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Abstract

Analyzing movements in their spatial and temporal context is a complex task. We are additionally interested in
understanding the movements’ dependency on parameters that govern the processes behind the movement. We
propose a visual analytics approach combining analytic, visual, and interactive means to deal with the added
complexity. The key idea is to perform an analytical extraction of features that capture distinct movement char-
acteristics. Different parameter configurations and extracted features are then visualized in a compact fashion to
facilitate an overview of the data. Interaction enables the user to access details about features, to compare fea-
tures, and to relate features back to the original movement. We instantiate our approach with a repository of more
than twenty, accepted and novel, features to help analysts in gaining insight into simulations of chaotic behavior
of thousands of entities over thousands of data points. Domain experts applied our solution successfully to study
dynamic groups in such movements in relation to thousands of parameter configurations.

Categories and Subject Descriptors (according to ACM CCS): Human-centered computing — Visualization — Visu-

alization application domains — Visual analytics

1. Introduction

Visual analytics has become an indispensable means to help
us understand the characteristics of movements in space and
time [AAB*13a]. Here, we address movements that were
synthesized in an effort to simulate processes that are dif-
ficult to observe otherwise. Such simulations are typically
controlled by parameters whose influence on the simulation
outcome is not clear upfront. So, in addition to investigating
movement in space and time, there is also the need to under-
stand the movement’s dependency on the parameter config-
uration.

The analysis of parameter dependencies is a rather chal-
lenging issue [OJ14], particularly for simulations of com-
plex movements. A reason is that we have to integrate the
visual representation of parameter configurations with the
corresponding movement in a comprehensible way. On top
of that, there might be thousands of different configurations,
each resulting in thousands of unconstrained or even chaotic
movements. In such cases, severe clutter and over-plotting
will make it hard to discern even basic movement character-
istics from the data, not to mention gaining insight into the
influence of parameters.
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The related work reviewed in Section 2 indicates that ex-
tracting and visualizing high-level features can be more ap-
propriate than showing the raw data. For example, time-
evolving features have been used successfully to explore and
compare single group movements [VLBSF14]. However, ap-
proaches are still lacking to analyze all movements belong-
ing to a specific parameter configuration and to explore these
in regard to all alternative configurations. To close this gap,
we tightly integrate analytic, visual, and interactive means in
anovel visual analytics approach for studying chaotic move-
ment data with regard to the underlying parameterizations.
The abstract outline of our approach is as follows:

Analytic: We extract high-level features to capture the char-
acteristics of all movements belonging to a specific pa-
rameter configuration. We consider basic features, group
features, and region features. Advanced features further
increase the level of abstraction.

Visual: We visualize the features via a novel visual de-
sign that integrates (i) an overview of all movements con-
joining feature and parameter distributions and (ii) detail
views reflecting certain aspects of the high-level features
back onto the low-level raw data.
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Interactive: We provide interaction techniques facilitating
the analysis of parameter dependencies of movement fea-
tures, the exploration of feature evolution with regard to
individual parameter configurations, and the comparison
of features corresponding to different configurations.

The analytic feature extraction and the interactive feature
visualization are detailed in Sections 3 and 4, respectively. In
Section 5, we demonstrate our solution by applying it to ana-
lyze chaotic movements simulated for thousands of different
parameter configurations over thousands of time steps.

2. Motivation and Related Work

Next, we outline the motivation for our research and discuss
the related work in visual analytics of movements and pa-
rameter dependencies.

2.1. Motivation

Our work is motivated and driven by recent advances in sys-
tems biology. In particular, research on spatial simulation
has gained momentum as it expands our ability to under-
stand biological phenomena [Kho06, TTNtW 10, HBRU13].
The key idea is to abstract from nature’s details and create
generic models of biological processes. Some of the details
abstracted away during the modeling are captured in param-
eters to be experimented with when simulating the models.
Therefore, multiple simulation runs with different parameter
configurations are necessary. The simulation generates large
data sets containing parameter-dependent spatial and tempo-
ral information about the entities and their movements.

As a concrete example, we consider the investigation of
dynamic interactions between receptor proteins and lipid
rafts on the surface of human cells [NBPH06]. These in-
teractions play an important role in cellular signaling, for
instance, in the cancer-related Wnt pathway [KYS09].

Studying such dynamic interactions is a task that is typi-
cally difficult to carry out. There are several reasons for that.
First, the spatial simulation is based on stochastic Brownian
motion. The resulting movement trajectories are in a sense
chaotic, because they are entangled to a large degree. Sec-
ond, the entities may pick up, take along, and drop other en-
tities during the simulation. This way, they form dynamic
groups, which are of high interest, but difficult to grasp.
Third, the simulated interactions depend on the parameter
configuration, where the impact of individual parameters
or combinations of specific parameter values is largely un-
known.

Our objective is to develop a solution that helps analysts
to unveil the influence of parameters on the movement dy-
namics so that they can evaluate the simulation approach in
itself and confirm or reject hypotheses about the underlying
biological model. Although we address chaotic movements
from systems biology, our approach is generic enough to be
applicable to other problems as well.

2.2. Related Work

Our research is related to visual analytics of movement and
visual analytics of parameter dependencies.

Visual Analytics of Movement concentrates on (1) visual-
izing spatial and temporal aspects of individual trajectories
and sets of trajectories, (2) visualizing movement attributes
along trajectories, (3) detecting stops, interactions between
trajectories, and other kinds of events, (4) aggregating move-
ment data in space and time and visualizing the resulting
aggregates, and (5) revealing relationships between move-
ment and the environment. A profound overview and sys-
tematization can be found in [AAB*13a]. We review exist-
ing work with regard to chaotic movements and movements
of dynamic groups, which are key aspects of our research.

A general problem when visualizing chaotic movements
is the severe over-plotting. Typical approaches to tackle
over-plotting include clustering [RPN*08], aggregation with
density kernels [WvdWvWO09], or flow maps [WSDI11],
which provide summaries of the underlying data. However,
with the chaotic movements that we address in our work,
these approaches are likely to fail.

Another widely accepted approach to deal with complex
data is feature visualization [RPSO1]. The basic idea is to
visualize derived features, rather than the raw data. Feature-
based approaches have already been used successfully for
analyzing movements of groups [VLBSF14]. Group move-
ments are also studied in [AAB*13b], yet without follow-
ing a feature-based approach. In both works, the groups are
static, that is, group membership is not allowed to change.
Dynamic groups are addressed in [RTBW*09], but only for
rather few simple movements.

Visual Analytics of Parameter Dependencies deals with
visualizing given input parameters of configurable processes
along with the corresponding output. A recent survey can be
found in [SHB* 14].

Related to our work are global-to-local approaches, which
provide an overview in the beginning and allow the user to
drill down into details. An example is the overview-driven
approach for parameter dependencies of large time series
data [LRHS14]. However, the specifics of chaotic parameter-
dependent movement have not been addressed yet.

To be able to generate overviews it is often necessary
to reduce the number of parameter configurations and out-
put size. A typical way to do so is to use surrogate mod-
els, which predict or interpolate the corresponding out-
put [PBK10, TWSM*11, BPFG11]. Undirected optimiza-
tion [MAB*97, BM10] and parameter space partitioning
[BSM™13] are approaches that make use of reduced result
previews or clustering. A problem with these approaches is
that they cannot be applied directly to chaotic movements,
which can be difficult to predict, interpolate, reduce, or clus-
ter, if this is possible at all.
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With regard to movement analysis and parameter depen-
dencies, we also found related work in the flow visualization
literature [VP04,GYHZ13,vPGL* 14]. These approaches ba-
sically superimpose results of different flows, which are each
filtered to a reduced set of streamlines, which in turn are
comparable to our raw data trajectories. Given a certain de-
gree of spatial similarity among the resulting trajectories,
direct visual comparison of different parameter inputs be-
comes possible.

Recently, the idea of using features has also been ap-
plied to analyze parameter dependencies of complex simula-
tions [MGS™14]. In contrast to the single-valued scalar fea-
tures used there, we propose using time-evolving features.
In doing so, we extend previous feature-based approaches
for movement analysis [VLBSF14], as indicated earlier.

In summary, we see several individual solutions, but none
that suits our needs directly. Therefore, our goal is to develop
a feature-based approach that works with chaotic move-
ments and dynamic groups, and that also supports the anal-
ysis of parameter dependencies. To achieve this goal, we (i)
introduce tailored features to capture key characteristics of
chaotic movements, including dynamic groups, (ii) visualize
the features in association with parameter configurations to
enable users to analyze their dependencies, and (iii) integrate
appropriate interaction to allow users to look into details and
compare different aspects of the data.

3. Feature Extraction

We consider data of the following form. A data set D =
{R1,...,Rr} consists of r simulation runs. Each run R; =
(P;,M;) with 1 < i < ris a pair of a parameter configura-
tion P; and the corresponding movement M;. A movement
M; = {Ty,...,Tn} consists of the trajectories of m moving
entities. The trajectories are sampled at uniform time inter-
vals so that we obtain for each trajectory a set of n points
T; = {t1,...,t,}, where 1 < j < m. The points store infor-
mation about an entity at a particular time. This includes in-
formation that is readily available such as the entity’s posi-
tion or type, but also derived attributes such as speed, accel-
eration, or the distance to particular other entities.

The analytic part of our approach is to condense the com-
plex data down to information that is manageable and rele-
vant. Our method of choice is feature extraction. The feature
extraction is based on two principal steps, which are carried
out for each movement M;. First, the data points are enriched
with derived measures. This is to inject into the data mean-
ingful information that can help to characterize the move-
ment. The second step is aggregation. As illustrated in Fig-
ure 2 (a), the goal is to reduce M; with its m trajectories con-
sisting of n points to a single aggregated feature time series
of length n. To this end, we consider all points t; of all m
trajectories and aggregate them to a single feature value f;.
As we do this for all 1 < k < n time steps, we get n feature
values fi, ..., fn that characterize the movement over time.

(© 2015 The Author(s)
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The net effect is that we replace the complex movement
M; by a feature F; = {f1,..., fx}. The difficult problem of
visualizing (P;, M;) for 1 <i < ris thus reduced to the prob-
lem of visualizing (P;, F;), which is much easier to solve as
we will see in Section 4.

Apparently, a single feature alone will not suffice to cap-
ture the richness of movement data. Therefore, we consider
a repository of feature definitions in four categories: (1)
basic features, (2) group features, (3) region features, and
(4) advanced features. Basic features capture general move-
ment characteristics. Group features address characteristics
of dynamic groups, such as fluctuations in memberships and
retention periods. Region features perform more complex
spatio-temporal aggregations to characterize regions of in-
terest and their evolution over time. Advanced features are a
way to extract features over features.

Next, we describe exemplary features from all four cate-
gories. For the sake of brevity, we restrict ourselves to brief
informal explanations. For a complete list of features, in-
cluding design rationales developed with domain experts, we
refer to the supplemental material.

Basic Features General characteristics of movement trajec-
tories can be captured by aggregating basic properties, such
as speed, direction, and distance of movements. In addition
to considering such features across all moving entities, our
approach can compute them also with respect to entities of
different types (e.g., receptor proteins or lipid rafts). This al-
lows us to investigate the entire movement as well as specific
subsets of moving entities. Some aspects of the movement
behavior can for instance be characterized by averaging the
distances of all entities of one type to the closest entity of
another type.

Group Features As indicated earlier, previous work on an-
alyzing groups mostly considered static groups. We are in-
terested in dynamic groups, that is groups that emerge, con-
tinue to exist with changing members, and decay.

We build upon previous work on non-spatial groups, for
example, tracking changes in group sizes [BvVLA"11] or
changes of structural properties [TPRH11]. To capture the
dynamic behavior of spatial groups and to analyze how the
behaviors of group members and non-members differ, we
specify several group features:

Group count: basically captures the number of existing
groups per time step.

Group affiliation ratio: describes the overall ratio of group
members and entities not being contained in any group.
Group load: relates the actual group sizes to the maximum

allowed capacity of groups.

Group retention period: captures the time period between
entities joining and leaving a group accumulated for all
current group members. This measure can further be ag-
gregated for all groups to describe the temporal fluctua-
tion of group memberships.
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Figure 1: Feature extraction via density maps. Entities (white
marks) and groups (circles) superimposed on a density map
(top) and extracted regions (bottom) with high (red) and low
(green) density and overlaps with groups (orange).

Region Features The feature definitions described so far
focus on basic movement characteristics derived directly
from the movement trajectories. A limitation of these fea-
tures is that high-level spatial or temporal characteristics can
not be captured well. However, looking at spatial patterns
and their temporal evolution is often necessary to fully un-
derstand movements and parameter influence.

To better capture spatial aspects, we integrate 2D density
maps [DV10] when computing features. Density maps are
computed for all time steps, effectively creating a 3D space-
time density volume. This allows us to capture generic pat-
terns independently of data size and specific data properties,
such as extents of entities or topologies of groups [JYJ11].

The 2D density maps are further analyzed to extract re-
gions of interest with low and high density regarding suit-
able thresholds. Figure 1 illustrates entities, groups, density
map, and extracted regions. Further tracking and aggregat-
ing properties of these regions of interest over time enables
us to extract spatio-temporal features:

Region count: is the number of disjoint regions of interest
(e.g., high or low density regions) per density map.

Region size: corresponds to the aggregated size of all re-
gions of interest per density map.

Region ratio: is generally applied to relate regions of inter-
est with respect to their density (e.g., low and high density
regions) and with regard to certain types of entities (e.g.,
high density regions for one entity and low density regions
of another entity).

Advanced Features With the features introduced so far it is
possible to study a variety of movement characteristics. To
be able to combine features and to generate even higher level
abstractions, we introduce the notion of advanced features,
i.e., features over features.

Advanced features can be derived by further analytical
processing of previously extracted features. For instance, by
applying temporal clustering of feature values it is possible
to investigate temporal patterns across multiple simulation
runs, such as common feature evolution or time periods of
specific behavioral variation. We generate features over fea-
tures via a self-organizing map (SOM), by which we obtain
clusters with similar feature characteristics over time. An ex-
emplary use for such features is to verify that stochastic sim-
ulations indeed do not exhibit periodic temporal patterns.

In summary, the feature extraction computes analytic ab-
stractions to capture key characteristics of the movement.
We consider a wide variety of feature definitions as collected
in our feature repository, which is available as supplemental
material. Next we describe how the features are visualized
in relation to parameter configurations.

4. Feature Visualization and Interaction

We study parameter configurations and associated move-
ments (P;,M;) for multiple simulation runs 1 <i < r. In
terms of parameters, we define a parameter configuration
P;={pi1,...,p;} as a set of [ parameter values. The num-
ber of parameters / is constant for all simulation runs. As
illustrated in Figure 2 (a), the analytic feature extraction al-
ready reduced the complex movements M; in space to time
series of feature values of the form F; = {f},...,fn}. To
give a rough measure of the size of our data, the number
of parameters / is around ten, simulation runs r can be in the
thousands, and time steps n can be in the thousands as well.
Section 5 provides more precise numbers for a use case in
systems biology.

Our primary objective is to support the exploration and
analysis of the aforementioned data. This involves several vi-
sualization tasks, which can be differentiated into overview
tasks and detail tasks.

Overview: At the overview level, users explore the data
with respect to temporal evolution of features in relation
to all parameter configurations. The goal is to identify in-
teresting patterns and to analyze them with regard to the
underlying movements.

Detail: For a more detailed investigation, the analysis is fo-
cused on selected simulation runs with their parameter
configurations and corresponding feature values. Focus-
ing on selected runs enables users to compare interesting
patterns in detail and to gain a better understanding of the
influence of parameters. Since our features sacrifice spa-
tial information for the sake of analytic abstraction, we
also have to support linking back the analysis to the spa-
tial domain, at least partially.

With these data definitions and visualization tasks in
mind, we developed a dedicated visualization design based
on linked overview and detail views. Figure 2 summarizes
the overall strategy of our visual analytics solution.

(© 2015 The Author(s)
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Figure 2: Analytically extracted high-level features are visualized via interactive overview and detail representations.

4.1. Overview Visualization

The overview task focuses on exploring movement charac-
teristics and parameter dependencies across all simulation
runs. Therefore, we have to visualize all parameter con-
figurations P; and associated feature time series F; for all
1 <i < r. To this end, the overview presents the data in a
compact matrix-like fashion.

Visual Encoding In the matrix, the i-th row represents the
i-th simulation run (P;, F;). The first part of a row visualizes
the parameter configuration {py,...,p;} and, separated by
a small gap, the remainder of the row visualizes the feature
values {f1,...,fn}. This arrangement is illustrated in Fig-
ure 2 (b). Note that the matrix shows only one feature def-
inition. Yet, switching between different feature definitions
from the feature repository is possible at any time.

The cells of the matrix are color-coded using distinct
color maps for parameter values and feature values. For the
quantitative feature values we apply color maps from Col-
orBrewer [HBO3]. Parameter values are color-coded with
hue-less shades of gray. This clearly separates feature val-
ues (colors w/ hue) from parameters (colors w/o hue). Darker
shades of gray represent lower parameter values and brighter
shades stand for higher values. If required, the default color-
coding can be interactively adjusted.

Sorting When displaying the data of thousands of simula-
tion runs in a row-wise fashion the order of rows is vital
for discovering patterns in the data. Because fully manual
sorting is impractical, we provide two ways for automatic
sorting: (1) parameter-based sorting and (2) feature-based
sorting. Sorting based on parameter values facilitates the in-
terpretation of parameter influence on the data, e.g., for hy-
pothesis testing regarding the parameters. On the other hand,
sorting based on feature values helps to identify simulation
runs with similar behavior, e.g., to build hypotheses when
inspecting the related parameters.

(© 2015 The Author(s)
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Figure 3: Overviews sorted row-wise by parameter configu-
rations (left) and according to feature behavior (right).

While sorting individual values is trivial, sorting sets of
values (our {py,...,p;} and {f1,...,fn}) is rather chal-
lenging. We provide various metrics and algorithms for au-
tomatic sorting, including Euclidean, Hausdorff, Fréchet,
and Levenshtein distance, and average squared error, self-
organizing maps (SOM), and dynamic time warping [GH97,
SCO07]. In general, we achieved good results when using
SOM for feature-based sorting and averaged Euclidean dis-
tance for parameter-based sorting. Figure 3 depicts the visual
effect of sorting on the emergence of patterns.

As sorting according to all parameters or all time steps
might not lead to the desired insight, the user can choose to
restrict the sorting to subsets of parameters or time steps. To
support further data exploration, it is possible to experiment
with the different sorting methods and apply them to dif-
ferent parameter subsets or time intervals. If the automatic
sorting is still not satisfactory, there is always the option to
reorder individual rows or groups of rows manually.

Interactive Exploration Given the size of the data, show-
ing all observed time steps and all parameter values for all
simulation runs can easily exceed the available screen space.
Therefore, the matrix resides in a zoomable space allowing
independent scaling along the axis of simulation runs (rows)
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and along the time axis (columns). By incorporating interac-
tive zooming and panning, users are enabled to steer the vi-
sual analysis process according to their task-specific needs.

To help users in maintaining orientation during explo-
ration, we integrate additional visual cues. Miniature scroll
bars indicate where the current view is located with respect
to the entire data representation. Further, we use two over-
plotting indicators. They tell the user whether simulation
runs (rows) and/or time steps (columns) are affected by over-
plotting. Red indicators warn the user that perceived patterns
could be artifacts due to over-plotting. To resolve such am-
biguities quickly, the over-plotting indicators can be clicked
to smoothly animate the view to a zoom level where no over-
plotting occurs.

Equipped with these interaction facilities, our compact
matrix-like visualization provides an overview and supports
the identification of basic value distributions and temporal
patterns. For example, constant feature values at specific
time intervals or uniform feature evolution over time are re-
flected by rows with ranges of constant or gradually chang-
ing colors, respectively. Furthermore, dependencies between
parameters and features (and hence the underlying move-
ments) can be discerned by looking vertically for patterns
under different orderings. Absence of vertical patterns may
also indicate weak or no parameter influence. Although the
overview can already lead to specific insights its real value
is to initiate more targeted follow-up investigations.

4.2. Detail Visualization

To go beyond overview visualization and basic exploration,
we integrate techniques for detailed comparison and re-
establishing the spatial context, as illustrated in Figure 2 (c).
These techniques are key to exploring movement data in
changing analysis scenarios.

Detailed Comparison More targeted investigation typi-
cally means comparing selected subsets of the data in de-
tail. However, color-coded visual representations are less
suited for analyzing and comparing numerical values in de-
tail [LMKO7]. Therefore, we integrate a separate chart view.

As illustrated in Figure 4 (top), the chart view shows time
series plots representing feature values for simulation runs
selected from the overview. Selections and plots are associ-
ated with unique highlighting colors to make them easier to
distinguish and track across the visualization. In Figure 4,
the time series plot in blue corresponds to the selected simu-
lation run indicated by a blue bar across the main matrix. The
chart view is positioned above the overview and is aligned
horizontally to maintain the temporal context. Additionally,
zoom and pan operations in time are linked to preserve tem-
poral alignments between the overview and the line plots.

By showing selected time series as line charts we facili-
tate a more precise analysis and direct comparison of simula-
tion runs. This allows the user to focus on specific parameter
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Figure 4: The overview of parameters and features (center)
in conjunction with the chart view (top), the trajectory view
(bottom), and a legend (right) facilitate spatio-temporal data
exploration.

combinations (e.g., similar parameter values) and to com-
pare related feature characteristics. The other way around,
the user can also start with interesting patterns of feature val-
ues and inspect their relation to the associated parameters.

Relating Back to Space Our approach is based on ana-
Iytical abstractions of the rather complex and even chaotic
movements. These abstractions make it possible to reduce
the amount of data to be displayed at a time. Yet, this comes
at the cost that the spatial context and the influence of indi-
vidual movement trajectories is lost to some extent.

To compensate for this, we incorporate an additional tra-
jectory view that relates features back to the raw movement
data M; = {Ty,...,Tn}, but for selected simulation runs
only, as indicated in Figure 4 (bottom). The movements are
shown as trajectories T; = {t;,...,t,}. Spatial aspects and
feature characteristics are married by combining a spatial
layout based on the trajectory points ty,...,t, with a color-
coding based on the feature values f1,..., fu. Moreover, the
trajectory view can be blended with a selected 2D density
map generated during the feature extraction. Figure 4 (bot-
tom) shows a gray-scale density map in the background.

As color-coding and density maps establish a connection
between feature values and locations where the raw move-

(© 2015 The Author(s)
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ments took place, the spatial context is partially restored.
Linked zooming and panning in time further strengthens the
connection to temporal aspects of the raw movement trajec-
tories. Focusing on a selected temporal interval of interest
also significantly reduces visual clutter. This helps to investi-
gate relationships between certain patterns of feature values
and observed movement behaviors. For example, the user
might be able to relate feature values representing low move-
ment speeds to spatial conglomerations of trajectories.

The chart view for detailed comparison and the trajec-
tory view for linking to spatial aspects complete our feature-
driven visual analytics approach. In the next section, we ap-
ply this approach to a problem from systems biology.

5. Application to Systems Biology

The approach presented so far is a general solution appli-
cable to different types of parameter-dependent movements.
Yet our work has been largely motivated and driven by appli-
cations in systems biology. In the following, we present a use
case where domain experts apply our solution to study dy-
namic interactions between receptor proteins and lipid rafts
on the surface of human cells.

The data were generated using an ML-Space simulator
in combination with movement synthesis based on Brown-
ian motion [BHMU11]. Several properties describe the lipid
rafts and proteins, including position and size. Lipid rafts
and proteins move according to a diffusion parameter kp.
The Brownian motion is simulated by individually calculat-
ing displacement vectors with a random direction and a nor-
mally distributed average length depending on the smallest
entity. During the movement, dynamic groups are formed
by proteins docking to lipid rafts. Proteins enclosed in lipid
rafts move along with them depending on their fluidity factor
rho, which also controls the probability of proteins leaving
the lipid raft.

o 6. Raft size
2 7. Protein count

Figure 5: The visualization shows that average group size
depends on the size of lipid rafts and the fluidity rho.
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Movement updates also include collision detection. Over-
laps between entities of the same type (i.e., protein with pro-
tein and lipid raft with lipid raft) are prohibited and are re-
solved stochastically. Collisions of a protein with a lipid raft
are handled by pushing the protein a little further so that it
is either fully inside or outside the lipid raft depending on if
the protein is entering or leaving the lipid raft.

In summary, eight parameters control the simulation, in-
cluding fluidity, entity size, entity counts, and traveled dis-
tances. The domain experts determined 1,968 meaningful
parameter configurations for which simulations were run.
Each simulation run describes the chaotic movement of up to
1,161 lipid rafts and 5,000 proteins depending on the param-
eter configuration. The individual simulations covered 4,000
time steps.

The domain experts applied our solution to analyze the
simulation outcome. In a pre-process, all features of the
repository were computed to allow the experts to quickly
switch between different movement characteristics. Among
others, the following results could be obtained.

Insights Related to Groups Figure 5 shows the parameter
dependency of the average group size feature, which cap-
tures the average number of proteins inside lipid rafts over
time. Although this feature is rather simple, it nicely illus-
trates parameter dependencies in our data. For this purpose,
a hierarchical sorting has been applied based on the parame-
ters raft size, protein count, and rho. At first glance, Figure 5
shows an overall temporal trend of low to high group sizes
from left to right (a) and also a trend across simulation runs
from bottom to top (b). The temporal trend (a) reflects the
fact that lipid rafts start empty and collect proteins incre-
mentally. The trend (b) represents the dependency of group
sizes on the parameter raft size.

A second observation can be made by looking at the row-
wise bands (c), which show different shades aligned with the

= 7. Protein count

o 8. Rho

333331 666,671

Low High Low High
BT | BT | Average Retention Period

Figure 6: Visualizing average group retention confirms the
influence of parameters rho and raft size.
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Figure 7: Visualizing the average distance of non-member proteins to the nearest lipid raft feature in conjunction with the detail
line chart and a selected 2D density map helps in studying the sweeping effect.

parameter protein count. This dependency is due to the fact
that large groups can only emerge if the number of potential
group members is sufficiently high.

A third pattern (d) is visible within the bands. It appears to
be related to the parameter rho. To study this pattern further,
two simulation runs with potentially large groups (large raft
size and high protein count) were selected and are shown in
the chart view (e) in greater detail. The line chart reveals that
low values of rho lead to constantly increasing group sizes
(blue line), whereas high values of rho result in stagnation
of group sizes below their potential maximum (green line).

Switching to the average retention period feature, as
shown in Figure 6, while maintaining the selection and or-
der of the simulation runs leads to further findings. Similar
intra-band gradients (a) show the logical influence of 40 on
the duration for which proteins remain inside lipid rafts (b).
It becomes clear that the stagnating group sizes (green line
(e) in Figure 5) are caused by low retention periods (green
line (b) in Figure 6). In other words, because of the high fluc-
tuation, the lipid rafts drop the same number of proteins as
they pick up, which inhibits further growth of groups.

Confirming the Sweeping Effect One particular pattern
our domain experts were anticipating is the so-called sweep-
ing effect. The sweeping effect relates to the fact that the
space around lipid rafts is only sparsely populated. This phe-
nomenon is due to the lipid rafts’ random movement, which
causes them to collect nearby proteins, effectively empty-
ing the space around them. Visualizing the raw data trajec-
tories of lipid rafts and proteins helps to identify this ef-
fect visually, yet only for a limited number of moving en-
tities [LTB*12].

To investigate this effect, the domain experts set up the hy-
pothesis that the empty space slowly emerges over time and
thus the sweeping effect should become apparent by a steady
increase of the average distance of non-member proteins to
the nearest lipid raft. A corresponding feature was specified

and extracted from the data. Figure 7 shows a SOM-sorted
visualization of the feature. For several simulation runs, the
hypothesized steady increase is particularly visible (a), mak-
ing the sweeping effect quantitatively graspable for the first
time. The result of the effect can be emphasized further by
displaying the feature values of selected simulations as line
charts (b) or by showing the 2D density maps for selected
time points (c). Regarding parameter dependencies of the ef-
fect, the experts identified the parameters raft size and rho to
have major influence. For example, (d) shows that only large
lipid rafts with a low fluidity rho are capable of gathering
and holding surrounding proteins in a way that establishes a
noticeable effect.

The previous paragraphs illustrated how our approach can
be applied to gain insight into chaotic movement simulations
from systems biology. Next we briefly outline how we de-
signed our solution together with simulation experts.

User Participation Our solution is the result of a partic-
ipatory design process starting from prior work [LTB*12]
and [LRHS14]. We cooperated with a group of five domain
experts. The cooperation was of mutual benefit. We could
build upon their domain expertise and devise and specify in-
teresting movement behaviors as features. Collaborative data
analysis sessions and informal user feedback helped us to de-
sign the visualization and the associated interaction so that
they are indeed helpful to the analysts. While some design
decisions were driven by the addressed data and tasks (e.g.,
compact color-coded matrix representation), others were in-
spired by the domain experts (e.g., chart view for compari-
son and trajectory view for linking back to space).

In turn, the experts benefited from our solution as it pro-
vided them with valuable new insight into their simulations,
of which we could describe only a few here. The ability to
explore and even compare different aspects of the chaotic
movements of up to 25,000 entities across multiple parame-
ter configurations was identified to be a major advantage.

(© 2015 The Author(s)
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Generalization While our use case focuses on data from
systems biology, we envision applications in other fields as
well. Particularly promising are parameter-dependent sim-
ulations of crowd behavior in mass events, which certainly
involve dynamic groups and rather chaotic movement trajec-
tories. But also collected real-world data without dependen-
cies on parameters could be interesting to analyze. Examples
are dynamic groups in sports (e.g., breakaway groups in cy-
cling) or animal behavior in the wild (e.g., wolves patrolling
their territory).

The visualization and interaction part of our solution will
be one-to-one applicable to such data. In scenarios where
no parameters are involved, the visualization could instead
show the conditions or influential factors under which the
data have been recorded. Also many of the features we de-
scribed will be useful. Yet specific analytical questions may
require the adjustment of existing features or the develop-
ment of new ones to better address the particularities of the
application.

Finally, it is obvious that our feature-driven approach is
applicable to non-chaotic and also constrained movements,
with or without the consideration of dynamic groups.

6. Discussion and Conclusion

We presented a visual analytics approach for parameter-
dependent movements. The analytic extraction of features
of different kinds opens up new possibilities for explor-
ing unconstrained, crowded, and chaotic movements where
the moving entities group dynamically. With the help of
an overview visualization of parameters and features, users
can spot interesting patterns. Selecting individual simulation
runs allows the user to conduct in-depth inspections using
a chart view and a trajectory view. Coordinated interaction
facilitates data exploration. We can conclude that through
combining analytic, visual, and interactive means, our ap-
proach is a useful aid for analyzing complex movements.

A limitation of our solution as well as any other feature-
driven approach is that the expressiveness of the visualiza-
tion is limited by the expressiveness of the features. This is
why we rely on a feature repository to capture many data
characteristics. Basic features support basic analytic tasks,
whereas more complex features can provide more high-level
insights. However, finding meaningful feature definitions
that match specific data sets or analysis tasks is challeng-
ing in general. An interesting question is how we could sup-
port the user in designing feature definitions on the fly and
in steering the feature extraction process while it is running.
This requires assistance in evaluating how well a feature cap-
tures certain characteristics and to which extent individual
trajectories influence the outcome of the feature extraction.

The examples we described here demonstrated that our
approach is suitable for around ten of parameters. The lim-
ited number of parameters allowed us to simply unroll the

(© 2015 The Author(s)
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parameter space to a linear order of parameter configurations
and show the features with regard to them. Basic parameter
dependencies could be revealed. Yet, complex influences of
a larger number of parameters and high-dimensional corre-
lations may be difficult to grasp. It remains to be studied
how such scenarios can be handled. An interactive aggrega-
tion of multiple parameters or parameter configurations into
clusters may be one option to investigate in the future.

We further plan to improve our approach based on the
feedback from domain experts as well as on the insights
gained from applying it to real world problems. One partic-
ular issue is that our visualization shows only one feature
at a time. Comparing features by switching between dif-
ferent visualizations is not the best solution, because users
have to memorize considerable amounts of information in
their short-term memory, which makes the comparison error-
prone. More work is needed to be able to show multiple fea-
tures simultaneously. Cognitive constraints and screen space
limitations will be challenging factors to deal with. Hence,
it also makes sense to extend our advanced features to be
able to capture characteristics of multiple source features.
Such higher-level features would accumulate much more in-
formation, but would remain straight-forward to visualize.
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