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Figure 4 lllustration of heatmaps, within-cluster and
between-cluster distance views. The within-cluster distance
view shows the quality of fit of each record to its cluster
(orange). The between-cluster distance view shows the quality
of fit of each record to each other cluster (violet).
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Figure 5 A montage of distance views showing different
distance metrics for the same cluster.
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Figure 6 Example of five clusters, shown in heat maps,
within-cluster distances shown to its right as bar charts, and
between cluster distances on the far right as grayscale heat
maps.

row associations intact. We do not display the within-
cluster distances in the matrix, which results in empty
cells along the diagonal. This view helps analysts to
investigate ambiguous records and supports them in
judging whether the number of clusters is correct: if a
lot of records have high distances to all clusters, maybe
they should belong to a separate cluster. On demand,
the heatmaps can also be sorted by any column in the
between-cluster distance matrix. As an alternative to
the bar charts, we also provide a grayscale heat map for

between-cluster distances (see Figure 6), which scales
better when the algorithm produced many clusters.

Visualizing Probabilities for Fuzzy Clustering

Since our tool also supports fuzzy clustering (R II)
we provide a probability view, similar to the dis-
tance view, to show the degree of membership of each
record to all clusters. In the probability view, the bars
show the probability of a record belonging to a current
cluster, which means that long bars always indicate a
good fit. As each record has a certain probability to be-
long to each cluster, we use a threshold above which a
record is displayed as a member of a cluster. Records
can consequently occur in multiple clusters. Records
that are assigned to multiple clusters are highlighted
in purple, as shown in Figure 7, whereas unique records
are shown in green. As for distance views, we also show
probabilities of each record belonging to each cluster
in a matrix, as shown in Figure 7 on the right.
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; Figure 8 Example of a cluster division into three different

subsets determined by two black sliders: (1) reliable, well
fitting groups of elements (greenish color), (2) uncertain
groups (blueish) and (3) unreliable, non-fitting elements
(white color). The divisions are shown as separate column and
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Figure 7 Example of three clusters produced by fuzzy
clustering, shown in heatmaps. The probabilities of each
patient belonging to their cluster are shown to their right.
Green bars represent elements unique to the cluster while
purple indicates patients belonging to more clusters. The
between-cluster probabilities are displayed on the right.

Cluster Refinement
Once scientists have explored the cluster assignments,
the next step is to improve the cluster assignments if
necessary (R VI).

Splitting Clusters

To support splitting of clusters, we extended StratomeX
to enable analysts to define ambiguous regions in a
cluster. The distance views also contain adjustable
sliders that enable analysts to define up to three re-
gions, to classify records into good, ambiguous, and
bad fit (the green, light-green, and bright regions in
Figure 8). By default, the sliders are set to the second
and third quartile of the within-cluster distance distri-
bution. Based on these definitions, analysts can split
the cluster, which extracts the blocks into a separate
column in StratomeX, as illustrated in Figure 8). This
new column is treated like a dataset in its own right,
such that the distance views show the distances to the

related to the original cluster by colored ribbons.

new centroids, and clinical data can be interactively
stratified based on these new blocks. However, these
splits are not static: it is possible to dynamically ad-
just both sliders and hence the corresponding cluster
subsets. In the context of fuzzy clustering, clusters can
also be split based on probabilities. Clusters that were
split and evaluated can then be re-integrated in the
source column.

Refining Split Clusters

Splitting just on distances does not guarantee that the
resulting groups are as homogeneous as they could be:
all they have in common is a certain distance range
from the original centroid. To improve the homogene-
ity of split clusters, we can dynamically shift the ele-
ments between the clusters, so that the elements are
in the cluster that is closest to them, based on the
k-Means algorithm. In the future, we also plan on in-
tegrating re-clustering of individual blocks using arbi-
trary algorithms following this example.

Merging and FExclusion

Our application also has the option to merge clusters.
Especially when several clusters are split first, it is
likely that some of the new clusters exhibit a simi-
lar pattern, and that their distances also indicate that
they could belong together, which can be addressed
with a merge. We also support cluster exclusion since
there might be groups or individual records that are
outliers.

Integration with StratomeX

The original StratomeX technique already enables
cluster comparison R III through the columns and
ribbons approach. It also is instrumental in bringing
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in contextual information for clusters R VII, as men-
tioned before. This can, for example, be used to asses
the impact of refined clusterings on phenotypes. Fig-
ure 9 shows the impact of a cluster split on survival
data, for example.

Usage Scenario

A common question in clustering is how to determine
the appropriate number of clusters in the data. While
there are algorithmic approaches, such as the cophe-
netic correlation coefficient [31], to estimate the num-
ber of clusters, visual inspection is often the initial step
in confirming that a clustering algorithm has separated
the elements appropriately. In this usage scenario we
use our approach to inspect and refine a clustering re-
sult provided by an external clustering algorithm and
to confirm our results with an integrated clustering
algorithm.

We obtained mRNA gene expression data from
the glioblastoma multiforme cohort of The Cancer
Genome Atlas study [2] as well as clustering results
generated using a consensus non-negative matrix fac-
torization (CNMF) [32]. Verhaak et al. [2] reported
four expression-derived gene expression subtypes in
glioblastoma, which motivated us to review the auto-
matically generated, uncurated, CNMF clustering re-
sults with 4 clusters. Visual inspection indicates that
clusters named Group 0 and Group 1 contain patients
(see Figure 10, leftmost column) that appear to have
expression profiles that are very different from the
other patients. Using the within-cluster distance vi-
sualization and sorting the patients in those clusters
according to the within-cluster distance reveals that
the expression patterns are indeed very different and
that the within-cluster distances for those patients are
also notably larger than for the other patients. Re-
sorting the clusters by between-cluster distances to
the other 3 clusters, respectively, shows that these pa-
tients are also different from the patients in the other
clusters (see Figure 10).

Using the sliders in the within-cluster distance vi-
sualization and the cluster splitting function we sepa-
rated aforementioned patients from the clusters named
Group 0 and Group 1. Because their profiles are very
similar, we merged them into a single cluster using the
cluster merging function. The expression profiles in the
resulting new cluster look homogeneous and are visi-
bly different from the expression profiles in the other
4 clusters. We examined patient survival times and
age a disease diagnosis across the 5 clusters and did
not observe any notable differences in the new clus-
ter (see Figure 10). Since the web-based prototype
of StratomeX is currently still lacking the guided ex-
ploration features of the original standalone applica-
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tion [12], we were unable to identify a meaningful cor-
relation between the new cluster and mutation and
copy number calls or to identify significantly overlap-
ping clusters in other data types.

However, we also compared the five clusters derived
from the original 4-cluster CNMF result with other
clustering results computed on the same gene expres-
sion matrix and found, for example, that 3-, 4-, and
5-cluster k-Means clustering results using Euclidean
distance and the k-means algorithm include almost ex-
actly the same cluster that we identified in the CNMF
clustering results using visual inspection and manual
refinement.

Implementation

Our tools are fully integrated with the web-version
of Caleydo StratomeX. The clustering algorithms and
distance computation are implemented as server plu-
gins for Caleydo Web [33] in Python. We use the
algorithms as implemented in the SciPy and the
NumPy libraries. The front end is implemented as a
client-side Caleydo web plugin and uses JavaScript
and D3 [34]. The source code is released under the
BSD license and is available at https://github.com/
K3rnlndtor/stratomex_js.

Scalability and Limitations

Our methods are limited by the inherent limitations of
StratomeX: when working with a large number of clus-
ters, ribbons between the individual columns can cre-
ate clutter. We observe that 10-15 clusters can be used
without too much clutter. Also, the number of columns
is limited to about 10 on typical displays. In terms
of computational scalability, we found that even the
computationally complex clustering algorithms such
as affinity propagation execute almost interactively for
a dataset with about 500x1500 entries, and complete
within one to two minutes for a genomic dataset with
about 500x12000 entries on our t2.micro Amazon EC2
instance with 1 CPU and 1 GB memory.

Our implementation currently cannot appropriately
compare columns clustered with fuzzy algorithms, as
the ribbons connecting the columns assume that ev-
ery row exists only once. We plan on addressing this
limitation in the future. Also, there are certain minor
improvements of the user interface, for example, for
the cluster dialog, that we intend to implement.

Discussion and Conclusions

Clustering is an important yet inherently imperfect
process. In this paper we have introduced methods to
evaluate and refine clustering algorithms for the ap-
plication to matrix data, as it is commonly used in
molecular biology. In contrast to previous approaches,
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MRNA (Affnity) patient daystod..

Figure 9 Overview of the improved StratomeX. The first column is stratified into three groups using affinity propagation. Distances
between all clusters are shown. The second column shows the same data but is clustered differently using a hierarchical algorithm.
Notice that Group 2 in the second column is a combination of Group 1 and Group 2 of the first column. The second block (Group 1)
of the second column is split, and we see clearly that the patterns in the block at the bottom is quite different from the others. This
block also exhibits a slightly differing phenotype: the Kaplan-Meier plot shows worse outcomes for this block. The rightmost column
shows the same dataset clustered with a fuzzy algorithm. Notice that the second cluster contains mostly unique records (most bars
are green).
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Figure 10 Results of manual cluster refinement and comparison with additional data types and clustering results. The original
clustering is shown in the leftmost column. After sorting by within-cluster distances, the bottom sections of the corresponding blocks
contain the expression profiles with poor cluster fit. The second column from the left shows the manually refined clustering with 5
clusters. The Kaplan-Meier plots show patient survival for each of the 5 clusters in the second column. The three rightmost columns
are k-Means clustering results computed with the software. The derived cluster in the second column from the left is highlighted and
the orange bands indicate overlap with patients in the selected cluster.

we combine visualization of the data directly with vi- refinement of clusters while associating the updated

sualization of cluster quality. We also allow interactive  clusters with contextual data, which allows analysts
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to judge clusters not only by the data used for clus-
tering, but also based on effects observable in related
datasets.

In the future, we plan on extending our work to
datasets that are not in matrix form. This will require
novel visual representations, as there is no equivalent
to the well-defined borders of cluster blocks when clus-
tering graphs or textual data.
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