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A need for abstract task characterization…

…yet specific to data type
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an abundance of vis task characterization

Amar & Stasko (2004)

Gotz & Zhou (2008)
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Heer & Shneiderman (2012)

RE Roth (2013)

Andrienko & Andrienko (2006)

Keim (2002)

Roth & Mattis (1990)

Brehmer & Munzner (2013)

Klein, Moon, & Hoffman (2006)

Shneiderman (1996)

Buja et al. (1996)

Liu & Stasko (2010)

Tweedie (1997)

Card, Mackinlay, Shneiderman (1999)

Mullins & Treu (1993)

Valiati et al. (2006)

Casner (1991)

Pike, Stasko, et al. (2009)

Ward & Yang (2004)

Chi & Riedl (1998)

Pirolli & Card (2005)

Wehrend & Lewis (1990)

Chuah & Roth (1996)

Schulz et al. (2013)

Yi, Stasko, et al. (2007)
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Spence (2007)

Zhou & Feiner (1998)
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data-type specific task characterization

Vis Tasks for 1D, 2D, 3D, Multi-Dim, Temporal, Tree, & Network Data
Shneiderman. (1996) IEEE Symp. Visual Languages

Vis Tasks for Tabular Data
Henry & Fekete. (2006) ACM BELIV Workshop

Vis Tasks for Graph Data
Lee et al. (2006) ACM BELIV Workshop

Vis Tasks for Time-Oriented Data
Lammarsch et al. (2012) EuroVA Workshop
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…what about DR data?
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dimensionality reduction (e.g. PCA, MDS) & vis
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10 analyst interviewees, 6 domains

Human computer interaction (x3)
Bioinformatics (x3)
Policy analysis
Computational chemistry
Social network analysis
Investigative journalism
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What?

in need of a framework

Why?
How?
What?
Why?
How?

What?
Why?

Brehmer & Munzner.
IEEE TVCG / Proc. InfoVis (2013).

How?

Munzner (2014)
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contribution: vis task sequences for dr data
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Empirical Studies in Information Visualization:
Seven Scenarios
Heidi Lam, Enrico Bertini, Petra Isenberg, Catherine Plaisant, and Sheelagh Carpendale

understanding work practices
evaluating visual data analysis & reasoning
evaluating communication through vis
evaluating collaborative data analysis
evaluating user performance
evaluating user experience
evaluating vis algorithms

Abstract—We take a new, scenario-based look at evaluation in information visualization. Our seven scenarios, evaluating visual data
analysis and reasoning, evaluating user performance, evaluating user experience, evaluating environments and work practices,
evaluating communication through visualization, evaluating visualization algorithms, and evaluating collaborative data analysis were
derived through an extensive literature review of over 800 visualization publications. These scenarios distinguish different study goals
and types of research questions and are illustrated through example studies. Through this broad survey and the distillation of these
scenarios, we make two contributions. One, we encapsulate the current practices in the information visualization research community
and, two, we provide a different approach to reaching decisions about what might be the most effective evaluation of a given
information visualization. Scenarios can be used to choose appropriate research questions and goals and the provided examples can
be consulted for guidance on how to design one’s own study.
Index Terms—Information visualization, evaluation.

Ç
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INTRODUCTION

E

VALUATION in information visualization is complex
since, for a thorough understanding of a tool, it not
only involves assessing the visualizations themselves, but
also the complex processes that a tool is meant to
support. Examples of such processes are exploratory data
analysis and reasoning, communication through visualization, or collaborative data analysis. Researchers and
practitioners in the field have long identified many of
the challenges faced when planning, conducting, and
executing an evaluation of a visualization tool or system
[10], [41], [54], [63]. It can be daunting for evaluators to
identify the right evaluation questions to ask, to choose
the right variables to evaluate, to pick the right tasks,
users, or data sets to test, and to pick appropriate
evaluation methods. Literature guidelines exists that can
help with these problems but they are almost exclusively
focused on methods—“structured as an enumeration of
methods with focus on how to carry them out, without
prescriptive advice for when to choose between them.”
([54, p.1], author’s own emphasis).
This paper takes a different approach: instead of
focusing on evaluation methods, we provide an in-depth

. H. Lam is with Google, Inc, Mountain View, CA.
E-mail: heidi.lam@gmail.com.
. E. Bertini is with the Department of Computer and Information Science,
University of Konstanz, Box 78, Konstanz 78457, Germany.
E-mail: enrico.bertini@uni-konstanz.de.
. P. Isenberg is with INRIA, Université Paris-Sud, Team Aviz, Bat 650,
Saclay, Orsay Cedex 91405, France. E-mail: petra.isenberg@inria.fr.
. C. Plaisant is with the University of Maryland, 2117C Hornbake South
Wing, College Park, MD 20742. E-mail: plaisant@cs.umd.edu.
. S. Carpendale is with the Department of Computer Science, University of
Calgary, 2500 University Dr. NW, Calgary, AB T2N 1N4, Canada.
E-mail: sheelagh@ucalgary.ca.
Manuscript received 8 Sept. 2010; revised 6 Nov. 2011; accepted 9 Nov. 2011;
published online 30 Nov. 2011.
Recommended for acceptance by C. North.
For information on obtaining reprints of this article, please send e-mail to:
tvcg@computer.org, and reference IEEECS Log Number TVCG-2010-09-0224.
Digital Object Identifier no. 10.1109/TVCG.2011.279.
1077-2626/12/$31.00 ! 2012 IEEE
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discussion of evaluation scenarios, categorized into those
for understanding data analysis processes and those which
evaluate visualizations themselves.
The scenarios for understanding data analysis are
.

Understanding environments and work practices
(UWP),
. evaluating visual data analysis and reasoning
(VDAR),
. evaluating communication through visualization
(CTV), and
. evaluating collaborative data analysis (CDA).
The scenarios for understanding visualizations are
. Evaluating user performance (UP),
. evaluating user experience (UE), and
. evaluating visualization algorithms (VA).
Our goal is to provide an overview of different types of
evaluation scenarios and to help practitioners in setting the
right evaluation goals, picking the right questions to ask,
and to consider a variety of methodological alternatives to
evaluation for the chosen goals and questions. Our
scenarios were derived from a systematic analysis of 850
papers (361 with evaluation) from the information visualization research literature (Section 5). For each evaluation
scenario, we list the most common evaluation goals and
outputs, evaluation questions, and common approaches in
Section 6. We illustrate each scenario with representative
published evaluation examples from the information
visualization community. In cases where there are gaps in
our community’s evaluation approaches, we suggest examples from other fields. We strive to provide a wide
coverage of the methodology space in our scenarios to offer
a diverse set of evaluation options. Yet, the “Methods and
Examples” lists in this paper are not meant to be
comprehensive as our focus is on choosing among evaluation scenarios. Instead, we direct the interested reader
Published by the IEEE Computer Society
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Domain-Agnostic and Data-Type-Specific
Task Characterization
Tasks in Sequence, not in Isolation

Stephen Ingram

Tasks Characterization for BELIV
Tamara Munzner

cs.ubc.ca/labs/imager/tr/2014/DRVisTasks/
thanks: UBC InfoVis group. UBC Multimodal User Experience group
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10 analyst interviewees, 6 domains

Human computer interaction (x3)
Bioinformatics (x3)
Policy analysis
Computational chemistry
Social network analysis
Investigative journalism
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10 analyst interviewees, 6 domains
Eurographics/ACM SIGGRAPH Symposium on Computer Animation (2005)
K. Anjyo, P. Faloutsos (Editors)

Morphable model of quadrupeds skeletons
for animating 3D animals
Lionel Reveret, Laurent Favreau, Christine Depraz, Marie-Paule Cani
GRAVIR, INRIA

Abstract
Skeletons are at the core of 3D character animation. The goal of this work is to design a morphable model of
3D skeleton for four footed animals, controlled by a few intuitive parameters. This model enables the automatic
generation of an animation skeleton, ready for character rigging, from a few simple measurements performed on
the mesh of the quadruped to animate.
Quadruped animals - usually mammals - share similar anatomical structures, but only a skilled animator can easily translate them into a simple skeleton convenient for animation. Our approach for constructing the morphable
model thus builds on the statistical learning of reference skeletons designed by an expert animator. This raises the
problems of coping with data that includes both translations and rotations, and of avoiding the accumulation of
errors due to its hierarchical structure. Our solution relies on a quaternion representation for rotations and the use
1
2
frame for expressing
the skeleton data. We then explore the dimensionality of the space of quadruped
and DEBORAHof aF.global
SWAYNE
skeletons, which yields the extraction of three intuitive parameters for the morphable model, easily measurable
on any 3D mesh of a quadruped. We evaluate our method by comparing the predicted skeletons with user-defined
ones on one animal example that was not included into the learning database. We finally demonstrate the usability
March 30, 2004
of the morphable skeleton model for animation.

Visualization Methodology for
Multidimensional Scaling
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Policy analysis
Computational chemistry
Social network analysis
Investigative journalism

ANDREAS BUJA

We discuss the application of interactive visualization techniques
to multidimensional
Categories and
Subject Descriptors (according to ACM CCS): I.3.7 [Computer Graphics: Animation]:
scaling (MDS). MDS in its conventional batch implementations is prone to uncertainties
with regard to (a) local minima in the underlying optimization, (b) sensitivity to the
choice of the optimization criterion, (c) artifacts in point configurations, and (d) local
1. Introduction
ysis. In [BV99], a morphable models of face 3D shapes and
inadequacy of the point configurations.
texture is learned from hundreds of accurate laser scans of

Skeleton
construction
and articulation
placements are the
These uncertainties will be addressed by the following
interactive
techniques:
(a) algohuman subjects. It offers control over intuitive parameters
A
Data-Driven
Reflectance
Model
first of
steps
of character rigging.
They involve the definition
such as age, sex, mood, etc. Similarly a morphable model
rithm animation, random restarts, and manual editing
configurations,
(b) interactive
∗
†
‡
and adjustment
of numerous
of freedom,† namely
the McMillan
Matusik
Pfister degrees
Leonard
of body shape has been proposed from laser scans of body
control over parameters that determineWojciech
the criterion
and itsHanspeter
minimization,
(c) Matt
diag-Brand
3D position and orientation for each skeleton joint. These
shapes
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for virtual
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since less anatomical
A system, called “XGvis”, which implements thesemore
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is freely
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data
is available.
the “XGobi” distribution. XGobi is a multivariate
data
visualization system that is
used here for visualizing point configurations.
This paper shows that statistical analysis can be applied on
a small set of skeleton models
23; rightbuilt
36, 13,by
andan
27);expert
superioranimator
frontal gyrusto
(left
Key Words: Proximity Data. Multivariate Analysis. Data Visualization.
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Graphics.
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cholinergic
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learning examples.
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P O this
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Abstract
We describe methodology for multidimensional
scaling based on interactive data visualization. This methodology was enabled by software in which MDS is integrated in a multivariate
data visualization system. The software, called “XGvis”, is described in a companion paper
(Buja, Swayne, Littman, Dean and Hofmann 2001), that lays out the implemented functionality in some detail; in the current paper we focus on the use of this functionality in the
analysis of proximity data. Wea single
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do notvector
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[STARR ] [Dana 2001] [Ward
fit 2the measured data
Joshua
B. Tenenbaum,1*1992]
Vin and
de then
Silva,
John C. Langford3
to a selected analytic model using various optimization techniques
[Ward 1992] [Yu et al. 1999] [Lafortune et al. 1997] [Lensch et al.

Scientists
working with large volumes of high-dimensional data, such as global
2001]. There are several shortcomings to this measure-and-fit apclimate
patterns,
or human
gene distributions,
regularly conproach.
First,stellar
a BRDFspectra,
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problem
of dimensionality
reduction: finding
computed
parameters
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of realmeaningful
reflectance;low-dimening how light is reflected from surfaces. A class of functions called
sional measured
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their
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model. Many of the salient and distinctive aspects of an objects
global geometry of a data set. Unlike classical techniques such as principal
reflection properties might lie within the range of these modeling
component
(PCA)
andofmultidimensional
scaling
(MDS),
our approach
errors. analysis
Second, the
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nonlinear
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on the Euclidean
distance
a poor metricorsince
it tends
different
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previouspeaks
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for nonlinear
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val- solution,
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efficiently
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ues.anFinally,
there class
is no guarantee
that the optimization
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and, for
important
of data manifolds,
is guaranteed
will yield to
thethe
besttrue
model.
Since most BRDF models are highly
asymptotically
structure.
non-linear, the optimization frameworks used in the fitting process
rely heavily on initial guesses of the models parameters. The qual-
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A canonical problem in dimensionality reality may be quite high (e.g., 4096 for these
ity of these initial guesses can have a dramatic impact on the final
duction from the domain of visual perception
64 pixel by 64 pixel images), the perceptually
is illustrated in Fig. 1A. The input consists of
meaningful structure of these images has
many images of a person’s face observed
many fewer independent degrees of freedom.
under different pose and lighting conditions,
Within the 4096-dimensional input space, all
in no particular order. These images can be
of the images lie on an intrinsically threethought of as points in a high-dimensional
dimensional manifold, or constraint surface,
vector space, with each input dimension corthat can be parameterized by two pose variresponding to the brightness of one pixel in
ables plus an azimuthal lighting angle. Our
the image or the firing rate of one retinal
goal is to discover, given only the unordered
ganglion cell. Although the input dimensionhigh-dimensional inputs, low-dimensional
representations such as Fig. 1A with coordinates that capture the intrinsic degrees of
1
Department of Psychology and 2Department of
freedom of a data set. This problem is of
Mathematics, Stanford University, Stanford, CA
3
central importance not only in studies of vi94305, USA. Department of Computer Science, Carnegie Mellon University, Pittsburgh, PA 15217, USA.
sion (1–5), but also in speech (6, 7), motor
control (8, 9), and a range of other physical
*To whom correspondence should be addressed. E-

The classical techniques for dimensionality reduction, PCA and MDS, are simple to
implement, efficiently computable, and guaranteed to discover the true structure of data
lying on or near a linear subspace of the
high-dimensional input space (13). PCA
finds a low-dimensional embedding of the
data points that best preserves their variance
as measured in the high-dimensional input
space. Classical MDS finds an embedding
that preserves the interpoint distances, equivalent to PCA when those distances are Euclidean. However, many data sets contain
essential nonlinear structures that are invisible to PCA and MDS (4, 5, 11, 14). For
example, both methods fail to detect the true
degrees of freedom of the face data set (Fig.
1A), or even its intrinsic three-dimensionality
(Fig. 2A).
Here we describe an approach that combines the major algorithmic features of PCA
and MDS—computational efficiency, global
optimality, and asymptotic convergence guarantees—with the flexibility to learn a broad
class of nonlinear manifolds. Figure 3A illustrates the challenge of nonlinearity with data
lying on a two-dimensional “Swiss roll”: points
far apart on the underlying manifold, as measured by their geodesic, or shortest path, distances, may appear deceptively close in the
high-dimensional input space, as measured by
their straight-line Euclidean distance. Only the
geodesic distances reflect the true low-dimensional geometry of the manifold, but PCA and
MDS effectively see just the Euclidean structure; thus, they fail to detect the intrinsic twodimensionality (Fig. 2B).
Our approach builds on classical MDS but
seeks to preserve the intrinsic geometry of the
data, as captured in the geodesic manifold
distances between all pairs of data points. The
crux is estimating the geodesic distance between faraway points, given only input-space
distances. For neighboring points, input-
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