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Abstract:

In this paper, we propose a method to discriminate the presence or absence of Parkinson's disease symptoms based
on facial expressions and show that it is a reliable biomarker. It is also shown that smile expression is an important
factor in discriminating. In addition, we showed that smile expression is an important factor in discrimination.
This leads to the realization of easier diagnosis. This could make diagnosis easier for people who are currently
difficult to diagnose and could also be an aid in areas where psychiatrists cannot reach.
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1. Introduction

This paper proposes that it is possible to determine the presence or absence of symptoms from images and video
data of facial expressions. In fact, one of the symptoms of Parkinson's disease is a decrease in the change of facial
expression. In this paper, we focused on facial expressions and analyzed and studied smiling, disgusted, and
surprised faces.

If it were possible to diagnose Parkinson's disease from facial expressions, it would not only make it easier to
diagnose symptoms but would also be a help to people in areas where there are few neurologists around or
where it is difficult to see a doctor. In addition, one of the attractive features of the diagnosis and classification
methods proposed in this study is that they are able to achieve high classification accuracy using basic
methods such as SVM training, clustering by k-means after PCA, and application of logistic regression models.

2. Parkinson's Disease

Parkinson's disease can cause tremors in the limbs, muscle stiffness, and non-rhythmic head movements, but how

can these symptoms be detected and caught early?

One of the main symptoms of Parkinson's disease is paralysis, which causes stiffness of facial muscle movement

and decreased facial expression. In this case, "Hypomimia" can be a very sensitive biomarker, and the following

shows that it is suitable for early diagnosis.

o Wearable sensors, often used as existing biomarkers, are reliable but expensive

o Facial expression analysis is inexpensive (only a camera is needed for analysis, so implementation costs are
low)

o Can get a diagnosis even if a neurologist is not nearby (regardless of location)
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3. Telemedicine

3.1 Benefits

One of the advantages of this camera image-based diagnosis is that you can get a diagnosis wherever you are,
which is

o Patients who need to be physically separated due to COVID-19 or other

e People who have difficulty moving on their own

o Areas where there are no neurologists in the vicinity

People with Parkinson's disease are particularly likely to benefit from this treatment. In addition, early detection of
Parkinson's disease is very important because the decreased facial expression has been linked to social well-being
and depression.

3.2 Recruitment of participants

For those without Parkinson's, Facebook ads and Amazon Mechanical Turks and Amazon Mechanical Turks. For
those with Parkinson's, they are being treated at the University of Rochester Medical Center, where the authors of
the paper are based or have agreed to participate in the study. These participants must have been diagnosed by a
specialist at the medical center as having some degree of Parkinson's disease symptoms.

4. Methods

4.1 Dataset

The dataset consists of 604 participants (61 with Parkinson's disease symptoms and 543 without), each with 3
video recordings, for a total of 1812 videos. An online Parkinson's disease recording tool, PARK (Parkinson's
Analysis with Remote Kinetic tasks), was used to acquire the videos, and this paper presents the results of the
analysis of the facial imitation task collected using this framework. This paper presents the results of the analysis
of the face imitation task collected using this framework. The facial imitation task includes three facial
expressions: smiling (Smiling ), disgusted (Disgusted ), and surprised (Surprise ), and each video contains one
of these expressions.

An example of the dataset is shown in Figure 3, where we collected 10-12 seconds of each video by asking
participants to make each expression, hold that expression for a few seconds, and then make no expression.
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Figure 1: Sample Frames from the Dataset

4.2 Feature extraction and calculation tools

The acquired video is analyzed using the OpenFace software which automatically calculates the facial action unit
(AU) value for each frame. This facial action unit (AU) (Table 2) is available, and the current study is based on
relating which action units are affected by smiling, disgusted, and surprised faces.

¢ Smiling: AUOL, AU06, AU12
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e Disgusted: AU04, AU07, AU09
e Surprised face: AUOL, AU02, AUO4

As shown in Table 1 below, since the above facial action units (AUs) were found to be associated with each facial
expression, the variance of the AUs was calculated and this variance is considered as a feature in this study.

W‘I'gble 1: Variance of AUs

AU Full name Mustration
AUL  INNER BROW RAISER A
AU2  OUTER BROW RAISER '- ~‘
AU4  BROW LOWERER ‘.-‘
AUS  Upper LID RAISUR @ &
AU6  CHEEK RAISER -
AUT  LID TIGHTENER e
AU9  NOSE WRINKLER
AULD UPPER LIP RAISER =
AUI2Z  LiP CORNER PULLER =
AULY DiMrLER b —1
AUIS  LiF CORNER DEPRESSOR ﬂ
AULT CHIN RAISER Ad
AU20 LIP STRETCHED . - i
AU23  LIP TIGHTENER L d
AU2S LIPS PART .4
AU26  Jaw pDror E J
AU2R  Lipsuck L d
AU4S  BLINK ==
5. Analysis

The first analysis focuses on the distribution of characteristics between people with and without Parkinson's
disease symptoms. We first performed the Mann-Whitney U test, and since the data were not normally distributed,
we used a nonparametric significance test. Also, in the repeated significance test, we performed a Bonferroni

correction for all p-values here.

Table 2: Demographic Information

| Individuals with P}
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The differences in variance in each action unit (AU) of the face for people with and without Parkinson's disease
symptoms can be summarized as in Table 2 below. Significant differences were found in smiling (Smiling) and
surprised (Surprise) facial expressions, specifically in AUO1 and AUOQ6, especially in smiling facial expressions.

These results also show that the expression of a smile can be important in distinguishing the presence or absence
of Parkinson's disease symptoms.
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Table 3: Differences in AU variance between people with and without Parkinson’s disease symptoms

hpmsho Faclal Action Unlt Todividuals | Indisiduals |M1l|n
with without
Parkinsea's | Parkinson's
Aivease divense
Mean (SD)  Mean (SD) | |
St | AUDT (laner Brow Rnlwn 01510 %) l)(l“{'“!) L
Smlig -7 -7+ —————— e —
e AU (Check Raiser) T 0SS (o7 |
. [AUTZ 1L ip Corner Paller) 021 (0.1%) 0.27(0.24) 0065 |
[AUDS (Brow Lowerer) 0.19(020) | 0.26(031) | 0063
Disgusied v 03 = 1
; AUD? (Eye Lid Tightener) 0.1910.20) 0.24(0.2 0.103
w e —- — |
. | AUDY (Nose Wrinkler) Q04 (008) D007 7] 0287 l
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Surprismg D) - |
§ AUOZ (Outer Brow Rouser) 01501029) 0 12{0.18) 014 ‘
we .
| AU {Thow Lowerer) 031(037) 0,40 (0.43) 0061 |

People with Parkinson's disease symptoms were classified as 1, people without Parkinson's disease symptoms
were classified as 0, and people with Parkinson's disease symptoms were classified as 1. The results of the binary
classification are shown in the table below. The green bar indicates a characteristic with p<0.05, which can be said
to be a significant characteristic. In addition, seven of the nine features have negative weights, which means that
the lower the variance of the facial action unit (AU), the higher the probability of having Parkinson's disease
symptoms, and it can also be said that the stiffness of the facial muscles affects the negative values.
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Figure 2: Two-dimensional visualization of nine facial action units (AUSs)

It is important to note that patients with Parkinson's disease do not exhibit all symptoms; only some symptoms
may occur, or conversely, none may occur. Therefore, rather than relying on one Instead of relying on one
modality, the use of several different modalities may provide more reliable diagnostic results. In this study, facial
expression (especially smiling) was used as one of the modalities with high reliability.

6. Conclusion

Although Parkinson's disease symptoms are often characterized by several different modalities, including limb
tremor, head movement, voice, memory, sleep, and gait, the following results indicate that facial expression
scanning can be used as a reliable biomarker.
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