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Abstract
Benchmark datasets with prede�ned cluster structures and high-dimensional biomedical datasets outline
the challenges of cluster analysis: clustering algorithms are limited in their clustering ability in the
presence of clusters de�ning distance-based structures resulting in a biased clustering solution. Data sets
might not have cluster structures. Clustering yields arbitrary labels and often depends on the trial, leading
to varying results. Moreover, recent research indicated that all partition comparison measures can yield
the same results for different clustering solutions.

Consequently, algorithm selection and parameter optimization by unsupervised quality measures (QM)
are always biased and misleading. Only if the prede�ned structures happen to meet the particular
clustering criterion and QM, can the clusters be recovered by one of the 34 open-source algorithms which
are particularly useful in biomedical scenarios. Furthermore, comparative analysis with mirrored density
plots provides a signi�cantly more detailed benchmark than that with the typically used box plots or
violin plots.

Modern biomedical analysis techniques such as next-generation sequencing (NGS) have opened the door
for complex high-dimensional data acquisition in medicine. For example, The Cancer Genome Atlas
(TCGA) project provides open source cancer data for a worldwide community. The availability of such
rich data sources, which enable discovering new insights into disease-related genetic mechanisms, is
challenging for data analysts. Genome- or transcriptome-wide association studies may reveal novel
disease-related genes, e.g.1, and virtual karyotyping by NGS-based low-coverage whole-genome
sequencing may replace the conventional karyotyping technique 130 years after von Waldeyer described
human chromosomes2. However, deciphering previously unknown relations and hierarchies in high-
dimensional biological datasets remains a challenge for knowledge discovery, meaning that the
identi�cation of valid, novel, potentially useful, and ultimately understandable patterns in data (e.g.,3) is a
di�cult task. A common �rst step is identifying clusters of objects that are likely to be functionally related
or interact4, which has provoked debates about the most suitable clustering approaches. However, the
de�nition of a cluster remains a matter of ongoing discussion5,6. Therefore, clustering is restricted here to
the task of separating data into similar groups (c.f.7,8). Vividly, relative relationships between high-
dimensional data points are of interest to build up structures in data that a cluster analysis can identify.
Therefore, it remains essential to evaluate the results of clustering algorithms and grasp the differences
in the structures they can catch. Recent research on cluster analysis conveys the message that relevant
and possibly prior unknown relationships in high-dimensional biological datasets can be discovered by
employing optimization procedures and automatic pipelines for either benchmarking or algorithm
selection (e.g.,4,9). The state-of-the-art approach is to use one or more unsupervised indices for automatic
evaluation, e.g., Wiwie et al.4 suggest the following guidelines for biomedical data:

"Use […] [hierarchical clustering*] or PAM. (2) Compute the silhouette values for clustering results using a
broad range of parameter set variations. (3) Pick the result for the parameter set yielding the highest
silhouette value" (*Restricted to UPGMA or average linking, see https://clusteval.sdu.dk/1/programs).
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Alternatively, the authors provide the possibility of using the internal Davies–Bouldin10 and Dunn11

indices. This work demonstrates the pitfalls and challenges of such approaches; more precisely, it shows
that

• Parameter optimization on datasets without distance-based clusters,

• Algorithm selection by unsupervised quality measures on biomedical data, and

• Benchmarking clustering algorithms with �rst-order statistics or box plots or a small number of trials are
biased and often not recommended.

Evidence for these pitfalls in cluster analysis is provided through the systematic and unbiased evaluation
of 34 open source clustering algorithms with several bodies of data that possess clearly de�ned
structures. These insights are particularly useful for knowledge discovery in biomedical scenarios. Select
distance-based structures are consistently de�ned in arti�cial samples of data with speci�c pitfalls for
clustering algorithms. Moreover, two natural datasets with investigated cluster structures are employed,
and it is shown that the data re�ect a true and valid empirical biomedical entity.

This work shows that the limitations of clustering methods induced by their clustering criterion cannot be
overcome by optimizing the algorithm parameters with a global criterion because such optimization can
only reduce the variance but not the intrinsic bias.

This limitation is outlined in two examples in which, by optimizing the quality measure of the Davies–
Boulding index10, Dunn index11 or Silhouette value12, a speci�c cluster structure is imposed, but the
clinically relevant cluster structures are not reproduced. The biases of conventional clustering algorithms
are investigated on �ve arti�cially de�ned data structures and two high-dimensional datasets.
Furthermore, a clustering algorithm's parameters can still be signi�cantly optimized even if the dataset
does not possess any distance-based cluster structure.

Challenges And Pitfalls
This work is based on two assumptions. First, there exists only one optimal partition of data de�ning the
real clustering situation, which is contrary to the axioms of Kleinberg13. The existence of only one optimal
partition will not hold for many clustering applications (c.f.14), but we assume that in the case of
biomedical applications, it is a valid assumption for diagnoses or therapies (see description in SI A,
Supplementary Figs. 1-4). Second, a trained physician or diagnostic specialist is able to recognize and
validate the patterns of data for datasets in two or three dimensions (e.g.,15). Thus, empirically based
clusters such as "diagnoses" should match the algorithmic clustering approach's results. If arti�cial
datasets are de�ned systematically (e.g., in16,17), then manual clustering would be consistent with the
prior classi�cation.
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Keeping these two assumptions in mind, in principle, three categories of challenges can be identi�ed:
data-speci�c cluster structures, the limitations of clustering criteria, and the biases induced by evaluation.

Challenge Induced by Clustering Criteria

Clustering criteria make implicit assumptions about data18-22, resulting in biased clustering. Moreover,
clustering algorithms partition the data even if the data do not possess distance-based structures22,23. No
algorithm exists that is able to outperform all other algorithms if more than one type of problem exists24.
More precisely, the insights of Geman et al.25 and Gigerenzer et al.26 state that the error in various types
of algorithms is the sum of the variance, bias, and noise components, which is the starting hypothesis of
this work. Here, the bias is the difference between the given cluster structures and the ability to reproduce
these structures. If a global clustering criterion is given that an implicit de�nition of a cluster exists, the
bias is the difference between this de�nition and the given data structures. The variance is the stochastic
property of not reproducing the same result in different trials. Small or zero variance means high
reproducibility. Outliers in distance-based datasets can represent the data noise.

Challenges in Evaluating Clustering Solutions

Quality evaluation in unsupervised machine learning is often biased. This bias can be shown for quality
assessments for clustering methods in the case of unknown class labels (unsupervised quality
measures)20 as well as quality assessments for dimensionality reduction methods if graph theory
insights are applied23,27.

In the case of supervised indices, most fail on symmetric graphs because they are not invariant w.r.t. the
group automorphisms (The analysed supervised quality measures are available in the CRAN R package
‘partitionComparison’)28. Since most of the real-world graphs contain symmetries29 and distance-based
cluster structures can be described by means of graph theory23, the authors agree with28 that this insight
is generalizable to clustering problems. Clearly, this theory developed by Ball and Geyer-Schulz means
that different partitions of the data may result in the same value for a supervised quality measure (QM).
In practice, this means that the usual de�nition of the F1 score has a probability to evaluate well-
partitioned data and incorrectly partition data equally if enough algorithms and datasets are investigated.
In conclusion, performing streamlined evaluations and comparisons of the clustering algorithms (e.g.,4)
can be inappropriate, especially as the number of trials and algorithms and parameters increases.

Challenges for Distance-Based Cluster Structures

When a new method is proposed, quality assessment is performed with preselected supervised indices
depending on the publication30,31. Either elementary arti�cial datasets are used without the precise
investigation of the cluster structure (especially if they are distance- or density-based clusters) or natural
datasets with unknown (or undiscussed) structures are selected. An evaluation is then performed using a
priori, possibly arbitrarily given the classi�cation, but it remains unknown if only one valid clustering
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scheme exists for these datasets. If more than one valid clustering scheme is possible, the discussion
about algorithm performance becomes infeasible.

Such cases do not generally imply how well clustering algorithms work or indicate which structures an
algorithm can �nd. More importantly, the reproducibility of a method is usually investigated insu�ciently,
meaning that methods can possess different states of probability depending on the trial, which remains
invisible if �rst-order statistics or box plots are used.

Results
The results are divided into three parts. In the �rst two sections, the reasons that clustering is biased and
cannot be optimized without prior knowledge are shown. The third section outlines the �rst step in an
unbiased benchmarking of clustering algorithms.

Optimizing Parameters Based on an Unsupervised QM Imposes Bias

If no distance-based cluster structures exist, most algorithms will still partition the data22,23, and
unsupervised evaluation criteria will provide valid values. Two clustering solutions are provided for which
a clustering algorithm yields a homogenous grouping for data without distance-based structures (Fig. 1).
Optimization of 9 parameters of SOM clustering can vary in Davies–Bouldin indices10 between 11.8 and
0.83 (Fig. 2). However, for both cases, the class-wise inter-cluster distance distribution remains with a
variance equal to that of the full distance distribution (SI B, Supplementary Figs. 5 and 6).

Using an Unsupervised QM for the Chosen Algorithm Imposes Bias

The evaluation of 24 conventional clustering algorithms is presented with the mirrored density plot (MD-
plot)32 in Fig. 2.

The MD-plot of the micro-averaged F1 score in Fig. 2 (right) visualizes the estimated probability density
functions (PDF) for each clustering algorithm across 120 trials. First, multimodality for the DBS, Clara,
Hartigan, LBG, ProClus, SOM, spectral, HCL, and QT clustering algorithms is clearly visible. Using the
ground truth, the PDFs of supervised quality measure (QM) for each algorithm show that AverageL,
CompleteL, DBS, Diana SingleL and WPGMA are appropriate algorithms to reproduce the high-
dimensional structures. However, the stochastic nature of DBS, Clara, and HCL yields different states of
the probability of which only one state is appropriate. The MD-plot of the Davies–Bouldin index suggests
the Markov, MinEnergy, and HCL are appropriate algorithms. An additional high-dimensional example
with a balanced number of instances also leads to inappropriate algorithm selection (SI C Supplementary
Fig. 10), although approaches of knowledge discovery indicate a distance-based cluster structure (SI A,
Supplementary Figs. 3 and 4).

Benchmarking Shows Bias and Multimodal Variance
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Table 1 shows the summarized results of the MD-plots in SI C and D (Supplementary Figs. 10-14). Here,
the error rate is chosen because the number of instances per class is not highly imbalanced except for
outliers, which are de�ned as noise. Table 1 validates the claim of33 because it shows that each global
clustering criterion imposes a particular structure on the data, and only if the data happen to conform to
the requirements of a particular criterion are the actual clusters recovered.

Discussion
The bias and reproducibility of speci�c distance-based cluster structures were investigated systematically
using 34 clustering algorithms. The results shows the pitfalls of

1. Parameter optimization on datasets without distance-based cluster structures.

2. Algorithm selection by unsupervised quality measures on biomedical data.

3. Benchmarking clustering algorithms with �rst-order statistics or box plots or a small number of trials.

The clustering performance on two biomedical datasets (Fig. 1 and SI C. Supplementary Fig. 10)
indicates that the evaluation of datasets and algorithms with the Davies–Bouldin index, the Dunn index
(SI E, Supplementary Fig. 15), and the average silhouette value (SI E, Supplementary Fig. 16) does not
enable researchers to select an appropriate clustering algorithm or result that is contrary to prior claims4.
The best-performing algorithms are often inappropriate for these datasets since prior knowledge about
high-dimensional data (presented in SI A, Supplementary Figs. 1-4) reveals that bias is induced by
evaluating the Davies–Bouldin index, the Dunn index (SI E, Supplementary Fig. 15) or the average
silhouette value (SI E, Supplementary Fig. 16). Recent research reports a signi�cant correlation between
the F1 score and silhouette values4. However, a correlation does not necessarily mean that a valid
relationship between two quality measures (or any two variables) exists (see the counter-example in34).
Here, the silhouette value is misleading for every clustering algorithm because it investigates whether the
cluster structures are spherical23.

This is a general problem of algorithm selection by unsupervised quality measures because such an
approach solely evaluates how well a clustering algorithm is able to partition the data into structures with
a speci�c assumption about the data and unsupervised quality measures possess other biases20

requiring speci�c assumptions about the data. These assumptions should be investigated with
knowledge discovery approaches or be based on prior knowledge. As a consequence, natural high-
dimensional datasets are only useful to benchmark algorithms if the structures are known beforehand
and the prior classi�cation is unambiguous, which is often not the case or remains undiscussed.
Otherwise, benchmarking with high-dimensional datasets and unsupervised quality measures is biased
and could be misleading.

The �rst results section serves as an example of the pitfall in cluster analysis that if no distance-based
structures exist, then algorithm selection and parameter optimization by evaluating an unsupervised
quality measure will not lead to any meaningful results. For high-dimensional data, the existence of
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cluster structures has to be investigated prior to using such a dataset for benchmarking. Both results
imply that optimizing parameters and selecting algorithms without prior knowledge about the data
results in an implicit restriction of the cluster structures that are sought even if they do not exist. This
work outlines that optimization contradicts the typical knowledge discovery approach for biomedical
data. If the values of any unsupervised quality measure are optimized, implicitly, a new clustering
algorithm is created that possesses this quality measure as its global criterion. Without extensive prior
knowledge, either based on medical insights or various knowledge discovery approaches, automation in
cluster analysis for knowledge discovery can be inappropriate.

In the third part, 34 clustering algorithms are compared on arti�cially de�ned data structures and well
investigated high-dimensional data with speci�cally de�ned distance-based challenges, revealing the
biases of these clustering algorithms. Evaluating 120 trials per algorithm enables the visualization of the
PDF of each algorithm’s error rates (SI C and SI D, Supplementary Figs. 10-14). The benchmarking
uncovers variance in half of the algorithms investigated (SI F Table 1) and multimodalities in the
variances of F1 score and error rate in these algorithms, meaning that these algorithms have different
states of probabilities, and for noisy datasets, sometimes no stable clustering solution can be generated.
This �nding means that �rst-order statistics such as the mean and standard deviation or even box plots
are invalid to compare the results of quality measures.

The resulting clusterings of algorithms typically have either a large variance and a small bias (e.g.,
spectral clustering and DBS clustering) or a large bias w.r.t. the distance-based structures investigated
and a small variance in the results (e.g., hierarchical clustering algorithms). The exceptions are the two k-
means clustering algorithms, which have high variance and high bias. Surprisingly, subspace clustering
algorithms are unable to deal with the overlapping convex hulls of Atom, in which the low-dimensional
manifold would be one-dimensional, and the high-dimensional datasets. It seems that subspace
clustering is inappropriate for distance-based datasets. Spectral clustering is clearly affected by noise,
and model-based clustering cannot be used if the dimensionality increases signi�cantly. DBS is the only
algorithm that exploits emergence, which results in the ability to reproduce every structure type because
no global clustering criterion is required. However, it possesses a considerable variance that often has to
be extensively dealt with. In sum, the authors do not want to make any recommendation of which
clustering algorithm outperforms the others, because a complete benchmarking study should be double-
blinded and unbiased, meaning that the authors of the study should not be the inventor of one of the
methods, the authors should not know themselves which algorithm is which before ending the study and
the reviewers should not know which authors performed the study.

However, two points are evident. First, the results of clustering algorithms should be compared over many
trials on previously extensively investigated datasets with various knowledge discovery approaches (e.g.,
SI A, Supplementary Figs. 1-4) or precisely de�ned arti�cial datasets with a speci�c pitfall. Second, global
clustering criteria and unsupervised and supervised quality measures in cluster analysis possess biases
and can impose cluster structures on data. Only if the data happen to meet the structure type is
appropriate validation of the clustering solution possible. Therefore, various knowledge discovery
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approaches are necessary before a highly automated approach for cluster analysis such as ClustEval9 is
applied.

On the one hand, the results shown here are not generalizable in the sense that an algorithm reproducing
the distance-based structure is always able to reproduce the structures of this type. On the other hand, the
results show the clustering algorithms' limitations if distance-based data structures are investigated.
Suppose an algorithm is not able to reproduce structures of a particular type in any trial. In this case, it is
fairly improbable that that algorithm will be able to reproduce such types of distance-based structures in
high-dimensional data or that extensive parametrization will signi�cantly reduce the bias.

Conclusion
Our work emphasizes that only the combination of empirical medical knowledge and an unbiased,
structure-based choice of the optimal cluster analysis method w.r.t. the data will result in precise and
reproducible clustering with the potential for knowledge discovery of high clinical value. It reveals the
challenges of benchmarking and automation of cluster analysis for knowledge discovery. Unbiased
benchmarking of clustering should be performed using arti�cial or extensively investigated datasets to
compare the clustering results with clearly de�ned cluster structures. Then, combining the MD-plot with a
supervised quality measure of apparent and exploitable bias is a possible solution to evaluate clustering
algorithms. The bias in the quality measure has to depend on the dataset.

It is open to the reader to interpret the results and favor some algorithms because it is visible that on
average, two out of three conventional clustering algorithms fail even on the most straightforward
datasets if structures based on the relationships between data points are of interest.

Methods
Benchmarking will be performed on two high-dimensional datasets (d>7000 and d>18,000) and four
arti�cially de�ned data structures with 34 clustering algorithms that are available in a previously
published clustering suite35. The high-dimensional datasets possess one true partition of the data, which
was veri�ed by various methods and a domain expert.

Generation of Distance-Based Data Structures

The following different distance-based challenges are provided for the task of separating data into
homogeneous groups that are heterogeneous to each other. They de�ned distance-based cluster
structures because all class-wise inter-cluster distances are larger than the full distance distribution (SI B,
Supplementary Figs. 7-9, for detailed discussion please see36). If the dimensionality does not become too
high, the full distance distribution is usually multimodal, which can be statistically tested37,38. These data
structures can be generated for arbitrary sample sizes and are described in one of the following ways:
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Linear separable clusters of non-overlapping convex hulls in which the intra-cluster distances can
vary

Cluster structures with overlapping convex hulls

Cluster structures of varying geometric shapes and noise

Complex entangled clusters that can be separated only non-linearly

No existing distance-based structures

Five samples of these arti�cially de�ned data structures are used16. They have a prior classi�cation on
clearly prede�ned structures allowing for only one correct partition of the data. The �ve arti�cially de�ned
data structure types are called Hepta, Atom, Lsun3D, Chainlink, and GolfBall and are selected to address
the issues mentioned above. Detailed descriptions can be found in16.

Choice of High-Dimensional Datasets

Additionally, for cluster analysis, the issue of high dimensionality can arise, which is often coupled with
various effects such as the curse of dimensionality in which distance measures become meaningless.
Moreover, cluster structures with a highly imbalanced number of instances per cluster can be of interest.
Thus, we select two high-dimensional datasets (d=7700 and d=18,000) with distance-based structures (SI
A, Supplementary Figs. 1-4).

The �rst one, the leukaemia dataset (see SI A for a description) with medical diagnoses provided by
experts was selected because it has a high dimensionality by measuring more than 7000 gene expression
levels simultaneously, the cluster sizes are highly imbalanced and acute myeloid leukaemia (AML) and
chronic lymphocytic leukaemia have been accepted as clearly separable entities for many centuries. Only
8 cluster diagnoses have been proposed for AML39, and these categories have only recently been
expanded with respect to speci�c molecular events40. Moreover, AML is a cancer in which the number of
driver mutations in genes required during oncogenesis is relatively small41.

SI A outlines that a clear sub-manifold can be detected in which the subtypes of leukaemia (i.e., CLL,
AML, APL (formerly M3 leukaemia according to the Bennett FAB classi�cation)) are clearly separable
from each other and from healthy individuals. Supplementary Figs. 3 and 4 outline a clear distance-based
cluster structure of the prior classi�cation of an imbalanced number of cluster instances. The dataset
possesses an unambiguous ground truth because it re�ects disease entities with entirely different
therapy approaches. CLL is treated differently from AML, and the AML subgroup APL is treated differently
from all other AML patients42, while healthy individuals do not require treatment at all. Despite the
molecular diversity that leads to the previous AML categorization40, the dataset used here describes the
most fundamental information, which is treatment modality.

In sum, the leukaemia dataset can be evaluated for the purpose of benchmarking, but the usual error rate
would be unfavourably biased because the small clusters are highly relevant from a medical point of
view. Thus, a speci�c F1 score has to be chosen as discussed in SI A because the error rate will have the
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inappropriate bias when weighting the small but relevant class of APL considerably lower than the large
classes of AML and CLL.

The cancer dataset (see SI A for a description) possesses �ve types of diagnoses with more than 18,000
RNA-Seq gene expression levels. The class sizes are approximately balanced. Despite the high
dimensionality of the dataset, distance-based cluster structures are still detectable (SI A, Supplementary
Figs. 3 and 4). However, the dataset is noisier than the leukaemia dataset, and it can be expected that the
given classi�cation is an unstable solution w.r.t. the clustering of distance-based structures.

Conventional Clustering Algorithms and Evaluation Criteria
As suggested in4, for biomedical data, the comparison of an internal index is performed with the F1 score
based on the ground truth, and the error rate is chosen. The error rate (1-accuracy) is used for which the
quality measure's bias is clearly known. The accuracy measure does not penalize an incorrect clustering
of a small class. Therefore, the arti�cially de�ned data structures used have equal-sized clusters except
for one, in which the outliers are used to generate a tiny amount of noise in the data but are irrelevant
w.r.t. the three main clusters.

For every cluster algorithm, the clustering accuracy is calculated across 120 trials. For each trial, the best
of all the permutations of labels with the highest accuracy is selected because algorithms de�ne the
labels with arbitrary clustering w.r.t to the prior classi�cation. Moreover, this approach avoids the problem
described in28 because all permutations are investigated.

For highly imbalanced classes in the leukaemia dataset, the accuracy (error rate) has an inappropriate
bias. Therefore, the micro-averaged F1 score43 cites44 is used as suggested by45. In this case, the best
permutation is chosen, too, as described above.

All clustering algorithms and access to the arti�cial data structures are available in the 'FCPS' package35.
The main parameter set is the number of clusters (NOC in Supplementary Table 1, SI F) if required by a
method. If a kernel radius is required but no default value is accessible, it is estimated by the suggestion
in46. If an additional parameter that has only two options is available, the best option regarding the
accuracy is chosen. More advanced or numerical parameters are set to the defaults (SI F Supplementary
Table 1). SI F provides a detailed overview of clustering algorithms and the abbreviations used in this
work.

Given a valid quality measure for clustering, there are several approaches to evaluate the probability of a
result if many trials are investigated (e.g.,47 and48).

In this work, a mirrored density plot (MD-plots), which is a schematic plot that visualizes the estimated
PDF of "box-plot-like" features as violins32, is used. It was shown that the MD-plot outperforms
comparable violin plots32 because its internal density estimation is particularly suitable for the discovery
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of structures in features, allowing the discovery of mixtures of Gaussians49. The MD-plot is available in
the "DataVisualizations" R package from CRAN32 or in Python in the md-plot package on PyPI.

Computations were performed in R 3.6.1 on Microsoft Azure using the VM size F64s_v2 with the
speci�cation of 64 CPUs, 128 GB RAM, 32 data disks, 80,000 max IOPS with the R package 'parallel' in R-
core for parallel computation.
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Tables
Table 1. Typical distance-based clustering challenges with one example dataset each. The
table summarizes the results of SI C, Fig. 10 and SI D Supplementary Figs. 11-14. No
algorithm is able to reproduce all types of problems with highly stable results. The
challenge that no distance-based cluster structures exist is not included in this table
because benchmarking is not possible in this case.
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Distance-Based
Cluster Structures

Exemplary
Dataset

Dimensionality D
Range of Cluster

Size

Stable
Clustering
Solution

Small Bias
with Minor
Variance

Small Bias and
Unstable

Clustering
Solution

(Multimodality)

Large Bias

Non-overlapping
convex hulls with

varying intra-
cluster distance

Hepta,
D=3

14%-15%

22/34 QT, SOM, Orclus,
HCL,

LBG, Hartigan,
Spectral,

CrossEntropyC

Diana, ProClus,
RobustTrimmed

Overlapping
convex hulls

Atom
D=3
50%

8/34 DBS
 

CrossEntropyC 20/34

Non-overlapping
convex hulls with
varying geometric
shapes and noise

Lsun3D
D=3

24%-49%
(Additionally, 4

outliers as noise)

Fanny,
ModelBased,
Ward, Gini,
HDBSCAN,

Minimax

DBS, Orclus,
CrossEntropyC

 

Spectral,
ProClus

23/34

Linear non-
separable

entanglements

Chainlink
D=3
50%

SingleL,
Spectral,
Spectrum,

Gini,
HDBSCAN

DBS / 28/34

High
dimensionality

with highly
imbalanced
cluster sizes

Leukaemia
D=7447

Range of cluster
sizes: 2.7%-50%
(Additionally, 1
outlier as noise)

AverageL,
CompleteL

Diana,
SingleL,
WPGMA

DBS Clara,
HCL,
QT

25/34
with

ModelBased,
Orclus,

RobustTrimmedC,
CrossEntropyC

and Spectrum not
computable

High
dimensionality

with an unstable
clustering solution

Cancer
D=18,167

Range of cluster
sizes: 10%-17%

Gini Ward DBS, Hartigan,
LBG, Neural

Gas

27/34
with

ModelBased,
Orclus,

RobustTrimmedC,
CrossEntropyC

and Spectrum not
computable

Figures
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Figure 1

The coloured points of the two SOM clusters of the GolfBall dataset16. The �gure on the left shows an
optimal clustering of 0.83 for the Davies–Bouldin index, and the �gure on the right shows the worst case
of 11.8 for the Davies–Bouldin index.
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Figure 2

MD-plots of the micro-averaged F1 score (left) and Davies–Bouldin index (right) across 120 trials for 29
clustering algorithms calculated on the leukaemia dataset. Distance-based structures with imbalanced
classes are not easy to tackle in high-dimensional data. The chance level is shown by the dotted line at
50%. The choice of an algorithm by the Davies–Bouldin index would lead to the selection of the HCL,
Markov or MinEnergy algorithms, whereas using the ground truth shows that AverageL, CompleteL, DBS,
Diana SingleL and WPGMA are appropriate algorithms to reproduce the high-dimensional structures with
low variance and bias. The results for ModelBased, Orclus, RobustTrimmedC, CrossEntropyC, and
Spectrum could not be computed.



Page 18/18

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

01ThrunChallengesInDistanceBasedClusteringSI�leV2.docx

https://assets.researchsquare.com/files/rs-301361/v1/17ab5c304767d65b4642a819.docx

