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Abstract. The increasing relevance of information in today’s world has grown
the challenge of accessible data exploration. Most existing approaches are pri-
marily utilitarian, where the motivation for exploration remains mostly extrinsic,
correlated to the value of the outcome. In light of our natural drives for explo-
ration, we argue that data exploration can be made more rewarding and enjoyable
via interfaces that leverage the intrinsic motivations of users. To that end, we
present KUbism, a prototype emphasizing the hedonic value of data exploration
through a playful interface built with elements of Minecraft gameplay. Imple-
mented as a Terasology module, KUbism invites users to explore data in voxel
worlds populated with data blocks. We conducted a user study (n = 41) to validate
our approach in both hedonic and utilitarian dimensions. Our results demonstrate
that KUbism allows effective data exploration while arousing curiosity and joy,
thereby reinforcing the extrinsic value of data exploration with intrinsic rewards.
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1 Introduction

In a world where information is progressively more digital, it is paramount to empower
diverse people, with varying levels of technological expertise and divergent interests, to
explore that information effectively [1]. We can find many different tools and approaches
in the literature focusing on different aspects of data exploration, like steering the user
towards important “areas” of datasets [2], or leveraging the visual capabilities of users
to foster data comprehension [3] (see Sect. 2.1 for examples). Notwithstanding the
flexibility and potential of these approaches [4], they often have a considerable learning
curve [5] and require a degree of domain knowledge that may pose difficulties for less
experienced users [6—10]. Furthermore, most of these approaches remain utilitarian in
nature, meaning the rewards of the exploration correlate primarily with the value of the
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outcomes and less with the experience of exploration itself. In light of how naturally
people engage in intrinsically motivated exploratory behavior [10-13], we believe that
additional value can be found in promoting the intrinsic rewards of the experience offered
by data exploration tools, making them more enjoyable, playful and fulfilling of users’
needs in a more comprehensive manner [13].

The approach of fluid interaction [14] is well aligned with this point of view. As
proposed by Elmqvist et al. [14], fluid interfaces are designed to leverage the psycho-
logical concept of flow [15] — an elusive concept that, in short, refers to a mental state of
total immersion in an activity. Placing special emphasis on the interaction with the data,
fluid interfaces adhere to principles like the promotion of flow [15], support of direct
manipulation [16] and minimization of the gulfs of action [17].

In this line of reasoning, we posit that the complex and intrinsically rewarding expe-
rience of gameplaying may prove to be an interesting approach to build truly fluid
interfaces for data exploration that are playful, immersive, useful and enjoyable.

To the best of our knowledge this concept has not yet been the focus of significant
research, but several reasons motivate its value. First, both data exploration [4] and game-
play can be motivated by curiosity [18, 19], anintrinsically motivating factor that suggests
that a synergy may be found in combining the two activities. Second, playing fosters the
cognitive processes involved in learning [20] — which often motivates data exploration.
Third, videogames are known to create high levels of immersion and devotion, and they
appeal to broad and diverse audiences [21, 22]. Therefore, datasets made available for
exploration in interfaces that harness the playfulness of videogames have the potential
of becoming more appealing to the general public. In other words, the self-rewarding
nature of gameplay may draw people without special interest in given datasets to explore
them, if only because of the enjoyable experience. Even people already interested in the
data may find additional value in the intrinsically rewarding form of exploration we are
proposing. Fourth, the approachability of videogames may empower people of varying
data analysis experience to contribute to noteworthy findings. Indeed, these observations
align with Elmqvist et al.’s argument that fluid interfaces for data visualization are, “in
many respects, similar to computer games” [14].

Given the exploratory nature of our proposal, we developed KUbism, a prototype
platform that aims to let users explore data via an interface built as an extension to the
gameplay of Minecraft [23]. It was implemented as a Terasology [24] module, a Java
game engine inspired by Minecraft. There are several reasons why the gameplay of
Minecraft is well suited to our hypothesis of playful data exploration. First, as an open
world, sandbox game, Minecraft’s gameplay is hinged on exploration and free gameplay.
It offers players expansive worlds to explore without the limitations of linear storylines
or predefined goals and a considerable degree of creative freedom to experiment with
gameplay [25, 26]. We expect that Minecraft’s curiosity-arousing gameplay may pre-
dispose, or prime, users towards exploring the data. Second, the voxel worlds that make
for one of the most distinctive features of Minecraft’s gameplay can be considered tridi-
mensional canvases on which all sorts of immersive data visualizations can be drawn
with blocks (see Fig. 1 for simple examples, or [27] for a more complex one). Finally, we
draw on another of Minecraft’s most distinctive aspects, arbitrary structure building, as
a metaphor for data manipulation. For example, by representing information elements
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(e.g., words) as blocks, structures built with such blocks can represent collections of
those elements (e.g., bags-of-words or sentences depending on attributing meaning to
the positioning of our hypothetical word blocks).

In line with these observations, KUbism represents information as a special type
of block in the game world, and users are empowered to explore that information via
in-game tools and game mechanics. Because it is based on Minecraft’s first-person
gameplay, KUbism’s interface is immersive by design: both users (through the avatars)
and data (through the blocks) become actors in the game world. Data blocks interact with
one another and share information when attached together. By allowing these blocks to
be “mined”, structures built with them acquire additional meaning — walls and houses
become more than barriers or shelters: they become in-game datasets. Furthermore,
players have a number of functional blocks at their disposal that allow them to query
those datasets. By providing these tools, and allowing players to ask questions and get
answers without leaving the game world, Minecraft’s gameplay becomes a de facto
interface between the data and the user.

Fig. 1. Data representations in voxel worlds. Left: a representation of our study’s demographics:
(a) one gray block for each of our 41 participants; (b) a vertical bar chart for participant gender
(yellow for females); (c and d) horizontal bar charts for participant area of expertise (yellow for
females; top: humanities; middle: science and technology; bottom: middle school). Right: a world
generated from a two-dimensional Gaussian function, exhibiting the characteristic bell curve.
(Color figure online)

We validated out approach by conducting a user study with 41 participants that
allowed us to assess use patterns and subjective user experience in two complementary
perspectives — as a utilitarian and a hedonic-motivation system. Prior work [28] has
shown that KUbism could help art historians gain a sense of situational awareness while
conducting their research. In contrast, the present work explores the human-computer
interactions of KUbism, ensuring our findings can extrapolate relevantly to the HCI com-
munity. The contributions of the work presented herein are: (1) we describe our approach
of gameplay-embedded data exploration fluid interfaces; (2) we present KUbism, our
proof-of-concept platform; and (3) we present and analyze the results of our user study,
drawing conclusions in favor of future research.
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2 Related Work

2.1 Data Exploration and Fluid Interaction

Given the growing importance of data in today’s world, the research community has
already proposed a number of promising approaches for data exploration, concentrating
on different facets of this challenge. AIDE [2], for instance, is an interactive data explo-
ration framework that steers users towards interesting areas of the data, while predicting
queries that would retrieve relevant information. Another interesting approach is Que-
riosity [7], an automated and personalized data exploration system that, instead of just
retrieving data by request, aims to discover what is interesting in datasets and offer those
insights to users. We can also find many approaches based in visualization, aiming to
leverage users’ proficiency for processing visual information. Perhaps the best known
examples are interactive environments like Tableau [29], that enable users to design visu-
alizations while replacing code-writing with resources such as visual grammars and data
pipelines. While highly configurable, the process of specifying visualizations in these
platforms requires a degree of knowledge and experience that may impact the experience
of new users. Addressing that challenge, we can find proposals like SeeDB [30], a visu-
alization recommendation engine that, given a subset of data to be studied, suggests the
visualizations ranked the most useful. Inspired by the small multiples paradigm, Elzen
and Wijk’s [8] approach offers multiple simultaneous perspectives over a dataset based
on smaller, easier to understand, visualizations.

Placing interaction design at the forefront, fluid interfaces [14] offer a different
perspective over data visualization which is closely related to our work. While acknowl-
edging the elusiveness of the concept of flow, Elmqvist et al. [14] proposed fluid inter-
faces for information visualization to be characterized by one or more of the following
properties: (1) promotion of flow [15]; (2) support of direct manipulation [16]; and (3)
minimization of the gulfs of action [17]. We can find many proposals in the literature
that recognize the value of offering an experience that helps users stay immersed in the
current activity and not be distracted by the user interface (i.e., in the flow) [1, 14]. For
instance, ImAxes [31] is an interactive multidimensional visualization tool that relies on
the arrangement of data axes to create collections of data visualizations in immersive,
virtual spaces. Keshif [5] proposes an easy-to-use platform for exploring tabular data by
summarizing it, aggregating records by value and visualizing aggregate aspects of the
data according to the type of the data. Vizdom [1], the front end of the Northstar system
[1], is a data exploration environment designed for pen-and-touch interfaces that relies
on prompt feedback and approximate results to offer fast response times to users.

Though there are many similarities between KUbism and the approaches mentioned
in this section — especially those that offer fluid experiences to users — perhaps the main
distinction to be made lies in the utilitarian/hedonic continuum. Even though some of
these examples do emphasize the intrinsic rewards offered by their systems, they are
fundamentally utilitarian, with the value of the exploration effort positively correlated to
the value of the retrieved information. By contrast, KUbism’s data exploration experience
is embedded in the gameplay of Minecraft and that makes our approach rather unique.
It is as much a utilitarian-motivation system as a hedonic-motivation one. Users can use
the elements of KUbism to query the dataset from within Minecraft worlds; they can
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just play classical Minecraft bearing no mind to the information contained in KUbism’s
blocks; or they can do both and use KUbism elements to add further meaning to elements
of Minecraft’s gameplay, like building structures that double as datasets (anecdotally,
one of our study participants daydreamed of building a “temple with columns composed
of blocks of data”).

It is also interesting to note the conceptual analogy between KUbism and tangible
interfaces, which have been studied to enhance the experience of interacting with digital
information like programming languages [32] or bar charts [33]. KUbism’s data explo-
ration interface actually builds on a sort of tangibility “by proxy” — both users (via the
avatars) and the data (via the data blocks) co-exist and are agents in the same space (the
game world), while abiding to the same set of rules (the game mechanics). From the
user’s perspective, avatars are arguably as tangible as the data: they share the same world.
This is very much what happens with tangible interfaces, where digital information is
given physical form (avatars) so as to share the (real) world with users.

2.2 Exploration in Videogames

Many videogames maintain exploration as a core gameplay activity [34]. For instance,
exploration is one of No Man’s Sky [35]’s gameplay pillars. No Man’s Sky offers an open
virtual universe including over 18 quintillion procedurally generated planets, including
unique biomes. Allowing for multiplayer gameplay, the game informs players of unique
discoveries they made. A companion website allows players to share interesting in-game
discoveries with the player community. Similarly, Elite Dangerous [36] is a space-flight
simulation game that allows players to explore a realistic 1:1 scale representation of the
Milky Way. The game world contains some 400 billion-star systems and circa 150,000
are modeled after real astronomical data, complete with planets and moons that rotate
and orbit in real time. How well this game appeals to players’ drives for exploration is
well illustrated by its (at the time of writing) 38,24 1-subscriber Reddit community [37] of
explorers. In a different approach, Planetarium [38] is a “planet generator with creatures
and secrets” that invites players to “discover” planets generated out of textual seeds (the
planet names). Although it is possible to change parameters like planet temperature or
land/water ratio and thereby change the aspect of the planets, the most original form of
exploration in Planetarium lies in discovering planet names, an endeavor with its own
community of name-sharing enthusiasts [39].

Although these examples illustrate how some videogames are using the allure of
exploration and player’s curiosity to keep them engaged, we found only one other
example in the literature exploring the use of videogames to enhance the experience of
exploring data: Onto-Frogger [40, 41]. Using elements of the classic game Frogger [42],
Onto-Frogger focuses on communicating the emergent semantic structures of datasets
to users, in a way that is both understandable and enjoyable. While both Onto-Frogger
and KUbism offer users an interface to data exploration based on videogames, there are
also some notable differences. For instance, Onto-Frogger is focused on exploring the
structure of graph-based data repositories whereas our approach emphasizes the explo-
ration of the data itself. Also, Onto-Frogger is, for all effects, a videogame by itself;
a reimagination of Frogger’s gameplay to allow players to learn about the structure of
graph-based data repositories. KUbism, in turn, is an extension to Minecraft’s gameplay.
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It does not require the removal or repurposing of any of the existing gameplay elements;
instead, it extends Minecraft with an interface for interacting with data.

2.3 Minecraft in Research

Minecraft is a multiplayer, open world, sandbox game [43] whose default gameplay
invites players to explore procedurally generated worlds of blocks that can be picked
up and placed in order to build arbitrarily complex structures. It was inspired by Infin-
iminer [44], a 2009 independently created videogame that laid the foundations of the
well-known Minecraft game mechanics, including the procedural generation of worlds
composed of blocks that players can pick up and place. More than just a successful means
of entertainment, Minecraft’s gameplay lends a flexible medium that has been used in
research, while keeping true to its intrinsically motivating playful nature [19, 45-47].
Examples come from fields as diverse as education [46, 48-50], health [51], art [52],
productivity and planning [53], creative experimentation [54] and technology [55-57],
among many others (see Rey et al.’s work for a more complete review [46]). Empha-
sizing the creative potential of this game, OPERAcraft [54] is a Minecraft-based arts
and technology education platform that promotes live performances combining gaming,
telematics, machinima and opera. As highlighted above, applications of Minecraft for
purposes other than entertainment are diverse and plentiful. However, with the excep-
tion of MetaboCraft [27] where Minecraft structures are used to visualize metabolomics
information, to our knowledge KUbism is the first application of a Minecraft-like game
engine to data exploration.

3 KUbism

3.1 Implementation and Architecture

Although the mechanics and overall look-and-feel of KUbism are akin to Minecraft’s,
we implemented our platform as an extension to Terasology [24]. The Terasology project
started in 2011 as an LWJGL-based! Minecraft demo before later developers guided it to
its current state. Terasology is an open source, Minecraft-like, voxel-based game engine
implemented in Java. It is a community effort, developed and maintained by software
developers, designers, game testers, graphic artists and musicians [58]. KUbism was
implemented in Java as a Terasology module — an independent modular container for
code and assets, including game systems, logic and content, with restricted access to the
core Terasology engine.

Architecturally, the KUbism prototype was developed as a desktop application that
communicates with a database server, acting as a client in a standard client-server archi-
tecture. This way, KUbism stands as an interface between the user and the data contained
in a remote database (see Sect. 4.1).

1 LightWeight Java Game Library (https://www.lwjgl.org).
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3.2 Data Source Format

KUbism assumes its supporting data to be modeled after the Entity-Relationship (ER)
model [59], and therefore to be formatted as a graph of nodes (entities) and vertices
between them (relations). Given the ER model’s more “natural” view over data [59],
the mapping of data elements (entities) to game elements (blocks) in KUbism becomes
more straightforward, facilitating user understanding and reasoning about the underlying
data model (see Sect. 4.1). True to the ER model, KUbism entities and relations have
attributes that characterize them.

3.3 A Gameplay-Based Interface to Data Exploration

KUbism may be understood as a mapping between elements of the domain of data
exploration to the domain of gameplay. As such, the entities and relationships of a data
source must have a representation in the game world that allows users to interact with
them, as well as the necessary tools to navigate the graph of data.

As “things that can be distinctly identified” [59], entities are represented in the game
world as a special type of block, the entity block (Fig. 2, a), which can contain one or
more entities of the same type.

Fig. 2. KUbism’s data exploration tools: (a) entity block; (b) set union block; (c) set intersection
block; (d) set difference block; (e) entity filter block; (f) relation filter block; and (g) an entity
structure, composed of many attached entity blocks sharing the same entities. (Color figure online)

Users can interact with these blocks in the same way they would with other Minecraft
blocks: they can be activated, picked up, carried, and placed anywhere in the world.
Entities are shared between attached entity blocks, thereby allowing players to create in-
game datasets with any shape or format by attaching entity blocks together. We designate
groups of attached entity blocks sharing a common set of entities as entity structures,
playing on both their in-game block structure aspect, and the role they play for data
exploration as datasets (Fig. 2, g).

In turn, because relationships are “associations between entities” [59], their opera-
tionalization in KUbism is less straightforward. As the existence of relationships depends
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upon the existence of the related entities, their manifestation in the game world does
not have the same independent and individual “presence” as that of entities. As such,
players are only able to explore relationships by attaching a dedicated functional block,
the relation filter block (Fig. 2, f) to entity blocks (Fig. 2, a) or structures (Fig. 2, g)
containing related entities.

We now present the full list of blocks that comprise KUbism’s data exploration inter-
face. For the sake of simplicity, in the following examples we will refer to a hypothetical
and minimalist data source composed of (1) one type of entity, person, with a single
property, name; and (2) one relationship, parenthood, which assigns the roles of parent
and child to related entities. Finally, assume there are only three entities in the data
source: “Lenny” and his parents “Mom” and “Dad”.

Entity Block (Fig. 2, a). The red entity blocks act as containers for one or more
entities of the same type. Activating an entity block allows the player to see the entities
it contains — a popup window will display the entities in a list. Entities are shared,
without repetitions, between entity blocks attached together (entity structures). Imagine
two entity blocks, EB| and EB5, such that EB; = {Lenny, Mom} and EB, = {Lenny,
Dad}. Attaching these two blocks together would result in a 2-block entity structure
containing the entities of both blocks without repetitions, i.e., {Lenny, Mom, Dad}.

Set Union, Intersection and Difference Blocks (Fig. 2, b, ¢ and d). These blocks
implement the three basic operations of the algebra of sets, the union (U), intersection
(N) and difference (\). They operate virtually in the same way: once attached to different
structures they will produce a new entity block containing the entities resulting from the
application of the corresponding operation to the structures’ entities. For EB; and EB,,
that would mean a new entity block containing {Lenny, Mom, Dad} for the set union,
or just {Lenny} for the intersection. In turn, because the set difference operation is not
commutative by convention, the set difference block is configurable — when activated, it
will display a form requesting the user to indicate which of the attached structures is the
“main” one. Depending respectively on which block EB; or EB; was set as the “main”,
that would mean a new entity block containing either {Mom} or {Dad}.

Entity Filter Block (Fig. 2, ). This block operates like a filter, retrieving all entities
of an attached structure that meet specified criteria. Users can express the criteria as
predicates using a syntax similar to the where clause of SQL, in a window that pops up
when the block is activated. E.g., to extract the entity named “Lenny” from the structure
{Lenny, Mom, Dad}, we could attach an entity filter block to said structure and write
an expression like person.name = ‘Lenny’ (where the “person.name” notation states the
type and property of the entities we are interested in). Since there is only one matching
entity, we would obtain a new entity block for {Lenny}.

Relation Filter Block (Fig. 2, ). This block works like the previous one but, instead
of properties, the entities are filtered according to the role they play in relationships. If
we wanted to find the parents of the entity Lenny, we could attach one of these blocks to
a pair of structures, S; = {Lenny, Mom, Dad} and S, = {Lenny}, configure it to focus
on the parenthood relation between the entities of S; and S,, set the former as parents
and the latter as children, and thus obtain a new entity block containing { Mom, Dad}.
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4 Methods

4.1 Experiment Data

The data we used in our user tests comes from Project Cornelia’s database [60], a data
repository containing archival historical data about the 17th-century creative communi-
ties of Brussels and Antwerp [60]. Because the Cornelia database contains over 30 types
of entities and many more relations, and since our study is focused on KUbism as an
interface between users and datasets, we needed to minimize the potential inadvertent
effects brought by factors such as data complexity. As such, to keep our model simple
yet complete enough for the purposes of our study, we limited the data model to two
types of entity, actor and place, and two relations, parenthood and baptism.

To provide some context, the actors in the Cornelia database correspond to people
mentioned in historical records like painters, gold-beaters, stained-glass makers and
their respective families, while the places stand for locations mentioned in said archives.
Regarding the relationships between these entities, parenthood is a relation between two
actors (parent and child), and baptism is a relation between an actor and the place where
they were baptized (baptized and the place of baptism).

Communication between KUbism and the Cornelia database was implemented via
the latter’s API, so all queries built by our participants ran against a live database.

4.2 Experiment World

Because KUbism’s interface is built as an extension to Terasology’s default gameplay, our
participants could engage in a range of playful activities instead of the data exploration
required by our study, like exploring the world or mining. We thus needed to constrain
our virtual world so as to keep participants focused in our experiment instead of just
playing. Therefore, we devised a very simple world, featuring only a sky, and an endless
flat ground (Fig. 3).

Fig. 3. The Experiment World. This was the setting of our study, featuring (a) the study block used
to guide participants through the study tasks and (b and c) two column-shaped entity structures
containing a block for each entity of type place (b) and actor (c).
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We arranged the entities of our simple data model in two columns in this rather dull
world, conveniently at hand for participants to interact with (Fig. 3, b). We also included
a study block (Fig. 3, a) in the experiment world that guided participants through our
study from within the game world. When participants activated this block, a popup
window would be displayed with varying content: before starting the study, it presented
participants with a demographic questionnaire; during the session, the block would either
present users with the current task (Table 1) or verify their answers; finally, after the last
task participants were asked to complete two questionnaires intended to assess their
subjective experience with KUbism (see Sect. 4.4). Note that this block is a resource of
our experiment and not part of KUbism’s data exploration interface.

4.3 Study Design

Our study sessions followed a task-based protocol requiring participants to perform 7
tasks involving different aspects of our interface (see Table 1).

Table 1. The 7 challenges of our task-based user study, along with possible solutions.

Task 1. Find all actors named ‘“Marcus”

1. Attach an entity filter block to the structure of actors;
2. Activate the block with the condition actor.name = ‘Marcus’

Task 2. Find all actors with surname “Auwercx”

1. Attach an entity filter block to the structure of actors;
2. Activate the block with the condition actor.surname = ‘Auwercx’

Task 3. Find all actors with first name “Marcus” or surname ‘“Auwercx’’

1. Attach a union block to the blocks produced in tasks 1 and 2;
2. Activate the union block

Task 4. Find all actors named ‘“Marcus Auwercx”

1. Attach an intersection block to the blocks produced in tasks 1 and 2;
2. Activate the intersection block

Task 5. Find all actors named ‘“Marcus” without the “Auwercx’’ surname

1. Attach a difference block to the blocks produced in tasks 1 and 2;
2. Activate the difference block, setting the block of Task 1 as the main block

Task 6. Who were the children of actor Marcus Auwercx?

1. Attach a relation filter block to the structure of actors;

2. Attach the entity block produced in Task 3 to the relation filter block;

3. Activate the block focusing on the parenthood relation between the entities in the Task 3
block (parents) and those in the structure of actors (children)

Task 7. Where were the children of actor Marcus Auwercx baptized?

1. Attach a relation filter block to the structure of places;

2. Attach the entity block produced in Task 6 to the relation filter block;

3. Activate block focusing on the baptism relation between the entities in the block of Task 6
(baptized) and those in the structure of places (places of baptism)
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Since KUbism’s data source is a graph (see Sect. 3.2), we designed these tasks based
on Lee et al.’s graph visualization taxonomy [61]. In that sense, all tasks involved the
retrieval of values, tasks 1 and 2 required filtering entities by attribute value; tasks 3, 4
and 5 assessed the use of set operations; and tasks 6 and 7 focused on node adjacency,
i.e., the retrieval of entities related to other entities.

Before starting the experiment, we asked participants to read a short document
explaining the ideas behind KUbism (data exploration via gameplay embedded inter-
faces), the KUbism world (data is represented by blocks and can be explored via other
blocks), and the controls. After reading the document, we invited participants to have
a first-hand experience with KUbism, try the controls freely, and ask any questions.
Although we did not impose restrictions on how long this first experience lasted, it gen-
erally took less than a couple of minutes. Because most of our participants did not report
playing videogames frequently (see Sect. 5.1), this phase served as a “crash course” that
allowed them to gain familiarity with the controls. To start the experiment, we informed
participants that they had to activate the study block (Fig. 3, a) whenever they felt ready.
Upon activation, the study block presented participants with a questionnaire intended to
gather demographic data, like date of birth, gender, education level, and gameplay fre-
quency. Once the demographic questionnaire was answered, participants were presented
with the first task of the study. Each of the seven tasks was formulated as a “challenge”, a
question about the entities or the relationships in the experiment’s data model. All tasks
followed the step sequence below:

1. Participants activated the study block;

2. The study block presented participants with a popup displaying the current challenge
(see preceding list);

3. Participants proceeded to execute operations on data freely, following whatever
course of action they felt appropriate, until obtaining an entity block with the entities,
they thought to be the answer to the challenge;

4. Participants placed the response block on top of the study block; the response was
verified automatically:

a. If it was incorrect, participants were informed and asked to try again (step 3);

b. Otherwise, participants were either informed of their success and presented with
the next challenge (step 2), or the experiment would end if this was the final
challenge.

In order to complement our understanding of the user experience, KUbism automat-
ically kept a log of participant actions inside the game, like block-placing or activation,
that we analyzed through process mining procedures.

4.4 Subjective Experience Evaluation

After completing all tasks we asked participants to answer two questionnaires to assess
their overall user experience with the system: the well-known System Usability Scale
(SUS), which is widely used and has become an industry standard [62] and the more
recently proposed Hedonic-Motivation System Adoption Model (HMSAM) [18]. The
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SUS is a technology agnostic model for assessing system usability composed of 10 5-
point Likert items. The SUS scale ranges from 0 to 100, with higher scores indicating
generally more usable systems. In turn, the HMSAM is a more recent proposal aimed at
evaluating hedonism-oriented systems such as videogames, and focuses on the inherent
factors influencing said systems. To that end, the HMSAM models user experience
based on eight constructs (definitions in [18, 63]): joy; control; focused immersion;
temporal dissociation; curiosity; perceived ease of use; perceived usefulness; and finally
behavioral intention to use.

Given that KUbism aims to enhance data exploration via gameplay, we applied both
the SUS and HMSAM questionnaires to assess both the utilitarian and the hedonic facets
of KUbism, to draw a more complete picture of the overall user experience.

5 Results

Our study took place in the second semester of 2018, in a quiet room at the university,
with only the presence of the participant and an observer.

5.1 Demographics

Participants were recruited via direct invitation and snowball sampling, resulting from
communications through our university’s student and departmental mailing lists. Par-
ticipation was voluntary and not compensated. This procedure yielded a total of 41
participants (19 male, 22 female; mean age: 29, range: 14 to 58). Participant’s education
range included middle school (1), undergraduates (15), Bachelor’s (3), Master’s (12) and
Ph.D (10). Other than the middle-schooler participant, 26 reported studying Humanities
(e.g., Cultural Studies and Art History) and 14 Science and Technology (e.g., Computer
Science and Biology). On a 5-point scale (0 — “never” to 5 — “daily”), reported gameplay
frequency was: 17 participants “never” played videogames, 11 played “rarely”, 3 played
“monthly”, 6 did so “weekly” and 4 participants played “daily”. With the exception of 3,
none of the participants had previous contact with the data source we used in our study
(see Sect. 4.1). All participants gave their informed consent, and express consent was
also given by the parents of our middle-school participant.

Participant Groups — Player vs. Non-player. Given the relevance of videogames to
our research, we divided the study participants in “Player” and “Non-Player’ groups to
control for the effect of gameplaying habits in the experience with our tool. Participants
reporting “daily”, “weekly” or “monthly” playing habits were considered “Players”
(n = 13), and the rest, who “rarely” or “never” played videogames, were considered

“Non-Players” (n = 28).

5.2 Task Time

All of our participants completed the 7 tasks of our study successfully, though time taken
varied considerably. From the start of the first task to the completion of the final one,
each testing session took an average of 886 s (00:14:46). The shortest session took 170 s
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(00:02:50) and the longest a total of 1992 s (00:33:12). Figure 4 and Table 2 provide
an overview of the time taken for each task, across participants, and for the Player and
Non-Player groups.

600
2 500 *__o
o e o e o
£ R 400 2°, W . R
U= 300 oo e o
) [ ]
s 200 ° . o . >
" | [ ]
= 100 A LS
0
1 2 3 4 5 6 7
Task

Fig. 4. Boxplots depicting the times for each of the 7 tasks of our study, for all participants (m),
and the Player (m) and Non-Player (m) groups.

A Friedman test was run to understand the differences between the task times, across
all participants (Table 2, first line). Pairwise comparisons were performed with a Bonfer-
roni correction for multiple comparisons, yielding statistically significantly differences
¥2(6) = 79.251, p < .0005. Post hoc analysis revealed those differences to be between
tasks 1 and 4 (p = 0.32), and between the times of task 6 and all the other tasks’
(p < .0005 for all comparisons; refer to Table 2 for the median times).

Table 2. Minimum, median and maximum task times, in seconds, for each of the 7 challenges,
across participants (n = 41) and for the Player (n = 13) and Non-Player (n = 28) groups. Table
cell format: minimum-median-maximum.

Task 1 2 3 4 5 6 7

All 23-76-411 | 22-59-175 | 6-59-517 | 9-41-454 | 14-55-367 | 27-172-508 | 21-61-366
Player 23-49-411 | 22-47-95 | 6-47-298 |9-23-76 14-49-208 | 27-92-347 | 21-46-135
Non-player | 36-84-376 | 28-65-175 | 12-62-517 | 14-59-454 | 30-63-367 | 73-275-508 | 28-68-366

To explore the effects of playing videogames frequently on task execution time,
we ran a Mann-Whitney U test on the times of each task comparing the Player and
Non-Player groups (Table 2, second and third lines). We found statistically significant
differences in the times of task 1 (Player mean rank = 14.93 vs. Non-Player mean rank
=24.15; U =274,z = 2.338, p = .019), task 4 (13.50 vs. 24.89; U = 294, z = 2.888,
p = .004) and task 6 (13.57 vs. 24.85; U = 293, z = 2.859, p = .004).
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5.3 Task Activity

Process mining procedures can bring insight into the way users interact with systems.
To understand the first contact of our participants with KUbism we applied a process
discovery technique to the event logs of Tasks 1 (Fig. 5, left). The relative simplicity of
the process map, in which all actions occur a relatively similar number of times while
progressing towards the final “Correct Answer” box, reveals that participants found their
way towards the solution in a rather straightforward manner. In turn, Task 6 required
participants to explore database relationships for the first time and was the one that took
the longest median time to complete across participants (Table 2). The process map for
this task (Fig. 5, right) reveals that, instead of following roughly the same sequence of
actions while searching for a solution, our participants performed a more diverse range
of actions than for Task 1 (lighter colored boxes) in varied order (relatively intricate
web of thin arrows). This is consistent with a trial-and-error approach suggesting further
research is needed to facilitate the exploration of database relations.

Pick Up ENTITY block
149

Place ENTITY block
141

Place RELATION FILTER block
8

Correct Answer
a1

Activate RELATION FILTER block
54

®

Fig. 5. Process Mining Map for the event logs of tasks 1 (left) and 6 (right), for all participants,
showing the most frequent events and transitions. Transition frequency is indicated by the boxes’
background darkness and thickness of the arrows. (Color figure online)

It is also worth noting that there is a considerable number of consecutive repetitions
of the “Activated Entity” action, meaning that participants repeatedly activated entity
blocks to see the entities contained therein. Given that (1) the most straightforward
solution for Task 6 involved reusing the entity block previously used to complete Task
3; (2) participants generally did not destroy the entity blocks as they progressed through
the tasks; and (3) the only way to see the contents of entity blocks is by activating them,
this finding likely reflects our participants searching for the entity block of Task 3.

Another insightful perspective over the many ways our participants used KUbism
can be found in the way they left the world after the last task (Fig. 6). Some participants
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were methodical, keeping the blocks with the answers to previous tasks in a systematized
way, easy to find and reuse in following tasks (Fig. 6, left). Others adopted a more ad
hoc approach, focusing on solving the tasks one at a time (Fig. 6, right). Ultimately,
all were able to complete the tasks, evidencing that our platform is flexible enough for
participants to experiment with data and find their own way to explore the data.

Fig. 6. Screenshots of the study world after two different participants completed the study. Some
participants were methodical and organized (left), others found their answers in a more ad hoc
approach (right). Ultimately, all participants completed the seven tasks of our study.

5.4 Subjective Experience Evaluation

As previously mentioned, we asked our participants to answer two experience evaluation
questionnaires after the testing sessions, the SUS and the HMSAM (Sect. 4.4). These
results are illustrated of these two assessments are illustrated in Fig. 7, for all participants
and the “Player” and “Non-Player” groups.

HMSAM
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Fig. 7. Boxplots depicting the results of two subjective experience questionnaires for all partic-
ipants (m), and the Player (m) and Non-Player (m) groups: (left) the System Usability Scale
(SUS, 0-100 scale) and (right) the Hedonic-Motivation System Adoption Model (HMSAM, 8
dimensions, 1-7 scale).
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The median SUS score was 80 (min: 60, max: 97.5) across participants, 87.5 (min: 60,
max: 97.5) for the Player group and 77.5 (min: 62.5, max: 92.5) for the Non-Player group.
We ran a Mann-Whitney U test on the results of the two groups revealing a statistically
significant difference in their SUS scores (Player mean rank = 28 vs. Non-Player mean
rank = 17.75; U =273,z = 2.559, p = .011).

The HMS AM results may be found in Table 2, again for all participants and the Player
and Non-Player groups. To understand the difference in the subjective experience of the
two groups, we ran a Mann-Whitney U test on the scores of each HMSAM construct.
These tests revealed differences between the two groups in three of the eight dimensions:
joy (27 vs. 18.21; U = 260, z = 2.207, p = .027), control (26.58 vs. 18.41.; U = 254.5,
z = 2.038, p = .042) and perceived ease of use (29.81 vs. 16.91; U = 296.5, z = 3.212,
p =.001).

6 Discussion

In this work we propose KUbism, a data exploration interface embedded in Minecraft’s
gameplay. Through our user testing we showed that people can use our tool to suc-
cessfully explore data while having an enjoyable experience. This supports the overall
viability of our vision of data exploration interfaces embedded in gameplay.

All participants successfully completed all tasks of the study, indicating that people
can effectively use KUbism to explore data and find answers. This observation becomes
even more important in light of our participants’ heterogeneity (see Sect. 5.1), showing
that our approach is accessible and flexible enough to allow people of diverse back-
grounds and experience to explore data effectively. This is further corroborated by the
process maps of tasks 1 and 6 (Fig. 5) that illustrate the many different, sometimes
unique, ways our participants devised to complete the study tasks (Fig. 6).

The analysis of the task execution times for all participants also emphasizes the
overall accessibility of our approach: with the exception of tasks 1 and 6, the median
time of completion was approximately 1 min for all tasks (Table 2, first row). It is also
insightful that Task 6 took significantly longer to complete than all the other tasks,
but the following Task 7, which also involved exploring relationships between entities,
did not. With the exception of the relationship involved, both tasks were similar in all
aspects. This suggests that there is a narrow learning curve involved in the exploration of
relationships that is quickly overcome. In other words, exploring relationships becomes
as straightforward as exploring entities after the first time.

Comparing task times between groups, the Player group had systematically lower
median times for all tasks than the Non-Player group, but this was only statistically
significant for tasks 1, 4 and 6. To help position this finding: (1) Task 1 was the first
time participants interacted with KUbism without supervision, so it was a first contact
scenario with the novelty that entails; (2) Task 4 was generally the quickest for everyone
and, with the exception of the used block (set intersection instead of set union), the steps
were the same as in the preceding Task 3 (Table 1); and finally, (3) the longest-taking
Task 6 was the first time participants had to explore a relationship. In light of these
observations, the increased familiarity of users with gameplaying experience seems to
make them grasp new mechanics faster, but this difference tends to become less evident
after the first contact with said mechanics.
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Regarding the assessments of subjective experience, the overall scores for both the
SUS and the HMSAM questionnaires are encouraging. The median SUS score of 80
obtained across participants placed KUbism’s general usability between “good” and
“excellent” [64] for our experiment, and this is also the case for the median SUS scores
for the Player (87.5) and Non-Player groups (77.5). The statistical difference between
these groups, however, suggests that people with more frequent gaming habits tend to
perceive KUbism’s usability more positively.

In turn, all eight HMSAM dimensions also received high median scores across all
participants, with the constructs of joy and curiosity receiving the highest scores (6.2
and 6, respectively). The joy construct refers to the hedonic quality of the interaction
experience (see Sect. 4.4), and curiosity is a known motivation of exploratory behavior.
We consider this observation to be a particularly positive result since one of our main
goals is to enhance the intrinsically motivating factors of data exploration, making it not
only a useful activity but also a positive and exciting experience.

Higher scores for HMSAM’s joy, control and ease of use found for the Player group
indicate that they generally felt more in control of the interaction and had a more plea-
surable overall experience than Non-Players. This observation is in line with the higher
SUS usability score also found for this group, and sheds some light on the rationale.
Indeed, the relatively higher appeal that KUbism seems to have for people with more
frequent gameplaying habits appears to be linked to factors related to control and ease of
use. Given the influence that control seems to have in the overall user experience [18, 62,
63], itis reasonable to conclude that better gaming skills lead to a more pleasurable expe-
rience with our interface. Interestingly, the remaining constructs of HMSAM, namely
focused immersion, temporal dissociation, perceived usefulness, behavioral intention
to use and — more importantly for our study — curiosity, did not yield statistically sig-
nificant differences between the two groups. This indicates that playing habits did not
appear to influence these dimensions strongly — which were all rated highly. In light of
the alignment between these dimensions and factors of flow [14] like transformation of
time, sense of control, intrinsically rewarding interaction, concentration and loss of self-
consciousness, we have reasons to believe that the experience of KUbism does indeed
promote user flow, the main concept behind fluid interaction.

Though KUbism is a proof-of-concept, these encouraging results support that game-
play offers an interesting stage for data exploration. All participants were able to explore
our study’s data and enjoyed doing so, meaning that neither the utilitarian value of data
exploration nor the hedonic rewards of gameplay were lost in our hybrid platform. That
is the promise of our approach: an accessible, self-rewarding, fun, and compelling way
to find valuable information — playful data in a literal sense.

7 Conclusions and Future Work

Our work yielded evidence supporting the value of gameplay as a promising stage for
building effective and playful interfaces for data exploration, leveraging both the utilitar-
ian aspects of data exploration and the immersive, self-reinforcing nature of gameplay.
All participants of our study successfully completed all study tasks while evaluating the
experience positively. Overall, our approach scored highly in HMSAM’s curiosity and
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joy. This is an encouraging finding as curiosity is a well-known motivator of exploratory
behavior, and joy is a known predictor of behavioral intention to use [18]. Furthermore,
in light of the diversity of our participants’ backgrounds and the lack of familiarity most
had with the study’s dataset, the relatively low time taken to complete the study tasks and
the several different paths participants devised to find their answers are also important
evidence towards the overall accessibility of our approach.

The novelty of KUbism warranted a conservative approach to the design of our study.
Specifically, a controlled, task-based design allowed us to focus on each of our platform
features one at a time. Following these initial results, a less restricted study should be
considered, with participants being allowed to explore a data world without limitations or
predefined goals. Such study is bound to yield a rich set of data and enable us to acquire
a broader perspective on the way people experience KUbism’s open-ended, sandbox
approach to data exploration, which could include, for instance, affective dimensions
[65].

Ultimately, KUbism is but a first approach towards data exploration intertwined with
gameplay, and many possibilities for further research lie ahead. For instance, multiplayer
gameplay modes could offer great potential, especially if paired with persistent worlds.
Rather than just exploring the results of procedurally generated worlds for fun, like
what happens with many titles nowadays, we can imagine scenarios in education where
communities of students explore relevant datasets together. If needed, minigames could
be used to frame the exploration efforts — e.g., the task-based experiment of the study
we present in this paper may be considered a minigame where players seek to answer
questions in order to advance through the game.

On another perspective, we built the KUbism data exploration interface focusing
mainly on structure building and block interactivity. However, another promise of our
approach lies in the generation of worlds informed by the underlying data. As suggested
in Fig. 1, there is clear potential for further research along this line. We can imagine
whole worlds built in ways that reflect the dataset in some form or another, using pertinent
aspects of the data as seeds for procedural generation. E.g., taking the term “seed”
literally, a family’s genealogical data could be used to generate trees of blocks with
growth patterns hinting at important aspects of the data, like branch quantity and length
to indicate the amount and lifespan of descendants. While observing such a tree would
convey interesting information about a given family, a whole genealogy database could
generate a forest for players to explore and learn about populations. On a different take,
just like we used a Gaussian function to generate the terrain in Fig. 1, we could also
use functions fitted to data points to create worlds with unique and meaningful features
—e.g., wave-shaped mountains for skewed data distributions. Ultimately, the challenge
of generating meaningful worlds, alluring yet useful, will be about finding the right
balance between gameplay and data exploration, learning and fun.
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