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Abstract 
Visual analytics (VA) combines the strengths of 

humans and computers such that joint cognitive 
systems are formed. To be effective, a VA tool should 
be designed such that the component parts of the whole 
system are strongly coupled and function in a 
harmonious fashion. These components include 
cognitive and perceptual issues, tasks, algorithms, data 
models, and other aspects of the systems that 
contribute to its overall efficacy. The quality of 
interaction among all of these components can be 
referred to as interactivity. In the existing visualization 
literature, not enough focus has been placed on 
developing our understanding of human-centered 
aspects of interactivity. We have recently developed 
some conceptual frameworks to inform and guide the 
design of visual analytics tools in a systematic, human-
centered fashion. In this paper, we describe the design 
of a tool that supports decision-making and other 
complex cognitive activities. We discuss how the 
conceptual frameworks supported systematic design 
and coherent thinking about the interactivity of the 
tool. We also discuss some extensions of interactivity 
into important areas of concern for visual analytics 
tools. 
 
 
1. Introduction  
 

Visual Analytics (VA) tools combine the strengths 
of computers with those of humans to create joint 
cognitive systems. For VA tools to work well, 
however, there must be a strong coupling and 
harmonious functioning among all components [1], [2]. 
Such components include, among others, human 
characteristics (e.g., cognitive, perceptual), tasks, 
visual representations (henceforth ‘VRs’), and 
algorithms and data models. One manner in which we 
can view the strength of the coupling in any VA 
system is through the lens of interaction—in particular, 
by examining the quality of interaction between the 
various components. This quality of interaction can 

accurately be referred to as ‘interactivity’ [2]. Because 
the design of interactivity is second-order design—in 
other words, we cannot design the quality of 
interaction directly—it is imperative that designers of 
VA systems have forms of support that enable 
systematic and principled design of this aspect of VA 
systems. For the past few years, we have been 
developing some comprehensive conceptual 
frameworks that can support critical, systematic design 
thinking about interactivity of visualization tools [2]–
[5]. In this paper, we will provide a brief description 
and synthesis of some of this work. Furthermore, we 
will present a VA tool named VARSITY (Visual 
Analytics of university Research networkS and 
IndusTrY collaborations) that has been developed to 
support decision-making and other complex activities, 
and will demonstrate how the previously developed 
conceptual frameworks were used in the design 
process. We will also discuss the need for more 
attention on human issues in VA (i.e., more human-
centered research), design issues, and future directions 
for extending interactivity research into specific issues 
with which VA research is currently concerned. 
 
2. Human-centered visual analytics 
 

Many researchers in recent years have suggested 
that more focus should be put on human issues in VA 
(e.g., [6]–[10]). These issues are described and 
characterized in various ways, and often include terms 
such as cognition, perception, reasoning, decision-
making, sensemaking, judgment, insight, and others 
that are essentially tied to humans. Although similar 
sentiments have been expressed at various points 
throughout the past decade (see, e.g., [10]–[12]), it 
seems that only a minority of the research is truly 
human-centered—i.e., it places human issues at the 
center of consideration. The majority of VA research is 
focused on tools, visualization and interaction 
techniques, and data-related issues. Even though many 
research contributions may involve users and/or 
discuss human-related issues (such as data encoding 
issues related to visual perception), they are not 
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‘human-centered’ unless the human is at the center of 
concern. Most VA papers and research programs are 
probably more accurately characterized as technology- 
or data-centered—with human concerns necessarily 
involved but not central components. This is not to 
suggest that such research is not important; rather, it is 
stated simply to point out that truly human-centered 
research has not received a significant focus in VA.  

The one aspect of human beings that has received a 
reasonable amount of attention in the general 
visualization literature is visual perception. This is 
perhaps the most obvious starting point for systematic 
research when dealing with visual phenomena. 
However, considering the fact that VA tools are used 
nowadays for complex activities that involve many 
interconnected processes of higher-order cognition, 
focusing on perception alone is not adequate [13]. In 
recent years, researchers have suggested that more 
attention must be paid to higher-order, complex 
cognition [5], [6], [13], [14]. Moreover, perhaps the 
most consequential area of concern—the one that ties 
everything else together—is interaction [2], [5], [9], 
[15]. It is through interaction that a human-information 
discourse is enabled. Considering that interaction with 
external information representations (i.e., outside of the 
head) is a fundamental aspect of most tasks and 
complex cognitive activities that humans perform, a 
focus on interaction should form a core component of 
VA research. Furthermore, previous research has 
demonstrated that the provision of interaction 
mechanisms is not sufficient for ensuring that tools are 
effective; rather, the quality of interaction—that is, 
interactivity—is of critical importance (see [3]). 
Although this is true of all components of a VA tool 
[2], a human-centered approach focuses on the 
components that have a direct relationship with users. 
While the scope of directly related components may 
change in various contexts, they are usually those that 
are ‘external’ to the tool (e.g., VRs), and not those that 
are ‘internal’ (e.g., databases). One exception is the 
notion of users guiding or steering the underlying 
algorithms or models from which the VRs are 
generated. For instance, users can adjust the parameters 
of underlying clustering algorithms, which changes the 
VR of the data, and may thus have an effect on the 
user’s goals and mental models.  
 
3. Design of interactivity 
 

Although comprehensive analyses of interactivity 
do not exist in the VA literature, a brief examination of 
existing literature shows that visualization researchers 
certainly do have concerns about some aspects of 
interactivity. For example, one issue that is commonly 

discussed is the response time of user actions and its 
effect on the performance of a VA activity (e.g., [11], 
[16]–[18]).  This concern is not about an interaction 
per se, but is about the quality of the interaction in 
reference to human characteristics and expectations. In 
other words, the tool itself is not concerned whether a 
response takes 100 milliseconds or 5 seconds; rather, it 
is the human user that is affected by the response time, 
thus affecting the overall efficacy of the VA activity. 
This is clearly a concern about interactivity that is 
more human-centered than technology-centered. One 
of the primary motivators for developing our 
interactivity framework was the lack of general 
frameworks, taxonomies, theories, and/or other 
comprehensive structures that can support systematic 
research and design of interactivity in visualization 
tools.  

Without any type of conceptual support structure 
for thinking about human-centered issues, it is unlikely 
that VA tools will be designed in a systematic and 
principled manner. Based on the work of a number of 
design researchers, Stolterman [19, p. 63] suggests that 
designers appreciate and are inclined to use 4 forms of 
design support: (i) precise and simple tools or 
techniques (e.g., prototypes); (ii) frameworks that do 
not prescribe but that support reflection and decision-
making (e.g., design patterns); (iii) individual concepts 
that are intriguing and open for interpretation and 
reflection on how they can be used (e.g., affordance); 
and (iv) high-level theoretical and/ or philosophical 
ideas and approaches that expand design thinking but 
do not prescribe design action (e.g., human-centered 
design). Our previous research supports design in 3 of 
the 4 ways (forms ii, iii, and iv). First, by providing a 
broad and coherent conceptual foundation, our research 
supports reflection on the design situation (e.g., what 
are the main tasks and activities in which users may 
engage? How does the provision of different 
interactions affect the overall quality?), and also 
facilitates principled decision-making (e.g., which 
actions should my tool support? when should the user 
be able to adjust the properties of VRs?). Second, our 
research provides a number of individual (although not 
isolated) concepts that are not commonly discussed by 
designers. For example, interaction patterns and their 
cognitive utility, interactivity elements and factors, and 
others, are all amenable to interpretation and use within 
a contextual design setting. Fourth, our research 
supports design by offering high-level, unified 
theoretical and philosophical ideas for design. Our 
research unifies a number of seemingly disparate 
concepts and research findings into a coherent over-
arching framework. The overall framework can act as a 
conceptual support structure to facilitate the 
development of mental models that expand design 
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thinking, opening up new avenues of design and 
stimulating creativity in the mind of the designer. 
Effective design depends on designers being “fully 
aware of internal thinking processes and mental 
models, for they influence communication processes 
and content as ideas take shape” [20, p. 195]. Our 
research is intended to both inform designers and 
promote meta-cognitive awareness of the design 
process. 
 
4. Conceptual frameworks  
 

A major focus of our work in recent years has been 
on the development of a number of conceptual 
frameworks in an effort to bring more systematicity to 
research and design of visualization tools. We have 
developed the frameworks at a general level, 
independent of specific domains, tools, technologies, 
users, and data types. These individual frameworks are 
components of a larger, over-arching framework, 
which we have called EDIFICE (Epistemology and 
Design of human-InFormation Interaction in complex 
Cognitive activitiEs). Three components that have been 
fully developed deal with:  interactivity [3], interaction 
design patterns [5], and adjustable properties of VRs 
[4]. A fourth component, dealing with a pattern 
language for designing VRs, is currently under 
development. For the purposes of this paper, we will 
focus mainly on the first and second components. We 
will describe them briefly in the following sub-
sections. 
 
4.1 Interactivity 
 

Because interactivity is a broad and general 
construct, it encompasses many issues. To help deal 
with these and bring clarity to the discussion, we 
divide interactivity into smaller conceptual units: first, 
we categorize interactivity into two broad sub-
components: external and internal interactivity. 
External interactivity is concerned with the quality of 
interaction between the user’s mental space, 
perception, VRs, interaction space, and other 
considerations ‘external’ to the tool. Internal 
interactivity is concerned with the quality of interaction 
between the VRs, algorithms, data-centric operations, 
storage, and other considerations ‘internal’ to the tool. 
Second, we categorize interactivity into two levels: 
micro and macro. Interactivity at the micro level is 
concerned with the structural or anatomical elements of 
individual interactions. Since any interaction logically 
consists of an action and a reaction, each of these can 
be analyzed into structural components. For instance, 
consider a single filtering interaction. To perform the 

action component, the user can: articulate it in different 
ways (e.g., verbally, manually); act directly or 
indirectly upon a VR of interest; and carry it out 
instantaneously or over a period of time. These 
constitute some of the elements of the action 
component. Similarly, the reaction component has a 
number of elements, each of which can be 
operationalized in a number of different ways. 
Although the basic interaction stays the same (e.g., 
acting upon a VR to show or hide a subset of encoded 
information), there are numerous ways in which the 
different structural elements can be operationalized. 
Empirical studies have shown that many of the 
elements and their various operational forms have a 
significant influence on the overall interactivity and 
efficacy of a tool (see [3]). Interactivity at the macro 
level is concerned with how different interactions are 
combined and put together in the context of performing 
tasks and activities. Research at this level deals with 
the factors that affect the overall quality of interaction, 
in the context of the properties and relationships of a 
tool’s aggregated interactions and how interactivity 
emerges from these. For the sake of brevity, we discuss 
only macro-level interactivity in this paper. Table 1 
lists and briefly describes some macro-level 
interactivity factors. Although it is important to 
consider these macro-level interactivity factors, they 
are not entirely sufficient to guide interactivity design 
on their own. Designers must also have a good 
understanding of what interaction patterns are 
available, so that they can reason about the interactivity 
factors in a principled manner.  

 
Table 1. Macro-level interactivity factors 

Pattern Description 
diversity number and diversity of interactions that 

are available to the user 
complementarity harmonious and reciprocal relationships 

among interactions, and how well they 
work with and supplement each other 

fitness appropriateness of interactions for the 
given VRs, the tasks and the activity, and 
the user’s needs and characteristics 

flexibility range and availability of adjustability 
options 

genre types of transactions that are available to 
the user 

 
4.2 Interaction  
 

For many years, researchers have recognized the 
need for explicating the design space of interaction in 
VA [11], as well as the relationship between 
interaction and higher-order cognitive processes such 
as reasoning, decision-making, and others [7], [10], 
[14]. While some work has been done in this regard, 
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most of the literature is concerned with data-, tool-, 
task-, or user-specific interaction techniques, and not 
with general, comprehensive patterns (see [5] for more 
discussion). It is not feasible to engage in systematic 
design of interactivity with only a series of scattered 
interaction techniques with which to work. One of the 
main components of our framework is a 
comprehensive catalog of fundamental action patterns 
that users perform on VRs during a human-information 
discourse with visualization tools [5]. Each action 
pattern is characterized at a general level in terms of its 
epistemic and cognitive utility, and is discussed in the 
context of performing complex cognitive activities 
with visualization tools. The development of the 
catalog was motivated by the lack of existing 
comprehensive catalogs or taxonomies concerned with 
interaction in the visualization literature. In most 
realistic VA situations, users perform a series of 
different actions to carry out even a single task. Having 
a comprehensive catalog of possible actions and their 
cognitive utility can greatly aid designers in systematic 
design of their VA tools. Table 2 lists and briefly 
describes 10 of the 32 patterns. 
 
4.3 Distribution of analytic processing  
 

One extant issue in VA research is how to best 
distribute analytic processing across the different 
components of VA tools. Some questions that 
designers should ask include the following: How much 
of the analytic processing should the computer be 
responsible for? How much should be left to the user? 
Should some be done in a joint fashion, involving both 
computational and mental processing? Although VA is 
fundamentally concerned with joint processing, it is 
not always clear how to best distribute the processing 
load. In previous work [21], we have identified a 
number of issues on which the ideal distribution is 
dependent. 

One essential issue to consider is the intended 
users’ characteristics. Whether the user is a novice or 
an expert, for example, influences the degree to which 
the processing load should be placed on him or her. In 
many cases, experts want to have more control and 
involvement in the trajectory of a VA activity than do 
novices, due to their high degree of domain knowledge 
and expert judgment. Furthermore, an issue that is 
particular to VA tools is the degree of control users 
have over the underlying models or algorithms that 
constitute the computational aspect of the analytics. In 
the case of the tool we are presenting in this paper, we 
will discuss in the following section how expert users 
were given a reasonable degree of control over the 
parameters of the underlying analytics algorithms. 
 

Table 2. Some action patterns from [5] 
Pattern Description 
annotating augmenting VRs with personal meta-

information 
arranging changing the ordering of component parts 

of VRs 
assigning binding a feature or value to a VR or one of 

its components 
blending fusing multiple VRs together into one 
cloning creating multiple identical copies of VRs 
comparing determining the degree of similarity or 

difference between VRs 
measuring quantifying some aspect(s) of a VR 
scoping dynamically working forwards or 

backwards to view the compositional 
development or growth of the underlying 
data/information 

transforming altering the geometric form of a VR 
translating converting VRs into alternative 

informationally- or conceptually-equivalent 
forms 

 
5. VARSITY 
 

In this section we present our tool, named 
VARSITY (Visual Analytics of university Research 
networkS and IndusTrY collaborations). We give a 
brief overview and describe the context in which it was 
designed.  We will give a quick description of some of 
the technical aspects of the tool and the data analytics 
component. The subsequent section will discuss the 
role of the aforementioned frameworks in its design. 

5.1 Overview and context 
 

University administrators (e.g., deans, department 
chairs, and other stakeholders) require a good 
understanding of the research networks that exist 
within their own faculties and departments in order to 
identify areas of strength and areas of potential growth, 
to make effective decisions about funding strategies, 
and to perform numerous other tasks and activities. 
Furthermore, being able to identify and make sense of 
industry collaborations facilitates analysis of the 
effectiveness of the university’s knowledge transfer 
and exchange strategies. The goal of VARSITY is to 
enable such users to gain insight into the nature of the 
relevant data, to ultimately make strategic 
administrative decisions. 
 
5.2 Tasks and activities 
 

We have previously characterized VARSITY as a 
decision-support tool. Although the ultimate goal of 
using the tool is making strategic decisions, the overall 
activity is complex and involves many other high-level 
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cognitive activities such as sensemaking, problem 
solving, and planning. While each of these activities 
has its own characteristics, we will not consider them 
in any detail here. It is very typical that numerous 
activities are embedded within one another in any 
complex VA activity [2], [5], [22]. For example, it is 
entirely conceivable that an activity in which an 
analyst is engaged may involve sensemaking, problem 
solving, analytical reasoning, planning, and learning—
all before making some sort of final decision. Although 
this is the case, researchers often describe a VA tool or 
research endeavor as if it supports only one specific 
activity: e.g., decision-making or sensemaking. As a 
discussion of this nature is outside the scope of this 
paper, we simply characterize VARSITY as a decision-
support tool. 

Through a participatory design approach, 2 main 
areas of focus for users were identified: (1) 
researchers’ collaborations and (2) funding and grants. 
In the context of collaborations, users were interested 
in understanding questions such as: which researchers 
are collaborating? What proportion of collaboration is 
happening within departments? Are there clusters of 
collaboration? Do some types of collaboration (e.g., 
grants) tend to lead to others (e.g., publications)? How 
do these change over time? In the context of funding 
and grants, users were interested in understanding 
questions such as: What is the distribution of funding 
agencies across departments? Which programs within 
funding agencies are most prevalent, and what are their 
connections to various departments? What proportion 
of grant applications are accepted versus those that are 
rejected? The examples in Section 6 will demonstrate 
how some of these tasks were supported. 
 
5.3 Technical aspects  
 

We do not intend to go into detail about the 
technical aspects of VARSITY, as it is not part of the 
focus of this paper. However, we will provide a very 
brief description for readers who are interested. 
Briefly, we are running a Node.js web server. We have 
some scripts that run and automatically retrieve 
publication data from two APIs: SciVerse Scopus 
(http://www.scopus.com) and Thomson Reuters Web 
of Science (http://wokinfo.com). The relevant data is 
stored in an Apache CouchDB database. Subsequently, 
a script is run to extract the relevant data and determine 
relevant relationships (e.g., connect a publication 
author to a department and to a grant). This data is then 
stored in a relational MySQL database. When the client 
requests data, it is sent in JSON format. On the client 
side, aside from HTML5 and CSS3, two main 
JavaScript libraries are used for visual representation 
and interaction. The first is D3.js, a library for visually 

encoding data as SVG elements. This is done by 
binding data to elements within the Document Object 
Model (DOM). The other is jQuery, a library that 
facilitates client-side scripting. Both libraries offer a 
level of abstraction for incorporating interaction into 
the tool, mostly in the form of determining responses 
to user actions. 
 
5.4. Data analytics  
 

The data analytics component of VARSITY 
provides our expert users with functionalities that 
allow them to perform decision-making and 
sensemaking procedures— in tandem with the analytic 
processing of the tool—at multiple levels of 
granularity. The analytics component currently allows 
for two main procedures: (1) network clustering and 
community detection, and (2) suggestive analysis of 
causal relationships between grants and publications. 
We will briefly discuss this component of VARSITY 
in the next 2 sub-sections, and revisit and expand on 
the second procedure in Section 6.2. 
 
5.4.1. Network clustering and community detection. 
The community detection algorithm in VARSITY 
gives the user the ability to visually discover and 
navigate communities (i.e. clusters) within the network 
of collaborations (e.g., collaborations on grants, 
publications, and co-supervisions) [23], [24]. This 
functionality allows the user to discover patterns in the 
collaboration network and use them for further 
sensemaking and decision-making tasks. Although 
there are many available methods, we are currently 
using the Louvain method [25], which tries to optimize 
a modularity-based objective function to detect 
communities in the network of collaborations. The 
algorithm initially considers every node as a 
community, and then merges the nodes in a 
neighborhood in such a way that maximizes the local 
modularity. We are also planning to integrate a 
stability method (e.g., [26]), as well as a Markov 
random walk method (e.g., [27]) in near future. The 
latter is built on the assumptions that a random walk on 
the nodes of a network is much more likely to remain 
in a community of nodes (a.k.a. cluster or component) 
for a long period, rather than moving to an adjacent 
one. In other words, the nature of a community 
imposes more walks within and fewer among the 
clusters. Hence, the denser a community is, the more 
likelihood of remaining in the same community. In 
addition, in networks that are conceptually linked to 
the behavior of human beings (such as research 
collaboration networks), there often exists a very large 
subset of nodes that contains a majority of all nodes, 
known as the giant component. The methods that are to 
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be added allow expert users to adjust, visually 
perceive, and compare these characteristics of the 
network. 

5.4.2 Analysis of relationships between grants and 
publications. VARSITY currently provides the expert 
user with a list of possibly related publications with 
respect to a certain selected grant. Based on the 
placement of these publications and the likelihood of 
them relating to the grant, our users can examine the 
effect of publications being used to receive a grant, as 
well as those that are a result of an accepted grant, 
which can then inform strategic decision-making. This 
aspect of VARSITY will be described more fully in 
Section 6.2 through the use of some examples.  

6. Design considerations 

In this section, we describe the design process of 
VARSITY, with a particular focus on the role of the 
aforementioned conceptual frameworks in guiding the 
design. There are a number of considerations that we 
do not cover here. For instance, the choice of different 
VRs and the interaction techniques will not be covered, 
nor all of the interactivity-related design decisions. 
Considering that this tool was developed over a period 
of more than one year, it would be impossible to 
completely describe a significant portion of the design 
process. We simply provide a sampling of some 
various aspects that illustrate some of the rationale and 
systematicity of the design process. As a side-note, due 
to the sensitivity and confidentiality of some of the 
data, labels and values in some of the screenshots in 
this section have been altered to hide confidential 
information, and none of their contents should be 
assumed to be accurate. 

In our previous work, analysis of macro-level 
interactivity was a preliminary attempt to give some 
general structure to interactivity at this level. 
Therefore, at this point in the research, we are far from 
having a comprehensive understanding of macro-level 
interactivity that could lead to any sort of principled 
and comprehensive prescriptive guidance. However, as 
a descriptive tool, the framework can still support 
systematic design thinking at a high level.  

Consider the two interactivity factors of diversity 
and complementarity. We know from previous 
research that complex cognitive activities do not follow 
a single, linear trajectory, and that it is beneficial to 
provide users with a number of complementary 
interactions [5]. At this stage of the research, we do not 
have a precise understanding of which are best. 
However, with an awareness of these two factors, and a 
catalog of possible interaction patterns along with their 
cognitive utilities, experienced designers can rely on 

their domain expertise to systematically determine 
which interactions should be provided. Assuming that 
the interaction catalog is comprehensive, designers can 
use it in a generative fashion to combine interactions in 
interesting ways. Figure 1 shows the result of a series 
of interactions with VARSITY: the user has first 
transformed the VR by adjusting parameters of the 
force layout algorithm to more easily detect clusters of 
interest and then zooming into a specific region; has 
then selected a group of nodes (people); has then 
filtered them according to a specific criterion 
(department); and will then drill into those selected 
items to see much more detail and to conduct 
systematic comparisons with other VRs (not shown). 
These are diverse and complementary actions that help 
the user to perform typical sensemaking tasks such as 
identifying information items of interest, ranking and 
categorizing information items, and comparing 
information items.

Because the catalog deals with general patterns of 
interaction and not with specific techniques, designers 
can also determine which techniques to use to 
implement instances of the interaction patterns. Using 
such conceptual frameworks should promote 
systematic thinking about the general, high-level 
aspects of design, while still allowing for creativity and 
flexibility at the level of implementation. For example, 
although we determined that a selecting interaction 
should be made available, there were many potential 
techniques that could be used to instantiate the 
selecting pattern. The screen captures in Figure 1 show 
how the user can select a group of items using a lasso 
selection technique (top). The user can also select or 
deselect individual nodes by clicking on them directly. 
These are two different techniques for carrying out the 
same general interaction. 
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Figure 1. Combining a number of different 

interactions to carry out a task.  

Another macro-level interactivity factor is fitness, 
which is concerned with the appropriateness of 
interactions for given VRs and tasks. This factor is 
multi-faceted, and one of its facets is task-fitness. We 
know that one of the tasks that users want to perform 
with VARSITY is determining the proportion of intra- 
versus inter-departmental collaborations over a specific 
period of time. Furthermore, we know that the network 
VR and its available interactions is not very good at 
supporting this task—in other words, it is not task-fit. 
By consulting the interaction catalog, we see that one 
of the actions patterns with utility in this regard is 
translating. By providing this interaction possibility, 
users can translate to a VR that is better fit for this 
specific task, and can translate back to the node-link 
VR when moving to other tasks for which it is more 
appropriate. Three screenshots that show progressive 
stages of carrying out such a task are shown in Figure 
2: first, the user is working with the node-link 
diagram—it is not task-fit, so she performs a 
translating action to convert it to a matrix VR (middle). 
Subsequently, she performs another action to arrange 
the VR in such a way that inter- and intra-departmental 
collaborations become perceptually evident (bottom). 
From this VR, it is readily apparent that most 
collaborations, across all types, happen within and not 
between departments.  

Since the interaction catalog is comprised of both 
well-known interaction patterns (e.g., filtering, drilling, 
searching) and lesser-known patterns (e.g., scoping, 
blending, assigning), another benefit of using the 
catalog is that it may encourage the designer to 
implement interactions with which he or she is not 
familiar and/or experienced. For example, while most 
designers are familiar with filtering and searching 
patterns, many are not familiar with the scoping pattern 
(i.e., dynamically working forwards or backwards to 
view the compositional development or growth of the 
underlying data). During the design of VARSITY, 
considering that an explicit goal of the users was to be 
able to identify changes in the information space over 
time, and to reason about temporal patterns, we 

determined that the scoping pattern had clear utility for 
achieving such a goal. 
 

 

 

Figure 2. Three screenshots show progressive 
stages of carrying out a task.  

 
Without access to the interaction catalog, we may 

not have been able to think so systematically about 
implementing various interaction patterns to support 
the necessary tasks. The screen captures in Figure 3 
depict successive stages of a scoping action in 
VARSITY, showing growth of the network from 2008-
2009 (left), 2008-2010 (top right), and 2008-2011 
(bottom right). By performing this action, the user can 
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identify important connections within the network. For 
instance, in Figure 3 (left), a number of small clusters 
are evident, four of which have been circled and 
labeled for clarity. As the user performs the scoping 
action to show growth in the VR until 2010, three of 
the clusters (A, B, and C) merge into one due to some 
collaborations that took place in that year. The user can 
clearly identify the collaborations that connect the 

three clusters. In a similar fashion, when scoping the 
growth further to the year 2011, a collaboration can 
easily be identified that incorporated the ‘D’ cluster 
into the larger cluster. Being able to identify such 
connections helps the user to make sense of the growth 
of the collaboration network, and to reason further 
about other aspects of the information space.

Figure 3. Successive stages of a scoping action, showing growth of the network until 2009 (L), 2010 (TR), and 
2011 (BR). Areas of interest have been circled in red for explanatory purposes.

6.2 Distribution of analytic processing and 
user-guided analytics 

As mentioned in Section 4.3, one important design 
consideration for VA tools is how to best distribute 
analytic processing across the joint cognitive system. 
Based on our analysis of VARSITY’s users and their 
tasks, we decided to allow the users to adjust the 
parameters of the underlying algorithm if they desired. 
Because many of the intended users are domain 
experts, they can take on more of the processing load 
by determining how some of the parameters of the 
processing should be adjusted. If a user does not have 
the expertise, however, she can simply work with 
whatever information the default parameters provide. 
Figure 4 demonstrates this how this is so. In the initial 
state (top), the user is exploring the grants that have 
been awarded, which are encoded in the form of two 
linked treemaps that represent grants based on 
department and funding agency respectively. The user 
then selects a grant that is of interest (Figure 4, 
middle), and the algorithm outputs a weighted list of 

related publications for the grant, based on the 
following: 

• time period within which the grant was active 
• date of publications  
• collaborators involved (as both investigators 

and authors)  
• keyword matching 

The algorithm assigns a score to each potentially 
related publication, to convey how likely it is related to 
the grant. The user then adjusts (increases) the score 
threshold of the algorithm, and the VR is updated 
(Figure 4, bottom). The procedure reveals not only 
potential causal relationships between grants and 
publications, but also encodes a threshold value. In 
other words, because two of the publications have 
values below the threshold, their opacity encoding is 
adjusted, and the user is made aware of the changes in 
the underlying data model.  For the sake of space, other 
possibilities for adjusting the algorithm parameters are 
not shown here. 
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Figure 4. Successive stages of a task in which the 

user adjusts parameters of an underlying algorithm 
 
7. Summary and future work 
 

The initial premise put forward in this paper was 
that the quality of interaction among all components in 
a VA system is critical to the overall efficacy of the 
system. Previous work has characterized this quality of 
interaction as interactivity. We have argued that 
although not much focus has been placed on 
developing and analyzing the concept of interactivity 
in a comprehensive manner in existing VA literature, 
VA researchers are indeed aware and concerned about 
interactivity in VA tools. To engage in systematic 
design of VA tools, however, designers require more 
than isolated statements and research findings 
regarding aspects of interactivity in VA systems. 
Research on design thinking has shown that designers 
benefit from coherent conceptual frameworks that can 
guide design in a systematic, principled fashion. In 
recent years, we have developed a number of 
conceptual frameworks that shed light on the nature of 
interactivity in VA. In this paper, we have briefly 
described and synthesized some of the considerations 
necessary for designing VA systems with a high degree 

of interactivity. We have also presented VARSITY, a 
tool that has been developed over the past year using 
the aforementioned conceptual frameworks. We have 
attempted to demonstrate, in a limited amount of space, 
the role and importance of these frameworks in the 
design process, and to illustrate how and why the 
design of VARSITY was more human-centered as a 
result. Moreover, we have discussed the issue of how 
analytic processing should be distributed in a VA 
system, and briefly mentioned some of the 
considerations for determining an ideal distribution. 
Although we have not previously analyzed this aspect 
of VA in detail, it is an interesting and important area 
of current VA research, and designers should have 
access to conceptual frameworks that coherently 
address this issue. We thus envision further work on 
this issue as a logical next step for developing our 
frameworks further. As we described in Section 4.1, 
previous work considered only external interactivity in 
detail, and left concerns about integrating external and 
internal interactivity for future work [2]. We see this 
current paper, and the development of VARSITY, as a 
connecting point for moving in this direction. 

With respect to VARSITY in particular, we will 
soon be providing a small set of real end-users with 
access to the tool, and will be soliciting feedback and 
collecting information on user behavior. We have 
already given the tool to a small number of 
visualization experts, who have given generally 
positive feedback. While we believe the informal 
feedback from our small pool of users will certainly be 
useful, to truly validate the efficacy of the tool we must 
conduct formal user studies. As we already have a set 
of real end-users lined up, we should be able to design 
and conduct such studies in the near future.   

Finally, although mentioned only briefly in Section 
4.1, another promising area of future work is in 
extending our general micro-level interactivity 
framework to deal with more specific VA concerns. 
Common concerns about action response time, for 
example, are fundamentally concerns about micro-
level interactivity, and integrating a number of extant 
issues into one unifying framework could be very 
useful for systematic research and design. VA 
researchers and designers would surely benefit from a 
framework that incorporates common micro-level 
interactivity elements, and discusses how and why they 
contribute to the overall interactivity of a VA system. 
Such work would hopefully bring more clarity to the 
VA research and design landscape, perhaps a decade or 
more after initial calls for such research were made in 
the seminal VA agenda [11]. 
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