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Currently, there is no formal taxonomy for the activities that users engage in when interacting with and making
meaning from spatio-temporal game data visualizations. As data visualization, especially spatio-temporal
visualization, becomes more popular for game data analytics, it becomes increasingly crucial that we develop
a formal understanding of how users, especially players, interact with and extract meaning from game data
using these systems. However, existing taxonomies developed for InfoVis are not directly applicable due te
domain differences and a lack of consensus within the literature. This paper presents the beginnings of a
taxonomy for user interaction with spatio-temporal data specific to the domain of games, developed from the
results of a qualitative user study (n=7) in which experienced players were tasked with using a spatio-temporal
visualization system to explore and understand telemetry data from Defense of the Ancients 2 (DotA 2). The
taxonomy includes seven activities organized into three categories: Data Interaction, Sense Making, and
Validation. We discuss the implications of these activities on design and future research.
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1 INTRODUCTION

Game data analytics and visualization are becoming increasingly popular within both academia
and the industry due to the ease with which they allow developers and researchers to study player
behavior at scale [13]. This is especially true of spatio-temporal visualizations, which permit the
context sensitive analysis of granular data [2, 24] and afford players the opportunity to study
the gameplay of others’ such that they are able to reason about their decision making process,
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learn new strategies, and improve at play [1, 18, 28]. However, existing work examining spatio-
temporal game data visualization has focused predominantly on how to design such systems for
readability and comprehension [63, 66], or have only provided a high level discussion of how users
interact with and make meaning from data visualization [4, 27, 34]. As a result, there is currently
no formal understanding of how users, and particularly, players, interact with spatio-temporal
visualizations to make sense of game data. Such an understanding would benefit the field of game
data visualization by providing guidance to the designers of future systems in terms of what types
of interaction they should account for and how to present the data to effectively meet players’
needs.

The field of information visualization has dedicated a great deal of research to generating an
understanding of how users interact with and make meaning from data, the result of which is
numerous taxonomies for user interaction with information visualization [15, 55, 71]. One founda-
tional example is Shneiderman’s “Task by data type taxonomy for information visualizations" from
1996 [58], which identifies seven behavioral tasks that users engage in when exploring visualized
data, including gaining an overview, examining details when needed, and relating different data
points. These taxonomies have had a great influence on the field of information visualization, with
Shneiderman’s having over six thousand citations on Google Scholar, by informing the design 6f
systems and providing a foundation upon which interaction schemes and their impact on users
can be evaluated. Developing a taxonomy for game data visualizations would provide a similar
foundation, and facilitate further study of interaction with visualized game data in the context of
play.

Although insightful, the infovis work suffers from several key drawbacks that make it difficult to
apply existing taxonomies directly to games, and highlight the need for game data visualization, as
a domain, to develop their own taxonomy. First, existing taxonomies are predominantly based on
reviews of literature or systems, rather than user studies [15, 49, 55, 70-72]. This has led to a lack
of consensus within the literature that makes it difficult to select an appropriate taxonomy to adapt
to game data visualization.

Second, InfoVis taxonomies rarely include the cognitive processes involved in making sense
of data [61, 70, 72] and, more importantly, they rarely account for users’ need to understand the
decision making processes and reasoning of those who produced the data. This is a critical omission
in the context of games, where visualizations, especially player-facing tools, are often interacted
with in the context of learning and mastery of play. Specifically, existing literature discusses how
players learn by analyzing others’ gameplay data such that they can study and adopt their decision
making and strategic processes as well as compare their own play against an expert’s to identify
mistakes and ways to improve [1, 4, 28, 66, 67, 69]. However, as gameplay data lacks the input
of the player or commentator, who would traditionally be outlining the reasoning behind each
decision on a stream or broadcast, those who use visualizations to study others’ data must deduce
that reasoning themselves. Such deduction is a predominantly cognitive process that involves
developing a mental model of gameplay context, inferred from the visualization, that can inform
an understanding of others’ decision making processes. By contrast, while reflection on population
data is a topic of interest [21, 45], information visualization is less concerned with facilitating the
study and adoption of others’ decision making processes in such a granular manner. As such the
cognitive processes involved in comprehending decision making are largely absent from existing
taxonomies.

Third, information visualization taxonomies focus less on spatio-temporal visualizations [15, 50].
By contrast, spatio-temporal visualizations, which are able to convey spatial and temporal context
such that reasoning and decision making can be more readily deduced, have become popular
for visualizing game data [1, 18, 19, 28, 64-66]. Existing information visualization literature that
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develops taxonomies for user interaction with information visualization does so with aggregate
data and graph or chart based visualizations [30] and has further demonstrated that applying such
taxonomies to spatio-temporal systems requires substantial adaptation [15, 50]. Thus, there is a
need to develop a unique taxonomy for spatio-temporal game data visualization that is better able
to capture the cognitive processes that occur when players examine gameplay context and deduce
player reasoning in a spatio-temporal analysis context.

The study presented here sought to address the following research question: “What are the
interactive activities and cognitive processes that players engage in when they are analyzing
spatio-temporal gameplay data?" We specifically chose to focus on spatio-temporal game data
visualizations due to the significant role they play in providing players with the context needed to
deduce reasoning, study decision making, and learn from the play of others’ [1, 28, 66]. To answer
our research question, we ran a qualitative, think-aloud study with seven experienced players of
the game Defense of the Ancients 2 (DotA 2) (Valve 2013). Participants were tasked with using the
visualization system Stratmapper [2, 24] to interact with telemetry data from several gameplay
moments of varying length and complexity from two different DotA 2 matches. They were asked
to think aloud as they analyzed the data, identify moments of interest, and describe what they
though was happening based on what they could see. Audio and screen video from think-aloud
sessions were recorded and analyzed via a qualitative thematic analysis procedure focusing on how
people interacted with the data and the types of cognitive processes that could be inferred from
their think-aloud.

The result is the beginnings of a taxonomy for interaction and sense making in the domain
of spatio-temporal game data visualization. The taxonomy, in its current state, consists of seven
activities that users engage in while interacting with game data, organized into three categories:
Data Interaction (consisting of “study positioning to construct context", “study movement to infer
decisions", and “seek details to support sense-making"), Sense Making (consisting of “leverage
domain knowledge to fill gaps", “form a hypothesis of context and behavior that evolves over time",
“pinpoint events to frame understanding"), and Validation (consisting of “review events to confirm
hypothesis"). In addition to identifying these activities, we discuss how they compliment each
other and the process by which users move between them as they work to make meaning from the
data. We discuss how these findings relate and connect to existing literature on interaction with
information visualization. Further, we discuss design implications for future systems presenting
this work as a first step towards the development of a full taxonomy for spatio-temporal game data
visualization.

2 RELATED WORK

In this section we discuss existing work in information visualization interaction taxonomies and
spatio-temporal game data visualization. We discuss both topics in terms of how they relate to and
motivate the need to create an interaction taxonomy for spatio-temporal game data visualization.

2.1 Information Visualization Taxonomies

Within the field of information visualization (infovis), a great number of taxonomies and frame-
works have been proposed to formalize visualization design and user interaction [15, 55, 55, 71].
Shneiderman’s [58] “Task by Data Type" taxonomy is one of the key examples, which identified
seven behavioral tasks that users engage in when exploring visualized data. These were: overview
(gain an overview of the entire collection), zoom (zoom in on items of interest), filter (filter out
uninteresting items), details on demand (select an item or group and get details when needed), relate
(view relationships among items), history (keep a history of actions to support undo, replay, and
progressive refinement), and extract (allow extraction of sub-collections and the query parameters)
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[58]. Shneiderman’s taxonomy is foundational to the field, and many visualization systems and
more recent taxonomies explicitly or implicitly referenced it in their development.

However, while numerous taxonomies exist to formalize interaction within information visu-
alization, the research area suffers from two notable weaknesses. First, very little work looks at
the cognitive processes involved in making meaning through interaction with data [47, 56]. This
is an important gap in the literature, as these cognitive processes are key to understanding how
users turn what they can see in the visualization into actionable knowledge or insights. Examples
of taxonomies that do include cognitive elements include Yi et al. [72], Yalcin et al. [70], Patterson
et al. [41], and Valiati et al. [61] who focused their taxonomies specifically on these cognitive
processes. They included activities such as planning interaction and analysis [70], inferring [61],
and managing mental models [72]. However, with the exception of Valiati et al’s work, which
validated the framework with a user study [61], these are based primarily on literature reviews of
existing taxonomies, rather than observation of users.

There do exist several visual analytics frameworks that take a more human-centric approach
to interaction with visualization, and thus more prominently account for the cognitive elements
involved in making sense from data [14, 43]. Demonstrated by the argument presented by Endert
et al. [14], there is a school of thought within visual analytics that emphasizes the importance 6f
cognitive processes, such as sense-making, as a part of a human centric approach to understanding
and designing for interaction with visualized data. Their “human is the loop" approach to visual
analytics aims to go beyond the interactive visualization of information, to better understand how
human analysts make sense of data. A concrete example of work within this particular domain is
the Knowledge Generation Model for Visual Analytics presented by Sacha et al. [53]. This model,
while not presented explicitly as an interaction taxonomy, includes cognitive elements, such as the
formation of hypotheses and confirmation of those hypotheses through insights [53]. However, like
the interaction taxonomies described above, this model, and Endert et al’s work, is predominantly
based on theory and existing literature, and while a case study demonstrates its functionality, it is
not based on a user study.

The notable lack of user studies is the second weakness of existing interaction taxonomy work,
which instead favors systematic reviews of existing visualizations and taxonomies. Notable examples
of interaction taxonomies based on user studies include the work of Ziemkiewicz et al. [73], who
studied how immunologists used data visualization in their lab work, and identified two main
strategies (within graphs and between graphs), and Lee et al. [30], who derived the model of novice’s
information visualization sense-making (NOVIS) from a user study examining how people made
sense of unfamiliar visualizations. However, the application areas for these studies are specific to
the domain and population, and therefore are not easily generalizable.

Because of these two drawbacks, which are often acknowledged and used to motivate new
taxonomy work, there is little consensus among the infovis literature regarding what elements a
taxonomy should include. As a result, it is difficult to identify a single taxonomy that is appropriate
to adapt to the domain of spatio-temporal game data. Further, much of the existing work focuses on
visualizations of aggregate data, which may be applicable to aggregate game data visualizations, but
not necessarily transferable to the granularity of spatio-temporal visualizations. As Rodrigues and
Figueiras [50] demonstrated, applying the existing taxonomies to spatio-temporal visualizations
can present a challenge, as it requires constructs to be reconfigured to account for the more granular
data. This suggests that the best approach would be for the domain of spatio-temporal game data to
develop its own taxonomy, a stance further supported by the unique characteristics that set game
data apart from other data types.
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2.2 Spatio-Temporal Game Data Visualization

Game data has become increasingly relevant in recent years, as game analytics techniques gain
considerable popularity in the games industry [13]. Popular analytics methods often involve
applying machine learning [9, 12, 39, 46, 52], statistics [10, 11, 44], or data mining [6] techniques to
large gameplay data-sets in order to predict victory or classify players based on notable patterns.
Data analytics remains one of the most efficient ways to collect large scale, generalizable insights
regarding what players do in-game [24]. For this reason, there is a notable movement that seeks to
make the analysis of granular telemetry data more transparent and accessible to human examination
through data visualization [13, 35, 57].

There exist many approaches to game data visualization [35, 65], such as the node link graph
developed by Nguyen et al. [37], which clustered players based on their sequences of actions.
However, spatio-temporal visualization has grown notably prominent, due to the ease with which
it allows human analysts to make meaning from telemetry data by presenting low level, granular,
and context sensitive information [2, 16, 24, 36, 64, 65, 67]. One example is the work of Moura et al.
[36], who proposed a system for analysts to interact with data superimposed atop the game map,
in an approach that, they argued, better allowed one to analyze cause and effect than traditional
heat maps.

User evaluations of spatio-temporal data visualization systems have generally shown positive
reactions from users [1, 19, 28, 62, 63, 66, 67] leading to further development and evaluation. For
example, Wallner et al. [63] and Halabi et al. [19] conducted studies that engaged professional
game developers in evaluating spatio-temporal visualizations of player movement in Infinite Mario.
Similarly, Wallner and Kriglstein [66] conducted a similar study with players of the online game
World of Tanks. In all three studies, the users were able to use the visualizations to understand
how players traversed game maps. Further, they were able to provide valuable insights into best
practices for visualization design, such as variable opacity being good for at-a-glance analysis [19]
or abstracted icons being good for clarity of movement [66].

There also exist interactive, spatio-temporal visualization systems that have shown promise
as player-facing tools that can aid in the analysis of play [1, 28]. For example, Kuan et al. [28]
developed an interactive, spatio-temporal visualization system for Starcraft 2 [3] that synchronizes
data presented across maps and timelines. In a user evaluation, they determined that, in situations
where the cause of victory or defeat is unclear, their system performs better than existing tools.
Participants also preferred their system over existing tools in satisfaction, ease of use, learnability,
mental effort, physical effort, time, and helpfulness [28]. Other studies conducted with similar tools
have also demonstrated benefits, even when the participants were players who did not possess data
analysis backgrounds [1, 18].

However, these evaluations focused primarily on judging usability and identifying design best
practices. Although some evaluations do include discussions of how users interacted with and used
the visualization to complete tasks, it is almost always discussed at a high level, rather than with
granular detail [27, 68]. Instead, detailed discussions of how users use, interact with, and make
meaning from game data visualizations are largely restricted to theoretical frameworks. One such
example is the work of Bowman et al. [4], who suggested a categorization of visualizations for
gameplay based on their primary purpose, target audience, temporal usage, visual complexity,
and whether or not they were inside the game. Similarly, Medler [34], presented a framework for
understanding the functionality of player dossiers within the gameplay experience, suggesting that
they give the player an opportunity to learn from their data, which in turn motivates them to keep
playing. However, neither framework specifically addressed spatio-temporal data, or examines
player interaction with such data at a granular level.
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The work of Penney et al. [42] is notable here in that it does present a detailed understanding
of how players interact with information in a granular manner. Based on information foraging
theory, they used a think-aloud protocol to generate a detailed understanding of what information
StarCraft players wanted from a replay, the paths they followed to find it, and the decision points
during play they considered to be most critical. To our knowledge, this is the only work that
examines how players explore and make sense of data in such a granular manner. However, this
work was motivated by a desire to understand the needs of real time strategy players with regards
to understanding the actions of an artificial intelligence (AlI), in order to design better explainable
AL Thus, the “data" used in the study is a match replay, rather than a data visualization, and the
goal was to understand players’ needs in terms of understanding an AI's behavior [42].

As spatio-temporal visualization systems, many of which include interactive components [2, 24,
36, 62], become more popular within the domain of game data, there is a need for a formal, granular
understanding of how users will interact with and make meaning from the data. Specifically, there
is a need to develop a taxonomy that describes the activities engaged by players when they interact
with a tool in order to make meaning from spatio-temporal game data. Such a taxonomy can better
inform the design of future systems by providing designers with a list of user activities that should
be accounted for in design.

3 METHODOLOGY

To address this gap, we conducted a qualitative, think-aloud [31] study in which DotA 2 players
used Stratmapper, an interactive spatio-temporal visualization system, to interact with unfamiliar,
i.e. not their own, gameplay data and complete tasks. We conducted a qualitative analysis of the
think-aloud results to develop a starting point for a taxonomy for user interaction and sense
making in the context of spatio-temporal gameplay data. We specifically chose to develop a unique
taxonomy rather than adapting an existing one due to the aforementioned lack of consensus among
the infovis literature.

Due to the COVID19 quarantine, all study sessions were conducted remotely over Google Meet,
with participants sharing their computer screen while audio and screen were recorded. Institutional
IRB approved the protocol and informed consent was given at the beginning of each think-aloud
session.

3.1 Recruitment

Seven DotA 2 players (whose experience ranged from 3 to 8 years) were recruited via email,
social media, and word of mouth from collegiate esports clubs and through snowball sampling.
Participants were required to be (1) 18 years of age or older, (2) able to communicate in written and
spoken English, (3) able to join a Google Meet call, and (4) in possession of enough experience with
DotA 2 to identify and describe basic strategic behaviors. There were no requirements regarding
in-game ranking. Aside from years of experience, no other demographic data was collected to avoid
biasing analysis towards differences based on age or gender.

Based on previous qualitative studies examining game data visualization [19, 63], recruitment
was performed in an ongoing manner and participants were interviewed as they came in. We sought
to recruit up to 10 participants for the study, but kept note of data saturation as we conducted
think-alouds. After every think-aloud session, the research team discussed the main takeaways
from the session and informally noted any new or prominent interaction patterns they observed.
After the fifth session, no new patterns were noted. After two more sessions without new patterns
emerging, it was determined that the data had reached saturation, and the decision was made to
close recruitment at seven participants.
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3.2 Defense of the Ancients 2

A game of DotA 2 consists of two teams, the “Radiant” and the “Dire", both consisting of 5 players,
who compete against each other in a capture-the-flag style competition. Each team has a base,
located on opposite ends of the game map, containing an entity known as the “Ancient”. Each player
in a DotA 2 match controls an avatar called a “hero”, and each hero fulfills a certain role, i.e. “carry"”,
“support", “tank’, etc..., within the team. The goal of the game is to protect one’s own Ancient while
simultaneously trying to destroy the opposing team’s. The game map is organized into three lanes,
which house towers that fire at enemy players, with forested areas between them, known as the
jungles. Both of the lanes and the jungles are populated by various non-player characters that can
be slain for experience and gold. Victory is won by killing enemy heroes, destroying enemy towers,
and advancing across the map to the opposing team’s base.

We chose to use DotA 2 due to the game’s popularity, which makes it one of the top esports
in the world [60], and due to the availability and accessibility of DotA 2 data. Further, DotA 2
and its predecessor DotA are two foundational examples of the Multiplayer Online Battle Arena
(MOBA) genre, which is one of the most popular and lucrative genres in esports. DotA 2 served
as the template upon which other popular esport games including League of Legends and Heroes
of the Storm are based and thus findings related to DotA 2 data may be easily generalizable to
other MOBA games. DotA 2’s map, and player positioning upon that map, are also key elements of
gameplay, which makes DotA 2 data well suited to spatio-temporal visualization.

3.3 Visualization Setup

Stratmapper is a spatio-temporal visualization system that displays raw, low level spatio-temporal
game data as event icons superimposed atop the game map, see Figure 1. Stratmapper’s interactive
components are similar to those included in other interactive spatio-temporal visualization systems
for games [1, 28], and thus it is representative of the state of the art. Stratmapper’s interface also
features an interactive timeline that marks what events have occurred, when they occurred, using
the same icons as the map. The map and timeline are synchronized such that what is displayed on
the map is dependent on what part of the timeline is highlighted. Data points move on the map as
the user moves the highlight on the timeline, allowing users to move forward and backward in time
and see how events progressed spatially. This allows users to see when and where during gameplay
each event was recorded and essentially allows users to “watch" a replay of the game, without
actually watching one, and with the ability to stop and examine data in a static manner. Hovering the
mouse over action icons brings up tool-tips with more information regarding individual actions and
the relevant players. Stratmapper also features a labeling system, see Figure 3, which allows users to
highlight sets of gameplay events on the timeline and apply a label, which can be viewed by other
users of the tool or exported to another system for analysis. Further details on the functionality of
Stratmapper are available in previous work [2, 24].

Data from two past DotA 2 games from a professional league were chosen for use in this study.
We chose to use the data of others for three reasons. First, we wanted to observe cognitive processes
of extracting meaning from the data, and felt this would be more apparent if the user did not already
know the gameplay context behind the data, as they would have with their own data. Second, we
wanted all participants to observe the same set of events, which would not be possible with their
own gameplay data as the participants were not affiliated with one another. Third, as we discussed
in the introduction, interaction with game data includes interaction with the data of others’ with
the goal of learning from their play. This practice requires granular, context sensitive presentation
of data such that users can reason about the causal relationships within the data, and has been
used to motivate the development of player-facing spatio-temporal visualizations for game data
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StratMapper StratMapper

Fig. 1. The Stratmapper interface used in the study, depicting the localized event from task 2 (left) and the
larger event from task 1 (right). At the bottom of the interface is the timeline, where the darker grey highlight
is used to determined what data points are seen on the map (only the points encompassed by the highlight on
the timeline will appear on the map). On the left is a list of heroes involved in the respective event. Clicking'a
hero’s name in this list will mute their data points. On the left side of the timeline are buttons to mute data
points for certain gameplay actions. Above the hero names is a drop down menu that can be used to change
the visualized data set.

[66, 67] including interactive systems [1, 18, 28]. We recognize this context as one that separates
interaction with game data visualization from InfoVis at large, where the in-depth analysis of
others’ granular behavioral data is less emphasized. Thus, it is critical that an interaction taxonomy
for spatio-temporal game data visualization can capture interaction in this context.

3.4 Think-Aloud Protocol

Upon giving informed consent, every participant was shown the same Stratmapper instructional
video. After watching the video, participants were allowed to ask the lead researcher any questions
about the tool or what they would be doing. Once the participant was ready, the lead researcher
gave them a link to a web-hosted instance of Stratmapper. The participant was then asked to share
their screen and the researcher began recording the session. Before beginning the think-aloud
tasks, each participant was given an opportunity to practice using the tool and ask any clarifying
questions regarding the visualization or the interface. Each think-aloud session consisted of three
tasks that sought to answer the question: “What are the interactive activities and cognitive processes
that players engage in when they are analyzing spatio-temporal gameplay data?" Participants were
given instructions on how to think aloud before beginning the tasks.

The researchers identified two types of events that an expert looking at spatio-temporal gameplay
data would encounter, which required different actions to extract meaning. The first type of event
is small and localized, involving few players and occurring over a short period of time. Making
meaning from this type of event is expected to involve more cognitive processes, as the analyst
must construct the surrounding context themselves, and less interaction with the interface as there
is less observable data to examine. The second type of event is a longer event consisting of a series
of the smaller, localized events. This type of event occurs over a longer period of time, involves
more players, and more data points. Making meaning from this type of event is expected to involve
more interaction with the interface, as there is more data to examine and thus there will likely be
more scrolling, filtering, and zooming. Similarly, it is expected to involve less cognitive processes
as more context is represented by the data.

To capture both scenarios, we created two types of tasks. In one type, the participant was
presented with a small, localized event and asked to recognize what was happening. We refer to

Proc. ACM Hum.-Comput. Interact., Vol. 5, No. CHI PLAY, Article 260. Publication date: September 2021.



"What Happened Here!?" 260:9

this as a recognition task. In the other type, the participant was presented with a larger event and
asked to identify three to five localized events. We refer to this as an identification task.

To prevent cognitive overload, and to ensure that all participants would be observing the same
data, the research team pre-selected the events for participants to interact with. One researcher
with extensive knowledge of DotA 2 and similar games used Stratmapper to study the two DotA 2
games in detail, and selected three localized events and two longer events to show participants.
These events were selected on the criteria that they contained enough interesting and complex
gameplay maneuvers to be worth analyzing. Such maneuvers included behaviors such as ganks,
team fights, farming, and kills, identified as noteworthy strategic behaviors in previous work [2, 24].

Within Stratmapper, the data for each event was visualized separately, and users could switch
between moments using a drop down menu on the left. Only data points related to the relevant
actions and players were present for each event. For example, if the event involved three players,
only those players would be present in the visualized data. The two longer events featured five
and ten players between the two teams, respectively, and consisted of several smaller, localized
events. The three localized events featured three players. Two additional researchers with DotA 2
knowledge and experience reviewed the selected moments and confirmed they were appropriate
for use in the study.

The five events were organized into five think-aloud tasks as follows:

e TASK 1 - IDENTIFICATION TASK: The participant was presented with a longer event that
involved five heroes (three from one team and two from the other). The researchers had
identified a sequence of localized events that included farming, jungling, and ganking, located
in the top lane and top jungle. The participant was prompted to find three to five gameplay.
maneuvers of their choosing in the visualization and describe them in terms of the actions,
behaviors, and goals involved. While participants were asked to find three to five events, this
was not a strict rule, and some participants found less or more than the requested amount.

e TASK 2 - RECOGNITION TASK: The participant was presented with a short, localized event
that involved three heroes (two from one team and one from the other). The researchers had
identified this event as a two-sided gank in the top lane. The participant were prompted to
describe what event the data was depicting, again, in terms of the actions, behaviors, and
goals involved.

e TASK 3 - RECOGNITION TASK: The participant was presented with a different short, localized
event that again involved three heroes (two from one team and one from the other). The
researchers had identified this event as the end of a push in the top lane, when the attacking
heroes teleported to safety. The participant was again prompted to describe what event the
data was depicting, again, in terms of the actions, behaviors, and goals involved.

e TASK 4 - RECOGNITION TASK: The participant was presented with a third short, localized
event that again involved three heroes (two from one team and one from the other). The
researchers had identified this event as a gank in the middle lane, where the target got away.
The participant was again prompted to describe what event the data was depicting, again, in
terms of the actions, behaviors, and goals involved.

e TASK 5 - IDENTIFICATION TASK: The participant was presented with a second longer event,
this time involving all ten heroes on both teams. The researchers had identified this longer
event as a series of localized events including skirmishes between enemy heroes, jungling,
roaming, farming, pushing, and team fights. The participant was again prompted to find
three to five gameplay maneuvers of their choosing in the visualization and describe them in
terms of the actions, behaviors, and goals involved. This time, however, they were also asked
to use Stratmapper’s labeling system to apply labels to three to five gameplay events in the
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data. The purpose of this was to observe participants as they identified events , but with a
persistent indication of what they had found so far (in the form of the labels). They had free
rein to label any kind of event they liked. Similar to task 1, the three to five events prompt
was not a strict rule, and some participants labeled fewer or more.

For all three tasks, the participant was prompted to load the relevant moment, provided with
instructions on what to do (either extract or recognize maneuvers), and given a reminder to think
aloud. Participants were then free to interact with the tool however they wished or felt necessary
to complete the task. If the participant encountered a technical issue or had a question the lead
researcher would help them. Additionally, the lead researcher would prompt the participant to
keep thinking out loud if they became quiet. The researchers performed no other interventions
during the think-aloud. Participants were allowed to continue interacting with the tool for as long
as necessary for each task, and there was no time limit.

The three tasks were followed by a short open ended interview that gauged how the participant
felt about their interaction with the Stratmapper tool, after which the session was completed. Each
session lasted from 30 minutes to one hour and was attended by three members of the research
team, one who led the procedures, and two who took notes in the background. All participants
were entered into a raffle for a $150 gift card as compensation for participation.

3.5 Data Analysis

Two researchers used ELAN [38], a tool for labeling videos, to analyze and code the screen and audio
recordings of the think-aloud sessions. The two researchers followed a thematic analysis protocol
[17, 54], specifically focusing on how participants were interacting with the data, as observed from
the videos, and the types of cognitive processes that the participants engaged in, as inferred by the
researchers from what the participants stated aloud. First, both researchers, separately, reviewed
a subset of the data consisting of two videos to develop initial lists of behavioral labels. They
then reconvened and synthesized a combined list of labels through discussion and comparison of
their individual lists, specifically looking at overlaps and differences. They then separated again
and individually applied labels from the combined list to 30% of the data set [5], for an inter-
rater reliability check. The resulting score, calculated using Cohen’s kappa [8] was .68, indicating
moderate agreement [29]. In the interest of ensuring strong validity, the researchers discussed
disagreements and adjusted the combined list by collapsing overlapping labels and redefining
those that lacked clarity. They then conducted a second round of inter-rater reliability coding with
the refined list that resulted in a kappa value of .82, indicating very strong agreement [29]. The
remaining data set was then labeled using the final list.

4 RESULTS

The final list of labels represents the physical and cognitive activities engaged by the study par-
ticipants and presents a foundational understanding of how users interact with spatio-temporal
game data visualization in order to develop an understanding of unfamiliar data. Organized into
three categories, Data Interaction, Sense Making, and Validation, we present this as the first step
towards a formal taxonomy for interaction within the domain. This taxonomy can be seen in Table
1. Further, by analyzing overlaps in label application between the categories, we identify how the
different activities in the taxonomy complement each other, and present an initial process model,
see Figure 5, for interaction and sense making in the domain of spatio-temporal game data.
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’ Activity \ Definition ‘
’ Data Interaction ‘ ‘
Study Positioning t . e
Cl:)n}; triilt 1é)(r)1r11rt1egx to User studies the positioning of the players
o to construct an understanding of the setting for the data.
Study Movement to

.. User examines movement over time and
Infer Decisions . .. .
e infers decisions based on their movement.

User examines low level actions in a focused and granular
manner to obtain more context in order to explain or
answer questions about data-points and make sense of
the observations.

Seek Details to
Support Sense-Making

Sense Making
Leverage Domain Knowledge User uses knowledge of the game to fill in gaps
to Fill Gaps in the data to construct context

or infer decisions without additional interaction.

Pinpoint Events to . . . .
P . User identifies events of interest in order to
Frame Understanding

s build a frame for their understanding of gameplay.

Form a Hypothesis based on
Context and Behavior
that Evolves over Time

User provides or updates an explanation for
what they believe is happening during gameplay

exx as represented by the data.
’ Validation ‘ ‘
Review Events to User checks for errors in understanding before completing
Confirm Hypotheses analysis by ensuring that pinpointed events

e

conform with the chosen hypothesis.

Table 1. The taxonomy of user interaction for spatio-temporal game data visualization, consisting of seven
activities organized across three categories. The symbols next to each activity name mean the following: *
means that this activity applies to all visualization, ** means that this activity applies to all spatio-temporal
visualization, *** means that this activity applies specifically to visualizations for game data,
this activity applies specifically to spatio-temporal visualizations for games.

kKK

means that

4.1 Data Interaction

The three activities in this category relate to how users would use the tool to read the data. This is
distinct from the next category as these activities emphasize observable interactions with the tool.
While these activities were used to support cognitive processes, these relate specifically to what
information the user would focus on acquiring as they attempted to understand the game data, and
how they would use the tool to facilitate the extraction of that information.

4.1.1  Study Positioning to Construct Context. The first activity in this category refers to the process
in which a user examines the location of players on the map in order to construct a mental model
of gameplay context. This activity involved examination of stationary data points, representing
gameplay actions, in terms of where they were located on the map, which indicated where a
player was, and could be used to infer information about the context of play, i.e. which team was
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Fig. 2. While studying positioning, participant 7 zoomed in on the middle lane area of the map, where the
players of interest were located.

performing better or what point in gameplay the data was drawn from. While engaging this activity,
the participant would make statements regarding the positioning of players and how this impacts
their understanding or construction of a gameplay context. For example: “my guess is that both the
Silencer and the Juggernaut here were pushing the creep wave here to attempt to break the tier
three towers" (Participant 2) This illustrates a moment during analysis in which the participant
noticed that two Radiant side heroes were deep into the Dire side of the map and was able to make
a judgement regarding the context of the game based on this positioning. Participants would also
comment on positioning of players in relation to actions, sometimes pointing out how these were
odd or defied their understanding of context. For example: “it doesn’t make sense why Batrider is
taking so much damage since he’s closer to his side of the map" (Participant 4). This illustrates a
moment during analysis in which the participant was confused about gameplay context because
they thought the presence of certain actions in relation to a player’s position did not make sense.
While studying positioning, participants would sometimes zoom in on an area of interest on the
map for a closer analysis of the players’ positions. An example of this can be seen in Figure 2.

According to the labeling, studying positioning comprised 20-40% of each participants activities
within the data interaction category, with the exception of participant 2, for whom it only comprised
5% of their data interaction activities. Studying positioning is not, itself, unique to game data,
but rather is an interaction pattern expected of, encouraged, and afforded by spatio-temporal
visualization systems. What is unique to games, however, is the important role that studying
positioning plays in building a mental model of the gameplay context. As the utterances above
demonstrate, by studying positioning, participants were making themselves aware of the spatial
context of the game and seeking out situations, such as unusual positions, that warranted further
analysis.

4.1.2  Study Movement to Infer Decisions. The second activity in this category refers to the process
in which a user used the tool to examine how players moved over time and infer players’ decisions
based on that movement. Participants would use Stratmapper’s timeline feature to “scrub” backwards
and forwards in time, which would cause the data points on the map to shift position based on
what actions were taken at the selected time and where, allowing them to see a player’s movement.
Movement was sometimes studied in a holistic manner, with movement across the entire moment
examined in one scrub through from beginning to end, and in a group manner, with multiple
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players visible simultaneously. Participant 7 is an illustrative example of this, who zoomed out
enough to see the entire map and scrubbed through the entire moment, verbalizing their intent
as: “I'm just going to look at an overview just to get an idea of what’s happening" At other times,
movement was examined more granularly, focusing either on smaller events within a moment, or
on a single player with other players being ignored or filtered out, to better understand the moment
to moment decisions that were made. Examples of what participants would say regarding player
decisions when studying movement are “..he rotates to the top lane through the river, turns back
around for a second, but he keeps going" (Participant 1) and “you can see over here the Templar is
chasing and hoping to dive the tower" (Participant 4).

According to the labeling, for each participant, movement comprised 40-60% of their activities
within the data interaction category, making it the most prominent of the three activities. Similar
to studying positioning, studying movement is not inherently unique to games, but an interaction
afforded by spatio-temporal visualization and present in most contexts in which such an approach
is used to visualize data. That being said studying movement played a key role in uncovering
player decisions. Specifically, as the utterances demonstrate, participants would study movement
to observe what players did and identify or infer their decisions, such as how participant 4 used
the movement of the player to identify their decision to dive the tower.

4.1.3  Seek Details to Support Sense-Making. The third activity in this category refers to the process
in which a user would intentionally seek out more information regarding the state of the game,
such as the items held or the health of a given hero, in order to support the process of making sense
of the data. In a generalizable sense, seeking details is the act of seeking out low level information
that was not immediately visible from the tool, but which provided information regarding the state
of the game. In the specific case of Stratmapper, detail seeking manifested through interaction with
the system’s tool tips. Specifically, participants would trigger tool tips by hovering over icons in
order to read detailed information regarding health, damage dealt, or who the target of a skill was.
An example of a participant interacting with the tool tips to seek details can be seen in Figure 3(a).

According to the labeling, the extent to which an individual participant would engage in seeking
details ranged from 20-40% of data interaction activity. Similar to the other actions in this category,
seeking details is not unique to game data, and is, in fact, a staple interaction of all types of data
visualization [58], where it is also often used to support sense-making, and thus is not unique to
games nor to spatio-temporal visualizations. However, we did observe two patterns regarding how
detail seeking was used in line with the cognitive processes involved in building a mental model of
play.

In the first pattern, details were sought to answer a question and detail seeking often came after
the other activities in this category. For example, after engaging activities in the data interaction
category, participant 6 noticed that one hero was healing and brought up the tool-tip to examine
the hero’s held items. When they found the answer they were looking for, they stated it out loud,
saying “tranquil boots [a held item that heals over time], ok". In the second pattern, details were
sought to support construction of context detail seeking often came before the other activities in
this category. For example, before engaging in data interaction activities in earnest, participant 5
wanted to know when during the game the data points occurred, and brought up the tool-tip to
see the time stamp. They stated this goal out-loud, saying “let’s see, just to get a memory on the
time stamp here...ok so a little bit later in the game". In both cases, seeking details supported the
ongoing process of making sense of the data.
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StratMapper
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Fig. 3. An example of participant 6 using a tool-tip to seek details (left) and applying a label to the data
during task 3 (right).

4.2 Sense Making

The three activities in this category relate to the cognitive activities that users would engage in
while interacting with the data in order extract meaning and develop an understanding of gameplay,
These are distinct from the previous category in that they do not connect to observable actions
but rather they are cognitive processes engaged by the participants, which were inferred by the
researchers based on think-aloud vocalization.

4.2.1 Leverage Domain Knowledge to Fill Gaps. The first activity in this category refers to the
process by which participants would fill in gaps in information based on their own knowledge
of the game. With regards to gaps in information, there were two kinds of scenarios identified.
In the first scenario, the data did not include all information regarding what players were doing,
however, participants were able to use domain knowledge to fill in the missing information. For
example, Stratmapper does not show ability usage, however, participants were able to leverage
domain knowledge to infer ability usage based on observable information, i.e. “it looks like he
surges [ability] away because he’s running really fast" (Participant 3).

In the second scenario, information was included, however, participants did not need to look at it
to understand what was happening. For example, participant 1 was able to recognize that a player
was farming a jungle camp based on their movement and did not need to look at who the target of
the player’s attacks were, which was included within a tool-tip. Participant 1 vocalized this during
their think-aloud, stating: “when Oracle is pulling this creep camp here, you would have to read
into it and you would see that that is what’s happening because he’s delivering damage to neutral
camps, but I did not do that, I just assumed he was pulling based on his movements". Similarly,
participant 5 recognized that a teleport was going to happen based on the positioning of a player
and without having to check the items for a teleport scroll. They stated: “I already know that this is
a pretty common, even in the modern updates of DotA 2, this is a pretty common spot to want to
get away from someone, there’s not a lot of vision in this area."

Domain knowledge was also leveraged to explain why certain patterns or details existed in
the data. For example, participant 6 noticed, while examining tool tips, that a hero’s health was
increasing. After looking at the items the hero held, they were able to explain this pattern with
domain knowledge, stating: “tranquil boots [an item held by the hero in question] gives heal over
time". At a higher level, all participants noticed a pattern in which data points for one hero, Legion
Commander, were predominantly located in the jungles. All participants commented that farming
the jungle was a common strategy for the hero, effectively leveraging their domain knowledge of
popular gameplay strategies to explain an observable pattern in the data.
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Based on label application, leveraging domain knowledge ranged from 20-40% of sense making
activities for each participant. Domain knowledge is not emphasized in existing taxonomy work, as
much of the literature assumes novice users who are not familiar with the domain the data comes
from. By contrast, using data to learn in the context of play requires enough domain knowledge to
recognize game states (such as a given player possessing a given item) and the causal relationships
between those states and the player’s actions (such as the player using that item to heal). Thus we
recognize leveraging domain knowledge as an activity specific to game data visualization, though
not necessarily restricted to spatio-temporal game data visualization.

4.2.2  Pinpoint Events to Frame Understanding. The second activity in this category refers to the
process by which participants would identify or single out an event that occurred within the
moment and use it to frame their understanding of gameplay. These events were often pinpointed
with the aid of Stratmapper’s action icons. In some cases, these events were identified from a single
action. For example, participant 7 pinpointed an event from a single death action, stating “and then
there’s a death on the Shredder". In other cases, these events were inferred from a collection of
actions, often facilitated by an activity from the information interaction category. For example;
participant 4 examined a set of stationary action icons at a given map location (studied positioning)
and pinpointed a camp pull, stating “Oracle here, being the good support that he is, is pulling a
neutral camp”. There were also moments where an event could be pinpointed based on player
positioning alone, without any action icons present. For example, participant 5 saw Juggernautjs
location, during a point in time that the hero was taking no actions, and pinpointed a set up
for a gank, stating “Juggernaut is setting up [a gank] in the trees right here". In some cases, a
pinpointed event would be the first thing a participant would analyze within a moment. For example;
Participant 3 began their analysis of one moment with the following pinpoint: “it looks like Timber
is going to die at the end, and no towers go down, and it looks like everyone else is going to be
scuffling with some heals thrown in".

Based on label applications, pinpointing events encompassed 15 to 25% of participants activities
in the sense making category, making it the least common activity within the category. The only
exception to this was participant 6, for whom it comprised only 5% of activities in the sense making
category. Pinpointing events is more than picking out an important data point (which is discussed
in existing taxonomies) but rather the act of identifying a single or collection of data points as
influential to or providing a framing for one’s ability to comprehend the rest of the data. As such,
pinpointing events is different from what is described in existing taxonomies as it encompasses
this cognitive recognition process, which is largely absent from existing work. Thus, this activity is
unique to game data visualization. Further, as pinpointing events appears to be exceedingly reliant
on the ability to comprehend the context of play, we believe it is unique to spatio-temporal game
data visualization, which is able to present enough context to facilitate the activity.

4.2.3 Form a Hypothesis of Context and Behavior that Evolves over Time. The final activity in this
category refers to the process by which participants would provide theories for what was happening
within the game, in terms of gameplay context or player reasoning or goals, based on what they
could observe from the data. Three kinds of hypotheses were observed: hypotheses for what had
already happened before the moment began, i.e. “just from the start of it, it looks like they may have
already taken the tier two [referring to a tower]" (Participant 5), hypotheses for what had not yet
happened but was about to, i.e. “it looks like Batrider is positioning, potentially, to jump that Slark"
(Participant 3), and hypotheses for what was currently happening, i.e. “Juggernaut and Silencer,
they might be pushing over here" (Participant 6). Participants would also form a hypothesis and
then sometimes update it later as they discovered more information.
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As can be noted from the three examples, a hypothesis was defined as a guess regarding game
context, player goals, or player reasoning. In other words, it was an inference on the part of the
participant regarding information they could not observe. The formation of a hypothesis was
facilitated by interaction with the data as well as leveraged domain knowledge, and a hypothesis
could then be validated or invalidated by a pinpointed event. For example, participant 5 hypothesized
that the hero Juggernaut “just flies over and snags him, I don’t think there was a blink dagger",
which was concluded by studying movement and leveraging domain knowledge. Specifically they
leveraged the knowledge that Juggernaut is able to jump to a target without the aid of an item, and
that an item called a blink dagger, which facilitates such movement, exists. However, participant 5
later pinpoints an event that overturns this hypothesis: “yep, ok, so he did blink in." Specifically,
participant 5 was seeking details to confirm their hypothesis, saw the blink dagger in Juggernaut’s
items list, and was then able to pinpoint an event (the use of the dagger) that overturned their
previous hypothesis.

Based on label application, hypothesis formation ranged from 30 to 60% of the activities in the
sense making category. This makes hypothesis formation the most common activity within sense
making, likely because it is the foundation upon which an understanding of events, the primary
goal of the category, can be built. Existing taxonomies do discuss hypotheses, however, they are
with regards to the data, and what it represents, rather than the gameplay context or the players’
decisions and goals. Thus, in the context of game data and this taxonomy, forming a hypothesis is
inherently different than in existing taxonomies, due to its focus on comprehending the gameplay
itself, rather than the data. We recognize this activity as one that applies to game data visualization;
but not one that is restricted to spatio-temporal game data visualization.

4.3 Validation

This category consists of a single activity, which is categorized separately as it encompasses the act
of checking rather than interacting with data or making sense of it.

4.3.1 Review Events to Confirm Hypotheses. The last activity refers to the process by which
participants were observed to validate their understanding of events at the conclusion of an
analysis. More specifically, participants were observed to play through the entire scenario again,
and would state or narrate what they were observing, and how this supported their hypotheses. If
everything they observed during this process supported their hypotheses, they would synthesize
them into a single hypothesis for the entire moment. Examples of this can be seen in: “so they
gank him from both sides and he seems to die" (Participant 1) and “just a classical jump in and
kill the carry” (Participant 5). If they observed data, at this point, that contradicted one of their
hypotheses, they would cease the review and re-engage the other activities until they had updated
their hypothesis. They would then review again.

Because review occurred only at the end of analysis, it comprised less than 10% of each par-
ticipants activity overall according to label applications. In the context of game data, reviewing
was not to confirm one’s assumptions regarding data presentation, but rather the gameplay itself.
This emphasis on gameplay context over data representation sets the action of reviewing in the
context of game data visualization, as captured by this taxonomy, apart from the reviewing actions
encompassed by existing taxonomies. Thus, we recognize it as an activity unique to game data
visualization, and one that is further specific to spatio-temporal visualizations of game data, as
the activity relies on the ability to observe granular depictions of events, which is facilitated by
spatio-temporal visualization.
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Fig. 4. A plot of label applications for the three categories for all tasks for participant 2, demonstrating overlap
between activity types.

4.4 Overlap and Interplay between Categories

Examining the label applications for the different action categories, a relationship can be observed
between data interaction and sense making. Figure 4 displays a plot of label applications for
Participant 2. Each row of colored bars corresponds to a label category (data interaction on top
and sense making in the middle), and each colored, vertical bar corresponds to an applied label.
The black vertical bars that span all three rows mark the gap between tasks. The plot displays the
application density for each label category across the think-aloud session.

It can be observed from this plot that there is a prominent overlap between data interaction
activity (top row) and sense making activity (middle row) in that both types of activities appear
to happen at the same time, as observed from the pattern in which the colored bars in both rows
overlap. This overlap can be seen in the plots for all participants and is the result of an observed
interplay between the three categories. Specifically, the activities in the data interaction category:
facilitated the activities in the sense making category, by permitting the user to find and extract
observable information that allowed them to construct meaning. An example of this facilitation can
be observed in this excerpt from participant 3’s session, labeled as “studying positioning" within
the data interaction category and “forming a hypothesis" within the sense making category: “I
would assume Radiant has a pretty good tower advantage if he’s that deep in". In this moment, the
participant was studying the positioning of the players at the beginning of the moment in order
to construct an understanding of gameplay context. This allowed them to formulate a hypothesis
regarding the context of the game, specifically, that one team had a significant lead on the other
team.

At the same time, however, the activities in the sense making category motivate further activity in
the data interaction category, by encouraging players to look for information that confirms theories
or fills holes in the understanding of events. An example of this can be observed in participant 2:
first, this participant is observed to be studying the movement of a hero and inferring their decisions.
While examining how the hero appears to teleport back to their team’s base, participant 2 states
“so they get away from Slark who comes to stop them from pushing top lane". This statement was
labeled as “studying movement" with regards to data interaction, and “pinpointing an event" with
regards to sense making, as the studying of the hero’s movement was what allowed the participant
to recognize the event (the teleport), which has allowed them to then frame their understanding of
what happened. Participant 2 then goes on to begin looking at tool-tips, stating “it’s probably a
spin-TP". This is labeled as both “seeking details", as they are looking for information in a tool-tip
that can support their sense-making process, and “forming a hypothesis", as they have presented
the theory that the hero in question used a trick called a “spin-TP", which involves using a skill to
prevent interruption and then using a teleport scroll. However, in this situation, the sense making
activity (forming the hypothesis) is motivating the data interaction activity (seeking the details) in
that participant 2 is now looking for information that can confirm their hypothesis that the hero
used the spin-TP trick. This is clarified by the participant themselves as they state “I kind of want
to know if it was a TP spin", while continuing to look through tool-tips.
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The activities in the data interaction and sense making categories are connected in a cyclical
process that facilitates the formation of a mental model, an internal conception of an external
phenomenon [51], of what was happening during gameplay. Data interaction allows one to observe
details that facilitate sense making, which in turn, motivates further data interaction as users
seek out additional information to confirm and expand upon that meaning. It is likely that this
cycle in which interactions with an interface prompt cognitive processes which then motivate
further interactions exists generally across all data visualization contexts. While some taxonomies
do discuss mental models, the details of how these are formed is largely under-represented in
taxonomy literature due to the aforementioned lack of emphasis on cognitive processes. A detail
that is unique to game data visualization, however, is this emphasis on creating a mental model
of gameplay context, whereas existing taxonomies only discuss mental models in the context of
comprehending the visualized data. Also worth noting from Figure 4 is the greater density of data
interaction activities compared to sense making activities. This is due to the fact that a user may
need to identify a number of observable details through data interaction before they are able to
make meaning of the events.

Similarly, reviewing (the only activity in the validation category in the bottom row) has the
lowest density on the plot in Figure 4, and typically comes at the end of a task when analysis of the
moment was complete. As discussed previously, reviewing was identified as an act of checking
one’s assumptions for errors by looking for missed details and summarizing the observed event as
it is understood in a concise manner. It therefore stands to reason that it would occur at the end of
analysis, after the mental model has been constructed, to check for flaws.

By examining this interplay between the categories, we identify a preliminary process model,
seen in Figure 5, for how users make meaning from spatio-temporal game data in terms of how
they engage the seven activities discussed above. Specifically, participants will engage in the
data interaction activities of studying positioning to construct context, studying movement to
infer decisions, and seeking details to support sense-making interchangeably with the sense
making activities of leveraging domain knowledge to fill gaps and pinpointing events to frame
understanding. These activities are part of a larger process of building an understanding of gameplay
context and player behavior from the data. That understanding is then used to form a hypothesis
regarding context and behavior, which may evolve over time, and may trigger additional executions
of the five previously mentioned activities. If the user believes they have enough hypotheses to
satisfactorily explain and understand the data, they will proceed to validation and review the events
to confirm their hypotheses. If they find a discrepancy, they will then return to the process of
building an understanding of context and behavior in order to form a more accurate hypothesis.
This entire process is part of a larger process of constructing a mental model of gameplay, which is
the ultimate result of interacting with the data.

5 IMPLICATIONS FOR DESIGN AND FUTURE RESEARCH

In this section we will discuss the implications of the taxonomy on the design and research of
future spatio-temporal visualization systems.

5.1 Positioning and Movement

It comes as no surprise that the users of a spatio-temporal visualization system would spend the
bulk of their time examining the positioning of data points and how that positioning changes over
time (movement), as these are what the systems excel at. However, many existing spatio-temporal
visualizations systems do not include interactive features and therefore do not facilitate user control
over the presentation of movement. Instead, movement is presented in a static manner, with arrows
and paths drawn atop the map [63, 66].
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Fig. 5. A preliminary process model to describe how users engage the activities in the taxonomy (see Table )
in order to understand and extract meaning from spatio-temporal game data.

The results of our study not only highlighted movement as a critical activity within the overall
process of understanding and interpreting spatio-temporal gameplay data, but demonstrated the
value of allowing users to examine movement in an interactive manner. All participants studied
movement by manipulating the timeline selection feature to see how the positioning of each player
changed over time. The implication of this finding suggests that future spatio-temporal systems
should consider including interactive features that allow users to examine movement in an animated
manner. Further, users tended to move time forwards and backwards and did not always go over
the entire time frame of the moment, instead focusing on smaller events in an iterative manner.
This result suggests that providing users with finite control, rather than a play/pause feature
would better serve their needs. This particular implication is likely applicable to all spatio-temporal
visualization systems, rather than only those built for games, as there are likely other domains
where users would benefit from interaction.

5.2 Details on Demand vs. Domain Knowledge

Perhaps the most persistent concept of information visualization taxonomies, details on demand
refers to the inclusion of granular, detailed information such that it can be accessed when needed
[15, 55, 58, 70, 71]. All participants during the study engaged in the “seek details" activity at some
point, often to confirm their hypotheses for the events they observed. This suggests the continued
relevance of the concept, and implies that future systems should continue to adhere to the practice,
ensuring that all details are available within the interface and able to be accessed as needed.
However, another notable result that emerged from this study was the significance of domain
knowledge, and the extent to which participants did not need to seek details, as their domain
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knowledge meant that they already knew what they were looking at. This emphasizes the impor-
tance of the “on demand" part of “details on demand" and implies that future systems can reduce
the risk of cognitive load or mental strain by hiding granular details from the main view. This
does, however, depend on the audience for the tool. While players are likely to be satisfied using
their domain knowledge to interpret events, developers analyzing data in order to make game
adjustments would likely want more information up front. Further, those newer to the game, and
with less domain knowledge, may require more details up front as well. This suggests that variable
arrangements of detailed information should be considered in future system design, depending on
the skills, knowledge, and needs of the audience. This implication likely applies to all visualization
systems, regardless of domain, and whether spatio-temporal or otherwise.

This also has implications for abstraction of data. While abstraction is a promising avenue
for increasing the readability of game data visualization [22], it may interfere with users’ ability
to trigger domain knowledge. Specifically, Stratmapper features no abstraction of data, instead
presenting each data point as what it is, where, and when it occurred. This granular information
was recognizable to the participants and triggered their domain knowledge, allowing them to
generate an understanding of gameplay events. Abstraction may obscure too much information,
and could possibly interfere with this process. Thus, future systems should be cautious of the extent
to which data is abstracted, and may want to consider interfaces that include as much contextual
detail as possible to facilitate the use of domain knowledge. These implications may be unique
to data visualization systems for games, where being able to extract extensive contextual detail
is a necessity when using data to learn. It may be further specific to spatio-temporal gameplay
visualizations, as other types may suffer from information-overload without abstraction. This
question can be explored further in future work.

5.3 Pinpointing Events and Forming Hypotheses

Although the participants in this study were experienced DotA 2 players, they were examining data
from gameplay that they were not a part of. Thus, a great deal of their ability to extract information
from the data hinged on their ability to form a comprehensive hypothesis, which in turn, hinged
on their ability to pinpoint events. In fact, these activities are at the core of constructing a mental
model, which is the overall process that emerged from the results of the think-aloud study. In infovis
literature, mental models are often discussed in terms of how users perceive data or understand the
functions of the visualization [23, 32, 33, 70, 71]. However, here, the emphasis is on users building
a mental model of the gameplay context, based on hypotheses of what occurred during gameplay
formulated from the events they can pinpoint in the data.

The iterative activities of forming and updating hypotheses are reminiscent of activities included
within the NOVIS model proposed by Lee et al. [30]. Specifically describing how people make
sense of unfamiliar visualization, the model includes “constructing a frame" to make sense of a
visualization and “questioning the frame" when they doubt or need to verify it. In our case, as
discussed in results, we saw a similar pattern in how users generated a hypothesis and then sought
verification through details and pinpointed events, especially if they came to doubt their hypothesis.
However, in our case, the hypotheses were related to understanding the gameplay events depicted
in the visualization, rather than the visualization itself. Of note however, is that those gameplay
events were unfamiliar, just as the visualizations in Lee et al’s study were unfamiliar [30]. Thus, it
may be that the iterative acts of creating, validating, and updating hypotheses are driven more by a
need to understand unfamiliar artifacts than any specific domain context, and future research may
want to explore this further.

For future systems, the key roles pinpointing events and forming hypotheses play in building a
mental model of gameplay suggests opportunities for models or Al assistants that can aid users
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by automating the processes. However, given that user’s hypotheses were often updated after
being first proposed, the results also emphasize that accurate identification will not be an easy
task, and that human users should always be able to change, update, or correct any machine driven
identification. Further, the emphasis of these activities also implies the value of tools such as
Stratmapper’s labeling system, which can allow users to track what they have identified as they
continue their analysis, and allow them to better remember their hypotheses when they review.
This implication primarily applies to spatio-temporal visualizations for games, where there is a
strong emphasis on using pinpointed events to form hypotheses, which are then used to pinpoint
more events, in a loop that ends in the generation of a mental model of play. While this may apply
to game data visualization more generally, it is difficult to say if other forms of visualizations offer
enough contextual detail to form robust hypotheses, and this question can be explored further in
future work.

5.4 Getting the Big Picture vs. Going Granular

From the results, both the taxonomy and the process model, it is apparent that interacting with
spatio-temporal gameplay data involves both looking at the data in a holistic manner as well as'a
granular one. Specifically, as discussed in the results, participants would often begin by examining
positioning and movement of everyone across the map, to get an overview of events. Then, they
would get into the details of specific maneuvers, zooming in and focusing on specific players. This
resonates with what is discussed in existing taxonomies, which discuss gaining an overview first
[55, 58, 72], then exploring data more granularly by zooming and filtering [15, 70]. For future
systems, this suggests that they should ensure that user’s have the ability to see data in both a
holistic manner, in which they can see everything at once, and a focused manner, in which they
can zoom into an area or player of interest.

When discussing these insights though, it is noteworthy that participants did not always engage in
filtering, despite this being an action described extensively in previous work [55, 58, 71] and a feature
supported by the Stratmapper interface [2]. It was because of its inconsistent, and not predominant,
use that it was not included as a unique activity within the taxonomy. Those participants who
did use Stratmapper’s filtering mechanism would only filter players out temporarily, usually to
facilitate a more granular study of a given player’s movement patterns, and would always bring
their data back to the visualization afterwards. Further, no participant ever filtered out any type of
event, despite this being a functionality of the tool. This aversion to filter, and tendency to restore
the unfiltered data, suggests that participants were reliant on the additional data to make sense of
what they were seeing. It may be that participants were inferring contextual information from the
additional data points, and were therefore resistant to remove them out of concern that they would
miss events that were critical to understanding gameplay. This may be particularly relevant in the
context of team based, multiplayer games, as it is often the actions of one player that influence
the actions of another. Future work may want to examine this phenomenon in further detail, to
examine the extent to which filtered vs. holistic data is able to impact users’ understanding of
events.

The act of undoing filtering and restoring the previous view within the visualization brings to
mind the concept of “history", or the ability to return the visualization to a previous state, discussed
in existing taxonomies [15, 55, 58]. However, while previous work discusses this in the context of
retracing one’s steps or undoing a mistake, here it appears to be more a case of restoring the big
picture when one has completed granular analysis. For future systems, this suggests that, although
the ability to go granular with analysis must be supported, it must not be done in a way that
removes data from the user’s view permanently. Any filtering that is facilitated must be able to
be removed, such that the context of the game at large, as inferred from the extra data, can be
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restored. This need to restore the big picture is further supported by the “review" activity, which
was always enacted with no player filtered out. Thus, it would appear that it requires the presence
of all of the data such that the user is able to check their theories and ground the findings of
their granular analysis within the context of the gameplay as a whole. These implications, while
especially important in the context of game data visualization, are likely applicable to visualization
in other domains as well. While users may not always be attempting to confirm a hypothesis or
validate a mental model of context, there are likely contexts outside of games in which a user will
want to return to the “big picture" of the visualized data.

6 DISCUSSION

InfoVis taxonomies do not emphasize the significance of understanding others’ decision making
processes, goals, or reasoning, whereas the players in our study were driven to build mental models
of all of the above, highlighting the need for a specialized taxonomy. Existing taxonomies do discuss
the formation of mental models, however, this discussion is always with respect to how users build
a mental model of the data in terms of understanding what the data points represent and how
to read them. By contrast, the mental models that were being formed by participants during the
think-aloud sessions were about the gameplay context, i.e. the circumstances of the game itself,
and how that context informed the decisions the players made and the actions they took.

This phenomenon is because, when analyzing others’ data in the context of learning and master-
ing play, it is critically important to be able to understand their reasoning behind each decisions
and how it relates to the context of the game. As discussed previously, players will often turn
to the gameplay of others, especially those who are more experienced, in order to observe their
gameplay and learn new skills, or compare it against their own to identify areas for improvement
[69]. However, in order to learn new skills or techniques, explanations regarding reasoning and
goals is often necessary to build an understanding of the causal relationships between gameplay
context, decisions, and outcomes. In the context of video streams or broadcasts, the player or a
commentator can explain what is happening over a voice-over, and help build these causal rela-
tionships [7, 20, 26, 59]. Data visualizations, and especially spatio-temporal ones, however, offer
a more granular look at gameplay than what is afforded by video [25]. They also allow players
to actively draw their own conclusions about others’ play, instead of relying on a commentator,
which can result in greater learning gains through self-regulated reflection [40]. However, it also
requires the users of the visualization to uncover the reasoning and game context themselves, as
the subject is not there to explain. Thus, they engage in a series of complex and critically important
cognitive processes intended to build a comprehensive mental model of gameplay. These cognitive
processes, which are captured by our preliminary taxonomy, are what set interaction with game
data visualization apart from interaction with visualization in other domains, and illustrate the
need for a specialized taxonomy.

While the contents of the taxonomy may initially appear to be common sense, the formalization
of interaction is critically important to ensuring that future spatio-temporal visualization systems
include the correct interaction affordances and are able to effectively meet users’, especially players’,
needs. Because there is currently no formal understanding of how players make meaning from
visualized data, there is no agreement regarding what types of interaction and analysis processes
should be facilitated by systems. For example, many visualizations in existing literature are static
images (no interaction) [19, 66, 67] which will not facilitate the study of movement and may not
sufficiently facilitate the study of positioning. In another example, Afonso et al. [1] conducted a user
study with VisuaLeage, an interactive, spatio-temporal visualization system similar to Stratmapper,
but that operates with data from League of Legends [48]. Their results include three high level
techniques for how people analyzed information. These techniques include people who used their

Proc. ACM Hum.-Comput. Interact., Vol. 5, No. CHI PLAY, Article 260. Publication date: September 2021.



"What Happened Here!?" 260:23

previous experiences with the game to interpret data beyond what they could explicitly see, and
those who would create complex scenarios that were not necessarily verifiable through the app itself
[1]. Afonso et al. go on to suggest that designers would want to prevent the derivation of incorrect
information, and thus should not promote such analyses. Our taxonomy, however, suggests that
these actions are critical to players being able to learn from visualized spatio-temporal data, and
that preventing them may be detrimental to the goal of developing visualizations for learning
and mastering play. In this way, a formal interaction taxonomy for spatio-temporal game data
visualization can better inform the design of future systems, to ensure that they are able to meet
players’ needs.

7 LIMITATIONS

The work presented here is a starting point to developing a formal taxonomy for user interaction
with spatio-temporal game data visualization. However, we do acknowledge some limitations of the
research. The primary limitation is the use of Stratmapper, a specific spatio-temporal visualization
system, with a very specific set of features. While Stratmapper’s features do represent the current
state of the art for interactive spatio-temporal visualization systems [1, 28], we acknowledge that
Stratmapper’s specific design and features likely biased participants towards certain activities while
interacting with the data. To address this bias, additional studies with other spatio-temporal visual=
ization systems, with different features, are necessary to generate a more general understanding
of how each activity manifests while interacting with the data. We hope to address this in future
work. The work here is meant to present a starting point that future work can build upon in order
to generalize and validate the taxonomy.

We also acknowledge that this study examined interaction with spatio-temporal data from only
a single game, DotA 2. We acknowledge that this almost certainly impacted the patterns that we
saw. However, we argue that the findings of this work should be generalizable to other MOBA
games, such as League of Legends and most likely to any games in which player positioning and
movement across a map are critical to gameplay. Further, we argue that those activities within the
taxonomy that we identify as relevant to game data visualization beyond spatio-temporal systems
may generalize to all games, regardless of whether they include a spatal component. As this is
intended to be a starting point for developing a taxonomy, we present our findings as a preliminary
taxonomy and process model for interaction with spatio-temporal visualization of MOBA data. A
proper study of generalizability and expansion of the taxonomy to encompass other game genres
will be explored in future work.

Additionally, we acknowledge that this study had a small sample size with seven participants,
and that this is not enough to argue for statistical significance, or to draw conclusions regarding
interaction strategies and demographic information. However, as we saw saturation in behavior
within our sample, and because this is qualitative work, we argue that the results are still valid.
Future work can validate these findings with a larger sample, and explore connections between
behaviors and demographic characteristics (such as years of experience).

Finally, we acknowledge that this study specifically examined how participants interacted with
and made meaning from gameplay data that was unfamiliar, i.e. not their own and not from a
game they were a part of. Thus, we acknowledge that the phenomena we observe are biased by
the participants’ lack of pre-existing knowledge of the gameplay context, and that the processes
used by those examining their own data may differ, especially with regard to constructing mental
models. We chose this specific path due to the significant role that spatio-temporal visualizations
play in making meaning from the data of others’ in the context of learning and mastering play
[1, 28, 66]. However, we acknowledge that additional studies that examine participants’ interacting
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with their own data are needed to expand and generalize the taxonomy. We hope to address this in
future work.

8 CONCLUSION

Game analytics is turning increasingly to spatio-temporal visualisation to facilitate the accurate,
human driven analysis of gameplay data. While a great deal of research explores these systems in
terms of design, there is not yet a concrete understanding of how users, especially players, interact
with these systems in order to extract insight and meaning. Further, it is difficult to adapt existing
interaction taxonomies from the infovis literature due to the inherently different nature of game
data. As a result, there is no clear understanding of the best way to design systems, especially
interactive systems, such that they can support the processes engaged by users when trying to
extract insight from data. In this paper, we present the beginnings of a taxonomy for interaction
with spatio-temporal game data visualization as the first step towards generating a formal taxonomy
and a concrete understanding of the topic.

We conducted a qualitative think-aloud study with seven DotA 2 players, whose experience
ranged from 3 to 8 years, in which they performed a series of data analysis and interpretation
tasks while interacting with Stratmapper, a spatio-temporal game data visualization system. The
result of this study was a preliminary taxonomy for user interaction with spatio-temporal game
data visualization that encompasses both observable actions and inferred cognitive processes. We
identified seven activities organized into three categories: Data Interaction (consisting of “study
positioning to construct context”, “study movement to infer decisions”, and “seek details to support
sense-making"), Sense Making (consisting of “leverage domain knowledge to fill gaps", “form)a
hypothesis of context and behavior that evolves over time", “pinpoint events to frame understand-
ing"), and Validation (consisting of “review events to confirm hypothesis"). We also discussed a
preliminary process model for how users employ these activities as they engage and move between
these activities in order to generate a mental model of gameplay. We presented these results along
with a discussion of how they relate to existing literature and implications for future research
and system design. While there are many avenues for future work, the work presented here is
the first step towards a formal, validated, concrete, and generalizable interaction taxonomy for
spatio-temporal game data visualization.
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