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ABSTRACT Recent research has shown that smartphones/smartwatches have a high potential to help
physicians to identify and differentiate between different movement disorders. This work aims to develop
Machine Learning models to improve the differential diagnosis between patients with Parkinson’s Disease
and Essential Tremor. For this purpose, we use a mobile phone’s built-in gyroscope to record the
angular velocity signals of two different arm positions during the patient’s follow-up, more precisely, in
rest and posture positions. To develop and to �nd the best classi�cation models, diverse factors were
considered, such as the frequency range, the training and testing divisions, the kinematic features, and
the classi�cation method. We performed a two-stage kinematic analysis, �rst to differentiate between
healthy and trembling subjects and then between patients with Parkinson’s Disease and Essential Tremor.
The models developed reached an average accuracy of 97.2�3.7% (98.5% Sensitivity, 93.3% Speci�city)
to differentiate between Healthy and Trembling subjects and an average accuracy of 77.8�9.9% (75.7%
Sensitivity, 80.0% Speci�city) to discriminate between Parkinson’s Disease and Essential Tremor patients.
Therefore, we conclude, that the angular velocity signal can be used to develop Machine Learning models
for the differential diagnosis of Parkinson’s disease and Essential Tremor.

INDEX TERMS Differential diagnosis, Parkinson’s disease, Essential tremor, Gyroscope, Kinematic
analysis, Machine learning.

I. INTRODUCTION

T REMOR is a compulsory and oscillatory movement of
a part of the body [1]. Its effects are primarily visible

in the limbs, head, and voice [2]. Physiological tremor is
usually of low amplitude and interferes only with �ne motor
control. In most cases, it is not visible or symptomatic, except
when increased by fatigue or anxiety [1], [3]. On the con-
trary, pathological tremor is usually visible and constant [1].
Parkinson’s disease (PD) and Essential Tremor (ET) are the
most common tremor syndromes worldwide [4], [5]. Distin-

guishing between PD and ET can be dif�cult in the early
stages of the diseases or for patients without a family history
of PD. The risk of incorrect diagnosis is high; even specialists
in movement disorders may have a rate of up to 25% false
positives or negatives [4], [6]�[8]. Typically, resting tremors
are associated with PD, whereas postural or kinetic tremors
associate with ET [5]. However, some PD patients may de-
velop postural tremor [5], and some ET patients may develop
resting tremors during the progression of the disease [9], [10].
Early diagnosis is fundamental to ensure adequate treatment
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of the patient and to prevent harmful side-effects [4], [5],
[9]. Nowadays, dopamine transporter (DAT) imaging using
Single Photon Emission Computed Tomography (SPECT)
with appropriate tracers (123I-FP-CIT) is the most reliable
technique for diagnosing PD [4], [5], [11]. However, the test
is costly and therefore limited to economically developed
countries. Additionally, it is an invasive test with a radioac-
tive �uid that requires patient compatibility, which may limit
its applicability.

Therefore, it is a current topic of research to develop
fast and non-invasive techniques for the early and reliable
diagnosis of PD. Unlike the kinematic position information
captured with optical movement detection systems [12], the
accelerometry analysis is currently a hot topic in the biome-
chanical �eld. It records the motion information of physical
activity based on wearable devices. [13]. In this sense, ex-
tensive research on the use of wearable devices in the �eld of
movement disorders is underway, with numerous papers pub-
lished on these topics. Uchida et al. [10] employed a triaxial
accelerometer to measure the severity and frequency of hand
tremors in patients with ET and PD under conditions of rest,
posture, writing, and walking. They observed that resting
tremor is attenuated during walking in patients with ET and
increased in patients with PD. Recently, Bernhard et al. [14]
studied the gait and balance de�cit by using wearables �xed
at the lower back and the ankle. They denoted that wearable
gadgets could assess the progression of movement disorders
and the response to the treatment of the disease. Wile et
al. [15] classi�ed patients with PD and ET via calculation and
analysis of the Mean Harmonic Power using a smartwatch
accelerometer. They noted that, compared to an analog ac-
celerometer, a smartwatch device could provide accurate and
relevant information for the differential diagnosis between
PD and ET subjects. Locatelli et al. [5] recorded hand tremors
during resting, postural, and kinematic tasks using a wearable
sensor to differentiate PD and ET patients. They observed
that, in the frequency domain, the execution of resting tasks
showed a predominance of PD over ET tremors. In contrast,
the data provided by postural and kinetic tasks stand out in
ET subjects.

Some researchers have used Machine Learning (ML) to
differentiate between the two tremor conditions. Woods et
al. [3] developed an of�ine application that uses a mobile
phone accelerometer to perform the diagnosis and classi�-
cation of PD and ET patients. Surangsrirat et al. [9] classi�ed
PD and ET patients based on temporal angular velocity
�uctuations, recorded with a 6-DOF inertial measurement
unit. Kramer et al. [16] combined Electromyography (EMG),
and Accelerometry (ACC) signals to distinguish between dif-
ferent types of tremor through Wavelet Coherence Analysis
(WCA). They stated that WCA is superior to a standard co-
herence analysis and could be a useful additional tool for dis-
criminating between tremor types when the result obtained
with other methods is inconclusive. Nanda et al. [7] used the
Wavelet transform to extract EMG and ACC signal features.
These features, combined with an Arti�cial Neural Network,

were used to perform a quantitative classi�cation of ET and
PD. Finally, Raza et al. [17] compared the diagnosis obtained
by using wearable devices with the early diagnosis made
by a specialist. They also used ML methods to perform the
differential classi�cation between PD and other movement
disorders. Besides, in previous works, we proposed different
methods for the differential diagnosis of the two diseases
using the mobile phone’s built-in triaxial accelerometer [4],
[18], [19]. The developed methods allow to characterize and
recognize the discriminative features of hand tremor in PD
and ET patients and to use ML algorithms to improve the
differentiation between them.

This work aims to use the same methodology to evaluate
the angular velocity data, recorded with the mobile phone’s
built-in gyroscope, and to build ML models to differentiate
healthy subjects (HS) and tremor patients (TP) and, subse-
quently, within the subjects identi�ed as TP to discriminate
PD patients from ET patients. These models are performed
based on two different frequency ranges and three group
divisions. We expect this method to be an additional tool
to help the physician in case of uncertainty and undecided
diagnosis of the diseases.

II. MATERIALS AND METHODS
Fig. 1 illustrates the different steps that compose the method-
ology developed in this work: Signal recording with a mobile
phone, data analysis, and model training and testing. The
demographic characteristics of the subjects, the method of
recording, and the preprocessing of the dataset are described
in Barrantes et al. [4]. The whole process was carried out
in Matlab v. R2019b (MathWorks Inc., USA) on a computer
with an Intel i5-9600K processor at 3.70 GHz, 16 GB of
RAM and an NVIDIA GeForce GTX 1650 graphics card
with 4 GB of V-RAM.

A. PATIENTS AND DATASET DESCRIPTION
The dataset used in this study includes recordings of 19 PD
patients, 20 ET patients, and 12 HS from the Movement
Disorders Unit of the Hospital Clinic of Barcelona between
October 2015 and December 2016 [4]. All the patients had
visual evidence of hand tremors and were diagnosed with
strong indications of PD or ET. Patients had scores of 1 or
2 on the Fahn-Tolosa-Marín scale for ET and the Uni�ed
Parkinson’s Disease Rating Scale (UPDRS) for PD patients.
A SPECT test con�rmed all the patients with PD.

The angular velocity signals were collected with the built-
in triaxial gyroscope of an iPhone 5S using SensorLog ap-
plication [20]. The smartphone was placed on the dorsum
of the most affected hand in TP or the dominant hand in
HS while sitting in an armrest chair. Tremor signals were
recorded with a frequency of 100 Hz and an average duration
of 35.66�4.08 s, 35.42�3.42 s, and 33.30�3.27 s for HS,
ET, and PD subjects, respectively. As shown in Fig. 1, two-
arm positions were studied: 1) Rest (Position A), the subject
rests his forearm on the upper part of the armrest, and 2)
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FIGURE 1. Schematic of the methodology for the differential diagnosis of PD and ET patients.

Posture (Position B), the subject keeps both upper limbs fully
extended.

B. DATA ANALYSIS
One of the clinical signs and symptoms of PD is tremor at
rest with moderate amplitudes and low frequencies from 4 to
6 Hz [9], [21]. In contrast, ET is characterized by postural
or kinetic tremors with mean frequency values between of
5 to 8 Hz [15], [22]. Furthermore, physiological tremor is
in the frequency band of 8 to 12 Hz [23]. Based on this,
the dataset is preprocessed as follows in order to extract
the kinematic features: artifacts generated by starting and
ending the signal recording were eliminated by cutting ap-
proximately 2 seconds on both sides of the signals. Two
10th order Butterworth �lters with cut-off frequencies of 3
to 10 Hz [11] and 1 to 16 Hz [24], where PD and ET are
found, were implemented separately in order to identify an
optimal frequency range for feature extraction. Additionally,
these �lters allow reducing the sensor offsets and drifts due
to various physical phenomena such as motion artifacts [17],
[25]. Figure 2 shows the time-domain signal of PD, ET,
and HS subjects in posture position before and after signal
processing.

Since the analysis was performed in the frequency domain,
Power Spectral Density (PSD) was calculated. For each of
the three spatial directions, a Welch’s periodogram averaging
segments of the signal recording of 3s with a 50% overlap
of Hanning’s window was applied. The PSD average of the
angular velocity components was calculated and normalized.
The resulting average was used to calculate kinematic in-
dexes that allow the identi�cation and classi�cation of sub-
jects with pathological tremor and differentiate them between
PD and ET. The kinematic features are brie�y explained
below:

� Median Power Frequency (MPF):Frequency at which
the PSD is halved.

� Power Bandwidth (PB): Frequency band, centered
around the MPF, which contains 90% of the total power.

� Peak Power Frequency (PPF):Frequency at which the
maximum power is located.

� Harmonic Index (HI): Quotient between the area un-
der the PSD curve and a rectangle bounded on the sides
by the frequency band of interest (fl - f h ) and the Peak

FIGURE 2. Time-domain signal of PD, ET and HS subjects in posture position
before and after signal processing.

Power (PP).

HI =

Rf h

f th
PSD(f ) � df

PP � (f h � f l )
(1)

� Relative Power Contribution to the �rst harmonic
(RPC): Quotient between the PSD of harmonics found
between a frequency division threshold (fth ) andf h and
the PSD betweenf l andf h .

RPC =

Rf h

f th
PSD(f ) � df

Rf h

f l
PSD(f ) � df

(2)
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