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Abstract
In this paper we present a visual task taxonomy based on user goals derived via our extensive study, different data dimensions,
and available visualization types. This taxonomy will be used in the creation of a visualization system that will assist users in
the selection of more appropriate visualizations based on the specification of the task they want to perform and the available
data dimensions.

Categories and Subject Descriptors (according to ACM CCS): H.5.2 [Computer Graphics]: User Interfaces—Theory and methods

Two important factors that guide visualization recommendation
systems are properties of the data (in particular data dimensions)
and the goal the user aims to achieve with the visualization. For
example, a visualization that provides an overview of the dataset
will be different from a visualization to represent data distribution.
Instigating the user’s information seeking goal is important in the
visualization design process. However, these domain-independent
information seeking goals (for example as provided by studies from
[RM90,ZF98,AES05,SNHS13]) are very generic and therefore dif-
ferent visualizations can be used to represent them in a different
way. This might not be sufficiently helpful for the user. Consider
the goal to show distribution again. If a user is interested in view-
ing distribution over the spatial scale, then distribution maps are
suitable. If he/she is interested in distribution among two variables,
then XY scatterplots are suitable. Whereas if he/she is interested in
distribution among multiple variables, then this might lead to fur-
ther sub goal of either correlation or clustering. Correlation among
multiple variables is represented by a scatterplot matrix or parallel
coordinates. Clustering among multiple variables is represented by
biplots or dendrograms and their variants. Moreover, one visualiza-
tion can represent more than one user goal depending upon the type
of the data. For example, a treemap can represent hierarchical levels
with hierarchical data and can represent part-to-the whole compo-
sition relationships when provided with categorical data. The ad-
vent of different visualizations has made it possible now to classify
the visualizations according to the data and user goal they repre-
sent. This is different from the situation many years back where the
designer had to create specific visualization systems for specific
goals.
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This work is inspired by a mind map presented in [Abe06]
http://tinyurl.com/AbelaWork where the author has presented the
four main user goals which he has decomposed into different data
domains to suggest the visualization. This mind map covers lim-
ited user goals and limited data domains. However, it provides us
a clue of hierarchically decomposing the goals into subgoals and
data domains for effective data visualization suggestion. In con-
trast to, e.g. [NK15], which focuses on geographical data, we aimed
for a taxonomy that is not based on a specific data domain. Un-
like [LPP∗06], we also tried to avoid limitation to some specific
set of visualizations like network visualizations. The typology pre-
sented by [BM13] helps users in formulating a scientific inquiry
which leads to a generic user task. Our taxonomy identifies and
classifies such generic user tasks or user goals and recommends the
related visualization based on different specification of each task.
For example, a specification for the composition task is different
from that of the specification of the distribution or the compari-
son task. Each task has a different specification and is represented
differently for different data domains. Once the visualization is pre-
sented, then a user may choose different operators like filter, zoom
etc to get insight into the data and the graphics or can change his
task and choose another visualization.

For the creation of this taxonomy, we have reviewed more than
5000 statistical/scientific data visualization images from differ-
ent scientific journals. Through this review, we have generated
a database of more than 75 different statistical/scientific data vi-
sualizations. Further this review has led us to understand 6 ba-
sic/general user goals or user intentions for visualizing data. These
goals can further vary into 9 subgoals. Representing these subgoals
into different data dimensions generates different visualizations.
For example, a user goal of distribution can be decomposed into
clustering, correlation, and distribution itself. Here, the visualiza-
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tions for clustering of two or more variables will be different. The
visualization for correlation among one, two and more variable will
be different. The visualization for the distribution of one, two and
more variables, will be different. The visualization for the spatial
and temporal variables will be different. Hence all these different
visualizations represent different facets of one main goal, i.e Dis-
tribution. To further clarify this point, let us look at the example
of network visualizations. Someone interested in understanding the
network might want to know the hierarchy that exists within the
network or might be interested in the flow that exists within the net-
work. The visualization for representing the hierarchy is different
from the visualizations for representing the flow. Furthermore, the
visualizations that represents the flow into temporal, non-temporal
and spatial domains are respectively different.

Due to the limitation of the page size, we have provided the tax-
onomy as a list view in Figure 1. Its full version is available at
http://tinyurl.com/visTaxom . It has 6 main goals:

1. Network is either in the form of Hierarchy or a Flow. Flow can
be seen on the temporal, non-temporal and spatial scales

2. Range is to visually understand the extent to which the variation
is possible

3. Comparison can be viewed between two or more temporal and
non-temporal entities. Furthermore, the change in one entity
over temporal or spatial scales can also be visually depicted un-
der the goal of comparison

4. Overview of one variable and overview of multiple variables
can be displayed according to different visualizations

5. Composition can be defined either as part-to-the-whole or part-
to-the-part relationship. This further can be represented differ-
ently on temporal, non-temporal and spatial dimensions

6. Distribution can be viewed for one, two or multiple variables
with different visualizations. Geospatial distribution can also
be represented by different versions of distribution maps e.g.
Choropleth Maps, Dot Map or Bubble Map. Distribution then
leads to either depict correlation or clustering. Correlation can
further be visualized for one, two or multiple variables. Whereas
clustering can only happen between two or multiple variables

We will be using this taxonomy in our ongoing project on visual-
ization recommendation for biodiversity data. This taxonomy will
guide the selection of visualization once a user goal is provided
to it. In our work, the user goal will be derived partially from the
domain knowledgebase and from the user interaction. For a given
dataset, the metadata and a user goal, this taxonomy will filter down
the possible visualizations that specifically matches to the provided
dataset, the metadata and the intended task. By implementing this
taxonomy as an interactive system, it will enable user to explore the
large space of visualizations based on different dimensions.
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Figure 1: A Visual Task Taxonomy
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