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a b s t r a c t

Finding interesting patterns in large scatter plot spaces is a challenging problem and becomes even more
difficult with increasing number of dimensions. Previous approaches for exploring large scatter plot
spaces like e.g., the well-known Scagnostics approach, mainly focus on ranking scatter plots based on
their global properties. However, often local patterns contribute significantly to the interestingness of a
scatter plot. We are proposing a novel approach for the automatic determination of interesting views in
scatter plot spaces based on analysis of local scatter plot segments. Specifically, we automatically classify
similar local scatter plot segments, which we call scatter plot motifs. Inspired by the well-known

×tf idf -approach from information retrieval, we compute local and global quality measures based on
frequency properties of the local motifs. We show how we can use these to filter, rank and compare
scatter plots and their incorporated motifs. We demonstrate the usefulness of our approach with syn-
thetic and real-world data sets and showcase our data exploration tools that visualize the distribution of
local scatter plot motifs in relation to a large overall scatter plot space.
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1. Introduction

Nowadays, vast amounts of data are rapidly created in many
application domains and thus the problem of effective and effi-
cient access to large multivariate and high-dimensional data
arises. While in the past, the storage capacity was the primary
problem, today the challenges comprise tasks like detecting in-
teresting patterns or correlations in large data sets. One solution is
to apply suitable visualization techniques and search for hidden
information within the data. Scatter plot visualizations are one of
the most widely used and well-understood visual representations
for bivariate data. They can also be applied for high-dimensional
data via dimensionality reduction or the scatter plot matrix re-
presentation [1]. However, perceiving and finding interesting
scatter plots in large scatter plot collections constitutes a severe
challenge, especially when working with scatter plot matrices.

Manually searching through large amounts of data views is
exhaustive and may become infeasible for high-dimensional data
sets. Recent work in Visual Analytics has focused on computing
interestingness measures, which can be used to filter and rank
large data spaces to present the user a good starting point for
exploration. Specifically, several previous approaches, such as [2–
4], have focused on interestingness measures based on global
properties of scatter plots for ranking and filtering. However,
global interesting scores do not consider the impact of local
patterns, which add to the overall interestingness of a scatter
plot. Often, it is a combination of several different local scatter
plot patterns which by their composition constitute interesting
data views.

Here, we present a novel approach to discover interesting
scatter plot views, which opposed to current quality metrics fo-
cuses on scatter plot interestingness derived from local data
properties. We adapt a minimum spanning tree-based clustering
technique for a non-parametric segmentation of scatter plots as
data preprocessing. Next, we apply ideas from the image analysis
domain to scatter plots. Specifically, we extract visual features as
the basis for clustering local scatter plot segments into groups of
similar patterns, called motifs. Consequently, we are able to
compute an interestingness measure for scatter plots in terms of
the distribution of occurring motifs. Our idea here is that visually
discriminating motifs are considered of interest, since they can be
quickly recognized by the human. We apply a Bag-of-Visual-
Words [5] concept for scatter plots and transfer the idea of

×tf idf -weighting to this domain. Thus, we can derive the inter-
estingness of a local scatter plot motif based on its occurrence
within a given scatter plot and in relation to the occurrence in
other scatter plots of a scatter plot space. We make use of these
local motif-based measurements to rank and filter large scatter
plot spaces.

We claim the following technical contributions:

� We adapt the minimum spanning tree-based clustering tech-
nique for a non-parametric segmentation of scatter plot
diagrams.

� We introduce a motif-based dictionary to assess the interest-
ingness of local scatter plot patterns.

� We define a global interestingness score based on the occur-
rence and similarity of local motifs.

This work is a revised version of an earlier conference article
[6]. In this paper, we contribute several extensions to our initial
approach as follows. First, we extended the related work by dis-
cussion of recent papers on visual abstractions of scatter plot
spaces and generation of projection views from high-dimensional
input data. Furthermore, we also introduce technical extensions
which improve the exploration of local scatter plot patterns.
Specifically, the distribution of local patterns from the local pattern
dictionary can be visually explored by a user-configurable Star
Coordinate view including detail-on-demand. Also, we introduce a
hybrid design for embedding scatter plot motif views within a
Parallel Coordinate display, allowing to relate local scatter plot
patterns with further data dimensions. The made extensions
provide additional contributions and improve the usefulness and
analytical power of the proposed approach.

The remainder of this paper is structured as follows: in Section
2, we discuss related work and show commonalities and highlight
differences. Section 3 gives an overview of our general idea to use
local motif analysis for computing local and global interestingness
measures. In Section 4, we present technical details of our ap-
proach. Section 5 gives an overview of our visual exploration tools
to identify and analyze local motifs. Next, in Section 6, we apply
our implementation to different data sets and showcase a local
motif-driven exploration. Our approach is only a first step to
scatter plot analysis based on local patterns, and we discuss lim-
itations and a range of possible extensions in Section 7. Finally,
Section 8 concludes the paper.

2. Related work

Several works support the exploration of large scatter plot data
sets by means of ranking, filtering and searching functionalities.
We next review a selection of works in the context of our
approach.

2.1. Visualization of scatter plot patterns

Visualizations of scatter plots need to have an appropriate aspect
ratio and scale to reveal correlations, patterns, trends and clusters.
This is challenging since the identification of patterns in scatter plots,
and the notion of interestingness, are subjective in nature and de-
pend on scale and proportions. Most existing aspect ratio optimiza-
tion methods rely on properties of line segments displayed in a plot.
In [7], it is suggested to use segments of a virtual polyline that
connects all existing data points of a scatter plot, or the segments of a
regression line through the plot. Talbot et al. [8] showed that this
approach is suitable for data containing trends, but may be less ap-
propriate for data which do not have this kind of functional re-
lationship. Hence, they proposed a method based on contour lines
resulting from a kernel density estimation, which is able to deal with
pairs of variables without functional relationship. In a recent ap-
proach, Fink et al. [9] presented a scatter plot aspect ratio calculation
that is based on the Delaunay triangulation of the data points. The
authors claimed that the aspect ratio is appropriate if the edges of
the Delaunay triangulation have certain geometric properties. In [10]
a visual separation measure based on extended minimum spanning
tree was presented to derive local patterns in projection mappings.
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Another well-known problem of scatter plots is the degree of
overlapping and overdrawing data points, which makes the
identification of subgroups more difficult. In [11], an abstraction
approach was introduced to group dense data points and to reveal
relationships between subgroups by using smooth contour lines in
combination with different color codings. Another recent work on
visual abstraction has been presented by Chen at al. [12], where a
multi-class sampling technique is presented that reduces the
overdraw and preserves the point distributions for quantitative
analysis. More generally, a study on perceptional factors, which
links scatter plot properties with perceived interestingness and
interpretability is given in [13].

2.2. Feature-based analysis of scatter plots

Automatic identification of interesting candidates within large
sets of scatter plots has recently been an active field of research.
The Scagnostics method [2] is a well-known feature-based ap-
proach, which proposes a set of graph-based measures for scatter
plots, to describe the data properties. While the Scagnostics
method does not require classified data, consistency measures [14]
can further improve the identification of informative scatter plots
for the case that class labels are available. In [15], a multi-step
analysis of large scatter plot matrix spaces was introduced. The
approach is based on visual quality measures, matrix reordering,
and visual abstraction, and supports navigation and analysis in
large scatter plot data.

Often, different scatter plot views need to be compared. In [16],
two-dimensional color-coding was applied to compare sets of
scatter plots for topological relationships. Other works supported
the comparison of sets of scatter plots by automatic and inter-
active approaches. Albuquerque et al. [17] introduced an im-
portance-aware sorting algorithm to find good projections in
scatter plot matrices. A recently tackled problem is the identifi-
cation of interesting subspaces in high-dimensional data, using
scatter plots of projected subspaces. In [18], a sampling approach
was shown that identifies interesting subspace projections for
high-dimensional data sets. In [19], a visual approach for the
identification of interesting subspaces was proposed. It relies on a
clustering-based subspace search method to compute the inter-
estingness score from density and class-separation measures.

2.3. Navigation in scatter plot space

The effectiveness of analyzing large scatter plot data also de-
pends on appropriate navigation facilities. Animated navigation
and extrusion-based transitions between views was proposed in
[20] to navigate in scatter plot matrix spaces. Scherer et al. [21]
introduced a search and navigation interface that is based on the
scatter plots global regression features. In [22], we introduced a
supervised sketching system to search for interesting patterns in a
large scatter plot space. We used image-based features to compare
the similarity of user sketches and data patterns, and provide
clustering methods to analyze associated dimensions. Another
possibility to explore and navigate through scatter plot spaces is
the usage of projection visualizations in connection with extracted
features. For instance, radial projection visualizations like Star
Coordinates or RadViz [23,24] can be utilized to show scatter plot
clusters, trends or outliers by using the features as projection di-
mensions. Lehmann et al. [25,26] introduced a visual guidance
approach for those projection visualizations and proposed a gen-
eralization of both visualizations to achieve a higher degree of
freedom for finding suitable projections. Furthermore, in [27] an
experimental study compared the effectiveness of global features
for ranking scatter plots by similarity.

2.4. Delineation of our approach and novelty

Our work uses a feature-based approach for an interestingness
ranking of scatter plots based on their contained local motifs.
Other than previous approaches, which use global features, we
here consider local properties of interest in scatter plots. Therefore,
we complement global approaches. Our work is inspired by
techniques from image processing and in particular the segmen-
tation of local areas-of-interest in images and feature-based clus-
tering. We employ the idea of a minimum spanning tree-based
clustering, as introduced by Jana and Naik [28], to segment scatter
plots into scatter plot patterns. To the best of our knowledge, this
work is the first to apply the ×tf idf -scheme from information
retrieval [29] for weighting and ranking scatter plot patterns.

3. Overview of our approach

The main goal of our approach is to guide the analyst through
the exploration process, when facing a data set with a large
number of individual scatter plots. Our main idea is to compute a
dictionary of local scatter plot segments from the set of all scatter
plots. The dictionary will contain prototype scatter plot segments
(called motifs) that represent the different local scatter plot shapes
occurring in a given data set. We form this dictionary by first
partitioning all scatter plots into a set of local scatter plot seg-
ments. We then apply a clustering step that produces a number of
clusters (i.e., dictionary entries), which represent the local motifs
occurring in the overall data set. This clustering step relies in turn
on visual features extracted from the individual local scatter plot
segments. Based on a ×tf idf -analysis of the data using this dic-
tionary, we compute interestingness scores for the individual
scatter plots. Fig. 1 shows our analysis workflow, which is detailed
in the following.

Segmentation of local scatter plot patterns: The automatic seg-
mentation of scatter plots is the basis of our interesting measure
and hence requires special attention. Since each scatter plot may
contain a distinct set of characteristics regarding its motifs (e.g.,
number and shape), its points (e.g., density) and the input scale of
the dimensions, a flexible segmentation method is needed. A
manual adjustment of segmentation parameters or the in-
corporation of domain knowledge in the segmentation process is
practically infeasible, because many data sets under consideration
contain possibly thousands or more plots. Therefore, the seg-
mentation technique should be parameter-free and capable of
finding motifs regardless of their shape. Since basic potential
segmentation techniques like k-means or DBSCAN would not sa-
tisfy these requirements, we extended a minimum spanning tree
(MST) based clustering technique. Another important prerequisite
for the segmentation technique is to extract meaningful motifs
that have a strong connection to the human perception. Experi-
ments in [30] have shown that the MST method produces similar
structures in the constellation of connection pairs of points (stars)
as humans. The idea of the segmentation technique is to represent
the data by means of a minimum spanning tree and iteratively
remove the longest edge to derive an appropriate amount local
scatter plot segments. Recent research on MST clustering has been
conducted by Jana et al. [28]. While their MST approach assesses
the clustering quality in each iteration by an internal validity cri-
terion [31], we follow-up on their research by introducing an
outlier-insensitive technique that focuses on larger clusters con-
taining more than one point. Basically, our approach can also be
replaced by single linkage clustering analysis by processing the
pairwise-distances in a certain order. The only drawback is that
our outlier detection approach is not designed for this procedure
and would fail at the initial step. Note that we discuss the impact
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of different quality criteria and their influence on the exploration
process and the final result set in the following Sections. The final
scatter plot segmentation is achieved by considering the clustering
with the overall best assessment.

Dictionary formation: After we have extracted local scatter plot
segments, we compute the motif dictionary by clustering the set of
local segments. To this end, we apply k-means clustering. This
clustering requires an appropriate vector-based description of
each segment. A recent study has shown that edge orientation and
density features are effective to distinguish scatter plot shapes
[27]. We therefore compute these features and feed them into a k-
means clustering to produce the dictionary.

Interestingess score and visual exploration: We compute a mea-
sure of interestingness for each scatter plot. To this end, we rely on
the notion of ×tf idf -analysis from information retrieval. Briefly,
we consider each entry in the dictionary (motif) as a visual word.
Intuitively, a scatter plot which contains one or several instances
of a motif (high term frequency), which does not occur in many
other scatter plots (low document frequency), is considered im-
portant. We use this intuition to define a measure for ranking the
interestingness of scatter plots. Also, given that we have seg-
mentation and dictionary, we can apply color-coding to visualize
the distribution of motifs across many scatter plots for interactive
exploration (see also Section 6.1).

4. Global interest-measure based on local motifs

This section provides a technical overview of our implementation
for detecting interesting scatter plot motifs and presents our ag-
gregation scheme from local to global interestingness scores.

4.1. Automatic motif segmentation in scatter plots

We present an enhanced, parameter-free minimum spanning
tree based clustering method. A core part of the method is the
assessment of the clustering quality, typically defined by si-
multaneously achieving a high intra-cluster and low inter-cluster
similarity. Following up on the research of Jana and Naik [28], we
conduct a performance evaluation with different well-known in-
ternal validity scores (F-Ratio [32], Inter-Intra Ratio [33], Davies-
Bouldin Index [34], Silhouette Coefficient [35]) to qualitatively dis-
cuss the choice of an appropriate clustering quality measure. Each
measurement was applied together with the MST clustering
technique to eight distinct pre-classified, ground truth scatter

plots.1 To test the segmentation approach, we chose scatter plots
that differ in the number of contained clusters, cluster shapes and
cluster densities. The performance of the quality indices was
measured by means of an external cluster evaluation measure-
ment, the Rand Index [36]. In our experiments, the F-Ratio validity
index outperformed the others with an average clustering accu-
racy of 89.3%. Due to this result, we employ the F-Ratio index as a
clustering quality measure. Since the global clustering quality
optimum would be inherently achieved after removing all edges
from the MST and every point would constitute its own cluster we

limit the number of overall clusters to ⎡
⎢⎢

⎤
⎥⎥n

2
with n being the

number of points [37].
By limiting the number of clusters to this threshold, another

problematic issue arises: The removal of an edge, which connects
an outlying point to the MST, can lead to a cluster of size one. By
considering each cluster regardless of its content, the cluster limit
might be reached prematurely. One naïve way to avoid this pro-
blem would be to simply ignore clusters of size one. Although this
would eliminate the case, non-outlier points with only one con-
nection within the MST would be discarded as well. Thus, the
point should be taken into consideration by reducing the cluster-
ing quality score. In order to distinguish outliers from cluster
points, an outlier detection method is applied if the removal of an
edge results in a cluster of size one. We rely on a distance-based
outlier detection method that considers the length of the last re-
moved edge. If the edge length is high, compared to the edge
lengths within an user-defined neighborhood area, then the outer
vertex of the edge is marked as an outlier. Detected outliers are
ignored in subsequent iterations of the algorithm.

For the construction of the minimum spanning tree, several
algorithms are available (e.g., Kruskal's [38] or Prim's algorithm
[39]). The MST algorithms take a connected, undirected graph for
which we suggest to use the graph resulting from a Delaunay
triangulation. This preprocessing step has the advantage to mini-
mize the memory consumption to a linear level, which would
otherwise be quadratic for complete graphs. Since the Delaunay
triangulation is a supergraph of the MST, no relevant information
is lost.

Fig. 1. Proposed analysis workflow to generate a motif-based dictionary and to derive a local interestingness score. The first step is to extract the local segments of each
scatter plot by an adapted minimum spanning tree clustering approach (first and second columns). Then, we extract visual features of the individual local scatter plot
segments (third column). These features are input to a subsequent clustering step done by applying k-means to the set of all segments. This leads to a number of k clusters,
and for each cluster the medoid segment is chosen as the motif to represent the cluster (see last column).

1 Shape sets. Collected by the ‘School of Computing, University of Eastern
Finland’ (http://cs.joensuu.fi/sipu/datasets/) Accessed 05.2015.
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4.2. Dictionary-based interestingness score

After we identified all sets of connected components (scatter
plot segments), we group all similar segments in the scatter plot
space and build a motif-based dictionary. The dictionary contains
information about the distribution and frequency of segments, and
is used to determine the local interesting score. Therefore, the
characteristics of the segments need to be described by a suitable
feature vector. While many different visual features are possible
candidates, we decided to use gradient and density features, as
these have been shown to work robust for global comparison of
scatter plots [27].

To achieve this goal, we generate a normalized image for each
local segment, scaled to the unit square. From these, we compute
edge orientation and density features. Specifically, we subdivide
the normalized image of a segment into a regular 16�16 grid and
compute point density and a histogram of edge orientations for
each cell. In order to robustly extract edge orientations, the seg-
ment images are blurred by applying a Gaussian filter and con-
verted into an edge image with the help of Laplacian image fil-
tering [40]. By means of these visual features, we cluster the
segments regardless of position or axes scales. We apply a k-means
clustering on the feature vectors of all local segments to form the
motif dictionary, as illustrated in the last step of Fig. 1. An essential
step here is the parameter setting k for the number of dictionary
entries, since it influences the quality of the dictionary and con-
sequently the local interestingness score. To determine an appro-
priate setting for k, we developed a visual exploration front end for
experimental tests (see Section 5.1), which visualizes the motif
dictionary for different settings of k.

The set of clusters is the basis for computing the local inter-
estingness score and expresses the uniqueness of a motif, and how
discriminant the motif is regarding the entire scatter plot space.
This means that large motif clusters including many visually si-
milar segments are weighted lower than small motif cluster with
overall rare segments. Accordingly, scatter plots containing several
motifs and especially rare ones are ranked higher, and suggested
for investigation:

( ) =
{ ∈ [ ]} ( )

MU q
p Dict q

1
1

score

Eq. (1) shows the proposed Motif Uniqueness (MU) score and
how we measure the local interestingness for a given segment q.
We divide one by the total number of segments p in the data set
that belongs to the same motif q (i.e., the cluster size of the motif).

4.3. Global interest measure

The overall goal of our approach is to find interesting scatter
plots for the exploration, containing discriminative local motifs.
The global interest measure should reflect the interestingness of a
given scatter plot based on the frequency of its local motifs in the
entire scatter plot space. It is comparable to the text mining ap-
proach ×tf idf [29], which uses the importance of a word to rank a
document in a corpus. Instead of using the term frequency (tf),
that computes the frequency of a term in a document, we use the
motif uniqueness score from Section 4.2. It reflects how interesting
and discriminant a motif is with respect to the corpus/scatter plot
space. The basic idea of this local score is to weight frequent motifs
(e.g., single dots or stripes) lower, and vice versa to weight dis-
criminant motifs (e.g., complex patterns) higher.

The global interestingness measure is derived from these local
factors in combination with an overall interestingness score. It
corresponds to the inverse document frequency (idf) in text
mining. The inverse document frequency is a measure to compute

the overall importance of a term across all documents and follows
the same idea as our second weighting factor that we call inverse
scatter plot frequency (ISPF). The difference to our approach is that
we take the dictionary information and visual features into ac-
count and measure whether a motif is common or rare across all
scatter plots. As shown in Eq. (2), this score is obtained by dividing
the total number of scatter plots N by the number of scatter plots
sp containing one of the motifs in the dictionary cluster, and then
taking the logarithm of that quotient. The substantial idea of this
second weighting factor is to identify if a dictionary entry is based
on many scatter plots containing such a motif, or e.g., just one
scatter plot that contains many identical motifs:

( ) =
{ ∈ [ ]} ( )

ISPF q
N

sp Dict q
log

2
score

All local motif scores of a scatter plot are accumulated to pro-
duce the global interestingness score. Thus, scatter plots contain-
ing different and infrequent motifs achieve a higher score and are
thereby considered as more interesting. Our proposed aggregation
scheme for this interest measure is specified in Algorithm 1. For
comparison reasons, we divide the aggregated global scatter plot
interest score by the number of local motifs. Alternatively, analysts
can use a range factor to prioritize the number of desired motifs
and can penalize scatter plots containing more or less motifs. By
means of this interest measure approach, we are able to auto-
matically extract interesting views for the exploration of large
scatter plot spaces.

Algorithm 1. Computation of a global interest measure.

5. Visual exploration

In this section, we introduce our visual exploration approaches
and demonstrate how it supports the selection of an appropriate
dictionary size.

5.1. Identification of similar local motifs

Selecting an appropriate dictionary size is difficult and has an
impact on the subsequent process of finding local motifs and in-
teresting global scatter plots. Especially for large and complex
data, it is crucial to define a good cluster parameter k. Therefore,
we developed a visual exploration tool to support analysts in the
search process, find appropriate parameter settings, and finally
suggest interesting scatter plots for exploration.

The tool involves a global overview in the form of a scatter plot
matrix and a detailed dictionary view of all clustered motifs, as
depicted in Fig. 2. It allows the analysts to experiment with dif-
ferent clustering settings for a given data set. The dictionary view
provides insights into the quality of the parameter setting and
shows core information like cluster representatives and cluster
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size. The cluster size indicates the frequency of a particular re-
presentative motif in the scatter plot space. Moreover, it hints on
the practicability of the chosen clustering parameter k. To re-
present the cluster, we chose the local segment, which is the
nearest neighbor to the k-means prototype. By clicking on a dic-
tionary entry, all cluster members of a motif will be highlighted in
the linked scatter plot matrix. Conversely, it is possible to highlight
all corresponding motifs by clicking on a given segment in the
scatter plot matrix. Moreover, we distinguish by different color-
codings the different motifs occurring in the data set. Thus, users
can quickly recognize the distribution of individual motifs across a
large scatter plot space. A further benefit of this overview is that
users can estimate whether the cluster extraction threshold is
configured appropriately, or whether the number of clusters
should be increased or decreased.

5.2. Vector space of local motifs

Besides the global scatter plot matrix, a projection visualization
of all local scatter plot segments can be used to assess the dic-
tionary quality. By means of this view, analysts may better un-
derstand the feature vector space of the local motifs and can re-
adjust the settings to achieve a more reasonable dictionary. As a
basis for the local motif projection view, a visualization technique
is needed, which is capable of displaying high-dimensional data.
We chose the Star Coordinate visualization [23] as it fulfills this
requirement and already provides sophisticated interaction me-
chanisms, such as axes rotation and modification, which support
the understanding of high-dimensional spaces. Each point in the
resulting visualization is a projection of the original feature vector
and can be seen as a link back to a local pattern, as well as to the
scatter plot it was originally taken from. The visualization itself
uses a two dimensional plane on which axes are arranged in a
circular manner - one axis for each dimension of the original data
space. The axes have initially the same length and equal angles
between each pair of them. In order to project a data point onto
the two dimensional plane, the value of each dimension is mapped
to the corresponding axis. Thereby, the highest value within a

dimension is always mapped to the end of the axis while the
smallest value is mapped to the origin in the middle of the plane.
After that, these single mappings are linearly combined to achieve
the data points final position. This can also be formalized mathe-
matically by the following equation:

∑=
→

+ ⎯→⎯ · −
− ( )=

p O a
d min

max min 3
j

i
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i
ji i

i i1

where pj represents a data point = ( … … ) ∈ ⊂d d d d d D, , , , ,j j j ji jn
n

1 2

after projecting it onto the 2D plane. Furthermore,
→
O is the posi-

tion vector of the origin, ⎯→⎯ ∈a Ai is a two dimensional axis vector
with = 〈⎯→⎯ ⎯→⎯ … ⎯→⎯ … ⎯→⎯ 〉A a a a a, , , , ,i n1 2 and mini and maxi are the mini-
mal and maximal values of dimension i.

The user is able to modify this projection and hence the re-
sulting view by modifying one or more of the axes. An axis can be
dragged resulting in a change of its direction and length. A mod-
ification immediately updates the visualization and enables the
user to follow the re-projected points. While points which are
projected to zero in a dimension are not influenced by a mod-
ification of the respective axis, higher values will result in a faster
movement. Thereby, the user establishes a natural grasp of the
data values and their dependency regarding the respective di-
mension. Another benefit of this visual effect is that overdrawing
points become visible by modifying the dimension axes. A de-
monstration of the projection visualization is shown in Fig. 3.

Since we use a visual way of exploring the feature vectors, it is
also essential to have access to the original local patterns to which
points in the visualization refer. To that end, an user can hover the
mouse cursor over any point and the respective scatter plot from
which the pattern was originally taken shows up in form of a
tooltip. The tooltip depicts the local pattern colored in red while
the remaining points of the scatter plot are displayed in blue.
Furthermore, points can be selected in order to get additional in-
formation about the underlying data values or their distribution.
Selecting a point will also highlight sibling patterns which means
that all local patterns originating from the same scatter plot will be
marked. This enables the user to compare the local contents of a

Fig. 2. Scatter plot matrix overview of the synthetic data set and the resulting dictionary with five entries. The first 15 dimensions consist of Gaussian clusters and the last
rows are combinations with the Aggregation data set. By means of the displayed dictionary view and the corresponding color coding, analysts can easily determine a good
dictionary size for a given data set. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)
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single scatter plot and helps to evaluate whether the scatter plot
consists of very different or rather similar patterns. Fig. 4 shows
the selection of a local pattern and its corresponding auxiliary
visualization in form of the original scatter plot.

Relevance score: With an increasing number of feature vector
dimensions, also the number of corresponding axes grows ac-
cordingly. Hence, in order to create an informative view, the user
has to select and modify one or more axes from a big number of
potential candidates. Choosing the right axes is so far not prac-
ticable since the user cannot predict the visual impact of the dif-
ferent axes until he modified each of them manually. In this con-
text, Chen recently studied several Star Coordinate visualization
models and described a heuristic rule how to effectively work with
this type of visualization [41]. Chen differentiates between “vi-
sually dominating dimensions” dimensions (axes) whose mod-
ification result in a significant change of the view and “fine-tuning
dimensions” dimensions that have no or only a small influence on
the visualization. Chen's suggestion is to start modifying axes
corresponding to “visually dominating dimensions” and use axes
of “fine-tuning dimensions” to finalize the visualization. Since
this heuristic seems reasonable, we follow Chen's suggestion and

introduce a relevance score to identify these types of dimensions.
We consider the distances between differing points within each
dimension and calculate an average distance to determine the
score. A high average inter-point distance will thereby lead to a
notable change of the visualization while dimensions solely con-
sisting of very similar values will show a homogeneous movement
of all points (i.e., every point will move almost the same amount in
the same direction). Let = ( … )S s s s, , ,d d d dn1 2 be an ascending or-
dered sequence of real numbers corresponding to the feature
vector values of one particular dimension d, then Rd denotes d's
relevance score defined by the following equation:
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Fig. 3 shows the relevance score Rd mapped to the color of the
corresponding axis. Red indicates a high relevance value and
hence a “visually dominating dimension”, green indicates a “fine-
tuning dimension” and gray displays a dimension that has no vi-
sual influence at all.

Fig. 5 exemplifies a modification of the initial Star Coordinate

Fig. 3. Initial Star Coordinate projection by visualizing the local motifs of the eurostat data set (see more about the data in Section 6.2). Each point represents one local scatter
plot segment, which is highlighted in red within a tooltip. All points in the projection view are mainly influenced by the four dominating axes (colored in red, orange and
dark green) and thus are located at the bottom right corner. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this
paper.)

Fig. 4. Illustration of a local pattern selection. The red point depicts the selected scatter plot segment and is highlighted in the corresponding tooltip (red points). By selecting
a local pattern, all sibling patterns will also be highlighted in the projection view (orange and green points). (For interpretation of the references to color in this figure
caption, the reader is referred to the web version of this paper.)
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visualization (seen in Fig. 3), in which we spread out the four most
dominating axes to the corners and decrease the length of all other
axes that have little or no influence on the projection space. Thus,
the projection space can be fully exploited by using the most
meaningful axes and simplifies the detection of similar local pat-
tern groupings. By taking a closer look at the highlighted scatter
plot patterns, we can already clearly identify separated groupings
of local patterns in the projection space. At the lower region of the
projection space are patterns located, which contain wide-spread
motifs (blue tooltips), skinny linear motifs are located left (purple
tooltips), and motifs including small dense point clouds are lo-
cated at the top (green tooltips). By just considering the motifs at
the outer rim of the projection space, we are able to identify three
different groupings.

6. Application of motif-based dictionary

We now demonstrate the usefulness of our interest measure
and the global scatter plot ranking by means of our visual ex-
ploration tools. First, we use a synthetic data set as a proof-of-
concept to showcase our proposed interest measure. We then
make use of the interest measure on a real-world data set and
explore the suggested scatter plots.

6.1. Synthetic data: interestingness measure

We created a synthetic data set by merging 15-dimensional
Gaussian clusters with the two-dimensional Aggregation data set
presented in [42]. Since, the aggregation data set consists of a
small sample size (788 records), we randomly created Gaussian
clusters with the same size and merged the data, as illustrated
in the background of Fig. 2. The original scatter plot of the

aggregation data set is located at the bottom right corner of the
matrix. The experiment was designed to depict that motifs of the
Gaussian dimensions (purple motif), which appear more often will
also result in a low local and overall interestingness score. In
contrast, scatter plots that were merged with one of the ag-
gregation data dimensions (last two rows) contain more complex
and outstanding motifs, and will thus be rated more interesting.

The first step of our approach is to determine the interesting
scatter plot segments by running our adapted MST approach (see
Section 4.1). After the segmentation step, we have extracted 282
local segments from 136 scatter plots. When looking at the scatter
plot matrix (Fig. 2 – background), one can see that the data set
contains only a few kinds of different motifs. In this case, we re-
commend choosing a small k (e.g., between three and five) to keep
the quality of the dictionary high and clearly separate the different
motif shapes. Choosing a too large dictionary size would lead to
splitting up the homogeneous motifs of the Gaussian clusters into
several dictionary entries and thus will distort the local interest-
ingness score. On the contrary, a too small dictionary size will
merge dissimilar motifs and also negatively influence the ranking.

In the experiment, depicted in Fig. 2, we found a good dic-
tionary setting by using the combined image descriptor, which
takes the edge orientation and density of a motif into account and
chose a dictionary size of five. Thus, we received a dictionary with
five well-separated clusters, containing a negative trend motif
(green), positive trend motif (red), sparse point clouds (orange),
dense point clouds (purple) and a motif cluster with wide-spread
distributions (blue). The largest motif cluster is represented by the
purple color with 163 similar segments, followed by the orange
cluster with 105 segments. As one can see, all patterns are highly
similar in the scatter plot space except those from the original
aggregation data set and the two scatter plots in combination with
the first dimension. Consequently, our interest measure ranks

Fig. 5. Modification of our initial Star Coordinate projection view (shown in Fig. 3). The four dominating axes are widely spread to the corners in order to reduce overdrawing
points and simplify the detection of similar local pattern groupings. Different motif types are spatially divided in the projection space. (For interpretation of the references to
color in this figure caption, the reader is referred to the web version of this paper.)
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scatter plots with the purple and orange motifs less interesting
than the other motif groups. A result overview of the six top-
ranked scatter plots is shown in Fig. 6. As expected, the three
scatter plots containing deviant motifs achieve the highest global
scores. The reason why the first three scatter plots received sig-
nificantly higher scores is due to their higher ranked local motifs.
The original aggregation scatter plot has been ranked third after
the two line shaped scatter plots, because of the poor local score of
the two purple motifs. Very unexpected was the incident that all
other scatter plots derived from the two aggregation data di-
mensions are not in the top six results. This can be explained by
the fact that scatter plots on rank four to six also contain the
higher ranked motifs of the orange and green dictionary entry.

6.2. Real-world data: interestingness analysis

The second evaluation data set is retrieved from the eurostat2

data repository. The data repository provides in total 5500 data
sets each containing information about a European related topic,
such as economy, population and industry. We extracted a data
subset containing 27 statistical attributes (e.g., population density,
duration of working life, electricity consumption by households,
etc.) from 28 EU countries that show temporal changes over the
last decades. From these 27 dimensions, we created a scatter plot
matrix (bottom half) resulting in 351 unique scatter plots ( ×27 26

2
) in

which each data instance (point) represents one country at a
specific year. scatter plots one for each pair of dimensions The
corresponding scatter plot matrix is illustrated in Fig. 7.

As in the previous example, we start the interestingness search
process with segmenting the scatter plot space into local segments
and select a good setting for the dictionary. Our segmentation
approach returned 1549 local segments of the 351 scatter plots.
We are using the combined image descriptor for characterizing the
motifs in this experiment. By exploring the projection space of the
local motifs (see Fig. 5), we first roughly estimate the dictionary
size between 8 and 14. Then we iteratively highlight the most

considerable motifs in the scatter plot matrix to identify the si-
milarity of a dictionary entry and thus proof the quality of the
settings. Finally, we decided to choose a dictionary size of 11 for
further analysis. As Fig. 7 depicts, one can clearly recognize the
dependencies between similar motifs and the dimensions in the
scatter plot matrix. For instance, if we consider the brown motif
class (dictionary cluster ID 7), we are able to identify all the dic-
tionary items in column two, four and five. The same applies to the
orange motif class with sparse negative trend direction (dictionary
cluster ID 10), which are mostly located in rows 16 and 18. Finding
such properties in the scatter plot matrix may lead to first insights
in the local motif analysis.

The top ranked scatter plots of our chosen setting are outlined
at the bottom left corner of our visual exploration tool. An en-
larged excerpt of the best six rankings is also shown in Fig. 7. On
closer inspection, we can see that all suggested scatter plots con-
tain significant motifs, which may be interesting to analyze. As an
analysis example, we want to focus on the scatter plot ranked on
the third place. The scatter plot shows separated motifs with
several positive trend directions shifted on both axes. These motifs
describe the relation between the mean duration of working life
against the mean age of women at childbirth of the population in
all EU countries. It becomes clear that the total work duration of
women decreases when they become a mother earlier and for
some reason, can no longer work. Additionally, it would be inter-
esting to analyze these different groupings in relation to other
non-numerical attributes, such as geolocation and see which
countries share similar characteristics and how they change over
time.

7. Discussion of limitations and extensions

In our approach, we are interested to guide the exploration of
scatter plots based on the notion of interestingness of local motifs
in large scatter plot spaces. The concept of local pattern analysis is
novel in that it extends beyond most feature-based scatter plot
analysis methods, which consider global scatter plot features. Our
solution is a first step to extend the analysis for local scatter plot
patterns and depends on the choice of methods applied. Our

Fig. 6. The six most interesting scatter plots of the synthetic data set for exploring local motifs. The global scores are obtained by aggregating all local motif scores
( ×MU ISPF ) of a given scatter plot. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)

2 Statistical Office of the European Union (http://ec.europa.eu/eurostat). Ac-
cessed 02.2016.
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prototype is implemented in Java for front-end UI's and uses the
JFreeChart library3 for displaying interactive scatter plots. The
back-end computational modules for clustering are written in R4

and are connected with the front-end via the rJava interface.5 For
computational reasons, we first precomputed all scatter plot seg-
ments by our MST implementation and stored the feature vectors
into a java-based database.

Regarding the segmentation, many alternatives could be con-
sidered. First, data space segmentation approaches are possible,
but also, image-based segmentation approaches could be con-
sidered. While our implemented approach is based on partitioning
distributions in the data space, other data space segmentation
approaches are possible. For example, a regression tree can be
learned for finding a (non-)linear partitioning of the scatter plot
space. Alternatively, a wide range of options from the image ana-
lysis community are available and not yet explored on scatter
plots. We are planing to experiment with convex hull calculations
on the rendered scatter plot images to find local motifs. One ad-
vantage of this approach is that data space axis ranges are nor-
malized by definition, such that their treatment is not important
anymore. In our case, we normalize each scatter plot segment for
the unit square. While this normalization supports easy extraction
and comparison of features, it ignores different scales, aspect ra-
tios and spatial relations among the patterns. All of this could be
taken into account by extending of the feature vector, based on the
application need.

Then, we are planning to integrate further motif descriptors in
our system. While currently, an edge-descriptor and a density-
based descriptor proved useful for our case studies, we expect that
a greater variety of scatter plot motifs can be described with other
feature descriptors. One option is to apply Hough analysis to detect

presence of basic shapes in scatter plots such as lines or areas and
form a descriptor from these. Other than that, regressional fea-
tures, such as described in [21], could be integrated. One ad-
vantage of the latter descriptor is that it can be interpreted in
terms of a regression model, where as the density and edge or-
ientation features used here, are low-level and cannot be easily
interpreted by the user. These descriptors will bring an advanced
semantics level in the motif detection, which needs to be under-
stood and researched more extensively.

Indeed, a key design issue is the definition of an interestingness
function based on motif distributions. Our proposed score is ba-
sically representing the notion of outlyingness (or sparsity).
However, many other notions of interestingness could be defined,
based on the motif distribution. For instance, a distribution where
specific combinations of motifs in a scatter plot occurring fre-
quently, could be valuable.

We exploit the motif analysis and ranking in an interactive
scatter plot matrix representation, which allows users to compare
and overview the different motifs by color-coding. The visual ex-
ploration tool could be enhanced in several ways. An overlay of
cluster members with semi-transparent drawing may be effective
to this end. So far, we draw each local pattern in its original shape,
showing the cluster (motif) membership by color coding. An al-
ternative that could scale better for large scatter plot spaces, might
be to abstract the shape of each motif and replace each occurrence
of a motif in a scatter plot by its simplified version. The recently
proposed so-called Visual Guidance Pictograms [25] could be a
starting point to this end.

Finally, one might improve the visual exploration tool by including
additional non-numerical attributes, such as geolocation or textual
data, to gain further information about the extracted motifs. Thus, for
instance, it could be examined why certain motifs differ in their
shapes or similar motifs are shifted along a scatter plot axis. Another
idea would be to extend other existing visualization techniques for
motif analysis. The traditional parallel coordinate plot could be

Fig. 7. Our visual exploration tool for global and local scatter plot analysis. By means of this tool, analysts can derive different motif-based dictionaries by adjusting the
parameter settings and thus achieve various interesting scatter plots suggestions for exploration. The parameter settings, dictionary view and the resulting global interest
ranking are located on the left hand side. Local motifs of a given setting can be highlighted in the scatter plot matrix to assess the dictionary quality. (For interpretation of the
references to color in this figure caption, the reader is referred to the web version of this paper.)

3 http://www.jfree.org/jfreechart/
4 https://www.r-project.org/
5 https://www.rforge.net/rJava/
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extended with visual motif axes to analyze the extracted motifs along
other numerical or categorical axes. We already have taken the first
step into this direction and implemented a prototype visualization,
which connects visual motifs with other numerical attributes inside a
parallel coordinates visualization, as shown in Fig. 8. We have taken a
scatter plot containing a high interest score and extracted its four
local pattern on a visual axis of the parallel coordinates plot. The two
lower motifs represent small point clouds that are only related to a
few data records (polylines), whereas the two upper motifs represent
large significant patterns and are also connected to many data records
in the parallel coordinates plot. By just considering the polylines of
the two upper motifs (Fig. 8(a) – orange and Fig. 8(b) – purple), we are
already in the position to discover dimensional dependencies based
on the extracted motifs.

Beyond these ideas for technical extensions, we realize that our
approach should also be evaluated together with domain data
analysts. Local scatter plot analysis is potentially useful in all do-
mains where several patterns need to be distinguished and related
in respective scatter plots. Examples may include the business
domain, where a customer segmentation and relationship analysis
is needed. Another domain is analysis of earth observation data
[21,27], where e.g., different natural phenomena could mix in a
single data set, giving rise to locally relevant patterns. Future work
should elaborate such application cases and assess the effective-
ness of local scatter plot analysis.

8. Conclusion

We introduced a novel workflow in which we analyze the in-
terestingness of automatically extracted local motifs to guide the
exploration in scatter plot data. To assess the overall interesting-
ness, we adapted the ×tf idf scheme from information retrieval to
the domain of scatter plot motifs. We derive the interestingness of
local scatter plot motifs based on its occurrence among and within
the scatter plot space. Furthermore, we developed interactive vi-
sual exploration tools with brushing and linking that supports
analysts to find appropriate motif dictionaries and suggests in-
teresting scatter plots for exploration. Finally, we applied the
workflow on a synthetic and real-world data set to demonstrate
how it can efficiently lead to interesting discoveries of local motifs.
Our approach is only a first step into the direction of local analysis

in large scatter plot spaces, and we have discussed a range of ex-
tensions to be done in future work.
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