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to Quantify Tremor in Individuals
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Abstract— Current methods of evaluating essential
tremor (ET) either rely on subjective ratings or use limited
tremor metrics (i.e., severity/amplitude and frequency). In
this study, we explored performance metrics from Fitts’ law
tasks that replicate and expand existing tremor metrics, to
enable low-cost, home-based tremor quantification and
analyze the cursor movements of individuals using a 3D
mouse while performing a collection of drawing tasks. We
analyzed the 3D mouse cursor movements of 11 patients
with ET and three controls, on three computer-based
tasks—a spiral navigation (SPN) task, a rectangular track
navigation
(RTN)
task,
and
multi-directional
tapping/clicking (MDT)—with several performance metrics
(i.e., outside area (OA), throughput (TP in Fitts’ law), path
efficiency (PE), and completion time (CT). Using an
accelerometer and scores from the Essential Tremor
Rating Assessment Scale (TETRAS), we correlated the
proposed performance metrics with the baseline tremor
metrics and found that the OA of the SPN and RTN tasks
were strongly correlated with baseline tremor severity
(R2=0.57, and R2=0.83). We also found that the TP in the
MDT tasks were strongly correlated with tremor frequency
(R2=0.70). In addition, as the OA of the SPN and RTN tasks
was correlated with tremor severity and frequency, it may
represent an independent metric that increases the
dimensionality of the characterization of an individual’s
tremor. Thus, this pilot study of the analysis of those with
ET-associated tremor performing Fitts’ law tasks
demonstrates the feasibility of introducing a new tremor
metric
that
can
be
expanded
for
repeatable
multi-dimensional data analyses.
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I. Introduction

REMOR can be observed in patients with neurological
disorders such as essential tremor (ET) and Parkinson’s
disease (PD) [1]-[4]. Although the characteristics of tremor
vary by patient and etiology, tremor often affects movement
and reduces the quality of life. For example, ET is a chronic
and progressive neurological disorder with tremor frequencies
between 4-12 Hz. In the United States, about ten million
patients are afflicted with ET, approximately 90% of whom
experience arm tremor [5]. While tremor associated with
Parkinsonism can be observed in patients who are at rest, ET is
associated with actions (movements) and postures [1], [2].
Despite differences in their characteristics, these two conditions
are often misdiagnosed in their early stages [3].
The diagnosis of ET is usually based on clinical observations
[6]-[10], often using provocative maneuvers such as the
nose-to-finger task, spiral drawing, holding the arms still while,
scored with validated rating scales such as the Unified
Parkinson's Disease Rating Scale (UPDRS) [6], The Essential
Tremor Rating Assessment Scale (TETRAS) [8]-[10], and the
Tremor Rating Scale [7] with a 0-4 scale within a 1-point or
0.5-point range. The scoring methods focus on the amplitude of
tremor, while less attention is placed on the frequency of tremor
[11]-[13]. The current diagnostic methods, particularly drawing
and writing tasks, are susceptible to inter- and intra-rater
variability [14].
Currently available tremor assessment methods are not only
subjective, but are not sufficient to quantify, characterize,
cluster, and repeat the tremor movements in daily activities.
Several research groups have recently developed quantitative
tremor assessment methods in a variety of conditions with
motion sensors (e.g., accelerometers, gyroscopes, laser-based
distance sensors) attached to legs, arms, hands, wrists, fingers,
or the head) [15]-[20], analyses of electromyograms [21],
analyses of robot-assisted movements [22], multimodal motion
capture [23] or functional magnetic resonance imaging (fMRI)
in studies of brain connectivity biomarkers [24]-[26]. Drawing
tasks in which an electronic pencil is used for motion capture
have also been studied [27]-[29]. As pen-based
writing/drawing can alter tremor simply because the tremulous
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Fig. 1. Overview of the proposed computer-based standardized tasks
for tremor quantification using mouse cursor movements.

Abbreviation
CT
ET
FFT
GM
GUI
ID
MDT
OA
PE
PD
RMS
RTN
TETRAS
TP
UPDRS

TABLE I
SUMMARY OF ABBREVIATIONS
Explanation
Completion Time
Essential Tremor
Fast-Fourier Transform
Gyration Mouse
Graphical User Interface
Index of Difficulty
Multi-directional Tapping/clicking
Outside Area
Path Efficiency
Parkinson’s Disease
Root-Mean Square
Rectangular Track Navigation
The Essential Tremor Rating Assessment Scale
Throughput
Unified Parkinson's Disease Rating Scale

hand may be supported during the task by resting on the tablet
or table, these methods are not ideal [30]. Other leading
research groups have attempted to identify new biomarkers of
movement disorders by interpreting and applying artificial
intelligence and machine learning algorithms from
pre-collected datasets from the Parkinson’s Disease Digital
Biomarker DREAM Challenge. These studies have improved
the accuracy of the results of quantitative analyses of
Parkinson’s motor symptoms [31]-[33].
Several FDA-approved, commercially available tremor and
motor symptom assessment systems such as the Kinesia motor
assessment system (Great Lakes NeuroTechnologies Inc., USA
[34]) and the Parkinson's KinetiGraph System (PKG, Global
Kinetics Pty Ltd., Australia [35]) have been introduced. The
use of these tools has increased diagnostic accuracy for tremor
[36]-[42] and other neurological symptoms (i.e., bradykinesia,
dyskinesia) longitudinally [43]-[51]. Most of the current
studies and commercially available systems, however, assess
only tremor or motor severity without focusing on how tremor
movements affect the execution of certain activities. A few
studies have studied the impact of tremor on task performance
[52], [53]; however, these studies did not focus on pathological
metrics.
Therefore, we explored how the performance metrics from
the Fitts’ law tasks that can replicate and expand the existing
tremor metrics as a low-cost home-based tremor quantification
from the analysis of cursor movements during the use of a 3D
mouse while the patient is performing a collection of drawing
task. (Fig. 1). We adapted a spiral navigation (SPN) task, a
common tremor measurement task [38], using a 3D mouse
instead of a pen or pencil on a piece of paper or a tablet. We also
adapted a rectangular track navigation (RTN) task [54]-[57]
and a multi-directional tapping/clicking (MDT) task [58], the
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latter of which is an International Standardization Organization
(ISO) 9241-9 standard task [58], [59]. The performance of the
MDT task can be predicted by Fitts’ law, applied to the
modeling the tradeoff between velocity and accuracy [58]. The
movement in this task can be quantified by a metric, throughput
(in bits per second, bits/s). Fitts’ law tasks are widely used in
evaluations of non-keyboard input devices (e.g., pointing
devices) such as a computer mouse, a keyboard, a stylus, or a
touchscreen, to optimize ergonometric features of these devices,
and in assessments of motor performance in users of such
devices [54], [58]-[60].
The current study evaluated how the performance in these
tasks related to tremor power (severity) and frequency in a
small population of patients with ET, and introduced the
potential performance metrics to increase the dimensionality
for understanding individual’s tremor characteristics.
MacKenzie et al. [61] introduced various new performance
measures, including movement error and movement variability,
to validate/evaluate computer pointing devices for
comprehensive analysis. We reversely approach this concept
into our study to characterize tremor movements by analyzing
various performance metrics.
This study can be extended to understand the metrics
parameters by different groups: etiology (e.g., PD vs. ET),
severity of tremor, age, and gender. The current work sets a
foundation for a potential automated tremor assessment method
within daily activities using other 3D pointing device such as
television remote controllers or gaming devices, and a
longitudinal symptom tracking system. Ultimately, this
approach can characterize and understand the pathological
symptoms with repeatable multi-dimensional data within daily
activities to support the clinical diagnosis and symptom
tracking. The list of abbreviation in this paper is summarized in
Table I.
II. METHODS
A. Participants
We recruited participants who had been diagnosed with ET
and showed kinetic tremor in at least one arm. As a control
group, we also recruited participants with no tremor. We
collected arm movement data from 11 participants with ET (6
females/5 males, median age: 64 years [range: 19-82 years])
and three non-ET participants (2 females/1 male, median age:
31 years [range: 20-35 years]). We obtained approval for this
study from the Institutional Review Board (IRB) of the Georgia
Institute of Technology (H15076, approved by Jan. 6, 2017)
and written informed consent from each participating subject.
Detailed demographic information about these participants is
summarized in Table II.
B. Experimental setting and procedure
We first rated the tremor movement with TETRAS. We used
the upper limb part of TETRAS, shown in Table III (modified
version of [8]-[10]), while the participants repeatedly
transferred a small object (a medium-sized lima bean) between
two bowls with a spoon, for 7.5s (Fig. 2a). Even though
TETRAS score was rated by a non-medical person conducted,
we carefully followed the guidelines in [8]-[10]. To maintain
consistency, moreover, one person determined all TETRAS
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TABLE III
RATING METHOD FOR UPPER LIMB TREMOR BASED ON THE ESSENTIAL
TREMOR RATING ASSESSMENT SCALE (TETRAS).
Definition of TETRAS Score
Score
0
1
2
3
4
Upper No
Barely visible 1 to
5 to
> 20 cm
Limb Tremor
< 1cm
< 5cm
< 20cm

(a) Baseline Tremor Movement (bean-transfer task)

(b) Computer-based Task
Fig. 2. Quantitative Tremor Assessment with Computer-based
Standardized Tasks. Example experimental setup for (a) “bean
transfer task (baseline movement for kinetic tremor) and (b) a spiral
navigation task using a gyration mouse with the custom-designed wrist
device.

scores in this study. We also measured tremor movement with a
custom-designed wrist device (Fig. 2b) to assess their baseline
tremor. Even though we could not strictly control the speed of
their arm movements, most participants conducted three been
transfer movements within 7.5s. We analyzed the tremor
movement as three, 2.5-second blocks of movement (Fig. 3a).

Subsequently, we assessed the tremor with a quantitative
tremor assessment system consisting of a wireless 3D gyration
mouse (GM; Air Mouse Go Plus, Gyration Inc.), a graphical
user interface (GUI), and a custom-designed wrist device,
shown in Fig. 2b. The GM device converts 3D hand movement
to 2D motion on a computer screen and captures the movement
of the cursor at a 200 Hz sampling rate. The GUI of the
computer-based tasks was implemented in LabVIEW 2016
(National Instruments). The wrist device contained a three-axis
accelerometer (LSM303D, STMicroelectronics). Data from
the device were sampled at 100 Hz, and then wirelessly
transmitted to a computer using a 2.4 GHz transmission
protocol.
To evaluate arm tremor, we conducted the SPN, RTN, and
MDT tasks using a laptop computer with a 22” LCD monitor
and the GM device. We instructed the participants to move the
GM device to control the mouse cursor without resting their
elbows on the table or arm rest, and then asked them to
complete the three tasks as quickly and as accurately as
possible. The tracks of the SPN and RTN tasks or targets of the
MDT task were displayed in an 800 × 800 pixel2 field (225 mm
× 225 mm). The GM device projects x and y directional
movement into 2D trajectory (see Fig 2b), yet the z directional
motions (inward and outward to the computer screen) cannot be
distinguished as the given tasks are displayed on 2D computer
screen and visual feedback of the mouse cursor movement is
displayed into 2D trajectory.
To familiarize themselves with the task, all participants had
at least one practice round before the actual data collection, and

TABLE II
PARTICIPANT DEMOGRAPHICS.
ET
Participant

Age,
years

Sex

Year
Since
diagnosis

Dominant
Hand

ET 01
ET 02

70
76

M
F

50
8

R
R

ET 03

75

M

30

R

ET 04
ET 05
ET 06
ET 07
ET 08
ET 09
ET 10
ET 11
AB01
AB02
AB03

58
64
58
82
79
47
20
19
31
20
35

F
M
F
F
M
F
F
M
F
F
M

10
15
10
10
10
4
10
4
N/A
N/A
N/A

R
L
R
L
R
R
R
R
R
R
R

Medication
N/A
Primidone
Propranolol,
Primidone, Zonisamide
Primidone
N/A
Trihexyphenidyl
Topiramate
N/A
N/A
N/A
N/A
N/A
N/A
N/A

Tremor
Presence
(Dominant Side)

TETRAS
Score
(L /R)

Gyration Mouse (GM)
Device
Placement

Both
R

2/3
0/3

R
R

Both (L)

4/4

R*

R
Both (L)
Both (R)
Both (L)
Both (L)
Both (L)
Both
Both
N/A
N/A
N/A

0/4
4/1
1/1
2/0
4/3
2/2
2/2
1/1
0/0
0/0
0/0

R
L
R
L
R*
R*
R
R
R
R
R

M: Male, F: Female, R: Right, L: Left, Freq.: Frequency, Amp.: Amplitude;
*
indicates that the dominant hand is not same as tremor dominant side.
Bold numbers in TETRAS Scores section represent the scores from dominant hand.
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Fig. 3. Data analysis for tremor: (a) Raw three-axis accelerometer data
measured during the ‘baseline’ period, (b) analysis of the power
spectral density (PSD) used to determine the dominant frequency and
spectral power of tremor; (c) graphical user interface (GUI) of the
computer-based tasks: Task1 - SPN, Task2 - RTN, and Task3 - MDT
tasks.

completed three rounds of movements for each task. We
collected all movement data during each round and represented
one data point for each round of SPN and RTN tasks. One
round for the MDT task consisted of 45-cursor clicks (from one
target to another), which were divided into three categories
according to the index of difficulty (ID), which estimates task
difficulty through the target width and distance. We represented
the mean of the 15 data points for each ID as a data point and
analyzed three data points for one round of the MDT task. The
collection of all data from the baseline movements and the three
computer-based tasks for each participant took about 15
minutes.
1) Spiral Navigation and Rectangular Track Navigation
Tasks
The tracks for the SPN and RTN tasks are shown in Fig. 3c.
We had one pattern for the spiral track, shown in Fig. 3c
(Task1), and four rectangular pattern tracks for the RTN task.
Each round entailed the random selection of one of the four
rectangular tracks, and the other three tracks were similar to the
track in Fig. 3c (Task 2), yet with a different orientation for the
starting path. We asked the participants to navigate the mouse
cursor to follow the tracks from the “start” in the center of the
screen to the “end,” as quickly and as accurately as possible
using the GM device.
2) Multi-directional Tapping/Clicking Task
One round of the MDT task consisted of 45 circular targets
that formed three conditions of ID, each of which consisted of
15 circular targets (Fig. 3c (Task 3)). Three conditions of the
targets were combinations of two target widths (W=57 and 76
pixels) and two circumference distances (D=402 and 705
pixels). The target width and the distance determine the ID for
the targets, defined in Eq. (1).
[58]
Each condition had a unique ID (condition 1: W=57 pixels,

D=402 pixels, ID=3.01; condition 2: W=57 pixels, D=705
pixels, ID=3.37; and condition 3: W=76 pixels, D=705 pixels,
ID=3.57). The targets were highlighted one at a time in a
clockwise direction across the diameter of the outer circle,
shown in Fig. 3c (Task 3). Participants, using the GM device,
then moved the cursor as quickly and as accurately as possible
to reach the target and clicked on the target using the left-select
button on the GM device.
3) Tremor Metrics
Tremor Frequency and Power: To determine the
performance metrics, we high-pass filtered the root-mean
square (RMS) of the three-axis accelerometer data at a cutoff
frequency of 3 Hz, and then applied fast-Fourier transform
(FFT) in the frequency analysis. We define the peak frequency
of FFT as the tremor frequency (Fig. 3b, [28]), and the total
area of FFT between 4 and 12 Hz per one second as tremor
power (Fig. 3b, [62], [63]).
The averaged tremor frequency and power measured during
the baseline period was then correlated with TETRAS scores
and the performance on the mouse cursor for the
computer-based tasks.
4) Performance Metrics
Completion Time: The completion time (CT) for the SPN and
RTN tasks represents the total time from leaving the “start”
position to reaching the “end” position. The CT for the MDT
task represents the time from leaving the previous target to
clicking on the new (highlighted) target.
Outside Area: For data collected during the SPN and RTN
tasks, we defined the outside area (OA) as the total outside area
between the 2D mouse cursor trajectory and the boundary of
the track template. OA is measured as the sum of the length of
the error between the actual cursor trajectory and the nearest
orthogonal edges of the tracks, divided by 1,000 [54]. The error
is measured at the sampling rate of the pointing device.
Examples cursor movements from ET and non-ET participants
using the GM device for the SPN and RTN tasks are
represented by the blue lines in Figs. 4a-b. The navigational
errors for track navigational tasks are often named differently,
such as ‘sum of deviations’ [64]-[66], or ‘navigation errors in
length’ [67]-[69].
Path Efficiency: The path efficiency (PE) is an indicator of
the navigation efficiency or the movement variability [61], and
the PE for the SPN and RTN tasks was calculated from the
mouse cursor trajectory produced by the subject’s motion,
derived from data provided by the 3D mouse, and projected
onto the 2D plane of the computer screen. The PE for the MDT
task was the ratio of the length from the center of the previous
target and the center of the current target to the length of the
actual cursor trace. Because the superimposition of tremor adds
to the length of the cursor path, tremor movement lowers the
path efficiency.
Throughput: The metric of the performance for MDT task
was calculated as throughput (TP; Eq. (2), [55], [58]), defined
as the ratio of the ID (Eq. (1)) to the CT. The calculated IDs for
the three conditions ranged between 3.01 and 3.74 (mean: 3.37)
[55], [58].
[55], [58]
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(a) Mouse cursor traces of Spiral Navigation Task

(b) Mouse cursor traces of Rectangular Track Navigation Task

Fig. 4. Example mouse cursor movements by TETRAS score groups: (a) SPN and (b) RTN tasks by TETRAS=0 to 4. Blue lines represent the actual
mouse cursor movements using the 3D mouse on computer screen and red areas represent the outside area of tracks.

C. Data and statistical analysis
To determine the effects of the independent factor (TETRAS
group) on dependent variables (tremor frequency and power),
and to account for both within-subject and across-subject
variability, performed a linear mixed model analysis (α=0.05)
[70], [71]. The total measurement of each participants was three
(total sample size = 42). Both, subjects and trials, were set as
random factors, and the significance level was set at 0.05. The
comparison showed the statistical difference between the score
groups and dependent variables for their baseline tremor
movement.
We also conducted a linear regression analysis to correlate
the two parameters (i.e., tremor metrics vs. performance
metrics) and report the coefficient of determination (R2). The
statistical analysis followed the procedure in the Statistical
Package for the Social Sciences (SPSS) v. 24.

wide range in the peak frequency of the FFT (Fig. 5a), an
extremely small peak amplitude of the FFT, and a small
difference between the first and second dominant peaks from
the analysis of the baseline movement. Therefore, the average
dominant frequency, although not representative of the actual
tremor frequency of the subjects, might have lay within the

III. RESULTS
A. Baseline Tremor Movement
The analysis of the participants’ baseline tremor during
performance of the bean transfer task showed a strong
correlation between tremor power and TETRAS scores
(R2=0.72; Fig. 5b) using a linear regression analysis. Therefore,
we can conclude that tremor power can serve as an indicator of
the severity of tremor.
The dominant frequency of the baseline movement was less
correlated with the TETRAS scores (R2=0.22; Fig. 5a), but it
was negatively correlated with the age of the participants
(R2=0.74; Fig. 5c), which is consistent with the finding in [72].
However, neither the age of the participant (R2=0.17) nor the
duration of the disease (R2=0.07) was significantly correlated
with tremor power.
For the non-tremor participants (TETRAS=0), we found a

Fig. 5. Results of Quantitative Assessment of baseline movement.
Parameter relationship for the baseline movement between (A) tremor
frequency vs. TETRAS Score, (B) tremor power vs. TETRAS Score,
and (C) tremor frequency vs. age of the participants. The error bar
represents the standard deviation; ✻: P < 0.005, ✢: P < 0.05.
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Parameters

TABLE IV
SUMMARY OF LINEAR REGRESSION MODEL OF TREMOR MOVEMENT FOR
SPN AND RTN TASKS
Baseline Tremor Movement
Power
Frequency
Score
Age
β1 β0
R2
β1
β0
R2 β1
β0
R2 β1
β0
R2
Task1: SPN
CT 1.07 16.81 0.28 0.28 26.36 0.001 2.22 21.57 0.06 0.01 21.69 0.04

OA 5.87 30.28 0.57 0.67 84.09 0.001 14.24 51.01 0.16 -0.11 95.35 0.004
PE -0.03 0.90 0.68 0.07 0.11 0.46 -0.13 0.96 0.66 -0.01 0.92 0.41
Task2: RTN

CT 1.76 22.79 0.56 -1.24 48.57 0.03 5.10 26.77 0.22 0.14 31.86 0.07
OA 2.66 -3.43 0.83 -5.01 56.82 0.28 9.77 -2.81 0.52 0.36 1.88 0.27
PE -0.03 0.92 0.48 0.10 -0.04 0.61 -0.13 0.99 0.50 -0.01 1.00 0.40

Fig. 6. Results of Quantitative Assessment of SPN and RTN tasks.
Parameter relationship for the SPN task between (a) outside area vs.
tremor power, (b) path efficiency vs. tremor power, and (c) path
efficiency vs. tremor frequency. Parameter relationship for the RTN
task between (d) outside area vs. tremor power, (e) path efficiency vs.
tremor power, and (f) path efficiency vs. tremor frequency. The error
bar represents the standard deviation.

sensor variability. Thus, the results of the non-tremor
participants are displayed for the reference performance, yet
did not include for the linear regression analysis.
B. Spiral Navigation and Rectangular Track Navigation
Tasks
We evaluate d the performance of SPN and RTN tasks for all
participants by calculating the CT, OA, and PE, and comparing
the resulting values with four factors: tremor power, tremor
frequency, TETRAS score, and the age of participants. The
coefficient of the linear regression model and the statistical
analysis for each model was summarized in Table IV. The
analysis by the linear regression model was based on task
performance vs. baseline tremor movement for only ET
participants. The task performance of the non-tremor
participants was only displayed at the figures as a baseline
performance, yet not included for the analysis of the linear
regression.
The OA for both tasks (SPN: R2=0.57; Fig. 6a, and RTN:
R2=0.83; Fig. 6d) were correlated with the tremor power; the

results of RTN showed a closer fit than those of SPN, while the
correlation between OA with other factors, tremor frequency
(SPN: R2=0.001, and RTN: R2=0.28), TETRAS score (SPN:
R2=0.16, and RTN: R2=0.52), and the age of participants (SPN:
R2=0.004, and RTN: R2=0.27), were weaker for both tasks (see
Table IV).
The PE for both tasks (SPN: R2=0.68; Fig. 6b, and RTN:
2
R =0.48; Fig. 6e) were correlated with the tremor power, and
the correlation between the PE with TETRAS score were
stayed in similar range, as correlated, for both tasks (SPN:
R2=0.66 and RTN: R2=0.50; see Table IV). The PE for both
tasks were moderately correlated with the tremor frequency
(SPN: R2=0.46; Fig. 6c, and RTN: R2=0.61; Fig. 6f) and the age
of the participants (SPN: R2=0.41, and RTN: R2=0.40).
The correlation between CT and tremor power was weaker
for both tasks (SPN: R2=0.28, and RTN: R2=0.56), however,
the CT was not correlated with tremor frequency for both tasks
(SPN: R2=0.001, and RTN: R2=0.03). We also observed that
the CT was not correlated with other factors, TETRAS score
(SPN: R2=0.06, and RTN: R2=0.22) and the age of participants
(SPN: R2=0.04, and RTN: R2=0.07).
From these observations, we found that the OA measure,
movement error or navigation accuracy, correlates significantly
with tremor power, particularly for the RTN task. While the PE
measure, movement variability, is correlated with all four
factors (tremor power, tremor frequency, TETRAS score, and
the age of participants) for the SPN and RTN tasks, it was
specifically related to tremor frequency. Therefore, this is an
interesting finding to analyze PE on 2D movements as a new
metrics of tremor characteristics.
Since TETRAS score and the tremor power was highly
correlated in linear regression (Fig. 5b, R2=0.77), we expected
that the correlation with any parameters that were highly
correlated with the tremor power would also be highly
correlated with TETRAS score if they have linear relationship.
We, however, found that both tremor power and TETRAS
score could be closely and linearly represented by PE, yet not
by OA. Therefore, these parameters would be important feature
to characterize the performance with tremor movements.
C. Multi-directional Tapping/Clicking Task
We evaluated the performance in the MDT task for all
participants, comparing the CT, TP, and PE measurement with
four factors: tremor power, tremor frequency, TETRAS score,
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with the CT (R2=0.53; Fig. 7b) and TP (R2=0.55; Fig. 7c)
values.
As shown in Figs. 7e-f, the correlation between the CT and
TP values on the one hand, and the tremor frequency on the
other, were stronger at higher IDs (ID = 3.74: CT: R2=0.57; TP:
R2=0.70) than at lower IDs (ID = 3.01: CT: R2=0.27; TP:
R2=0.23). Meaning that when the given targets are difficulty
enough (e.g., smaller target width and longer target distance) to
tap/click then, the performance of the MDT tasks (i.e., CT and
TP) could estimate the tremor frequency. This was not the case
for the correlation between PE values and the tremor power; the
linear regression coefficients for all IDs were almost similar (R2
between 0.44 and 0.59; Fig. 7d). The PE of the SPN and RTN
tasks were highly correlated with the tremor power and
TETRAS score, however, the PE of the MDT tasks showed
higher correlation with the tremor power (R2=0.63), not with
TETRAS score (R2=0.27). From this finding, we could infer
that the relationship between the tremor power and TETRAS
score was not linearly related for the PE of the MDT task.
IV. DISCUSSION

Fig. 7. Results of Quantitative Assessment of MDT task. Parameter
relationship for the MDT task between (a) path efficiency vs. TETRAS
tremor power, (b) completion time vs. tremor frequency, and (c)
throughput vs. tremor frequency. Parameter relationship for the MDT
task by different level of IDs between (d) path efficiency vs. TETRAS
tremor power, (e) completion time vs. tremor frequency, and (f)
throughput vs. tremor frequency. The error bar represents the standard
deviation.

PRMs

TABLE V
SUMMARY OF LINEAR REGRESSION MODEL OF TREMOR MOVEMENT FOR
MDT TASKS
Baseline Tremor Movement
Power
Frequency
Score
Age
β1
β0
R2
β1
β0
R2
β1
β0 R2
β1
β0 R2
CT 0.03 2.54 0.03 -0.53 6.29 0.53 0.15 2.46 0.03 0.03 0.83 0.68

TP -0.02 1.51 0.04 0.25 -0.28 0.55 -0.07 1.53 0.03 -0.02 2.32 0.74
PE -0.03 0.87 0.63 0.03 0.43 0.07 -0.08 0.82 0.27 -0.002 0.71 0.05
PRMs : Parameters

and the age of participants. The coefficient of the linear
regression model and the statistical analysis for each model was
summarized in Table V. We found that the PE in the MDT task
was highly correlated with tremor power (R2=0.63; Fig. 7a) for
all three IDs, as opposed to the TP (R2=0.04) and the CT
(R2=0.03). The tremor frequency was more strongly correlated

This study involved data collection and analysis from 11
participants suffering from ET for at least four years. We found
that the OA and PE of SPN and RTN tasks could efficiently
predict the severity of the tremor, the PE of RTN could estimate
the tremor frequency. Also, we found that the PE and CT of the
MDT task could estimate the severity of the tremor, and TP
could predict the tremor frequency when we select the high ID
for the MDT task. These findings suggest that not only can the
tremor metrics be estimated based on the performance metrics,
but also the manner in which the tremor affected the
performance of the proposed computer-based tasks can be
evaluated.
Previous attempts at quantitative tremor assessment focused
primarily on (1) automating tremor scoring toward replacing
the current subjective tremor scoring, (2) increasing the
resolution of the scoring, and (3) reducing inter- and intra-rater
variability using inertial sensors (i.e., gyroscope,
accelerometer). Table VI summarizes the features of previous
work that strived for automated and quantitative tremor
assessment, and compares these studies against our work.
Several research groups [15]-[45] attempted to rate the severity
of pathological symptoms using their proposed systems by
comparing the existing clinical scores. The multiple
publications from the research teams using the Kinesia™
introduced their tremor measurement system in different
patients groups, and compared the Kinesia score with existing
clinical Parkinsonism/Tremor metrics such as bradykinesia
rating scale [36], UPDRS [37], TETRAS [38], [39], [44], and
Washington Heights-Inwood Genetic Study of Essential
Tremor [45] while the participants performed the resting,
posture, and kinetic tremor tasks. The tasks only included
specific conditions, such as resting, posture, and kinetic tremors,
which do not adequately represent activities of daily living.
Zhan et al. [49] automatically rated symptoms using an
inertial sensor in a smartphone, and they proposed the mobile
Parkinson disease score (0-100) for rapid, remote, frequent, and
objective assessment of the severity of PD symptoms for
extended activities. Norman et al. [40] quantitatively analyzed
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Author(s)

Assessment Method

Giuffrida
and et al.
[37]

UPDRS upper
extremity motor exam
(rest, postural, and
kinetic tremor)

Mostile
and et al.
[38]

Postural
and kinetic tremor tasks

Pulliam
and et al.
[44]

3 pre-defined tasks
(rest, postural, and
kinetic tremor task (up
to 10 h); 10 h for two
days measurement
Postural and kinetic
tremor tasks, activities
of daily living (pouring,
drinking, spoon,

Heldman
and et al.
[45]

9

TABLE VI
AUTOMATED AND QUANTITATIVE TREMOR ASSESSMENT METHODS.
Approach
Measurement
Reference
Tremor metrics Performance
Device
Tremor
metrics
Compare with
Kinesia™
UPDRS (0-4)
Peak power,
N/A
UPDRS
(accelerometers
frequency of the
and gyroscopes)
Peak power,
RMS of angular
velocity and
angle
Compare with
Kinesia™
TETRAS
Maximal peak
N/A
clinical tremor (accelerometers
PSD value, the
scores
and gyroscopes)
related peak
power frequency
Mathematical
Kinesia™
N/A
Tremor severity N/A
models to
(accelerometers
score predicts
predict tremor
and gyroscopes)
tremor rating
rating scores
scores (0-4)
Essential
tremor
quantification
during
activities of
daily living

Kinesia™
(accelerometers
and gyroscopes)

Norman
and et al.
[40]

16 conditions under
various loading
conditions

Compare with
kinetic tremor
measures and
the hand task
Scores

A laser
displacement
sensor,
Electromyogram
(EMG)

Zhan and
et al. [49]

Voice, finger tapping,
gait, balance, and
reaction time tasks

Compare with
clinical score

An inertial
sensor at
smartphone

Washington
Heights-Inwood
Genetic Study of
Essential Tremor
(WHIGET),
tremor rating
scale (wTRS)
Tremor
Disability
Questionnaire
(TDQ), Part A of
Fahn-TolosaMarin (FTM)
rating scale
MDS-UPDRS

Correlation
(R or R2)
Kinetic:
R2 = 0.69

Patient
Group
60 PD

Kinetic:
R = 0.57

20 ET

N/A

20 ET

Kinetic:
R = 0.80;
ADL:
R = 0.72

10 ET

Kinesia score

N/A

Power spectral
and amplitude
measures of
tremor

FTM Part B
Kinetic:
21 ET
(upper limb R = 0.55 – 0.78
performance
evaluation)

Mobile Parkinson disease score
UPDRS:
(mPDS; 0-100) includes rapid,
R = 0.81
remote, frequent, and objective
assessment of PD severity
Smits and Figure tracing (circle,
Compare with
A tablet
UPDRS, the
Tremor power,
Movement
Spearman’s
et al. [29] spiral, and zigzag),
tremor scores
computer and a
Purdue
frequency
time (MT),
ρ > 0.65
writing, and a modified
digital pen (with pegboard test
writing size,
Fitts’ task
a 3-axis
and the
gyroscope)
presence of
tremor
This work spiral navigation (SPN), Compare with
3D mouse, wrist TETRAS
Tremor power,
Completion
Reference:
rectangular track
tremor metrics device (3 axis
peak frequency time, path
R2=0.72
navigation (RTN), and
during
accelerometer)
efficiency,
Proposed
multi-directional
reference tasks
outside area,
metrics:
2
tapping/clicking (MDT)
throughout R = 0.48 – 0.83
R: correlation coefficient, ρ: correlation coefficient (Spearman’s), R2: coefficient of determination.

the tremor symptoms with various conditions by correlating
with the upper limb performance score using
Fahn-Tolosa-Marin rating scale (upper limb performance).
In a previous study, Smits et al. [29] used computer-based
methods to estimate motor performance in 14 patients with
Parkinson’s disease with and without medication. One of their
tasks consisted of producing spiral drawings on a tablet
computer with a digital pen, used to measure movement times.
The present study used similar concepts with a detailed analysis
of 3D mouse movements, suggesting that assessments of
tremor can be successfully done with conventional controller
devices. We chose a 3D mouse as our input device, as this
avoided the potential confound of patients having to rest wrists
and/or elbows on a hard surface. However, our results cannot
be directly compared to the published results, as the sizes of the
spirals, methods of clinical tremor assessments (Purdue
pegboard test vs. TETRAS), and patient participants (PD vs.

129
PD
14 PD

11 ET

ET) differed from the published work. While the use of a 3D
computer mouse can be used to extract tremor movements
without the need for the patient to rest their wrists or elbows on
a stable surface, the extracted information from the 3D mouse
movements is 2-dimensional, thus not providing a full account
of the patient’s tremor. It may be interesting to capture this
information in future studies, (1) by using actual 3D motions,
and (2) by using multiple sensors that will provide detailed
information about wrist-, elbow-, and shoulder movements
associated with tremor. Moreover, we plan to expand further
analysis of the 3D motion using the 3D tasks in the 3D display
such as virtual reality environment.
Some of the R2 values of correlations identified in this study
did not exceed 0.7, potentially related to the small sample size,
and the incomplete matching of participants. Table VI shows
the correlation coefficients or the coefficient of determination
between the tremor metrics and the clinical assessments, and
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compares these studies against our work. It is important to
restate that the current study is not meant to be a definitive
clinical trial, but a preliminary test of a new set of engineering
tools to quantify and potentially treat tremor [72]. We believe
that the findings of this study provide motivation to explore the
utility of the newly identified tremor descriptors further, using
more rigorous statistical designs, including strictly
standardized testing methodologies, and larger numbers of
well-matched participants.
The use of accelerometry data for tremor assessments does
not represent the actual displacement caused by the tremor, and
is, thus, not ideal for measurements of tremor power. However,
3-axis accelerometers are a convenient source of data for
tremor assessments, have been widely used for tremor
measurement [37]-[39], [43]-[49], and the results are,
according to our findings, correlated to clinical scoring results
in patients with ET, thus attesting to their value, especially in
the design of wearable devices. Although a formal comparison
between the accelerometry results and distance measurements
is beyond the scope of the current study, we intend to include it
in future work on this topic.
The measured tremor characteristics may have been
influenced by several factors, including the fact that the patients
were taking anti-tremor medications at the time of testing, and
the fact that our use of the task required the participants to use
their dominant hand (even if the non-dominant hand was more
strongly affected by tremor). To mitigate this issue, we
collected movement data at baseline and during the task
evaluation from the same side and during the same session.
Another minor limitation of this study is the fact that TETRAS
scores were generated by (a single) non-medical personnel.
Further, a more thorough clinical assessment of tremor would
have included a comprehensive assessment of tremor at rest,
and during postural changes.
An important limitation of this pilot study is the low number
of participants, and the uneven composition of the two groups
(non-tremor participants were younger than ET participants).
Obviously, future experiments will have to be conducted with a
stronger statistical design, obtaining results in a more
standardized fashion, with a larger number of tasks repetitions,
and in a larger group of participants, matched for age and
gender between groups. In addition, it will be important to
expand the analyses to other patient groups, including those
with PD, Multiple Sclerosis (MS), or those with drug-induced
tremor in the future. Moreover, since we had only three IDs in
this study, we plan to expand the different levels of IDs to find
the performance model that best fits tremor characteristics.
V. CONCLUSION
This study evaluated whether a new quantitative assessment
method would accurately predict tremor characteristics. The
performance metrics of computer-based assessment tasks
showed highly correlated linear regression models with tremor
frequency and power. This quantitative assessment method,
which entails the use of a personal computer, a tablet, a
smartphone, or a smart TV and a commercially available 3D
mouse, can be easily performed at either a clinic or a patient’s
home. As this capability, we expect to expand longer-term
tremor tracking for more accurate diagnosis and for better

evaluation of the effect of the current medications or treatment.
The information from this approach can also provide a great
reference of patients to track and modify their treatment for
tele-and remote-healthcare. Moreover, this quantitative tremor
assessment method can minimize inter-rater variability inherent
in subjective approaches.
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