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ImmersiveSHAP: Immersive Analytics Visualization
System for XAI using SHAP Scatter Plot

J. Montilla-López , Daniel Valencia , Jovani A. Jimenez-Builes , and Gustavo Ramirez-Gonzalez

Abstract—This study presents ImmersiveSHAP, an immersive
analytics visualization system for explainable artificial
intelligence that leverages a modular pipeline to render
SHAP scatter dependence plots in virtual reality. The research
contribution is the integration of explainable artificial intelligence
(SHAP Python library) with immersive analytics in a virtual
reality environment (Unity). The system integrates a Python-
based preprocessing module that handles data loading, model
training, and SHAP explanation computation, and a Unity-
based rendering and interaction module, implemented within a
client–server architecture. The WebSocket protocol establishes
communication between the Python server and the Unity client.
The system extends traditional 2D SHAP plots into interactive
3D visualizations, designed to support immersive analytics
with post hoc model explanations. Furthermore, a technical
validation used the Iris, Breast Cancer, and California Housing
datasets, covering point clouds from N = 150 to N = 20,640,
and deployed the system on a Meta Quest 3. Results identify
operational constraints, showing stable performance on small-
to-medium datasets (N ≤ 2,000) with an average frame rate of
approximately 70 FPS, close to the device’s refresh rate target
and within acceptable ranges for virtual reality. These results
indicate the system’s viability as a baseline architecture for
immersive visualization of SHAP-based explanations.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10596

Index Terms—Immersive analytics, Explainable Artificial In-
telligence, SHAP, Virtual Reality, Immersive visualization.

I. INTRODUCTION

EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)
is a branch of Artificial Intelligence (AI) research that

makes the actions and decisions of automated systems under-
standable to humans [1]. XAI addresses the “black-box” prob-
lem, in which complex AI algorithms achieve high predictive
accuracy but provide no intuitive rationale for their internal
decision-making processes [2]. By fostering transparency, ac-
countability, and trust, XAI enables the deployment of AI in
mission-critical domains like healthcare, finance, and defense
[3].

XAI methods are commonly categorized as ante-hoc or
post-hoc, and further classified as model-agnostic or model-
specific, operating at both global and local levels [4]–[6].
Among output formats, visual explanations play a central role
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because they convey complex relationships in an interpretable
form [7]. Ante-hoc approaches use structures such as decision
trees or fuzzy inference systems to provide transparent global
representations [5]. Post-hoc methods generate explanations
after training, including local techniques such as saliency
maps, class activation maps, Layer-wise Relevance Propaga-
tion [8], and Local Interpretable Model-Agnostic Explana-
tions (LIME) [9], as well as global methods such as Partial
Dependence Plots (PDP) [10], and Individual Conditional
Expectation plots [11]. The Shapley Additive exPlanations
(SHAP) method [12] unifies local and global explainability by
offering different plots for individual predictions and ranking
global feature importance.

Despite their utility, most XAI visualizations rely on two-
dimensional (2D) representations. These approaches often
suffer from visual clutter, overplotting, and limited support for
representing complex relationships, requiring users to recon-
struct higher-dimensional structures mentally [13], [14]. These
limitations motivate the exploration of alternative visualization
paradigms.

Immersive Analytics (IA) addresses these limitations by
leveraging stereoscopic vision, motion tracking, and three-
dimensional (3D) environments to provide an alternative
paradigm for data interaction [15]. This paradigm enables
users to explore data spatially and inspect structures that
remain difficult to see in 2D representations [16], [17]. As
an interdisciplinary field, IA integrates data visualization,
human–computer interaction (HCI), and extended reality (XR)
technologies to enable immersive data exploration and analysis
[15]. Through virtual reality (VR) and augmented reality
(AR), embodied and interactive environments can facilitate
the exploration of complex multidimensional data [18]. In
data visualization contexts, IA can function as an interface
for exploring and managing multidimensional datasets in 3D
environments [19]. Prior work in VR supports immersive visu-
alization techniques, including scatter plots for large-scale data
exploration [20], and scatter plots for dimensionality-reduced
data for perceptual tasks [21]. Techniques like interactive 3D
visualizations, node-link graphs, and immersive representa-
tions enable intuitive data exploration and manipulation. For
example, [16] proposes a VR environment for deep learning
(DL) visualization to navigate the layers of convolutional
neural networks. Similarly, [22] and [23] explore collaborative
environments in AR and tools such as Immersive Parallel Co-
ordinate Plots for multidimensional data visualization in VR.
Additionally, [17] integrates DL frameworks with real-time
interaction capabilities, offering insights into neural networks
using Shapley values to enhance interpretability.
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IA also presents several challenges, including visual scala-
bility, complexity of interaction, and the lack of standardized
frameworks to assess technical accuracy and human inter-
pretability [24]. Rendering large-scale models may require
substantial computational resources, and 3D visualizations
remain susceptible to occlusion and depth distortion [16], [17].
Despite these limitations, the ability to navigate an unbounded
workspace in XAI may reduce the semantic gap between the
behavior of mathematical models and human reasoning [25].

Although IA has demonstrated effectiveness in multiple
fields [26], [27], its application to XAI remains underexplored.
As discussed in [28], most approaches rely on 2D represen-
tations, and only limited efforts explore immersive post-hoc
explanations. To address this gap, [28] proposes a conceptual
approach for a visualization pipeline based on a client–server
architecture that uses Python for computation and Unity for
rendering. Prior work has adopted similar architectures to
decouple processing and visualization, thereby improving per-
formance and interoperability [16], [17], [29], and has demon-
strated the feasibility of immersive visualization of abstract
data, including large-scale scatter plots in VR environments
[21]. The conceptual approach in [28] uses random data with a
maximum of 100 points for model training, SHAP value calcu-
lation, and point cloud generation to demonstrate the feasibility
of WebSocket communication between a Python-based SHAP
library and a Unity visualization. The study focuses on SHAP
due to its theoretical foundation in cooperative game theory
and its ability to provide local and global explanations that are
theoretically consistent [2], [12]. In contrast to LIME, which
may yield unstable local approximations, SHAP provides
consistent attribution of characteristics [6]. The systematic
review in [20] indicates that immersive visualization systems
have been extensively explored in all domains. However, these
systems focus on visualization performance or perceptual eval-
uation rather than on integrating XAI pipelines with immersive
environments. In contrast, the current research focuses on XAI
& IA integration through a modular system combining SHAP-
based explanations with immersive analytics visualization, and
on its technical validation using real datasets.

Building on this foundation, the current research develops,
deploys, and technically validates ImmersiveSHAP, an immer-
sive analytics visualization system that implements a visualiza-
tion pipeline on a head-mounted display (HMD). Whereas the
preliminary study in [28] focused on architectural feasibility,
the current research uses Python to train models, calculate
SHAP values, and generate point clouds. It builds a 3D VR
environment in Unity with spatial axes and colormaps that
render a SHAP scatter plot. This work targets SHAP scatter
plots, which encode both local and global explainability but
remain constrained by static 2D representations that introduce
visual clutter, limit interaction, and limit the exploration of
complex feature relationships. SHAP scatter plots display a
feature and SHAP values on the horizontal and vertical axes,
and a second feature with color variation; these plots can
be related to a 3D representation. ImmersiveSHAP supports
spatial exploration of feature contributions and interactions,
which may support the identification of patterns, distributions,
and relationships that are difficult to observe in 2D views.

By mapping data onto three spatial axes, the visualization
supports dispersion, clustering, and trend analysis through
spatial perception and interaction.

The ImmersiveSHAP validation focuses on three aspects:
(i) system latency from visualization configuration to visual
display, (ii) scalability in terms of the maximum number
of rendered points while sustaining a frame rate close to
the 72 Hz refresh rate of the VR display, which remains
above commonly recommended minimum thresholds for VR
performance, and (iii) interaction stability, evaluated through
the responsiveness of mechanisms such as hovering and
tooltips. Results indicate that the system maintains an average
performance of approximately 70.17 FPS when rendering
up to 2,000 points, which remains sufficiently close to the
target to maintain stable system performance under immersive
conditions.

II. BACKGROUND

A. SHapley Additive exPlanations

SHAP is a unified framework for interpreting machine learn-
ing predictions by assigning an importance value to each input
feature for a given outcome. It builds on concepts from game
theory, modeling the prediction task as a cooperative game
in which each feature acts as a player, and the model output
represents the total payoff. Using Shapley values, SHAP quan-
tifies each feature’s average marginal contribution across all
possible coalitions. This formulation yields an additive attri-
bution method that satisfies local accuracy, missingness, and
consistency, enabling both local explanations for individual
instances and global explanations across datasets [6], [12].

SHAP supports both model-agnostic and model-specific ex-
planations. KernelSHAP approximates Shapley values for ar-
bitrary models, while TreeSHAP and DeepSHAP provide ef-
ficient implementations for tree-based models and deep neu-
ral networks, respectively [2], [12]. Despite its theoretical
grounding, SHAP requires careful interpretation, as assump-
tions such as feature independence may introduce bias when
features are correlated or exhibit complex nonlinear interac-
tions. These properties make SHAP particularly suitable for
integration into visualization systems that require both local
and global explainability.

SHAP provides a Python application programming interface
(API) for computing and visualizing feature attributions [30].
The core component, the explainer, encapsulates the model’s
prediction function and a background dataset to estimate
conditional expectations. Users instantiate an appropriate Ex-
plainer (e.g., TreeExplainer or KernelExplainer) and pass input
samples to compute each feature’s marginal contribution. The
API returns an Explanation object integrating SHAP values,
the model’s expected output, and feature data, enabling direct
use in visualization tools for interpretable analysis.

A key visualization used in this work is the SHAP de-
pendence scatter plot, generated via the shap.plots.scatter
function, visualizes how a specific feature influences a model’s
predictions across a dataset [30]. Constructed from an Ex-
planation object containing feature values and SHAP attribu-
tions, each point represents an instance, with the value of
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the feature on the horizontal axis and its SHAP value on
the vertical axis quantifying the contribution of the feature.
The vertical dispersion at similar feature values highlights
interaction effects, while an optional histogram shows the
empirical distribution of the feature, supporting the analysis
of linear or non-linear relationships [31]; SHAP formalizes
interactions using the Shapley interaction index, decomposing
contributions into main and pairwise effects. The API colors
the points according to the strongest interacting feature to
make the dependencies explicit. By capturing instance-level
attributions, SHAP dependence plots extend classical PDP,
providing a finer-grained and more expressive representation
of model behavior [30].

B. Virtual Reality in Immersive Analytics
VR is an HCI paradigm to immerse, navigate, and interact

within computer-generated 3D environments. VR systems rely
on stereoscopic rendering, motion tracking, and real-time in-
teraction for spatial exploration of digital content [26]. These
systems aim to induce a sense of presence through immersion,
allowing users to respond to virtual stimuli while remaining
aware of their artificial nature [20], [32]. High-quality immer-
sion depends on accurate head tracking, consistent mapping
between physical movements and virtual actions, and stable
real-time rendering [20], [32]. Maintaining stable rendering
performance, typically above 60 FPS with low latency, is com-
monly associated with smooth interaction and reduced cyber-
sickness [33], [34].

VR system evaluations commonly use performance metrics
such as CPU/GPU/RAM utilization, and error rates [33]. Ef-
ficient rendering aims to reduce draw calls and latency spikes,
while scalability for large datasets relies on GPU paralleliza-
tion, compute shaders, level-of-detail techniques, and frustum
culling [35], [36]. Modular architectures and API-driven de-
signs support extensibility and integration with external data
processing pipelines [16], [29]. Tracking accuracy analyzes
record spatial and temporal data to evaluate positional and
angular precision during interaction tasks [34].

VR hardware has evolved from room-scale Cave Automatic
Virtual Environment systems to portable HMDs [32]. Real-
time engines such as Unity and Unreal Engine support soft-
ware development for device integration, interaction, and ren-
dering capabilities [20], [35], [36]. Unity supports XR de-
velopment through the XR Interaction Toolkit, which enables
object manipulation, locomotion, and interface control, and
integrates with HMDs through OpenXR [17].

C. Head-Mounted Displays
HMDs are wearable devices that provide stereoscopic vi-

sualization and six degrees of freedom (6-DOF) tracking,
enabling real-time immersion and interaction in 3D environ-
ments. Modern standalone HMDs integrate sensing, computa-
tion, and display capabilities within a single device, supporting
mobile immersive applications [20], [26].

These devices deploy immersive visualization systems under
real-time rendering and interaction constraints, where compu-
tational resources, latency, and display refresh rates directly
affect user experience and system performance.

III. IMMERSIVE ANALYTICS VISUALIZATION SYSTEM
DESIGN

This section presents ImmersiveSHAP, an immersive ana-
lytics visualization system that renders a 3D SHAP depen-
dence scatter plot using Python, Unity, and Meta Quest 3.
The source code developed in this study is available in the
ImmersiveSHAP GitHub repository [37].

A. System Architecture

We propose ImmersiveSHAP, an immersive analytics visual-
ization system that follows the conceptual design introduced in
[28], and establishes an extended modular pipeline composed
of four modules: Preprocessing, Communication, Rendering,
and Visualization & Immersive Analytics. Fig. 1 illustrates the
architecture supporting the system’s design and deployment.
Each module comprises specialized submodules that address
specific stages of the workflow, collectively enabling the
generation, transmission, rendering, and immersive exploration
of SHAP-based explanations. The pipeline is defined inde-
pendently of specific implementation technologies, supporting
portability across different rendering engines and program-
ming environments.

The system adopts a distributed client–server architecture
using WebSocket communication to integrate Python-based
analytical processing with immersive visualization in Unity.
Similar architectural decoupling has been used in prior immer-
sive systems to improve performance and interaction stability
[16], [17], [29]. As shown in Fig. 2, the Python server
performs data loading, model training, and SHAP explana-
tion generation, while the Unity client manages rendering
and user interaction. This separation offloads computationally
intensive tasks to the backend, allowing the HMD to focus on
low-latency rendering, motion tracking, and interaction. The
system is not fully autonomous because it depends on the
external server for preprocessing and explanation generation.
This dependency constitutes a design limitation of the current
implementation.

1) Preprocessing Module: This module performs data
preparation, model training, and SHAP-based explanation gen-
eration using Python. The system supports XGBoost regres-
sion and classification models trained on the Iris [38], Breast
Cancer [39], and California Housing [40] datasets, covering
multiclass, binary, and regression tasks. The request manager
submodule coordinates the workflow and serves as the mod-
ule’s entry point, receiving deserialized requests from the
WebSocket server and orchestrating dataset inspection, data
loading, model training, explanation computation, and plot
generation.

The resource inspector submodule centralizes metadata
for datasets, models, colormaps, and supported plot
types, enabling semantic validation prior to execution.
shap.Explainer() computes explanations and produces
a shap.Explanation object from which feature values,
SHAP attributions, and metadata are extracted and organized
into a structured format for export to Unity. The module
also generates a 2D SHAP dependence scatter plot for
comparison. Although the pipeline is extensible, the current
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Fig. 1. ImmersiveSHAP Visualization pipeline.

validation focuses on SHAP dependence scatter plots, and the
plot dispatcher submodule selects the appropriate plot type
based on the input configuration.

The system preserves the semantics of the standard 2D
SHAP scatter plot, which maps feature values to the X-axis
and SHAP values to the Y-axis, while encoding a secondary
interacting feature through color. This structure is extended
into 3D VR by assigning the interaction feature to both color
and depth (Z-axis). This mapping preserves the original X–Y

relationships, such that a frontal orthographic view reproduces
the corresponding 2D plot. The additional spatial dimension
may reduce overplotting and provide alternative perspectives
for analyzing feature interactions, clustering patterns, and dis-
tribution dispersion. This approach complements conventional
2D visualizations, as simpler tasks (e.g., single-feature trend
inspection) may remain more efficient in planar representa-
tions.

The module supports both regression and classification
tasks, including binary and multiclass settings, enabling class-
specific attributions when applicable. Interaction variables
can be specified by the user or automatically selected using
shap.utils.approximate_interactions(), which
provides a heuristic ranking of candidate feature interactions.
This functionality enables a consistent mapping of interaction
features to the Z-axis while preserving alignment with the
underlying SHAP explanation.

2) Communication Module: This module enables bidirec-
tional data exchange between the Python-based preprocessing
environment and the Unity-based visualization system through
a WebSocket client–server architecture. The Python compo-
nent operates as the server, serializing explanatory data in
JSON, while the Unity application acts as the client, issuing
visualization requests and receiving responses. Depending on
the deployment configuration, communication occurs over
localhost or a local wireless network, preserving data in-
tegrity and semantic consistency while supporting efficient
request–response interactions.

3) Rendering Module: The rendering module transforms
explanatory data, such as SHAP values, feature values, and
associated metadata, into 3D visualizations using Unity. It
focuses exclusively on data-to-visual mapping and rendering,
without handling interaction logic or user interface compo-
nents. Its submodules handle data ingestion; filtering through
clipping and downsampling; scaling and normalization into 3D
space; geometric construction using instanced primitives (e.g.,
sphere-based prefabs); visual encoding of attributes such as
color, size, and transparency; and the generation of labeled
reference axes.

Additional components manage scene configuration, includ-
ing spatial layout, cameras, and lighting, while the Render-
erController activates and configures rendering profiles for
personal computer (PC) and Meta Quest deployments. The
PlotManager acts as the central orchestrator, coordinating
data flow, rendering requests, and scene updates by executing
submodules sequentially to ensure consistent rendering of 3D
explanatory plots.

4) Visualization & Immersive Analytics Module: This mod-
ule enables immersive exploration, interaction, and compara-
tive analysis of 3D visualizations in a VR environment using
HMDs such as Meta Quest 3. It supports navigation, point-
level selection, and detail-on-demand mechanisms, providing
visual feedback (e.g., color changes) and contextual tooltips
directly within the 3D space. These are triggered when the
user hovers over a point and remain fixed upon selection. Each
point is defined as an interactable object, enabling detection
through raycasting.
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Fig. 2. ImmersiveSHAP system architecture.

These interaction mechanisms enable point-level inspection
of SHAP-based explanatory data. A configurable user inter-
face allows users to select datasets, models, plot types, and
colormaps, supporting flexible immersive analysis.

Fig. 3 presents example outputs of the ImmersiveSHAP
system for the California Housing dataset, illustrating the
extension from conventional 2D representations to immersive
3D visualization and interaction.

B. Materials

System development and testing used a workstation
equipped with an AMD Ryzen 7 7735HS processor (3.20
GHz), 16 GB of RAM (15.2 GB usable), a 512 GB SSD,
and an NVIDIA GeForce RTX 4050 Laptop GPU with 6
GB of dedicated memory, complemented by integrated AMD
Radeon Graphics (486 MB). The system was deployed on a
Meta Quest 3 standalone headset, powered by a Qualcomm
Snapdragon XR2 Gen 2 SoC and 8 GB of LPDDR5 RAM.
The device features dual RGB LCD displays with a resolution
of 2064 × 2208 pixels per eye, pancake optics, and a 72 Hz
refresh rate for these experiments. Interaction uses two Touch
Plus controllers (6-DoF), and connectivity relies on Wi-Fi 6E.

The server-side communication module is implemented in
Python using the WebSockets library (version 15.0.1). On
the client side, in Unity, communication uses the NativeWeb-
Socket library [41].

The preprocessing module is implemented in Python 3.11.9
using SHAP 0.48, NumPy 2.2.6, Matplotlib 3.10.3, scikit-
learn 1.7.0, and XGBoost 3.0.2. Rendering and interaction are
implemented in Unity version 6000.0.29f1 using the Universal
Render Pipeline (URP), which supports lightweight rendering
on standalone XR devices.

The system integrates the XR Interaction Toolkit (ver-
sion 3.0.8), including XR Origin, interactors, and interaction
providers. XR Plugin Management uses OpenXR for device
compatibility. Controller profiles for Meta Quest devices are
enabled, and Starter Assets support input configuration. The
XR Device Simulator supports PC-based testing. Interaction
relies on ray-based selection and controller input.

For deployment, the application was built for Android using
Unity’s Build and Run option, with OpenXR enabled, the
IL2CPP scripting backend, ARM64 architecture, a minimum
API level of 29 (Android 10), and ASTC texture compression.

Standalone operation requires the PC and the
HMD to connect to the same wireless network. The
websockets.serve(handler, "0.0.0.0", 8765)
configures the Python server to listen on all network interfaces
and accept connections from devices on the local network.
The Unity client connects using the PC’s IPv4 address and
the same port (8765).

This distributed configuration offloads computational tasks,
such as model inference and SHAP generation, to the backend
while preserving HMD resources for rendering and interaction.
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(a) 2D SHAP scatter plot

(b) User interface

(c) 3D SHAP visualization

(d) Interaction in VR

Fig. 3. ImmersiveSHAP views for the California Housing dataset: (a)
2D SHAP scatter plot, (b) user interface, (c) 3D visualization, and
(d) VR interaction with tooltips.

Although the application runs in standalone mode on the Meta
Quest 3, it depends on the external server for data processing
and is therefore not fully autonomous.

C. Metrics

For this study, we evaluated the system using the Iris,
Breast Cancer, and California Housing datasets to assess
performance across varying point cloud sizes, corresponding
to the number of GameObjects instantiated in the rendered
scatter plot. Each experiment was repeated three times under
identical conditions, using the same feature assignments for
the X, Y, and Z axes, the same colormap, and the same AI
model to ensure consistent and reliable results.

We performed a technical validation to quantify end-to-
end latency, from initial plot configuration to final visual
rendering, and to identify the system’s scalability limits. In this
context, scalability is the maximum point density the system
can support before significant performance degradation or
visual instability occurs. The dataset size directly determines
the number of points rendered in the VR environment. The
Iris dataset was used as a baseline (representing a low-
density scenario) to estimate the system’s minimum scalability
overhead. Conversely, the California Housing dataset enables
evaluations of stability and scalability at medium-to-high point
densities. For this dataset, we varied the number of rendered
points from 2,000 to 20,640 (the full dataset size) to validate
the system’s scalability and determine at what point its per-
formance degrades.

Table I summarizes the experimental configuration, includ-
ing the dataset size, the features assigned to the x and z axes,
the selected target, the model used, and the number of points
rendered per test (N).

TABLE I
IMMERSIVESHAP EXPERIMENTAL CONFIGURATION

Dataset Task Size Configuration
Iris Multiclass 150 Model: XGBCls.

Target: versicolor
X: Petal length - Z: Sepal
width
N = 150

Breast Can-
cer

Binary 569 Model: XGBCls.
Target: benign
X: Mean area - Z: Worst
smooth.
N = 569

California
Housing

Regression 20,640 Model: XGBReg.
Target: MedHouseValue
X: HouseAge - Z: AveOccup
N = {2,000, 5,000, 10,000,
15,000, 20,640}

The three core dimensions of performance assessment are:
• Latency Response: Including Network Latency (Round

Trip Time (RTT)), Server Processing Time, and Client
Rendering Time (Unity instantiation).

• Visual Rendering Performance: Analyzing Average
Frame Rate (FPS) and 1% Low FPS (jitter detection).

• Hardware Resource Efficiency: Monitoring CPU/GPU
utilization, power consumption, and system temperature
on the Meta Quest 3 standalone hardware.
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The Meta Quest Developer Hub (MQDH) [42] collects
system-level telemetry using the OVR Metrics Tool and An-
droid Logcat [43] for high-precision Unity timestamps, and an
asynchronous server-side log for Python processing metrics.
Table II lists the measured performance metrics.

TABLE II
PERFORMANCE AND SYSTEM METRICS

Category Metric Description

Latency

End-to-End Latency
(Total Wait ms)

Total time from request to visual
confirmation.

Network Latency
(RTT)

Round-trip delay excluding server
processing.

Server Processing
(Train + SHAP)

ML training and SHAP explanation
time.

Client Rendering
(Unity Engine ms)

3D instantiation and rendering
time.

Data Parsing
(Unity Parsing ms)

JSON deserialization on the head-
set.

Visual Perf.

Avg Frame Rate
(Avg FPS)

Sustained rendering smoothness
(target: 72 Hz).

1% Low FPS Extreme frame drops (1st per-
centile).

Critical Frame La-
tency (CFL ms)

Worst-case frame time (visual stut-
ter).

Geometry Complex-
ity

Average vertex count per frame.

Hardware

CPU Utilization Average CPU load (%).
GPU Utilization Rendering workload (%).
Memory Footprint RAM usage (PSS, MB).
Energy Consumption Instantaneous power draw (W).
Thermal Stress Battery temperature (°C).

IV. RESULTS AND DISCUSSION

This section presents the technical validation of the pro-
posed system, focusing on latency, visual rendering perfor-
mance, and hardware efficiency metrics. Table III summarizes
the experimental results.

To analyze system latency, we decomposed the end-to-end
pipeline into three stages: server-side computation, network
communication, and client-side rendering. This decomposition
allows identifying whether delays originate from Python-based
model training and SHAP computation, network RTT between
Python and Unity, or Unity instantiation and rendering. The
results show that server-side latency increases with dataset size
due to the computational cost of calculating SHAP values. In
contrast, network latency depends on payload size and remains
stable during transmission, as the dataset is transferred in a
single response. The maximum observed average RTT was
545.08 ms for the full California Housing dataset, indicating
that the asynchronous WebSocket architecture supports high-
density data transfer. Client-side rendering time increases with
the number of points, from 28.67 ms for 150 points (Iris
dataset) to 4,415.67 ms for 20,640 points (California Housing
dataset).

Overall, server-side SHAP computation is the primary con-
tributor to end-to-end latency, while network communication
and client-side processing (parsing and rendering) have a com-
paratively lower impact. Fig. 4 reports the latency components
and payload sizes for each dataset.

To evaluate scalability, we analyzed frame rate degrada-
tion as the number of rendered points increased, relating
N to Avg FPS and total wait time. The system maintains

Fig. 4. End-to-end latency decomposition (Pipeline stages).

performance near the device refresh target (72 FPS) up to
N = 2,000 (70.17 FPS). Beyond this point, performance
declines, reaching 48.47 FPS at N = 5,000, below commonly
reported VR thresholds (≈60 FPS). These results suggest a
practical scalability limit of around 2,000 rendered GameOb-
jects on the Meta Quest 3. End-to-end latency remains high
due to server-side SHAP computation (average total wait of
88,778.98 ms for larger datasets). The divergence between
stable latency and decreasing FPS indicates that on-device
GameObject instantiation is a bottleneck. A non-linear FPS
increase at N = 15,000 (64.09 FPS) is observed, which
may be associated with the reactive resource management
and clock-scaling mechanisms of the standalone HMD under
sustained load, and performance does not recover to the target
level. These scalability limitations affect temporal stability.
To verify this, we analyzed system behavior as the number
of rendered points increased, using both average FPS and
1% Low FPS, which captures short-term frame rate drops
associated with rendering irregularities (Fig. 5).

Fig. 5. Stability validation (avg FPS & 1%Low FPS).

At low point densities, the system maintains an average FPS
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TABLE III
END-TO-END LATENCY, VISUAL PERFORMANCE, AND HARDWARE UTILIZATION METRICS PER DATASET (MEAN ± STD)

Dataset Total Wait (ms) Avg FPS 1% Low FPS CPU Util (%) GPU Util (%) Power (W) Temp (◦C)
mean std mean std mean std mean std mean std mean std mean std

Iris 2004.4 180.5 72.37 0.05 70.93 0.13 26.81 2.79 24.98 0.85 2.37 0.26 33.10 5.24
Cancer 1459.6 20.2 72.37 0.07 70.45 0.45 35.60 2.37 39.33 3.20 2.83 0.10 37.88 2.14
California 2000 77877.1 37555.7 70.17 0.94 50.21 5.91 50.60 0.82 71.65 2.21 3.19 0.12 40.13 0.12
California 5000 82558.2 24657.6 48.47 5.68 10.99 3.60 55.59 3.86 81.18 7.56 3.69 0.50 38.79 1.80
California 10000 111083.9 5993.0 53.17 5.00 3.41 1.95 55.39 0.63 83.65 3.08 3.10 0.23 39.54 1.37
California 15000 89485.5 16790.0 64.09 6.42 2.82 0.74 60.92 0.66 76.79 5.24 2.70 0.34 38.94 0.70
California 20640 82890.1 22805.0 49.31 2.53 1.33 0.58 67.00 6.64 84.31 2.84 4.01 0.78 38.61 1.74

close to the device target, with a slight reduction observed at
N = 2,000 (70.1 FPS). As the number of rendered points
increases to N = 5,000, average FPS decreases to 48.47,
accompanied by a drop in the 1% Low FPS to 10.99, indicating
increased frame time variability. For N ≥ 10,000, both metrics
continue to degrade, with a widening gap that reflects the
growing computational and rendering load. These results sug-
gest that GameObject-based rendering introduces scalability
constraints on standalone VR devices beyond approximately
5,000 points.

To determine the main causes of instability, we analyzed
the effect of geometric complexity on GPU behavior relating
Avg Vertices with GPU Load metrics (Fig. 6).
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Fig. 6. Rendering impact (Geometry complexity vs GPU utilization).

GPU Load rises from a baseline of 20–25%, reflecting
inherent VR system overhead, to over 85% as vertex den-
sity increases, confirming that point-cloud rendering imposes
substantial graphics costs. Regression analysis shows a clear
scaling trend, while the confidence interval at higher vertex
counts indicates greater variability in performance. At high
densities, GPU utilization nears saturation, operating close
to the Meta Quest 3’s thermal and processing limits. These
findings indicate that geometric complexity is a key factor
causing GPU stress and frame-rate drops in high-density
visualizations.

The impact of interaction on system stability, measured
by relating CFL to the 1% Low FPS metric, shows an
inverse relationship (Fig. 7). A critical threshold occurs at
approximately 16 ms, beyond which interaction spikes caused
by ray–interactor collisions reduce performance from around
70 FPS to below 10 FPS (Table III), resulting in severe
stuttering. High-CFL samples cluster during periods of in-
tensive interaction, suggesting main-thread blocking due to

synchronous raycasting and tooltip updates. Although GPU
rendering remains stable, CPU stalls delay frame submission,
producing perceptual judder. The widening confidence interval
further indicates unstable behavior under interaction load.
Overall, these results indicate that synchronous interaction
tasks on the Unity main thread, particularly ray-interactor
collisions, constitute the primary bottleneck affecting visual
stability during exploration.
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Fig. 7. Interaction Impact (CFL ms vs 1% Low FPS).

To identify the underlying cause of this interaction-induced
instability, we analyzed the processor cost of transitioning
from an idle pipeline state (where the application is running,
but points have yet to appear) to an active interactive visualiza-
tion, in which spheres appear in 3D space, and the user begins
interacting with them. Fig. 8 illustrates this interaction cost
by isolating the hardware stress jump between phases. CPU
utilization remains stable at 20–23% across all tests during
the idle phase, indicating that communication and engine
initialization remain efficient and independent of data size.
In contrast, the active interaction phase increases CPU load,
which scales with the number of rendered points, rising from
26.81% for 150 points (Iris) to 67% for N = 20,640 points
(California Housing), leading to a thermal increase of up to
39.54°C. The sustained high-density interaction pushes the
hardware toward its thermal throttling threshold. Since server-
side processing completes before this phase, the additional
overhead is due to Unity main-thread tasks: object hierarchy
management and ray–interactor collision detection.

A. Discussion

The system implements a 3D extension of the SHAP depen-
dence scatter plot that preserves the semantics of the original



773 IEEE LATIN AMERICA TRANSACTIONS, Vol. 24, No. 8, AUGUST 2026

iris cancer

california_2000

california_5000

california_10000

california_15000

california_20640

Dataset

0

10

20

30

40

50

60

70

C
PU

 U
til

iz
at

io
n 

(%
)

CPU_Pipeline
CPU_Active

Fig. 8. CPU load expansion (Pipeline & Active Phase).

2D representation: the X-axis encodes feature values, the Y-
axis encodes SHAP values, and the interaction maps to both
color and depth (Z-axis). This design supports the exploration
of multivariate relationships, including clustering patterns,
distribution dispersion, and potential non-linear interactions,
while maintaining consistency with the original explanation.
However, simpler analytical tasks may remain more efficient
in 2D representations. The additional spatial dimension re-
duces visual overlap and supports localized inspection through
spatial separation, but it also introduces challenges, including
occlusion and perceptual distortions inherent to immersive
environments. Rendering constraints, data transfer latency,
and interaction precision can further affect performance. The
modular architecture supports extensibility to other SHAP
plots, although this work focuses on SHAP dependence scatter
plots, as extending additional visualizations requires redefining
their semantic mapping in 3D.

From a systems perspective, the results show that the main
constraints on performance are CPU-bound interactions and
object management. The analysis shows that the system is
primarily limited by CPU processing and interaction-related
overhead, with the Unity main thread being the primary bottle-
neck. GPU utilization increases predictably with visual density
but does not cause significant performance degradation, while
network transmission is less significant. A key finding is the
significant drop in FPS, reflected in the gap between the
average FPS and the 1% Low FPS (31.40 FPS). This gap
indicates that interaction-heavy tasks, such as raycast-based
selection and dynamic tooltips, exceed the 13.8 ms frame
time budget required for stable performance near the 72 Hz
device target. Consequently, frame instability can occur even
when the average frame rate stays within nominal performance
ranges.

The results characterize the system’s operational range for
datasets with N ≤ 2,000. At this density, the system achieves
an average of 70.17 FPS, remaining close to the 72 Hz
refresh rate target of the Meta Quest 3 and above, as well
as to the commonly reported minimum technical performance
thresholds for VR systems (≈ 60 FPS). With 71.65% GPU
utilization, it reflects a well-balanced trade-off between visual
fidelity and hardware capacity. Although the 1% Low FPS

drops to 50.21, falling below stable rendering performance
ranges, the thermal and energy profiles remain stable, av-
eraging 40.13°C and 3.19 W, respectively. These metrics
suggest stable thermal and energy behavior without triggering
thermal throttling. These results further suggest that residual
instability arises from interaction logic and CPU-bound thread
management (the overhead of Unity’s GameObject system),
confirming that the current architecture operates consistently
within the identified density limits.

The identified bottlenecks suggest opportunities for op-
timization. The current implementation relies on the syn-
chronous instantiation of individual GameObjects, in which
each data point includes a mesh, a renderer, and a collider
for interaction. Alternative approaches could improve perfor-
mance at higher data densities. GPU instancing or point-cloud
rendering may shift workload to the GPU by enabling multiple
meshes to be rendered in a single draw call using positional
and color buffers. Data-oriented approaches, such as Unity’s
ECS/DOTS, may organize data in contiguous memory and
enable parallel processing across CPU cores. Additionally,
compute shaders combined with spatial indexing structures
(e.g., octrees) may offload ray–point intersection to the GPU
while restricting interaction checks to relevant regions. To-
gether, these strategies may reduce CPU overhead and improve
performance in future iterations of the system.

V. CONCLUSIONS AND FUTURE WORKS

This work focuses on XAI & IA integration, developing
ImmersiveSHAP, an immersive analytics visualization system
that extends traditional 2D SHAP scatter dependence plots
into interactive 3D visualizations in VR. The system integrates
Python-based SHAP computation with Unity-based rendering
and interaction through a modular client–server architecture.
The WebSocket protocol enables communication between the
Python server and the Unity client, supporting both localhost
(on the same computer) and wireless deployment on HMDs
such as the Meta Quest 3. The current research focuses on
SHAP dependence scatter plots. While the pipeline is extensi-
ble, generalization to other SHAP visualizations remains future
work.

The proposed system demonstrates the technical viability
of delivering precomputed SHAP-based explanations from a
preprocessing backend to an immersive visualization envi-
ronment, thereby enabling interactive exploration without in-
curring significant network overhead. Experimental validation
shows that the system operates as a technically validated ref-
erence architecture for XAI & IA visualization, supporting the
synchronized delivery and rendering of post hoc explanations
in VR environments.

The results indicate that the system maintains stable perfor-
mance on datasets with N ≤ 2, 000, achieving an average
frame rate of 70.17 FPS, which remains close to the VR
device’s 72 Hz refresh target. Although the recorded 1% Low
FPS of 50.21 at this density suggests potential short-term
instability, it remains near acceptable performance levels. At
this operating point, the system reaches 71.65% GPU uti-
lization, signaling an efficient balance between visual quality
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and hardware capacity. Thermal and energy profiles remain
stable, averaging 40.13◦C and 3.19 W, respectively, supporting
sustained operation without evidence of thermal throttling or
significant battery impact. Identifying interaction-driven bot-
tlenecks provides a clear path to refine synchronous logic and
improve performance in future iterations.These findings define
a practical scalability boundary and highlight the importance
of technical validation in XAI & IA visualization systems.

From a methodological perspective, this work provides a
quantitative characterization of system-level performance con-
straints and establishes a validated baseline for XAI & IA visu-
alization. This technical validation represents a necessary step
toward reliable user-centered evaluation, ensuring that future
studies assess interpretability rather than artifacts introduced
by system limitations.

Future work could address current system limitations by
refining interaction logic, improving performance at higher
point densities, and extending support to additional SHAP
visualizations. Within the validated operational range (N ≤
2,000 points), the system demonstrates stable performance,
providing a technical basis for future proof-of-concept user-
centered evaluations. These evaluations may assess user per-
ception, cognitive load, interpretability, and task performance
under controlled conditions.
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