
Eurographics Conference on Visualization (EuroVis) 2019
M. Gleicher, H. Leitte, and I. Viola
(Guest Editors)

Volume 38 (2019), Number 3

Investigating the Manual View Specification and Visualization by
Demonstration Paradigms for Visualization Construction

Bahador Saket and Alex Endert

School of Interactive Computing, Georgia Institute of Technology, USA

Abstract
Interactivity plays an important role in data visualization. Therefore, understanding how people create visualizations given
different interaction paradigms provides empirical evidence to inform interaction design. We present a two-phase study comparing
people’s visualization construction processes using two visualization tools: one implementing the manual view specification
paradigm (Polestar) and another implementing visualization by demonstration (VisExemplar). Findings of our study indicate
that the choice of interaction paradigm influences the visualization construction in terms of: 1) the overall effectiveness, 2) how
participants phrase their goals, and 3) their perceived control and engagement. Based on our findings, we discuss trade-offs and
open challenges with these interaction paradigms.

CCS Concepts
• Human-centered computing → Human computer interaction; Visual Analytics;

1. Introduction

Visual representation and interaction are two main components of
visualization tools [YKS07, Sed04]. The main focuses of visual
representation are mapping data values to graphical representations
and rendering them on a display in an effective manner. Interaction
provides users the ability to change the parameters of the system
to construct and change visual representations and interpret the
resulting views [YKS07,DE98]. While the goal of most visualization
tools is to accommodate visualization construction, they may use
different interaction paradigms. In this paper, we define the term
interaction paradigm in information visualization as the process of
how visualization construction is fostered in a tool.

How the visualization construction process is conducted often de-
pends on the user interface design itself. For example, a commonly
used interaction paradigm in most visualization tools is manual view
specification (MVS) [WQM∗17]. Tools implementing MVS often
require users to manually specify the desired mappings through GUI
operations on collections of visual properties and data attributes
that are presented visually on control panels. For instance, to create
a scatterplot, users must specify the visualization technique, then
select data attributes to map onto the axes, and finally map any
additional visual encodings to the desired attributes. While the exact
user interface design of different tools may vary [GBTS13], the
underlying MVS interaction paradigm is consistent. For example,
tools such as Tableau [Tab18] and Polestar choose to implement
MVS by dragging and dropping attributes onto shelves to set speci-
fications, while others such as Spotfire [Ahl96] do so by dropdown
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Figure 1: Visualization construction process using MVS and VbD.

menus. Regardless of the design choices, users are responsible for
specifying visual properties and systems generate resulting views.

Saket et al. recently proposed an alternative interaction paradigm
for visualization construction called visualization by demonstration
(VbD) [SKBE17,SE19]. This paradigm advocates for a different pro-
cess of visualization construction. Instead of specifying mappings
between data attributes and visual representations directly, VbD lets
users demonstrate partial mappings or changes to the output (the vi-
sualization). From these given demonstrations, the system interprets
user intentions, and recommends potential mappings and specifica-
tions. VbD is inspired by previous work that indicated the effective-
ness of letting people create spatial representations of data points
manually, without the need to formalize the mappings between the
data and the spatial constructs created [HCT∗14, AEN10, SIM99].
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Although both MVS and VbD offer iterative processes for creat-
ing visualizations, they have fundamental differences:

• MVS uses a different process compared to VbD. MVS requires
users to specify visualization techniques, mappings, and
parameters. In contrast, VbD requires users to provide visual
demonstrations of incremental changes to the visualization. It
then recommends potential visualization techniques, mappings
and parameters from the given demonstrations. Thus, while the
result of both is a visualization and the corresponding specifi-
cations, users follow a different process to get there (see Figure 1).

• MVS introduces interface elements such as menus and dialog
boxes that act as mediators between users and the visual repre-
sentation. In this case, the interface is an intermediary between
the users and the visual representation. In contrast, in VbD the
interface is itself a visual representation. The user can act on
the visual representation rather than external interface elements.
While the majority of user interaction is on the visual representa-
tion, VbD still makes use of some interface elements for accepting
or rejecting the recommendations. In this case, there are fewer
intermediary elements between the user and visual representation:
the user can demonstrate intentions by directly manipulating the
encodings used in a visual representation.

Many visualization tools implement the MVS paradigm. These
tools are successful in easing the processes of visualization construc-
tion [GTS10]. They allow users to interactively construct visualiza-
tions instead of using programming. However, when new interaction
paradigms such as VbD are created, it raises a number of intriguing
questions including: How do interaction paradigms enable differ-
ent visualization construction processes? How effective are each of
these interaction paradigms for specific tasks? Understanding the
differences and trade-offs between various interaction paradigms
can help designers and developers make informed decisions about
interaction design in visualization tools.

In this paper, we take a step towards gaining a better understand-
ing of the trade-offs between these two interaction paradigms. We
first conduct a controlled experiment to study the effectiveness of
each paradigm in constructing visualizations. We then conduct an
exploratory study to investigate which processes people follow while
exploring their data, which common patterns appear, and which bar-
riers people encounter using each interaction paradigm. The main
contributions of this paper provide empirical evidence to show: 1)
the effectiveness (performance time and accuracy) of each paradigm
for different tasks; 2) how the underlying interaction paradigm used
in each tool influences the visualization construction process; and 3)
trade-offs between the two interaction paradigms.

2. Related Work

There are several visualization process models that explain differ-
ent steps users follow to construct visualizations [CMS99, CR98,
Car99]. One of the well-known models is Card et al’s “reference
model” [CMS99]. The reference model explains four steps that
users often follow to construct visualizations: Raw Data Transfor-
mation, Data Table Transformation, Visual Properties Specifi-
cation, and View Rendering. Chi and Riedl [CR98] proposed Data

State Model of visualization processes that extends the reference
model proposed by Card et al. by allowing for multiple pipelines.
Another variation of Card et al.’s reference model was introduced by
Carpendale [Car99] that adds Presentation Transformation step
before the view rendering. Despite the minor differences between
these models, most of these models place visual properties specifica-
tion before view rendering. This implies the interaction paradigms
that realize these models often ask users to assign data attributes to
visual properties, then have systems render the specified views.

2.1. Manual View Specification (MVS)

The MVS paradigm also requires users to map data attributes to vi-
sual properties prior to rendering the view. Many existing interactive
visualization tools implementing this paradigm such as MS Excel,
Spotfire [Ahl96] and Tableau [Tab18] require users to specify data
mappings before rendering the view. This is how the visualization
construction process is enabled at every step. For instance, to create
a scatterplot, users must specify the point visualization technique,
then select data attributes to map onto the x and y axes. The system
then generates a scatterplot with all the specified characteristics.

User interface design in visualization tools utilizing a specific
paradigm can be implemented in various ways. Previously, Grammel
et al. [GBTS13] categorized the user interface design in desktop-
based visualization tools into six different groups. Among different
interface designs identified by Grammel et al., four of them are the
most relevant to our work: template editors, shelf configuration,
visual builder, and visual data flow. While these user interface
designs may vary, the underlying MVS paradigm is consistent.

Based on Grammerl et al., template editor is a user interface
design that enables “the user selects some data and then picks
a predefined visual structure in which to represent it. The distin-
guishing criteria of this approach are the separation between the
initial visualization selection steps and the refinement of the se-
lected visualization” [GBTS13]. For example tools such as Many
Eyes [VWVH∗07] and Excel implement this design alternative.

Tools that implement the visual builder design often consist
of a palette containing visual element prototypes and an empty
canvas treated as an assembly area. These tools take a different
approach from tools such as MS Excel, as they enable users to
draw a customized visual glyphs and arrange visual elements on a
canvas from which data mappings are created. Examples of visu-
alization authoring tools that implement this design include Data
Illustrator [LTW∗18], Data-Driven Guides [KSL∗17], Charticula-
tor [RLB19], and iVisDesigner [RTY14].

The data flow design enables users to construct visualiza-
tions by connecting visual components through links to create
graphs representing the data flow. Visualization tools such as
iVoLVER [MHN17] implement this design.

Finally, shelf configuration is a commonly-used interface design
that enables users to specify the desired mappings through GUI
operations on collections of visual properties and data attributes that
are presented on control panels. Visualization tools might implement
this design differently. For example, tools such as Tableau [Tab18]
and Polestar [Pol16] choose to implement this design by dragging
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and dropping attributes onto shelves to set specifications, while
others such as Spotfire [Ahl96] do so by dropdown menus. Regard-
less of these alternatives, users specify visual properties through
graphical widgets and systems generate the specified visualization.

2.2. Visualization by Demonstration (VbD)

In general, demonstration-based interfaces offer users the ability to
create visual demonstrations of intended results. They emphasize the
ability for people to focus on resulting representations, from which
systems infer lower-level specification that create these results.

For example, Saket et al. [SKBE17, SE19] presented “visualiza-
tion by demonstration”, which describes a series of design consid-
erations for user interaction in visualization. Their paper discusses
how visualization systems can infer lower-level visualization specifi-
cations from visual demonstrations provided by users. For example,
in a scatterplot, instead of mapping a data attribute to color through
control panels (MVS), in VbD users could resize a few data points
to convey their interest in mapping size to a data attribute. In re-
sponse, the system would extract data attributes that can be mapped
to size and suggest them. Saket et al. [SKBE17] also presented
VisExemplar, a visualization tool that implements VbD.

The core concept of VbD extends prior work in related computing
areas where demonstration-based approaches have been used. In
computer programming, programming by demonstration [CH93]
enables users to generate code by providing visual demonstrations
of intended software functionality. An important aspect of these
interfaces is incrementally iterating and improving the state of the
system by continuing to demonstrate further changes or directly edit-
ing the produced code. Other domains that have successfully used
the “by demonstration” paradigm include 3D drawing by demon-
stration [IH01] and data cleaning by demonstration [LWN∗09].

A by-demonstration paradigm has also been used for a myriad of
visual analytic tasks. For example, Kandel et al. showed how data
wrangling and cleaning in spreadsheets can be done by demonstrat-
ing rules and filters [KPHH11]. Dimension reduction and clustering
models can be guided by demonstrating group membership and
relative similarity between data points [EFN12, KCPE16]. Addi-
tional tasks that have been supported with demonstrational inter-
faces include temporal navigation [KC14], adjusting data grouping
criteria [SSEW17], and others.

2.3. Agency and Data Granularity in VbD vs. MVS

In this paper, we categorized the MVS and VbD paradigms based
on two dimensions: the choice of visualization construction model
and the number of intermediary interface elements. We used these
two as they emphasize the difference along both the high-level user
process, as well as the user interface design. However, one could
characterize the design space of visualization tools and interaction
paradigms along other dimensions as well.

For example, Mendez et al. [MNH18] recently proposed a design
space based on two dimensions: agency and granularity. Agency
refers to who is responsible for carrying out the visualization con-
struction process: the user or the system. Based on this design space,
VisExemplar has a higher level of agency than many of the tools

implementing the MVS paradigm such as Polestar, Many Eyes, and
Spotfire based on the automation that occurs as part of recommend-
ing visualizations based on user demonstrations. On the other hand,
Granularity refers to the level at which tools enable the manipu-
lation of both data and visual representation. Unlike a majority of
tools implementing MVS that operate at the attribute level (or on
groups of attributes), the VbD paradigm advocates for a fine level of
granularity since users directly manipulate the graphical encodings
in visual representations. Tools such as iVoLVER [MHN17] and
other visualization authoring tools that implement the visual builder
design also support a fine level of granularity.

2.4. Sketch-based Visualization Construction

A related line of existing work within the visualization community
has examined how sketching or drawing can be used as an approach
for users to specify their intentions [LKS13, KKW∗17, WLJ∗12,
CMvdP10]. For instance, SketchStory [LKS13] is a system that
allows users sketch out an example icon and visualization axis. The
system then interprets user interactions and completes the visual-
ization with new visual properties. The sketching-based paradigm
relies on digital ink and ink recognition. In addition, it relies on
users exemplifying their intentions via drawing. However, there
are commonalities with VbD in the sense that both allow users to
specify their desired goal instead of manually parameterizing the
visual properties. However, in our work we focus on conventional
desktop settings, and do not focus on sketch-based interactions.

2.5. Previous Studies of Visualization Construction

Previous studies exist that have investigated the visualization process
using different tools (e.g., [WPHC16,MHN17,GTS10,Hur14]). For
example, Wu et al. [WPHC16] compared the bar chart construction
process between MS Excel and a set of physical tiles. Their findings
showed that the distribution of time spent and sequence of actions
taken to construct visualizations are different depending on the tool.
Unlike the study by Wu et al. [WPHC16], we investigate trade-
offs of visualization construction in digital visualization tools. In
another study, Mendez et al. [MHN17] compared how visualization
novices construct visualizations and make design choices using
either top-down or bottom-up visualization tools. Their findings
indicated trade-offs between the two tools and considerations for
designing better interactive visualizations. While we also explore the
interactive visualization construction, we focus on investigating the
trade-offs between two different interaction paradigms. In particular,
we are interested in investigating how each of the two interaction
paradigms influence the visualization construction’s process.

3. Choice of Visualization Tools

To investigate trade-offs between the two interaction paradigms,
we selected two tools that each embody one of the two paradigms.
The main experiment used two tools, VisExemplar [SKBE17] and
Polestar [Pol16], which satisfied two requirements. One is that each
had to clearly embody one of the two interaction paradigms ex-
amined in this paper. The other is that to have a fair comparison
between these two paradigms, users had to be able to learn and
use the system within the duration of the experiment (i.e., the tools
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(a) VisExemplar (b) Polestar

Figure 2: A screenshot of VisExemplar and Polestar.

should be simple). A video walked the participants through different
features and interactions provided by the tool. Although a variety
of commercial tools incorporate the MVS paradigm, we decided
to use the less complicated visualization tool, Polestar, to control
for external factors that might affect the study. The functionality of
Polestar is tightly scoped and intentionally limited to control for
these potential confounds. Also, Polestar has previously been used
as a control condition in previous studies [WMA∗16, WQM∗17].

VisExemplar† (shown in Figure 2-a) consists of two main com-
ponents: demonstrations provided by users to show their intended
actions and transformations that are recommended by the system in
response to the given demonstrations. To provide demonstrations,
VisExemplar enables users to directly manipulate the encodings
used in a visual representation (e.g., users stacking data points in
the shape of bars to convey their interest in a bar chart). In response
to the provided demonstrations, VisExemplar recommends four
categories of transformations: (1) change the current visualization
technique, (2) define mappings between graphical encodings and
data attributes, (3) assign data attributes to axes of a visualization
technique, and (4) change the view specifications without changing
the underlying technique. By accepting any of the recommended
transformation, the system will change the corresponding view.

Polestar‡ (shown in Figure 2-b) is a visualization tool that im-
plements the MVS paradigm. The Polestar user interface consist
of a Left-side panel, Encoding Shelves, and the Main View. The
Left-side panel presents the data schema, listing all data attributes in
the dataset. Encoding Shelves located next to the data schema and
represent different encoding channels. The main activity of design-
ing visualizations in Polestar consists of the assignment (through
drag-and-drop), of a data attribute onto a shelf to establish a visual
encoding. Users can also change properties of the data or the visual
encoding variable (e.g., color or sort) via pop-up menus. The Main

† https://github.com/BahadorSaket/VbD
‡ https://github.com/vega/polestar

View of Polestar shows a created visual representation. After each
specification, the system updates the view accordingly.

4. Main Findings of Our Pilot Studies

Our study design in this paper was shaped by two pilot studies. Our
goal in the first pilot study was to observe patterns that people use to
construct visualizations. In addition, we wanted to capture potential
flaws in our main study design and understand if the datasets planned
to be used are appropriate enough to support a 20 minutes data
exploration task during our main experiment. For the first pilot
study, we recruited six participants. We randomly assigned three
of the participants to work with VisExemplar and the others to
work with Polestar. We first asked the participants to watch a tutorial
video of the visualization tool. We then asked participants to perform
eight trial tasks using the tool (e.g., assign the cylinder attribute to
the x axis). Tasks for trial session were designed using the Cars
dataset [HV81]. Once they completed the tasks, we asked them
to work with the visualization tool for 20 minutes to explore the
Cameras dataset [Dat15]. The participants were asked to verbalize
their visualization construction process.

We captured two methods that participants used to phrase their
goals while constructing visualizations. In the first method, par-
ticipants knew the exact information required for constructing or
refining a visualization. For example, they knew which data attribute
should be mapped to which mark or axis (e.g., “I want to assign
price to the size of the circles.”) We call this a specific method.
The second method is more abstract. Participants were sometimes
unaware of some of the information required to complete their goals.
For example, participants sometimes tried to express that they want
to map an attribute to size by saying, “I want to make expensive cam-
eras bigger”, or even “Cameras like these should be larger.” We call
this an abstract method. The key difference is how well the users
articulate their goals based on the data attributes and visualization
characteristics. When goals are formed in the way of attributes and
visual mappings, the specific method was used. Alternatively, when
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goals are formed on data items and semantic relationships between
data items, abstract methods were used.

We initially decided to use the Cars [HV81] and Cameras [Dat15]
datasets in our main study. However, it turned out that the partici-
pants were not familiar with all data attributes used in the Cameras
dataset (or cameras in general), so they tended to not explore for
as long and make more impetuous decisions and not examining
attributes that they were not familiar with. We instead decided to
use the Movies dataset [Dat15] that provides details for 335 movies
released from 2007 to 2012, and contains 12 data attributes. We se-
lected the Cars and Movies dataset for our experiment based on two
considerations. First, the datasets contained enough data attributes to
support a 20 minute data exploration task. Second, the participants
were unfamiliar with the content of the datasets but familiar with the
meaning of the data attributes used in the dataset (e.g., participants
knew the meaning of IMDb rating, profit, gross, genre, and etc.).

In the second pilot study, we tested if the way tasks are phrased
affect performance time and accuracy. We ran a pilot study with
four additional participants. We designed 8 trial visualization con-
struction tasks. For half of the tasks we provided participants all
the information required to perform them (specific method). For the
second half, we explained the tasks in a more abstract way (abstract
method). We noticed that task phrasing impacts user performance.
For example, in Polestar participants were faster in performing the
tasks that are phrased using the specific method. Thus, we decided
to treat task phrasing as one of the factors in our main experiment.

5. Study Design

We conducted a two-phase study. In the first phase, we studied how
well each interaction paradigm supports visualization construction
in a more controlled setting. We measured the effectiveness (per-
formance time and accuracy) of each paradigm for 16 tasks. In the
second phase, we investigated how well visualization construction
is supported by each paradigm in a more realistic scenario. We con-
ducted a think-aloud exploratory observational study in a laboratory
setting where participants were asked to use a visualization tool to
explore a dataset. Study materials are available in the supplemental
materials.

Participants and Setting
We recruited 16 participants (9 female and 7 male), between 21
and 32 years old. The participants were undergraduate and graduate
science and engineering students. None of them had participated in
the pilot. All participants reported to be familiar with reading and
creating visualizations using existing tools such as MS Excel (16),
D3.js (2), and Tableau (1). During the entire study, participants used
a computer with 13 inch screen. Two of the participants took the
undergraduate level information visualization course taught in our
university. The study took about 1 hour to complete and participants
were compensated with a $10 Amazon gift card.

5.1. Phase 1: Controlled Experiment

In this phase, we examined the effectiveness of each interaction
paradigm for creating visualizations in a controlled setting. We used
a mixed design with the tool as between-subjects factor. 16 subjects

participated in our study and were randomly assigned to one of
the visualization tools (8 participants per visualization tool). Each
participant worked with just one of the visualization tools.

5.1.1. Tasks

To select tasks for our study, we first interacted with both Vi-
sExemplar and Polestar exploring different ways in which they
support visualization construction. This resulted in a list of 25
visualization construction tasks (e.g., assign a data attribute to
size and color of data points). We also reviewed taxonomies of
tasks commonly used for interactive visualization construction
(e.g., [Shn96, YKS07, RCDD13, DE98]). Considering our expe-
riences with these tools and our knowledge from these taxonomies,
we then assigned these tasks into four categories according to the
type of changes they make to a visualization.

• Mapping data attributes to the axes: This category of task
requires users to assign data attributes to either one or both axes
of a visualization.

• Mapping data attributes to mark properties: This category of
task requires users to map a data attribute to a mark property.

• Switching between visualization techniques: This type of task
requires users to change from one visualization technique to a
different visualization technique.

• Reconfiguring a visualization: This category of task requires
users to change the view specification of a visualization without
changing the underlying technique and mappings.

For this phase of our study, we designed 16 tasks for participants
to perform (4 categories of tasks × 2 phrasing methods × 2 trials).
Each participant performed all 16 tasks using one of the visualization
tools. The phrasings of tasks (abstract and specific) are based on how
participants verbalized their goals during the think aloud protocol
of the pilot study. Table 1 shows four category of tasks used in our
study. For each task type, we included two equivalent task phrasings.

5.1.2. Hypotheses

Since the two interaction paradigms have their own characteris-
tics, we expect that each paradigm will have its advantages and
disadvantages. Based on our pilot studies and experience with both
paradigms, we considered the following hypotheses for our study:

• H1: We hypothesize that using Polestar, participants map data
attributes to axes and switch from one visualization technique to
another significantly faster and more accurately than VisExemplar.
However, mapping visualization encodings to data attributes and
reconfiguring visualizations would be significantly faster and
more accurate using VisExemplar.

• H2: We expect Polestar to have better task performance (faster
and higher accuracy) for tasks phrased using the specific method
and VisExemplar to have better performance for those phrased
more abstractly.

5.1.3. Procedure

Training. Before starting the main experiment, participants were
briefed about the purpose of the study. At this stage, the participants
were also asked to answer to some demographic questions (e.g., age,
sex, and prior experience in creating visualizations). Each participant
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Table 1: Examples of the tasks used in the first phase of our study. For each category we provided two phrasings (abstract and specific). The
phrasings are based on how participants verbalized their goals during the think aloud protocol of the pilot study.

Task Type Starting Point Specific Method Abstract Method

Mapping data attributes
to the axes

A visualization (either bar chart or scatter-
plot). Data attributes assigned to the axes are
different from those mentioned in the task.

Change the scatterplot so that it has
wheelbase as the x axis.

Change the representation so that cir-
cles are horizontally positioned by
price.

Mapping data attributes
to mark properties

A visualization (either bar chart or scatter-
plot). mark properties used in the visualiza-
tion are not mapped to any data attribute.

Change the scatterplot in a way that
color is mapped to engine size of the
cars.

Change the representation so that cars
with the same number of cylinders
have the same color.

Switching between visu-
alization techniques

A visualization technique other than the one
that participants are supposed to construct.
Attributes assigned to the axes are different
from those mentioned in the task.

Switch from the given bar chart to a
scatterplot where the x axis is price
and y axis is wheelbase.

Modify the given representation such
that cars are horizontally positioned by
horsepower and vertically positioned
by engine size.

Reconfiguring the visual-
ization

A bar chart visualization. Sort the given bar chart in ascending
order.

Order the bars from left to right. Short-
est bar is on the left and the tallest bar
is on the right.

was asked to work with one of the visualization tools. We first
walked the participants through the training session to familiarize
them with the study. As our participants had no prior experience
using these particular tools, we reduced their initial learning time by
offering a brief introduction to the tool they would use. To prevent
inconsistencies in the training session, we asked participants to
watch a tutorial video of the visualization tool. The video walked the
participants through different features and interactions provided by
the tool. The participants were allowed to watch the video as many
times as they want. After watching the video, we asked participants
to work with each tool for 10 minutes. In addition, we encouraged
participants to ask as many questions as they want during this stage.
We then asked participants to perform 8 training tasks (4 types of
tasks × 2 phrasing methods × 1 trial). The participants were not
allowed to move to the next training question unless they answered
the question correctly.

Main Study. In this phase, each participant performed 16 visualiza-
tion construction tasks: 4 types of tasks × 2 phrasing methods ×
2 trials. All tasks were printed on a sheet of paper. Each time the
interviewer selected a task randomly and asked the participants to
perform the task as fast and accurately as possible. Before perform-
ing each task, participants were given a visualization as a starting
point. This way we made sure that all the participants performed
each task starting from the same visualization. We measured par-
ticipants performance time and accuracy. To design tasks for this
phase, we used the Cars [HV81] dataset. The Cars dataset [HV81]
provides details for 407 new cars and trucks for the year 2004. This
dataset contains 18 data attributes describing each car.

5.1.4. Data Analysis

To address our first hypothesis (H1), we tested how the different
tasks were performed using each interaction paradigm in terms of
time. We initially planned to take into account both performance
time and accuracy in our analysis. However, the participants per-
formed all the tasks correctly using both paradigms, so we excluded
accuracy from our analysis. We first calculated separate mean perfor-
mance time for all trials. For each participant, we averaged outcome
values of trials for each type of task. We then conducted a mixed

analysis of variance (ANOVA) to test for differences among the
four types of tasks (within-subjects factor) using two interaction
paradigms (between-subjects factor). The main effect of interaction
paradigm indicates which paradigm produces the best performance,
regardless of the task. The task × paradigm interaction indicated
whether a particular paradigm works better with a particular task.

To address our second hypothesis (H2), we conducted the sec-
ond mixed ANOVA to test for differences among the two different
phrasing methods of constructing visualizations (within-subjects
factor) using two interaction paradigms (between-subjects factor).
In particular, we were interested in interaction between the two
different phrasing methods for goals and interaction paradigms
(Phrasing methods × interaction paradigm). Investigating the inter-
action between phrasing methods and interaction paradigms indi-
cated whether a particular paradigm works better with a specific
method of phrasing goals (abstract and specific). Thus, we averaged
outcome values of trials for each participant.

Before testing, we checked that the collected data met the assump-
tions of appropriate statistical tests. The assumption of normality
was satisfied for parametric testing, but Mauchly’s Test of Sphericity
indicated that the assumption of sphericity had been violated for
time. To address this issue, we report test results with corrected de-
grees of freedom using Greenhouse-Geisser estimates for ε < 0.75
and otherwise with Huynh-Feldt correction.

5.1.5. Results

We found a significant effect of performance time for interaction
paradigm (F(1,14) = 19.6, p < 0.05) with a slightly large effect
size (η2

p = 0.63). Overall, average task completion time across all
tasks showed that Polestar was three seconds faster than VisEx-
emplar. Tools such as Polestar that implement MVS are fast and
accurate as they enable rapid and exact specification of the visual
properties by incorporating a set of consistent user interface ele-
ments. We also found a significant interaction between paradigms
and tasks for performance time (F(1,14) = 16.8, p < 0.05) with
a slightly large effect size (η2

p = 0.56). Our results show that par-
ticipants mapped data attributes to axes significantly faster using
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Polestar compared to VisExemplar. We also found that Polestar
was significantly faster than VisExemplar in switching from one
visualization to another. However, participants were significantly
faster in mapping data attributes to encodings and reconfiguring
visualizations using VisExemplar. Our results partially confirm our
first hypothesis (H1). See Figure 3 for more details.
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Figure 3: Average performance time of participants for each type
of task using Polestar and VisExemplar.

We also found a significant interaction between paradigms and
phrasing methods for performance time (F(1,14) = 34.5, p < 0.05)
with a large effect size (η2

p = 0.71). The participants performed
tasks significantly faster using the abstract method than the spe-
cific method in VisExemplar (p < 0.001). Unlike VbD, the partici-
pants were significantly faster in performing tasks using the specific
method than the abstract method in Polestar that implements MVS
(p < 0.05). This confirms our second hypothesis (H2). See Figure 4.
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Figure 4: Average performance time of participants for each phras-
ing method using Polestar and VisExemplar.

5.2. Phase 2: Open-ended Exploration

In this phase, we conducted a think aloud exploratory observa-
tional study to understand how the participants use each interaction
paradigm to construct visualizations in a more realistic scenario.

5.2.1. Procedure

Main Study. In this phase, the participants were asked to explore
the Movies dataset [Dat15] and look for interesting findings about

the data. In particular, the participants were told to imagine their em-
ployer asked them to analyze the dataset using the visualization tool
for 20 minutes and report their findings about the data. Participants
were instructed to verbalize analytical questions they have about
the data, the tasks they perform to answer those questions, and their
answers to those questions in a think-aloud manner. In addition, we
instructed them to come up with data-driven findings rather than
making preconceived assumptions about the data. The participants
were not allowed to ask any question during this phase. We tried to
avoid interrupting the participants as much as possible during their
data exploration process. However, sometimes it was necessary to
remind the participants that this is a think-aloud study and they need
to verbalize their thoughts.

Follow-up Interview. We asked participants what they liked and
disliked about the interaction paradigm. This was to allow the par-
ticipants to convey their feedback and ideas and in order to solicit
potentially unexpected insights.

5.2.2. Data Collection and Analysis

To analyze differences between the VbD and MVS conditions, we
gathered several types of data. At the beginning of the training
session, we used questionnaires to collect participant demographic
and background information. During the main study, we took written
notes of participants’ interaction processes with the tools. We also
screen- and audio-recorded the whole study.

To analyze the video and interview material, we followed guide-
lines provided by Creswell [Cre02, p. 236] for analyzing qualitative
data. We first transcribed data from the interviews. The coder (first
author) then read the transcribed materials to obtain a general sense
of the data and started thinking about organization. After reading
the data, the first author identified the meaningful text segments and
assigned a code word or phrase that accurately describes the mean-
ing of the text segment. The coding process was an iterative process
with three passes by a single coder in which the coder developed
and refined the codes. During the coding phase, we mainly focused
on processes of the participants in terms of usage (what types of
visualization specifications were usually created using each interac-
tion paradigm? What usage patterns exist for specific functionality?)
and barriers (when and how difficulties happened while working
with each paradigm?) For example, our codes included phrases such
as “changing color”, “changing size”, and “stacking data points”.
Finally, we aggregated similar codes into themes, and assigned them
labels. For example, we aggregated the “changing size” and “chang-
ing color” codes to create a “mapping a data attribute to a visual
property” theme. Finally, we identified frequently occurring codes
and themes to form higher-level descriptions to discuss our findings.

5.2.3. Results

In this section, we categorize and discuss the findings of our study.

Interaction Behavior for Visualization Construction Tasks
We divided types of operations the participants performed during
the entire visualization construction process into four categories of
tasks discussed earlier (Section 5.1).

Mapping Data Attributes to Axes
Participants tended to map more data attributes to axes using Polestar
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(see Table 2). Four of the eight participants who worked with
Polestar stated that the fast speed of the tool in mapping data at-
tributes to axes have contributed to this advantage. On the other
hand, in VisExemplar, five of the participants expressed difficulties
in mapping data attributes to axes. To map a data attribute to an axis
using VisExemplar, the participants had to position a few data points
relative to their data attribute values. The system then recommended
potential data attributes to be assigned to the axes. For example, one
participant expressed how a large amount of effort was required for
him to map a data attribute to an axis: “You know it is hard to drag
the points and track their values, [...] maybe you could somehow
highlight the values [data attribute values] while moving the points
to decrease users’ cognitive load.”

Another challenge that three of the participants encountered while
using VisExemplar was the accuracy of the data attributes suggested
to be mapped to the axes. After providing visual demonstrations,
the system searches for data attributes to recommend for mapping
to the axes based on the user interaction. The recommendation
engine prioritizes potential suggestions and shows those above a
certain threshold. However, there might be cases where a user’s
expected data attribute is not among those recognized to be the most
related ones by the system. In such cases, users have to provide more
demonstrations to help the system to interpret their intentions better.
One of the participants mentioned her concern by saying: “The
recommendations on the axes don’t always make sense to me. When
I have an idea in mind like let me see how these [data attributes]
compare, then when I don’t see it in the options, I am kinda thrown
off because at that point I am kinda doubting whether the way that
I am thinking about it is wrong or whether I am doing something
wrong with the system.”

Mapping Data Attributes to mark properties
The participants mapped more data attributes to mark properties
using VisExemplar (see Table 2). To map a data attribute to size or
color using VisExemplar, users could manipulate characteristics of
a corresponding encoding in the visual representation. For example,
users could color one or more data points red to convey their interest
in mapping this specific color to a data attribute. The system then
recommends a set of data attributes that can be mapped to color.
During data analysis, we noted multiple interesting patterns.

In VisExemplar, participants found the process of recommending
a subset of appropriate data attributes for mapping to color or size
very interesting and helpful. For instance, one participant mentioned
that: “[...] coloring points was fast though. I can color one point
and the system suggests a small set of attributes.” On the other hand,
one of the participants who used Polestar stated: “every time I need
to skim through attributes on this panel [the panel showing data
attributes], pick one, and drag it. It becomes hard to skim through
all attributes if we have many of them [data attributes].” Moreover,
we saw an interesting pattern emerge when the participants did not
intend to map any specific data attribute to an encoding but wanted
to explore different mapping options by hovering on the recom-
mended data attributes. For example regarding VisExemplar, one of
the participants mentioned: “... let’s color one and look at recom-
mendations [participant hovered on the recommended attributes to
preview the results and explain their findings].”

We also noted that the participants felt more control over the

Table 2: Total and average number of times that participants per-
formed each type of task using VisExemplar and Polestar.

Task Type VisExemplar Polestar

Mapping attributes to axes Total 53 108
Avg 7.5 15.4

Mapping attributes to encodings Total 55 26
Avg 3.9 1.9

Switching between techniques Total 12 25
Avg 1.4 3.5

Reconfiguring a visualization Total 7 9
Avg 0.8 1

tool when they were mapping data attributes to mark properties
using VisExemplar. One participant expressed his feeling of hav-
ing control by saying: “I like that I can color it here [coloring the
glyph], I feel like I have control over the circles [data points]”. This
is potentially because VbD advocates for increasing the level of
“interaction directness” [BL00] by enabling the users to demonstrate
their goals using direct manipulation of graphical encodings used in
visual representations [SSRE17]. As previous work also indicated
the level of interaction directness with the visual representation con-
tributes towards increasing the sense of control and personal agency
in the participants [KPV∗18]. However, we observed that this level
of directness sometimes led the participants to the point that they
forget their primary task. For example, one of the participants was
so involved in the process of dragging the points that at one point
he said: “I forgot what I was going to do.” This could potentially
go against the goal of traditional visualization tools that maintain a
functionalist perspective [PSM07], in that they are designed to be
helpful for a particular set of analytic tasks. Advantages and disad-
vantages in increasing the directness of interaction paradigms then
raise a question — What is the right level of interaction directness
that should be given to the users of the visualization tools?

Reconfiguring a Visualization
We did not find a large difference in the number of times that the
participants reconfigured the visualizations using each tool (see Ta-
ble 2). In fact, the results of our first phase also indicate that both
tools were quite fast in reconfiguring visualizations. However, we
noted four of the participants found sorting the bar chart using Vi-
sExemplar intuitive and fun. For instance, one of the participants
mentioned: “[...] the sorting was intuitive.” VisExemplar enables
users to demonstrate their interests in sorting the bar chart by drag-
ging the shortest/tallest bar to the extreme left/right. The system then
recommends sorting the bar chart. We believe interaction directness
in tools implementing VbD affects the feeling of engagement and
involvement during visualization process [Per14,SSEW17]. Another
participant said: “interactions like sorting are fun and natural. Have
you ever thought to test your tool on high school students? I think
they will like it a lot because they can move things around and play
with it while they are learning.”

One interesting avenue of research is to investigate the effective-
ness of these interaction paradigms on visualization tools that are
designed for different categories of users. For example, while user
engagement and involvement might not be the primary goal of tools
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that are designed to support a particular set of analytic tasks, it might
be important for tools that are designed for educational purposes or
casual information visualization tools [PSM07].

Switching Between Visualization Techniques
The participants switched between visualization techniques more of-
ten while using Polestar (see Table 2). The ability to quickly change
from one type of technique to another could contribute to this advan-
tage. In particular, seven of the participants found it quite difficult
to switch from a scatterplot to a bar chart using VisExemplar. To
switch from a scatterplot to a barchart using VisExemplar, the par-
ticipants had to stack two or more data points vertically. The system
then recommended a set of barcharts based on similarity of the data
points. Participants found this type of tasks difficult to demonstrate.
For example, one participant expressed the difficulty of switching
from a scatterplot to a barchart by saying: “it was a bit awkward
and hard for me to stack the points to create a barchart.” Without
intuitive and easy visual analogies to demonstrate an intended task
or goal, the effectiveness of tools implementing VbD may suffer,
and other interaction paradigms such as MVS may be better suited.

6. Discussion

6.1. No-need-to-think vs. Need-to-think

To construct different visualizations in Polestar, the participants
mapped data attributes to different visual properties through GUI
operations visually presented via the control panel. While partic-
ipants experienced fast visualization construction using Polestar,
they generally reflected less on the meaning and potential impact of
their interaction. For example, one of the participants stated: “When
I started, I did not have any design in my head. So, I kept creating
different designs until I found the one [visualization] that looked
interesting.” In such cases participants tried mapping a variety of
data attributes to different visual properties until they created a visu-
alization that they liked. Previous work [MHN17] also confirms this
notion of “no-need-to-think” when working with Tableau.

In contrast, tools implementing VbD advocate for the idea of
constructive visualization, which previous work [HCT∗14] defined
as “the act of constructing a visualization by assembling blocks, that
have previously been assigned a data unit through a mapping.” In
tools implementing VbD, users need to think about the visual output
or how data mappings should look before starting the demonstration
process. With VisExemplar, five participants mentioned that they
had to think about how they want their visual outputs to look before
starting to provide visual demonstrations to the visual representation.
One of the participants stated: “Here [in VisExemplar] I need to
think and imagine the output first. I then need to come up with
strategies to show [demonstrate] parts of what I want to the system.”
Thus, in contrast to Polestar, VisExemplar advocates for the notion
of “need-to-think" before specifying visual properties.

As previous work highlights [MNH18], large amounts of effort
and research have gone into designing visualization tools (e.g.,
Tableau) that enable rapid visualization design through coarse data
granularity and little user effort effort. Such tools are highly valu-
able for rapid data exploration and visualization construction, and
are designed for a broad set of tasks and user expertise. While sup-
porting rapid visualization construction is valuable, we believe that

Figure 5: Combining MVS and VbD into a single interface opens
interesting user interface opportunities that can leverage aspects of
both paradigms.

there is value in the continued investigation of alternative tools and
interaction paradigms that foster the notion of “need-to-think”.

For instance, tools implementing the notion of “need-to-think”
such as VisExemplar require users to put more effort into thinking
about their data and visualization designs, potentially making the
processes of visualization construction slower. However, this no-
tion may lead to a more thoughtful process since the participants
often mentioned the need to plan and think about their data prior to
engaging in the process of visualization construction. In particular,
the notion of “need-to-think” enables users to think more carefully
about their data, marks, visual variables, and their relevance in the
design and construction of visualizations [MHN17, WHC15]. As
such, optimizing for performance time may not lead to the over-
all best outcome, as it may result in users glossing over important
details of the data, uncertainties, open questions and ultimately de-
crease insights. As design practices suggest, active involvement and
repetition fosters users’ creativity and critical thinking [MNH18].

6.2. Combining MVS and VbD for Multi-Paradigm Interfaces

Our findings show that each interaction paradigm has its own ad-
vantages and disadvantages. As the two paradigms both have the
same end goal or state (a visualization along with the full set of
specifications needed to generate the visualization), the opportunity
to consider a hybrid, multi-paradigm interface exists (see Figure 5).
Based on the results of this study, such an interface can be designed
based on task effectiveness. Depending on which tasks and opera-
tions an interface wants to support can help determine which of the
two paradigms to use for the specific task.

In addition to effectiveness of allocating paradigms by tasks en-
tirely, interfaces like this open the potential to consider executing
tasks using true multi-paradigm interaction. For example, instead of
performing a task purely by demonstration, interfaces like these can
mix the paradigms within a task. Perhaps users can begin a task by
demonstration, then refine the lower-level specifications using MVS.
Similarly, perhaps users can specify aspects of their task using MVS
first, then demonstrate more high-level concepts visually. The oppor-
tunity for multi-paradigm interfaces can help balance the need for
people to understand all specifications to perform a task using MVS,
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and alleviate the need to demonstration tasks if the specifications are
known. However, this also raises user interface design challenges,
which will need to be explored further.

6.3. Design Guidelines

DG1: Ease the process of visual demonstration by incorporat-
ing more advanced interactions. Providing demonstrations is one
of the fundamental steps in the visualization by demonstration
paradigm. As such, more advanced interactions can improve the
speed and accuracy of the demonstrations provided by users. Going
forward, we envision multiple ways to improve user interaction
in tools implementing VbD. One way is to incorporate feedfor-
ward [VLvdHC13] and suggested interactivity [BEDF16] to im-
prove the efficiency and usability. For tasks such as “mapping data
attributes to the axes”, this could help by showing what sequences
of operations users can execute. Alternatively, interactions such as
lasso selection could improve multi-point demonstrations.

DG2: Decrease the ambiguity in user inputs by incorporating
multiple input modalities. VisExemplar uses mouse input as the
primary form of user interaction. During a visual demonstration,
multiple valid interpretations of a user’s action can be made. This
ambiguity challenge for demonstration-based systems has been pre-
viously studied [Mye92], and solutions for disambiguiation exist.
While most systems use a fixed model for determining the most
“appropriate inference”, there is no guaranteed way to either identify
the user’s intent correctly or be able to resolve the ambiguity without
further assistance [Mye92]. In the case of VisExemplar, part of the
ambiguity stems from the limited amount of information that direct
manipulation of graphical encodings can convey. Going forward,
the use of simultaneous modalities (pen, touch, speech, etc.) could
decrease ambiguity and increase the amount of information users
can provide about their demonstrations.

DG3: Improve Recommendation Interpretation and Timing.
While using VisExemplar, participants were sometimes unclear why
the system suggested specific recommendations. In such cases, the
participants found it difficult to map the recommended options to
their interaction with the visualization. Tools implementing VbD
suggest potential options based on the given demonstrations. How-
ever, there might be cases that the systems do not recommend op-
tions expected by the users, and it might not be apparent to users why
those recommendations are presented to them. Going forward, we
suggest systems implementing VbD to explore design alternatives
to explain the reasoning behind recommendations.

We also noticed that the participants sometimes found incoming
recommendations interrupting. For example, one of the participants
mentioned that “is there a way to tell the system to do not update
the recommendations after each interaction?” In the current version
of VisExemplar, the recommendations will be updated in the inter-
face whenever the recommendation table in the recommendation
engine gets updated. We suggest systems which plan to make use of
VbD consider investigating methods for minimizing the interruption
caused by incoming recommendations. We can envision two such
strategies to overcome the timing problem. First, systems present
recommendations upon pressing a specific button on the interface.
Second, systems could observe the cadence of user interaction with
the system and make recommendations at a less active time.

7. Limitations and Future Work

To compare two interaction paradigms, we had to select two vi-
sualization tools that each embody one of the paradigms. Thus,
we chose VisExemplar and Polestar because each embodies one
of the paradigms and are relatively simple with regards to the re-
maining system components. However, user interface design in
visualization tools embodying a specific paradigm can be imple-
mented in various ways [GBTS13]. For instance, a tool that embod-
ies MVS could be implemented using the shelf configuration, data
flow, or visual builder interface design. Each of these implementa-
tion variations could influence the construction process differently.
iVoLVER [MHN17], for example, follows a data flow-based inter-
face design requiring users to manually draw a visual glyph before
binding data to it. While this makes the tool more flexible in terms
of customizing the chart, it can also result in the tool potentially
being slower than a system like Polestar for specifying standard
visualizations. As such, we want to emphasize that the selected tools
in this study do not represent all possible interface designs for the
MVS and VbD paradigms. Interface design might influence the
results of the study. Thus, we encourage future work to consider the
effect of tool design when exploring our findings.

All tasks used in our study are visualization construction tasks
that required participants to specify visualization properties (e.g.,
map a data attribute to an axis). Testing our research questions
using different and more sophisticated types of tasks might reveal
nuances of each interaction paradigm that were not tested in this
study. As such, our findings should be interpreted in the context of
the specified visualization tasks.

We did not control for participants’ expertise. We hypothesize that
expertise and prior knowledge about visualizations will influence
their visualization construction process. For instance, expert users
might prefer constructing visualization using the MVS paradigm
since they have a better understanding of visual encodings, or be-
cause they are familiar using existing tools that leverage MVS. In
contrast, novice users might prefer working with tools that embody
the VbD paradigm because of its freedom of expression and not re-
quiring users to formalize the mappings between the data and visual
encodings. However, this remains to be formally studied. Our work
can be extended with other studies such as comparing these two
paradigms on users with different level of visualization expertise.

8. Conclusions

We present a study comparing visualization construction using two
visualization tools: one representing MVS and another representing
VbD. Our findings indicate differences in how these interaction
paradigms shape people’s visualization construction, and people’s
experience and their perceived control and engagement during visu-
alization construction.
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