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Abstract—Parkinson’s disease ranks as the second most
prevalent neurodegenerative disorder globally. This research
aims to develop a system leveraging Mixed Reality capabilities
for tracking and assessing eye movements. In this paper, we
present a medical scenario and outline the development of an
application designed to capture eye-tracking signals through
Mixed Reality technology for the evaluation of neurodegenerative
diseases. Additionally, we introduce a pipeline for extracting
clinically relevant features from eye-gaze analysis, describing the
capabilities of the proposed system from a medical perspective.
The study involved a cohort of healthy control individuals
and patients suffering from Parkinson’s disease, showcasing
the feasibility and potential of the proposed technology for
non-intrusive monitoring of eye movement patterns for the
diagnosis of neurodegenerative diseases.

Clinical relevance— Developing a non-invasive biomarker for
Parkinson’s disease is urgently needed to accurately detect the
disease’s onset. This would allow for the timely introduction
of neuroprotective treatment at the earliest stage and enable
the continuous monitoring of intervention outcomes. The ability
to detect subtle changes in eye movements allows for early
diagnosis, offering a critical window for intervention before more
pronounced symptoms emerge. Eye tracking provides objective
and quantifiable biomarkers, ensuring reliable assessments of
disease progression and cognitive function. The eye gaze analysis
using Mixed Reality glasses is wireless, facilitating convenient
assessments in both home and hospital settings. The approach
offers the advantage of utilizing hardware that requires no ad-
ditional specialized attachments, enabling examinations through
personal eyewear.

Index Terms—saccades, augmented reality, signal processing,
eye monitoring

I. INTRODUCTION

Parkinson’s disease (PD) is a prevalent neurodegenerative
disorder affecting over 10 million individuals worldwide [1].
Identifying and characterizing biomarkers for PD have become
increasingly important for early diagnosis and effective disease
monitoring. Recently, the analysis of eye movements became
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a significant research field among the potential biomarkers,
mostly due to the potential to provide insights into the neuronal
mechanisms and pathways involved in PDF pathogenesis. In
Mixed Reality (MR) glasses, modern eye-tracking technology
uses infrared light sources and cameras to monitor the wearer’s
eye movement continuously. This hardware configuration cap-
tures pupil and corneal reflections, providing precise data on
gaze direction. The real-time processing unit in MR glasses
computes the wearer’s gaze point, enabling interactions like
seamless object selection, menu navigation, and dynamic
adjustment of virtual elements based on gaze. Reflective
waveguide technology, using mirrors to redirect light, offers an
efficient solution for developing highly effective eye-tracking
systems.

Ocular motor disruptions in PD involve various abnormal-
ities, particularly affecting reflexive saccades (RS), antisac-
cades (AS), memory-guided saccades (MGS), and smooth pur-
suit (SP). In PD, RS are often hypometric, especially vertically,
indicating a specific disruption in saccadic eye movement. AS
tasks reveal increased latency and error rates, serving as a
distinctive marker from other disorders. PD-related impairment
in MGS is characterized by reduced accuracy and increased
latency, distinguishing it from conditions like Huntington’s
disease. Additionally, SP in PD shows reduced velocity and
smoothness, with distinctions from cerebellar ataxia or multi-
ple system atrophy.

The exploration of eye movements as a potential biomarker
for the diagnosis and measurement of Parkinson’s disease has
demonstrated encouraging results [2]-[7]. Furthermore, the
non-invasive, objective, and rapid nature of eye tracking makes
it an attractive approach for evaluating oculomotion, with the
added potential for gamification mechanisms using MR tech-
nology to enhance diagnostic capabilities. In the area of MR
in medicine, Microsoft Hololens (1 & 2) glasses are the main
player, but from over 200 applications reviewed by Gsaxner
et al. only a few are related to patient diagnostics [8]. What
is more important there are almost no studies evaluating the
use of MR glasses in monitoring neurodegenerative diseases
[9]. There is also a lack of studies investigating off-the-shelf
eye tracking in detecting PD-related eye movement disorders.

Traditional methods of eye movement monitoring face sev-
eral challenges, including the requirement for costly equip-
ment, specialized software, and difficulties in adapting them
for use in a hospital environment [3], [10]. Our study using
the Microsoft HoloLens 2 (HL2) tackles cost and complex-
ity issues by leveraging its integrated eye-tracking features.
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Fig. 1. A user engaged in an eye movement task (A), user view during the
activity (B).

This user-friendly solution eliminates the need for separate,
expensive eye-tracking setups, making HL2 a portable and
easily deployable option for hospitals, seamlessly integrating
into existing healthcare systems.

Contribution: This research focuses on developing a Mixed
Reality-based system for tracking and evaluating eye move-
ments. We present a medical scenario and detail the creation of
an application designed to capture eye-tracking signals through
Mixed Reality technology for neurodegenerative disease as-
sessment. Additionally, we introduce a pipeline for extracting
clinically relevant features from eye-gaze analysis, empha-
sizing the system’s medical capabilities. The study included
both healthy individuals and patients with Parkinson’s disease,
illustrating the viability and promise of our technology in non-
intrusively monitoring eye movement patterns. This suggests
potential applications for the diagnosis of neurodegenerative
diseases.

II. METHODS

The study involves participants performing a series of four
tasks, utilizing an integration of MR glasses to conduct a
detailed examination of rapid and deliberate eye movements.
Before each task, the user is presented with either textual
and auditory instructions or undergoes a brief training session
guiding them on the correct task execution. In Figure 1, the
user is depicted performing an eye movement task alongside
their corresponding perspective.

MR technology enables to capture and analyze fast eye
movements, particularly reflex saccades triggered by external
stimuli. The advanced tracking capabilities of the MR glasses
facilitate a nuanced exploration of voluntary gaze redirection
in antisaccades, emulating complex decision-making scenarios
with high fidelity. Moreover, the study delves into memory-
guided saccades, wherein participants navigate an MR environ-
ment, providing insights into the interplay between memory
processes and ocular motor control. The application of MR
glasses extends to examining slow eye movements, including
gaze fixation and smooth pursuit. Gaze fixation is scrutinized
in dynamic real-world scenarios, allowing for a fine-grained
visual attention analysis during the task.

A. Acquisition Procedure

In the first task, participants focus on appearing points,
each preceded by a central point, and perform 30 repetitions.
Points randomly appear at positions (-20, -10, 10, and 20

degrees relative to the participant’s head) and are displayed
at continuous random intervals ranging from 1 to 3 seconds.

The second task, known as anti-saccades, is structurally
identical (handled by the same code segment), with the differ-
ence being in the instruction. Participants are asked to direct
their gaze in the opposite direction to the appearing point, so
if the point appears on the right side, the participant should
look to the left.

The third task called memory-guided saccades, is presented
as a challenging task, preceded by instructions and an exercise
with a guiding arrow that is later absent in the main part of
the task. The instructional phase involves 10 repetitions, and
participants are instructed to look at the location where the
point appeared previously. The sequence and placement of
points are analogous to the previous tasks, and the times and
places of their appearance are also randomized. In the main
part of the task, 30 repetitions are performed.

In the fourth task, involving eye-tracking movements, par-
ticipants are tasked with observing a moving point. Points
oscillate from -15 to 15 degrees and back relative to the
participant’s head. Thirty repetitions are performed, and two
frequencies are randomly selected: 0.2 or 0.4 Hz.

B. Technical Details

The HoloLens 2 features an integrated eye tracker with
a sampling rate of 30 Hz and a spatial accuracy of 1.5°
[11], capable of concurrently recording gaze data from both
eyes. Although the standard eye-tracking API of the device
does not permit the extraction of raw monocular signals,
such functionality is accessible through the Eye Tracking
Extended API. Our contribution lies in the development of an
application for the acquisition of eye-tracking data, utilizing
the standard 30 Hz eye-tracking capabilities of the HoloLens
Glasses. This frequency is commonly employed in commercial
Mixed Reality systems not intended for scientific research
and is readily accessible to software developers. We aimed
to examine the feasibility of utilizing eye tracking technology,
even at lower frequencies, which is standardly available in MR
solutions, for the detection of syndromes associated with neu-
rodegenerative diseases. The application is composed of two
layers: an interactive app built on Unity for the presentation
of tasks and a C++ based layer for the low-level acquisition
of sensor data. This setup enables the collection of signals
from all available sensors, including the inertial measurement
unit (IMU), microphones, and eye-tracking data (such as the
direction of eye gaze and gaze distance), along with acquisition
timestamps. The Unity layer similarly records the positions of
holographic objects presented to the user. All collected data is
stored in the internal memory of the HoloLens 2 and processed
post-procedure.

C. Data Processing

Raw data collected from HL2 including an eye tracker
timestamp, the eye gaze vector, and the eye gaze origin
point, were extracted. The eye gaze position was calculated
as origin + direction vector sum. The X-axis component of



the eye gaze position was extracted and normalized to the
HL2 field of view. This normalization facilitates comparison
with the positions of visual stimuli. The positions of these
visual stimuli were obtained from the logging component of
the HL2 Unity application. The stimulus display timestamp
and the X-axis position component were extracted from this
data. The eye gaze position data underwent filtering using a
Savitzky-Golay filter [12] for noise reduction and smoothing.
In the sections focusing on reflex, antisaccades, and memory
saccades, saccade points in the filtered signal were identified
as the first gaze data point with an amplitude exceeding half
of the signal’s standard deviation, in response to a peripheral
visual stimulus. If no such response occurred before the
appearance of the next visual stimulus, no saccade point was
recorded.

For reflex saccades 4 parameters were extracted:

a) Latency: Latency was calculated as a difference be-
tween the timestamps of a saccade point, and the first visual
stimulus displayed before that saccade point. Due to how
saccade points were registered, this guaranteed no instances
of mismatching stimulus-saccade pairs were included.

b) Saccade speed: Due to a limiting sampling rate of
60 Hz, the saccade speed could only be approximated. The
gradient of the gaze signal was calculated, and filtered once
again with a Savitzky-Golay filter [12]. For each registered
saccade, the maximum value in a radius of 20 samples from
the saccade point was recognized as a speed approximation
for that saccade.

c) Average amplitudes: For 10° and 20° peripheral visual
stimuli, an actual gaze amplitude was approximated. First,
stimuli signals were resampled to gaze signal sampling times.
Then, parts of the gaze signal corresponding to 10° and 20°
visual stimuli were extracted and averaged.

d) Average fixation time: For each registered saccade,

fixation time was calculated. As with saccade speed, the gradi-
ent of the gaze signal was calculated and filtered. For threshold
calculation, outliers were removed by a modified Z-score as
described by Iglewicz [13]. The gaze stabilization threshold
was then calculated as a 0.05 of the standard deviation of the
outlier-removed gradient signal.
For each saccade point, the initial start of a fixation was
identified as a timestamp of the first gradient datapoint below
that threshold (and after the saccade); and the end of a fixation
as the next gradient datapoint exceeding the threshold. To
eliminate microfixations, any fixations less than 50 ms in
length were discarded, and the above calculation was repeated,
starting from the end of discarded microfixation (instead of a
saccade point). If no fixation was detected before the next
visual stimulus, the longest of microfixations was registered
for calculation. The parameters used to characterize the anti-
saccades included:

e) Average latency: Average latency was calculated as a
difference between a timestamp of first saccade in a correct
direction in response to a stimulus, and corresponding stimu-
lus.

f) Incorrect saccades ratio: Instances of stimuli where
the first registered saccade was in the same direction as the
stimuli were counted as incorrect and a ratio of incorrect to
incorrect summed with correct ones was calculated.

The parameters for memory-guided saccades are as follows:

g) Incorrect saccades ratio: Instances of stimuli where
the first registered saccade was in a different direction to
a previous stimulus were counted as incorrect, and a ratio
of incorrect to incorrect summed with correct results was
calculated.

In computing smooth pursuit, the algorithm considers:

h) Smooth pursuit speed: The speed of the gaze signal
was calculated as a gradient of the absolute value of gaze data.
Mean and standard deviation were evaluated.

i) Smooth pursuit acceleration: Acceleration of the gaze
signal was calculated as a second derivative of gaze data. RMS
of acceleration was evaluated.

Parameters calculated from each part of the experiment are
as follows:

o Reflex Saccades: average latency [ms], average saccade

speed [°/ms], average amplitudes for 10 and 20 degrees

[°], average fixation time [ms],

o Anti Saccades: average latency [ms], incorrect saccades
ratio,

e Memory Saccades: incorrect saccade ratio,

o Smooth Pursuit: average saccade speed [°/ms], root mean
square of acceleration [°/ms?], speed standard deviation.

ITI. RESULTS
A. Preprocessed data

Raw data from Hololens 2 device was received as a binary
file. The file was parsed to an array of structures containing
both head and eye movement data. From that structure, fields
representing timestamps, eye gaze vectors, and eye gaze origin
point were extracted. The horizontal axis component was
extracted, normalized and filtered as described in section II-C.
Study information data (information about visual stimulus
displayed with corresponding timestamp) was transformed to
an array of tuples (timestamp, x-axis position). Position along
the x-axis was normalized in the same way as eye gaze data,
thus enabling comparisons. An example of the results of initial
data preprocessing is presented in figure 2.
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Fig. 2. Example of preprocessed signal from reflex saccades part.
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Fig. 3. Boxplots for parameters for healthy group (dark blue) and PD group
(light red). Depicted parameters: RL - reflex latency, RSD - reflex speed,
RA10 - reflex amplitude (10°), RA20 - reflex amplitude (20°), RAFT - reflex
average fixation time, AL - anti-latency, AISR - anti-incorrect saccades ratio,
MISR - memory-incorrect saccades ratio, SSD - smooth pursuit speed, SSA
- smooth pursuit acceleration RMS, SSS - smooth pursuit std. deviation

B. Case study

For a section of study participants, parameters were nor-
malized to [0,1] and averaged over the healthy (n=13) and
neurodegenerative (PD) (n=4) groups. Boxplots of those pa-
rameters are displayed in figure 3. Clear disparities between
healthy controls and Parkinson’s disease (PD) patients are
evident in reflex speed and reflex amplitude at 20 degrees. In
contrast, the interquartile ranges vary between the analyzed
groups for the remaining parameters, while the max-min
ranges may lead to overfitting. .

IV. DISCUSSION AND CONCLUSIONS

The study demonstrates the potential of using the com-
mercially available MR glasses for identifying symptoms as-
sociated with neurological disorders, particularly Parkinson’s
Disease. By leveraging advanced eye-tracking technology, the
device enables the detection of characteristic eye movement
patterns, such as reflexive saccades, antisaccades, memory-
guided saccades, and smooth pursuit. The findings align with
existing literature on eye movement abnormalities in PD.
The study specifically highlights the hypometric nature of
reflexive saccades in PD, difficulties in antisaccade tasks,
impairment in memory-guided saccades, and reduced smooth
pursuit, providing validation for the use of HL2 in monitoring
these symptoms. The study emphasizes the generalizability of
the approach, considering the 30 Hz eye-tracking frequency
commonly found in non-scientific, low-cost, and gaming ap-
pliances. The ability to detect neurological symptoms with
such simple and accessible technology holds promise for
lowering the cost of diagnosis and increasing the adoption of
eye-tracking technology in healthcare. The study recognizes
the prevalence of the 30 Hz eye-tracking frequency in non-
scientific, low-cost, and gaming appliances. The ability to
detect meaningful insights into neurological conditions using
such accessible technology suggests a promising avenue for
lowering diagnosis costs and enhancing the widespread adop-

tion of eye-tracking technology in healthcare. This finding un-
derscores the potential impact of integrating affordable devices
with simpler specifications into routine clinical assessments,
particularly in resource-constrained environments where cost-
effective solutions are crucial [14]. This has the potential to
benefit a larger population, particularly in resource-constrained
environments where access to high-end diagnostic equipment
may be limited [15].
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