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Figure 1: We present SPLOCIS – a new concept for investigating 2D and 3D scatterplots in an immersive virtual environment. While
scatterplot matrices (SPLOMs) showcase every attribute combination in 2D plots arranged in a matrix, the concept of SPLOCIS
covers all possible 3D plots arranged in a cube. Two walls and the floor are decked with interactable SPLOMs, that represent the
same data in a transformed manner. Left : As showing all 3D plots at once would lead to visual clutter, they are invisible per default.
They can be turned visible by selecting the labels located at the borders of the SPLOMs (for the z-axis attribute A is selected)
and/or by selecting individual 2D plots in the SPLOMs directly (the 2D plot with C on its x- and y-axis is selected). This way, the
user specifies step-by-step which attributes are of interest, filtering which 3D plots should remain visible for further investigation
(the 3D plot with attribute C on its x- and y-axis and A on its z-axis is visible). Right : In the final application (here, the label (a), and
2D plots selections (b) result in a subset of visible 3D plots (c)) users can extract plots from the SPLOCIS, creating independent,
transformable plot instances (d, e) for a more in-depth analysis of the data. 3D plots cast projections on close walls if they are
parallel to them (e) in the form of 2D plots (f), enabling a dynamic and interactive data exploration experience.

ABSTRACT

In data analysis, scatterplots serve as an initial tool for exploring the
relationships between two or three attributes. While scatterplot ma-
trices (SPLOMs) display every attribute combination through nu-
merous 2D scatterplots to show a concise overview of a multivariate
dataset, this approach is not directly suitable for 3D scatterplots due
to visual clutter. Since research has shown that immersive virtual
environments can enhance data analysis compared to traditional 2D
desktop setups – especially for spatial analysis tasks – we propose
an interactive system, called SPLOCIS, that makes use of virtual
reality to enable users to interactively filter and select 3D scatter-
plots from all possible attribute combinations. Our user study, com-
bining both qualitative and quantitative results, demonstrates that
SPLOCIS is a particularly novel and stimulating approach to work
with multivariate data in immersive environments. It enables solv-
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ing classic data exploration tasks in an efficient and accurate way,
while not imposing unexpectedly high task loads. Moreover, our
findings provide promising suggestions for further developments.

Index Terms: Virtual reality, 3D user interfaces, Head-mounted
display, Immersive analytics, Scatterplot, Scatterplot matrix.

1 INTRODUCTION

As data collection becomes increasingly automated across nearly
all domains, the resulting high-dimensional and complex datasets
are growing rapidly, thereby increasing the demand for effective
visualization and analytical tools [41]. Well-designed visual repre-
sentations are often more intuitive and effective at revealing insights
than standard statistical methods [8]. When beginning a data analy-
sis process, scatterplots provide a solid visual basis for initial visual
exploration. They help examining unusual patterns, finding cor-
relations [24], identifying clusters and outliers, and support over-
all data understanding [28]. When dealing with multivariate data,
scatterplot matrices (SPLOMs) extend this capability by displaying
all pairwise combinations of variables in 2D plots. They provide
a quick overview of potential relationships between attributes and
characterize their nature, reveal outliers, and identify any clustering
patterns within the data based on groups [21, 28].

Previous research demonstrates the suitability of virtual reality
(VR) for data analysis, highlighting its advantages over traditional
2D desktop setups particularly for spatial analysis tasks [19, 35, 59].



However, identifying and retrieving the most relevant plots from a
large multivariate dataset still remains an open challenge in real-life
data analysis scenarios. Even though the aforementioned SPLOMs
are suitable for gaining an overview of the data and help data ana-
lysts in their exploration process (so which plot they intend to in-
vestigate in greater detail), their two-dimensional nature of attribute
presentation is optimized for conventional desktop displays. While
it is technically possible to display them on a 2D plane within an
immersive virtual environment (iVE), the benefits of this analysis
approach over a desktop display are questionable. However, the
additional dimension and immersive nature of iVEs offer novel op-
portunities for extending the idea of SPLOMs into 3D, thereby re-
vealing three-way attribute relationships in the data that cannot be
explored with SPLOMs alone.

Therefore, this work aims to deal with the overarching research
question of how to make 3D scatterplots effectively, comfortably
and intuitively explorable in iVEs. To do so, we introduce and
evaluate a novel immersive data exploration approach, called “Scat-
terplot Cube with Interactable Shadows” (SPLOCIS). Our concept,
guided by well-known best practices from HCI [45, 54], is based
on traditional SPLOMs which form the “interactable shadows” (IS)
and serve as interaction and information basis (see Figure 1). More-
over, it enables to explore and visualize all triple-combinations of
attributes by extending the concept of SPLOMs by a third spatial di-
mension. In order to prevent visual clutter, all 3D plots are invisible
per default – the user is enabled to specify certain sets of attributes
per axis, making only those 3D plots visible that match/fulfill their
individual conditions. In a user study, we evaluate how typical scat-
terplot tasks affect performance and cognitive load within our ap-
plication (RQ1). Furthermore, we evaluate the intuitiveness, ac-
cessibility, and suitability of our suggested interaction metaphors
for 3D data exploration (RQ2). As our system consists of three
SPLOMs in order to “span the 3D plot space”, users are confronted
with plots in which two or more axes display identical attributes,
similar to the diagonal in classic SPLOMs. Therefore, we explore
the question whether these plots are either disturbing or supporting
the exploration process (RQ3). In summary, our research led to the
following contributions:

• the introduction of SPLOCIS, which is a novel interactive
method for investigating high dimensional data in an iVE,

• quantitative results of a user study with 33 participants, show-
ing that our system provides a novel, stimulating, efficient,
and attractive way to solve typical scatterplot exploration
tasks in higher dimensions, while not inducing unexpectedly
high task loads compared to other systems in the literature,

• qualitative results based on self-reports, emphasizing the ap-
plication’s fun factor, intuitiveness and understandability, and
revealing promising areas for further developments.

2 RELATED WORK

We begin by reviewing the general strengths and limitations of scat-
terplots and scatterplot matrices (SPLOMs) (Section 2.1), followed
by a review of existing methods that address their known draw-
backs. We then examine the advantages of a third spatial dimen-
sion and immersive data exploration (Section 2.2), motivating the
rationale behind our design decisions. Lastly, we survey existing
immersive systems from other domains to highlight the practical
potential of iVEs for data-related work (Section 2.3).

2.1 Scatterplots and SPLOMs
Given their effectiveness and widespread use, it is not surpris-
ing that scatterplots and SPLOMs are the focus of extensive re-
search [24, 29, 55].

Scatterplots are one of the most used techniques in data visual-
ization [55]. Showing all of the data points, they are a powerful
statistical tool for analyzing the relationship between two measured
or observed variables [8]. Compared to alternatives for information
visualization, such as parallel coordinate plots (PCPs), scatterplots
have often been validated as the most effective solution for tasks
such as identifying pairwise relationships, tracing values across di-
mensions, and outlier identification [9, 16, 17, 24, 29, 33, 36, 46].
However, most datasets consist of more than two variables, making
it necessary to explore all potential combinations of variables. This
is where SPLOMs come into play. Following the concept of small
multiples [45, 56], they provide a grid of scatterplots, containing all
combinations of variables. By doing so, they allow for a holistic
view of multiple variable relationships as well as detailed insights
at once, making them a powerful tool for exploratory data analysis,
and are shown to be faster and more accurate for outlier detection
and correlation estimation than PCPs [9].

Despite their benefits, scatterplots and SPLOMs are associated
with numerous challenges, such as handling a large number of data
points or representing highly multidimensional data [7, 14, 42, 51,
62, 63]. Those challenges have also already been widely addressed
in prior research. E.g., various techniques have been developed to
mitigate overplotting in SPLOMs, including the use of grayscale or
symbol area to represent density [7], as well as splatterplots [42],
which represent dense regions as smooth, closed shapes while ex-
plicitly highlighting representative outliers. In case of a large num-
ber of dimensions within the dataset, there are approaches like
Glyph SPLOMs, a technique to summarize a SPLOM [63]. Dang
and Wilkonson [14] introduce ScagExplorer, an interactive plat-
form designed to explore large spaces of scatterplots by visualizing
scagnostics – quantitative measures that characterize the shape of
2D distributions [60, 61]. Rather than manually inspecting thou-
sands of scatterplots in high-dimensional datasets, users can lever-
age scagnostic measures to identify patterns and detect anomalies.
This enables more efficient analysis of SPLOMs that would oth-
erwise be too large to interpret directly. The work of Sarikaya et
al. [51] addresses the challenges of designing effective scatterplots
for complex, large-scale data by surveying analysis tasks, data char-
acteristics, and existing scatterplot design variations. It connects
these elements to guide design decisions and offers best practices,
open questions, and challenges to support practitioners in selecting
suitable scatterplot designs for specific analytical goals. Yang et
al. [62] present the Value and Relation (VaR) display, a multidimen-
sional visualization technique designed to minimize visual clutter
and support interactive exploration of high-dimensional data. By
making relationships among dimensions visible, the VaR display
supports efficient navigation, reveals patterns, and enables detailed
analysis even in datasets with hundreds of dimensions.

This research shows that there are many suggestions and ap-
proaches to overcome the limits and drawbacks of SPLOMs and
scatterplots. A range of techniques, such as splatterplots, glyph-
based summaries, scagnostics, and advanced design frameworks,
have been developed to address these issues and enhance the inter-
pretability and scalability of scatterplot and SPLOM visualizations.
Based on their simplicity as well as the validated advantages of scat-
terplots and SPLOMs in previous work, we decided to use them as
a basis for our developments in this paper.

2.2 Benefits of 3D and Immersive Data Exploration

While scatterplots aid in examining paired data values, numerous
data analysis scenarios involve multivariate data. Just as bivariate
data is represented in a two-dimensional coordinate system, trivari-
ate data can be plotted in a three-dimensional coordinate system [8].

Gracia et al. [22] compare scatterplot representations of multidi-
mensional multivariate data reduced to two and three dimensions,
respectively. They found that the errors made by participants are



smaller in their 3D visualizations, especially in tasks involving dis-
tance assessment. While their participants complete tasks faster in
2D, the drop in quality is significant when moving from 3D to 2D,
highlighting the value of the third dimension for more precise data
interpretation. On top of that, Poco et al. [49] confirm that 3D pro-
jections outperform 2D projections in terms of precision. Their user
study indicates that some cluster-related tasks can be more reliably
and confidently answered with 3D projections.

Furthermore, the findings of McIntire and Liggett [43] suggest
that stereoscopic 3D visualizations can offer notable advantages
for tasks such as precise spatial localization of objects and man-
ual interaction with data or virtual information, and can yield per-
formance benefits aligned with cognitive advantages, leading to an
increased understanding of spatial and/or multidimensional data.

Etemadpour et al. [19] find that stereoscopic virtual environ-
ments can enhance the perception of distances in 3D visualizations,
leading to better performance in local analysis tasks compared to
traditional 2D screens. On top of that, Wagner Filho et al. [59] find
that using head-mounted displays (HMDs) for exploring 3D scatter-
plots can reduce the effort in finding information and enhance users’
perceived accuracy and engagement compared to desktop setups.

Kraus et al. [35] examine how immersion affects cluster identifi-
cation in abstract scatterplot visualizations. Their results show that
3D visualizations, especially in their iVE, outperform 2D screens
in terms of accuracy, efficiency, orientation, memorability, and user
preference, concluding that higher immersion can be a substantial
benefit in the context of 3D data exploration and cluster detection.

Besides that, Allcoat and von Mühlenen [3] infer that VR can be
especially beneficial for data interpretation tasks, can lead to a high
engagement, can increase positive and decrease negative emotions.

Collectively, these findings suggest that a third spatial dimen-
sion and iVEs can offer significant advantages regarding data ex-
ploration compared to traditional 2D data representations. There-
fore, we decided to focus our work on improving the exploration of
3D scatterplots in iVEs.

2.3 Existing Tools for Immersive Data Exploration

Motivated by the benefits of adding a third spatial dimension and
moving to iVEs, numerous tools and interaction metaphors have
been proposed to assess the practicability of iVEs for data analysis.

Hurter et al. [32] propose FiberClay, a multidimensional visu-
alization system for interactive 3D trajectory analysis in iVEs that
leads to a better understanding of dense and complex datasets. Hay-
atpur et al. [27] present DataHop, a novel visualization system that
enables users to lay out their data analysis steps in an iVE. Their
user study suggests that spatially mapping workflows (by assigning
distinct spatial positions to data filtering steps) can support explo-
ration and understanding of multidimensional datasets.

Wagner Filho et al. [58] evaluate VirtualDesk, where users ex-
plore immersive data, rendered within arm’s reach, in a seated posi-
tion. Their study shows that their system provides high comfort and
immersion, matches or even outperforms its desktop-based equiva-
lent in all analytical tasks, with minimal to no additional time over-
head, and enhances users’ perceived efficiency and engagement.

Cordeil et al. [13] introduce ImAxes, an immersive system for
exploring multivariate data, in which users can interact directly with
virtual data axes like physical objects and combine them into so-
phisticated visualizations. Batch et al. [5] gather requirements and
enhance the ImAxes prototype to support professional economic
analysis. Surprisingly, they discovered that well-known limitations
of VR, such as fatigue or text legibility, are not of significant con-
cern in their study setup. Participants, including those new to VR,
are overwhelmingly positive about their experience. They report a
higher level of engagement and presence within the iVE compared
to traditional desktop setups and found that creating visualizations
was faster and easier. Although ImAxes supports various types

of data visualizations, getting an overview of attribute correlations
requires users to manually create a SPLOM, a process involving
many operational steps and significant time investment. Moreover,
ImAxes does not support selectively displaying plots within a 3D
SPLOM, which can lead to visual clutter. It also does not allow to
extract specific plots from a 2D or 3D SPLOM – instead, it requires
a manual recreation of the plots for detailed investigations.

Le et al. [38] introduce FIESTA, a system that enables users to
collaborate flexibly untethered from physical display devices. Un-
like many existing systems, FIESTA supports co-located collabo-
ration in a shared room-sized environment, where users can create,
position, and interact with immersive data visualizations.

While Section 2.2 focused more on abstract task types and the
general applicability of a third dimension and immersive scenarios
compared to less immersive or lower-dimensional setups, the works
and findings discussed here highlight the practical applicability of
iVEs for data-related work. In sum, the applications presented here
are generally well accepted, help increase data understanding and
user engagement, even among users who are less familiar with VR.

Overall, the proven effectiveness of scatterplots and SPLOMs for
data exploration, combined with the advantages of a third spatial
dimension and the success of existing immersive applications, mo-
tivate our approach to develop an immersive and interactive explo-
ration system based on scatterplots and SPLOMs. While ImAxes
already enables immersive data interaction and exploration, it re-
quires many manual steps to gain an overview of the dataset. In
contrast, our approach aims to reduce the number of required inter-
actions while supporting both an overview of 2D and 3D plots as
well as the deeper investigation of specific plots.

3 DATA EXPLORATION WITH SPLOCIS
In this section, we present our novel VR system called SPLOCIS –
“Scatterplot Cube with Interactable Shadows”, designed for inter-
actively and efficiently investigating 2D and 3D scatterplots by ex-
tending the idea of classic SPLOMs. For that purpose we used the
Unity game engine in combination with the Immersive Analytics
Toolkit (IATK) [12]. This integration allows for rapid prototyping
of data visualization systems within VEs. While we specialized our
developments on the Meta Quest 3 [1] and its dedicated controllers,
the underlying concepts can be applied to other HMDs as well.

To systematically approach the task to make 3D scatterplots ex-
plorable in an iVE, benefiting from the immersive facilities while
not overloading the virtual space with plots and information, we
defined three design requirements that guided our developments:

R1: Users should easily get an overview of not only 2D but also
3D data relationships.

R2: The visualization should reduce visual clutter caused by too
many plots displayed at a time as much as possible.

R3: The interaction design should follow established best practices
from HCI and information visualization research.

Physical Setup We focused on a stationary, seated VR experi-
ence, motivated by typical working conditions of data analysts who
perform their tasks usually in a desk-based office environment with
limited room for movement. Additionally, previous research has
shown that seated VR experiences tend to cause less fatigue than
standing experiences [10] and are also associated with reduced lev-
els of cybersickness [44, 50].

Virtual Setup In our system, data analysis takes place in a
minimalist virtual room featuring white walls and one SPLOCIS
instance that contains one preselected dataset (see Figure 1, right).
As additional attributes require a larger space, and past work could



show that smaller spaces were found to be significantly less attrac-
tive, efficient, and stimulating when working with large amounts of
data [40], the room dynamically scales with the number of attributes
displayed in the SPLOCIS, with the walls always being more than
twice as long as their respective SPLOM (while each plot within
SPLOCIS has an default axis length of 0.3 m). This ensures suffi-
cient space for data visualization and interaction.

As the application setup is physically stationary, but the amount
of data displayed in the iVE might require navigation to be fully ex-
plorable, we made use of a standard rotation and translation snap-
ping implementation provided by Unity’s XRInteraction Toolkit [2],
as those techniques are known to significantly decrease symptoms
of cybersickness and nausea levels, especially with longer VR ex-
posure time [20]. Thus, according to the XRInteraction Toolkit’s
default values users are enabled to rotate left/right by 45° by push-
ing the thumbstick of the right controller left/right and rotate by
180° by pulling the thumbstick down. Translation can be done by
pointing at an arbitrary position on the virtual floor while not ex-
ceeding a distance of 10 m; a pictorial projectile on the floor as well
as a ray connecting the projectile and the respective virtual con-
troller representation indicates the teleportation goal.

Together with the physical setup, those design decisions are sup-
posed to build a good prerequisite for even longer working sessions
within our VR system.

Building a Scatterplot Cube The main idea of SPLOCIS lies
in extending the concept SPLOMs by a third spatial dimension and
transferring it into an immersive space, resulting in what we call a
scatterplot cube (SPLOC). While a SPLOM displays all pairwise
combinations of attributes using 2D plots arranged in a matrix, the
SPLOC expands this idea by incorporating all possible triple com-
binations of attributes into 3D scatterplots arranged in a cube (R1).

Unfortunately, visualizing multiple 3D plots and arranging them
that densely can result in visual clutter, which can make it difficult
for users to perceive structure and understand the content of the vi-
sualization [47]. To mitigate this issue (R2), all plots of the SPLOC
remain hidden by default, and it requires user interaction to reveal
individual plots. For this, an effective interaction method (R3) that
allows users to selectively display relevant 3D plots without clut-
tering the scene (R2) was needed. Our goal, however, is not only
the possibility to explore 3D plots, but to support both 2D and 3D
data exploration (R1) at the same time. We address both of these
issues by integrating three classic SPLOMs. Given that SPLOMs
are a well-established visualization technique in 2D, and since the
concept of the SPLOC builds directly upon them, they should be a
natural approach to reach both of those goals in our system.

Each SPLOM is therefore an interactable shadow (IS) and can
be seen as a 2D projection of the SPLOC, positioned on one out
of three spatial planes, being the room’s walls for the x-y- and
y-z-plane and the floor for the x-z-plane (see Figure 1). Depend-
ing on the preconfigured attributes per room axis, those SPLOMs
may contain the same information about the data in a transformed
way. These SPLOMs serve two purposes: first, they provide an
overview of the dataset through 2D attribute relationships (R1), em-
bodying the “Overview First” principle, which implies to show the
entire dataset with a display method that works best in the individ-
ual case [54] (R3); second, they act as an interface for controlling
the visibility of 3D plots within the SPLOC, reducing visual clut-
ter on the one hand (R2) and following the concept of “Zoom and
Filter” on the other hand, which means to remove extraneous data
and give the data of interest more detail [54] (R3). The combina-
tion of SPLOMs and the SPLOC also follow the principle of small
multiples [45, 56], providing both an overview (R1) and detailed
insights, which should make our system particularly valuable in ex-
ploratory data analysis without missing important information [57]
and without overloading visual working memory [48] (R3). Users
can control the visibility of 3D plots by setting conditions the plots

have to fulfill to turn visible. In this context, “conditions” mean the
specification which attributes the 3D plots should have on which
spatial axis. The user can either specify one attribute for one axis
by selecting a label at the border of a SPLOM (see Figure 1, right:
a) or specify two attributes for two axes at a time by selecting a 2D
plot inside a SPLOM (see Figure 1, right: b). The latter implic-
itly defines two conditions, as each 2D plot maps two attributes to
two spatial axes. This stepwise displaying and filtering process can
be seen as calculating volumetric intersections. Our supplementary
material provides the mathematical formalization of this process
and a video, in which the procedure is shown with examples.

Plot Clones While plots within the SPLOMs and SPLOC
are static regarding their transformations, users can create trans-
formable and scalable 2D and 3D plot clones from them (see Fig-
ure 1, right: d, e). This way, we follow the concept of “Details
on Demand”, which means to let users reveal more details of the
data only when needed [54] (R3). This cloning should enable a
more in-depth exploration of individual plots, independent of the
broader dataset within the “original” SPLOCIS instance. It should
also allow for a flexible arrangement of data items within the virtual
space, which is expected to facilitate a more intuitive sense-making
process [39] and past work could show that users tend to make use
of rearranging the data items they work with [52].

If a 3D plot clone is dropped nearly parallel (meaning it requires
at most a 17° rotation to become parallel) to at least one of the six
virtual room’s boundary planes (being the walls, ceiling, and the
floor) it “snaps”, so that the faces of the plots are parallel to the
opposing plane. Additionally, if the plot is also close enough to
a plane (less than 1.5 m), then a 2D projection of it is cast on it
(see Figure 1, right: f). This projection is therefore again a 2D
scatterplot the user can interact with, and includes the same two
attributes that are on the 3D plot side facing the respective plane.

4 USER STUDY

We designed and conducted a user study to systematically evalu-
ate our proposed SPLOCIS system. Our goal was to approach our
global research question of how to design an immersive system that
supports an efficient, comfortable, and intuitive exploration of mul-
tivariate data relationships. To do so, we broke this high-level ques-
tion down into more precise low-level research questions, which we
will explain in the following and aim to answer with our user study.

4.1 Research Questions
Past work could show that especially spatial analysis tasks benefit
from the immersive qualities of VR. Therefore, we aim to identify
which task types work well in our system and which do not, guid-
ing further developments of VR data exploration tools to reduce
cognitive load while preserving performance.

RQ1: How does the task type in the application affect performance
and cognitive load? Are there task types that are particularly
(un)suitable?

In order to support data analysts, an immersive data exploration
tool must be not only functional but also accessible and easy to
learn. This is why we explore our participants’ subjective impres-
sions and gather feedback to identify strengths, weaknesses, and
opportunities for improving immersive data exploration.

RQ2: How intuitive/accessible/suitable is the application for
working with multivariate data by exploring 3D scatter-
plots? Which features would make the tool (or data analysis
in VR in general) better?

Since one SPLOM typically contains repeated axis assignments
(being a plot with twice the same attribute) on one of its diago-
nals, it is apparent that incorporating three SPLOMs to span the 3D



scatterplot space introduces even more repeated axis assignments
and redundant data. On top of that, our main focus is on the explo-
ration of 3D plots having not only two but three axis placeholders.
Consequently, we need to consider that those plots can have either
three distinct attributes or two (or even three) identical ones. While
the first case is full of informative value, the latter cases contain
redundancies and might be less information-rich during data explo-
ration. On the other hand, multiple axes with the same attribute
might also yield novel insights, similar to the histogram-like views
on the diagonal of SPLOMs. Therefore, our objective is to investi-
gate if repeated axis assignments are an issue, whether or not they
support the data exploration experience or rather lead to confusion
and distraction.

RQ3: To what extent do repeated axis assignments disturb or sup-
port the exploration process?

4.2 Apparatus
For the study, we used the Meta Quest 3 having a resolution of
2064× 2208 pixels per eye and an update rate of 120 Hz. The ap-
plication is based on Unity (Version 2022.3.15f1). Participants had
an interaction space of about 1 m × 1 m and sat on a swivel chair
enabling 360° rotations, providing an unrestricted field of regard.

4.3 Procedure
Based on a list of criteria from both participating institutions, our
study did not require an ethics approval, given that our study did not
elicit strong emotions or stress, induce pain or harm, deceive partic-
ipants, conceal risks, capture biological material, or pose security-
relevant threats.

Participants were invited to our lab, were informed about the
purpose of the study, agreed to participate voluntarily, and signed
a consent form. To ensure a consistent level of understanding re-
garding scatterplots and SPLOMs across all participants, they went
through some informative slides providing the necessary know-
ledge basis to solve the tasks in the study appropriately.

Afterwards, the participants were introduced to the VR system
with a brief descriptive and interactive tutorial. Here, they were
given sufficient time to practice the handling as well as to complete
some exemplary tasks, which were of the same kind as in the actual
study. To initially set the focus on learning the system and avoid
overwhelming users with data, during the tutorial the SPLOCIS in-
stance included four attributes, whereas it included five in the main
study. Once participants were comfortable with the system, the ac-
tual study started, during which they went through the task types
explained in Section 4.4. After completing a task set of one type,
they filled out two questionnaires. First, the Raw-TLX [26, 25] to
assess the perceived task load for the respective task type to check
whether or not our participants could focus on data exploration or if
they were overwhelmed using the system. Second, the Fast Motion
Sickness Scale (FMS) [34] to measure symptoms of cybersickness.
Since cybersickness is a general usability concern in VR we wanted
to ensure that our system does not induce significant levels of it. Be-
sides the subjective questionnaires during the VR part, we logged
the task completion times and task correctness.

When the VR part was completed, the participants filled out the
User Experience Questionnaire (UEQ) [37] as well as the System
Usability Scale (SUS) [6] to comprehensively cover classic usabil-
ity as well as user experience aspects. They then rated custom state-
ments on the system’s intuitiveness, accessibility, and suitability for
data exploration. They also provided up to three positive and neg-
ative aspects of the system in free-text form, potential use cases
they had in mind for repeated axis assignments, and which features
would improve working with 3D scatterplots in immersive spaces.
Lastly, we asked for self-assessment regarding previous knowledge
about VR, gaming, scatterplots and data exploration in general, and
finally captured some demographic data.

The entire procedure took approximately 90 min to complete and
participants received an expense allowance of 18e.

4.4 Tasks and Datasets

During the VR part of the study, all tasks participants had to solve
followed the same structure: The participants had to interact with
a SPLOCIS instance in order to find a 3D plot matching specific
properties that were asked for on a UI element in the virtual scene.
This plot then had to be put into a box. During the tutorial, this box’
appearance changed to green with a white check mark when the plot
fulfilled the requirements, and to red with a white cross otherwise,
to help participants develop a clearer understanding of which plots
are correct and which are not before the actual study started. When
it came to the actual study the box did not provide any feedback on
the correctness so that participants were fully focused on the cur-
rent task and not influenced by either positive or negative feedback
regarding their performance in past tasks. The participants were
told to work as quickly as possible during the actual study.

To avoid individual contextual reference and to have full control
over features present in the data and therefore the number of cor-
rect as well as misleading plots, we created synthetic datasets each
consisting of 40 data points and five attributes named A, B, C, D, E
with values ranging from 0 to 100.

There were five different types of tasks participants had to solve
and which were performed one after another. While the first task
type tests basic interaction mechanics of the tool, the remaining
types of tasks followed typical scatterplot/SPLOM analysis tasks,
as mentioned by Sarikaya and Gleicher [51] as well as Heckert
et al. [28]. Per type there were four tasks, which were performed
successively. To ensure a similar level in difficulty for each of the
four tasks per type, the number of plots fulfilling the requirements
remained the same during one task type. We provide the datasets
as well as task details in our supplementary material.

T1: Attributes For this task type, participants had to pick
out plots having three specific attributes, whereby it did not matter
on which axis which attribute was located.

T2: Correlations For this type, two kinds of tasks were
possible: finding a plot with pairwise linear correlations (here, it
did not matter whether they were positive or negative), or finding
a plot with pairwise and explicitly positive linear correlations. In
this context, “pairwise” means that every combination of attributes
in a potentially correct plot had to have either a linear correlation
in general (for the first case of task) or a positive one (for the
latter case). To make sure our data contained recognizable linear
correlations, we performed pairwise correlational analyses by
computing Pearson’s r, ensuring that potentially correct plots had a
large correlation coefficient, meaning that |r|> 0.5.

T3: Clusters Here, the participants were asked to find plots
having two clusters. To ensure the existence and verifiability
of clusters we ran DBSCAN [18] on every 3D plot. A plot was
considered as being a valid answer if DBSCAN found two clusters
in it with the parameters ε = 1.3 and a minimum samples value of 9.

T4: Outlier For the outlier identification tasks, participants
had to find a plot with one outlier. We ensured that plots having
three different attributes were normally distributed by applying
the Henze-Zirkler test for Multivariate Normality [30] with a
significance level of 0.05. To prove that specific plots had at
least one considerably visible outlier, we took the Mahalanobis
distance [15] into account, which is a statistical measure to identify
multivariate outliers. We selected a critical alpha level of 0.001 as
it was a good balance that made outliers noticeable without making
them stand out too prominently. The corresponding critical χ2



value for three degrees of freedom (since we examine 3D plots) at
our critical alpha level is 16.266. Thus, if the maximum squared
Mahalanobis distance for the data distribution in one plot exceeded
this critical χ2 value, this plot had at least one proven outlier.

T5: No Relation This task type asked for plots having none
of the aforementioned relationships. This means that there were
neither correlations (meaning according to Pearson there were not
even small correlations |r| < 0.1) nor multiple clusters found by
DBSCAN with the aforementioned parameters.

To prevent participants from memorizing certain data pat-
terns, the dataset switched after each task – except for the first type
of tasks being the identification of plots by attributes. For this task
type, the distribution does not affect the task’s difficulty. Together
with the fact that the attribute names remained the same in each
dataset, switching the dataset would probably have had no effect.

4.5 Participants
33 participants (8 female, 24 male, and 1 preferred not to say) be-
tween 20 and 49 years of age (M = 27.2, σ = 6.36) attended the
user study. They were recruited on the local university campus and
via dedicated mailing lists. Self-reports on prior VR, data visual-
ization, and scatterplot experiences are listed in Table 1.

Table 1: Total counts of self-reported prior experiences. The individ-
ual experience levels were measured on a five-point Likert scale, with
1 indicating “very little” and 5 “very much” experience; the last column
shows the mean values and standard deviations, respectively.

Type of Experience 1 2 3 4 5 (M, σ )
VR 14 6 3 2 8 (2.52, 1.66)
Data Visualization 3 8 12 8 2 (2.94, 1.06)
Scatterplots 10 10 10 3 0 (2.18, 0.98)

5 RESULTS

This section reports on the results of our data analysis, beginning
with an overview of FMS scores as an indicator for the validity of
all other measurements. Throughout this paper, confidence inter-
vals (CIs) are reported at the 95% level.

5.1 Cybersickness
The FMS scores, gathered after each task type (resulting in a total of
N = 165 scores; with a possible range from 0 to 20), ranged in our
study from 0 to a maximal value of 13 (M = 1.109,σ = 2.115). The
majority of scores (N = 114) were 0, indicating that participants
most of the time felt no sickness at all. A smaller number of scores
(N = 49) fell between 1 and 6. Quite high scores of 12 and 13 were
reported only once each.

5.2 Task Load, Task Completion Time, and Correctness
The distributions of task load scores per task type measured with
the Raw-TLX questionnaire [26] are shown in Figure 2. In order to
evaluate the results, we use the values provided by Grier [23] and
Hertzum [31], since the original publication of this questionnaire
does not come along with benchmark values and our user study
handled one single condition only, therefore having no apparent ref-
erence system for comparison.

Across all task categories, the mean values are notably lower
than the averages reported in Grier’s general dataset (M = 45.29,
σ = 14.99 for the Raw-TLX), Hertzum’s general dataset (M = 42,
σ = 13), and Hertzum’s specific VR dataset (M = 41, σ = 15).
Additionally, most 75th percentiles of measured task loads are be-
tween 25 (T5: No Relation) and 36.67 (T2: Correlations), and
therefore also below the averages reported by Grier and Hertzum.

Only the 75th percentile of the Outlier task type (T4) exceeds the
benchmark values with 48.33. Moreover, nearly all CIs are below
the benchmark averages – here again, only the Outlier type (T4)
builds an exception by slightly exceeding the average of Hertzum’s
specific VR dataset. On top of that, the Outlier task type (T4) fea-
tures the overall maximal reported task load of 75, and is the only
type which no participant rated with a task load of 0.0.

Figure 2: Boxplots illustrating the Raw-TLX values per task type. Be-
low each boxplot a diamond represents the mean with bars that in-
dicate the corresponding CIs. The first entry inside the brackets is
the mean value for the respective type, the second one the standard
deviation, followed by CIs. Minimal and maximal mean values and
standard deviations are bold.

We further report (in Table 2) on the mean duration to complete
a task, meaning the average time the participants needed to find
an appropriate plot and put it into the box, and on the mean task
correctness, meaning the average percentage of correctly chosen
plots fulfilling the respective task requirements. A common mistake
in T2 to T5 was to select a plot that did not have three distinct
attributes, independent of the pattern asked for in the task. Taking
the average correctness rate of all tasks into account, being 93.78%
(see Table 2), this kind of mistake accounts for 2.88% correctness
rate reduction, representing a total of 46.34% error causes.

Additionally, we observe a positive correlation between the task
load and task completion time, r = 0.45, which can be considered
medium based on the threshold values reported by Cohen [11]. We
further observe small negative correlations between task comple-
tion time and correctness, r = −0.19, and task load and task cor-
rectness, r =−0.15.

5.3 User Experience and Usability
The UEQ aggregates its 26 individual responses into six higher
level categories with scores between -3 and +3 to quantify different
aspects of usability. The results for our system as well as compar-
isons with the benchmark dataset of the UEQ are shown in Figure 3.
Most positive scores were obtained for the categories Stimulation
(M = 2.1, σ = 0.81, 95% CI [1.82,2.37]) and Novelty (M = 1.96,
σ = 0.83, 95% CI [1.68,2.24]), where our system receives results
in the highest tier (Excellent), which denotes the range of the best
10% of systems in the benchmark dataset. The categories Attrac-
tiveness (M = 1.83, σ = 0.83, 95% CI [1.55,2.12]) and Efficiency
(M = 1.63, σ = 0.9, 95% CI [1.32,1.93]) were ranked in the fol-
lowing tier (Good), indicating that 10% of systems in the bench-
mark dataset scored better while 75% scored worse. Dependabil-
ity (M = 1.39, σ = 0.97, 95% CI [1.05,1.72]) was ranked to be
Above Average, with 25% of systems in the benchmark dataset



Table 2: Task durations and correctness rates per task type: The first entry inside the brackets is the mean value, the second one the standard
deviation, and the third the CI. The minimal and maximal mean values and standard deviations are bold.

T1: Attributes T2: Correlations T3: Clusters T4: Outlier T5: No Relation Avrg.
Completion Time [s] (21.77, 12.06,

[17.66,25.9])
(50.58, 24.77,
[42.13,59.03])

(37.75, 19.81,
[30.99,44.5])

(74.34, 41.12,
[60.31,88.37])

(29.6, 14.54,
[24.65,34.57])

(42.81, 30.61,
[32.36,53.26])

Correctness [%] (99.24, 4.35,
[0.98,1.0])

(94.7, 13.63,
[0.9,0.99])

(96.96, 8.28,
[0.94,1.0])

(87.12, 17.81,
[0.81,0.93])

(90.9, 17.48,
[0.85,0.97])

(93.78, 13.91,
[0.89,0.99])

scoring better and 50% scoring worse. The last category Perspicu-
ity (M = 1.106, σ = 1.09, 95% CI [0.73,1.48]) got a Below Aver-
age rating, meaning that 50% of systems in the benchmark dataset
scored better, and 25% scored worse.

Figure 3: Results of the UEQ in context with the benchmark dataset.
The diamonds represent the mean values and the bars the CIs.

To evaluate the system’s usability, we took the SUS question-
naire into account [6]. It is composed of ten statements, each hav-
ing a five-point scale ranging from 1, meaning “strongly disagree”,
to 5, implying “strongly agree”. Since the original work that intro-
duces the SUS does not come along with any interpretation of the
score, we take two works into account: Bangor et al. [4] summarize
SUS scores by interface type and add an adjective rating scale to the
SUS for better interpretation, and Sauro and Lewis [53] introduce a
curved grading scale.

The mean SUS score of SPLOCIS (M = 78.94, σ = 15.91, 95%
CI [73.51, 84.37]) corresponds to a Good (M = 71.4, σ = 11.6)
rating and exceeds the overall mean (M = 69.5) and the mean of
immersive VR interfaces in particular (M = 72.4), as reported in the
work of Bangor et al. According to the work of Sauro and Lewis,
our mean SUS corresponds to the grade “A-” (for which the mean
SUS has to be within a range of 78.9 and 80.7), taking additionally
the CI into account, we lie between the grades “B-” and “A+”.

5.4 Statements Agreement
To get deeper insights into participants’ perceptions of our sys-
tem, they rated custom system-specific statements on a seven-point
Likert scale, with 1 indicating “strongly disagree” and 7 “strongly
agree”, listed in Figure 4. Statements with an odd number (S1, S3,
S5, S7) are “positively worded” statements, meaning that ratings
closer to 7 indicate a more positive evaluation of our system. State-
ments having an even number (S2, S4, S6) are “negatively verbal-
ized”, meaning the lower the agreement, the better the evaluation.
While all mean values and CIs of positive statements are above the
general neutral score of 4, the ones for the negative statements are
below, indicating an overall positive result.

6 DISCUSSION

Based on the results of our user study, we will answer our three re-
search questions in the following. The FMS scores indicate that our
participants were in a good shape to complete the study, suggesting
that it is unlikely that cybersickness had a significant influence on

the other measurements. Despite two exceptions in which higher
scores were reported, the respective participant decided to continue
the study after being offered a moment to take a rest. The distribu-
tions of prior experiences listed in Table 1 suggest large variations
in VR knowledge within the group. While most participants saw
their prior data visualization experience at a medium level, no par-
ticipant considered themselves an expert in the field of scatterplots.

6.1 RQ1 – Influence of Task Type
Our first question was how the task type in the SPLOCIS system
affects performance and cognitive load, and if there are task types
that are particularly (un)suitable. For this, we take the results of
the Raw-TLX, the task correctness, as well as the task completion
times (Section 5.2) into account.

As all mean task loads induced by our system were below the
reference values of Grier [23] and Hertzum [31], and given the fact
that tasks could be solved on average in under 43 s with an average
correctness rate of 93.78%, we conclude that the SPLOCIS system
allows to solve tasks in a quick and accurate way without imposing
unreasonably high task loads. Noticeably, the task type to find plots
by their Attributes (T1) showed the lowest standard deviations for
task completion time and task correctness among the participants,
could be solved fastest while leading to the highest correctness rate,
and to the second lowest task load among all task categories. This
indicates that handling the system mechanics to find plots with spe-
cific attributes was perceived as easy and feasible. In contrast, the
results for the Outlier tasks (T4) spread most and reached the high-
est values regarding the task load, completion time, and correctness
rate, identifying it as the most challenging task type. Even though
the data was designed to have clear outliers, as described in Sec-
tion 4.4, the high amount of data points present in the virtual room
might have made it hard to spot one outlying data point within one
plot. Another possible explanation is that outlier perception is sub-
jective, resulting in a longer cognitive process. Whereas spotting
outliers requires users to inspect single plots on a detailed point-
based level, other tasks like finding correlations or clusters require
to work on a coarser plot-based level, as those patterns are spread
all over a whole plot, making them probably more prominent and
therefore easier to detect.

While the positive correlation between task completion time and
task load does not imply a causality, it seems apparent that if more
time was needed to complete a task, the associated task load in that
case tended to be higher, possibly due to a longer or more complex
thinking process.

6.2 RQ2 – Usability and Feature Wishes
Our second goal was to investigate how intuitive/accessible/suitable
the application is for working with multivariate data by exploring
3D scatterplots and which features would enhance our designed in-
teraction metaphors (or data analysis in VR in general). In order to
answer this we take the results of the UEQ, SUS (Section 5.3), and
ratings of custom statements (Section 5.4) into account. Addition-
ally, we compare our reported quantitative results to the free-text
answers submitted when asking for up to three positive and nega-
tive aspects as well as feature wishes.

The Good SUS score in combination with the UEQ, in which two
categories received Excellent, and two Good results, give evidence



Figure 4: Custom statements agreement: The diamonds represent participants’ mean ratings, the bars the CIs. Below each statement the mean
value is the first entry listed in the brackets, followed by standard deviation and confidence interval. Minimal and maximal mean and standard
deviations are printed bold. 1 means “strongly disagree” and 7 “strongly agree”. Odd numbers (S1, S3, S5, S7) are positive statements – a high
agreement means a positive result. Even numbers (S2, S4, S6) are negative statements – a low agreement indicates a positive rating.

that the SPLOCIS system has an overall satisfactory usability. This
finding is also confirmed by the average grade of “A-” according to
the classification scheme of Sauro and Lewis [53].

In particular, the Excellent values for Stimulation and Novelty
show a high hedonic quality of our system, implying that it is inno-
vative and exciting to use. Those findings go hand in hand with the
free-text answers given when asking about positive aspects: Eleven
participants especially highlighted the application’s “fun factor”,
calling it a playful and motivating way to work with data. The high
values for Attractiveness indicate an overall good impression of the
system, also mirrored by the comments in which 23 participants
named the whole data visualization as a positive aspect.

The Good Efficiency connotes that participants could solve the
tasks without unnecessary effort. This is consistent with the posi-
tive aspects, in which 29 participants appreciated the system’s in-
tuitiveness, understandability, and ease of learning. 14 participants
explicitly pointed out the system’s efficiency, and eleven liked the
clear and well-structured overview the application offered. This is
underlined by the high agreement on the data presentation’s effec-
tiveness for exploratory tasks and data analysis (see Figure 4, state-
ment S3), and that the spatial arrangement of plots was perceived
to facilitate the identification of data relationships (S7). Moreover,
most participants stated that the application did not distract them
from the main task of finding the requested plot (S4), also under-
scoring the Good Efficiency.

Dependability was Above Average, meaning that the users
mostly felt in control of the interaction. This is supported by the
statement agreement that the application’s controls were intuitive
and met the participants’ expectations (S5), as well as the fact that
five emphasized the interactivity as a positive aspect.

With a Below Average rating, Perspicuity had the lowest values
among the UEQ categories, suggesting that it needs some time to
get familiar with the system. Despite the fact that 29 stated it to
be intuitive and easy to learn, and despite the high agreement that
the visual representation was easy to understand (S1), two called
the system not intuitive enough when asking for the participants’
subjective negative aspects. Most participants stated that they were
not often confused when trying to find the requested plots (S2),
but it cannot be denied that some confusion was present. Simi-
larly, most participants reported not to feel overwhelmed (S6), but
some feelings of being overwhelmed were existent. Additionally,
21 participants saw the physical handling as a possible disadvan-

tage, further specifying that actions happened to be mistaken or
accidentally fired. Beyond that, 19 mentioned VR technology in
general as a possible drawback, so the needs of having a VR de-
vice, getting used to VR technology, and the ever-present probabil-
ity of suffering from cybersickness, even though our results show
that cybersickness was not of significant concern. Moreover, nine
mentioned as a negative aspect issues of potentially occluding ele-
ments caused by the third spatial dimension and varying perspec-
tives. These widespread results might be explained by the partic-
ipants’ similarly widespread self-reported prior VR and data visu-
alization experience. While some were long-established VR expert
users, others had little to no prior experience to either VR or data vi-
sualization. We observed that participants new to VR occasionally
struggled with memorizing button functionalities. Dealing with an
unfamiliar technology in combination with a potentially unfamil-
iar topic likely contributed to these difficulties, sometimes resulting
in confusion or feelings of being overwhelmed. We found a small
negative correlation between Perspicuity and prior VR experience,
p =−0.29, which points in the direction of our assumption.

29 participants suggested features eventually enhancing data ex-
ploration in 3D immersive space. One mentioned that having access
to the user manual at any time would be helpful, which aligns with
the comments of accidentally mistaking buttons. Five mentioned
different extended rotation possibilities. While two-handed rota-
tions as well as single-handed rotations of grabbed plots were pos-
sible (either by rotating physically or by pushing the joystick of the
right controller horizontally to induce a rotation of the plot around
the y-axis), two mentioned that it would have been helpful to en-
able a “joystick-induced rotation” around more than just the plot’s
up-axis in order to not stress the wrist too much. Furthermore, two
assumed that rotating all currently highlighted 3D plots within the
SPLOC at once would accelerate 3D plot investigation. Four men-
tioned functionalities to make trends and correlations more directly
visible. This ranged from automatically selecting general patterns
by the click of a button (e.g., correlations or outliers), or to work
with lines or colors to make trends more easily recognizable. Three
mentioned “more details on demand”; in particular, one participant
suggested that hovering over a 3D plot should display all of its at-
tributes in a small separate UI element. Two would have liked to
select individual data points within a plot, with one adding that dis-
playing selected points coordinates would be beneficial, and one
suggestion was the possibility to mark plots that seem important.



6.3 RQ3 – Repeated Axis Assignments
To answer the third research question, to what extent plots with
repeated axis assignments disturb or support the exploration pro-
cess, we use the data gathered through the ratings of S6 and S7
(Section 5.4), as well as free-text form answers to custom questions
about the use cases participants had in mind for those plots and their
reasons to continue showing or excluding them from our system.

First, the quantity of data displayed at a time seems to be accu-
rate as the participants, on average, stated not to feel overwhelmed
by the amount of information (S6). In addition, the overall structure
seems to be suitable for data exploration tasks due to the high agree-
ment that the spatial arrangement of the plots within the application
helped to identify data relationships (S7). Taking this as a basis, we
dive deeper into users’ opinions regarding the fact that SPLOCIS
features plots having the same attributes on multiple axes.

Two third of the participants mentioned possible use cases for
these plots, thereby indicating that there is merit in keeping them in-
cluded in the system. Some mentioned they allow to check whether
the individual axis scaling seems appropriate for the range of val-
ues within one attribute, or to check if an attribute contains any
data, or if someone accidentally uploaded twice the same attribute.
Three brought up the aid of orientation, three mentioned that they
make comparisons of attributes easier, even if a 3D plot contains the
same attribute twice. 13 suggestions were about to keep visualizing
them for the sake of completeness and consistency; that empty spots
within the SPLOC, resulting from their exclusion, would be irritat-
ing. Interestingly, eight participants were of the opposite opinion
and considered their existence to be confusing – apparently more
than the aforementioned empty spots. This confusion is underlined
by the fact that nearly half of all errors were due to the condition
violation of choosing plots having distinct attributes, indicating that
plots with repeated axis assignments could quickly be grabbed by
mistake. While ten considered them to be unnecessary, as the infor-
mation within those plots can be obtained somewhere else instead,
eight valued them for gathering an attribute’s data distribution in
isolation, as they reveal the variance, outliers, data scales, poten-
tial clustering of points, and provide a complete picture of the data
distribution. Seven participants suggested a toggle mechanism that
allows to visualize those plots if needed and exclude them other-
wise which would probably satisfy both of these distinct opinions.

6.4 Limitations
In the following we like to mention some limitations of our user
study to motivate relevant aspects of future work. First of all, we
note that the gender distribution among our participants was not
balanced. On top of that, there were substantial variations among
the participants regarding prior VR experience, and they were not
professional data analysts. Furthermore, we worked with artificial
datasets to have full control over the patterns present in the data –
that raises question if and how real-world datasets would affect the
results. In addition, we defined specific thresholds to distinguish
between valid and invalid plots when asking for patterns. Here, it
is important to note that those thresholds are not entirely objective.
E.g., some users might have classified more subtle deviating data
points as outliers, which we did not categorize to be ones. Lastly,
our study involved a single condition and relied on a theoretical
comparison with ImAxes rather than an empirical one. Even though
our user study was mainly a proof of concept, all of these aspects
should be considered when interpreting the findings.

7 CONCLUSION AND FUTURE WORK

This work did the first step in answering the higher-level research
question of how to make 3D scatterplots effectively, comfortably
and intuitively explorable in iVEs. Based on best practices from
HCI we developed SPLOCIS, an immersive system designed for in-
vestigating multivariate data through 2D and 3D scatterplot explo-

ration. Collectively, despite the participants’ wide range of know-
ledge levels regarding VR technology and scatterplots as a data vi-
sualization method, all participants were able to use the SPLOCIS
system to identify plots by their Attributes (T1), find plots having
Correlations (T2), Clusters (T3), an Outlier (T4) or No Relation
(T5) in an overall quick, accurate, and comfortable way. Not all
tasks were equally classified in their difficulty, time investment and
error-proneness; while finding plots by Attributes (T1) appeared to
be the easiest, detecting plots having Outliers (T4) seemed to be the
most challenging task. Moreover, SPLOCIS was mostly perceived
to be intuitive, accessible and well-suited for working with mul-
tivariate data in a novel, stimulating, efficient, and attractive way.
Some challenges likely resulted from the still present novelty and
skepticism of VR technology. At the same time, the suggested new
features offer valuable opportunities for making immersive data ex-
ploration even more suitable and comfortable. Plots with repeated
axis assignments were perceived controversial: While some found
them to be useful, some called them confusing. A solution satisfy-
ing both views is to add a customization option, enabling users to
show or hide them when needed.

Future work should focus on integrating advanced interactions
like brushing and linking or dynamic filtering besides participants’
suggested new features, followed by an evaluation of an updated
SPLOCIS version with domain experts, as our group of partic-
ipants had different backgrounds and varying experience levels,
as explained in Section 6.4. Furthermore, it makes sense to per-
form comparison studies with different immersive techniques like
ImAxes [13] or other 2D (non-immersive) tools to find out the in-
dividual strengths and weaknesses of the respective systems.

While the rationale behind SPLOCIS was to save operational
steps to build a data visualization offering an overview, some par-
ticipants felt overwhelmed by this high amount of data. In con-
trast to that, ImAxes very likely avoids this feeling as users build
their own data visualizations “from scratch”, which takes some time
and operational steps, but also implies that users are not confronted
with an already existent large data visualization. Additionally, as
SPLOCIS is based on IATK [12], it inherits the same limitations
regarding the number of data points that can be displayed. On top
of that, increasing the number of attributes enlarges the SPLOMs,
potentially resulting in excessively large scenes. While reducing
the plots’ sizes is possible, patterns and labels must remain legible,
resulting in a trade-off. Besides that, increasing the number of at-
tributes and data points can cause/facilitate visual clutter and over-
plotting. Therefore, it makes sense to evaluate the applicability of
recent approaches mentioned in Section 2.1 that aim to enhance the
interpretability and scalability of scatterplots and SPLOMs. Over-
all, we believe that immersive VR offers several novel opportunities
to explore and understand complex datasets interactively, the poten-
tial of which is still to be exploited more comprehensively.
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