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1 Abstract
This thesis presents a series of studies that explore advanced computational techniques
and interfaces in the domain of human-computer interaction (HCI), specifically focusing
on brain-computer interfaces (BCIs), vision transformers for medical diagnosis, and eye-
tracking input systems. The first study introduces PhysioLabXR [1]1, a Python platform
designed for real-time, multi-modal BCI and extended reality experiments. This platform
enhances the interaction in neuroscience and HCI by integrating physiological signals
with computational models, supporting sophisticated data analysis and visualization
tools that cater to a wide range of experimental needs.

The second study delves into the application of vision transformers to the medical field,
particularly for glaucoma diagnosis. We developed an expert knowledge-distilled vision
transformer that leverages deep learning to analyze ocular images, providing a highly
accurate and non-invasive tool for detecting glaucoma, thereby aiding in early diagnosis
and treatment strategies.

The third study explores SwEYEpe, an innovative eye-tracking input system designed
for text entry in virtual reality (VR) environments. By leveraging eye movement data
to predict text input, SwEYEpe offers a novel method of interaction that enhances user
experience by minimizing physical strain and optimizing input efficiency in immersive
environments.

Together, these studies contribute to the fields of HCI and medical informatics by
providing robust tools and methodologies that push the boundaries of how we interact
with and through computational systems. This thesis not only demonstrates the
feasibility of these advanced technologies but also paves the way for future research that
could further integrate such systems into everyday applications for enhanced interaction
and diagnostic processes.

2 Introduction

2.1 Motivation and background

2.1.1 Evolving Interfaces in Human-Computer Interaction

The realm of Human-Computer Interaction (HCI) has seen transformative changes over
the past few decades, driven by advances in both hardware capabilities and software
innovations. Central to this evolution is the development of interfaces that are not only
more intuitive but also capable of capturing and interpreting complex user inputs. This
thesis is anchored in the belief that the next frontier in HCI lies in seamlessly integrating
physiological data into these interfaces, thereby enabling more natural and efficient user
interactions.

1PhysioLabXR was called RenaLabApp in early stage.
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2.1.2 The Need for Enhanced Diagnostic Tools in Healthcare

In parallel to advancements in HCI, the healthcare sector has increasingly turned to
technology to address diagnostic challenges. Particularly in the field of ophthalmology,
early detection and accurate diagnosis of conditions like glaucoma are critical yet fraught
with difficulties due to the subtlety of early symptoms and the complexity of the tests
required. Advanced imaging techniques and machine learning models, such as vision
transformers, represent a promising solution to these challenges by providing high
accuracy in identifying pathological features from ocular images.

2.1.3 Integration of Brain-Computer Interfaces and Extended Reality

The integration of brain-computer interfaces (BCIs) with extended reality (XR) systems
offers unprecedented opportunities for both research and practical applications in
neuroscience and HCI. By leveraging real-time physiological data, these systems can
enhance user engagement and provide novel methods of interaction within virtual
environments. This is particularly pertinent in scenarios where traditional input devices
are impractical or insufficient, such as in virtual reality (VR) applications where users’
physical movements may be limited.

2.1.4 Motivation for Advanced Input Methods in Immersive Environments

As immersive environments become increasingly prevalent, the need for efficient and
intuitive input methods grows. Eye-tracking technologies provide a compelling solution
by enabling users to interact with digital content through natural eye movements.
The development of systems like SwEYEpe, which utilizes eye-tracking for text input,
exemplifies the potential of such technologies to revolutionize user interaction in VR
and other immersive platforms.

2.1.5 The Motivation for This Research

This thesis is motivated by the potential of integrating cutting-edge computational
techniques with user-centric interface designs to significantly enhance the interactivity
and functionality of systems across healthcare and HCI domains. By focusing on the
development of robust platforms and tools that leverage eye-tracking, vision transformers,
and BCIs, this work aims to address the pressing needs for better diagnostic tools, more
immersive and accessible interfaces, and enhanced understanding and facilitation of
human-computer interaction.

2.2 Contributions of the Thesis

This thesis makes several significant contributions to the fields of human-computer
interaction, brain-computer interfaces, and medical diagnostics. The following are the
key contributions derived from the individual studies included in the thesis:



© Haowen Wei Master Thesis Report Page 6

2.2.1 Development of PhysioLabXR

The thesis introduces PhysioLabXR, a versatile Python platform for real-time, multi-
modal brain-computer interface experiments and extended reality applications. Key
contributions include:

• A comprehensive platform for integrating physiological sensors with XR systems,
facilitating a wide range of neuroscience and HCI experiments.

• Enhancement of data acquisition and processing capabilities, enabling efficient
performance in real-time experimental setups through the use of concurrent and
parallel programming.

• Open-source availability, which supports a broad adoption and collaborative
improvement by the research community.

2.2.2 Advancements in Glaucoma Diagnosis

A significant contribution of this thesis is the development and validation of a vision
transformer model for the diagnosis of glaucoma. Contributions include:

• Designing a novel deep learning model that incorporates expert knowledge to
effectively identify diagnostic features from ocular images.

• Demonstrating high accuracy in glaucoma detection, which could significantly aid
in early diagnosis and improve treatment outcomes.

• Integration with existing medical imaging platforms, enhancing their capabilities
with advanced AI tools.

2.2.3 Innovation in Eye-Tracking Input Systems

The thesis presents SwEYEpe, an innovative eye-tracking based input system designed
for virtual reality environments. Contributions include:

• Development of a novel text entry system using eye-tracking technology that
mimics the Swype keyboard, tailored for VR.

• Improvement of text entry methods in VR, offering a more natural and efficient
alternative to traditional input methods.

• Extensive user testing and validation, providing insights into usability and accessi-
bility, and setting a foundation for further enhancements.

2.2.4 Integration Across Platforms and Technologies

A cross-cutting contribution of this thesis is the integration of these technologies within
the PhysioLabXR framework, demonstrating:
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• Seamless interoperability between advanced diagnostic tools and interactive sys-
tems, which exemplifies the potential for cross-disciplinary innovations in technol-
ogy and healthcare.

• The potential for real-time, feedback-driven applications in immersive environ-
ments, enhancing user experience and system responsiveness.

2.3 Theoretical and Practical Implications

This work not only advances theoretical understanding but also offers practical im-
plementations that can be readily adopted and adapted. It bridges the gap between
experimental research and real-world applications, providing robust solutions that can
enhance both user experience in HCI contexts and patient outcomes in healthcare
settings.

2.4 Overview

This thesis is organized into six main sections, each designed to systematically explore
the integration of advanced computational techniques with user-centric interface designs
for enhanced diagnostic tools and human-computer interaction. The structure of the
thesis is as follows:

2.4.1 Background and Related Work

This section reviews the literature and related works in the fields pertinent to the thesis.
It covers:

• Brain-Computer Interfaces: Discussing the development and application of BCIs
in various contexts.

• Extended Reality in Medical and HCI Applications: Examining how XR technolo-
gies are being integrated into healthcare and HCI.

• Eye Tracking Technologies: Reviewing the development and use of eye-tracking
technologies in interactive systems.

• Vision Transformers in Medical Imaging: Exploring the application of vision
transformers in medical diagnostics.

• Review of Existing Technologies and Their Limitations: Critically analyzing
current technologies and identifying gaps that this thesis addresses.

2.4.2 PhysioLabXR: A Platform for Real-Time, Multi-modal Experiments

This section introduces PhysioLabXR, a Python platform designed for real-time, multi-
modal BCI and XR experiments. It details the software architecture, design principles,
integration with physiological sensors, and extended reality systems. The section presents
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case studies and experimental results to validate the platform’s effectiveness, discussing
the challenges encountered and the solutions implemented.

2.4.3 Interactively Assisting Glaucoma Diagnosis

Section 4 focuses on the application of a vision transformer model for glaucoma diagnosis.
It begins with an overview of glaucoma and the challenges in its diagnosis, followed by
the development process of the vision transformer model. This section also explores the
integration of this model with PhysioLabXR and evaluates the impact of the tool on
clinical practices through validation studies.

2.4.4 SwEYEpe: Eye Tracking and gesture Based Swype-like Input System

This section describes the development of SwEYEpe, an eye-tracking based text input
system for VR. It details the concept, design, and implementation of the system,
along with its integration into PhysioLabXR for real-time processing. User testing
and accessibility considerations are discussed, along with potential applications and
directions for future work.

2.4.5 Discussion

The final section synthesizes the findings from the thesis, comparing them with existing
solutions. It discusses the limitations and challenges faced during the research and pro-
poses directions for future research. This section aims to contextualize the contributions
of the thesis within the broader field of HCI and healthcare technologies.

3 Background and Related Work

3.1 Multi-modal experiments and supporting software

Modern experiments in neuroscience and related field continuously put more emphasis
on multiple modalities. Though the early-day experiment combining EEG and event
markers can be considered multi-input. The potential of multi-modal experiment shines
when different physiological measurement marries together. Sometimes streams can act
as events to extract epochs from other sensors, such as fixation-related potential (FRP)
studies where eye behavior and EEG are combined [2]. Multiple physiological signal
can also be combined to enhance the predictive power for application including emotion
recognition [3] [4] and movement actuation via sensorimotor rhythms [5]. They also
help study how different physiological systems interact like using pupil dilation as a
proxy for locus coeruleus activity[6].

Many analysis methods and computational modeling have been proposed specifically
for multi-modal data including the analytical approach of FRP deconvolution [7], and
the data-driven multi-modal deep learning (DL) models [8] [9]. Efforts have been



© Haowen Wei Master Thesis Report Page 9

taken more recently to design real-time interactive systems (i.e., BCIs) using multi-
modal data [10] and supporting software were developed [11][12]. Most commonly the
software are networking protocols focusing on timestamp synchronization across different
modalities. To provide researchers an open-source, community-driven software tool
for the increasing needs in multi-modal experiments, PhysioLabXR offers a complete
all-in-one GUI application for visualizing, recording, replaying past experiments, and
deploying end-to-end DSP and ML pipelines.

3.2 Software tools for real-time experiments

Software tools for handling physiological data in real-time can be broadly categorized
into two groups. The first group consists of proprietary software closely tied to specific
hardware, often developed by the manufacturer of the hardware. These device-coupled
software tools aim to provide a tailored experience for the types of signals captured by
their hardware, offering specialized data visualization interfaces. For example, NIRX
Aurora [13] provides a 3D scalp and cortex model for visualizing hemoglobin oxidation.
Meanwhile, these software often offer powerful data analysis tools for the respective
hardware, such as fixation detection in eyetracking software suites like Tobii [14]. While
this line of software excel in their compatibility with the associated device, they often
lack support for multi-modal experiments (e.g., pair fNIRS with eyetracking), as the
data they capture remain isolated within their ecosystem and cannot be synchronized
with other modalities. To address this limitation, researchers often resort to third-
party solutions that support integration with all the data sources in their experiment.
LSL solves the inter-device compatibility problem as a standardized network protocol
for synchronizing data from different devices [11] [15]. ZMQ is another networking
protocol popular among researchers for streaming high-throughput data with low latency
between processes [16] [17] [18]. These libraries offer bindings with various programming
languages, making them versatile choices for various platforms. Nevertheless, when
devices lack built-in support for standardized data streaming protocols, researchers must
create scripts to relay the data to the network. On the receiving end, LSL comes with a
serialization protocol and a standalone software - LabRecorder [11], offering a GUI for
monitoring available streams and recording them to the local file system.

At the same time, the data transfer middleware does not cover the ability to visually
inspect data streams in real time, which is crucial for many experiments, particularly
those involving devices prone to failure and artifacts during operation, such as EEG
and fNIRS. Real-time visualization allows experimenters to react promptly to sensor
failures and prevent wasting valuable participant time. Additionally, visualizing multiple
streams as they come in helps researchers gain deeper insight. They can, for example,
observe the stimulus event triggers on the event marker stream while inspecting the
EEG streams for corresponding event-related potential [19].

With that, we come to the second group of device-independent graphic software tools;
many have been proposed over the years to assist researchers and practitioners in
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conducting experiments involving real-time data collection and feedback. These tools
often utilize the networking protocols mentioned earlier for data transfer and may include
native plug-ins for specific devices, such as Brainflow for OpenBCI devices [20]. Some
offer features such as real-time data processing modules as in NeuroPype [21], and MNE
S [22]. At the time of this article, a majority of popular experiment platforms such
as OpenVibe, MNE Scan, and FieldTrip are primarily built using statically compiled
languages (e.g., c and C++) or proprietary languages (e.g., MATLAB). While tools
such as OpenVibe and NeuroPype offer scripting interfaces where users can add custom
scripts in Python, it is worth noting that Python, despite its rising popularity as a
programming language [23] for its ease of use and versatility, is less favored by developers
as a backbone language for experiment platform that requires high precision and high
data throughput. Although not impossible, implementing an experiment platform in an
interpreted language like Python necessitates significant optimization efforts to match
the performance level of platforms built with a compiled language. Nevertheless, one of
the objectives that PhysioLabXR seeks to address is to prioritize ease of understanding,
enabling users to expand and build upon its open-source foundation. As a result, Python
dominates PhysioLabXR’s implementation from frontend GUI to the backend servers
without sacrificing performance owing to its concurrent runtime architecture. Users are
welcome to use PhysioLabXR as a scaffold and leverage Python’s extensive APIs to
shape the platform according to their needs.

Custom scripting interface is a feature offered by most experiment software platforms,
allowing users to build flexible data processing pipelines. OpenVibe, for instance, is
known for its graphical pipeline builder while also allowing the addition of Python
and LUA scripts [24]. iMotion uses a platform-specific iMotion scripting language to
achieve the same goal [25]. With PhysioLabXR, users write Python scripts to interact
with any data stream and stream out the processed results with built-in I/O modules.
This flexibility allows users to design closed-loop systems, including deploying machine
learning models and sending predictions to and from PhysioLabXR.

Platform OpenVibe [24] BCILAB [26] Neuropype [21] iMotion [27] MNE Scan [22] PhysioLabXR[1]

Is Open Source ✓ ✓† ✓ ✓ ✓

Programming Language C++ MATLAB - - C++ Python

User Scripting ✓ ✓ ✓ ✓

Custom Sensor Interface ✓ ✓

Audio/Video Interface ✓ ✓ ✓

Table 1: Real-time software tools for physiological experiments or applications. This
table provides a non-exhaustive list of tools that have a dedicated GUI and are not
specific to a particular device. The entries included here are chosen as representative
examples with the features they offer. †: The cited software itself is open-source, but
it may rely on proprietary libraries (e.g., BCILAB builds upon proprietary MATLAB,
requiring additional licenses for end-users).
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3.3 Vision-based computer-aided diagnosis

Computer vision has significantly impacted medical processes involving imaging tech-
nologies, providing aids to tasks such as surgical planning and disease diagnosis [28]
[29]. In the domain of vision-based CAD, models have been proposed to improve the
interaction with these CAD systems by integrating Large Language Models (LLM) to
provide a natural language interface to supplement vision-based CAD models, offering
improved interactivity [30].

On the other hand, CAD tools in ophthalmology prioritize automatic disease detection
[31, 32, 33]. Interactive CAD tools for ophthalmic imaging, such as fundus and optical
coherence tomography (OCT) images, remain limited to targeting classification [34]
[35] and segmentation [36]. Nevertheless, advanced automatic screening tools provide
clinicians with minimal explanation regarding the decision-making process of the models,
limiting their clinical utility [37].

Authors in [38] attempt to address the gap in interactive tools with a web application
that supports uploading fundus images for glaucoma classification. This system employs
gradient-weighted class activation mapping (Grad-CAM) to visualize the diseased area,
offering a more intuitive understanding of the diagnostic process. The authors focus
more on the supporting model in the backend as have most studies in this field. Further
investigation is needed to validate the tool’s clinical relevance.

3.4 Deep learning identifying pathological RoI

Deep learning methods have recently come to center-stage for automatic identification
of regions of interest (RoI) in medical images [39] [40] [41]. This capability is not only
essential for accurate classification but also for providing insights into disease-specific
areas, thereby aiding clinicians in making informed decisions [42] [43] [44].

A number of studies have demonstrated the use of deep learning for detecting and
analyzing RoIs in OCT images. For instance, Chen et al. [45] developed an object
detection model that employs class-activation maps (CAM) to locate diseased areas in
OCT images. Wang et al. [46] focused on automatic glaucoma screening with OCT
images and showed qualitative analysis of the discriminated regions derived from CAM
in OCT B-scans, whereas a CNN model proposed by Kim et al. used gradient-weighted
CAM (GradCAM) to localize glaucomatous damage in fundus images [38]. Fang et
al. [47] introduced an attention-based convolutional neural network (CNN) to detect
lesions in OCT images, where salient feature extraction significantly aids classification.
Similarly, Hassan et al. [48] proposed a more generalized scanner-independent model that
combined segmentation and classification. These methods underscore the importance
of RoI identification in enhancing the clinical value of deep learning for OCT image
analysis.

Transformers, recently gaining traction in medical imaging, have been explored for their
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efficacy in RoI identification. Gao et al. [49] introduced UTNet, a hybrid transformer
architecture designed for this purpose. Additionally, Hossain et al. [50] examined
the application of Vision Transformers (ViT) for RoI identification, providing a new
perspective in this domain.

While Gao and Hossain’s models explicitly predict the RoI, attention rollout is a method
to implicitly extract discriminating regions from transformers from the dot product
between the query and the keys [51] [52]. Attention rollout is similar to CAM in the
sense that no RoI information is provided during the training process, and the ability to
locate relevant features is naturally from other training objectives such as classification
[53]. Mbakwe et al. [54] conducted a qualitative analysis using attention rollout on chest
scans. Their work with the CheXRelFormer model demonstrated the model’s capability
in focusing on pertinent regions.

Despite the promising results of automatic RoI detection in medical images, more studies
are needed to translate ML-based CAD system into clinically validated protocols, and
make them understandable to clinical practitioners [37]. The challenge is also noted
by Chen et al., who point out the lack of clinical translatability of these approaches
and question whether RoI identification truly aids ophthalmologists in clinical decision-
making [45]. Salas et al. [55] designed a study in which clinicians are asked to classify
OCT reports, while being presented with the predicted probability of glaucoma and
a Grad-CAM from the CNN model. They found the clinicians reported increased
confidence when the information from the model was present. This study represents
initial steps toward bringing ML-based RoI identification for medical image out of the
realm of qualitative observations to formal user studies.

3.5 Eye-tracking informed models for medical images

Recent advancements in medical image analysis have increasingly incorporated data-
driven approaches like transfer learning and feature fusion to enhance model performance
and accuracy [56]. Among them, integrating human expertise into machine learning
models has been an emerging area of research. A particular type of integration hinges
upon distilling clinical expertise. Li et al. asked ophthalmologists to note the important
features in fundus images by mouse clicks and trained a glaucoma detection model
incorporating the ophthalmologists’ “attention” [57]. As an implicit proxy for attention,
eyetracking data generated tacitly as clinicians analyze medical images has demonstrated
significant clinical relevance [58]. Eye-tracking data from clinicians encapsulates expert
knowledge in identifying salient features in medical images, such as in OCT scans.
Moreover, this expert knowledge can be a vital ingredient in delineating clinically-
relevant features for medical image datasets that are limited in quantity such as OCT,
making eye-tracking a valuable tool for informing and enhancing computational models
[59] [60].

Several innovative approaches have been developed recently to utilize eye-tracking data
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for the training of models that process medical images. One such approach is the Radio-
Transformer [61], which employs an Intersection-with-Union loss function. This method
designates the student network to learn from a teacher network trained on radiologists’
eye-tracking data, enhancing the model’s ability to identify regions of interest in chest
scans. Patra and colleagues (2019) present a sonograph model, another example of a
teacher-student knowledge-transfer framework. This model benefits from sonographer
gaze data to pinpoint RoIs and achieves comparable results with models that have
many more parameters [62]. Stember and colleagues (2019) utilizes segmentation masks
generated from eye-tracking data to train models that predicts semantic segmentation on
radiology images; they find that the model trained on eyetracking masks is comparable
to that trained with hand annotation [63]. In the realm of OCT images, Kaushal
and colleagues (2023) present the fixation-order-informed ViT, where the input image
patches to the model are chosen based on the fixation-order of ophthalmology resident
gaze data [64]. The Ophthalmologist-Gaze-Augmented ViT introduced in this work
forms the basis for the interactive ViT described in subsequent sections.

3.6 Eye tracking text input system

The integration of eye-tracking with virtual reality (VR) environments has further
enhanced the capabilities and potential applications of gaze-controlled text input systems.
Previous works, such as those by Kumar et al. [65] and Hummer et al. [66], have
demonstrated the feasibility of swipe-like keyboards that utilize screen-based eye-tracking
systems. These systems interpret the gaze path to predict text input, requiring explicit
user actions to initiate the swipe. This method compares favorably with traditional swipe
keyboards on smartphones by offering a hands-free alternative that can significantly
benefit users with physical disabilities.

Building upon these foundations, the development of such systems within VR platforms
has taken a significant step forward. In VR, the immersive environment provides a
more intuitive and spatially aware interface for eye-tracking inputs. This integration
not only enhances accessibility but also improves the interaction fidelity and comfort
for the user. The VR setting allows for a more natural calibration and tracking of eye
movements, which, coupled with advanced predictive text algorithms, can deliver an
even more efficient and user-friendly experience. By leveraging the unique capabilities
of VR, these advanced gaze-controlled text input systems ensure that communication is
more inclusive and accessible, further refining the accuracy and efficiency of gaze-based
interactions to create systems that are both responsive and comfortable for the user.
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4 PhysioLabXR: A Python Platform for Real-Time,
Multi-modal, Brain–Computer Interfaces and Ex-
tended Reality Experiments

2

Figure 1: PhysioLabXR and its major features for real-time, multi-modal experiments,
including various visualizations, digital signal processors, replay, and user scripting.

PhysioLabXR is a Python-based open-source software platform for developing experi-
ments for neuroscience and human–computer interaction (HCI) that involve real-time
and multi-modal physiological data processing and interactive interfaces. PhysioLabXR
provides native support for data sources such as electrophysiological sensors (e.g., EEG,

2

Haowen "John" Wei co-founded the PhysioLabXR project with Ziheng "Leo" Li. His contributions
were pivotal, including leading the creation of the platform’s core components like its data visualization
capabilities, graphical user interface, and device integration system. He designed an intuitive user
interface that simplified user interactions and streamlined experiment configurations. John also
developed a sensor fusion framework, custom real-time visualizers for TMS and fMRI data, and built-in
DSP modules to enhance the platform’s data processing capabilities. He crafted multiple brain-computer
interface paradigms, including the P300 Speller, and compiled extensive documentation to aid users
and promote educational outreach.

Ziheng "Leo" Li, as a co-founder, played a central role in building the platform from scratch. He
was the original visionary behind the idea for the PhysioLabXR project. His contributions included
significant GUI refinement and creation of the entire scripting interface, which allowed for advanced
customization and functionality within the platform. Leo’s work on the recording tab and the preset
system facilitated user interaction by saving user settings during platform use. He also refined the
stream settings widgets and added functionalities to image and spectrogram displays, enhancing the
platform’s visual data representation capabilities.

Ziwen Xie focused on developing the official website and authored documentation on integrating
PsychoPy with PhysioLabXR, thereby supporting the platform’s usability in psychological experiments.

Yunxiang Peng enhanced the platform by adding the .xdf saving format to the recording tab, which
is essential for data storage and analysis. He also created builds for Windows and iOS systems, thus
extending the platform’s accessibility across different operating systems.

Together, the team’s diverse contributions have solidified PhysioLabXR as a robust and versatile
platform, supporting a wide array of brain-computer interface applications and extended reality
experiments.

For more detailed information about individual contributions, please refer to the GitHub contributors
page.

https://github.com/PhysioLabXR/PhysioLabXR-Community/graphs/contributors
https://github.com/PhysioLabXR/PhysioLabXR-Community/graphs/contributors
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EMG, and EOG), fNIRS, eye trackers, cameras, microphones, and screen capture, and
implements the popular data transfer protocols Lab Streaming Layer [LSL] [11] and
ZeroMQ [ZMQ; [67]]. It features multi-stream visualization methods, real-time digital
signal processing (DSP) modules, support for recording and replay experiments, and a
Python-based scripting interface for creating custom pipelines.

PhysioLabXR has an architecture optimized through concurrency and parallelism to
ensure efficient performance. We provide a set of detailed tutorials covering all features
and example applications, such as a P300 speller with a Unity frontend [68] and a
mental arithmetic experiment interfacing with PsychoPy [69]. An accompanying set of
benchmarks demonstrates the ability of PhysioLabXR to handle high-throughput and
multi-stream data reliably and efficiently. Published use cases show its versatility for
VR and screen-based experiments [70][71] and sensor fusion studies [72].

4.1 Software Features

In this section, we cover the key features of PhysioLabXR including visualization,
recording, replaying, and scripting, DSP modules, and device connectivity. Each feature
is designed to address user needs in different aspects of experiments involving real-time
data collection and processing. We provide here a brief overview for each feature: 1) the
data stream API establishes connection with data sources, through native plugins,
network layers (LSL or ZMQ), or user-defined stream API. 2) PhysioLabXR provides
various real-time visual representations to help users better understand their data. 3)
Recording lets users capture experimental data in real-time and export them for further
analysis. 4) Replay enables users to play back data streams from past experiments,
and if needed, test their data processing script and algorithm in real-time as if the
experiment is currently running. 5) Scripting allows the user to add custom script
with modular input-output (IO) API. Users can incorporate data from various sources
into their scripts and create new data sources as needed. 6) Modular DSP is another
powerful feature in PhysioLabXR that allows users to apply various predefined signal
processing algorithms from a wide range of applications to their data streams. All these
features can be used in combination with each other, enhancing the overall potential of
PhysioLabXR. For example, filter can first be applied to EEG data, and the user can
visualize the filtered stream that can simultaneously drive a BCI with custom script.

Next we will discuss each feature and their usage in experiment scenarios with multiple
modalities. For a more comprehensive guide on how to use PhysioLabXR, we refer user
to the online documentation, which includes step-by-step instructions on how to utilize
each feature to its fullest potential.

4.1.1 Data Stream API

PhysioLabXR offers a variety of ways to connect to a wide range of hardware. The
stream API is modularly designed: classes extending StreamInterface are responsible

https://physiolabxrdocs.readthedocs.io/en/latest/index.html
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for producing data and connection with external data sources. PhysioLabXR has the
following built-in stream interfaces:

• network: connects to data streams broadcasted through local area network. Phys-
ioLabXR supports two network libraries: LSL [11] and ZMQ [67], both widely
adopted by researchers and practitioners for streaming experiment data. Users
may add LSL streams to PhysioLabXR by their stream names or types. For
zmq, PhysioLabXR supports the subscriber-publisher socket pattern, because this
pattern is more scalable when the cardinality of data is high and less error-prone in
case of either the publisher or subscriber process crashes. PhysioLabXR robustly
isolates the threads where the network interfaces reside, and notifies the user when
network errors occur.

• video device: PhysioLabXR is designed to work seamlessly with two types of video
data sources: screen capture and webcam. Any webcams and monitors connected
to the host computer is automatically recognized with a stream interface ready for
use. When recorded, streams from video devices are saved in uncompressed frames
with timestamps synchronized to all other streams. Note that while the video
device API is specifically for screen capture and devices recognized as webcams,
the user can plot any stream as images.

• audio device: PhysioLabXR supports audio input devices, such as microphones,
through its built-in interface. The software automatically connected audio input
devices on the host computer. The names of the available audio devices are
listed alongside other data streams, which the researcher can add. They can
also customize the device in ways including editing audio device parameters (i.e.,
sampling rate, number of channels, buffer size), and adding digital filters. This
feature enables the user to incorporate audio data of desired properties into their
real-time experiments within PhysioLabXR.

• native device: PhysioLabXR offers support for a variety of physiological recording
and environment sensing devices, including: PupilLabs and Tobii eyetrackers,
BioSemi ActiveTwo, OpenBCI, ABM B-Alert, NIRX fNIRS, and TI mmWave
sensor IWR6843 [72]. The experimenter can easily integrate any combination of
these devices into their multi-modal experiment. documentation

Custom Stream Interface In cases where a specific device is not yet natively sup-
ported by PhysioLabXR, users have the flexibility to add custom data interfaces. A
comprehensive guide on how to establish connections to any device can be found in the
Data Stream API page of the online documentation.

4.1.2 Visualization

Visualization is an essential aspect of data handling software, and PhysioLabXR follows
this convention. The primary entry point of PhysioLabXR is its Stream tab, where users
can connect to data sources by specifying the required parameters for each stream type

https://physiolabxrdocs.readthedocs.io/en/latest/index.html
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(e.g., stream name for LSL streams, as seen in section 4.1.1). Once added, the streams’
widgets are displayed in theStream tab, where users to customize their visualization
settings. Next, we will cover several UI features to make the data visualization more
accessible to the user.

4.1.3 Visualization

Visualization is an essential aspect of data handling software, and PhysioLabXR follows
this convention. The primary entry point of PhysioLabXR is its Stream tab, where users
can connect to data sources by specifying the required parameters for each stream type
(e.g., stream name for LSL streams, as seen in section 4.1.1). Once added, the streams’
widgets are displayed in theStream tab, where users to customize their visualization
settings. Next, we will cover several UI features to make the data visualization more
accessible to the user.

Grouping and Separating Channels Channels within the same stream can be
organized into groups thus plotted in separate plots. This feature is particularly helpful
when the channels measure different phenomena with different vertical scales. For
example, given a stream of a six-degree-of-freedom inertia-measurement unit, the user
can group the gyro-axis and accelerometer-axis channels together. Some device streams
include the timestamps in their data frames that are measured in epoch time that
reaches up to 1e9 if represented by an integer in seconds. If plotted as line char, the
different scales will flatline the more important data channels when plotted into the
same graph. Figure 2 illustrates an example of separating different channels into plot
groups (e.g., the BioSemi stream on the upper left where EEG and ECG are plotted
in individual plots). Furthermore, the user have the flexibility to hide specific groups
or channels from the plots, reducing clutter and optimizing the plotting area (e.g., the
meta information is hidden in figure 2).

Organizing multiple streams PhysioLabXR is designed to cater to experiments that
involve multiple data sources, aligning with the demands of modern neuroscience and
HCI research. While the software can also be utilized for single data source experiments,
many of its features truly shine when handling multiple streams concurrently, such as
EEG with eyetracking and video with audio. To help researchers inspect multiple streams
simultaneously, PhysioLabXR offers a convenient feature: each stream’s plotting widget
can be popped out as a separate window from the main interface. Figure 2 (a) shows
an example where four streams are organized in a tiled layout. Moreover, PhysioLabXR
is designed to scale when researchers opt to use large display and multi-monitor setups,
as shown in the triple screen setup depicted in figure 7 for a neuroscience experiment
use case). Such configuration is particularly advantageous for experiments involving
a substantial number of input feeds. Researchers can personalize the arrangement of
stream widgets by detaching them from PhysioLabXR’s main window and positioning
them across different screen areas according to their specific needs for visually inspecting
each data source.
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Figure 2: Multi-stream visualization of PhysioLabXR in an oddball experiment. The
app is connected to four streams: BioSemi [73] for EEG, Varjo HMD [74] for eyetracking
and pupillometry, event markers from Unity [68] as the stimulus presentation software,
and user-defined fixation detection. To facilitate monitoring multiple streams at the
same time, the user pops the stream widgets from the main app window and arranges
them in a grid layout on the desktop, as shown in (a). In addition, using the tree
widgets in stream options, the user groups the channels based on what signal they
represent, as shown in (b). Examples of grouped channels in this layout include: 1)
grouping the 64 EEG channels and the ECG channel for better visual representation,
2) using the distractor/target/novelty (DTN) channel in the EventMarker stream to
represent different stimuli types in the oddball paradigm (target, distractor, novelty), 3)
displaying fixations and saccades in the fixation detection channel, and 4) separating
eyetracking, pupil sizes, and gaze direction into distinct plots, with meta information
hidden to prioritize more visually relevant signals.
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Choosing visualization method PhysioLabXR offers a variety of visualization formats
at the researcher’s disposal to help best capture a signal’s characteristics. Fig. 3 gives
an experiment setup where all the plot types are used concurrently. The current release
(v0.1.0) supports the following visualization formats:

• line chart is effective for disclosing temporal trends. It is a commonly used
format for time series such as most neuroelectrical signals, eyetracking, and other
physiological signals when the researcher is interested in observing changes in
amplitude over a period.

• bar plot plots one frame of data at a time, making it suitable for scenarios where
temporal changes are less relevant. For example, researchers can employ this
format to visualize the predictions generated by a machine learning model, with
each class’s probability represented by a distinct bar.

• Image, 2D or 3D with color channels can be plotted by data sources as images
accordingly, such as those obtained from medical imaging devices.

• Spectrogram or FFT prove valuable for visualizing the spectral content of a
signal. While the FFT plots the present power spectral density, the spectrogram
shows its variation over time. They are commonly employed in the analysis of
EEG and audio data. Researchers can leverage PhysioLabXR’s spectrogram/FFT
visualization to gain insights into the frequency components and their changes
across time.

4.2 Recording

A recurring use case of data handling software in HCI, neuroscience, and related fields is
exporting the streamed data for offline analysis later. PhysioLabXR’s recording interface
is designed to record multi-stream, high-throughput data. PhysioLabXR’s native .dats
data format stands for Dictionary of Array and Timestamps, where the stream name
and data are stored in key-value pairs. Each key’s corresponding value is two arrays:
the data matrix (with shape Nchannel ×Ntimesteps) and the timestamp array (with shape
Ntimesteps). The .dats files can be loaded back into Python or MATLAB as a dictionary
for downstream analysis (see listings 1 and 2).

Listing 1: Example Code for Loading Recorded Data
from rena . u t i l s . data_ut i l s import RNStream

stream = RNStream( "path/ to /data . dats " )
data = stream . stream_in ( )

Listing 2: Example Code for Loading Recorded Data in Matlab
fn = "path/ to /data . dats " ;
data = stream_in ( fn ) ;



© Haowen Wei Master Thesis Report Page 20

Figure 3: Example use case of PhysioLabXR in a memory formation and retrieval
experiment involving realtime processing of pupillometry and fMRI streams. This
example demonstrates the diverse visualization options provided. In this experiment,
the participant is asked to navigate a virtual shopping mall and respond verbally during
their task. (A) The 3D fMRI visualizer shows fMRI data streamed in real-time. (B)The
experimenter uses PhysioLabXR to monitor and record the scene from the participant’s
first-person view while they perform the task. (C) The participant’s speech is captured
using a microphone connected to the software that visualizes the audio data as a
spectrogram. (D) Eye movement and pupillometry data are recorded through an eye
tracker outside the scanner that receives the participant’s eye image via a mirror. The
time series of the eye-tracking data are plotted in a line chart. (E) Simultaneously, an
ML model deployed through PhysioLabXR’s scripting interface predicts from the fMRI
data and pupillometry if a target memory is retrieved, with the two-class inference result
visualized as a bar plot.
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In addition to the native data format, users can choose other save formats to best fit their
working environment, eliminating the need to install additional software. PhysioLabXR
supports save formats, including Comma-separated Values (CSV), Extensible Data
Format (XDF), Pickle (Python), and MAT-files (MATLAB).

Synchronization between streams Synchronized timestamp is a crucial feature,
especially for multi-stream experiments when multiple data sources are involved. Fol-
lowing the standard of many widely-used experiment data handling interfaces such as
LSL [11], PhysioLabXR creates timestamps for recording data relative to the system’s
hardware local clock. PhysioLabXR includes three ways of timestamping: 1) Internal
Timestamping: A timestamp is attached to each frame (single time point) upon
the frame’s retrieval. If multiple data frames are received at one pull data cycle, the
timestamps are interpolated for these frames between the current and last time when
data was received. PhysioLabXR uses this method as the default timestamping for data
streamed via ZMQ, audio/video devices, and user-defined sources (see section 4.1.1 for
creating custom data sources). 2) LSL Timestamping: if the data is streamed via LSL,
PhysioLabXR prioritizes the timestamps that are automatically attached to each data
frame by LSL as they are pulled from inlets [11]. 3) Override with Channel Timestamp
Users have the option to select a channel within the data stream and override the other
two timestamp types with the values from that channel. This method is helpful when
some devices generate more precise timestamps than the computer’s local clock and the
experimenter prefer to use the device-generated ones. On the other hand, as long as the
device timestamps are streamed as a data channel, they will be available in the data
matrix, and the user will have both the device timestamps and the other timestamps
(one of the two discussed above depending on whether the data stream comes from LSL).

The internal timestamps are guaranteed to be synchronized across streams. If streams
from different hardware (e.g., fNIRS and eyetracking) are captured and sent to Physio-
LabXR via LSL, they are also synchronized with the local clock timestamps. On the
other hand, if the data sources came from different computer systems and are streamed
via LSL, the timestamps will need to synchronize post-hoc by computing constant offset
between different computers’ local clocks.

4.3 User Scripting

The scripting interface, or RenaScript, is one of the most extensible features Physio-
LabXR offers. It empowers researchers to run user-defined Python scripts, providing
full agency for creating and deploying custom data processing pipelines. With Python’s
versatility and vast array of fast-growing open-source libraries, users are encouraged
to creatively explore and experiment with novel applications such as close-loop neuro-
feedback. Users can implement DSP algorithms, run ML models with real-time data
streams, or communicate with external applications such as a cloud-computing platform
through Python APIs.
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With the script widget as part of the PhysioLabXR’s GUI, users can customize their
script by tuning its attributes to influence the behavior of the data processing pipeline.
The following list shows the editable attributes and what they control:

• Inputs defined using the data stream API (see section 4.1.1) can be added to any
scripts. Added inputs can be accessed in the script using self.inputs[my_stream_name].
Accessing the input gives a data matrix and the timestamp vector. The data
matrix is of shape (fnominal∗Tbufferduration, Nchannels), where fnominal is the nominal
sampling rate, Tbufferduration is the amount of data in seconds the buffer contains
and Nchannels is the number of channels for this stream. The timestamp vector
has fnominal ∗ Tbufferduration items, each corresponding to a row of entries in the
data matrix.

• Input buffer duration defines Tbufferduration, and determines the size of the circular
buffer that holds inputs. For example, the user defines an input to a script
that is an EEG stream with 2048Hz nominal sampling rate and 64 channels.
If the buffer duration is set to 1 second, the data matrix obtained from calling
self.inputs[my_stream_name] will have shape (2048, 64).

• Run frequency defines Frun. It controls how often the loop function in the user
script is called per second.

• Outputs: user can create output streams within scripts by adding outputs. An
output is defined by the output stream name and its number of channels. An
output stream is broadcasted on the network through LSL or ZMQ per the user’s
choice, allowing it to be visualized the same way as an external data source in
the stream tab. For example, if the experimenter has an ML model decoding
the amplitude of frequency bands for a steady state visually evoked potentials
(SSVEP) tic-tac-toe game [75]). Each of the nine cells in the tic-tac-toe game is
flashing at a different frequency, and a participant needs to gaze at the cell where
they wish to place their piece. The experimenter can create an output stream
called "SSVEP Band Power Classification" with nine channels. The probabilities
can then be plotted as bar plots (see section 4.1.3 for various plotting formats) to
monitor the model’s predictions visually. Meanwhile, a script may take output
streams from another script as input, thus creating a cascading pipeline. The
same experimenter can create a script to receive the SSVEP predictions and drive
the tic-tac-toe game.

• Parameters are useful in cases when a pipeline requires variables that the user
wishes to alter during runtime (e.g., probability threshold for ML models) or
variables that depend on the host computer (e.g., the path to a pre-trained ML
model) when the researcher wants to avoid hardcoding these variables into the
script. Parameters in PhysioLabXR’s scripting interface meet these needs. In
the script widget, the user can define parameters by their names, data type,
and values. Then throughout the script, parameters are accessible using its
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name: self.params[my_parameter_name]. Changes to parameter values are also
reflected immediately in real time while the scripting is running.

In addition to the attributes the user can edit in the GUI, the core of a RenaScript is the
Python script containing three abstract methods that the user can override to specify
the script’s behavior: init, loop, and cleanup. init is called once when the start button
in the widget is clicked. This function is intended for the user to instantiate objects to
be used later in the primary duty-cycle function: loop. Users may add routines such as
defining variables, loading pre-trained parameters for an ML model from the file system,
and connecting with servers and cloud platforms. After init concludes, PhysioLabXR
will call loop Frun times per second. loop is presumably the most often called function
and uses the most processor time to continuously process input data and communicate
with other processes via the outputs. At the same time, the user can tune the behavior
by modifying the parameters. The cleanup is called when the stop button is clicked.
Here, the user may free occupied memory, disconnect hardware ports and close any
opened file system resources.

Script Performance When a script is actively running, PhysioLabXR helps the user
monitor its performance with two key metrics: 1) loop per second with overhead is
the actual number of loops the PhysioLabXR is able to call per second. User-defined
frequency is the upper bound, but the actual loop frequency may be lower due to the
inclusion of long-running functions in the loop, causing the run time of a loop call to
exceed the designated period (1/Frun). A script running slower than expected maybe
also be caused by the overhead, which is time spent in inter-process communication
between the main process and the scripting server. 2) average loop call time measures
the average time the loop function takes. This metric does not include PhysioLabXR’s
internal overhead and solely depends on how the user defines the loop function.

Built-in Scripts PhysioLabXR offers several built-in scripts that implement commonly
used algorithms for processing data from various types of sensors. Notable examples
include channel averaging, band power calculation, and fixation detection. The built-in
scripts are shipped with PhysioLabXR’s standalone distribution and can be added in the
same way as a user script. The user will need to provide the input(s) to the algorithm
the script implements, and the scripts expose output(s) to stream out processed results.
For example, the user may provide a gaze sequence from an eyetracker to the fixation
detection script. In real time, the experimenter can test different backend algorithms
(currently supporting I-VT [77], I-DT [78], and patch similarity proposed by Steil et al.
in [79]) by choosing the corresponding script parameter. In addition, they can adjust
the detection sensitivity by changing other parameters of the I-VT algorithm, such as
minimal fixation time and saccade amplitude.

4.3.1 Digital Signal Processing Modules

PhysioLabXR offers a comprehensive selection of built-in digital signal processing (DSP)
modules. These modules encompass commonly utilized signal processing algorithms,
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Figure 4: Example script setup a fixation-related potential (FRP) experiment. The
FixationDetection script (upper right) resolves gaze behavior, while the P300Detector
script (bottom right) processes fixations to determine if a FRP is elicited by a target
object. This setup is similar to the experiment by conducted by Rämä et al. [76]. The
labels in the figure shows the following: A. The eyetracking data as an input is processed
by the fixation-detection script to check if a fixation is made by the participant. B.
The fixation results are streamed through the output LSL outlet named "Fixations".
C. In the .init function of P300Detector, the P300 classifier model is loaded from the
file system path indicated by the script parameter model_path. D. and E. If a fixation
is detected, the model takes the EEG epoch time locked to the fixation and makes a
prediction. A loop call is completed by writing the prediction results to the output
stream named P300Detect.
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including low-pass filters, high-pass filters, band-pass filters, root mean square calcu-
lations, and clutter removal techniques [72]. The parameters for these digital filters
are generated using the SciPy library [80] and applied to the rational transfer function
defined as follows and optimized with circular buffers and Cython [81]:

Y (z) =
b(1) + b(2)z−1 + . . .+ b(nb + 1)z−nb

1 + a(2)z−1 + . . .+ a(na + 1)z−na
·X(z)

The Real-time Disital Signal Processing tutorial demonstrates an example of applying
DSP modules to the EEG signal. The interface is integrated within the stream group
settings, located below the plotting format widget in the stream options window, and
becomes visible when an individual group is selected. Users have the flexibility to apply
DSP modules to each individual group and specify the corresponding parameters, and
each data processor will be applied sequentially to the input stream. It should be noted
that the DSP feature described in this section does not alter the number of channels in
a stream, as the processed results replace the original data content. Transformations
that result in a different number of output channels compared to the input, such as
averaging and band power computations, are provided through PhysioLabXR’s scripting
interface (Section 4.3).

4.4 Software Architecture

Smooth runtime experience is a significant challenge for large-scale Python software
when dealing with high-throughput data, complex graphics, and frequent i/o operation
from serialization in large-scale Python software, given the interpreted nature of the
language. In this section, we delve into the architectural design of PhysioLabXR,
addressing this challenge and helping interested users interpret the framework behind
the features discussed in the previous section. As we will show, the architecture of
PhysioLabXR follows rigorous software design patterns, minimizing maintenance efforts
while maximizing scalability. We aim to offer readers seeking to contribute to or
build upon PhysioLabXR’s foundation a deeper understanding of the backend. This
section presents a high-level overview of the key design features, including the threaded
pipeline of data workers and the visualization GUI, the recording API, and the .dats
serialization interface, as well as the parallelism in servers for replay and scripting. For
a comprehensive development guide, we recommend referring to the developer section of
PhysioLabXR’s docs.

4.4.1 Concurrency in the main process

PhysioLabXR utilizes concurrency in various components, including the GUI controller,
data workers, visualization, and serialization, to optimize for a smoother user experience.
Concurrency is achieved through different feature threads, allowing one routine to run

https://physiolabxrdocs.readthedocs.io/en/latest/DSP.html
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Figure 5: Sequence diagram showing the information exchange between PhysioLabXR’s
threads and processes. The main process contains concurrent threads of the main GUI
controller, serialization, data worker, and visualization. When the user adds a new
data source, the GUI thread forks a data worker and a visualization thread. More
demanding operations run on separate server processes, including replay and scripting.
User commands such as StartStreaming, StartReplay, and StopRecording are passed
from the main GUI to the corresponding threads or processes.
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while others block an external event and take advantage of available CPU time. The
following list details the behavior of these concurrent threads:

• Main GUI Controller remains dormant unless the user interacts with the
interface widgets. It relays the user’s input to other routines for handling those
interactions. For example, in figure 5, the replay server receives signals such as
StartReplay, ReplayCommands StopReplay from the GUI controller.

• Data worker threads pull data from external data sources, signaled by a global
timer with a default interval set at 1ms. In other words, the thread attempts
to capture data a thousand times per second. We choose this value empirically
through testing with different data source combinations. It allows ample runtime
for other threads while respecting data sources with high sampling rates. When
data is received, the worker emits the data, along with the meta information
containing the timestamp and stream name to the visualization and recording
thread. It should be noted that the receive-data calls in the data workers are
non-blocking. In other words, the call for pulling data should return immediately
and not wait when no data is available, allowing other threadings to run. Many
networking and serial communication modules include an argument to set the
timeout in their pull-data calls. It is especially important when users implement
custom data interfaces; they should set such timeout to zero and ensure the
function would not block.

• Visualization thread receives data from the data worker and stores them in
circular buffers. The size of the circular buffer is calculated by each stream’s
nominal sampling rate and the number of seconds to display chosen by the user
(default at 10 seconds). The plot routine is signaled by a timer set to tick every
33ms, giving a global nominal 30 fps refresh rate. Users may change the refresh
rate in settings. In addition to plotting, the visualization thread also probes the
data worker for the availability of the stream at timer ticks. If a stream becomes
unavailable and remains so when a timeout (default two seconds) is reached,
PhysioLabXR considers this stream lost; it then proceeds to remove the resources
allocated for it and notify the user.

4.4.2 Serialization interface

PhysioLabXR implements a type-length-value (TLV) serialization interface designed to
work with multi-modal, multi-dimensional data with timestamps. Once recording starts,
all the data streams are routed to a specialized buffer. The buffer’s content is retained in
the host’s memory until the eviction interval is hit. Default at one second, the eviction
interval controls how often we offload the buffer to the disk. When the data throughput
are high, it is important to evict the buffer in time to prevent out-of-memory. User may
adjust the eviction interval in the settings to optimize for their use case. During an
eviction, each stream’s data and timestamps is appended to the file as a TLV packet
whose structure is detailed in figure 6. As each packet is independent and contains all
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Figure 6: Organization of a .dats file PhysioLabXR’s built-in serialization scheme
in relation with the eviction interval. In this example, the software records EEG,
event markers and screen capture. The file content is segmented by first by eviction
intervals. Within each interval, each type-length-value (TLV) packet contains the data
for individual streams. The figure shows the anatomy of a TLV packet. Starting with
a delimiter sequence called magic, the packet contains the data array and timestamps
preceded by meta information: stream name, data type, number of dimensions, and the
shape of the data. When loading .dats back, the loader uses the dimension information
to determine the number of bytes to read as data and timestamp.

information needed to decode the enclosed data. Figure 5 gives a graphic illustration
of how the serialization thread receive emitted data from the data worker threads and
evict buffers.

4.4.3 Multi-process servers for replay and scripting

Heavy-lifting processes, or routines whose runtime is highly variable can block GUI
process, making the app irresponsible and leading to frustration for the users. Phys-
ioLabXR’s two major bottleneck processes are sandboxed from the main thread and
put on parallel server processes: replay and scripting, both of whose runtime depends
heavily on how user use them. The multi-process architecture of PhysioLabXR observe
best industry practices to maintain system integrity and can recover from fault. The
servers are forked from PhysioLabXR as needed to optimize system resource usage,
while the communication between with the server are made through TCP sockets. Next,
we will cover the multi-process setup and communication for replay and scripting to
help user understand and potentially extend the potent backend of PhysioLabXR.

Replay server Replay typically involved a time-consuming read operation from the
file system at the beginning, following by a high-frequency push data loop to faithfully
reenact the timing characteristic of the data sources being replayed. The replay server,
created at the start of the app as a separate process alleviates much of the strict timing
requirements for the GUI process. A command-info-socket implemented in router-dealer
pattern [67] exchanges information between the replay process and the GUI, from which
user can asynchronously issue commands such as start, stop, pause, and seek. From the
server side, the socket relay information including if loading of a file returns success,
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how much data out of the replay file is already broadcasted, and if a replay has just
completed. The replay process stays idle until it receives a start command with a replay
file location.

The runtime of the scripts added via the scripting interface typically depends on the
complexity of the algorithm they implement and the i/o throughput. In answer to the
resulting variability, PhysioLabXR creates a separate process for each script when user
starts it from the GUI. The app maintains four router-dealer sockets for each script:

• info socket receives performance metric (see section 4.3) when a script is running.

• standard output socket The standard output (stdout, such as the print calls) of
the running script are redirected to this script and displayed through the console
log window.

• command socket deals two types of commands (1) notify the script process
to close when the close command is issued from the GUI. (2) when user change
the value for any parameters when the script is running, the command interface
notifies the script process and change is reflected in the next loop call.

• input socket relies user-defined inputs to the forked process. The frequency
at which the inputs are forwarded controls the run frequency frun of the script
because the script process triggers a loop call when receiving a message from the
input socket.

Similar the replay, each script widget also periodically checks if the forked script process
is alive. However, this process does not have an idle state like replay as they are joined
when the stop command is issued. Therefore, for each script process, the app keeps a
thread monitoring if its process ID (PID) exists. If the process no longer exists, the
app treats as if the script is closed, and notify the user of the abnormal termination.
The user can proceed to investigate and restart the script. On the other hand, if a
stop command is issued to an living script process but a timeout (default two seconds)
is reached without a response. The script process is killed, leaving no possibility for
orphaned processes unduly consuming system resources.

4.5 Use Cases

In this section, we showcase the use of PhysioLabXR in a variety of applications, ranging
from neuroscience experiment to driving BCI or HCI paradigms. Each example is more
involved than the previous utilizing more advanced features in PhysioLabXR. The first
example is a basic usage of the visualization and recording features of PhysioLabXR for
a multi-modal physiological experiment, while the other two examples creates close-loop
interactions through the scripting feature, a P300 speller and a gesture interface using
a novel radar sensor. We encourage users refer to the online documentation for the
comprehensive tutorials for all the use cases.
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4.5.1 NiDyn Experiment

Figure 7: A. Workspace setup with PhysioLabXR with three monitors for the NiDyn
experiment, allowing the researcher to keep track of all the data sources of the experiment.
The user is running a paradigm built with Unity [68] in the middle monitor. The app is
streaming (from left to right) EEG, event, markers, eyetracking, experiment paradigm,
fixation detection, screen capture, and camera recording of the participant. B. all
data sources, including a fixation detection script within PhysioLabXR processing the
eyetracking stream, are visualized through PhysioLabXR and being recorded at the
same time.

When a researcher’s main interest is in collecting data and analyze them offline, Physio-
LabXR offers a simple solution for visually monitoring the data during collection with a
robust recording interface. The NiDyn experiment from [82] demonstrate a use case of
PhysioLabXR involving multi-modal data streams, and the use of a fixation detection
algorithm deployed through the scripting interface. The experiment investigates human
reorientation in naturalistic environment; the paradigm, built in Unity [68], is in VR
with the participants driving through a procedurally generated city. Billboards are
placed at two sides of the road with target or distractor images on them. While driving,
participant needs to count the number of target images while keeping a safe distance
from the car in front of them. To study the neural dynamics when decoding the images,
this paradigm requires the collection of EEG, eyetracking, screen capture, webcam video
of the participant, fixation detection and most importantly, the event markers indicating
when a target or distractor image is presented.

Among the data sources, the eyetracking (The VR HMD has built-in eyetracker [74])
and event markers is pushed via LSL from Unity with which the experiment environment
is implemented. The EEG device is BioSemi ActiveTwo [73] and PhysioLabXR connects
with the EEG hardware with a native plugin. The screen capture and webcam are added
though the PhysioLabXR’s video device interface. In addition, the experiment deployed
a real-time fixation detection algorithm via the scripting interface (see section 4.3). The
fixation script takes in the eyetracking stream as input and outputs the detected eye
behavior during experiment. With EEG being synchronously captured by PhysioLabXR,
experimenter can easily extract the fixation-related potential and characterize neural
activity during the target identification task [83].
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4.5.2 P300 Speller

The P300 Speller [84] is a well-known use case of EEG in the field of neural science and
brain-computer interfaces that provides real-time feedback to the user. It is often used
as a "Hello World" example due to its simplicity and effectiveness in demonstrating the
potential of brain-computer interface technology. In this example, we demonstrate the
collaboration between PhysioLabXR, the OpenBCI Cyton board, and Unity platform to
develop an experimental paradigm from [85] that trains the model during the training
session and provides real-time visual feedback to the user during the testing session as
shown in figure 8.

During the experiment, OpenBCI Cyton board connects to PhysioLabXR using the
native device interface (refer to section 4.1.1 for details on the Data Stream API) and
applies a 60Hz notch filter and a Butterworth band-pass filter with cutoff frequencies of
2Hz and 40Hz using digital signal processing modules, as discussed in section 4.3.1. Unity
provides event markers including the flashing of each row and column, the index of the
activated row or column, the beginning and end event of each trial, and session as well as
the target character, if the training session is running. The P300SpellerClassifier.py script
incorporates a state machine that collects trial epochs after receiving the training session
start event marker and begins collecting trail epochs to train the logistic regression model
based on the gathered data. During the subsequent testing session, the pre-trained model
is applied to the collected data for each trial, predicting the row and column indices with
the highest probability of containing the target character that the user was looking at.
This information is then transmitted to Unity through the LabStreamingLayer (LSL)
interface, highlighting the predicted target on the character board in Unity Platform.

4.5.3 Micro-gesture Interface

In this example, we demonstrate the use of PhysioLabXR to power a gesture interface
called IndexPen [72], an input system that utilizes micro-gestures and mmWave Radar.
IndexPen enables users to write using their index finger on their thumb, mimicking
real-world handwriting including 26 characters, as well as Space, Backspace, Enter, and
Activation functions.

Figure 9 illustrates the user performing micro-gestures to the mmWave radar, which
is connected to PhysioLabXR via a device interface. In this particular use case, the
mmWave radar serves as the sole data source. PhysioLabXR receives range-doppler
(RD) and range-azimuth-elevation (RAE) data, which are then post-processed using a
clutter removal data processor as mentioned in 4.3.1. The RD and RAE maps are split
and reshaped into two separate 2D heatmaps within the visualization tab. To enable
the real-time interactio, RenaScript. IndexPen takes the time-series clutter-removed RD
and RAE feature maps and applies them to the pre-trained IndexPen gesture model.
Upon detecting a specific gesture, the corresponding keystroke is invoked. While the
previous two use cases both involves physiological data, this example aims to broaden
the scope of PhysioLabXR in enacting an standalone HCI paradigm involving a novel
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Figure 8: A: The experiment utilized the PhysioLabXR, OpenBCI, and Unity platform
to enable participants to train and test the P300 speller in real-time. Participants
were seated in front of a monitor presenting a character board in Unity. PhysioLabXR
streamed EEG data and event markers while also providing prediction results to the
Unity platform through LSL. The figure above indicates that the character ’R’ was
classified as the target the participant was looking at. B: PhysioLabXR received input
streams from an OpenBCI Cyton (8-channel) board, connected through the device
interface, and event markers from the Unity platform. The EEG stream underwent data
processing before being forwarded to RenaScript, as depicted in the figure on the right
side. Real-time data exchange occurred between PhysioLabXR and the Unity platform.
The P300SpellerClassifier trained a logistic regression model during the training session
using the collected data. In the testing session, the pre-trained model predicted the
indices of the row and column with the highest probability of containing the target
character for each trial. This information was then transmitted to the Unity platform
via LSL and displayed within the Unity environment.
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sensor, the processing of its data using deep learning models, and driving a keyboard-like
interaction.

Figure 9: A: The user was sitting in front of the mmWave radar, performing micro-
gestures towards it. The monitor displayed the range-doppler (RD) and range-azimuth-
elevation (RAE) data streamed to PhysioLabXR. The data was reshaped into a 2D
signal channel heat-map, and the gesture predictions were streamed from the scripting
interface. In the figure above, the participant was writing the gesture ’L’, as indicated
by the spike in the probability of ’L’ in the gesture predictions barplot.B: The mmWave
radar was connected to PhysioLabXR using its device interface and applied with a
clutter removal data processor, as shown on the right side. The RenaScript.IndexPen
module received the clutter-removed RD and RAE data and predicted the performed
gesture, thereby triggering the corresponding keystrokes.

4.6 Discussion

As demonstrated through the use cases, PhysioLabXR is a versatile software platform for
both analytical research and prototyping close-loop interaction systems. PhysioLabXR
acts as a data exchange hub for multi-modal experiments. Experimenter can connect
their stimulus-presentation software such as PsychoPy [69], Unity [68], or even custom
stimuli if the event marker or trigger is funneled to PhysioLabXR. In the P300 BCI
example above, the developer created script to send event markers from the speller
game to PhysioLabXR. On the other hand, user can simultaneously synchronize the
stimulus with psychophysics recording device, while PhysioLabXR supports a vast array
of neural imaging hardware, eyetracker, environment sensors, video and audio device.

Befit the multi-modal nature of many neural science and HCI experiment today, the
scalable design of the PhysioLabXR’s visualization features makes it easy for researcher
to visually monitor almost any number of streams at the same time. The highly
optimized serialization interface can record this high-through put data with synchronized
timestamps across all the streams. When pair with replay, RenaScript allows user to test
their pipeline in real-time as if during a live experiment. This is especially relevant when
designing close-looped interaction paradigms. The experimenter can pre-record a session
with the participates, and later use the replayed session to test different approaches to
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implement the interaction or experiment with different ways to model the user’s data,
now being reenacted with same timing characteristics to the original session.

PhysioLabXR seeks to facilitate a fast-paced research & development cycle. The user
layer is implemented fully in Python and user does not need to compile any source code
to run PhysioLabXR. While packaged executable is available on all major operating
systems, users are welcome to clone, run, and modify the source code. Once the user
completes setting up the Python environment, PhysioLabXR can becomes a scaffolding
on top of which user can build their applications in rapid development cycles as no
compilation is needed after changing the source. PhysioLabXR offer several developer
features tailored to users who would like get more value out of the framework’s robust
features such as visualization, recording and replay. Few of the many developer tools
include data stream API for adding custom data sources, and RenaScripting for deploying
any data processing pipeline utilizing the vast and growing Python libraries.

4.7 Limitation and Future Scope

PhysioLabXR aims to be a versatile platform for real-time experiments, primarily
for, but not limited to, HCI and neuroscience. It is designed to be a community-
driven project, with our core team of developers maintaining architectural integrity and
functional correctness. At the same time, we welcome contributions from researchers
and practitioners in related fields to build on this scaffolding and expand its capabilities.
While the stream interface supports data sent through LSL or ZMQ, we are currently
developing native plugins for sensors that lack network support. These plugins will
enable the use of certain brands of fMRI, TMS (transcranial magnetic stimulation), and
invasive neuroimaging devices [e.g., Neuropixels, [86]]. We are also adding real-time
analysis and processing modules for more modalities, such as real-time source localization
for EEG and speech recognition for audio. Moreover, the current scripting interface
is designed to provide maximum flexibility, thus requiring users to write Python code
for their pipelines. In coming releases, we plan to make the scripting features more
accessible to users with less programming experience by providing a visual programming
interface and code generation.

4.8 Conclusion

PhysioLabXR is a pioneering tool in the era of spatial and physiological computing,
addressing the increasing demand for a comprehensive software platform that drives
multi-modal data integration and close-loop interaction. PhysioLabXR offers an array of
interconnected functionalities, including visualization, recording, replay, real-time DSP
modules, and a scripting interface. These all empower researchers and practitioners
to explore novel experiment paradigms and design intricate feedback loops. With
its Python-based frontend and C++-powered backend, the framework is built with
scalability in mind while having optimized performance. The continued development of
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PhysioLabXR will be driven by the community and aims to fuel research insights into
the intersection between the brain, behavior, and human-computer interaction.

5 Interactively Augmenting clinical decisions with ex-
pert knowledge-distilled Vision Transformer

3

Glaucoma constitutes a significant challenge in global public health, accounting for 15%
of the total burden of world blindness [87]. Optical Coherence Tomography (OCT) has
emerged as a crucial imaging technique for diagnosing glaucoma and many other eye
diseases. [88] [89]. With the expected rise in eye disease prevalence due to an aging
population, leveraging Artificial Intelligence (AI) to streamline diagnosis and minimize
the demand on ophthalmology human resources is imperative [90].

Previous studies have underscored the potential of computational intelligence to enhance
clinical decision-making processes [42]. A majority of these studies have focused on
training machine learning models to identify Regions of Interest (RoIs) in medical
imaging [49] [50]. This paper introduces a novel approach for automatically suggesting
RoIs during classification tasks. Our system enables clinicians to interactively learn
from a model that harnesses distilled expert knowledge (in the form of clinician eye
movements on OCT reports during model training), facilitating its integration into
routine clinical practice, and thus bridging the gap between Computer-Aided Diagnosis
(CAD) tools and practical clinical applications [37].

5.1 Unsupervised RoI detection

Our system detects RoIs in OCT reports that are pertinent to diagnosing glaucoma. The
key components of our system are two-fold: (1) a ViT trained and distilled with experts’
knowledge, and (2) an interactive front-end that lets clinician explore the discriminating
features produced by the model for the reports not seen during the training process.
The front-end combines the RoI detected by the model and user’s attention as they are
analyzing the reports to deliver personalized guidance.

We first discuss the unsupervised RoI detection models we developed, ViT and CNN-
based, of which the former is a relatively new approach; only CNN-based models have
been quantitatively studied for their clinical impact [55]. Next, we present how we
augment the ViT model with experts’ eyetracking data with a method that we term
expert attention loss. The eyetracking data was collected in a previous study while

3Haowen "John" Wei created the entire experiment paradigm in Unity, along with the Scripting
Interface in PhysioLabXR, and conducted both user studies. Ziheng "Leo" Li was responsible for all
the deep learning-related work for this project. Kuang Sun prepared the dataset with John and assisted
with both user studies.
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clinical experts analyzed the OCT reports in our dataset. We give more details about
the dataset in Section 5.2.

5.1.1 Unsupervised RoI identification for glaucoma in OCT reports

While an ML model can be trained to predict RoIs within a dataset containing RoI
labels, medical datasets with only the classification label come in far more abundance
than datasets with annotated RoIs. This is understandable considering the amount of
manual labor needed to produce expert-labeled RoIs. This is particularly the case with
OCT reports for glaucoma diagnosis given OCT is a relatively new and rapidly evolving
imaging modality, and the clinical value of OCT reports in glaucoma diagnosis is still
under scrutiny. We therefore address the problem of identifying glaucomatous RoIs in
OCT reports with datasets that only have disease/no-disease labels.

Detecting RoIs from ViT attention rollout. Various methods have been proposed
over the years for automatic RoI detection while the model is trained on a classification
task. For transformer-based models, attention rollout [52] multiplies the dot products
between query and key throughout the layers; thus, it is a proxy for the model’s
“attention” for its tokens. In the case of ViT, the tokens are the image patches which
together make up the input image [91]. For classification tasks, it is common to add a
classification token (CLS) that is passed through the attention layers and aggregates
information from the other tokens that are discriminatory. To learn which tokens have
contributed the most to the classification results, we look at how the CLS token as a
query is attended by other image patches as keys. Patches that the model deems to be
more discriminatory will have higher attention values when attended by the CLS token:

Attention(xCLS,xkey) = softmax(
xCLSWq(xkeyWk)

T

√
dk

), (1)

AvgAttention(l) =
1

H

H∑
h=1

Attention(∗; l, h), (2)

AttentionRollout(L) =
L∏
l=1

AvgAttention(l), (3)

where in the first equation, Attention(xCLS;xkey) are the attention weights computed for
the classification token (xCLS) against the key tokens (xkey) in a transformer layer. The
softmax function normalizes the dot product of the query embeddings of the classification
token (xCLSWq) and the key embeddings of the other tokens (xkeyWk), scaled by the
dimensionality of the key vectors (

√
dk). This normalization ensures that the attention

weights sum up to one, signifying the relative importance of each key token to the
classification token. Note that we omit the head h and layer l from the Attention for
simplicity.
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In the subsequent equations, AttentionRollout(L) calculates the cumulative attention
map across all L layers of the transformer. Each layer’s contribution is given by
AvgAttention(l), which averages the attention matrices across all H heads in layer l.
The function Attention(∗; l, h) refers to the attention values for head h in layer l as in
equation 1. By taking the product of these average attention maps from layer 1 to layer
L, the attention rollout aggregates the attention flow throughout the layers, promoting
the most important features for its inference.

Detecting RoIs from CNN-based models via GradCam. As contenders for the
ViT, we tested three widely used CNN-based models: VGG19 [92], ResNet [93], and
Inception-V4 [94]; we generated RoIs from these models using Grad-CAM. Grad-CAM
shows which parts of an image lead to most activation for a given label (e.g., glaucoma
presence) and has been shown to improve clinician performance when shown side-by-side
with OCT images in a previous study [55]:

Grad-CAM = ReLU

(∑
k

αc
kA

k

)
, (4)

where Ak represents the activation maps of a convolutional layer, and αc
k are the neuron

importance weights for class c, calculated by averaging the gradients of yc (the score
for class c) with respect to the feature maps Ak. The resulting heatmap Lc

Grad-CAM
highlights the important regions for the decision of class c.

We aim to find the model that generates RoIs with the most clinical relevance. Specifically,
we want to test the following hypotheses through a user study:

H1: Regardless of the backend model, clinician performance for analyzing OCT images
is improved when clinicians are cued with RoIs generated from a trained glaucoma
classification model.

H2: The RoIs generated from attention rollout of a ViT model have higher clinical
relevance than those generated via Grad-CAM from CNN-based models.

5.2 Expert knowledge distillation

To prepare the model that can generate heatmaps highlighting parts of an image that
are more clinically relevant, particularly with relatively small medical image datasets, we
propose to augment vision transformer models with expert eye tracking data, effectively
distilling expert knowledge embedding it in our ViT models, and providing this knowledge
to novice participants via our user interface.

Dataset. Our OCT image dataset was collected from 185 eyes of 185 patients who
visited the NewYork-Presbyterian / Columbia University between 2010 and 2023. The
ground truth glaucoma diagnoses for this dataset were generated by a consensus of 2–3
expert ophthalmologists who had access to OCT reports, visual field tests, and chart
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history for these patients (unlike our deep learning system, which is just trained to
detect glaucoma using OCT reports alone).

Our tests showed that a vision transformer trained without expert Region of Interest
(RoI) loss, LRoI , can still identify relevant regions. We believe that integrating domain
knowledge from medical reports could help focus the vision transformer’s attention on
areas crucial for accurate classification.

We recruited 15 clinicians to review the OCT reports and collected their gaze data. In
total, 476 reviews were conducted, with each report being reviewed one to three times
by different clinicians. During these reviews, we recorded the gaze data of the clinicians.
To ensure robustness in our data handling, we treated each review of the same image as
a separate sample. We also made sure that no review of the same image appeared in
both the training and testing datasets during our splits.

We calculate the attention with the following equation:

Aij
patch = softmax∗(⟨xiWq, (xjWk)

⊤⟩), (5)

where softmax∗ is computed along the rows of Apatch converting the raw similarity kernel
(i.e., inner product between query and key embeddings) into a probability distribution
such that for each query patch, the weights across all key patches sum up to 1.

H3 : Expert knowledge is effectively distilled with the proposed loss function used during
the training.

This hypothesis will be tested by the model’s downstream glaucoma classification
accuracy—how many parameters it requires while retaining a high level of performance.
Note that we have only developed a method to incorporate expert attention into the
training process of ViT. The CNN-based models (including VGG19, ResNet50, and
Inception-V4) do not participate in this hypothesis.

5.2.1 Implications for the user study

Due to the time constraints of the user study, we cannot test the RoIs generated from
each model listed above. Therefore, we use classification accuracy as a proxy for the
quality of the RoIs generated by the model. In our user study, to test H2, we pick
one CNN-based model and one ViT model with highest classification performances to
produce RoIs for the clinicians to view. In addition to the static heatmap derived from
the model’s RoI, we introduce perceptual RoI cuing, where the user can request updates
to the RoI when they are actively viewing an OCT report. This will be the topic for
the next section.

Further details about the paradigm used to collect the experts’ eyetracking data when
analyzing OCT reports, about our models’ performances compared to other state-of-
the-art models, and an ablation study for the expert RoI loss can be found in the
appendix.
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5.3 Perceptual RoI cuing

While methods such as attention rollout and Grad-CAM offer a glimpse into a model’s
decision criterion, a model’s RoI may not always be interpretable by a clinician, especially
given the intricacy of medical images, wherein subtle features can significantly influence
a clinical decision. Moreover, even experts do not always agree on which part of an
image helped them reach a decision (5.2).

We propose perceptual RoI cuing, whereby the user can explore a model’s attention
in an intuitive way. This is in contrast to displaying the RoI straight from the model,
which we call static RoI. The aim is to 1) take advantage of the self-attention between
image patches, which does not use regular attention rollout techniques [52] 2) foster
more personalized collaboration between the clinicians and the ML backend by letting
the user explore the model’s knowledge combined with their own experience.

Specifically, we formulate an algorithm to integrate the user’s attention at the time of
viewing the image and the attention rollout from the ViT. When the user requests an
update to the RoI, the newly computed RoI will be the regions that are most informative
for classification given the user’s attention so far. We formalize this claim through a
proof sketch towards the end of this section.

Real-time user attention

Fixation detection. In the context of perceptual Region of Interest (RoI) cuing, we
first compute the real-time user attention starting by filtering the raw gaze data into
fixations, effectively reducing the noise in the data. Fixations are points where the gaze
is held relatively steady and are indicative of where the user has attended to extract
information [77]. Our method first fills in the gaps in gaze data caused by eyetracker
glitches [95]. Gap-filling handles periods where gaze data is missing or deemed invalid,
ensuring only continuous data are used for subsequent fixation detection. Any invalid
data intervals that are less than 75 ms are treated as a gap and interpolated. We then
detect fixations using the Identification by Dispersion-Threshold (IDT) algorithm [77].
The algorithm evaluates a moving window of gaze data and calculates the dispersion
of gaze points within this window. If the dispersion is below a certain threshold, the
window is classified as a fixation. In our implementation, we use a window size of 175
ms and a dispersion threshold of 0.5° [96].

Estimate user attention with spatial Gaussian and temporal decay. We next
estimate human attention from the fixations. This process dynamically updates the
attention map, incorporating recent fixations and accounting for the decay of attention
from previous fixations. The attention map of a fixation is computed by applying a
Gaussian function around each fixation point, which spreads the focus of attention
around the fixation:

Ft(it, jt) = exp

(
−(it − x)2 + (j − y)2

2σ2

)
, (6)



© Haowen Wei Master Thesis Report Page 40

Algorithm 1 Fixation Detection using IDT
1: function FixationDetectionIDT(gaze_xyz, timestamps, window_size, dispersion_threshold_degree)
2: gaze_angles_degree← CalculateGazeAngles(gaze_xyz)
3: windows← CreateWindows(timestamps, window_size)
4: fixations← []
5: for each [start, end] in windows do
6: if end− start < saccade_min_sample then
7: continue
8: center_time← timestamps[start] + window_size/2
9: if ComputeDispersion(gaze_angles_degree[start : end]) <

dispersion_threshold_degree then
10: fixations.append([1, center_time]) ▷ 1 for fixation
11: else
12: fixations.append([0, center_time]) ▷ 0 for non-fixation
13: return fixations

where (i, j) are the pixel coordinates in the attention map. The spread centers at
(x, y), the fixation point. σ is the standard deviation, which we choose to be ρ · 5°,
corresponding to the size of human fovea. ρ is the pixel per degree on the screen. The
resulting σ is 60 pixels.

The attention map is updated over time, taking into account the current fixation and the
decay of past attention. Let At represent the attention map at time t, and Ft represent
the Gaussian function applied to the fixation at time t:

At = p · Ft + (1− p) ·At−1, (7)

where p ∈ [0, 1] is a decay parameter that balances the influence of the current fixation
against the attention from previous fixations. A higher value of p gives more emphasis
to the most recent fixation, while a lower value retains more of the past attention map.
We choose a p of 0.995 from our empirical observations, making the most recent fixation
have the largest contribution; a fixation made a second again retains 0.5% of its value.

5.4 Perceptual Attention

We define the perceptual attention (RoI) as a measure of how informative a patch is
given the user’s and the model’s attention. This measure integrates the user’s attention
with that derived from the Vision Transformer (ViT) model, leading to more user-centric
understanding of the most informative parts of the image.

H4: Clinical performance is improved when the user can interact with the perceptual RoI
while analyzing the OCT reports.
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Here, we first show how we compute perceptual attention (RoI) and give an empirical
interpretation of our approach. Then we offer a proof sketch formulated in a Bayesian
framework and argue that the results indeed compute the informativeness of the patches
knowing the user’s and the model’s attention.

The inputs for this computation are:

• ViT attention between image patches, denoted as A := Apatch ∈ Rn×n, where n is
the number of patches. This is the inner product between patch key embeddings
and query embeddings, indicating the relatedness of patches (eq. )

• ViT attention between the key embedding of the CLS token and all the patch’s
query embeddings, denoted as C := ACLS ∈ Rn (eq. 1).

• The user’s attention from eq.6, denoted as U := Auser ∈ Rn.

Empirically, the CLS token’s attention, C, relates to which patches contribute more
to the classification decision. On the other hand, the self-attention matrix, A, is the
similarity between patches that is often not used when visualizing the rollout from ViT
[51] [97]. By considering these two aspects together, we can identify patches that are
dissimilar to the ones the user paid more attention to and contribute significantly to the
classification decision. For example, if an inexperienced clinician is looking at the green
regions in the RNFL probability map [98], which don’t contribute to the classification
of this report, the perceptual RoI will guide them to attend the red regions that they
have not attended that are more important for the classification. On the other hand, if
they are already attending the red regions, the system will highlight the thinning of the
nerve fiber in the RNFL thickness map [98], which also contributes to the classification
but is a feature not noticed by the user. Our formula for perceptual attention is:

Aj
percep =

n∑
i

Apercep(i, j), (8)

Apercep(i, j) =
Cj ·Aij

Ui
, (9)

where informativeness of patch j Apercep(i, j) is a result of the user attending other
patches. Summing over all image patches that the user may attend, we have the
perceptual AOI value for patch j. The numerator, Cj ·Aij , computes the product of the
CLS token’s attention and the self-attention between patches, highlighting the patches
that are relevant to the classification. The denominator, Ui, brings attention to patches
that escaped the user’s attention.

Proof sketch using Bayesian formulation

In the Bayesian framework, we interpret the perceptual attention computation as a
probabilistic update. Let the events be
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Figure 10: Illustration for computing the perceptual attention Apercep. The inverse
of the user attention for each patch 1

Ui
is multiplied with the self-attention matrix

Aij. Summing across all the patches that the user may attend, this intermediate result
highlights patches that are dissimilar to the ones the user attended. Scaled with the CLS
attention C, the resulting perceptual attention underscores regions that have features
unattended by the user and that contribute to the classification.
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• A: the patch j is informative for classification.

• B: user attended the patch i.

The posterior probability P (A|B) is the probability that patch j is informative given
the user has attended patch i. The prior probability P (A) is represented by the CLS
token’s attention Cj . The likelihood P (B|A), the probability of the user attending patch
i given the informativeness of patch j, is approximated by the self-attention between
patches Aij. Finally, P (B) is the user’s attention Ui.

The Bayesian update rule can then be applied as follows and produce the form in eq. 9:

P (A|B) =
P (B|A) · P (A)

P (B) + ϵ
=

Aij ·Cj

Ui + ϵ
, (10)

where ϵ is a small constant, such as 10−8, added to avoid division by zero. This equation
reflects the updated belief about the informativeness of patch j given the user’s attention
to patch i, combining the model’s classification focus (CLS attention) with the user’s
focus (self-attention) in a probabilistic formulation.

5.5 User studies

Our research employs a two-part user study to evaluate the efficacy of different Region
of Interest (RoI) guidance methods in clinical decision-making, specifically for OCT
images in ophthalmology. There are two variables under scrutiny: First, we investigate
the model used to produce the RoI heatmap. To compare the clinical relevance of
rollout from ViT and that of the Grad-CAM from CNN as proposed in [55], among the
CNN-based models we tested, we use the classification performance as a heuristic for the
quality of their Grad-CAM. In this case, ResNet50 performs the best with an averaged
cross-fold accuracy at 94.7%. Indeed, a qualitative examination over the heatmaps
produced by the different CNN-based models shows that ResNet50 yields more clear-cut
RoIs comparing to Inception-V4 (72.5% accuracy). Inception-V4 ’s heatmaps are more
subtle as noted by one of our pilot ophthalmology faculty (see fig. 20 and fig. ??). 2)
Second, we investigate whether being able to personalize the RoI with the perceptual
attention (Section 5.3) gives an edge over the “static” heatmap generated by the model
without input from the user. Note that the perceptual RoI can only be computed from
a ViT. Combining the variables gives us four conditions:

• No RoI guidance.

• Static RoI guidance using a heatmap generated from Grad-CAM of the best-
performing CNN-based model (ResNet50), or using a heatmap from the best-
performing Vision Transformer. To the study participants, we abstract the details
of the backend, calling them "Model A" and "Model B" in the interface.
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• Interactive RoI with perceptual attention integrating the user’s real-time attention
and the model’s attention (as detailed in Section 5.3).

To isolate the effects of each approach, the user study is divided into two parts. User
Study 1 tests H1 and H2 using the first three conditions. User Study 2 compares static
versus perceptual attention from ViT to test H4.

5.5.1 System Overview

The experiment paradigm is build on top of PhysioLabXR [1] and Unity [68]. Given a
relatively small dataset of 208 OCT image, we enhance the performance of our vision
transformer through the integration of expert knowledge in the form of Area of Interest
(AOI) maps. The AOI maps are estimated by applying gaussian kernels to the fixations
clinical experts made while studying the images. In addition to the standard classification
loss, we introduce an expert-attention-loss term, calculated as the cross-entropy between
the attention map from the final transformer layer and the expert-generated AOI maps.
Weighted by a factor of α, the attention loss encourages the model to focus on the
expert’s AOI when making classifications.

The ViT tuned on expert attention generalizes to new OCT images and assists clinicians
in making decisions (glaucoma vs. health) on them. During image assessment, a clinician
can request AOI guidance, invoking the following routine: 1) a Gaussian kernel integrates
the fixations leading up to the present request, creating a weighted matrix that assigns
relevance scores to image patches. 2) Each patch’s self-attention is scaled by its relevance
score and aggregated to produce a single, predicted AOI map. 3) The user interface
overlays delineated contours from the AOI map onto the original OCT image, letting
clinicians know where to look next. The approach sets itself apart from traditional static
AOI augmentation. Instead of statically displaying the model’s attention, it dynamically
integrates the user’s implicit attention based on perceptual information, offering an
interactive and personalized solution.

PhysioLabXR serves as the backend server for real-time fixation detection, inference,
overlay generation, and recording, while Unity functions as the software for stimulus
presentation, providing real-time feedback to participants. In the static mode (User Study
1), PhysioLabXR’s scripting interface forwards the image and visual cue overlay to Unity
via ZeroMQ. In the perceptual interaction mode (User Study2), the scripting interface
calculates the participant’s attention map in real time, based on the participant’s gaze
data. It computes the perceptual attention map and then sends it to Unity.

5.5.2 Experiment protocol

Participants. We recruited five ophthalmology residents, one OCT technician, and two
experts (glaucoma specialists) for Study 1 (for a total of eight participants). For Study
2, we recruited two ophthalmology residents, one OCT technician, and two experts
(glaucoma specialists) (for a total of five participants). We excluded the results of four
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Figure 11: The Tobii Eye Tracker, which is integrated with Unity, captures and sends
gaze data to PhysioLabXR. During the second user study, the scripting interface in
PhysioLabXR processes the participant’s gaze data in real time. It calculates where
the participant is looking on the image and updates the perceptual attention map
accordingly whenever there is a change in the visual cues by the participant.

participants (three from Study 1 and one from Study 2), to maintain the integrity of
our data. Specifically, three participants were excluded because they were part of an
early piloting phase, which could bias their responses due to prior exposure to the study.
Additionally, one participant’s data was excluded due to an incomplete post-experiment
survey, crucial for our analysis.

Apparatus. The experiments use a Tobii Pro Fusion 250 Hz eye-tracker mounted on
the bezel of a 1920× 1080-pixel monitor with a 60-Hz refresh rate. The OCT reports,
varying in aspect ratio, are displayed on the screen occupy a maximum screen space of
1400× 1750 pixels. Participants are seated comfortably in front of the monitor, with
access to a keyboard and mouse to interact with the paradigm.

Procedure. We start by calibrating the eye-tracker for the participant, taking ap-
proximately five minutes. Participants are greeted with an introductory screen. A
practice trial for each condition included in this user study is conducted. The study
proceeds in blocks, where participants complete all trials in one condition before moving
to the next. The order of conditions is counterbalanced among participants to minimize
ordering effects. Instructions are provided before each block to inform participants of the
upcoming condition. In each trial, participants are required to determine the presence
of glaucoma, write a brief rationale (a few sentences) for their decision, and indicate the
confidence-level of their decision. Each session is designed to last less than 30 minutes.
Upon completion of the trials, participants are given a post-experiment survey to gather
feedback on their experience. In between each trial, we briefly check the eyetracker’s
calibration by displaying the gaze point in the interface, and proceed to the next trial if
no issue is found.

The number of trials for the conditions organized under each user study are detailed in
Tables 2 and 3.
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Condition \Image label Glaucoma Health
No guidance 3 3

Static (Grad-Cam+ResNet) 3 3
Static (rollout+ViT) 3 3

Table 2: Number of images used in user study 1.
Condition \Image label Glaucoma Health
Static (rollout+ViT) 5 5

Perceptual (rollout+ViT) 5 5

Table 3: Number of images used in user study 2.

5.6 User interface

Figure 12: User interface for the guidance system. Left is interactive guidance and right
is static. The interactive guidance has an additional pane on the right displaying the
history of the cue updates, which shows thumbnails of the perceptual RoI under "Where
to look next" and the corresponding user attention under "Where you just looked at".
On the other hand, the static just shows which model is being used to generate the
RoIs. To avoid bias, ViT is coded Model A and ResNet is coded Model B. In the static
interface (right), the user has tuned down the opacity of the report to improve the
contrast of the guidance overlay.

We provide full details of the user interface used in the paradigm. The interface is design
to make guidance heatmap provide an additional layer of information for their diagnose.
The interface is shown in FIgure 12. Here are the interactions the system offers.

• Hide/show guidance overlay: user may click the right mouse button on the image
to toggle show or not show the overlay.

• Change opacity of the OCT report: move the mouse scroll wheel on the image
changes the opacity of the OCT image. Making the guidance more pronunced
against the background report.

• (Only interactive) user can click on the image to request an update to the guidance
computed from the perceptual RoI based on where on the report they had fixated.
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• (Only interactive) user can access the history of the perceptual RoI as seen in
Figure 12.

5.7 Results and Discussion

5.7.1 Quantitative Analysis of Glaucoma Diagnosis Accuracy and Confi-
dence

No Guidance ViT Guidance CNN Guidance
Accuracy 89.58% ± 8.07% 89.58% ± 11.60% 87.50% ± 11.02%

Table 4: Study 1 Accuracy
No Guidance ViT Guidance CNN Guidance

Confidence 1.73 ± 0.97 1.54 ± 0.95 1.46 ± 0.60

Table 5: Study 1 Confidence

User study 1. The results (Tables 3 & 4) showed a comparison between no guidance,
guidance generated by ViT, and guidance generated by CNN. Both the no guidance
and ViT guidance scenarios demonstrated an identical accuracy rate of 89.58%, while
the CNN guidance condition lagged slightly at 87.50%. This suggests that, in terms of
accuracy, ViT guidance holds a slight edge over CNN guidance. Regarding confidence
levels, measured on a scale from 0 to 3, participants felt marginally more confident with
no guidance (1.73) compared to ViT (1.54) and CNN (1.46) guidance. The findings
imply that ViT not only slightly surpasses CNN in guiding participants toward accurate
outcomes but also indicates that the type of guidance can influence user confidence.

Static Guidance Perceptual Guidance
Accuracy 88.00% ± 16.00% 90.00% ± 6.32%

Table 6: Study 2 Accuracy
Static Confidence Interactive Confidence

Confidence 2.18 ± 0.50 1.96 ± 0.35

Table 7: Study 2 Confidence

User study 2. The results (Tables 5 & 6) showed a comparison between static guidance
and perceptual guidance generated by ViT. The accuracy achieved under static guidance
was 88.00%, while perceptual guidance led to a slightly higher accuracy of 90%. This
improvement suggests that perceptual guidance, perhaps by offering more dynamic or
context-sensitive cues, can enhance task performance slightly more effectively than static
guidance. In terms of confidence, which was rated on a scale from 0 to 3, participants
reported higher confidence with static guidance (2.18) compared to perceptual guidance
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(1.96). This indicates that while perceptual guidance may lead to better performance
outcomes, static guidance seems to instill greater confidence in participants.

5.8 Correspondence Between Participant Fixations and RoI
Predictions

Method. To assess the correspondence between the RoIs suggested by our ViT and
CNN-based models and the fixations made by participants, we computed the divergence
(or relative entropy) of participant fixation distributions and model-predicted RoI
distributions:

relative entropy =


log x

y
, x > 0, y > 0

0, x = 0, y ≥ 0

∞, otherwise

. (11)

Figure 13: Median and variance for the divergence (relative entropy) between participants’
fixation distributions on the OCT image and models’ predicted-RoI distributions.
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We found that the mean divergence for the no-guidance setting and ViT-based guidance
setting (see Figure 13) was comparable, suggesting that our ViT-based model effectively
learned RoIs that were almost indistinguishable from the patterns of viewing behavior
our participants inherently used/were taught to use. However, interestingly, when using
the ViT-based guidance, participants tended to exhibit less variance (shorter box-plot
in Figure 13) in that viewing behavior compared to when they had no guidance. This
suggests that our ViT-based guidance was effective in improving participant efficiency
of glaucoma diagnosis even though it was not particularly effective at significantly
improving glaucoma diagnosis accuracy or confidence compared to the no-guidance
setting. Furthermore, as also indicated by lower accuracy and confidence results for the
CNN-based feedback in the previous section, the CNN-based model did not support
effective viewing behavior, as clinicians did not tend to align with this model’s predicted
RoIs; Figure 13 exhibits that participants had very high relative entropy for the CNN-
based guidance compared to that for ViT-based guidance or no-guidance.

5.8.1 Qualitative analysis of post-experiment survey

Following the completion of the experimental tasks, participants were asked to provide
feedback on their experience through a post-experiment survey. Here, we present a
thematic analysis of the responses, highlighting significant perceptions and experiences
that emerged from the feedback.

User study 1: ViT vs. CNN guidance. The survey aimed to gather insights on the
system’s interface and usability, the effectiveness of guidance in identifying potential
glaucoma cases, and comparisons among no guidance, and guidance generated by ViT
rollout and CNN GradCAM.

Participants generally found the system’s interface intuitive and user-friendly. One
participant described the interface as “intuitive, pretty easy to use, with the toggle to
hide/show.” (P4) Another highlighted its utility for less experienced individuals, noting
it was “Very helpful, especially for residents that have not had much exposure reading
glaucoma images.” (P9) The ease of use and the intuitive nature of the system were
recurrent themes, suggesting that the interface design effectively supports users across
different levels of expertise.

Feedback on the comparative effectiveness of ViT and CNN revealed a preference for ViT
guidance. Participants felt ViT guidance was better at highlighting potential pathology,
with one stating, “I liked model A better because I feel like it pointed better the possible
pathology.” (P9) Another feedback emphasized ViT guidance’s focus, noting, “Model
A (ViT) looks at the more relevant parts of the RNFL and GCL maps.” (P15) These
responses suggest that ViT guidance may be more effective in guiding users to relevant
areas, potentially due to its targeted attention roll-out approach for identifying RoIs
compared to the CNN’s Grad-CAM approach.

User study 2: static ViT vs. interactive ViT. In our second user study, participants
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evaluated the effectiveness of static and perceptual guidance—both generated by ViT—in
aiding the diagnosis of potential glaucoma cases. The study aimed to understand how
different types of guidance provided by the same classification model affect glaucoma
diagnostic processes and user experience, and if the perceptual RoI cue provide additional
benefits (Section 5.3). Responses to the system’s interface and usability were overall
positive, with participants describing it as “Easy to use, easy to understand,” (P14)
and “reasonably easy to use.” (P15) These positive impressions underscore the system’s
design effectiveness in creating an intuitive user experience.

Participants expressed distinct preferences and perceptions regarding the static and
perceptual guidance modes. Static guidance was appreciated for its directness and sim-
plicity, offering clear, unchanging insights throughout the diagnostic process. Conversely,
perceptual guidance, which updates based on user interaction and attention, was noted
for its potential to draw the user’s focus to less obvious areas of interest, enriching the
diagnostic exploration. However, some feedback indicated that the interactive nature
of perceptual guidance could sometimes distract from critical features, especially when
the guidance was updated to highlight larger sections of the image than were useful for
decision-making. A participant reflected, “In almost all cases, the requested update made
the guidance less helpful rather than more. There was one slide where the requested
update was helpful, but in most cases, it ended up highlighting large sections of the
image, which wasn’t helpful in decision-making.” (P15)

Moving forward, this feedback suggests a need to refine the balance between providing
sufficient interactive engagement through perceptual guidance and maintaining the
clarity and focus afforded by static guidance. Participants recommended improvements
such as “Needs to track eye movements longer” (P15) and suggested that understanding
“how many places on the image/how long you have to look for guidance update would
make it better,” (P14) indicating areas for enhancement. Enhancements to the perceptual
guidance mode will focus on improving its intuitiveness and relevance, ensuring that
updates enhance rather than complicate the diagnostic process. Implementing these
suggestions is crucial for leveraging the full potential of advanced AI models like ViT in
supporting precise and efficient medical diagnoses.

5.9 Limitations and Future Directions

Given the cutting-edge nature of this work, our study has limitations that we aim to
address in future work. One area for improvement is that currently the expert gaze
attention accounts only for gaze position and not for fixation duration; this means we
potentially miss training our image models on valuable cognitive information that could
be inferred from fixation duration (e.g., complexity of a given RoI). In future work, we
will leverage fixation location, as well as duration and order for our model training by
using directed-graph–based approaches, where each node in the graph could represent
time spent on a given RoI, and the directionality could represent fixation order. One
of the biggest limitations of our work currently is in our user study 2: as elaborated
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in the qualitative feedback of some subjects, the interactive feedback would be more
valuable to users if it was more localized to RoIs of highest importance rather than
showing multiple global regions. In future work, we aim to address this by implementing
a temporal CNN or transformer-based model to predict the next few patches of highest
importance conditioned on the previous patches viewed by the user rather than using
the current Bayesian approach which simply highlights opposing regions compared to
what the user has already viewed.

Ground-truth textual descriptions are not currently available for the OCT images. In
future work, given ground-truth text summaries for each image, we could compute
the similarity between the user responses to these ground-truth image descriptions to
quantify if the interface helped the user make more insightful diagnoses. In future work,
we could also use EEG (FRP) and pupillometry to probe more into the user’s cognitive
state at the time given fixations on particular RoIs. We intend to explore this method
of using experts’ eyetracking data to provide additional gradient signals during the
training process in a future work.

5.10 Conclusions

Out of our four study hypotheses, we were able to effectively show evidence to support
two. First, we were successfully able to distill expert knowledge into our ViT model
through our expert-aligned loss; this was exhibited by the similar mean divergence
exhibited by participants when they experienced no guidance or ViT static guidance
in our user study. Second, we observed that ViT-based guidance supported effective
glaucoma diagnosis viewing behavior compared to CNN-based guidance. This was
exhibited through the higher accuracy and confidence value achieved by participants
when they received ViT guidance compared to when they received CNN-based guidance
cues. In contrast, our current findings show that our user interface does not significantly
enhance participants’ clinical performance when using guidance cues from either model
(regardless of the back-end model). Future work should address this by using more
complex imagery (beyond OCT reports) and by employing a next-patch-prediction
guidance approach as opposed to global-level guidance.

6 Vison SwEYEpe: Eye Tracking Based Swype-like
Input System

4

In recent years, the proliferation of Virtual Reality (VR) has opened new avenues for
immersive experiences. A critical component in this evolving interface is eye tracking,

4Haowen "John" Wei proposed this project and created the entire experiment paradigm using Unity
and PhysioLabXR. Ziheng "Leo" Li helped the team replace the button press input with gestures.
Jingyuan Xu modified the spell correction algorithm and integrated it into the project.
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Figure 14: SwEYEpe enables a Swype-like process using eye tracking in virtual reality.
The system inherits all the typing keyboard functions of the iOS system, and users can
trigger SwEYEpe with a button press. The image above demonstrates that the user was
typing “Virtual Reality," and the spelling correction algorithm carried out the correct
suggestion.

a technology that offers a unique window into the user’s attention and intent. Our
research specifically focuses on leveraging eye tracking for text entry in VR environments.
Eye tracking in VR harnesses the natural and intuitive motion of the eyes, creating a
more immersive and efficient method of communication. Previous research has explored
text entry methods such as dwell time and button presses [99]; however, these methods
have inherent drawbacks. The reliance on dwell time necessitates a waiting period,
which constrains interaction freedom. The button-click method, which requires users to
press a button when their gaze intersects with each target key, can lead to errors when
coordinating hand and eye movements.

In this project, we present SwEYEpe, a novel text input methodology for VR platforms
that diverges from conventional keyboard or button-centric interfaces. We explore the
integration of eye-tracking technology with a Swype keyboard layout, aiming to reduce
physical interaction while increasing throughput rates. We have replaced the button
press with a gesture-based pinch using hand tracking in VR as the trigger for swiping,
which feels more natural.

In our pilot study, SwEYEpe represents a promising step towards more intuitive and
ergonomic VR interactions. Its potential effectiveness and user experience benefits will
be further investigated in future studies.

6.1 Prototype Design

6.1.1 Gaze Filter

The initial method we explored involves using a fixation detection algorithm to filter
out non-target keys along the gaze path on the keyboard. We employed the Velocity-
Threshold Identification (IVT) method for this purpose [77], with the algorithm details
provided in Algrithm 2.

We then grouped fixation points by interspersing them with saccade or undefined gaze
points and identified the most frequently gazed-at characters in each group. Subsequently,
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Algorithm 2 Velocity-Threshold Identification (IVT)
1: function IVT(gaze_points)
2: for i← 1 to N do
3: if gaze_points[i− 1].valid and gaze_points[i].valid then
4: V 1← gaze_points[i− 1].gazeV ector
5: V 2← gaze_points[i].gazeV ector
6: if AngularVelocity(V 1, V 2) < 100 rad then
7: gaze_points[i].type← "Fixation"
8: else
9: gaze_points[i].type← "Saccade"

10: else
11: gaze_points[i].type← "Undefined"
12: return gaze_points

these character sequences were input into a neural network for spelling correction [100],
which generated the word candidates.

6.1.2 Experiment Paradigm

Data acquisition, real-time fixation detection, and spell correction are facilitated by
PhysioLabXR [1]. The display and interaction components are implemented using Unity
2022.3.10 and are integrated with the Varjo headset, which samples gaze information
at a rate of 200 Hz. As illustrated in Figure 14, Unity captures gaze data from the
Varjo headset, along with user inputs and event markers. This data is streamed to
PhysioLabXR via the Lab Streaming Layer (LSL) [101]. Within PhysioLabXR, the
scripting interface processes this data, executing real-time fixation detection algorithms
and performing spell corrections. The processed data, including word candidates, are
subsequently sent back to Unity through LSL, ensuring a seamless interactive experience.

6.1.3 Spell Correction

Upon acquiring the character sequence, we employ a pretrained character-aware neural
language model as described by Kim et al. [102], which is adapted from the method
outlined by Jayanthi et al. [100]. This approach diverges from traditional word-based
models by focusing on character-level inputs, allowing for a more detailed analysis of
text. The model architecture integrates a Convolutional Neural Network (CNN) for
character encoding, coupled with a highway network to enhance feature extraction. The
resulting encoded characters are then processed by a Long Short-Term Memory (LSTM)
network, responsible for predicting subsequent characters.

In keeping with the keyboard paradigm established by Apple, the top four predictions
from the model are selected as our spell correction candidates. These candidates are
encoded in the Type-Length-Value (TLV) format and subsequently transmitted to Unity
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via PhysioLabXR, ensuring a seamless integration of the correction suggestions into the
user interface.

6.1.4 Graphic User Interface

Our keyboard layout is modeled on the design principles of Apple’s iPhone keyboard,
shown in Figure 15, and incorporates the heuristic methodologies inherent in the Swype
algorithm. This approach is predicated on the widespread familiarity and ergonomic
efficiency of Apple’s keyboard design. By aligning with these established standards, our
keyboard design aims to offer an intuitive user experience for first time user. As the
speech-to-text functionality is not yet implemented, the voice button on the keyboard is
disabled.

Figure 15: The system natively supports the basic click typing modality, similar to the
iOS mobile system. The keyboard will input the word with the highest probability into
the text input box and display three word candidates in the suggestion strip.

Currently SwEYEpe supports dual modalities of input, catering to both button press
and SeEYEpe. The first modality is similar to conventional typing methods, allowing
users to select individual keys using their gaze and confirm selections by pressing Button
1. This process is complemented by both auditory and visual feedback, informing users
when a key is focused upon. Gaze Swype session is activated by press and hold Button 2,
concurrently, the system engages in real-time tracking of the user’s gaze as it navigates
across the keys. Gaze data is subsequently transmitted through the PhysioLabXR and
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processed by fixation detection algorithms and spell correction model. Upon processing,
the top four correction candidates will be sent back to Unity. The highest-ranked
candidate will be automatically populated in the input field, while the remaining three
candidates will be displayed on the suggestion bar for user selection. Users can confirm
their preferred candidate with a press of Button 1.

6.2 Incorporating Finger Pinch Gestures for Enhanced Usability

To improve usability and offer a more natural interaction interface, the SwEYEpe system
has moved away from conventional button presses and towards intuitive gesture-based
interactions. As illustrated in Figure 16, we have innovated the user input mechanism
by introducing a finger pinch gesture to replace the swipe trigger. Users simply need to
bring their index finger and thumb together to initiate the swiping action and release
them to end it. This interaction is harmoniously integrated with the Varjo headset’s
built-in hand-tracking technology, ensuring a smooth and intuitive experience that closely
mimics natural hand movements. This advancement not only reduces the learning curve
but also significantly amplifies the immersive quality of the virtual environment.

Figure 16: Depicting the transition to gesture-based interactions, the user’s palm
turnover reveals the keyboard, prompting a finger pinch to trigger the swiping function.
The real-time script within PhysioLabXR leverages the process outlined in Section 6.1
to deduce word candidates, which is then communicated to Unity and displayed in the
text input box and the suggestion strip.

6.3 Limitation and Future Scope

6.3.1 Limitations

The SwEYEpe system, while innovative, encounters several limitations that currently
hinder its full potential within virtual reality environments. One notable limitation is the
inaccuracy in hand tracking. The current technology struggles to precisely track hand
movements, which can lead to errors in text entry or command execution. Advanced
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devices, such as the Apple Vision Pro, offer improved sensors and algorithms that could
enhance hand tracking accuracy significantly, potentially resolving this limitation.

Another critical challenge is the robustness of using fixation sequences to filter the gaze
path for word candidate identification. The existing method, which relies heavily on
the fixation data, often fails to reliably predict the intended input due to the variability
in user gaze behavior and environmental conditions. A promising solution would be to
develop a geometric model of the keyboard layout, generating ideal gaze paths for a
comprehensive lexicon. By comparing the user’s actual gaze path with these predefined
paths, the system can more accurately determine the intended word based on the
similarity of the paths, leveraging advanced computational techniques to minimize errors
and enhance prediction accuracy [103].

6.3.2 Future Scope

Looking forward, there is substantial scope for incorporating additional gestures to
improve interaction with the SwEYEpe system. Introducing intuitive gestures such
as pinching fingers to move the cursor or select words could make the system more
user-friendly and reduce reliance on gaze-based inputs, which some users may find less
intuitive or physically straining over long periods.

Moreover, integrating multimodal feedback mechanisms, such as haptic or auditory
feedback, could significantly enrich the user experience. These feedback mechanisms
would provide users with immediate and intuitive responses to their actions, enhancing
the interaction quality and potentially reducing the cognitive load and error rate.

Furthermore, leveraging recent advances in machine learning and artificial intelligence
could allow for real-time adaptation of the system to individual user behaviors. By
continuously learning from each user’s interaction patterns, SwEYEpe could dynamically
adjust its algorithms to improve accuracy and efficiency, making the system more
personalized and effective.

7 Conclusion
This thesis has introduced three pioneering contributions to the domains of medical
diagnostics, brain-computer interfaces, and human-computer interaction. Each project
demonstrates the transformative potential of integrating advanced computational tech-
niques with user-centric interfaces and diagnostics.

1. PhysioLabXR: A Platform for Multi-modal Experiments: PhysioLabXR
serves as a robust Python platform for real-time, multi-modal brain-computer
interface experiments that merge physiological data streams with extended reality
systems. It supports an extensive array of data sources and offers powerful real-time
data processing capabilities, which makes it an invaluable tool for neuroscience
and human-computer interaction researchers. Its architecture, which optimizes
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performance through concurrency and parallelism, ensures efficient handling of
complex, high-throughput data streams.

2. Vision Transformer for Glaucoma Diagnosis: This project adapts vision
transformer technology for the diagnosis of glaucoma, significantly advancing the
field of medical imaging. By distilling expert knowledge into a deep learning model,
it enhances diagnostic accuracy and reliability, outperforming traditional imaging
techniques. Moreover, the flexibility of this approach holds promise for extending
its application to other medical reports and imaging types, such as CT scans and
MRI scans, potentially leading to earlier and more accurate diagnoses across a
range of conditions.

3. SwEYEpe: Eye Tracking Based Input System: SwEYEpe revolutionizes
text input within virtual reality (VR) environments by integrating eye-tracking
technology with a Swype-like keyboard layout. This system addresses ergonomic
challenges posed by traditional text entry methods in VR and leverages natural
eye movements to provide a more intuitive and efficient communication method.
The inclusion of real-time fixation detection and an advanced spell correction
model enhances text entry accuracy and speed, significantly improving the user
experience in VR settings.

Each project pushes forward its respective field, showcasing the extensive potential of
combining eye tracking and machine learning technologies with user-centric interfaces
and medical diagnostics. While promising, challenges remain in improving technology
accessibility in low-resource settings and further enhancing user interface designs to
accommodate a broader range of users with diverse capabilities and preferences.

Future work will focus on addressing these challenges, refining the technologies based
on user feedback, and exploring broader applications. Continued interdisciplinary
collaboration will be crucial to overcome technical and usability hurdles and to achieve
broader adoption of these innovative systems.
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Figure 17: Sample RoIs: Inception-V4’s Grad-CAM
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Figure 18: Sample RoIs: VGG19’s Grad-CAM
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Figure 19: Sample RoIs: Attention rollout from the base ViT, showing the rollout of
the first and only attention layer.
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Figure 20: Sample RoIs: ResNet50’s Grad-CAM
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Figure 21: Sample RoIs: Attention rollout from the pretrained ViT, showing the rollout
of the final attention layer.
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