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Figure 1: HieraVisVR supports a three-stage playtesting analytics workflow. In the exploration stage, designers can use the
replayer with anchors to review overall gameplay performance with the aid of motion-based visualization, such as a walking
path line (see Figure 1(a)). In the grouping stage, they can select gameplay performance-related features (e.g., trajectory,
gameplay duration) to identify groups of players they are interested in and analyze their behavior. For example, Figure 1(b)
shows three groups of players classified by their walking paths, with the resulting grouped walking paths displayed. Figure 1(c)
shows the gaze distribution of a group as a heatmap. In the explanation stage, designers can focus on specific players or pairs of
players to replay and closely examine their performance. Two players with their current gameplay performance (top canvas)
under a near first-person point of view are shown in Figure 1(d). The solid color represents the main player in that camera view,

while the other player is represented with a transparent color.
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Abstract

Playtesting is widely used in the game industry to identify design
flaws and evaluate player experience, yet little research explores
how to effectively visualize and analyze playtesting data. This chal-
lenge is particularly pronounced in motion-based VR games, which


https://orcid.org/0000-0002-9159-5016
https://orcid.org/0000-0002-6076-7575
https://orcid.org/0000-0003-2375-1862
https://orcid.org/0000-0002-5962-0533
https://orcid.org/0000-0001-9459-4070
https://orcid.org/0000-0003-0955-7959
https://orcid.org/0000-0002-2656-5654
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3790591

CHI *26, April 13-17, 2026, Barcelona, Spain

involve physical movements and interactions tracked through multi-
modal inputs, resulting in complex multidimensional data. To better
understand the challenges designers face, we conducted a forma-
tive study with 30 practitioners in the VR domain to characterize
playtesting workflows and associated tasks. Based on these findings,
we present HieraVisVR, a hierarchical visual analytics framework
that incorporates body-motion-related data to help designers iden-
tify player behaviors and critical game moments, simplifying their
workflow. We demonstrate the applicability of HieraVisVR in three
different applications and evaluate our system with playtesting
experts through an analysis of motion-based game data. The study
results suggest that our system enhances playtesters’ understanding
of the gameplay and improves their data analysis workflow.

CCS Concepts

« Human-centered computing — Interactive systems and
tools.
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1 Introduction

Playtesting is a well-known practice in game research aimed at
understanding player experiences in a game. As shown in Figure 2,
this process typically involves placing players in a game, recording
their behaviors, and collecting immediate feedback. It may also
include conducting interviews or administering questionnaires to
capture their gameplay experience and emotional responses in
depth. Following data collection, a preprocessing stage processes
both objective gameplay data and subjective responses into a con-
sistent format (e.g., CSV). These data are then loaded into analysis
software to be analyzed and visualized. Designers review the ob-
tained insights and update the game design as needed. In addition,
playtesting can help identify any game design flaws before releasing
to market [22, 42]. There are many types of playtesting that focus on
examining different aspects of the games (e.g., stress, accessibility
test). In this work, we focus on user experience playtesting, which
aims to ensure a smooth and engaging player experience. Currently,
there is no standard way to visualize and analyze playtest data. A
common practice involves rewatching gameplay and observing in-
dividual performance, performing data analysis on aggregated data,
and then presenting the results in a formative presentation [28].
Motion-based virtual reality (VR) games are receiving unprece-
dented attention these days: from commercial entertainment (e.g.,
Beat Saber, Temple Run VR), to health research applications [55],
and professional training simulations [23, 56]. However, analyzing
player experience in motion-based VR presents unique challenges
compared to traditional mouse-and-keyboard games. VR systems
collect substantial amounts of multimodal interaction data (e.g., eye
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Figure 2: The playtesting workflow.

gaze and body movement), thus creating rich but complex datasets
that encompass both behavioral and motion-related factors. While
data analytics approaches such as descriptive and diagnostic analyt-
ics offer pathways to understand players’ gameplay experiences, the
motion-related data itself poses significant analytical hurdles. These
multidimensional datasets are inherently time-consuming to pro-
cess, often requiring specialized preprocessing tools and programs
before meaningful analysis can begin. Even after preprocessing, de-
signers and researchers must examine vast amounts of motion data,
making it challenging to efficiently identify and extract meaningful
patterns that inform design decisions.

These challenges remain unaddressed in current approaches
to game analytics. To better understand the current playtesting
workflow, we compared the key features of existing third-party
tools, common practices identified from our formative phone inter-
views (see Section 3), and our proposed approach. For the baseline
tools, we selected two widely used replay systems that provide
general visualization capabilities for specific games: Caldera,' a
replay tool built on the Call of Duty dataset and adapted into the
open-source universal scene description format for visualization;
and SCOPE.GG,? a replay analysis platform specialized for Counter-
Strike 2. Table 1 compares key features across these tools, current
practices, and our approach. “Maybe” in the table indicates addi-
tional steps or data customization that may be required before the
tool can be used. Overall, manual playtesting approaches focus
on individual player performance, making it difficult to obtain an
overview of the general user experience. Third-party tools pro-
vide more basic playback or visualization functions but are often
domain-specific (e.g., tied to a particular game) and lack support
for group-based analysis or pattern discovery across players.

Meanwhile, research in sports games analytics has progressed
from static top-down view [33, 44, 52] to more sophisticated em-
bedded visualizations in augmented sport video [45], simulated
environment [25], and live feeds [7]. Yet, how to use embedded
visualizations and game analytics to streamline various aspects of
the playtest workflow, particularly for motion-based VR games, is
still an open question.

In this study, we aim to fill this gap by exploring the design
space of visual analytics to assist game designers in reviewing
playtest data, facilitating the game analysis workflow. To gain more
insights into the general workflow of playtesting VR games and to
identify playtesting challenges, we conducted interviews with 30
practitioners in the VR domain. Our findings reveal three challenges
they regularly encounter:

(1) The lack of a standardized playtesting workflow and ineffi-
ciencies in evaluating VR games and applications.

(2) Difficulty in extracting insights and evaluating players’ ex-
perience from a substantial amount of gameplay videos.

!https://github.com/Activision/caldera
Zhttps://SCOPE.GG
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Table 1: Comparing playtesting approaches and tools. Both manual playtesting approaches are commonly used by practitioners
identified in our formative interviews. Manual Playtesting 1 refers to direct gameplay observation (n = 21), while Manual
Playtesting 2 involves recording and reviewing gameplay videos (n = 15). We also compared two widely-used third-party tools:
(1) Caldera, an open-source replay tool built on top of the Call of Duty dataset, and (2) SCOPE.GG, a gameplay visualization tool
developed specifically for Counter-Strike 2. In this table, “Maybe” indicates additional steps or data customization that may be
required before the tool can be used. Manual playtesting approaches focus on individual performance but provide limited
insights into overall user experience and gameplay patterns. Third-party tools support basic playback but are game-specific

and require customization for broader uses.

Method / Individual Group In-Game Event Player Motion Data  Cross-Game
Tool Playback  Playback Stats Anchors  Grouping Visualization Applicability

Manual Playtesting 1 v X X X X X X

Manual Playtesting 2 v X X X X X X

Caldera v v X Maybe X X v

SCOPE.GG v Maybe v v X X X

Ours v v v v v v v

(3) Lack of unified tools for examining gameplay moments and

identifying behavioral patterns from diverse playtest data.

To address these challenges, we developed HieraVisVR, a hier-
archical visual analytics framework that implements a three-stage
workflow for reviewing playtest results of motion-centric VR games
in a top-down manner. The analytic process begins with the ex-
ploration stage, where designers gain a general impression of how
players as a whole interact with a game, utilizing different viewing
angles and a replayer with anchor functionality to observe key
gameplay moments. Next, the grouping stage allows them to ex-
plore different game attributes to categorize players and extract
any interesting gameplay patterns from grouping. This stage also
includes specialized visualizations for motion-based data, such as
player positions and eye gaze. After that, in the explanation stage,
the user can focus on a specific player of interest to analyze detailed
behaviors. Or, the user can select a pair of players to understand
how different skill sets of players influence their perception of the
game. In this way, our system can process various gameplay data
to streamline the playtesting analytics workflow, without the need
to switch to other software.

In summary, our contributions comprise the following. First, we
conducted a formative study to identify challenges in the playtest-
ing workflow for VR game designers. Second, we proposed a hi-
erarchical visual analytics framework and developed a prototype
system built on top of this framework to streamline the playtesting
workflow. We demonstrate its utility across three different VR ap-
plications. Lastly, we evaluated our system with another group of
game researchers to gather insights about the usability and discuss
our findings and implications for future research.

2 Related Work

2.1 Playtesting in Games User Research

In game user research [10], several studies define qualitative data
as observations and comments collected from players, and quanti-
tative data as gameplay metrics—providing valuable insights into
players’ behavior and player-game interaction [9]—or physiolog-
ical measurements recorded during gameplay [13, 17, 47]. Many

researchers have explored visualizing a combination of these data
types to gain deeper insights into player experience and behavior.

For example, Mirza-Babaei et al. [29] explored visualizing bio-
metric data, such as skin conductivity levels and facial electromyo-
graphy measurements, alongside player comments, observational
notes, and gameplay metrics. An extension of this work combines
physiological data with player trajectories. They use color-coded
player movement trajectories to reflect recorded galvanic skin re-
sponses, integrating physiological data values into platformer [30].
Moreover, Drenikow et al. [11] proposed a more flexible and in-
teractive toolkit that visualizes player trajectories with additional
player facial expression layers.

Another emerging direction is automating playtesting to mini-
mize reliance on human play testers [37]. Since not all game stu-
dios, especially indie developers, emphasize or can afford exten-
sive playtesting, automation presents a feasible alternative [28].
Research in automated playtesting includes methods to simulate
player behavior, such as predicting player actions with different
skill levels and using automation to balance game difficulty.

Much of the existing research focuses on specific game genres
such as abstract games or puzzle games [20], with visualization
tailored for genre-specific features. In contrast, our work aims to
simplify the data analytics workflow for designers by proposing a
top-down analytics exploration framework. This framework allows
designers to begin with a broad overview of gameplay interac-
tions and progressively dive deeper to discover specific gameplay
patterns, identify potential design flaws, and analyze players of in-
terest. Ultimately, it enables the gathering of insights across diverse
gameplay data to refine and enhance game design.

2.2 Visual Analysis for Sports and Motion-based
Games

There have been research efforts on visual analytics for various
sports and motion-based games. We refer readers to [12] and [48]
for a more comprehensive review. Early research has focused on
extracting meaningful static in-game match data, such as point out-
comes and stroke patterns, to provide insights into a single match
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Table 2: Comparing analysis workflows across systems.
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Tac-Miner [49]

EventAnchor [8]

Multi-match table tennis
tactic analysis

Multi-scale visualization

Interactive sports video an-
notation

Three-level data acquisition

Category Our Approach VIRD [24]

Domain Visual analytics for VR High-performance bad-
motion-based games minton coaching analy-

sis

Workflow Type Hierarchical, top-down Top-down

Stage 1 Exploration: gain a gen- Obtain rallies of inter-
eral impression of player est using summary sta-
interaction tistics

Stage 2 Grouping: explore at- Compare and analyze
tributes to categorize filtered rallies
players and extract game-
play patterns

Stage 3 Explanation: analyze Investigate game details
detailed behaviors of a via shot analysis and
player and understand multi-angle review
how skill differences
shape perception

Stage 4 N/A Verify  insights by

cross-validating  pat-
terns across similar or
contrasting rallies

Summary view: identify tac-
tics using a steerable projec-
tion plot

Detail view: examine tactic
attributes using glyphs

N/A

N/A

Object level: detect players,
ball, court, and trajectories
via computer vision

Event level: derive events
from ball and player motion,
with timestamps serving as
anchors

Context level: summarizes
technical and tactical at-
tributes expert annotations

N/A

performance [36, 51]. Later work extended these ideas by introduc-
ing glyph-based visualizations to capture a player’s tactics across
multiple matches [49] and by developing multi-level visualization
systems to support exploration of entire seasons [6].

More recent research has applied data mining techniques to
sports data to uncover patterns, particularly using spatiotemporal
movement data, which is complex to visualize due to its multidi-
mensional nature [48]. For example, Wu et al. [50] applied pattern
mining to racket sports data and identified various tactics and
uncovered tactic progression. Polk et al. [35] proposed a visual
analytics system that integrated spatio-temporal tracking data of
players and the ball with match context. Similarly, Cao et al. [4] de-
veloped an action-evaluator system for soccer that segments event
streams, links actions to tactics, and predicts the scoring potential
and risks associated with each action.

While much of sports research has focused on feature extrac-
tion and data mining to advance domain-specific visual analytics,
another line of work explores how motion data can be analyzed
through immersive and in-situ analytics, particularly using data cap-
tured in virtual, augmented, or mixed reality environments. Kloiber
et al. [18] explored visualization techniques for VR-specific mo-
tion data (e.g., trajectories and teleportation), combining trajectory
overviews with avatar-based keyframes to support motion compar-
ison and analysis in VR. Similarly, Nebeling et al. [31] proposed the
Mixed Reality Analytics Toolkit for understanding mixed reality
experiences. Their toolkit allows non-programmers to instrument
MR applications, collect and visualize user interaction data, and
provides a set of heuristics and metrics to measure task success.
Building on this direction, Buschel et al. [3] introduced a mixed re-
ality toolkit for exploring spatio-temporal datasets, enabling in-situ
and collaborative analysis by visualizing 3D trajectories, 2D events,

and aggregated data directly in the physical environment where
the data was captured. Reipschlager et al. [39] extended this line of
work by combining interactive 3D avatars, motion trajectories, and
in-situ visualizations (such as gaze points and touch interactions)
to provide a richer context for motion analysis. Hubenschmid et
al. [14] presented a mixed-immersion visual analytics framework
that supports seamless transitions between immersive VR views
and desktop-based views, enabling both in-situ and ex-situ analysis
for mixed reality (MR) user studies. Finally, Luo et al. [27] extend
in-situ data analysis by incorporating the physical environment
directly into the visualization and interaction process. Their aug-
mented reality (AR)-based prototype allows analysts to explore,
select, and filter human movement data through direct interaction
with surrounding objects.

The common goal of these works is to visualize interaction data
in-situ, within the original environment where it was captured.
Although this method provides a straightforward solution for visu-
alizing motion data, it is often insufficient for game designers tasked
with analyzing gameplay data across large player groups. In con-
trast, our work identifies the challenges game designers face during
playtesting, which inspired us to propose a three-stage framework
incorporating clustering techniques to support playtesting from
different perspectives.

2.3 Embedded Visualization in Sports Games

Embedded visualization has also been widely applied to sports
games, where it helps viewers understand the complexities and
dynamics of gameplay by overlaying virtual annotations on sports
videos. A typical sports game with embedded visualization has a
static background (e.g., a basketball court) with some visualizations
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such as heatmaps for walking paths or graphs for game statistics
history (e.g., shot location over seasons) [19, 33].

As computer vision techniques improve, research has advanced
sports game-watching experiences and game analytics. For exam-
ple, Stein et al. [45] utilized computer vision (CV) techniques to
extract trajectory data from team sports video so that they could
run movement analysis on trajectory data, whose results were em-
bedded in the original video. Deng et al. [8] utilized a machine
learning model to identify potential events of interest from videos
for viewers to quickly gather important game moments, and to an-
alyze and add annotations to those events. Lin et al. [25] created an
interactive design framework to visualize NBA data. Although their
interactive system is implemented in a simulated 3D environment,
it can potentially be customized for embedded visualization design
for regular basketball fans with in-game data. Furthermore, Chen et
al. [7] proposed the iball system that can augment basketball video
for casual fans, customizing the level of embedded visualization
based on the viewers’ gaze and preference. Recent research has ex-
plored leveraging the immersiveness of VR for sports video analysis,
presenting 3D data in a “real 3D” form to provide a more visceral
experience and enhance spatial understanding. Ye et al. [53] recon-
structed shuttle trajectories using a high-accuracy aerodynamic
model and explored visualization designs for interacting with these
trajectories in virtual reality. Building on this idea, Lin et al. [24]
introduced an immersive analysis system for badminton coaching,
supporting multi-scale exploration which starts from a high-level
match overview followed by detailed visualizations of individual
rallies and shots. The system leverages situated 3D visualizations
combined with video playback.

Beyond embedded visualization techniques, several immersive
systems adopt top-down analytical workflows that guide users
from overview to detailed inspection. For example, VIRD [24], Tac-
Miner [49], and EventAnchor [8] structure analysis around progres-
sive refinement, typically moving from aggregate overviews toward
detailed event- or player-level analysis. These systems are designed
around domain-specific analytical goals, such as tactical evaluation
or event-based performance analysis in sports. See Table 2 for a
detailed comparison.

While these approaches support transitions from overview to
individual inspection, they generally do not emphasize structured
grouping or clustering mechanisms that enable analysts to system-
atically compare multiple players or reveal cross-player patterns.
Moreover, embedded sports analytics systems typically focus on
quantifiable performance indicators and spatial representations,
such as shot accuracy, tactical strategy, or player positioning. As a
result, aggregating gameplay data and jointly analyzing players who
progress at different speeds remains challenging during playtest-
ing. These limitations motivate our approach, which explores inte-
grating motion-based behavioral data with in-game performance
metrics (e.g., number of collected coins) to better understand player
perception and experience in immersive or interactive settings.

3 Interview

To better understand the playtesting workflow and its challenges,
we first reached out to practitioners from the VR domain through
a university’s Game Design program and alumni network. We

CHI 26, April 13-17, 2026, Barcelona, Spain

Table 3: Interview Questions for Practitioners.

Question

Q1. Could you share your job title, organization, role, and
years of experience in this field?

Q2. What is your overall playtesting approach?

Q3. What kind of tools do you use, and what features are
involved for playtesting?

Q4. What specific insights do you aim to gather about
users, and how do you use these insights to improve
design?

Q5. What challenges or difficulties do you face in the
playtesting process?

then asked these practitioners to refer colleagues within the same
domain. In the end, we recruited 30 practitioners (i.e., 22 males and
8 females; age range: 22—-40) who worked in indie game studios,
game companies, or VR production groups. All of them had prior
experience in playtesting their VR applications, with 1 to 15 years of
experience in game development and playtesting. The distributions
by their job titles and working experience are shown in Table 4.

3.1 Study Setup

We conducted a 30-minute semi-structured phone interview with
practitioners. We asked about their general playtesting process,
the tools and features they use, the elements they focus on to
understand user behaviors, and their method for improving design.
Detailed questions are listed in Table 3.

We then analyzed the interview data using a Constructivist
Grounded Theory method [5] on the interview data. After transcrib-
ing audio into text, all authors gathered to discuss the interview data
and create sets of plausible codes. We jointly identified emerging
themes and iteratively refined our understanding of the data.

3.2 Findings and Discussion

We present our findings on practitioners’ pain points in performing
visual analytics for VR playtesting data.

Challenge 1: Lack of standardized playtesting workflow and
inefficiencies in VR Testing. Most practitioners noted that their
design and development process often involves iterative proto-
typing under constrained time and resources. Due to the lack of
standardization for playtesting, it is typically integrated into the
development testing pipeline. Eleven practitioners reported that
they usually begin by testing core functionalities themselves before
expanding to small groups of users for feedback. When testing core
functionalities, ten practitioners mentioned that they often switch
between 2D editing tools and deploying the application in a 3D
space, which they find inconvenient and tedious. They expressed
a desire for a “WordPress-equivalent” for VR content creation—a
streamlined and intuitive platform to simplify the iterative design
and testing workflow. On the other hand, when playtesting with
their target users, the top priorities are ensuring a smooth experi-
ence and minimizing as much confusion as possible. As one noted,
a ‘sticky’ experience in a VR app can ensure that users will return
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Table 4: Practitioners’ Job Titles and Working Experience Distributions.

Job Title Count Working Experience Count
Industrial XR Researcher / Indie Developer 8 1-3 years 8
XR / Instructional / Game Designer / Content Creator 15 4-9 years 15
Project Manager / Technical Lead 4 10+ years 7
Technical Consultant / Advisor 3

Table 5: Three design goals for assisting designers to streamline the playtesting workflow were revealed from the formative

study.

Findings

Design Goals

G1: A visual analytic system seamlessly integrated into the

Challenge 1: Lack of standardized playtesting
workflow and inefficiencies in VR testing.

current workflow, capable of processing various
gameplay data to streamline the playtesting analytics

workflow without requiring additional tools.

Challenge 2: Difficulty in identifying & extracting
gameplay patterns from a large volume of
gameplay video.

Challenge 3: Needs for an integrated system to
examine specific gameplay moments, identify
behavioral patterns, and analyze diverse
playtesting data.

G2: Providing support to group players based on criteria to
uncover gameplay patterns and identify players of interest.

G3: Various visualizations to show body-motion related
data, with a anchor functionality to highlight important
gameplay moments and a gameplay synchronization
functionality for player comparisons.

to it (P5). However, each user has a different background experience
with VR and a varying tolerance for VR headsets. This makes it
difficult to evaluate whether the current guidance and control are
suitable for the general audience. Thus, they desire a standardized
workflow to evaluate user experiences.
Challenge 2: Difficulty in extracting meaningful insights
from a large volume of gameplay videos to effectively assess
player experience. Most practitioners have emphasized the im-
portance of observing player behaviors to gather insights about
player experience. Typically, twenty-one practitioners reported
observing gameplay directly, while fifteen reviewed recorded game-
play videos. Three practitioners mentioned they would share game-
play videos with clients to gather initial feedback. One explained
“Showing data is extremely critical to convince clients to adopt my
new solution (i.e., VR training app)” (P6). Seventeen others found
the recording useful for investigating very specific problems.
However, when scaling up to larger volumes of players, issues
arise. One practitioner noted that “When I scaled up the test to 50
players, it became a time-consuming and costly task because I needed
to watch so many players for a long time.” (P17). Three practitioners
mentioned that the fidelity of VR headsets differs from testing in
the play mode in Unity, requiring them to first record in the VR
headset and then export the data, which they found troublesome.
Additionally, thirteen practitioners expressed interest in observ-
ing how users interact with their applications from a first-person
perspective. Thus, they sought tools that could help them quickly
identify user interests and analyze engagement experiences.
Challenge 3: Needs for integrated system to examine spe-
cific gameplay moments, identify behavioral patterns, and

analyze diverse playtesting data. Thirteen practitioners ex-
pressed the importance of examining player behaviors at specific
game moments and identifying gameplay patterns as part of their
playtesting analysis process. Their focus is twofold: on one hand,
determining whether the current game mechanics or guidance in
the game/application help players follow the expected gameplay;
on the other hand, determining whether there are any unexpected
events during interactions that may cause confusion or reveal bugs.
One practitioner noted, ‘I first find out the 'not so obvious’ factors
in the player experience, then I will identify patterns in how players
interact with the game/UL” (P2). When it comes to debugging, an-
other practitioner emphasized, ‘Tt is important for me to locate key
moments in the gameplay video where bugs occur.” (P5).

In addition to video replays, twelve practitioners use a mix of
qualitative and quantitative methods to gather feedback. This in-
cludes in-game body-related data (e.g., hand-tracking) and verbal
feedback (e.g., survey, rating) during or after testing. The tools
used for analysis are diverse, with practitioners often relying on
familiar options such as Excel, Google Sheets, or in-house tools de-
veloped by their company. Ultimately, they believe that it would be
highly beneficial to have a toolkit that combines all these functions
and simplifies the data analysis workflow while supporting player
profiling to examine player performance.

3.3 Design Specifications

From the identified challenges and needs, we derived three design
goals (Table 5) that a playtesting framework should satisfy. First, it
should seamlessly integrate with existing workflows and provide
an overview of diverse gameplay data without requiring additional
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Figure 3: Overview of how a designer could analyze playtesting data for a motion-based VR game. Here, the designer goes
through all stages hierarchically to document observations for a specific gameplay level of Reflex. (a) The process begins with
the exploration stage, where the designer uses the replayer in anchor mode (highlighted by a pink rectangle) or jumps to a
specific chunk of interest (using the blue button in the replayer) to review the performance of all players. For example, upon
jumping to chunk 1, the designer observes that some players were significantly delayed due to repeatedly bumping into an
obstacle barrel. (b) To identify all players who bumped into the obstacle, she switches to the grouping stage (poses), where
she can specify clustering criteria for grouping. She selects “obstacle hits” as the feature and uses k-means as the clustering
algorithm, setting the number of groups to two. Next, she moves to the grouping results sub-tab to review the outcome. Upon
replaying the grouped data, she observes that players were separated as expected. (c) To further understand why this obstacle
was challenging for one group of players, she transitions to the explanation stage. Here, she selects Player 6 from the group
with frequent obstacle collisions and Player 3 from the other group. She then replays and compares their performances via a
VR point-of-view mode. Intuitively, she notices that Player 6 spent a significant amount of time looking at the controller and
attempting to use it to move around the obstacle.

tools (G1). Second, it should enable grouping of players based on 4 System Overview
criteria to uncover patterns and identify players of interest (G2).
Finally, it should support detailed investigation through visual-
izations of body-motion related data, event anchors to highlight
important gameplay moments, and synchronization playback for
player comparisons (G3).

To achieve these goals, we propose a top-down hierarchical
framework for VR playtest analysis. Guided by principles from
human-computer interaction (HCI) on hierarchical interaction and
information seeking frameworks [34, 43], our design supports pro-
gressive exploration of playtesting data to better understand player
experience while fitting naturally into practitioners’ existing work-
flows. 4.1 Illustrative VR Game: Reflex

The analytic process begins with the exploration stage, which
offers a high-level overview of how players as a whole interact with
the game. Designers can examine gameplay from multiple camera
views or jump to important game moments to form an overall
impression (G1, G3). Once an initial understanding is established,
designers move to the grouping stages, where they can identify
subsets of players of interest (e.g., those who get stuck) by using
pose-based or gaze-based grouping mechanisms (G2, G3). Finally,
in the explanation stage, designers can closely examine individual
players, or compare pairs, using synchronized playback views with

In this section, we first introduce our illustrative game, Reflex, and
describe the types of data collected during gameplay. We then intro-
duce three key stages of HieraVisVR and explain how these stages
guide designers in reviewing the playtest results (Section 4.2- 4.4).
We follow a hypothetical designer, Alice, who aims to evaluate how
novice players interact with this game and whether the controls
are intuitive for them, as shown in Figure 3. The detailed implemen-
tation of each stage of HieraVisVR, illustrated using the Reflex, is
described in Section 5, with two additional example demonstrations
provided in Section 9.

We use a motion-based VR game, Reflex, as an illustrative example.
It mimics the gameplay mechanics of the popular Kinect game
Reflex Ridge. The original game has been used for virtual reality
training research [16]. Reflex is a representative motion-centric VR
game, requiring players to perform full-body physical movements
such as squats, jumps, lateral movements, and reaching gestures to
navigate the virtual environment and interact with game objects.
These interactions produce rich multimodal data, including hand
and body trajectories, eye gaze, and discrete event markers, making
it an ideal dataset for demonstrating the analytics workflow of

embedded visualizations. This stage enables the investigation of
player experiences, potential bugs, and the causes of unexpected
behaviors (G3). We describe detailed implementation from Section
5.1 to Section 5.3.

HieraVisVR.

Building on the original gameplay, our VR adaptation requires
players to physically move and dodge obstacles while using con-
trollers to collect coins and treasure boxes. The game was played on
the Meta Quest Pro. We recruited 27 players with prior experience
in VR gaming to complete a three-minute gameplay session. Dur-
ing each session, we logged player movement, eye-gaze data, and
in-game performance metrics such as coin collections and obstacle
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Figure 4: Illustration of Use Cases 2 and 3. (a) Use Case 2 shows two nearly identical chunks being analyzed to uncover design
intentions. Using heatmap visualizations of eye-gaze for these chunks, more attention is observed on the bar and the star on
the island in chunk A. In contrast, in chunk B, the three elements in front of the bar drew most of the attention, distracting
players from the intended design elements. (b) In Use Case 3, designers can use the Grouping stage to categorize players based

on their walking paths.

hits. The collected data were exported as CSV files and subsequently
loaded into HieraVisVR for analysis and demonstration. Both the
illustrative game and the hierarchical visual analytics framework
were implemented in the Unity 3D engine [46].

4.2 Use Case 1: Identifying Gameplay Patterns

Figure 3 exemplifies how Alice identifies gameplay patterns using
HieraVisVR.

Exploration Stage. Alice begins by using the replayer to observe
the gameplay from start to finish several times. She immediately no-
tices that some players fell far behind others and struggled with the
first obstacle. Using the replayer’s anchor mode, she jumps directly
to the chunk containing this obstacle. Based on her observation,
she realizes that players repeatedly bumped into obstacles every
time they encountered one.

Grouping Stage. To identify whether other players were experienc-
ing the same difficulty, Alice uses the grouping feature by selecting
“obstacle hit” as the grouping criterion and setting the total number
of groups to two. This reveals a group of players who frequently get
stuck. She then uses the group replayer to observe and identify any
interesting patterns within this group. The replayer reveals that all
players in this group struggled primarily with the first obstacle and
spent the most time there. However, she cannot determine why
this chunk was challenging for them, prompting her to proceed to
the next stage for deeper insights.

Explanation Stage. Switching to the first-person point of view
in the replayer, Alice discovers the root cause: these players were
looking at their controllers, attempting to use their controllers
instead of their bodies for movement, contrary to expectation. This
observation clarifies the issue, letting her identify that players are
unfamiliar with the movement mechanics.

4.3 Use Case 2: Uncovering Design Intention

This time, Alice is interested in two similar chunks (see Figure 4):
chunk A contains a bar and an island with a purple star, while

chunk B is almost identical, except that there are three additional
objects in front of the bar. Alice wants to determine whether players
noticed the purple star in these chunks, as it aligns with her design
intention. She selects the grouping stage focused on eye-gaze data,
using fixation sequences as the grouping criterion for chunk A.
By enabling the heatmap visualization, she observes gaze patterns
across different groups. She repeats this process for chunk B. Her
findings reveal that the three objects in front of chunk B distracted
players from noticing the island with the purple star. She documents
this observation for further design refinement.

4.4 Use Case 3: Analyzing Players’
Decision-Making

Understanding player preferences at key game moments is also
part of Alice’s analysis. Figure 4 shows an example. This time, she
focuses on chunk 2, where players faced an obstacle, chose a side,
and aimed to maximize coin collection. She moves to the grouping
pose stage, selects a chunk range from 1 to 3, sets the grouping
criteria to walking paths, and targets two groups. After grouping,
players are divided into two color-coded groups. Alice can then
replay either group’s performance, observe their behavior, and
record her findings.

5 Hierarchical Visual Analytics System

Our framework was implemented using the Unity 3D engine, with
clustering algorithms, including K-Means, HDBSCAN, and subspace
clustering [54], implemented in Python. A socket-based connection
was used to enable communication between Unity and Python.

5.1 Exploration Stage

In response to G3, we designed a replayer with two anchor modes
to highlight important gameplay moments: the level-anchor re-
player and the event-anchor replayer. As a game level consists of a



HieraVisVR: Hierarchical Visual Analytics for
Motion-Centric VR Playtesting

CHI 26, April 13-17, 2026, Barcelona, Spain

Tab1_Bargraph

@B #CoinsCollection

#TreasureBoxCollection

20

3
« #CoinsCollection 16
#TreasureCollection 3

Grouping Setting |iGrouping Resuit| Graph
Grouping resur: [ EEINGIN

[100]  pusga——— Visustastiorn: SRR Retston

Users

Figure 5: Illustration of the Grouping Stage (Poses). Left: Designers can examine grouping results in text or through the group
replayer. Right: Designers can plot selected gameplay features in a separate window.

sequence of chunks, the level-anchor replayer focuses on chunk-
specific events within the game level. For example, the Reflex game
consists of eleven chunks, represented as eleven buttons beneath
the slider in the level-anchor replayer (see Figure 3(a)). Similarly,
the event-anchor replayer encodes important predefined events
recorded during gameplay, such as player interactions with game
objects, significant game movements, and player task execution.
For example, the treasure box collection is an event specified by
the designer in the Reflex game, as it provides players with speedy
effects for a limited time. Moreover, when replaying for a large
number of players, overlapping players in the replay becomes un-
avoidable. To address this issue, we added a “Transparent Others”
option, allowing designers to focus on a specific player of interest
during massive replays (see Figure 6).

In addition to replaying game performance, body-motion-related
data is crucial to provide designers with a better understanding.
Since Reflex captures the player’s body movement and eye gaze
trajectory, we explore the design space for visualizing multidimen-
sional data tailored to the purpose of this stage. This includes walk-
ing path visualization, walking path heatmap, eye gaze visualization,
and head rotation.

The walking path visualization and walking path heatmap are
designed to display the trajectory of each player with a different
color (see Figure 1(a)). These visualizations help designers under-
stand player decisions at specific moments or identify the most
frequently visited areas. Eye gaze visualization is designed to re-
flect the sequence of fixations and their duration, represented by
lines and points. This can reveal player attention during gameplay.
Head rotation visualization highlights players’ head movement. As
shown in Figure 6 (right), the amount of head rotation is repre-
sented by an arc shape, with orange indicating a leftward rotation
and blue indicating a rightward rotation.

To offer more flexibility in this replay, we have included a camera
control panel to support basic control (e.g., zoom in and out, trans-
lation, and rotation) as well as camera view switching during the
replay. This stage aims to provide game designers with an overview
of player performance in a game and to enhance their understand-
ing of motion-based game data through visualization. To achieve
this, we incorporate three key components: a replayer with anchor

Figure 6: In the exploration stage, designers can either high-
light a player of interest (left) or display all players during
the replay, with rotation visualization (right).

modes, a camera control panel, and motion-based visualization
features.

5.2 Grouping Stage

The goal of this stage is to help designers identify and extract
similar gameplay patterns for their analysis. We separate this stage
into two categories: poses and eye gaze, as these two types of data
represent different aspects of gameplay behaviors.

Grouping Stage (Poses). This focuses on general player behaviors
as reflected in players’ walking paths and gameplay performance.
It consists of three sub-tabs: Grouping Settings, Grouping Results,
and Graph. Designers begin their analysis in the Grouping Settings
tab by selecting specific game performance-related features (e.g.,
number of coin collections) they want to explore for patterns. Here,
they can specify their preferred number of groups and choose from
various clustering algorithms, including KMeans, HDBSCAN, and
subspace clustering [54]. HieraVisVR can support additional cluster-
ing algorithms as needed. For more focused analysis, designers can
narrow their investigation to a specific game moment by defining
chunk ranges.

After the cluster setting is complete, HieraVisVR will preprocess
the gameplay data based on the selected features, which typically
include a mixture of temporal data (e.g., poses) and discrete data
(e.g., game duration). Inspired by previous action recognition frame-
works [15], HieraVisVR uses a covariance descriptor to represent
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size of the circles in the point visualization reflects gaze duration. Text provides detailed grouping sequences, and the heatmap

reveals the overall distribution of eye gaze patterns.

each player’s body trajectory. Additional gameplay data, such as
normalized duration, is appended to the descriptor, forming an
embedding vector that encodes both trajectory and gameplay infor-
mation. This vector is then processed by a Python server to execute
the selected grouping algorithm. The results are then displayed in
the Grouping Results tab, where designers can examine the visual
and textual representations of different groups. A replayer with
walking path and rotation features is encoded for designers to in-
vestigate, and resulting groups are color-coded for easy distinction
(see Figure 5 (left)).

Additionally, in the Graph tab, designers can plot gameplay per-
formance data, similar to how they would in Excel or any third-party
tool. In Figure 5 (right), we can see that the designer has plotted
players’ coin collections alongside treasure box collections.
Grouping Stage (Eye Gaze). This grouping stage focuses on eye
gaze data, where designers can analyze players’ interests and at-
tention during gameplay. Similar to the grouping stage (poses),
designers initiate the grouping by selecting eye gaze features to
explore, specifying the number of groups for the results, and choos-
ing a clustering algorithm. For gaze feature options, we focus on
the sequence of game objects as gaze fixations, along with other
characteristics of these fixations (e.g., average fixation duration),
which will be extracted from raw gaze data once the cluster settings
are complete. Then HieraVisVR constructs embedding vectors from
the sequence of fixation locations using Sequence Graph Trans-
form [38]. Any additional eye gaze features are normalized and
appended to the end of the embedding vectors.

Moreover, as eye gaze features differ from gameplay performance
and walking paths by nature, we use a different set of clustering
techniques. We support Agglomerative Clustering [32], FasterMSC
clustering [21], PAM clustering [40, 41] for eye gaze analysis. Un-
like the previous stage, the visualization of eye gaze results is static
without the replay functionality. Instead, the results are presented
through text descriptions alongside visual representations using
lines, points, and heatmaps (see Figure 7). Designers can view data
for a specific player, a group, or an entire population. Generally,
point and line visualizations are useful for examining individual
player eye gaze data as they denote gaze duration and sequence
of fixations. Heatmaps help quickly grasp the distribution of atten-
tion and gaze patterns, while the text provides insights into gaze
patterns.

5.3 Explanation Stage

This stage helps designers examine a specific player or a pair of
players in-depth to understand their performance. Similar to the ex-
ploration stage, it features a replayer with anchor modes, a camera
switch panel, and motion-based visualization features specifically
tailored for this stage. The camera switch panel is enhanced with
options for first-person point of view and near-first-person point of
view, allowing designers to observe the gameplay from the players’
perspective.

As the replayer in this stage focuses on one or two players,
it includes three embedded visualizations to assist designers in
analyzing eye gaze and movement data in detail: walking paths,
eye gaze paths, and eye gaze balls. The walking path visualization
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Figure 8: Gaze ball visualization.

is similar to the one in the previous stage, showing the player’s
movement trajectory.

The eye gaze path visualization highlights game objects as circles,
where the size of each circle represents the duration of the gaze.
These circles are connected by lines to indicate the sequence of
gazes. The eye gaze ball visualization features a red ball whose
position updates in real-time during the replay, representing the
player’s actual gaze position dynamically (see Figure 8).

In addition, this stage supports a side-by-side comparison, as
shown in Figure 1(d). In this view, the primary player is displayed in
a solid color within their camera perspective, while the other player
appears as transparent, allowing for easy differentiation. Real-time
gameplay performance metrics (e.g., number of coins collected)
are also dynamically updated for the selected players, providing
immediate insight into their actions and progress.

6 Expert User Study

We conducted an expert user study with professional game testers,
focusing on two research objectives: (1) How does the three-stage
workflow support playtest analysis? and (2) How does each visual-
ization help playtest analysis? We designed realistic tasks mimick-
ing actual playtesting workflows and collected qualitative feedback
and quantitative measures to assess the effectiveness and usability
of the HieraVisVR.

6.1 Setup

Participants. We recruited five professional game testers through
our university’s alumni network to evaluate our system (four males
and one preferred not to disclose the gender; ages ranged from 20
to 26). This group is different from the participants of the formative
study. Two participants had 2 years of VR game development and
testing experience (E3, E4); two had 3-5 years of experience (E2,
E5); and one had over 5 years of experience (E1). Table 6 shows a
summary of their experience. Most participants had used screen
recording tools to capture the gameplay. A few mentioned writing
their own scripts to test their games. All participants had experience
using testing tools provided by their companies to evaluate games.
Procedure. The entire study lasted approximately 90 minutes. We
began with a 20-minute introduction and a warm-up session to
familiarize participants with the system. Following this, partici-
pants began their evaluation with our system, using Reflex as the
example game for assessment. Our formative interviews revealed
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Table 6: Participants’ professional backgrounds for the expert
study.

Expert Experience

E1 QA tester of desktop and VR games (6 years of experience)
E2 Design director for indie games (3 years of experience)
E3 QA tester at a company (2 years of experience)
E4 Level designer at a small indie game studio
(2 years of experience)
E5 Game designer and programmer (3.5 years of experience)

that participants typically have specific questions in mind before
testing. To mimic this workflow, we designed a VR testing ques-
tionnaire for participants to guide them in evaluating a game. The
details of the testing questionnaire are provided in Table A1 in the
Appendix A. Participants were also encouraged to explore freely
if they had additional questions in mind. This evaluation section
took about 30 minutes. Finally, participants engaged in a 40-minute
interview to discuss the usability and effectiveness of our system.
In this interview, they also completed Likert scale questions (par-
tially adapted from the SUS questionnaire [2]). Each participant
was compensated $75 for their time.

7 General Feedback and User Ratings

Figure 9 shows an overview of the questions and ratings given by
the participants for HieraVisVR. In Q1, “The system assists me in
evaluating the quality of the game” (M = 4.60, SD = 0.55). All
participants agree that our system is “feature-rich” and helps them
inspect different aspects of a game. E2 commented “it isolates very
specific key events, which is a big thing in game design. It helps me
identify where players got stuck.” E3 mentioned “This system aggre-
gates data very well. With heatmap and walking path visualizations,
I don’t need to watch individual gameplay to understand game dif-
ficulty.” E4 expressed ‘T could see how players interacted with the
game and quickly identified places where they could go wrong, and
where they go right. So if I were to want to increase the quality of
the game or the effects of it on specific target audiences, it would be
extremely useful”

In Q6, “I felt confident about understanding the quality of a game”

(M = 4.00, SD = 0.00), most participants felt confident in using our
system to evaluate the quality of any motion-based game. They
found that our system captures the basic testing needs and makes
it easier to compare and contrast different gameplay experiences.
They mentioned that VR gaming experiences are highly individu-
alized and, as designers, they prefer to play the game themselves
first. Afterward, they would use our system to complement their
testing process.
System Usability. In response to Q2, “I found the system very
cumbersome to use” (M = 2.60, SD = 0.55), most participants
disagreed or remained neutral, indicating that our system is not
particularly cumbersome due to its straightforward UL However,
some usability issues were highlighted. Almost all participants were
unfamiliar with the grouping algorithms provided, and they had to
refer back to the documentation given in the tutorial, or showed
uncertainty when selecting the appropriate grouping algorithm to
use. They expressed a desire for more detailed documentation on
that. E5 suggested adding tooltips or pop-up boxes to reduce the
need to refer back to documentation for understanding.
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Figure 9: Stack bars showing the participants’ ratings on HieraVisVR in the expert interview.

Another issue was overlapping players in the replay scene dur-
ing the exploration stage, making it difficult to identify players of
interest. Although a selection tool was provided to allow designers
to click and view player name tags, participants still found this
process somewhat cumbersome. One suggestion was to display all
players in a collapsible list panel, allowing designers to click and
highlight a specific player. Another suggestion involved using hov-
erable name tags to highlight a player when hovering automatically
over overlapped players directly in the replay scene (E3 and E5).
Technical Expertise. When answering the question “This system
can be used without requiring a high level of technical expertise
(e.g., writing code)” (Q3, M == 4.40, SD = 0.55), all participants
agree or strongly agree, generally because our system does not
require any coding input. E2 said ‘T can imagine designers from our
team can figure this out and work through it without knowing too
much about grouping algorithms such as k-means.” and he added
“The only downside is that I wish there were tooltips for explaining
clustering algorithms and metrics.”

In Q8, “I felt very confident using this system” (M = 4.40, SD =

0.89), most participants found it easy to understand and use after a
brief introduction. However, E2, who rated it a 3.00, mentioned that
there was a learning curve at first when it came to understanding
different grouping algorithms. After using the system for a while,
he became confident in applying it to different games.
System Functionality and Features. In response to Q4, “I found
the various functions/features (e.g., replayer and camera view) in
this system well integrated” (M = 4.00, SD = 0.71), and Q7, “I feel
like I could quickly identify game moments/events I am interested
in by using this system” (M = 4.60, SD = 0.55), most participants
found the replayer with level and event anchors particularly useful.
For example, some participants commented, ‘T can jump to a point
where people get stuck” or “see how people generally progress across
a chunk” (E2, E3, and E4). However, two participants expressed
a desire for more finite control over the timeline when using the
anchor. E5 noted, “When I use the event anchor, I expect to see the
moment before an event happens.” Moreover, E2, who gave a 3 in Q4,
commented on the missing flexibility to change the camera view in
the grouping stage.

In Q5, “T feel like I could quickly find the group of players I
am interested in by using this system” (M = 4.40, SD = 0.89),
most participants agreed that by grouping players based on their
performances, they could quickly identify players of interest. E5,
who rated it a 3, expressed a desire for more advanced metrics
to guide the grouping of multiple player performance features.
He suggested adding flexibility to combine contradictory features

into a single metric; for example, with a higher coin collection
being favorable and a shorter gameplay duration being preferred.
By providing such metrics, the system could better reflect overall
player performances.

Workflow Comparison. In answering the question, “If you have
to evaluate the game, would you use your existing workflow (soft-
ware), or would you consider using this system?”, four out of five
participants preferred integrating our system into their existing
workflow, as the workflow proposed by our system aligns well with
their current practices. They found the visualizations provided by
our system particularly valuable for analyzing large datasets. E5
mentioned, “There is still a need to test by myself first and directly
talk with some target players to gather initial insights.” However,
he believed that after collecting data, using our system for visu-
alization was helpful and easier than his current workflow. With
some adjustments, he noted that the system could even help him
gather statistics to present to clients. In contrast, E3 mentioned
that he prefers using our system primarily when analyzing a large
amount of playtesting data, as our system allows for comprehensive
observation of player behaviors in a single view.

8 Discussion

8.1 How does the Three-Stage Workflow
Support Playtest Analysis?

The three-stage workflow was received positively, with the
explanation stage most preferred. In rating the helpfulness and
intuitiveness of each stage (see Figure 9), the explanation stage
received the highest ratings, followed by the exploration stage, and
then the grouping stage. These ratings reflect participants’ typical
debugging and analysis habits—examining gameplay on a case-by-
case basis. As E1 explained, “Usually, I would go directly to the
places where my code tends to break to ensure smooth gameplay first.
After debugging, I will look at the entire gameplay to gain a broader
understanding.” Participants felt that the current implementation
of the explanation stage, including the existing camera views and
visualizations, met most of their needs for close comparison. As E2
noted, “Even though I don’t often examine players side-by-side, this is
exactly what I expect.” He added, “This could be useful for comparing
two different play styles in a strategic game.”

Exploration stage supports not only pattern discovery, but
also client communication and cross-platform analysis. Most
participants were positive about the exploration stage, noting that
it provides “a greater picture of how players interact with the game,”
helps them understand play styles, and offers “a starting point to
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create useful groups.” As E1 mentioned, ‘T want to test on other
headsets or hardware and then put them together to see whether there
is any gameplay difference across different platforms.” Others saw
value in using the aggregated gameplay statistics in client-facing
presentations: ‘T will use the statistical results from the survey and
this aggregated gameplay data to persuade my client.” (E5)
Grouping stage is more helpful for performance analysis if
the grouping result presentation is more informative. Most
participants were introduced to grouping algorithms for the first
time. They found this grouping method effective for quickly cate-
gorizing players, such as identifying the best and worst performers.
They agreed that the grouping feature options were diverse and
made it easy to visualize any in-game data. However, E3 and E5
wanted more detailed documentation explaining the differences
between grouping algorithms, including their pros, cons, and gen-
eral use cases. E5 suggested adding the ability to sort groupings
based on performance metrics (e.g., lowest performance) for more
efficient performance analysis.

On one hand, participants appreciated the current graphing

feature as it allowed them to observe the general distribution of key
metrics—such as gameplay duration and player rotation—which
were difficult to interpret from replaying the session frame by
frame. On the other hand, their expectations for the grouping stage
extended beyond simply replaying gameplay. They expressed a
desire for more informative and structured presentations of the
grouping results. As E3 noted, “I'm more interested in seeing the
grouping results in a summary so that I can write my report more
easily”
Grouping by eye gaze enables deeper behavioral diagnosis
but highlights the need for guidance. All participants reported
that grouping by eye gaze is a helpful method for analyzing players’
behaviors, especially for understanding the root causes of in-game
struggles. As E4 commented, ‘T can understand how they played the
game from the eye gaze perspective of the players who got stuck.”

However, since eye tracking is a relatively new technology in
VR, this feature also revealed a knowledge gap. Participants were
still learning how to utilize eye gaze data effectively and expressed
uncertainty about the analytical features. ‘T am not sure what to
expect when grouping based on the average duration of fixation,” said
E3, who gave a low rating for intuitiveness for the grouping by eye
gaze feature. This highlighted a clear need for better documenta-
tion. He added, ‘T can imagine this could potentially be helpful for a
shooting game to see whether players identify potential enemies in

the bush.”

8.2 How does each Visualization help Playtest
Analysis?

Walking path visualization supports behavioral comparison,
but its relevance varies with the analysis stage. The general
usage of walking paths is in the grouping stage visualization, which
reveals how grouped players take different paths, highlighting dis-
tinctions between skillful and less skillful players, and showcasing
their different approaches to the game. As E2 noted, “Tt serves the
purpose of helping me filter out the group of people I'm interested in
from the rest.” To better support result interpretation, E5 suggested
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adding an average walking path for each group to better summarize
overall behaviors.

In other stages, the feature’s role shifted. During the initial ex-
ploration stage, it served as a supplement to heatmaps, helping to
analyze players’ decision-making changes and, with a highlighting
option, focus on specific players when paths overlapped. Inter-
estingly, by the final explanation stage, participants had differing
opinions based on their goals. While three participants wanted the
walking path for detailed comparisons, the other two felt it was no
longer their focus, as they had already used it to draw conclusions
in earlier stages.

Heatmaps are useful for highlighting both positive and neg-
ative areas, while the rotation visualization mostly serves
as a supplementary cue. Participants found heatmaps useful for
observing high-level gameplay patterns. They commented that
heatmaps were effective in “highlighting both positive and nega-
tive areas” (i.e., dead spots) and in revealing players’ intentions by
showing where they got stuck. The primary critique was a usability
issue noted by E4, who found the default colormap could blend with
the game environment and suggested an option to change the color
pattern for better contrast. In contrast, opinions on the rotation
visualization were more diverse. While some testers found it to be a
useful cue for tracking general directions, others felt it was limited
or made redundant by the more precise and insightful data from the
eye gaze grouping stage. This highlights how the utility of a general
visualization can be debated when a more specific visualization is
also available.

A preference for real-time feedback over static summaries is
observed. When analyzing player focus in the final explanation
stage, participants strongly preferred the dynamic “gaze ball” visu-
alization over the static “gaze path” because it revealed the exact
game element a player was looking at in real-time as the replay
progressed. This live feedback allowed for deeper insights, as E2
noted, ‘T was also able to see the distance of how far they were looking
during gameplay.” To further enhance this real-time analysis, E1
suggested that if object names, like ‘coin 1, could pop up when
looked at, it would make it “clearer for me to draw conclusions.”

In contrast, opinions on the static gaze path visualization were
mixed, largely because some felt its functionality was made redun-
dant by the more immediate gaze ball. Others, however, saw poten-
tial use cases for this summary view, particularly with a top-down
perspective. E3 highlighted its context-dependent value, remarking
that in the final explanation stage, the path was “not overly clut-
tered... so I could analyze it without needing to rewatch the entire
replay,” suggesting its utility as a quick, summary feature when a
full replay is not needed.

9 Additional Examples

To illustrate the general applicability of our framework, we adapted
it to two different applications: a VR fire evacuation training and a
VR escape room experience. These applications serve as additional
examples to demonstrate how our framework could be integrated
across VR experiences and genres with different user interactions,
game mechanics, and objectives. They are not evaluated at the same
depth as our illustrative game, Reflex.
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Figure 10: A virtual fire evacuation training application [26] implemented with our system. A comparison playback of two
pairs of players and their rescue strategies is shown. In addition to walking path visualization and heatmap visualization,
our framework can incorporate customized annotations for specific applications. Here, we visualize fire blocks in the scene.
Although two pairs of players distribute tasks equally among themselves, we can still observe their different rescue strategies.

Player A Player B

Figure 11: The original VR fire evacuation training applica-
tion [26].

We first applied our framework to a VR fire evacuation training
application, which is based on a previous work on a virtual reality
fire evacuation training drill [26]. In their work, the researchers
explored how collaborative behaviors changed as they increased
the difficulty of fire evacuation training scenarios. They conducted
the experiment in VR and recruited 54 players grouped into 27 pairs.
For each pair of players, they were asked to wear a VR headset
and walk on the VR treadmill to complete a 10-minute gameplay
session. Their goal was to guide five virtual students out of a school
where a simulated fire emergency occurred. Initially, one student
is located in the theater, another is in the gym, and the remaining
three are in the classroom (see Figure 11). Several in-game metrics
were collected for evaluation, including completion times, players’
trajectories, extinguisher usages, and command times.

come here

Figure 12: Player commands shown in the explanation stage.

9.1 VR Fire Evacuation Training

Figure 10 provides a top-down view of the replay during the ex-
planation stage, offering a side-by-side comparison of two pairs of
players (Group 9 and Group 15) participating in a fire drill training
scenario at the same difficulty level.

Replayer. In this replay, each player is represented by a different
color, allowing us to observe their rescue strategies and collabora-
tion behaviors through the replay. The players from Group 9 (left)
decided to split the rescue tasks by location: one player was re-
sponsible for the left side of the building, while the other managed
the right side. Both players prioritized gathering students together
before leading them to the exit. On the other hand, Group 15 (right)
employed a similar strategy; however, player A preferred rescuing
students one by one and leading them to the nearest exit. As player
A completed their tasks earlier, they assisted player B in rescuing
the last student.

Additional Visualization. In addition to the walking path visual-
izations, we provide custom annotations for this application, such
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(a) Task 1

(b) Task 2

(c) Task 3

Figure 13: Gaze heatmaps showing how players visually explored the room while searching for three key items. (a) In Task 1,
attention was spread across the bookshelf, long table, and desk areas. (b) In Task 2, the gaze focused on higher regions of the
bookshelf. (c) In Task 3, the gaze concentrated on darker areas such as the drawers and the region under the table.

as extinguisher usages and players’ commands. In Figure 10, we
can observe that fire extinguishers were displayed when players
first encountered the fire. As Figure 12 shows, player B issued a
command to a virtual student in the theater, instructing him to
follow. Please refer to the supplementary video for more details.

9.2 VR Escape Room

This game mimics the escape room genre, a popular game category
on Steam VR. At the beginning of this game, players are placed in
a room filled with various pieces of furniture, which is divided into
four distinct areas, as shown in Figure 14. They are asked to solve
three poem-based puzzles, identify the locations of three hidden
items, and search for the items in the room in order to escape.
Unlike the prior illustrative motion-based VR game, Reflex, where
body movements and rapid responses are the main focus, this game
features visual scanning and exploratory searching. We recruited
14 participants to play the game, each completing it within five
minutes. During gameplay, we collected in-game metrics such as
completion time, player trajectories, and eye gaze data.

Eyegaze Grouping. Gaze patterns are a primary focus in this type
of game as they reveal player behaviors and inform designers in
adjusting the game’s difficulty level. HieraVisVR supports game
designers in understanding how players visually scan the envi-
ronment to complete tasks. Figure 13 presents heatmaps of gaze
patterns throughout the searches for three key items, revealing how
players visually explored the room. In Task 1, where the hint di-
rected players to search near books, attention was dispersed across
multiple areas, including the bookshelf, the surface of the office
desk, and the pile of books in the corner of the table. In Task 2,
where a more direct hint to search in higher areas was provided,
gazes were more concentrated in elevated regions of the bookshelf.
In Task 3, the hint suggested searching in dark places; accordingly,
the heatmap highlights regions near the corner of the office drawer
and underneath the long table, where players spent more time
searching.

HieraVisVR also assists designers in identifying gameplay pat-
terns. For example, in Task 3, two distinct search behaviors were
observed. Players who correctly interpreted the puzzle hint focused
their search on lower areas such as the drawers and the region un-
der the table. They typically found the item in one run. In contrast,
players who misunderstood the underlying clue searched in areas

A

Figure 14: Top-down view of Escape Room.

where they believed items would most likely appear, resulting in re-
peated back-and-forth exploration. Figure 15 shows visualizations
of gaze trajectories of different search behaviors by HieraVisVR.

10 Limitations and Future Work

Bridging Self-Directed Testing and Data Analysis. Both for-
mative and expert studies show that VR designers prefer to explore
applications or games independently during playtesting. While Hi-
eraVisVR simplifies post-playtesting data analysis, there is strong
interest in advanced visualization and analytics to support self-
directed testing. Inspired by previous immersive, situated analytic
research [14, 18], we propose extending the framework to enable
real-time annotation during gameplay, with annotations visible
during playback. In this way, designers could annotate important
observations while watching players in action. This kind of direct,
multimodal testing can further enhance the depth and efficiency of
analysis.

Intelligent Suggestions for Algorithm Selection. When pre-
senting advanced grouping techniques to game designers, it is
important to recognize that most designers may not have a strong
mathematical background. Therefore, more detailed explanations
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Figure 15: Gaze trajectories of players with (a) efficient search behaviors and (b) repetitive search behaviors.

are needed, possibly including examples of each grouping technique.
For instance, if a designer wants to group players based on their
performances, the system should suggest an appropriate algorithm
based on the features he has selected, rather than requiring him
to investigate which algorithm would be the most effective. This
would streamline the process and make it more accessible to design-
ers with varying levels of expertise. Moreover, game designers often
want to investigate design intentions for specific locations using eye
gaze features. A prediction model can be used to detect anomalies,
such as whether a particular area is intentionally eye-catching or
unintentionally distracting to players [1].

Replayer with the Anchor Mode. Participants emphasized the
importance of the event anchors, which allow them to instantly
jump to important gameplay moments and save them time watch-
ing entire replays. Yet, many agreed that the functionality of this
replayer still needs to be improved. We discuss three ideas.

First, the type of events in the replayer should be flexible. In a
large complex game with a substantial amount of events (e.g., death,
shot), showing all events in the main timeline could overwhelm
designers. There should be flexibility in allowing the designer to
choose what types of events to anchor to and display, tailoring
the replayer to their specific analytical needs. Second, the replayer
progress bar can be individualized. Currently, the replayer has a
single progress bar that controls all players simultaneously. For
comparing two players in the explanation stage, there could be
two sets of event anchors, one for each player, so the designer
can focus on one player as the main player and view the player’s
events. Third, the types of events should be customizable and con-
trollable. One designer mentioned that, although rare, he would
like the ability to redefine an event (e.g., changing its start or end
frame) or combine two events, with the replayer adapting to those
changes. As Participant P5 noted, “Sometimes I want to see a few
frames before that event happens because that is the moment I really
care about.” The rotation visualization received mixed feedback
during our evaluation. While some participants found it useful for
understanding general directional trends, others felt it was limited
or overshadowed by the more precise eye gaze data available in
the grouping stage. In future work, we plan to explore alternative

encodings, such as directional arrows or alternative color schemes,
to better represent head rotation.

Incorporating Emotion-Aware Metrics. Our system currently
focuses on motion-related gameplay data, such as locomotion, eye-
tracking, and pose, which are crucial for motion-centric playtesting.
While this provides a strong foundation, we acknowledge that
a comprehensive understanding of player experience can bene-
fit from other data types. For future work, we could extend our
system’s capabilities to incorporate emotional responses (e.g., elec-
troencephalography and heartbeat data) by integrating with exter-
nal devices. More importantly, these new data streams will largely
present as time-series data, a format our current approach is already
well-equipped to visualize and group. For discrete physiological
responses, such as enjoyment scale ratings, our system can readily
graph these within the existing grouping stage.

Expanding the Expert Study Participant Pool. In the current
expert study, we invited five game testers and conducted in-depth in-
terviews based on the Reflex gameplay data. Expanding the study to
include a larger and more experienced group of VR testing experts,
along with additional VR applications such as the fire evacuation
training example, would help validate whether the observed in-
sights generalize to other VR applications. With a larger participant
pool, we could also conduct statistical analyses to further assess
the effectiveness of the proposed hierarchical playtesting analysis
workflow across a broader range of VR scenarios.

11 Conclusion

This work explores visual analytics for playtesting in VR motion-
based games. We interviewed 30 VR practitioners to identify de-
signers’ challenges and propose HieraVisVR, a hierarchical visual
analytics framework for top-down playtesting analysis. Designers
can visualize motion data, anchor key moments, group players, and
compare behaviors. We demonstrate HieraVisVR on two motion-
based VR games and a training application, evaluating its usability
through an expert study. Expert feedback validated the three-stage
workflow’s effectiveness, with participants noting that the sys-
tem helps them “identify where players got stuck” and provides
“a greater picture of how players interact with the game.” These
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insights can help refine HieraVisVR and future VR playtesting re-
search.
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A Additional Demographic Details About
Players for VR Games

We implemented our framework on two motion-based VR games
(Reflex and Escape Room) and one VR training application. We
recruited participants via emails sent across the university and
selected individuals with prior VR gameplay experience.

For the Reflex game, we recruited 27 players (ages: 19-35, M =
25.92, SD = 3.99), with 17 male and 10 female participants, for a
three-minute gameplay session. During each session, we logged
player movement, eye-gaze data, and in-game performance metrics
such as the number of collected coins and obstacle hits.

For the escape room game, we recruited 14 players (ages: 19-30,
M = 24.78, SD = 3.64), including 10 male and 4 female participants,
to play the game. Each participant completed the game within five
minutes. During gameplay, we collected in-game metrics such as
completion time, player trajectories, and eye gaze data.

In prior research on VR fire evacuation training, Liu et al. [26]

collected data from 27 groups (54 participants; 34 males and 20
females). Participants were between 17 and 30 years old (M = 19.96,
SD = 2.88). The researchers recorded several in-game measure-
ments to analyze participants’ collaborative behaviors, including
completion time, completion time offset, trajectory length, distance
between participants, extinguisher counts, and the number of com-
mands issued.
Expert User Study To evaluate the effectiveness and usability
of HieraVisVR, we conducted a user study with five expert game
testers. To mimic this workflow, we designed a VR testing question-
naire (Table A1) to guide participants to evaluate a game.
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Table A1: Tasks given to game testers for evaluating the HieraVisVR system.

Exploration Stage

1. Identify player(s) who play very differently from the rest of the group.
2. Identify player(s) who bump into obstacles frequently.

3. Identify player(s) who look around a lot.

4. Identify player(s) who are sitting or get stuck at the bar.

5. Identify any area in a chunk that has not been visited.

6. Identify any area that has been visited but shall not be (potentially a bug).

7. Identify any area with obstacles that has been visited.

Grouping (Poses) Stage

1. Focus on Chunks 1-4: Identify a group of players who excelled at the game. These players should have demonstrated exceptional
performance by collecting many coins, avoiding obstacles, dodging bombs, and collecting boxes effectively.

2. Focus on Chunks 1-4: Identify a group of players who performed poorly in the game. These players frequently bumped into
obstacles, struggled with game mechanics, and failed to achieve key objectives.

3. Focus on Chunks 1-4: Identify a group of players who consistently prioritized collecting boxes regardless of other game elements.

Grouping (Eye Gaze) Stage

1. Focus on chunk 4: What differences can be observed in gaze patterns between the groups in this chunk?
2. Focus on chunk 10: How do the gaze patterns vary between the groups in this chunk?

3. Comparison of chunk 4 and chunk 10: Are there any distinct or shared gaze patterns comparing these two chunks?

Explanation Stage

1. What does best performance refer to in your opinion? Can you form two groups with the best performance and the worst
performance?

2. Select Player X from the best performance group. Select Player Y from the worst performance group. Can you tell why Player X
performed better than Player Y?




	Abstract
	1 Introduction
	2 Related Work
	2.1 Playtesting in Games User Research
	2.2 Visual Analysis for Sports and Motion-based Games
	2.3 Embedded Visualization in Sports Games

	3 Interview
	3.1 Study Setup
	3.2 Findings and Discussion
	3.3 Design Specifications

	4 System Overview
	4.1 Illustrative VR Game: Reflex
	4.2 Use Case 1: Identifying Gameplay Patterns
	4.3 Use Case 2: Uncovering Design Intention
	4.4 Use Case 3: Analyzing Players' Decision-Making

	5 Hierarchical Visual Analytics System
	5.1 Exploration Stage
	5.2 Grouping Stage
	5.3 Explanation Stage

	6 Expert User Study
	6.1 Setup

	7 General Feedback and User Ratings
	8 Discussion
	8.1 How does the Three-Stage Workflow Support Playtest Analysis?
	8.2 How does each Visualization help Playtest Analysis?

	9 Additional Examples
	9.1 VR Fire Evacuation Training
	9.2 VR Escape Room

	10 Limitations and Future Work
	11 Conclusion
	Acknowledgments
	References
	A Additional Demographic Details About Players for VR Games

