setting the colors back to their default values.

Above this scatter plot, the “Show in Main” button allows the user to load the currently
selected clustering back into the data-view, which can for example be useful if dimensionality
reduction should be applied. The “Matrix” button opens the scatter plot matrix for the
current clustering, this is the same visualization as when opened from the data-view. The
“Save” button enables the saving of all clustering results at once using the custom Clustering
Result File (CRF) format, as mentioned in the description of the workflow-view. This file
can be loaded again from the workflow-view later. Alternatively, if only one clustering is
selected, the CSV file type can be chosen and only the chosen clustering can be saved.

|
R

Figure 5.9: Heat Map of the clusterings in Meta-View

The bottom-left of the four visualizations shows a heat map representing the distances
between clustering solutions, indicating hierarchical similarities when looking for dark-colored
(i.e. dense) blocks on the diagonal. Figure 5.9 shows such a heat map and one can see that,
depending on what the user considers to be a block, groups can visually be identified. The
distance values plotted represent the ones calculated with the distance measure selected in the
workflow-view and are color-coded such that their values can easily be compared in modulus.
Clicking within this plot highlights the clustering corresponding to the column selected as
well as the horizontal and vertical distance entries of the matrix. This should allow more
easily analyzing distances between clusterings or clustering blocks within the matrix visually
when adding them to the selection through control-clicking. Whenever a single clustering is
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selected, it is also shown in the top-left and updated to the remaining views in the meta-view.
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Figure 5.10: OPTICS Reachability Plot in Meta-View

| |

In the bottom-right, the reachability plot resulting from the OPTICS meta-clustering,
which can be seen in Figure 5.10, is shown. The height of each individual bar represents
the reachability value for the clustering as determined by the algorithm and valleys in this
plot can be interpreted as clusters. For more information on the reachability value, refer to
Section 3.2.4. To define the meta-clusters, the gray range bar can be clicked or dragged on,
moving the threshold line. With the threshold defined, the clusterings are colored according
to the meta-cluster they belong to; a meta-cluster is found whenever the line intersections
with the bars find valleys. Also, clicking or control-clicking on bars modifies the selected
clustering(s), again updating the other views. If ground truth is available, moussing over the
bars shows a tooltip with the distance and the NMI of the clustering in relation to the truth.
With the meta-clustering defined, double-clicking on a bar or point in any other plot on the
meta-level will select the whole meta-cluster. This chart can also be used as help for deciding
on which clustering to pick for the final result as neighboring bars with small values indicate
a dense region of results. Such a dense region can be interpreted as a robust solution and
choosing a clustering from it may yield a good final choice.

In the top-right of the reachability plot, the button “Clusters to Histogram” allows the
user to only show clusterings in the filter panel and its area charts which are assigned to a
cluster. This omits the noise and allows for seeing the parameter distributions of the deemed
robust clusterings, such that filtering is facilitated. To undo this, the “Reset” button above
the filter panel can be clicked, both resetting all filters and showing all clusterings in the area
charts of the panel.

Above the reachability plot in the top-right the MDS plot, which can be seen in Figure
5.11, is visible. This visualization shows an approximate representation of the clusterings as
points in a finite-dimensional space, aiming to stay as true as possible to the distance between
them. The computation of this representation uses Multi-Dimensional Scaling (MDS) [14]

which also gives this plot its name. When ground truth is available, it is shown as a star and
the other clusterings are colored according to the threshold set in the OPTICS plot.

0
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Figure 5.11: MDS Plot in Meta-View

This visualization is useful as the user can, similarly to the heat map, explore which
clusterings are close to each other and where the ground truth lies in this representation
space. An ideal sampling of the solution space could be claimed if the ground truth is
central, as the represented space approximates the solution space. With many clusterings
surrounding the ground truth, consensus clustering is also more likely to find a result close
to the ground truth, as its goal of combining clusterings aims to find a result in the center
of the solution space spanned by the clusterings. In the MDS plot, the user can also once
again select points by clicking. Additionally, dragging and selecting multiple points at once
is possible here as well. Besides this, all functionality available in simple scatter plots can be
used here, e.g. editing the range of shown values.

In the very right of the meta-view, the filter panel can be seen as depicted in Figure 5.12.
There, clusterings can be filtered such that they are less visually prominent in the other views
and won’t be used for consensus calculation. To define which clusterings to filter out, the user
can drag the range bars below each area plot, reducing the range of values for a clustering to
be considered relevant. The area charts above these bars depict how many clusterings have
approximately which value and how many of them were filtered out (in blue) in comparison
to how many weren’t (in red). Also, note that either all clusterings are visualized in these
area charts or only the ones that were assigned a meta-cluster if the “Clusters to Histogram”
button was pressed above the reachability plot.

With the “Save” button in the top row, a consensus function can be chosen in the selector
and used by pressing the “Consensus” button, see Figure 5.13.

When this button is pressed, a dialog window opens if the consensus function supports
defining the number of clusters in the result. With this, the user can define this parameter
to force this number of clusters or leave the field empty when the function should try to
estimate this parameter itself (Figure 5.14).
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Figure 5.14: Input for Number of target Clusters for Consensus

The consensus function then aims to combine the clusterings belonging to the same meta-
cluster, ignoring the ones filtered out as well as the ground truth if available. When the
calculation is done, a new meta-view opens using the consensus results as data. This new
view will contain as many clusterings as there were meta-clusters in the previous view and,
if it was available, the ground truth in the first position.

The selection of the final result can be done by either searching for robust solutions in the
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visualizations of the meta-view or by performing consensus clustering, merging all clusterings
or groups of robust solutions. When consensus clustering is used, additional knowledge can
be gained from other solutions and the overall result may be better than any individual run,
though the consensus results may be more difficult to interpret.
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Chapter 6

Implementation

6.1 Programming Language and Tools

For the implementation of our tool, the language of choice was Java. With Java, there are
lots of available implementations for different clustering methods, including the Frameworks
ELKI [4] and WEKA [34], as well as the machine learning library Smile [2].

To improve the performance in some parts of the tool Java 1.8 was chosen, making it the
lowest required Java version to run it. This was done, as it enables the use of parallel streams
which make it simple to parallelize loops with independent iterations. Additionally, it is easy
to create custom visualizations using the low-level draw() method of JComponents in Swing
[1]. All graphs and plots were created using a custom draw() method as this also leads to
much better performance than using many small components for the plots.

6.2 File Input and Output

Loading and saving data is needed for the tool, making it more usable. For this reason, it is
possible to not only import data for clustering but also to save workflows and whole groups
of clustering results for later reuse.

6.2.1 Clustering and Point Data

Besides being able to create new data sets from within the tool, importing data from CSV or
ARFF files is possible. Those file types are supported as they are very common, especially
CSV is usually used to store such information. ARFF is also commonly used, as it is also
the preferred data type of WEKA [34]. For this reason, the ARFF importer of WEKA was
adapted to load in these files such that they can be used with this tool.

When importing data, it is also possible to define an index of where the cluster labels are
located. When this is done the tool will not load the specified column as data but use it to
define clusters for the ground truth, which is then also handled differently by the different
views of the tool.

The starting window or data-view, in which clusterings can also be loaded back into from
the meta-view, also allows for exporting data to CSV. When doing this, the first column in
the resulting file will contain the cluster identifiers, numbering them starting with one. This
way, computed results can be exported and used in other tools or saved for later.
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6.2.2 Clustering Workflows

As many runs of clustering algorithms with different parameter ranges can be performed and
repeatedly defining this workflow can be tedious, the tool allows exporting and importing
these workflows from the cluster workflow window. For this, the underlying clustering objects
are serialized and saved into .CWF (Cluster Workflow Files). It is important to note, that
this file type does not include the parameter settings for random seed or the meta-clustering.
This is intentional as we do not consider them to be part of the workflow and they should be
set by the user for every run if the default values are not satisfactory.

6.2.3 Pre-Clustered Data

Due to the clustering algorithms possibly being time-consuming, either because of their com-
plexity or just the sheer number of runs, the results of these algorithms can be saved from
the meta-view. To do this, the clustering result objects are serialized and saved as .CRF
(Clustering Result Files). To load those files, one can define the different parameters of the
meta-clustering and then import the .CRF. This way, only the meta-clustering is computed
again. The meta-clustering is not saved in this file such that the user can more easily try
different settings for it, by just saving the result and running the meta-clustering again. As
meta-clustering is usually much faster than the clustering algorithms that generate the base
clusterings, saving the solutions may save a considerable amount of time.

6.3 Methods and Interfaces

To ensure that new or missing methods can easily be added to the tool, all methods where
a selection can be made from within the tool can be added to by implementing onto the
corresponding interface. To add a method one needs to first implement it and if needed it’s
OptionsPanel, then adding it to the corresponding static method found in the view using it.

The following sections describe which interfaces and standard methods are implemented,
as well as which functions and classes must be edited to add new custom methods.

6.3.1 Data Manipulation

Data manipulation can be performed as a first step in the data-view to create data-sets
or modify them such that they can be used for clustering or visualization. It is also of
relevance when loading clustering results back into the data-view, to analyze results using
dimensionality reduction techniques. For this, step three interfaces are of interest:

e Generators: IGenerator
e Reducers: IReducer

e Normalizers: INormalizer

Generators

Generators allow the user to add or replace data points, two initial implementations for
generators are available. Firstly, there is the SinglePointGenerator, which allows adding
points to the data by clicking the scatter plot. When a point is added this way its coordinates
are set to where the user clicked on the screen translated into the coordinates of the data
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space, such that the point appears below the cursor. Secondly, the ELKIGenerator is available
which uses an XML-style input, defining how the clusters should be generated. This class
uses the GeneratorXMLDatabaseConnection of ELKI [4] and is able to create data points
according to different random distributions. The definitions file for this input can be found
in ELKI’s JAR file, their GIT repository [10] or in the /lib folder of our implementation.

Reducers

Reducers allow the user to manipulate the data such that the dimensionality or potentially (in
the future) the number of points can be reduced. Per default three dimensionality reduction
techniques are available. The simplest one, DimensionRemover, enables the user to just
define a dimension by its index and delete it. This can be useful if the data is not well
cleaned beforehand and irrelevant or possibly disrupting columns are present in the data. For
more advanced dimensionality reduction, the PCAReducer and tSNEReducer are available.
The PCAReducer, which is adapted from the implementation from Smile [2] uses Principal
Component Analysis [51] to reduce the dimensionality of the data to what the user-defined. In
contrast, the tSNEReducer adapted from Jonsson [37] uses t-Distributed Stochastic Neighbor
Embedding [64] and also requires a perplexity parameter.

Normalizers

Normalizers provide functionality for normalizing the data points. This may be useful when-
ever different dimensions contain values in strongly differing ranges, while their concrete
values do not have any direct relation to the other dimensions [22]. Here, two default imple-
mentations are available, Normalize and Standardize. The Normalize class adapts the values
such that in each dimension the range is set to the interval [0, 1] while preserving relative
distances. The Standardize class adapts these ranges such that the average is 0 and the
standard deviation is 1.

Adding Data Manipulation Methods

To add additional Methods they must be implemented using the corresponding interface and
added to the class DataView. To add them to this class the static methods initGenerators(),
initReducers() and initNormalizers() must add the new method to the list of methods. As an
example adding a new generator (newGeneratorX) would require adding “generators.add(new
newGeneratorX());” to the function initGenerators().

6.3.2 Clustering Algorithms

Clustering algorithms can be selected and tuned in the clustering workflow window, such that
the algorithm is used to create base clustering results for the meta-view. For additional in-
formation on the algorithms themselves, see Section 3.2. The following interfaces are relevant
for clustering;:

e Clustering Algorithms: IClusterer
e ELKI Clustering Algorithms: IELKIClusterer

e Custom Clustering Algorithms: ICustomClusterer
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Clustering Algorithms

Clustering algorithms can be used in the workflow-view to generate base clusterings for meta-
clustering and visualization in the meta-view. The interface IClusterer is available as a helper
interface such that all clustering algorithms can use the same high-level calls for compatibility.
The actual logic for the methods is implemented either using the interface IELKIClusterer
if they use the ELKI database objects in their logic, or ICustomClusterer if they use a
data matrix. To further help adding methods by not needing to re-implement generally
needed functionality, the class AbstractClustering should also be extended by the actual
implementation. With this abstract class and the interfaces the implementations can focus
more on just the clustering logic. Additionally, options panels should be created for each new
algorithm allowing the user to set parameters or parameter ranges from the tool.

ELKI Clustering Algorithms

IELKIClusterer is used for clustering algorithms that use ELKI’s database object to store the
data. To run algorithms from ELKI, this interface must be implemented and the database
object can be used with ELKI’s algorithms. The pre-implemented methods include: Three
variants of KMeans, DBScan and EM clustering. All of these methods use ELKI’s high-level
initialization with “ClassGenericsUtil.parameterizeOrAbort(AlgorithmClass.class, params);”
and other than this only require the logic for managing parameters, random sampling and
collection of the result.

Custom Clustering Algorithms

To enable other clustering algorithms than the ones implemented in ELKI, the interface
[CustomClusterer can be used. It receives the two-dimensional data array and the headers as
input and allows for the use of any custom clustering logic. One implementation is already
available here, namely Spectral Clustering which adapts the method available with the Smile
library [2].

Adding Clustering Algorithms

To add new clustering algorithms for creating base clusterings, first, one must choose IEL-
KIClusterer if the method uses ELKI’s database object or ICustomClusterer otherwise. This
interface then needs to be extended, the AbstractClustering class can help here with utility
functions. When extending the corresponding interface an options panel must be imple-
mented and the parameters must be managed within the cluster() function. These interfaces
also provide functionality for seeded randomness and progress indicators. To properly calcu-
late progress, getCount() must return the proper number of needed executions and cluster()
must call addProgress() whenever progress is made. Finally, the newly implemented class
must be added to the initClusterers() function in ClusterWorkflow.

6.3.3 Meta-Clustering

The algorithm used for meta-clustering is OPTICS [8]. One of the requirements for these
methods is that the used distance measure should be metric, otherwise the algorithm can
only produce an approximate clustering at best. The distance measure used by the algorithm
can be changed and additional distance measures can also be added. For this, the following
interface is of interest:

40



e Clustering Distance Measure: IMetaDistanceMeasure

Clustering Distance Measures

The interface IMetaDistanceMeasure is used to define distance measures that can be used
for OPTICS for meta-clustering. These distance measures should represent how different
two clustering solutions are from each other while needing to fulfill the requirements of a
metric. For a distance measure, here indicated with d(z,y) where x and y are objects, to be
considered metric the following conditions must hold [67]:

e d(z,y) > 0: distances must be non-negative

e d(xz,y) = 0iff x = y: the distance between two objects is zero if and only if both objects
are equal

e d(z,y) = d(z,y): the distance must fulfill the symmetry condition
e d(z,z) <d(x,y) + d(y, z): the triangle inequality must hold

If the requirements of a metric are not fulfilled the measure can only be used as an estimate
and may produce an unsatisfying meta-clustering. The default implemented measures are
Variation of Information and the Clustering Error.

Variation of Information (VI) [47] measures how much information is gained/lost when
changing a clustering to another. It considers relationships between points and their clusters
instead of the relationship between two points and is closely related to the mutual information
measure. Unlike mutual information, VI is metric and can therefore be used as a distance
measure here.

Clustering Error (or classification error) [46] represents the fraction of misclassified points,
assuming one clustering represents the labels of the truth. To compute this, the clusters first
need to be mapped to one another such that maximum overlap is obtained in a confusion
matrix, i.e. finding a permutation where diagonal entries are maximal. For this step, Kuhn’s
Hungarian method [42] is used and the diagonal elements of the matrix are summed up. This
gives us the number of points for which the two solutions agree, which is subtracted from the
total number of points. The resulting value is then divided by the total number of points
giving us the desired fraction.

Adding Distance Measures

To add distance measures for OPTICS, the interface IMetaDistanceMeasure must be ex-
tended and the above-mentioned conditions on the distance measure must be fulfilled for the
algorithm to produce a satisfying result. After implementing the distance function, it must
be added to initDistances() within ClusterWorkflow, such that it is usable from within the
tool.

6.3.4 Consensus Clustering

Consensus Clustering can combine the results from different base clusterings into a common
clustering. This can be done in the meta-view and different algorithms can be used for this
step. When run, the algorithm computes a consensus result for all base clusterings that are
in a common meta-cluster in the OPTICS reachability plot and are not filtered out. This
means that if the user defined three meta-clusters with some cut-off value in the reachability
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plot, there will be three resulting consensus clusterings, one created from each group. The
interface of interest for consensus functions is:

e Consensus Functions: IConsensusFunction

Consensus Functions

The consensus functions implement the logic for combining the base clusterings. To compute
a consensus solution, the interface IConsensusFunction is of interest and can be extended to
add new functions. Per default, two main implementations are available. Both implementa-
tions allow for the user to either define a target value for the number of resulting clusters k
within each result, or for the algorithm to guess this parameter itself. Firstly, CoAssociation-
MatrixAverageLink can be used which computes a Co-Association (CA) Matrix and combines
objects via the average link strategy. When k is defined the algorithm joins together sets
of points until only k£ sets remain, which is used as the final answer. If no k is defined, the
algorithm performs two runs, calculating the lifetime [72] of the resulting tree and choosing
the level to cut as the one resulting with maximum lifetime. As second method DICLENS
is available, which was generously provided by Mimaroglu and Aksehirl [49]. Parts of their
implementation were modified to allow for parallelism, whenever this was a simple change.

Adding Consensus Functions

To add consensus functions the interface IConsensusFunction must be extended. It is also
important to note that weights may be supported by the function if implemented, although at
this point there is no way for the user to set weights. As for the two default implementations,
the function may either allow defining the number of resulting clusters per consensus result
or not. To add the newly created function to the tool, the function initConsensusFunctions()
within MetaViewer must include the new method.

6.4 Visualization

To visualize the data in different ways and provide a functional Graphical User Interface
(GUI), the Java Swing [1] Toolkit was used. It allows for both high-level calls creating
objects (JComponents) within windows, e.g. panels, buttons or combo-boxes, as well as
low-level calls by directly changing the behavior of the draw() function. For the basic GUI,
the panels and buttons of the tool were created with high-level calls, while the different
graphs and plots were implemented by overriding the draw() function. Overriding the draw()
function immensely improved performance as the already available high-level objects are
computationally costly by comparison when many of them are needed. This section only
includes additional information on the implementation and functionality; information on the
usage of the visual elements in the tool can be found in Chapter 5.

6.4.1 Scatter Plot

The scatter plot is the simplest visualization of the data within the tool. It is implemented
though two axis and a canvas object. Each axis includes logic for the drawing the value range
and selected dimension, the mouse listeners for modifying it, as well as the translation from
model coordinates to viewer coordinates. The canvas implements drawing of data points,
including different shapes and colors depending on their cluster identifier, whether or not
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they are filtered out or if they represent special objects like the ground truth in the meta-
view. Additionally, the canvas can support mouse listeners enabling interactivity with the
points.

6.4.2 Switching between Clusterings

In the meta-view, the user is able to change the currently visible clustering by selecting an-
other clustering in the drop-down menu, the heat map or the reachability plot. Whenever
this happens the scatter plot showing the current clustering is exchanged and replaced with
the one showing the selected data. As the labels may be very different and comparing them
in this switching process is visually difficult when they are assigned different colors, Kuhn’s
Hungarian method [42] is used to color the points of the newly shown clustering according
to the previous one. This results in visually similar choices of colors for the points, thereby
allowing for easier comparison. In the general case, this problem is called the mathematical
assignment problem, which has many applications in different fields [42], additional informa-
tion can be found in Section 3.4.1.

6.4.3 Scatter Plot Matrix

The scatter plot matrix implements a view that constructs a grid of scatter plots, one for
each combination of dimensions in the data. For the elements on the diagonal of the grid,
the plots are exchanged with kernel density estimation plots which are computed using the
Java Smile [2] library. Kernel density estimation usually needs a bandwidth parameter to
be set which influences how the resulting distributions look. The smile library implements a
default value for this parameter though, which estimates a fitting value for this bandwidth.
The plot then uses the maximum density for the whole data-set as the 100% mark, drawing it
up to the top of the grid cell. On top of this function, the functions representing the density
for each cluster label are overlayed with different colors and opacity such that they are all
visible. These overlayed functions are assigned their height value by multiplying the density
estimation value with the percentage part of the data they contain (e.g. cluster contains 5%
of data points — height times 0.05) and scaling these values to screen coordinates, just like
the overall function. This results in the function for the whole data representing the sum of
the functions for each cluster label.

6.4.4 OPTICS Plot

The OPTICS reachability plot shows the clusterings with their computed reachability values
computed by the OPTICS algorithm ordered according to the sequence in which they were
processed. For additional information on OPTICS see Section 3.2.4. Clicking or dragging
on the gray range bar changes the threshold for which clusterings are considered to be in
a meta-cluster and the colors are adapted accordingly. The colors of the clusterings, when
represented in the MDS plot, are also defined through this threshold. The OPTICS plot, just
like the heat map and the MDS plot, allows for selecting clusterings through clicking or by
control-clicking on them, whenever multiple clusterings should be selected.

The implementation of the OPTICS algorithm, creating the data required for this visu-
alization is based on the proposal of Ankerst et al. [8], using a priority queue to efficiently
keep a fitting order for the clusterings that need to be processed.
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6.4.5 Heat Map

The heat map shows the distances between clustering solutions using the meta distance
measure as defined by the user. It allows for visually identifying blocks of similar results on
the diagonal, different hues of brown were chosen for this as they are easier to distinguish
than other colors tested. The plot is drawn by overriding Java Swing’s [1] draw() function, as
creating a component for each cell makes the view unresponsive due to the large overhead from
managing a large number of components. To allow for mouse interactivity, the coordinates
of clicks were calculated back to find the targeted cell and used for selection logic. This is
needed as there are no small components, which would usually manage this.

6.4.6 MDS Plot

The Multi-Dimensional Scaling (MDS) plot shows points such that their actual distances
are approximately represented in a fixed dimensional space. This is done with the equally
named method multi-dimensional scaling [14], for which a maximum number of dimensions d
must be defined and the input requires a distance matrix for the points to be layed out. This
method is implemented using the Java Smile [2] library and trying to use as many dimensions
as possible. With d set, it aims to compute approximate coordinates for the points by trying
to keep the distances in a d dimensional space as true to the inserted distance matrix as
possible. The resulting coordinates, similarly to PCA, also capture as much information as
possible in the leading dimensions, resulting in the first two being the best choice to visualize
in 2D. This is the case as MDS actually computes the same result as PCA whenever the
distances are Euclidean. To show the computed information, the created points are loaded
into a scatter plot and, per default, these first two dimensions are shown. Whenever more
than two dimensions are available, the user can change the shown dimensions by clicking on
the corresponding axis and choosing another dimension. The selection of points can be done
by either clicking or dragging on the canvas of the scatter plot. When clicking, the closes
point is selected and when dragging, all points within the drawn rectangle are selected.

6.4.7 Filter Panel

The filter panel allows the user to filter out results by decreasing the range on the range
selectors. The area charts show how much data points are within the range in red and how
many points are outside it /filtered out in blue. This chart is implemented by defining buckets
for the values to be shown and counting the number of value occurrences within each bucket.
For double values the square root of the number of values is used as the number of buckets,
for integer values the number of values in their range is chosen and for Boolean values 3
buckets are chosen. 3 buckets were chosen there, such that true is shown on the left, false
on the right and there is space in the center for clearly separating the two values. If there
would be too many buckets when using this default calculation, they are reduced to 31 (as
uneven numbers may produce nicer ranges), which helps, for example, whenever too large
integer ranges are available. Also, as the charts are quite small, more buckets can no longer
be visualized properly.

For each clustering algorithm type, a separate chart and range selector is created for each
parameter and some additional filters are available. The parameters are found through the
Parameter object which must be added to a clustering result by the class performing the
clustering algorithm. The additional filters include the distance (as chosen by the user) to
the ground truth and the Normalized Mutual Information (NMI) [67] whenever ground truth
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is available, as well as the ratio of the size of the largest cluster relative to the number of
points. This ratio may be useful as when encountering clusterings where e.g. if more than
90% of the points are within one cluster, the solution may not be satisfactory. More such
filters can be added by providing the needed values to the clustering results through the
addParameters() function in the MetaView class.

Whenever the range of values for a filter is reduced by the user, the other views are
updated to reflect this change by changing the opacity of the corresponding points/cells.

6.4.8 Cluster comparison

For the comparison of two clustering results, it is possible to select two clusterings in the
meta-view by control-clicking a second clustering when only one is selected. Whenever two
clusterings are selected the “Difference” button appears in the top-right, clicking it opens
the comparison view. Here, just like when switching between visible clusterings, they are
adapted with Kuhn’s Hungarian method [42] such that their common labels are maximal.
The center view then colors all points where the labels differ in black and the ones where
they are equal in white. This allows to quickly see which points differ for solutions that are
at least somewhat similar. The percentage of differing points shown in the title bar of this
window is computed by dividing the number of black points by the total number of points.
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Chapter 7

Experiments

To show the value of the new tool, different scenarios created. The goals of the tool are
to improve on the ease of finding complex cluster structures and improve on the result in
comparison to only using simple clustering methods. Another aim is to visualize the data
and clustering results such that an expert user can make a well-informed decision on which
solutions best fit the data. For all experiments performed the Variation of Information
distance measure was used, as it produced better results and the random seed was fixed at
1 for reproducibility of the experiments. The parameters for OPTICS were also left at their
default values, as more fine-grained valleys are visible. This default choice for € also leads
to a worse runtime for the algorithm, this is acceptable though as the clustering algorithms
dominate the computation time anyways.

7.1 Solutions better than Base-Clusterings

To show that the tool is able to find better solutions than just the ones produced by single
clustering runs, different examples are presented in the following sections.

Creating base clusterings and applying consensus functions are well-known methods, but
there was previously no tool allowing to perform these steps as easily with a visual interface.
Using this tool, a user is able to find better results than the individual ones created by
sampling the parameters for the different clustering algorithms. This is the case as the
combined knowledge through consensus clustering can be more powerful than an individual
algorithm due to information from other results being ignored when deciding on a sampled
solution.

k-Means

To illustrate this, a synthetic data-set with three Gaussian distributed clusters with different
standard deviations is used in this example, it can be seen in Figure 7.1.

Now as this data-set is quite simple, let us create the base clusterings using Lloyd’s
k-Means algorithm. To increase the knowledge that can be extracted from the results, &
can simply be sampled in a large range. In this example, it is sampled in the range of 2
to 20 computing 6 results for each k, see Figure 7.2. Using such a larger range, even if
an approximate k is known is often useful as the additional information of possible smaller
local clusters can be integrated. Also, as a poor value for k leads to less robust results, the
clusterings should differ more strongly and the randomness of the result should not make the
information from small clusters to dominant.
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Figure 7.1: Synthetic Data with Ground Truth, shown in the Data-View

Workflow:

LloydKMeans: k{LB:2 UB:20} Samples each{6}

Figure 7.2: Workflow for example Data-Set in Figure 7.1

The best result resulting from a single clustering run is for k-Means with k£ = 3 with a
Normalized Mutual Information (NMI) score of around 0.886. This result can be seen in
Figure 7.3

One can see that the simple k-Means algorithm has difficulties with clusters with strongly
differing spread and assigns points belonging to the green cluster to the red one. One way
to fix this problem could be to use a better fitting algorithm like EM clustering, though such
a choice may not be obvious with higher-dimensional data. To still find a good result, the
information gathered from the other runs can be included through consensus clustering. Using
the Co-Association Matrix with Average Link strategy and trusting the Lifetime criterion for
the choice of k we obtain exactly the same cluster assignments as in the ground truth, see
Figure 7.4. Here, all clusterings were included for consensus by dragging the threshold bar
in the OPTICS plot to the very top.

With the information of all clusterings taken into account through consensus clustering,
the consensus result has an NMI of 1 when compared with the ground truth, showing that
this combined result is better than any individual run, as it is not only similar but equal to
the ground truth. Still, it is important to note that the Lifetime criterion may fail to find an
ideal choice for k£ automatically. To overcome this, DICLENS can alternatively be used as it
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Figure 7.3: Result of best k-Means run for example Data-Set in Figure 7.1
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Figure 7.4: Consensus Result for example Data-Set in Figure 7.1

is better at defining k, although it has a much higher computational cost. It is also always
possible to define k by hand whenever this information is available.

DBSCAN

Another example data-set is Zahn’s Compound [74] which combines multiple difficult clus-
tering tasks. The combined data-set can be seen in 7.5 with its intended labels. It was
standardized first, to be able to more easily define DBSCAN parameters.

Sampling 200 runs of DBSCAN by fixing minPTS to 5 and randomly picking € between
0.01 and 0.5 (which is roughly the range where non-trivial clusterings can result) gives us a
best result with an NMI of 0.896. It can be seen in Figure 7.6. The points colored in white
in Figure 7.6 indicate points that DBSCAN considered noise, for the calculation of the NMI
and in all other parts of the tool they are considered to belong to a common cluster.

While this result is not too bad for such a complex data-set it is not obvious to find
from all of the 200 solutions. Especially when the structure is as complex as here, it may
be difficult for the user to figure out which of the results is best, given no ground truth.
Consensus not only gives us a better solution (fixed k¥ = 6) with an NMI of 0.943 but also
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Figure 7.5: Zahn’s Compound Data-Set with Labels 7.1

only a single result. This means that besides improving the quality of the result, the user
does not need to choose the right solution by hand. The output of the consensus function
can be seen in Figure 7.7. The used consensus function was once again the Co-Association
Matrix based one.

Real Data

The same strategy as for the example data in Figure 7.1 was tested with the Iris data-set [26],
the first two dimensions of this data-set can be seen in the user testing section in Figure 7.22.
Here, Lloyd’s k-Means was also used and the parameter k was sampled in the range between
2 and 10, computing 10 samples per value k. The best result when compared to the ground
truth was for kK = 3 with an NMI of 0.757 while computing the consensus for all clusterings
resulted in a solution with an NMI of 0.797 (with & = 3 for the consensus function). This
shows once again the value of consensus clustering as it can eliminate the need of evaluating
individual solutions with quality measures and picking one, while still finding a good or even
better solution. Still, one should aim to find the method that simplest explains the data, for
which consensus results are usually no good candidate.

Besides the Iris data-set, a real wireless indoor localization data-set [12] was used as a
test-case for a user, more on this can be found in Section 7.4. There, it can be seen that the
parameter k can be found as a side-effect of collecting consensus solutions for meta-clusters
and better results than the individual runs can be obtained. This effect of obtaining k£ can
also further be observed in the example in Section 7.3.
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Figure 7.7: Consensus Result for Zahn’s Compound Data-Set

7.2 Unobtainable Solutions

Single clustering algorithms may not be able to find the structure of a data-set when multiple
different kinds of structures are present for individual clusters. Combining results of differ-
ent clustering algorithms may solve this problem, as correctly identified structures should
be robust throughout multiple runs of a fitting algorithm while they should not be robust
whenever the algorithm doesn’t fit the structure. To illustrate this, a data-set was created
combining a U-shaped density based cluster with Gaussian clusters with different deviations,
see Figure 7.8.

To produce base clusterings k-Means was run choosing k& between 2 and 20 creating 5
results each and DBSCAN was run with minPTS = 5 and € between 0.01 and 0.5 taking
100 samples. The seed was again fixed at 1 for reproducibility and trivial solutions were
omitted. Also, these ranges were selected such that a large diversity of solutions is obtained
while not creating trivial clusterings. Trivial clusterings are not desired in this process as all
points either being in one or each point in an individual cluster is not useful information.
The workflow can be seen in Figure 7.9.
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Figure 7.8: Example Data-Set with different Cluster-Structures and Labels

Workflow:

LioydKkMeans: k{LB:2 UB:20} Samples each{5}

DBScan: minPTS{LB:5 UB:5} Epsilon{LB:0.01 UB:0.5 Samples{100}

Figure 7.9: Workflow for example Data-Set in Figure 7.8
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Figure 7.10: OPTICS reachability plot for Workflow in Figure 7.9
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When looking at the OPTICS reachability plot, one can see that a dense region of clus-
tering results can be found, see Figure 7.10. Results that occur in this region can be regarded
as robust and should represent a good result, but in this example no algorithm can find the
true structure of the data. For example, the clustering selected in Figure 7.10 can be deemed
robust and also visually seems sensible, but it does not capture the nature of the data, as can
be seen in Figure 7.11e. As the reachability plot also shows multiple valleys, a fair conclusion
could be that different equally valid solutions exist. Still, for this clustering problem, we
know that the structure cannot be found with a single algorithm and one can assume that
the robust regions only represent good results for different parts of the data.

Looking at the results of the different algorithms exactly this behavior can be observed,
see Figure 7.11.
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(¢) K-Means with k =5 (d) DBSCAN, the best single Clustering Result
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0:wig

[ 2e8 Dim: 1 295

e) Selected robust Clustering from Figure 7.10
Figure 7.11: Single Clustering results for Data-Set in Figure 7.8

Here, the red cluster cannot be found with partitioning methods such as k-Means and
either the green or the blue and yellow clusters cannot be found by density-based methods.
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Both the k-Means result for £ = 3 (Figure 7.11a) and some DBSCAN results (Figure 7.11d)
can be found in valleys of the reachability plot but none of both is able to find the structure
of all clusters.
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Figure 7.12: Consensus Result for Data-Set in Figure 7.8

To solve this, consensus clustering is performed. As discussed previously, both kinds of
results have produced robust clusterings and the most relevant information can be combined
into a better common result. In this example DICLENS was selected, fixing & = 4 and the
final result was computed. As can be seen in Figure 7.12; using the information available
from all solutions, both the k-Means and DBSCAN runs, finds a result very close to the
ground truth. This result has only a few misclassified points, most noticeably the two red
points outside the U-shaped cluster. The NMI of the consensus result is 0.978 while the best
result of a single run (Figure 7.11d) has an NMI of 0.872. This large improvement shows the
power of using consensus clustering when different structures are present in the data.

7.3 Multiple Solutions

Finding which clustering solution is best for an unexplored data-set can be non-trivial. Other
visual frameworks often use quality metrics, which may be biased towards specific structures.
In this section, we want to present you with this problem using the newly created tool and
show that robustness can be used to find good results. For this, the unlabeled data-set shown
in Figure 7.13 is used as an example.

Visually, it is already difficult to decide how many clusters can be seen. The points on the
left and right can be seen as one or two clusters each, but one could even claim that one side
consists of one and the other two clusters. For this small data-set such claims can still easily
be made but with more dimensions, such thoughts become more complex. For this reason,
we will show how different results can be found using our tool, by regarding indicators of
robustness for the results.

To generate base clusterings k-Means was used, varying the value for k£ between 2 and 10
and computing 10 samples for each value. Trivial solutions were omitted and no ground truth
was added as none is available. With the workflow defined, it is executed also performing
OPTICS for meta-clustering using the default minPT'S and e. With the ordering resulting
from the OPTICS algorithm, the heat map for the resulting clusterings is created and can
be seen in Figure 7.14.
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Figure 7.13: Example Data-Set with unknown Labels

Figure 7.14: Heat Map of Meta-Clustering for Data-Set in Figure 7.13

In this heat map, hierarchical structures of similar clustering results can already be ob-
served. Darker rectangles near the diagonal show regions with similar clustering results,
indicating their robustness as many different runs found similar results. This meta-cluster
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structure can more clearly be defined in the OPTICS reachability plot, as seen in Figure 7.15,
whereby the threshold is set such that valleys are separated and noise is left out. With this,
the meta-clusters are defined each representing a group of similar and therefore hopefully
robust clustering solutions.

g Clusters to Histogram

| il
I “““ i HHHHHH| bl

Figure 7.15: OPTICS Plot of Meta-Clustering for Data-Set in Figure 7.13

To create result candidates, the consensus is computed with the Co-Association Matrix
algorithm with Average Link strategy (Lifetime criterion) and letting the function guess k
by itself. This way, as many consensus results are obtained as meta-clusters are available,
each one representing the merged knowledge of its meta-cluster. The most interesting results
should then be the ones that included many base clusterings, i.e. where the meta-cluster was
large. This should be a fair assumption as the definition of the threshold fixes how similar
clusterings need to be to be deemed robust and meta-clusters with many solutions should
therefore be especially robust. For this reason, the number of merged base clusterings can
be used as an implicit ranking of the consensus solutions. Figure 7.16 shows the consensus
results for the four largest meta-clusters with the corresponding number of included base
clusterings.

Analyzing those results, one can see that the intuition mentioned before was also found by
the consensus results for the largest meta-clusters. The largest meta-cluster, which included
19 base clusterings, resulted in a consensus clustering whereby 6 clusters were found (see
Figure 7.16a). This result can be seen as the highest-ranked one and therefore most robust
as it includes the largest number of clusterings deemed robust. The second and fourth largest
meta-clusters found that the left or right group should be in a common cluster respectively
(Figure 7.16b and 7.16d) while the third-largest one considers both of them as one large
cluster each (Figure 7.16c). The robustness of the result with 6 clusters can also further
be seen when the consensus overall base clusterings is computed. Even without setting a
parameter k for this computation the result is equivalent to the one in Figure 7.16a.

Finding more than one possible result can be helpful on top of only creating one final
one, as knowledge may be gained. In this simple case, it is easy to recognize how the left and
right groups of points relate to each other but for more complex data-sets this may difficult
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Figure 7.16: Consensus Clustering results for Data-Set in Figure 7.13

to see. Here, it would, for example, be beneficial to look at what the underlying reason for
the layout of the points may be, such that one can properly reason why a group of points
should be one or two clusters. Also, note that in no part of this process quality metrics are
needed, only the definition of the meta-cluster through the threshold should be done in a
sensible way. In general, a good choice for this should be to visually analyze which cut-off
value creates visually pleasing valleys, as well as considering how fine-grained one wants the
differences between the results to be.

This way of finding multiple solutions may also prove useful when a data-set may be
clustered with different goals. For example, clustering patient data could be done to find
groups of patients with different kinds of cancer or different kinds of diabetes. Even though
both may cluster on the same data-set (for example vectorized patient data), the desired
clusterings are likely to differ and different algorithms and parameter-sets may reflect this.

7.4 User Testing

To experimentally test how easy it is to find good clustering solutions, three test-scenarios
where created and a fellow computer science student was tasked to find solutions and explain
his findings. To again make the results reproducible, the random seed was fixed at 1 and the
ground truth was not shown to the user.

The first data-set (QCM3) [5] includes QCM sensor data where different types of alcohol
were passed through the sensor in different concentrations. The task was to find how many
types of alcohol were tested and to find the clusters representing each type.
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At first, the user tried sampling k-Means with & in the range 2 to 20 creating 10 solutions
each. Doing this, he looked at which values for k resulted in outlying/non-robust results.
When filtering for solutions with < 10 clusters, it was easy to see that the results with more
than 10 clusters produce poor solutions. The effect of which clusterings are filtered out this
way can be seen in Figure 7.17.
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Figure 7.17: OPTICS Plot with applied Filter

With this knowledge, the clusterings were re-computed only using k in the range 2 to
10. The resulting reachability plot now more clearly shows robust groups of solutions, the
threshold choice of the user can be seen in Figure 7.18.
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Figure 7.18: OPTICS Plot after improved Sampling
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For deciding on the final solution, he applied the default consensus function and obtained
5 results, one for each meta-cluster. From these solutions, he chose the one resulting from the
largest meta-cluster, with the reasoning that the threshold definition found it to be the largest
group of robust solutions. The chosen result included 5 clusters which the user claimed to be
the number of types of alcohol in the data-set. Not only is this the right number of clusters,
but the obtained result is also 100% equivalent to the ground truth. He also observed that
the next largest meta-cluster produced a result where two clusters were merged into one.
When visually inspecting the first and second result it also seems that this merging could be
a sensible choice.

The second data-set [12] contains signal strength data from smartphones where the
strength of seven nearby wireless networks is collected for each smartphone. The task is
to find how many smartphones are in the area of these wireless networks and assign the
measurements taken to the smartphones. The first two dimensions (wifi access-points) can
be seen in Figure 7.19, the coloring is according to the ground truth.
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Figure 7.19: WiFi Localization Data-Set with first two Dimensions shown

To start off, the user tried creating clustering solutions using DBSCAN, but in both the
reachability plot and the heat map it could be seen that no robust solutions except nearly
trivial ones could be found. In most cases, the points were either nearly all assigned to one
cluster or different small clusters each. With this information, he deducted that the algorithm
is probably not fit for finding a good solution and chose to use k-Means. There, as he did not
know how many clusters are in the data-set, he sampled k from 2 to 50 and found again that
solutions with k > 20 seemed poor. He decided on this value, just like in the first example,
by finding where solutions begin to differ strongly. The resulting reachability plot is shown
in Figure 7.20
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Figure 7.20: OPTICS Plot for WiFi Localization Data-Set

With the defined meta-clusters, the user used the consensus calculation to obtain the
solutions from each meta-cluster. From those, he again chose the result which included the
largest number of clusterings in the meta-cluster. This solution can be seen in Figure 7.21a.
Again, his reasoning was that as the meta-cluster is largest, the largest number of robust
solutions was found in this cluster and therefore most likely combined into the best solution.
When looking at the NMI of the found result, the observed value of 0.9142 is not only very
good, it is even higher than the NMI score of the best single clustering run (NMI=0.8904).
This best simple result can be seen in Figure 7.21b. Note that the colors of these results are
not adapted to best fit the ground truth as it was not available for the user.
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Figure 7.21: Clustering results for WiFi Localization Data-Set

These findings once again show that with little knowledge on the data one is able to find
very good clustering solutions and even get an accurate estimate for the number of clusters.
Lastly, the user was tasked to find the best clustering result he can for the Iris data-set
[26]. For this, he was told that the set consists of three different types of flowers. The
attributes collected in this set include the sepal width and length as well as the petal width
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and length. The first two dimensions are shown in Figure 7.22; there the labels represent the
ground truth.
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Figure 7.22: First two dimensions of Iris Data-Set

The user assumed that those attributes may be Gaussian distributed with possibly dif-
ferent distribution parameters and therefore chose the EM clustering algorithm. He sampled
the range of 2 to 5 for k£ and calculated 10 results for each value, to also analyze solutions for
different choices of k. Next, he changed the threshold in the reachability plot in the resulting
meta-view such that visually pleasing solution groups can be seen. This choice is visualized
in Figure 7.23.

With this definition, he computed consensus results for all groups, which resulted in 3
solutions. As he was told that there are 3 types of flowers the consensus result for the blue
meta-cluster was his choice for the final answer, which was also the best overall result. Still, he
noted that without this knowledge the choice of two clusters would have been more intuitive
for him as the meta-cluster included more results and seemed more robust. The NMI score
of his chosen solution was 0.8997 and this clustering solution is exactly the same as the best
single clustering run, this best solution is selected in Figure 7.23 and shown in Figure 7.24.
Again, note that this solution is the same as the one obtained by the consensus function when
selecting the result with 3 clusters.

This shows that using the consensus function may not result in a better solution than can
be found by individual clustering algorithm runs, but at least facilitates choosing the correct
one out of them. Even though this solution was available, others were present, which would
have been a less good choice.
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Figure 7.23: OPTICS Plot with user-defined Threshold

0

-~
@ . . . .
.
.
.
. . L]
.
®
o e
® . .
L] . .
e o
® . .
e e o .
° L] e e @ o e
o . e o °
- L] ]
° ° e e °
.
e 8 e ®
° s © ® ®
o 2 e @
e o ® ® ®
] L] ® [
®
° ® ®
° e e o e @
° e o o ®
e e e ®
® °
®
e e ° °
- ®
w e e ®
mE 2 44

Figure 7.24: First two dimensions of Clustering Solution for Iris Data-Set
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Part V

Concluding Thoughts
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Chapter 8

Future Work

8.1 Improvements for the Tool

Even though the created tool already proves useful for finding good clustering solutions,
further work should still be done such that it becomes more generally usable.

A downside of the current implementation is that the focus of it lies solely on finding
the best clustering result. This brings the problem that the methods implemented may not
be fast enough when using a large data-set. To improve on this, the next steps should be
to further optimize the methods for parallel environments and possibly implement similarly
accurate but overall faster methods. This is especially true for the consensus functions as
they can be very costly depending on the number of clusters in the individual results, target
cluster number, number of points and dimensions in the data. Different functions runtimes
depend on different subsets of these values and also vary in their accuracy. Here, more work
should be put into finding the generally most accurate and performant method.

Additionally, more feedback should be given to the user on the progress of the consensus
calculation. As those methods are quite complicated, the current tool does not include a
progress bar for the consensus calculation, even though this may be needed as those func-
tions may take a long time for computation. The user that worked on the examples in the
previous sections also mentioned that some views are too small, when many clustering runs
are performed. He noted that it would be useful to allow maximizing individual plots in the
meta-view and to add zooming capabilities. While he found the filter panel very useful, he
noted there that more parameters might be useful for filtering.

Additionally to the user questioned for this thesis, further user studies should still be
performed to find which parts of the tool are useful to researchers and where the interface
should be reworked for even easier use. Additional plots may be needed or visualizations
could be replaced by other, more informative ones.

8.2 Research Consensus Clustering

There has been much research on the topic of consensus clustering, still some aspects have
not been analyzed thoroughly enough. While most papers on consensus functions show how
their method is better than previous methods, they each pick different data-sets and become
incomparable for a researcher. As most of them are difficult to implement and only a few
authors publicly share an implementation, testing the methods is also a difficult task. Still,
as those methods are promising, creating a large-scale comparison of a variety of consensus
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functions regarding runtime, accuracy and requirements/assumptions would be beneficial.

Another aspect of consensus clustering, that is only rarely touched on, is how to select and
generate base clusterings before applying consensus functions. The idea of this tool, to use
meta-clustering for this step, is based on choosing robust clusterings but other aspects may
be equally valuable to consider. An analysis of how different generation mechanisms impact
the quality of the consensus result, or the need for more base clusterings to find a similarly
accurate result, could be very helpful. Besides filtering out some solutions and ignoring them
in the consensus function, weighting them in relevance may also be an interesting aspect to
analyze.

8.3 Visual Frameworks

Looking at currently available frameworks, it seems that the focus lies on providing infor-
mation on the different clustering results to make an educated choice on which one is best.
This can, at best, result in the user choosing the best computed result but the knowledge
of all other solutions is lost. Therefore, it may be useful to allow for the merging of one or
more results, even ignoring consensus clustering. When good clusters are found in different
clusterings, it would be great to have a possibility to fix those clusters and either recompute
the rest of the points or somehow find a consensus for only those. This may allow the user to
more interactively take part in the process of clustering, giving him more control and thereby
gaining a deeper understanding of the result.
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Chapter 9

Conclusion

9.1 Lessons learned

There are many different clustering and consensus clustering algorithms that I now under-
stand better due to implementing them and researching which properties they have. ELKI’s
[58] Java API and the other available implementations of the methods were quite useful, still
a lot of thought had to be put into adding them to the tool. The proper use of consensus
functions proved even more difficult, as those methods are even more complicated than simple
clustering algorithms and only a few implementations are openly available. Also, considering
the performance aspects was relevant. Even though many methods are still not implemented
in the most performant way, considerations for parallelism had to be made for the tool to be
sufficiently usable. Even the implementation for DICLENS [48] ran very slowly and had to
be parallelized at least in parts, as with many clusterings and data-points the computation
times can become quite long.

For the implementation of the visual elements of the tool, different possibilities had to be
thought of and deciding on the currently available plots and views proved challenging. Many
implementations for scatter plots and bar charts are available, still they were newly imple-
mented for this tool. This was done as available charts are often slow due to unnecessary
features, them being targeted at more general use-cases or just due to poor implementation.
Drawing the visual components “by hand” using Swing’s [1] draw() method improved the
runtime of calculations for visualization drastically and allowed for parallelism. This pro-
cess taught me a lot about the methods needed for the visualizations, e.g. Kernel Density
Estimation and programming in Java in general.

Also, as the extendability of the tool was of importance, Java interfaces were created such
that missing or newer methods may be added easily. This self-imposed design goal forced
a cleaner implementation and thinking ahead. Both keeping interfaces simple but powerful
enough for any future method had to be considered whereby trade-offs need to be made. The
interfaces, as are currently available, should be satisfactory in both aspects.

9.2 Reflection of Work

In this thesis, we presented a new tool for finding clustering solutions with the help of visual
elements and consensus clustering. Previous visual frameworks such as Clustervision [43]
rank multiple different clustering results according to quality metrics which might be biased
towards specific cluster structures and only allow for choosing individual results, basically ig-
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noring knowledge gained from additional runs. The newly created tool avoids these problems
by finding robust solutions through meta-clustering and creating final solution candidates
with consensus clustering. These consensus results can implicitly be ranked by the size of
the meta-cluster as this indicates robustness. Also, this way no structure bias should occur
and knowledge of additional runs is included in the final result. In the Experiments chapter
(Chapter 7) of this thesis, we showed how this leads to improved solution accuracy while still
allowing the generation of different candidate solutions. Based on these findings, it could be
a good idea to put further research into finding robust solutions and create consensus results
according to indicators of clustering robustness. Generally, only little research has been put
into the generation and selection of base clusterings for consensus, where clustering accuracy
improvements may be found.
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Appendix A

Abstract

A.1 English abstract

Finding a good clustering solution for an unexplored data-set is a non-trivial task. Due to
the large number of clustering algorithms that usually have lots of parameters, clustering
results may differ strongly from each other and the underlying ground truth. With only little
knowledge on the data the evaluation of which result best represents the underlying cluster
structure is difficult. To find a fitting selection for this choice, different visual frameworks
exist that aim to simplify this choice, usually by ranking the results according to quality
measures. As those measures also have the downside of being biased towards specific struc-
tures (whether or not they fit the data) they are problematic for selecting a final result. For
this reason, I propose to purely use indicators of robustness for the creation or selection of a
clustering result. This is done by meta-clustering results from different clustering algorithms
and calculating consensus clusterings from groups of similar clusterings. Additionally, this
process is supported through visualizations, giving the expert user the possibility to use his
knowledge to further improve on the final result. The tool is available in the repository under
https://github.com/chris9182/Visual_Cluster_Exploration.
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A.2 Deutsche Zusammenfassung

Eine gute Clustering Losung fiir wenig erforschte Daten zu finden ist eine komplexe Auf-
gabe. Wegen der groflen Anzahl an Clustering Algorithmen, welche meist auch viele ver-
schiedene Parameter benotigen, konnen sich die Ergebnisse stark untereinander, aber auch
von dem richtigen Ergebnis, unterscheiden. Mit nur wenig Wissen iiber die Daten ist auch
die Evaluierung welches Ergebnis am ndhersten zu der der unterliegenden Wahrheit, be-
ziehungsweise am besten der Struktur der Daten entspricht, eine schwere Aufgabe. Um
eine solche Auswahl besser treffen zu konnen wurden visuelle Frameworks erschaffen, die
meist mittels Qualitdts-Metriken die verschiedenen Ergebnisse bewerten und gereiht anzei-
gen. Da diese Metriken aber auch das Problem haben gewisse Strukturen in Ergebnissen
zu bevorzugen zeigen sie sich wiederum bei der Entscheidung iiber das endgiiltige Ergeb-
nis als problematisch. Aus diesem Grund schlage ich vor die Eigenschaft wie robust ein
Ergebnis ist fiir die finale Entscheidung heranzuziehen. Um dies zu tun werden die Cluste-
rings auf Meta-Ebene nochmals geclustert, wobei #hnliche Ergebnisse in einer Gruppe mit-
tels Consensus Clustering zu einer Losung zusammengefithrt werden. Dieser Prozess wird
weiters durch Visualisierungen unterstiitzt, so dass ein Experte mit Hilfe seines Wissens
die Losung moglicherweise noch weiter verbessern kann. Das Tool ist in dem Repository
https://github.com/chris9182/Visual_Cluster_Exploration verfiigbhar.
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