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Figure 1: Novel visual data exploration method using Small Multiples. Users alternate between Large Singles and Small
Multiples for comparison and guidance during exploration using a filmstrip metaphor.

Abstract

We present a novel visual exploration method based on small multiples and large singles for effective and efficient
data analysis. Users are enabled to explore the state space by offering multiple alternatives from the current state.
Users can then select the alternative of choice and continue the analysis. Furthermore, the intermediate steps in
the exploration process are preserved and can be revisited and adapted using an intuitive navigation mechanism
based on the well-known undo-redo stack and filmstrip metaphor. As proof of concept the exploration method
is implemented in a prototype. The effectiveness of the exploration method is tested using a formal user study
comparing four different interaction methods. By using Small Multiples as data exploration method users need
fewer steps in answering questions and also explore a significantly larger part of the state space in the same
amount of time, providing them with a broader perspective on the data, hence lowering the chance of missing
important features. Also, users prefer visual exploration with small multiples over non-small multiple variants.

Categories and Subject Descriptors (according to ACM CCS): H.5.2 [Information Systems]: User Interfaces—
Graphical user interfaces H.5.2 [Information Systems]: User Interfaces—Interaction styles

1. Introduction we focus on non-expert users, who want to explore data in-
cidentally, who are not used to complex multiview displays,
and require as simple as possible means to explore their data.
The creation of different views on the data is a crucial step
in this. One way to do this is to iteratively select a parameter
and to choose a new value for this parameter. In short, visual
data exploration is a sequence of steps where in each step:

Visualization plays an important role in the analysis of mul-
tivariate data. Many use visualization to obtain insight, to se-
lect details, and to produce presentations of their data. Here

T email: s.j.v.d.elzen@tue.nl (a) aparameter is selected;
email: vanwijk @win.tue.nl (b) a value is chosen.
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There are, however, several problems with this iterative
approach. First, it can be time-consuming and error-prone.
Users often do not know what they are looking for in their
data-sets. In traditional data exploration, often parameter se-
lection and choosing a value are offered in a single operation,
which leads to an iterative trial-and-error process. Often it is
unclear as to what value a parameter needs to be changed
to, to gain insight in the data and enabling the discovery of
features. Typically, all parameter value pairs are tried one by
one, or different parameter value pairs are changed more or
less in a random fashion. This is not only inefficient, it can
also lead to missing interesting features because a parameter
value is not inspected. Furthermore, comparison of results
for different parameter values is not supported, and the vi-
sualization for the old parameter value is typically lost on
change. Also, as no history is kept except for undo-redo op-
erations, it is difficult to link findings discovered early in the
exploration process to features found later on. We believe
these shortcomings can be overcome by introducing a visual
exploration method in which users are offered:

e casy comparison of the effect of different parameters;
e guidance on what value to choose; and
e a history trail of the exploration path.

Our approach is based on the use of Small Multiples as the
central element for exploration. Showing many small visual-
izations simultaneously facilitates comparison, presentation,
and storytelling. Viewers can compare the separate images,
and look for patterns, trends, and outliers. Small Multiples
are currently mainly used as a static visualization technique.
They tend to get very small, which is not an issue for presen-
tation on posters, but is cumbersome for typical user device
displays, and applications that do use small multiples suf-
fer from this. Small multiples are typically shown here as
end results, and play no explicit role in the exploration pro-
cess. One exception is their use as a preview for alternatives,
e.g., changing chart style in Microsoft Excel. This shows the
viability of the use of small multiples for interactive explo-
ration, but in these cases their application is often disruptive.
They are shown as a pop-up, hiding the original visualiza-
tion, and not integrated in the base visualization itself.

The challenge addressed in this paper is how to effectively
integrate Small Multiples in interactive visual data explo-
ration, such that they are not only helpful for visualization,
but also provide guidance and support for the exploration
process itself. We implemented different exploration inter-
action methods in a prototype and tested different designs
using a user study. This led to a new visual data exploration
method using Small Multiples with key aspects:

e alternating Large Singles and Small Multiples;
e simultaneous display of current and new state(s); and
e use of a filmstrip metaphor.

The paper is organized as follows; first, related work is
discussed in Section 2. Next, the interaction design and nav-
igational techniques offered are presented in Section 3. In

Section 4 we discuss the effectiveness and usability of the
small multiples and large singles method based on a user
study. Finally, limitations, conclusions and directions for fu-
ture work are provided in Sections 5 and 6 respectively.

2. Related Work

The term Small Multiples is introduced by Tufte [TufO1]
who described them starting from resemblance of movie
frames: a series of graphics, showing the same combination
of variables, showing changes in another variable. However,
they were earlier proposed under the different term 7rel-
lis displays [BCS96] due to their resemblance of a garden
trellis fence. Even earlier they were called collections by
Bertin [Ber83]. Up to now, small multiples is mainly used as
a static visualization technique, but is rarely used for interac-
tion and seamless integration in the visual data exploration
process.

Chi et al.introduce a spreadsheet approach to informa-
tion visualization [CBRK97] where the cells contain visu-
alizations resembling small multiples. The spreadsheet tech-
nique is formalized [CRBKO98] and applied to web analyt-
ics [hC99]. Users are enabled to set different variables to
the horizontal and vertical axis of the spreadsheet table. This
is extended by Jankun-Kelly and Ma to include encapsula-
tion of the history process that can be replayed via anima-
tion [JKMO00, JKMO1, JKKM*03]. Marks et al. propose de-
sign galleries for visual input parameter exploration using
small multiples in a computer graphics setting [MAB*97].
Small multiples presented in table form with emphasis
on sorting within each multiple is explored by Rao and
Card [RC94]. In contrast to our method, these exploration
methods are solely aimed at the visual parameter space.

Small multiples are applied to data analysis in differ-
ent application domains, e.g., the biomedical domain im-
plemented by Sarni et al. [SMTO5], the geographic do-
main implemented by Guo et al. [GCMLO06] and Willems
et al. [WvHdV*10]. A small multiple interface is used to
explore large cancer simulation parameter spaces by Lun-
zer et al. [LBMS10]. In these interactive systems, however,
small multiples are used as embedded visualization method
and are not used as exploration method, as we aim for.

In Polaris [STHO2b] users have the ability to rapidly
change the table configuration, type of graphic [MHSO07],
and visual encodings used to visualize a data-set. This is ex-
tended to create multiscale visualizations based on data cube
projections [STH02a, STHO3]. MacEachren [MDH*03] in-
vestigates high dimensional data space exploration using
small multiples. However, they mainly focus on finding in-
teresting dimensions in the data-set to create small multi-
ples for. Bavoil et al. focus on the construction and opti-
mization of visualization pipelines to generate small mul-
tiples for analysis using the Vistrails system [BCC*03,
CFS*06,SKS*08, SFSA10]. Heer and Shneiderman discuss
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the advantages of small multiples as coordinated multi-
ple views [HS12]. Boyandin et al. compare small multiples
against animation in a qualitative study with focus on explo-
ration of temporal changes in flow maps [BBL12].

Small multiples are a classic visualization method, used in
many systems. We see however that they tend to be used as
end-results. We argue that they can be used even more effec-
tively if they are used as a visualization and as an exploration
method simultaneously, and we did not find work where this
simple, yet powerful, idea has been proposed before.

3. Small Multiples, Large Singles

A typical visual data exploration system aiming at occa-
sional users employs a large single visualization. Alongside
this visualization there is typically a menu present to manip-
ulate the displayed visualization by changing visualization
parameters, such as the type of visualization and the accord-
ing parameters, such as what to display on the x-axis. Fur-
thermore, there are standard options to select and filter the
data to be shown in the visualization. By combining visual
parameters with data filtering, a large number of possible
visualizations on the data are available to users. A specific
combination of visual parameter settings and data filter op-
tions can be thought of as a state in the exploration process.

In terms of the standard visualization pipeline, data is
transformed into visualizations in a sequence of steps (filter-
ing, mapping, viewing), where each step is controlled via a
number of parameters which can be changed interactively by
users. If we extend this to visual analytics, also one or more
steps where data is analyzed (clustered, classified, etc.) can
be included, which introduces yet more parameters. Some
parameters depend on other parameters, such as visualiza-
tion type specific parameters, others are independent such as
cluster-method used.

Users typically navigate in the exploration process by
changing parameters, schematically shown in Figure 2(a);
each step a parameter is chosen and a new parameter value.
If users are experienced and know the aim, they can do this
in a straightforward way, in many cases however a trial-and-
error process is needed to obtain insights, as no guidance is
provided what parameter to change next or what parameter
value needs to be chosen to discover features present in the
data such as anomalies, clusters, correlations and trends.

3.1. Approach

The use of Small Multiples enables users to compare all dif-
ferent alternatives and guides them to choose the most in-
teresting value for the parameter to continue the visual data
exploration process with. Figure 2(b) shows this schemati-
cally. Users select a parameter, next a small multiples dis-
play is shown, from which the preferred value is chosen,
which is shown enlarged next as a large single image. This

(© 2013 The Author(s)
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(c) Showing a large single and small multiples alternating in one dis-
play allowing for multiple operations.

Figure 2: Visual data exploration methods. A P represents
the selection of a parameter, a V represents the selection of
a value for this parameter. Display denotes what is shown
on screen to the user. Note that for (c) always two sets are
in display and also multiple P and V operations can be per-

formed, hence the star.

enables a more structured navigation in the exploration pro-
cess, lowering the chance important data features are missed.
Also, showing all alternatives for parameter values helps
users to understand the parameter, by visually showing its
effect. This navigation method, however, has still some lim-
itations. It does not prevent users from revisiting states they
already visited before; details of small multiples are visible
only after selection and cannot be compared quickly; and it
is difficult to link findings early on in the exploration process
to features identified later on in the exploration process.

Figure 2(c) shows the simple solution we developed to
remedy many of these issues. Instead of just one step, two
steps in the exploration process are shown simultaneously.
When a large single is shown on the left, users can select dif-
ferent parameters and see the effects via the small multiples
on the right. If satisfied, the small multiples are moved to the
left, and the user can select instances of these to be shown as
a large single on the right. This enables close-up inspection
of the effect of different parameter values, as well as quick
comparison of different settings. When a satisfactory new
state is found, the large single can be moved to the left, and
the parameter-value selection cycle restarts. Here, the visual
exploration process is visualized directly to the user as a se-
quence of alternating large singles and small multiples. We
expand on this, and facilitate this as follows.

Users can navigate along the exploration path with pro-
vided left and right buttons at both sides of the screen. Also
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a compact navigation trail with all important operations is
shown at the bottom of the screen, allowing for fast navi-
gation. Finally, images of the entire visualization trail can
be shown or part of it using zoom-and-panning techniques.
Here we use a hybrid approach of actions and states for the
visual history as described by Heer et al. [HMSAOS]; The
visual history provides users with more general advantages
that enables users to:

(suspension) pause and resume the exploration;
(explanation) quickly explain how insights are gained;
(presentation) share their results because of the visual
history and slide-like presentation technique; and com-
bined this enables users to

(collaboration) share their exploration with colleagues
providing them with performed actions (visual history
trail), offering explanation of the current findings and en-
able them to continue further investigation.

The visual history trail provides users with a single /in-
ear exploration path. If somewhere in the trail a different
operation is applied, over the already applied operation, the
operation is executed and everything in the trail after this
operation is lost (after user agreement via a pop-up dialog).
One may prefer branching behavior to keep both the old
and new exploration path, similar to Shrinivasan and Van
Wijk [SvWOS]. This is a tradeoff between flexibility (mul-
tiple paths versus one path) and complexity (simple navi-
gation, easy to understand). We choose for one exploration
path to keep things simple and yet powerful. Finally, branch-
ing behavior can be achieved by starting a new exploration
with the chosen multiple as starting point. In short, our ap-
proach of showing combinations of large singles and small
multiples enables users to view (a) the effect of selection of
parameters, (b) the effect of different values for parameters,
and also (c) provides a natural visual history mechanism.
Taken together, we expect that these enable more efficient
and effective data exploration, as well as increased user sat-
isfaction. In the following we expand on this, for a quick and
lively overview we recommend to watch the accompanying
video.

3.2. Generation of Small Multiples

Small multiples are created based on one large single visu-
alization by inheriting all parameters from the large single
except for the parameter that was selected to be varied over
the small multiples. We call the process of generating small
multiples from a large single a splitting operation. In the fol-
lowing we describe how we have designed these for four
different types of parameters: for filtering, mapping, bind-
ing, and analytics.

Filter By applying a filter-split on a large single visualiza-
tion, small multiples are created based on a large single and
selected attribute. The value range of the chosen attribute to
split on is divided into different smaller ranges, or bins. For

each of the bins a small multiple is created. The determina-
tion of the different ranges can be done either manually or
automatic. For a manual division users have to provide the
number of bins and/or the range for each of the bins. On
automatic division the bins and ranges are algorithmically
determined (see Section 3.3 for more detail). If the split at-
tribute is categorical (ordinal or nominal) then for each cat-
egorical value a small multiple is created. The data for each
multiple is filtered to adhere to the according bin value(s),
for both categorical and numerical attributes. Example filter-
splits are shown in Figures 3(a) and 3(b).

Mapping A mapping-split creates a small multiple for each
visualization type available to users, enabling them to ex-
plore what visualization type is best for their problem, as this
is often an open question. This split operation gives users a
powerful technique to effortlessly try different visualization
types, or even try them all at once. In addition, this enables
users to explore visualization types unknown to them as the
brushing and linking mechanisms provide clues what the dif-
ferent visualization elements encode. An unfamiliar visual-
ization type can be understood by highlighting elements in a
more familiar visualization due to visual linking. Figure 3(c)
shows an example mapping split. Visual mappings have a
variety of parameters, such as what attributes to use for the
axes, color, and size; and for instance what color scales to
use. All such parameters lend themselves well to generation
of alternatives shown as small multiples, see Figures 3(d)
and 3(e). Some parameters are mapping independent (e.g.,
color use), others are dependent on the mapping, e.g., the
number of axes used varies over different mappings. In the
menu shown on top of the large single this is taken care off.

Visual analytics Visual analytics methods can be used to
enhance the exploration experience. Often it is valuable to
cluster the data, however, clustering methods contain a num-
ber of parameters to be set first. Often, users do not know
what the influence of the parameters on the clustering is, or
worse, do not know the different parameters at all. The clus-
tering process is therefore a highly sensitive trial-and-error
process. Fortunately, we can make this process less painful
by integrating the setting of these parameters also in our ap-
proach. As a proof of concept we implemented split oper-
ations for clustering the data contained in a visualization.
We introduced three parameters, clustering type, number of
clusters, and cluster distance. It proved highly useful to split
on for example number of clusters to show small multiples
with clustering results for 1-10 clusters. From this we can di-
rectly observe what number of clusters still makes sense for
the data and which does not. Also, being able to observe the
difference in clustering type helps users to understand these.
With our small multiple approach we provide users with
easy accessible operations to help them understand param-
eters and help them in choosing appropriate values through
comparison and guidance. Figure 3(g) shows an example ex-
ploration path using clustering parameters.

(© 2013 The Author(s)
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< mpg

(a) Filter split on visible (x-axis) attribute mpg.
< type

(c) Mapping split on visualization type.

<€ color

<€ weight

mpg

(d) Mapping split on visualization parameter y-axis.

< layout

(f) Mapping split on visualization parameter graph layout.

< cluster

(g) Small multiple creation based on visual analytics parameters; number of desired clusters, cluster method, clustering distance metric and

finally a split on the clusters themselves.

Figure 3: Generation of Small Multiples by splitting Large Single.

Advanced split operations Split operations are not only
possible on one large single, but also on a group of small
multiples: multiple split. This enables users to, for example,
create a scatter plot matrix by first applying a mapping split
on the x-axis and next apply a y-axis mapping split simulta-
neous on the created small multiples. Users are able to select
multiple small multiples and apply a split operation on this.

(© 2013 The Author(s)
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This, however, breaks the simple mechanism of alternating
large singles and small multiples but was still included for
flexibility at the cost of simplicity, hence, it will naturally
only be used by more experienced users.

Also, creating small multiples for different data-sets can
be valuable. A data-set split operation creates small multi-
ples for a set of available data-sets with similar structure as
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Figure 4: Graphical user interface: The menu (B) on top of the large single (A) shows different parameters that can be selected
to produce small multiples. Hovering over the menu items provides information on the current value such as what attribute is
mapped to color, or what is shown on the x-axis for example. (C) Items are highlighted across all visualizations, identical to
standard brushing and linking mechanisms in multiple coordinated view systems. A user-adjustable radius around the mouse
cursor determines what items are highlighted. The number of highlighted items in the current visualization is shown in the upper
right corner, along with total number of items in the visualization and total number of items in the data-set. (D) Information on
parameter that is split on. Also, multiples can be sorted based on parameter value or number of items contained in each small
multiple. (E-G) Navigation mechanism to explore visual history trail. (H) Undo, redo and reset exploration options. (I) Legend
with color and size information of small multiple visualization currently hovered.

the current data-set. The visualization and filter operations
remain similar for the small multiples allowing for compar-
ison of features in different data-sets. Often users are inter-
ested in typical differences between data-sets, for example
to investigate the differences between a train and test set in a
typical machine learning setting.

3.3. Implementation

We implemented the small multiple visual exploration
method in a prototype developed using Qt/C++ that runs on
Windows, Linux and Mac operating systems (see Figure 4
for a screenshot of the graphical user interface). There are a
number of implementation details worth mentioning.

Bin range For the filter split operation we choose to keep
things simple and yet powerful, therefore, we automatically
determine the number of bins (number of small multiples)

and the according data range values for each bin using the
Freedman-Diaconis formula [FD81], because it is very ro-
bust against outliers and works well in practice [Ize91]. Next
the range values are slightly adjusted to have a nice up-
per and lower bound. With nice we mean we always use
(1,2,5,10,20,50,100, etc.) as start or end value of the ranges
for each bin. Also, if the data varies highly on one attribute
and the Freedman-Diaconis method returns a high number
of bins, we cap this to display 25 small multiples at most to
prevent the small multiples from being rendered too small. A
different solution would be to introduce a new small multiple
that displays the text more, and when selected provides the
next set of small multiples using a pagination mechanism.

Computation To speed up the computation for the creation
of small multiples for a split operation, all small multiples
are created in parallel using a multi-threaded approach. First
this is to increase scalability and second to not block user in-

(© 2013 The Author(s)
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Figure 5: Four different tested interaction methods involving
combinations of Small Multiples and Visual History.

teraction if one small multiple takes significant time to com-
pute, e.g., a force directed layout for a graph on showing all
different graph layouts for a large single (see Figure 3(f)).

Parameter reset In addition to implementing explicit undo
and redo actions, we also create an extra small multiple, dis-
played last in the grid, for undo convenience. This last small
multiple always resets the data filter range to all for a filter
split and to default/none for a parameter split.

4. Evaluation

We evaluate the small multiples visual exploration method
using a formal user study, testing efficiency and user satisfac-
tion. First we define four different interaction methods. As a
start we want to test our method against a traditional visual
exploration system. There are two aspects in our method that
are different from a standard system. Our system uses:

e Small Multiples (SM), and,
e a Dual view visual history mechanism (D).

We could evaluate our system (SM-D) solely against the
traditional system (NSM-S), however, for completeness and
curiosity we also test the two other variants: Small Multi-
ples without dual view visual history (SM-S) and No Small
Multiples (large singles) with dual view visual history (NSM-
D). This leaves us with four different interaction methods
involving large singles and small multiples (see Figure 5).
The goal of the user study is twofold. First, we believe due
to comparison and guidance the visual exploration methods
using small multiples may be more efficient than existing
methods and want to test this hypothesis. Second, we hope
to deduct from the user study results what the best method is
to integrate small multiples in the exploration process.

(© 2013 The Author(s)
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4.1. Setup

Twelve participants, eleven male, one female, with ages be-
tween 23 and 35 were recruited for the user study. Six partic-
ipants are working or studying at the Computer Science De-
partment, the other six participants are working as software
engineers / scientists on information visualization software
in industry. The participants each got to work with the four
different interaction methods. For each of the interaction
methods users are provided with a new (synthetic) multi-
variate data-set, generated using the PCDC-tool [BVLHF12].
The data-sets each consist of 500 rows, 8 attributes and each
data point represents a winter holiday accommodation.

Users are given five different questions to answer using
each of the four interaction methods. The questions are con-
structed to reflect typical visual exploration tasks [WL90,
AESO05, YKSJO7] and included identify, correlate, compare,
and cluster. As fifth task users were asked to think of their
own requirements for a perfect winter holiday accommoda-
tion and identify it. Here users were left with more freedom
in the visual exploration process. The five different questions
to answer were:

o (identify) Identify the Guesthouse that is closest to the
centre of all accommodations that offers a 7 days stay.

e (correlate) Is there a correlation (positive, negative, no)
between price and distance to ski-area among accommo-
dations that have a rating > 70?

e (compare) What accommodation type (hotel, chalet, pen-
sion, villa, guesthouse) offers the most possibilities among
plane transportation and difficulty rating < 20?

o (cluster) Which accommodation type is similar to hotels
concerning rating and distance to centre?

o (explore) Think of your own requirements for an ideal ac-
commodation and identify it.

All questions were also provided to users in a more elab-
orate story form. For example, the story for the first ques-
tion was: You want to go on holiday to a Guesthouse accom-
modation for a seven days stay. The guesthouse should be
as close as possible to the city centre. Which do you pick?
For each interaction method a different data-set is presented,
hence answers to the questions differed for each method.
Furthermore, for each of the twelve participants the order
of interaction methods was different. This is done to prevent
carry-over effects such as learning and fatigue. We used a
partly counterbalanced scheme between methods NSM-S and
SM-D because we expect the greatest difference there.

Finally, after completing all five tasks, users were asked to
express the systems usability by filling out a questionnaire
consisting of Likert-scale, ranking and open-ended ques-
tions. Note that we did not test for effectiveness because with
each of the four interaction methods users are in principle
capable to answer all questions correctly.

At the start of the user study the data-set is explained to
the participants. Next, the common elements in the graphi-
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cal user interface are explained in detail, such as undo, redo,
question submitting, visualization and menu. Visual history
navigation is restricted to the use of right and left pan oper-
ations only and the selection of actions in the history trail,
hence we left out zooming navigation to keep the naviga-
tion mechanism simple. Furthermore, users were provided
with the standard split operations, filter, mapping, and, an-
alytical. We did not provide the more advanced split oper-
ations. Users were asked to try out all explained elements
to make sure they felt comfortable with these. Next, all four
interaction methods were briefly explained. Before each in-
teraction method users were again explained the interaction
method to be tested. After each method introduction they
were given two questions to practice and familiarize them-
selves with the given interaction method. During this period
users were allowed to ask questions if things were unclear.
Also, they were provided with feedback on their given an-
swers and were allowed to try to answer the question again
in case of an incorrect answer. The test took approximately
one hour for each participant consisting of 10 minutes intro-
duction, 40 minutes of performing tasks using each of the
four different interaction methods and 10 minutes of ques-
tionnaire answering.

4.2. Results

We measured for each task: duration time, steps needed
to answer question, errors of revisiting states, number of
unique states seen during answering. Due to large differ-
ences in experience and exploration behavior of the par-
ticipants the measures variances were high. Therefore, we
normalized the results per person, per task, using fractional
ranking, i.e., for each person we ranked the methods for each
task. Measures that compared equal received the same rank-
ing number being the mean of what they otherwise would
have for ordinal ranking. For each measure we compared the
means using one-way ANOVA analysis. This test was fol-
lowed by robust tests of equality of means using Welch and
Brown-Forsythe statistics when Levene statistics reported
significance, i.e., the ANOVA assumption of homogene-
ity of variances was violated. Next, post-hoc Tukey HSD
tests were performed to determine between which interac-
tion methods the difference occurs. For each measure this
process is repeated three times; first, we compare between
the four individual methods, next differences in small mul-
tiples versus no small multiples, and finally comparison be-
tween visual history versus no visual history.

Efficiency Our primary hypothesis (Hj) is that visual ex-
ploration using small multiples is more efficient compared
to no small multiples due to comparison and guidance. This
means we expect less time spent per task, fewer steps, fewer
errors in the navigation (revisits), and a larger part of state
space explored. Our secondary hypothesis (H>) is that we
expect that exploration using the visual history is more effi-
cient compared to single view due to focus + context in one

Table 1: Results for the ANOVA analysis on efficiency.

Measure | F-test Post-hoc analysis

Time F(3,236) = 6.205, Statistically significant difference occurs be-
p <0.001 tween the NSM-D and SM-D methods (p-value
0.009) in favor of SM-D, and between the SM-S
and SM-D methods (p <0.001) in favor of SM-S.
Differences occur between the NSM-S and SM-

Steps | F(3,236) = 3.077,

p=0.028 s method, in favor of the SM-S method (p-value

0.035).
States F(3,235) = 352.667, Difference is reported between all methods, ex-
p <0.001 cept between NSM-S and NSM-D and between

SM-S and SM-D. All other differences are in fa-
vor of the small multiple variants.

Small multiples vs. No small multiples
Steps F(1,238) =8.347,
p=0.004

After testing Welch (p = 0.004) and Brown-
Forsythe (p = 0.004) because the Levene statis-
tics reported borderline significance p = 0.049
meaning that homogeneity of variances was vi-
olated. However, both are significant after ro-
bust tests of equality of means (p < 0.05) in fa-
vor of small multiples.

States F(1,238) = 1066.966, | Difference was found in favor of small multi-
p <0.001) ples. Welch (p < 0.001), Brown-Forsythe (p <
0.001).

Visual history vs. No visual history
States F(1,238) = 1066.966, | Difference was found in favor of visual history.
p <0.001

Table 2: Usability questionnaire results.

Easy to use Easy to understand Useful
agree neutral disagree | agree neutral disagree | agree neutral disagree
NSM-S 6 3 3 11 1 0 8 3 1
NSM-D 6 3 3 8 4 0 7 3 2
SM-S 10 1 1 10 2 0 11 1 0
SM-D 9 2 1 9 3 0 10 1 1

view. Here we expect fewer navigation errors. Finally, we
expect that exploration with combined small multiples and
visual history is even more efficient compared to their single
counterparts (H3). Statistically significant results are shown
in Table 1.

Although users were not faster in executing the tasks us-
ing the small multiples approach, and also no difference in
errors were found, users needed significantly fewer steps and
explored a significantly larger part of the state space in the
same amount of time as standard approaches. Due to these
results we cannot fully accept hypothesis H; but definitely
not reject it. We did not find any statistically significant dif-
ference in the exploration methods using the visual history,
therefore, we cannot confirm hypothesis H,. Also, hypoth-
esis Hz cannot be fully confirmed. We did find a statisti-
cally significant difference in task execution time and part of
state space explored in favor of small multiples. For execu-
tion time of tasks in the small multiple exploration methods
we also found that users were faster using no visual history.
Therefore, if time is most important, small multiple explo-
ration method should be used without a visual history. How-
ever, this might not balance out all advantages the visual his-
tory brings as mentioned in Section 3.1.

Satisfaction The usability is tested on three different as-
pects, easy to use, easy to understand, and usefulness. These
aspects were all rated on a five point Likert scale for each
of the exploration methods. In Table 2 we see that the two

(© 2013 The Author(s)
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small multiple approaches were easiest to use. The single
views were easier to understand compared to the dual view
systems and finally the small multiple systems were rated
most useful.

Users were asked to rank each of the four interaction
methods to express their preference with respect to vi-
sual data exploration. We ran a Friedman test followed by
a Fishers exact test reporting a statistically significant re-
sult of x%(9) = 18,p = 0.03517 and p = 0.02387 respec-
tively. Both are significant (p < 0.05). Next, a post-hoc
false discovery rate analysis is run to determine between
which interaction methods the difference occurs. Small mul-
tiples with single view are preferred over no small multi-
ples with single view (p = 0.0262). Also, small multiples
with dual view is preferred over no small multiples with sin-
gle view (p = 0.0016). Next, a statistically significance is
found for preference of small multiples over no small multi-
ples (x*(3) = 12.667, p = 0.005416). This translates to the
interaction method preferences graph shown in Figure 6.

Some of the strong points of the visual exploration us-
ing small multiples and visual history pointed out by par-
ticipants included: "With this method 1 am having a sense
of progression due to the shifting and visual history trail",
"Categorical split is very powerful to gain insight in group
statistics" and "With small multiples you spot differences that
you would otherwise perhaps not see / miss".

Finally, 11 out of 12 participants think small multiples are
a good idea for visual data exploration. Also, 10 out of 12
persons express they want to use the small multiple dual
view exploration method on their own data.

5. Scalability

If lots of attributes are present in the data-set, the menu be-
comes less practical because navigation to the attribute of
interest takes a lot of effort. Therefore, we suggest to first
filter on the number of attributes if the data-set has a high
number of attributes, to select only those of highest interest.
The same thing applies to a high number of parameters. A
different solution is to develop a scalable easy-to-use menu
that allows for a high number of parameters.

The small multiples exploration approach scales well with
respect to the number of items in the data-set. Partly because
this depends on the visualization used and second, because
the proposed exploration method enables easy partitioning
of the data-set by (recursively) applying filter split opera-
tions. The individual parts can then be analysed in isolation
while keeping the context due to the visual history mecha-
nism.

For complex visualizations the small multiples may be-
come too small, however, here we aim at casual users, who
want to explore data incidentally and who are not used to
complex visualizations and require as simple as possible
means to explore their data.

(© 2013 The Author(s)
(© 2013 The Eurographics Association and Blackwell Publishing Ltd.
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Figure 6: Interaction method user preference.

6. Conclusions

In this paper we introduce a new visual exploration method
for multivariate data analysis using small multiples. We in-
troduce a model based on the alternation between large sin-
gles and small multiples. The small multiples are produced
by applying split operations on large singles. We propose
different split operations each having their own use. Further-
more, we introduce a navigation mechanism based on ex-
plicitly showing the visual history of the exploration path.
As proof of concept the exploration method is implemented
in a prototype. The effectiveness of the exploration method
is tested using a formal user study comparing four differ-
ent interaction methods. For efficiency in terms of execution
time of tasks, no advantage of small multiples was found.
Also, no fewer errors were made using the small multiples
approach. However, we did find users needed fewer steps
in answering the questions and also explored a significantly
larger part of the state space in the same amount of time,
which gives them a broader perspective on the data, lower-
ing the chance important data features are missed.

On top of this the Small Multiple exploration method of-
fers comparison and guidance simplifying and increasing
the satisfaction of the exploration process. Furthermore, we
found significant differences in which method users pre-
ferred to use for their data exploration. Small Multiple inter-
action methods were preferred over their No Small Multiple
counterparts. In conclusion, users were more satisfied and
preferred exploration methods using small multiples, but if
a visual history should be integrated is still an open question
and needs further investigation.

Future Work There are several directions for future work.
One such direction is the exploration of integrating branch-
ing behavior in the exploration method. Key challenge here
is to keep the interaction down to a level that is still easy to
understand, easy to use and useful. Also, the visual explo-
ration method using small multiples offers comparison and
guidance, which is most effective if users do not know what
they are looking for. Due to the within subjects design this
may have had an influence on the user study results. This re-
quires further investigation and perhaps different user stud-
ies for evaluation such as think-aloud methods.
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