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ABSTRACT

The rapid advancement of artificial intelligence (Al) is transforming healthcare, offering the
potential to enhance diagnostic accuracy, streamline clinical workflows, and personalize treat-
ment plans. However, the comprehensive application and integration of Al technologies in
healthcare face challenges, particularly in enhancing non-invasive screening methods. This
thesis investigates the application of Al-assisted tools across three key modalities—video, voice,
and image—to improve clinical decision-making and patient outcomes through non-invasive
methods. Focusing on neurological conditions such as Parkinson’s disease, stroke, and Amy-
otrophic Lateral Sclerosis (ALS), as well as ophthalmology and wound care, the research is
guided by three main questions. While the first two research questions leverage video and voice
analysis to detect subtle neurological symptoms—addressing key challenges of non-invasive
diagnostics such as subjective clinical assessments, delayed timeliness, and limited patient
monitoring—the third question aims to enhance Al non-invasive methods in ophthalmology and
wound care by overcoming data scarcity and advancing image translation techniques. The three
questions are:(I) How can Al-assisted facial expression analysis enhance the detection and
understanding of neurological conditions such as Parkinson’s disease, stroke, and ALS?
The study demonstrated that Al-assisted facial expression models could detect subtle symptoms
of these disorders, achieving 83% accuracy in identifying hypomimia associated with Parkin-
son’s disease. Similar techniques effectively detected facial weaknesses in Post-Stroke and ALS
patients, highlighting the value of Al-driven video analysis for non-invasive assessments. This
approach offers a groundbreaking non-invasive way to identify subtle symptoms that might
otherwise go unnoticed. Additionally, an Al-driven stroke app can assist in screening cases with
just a smile in emergency departments, highlighting the potential of video analysis for rapid and
non-invasive assessments. (ZI) In what ways can Al-based voice analysis tools improve the
remote assessment of Parkinson’s disease severity and support ongoing monitoring? This
study integrates ensemble Diadochokinetic analysis to identify severity of Parkinson, leverages
formant-based vocal tract length measurements from phonemes to detect subtle changes, and uti-
lizes an large language models (LLM) as an agent for real-time patient feedback. Together, these
components offer a scalable, non-invasive solution for improved early detection and continuous
management of Parkinson’s disease. (III) How do Al-powered synthetic imaging techniques
contribute to the detection and diagnosis of medical conditions like age-related macular
degeneration and venous leg ulcers? In imaging, deep learning models such as StyleGAN-2
achieved 85% accuracy in detecting age-related macular degeneration, outperforming human
experts. Additionally, Al-generated thermal imaging achieved promising results for chronic
wound assessment with an SSIM score of 0.84, although further validation is necessary. In
conclusion, this thesis underscores the transformative potential of Al in healthcare, providing
non-invasive solutions that improve early detection, facilitate remote monitoring, and enhance



diagnostic precision. Future efforts must address demographic biases, ensure ethical data use,
and work with regulatory bodies to integrate these tools into clinical practice, advancing towards
more accessible and effective healthcare solutions.

Keywords: Atrtificial Intelligence, Non-Invasive Diagnostics, Al-Assisted Tools, Video Analysis,
\oice Analysis, Data Augmentation, Synthetic Data, Neurological Conditions, Parkinson’s Dis-

ease, Stroke, Amyotrophic Lateral Sclerosis, Ophthalmology, Wound Care, Machine Learning,
Remote Monitoring.
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CHAPTER

INTRODUCTION

With advancements in arti cial intelligence (Al), healthcare has emerged as one of the
most signi cantly impacted sectors. Al-driven techniques, particularly in medical image analysis,
have shown great promise in enhancing diagnostic accuracy, improving treatment planning, and
optimizing patient outcomes by addressing challenges like data scarcity and interpretability
in clinical work ows (PILLAI, 2021). In non-invasive diagnostics, Al plays a crucial role,
particularly in the early detection and management of diseases, as seen in assessing coronary
artery disease, where Al aids in offering reliable, low-risk diagnostic solutions (DOCO&tUB
al., 2023). Additionally, Al holds the potential to bridge healthcare delivery gaps, especially in
resource-poor settings, where healthcare worker shortages are prevalent, by enabling innovative
tools and systems to extend care to underserved populations (Véa&lL. 2018).

The application of Al in healthcare has been a rapidly expanding eld, with numerous
studies emphasizing its transformative potential in improving patient care (KASULA, 2024).
For example, in radiology, Al has enhanced the accuracy of image interpretation by aiding
in identifying complex patterns (LOEHFELM, 2021). In dermatology, Al has demonstrated
substantial capabilities in detecting skin cancer (LIOPYRi &I, 2022). Al algorithms have
been successfully employed in cardiology for arrhythmia detection and predicting cardiac
events (FEENYet al, 2020). Al has also shown promise in neurology, where Al-driven gait
analysis algorithms have effectively monitored motor symptoms in Parkinson's disease, although
challenges remain in achieving widespread clinical validation (BI&S&., 2020). Similarly, in
the context of cognitive disorders, Al tools analyzing speech patterns have demonstrated potential
in detecting early signs of Alzheimer's disease, highlighting its role in early, non-invasive
diagnostic methods (LUZ£t al., 2021). Despite these advancements, signi cant challenges
remain, such as data security, ethical concerns, and ensuring Al systems are reliable across
diverse patient demographics. Addressing these challenges is crucial for successfully integrating
Al into clinical practice (KHANet al,, 2023).

While signi cant progress has been made in utilizing Al for medical diagnostics, several
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challenges remain. Current Al systems often face integration limitations within healthcare settings
due to concerns about infrastructure compatibility, ethical considerations, and a general lack of
Al literacy among healthcare professionals, hindering widespread adoption (ESMAEILZADEH,
2024). Ongoing research is focused on enhancing personalized patient communication, improv-
ing remote monitoring, and increasing treatment adherence through Al-driven tools (NOVA,
2023). There is also a pressing need for comprehensive studies that extend beyond task-speci c
diagnostics to broader applications in Telemedicine and E-Health (KADU; SINGH, 2021). This
thesis will explore the impact of Al-assisted techniques across three key modalities—video,
voice, and image—on clinical decision-making and patient outcomes, focusing on conditions
like neurological disorders, ophthalmic diseases, and leg ulcers. The goal is to highlight Al's
potential to transform modern healthcare.

One focus of this thesis is the potential of Al-assisted facial expression analysis in
improving interactions between clinicians and patients, particularly for conditions like Parkin-
son's disease, Stroke, and Amyotrophic Lateral Sclerosis (ALS) (QlA&N&. 2022). Current
diagnostic practices often rely on subjective assessments, which can be inconsistent and time-
consuming (IENCA; IGNATIADIS, 2020). By developing and implementing Al models that
analyze facial expressions to detect signs of these neurological conditions, this study seeks to
provide clinicians with a reliable, objective tool that enhances diagnostic accuracy and facilitates
timely interventions. This study will also explore the utility of mobile applications for rst
responders, enabling rapid identi cation and management of post-stroke patients in emergency
settings.

Another key area of investigation is the role of Al-based voice analysis tools in remote
monitoring and ongoing care for Parkinson's disease. As the disease progresses, continuous
monitoring becomes crucial for effective management (AR@R&|, 2015). Traditional methods
are often invasive and inconvenient for patients. This thesis aims to develop Al models that can
analyze voice recordings to assess disease severity, offering a non-invasive, accessible alternative
for regular monitoring. Additionally, the integration of language models and chatbots will be
explored to provide patients with real-time feedback and support, thereby improving adherence
to treatment plans and enhancing overall care quality.

Lastly, this thesis investigates the application of Al-powered deep learning techniques
for synthetic imaging in medical eld. Speci cally, this thesis will develop methods to create
synthetic images for conditions such as age-related macular degeneration and venous leg ulcers.
By using data augmentation techniques and advanced models like stable diffusion architectures,
the study aims to improve the accuracy and reliability of diagnostic tools. The thesis will also
develop web-based tools to make these advanced diagnostic techniques more accessible to
clinicians and patients, ultimately enhancing the quality of clinician-patient interactions and
supporting non-invasive screening efforts.
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Figure 1 — Thesis Contribution.

1.1 Objectives

The objective of this thesis is to investigate and develop Al-assisted techniques across
different modalities— video, voice, and image —to enhance diagnostic accuracy, improve clinical
decision-making, and elevate patient outcomes in the elds of neurology, ophthalmology, and
wound care. This research aims to bridge the gap between current Al capabilities and practical,
non-invasive medical applications by focusing on conditions such as Parkinson's disease, stroke,
ALS, age-related macular degeneration, and venous leg ulcers.

1.1.1 Research Questions

This work seek to achieve the objectives of this work by answering the following research
guestions:

1. (Video) How can Al-assisted facial expression analysis enhance the detection and
understanding of neurological conditions such as Parkinson's disease, stroke, and
ALS?

2. (Voice) In what ways can Al-based voice analysis tools improve the remote assess-
ment of Parkinson's disease severity and support ongoing monitoring?

3. (Image) How do Al-powered synthetic imaging techniques contribute to the detec-
tion and diagnosis of medical conditions like age-related macular degeneration and
venous leg ulcers?

Figure 1 presents a diagram showing the main motivation and challenges behind each
research question.

1.1.2 Hypothesis

This research has been conducted based on the following hypothesis:
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1. Facial Action Unit Analysis for Neurological Conditions: Al-assisted analysis of
facial action units can distinguish patients with neurodegenerative diseases—such as Parkinson's
disease, amyotrophic lateral sclerosis, and stroke—from healthy individuals. This system will
lead to better understanding of facial expression impairments associated with these conditions.

2. Voice Analysis Using Diadochokinetic (DDK) TasksAl-based voice analysis uti-
lizing Diadochokinetic (DDK) tasks provides an effective, non-invasive method for assessing
disease severity in Parkinson's patients. Employing an ensemble of different DDK tasks is
hypothesized to reduce over tting and enhance the accuracy of remote monitoring.

3. Integration of Large Language Models in Voice Analysis:Incorporating Large
Language Models (LLMs) as agents to initiate Al-based voice analysis tools is expected to
improve the remote identi cation of Parkinson's disease symptoms. This integration has the
potential to enhance patient engagement and adherence to treatment plans.

4. Synthetic Imaging for Age-Related Macular Degeneration DetectionGenerating
synthetic images through data augmentation techniques is expected to improve the performance
of deep learning models in automatically detecting signs of age-related macular degeneration.
This enhancement will lead to more accurate and reliable diagnostic tools.

5. Image Translation for Venous Leg Ulcer AssessmenDeep learning-based image
translation methods is expected to generate synthetic thermal images from RGB images. This
capability can enhance the assessment and monitoring of venous leg ulcers, providing a non-
invasive and accessible diagnostic aid.

1.2 Thesis Structure

This thesis is organized into six main chapters, each addressing a speci ¢ Al-assisted
technique applied to various medical diagnostics and patient care modalities, including video,
voice, and image analysis. The following is a detailed outline of each chapter:

Chapter 2: Literature Review

This chapter presents a brief literature review along with one systematic literature review
on the application of video, voice, and image analysis techniques within the healthcare eld.
Speci cally, Section 2.1 focuses on video analysis in healthcare, highlighting facial expression
analysis for ALS detection (Section 2.1.1), post-stroke detection (Section 2.1.2), and Parkinson's
disease detection (Section 2.1.3).

The systematic literature review presented in Section 2.1.3 systematically evaluates
and synthesizes machine learning and deep learning techniques applied to Parkinson's disease
detection through emotional facial expressions. This review includes methods of literature search
, Study selection criteria, data extraction procedures, as well as the results obtained. It also covers
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general observations, traditional machine learning approaches, deep learning methodologies,
available facial video datasets for Parkinson's disease, and considerations regarding technology
readiness for clinical translation.

The chapter also brie y covers voice applications in healthcare (Section 2.2), addressing
tasks like diadochokinetic tests (Section 2.2.1) and vocal tract length assessment (Section 2.2.2).
Additionally, image analysis techniques in healthcare are reviewed in Section 2.3, focusing
particularly on diagnosing venous leg ulcers (Section 2.3.1) and age-related macular degeneration
(Section 2.3.2).

Chapter 3: Video Analysis for Neurological Conditions

Chapter 3 explores the application of machine learning and deep learning techniques for
analyzing facial expressions in patients with neurological conditions, such as Parkinson's disease,
ALS, and post-stroke impairments. It begins with hypomimia identi cation in Parkinson's
disease. A promising approach involved using action units, but one of the main limitations was
the small dataset. To overcome this, a data augmentation strategy was introduced to enhance
model performance. Building on this foundation, the action unit-based approach was extended to
other conditions that affect facial movement, such as stroke and ALS. The chapter concludes by
introducing Graph Neural Networks (GNNs) as a method for capturing facial patterns through
graph-based representations of facial landmarks. This chapter is divided into three main sections:

Section 3.1: Improving Facial Action Unit analysis for Parkinson's Disease Hypomimia
Detection

This section re nes facial action unit analysis using data augmentation on a tabular dataset
to address small data limitations. These enhancements improve the accuracy and robustness
of Al models in detecting subtle facial changes associated with Parkinson's disease.

Section 3.2: Facial Action Unit Analysis for Post-Stroke and ALS

This section details the development of Al models capable of analyzing facial action
units to objectively assess facial expression impairments in Post-Stroke and ALS. The
analysis aims to enhance diagnostic accuracy for neurological conditions that affect facial
expressions, offering paramedics a screening tool for timely intervention.

Section 3.3: Graph Neural Networks for Post-Stroke and ALS

In this section, facial expressions affected by post-stroke impairments and ALS are ana-
lyzed using graph-based techniques. Facial landmarks are modeled as graphs and processed
with Graph Neural Networks (GNNSs) to capture spatial and dynamic patterns. As a co-
author on this work, contributions included assisting in the project design, validating the
experimental procedures, and reviewing the manuscript.
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Chapter 4: Voice Analysis for Remote Monitoring

Chapter 4 focus in Al-driven voice analysis as a tool for evaluating disease severity in
Parkinson's disease. It explores innovative methods for leveraging vocal features to monitor
patient health remotely. The chapter is divided into three main sections:

Section 4.1: Diadochokinetic (DDK) Task Analysis

This section introduces a methodology for assessing Parkinson's disease severity based on
Diadochokinetic (DDK) tasks. An ensemble approach to different DDK tasks is discussed,
demonstrating how it can be used to identify severity in the Parkinson's disease group.

Section 4.2: Apparent Vocal Tract

This section investigates how Parkinson's disease alters vocal tract control. Using formant
analysis of the phoneme /a/ from established datasets, the study compares the apparent
vocal tract length between PD patients and healthy controls. Results indicate that PD is
associated with an increased vocal tract length—especially notable among male partici-
pants—although limited sample size prevents deeper evaluation of confounding factors.
As a co-author on this work, contributions included assisting in the project design and
reviewing the manuscript.

Section 4.3: Integration of Large Language Models and Chatbots

This section outlines the integration of a large language model (LLM)-powered agent with

a machine learning model trained on the apparent vocal tract length feature discussed in
Section 4.2. The agent leverages these voice analysis insights to assess Parkinson's disease
markers, while a chatbot interface provides real-time feedback and fosters enhanced patient
engagement.

Chapter 5: Al-Powered Synthetic Imaging

Chapter 5 investigates the use of state-of-the-art generative models for creating synthetic
medical images to improve diagnostic accuracy in the elds of ophthalmology and wound care.
The chapter is divided into two main sections:

Section 5.1: Image Translation with Stable Diffusion for Wound Assessment
This section explores the use of Stable Diffusion models to generate thermal images from
RGB images for the assessment of venous leg ulcers.

Section 5.2: Data Augmentation with StyleGAN-2 for Ophthalmology

This section details the application of StyleGAN-2 for generating synthetic images to
enhance the detection of age-related macular degeneration. The study examines how
synthetic data can improve the performance of deep learning models. Web-based system
was developed.
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Chapter 6: Conclusion and Future Work

The nal chapter summarize the ndings and contributions from the preceding chapters,
highlighting the implications for clinical practice. The chapter emphasizes the transformative po-
tential of Al in modern healthcare, particularly in enhancing diagnostic accuracy and facilitating
patient-clinic interactions through non-invasive methods. Additionally, this chapter addresses
the limitations of the current research and suggests avenues for future studies to further advance
Al-assisted techniques in healthcare, with a focus on non-invasive diagnostics and improved
patient outcomes.

1.2.1 Publications

This thesis resulted ih2 publications includingsix rst-author articles published
in Q1 journals, among them prestigious journals such#83M Computing Survey$mpact
Factor: 23.8; ranked 1/143 in Computer Science Theory & Meth@its)y)puter Methods and
Programs in BiomedicineBiomedical Signal Processing and ContrDlgital Biomarkers and
Computers in Biology and MedicinAdditionally, two rst-author conference papers were
presented at the International Symposium on Computer-Based Medical Systems, alongside three
collaborative conference papers and one collaborative journal publication.

Therefore, the contributions of these publications, listed below, re ect signi cant advance-
ments in the application of video analysis, voice processing, and synthetic imaging technologies
in healthcare, highlighting their clinical relevance and potential impact:

1. Facial expression analysis in Parkinson's disease using machine learning: a review
OLIVEIRA, G.C. , Ngo, Q.C., Passos, L.A., Jodas, D.S., Papa, J.P. and Kumar, D., 2025.
ACM Computing Survey57(8), pp. 1-25.

2. Tabular data augmentation for video-based detection of hypomimia in Parkinson's
diseaseOLIVEIRA, G.C. , Ngo, Q.C., Passos, L.A., Papa, J.P., Jodas, D.S. and Kumar,
D., 2023.Computer Methods and Programs in Biomedici240, p. 107713.

3. Facial expressions to identify post-stroke: a pilot studyOLIVEIRA, G.C. , Ngo, Q.C.,
Passos, L. AQLIVEIRA, L.S. , Papa, J.P. and Kumar, D., 20Zomputer Methods and
Programs in Biomedicing50, p. 108195.

4. Video assessment to detect amyotrophic lateral sclerosi®LIVEIRA, G.C. , Ngo,
Q.C., Passos, L.AQLIVEIRA, L.S. , Stylianou, S., Papa, J.P. and Kumar, D., 2024.
Digital Biomarkers 8(1), pp. 171-180.

5. Facial point graphs for stroke identi cation . Gomes, N.B., Yoshida, A., dBLIVEIRA,
G.C., Roder, M. and Papa, J.P., 2023, Novemberldaroamerican Congress on Pattern
Recognition (CIARR)Cham: Springer Nature Switzerland, pp. 685-699.
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10.

11.

12.

. Facial point graphs for amyotrophic lateral sclerosis identi cation. Gomes, N.B.,

Yoshida, A., Roder, M.OLIVEIRA, G.C. and Papa, J.P., 2024. I19th International
Joint Conference on Computer Vision, Imaging and Computer Graphics Theory and
Applications (VISIGRAPP 2024) — Volume 3: VISAPP. 207-214.

. A pilot study for speech assessment to detect the severity of Parkinson's disease: an

ensemble approachOLIVEIRA, G.C. , Pah, N.D., Ngo, Q.C., Yoshida, A., Gomes,
N.B., Papa, J.P. and Kumar, D., 20Z5mputers in Biology and Medicin&85, p. 109565.

. NestNeuro: leveraging chatbots for vocal screeningOLIVEIRA, G.C. , Pah, N.D.,

Ngo, Q.C., Papa, J.P. and Kumar, D., 2024, June2024 |IEEE 37th International
Symposium on Computer-Based Medical Systems (CBEE, pp. 182—-185.

. The change of vocal tract length in people with Parkinson's diseas®ah, N.D., Motin,

M.A., OLIVEIRA, G.C. and Kumar, D.K., 2023, July. 112023 45th Annual International
Conference of the IEEE Engineering in Medicine & Biology Society (EMBEBE,
pp. 1-4.

Robust deep learning for eye fundus images: bridging real and synthetic data for
enhancing generalization OLIVEIRA, G.C. , Rosa, G.H., Pedronette, D.C., Papa, J.P.,
Kumar, H., Passos, L.A. and Kumar, D., 20B4omedical Signal Processing and Control
94, p. 106263.

A stable diffusion approach for RGB to thermal image conversion for leg ulcer as-
sessmentOLIVEIRA, G.C. , Ngo, Q.C., Papa, J.P. and Kumar, D., 2024, June2084

IEEE 37th International Symposium on Computer-Based Medical Systems (CIEHEE)

pp. 158-163.

Screening major depressive disorder in patients with obstructive sleep apnea using
single-lead ECG recording during sleepShaw, V., Ngo, Q.C., Pah, N.DOLIVEIRA,
G.C., Khandoker, A.H., Mahapatra, P.K., Pankaj, D. and Kumar, D.K., 26&&lth
Informatics Journgl30(4), p. 14604582241300012.

Table 1 summarizes the research studies by organizing them under speci c research

guestions, chapters, and published study titles. All works comprising each chapter of the thesis
were primarily the result of my own research, with the exception of Section 3.3 and Section 4.2,
in which | contributed as a co-author. In the study described in Section 3.3, | was involved in
experimental validation, and manuscript review. In contrast, in the study presented in Section 4.2,
| participated in project design and manuscript review. Additionally, | collaborated on another
project that fell outside the scope of the thesis.
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Research Chapter Study Title
Question

Chapter 2 Facial Expression Analysis in
Parkinson's Disease Using Machine
Learning: A Review

Chapter 3.1 | Tabular data augmentation for
video-based detection of hypomimia in
Parkinson's disease

RQ1
Q Chapter 3.2 | Facial expressions to identify

post-stroke: A pilot study

Chapter 3.2 | Video Assessment to Detect
Amyotrophic Lateral Sclerosis

Chapter 3.3 | Facial point graphs for stroke
identi cation

Chapter 3.3 Facial Point Graphs for Amyotrophic
Lateral Sclerosis Identi cation

Chapter 4.1 | Speech Assessment for Detecting the
RQ2 Severity of Parkinson's Disease: An
Ensemble Approach

Chapter 4.2 | The Change of Vocal Tract Length in
People with Parkinson's Disease

Chapter 4.3 NestNeuro: Leveraging Chatbots for
Vocal Screening

Chapter 5.1 | Robust deep learning for eye fundus
images: Bridging real and synthetic
data for enhancing generalization

Chapter 5.2 | A Stable Diffusion Approach for RGB
to Thermal Image Conversion for Leg
Ulcer Assessment

RQ3

Screening Major Depressive Disorder in
Patients with Obstructive Sleep Apnea
Using Single-Lead ECG Recording
During Sleep

Table 1 — Summary of Research Studies.

Appendix A: Media Coverage

Appendix A highlights the extensive media attention the thesis research has received,
exempli ed by the pilot study titled~acial Expressions to ldentify Post-Stroke This inves-
tigation has been featured by major media outlets including 9News, 7News, ABC, RMIT
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News, The Conversationand BrazilianForbes and has achieved an Altmetric score of 319.
Among its notable contributions is an Al-powered smartphone application that leverages facial
cues—yparticularly smiling—to rapidly detect signs of stroke, thereby potentially speeding up
emergency treatment. This appendix also includes a concise summary of other related projects, in-
cluding a study oALS detection through facial analysisand asystematic literature review

on using facial expression assessments for Parkinson's disease.

Appendix B: Ethics Approval Letter

Appendix B addresses the vital issue of ethical compliance, presenting the Ethics Ap-
proval Letter and detailing the rigorous review process undertaken by an ethics committee. This
section underscores adherence to the National Statement on Ethical Conduct in Human Research
(NHMRC, 2007) and other relevant standards, as well as the proactive measures implemented
to safeguard participants' rights, well-being, and privacy. Readers are advised to consult the
complete Ethics Approval Letter, provided at the end of this appendix, for a full account of the
protocols and guidelines governing the research.
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LITERATURE REVIEW

This chapter provides a review of existing literature on video, voice, and image analysis
techniques within healthcare. Speci cally, it discusses the application of video analysis for
detecting neurological diseases, voice analysis for monitoring disorders such as Parkinson's
disease, and image analysis using synthetic data to diagnose medical conditions like venous leg
ulcers and age-related macular degeneration (AMD).

Importantly, Section 2.1.3 features a systematic literature review tifHadal Expres-
sion Analysis in Parkinson's Disease Using Machine Learning: A Review"published in
the ACM Computing Surveysurnal. This comprehensive review systematically evaluates and
synthesizes current methodologies employing machine learning and deep learning approaches
for analyzing emotional facial expressions to detect Parkinson's disease. The section examines
existing literature, compares methods, discusses the associated challenges, and identi es research
gaps to guide future studies in this specialized area.

2.1 Video analysis in Healthcare

Video analysis is becoming an important tool in healthcare because it allows for non-
invasive, real-time monitoring and diagnosis of various medical conditions. The advent of
advanced machine learning techniques, particularly deep learning, has facilitated the extraction
of meaningful patterns from video data, which can be applied to a wide range of healthcare
problems (FARHADet al, 2023; KOLARIK et al,, 2023). This subsection provides an overview
of the applications of video analysis in healthcare, focusing on the detection and monitoring
of neurological diseases such as Amyotrophic Lateral Sclerosis (ALS), stroke, and Parkinson's
disease through facial expression analysis.

Video analysis in healthcare has diverse applications, including diagnostic, monitoring,
and therapeutic uses. Diagnostic applications focus on identifying medical conditions through
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visual symptoms like abnormal gait or facial expressions, thus accelerating diagnoses and eas-
ing clinical workloads (FARHADet al, 2023). Monitoring applications involve continuous
observation of disease progression, particularly bene cial in chronic neurological conditions
like Parkinson's disease, where video-based tracking of symptoms aids personalized treat-
ment (YOLCUet al, 2019). Therapeutic applications employ real-time video analysis, often
combined with 0T and edge computing technologies, providing immediate feedback for reha-
bilitation exercises and enhancing remote patient care (RAJAEL, 2022; IKECHUKWU,;

WANG, 2024).

Facial expression analysis is a speci c area of video analysis that is used in health-
care (YOLCUet al,, 2019). The Facial Action Coding System (FACS), developed by Ekman and
Friesen in the 1970s, provides a comprehensive framework for categorizing facial movements
by their appearance on the face. FACS has been instrumental in the development of automated
systems for facial expression recognition. FACS is a widely used system for describing facial
movements in terms of action units (AUs). Each AU corresponds to a speci ¢ facial muscle move-
ment. FACS provides a standardized method for recording and interpreting facial expressions,
making it an invaluable tool in both psychological and medical research. With advancements in
computer vision and machine learning, automated systems for facial expression recognition have
been developed. These systems use algorithms to detect and interpret facial movements, often
using FACS as a reference framework. Such systems can be used to identify emotional states,
pain levels, or neurological impairments based on facial expressions.

2.1.1 Facial expression for ALS Detection

The computerized analysis of facial expressions in ALS has gained signi cant attention
in recent years as a means to enhance diagnostic accuracy and monitor disease progression.
Bandiniet al. (2018c) have made notable contributions by developing a marker-less video-based
approach to assess facial movements in ALS patients. Using a depth sensor, they were able to
capture and analyze kinematic features of lip movements during both speech and non-speech
tasks. This work emphasizes the potential of non-invasive, video-based techniques in overcoming
the limitations associated with traditional motion tracking systems, which are often expensive
and less accessible in routine clinical practice.

Beyond motor de cits, ALS also impacts cognitive and emotional functions. Aho-Ozhan
et al. (2016) studied emotional processing in ALS patients, nding diminished recognition of
negative emotions like disgust and fear, with altered brain activity in areas related to social
emotions. These ndings suggest that ALS affects both motor and emotional processing, with
possible modulation by social interactions.

Similarly, Zimmermaret al. (2007) examined the cognitive de cits associated with
frontal lobe dysfunction in ALS, particularly in patients with bulbar involvement who often
exhibit emotional lability. Their study found signi cant impairments in the recognition of facial
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emotions, independent of depressive or dementia symptoms. This reinforces the notion that
ALS affects multiple cognitive domains, including emotional perception, and suggests that these
de cits can occur even in the absence of other cognitive impairments.

Oh et al. (2016) expanded the understanding of emotion perception de cits in ALS
by investigating a cohort of Korean patients. Their ndings con rmed that ALS patients have
signi cant dif culties in recognizing facial emotions, particularly those associated with sadness
and fear. This study further supports the view that ALS is not solely a motor disorder but also
involves cognitive and emotional dysfunctions, which are critical to consider in both diagnosis
and management.

In 2024, one approach leveraged accessible video capture and standard machine learning
work ows to re ne ALS detection through facial symmetry and landmark analysis. For instance,
Suarez-Hernandéet al. (2024) proposed to identify ALS via facial-symmetry analysis. Key
facial landmarks were extracted and converted to spherical coordinates to minimize spatial errors.
Supervised ML models trained on these features achieved performance metrics—with accuracy,
speci city, and sensitivity reported at 66.7%, 50.0%, and 87.5%, respectively—highlighting the
potential for earlier and more ef cient diagnosis with accessible equipment.

2.1.2 Facial expression for Post-Stroke Detection

Stroke detection and assessment pose signi cant challenges, particularly in emergency
settings where rapid diagnosis is critical. Stroke often affects facial symmetry and muscle control,
making facial expression analysis a valuable tool for early detection. Early detection of stroke is
crucial for effective treatment. Delays in diagnosis can result in signi cant brain damage and
long-term disability. Rapid assessment tools are needed, especially in pre-hospital settings, to
ensure timely intervention. Stroke can cause asymmetry in facial movements, such as drooping
of one side of the face. Analyzing these asymmetries through video analysis can provide early
indications of stroke.

Kaewmahaniret al. (2022) proposed using cosine similarity between the left and right
sides of the face to detect facial asymmetry, achieving a high classi cation accuracy of 97.9% on
the Toronto NeuroFace dataset, highlighting its potential for elderly stroke detection.dpalpo
(2023) further explored facial motion analysis in stroke and ALS patients, using facial landmarks
to assess orofacial dysfunction severity with random forest classi ers, achieving results close to
baseline models in various accuracy metrics.

Naeiniet al. (2022) investigated orofacial assessment videos, comparing traditional
landmark-based methods with a deep learning model, RepNet, for detecting periodicity. RepNet
outperformed the traditional approach, effectively distinguishing between healthy individuals
and ALS patients. Parra-Dominguez, Sanchez-Yanez and Garcia-Capulin (2021) focused on
detecting facial paralysis using a photograph-based system, employing a multi-layer perceptron



32 Chapter 2. Literature Review

classi er that demonstrated high accuracy on public datasets.

Bandiniet al. (2018a) developed a video-based approach for assessing orofacial impair-
ments in stroke survivors. By using depth sensors and face alignment algorithms, they achieved
87% accuracy in differentiating stroke patients from controls, supporting the feasibility of an
objective assessment tool for clinical use.

Recent advances in computer-aided stroke detection underscore the potential of facial
analysis as a rapid diagnostic tool in emergency settings. Stroke often manifests as asymmetrical
facial movements and altered muscle control, making objective assessment of facial expressions
critical for early intervention. In a pioneering study, Alshagifal. (2024) demonstrated that deep
learning techniques—speci cally convolutional neural networks—can detect facial asymmetries
indicative of stroke in prénospital scenarios, thus minimizing delays that may lead to signi cant
brain damage and lorgrm disability. Complementary research by Rargaal.(2024) proposed
a framework integrating computer vision and machine learning to classify facial asymmetry
in stroke survivors, achieving promising accuracy and reinforcing the feasibility of objective,
video-based assessments in both clinical and emergency environments.

In addition, Koobet al. (2024) investigated the behavioral and neuroanatomical correlates
of facial emotion processing in pestroke depression (PSD), revealing that stroke patients exhibit
de cits in recognizing speci ¢ emotions—especially happy, sad, and fearful expressions. These
de cits are linked to lesions in key emotigorocessing regions, such as the inferior and middle
frontal gyri, insula, and putamen, and may be further ampli ed by depressive symptoms.

2.1.3 Facial expression for Parkinson Detection

Parkinson's disease (PD) is a neurodegenerative disease that affect&ovesdults
over60 years old, with around% diagnosed among0-year-olds or even younger (REEVE;
SIMCOX; TURNBULL, 2014). There are no easy-to-perform tests or biomarkers for its diagnosis.
The disease is multi-symptomatic and is diagnosed based on observations of the symptoms.
While there is no cure for the condition (LEE; YANKEE, 2021), early detection of the disease
can help manage the symptoms, and improve the quality of life of the patients.

PD is characterized by a complex set of symptoms, including motor and non-motor
symptoms (POSTUMAet al,, 2015; BERARDELLIet al,, 2013). In the early stages, motor
symptoms may include pain, stiffness or numbness in the limbs, speech impairment (dysarthria),
and a reduction in control of facial expressions (RIZEK; KUMAR; JOG, 2016). Advanced
stages may have symptoms such as resting tremor, bradykinesia, gait and speech dif culties,
hypophonia, muscle dystrophy, postural deformities, and instability (JANKOVIC, 2008a). Non-
motor symptoms include cognitive impairment, anxiety, drowsiness, speaking irregularities,
olfactory dysfunction, sleep problems, constipation, aggression, confusion, and erectile dysfunc-
tion (FULLARD; MORLEY; DUDA, 2017; MAHLKNECHT; SEPPI; POEWE, 2015; SEP&
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al., 2019) (POEWEet al, 2017).

Individuals with Parkinson's disease frequently exhibit a condition characterized by
decreased facial expression, namely hypomimia (POEWAE, 2017; SVEINBJORNSDOTTIR,
2016). The term, also known as “facial masking” (GOETZ, 2011), characterizes a common symp-
tom even in its early stage (JANKOVIC, 2008a). Patients with hypomimia have considerable
dif culties adjusting their facial muscles to display emotional expressions (RICCIAREI.,

2020), resulting in diminished alterations to their facial expression. They may appear to be disin-
terested in their surroundings, leading to miscommunication, causing misunderstandings (HO
al., 2020; RICCIARDIet al,, 2017), decreased social well-being, and depression (GUNNERY

al., 2016).Experienced clinicians use hypomimia as a biomarker to identify PD but early signs
may not be easy to detect.

Advances in arti cial intelligence (Al) computer vision and machine learning (ML)
have developed methods for machine-based assessment of different symptoms of people with
neuro-motor disorders such as PD. Such techniques have been shown to be accurate and also
suitable for telehealth applications (GHORAABI# al, 2019; DEMROZIet al,, 2019). With the
development of Al to recognise facial expressions, an extension for detecting hypomimia has
been proposed. Sonawane and Sharma (SONAWANE; SHARMA, 2021) reviewed works in the
context of automated facial expression analysis for PD patients, indicating the quick progress in
this eld. They observed that deep learning was still in the early in 2020. However, since then,
there have been signi cant developments in the eld. My work lIs this gap and provides an
updated account of this area, presenting recent progress while also highlighting the limitations.

What are the most suitable machine learning approaches for differentiating between people
with PD and healthy individuals using videos of facial expressions?

What are the strengths and limitations of using data augmentation for facial video analysis
in detecting PD?

Is the research eld advanced enough for translation into clinical practice? What are the
limitations?

Detecting hypomimia can help detect PD in the early stage. It also can help understand
the behavior of the individual. It does not require special equipment and can be performed
using a camera or smartphone (KATSIKITIS; PILOWSKY, 1988; Kahal, 2002; PELL,;
LEONARD, 2005; MERGLet al,, 2005; MARSILIet al, 2014) and computerized assessment
has the potential for being used for population screening. While this was rst propo488&
by Katsikitis and Pilowsky (KATSIKITIS; PILOWSKY, 1988), research on PD identi cation
from facial expressions is a very recent phenomenon, with the majority of the works being
published after 2019.
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2.1.3.1 Methods

This subsubsection reviews relevant literature on facial analysis in PD up to 2019 and
describes the methodology used for a systematic review of studies published since then, focusing
speci cally on advancements in video-based analysis of facial movements and expressions for
clinical applications.

Initial screening in the PubMed dataset led us to observe that the works were mainly
organized into three main categories: (i) emotion recognition, (i) hypomimia degree detection,
and (iii) diagnosis by facial expression. Fig. 2 depicts the number of publications from 1967 to
2024.

Figure 2 -The number of PubMed publications related to facial expression in Parkinson's disease from
1967 to September 2024. It includes emotion recognition, hypomimia detection, and diagnosis
by facial expression.

2.1.3.1.1 Relevant works by 2019

Undetected hypomimia in PD can lead to miscommunication and misunderstandings
because the symptom is often associated with indifference or bad behaviour. Such a condition
may lead to social isolation and stressful situations with family, friends, and caregivers (TICKLE-
DEGNEN; LYONS, 2004). Studies have highlighted the challenges faced by PD patients due to
hypomimia. For instance, Simons et al. (SIMOB{Sal,, 2004) investigated facial expressivity in
people with PD and found that participants showed reduced spontaneous facial expressivity across
various experimental situations. Similarly, Bowers et al. (BOWERS., 2006) demonstrated
that intentional facial expressions in PD patients are slowed and involve less movement, indicating
that both voluntary and spontaneous expressions are impacted.
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When the condition is diagnosed, it can lead to the people being informed of the situation
and use of alternatives such as 'robot mediators’' (ARKIN; SCHEUTZ; TICKLE-DEGNEN,
2014). Briggs et al. (BRIGGS; SCHEUTZ; TICKLE-DEGNEN, 2015) demonstrated the effec-
tiveness of using robotic devices to interview PD patients to overcome some of the limitations
due to poor facial expressions of the patients. Hence, management options are available but
would be effective when hypomimia has been timely detected.

Early work in the eld was conducted by Joshi et al. (JOS#tal, 2016), who presented
a regression model-based technique to measure face expression. The architecture was trained
using geometric feature descriptors of face landmarks on video sequences. The model extracts
the characteristics by computing the distances between facial landmarks, which are further used
for training the regression model. This investigation employed a data collect@®baideo
clips from 117 individuals.

Almutiry et al. (ALMUTIRY et al,, 2016) conducted longitudinal research on the facial
expressions of people with PD. The study investig&eulividuals,4 with PD, and4 healthy
for control. Patients were monitored ve days per week, once every day, for six weeks, while
the control group was monitored for ve consecutive days. The participants were asked to make
speci c facial expressions when the video was recorded. The authors employed two traditional
feature extraction methods to locali2é facial features, i.e., the Active Appearance Model
(AAM) and the Constrained Local Model (CLM). The results showed that people with PD have
reduced control over their movement.

Bologna et al. (BOLOGN/Aet al,, 2016) noticed a decline in emotional expressiveness
on 18 PD patients and6 healthy individuals (control). The facial expressions were recorded
using a 3D optical system, and speci ¢ markers were applied to the face. PD group individuals
show a decrease in face motor activity during emotional expressiveness. Also, there was a
general decrease in recognition of the following feelings in PD patients: disgust, despair, and
fear. Additionally, the PD group demonstrated a decrease in the velocity and amplitude of all six
basic emotional expressions.

Gunnery et al. (GUNNERYt al,, 2017) investigated the coordination of movements
across areas of the face8rPD patients. The work employed the Facial Action Coding System
to comprehensively measure spontaneous facial expression 86@sames for a multiple case
study of people with PD and created a correlation for the frequency and intensity of produced
muscle activation across different areas of the face. The ndings indicate a decrease in the
number, duration, intensity, and coactivation of facial muscle action, while the degree of facial
expression de ciency increased.

Another signi cant work was performed by Bandini et al. (BANDI®t al,, 2017), who
proposed a video-based automated approach for analyzing facial expressions in PD patients.
At the clinician's request and following the imitation of a visual cue on a screen, patients
with PD and healthy individuals were instructed to display fundamental facial emotions. The
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Euclidean distance of the facial model from a neutral baseline was calculated using an existing
face tracker to assess changes in facial expressivity during the tasks. Furthermore, an automated
facial expression recognition system was built to investigate how PD expressions varied from
conventional expressions. Additionally, Bandini et al. (BANDR{lal,, 2017) and Sanchez et

al. (ABRAHAM et al,, 2017) identi ed the following PD symptoms; Widened Palpebral Fissures
(PF) on the side where symptoms occur, unintentional lip separation (mouth opening), decreased
blink rate and nasolabial attening.

Rajnoha et al.in 2018 veri ed that (RAJNOH#t al, 2018) PD hypomimia could
be recognized from static facial pictures. For this study, they recr&@ggeople with PD
and50 age and gender-matched healthy individuals. Among the classi ers, the decision trees
achieved the highest accura®&7(33%). The ndings showed that while automatic static face
analysis can help with the PD hypomimia diagnosis, it is not as accurate as techniques based on
video-recording processing.

Langevin et al. (LANGEVINet al,, 2019) explored video-recording resources. They
created PD Analysis with Remote Kinetic-tasks (PARK), which teaches and leads users through
six motor activities and one audio task chosen from the standardized MDS-UPDRS rating scale,
and then records their performance via camera. Their study attempted to replicate the clinician
performing the tests on their patients.

Other notable contributions in that period include the work of Kang et al. (KAN& .,
2019). They investigated whether the orofacial movement in people with PD was impaired and
manifested in spontaneous or voluntary expressions. The activation of muscles was investigated
using the East Asian Dynamic Facial Expression Stimuli database @tIall, 2013), which
comprises electromyography signals. They studied a sam®@ péople with PD an®0
healthy individuals and found restrictions in patients' ability to spontaneously express emotions,
even though both groups had similar voluntary facial movements. The study also showed how
the existence of a "masked face" impaired the patient's quality of life, altering social and
psychological elements and raising their chance of developing depression-related symptoms.

2.1.3.1.2 Literature search

A search was primarily conducted for English language publications from 2019 to
September 2024 in ve online databases; PubMed, IEEE Xplore, Scopus, ACM Digital Library,
and Web of Science. The searched articles were imported into Rayyan (ELMAGARMID
al., 2014), a systematic reviews web app, for removing duplicates and exploring and lItering
searches for all eligible studies based on the screening of the title and abstract. “Parkinson's facial
expression” was the common string for the search, combined with seven words: “detection”,
“classi cation”, “identi cation”, “recognition”, “quanti cation”, “measurement”, or “video”.

This search resulted in 25 articles. The articles were further ltered depending on whether they
contained “machine learning” or “deep learning”. The following search expression was applied:
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“(Parkins*) AND (facial express*) AND ((detect*) OR (recog*) OR (diag*) OR (measur*) OR
(quantif*))".

Selected papers were then assessed and included based on the criterion described in the
next subsubsection.

2.1.3.1.3 Study selection

The inclusion criteria were: (i) studies reporting an outcome (i.e., quantitative analysis)
of PD detection by facial expression, (ii) studies presenting methods to quantifying hypomimia,
(iii) studies presenting a clear de nition of PD, (iv) studies providing clear information about
the database and number of images in the data sets, (v) studies describing the algorithms and
procedures used in PD detection, and (vi) English-language publications only. Only full papers
were included, while forms, comments, letters to the editors, and editorials were excluded. No
constraints were placed on the journal or the length of the paper.

2.1.3.1.4 Data extraction

A posterior analysis was performed to avoid redundancy, eliminating irrelevant and
duplicate papers. The remaining articles were evaluated following the inclusion and exclusion
criteria, i.e., title, year of publication, authors, study purpose, study type, number of individual
participants, procedures, performance metric(s), outcomes, and conclusions. Following the same
method, the most recent articles were hand searched, lItered for the current year (i.e., 2024), and
submitted to the same inclusion criteria.

2.1.3.2 Results

Initially, 1;315potential articles327from PubMed82 from Scopus427from Web of
Science32 from IEEE Xplore, andb0 from ACM Digital Library) were found to be eligible
for inclusion, ending up witl816 after the removal of replications. FurthéB85works were
excluded, for they did not t into the proposed period range. The next step was to lter the

articles containing related keywords in the title or abstract, such as “facial expression”, “video”,
“‘image”, “hypomimia”, “machine learning”, or “deep learning”, leading@®articles. Another

39 papers were excluded since they did not meet the selection criteria, i.e., articles that only
mention PD {4), do not aim at distinguishing between healthy control (HC) group and PD
by facial analysis15), do not employ facial image or video as inpd},(do not use machine
learning or deep learning techniqués. (n the end24 articles met all criteria. One additional
article of ArXiv was included after searching bibliographies, summing Wbtarticles using
machine learning or deep learning techniques in facial analysis to identify PD. Figure 3 explains

the aforementioned selection process.
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Figure 3 — Flow chart of the literature selection process.

Grammatikopoulou et al. (GRAMMATIKOPOULOWt al,, 2019) evaluated the facial
expressions 023 patients and 1 healthy controls individuals using images obtained directly
from smartphones. Two geometric feature sets were extracted using the Google Face API and
the Microsoft Face API. Afterward, the authors trained two linear regression models (one for
each feature set) to estimate two distinct values of the Hypomimia Severity index, i.e., HSil
and HSi2, which were used to classify healthy controls and PD patients. The authors report
sensitivity and speci city values d¥.79 and0:82 for HSi1, respectively, an@:89 and0:73for
HSi2, respectively.

In the following year, Gomez-Gomez et al. (GOMEZ-GOMEEZal.,, 2020) used a
deep learning approach to model hypomimia in PD. The lack of huge databases of videos and
images of PD individuals was the most signi cant obstacle they encountered when applying
such approaches. Overall, their main contributions were a framework for using deep face
architectures to predict hypomimia in PD patients; a comparison of PD diagnosis based on single
photographs against image sequences while the patients are prompted various face emotions; to
investigate different domain adaptation approaches to use current models, initially trained for
Face Recognition or detecting FAUs, for automated classi cation between patients and healthy
participants; and a novel method to use triplet-loss learning to enhance hypomimia detection.

In contrast to the previous article, Jin et al. (Hi\al,, 2020) gathered images of patients
with PD and their matched controls’ facial expressions. They extracted facial expression char-
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acteristics, such as facial expression amplitude and shaking of tiny facial muscle groups, from
the facial landmarks given by Faceltusing relative coordinates and positional jitter. Standard
machine learning and deep learning algorithms were used to help diagnose PD.

Xinyao et al. (HOUet al,, 2021) developed a model that performs masked face recogni-
tion of PD patients based on the geometric and texture features extracted from speci c frames
of the collected video, during which patients were poker-faced or smiling. The authors consid-
ered three geometric features, i.e., the angles of the mouth landmarks (angles before and after
laughter), the overall deviation mouth angle, and the deviation angle of the left and right sides of
the mouth. In contrast, the histogram of oriented gradient (DALAL; TRIGGS, 2005; DENIZ
et al, 2011) and local binary pattern features (OJALA; PIETIKAINEN; MAENPAA, 2002;
AHONEN; HADID; PIETIKAINEN, 2004) were used to describe facial textures. These two
features were combined to establish a patient identi cation standard. The next step was to train
the models, such as Random Forest, Support vector Machines, and k-nearest neighbors. Finally,
they compared their outcomes against the technique proposed by Jin et at @1IN2020),
showing an increase of 16 in the F1 value.

Sonawane and Sharma (SONAWANE; SHARMA, 2021) meant to review automated
approaches and the application of machine learning in identifying emotional facial expressions
in PD patients. The authors demonstrate that deep learning has not yet been effectively addressed
in differentiating between healthy persons and patients. In addition, they conducted a pilot
experiment that created a single CNN from scratch for detecting masked faces, demonstrating
that deep learning-based models can be highly bene cial for diagnosis. On the testing images,
the deep learning-based model yielded an accuracy of 85%.

In the same year, Abrami et al. (ABRAMit al,, 2021) also trained a Convolutional
Neural Network using two facial datasets, i.e., the YouTube Faces Database (WOLF; HASSNER,;
MAOZ, 2011), containing; 425videos of1; 595 people to represent the control database, and a
dataset created by searching by the terms “Parkinson's disease” and “interview” on YouTube
to comprise people with PD. Further, the algorithm assigns a score bebnagetl for each
frame in a new video, describing its likelihood of hypomimia, supposing that PD patients would
produce a more signi cant hypomimia score than control individuals. Afterward, this trained
model was evaluated in clinical interviews wigb Parkinson's disease patients in their on and
off drug motor phases. The algorithm achieved an area under the receiver operating characteristic
curve of0:71 over the test set, comparable to a valu®.Gh for professional neurologists using
the United Parkinson Disease Rating Scale-11l Facial Expression score. Furthermore, the model's
accuracy in classifying on and off-drug states in clinical samplesB8&s compared t@6%
clinical rater scores.

Like Abrami et al. (ABRAMI et al, 2021), Jakubowski et al. (JAKUBOWSI! al.,
2021) conducted a set of experiments on patients with Parkinson's disease in the so-called ON

1 <https://wwwfaceplusplusomt
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phase, which reduces the symptoms of the disease with the action of drugs. The authors used
face images acquired under visible light and infrared, suggesting that thermal imagery is less
dependent on ambient lighting conditions. Moreover, they notice that the temperature distribution
on the skin's surface may be a helpful biomarker in Parkinson's disease. Further, a convolutional
network was trained using the facial images recorded in visible light, infrared, and a fusion of
both spectral ranges, obtaining an F1 score:840.

Ali et al. (ALI et al, 2021) employed machine learning techniques to quantify the
variance of facial muscle movements and used it to discriminate between people with and without
Parkinson's disease. Participants with PD showed minor variation in cheek raiser (AU6), lip
corner puller (AU12), and brow lower (AU4) than the control people, obtaiBm§% accuracy
with the Support Vector Machine classi er. In a similar work, Wu et al. (WtJal, 2014)
employed seven PD patients and eight control subjects, which were instructed to produce neutral
facial expressions and expressions resembling amusement, sadness, anger, disgust, surprise, and
fear. However, only disgust was used in the analysis because the participants rated its intensity
as the highest while viewing recorded videos.

Guan (GUAN, 2021) proposed a Parkinson's disease expression disorder diagnosis and
evaluation method based on Facial Action Coding System, extracted by OpenFace. In contrast to
Alietal. (ALI et al, 2021), the intensity from ead¥ AU was decomposed into36-dimensional
feature vector, leading to@l2dimensional representation per video le. Such representations
are further preprocessed to remove missing values and replace outliers, as well as smoothing and

ltering objectives.

Gomez et al. (GOMEZ#t al, 2021) investigated the performance of evoked facial
movements for PD identi cation. They examined the use of static features, collected using a pre-
trained Resnet50 for face veri cation, and dynamic features, produced by using 3D landmarks
to determine distances between important facial areas and describe the movements associated
with the AUs, for modeling hypomimia. They introduced a unique feature sET parameters
based on velocity, acceleration, and jerk, to de ne the expressiveness of evoked facial motions in
video sequences. The study evaluated video recordings of people producing four distinct facial
gestures, i.e., Happy, Angry, Surprised, and Wink. The results suggest that employing static
features generated by pre-trained deep architecture increased the accuracy of PD detection by up
to 77:36%, while combining static and dynamic features improves detection by L 46%

(from 7500% to 8846%).

Hu et al. (HU; ZHANG; HUANG, 2021) presented a technique that considered the six
fundamental facial expressions (EKMAN; FRIESEN, 1971) and identi cation elements, i.e.,
anger, happiness, fear, surprise, disgust, and sadness. They proposed CycleGAN-based networks
to synthesize the basic facial expression images of the “non-PD scenario” of PD patients. They
trained six CycleGAN-based networks corresponding to each of the basic facial expressions,
using public facial expression image datasets of non-PD patients. Further, the network generates
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synthetic samples, which are combined with the real images to feed a ResNet-based network
for classi cation purposes. A new triplet loss-based metric learning network is implemented to
distinguish between PD patients and non-PD patients, increasing the accuracy of the PD diagnosis.
The authors also made available a dataset compos@slRD patients for experimental analyses.

Like Grammatikopoulou et al. (GRAMMATIKOPOULOWt al, 2019), Su et al. (Slét
al., 2021b) presented a facial expression-based automated detection technique for Parkinson's
hypomimia, which comprises two main aspects, i.e., geometric features and texture features.
Geometric features regard Facial expression factors (FEFs) and Facial expression change fac-
tors (FECFs), which are extracted with the help of facial key points. In contrast, to take into
account temporal factors, they introduced the extended histogram of oriented gradients (HOG)
algorithm (CHENet al,, 2016), which combines temporal and spatial dimensions. Finally, these
features are applied to four machine learning and detection algorithms, which performed best
when combining geometric and texture characteristics, yielding an F1 scOr8987. The
best F1 scores obtained using geometric and texture characteristic:8286and0:9446
respectively. This research includdflindividuals 1 males and.8 females) for control and7
people (26 males and 21 females) PD patients.

In the same year, Su et al. (S al, 2021a) proposed the Semantic Feature-based
Hypomimia Recognition network to recognize hypomimia given facial videos. They studied how
to recognize semantic areas salient to hypomimia using deep learning models. Three techniques
were developed. First, a face recognition network and sliding window are shown to search
for video clips, including facial activity. Next, they developed a Semantic Feature Classi er
(SF-C) to extract feature maps salient to hypomimia and compute semantic loss. Finally, they
employed an encoder to produce semantic characteristics related to hypomimia. Besides that, a
temporal optical ow is thereby incorporated to compute the dynamic changes. The two-stream
architecture comprises both optical ow and spatial information.

In 2022, Pegolo et al. (PEGOLE! al, 2022) implemented a face-tracking algorithm
based on a Facial Action Coding system. They established simple measures, i.e., Facial Mobility
Index (FMI), on the distances between pairs of geometric characteristics and presented a cat-
egorization system. The results imply that this score may be used to evaluate PD's degree of
impairment and classify emotions. There were statistically signi cant changes for all emotions
when distances were examined. Random Forestkad produced the most accurate area
under the curve measures. Meanwhile, Valenzuela (VALENZUELAI, 2022) employed
spatio-temporal convolutional representations to learn facial movement patterns capable of dis-
criminating between PD and control patients. The authors built a 3D convolutional architecture
integrated with inception modules to achieve salient maps of face expression activations. The
method obtained an average classi cation accuracy @®% using 480 video sequences.

In the consecutive year, Gomez et al. (GOM&AI,, 2023) considered domain adaptation
from face analysis to action unit recognition for hypomimia-based PD classi cation. The authors
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employed single frames and sequences of images, transfer learning, and triplet-loss functions to
improve the automatic subjects' classi cation. Meanwhile, Huang et al. (HUANE,, 2023)

studied the masked face phenomenon caused by PD patients' emotional expression disorders
and proposed an auto-PD diagnosis method based on synthesized face images. The authors
trained a deep feature extractor and a facial expression classi er over a mixture of real facial
expression images and synthesized samples of PD patients. Further, they also collected a new
facial expression dataset of PD patients in collaboration with a hospital.

Similar work by Oliveira et al. (OLIVEIRAet al,, 2023) tackled the challenge posed by
small and unbalanced datasets available for hypomimia detection. The work proposes augmenting
and balancing such datasets, generating novel instances through a Conditional Generative
Adversarial Network (CGAN). Such a procedure improved the classi cation ef cacy, increasing
the accuracy, speci city, and sensitivity. Notwithstanding, Xu et al. (&ilal, 2023) explored a
method for PD diagnosis by analyzing facial videos using deep learning. The authors compared
facial expression videos from PD patients against healthy individuals from open-source resources.
The video frames are preprocessed and used to feed a deep-learning architecture, which obtained
a classi cation accuracy of 813%.

More recent studies conducted in 2024 also employ a similar approach (Z&tail)
2024b), dealing with the limited training instances on PD patients by arti cially generating
facial expressions images through multi-domain adversarial learning and training a deep neural
network prediction over arti cial and real PD patients' and normal individuals' facial expression,
con rming the advantages provided by the use of augmented image data for training.

Later on, Munsif et al. (MUNSIFet al, 2024) proposed a deep learning-based, ef cient,
lightweight convolutional block attention module to aid the diagnosis of PD and other neurologi-
cal disorders patients. The method collects data from real patients for further pre-processing for
face detection and attention-enhanced feature extraction and re nement.

Among the current novelties, some recent works propose to attack the PD identi cation
problem using facial expressions and audio information in a multimodal fashion. In this context,
Zhou et al.(ZHOUet al,, 2024a) proposed the YouTubePD: a public multimodal dataset that
includes in-the-wild videos, audio, and facial landmarks for PD analysis. In this context, Lv et
al. (LV et al, 2024) proposed an audio-visual fusion model that integrates visual features and
audio Mel-spectrogram features using a Transformer-based cross-attention module to learn the
complementarity between audio and visual cues. The method surpassed conventional approaches,
achieving an accuracy rate of:83% in PD diagnosis.

Razzouki et al. (RAZZOUKEt al, 2024) proposed a method to identify hypomimia
in early-stage PD individuals using optical- ow-based video vision transformer. The authors
encouraged patients and healthy participants to speak while recording typical facial muscle
movements upon which the optical ow was computed. Such components and the RGB images
feed a video vision transformer responsible for extracting feature representations for Random
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Forest-based classi cation, obtaining classi cation scores up3% in terms of balanced
accuracy. In similar work, Huang et al. (HUAN& al,, 2024) proposed a lightweight explainable

3D multi-head attention residual convolution network. The model feeds the video features
extracted through a 3D attention-based convolution layer into LSTM and residual backbone
networks, followed by a feature compression module to condense the learned contextual features.
The model achieved state-of-the-art diagnosis performance.

2.1.3.3 Discussion

2.1.3.3.1 General Observations

This subsubsection discusses some aspects of the solutions proposed in the reviewed
articles. Tables 2 and 3 provide an overview of the references, facial expressions, and datasets
utilized by each study, whereas Tables 4, 5 and 6 summarize the extracted features, types of
models, and metric results.

2.1.3.3.2 Traditional Machine Learning

Facial expression recognition systems typically follow a standard work ow involving
several key steps, from data acquisition to emotion classi cation (Fig 4). This work ow includes
image or video input, pre-processing, feature extraction, and classi cation. The choice of methods
at each stage signi cantly impacts the system's performance.

Figure 4 — The essential steps in identifying Parkinson's Disease through facial expressions.

In the pre-processing phase, the system detects and aligns faces to reduce variances
caused by different postures, scaling, and lighting conditions. The subsequent feature extraction
step is crucial, as it captures variations in facial expressions using various techniques. These
features can be categorized into geometric features, appearance-based features, dynamic features,
kinematic features, and AUs (KOTSIA; PITAS, 2006; GHIMIRE; LEE, 2013; YANCaI,

2004; AHONEN; HADID; PIETIKAINEN, 2006).

Geometric features emphasize the spatial arrangement and structural relationships of
facial components such as the eyes, eyebrows, nose, and mouth. By detecting key facial land-
marks, systems measure distances, angles, and shapes formed by these points to capture the
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Table 2 -Approaches for facial expression analysis to identify PD (PamR&jerences, Expression, and

Data.
References Expression Data
Grammatiko-
poulou (GRAM- Expression not mentioned 36 patients with Parkinson's disease
MATIKOPOULOU ' and healthy controls.
et al, 2019)
Gomez-Gomez | Evoked emotional states (smiling,
et al. (GOMEZ-| anger, and surprise) and coordinate@4 healthy participants and 30 PD
GOMEZ et al, | face gestures (right eye wink, left eyepatients.
2020) wink).

Jinetal. (JINetal.,
2020)

Smile.

33 PD patients, 31 healthy control
subjects, 176 records.

Xinyao et 140 videos of facial expressions from
al. (HOU et | Pokerface and smiling. 70 PD patients and 70 matched con-
al., 2021) trols.

Sonawane and

Sharma (SON¢ Expression not mentioned 107 masked face, 104 normal face
AWANE; ' subjects.

SHARMA, 2021)

107 videos of self-identied PD

Abrami et .

al. (ABRAMI | Expression not mentioned. patients from a YquTube search

etal, 2021) and 3425 control videos from the
’ YouTube Faces Database.

Jakubowski et 24 participants in the PD group and

al. JAKUBOWSKI| Smiling and Neutral face. 24 participants in a health control

et al, 2021) group.

Ali et al. (ALl et | Smiling, disgusted, surprised fa¢e504 individuals, 61 with PD and 543

al., 2021) and neutral face. without PD in 1812 videos.

Guan (GUAN, Expression not mentioned. 67 people with PD and 28 healthy

2021) control people.

Gomez et . .

al. (GOMEZ | Happy, Angry, Surprise and Wink. ?;)%Etz patients and 24 healthy partic-

et al, 2021) )

;'EAI(\altG;aL (HU; Anger, Disgust, Fear, Surprise, Sad9-5 PD patients.

HUANG, 2021)

ness, Happiness and Neutral.

Suetal. (Sletal,

39 HC patrticipants (21 males, 18 fe-

2021b) Smile. males) and 47 PD patients (26 males,
21 females).
Suetal. (Sletal, Smile 47 people with PD and 39 healthy

2021a)

control individuals.

Pegolo et al. (PE
GOLO et al,
2022)

| Anger, disgust, fear, happiness, s
ness, surprise and neutral.

a0 PD subjects and 20 healthy con-
trol subjects.
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Table 3 —Approaches for facial expression analysis to identify PD (PafR&jerences, Expression, and

Data (Continued).
References Expression Data
\Z/?JleErl]_ZAl\JelaeiVA;FN_Facial movements during the pronuni6 PD patients and 16 healthy control
” | ciation of sustained vowels. subjects.
2022)
;Slomez (GOME? Neutral, onset-transition, apex30 PD patients and 24 healthy con-
etal, 2023) offset-transition, neutral. trols.
Huang et . .
al.  (HUANG ﬁggg;?gﬁft’r ifseear’ happiness, sad oy hatients and 64 HC.
et al, 2023) ! Prse.
Oliveira et
al. (OLIVEIRA et | Smiling, disgusted, and surprised.| 37 PD patients and 480 HC.
al., 2023)

Xuetal. (XUetal,
2023)

General facial expressions captur
in video interviews.

ed06 interview videos (51 PD patients,
55 healthy controls).

Zhou et al. (ZHOU

Six basic emotions (happiness, s

ud5 PD patients and 47 healthy control

et al, 2024b) prise, anger, fear, disgust, sadness)individuals.

Munsif et Facial expressions (not speci call Data from PD and Alzheimer's pa-
al. (MUNSIF detailed) P P ytients, supplemented by RAVDESS
et al, 2024) ' and KDEF datasets.

Zhou et al. (ZHOU Expression not explicitly mentioned 16 PD-positive and 89 healthy con-
et al, 2024a) P plcitly ‘trols.

Lvetal (LVetal, | Lip movements, orofacial expres- .

2024) sions. 130 PD patients and 90 HC people.
Razzouki et Spontaneous facial expressions dur-

al. (RAZZOUKI et inp o P Y09 PD and 45 HC.

al., 2024) g gue.

:|uang (HUANC? Happiness, anger, surprise, disgus?00 PD patients and 77 healthy con-
et al, 2024) sadness, and fear. trols.

facial con guration associated with different expressions. For example, the degree of eyebrow-
raising or mouth curvature can be quanti ed to distinguish between expressions like surprise
and happiness. Studies such as Grammatikopoulou et al. (GRAMMATIKOPOUGil,

2019) demonstrated the effectiveness of geometric features in classifying PD patients by using
linear regression models to estimate Hypomimia Severity indices based on features extracted
using the Google Face APl and Microsoft Face API. Similarly, Jin et al. €1I&l,, 2020) used

facial landmarks from Face++ to measure facial expression amplitude and positional jitter in
PD diagnosis. However, the accuracy of geometric features depends on landmark detection and
facial alignment, making them sensitive to these preprocessing steps.

Appearance-based features capture texture information and subtle skin appearance
changes resulting from facial muscle movements, such as wrinkles, furrows, and shading varia-
tions. Instead of relying on speci ¢ landmarks, these features analyze the pixel intensity patterns
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Table 4 -Approaches for facial expression analysis to identify PD (Feature, Model, and Metrics) — Part

1.
References Feature Type of Model(s) Metric Results
Grammatiko- Variance of mouth coor- Sensitivity/speci city:
poulou  (GRAM-| dinates, average p"Jﬂpebra‘_inear regression. | 0.79/0.82 (HSIil);
MATIKOPOULOU | ssure asymmetry, aver- .
. . 0.89/0.73 (HSi2).
etal, 2019) age lip separation.
Gomez-Gomez | VGGFace2 adapted to an Accuracy improved
et al. (GOMEZ-| affective domain using VGG and ResNel from ;/8 4(; to
GOMEZ et al, | EmotioNet and FAU deteg- models. 0
. 87.3%.
2020) tion.

Jinetal. (JINetal,
2020)

848 facial expressiol
amplitude features an

tremor features (65 fea

tures after compression),

LSTM Neural Net-
work (for keypoint
movements)
'SVM  (for tremor
features).

(& Rr—j

and

LSTM: 86% preci-
sion, 75% F1; SVM:
99% precision, 99%
F1.

Geometric features (e.g

Geometric features:

Xinyao et “"Random forest, .., )
al. (HOU et mouth angle_s) and textureSVM’ and k-nearest 83% accura'cy, Tex-
features using HOG and . ture features: 86% ac-
al., 2021) neighbor.
LBP. curacy.
Sonawane and ,
Sharma (SONt CNN-based feature extrac-lnt:iyeeljrgrl:lsl\l(l\;vghvi 85% accuracy
AWANE; tion. (70%/30% split).

SHARMA, 2021)

non-PD).

76% accuracy
Abrami et| VGG16 output of all video (off-drug), 67%
al. (ABRAMI | frames to generate a propVGG16 Net. (on-drug); com-
et al, 2021) ability distribution. pared to neurologist:
88%/70%.
Jakubowski et Fusion of visible light and 0
al. JAKUBOWSKI| infrared channels (neutral,Reduced AlexNet. 93.80% accuracy, F1
. score of 94.10%.
et al, 2021) smile, and mean).

Variance of AU magnitude

SVM trained on the

Aliret al. (ALI et er frame (using Open-variances of facia 95.6% accuracy
al., 2021) P g >p (LOPO-CV).

Face). muscle movements.
Guan (GUAN, S()lrz_rzlr?zgzlr?tgzger:ggp \;Ez_Logistic Regressior 90.06% accurac
2021) f rep ®and KNN. Lo y

video.

2048 static features

0
Gomez et| (ResNet50 pre-trained Two linear SVM gl83.42§:;?;;acﬂoo/r
al. (GOMEZ | on VGGFace2) and models with Sum , . ' 0
. N : for impairment esti-

etal, 2021) 17 dynamic features Rule fusion. mation (5-fold CV)

(MediaPipe Face Mesh). '
?ﬁA;\it@al' (HU;| ResNetl8 features with aCycleGANS to genert 93.8% accuracy in a

HUANG, 2021)

new triplet loss-based met-ate the ResNet18 fo

ric.

PD classi cation.

"5-fold Vv setting.
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Table 5 —Approaches for facial expression analysis to identify PD (Feature, Model, and Metrics) — Part

2 (Continued).

References

Feature

Type of Model(s)

Metric Results

Suetal. (Slet al,
2021b)

Geometric features and €
tended HOG texture fead
tures (with PCA reduc
tion).

X-Pre-trained MTCNN
1-for face detection
- and SVM for classi+
cation.

F1 score of 0.9997
(using fused features
in 5-fold CV).

Suetal. (Slketal,
2021a)

Deep learning-based fe
ture extraction.

aResNet, VGG, and
SFHR-NET.

F1 SCores:
ResNet=93.55%,
VGG=95.28%,
SFHR-
NET=99.49%.

Pegolo et al. (PE

Distances between pairs

k-NN, Tree, Random
nfForest, Neural Net

RF: AUC values

GOLO et al, : ) 1 94.3-91.6, F1 scores
geometric features. work, Naive Bayes,
2022) . 76.2—71.5.
CN2 rule inducer.
Valenzuela(VALEI\I—SpatIO_.temporal facial pat-3D ~ CNN  based Accuracy: 91.87%,
terns via 3D convolutional] on the 13D (In- ) i
ZUELA et al, o ) F1. 91.47%, AUC:
layers with inception mod- ated 3D ConvNet)
2022) . 95.1%.
ules. architecture.
Gomez off RESNetS0 features pre  \ois0 with dot
trained on VGGFace2 and . . 87.3% accuracy for
al. (GOMEZ . . main adaptation ang .
action unit features from __. PD detection.
et al,, 2023) . Triplet loss.
EmotioNet.
StarGAN for synthey , o, accuracy
Huang et Deep features from real>> combined  with in PD diagnosis;
al.  (HUANG P es I % Ef cientNet-B7 and gnosis,
and synthesized images. . 70.08% for emotion
et al,, 2023) Swin transformer for| .
o recognition.
classi cation.
Oliveira et t‘/ﬁirt':n&%g Lasﬁ:]al ?)ctlgrr:_ Logistic Regression 83% accuracy,
al. (OLIVEIRA et | 0> 177 - 9 dispust with CGAN and Test] 85.71% sensitivity,
al., 2023) ’ 9L Time Augmentation.| 82.47% speci city.

and surprise.

Xuetal. (XUetal,
2023)

Spatiotemporal feature
from a sequence O
video frames (ResNet-3
for spatial, LSTM for
temporal).

S
f Combined ResNe
Aand LSTM model
(ResLSTM).

! 81.73%  accuracy,
96.84% precision,
72.24% recall,
82.75% F1.

Zhou et al. (ZHOU

Deep features extracte
via a ResNet-18-based né

d
lResNet-18.

97.55% accuracy in

et al,, 2024b) work with MDFES-GAN PD diagnosis.
for augmentation.
. Facial features using CNN 0
Munsif et re ned with the Convo- Lightweight CNN 73.2% accuracy,
al. (MUNSIF lutional Block Attention| with CBAM 73.4% precision,
et al, 2024) ) 73.5% recall.

Module (CBAM).
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Table 6 —Approaches for facial expression analysis to identify PD (Feature, Model, and Metrics) — Part

3 (Continued).

References Feature Type of Model(s) Metric Results
i Multimodal  deep
Visual features  from learning framework Accuracy: 92.68%
Lvetal. (LVetal, | ShufeNet-vV2 and 9 y: ’ ’

2024)

audio features as Me

_with a Transformer
based cross-attentio

+ F1: 94.23%, Sensitiv-
nity: 96.08%.

spectrograms. mechanism.
Razzouki et Optical Flow ((_)F)_and Random Forest clas-83% Balanced Accu-
al. (RAZZOUKI et | RGB frames (via Videotr Si er racy. 84% AUC
al., 2024) MAE and ResNet34). ' Y, 8470 AL
Huang et| 3D convolutional features 3D Multi-head At- Sg::our:ag)ésoff ,OPgri-
al. (HUANG | combined with LSTM and tention Residual Net- Recal.l' 0 9,8 S éci:
et al, 2024) attention mechanisms. | work (MARNet). - 290 9P

city: 0.65.

across facial regions (HO®k al,, 2021; SUet al, 2021b). Techniques like Local Binary Patterns
(LBP) encode local texture by comparing neighboring pixel intensities, while Gabor lIters
capture spatial frequency information at multiple orientations and scales. Histograms of Ori-
ented Gradients (HOG) describe the distribution of edge directions within an image. Studies
have combined appearance-based features such as LBP and HOG with geometric features to
enhance patient identi cation accuracy, particularly in the context of PD diagnosis @t@L)

2021; SUet al,, 2021b). For instance, Su et al. (®tal,, 2021b) proposed an extended HOG
algorithm incorporating temporal and spatial dimensions to improve the detection of Parkinson's
hypomimia. Appearance-based features can, however, be sensitive to lighting conditions and
occlusions, requiring careful normalization and preprocessing to ensure robustness.

Dynamic features capture temporal changes in facial expressions by analyzing motion
information over sequences of images or video frames, focusing on how expressions evolve
rather than static facial con gurations. Methods like optical ow compute motion vectors
representing pixel or feature movement between consecutive frames, effectively capturing
dynamic movements such as smiling or frowning. In the study by Gomez et al. (GQGVIEZ
al., 2021), dynamic features were analyzed using 3D landmarks to capture temporal changes in
facial expressions, which improved PD detection accuracy when combined with static features.
Similarly, Su et al. (Sletal, 2021a) proposed a Semantic Feature-based Hypomimia Recognition
network, incorporating temporal optical ow to compute dynamic changes, resulting in more
accurate hypomimia recognition. These examples illustrate that dynamic features are essential for
recognizing expressions that unfold over time, like the gradual onset of anger or a quick surprise
reaction, but require video data and increased computational resources to process temporal
sequences effectively.

Kinematic features represent a more specialized subset of dynamic features, describing
the motion properties of facial points or regions, such as displacement, velocity, acceleration, and
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even higher-order derivatives. By tracking facial landmarks across frames, kinematic features
guantify the speed and manner of facial component movements during expressions. For instance,
Gomez et al. (GOMEZt al, 2021) developed a kinematic feature set based on velocity,
acceleration, and jerk of facial movements to enhance PD detection models, providing a detailed
analysis of expressiveness in video sequences. This level of ne-grained motion analysis is
particularly valuable for detecting micro-expressions and subtle emotional cues that static
features may not capture. However, applying kinematic features can require high-quality, high-
frame-rate video data.

AUs are the building blocks of the FACS. Each AU represents a distinct facial movement
and corresponds to activating a speci c set of facial muscles. For example, AU6 (cheek raiser)
involves the contraction of the orbicularis oculi, while AU12 (lip corner puller) is associated
with activating the zygomaticus major muscle. By detecting and analyzing the presence and
intensity of AUs, systems can interpret complex expressions as combinations of these funda-
mental muscle movements. In their research, Gomez-Gomez et al. (GOMEZ-GONMEZ
2020) utilized domain adaptation approaches to leverage models trained for AU detection to
classify PD patients more accurately, improving hypomimia detection. Similarly, Oliveira et
al. (OLIVEIRA et al, 2023) focused on creating synthetic AUs to augment data and enhance
the detection of hypomimia. Another study by Guan (GUAN, 2021) employed extensive pre-
processing and smoothing techniques to extract intensities of 17 AUs using OpenFace, creating
a high-dimensional feature vector that enhanced classi cation performance. These examples
illustrate that AUs provide an anatomically grounded and interpretable framework for facial ex-
pression recognition, making them valuable in applications like psychological research, clinical
diagnostics, and any domain requiring a detailed understanding of facial muscle activity.

2.1.3.3.3 Deep Learning Approaches

Recent advancements in deep learning have provided considerable opportunities for en-
hancing facial expression analysis. By automatically learning hierarchical feature representations
from raw data, deep learning models capture complex patterns and nuances in facial expressions
that traditional methods might miss, improving classi cation accuracy for PD identi cation.
Studies have utilized various advanced deep learning architectures, such as Convolutional Neu-
ral Networks (CNNs), Long Short-Term Memory (LSTM), Generative Adversarial Networks
(GANSs), and others, in their facial expression analysis to identify PD more effectively.

CNNs have been extensively used in facial expression analysis for PD detection due
to their powerful capability to learn spatial hierarchies from images, enabling them to extract
complex patterns associated with PD. Researchers have applied various CNN architectures,
ranging from custom-designed models to well-established architectures like ResNet, VGG, and
AlexNet. For instance, Sonawane and Sharma (SONAWANE; SHARMA, 2021) employed CNN
for PD identi cation using images. Similarly, models like VGG16 (ABRA al,, 2021) and
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adaptations of the VGGFace2 (GOMEZ-GOME¥al, 2020) have been employed to capture
detailed facial features from video frames, proving effective in distinguishing between PD and
non-PD expressions. In other studies, pre-trained architectures such as ResNet50 (EOMEZ
al., 2021; ZHOUet al,, 2024a) and ResNet18 (HU; ZHANG; HUANG, 2021) were ne-tuned

to enhance PD detection accuracy, incorporating both static and dynamic facial features. These
efforts underscore the exibility of CNNs in modeling complex facial expressions and their
pivotal role in PD facial analysis.

LSTM have shown promise in capturing the temporal dynamics of facial expressions,
which is crucial for analyzing the progression and subtleties of PD symptoms over time. While
CNNs excel at spatial feature extraction, LSTMs are well-suited for handling data sequences,
making them ideal for modeling temporal variations in facial expressions. Jin et ale{ 2l
2020) utilized LSTMs to analyze the temporal patterns of facial key points extracted from video
data, allowing the model to learn PD-related facial movements such as reduced expressiveness
or tremors. This integration of temporal modeling offers a more comprehensive understanding
of PD symptoms, demonstrating how LSTMs capture the dynamic aspects of facial expression
changes.

My literature search has not found any studies employing Large Language Models
(LLMs) to analyze facial expressions in PD patients. However, the emergence of multimodal
models that integrate visual and textual data suggests that LLMs could be extended to handle
visual inputs. Furthermore, existing literature indicates that LLMs can act as agents in managing
user interactions. For instance, Oliveira et al. (OLIVEIB#al, 2024b) developed a Telegram
chatbot that uses LLMs to manage user interactions and trigger voice-based assessments for
PD diagnosis. Their study demonstrated that this approach could be extended to video-based
assessments, such as analyzing facial expressions via chat, making it a versatile tool for health
screening.

2.1.3.3.4 Facial Video Datasets for PD

The small amount of available data is a common issue that usually leads to other problems,
such as lack of generalisation. Typical evidence of lack of generalization is over tting, when the
model performs very well in the training dataset while poor in the test set. Further, outliers may
also represent a more challenging constraint in the target variable or the feature representations,
affecting the training and model analysis. In this scenario, statistical tests, parametric models,
bootstrapping, and other valuable statistics tools are essential to investigate the problem. For
example, it is critical to use a margin of error rather than point estimates when working with a
small dataset to avoid reaching incorrect conclusions. Models with limited data will have high
con dence intervals; however, it is preferable to be aware of the range when making meaningful
predictions than not to know.
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Table 7 — Comparison of some results using Jin et al. &1l1&l., 2020) approaches in a different work.

Algorithm Precision Recall F1-Score

Jinetal (JINetal, 2020)  SYM 0% g% 0%
Hou et al. (HOUet al, 2021) S%/é/l O(:1768 8; 8;‘21

As a result of working with a small dataset and not showing a margin of error, all results
in Tables 4, 5 and 6 need to be interpreted cautiously. The approach a#t(aliN2020) showed
an outstanding result in precision, recall, and F1- value. However, Hou et al.@i@l)2021)
conducted the same approach of (#\al, 2020) in their dataset, showing different and worse
results. As Table 7 shows, there is a signi cant difference between the results. The F1-Score
when employing the SVM algorithm dropped sharply frérd9 to 0:74, and F1-Score when
using RF also decreased frd®8to 0:72. Besides that, precision and recall are also reduced
using SVM or RF.

The progress in using machine learning for detecting PD faces has been signi cantly
hindered by the absence of a uni ed, publicly available benchmark, which prevents compre-
hensive evaluation of existing PD analysis methods and the development of robust models. A
notable attempt to address this issue is the introduction of the YouTubePD (&tHallJ2024a)
dataset, comprised of videos featuring PD subjects on YouTube. The YouTubePD (ZH#DU
2024a) dataset provides multimodal information, including in-the-wild videos, audio, and facial
landmarks, with annotations from a clinical expert. It includ88videos featurind.6 public
gures with con rmed PD diagnoses arfb healthy control subjects. The two main limitations
are the lack of diversity with onl{6 PD subjects and, although the in-the-wild videos provide
a more realistic and naturalistic setting, the uncontrolled conditions make it more challenging
to interpret facial expressions and explain the ndings. Zhou et al. (ZHO&l,, 2024a) also
address concerns related to the ethical implications of using publicly available videos for research
purposes.

Despite this, many existing datasets do not provide facial expressions due to ethical
constraints, as the facial image represents the patient's identity (SONAWANE; SHARMA, 2021,
ZHOU et al, 2024a). Therefore, nding a public dataset for such a purpose becomes challenging.
To enhance the effectiveness of automatic evaluation systems and promote their use in clinical
practice, large public datasets containing face videos, images, and clinical information, e.g.,
diagnosis and clinical ratings, are required. Not only will the availability of the data stimulate
the development of more precise procedures, but it will also bring together the efforts of several
researchers working to tackle clinical problems. As a result, having a standardized dataset, all
researchers would be pursuing the same goal.

To address the issue of limited datasets, data augmentation can be employed. Oliveira et
al. (OLIVEIRA et al, 2023) utilized Conditional Generative Adversarial Networks (CGAN) to
generate synthetic data for augmenting a dataset in a study on the detection of hypomimia in
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PD using video-based analysis, resulting in improved model accuracy. Similarly, Hu et al. (HU;
ZHANG; HUANG, 2021) proposed a novel face-based approach for early diagnosis of PD, using
CycleGAN to synthesize facial expression data to represent ‘non-PD scenarios' for PD patients,
which signi cantly enhanced the performance of their diagnostic model. Zhou et al. (Z&tOU

al., 2024b) also demonstrated the effectiveness of synthetic data generation using Multi-Domain
Facial Expression Synthesis GAN (MDFES-GAN), generating augmented facial expression data
to improve early PD diagnosis models.

However, selecting an appropriate technique for synthetic sample generation is crucial
and can be complex, as these algorithms are sensitive to the nature of the data. In the case of
image and video data, it is often bene cial to train generative models using datasets from diverse
sources, exposing the model to a broader range of data distributions (FROHit KIH2022).

This practice enhances the quality of synthetic data and improves the model's generalization
ability when applied to real-world data.

2.1.3.3.5 Technology Readiness for Clinical Translation

Approaches that employ a conventional machine learning methodology require a time-
consuming manual feature extraction procedure and domain knowledge. For example, the bene t
of hand-crafted geometric features in facial analysis is their straightforward interpretation. Nev-
ertheless, in the case of human faces, selecting suitable geometric characteristics might be
challenging because they also include identifying information about the person. In this context,
deep learning networks can extract both unde ned and generalized features, i.e., extracting
features automatically and then classifying them, requiring minimal domain expertise. Recent
advances in automated facial expression analysis have concentrated on developing and training
deep neural networks to achieve state-of-the-art results in face recognition @1ASI12018;

WANG; DENG, 2021). However, the main disadvantage of this approach is that they need a con-
siderable amount of data to train. In addition, the main issue surrounding deep learning medical
models in practice is understanding how these models will interact with doctors' decision-making
processes. One of the constraints of deep learning architecture is that it is dif cult to comprehend
how models make particular decisions. In this context, various methods provide insight into
these processes, namely explainable Arti cial Intelligence (XAl) (ADADI; BERRADA, 2018;
TJOA; GUAN, 2020; ARRIETAet al,, 2020) are warmly welcome.

A speci c sub eld of deep learning known as multimodal learning (JAEG&iEal.,
2021a; JAEGLEet al,, 2021b; AKBARI et al, 2021; NAGRANIet al, 2021) provided good
insights regarding PD detection. Such algorithms combine features from different domains,
integrating inputs from distinct domains for the same purpose, e.g., combining face images and
voice signals, which is commonly employed for speech enhancement (PASIS{DS2022;
PASSOS; PAPA; ADEEL, 2022), but quite unexplored for PD detection tasks, except by a few
works (FROHLICHet al, 2022).
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One of Arti cial Intelligence's main challenges for clinical problems concerns the
achievement of reliable generalization across different populations. For example, suppose a
facial expression model trained to identify PD in people from the Philippines, and | wanted to
apply it to a hospital in the United States. Ethnic differences can affect facial muscle structure
and typical expressions, which may impact the model's accuracy when applied to a different
ethnic group. Therefore, adapting and testing the model for the new domain becomes necessary.

There is also a challenge of generalization regarding diagnostic technology. Suppose
| have measured the model's performance on data collected from some countries over a few
years, but smartphones are not standardized—some smartphones have higher video recording
resolutions and different hardware speci cations. Moreover, image preprocessing methods differ
between manufacturers, which could make employing the smartphone method challenging.
Before applying the PD facial expression model in a new hospital, it is necessary to ensure that
the model can generalize to the hardware and preprocessing variations of the cameras employed
there.

All the experiments discussed so far employ retrospective data, i.e., the algorithms were
trained and tested using historically labeled data. However, to fully appreciate the utility of
models in a practical aspect, they must be applied to prospective data. For example, consider
training a model such that the dataset contains only frontal face images. Further, suppose that in
practice, some pictures are often taken from the patient's side view of the face. In this context,
such images should be removed, or the model must be tuned to identify PD patients under such
circumstances.

Another challenge in deploying intelligent models concerns the requirement of appropri-
ate metrics that represent the clinical application. Many previous studies consider the area under
the receiver operating characteristics for the task. However, a more fair approach to compare
the model's impact on patients at the hospital consists of decision curve analysis, which can
assist in quantifying the advantage of employing a model to guide patient care and the traditional
randomized clinical trial. Therefore, the experiments provided in this paper use these metrics to
compare the outcomes between patients who received the intelligent model estimation and those
who did not.

Analyzing the model's performance across subsets of the population, focusing on sensi-
tive attributes such as patients' age, sex, and socioeconomic status, enables us to identify critical
model blind spots or unintended biases in clinical settings. For example, a Parkinson's Disease
facial expression classi er can achieve a performance comparable to a neurologist's when used
on older people. However, its accuracy is reduced when applied to younger individuals, possibly
due to age-related differences in facial muscle movements or expression patterns. Therefore,
validation using a large dataset is necessary to con rm its effectiveness across different age
groups.

Parkinson's disease includes further aspects beyond the assessment of the features of the
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face. As a result, the nal diagnosis is given by the clinical outcome (POSTWWA, 2015)

and not only by the expression evaluation. Otherwise, the test would become unfeasible, as a
false negative can occur. For example, impaired movement of the legs and hands may appear
before the loss of facial expression. The patient could have clear signs of Parkinson's in other
body parts and just a slight loss of facial expression. Therefore, | can not make the nal diagnosis
by evaluating only the facial expression. However, since all symptoms are considered together
to meet the Parkinson's test requirements and monitor the disease's progress, the automation
of the facial disorder analysis and quanti cation of hypomimia becomes essential to accelerate
the whole process and decrease the time to take action for treatment planning. Moreover, the
lack of facial expression may also indicate other underlying neurological diseases, like Bell's
palsy (BAUGHet al., 2013), Alzheimer's disease (FADE&t al, 2019; LOVELEENet al,

2023), and Post-Stroke (KAZANDJIAN; BOROD; BRICKMAN, 2007).

Finally, it is worth mentioning the dif culty of considering only facial expression as a
biomarker for prognosis. The appearance of non-motor symptoms, such as loss of smell, consti-
pation, sleep disturbances, and depression, are often considered the earliest signals of the disease.
Lewy bodies (clumps of abnormally accumulated alpha-synuclein protein found within neurons
in the brains of patients with Parkinson's disease) develop rst in the olfactory bulb and lower
brainstem, causing speci ¢ non-motor symptoms associated with these regions (MUELILER
al., 2017). The Lewy pathology then progresses upward through the brainstem to the midbrain,
where it affects the substantia nigra, leading to motor symptoms such as resting tremors, bradyki-
nesia (slowness of movement), and rigidity. Therefore, this progression explains why non-motor
symptoms frequently precede the motor manifestations of Parkinson's disease.

2.1.3.4 Conclusion

Analyzing facial expressions through machine learning and deep learning has proven
to be highly bene cial. In this scenario, it is possible to develop an affordable computer-aid
diagnosis to help professionals to identify PD using simple devices like a camera. Moreover,
the tool has the potential to reach different people across the world. This paper reviewed facial
expressions to identify PD with deep learning and machine learning techniques, examining the
constraints of clinical assessment improvement. Regarding the limitations, it could be seen that
the small amount of labeled data is a recurrent problem that impacts poor generalization issues.
Additionally, it presented the main concerns of diagnostic technologies and time-consuming
manual feature extraction approaches.

There are many opportunities for future work in the eld that will help translate the
technology for clinical use. The scope to detect the severity of PD and differentiate it from other
neurological diseases is essential. Exploring approaches to address small data limitations and
increase generalization with the limited available data is also important. Finally, there is also the
need to investigate the practical aspects of deploying the model in clinical practice and work ow.
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I am grateful for the support and collaboration that made this work possible. As the
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to the success of this work.

2.2 Voice analysis in Healthcare

Voice analysis is increasingly important in healthcare, especially for diagnosing and
monitoring neurological disorders like Parkinson's disease. Two key methods in this eld are
diadochokinetic (DDK) tasks and vocal tract length (VTL) analysis. These techniques provide
ways to assess speech and vocal characteristics, helping doctors detect and track diseases.

One of the main advantages of voice analysis is its ability to detect subtle changes in
speech that may not be noticeable in regular clinical assessments. These changes can include
variations in pitch, speed, and clarity of speech, which are often early signs of neurological
decline. By using advanced techniques such as machine learning, these vocal changes can be
tracked and analyzed over time, helping doctors make more informed decisions about a patient's
condition and treatment options.

Moreover, voice analysis supports remote healthcare, which is particularly valuable in
areas with limited access to specialized medical services. Patients can record their voice at home,
and the recordings can be analyzed by healthcare professionals to monitor disease progression or
to screen for early signs of disorders. This approach not only improves patient outcomes through
early intervention but also reduces the need for frequent in-person visits, making healthcare more
ef cient and accessible.

2.2.1 Diadochokinetic tasks

Diadochokinetic (DDK) tasks are simple tests where patients repeat syllables like “pa,”
“ta,” and “ka.” These tasks help doctors assess how well a person can control their speech muscles.
DDK tasks are useful for spotting early signs of speech problems, especially in conditions like
Parkinson's disease.

Studies have indicated that DDK tasks are particularly useful in assessing various aspects
of speech production, including phonation, articulation, and prosody (KODALI; KADIRI; ALKU,
2023; GARCIlAet al,, 2017; LOPEZ; OROZCO-ARROYAVE; GOSZTOLYA, 2019; CERNAK
et al, 2017). For example, the PC-GITA dataset (OROZCO-ARROYAX &I, 2014), which
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includes speech recordings from individuals with PD, has been extensively used to analyze
these features during DDK tasks. These tasks are valuable because they highlight variations in
fundamental frequency, vocal fold vibration regularity, and prosodic elements, all of which are
crucial in understanding the impact of PD on speech (GAlsAZl, 2016; RUSZet al.,, 2011b;
VASQUEZ-CORREAet al., 2018b; MORO-VELAZQUEZet al,, 2021).

Research has shown that individuals with PD often exhibit slower and more irregular
DDK rates compared to healthy individuals. This is due to the neuromotor impairments that
affect their ability to produce rapid, coordinated speech movements. The DDK task's simplicity
and its focus on both consonants and vowels make it a versatile tool in clinical settings, as it is
not dependent on the patient's language skills, unlike free speech tasks that may be in uenced
by reading abilities or language pro ciency (PAdd al,, 2021).

Other studies also emphasize the signi cance of DDK tasks in evaluating speech pro-
duction aspects such as phonation, articulation, and prosody. One study found that the diado-
chokinetic index of syllable production variability effectively detects articulatory inaccuracies at
different stages of Parkinson's disease. This index revealed persistent articulatory de cits starting
from stage 2, underscoring its potential as a clinical tool for early detection and monitoring of
speech impairments in Parkinson's disease patients (SANHUEZA-GARRIDO; ROJAS-ZEPEDA;
GARCIA-FLORES, 2023).

Finally, a pilot study introduced a pitch diadochokinetic task to assess laryngeal per-
formance in Parkinson's patients by measuring pitch range and slope during rapid transitions
between low and high pitches (ANAND, 2023). Findings showed reduced pitch measures in
Parkinson's patients, in uenced by age and disease duration. Additionally, hypokinetic dysarthria,
affecting up to 90% of PD patients, is marked by monotonous speech, imprecise consonant
production, and reduced loudness. DDK tasks, combined with assessments like maximum phona-
tion time and spontaneous speech analysis, remain crucial for evaluating phonation, articulation,
respiration, resonance, and prosody in PD patients (ATALAR; OGUZ; GENC, 2023; ANAND,
2023).

2.2.2 Vocal Tract length

Vocal tract length (VTL) is a signi cant aspect of vocal analysis, studied in contexts like
body size assessment (PISANSKIal, 2014), speech evolution (PISANSEt al,, 2016a), and
neurodegenerative diseases such as Parkinson's disease.

In exploring vocal control and its evolutionary implications, Pisaeskil. (2016a) argued
that the modulation of nonverbal vocal features like formant and fundamental frequencies may
offer insights into the evolution of speech. These vocal modulations could represent remnants
of an intermediate system between human speech and the more limited vocalizations of other
primates, suggesting that early vocal control abilities were foundational in the development of
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articulated human speech.

When applied to neurodegenerative conditions, changes they have shown potential as
biomarkers for diseases like PD. Apparent vocal tract length (AVTL), calculated from formant
frequencies, refers to the estimated length of the vocal tract during speech production. Pah,
Motin and Kumar (2022b) con rmed that AVTL measurements provided high accuracy in
distinguishing PD patients from healthy individuals, supporting the use of VTL analysis in
telehealth for remote diagnosis and monitoring. Further research bgtRal{2023a) examined
the relationship between PD and AVTL, nding that PD might increase the AVTL, especially in
men. This alteration in AVTL could be linked to the motor symptoms affecting speech in PD
patients.

Mittal and Sharma (2021) emphasized the signi cance of acoustic parameters, including
VTL, in detecting Parkinson's disease. Their study achieved a 97.2% accuracy in differentiating
PD voices from healthy ones by analyzing jitter-to-pitch ratios and formant frequencies. These
ndings reinforce the importance of VTL and related acoustic features in the early detection of
PD, demonstrating its potential for clinical application.

Finally, it has been shown to have clinical relevance. The cochlear implant study under-
scores VTL's perceptual importance in voice processing (NAGELE., 2024), supporting its
utility in neurodegenerative assessments. However, mixed results in PD studies (e.g., subjective
vs. objective measures) highlight the need for standardized protocols in VTL analysis (ARIAS;
CORTES; OLMO, 2024).

2.3 Image analysis in Healthcare

The advent of deep learning and synthetic data generation has revolutionized image
analysis in healthcare, addressing critical limitations such as small and imbalanced datasets.
Synthetic data, particularly through techniques like Generative Adversarial Networks (GANS)
and diffusion models, plays a pivotal role in enhancing the generalization and robustness of
machine learning models in medical applications. This section highlights the importance of
synthetic data in healthcare image analysis, focusing on two key areas: estimating thermal images
from RGB data for leg ulcer assessment and using StyleGAN2 for generating synthetic retinal
images to detect age-related macular degeneration (AMD).

Synthetic data is essential in healthcare for several reasons: it helps overcome the
limitations of small datasets by generating additional data that can be used to train deep learning
models, it preserves privacy by allowing data sharing and analysis without compromising patient
con dentiality, it addresses the issue of imbalanced datasets common in medical imaging, and it
improves the generalizability of models, making them more robust to real-world variations.

Generative Al models, including GANSs, diffusion models, and autoencoders, are founda-
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tional in creating synthetic data. GANSs, like StyleGANZ2, involve a generator and a discriminator
in a competitive process to produce realistic images. This method is particularly effective for
generating high-quality, detailed images, making it ideal for applications like retinal image
synthesis for AMD detection. Diffusion models, such as Stable Diffusion, start with random
noise and iteratively re ne images through denoising.

2.3.1 Venous Leg Ulcer

Thermal imaging has gained attention as a valuable tool for assessing various medical
conditions due to its ability to capture physiological changes such as microcirculation and in-
ammation. Cwajda-Bia asilet al. (2020) highlighted the importance of monitoring temperature
differences between the wound and periwound areas, showing that a decrease in these differences
is a positive indicator of healing. They also found that increased periwound temperature often
correlates with bacterial infections and venous in ammation. Similarly, Dahimanhak (2021)
identi ed distinct temperature patterns associated with different stages of chronic venous disease
(CVD), demonstrating the potential of thermal imaging not only for classifying early stages of
CVD.

In the context of venous leg ulcers (VLUSs), thermal imaging has been explored for its
potential to predict healing outcomes. Monshipaairal. (2021) showed that textural analysis of
thermal images could effectively differentiate between healing and non-healing VLUs as early
as the second week of treatment, using principal component analysis to predict the likelihood of
healing by the twelfth week. Ngo, Ogrin and Kumar (2022) extended this approach by developing
a framework that utilizes a Bayesian neural network to analyze thermal images at the initial
assessment (week 0), achieving a sensitivity of 78.57% and speci city of 60.00%. This early
prediction capability offers a non-contact method for identifying VLUs at risk of delayed healing,
potentially allowing for timely intervention.

However, the high cost and limited availability of thermal cameras in many clinical
settings hinder widespread use, prompting the need for alternative methods. Recent advances
in deep learning, particularly in stable diffusion techniques, have opened new possibilities for
estimating thermal images from standard RGB photographs. This approach leverages deep
learning models to create thermal images that can aid in the assessment of VLUs without the
need for expensive thermal cameras.

Finally, a study demonstrated the high accuracy of thermal imaging in classifying burn
wound depth, highlighting its potential to enhance patient care in burn units (H&t&lN 2024).
Another feasibility study combined thermal imaging with computer vision techniques to assess
surgical incision healing, developing a YOLOV8-based machine learning model that accurately
identi ed incision locations, segmented lesions, and classi ed healing stages L] 2024).
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2.3.2 Age-related macular degeneration

Age-related macular degeneration (AMD) is a leading cause of vision impairment,
affecting millions worldwide, especially in populations over 50 years of age. The progressive
nature of AMD, which leads to central vision loss, poses a signi cant challenge in clinical
diagnosis and treatment. AMD remains a leading cause of vision impairment, affecting millions
worldwide, particularly in populations over 50 years of age. Fleckenstein, Schmitz-Valckenberg
and Chakravarthy (2024) shows that AMD is expected to affect approximately 288 million
people globally by 2040.

Different approaches have been utilized to address the challenges of generalizability,
particularly within the domain of retinal imaging. Brigato and locchi (2021) emphasized the
effectiveness of standard data augmentation techniques, such as cropping, rotation, and color
jittering, especially when paired with low-complexity convolutional neural networks for small
datasets. However, they also highlighted the necessity for more advanced data generation and
augmentation pipelines, as simple spatial transformations may not provide suf cient data vari-
ability (PEREZ; WANG, 2017). Additionally, while pre-trained models offer some advantages,
they often face limitations when applied to new learning domains, highlighting the need for more
specialized solutions.

Generative Adversarial Networks (GANs) have emerged as a promising solution for
synthetic image generation, providing advanced methods for data augmentation. GANs have
demonstrated exceptional results across various medical imaging applications, including liver le-
sion classi cation (FRID-ADARet al,, 2018), and chest pathology recognition (SALEHINEJAD
et al, 2018). In the eld of Optical Coherence Tomography (OCT) imaging, super-resolution
GANs like ESRGAN have been utilized to enhance image quality, signi cantly improving the
detection of AMD (THAKOORet al,, 2022).

In retinal imaging, GANs have been used to generate synthetic data to improve disease
classi cation. Liet al. (2021) and Bellemet al. (2019) discussed the bene ts of incorporating
synthetic retinal images in training models, particularly in enhancing performance and reducing
over tting. Burlina et al. (2019) and Ahn, Song and Shin (2023) explored the potential of GANs
like Progressive GAN and FundusGAN for AMD classi cation. However, issues related to
demographic diversity and image quality control persist, underscoring the need for advanced
image assessment models to enhance the effectiveness of GAN-generated data.



CHAPTER

VIDEO ANALYSIS FOR NEUROLOGICAL
CONDITIONS

Facial expression analysis is a valuable tool for diagnosing and monitoring neurological
disorders, including Parkinson's disease (PD), amyotrophic lateral sclerosis (ALS), and post-
stroke (PS) impairments. This chapter explores advanced machine learning and deep learning
methodologies for analyzing facial expressions using video data. It begins with the hypomimia
identi cation in Parkinson's disease, highlighting the use of Action Units (AUs) analysis through
the Facial Action Coding System (FACS) to capture subtle facial movements. Addressing
challenges such as limited datasets, this chapter includes the development of data augmentation
techniques to improve detection accuracy. Finally, the approach is extended to assess facial
impairments in other neurological conditions, utilizing the Toronto Neuroface Dataset to enhance
diagnostic reliability for both clinical and remote applications.

Section 3.1 has been published“dabular Data Augmentation for Video-Based
Detection of Hypomimia in Parkinson's Disease”in Computer Methods and Programs in
Biomedicine Section 3.2 presents one work that was split in two published articles: the rst,
“Facial Expressions to ldentify Post-Stroke: A Pilot Study”, published inComputer Methods
and Programs in Biomedicinand the secondVideo Assessment to Detect Amyotrophic
Lateral Sclerosis”, published irDigital Biomarker.

Section 3.3 presents work in which | contributed as a co-author. My role included
assisting in validating the experimental procedures, and reviewing the manuscript. This work was
also disseminated through two publicatioffsacial Point Graphs for Stroke ldenti cation”
presented at thbberoamerican Congress on Pattern Recognitiand“Facial Point Graphs for
Amyotrophic Lateral Sclerosis Identi cation” , presented at tHaternational Joint Conference
on Computer Vision, Imaging and Computer Graphics Theory and Applications
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3.1 Data Augmentation for Facial Expression

With the rapid progression of computerized video analysis and arti cial intelligence, tech-
niques have been developed for the computerized detection of hypomimia from videos (JOSHI
et al, 2016; BANDINI et al,, 2017; RAJNOHAet al,, 2018; PHOKAEWVARANGKUL et
al., 2020; SONAWANE; SHARMA, 2021; GOMEZ2t al,, 2021; JAKUBOWSKIet al., 2021;
NOVOTNY et al, 2022; CALVO-ARIZA; GOMEZ-GOMEZ; OROZCO-ARROYAVE, 2022;
VALENZUELA et al, 2022). Jin et al. (JINet al,, 2020) work, used Al to extract facial expres-
sion features from videos of people with PD and report an F1 value of 99%. Hou et al. étHOU
al., 2021) developed an Al model to recognize facial features of PD patients, achieving up to 88%
accuracy using geometric and texture features. Gomez et al. (GGaVI&Z 2023) proposed
different domain adaptation techniques in automatic face analysis and face action unit detection.
However, one of the challenges in detecting the facial expressions associated with people with
PD is the shortage of data. Machine learning with small datasets causes over tting of the training
set and yields poor generalization. Another issue is the unbalanced datasets, which generally lead
to bias in favor of the majority class (KOTSIANTI& al,, 2006). To overcome the issue of small
and unbalanced datasets, generating synthetic data has been proposed with the aim to balance or
augment the dataset (WANG; PEREFZal., 2017; MIKO AJCZYK; GROCHOWSKI, 2018;
SHORTEN; KHOSHGOFTAAR, 2019), improving the model performance.

In the context of balancing the dataset, to separate the video features of people with PD
from Control Matched (CM), Ali et al. (ALEt al, 2021) balanced their dataset by upsampling
the video features with Synthetic Minority Over-sampling Technique (SMOTE) (CHAWLA
al., 2002) and reported excellent results98Po accuracy. They increased the number of PD
samples from 37 to 480 to match the CM. However, on closer inspection of their results, it is
observed that they balanced the dataset with SMOTE before splitting it into training and test
partitions. As a result, my work validated the accuracy when the synthetic data is only applied in
the training set, avoiding data leakage to the test set. | proposed to split the dataset into training
and test sets before generating synthetic data. Moreover, the experiments were conducted in a
test set in which the prevalence of people with PD is al#84ti.e., the test set was unbalanced
to evaluate the potential bias of the model.

In contrast to balance, synthetic data can also be generated to augment the dataset.
Classical modi cations of augmenting data may include random translations, rotations, ips,
and Gaussian noise addition, which do not impact the factors contributing to the data label. This
strategy is helpful not only for small datasets but also for vast datasets such as ImageNet (DENG
et al, 2009a). An alternative to typical data augmentation is to generate synthetic data using
Generative Adversarial Networks (GANs) (ANTONIOU; STORKEY; EDWARDS, 2017; WANG
et al, 2018; FRID-ADARet al, 2018; LUSTERMANSet al,, 2022). In this context, Antoniou
et al. (ANTONIOU; STORKEY; EDWARDS, 2017) demonstrated an increase in accuracy of
over13%in the low-data regime experiments in Omniglot (fré®%o6to 82%), EMNIST (73:9%
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to 76%), and VGG-Face (8% to 12%).

This work also performed and compared ve methods for increasing the quantity of
tabular data to enhance the detection of facial expressions of people with PD and those of
healthy cohorts. It compared alternative methods to generate synthetic data and increase the
number of PD instances in the dataset of facial features. The approaches used were: samples
from a marginal and uniform distribution, Bayesian network (ZHAHKiGl, 2017), Conditional
Generative Adversarial Network (CGAN) (MIRZA; OSINDERO, 2014) and Conditional Tabular
Generative Adversarial Network (Xek al, 2019). Finally, | combined the best method found
previously with Test-Time Augmentation (TTA) in order to improve the model inference.

Therefore, the main novelties of this work were:

introducing approaches of data augmentation for tabular data applied to extracted facial
features to improve the performance of identifying people with PD and healthy people by
facial expression;

combining synthetic data generated by CGAN to increase training data with TTA.

3.1.1 Methods

This subsection presents the methodology considered for the experiments, composed
of theoretical background, grid-search-based cross-validation for hyperparameter optimization,
data augmentation with synthetic data generation, and test-time data augmentation @VANG
al., 2019).

3.1.1.1 Dataset

The dataset obtained frdncomprises features of the video analysis reported by ¥il.
(2021). The feature set includes the variance of the facial action unit (AU), which is the individual
muscle movement components established systemically by Paul Ekman in FACS (EKMAN;
FRIESEN, 1978).

This study has only investigated the facial action units of facial expressions which were
in response to stimuli; spontaneous facial expressions have not been investigated. This has the
advantage because it greatly reduces the complexity of the analysis. All patients were asked
to make three facial expressions: smiling, disgusted, and surprised. Each facial expression
was recorded in a different video. The videos were acquired utilizing the PAR&tkinson's
Analysis with Remote Kinetic Tasks) (LANGEVIkt al., 2019) online video recording tool
and were analyzed using OpenFace (HAMMAd®lal., 2022) software, which automatically
provides the facial AU values of each frame. Afterward, the AU variance was computed to

available at <https://githubom/mali7/PARK _facial _mimie
2 available at <wwwparktesmnet
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indicate how much facial muscle movement occurs while showing a facial expression. Notice
that the authors selected a subset of three AUs to represent each facial expression: (i) smile is
associated by AUO1 (Inner Brow Raiser), AU06 (Cheek Raiser), and AU12 (Lip Corner Puller);
(i) disgusting is associated with AUO4 (Brow Lowerer), AUO7 (Eye Lid Tightener), and AUQ9
(Nose Wrinkler); and (iii) surprise is associated with AUO1 (Inner Brow Raiser), AU0O2 (Outer
Brow Raiser), and AU04 (Brow Lower).

Finally, the dataset was developed by concatenating the variances of the AUs mentioned
above, in which each row corresponds to a patient. In my study, | divided the dataset into training
and test sets using similar proportions, as seen in Table. 8.

Table 8 — Amount of images per training/test sets.

Type of images Amount
PD (training) 30
Non-PD (training) 383
PD (test) 7
Non-PD (test) 97

3.1.1.2 Hyperparameter Optimization

The rst experiment employed a grid search, i.e., a comprehensive search of parameters
across a subset of the training algorithm's space. Grid-search is a widespread method that
scikit-learn (PEDREGOSAt al, 2011a) includes as part GfridSearchCV.

The pipeline employed in this work comprises three main steps: oversampling, constant
normalization, and machine learning-based classi cation. SMOTE (CHAVELAI.,, 2002),
ADASYN (HE et al, 2008), GPF (PASSO%t al, 2022; PASSO®t al, 2020}, and Random
Sampler (BRANCO; TORGO; RIBEIRO, 2016) were considered as oversampling approaches in
the search space, and Table 9 shows the search space considered for each ML technique.

Four classi ers were evaluated for the task — Support Vector Machine (SVM) (HEARST
et al, 1998), Logistic Regression (COX, 1958), Random Forest (PAL, 2005)KaNdarest
Neighbors (ALTMAN, 1992) — because they represent distinct machine learning paradigms,
offering a comprehensive performance comparison. SVM and Logistic Regression are well-
suited for linear or kernel-based tasks. Random Forest is an ensemble method that mitigates
over tting through bagging and captures nonlinearities, and KNN relies on proximity in feature
space to classify new instances. This diverse selection covers different learning biases and

3 available at <https://scikit-learorg/stable/modules/generated/sklearodel selectionGridSearchCvhtml>
4 Available at https://github.com/Leandropassosjr/Opfimb
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decision boundaries, thereby improving my search for the best-performing model in detecting
hypomimia associated with PD. Model evaluation was conducted using strétifedt cross-
validation (REFAEILZADEH; TANG,; LIU, 2009) withk = 10, repeated three times with
different randomizations, and performance was measured using the F1-score on the training set.

Table 9 — Grid-search space con guration

Machine Learning Model Parameters Values
Support Vector Machine kernel [linear, radial]
(HEARSTet al, 1998) gamma [0:1;0:6;1:1;1:6]
C [0:1;2:1;4:1;6:1;8:1]
solver [liblinear]
Logistic Regression
(COX, 1958) penalty [11;12]
C [0:01;,0:1;1;10,10Q
Random Forest Classi er | number of estimators  [5;50; 100,250
(PAL, 2005) max depth [5;8;10]

K-Nearest Neighbors | number of neighbors  [3;5;7;9;11]
(ALTMAN, 1992)

weight function [uniform distancé

The pipeline that provided the best results was ADASYN and Logistic Regression with
C=0.01, and this was selected for comparison to the CGAN-based synthetic data augmented.

3.1.1.3 Augmentation

The data for both labels, PD and healthy, was augmented by the same level. However,
before using this data to train the model, the data needed to be balanced, which was performed
using the ADASYN oversampling technique. With this enhanced and balanced dataset, | started
to prepare my augmentation methods to increase the training set. To generate synthetic data
from the marginal, uniform distribution and Bayesian network (ZHABK&I., 2017), | used
the implementation of setting the privacy rate t#:0. CGAN was implemented by me in
PyTorch and trained witli00epochs, with a batch size 6& and a latent dimension df00. The
ADAM (KINGMA; BA, 2017) optimizer was used to train the generator and the discriminator,
with learning rates 00:0002and decay rates @1 and0:999 respectively. The gures describ-
ing the architectures of the CGAN Generator and Discriminator is in, Figure 5 and Figure 6,
respectively. Finally, CTGARIwas trained witt600epochs, with a batch size 6& and a latent
dimension of128 and optimized with learning rates 8f0002and decay rates @1 and0:999,

5 available at <https://githubom/daanknoors/synthetic_data_generation
6 available at <https://githubom/sdv-dev/CTGAN
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respectively. The experiments were conducted using the training set with an Nvidia RTX 2060
GPU.

3.1.1.4 Test-Time Augmentation

The experiments presented in this subsection were performed to test the performance
of the model. A problem like detecting disease conditions typically require high sensitivity.
Test-Time Augmentation (TTA) technique was used because it improves the model's sensitivity
performance. It predicts the label using a voting approach, based on the most frequently predicted
class among a set of slightly modi ed classi ers. This approach is bene cial for cases in which
the model is uncertain about the prediction. One straightforward method to generate the slightly
modi ed versions of a classi er is adding a modest amount of Gaussian noise. A diagram of
TTA is shown in Fig 7.

The Gaussian noise was generated using NumPy's (HARRES., 2020)normal()
function, which produces a vector of random Gaussian values with zero mean and a standard
deviation proportional to its distribution, which stands for values betvde@hand0:3 optimized
through the grid-search using a step d@@Dto maximize the accuracy.

3.1.2 Results

The experimental results are presented in three sub-subsections: (i) model tuning as-
sessment, (i) data augmentation assessment, and (iii) test-time augmentation assessment. The
system's performance was evaluated using confusion matrices, and accuracy, sensitivity, and
speci city were computed.

3.1.2.1 Model Tuning Assessment

The best tuning approach was the oversampling method ADASYN and Logistic regres-
sion withC = 0:01 andI2 penalty. The pipeline achieved a sensitivity of roug88f6and a
speci city of about61%in the test set, whose results are reported in the confusion matrix in
Table 42. Such results show a high false-positive rate, demonstrating a weak performance for
masked faces prediction. Overall, it obtained a classi cation accuracy of 62%.

Ali et al. (ALI et al,, 2021) achieved 95.6% accuracy. However, when performing k-fold
cross-validation, their testing fold consists of a mix of synthetic and real data. This difference
may be attributed because they balanced the entire dataset before performing the k-fold. As a
result, the dataset has ab®@@%6 of synthetic data, and large similarity within this group may
lead to the large similarity between the training and test fold. On the other hand, my method
only generated synthetic data for training to ensure there was a balanced training dataset, while
the test dataset need not be balanced. Thus, testing with unbalanced data represents a real-world
scenario.
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Figure 5 — Generator architecture.
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Figure 6 — Discriminator architecture.
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Figure 7 — Steps of Test-Time Augmentation

| PD  Non-PD | PD  Non-PD | PD Non-PD
PD 6 1 PD 6 1 PD 6 1
Non-PD 38 59 Non-PD 27 70 Non-PD 17 80
False Positives 38 False Positives 27 False Positives 17
False Negatives 1 False Negatives 1 False Negatives 1
Sensitivity 85.71% Sensitivity 85.71% Sensitivity 85.71%
Speci city 60:82% Speci city 72:16% Speci city 8247%
Accuracy 62:50% Accuracy 73.08% Accuracy 82:69%
Table 10 -Confusion ma- Table 11 -Confusion ma- Table 12 -Confusion ma-
trix for Logistic trix for Logistic trix for Logistic
Regression. Regression  when Regression  when

introducing 1;600
synthetically

introducing 1;600
synthetically aug-

mented data and
TTA.

augmented data.

3.1.2.2 Data Augmentation Assessment

Figure 8 shows the test set accuracy when additional synthetic data generated using
multiple algorithms were used in the training set. The best results were when CGAN was used to
generate the synthetic data for training as seen in Figure 8(a). Overall, the accuracy improved
when synthetic data was added to the training set, while recall/sensitivity remained constant. It
is observed that there after an initial steep improvement in the performance with an additional
augmentation ofi00samples, the improvement was gradual and saturated on reaching a total of
1,600 augmented samples.

Table 11 provides the results of the experiments Wj#00synthetic data. The number of
false positives decreased frdh®1to 0:72when compared to Table 12. Consequently, speci city
increased fron®:61to 0:72. In general, there was a gradual growth in accuracy when employing
data augmentation.

3.1.2.3 Test-Time Augmentation Assessment

Figure 9 illustrates the Logistic Regression's accuracy while varying the standard devia-
tion betweerD:01 and0:3, considered to evaluate which value produces the best classi cation
scenario, which was obtained with a standard deviation betw&dnahd 045.

Table 12 summarizes the evaluation of the best standard deviatiof;4®.According
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(a) Conditional GAN (b) CTGAN

(c) Bayesian network (d) Marginal distributions (e) Uniform distributions
Figure 8 —Relationship of Accuracy and size of synthetic training data generated using the ve algorithms.

to Tables 11 and 12, the false positive rate decreased2itim 17, consequently increasing
speci city from 0:72to 0:82. Additionally, the accuracy for identifying PD increased frOri3
to 0:83, respectively.

Figure 9 — Standard Deviation in TTA

3.1.3 Discussion

In summary, | rst used grid search—based cross-validation to identify the best oversam-
pling strategy, ADASYN, and machine learning approach, Logistic Regression. | then compared
multiple synthetic data generators (Marginal, Uniform, Bayesian Network, CGAN, and CTGAN)
to nd the most effective for augmenting the training set. Finally, | applied Test-Time Augmenta-
tion by injecting Gaussian noise during inference, generating multiple slightly altered predictions
and voting on the nal classi cation. This method ensures that the model is trained on real and
synthetic data while being evaluated only on real data for an unbiased performance assessment.
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(a) Sensitivity and Speci city (b) ROC curve
Figure 10 — Performance of data augmentation.

Table 6 provides a comparison of major works reported in the literature and my study.
The table shows that in the earlier studies, even when these have been tested using a balanced
dataset, it does not represent real-world conditions. The prevalence of PD has been reported to
be more than 1% for people aged over 60 (TYSNES; STORSTEIN, 2017; BRAKERAL,
2022; MARRASet al,, 2018). In the current study, | used the population-based prevalence of
the disease for the age-matched group. Thus, while my results are comparable and better than
most other studies, this comparison is not appropriate. Work by Ali et al éAll., 2021) is
most suitable for the comparison because of the same dataset, and features. They provided the
access to the dataset and the code. The accuracy reported by Ali et at(&lL.[2021) wa95%
However, on closer inspection, | found that they had tested the model using a mix of real and
synthetic data which can lead to a bias, especially when the number of real data points is very
small. When their technique was tested where only the training data incorporates synthetic data
while testing is real data only, the accuracy was ardé@fth When | used my proposed method
for developing additional data for training and tested using real data as it would be accepted
in real-world situations, the accuracy improved to al®@f% The Sensitivity of the system
remained aB6%, and the speci city increased from aroufd%to nearly82%, as shown in
Fig 2(a). Work reported by Hao et al (HO&t al,, 2021) 2021 compared the performance of
geometric and texture features of the videod4® people and repo&8% results when using
texture analysis. However, their dataset is not public, and | found that the description of the
analysis was not suf cient for accurate comparison.

This work has shown that when testing with real data, the performance is much lower
than when tested with synthetic data. This work has shown that when the training data consists
of real and synthetic data generated using CGAN and TTA, the model has suf cient diversity
and is suitable for being tested for real data.
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3.1.3.1 Novelty of this study

This study presents a novel approach to addressing the challenge of small and unbalanced
datasets in the video-based detection of hypomimia in PD. Unlike previous works that applied
synthetic data to both training and test sets, potentially leading to data leakage and optimistic
performance metrics, my study delineates the augmentation process to improve generalization
without introducing bias. The key innovation lies in the integration of a CGAN for generating
synthetic tabular data, which is then strategically combined with TTA. This dual approach
signi cantly enhances classi cation accuracy while maintaining the integrity of real-world
testing conditions. Notably, my methodology achieved an 83% accuracy rate while preserving a
high sensitivity of 85.7% and improving speci city from 60.8% to 82.5%, a crucial factor for
reducing false positives in clinical applications.

A comparison with other similar work by Ali et al (ALt al,, 2021) is shown in Table 6.
The results show that when using the features proposed by Ali et algidll, 2021), and with
data that uses synthetic data for both, training and testing as performed by them, the accuracy is
95% However, when only the training data incorporates synthetic data while testing is with real
data only, the accuracy is arou68% My ndings offer a novel perspective on how to improve
the performance of video-based detection for hypomimia in people with PD, augmenting a
tabular dataset. When | used my proposed method for developing additional data for training,
and the real data for testing, the accuracy improved to ekt The Sensitivity of the system
remained aB6%, and the speci city increased from aroufd%to nearly82%, as shown in
Figure 2(a).

In the context of previous studies presented in Table 6, the results obtained in this work
seem to be better than 3 works. However, the cited results cannot be fully comparable to ours
due to the fact that all of my testing set has a prevalence of 7% patients with Parkinson's. The
prevalence represents a real scenario in which the distribution is imbalanced. It is impossible to
state unequivocally which of the methods will be characterized in practice by better generalization
abilities without performing additional comparative studies.

Beyond the methodological advancements, this work also provides new scienti ¢ insights
into how facial action unit variances contribute to hypomimia detection. By leveraging CGANs
to generate additional training data, | demonstrated that synthetic augmentation can capture the
subtle dynamics of facial muscle movements associated with PD, reinforcing the feasibility of
Al-driven facial expression analysis for early-stage screening. Moreover, the introduction of
TTA as a means of improving model underscores the importance of leveraging probabilistic
variations during inference, improving the performance. These contributions collectively advance
the eld by demonstrating that a well-structured augmentation strategy is promising in mitigating
the limitations of small datasets, ultimately paving the way for more scalable and clinically
applicable Al-based PD detection systems.
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Table 13 — Comparison of Model Types in Prior Work.

Ref. \ Model Type
RAJIJNOHAet al, 2018) 2018 Handcrafted
NOVOTNY et al, 2022) 2022 Handcrafted
(CALVO-ARIZA; GOMEZ-GOMEZ; OROZCO-ARROYAVE, 2022) 2022 Handcrafted
(SONAWANE; SHARMA, 2021) 2021 Deep learning
(GOMEZet al,, 2023) 2023 Deep learning
(HOU et al, 2021) 2021 Handcrafted
(GOMEZet al, 2021) 2021 Handcrafted
(VALENZUELA et al, 2022) 2022 Deep Learning
(JAKUBOWSKI et al,, 2021) 2021 Deep Learning
(JIN et al,, 2020) 2020 Handcrafted
EALI etal, 2021; 2021 Handcrafted (synthetic and real data in test)
ALl etal, 2021) 2021 Handcrafted (only real data in test)
ours Handcrafted (CGAN aug)
ours Handcrafted (CGAN aug and TTA)

Table 14 — Comparison of Accuracy in Prior Work.

Ref. | Accuracy
SRAJNOHA etal, 2018; 2018 67%
NOVOTNY et al,, 2022) 2022 78%
(CALVO-ARIZA; GOMEZ-GOMEZ; OROZCO-ARROYAVE, 2022) 2022  80%
(SONAWANE; SHARMA, 2021) 2021 85%
(GOMEZet al, 2023) 2023 87%
(HOU et al, 2021) 2021 88%
(GOMEZet al,, 2021) 2021 88%
(VALENZUELA et al, 2022) 2022 92%
(JAKUBOWSKI et al,, 2021) 2021 94%
(JIN et al., 2020) 2020 99%
ALl etal, 2021) 2021 95%
ALl etal, 2021) 2021 62%
ours 73%
ours 83%

Table 15 — Comparison of Percentage of PD Data in Prior Work.

Ref. | Percentage of PD Data

(RAJNOHAet al, 2018) 2018 50%
(NOVOTNY et al, 2022) 2022 55%
(CALVO-ARIZA; GOMEZ-GOMEZ; OROZCO-ARROYAVE, 2022) 2027 57%
(SONAWANE; SHARMA, 2021) 2021 52%
(GOMEZet al, 2023) 2023 55%
(HOU et al, 2021) 2021 50%
(GOMEZet al, 2021) 2021 55%
%VALENZUELA etal, 2022; 2022 50%
JAKUBOWSKI et al,, 2021) 2021 50%
(JIN et al, 2020) 2020 51%
(ALl etal, 2021) 2021 50%

(ALI etal, 2021) 2021 7%

ours 7%

ours 7%

3.1.3.2 Limitations

This study has two main limitations. First, | have only investigated the single, cross-
sectional database of people with PD, and the dataset does not have ethnic and demographic
variations, nor repeats for an individual. Thus, it does not allow the investigation of differences
due to repetition and repeatability of the analysis. Second, | only had the facial action-unit data
pre-extracted by Alet al. (2021) available; the raw videos or additional information (such as
lighting, camera angle, and participant details) are not available due to the ethical considerations
for such data. Besides that, without frame-level data or contextual cues, | could not perform a
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qualitative review of false positives and negatives to highlight systematic biases or subtle model
failures.

While | have overcome the shortcomings of earlier works, my work is limited because
it has been tested on a single dataset, and thus | cannot claim the generalizability of the model.
It is essential to develop a new dataset with recordings of people of different ethnicity and
demographics, repeated multiple times to study the patients over a period of time. That will
check its suitability for being used for the detection of hypomimia and for monitoring the
progression of PD. Another limitation is that | am not using a validation set because the data size
is small. In this scenario, | am using the test set to nd the best parameters of CGAN and TTA.
However, for a preliminary augmentation study, | observed an increase in the performance of the
machine learning model in distinguishing healthy people and people with PD based on facial
expressions.

3.1.4 Conclusion

This study is a progression towards creating robust affordable computing systems that
can effectively analyze and measure facial expressions in individuals with PD who have various
issues. The limitation of the small size and unbalanced dataset of PD facial expressions was
overcome using CGAN-based data augmentation. Experimental results show a speciCcitg of
and an accuracy in classifying non-PD individual@3. This has the potential of assisting
clinicians with the assessment of videos to identify people with PD using videos obtained using a
smartphone and may also be used for population screening. However, there are several limitations
to my study that suggest areas for future research.

It is essential to investigate factors such as differences in ethnicity and demographics and
to conduct longitudinal studies to check the effect of repeating the experiments. Besides that,
future research could apply a different software to assess the head pose, instead of OpenFace.
Finally, the augmentation method is promising to apply to different methods that use tabular
data/features extracted from the face.

3.1.5 CRediT authorship contribution statement

| am grateful for the support and collaboration that made this work possible. As the lead
investigator, | was responsible for the research, design, methodology development, and writing
this study. | thank Quoc C. Ngo for project administration, validation, and manuscript review;
Leandro A. Passos for software validation and manuscript review; Leonardo S. Oliveira for
review analysis; Jodo P. Papa for securing funding and project oversight; and Dinesh Kumar for
his conceptual guidance, supervision and manuscript review. Their contributions were essential
to the success of this work.
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3.2 Action Units for Facial Expression

Stroke is a severe neurological emergency characterized by a sudden loss of blood
ow to the brain, potentially leading to irreversible brain damage, disability, or death if not
promptly addressed. Time is of the essence in stroke cases; early detection and intervention are
critical to improving patient outcomes. Research indicates that nearly 13% of stroke cases go
undiagnosed in emergency departments (NEWMAN-TOKERI,, 2014), and this rate increases
dramatically in smaller hospitals, where 65% of patients without a documented neurology
examination have missed strokes (AREt&l,, 2016). In rural or regional centers, the percentage
can be even higher (SHAKE; OOSTEMA; JONES, 2018). Since most strokes occur at home,
the rst responders are often paramedics or ambulance crews operating under less-than-ideal
conditions (NGUYEN-HUYNH; JOHNSTON, 2007). This situation underscores the urgent need
for accessible tools—ideally deployable on smartphones—that can assist paramedics in rapid
and accurate stroke detection outside of hospital settings (BAT-ERDENE; SAVER, 2021).

ALS is another debilitating neurological condition, characterized by progressive muscle
weakness and the inability to perform voluntary muscle contractions. This affects essential
functions such as chewing, speaking, walking, and facial expressions. Early symptoms of ALS
include reduced facial expressiveness (WIJESEKERA; LEIGH, 2009; KIERKEAN, 2011),
but recognizing these subtle changes can be subjective and often leads to misdiagnosis due
to individual differences in facial expressions (@#Hal., 2016; AHO-OZHANet al,, 2016;
CARELLI et al, 2021). Therefore, there is a signi cant opportunity for computerized analysis
of facial expressions to improve the reliability of early ALS diagnosis.

Facial expressions are a vital component of human communication and serve as important
indicators of neurological health. Detecting subtle changes in facial expressions can be challeng-
ing, prompting interest in computerized systems like the FACS to enhance diagnostic accuracy.
FACS categorizes facial movements using AUs, each corresponding to speci ¢ muscle actions,
providing an objective and systematic method for analyzing facial expressions (FRIESEN;
EKMAN, 1978).

This work introduces an Al-based approach that leverages AU analysis to perform
binary classi cations between healthy controls (HC) and individuals with either Post-Stroke
(PS) or ALS, speci cally focusing on distinguishing HC vs. PS and HC vs. ALS. Recent
advancements have shown the potential of AU analysis in medical diagnostics, from detecting
hypomimia in Parkinson's disease to differentiating neurological impairments (OLIVERA
al., 2023). Building on these developments, the goal is to create a solution that can be deployed
on smartphones, providing paramedics with a tool for real-time stroke detection in the eld, and
assisting neurologists in diagnosing ALS more accurately. This could signi cantly reduce the
rate of missed diagnoses, leading to faster interventions and better patient outcomes.

To the best of my knowledge, this is the rst study to report on using AUs from facial
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videos for the binary classi cation of HC vs. PS and HC vs. ALS, highlighting the broader
potential of AU analysis.

3.2.1 Methods

The methodology employed involved a systematic approach to computerized analysis
of facial expressions using AUs. This process entailed capturing facial videos, extracting AUSs,
and applying machine learning models to classify facial expressions corresponding to healthy
individuals and patients with neurological conditions.

3.2.1.1 Dataset

The Toronto Neuroface dataset (BANDIK al., 2020) investigated in this study, pro-
vided by Toronto University, is a single center, cross-sectional datasef@/tfacial expression
videos collected fron36 people. It comprises 11 HC, 14 PS, and 11 people with ALS. The videos
were recorded when the participants were performing a set of speech and non-speech facial
expression tasks. Table 16 reports the demographic and clinical summary of the participants,
including their ages and the duration measured in months starting from when a stroke occurs.
The literature review indicates that this is the only dataset available for investigating facial
expressions in patients with neurological diseases.

Facial expression data consists of 9 speci c facial expressions, repeated multiple times
and related tasks that are shown in Table 17. These are: (i) pretending to kiss a baby (KISS),
(i) maximum opening of the jaw (OPEN), pretending to smile with tight lips (SPREAD),
reproductions of the syllabl@# (PA) as quickly as possible on a single breath, speaking of
the word patakad (PATAKA) as fast as possible on a single breath, speaking the sentBoge “
Bobby a Puppy(BBP) at a comfortable speaking rate and intensity, pretending to blow a candle
(BLOW), repetitions of raising the eyebrows (BROW) and making a big smile (BIGSMILE).
Participants were advised to take rests between activities to avoid weariness. Nonetheless, not all
the participants could complete all the exercises.

Table 16 -Demographic and clinical information for the three participant groups, including the duration
in months from the onset of symptoms for ALS or from the occurrence of a stroke for PS.

Group Age (years) Duration (months) ALSFRS-R

HC 632 143 - -
ALS 615 80 496 316 348 50
PS 647 147 194 342 -

3.2.1.2 Feature Extraction

The AUs were extracted from individual recordings using the Python Facial Expression
Analysis Toolbox (Py-Feat) (CHEONG@t al, 2023), which has been built by training an
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