
Received December 4, 2018, accepted February 12, 2019, date of publication February 27, 2019, date of current version March 18, 2019.

Digital Object Identifier 10.1109/ACCESS.2019.2901926

Upper Limb Motor Skills Performance Evaluation
Based on Point-and-Click Cursor Trajectory
Analysis: Application in Early Multiple
Sclerosis Detection
NIKOLAOS PAPATHEODOROU1, ALEXANDROS PINO1,
GEORGIOS TH. KOUROUPETROGLOU 1, (Member, IEEE), VASILIOS CONSTANTINIDES2,
ELISABETH ANDREADOU2, AND CHARALAMBOS C. PAPAGEORGIOU2
1Speech and Accessibility Lab., Department of Informatics and Telecommunications, National and Kapodistrian University of Athens, 15784 Athens, Greece
2Aeginition Hospital, National and Kapodistrian University of Athens, 11528 Athens, Greece

Corresponding author: Georgios Th. Kouroupetroglou (koupe@di.uoa.gr)

This work was supported in part by the National and Kapodistrian University of Athens, Special Account for Research Grants.

ABSTRACT We present an enhanced version of the input device evaluation application (IDEA) system as an
objective method for evaluating upper limb motor skills performance. By introducing three new metrics for
mouse cursor trajectory analysis, along with the application of the two-dimensional (2D) experiment in the
case of multiple sclerosis (MS), we examine the sensitivity of the IDEA system for differentiating patients
with early-stage MS and healthy participants. The IDEA system calculates multiple kinematic metrics for
point-and-click tasks: movement time, index of difficulty, effective target width, effective index of difficulty,
throughput, missed clicks, target re-entry, task axis crossing, movement direction change, orthogonal
direction change, movement variability, movement error, movement offset, mean velocity, velocity peaks,
and maximum/mean velocity ratio. The results reveal that the IDEA system sensitivity has been improved
in comparison with previous studies, which is high enough to detect the presence of early-stage MS with a
70.9% success rate in the 2D experiment.

INDEX TERMS Cursor trajectory, human-computer interaction, motor skills, point-and-click, user
interfaces.

I. INTRODUCTION
Studies in Europe show that 0.1% of the general population
is not able to use their arms, 0.3% is not capable of using
their fingers, 1.4% show declined hand coordination, and
2.8% have reduced hand strength [1], [2]. Cerebral stroke,
myopathy, cerebral palsy, or multiple sclerosis (MS), are
among the leading causes of motor problems affecting the
patients’ hands. The total estimated prevalence rate of MS is
0.083% with higher rates in northern countries and a female
to a male ratio of around 2.0 [3].

Over the years the need for proposing new and effective
methods for assessing upper limb dexterity and skills has
become very substantial. Clinical scales for measuring upper
limb performance and traditional subjective tests include [4]
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the Expanded Disability Status Scale (EDSS) [5], Upper
Extremity Index [6], Purdue pegboard [7] and the 9 Hole
Peg Test [8]–[12], but their subjective character has moti-
vated scientists to find more objective and validated ways
of kinematic data acquisition. Nowadays, assistive devices
and mechanical sensors have shown a significant impact in
measuring upper limb dexterity as well as contributing to the
domain of rehabilitation after stroke [13]–[14]. Devices used
for the evaluation of patient’s upper extremity, range from
motor encoders, tachometers, potentiometers, electromag-
netic sensors, inertial sensors [15]–[18], haptic interfaces [19]
to commercial motion trackers such asMicrosoft Kinect [20].

Considering the effect of the above approaches for under-
standing and countering upper limb movement performance,
it is substantial to implement such techniques in patients with
Multiple Sclerosis (MS) to provide a more comprehensive
motor profile of subtle deficits. Several types of research
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that try to evaluate motor fatigue and deficiencies in patients
with MS have been held using functional magnetic resonance
imaging (fMRI) [21]–[23], and depth sensing cameras [24].
Also, a recent relative study [25], sought to quantify subtle
changes in motor control in multiple sclerosis using a Fitts’
law [26]–[29] reciprocal aiming task presented on a computer
touchscreen. More specifically, the given task required par-
ticipants (22 patients with MS and 22 matched controls) to
draw an uninterrupted horizontal line back and forth between
2 circles with varying size and distance between them across
several trials of variable difficulty. The calculated metrics
were dependent to movement planning (Peak velocity, Dwell
time, Time to peak), online control of movement (Time from
peak, Asymmetry index) and movement error (Constant error
and Variable error).

From an ergonomic perspective, studies [30]–[31] have
thoroughly reviewed several published articles related to the
functional capacity evaluation of the upper limb, aswell as the
upper extremity quantitative assessment from kinematic data.
These studies classify upper extremity movements into three
categories: I) Reaching Movements describe point to point
moves with starting and ending locations, II) Path Drawing
represents movements that require to follow a desired closed
trajectory where the ending point corresponds with the start-
ing point, and III) Activities of Daily Living refer to basic
tasks that involve reaching movement, object manipulation,
proximal and distal transport movements, releasing the object
and return to the starting position. Consequently, a certain
number of kinematic metrics have been proposed and clas-
sified into several classes according to the movement char-
acteristics that they describe like: speed (Movement Time,
Mean Velocity, Max Velocity), efficacy (Active Movement
Index), efficiency (Hand Path Ratio, Index of Difficulty and
Performance), accuracy (Movement Deviation, Target Error,
Spatial Overshoot), smoothness (Ratio Mean and Max
Velocity, Number of Peaks, Mean Arrest Period Ratio,
Zero-Crossings in Acceleration Profile, Jerk, Spectral Arc-
Length), control strategy (Time to Velocity Peak) and
functional range of motion (Reaching Range of Motion).

In our recent study [32], we introduced the Input Device
Evaluation Application (IDEA) system for the implementa-
tion of a one-dimensional pointing task experiment involving
29 MS patients and 25 healthy participants. Results showed
that the IDEA system sensitivity was high enough to predict
the presence of early multiple sclerosis with a 69.1% success
rate. We originally developed the IDEA system along with
the corresponding experiment andmeasurement protocols for
research purposes with a primary goal to evaluate users’ per-
formance when using various computer input devices for GUI
interaction [33]. IDEA supports all input devices that emulate
the functionality of the mouse, i.e., that performmouse cursor
movement, positioning, and target clicking. The experiments’
design followed the guidelines provided by ‘‘ISO 9241-9:
Ergonomic requirements for office work with visual display
terminals (VDTs) – Part 9: Requirements for non-keyboard
input devices’’ [34], [35]. IDEA monitors, logs, and analyzes

mouse cursor trajectory on the computer screen, using the
pixel coordinates of the mouse cursor as raw data. Calculated
trajectory measures quantify cursor movement and allow
for performance evaluation [36], [37]. Furthermore, IDEA
examines how Fitts’ law fits the input devices under
test [2], [38], [39].

Using IDEA in the field of Human-Computer Interaction
(HCI) and Assistive Technology (AT), one can: a) objectively
test and compare mouse emulation input devices for motor-
disabled users, and select themost appropriate one, b) achieve
the optimum settings of the selected input device so that
the user achieves maximum performance, and c) evaluate
changes in user performance over time in order to study
learning effects. In the field of Biomedical Informatics, the
IDEA system can contribute to: i) objectively evaluate the
subject’s upper limbs kinematic performance in cases of
motion-related diseases and ideally detect these diseases at
an early stage, ii) objectively measure the effect of a (new)
drug on patients with a motoric upper limb deficit: whether
and how it has improved upper limbs’ kinematics, how long
its effect lasts, and iii) objectively evaluate the performance of
an upper limb rehabilitation program such as physiotherapy
and kinesiotherapy.

Our first experimental study with IDEA aimed to mea-
sure the effectiveness of Brain-Computer Interface (BCI),
and compare it with the mouse on point-and-click tasks
performed by non-disabled and upper-limb motion-impaired
users [40]. We concluded that Fitts’ law could only describe
able-bodied users’ performance when selecting targets with
the mouse. On the other hand, the performance of both user
groups with the BCI, and of motor-impaired users with the
mouse did not conform to Fitts’ law. Results showed that that
the BCI device could not compete with the mouse regarding
performance at that time, but could be used as an alternative
for motion actuated devices when no other solution was
possible. Subsequently, we extended the IDEA’s functional-
ity to 3D tasks. We re-engineered the software, introduced
new trajectory measures, and upgraded the UI and accuracy.
In this research direction, we tested 3D pointing devices like
Wiimote [41] and Kinect [42], and we found that Kinect has
better performance in 3D.

The current work aims to investigate the improvement of
the IDEA system’s sensitivity and the augmentation of its
capabilities regarding the evaluation of upper limbs’ motor
skills. The objective of the current research is to enhance
the accuracy and validity of the IDEA system by objectively
distinguishing control participants from patients with early-
stage multiple sclerosis diagnosis without clinically appar-
ent motor impairments, based on upper limb kinematics’
analysis. The novelty in comparison to our previous stud-
ies [32] is the addition of a new two-dimensional experiment
as well as the introduction of three new cursor trajectory
parameters. All new features contribute to the evolution
of the IDEA system as a reliable and effective method
for assessing human motor skills through a computer-based
system.
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We begin with the presentation of the IDEA system,
by showcasing the various kinematic parameters and their
implementation and then we proceed to the explanation of the
medical protocol we followed. Finally, we demonstrate the
derived results, ending up with a discussion about the current
study and future ones.

II. METHODOLOGY
A. THE IDEA SYSTEM
Wedeveloped the IDEA system in the Speech andAccessibil-
ity Laboratory, Department of Informatics and Telecommu-
nications, National and Kapodistrian University of Athens,
Greece. Initially, we used it as a detailed subjective
user performance evaluation approach for computer input
devices [40]–[43]. The system takes advantage of specific
kinematic parameters, described later in this section, and
offers a systematic movement analysis based on specific
cursor trajectory analysis parameters. The IDEA system is
capable to determine the effectiveness of any computer input
device with mouse emulation, such as a trackball, or a joy-
stick, that requires movement of the upper limb, as well
as alternative control methods, such as a Brain-Computer
Interface [40], or a 3D force feedbackmouse [41]–[42]. In the
current work, we use the traditional mouse.

Our methodology includes one-dimensional (1D) and
two-dimensional (2D) point-and-click experiments for the
dominant and the non-dominant hand. The user sits on a
chair (with adjustable height) in front of a desk with an
ergonomically defined position following ISO 9241-5 [44].
He/she places the hands on the desk, to use a standard mouse
for computer input, and looks at a standard monitor at a
viewing distance of 600mm; he/she avoids over-reaching for
the mouse, and extension of the forearm and shoulder at all
times.

FIGURE 1. The IDEA 1D experiment screen (for a specific session).

In the 1D experiment (Fig. 1) two targets are graphically
displayed on the computer screen, and the user is required
to move the mouse cursor from the blue to the red target

and click on it by pressing the left mouse button. After a
successful selection (click), the starting point and the end
target interchange roles, as well as their colors, so the user
will make repetitive pointing and clicking tasks moving the
cursor back and forth on the horizontal axis.

FIGURE 2. The IDEA 2D experiment screen (for a specific session).

In the 2D experiment (Fig. 2) sixteen targets are graph-
ically displayed on the computer screen, and the user is
required to move the mouse cursor from the top blue target
(start) to the red target (end), and click on it by pressing
the left mouse button. After a successful selection (click),
the previously end target plays the role of the new blue
target (toggles to red), and the target next (clockwise) to the
previously start target plays the role of the new end red target
(toggles to red), and so on, until the user selects all targets.
As a result, the user accomplishes pointing and clicking
tasks by moving the cursor back and forth on the vertical,
horizontal, and diagonal axis in various angles.

Each of the experiments comprises sessions, each with
a different Index of Difficulty (ID), specified by the corre-
sponding target size and the distance between the targets.
In all experiments, targets are rectangular, and each session
consists of several repetitions of moves (trials). Each trial
starts from the center of the start target and requires the
selection of any part of the end target to complete. In the
following paragraphs, we provide a detailed description of
the Index of Difficulty (ID) as well as all the other metrics
we used.

The basic configuration of the IDEA system relies on the
ISO/TS 9241 - 411:2012 standard: ‘‘Ergonomics of human-
system interaction - Part 411: Evaluation methods for the
design of physical input devices’’ [45]. Besides, this ISO
offers guidelines for the ergonomic design of devices such
as mice, trackballs, touch screens, and light pens. It also
specifies input device evaluation methods. Finally, it provides
standards for human-computer interface testing, including the
use of the Shannon form of Fitts’s law [26]–[29], [46] (the
most essential aspects of which are described thoroughly later
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in this chapter), instructions and layouts to design experi-
ments that will assess the speed, convenience, accuracy and
comfort with which the user performs actions such as point-
ing and clicking. Apart from the devices mentioned above,
ISO 9241 has also been used in experiments using parts of
the human body, such as the lips [47] or the head [48].

B. BASIC METRICS
Fitts [26], [27] proposed a model for the tradeoff between
accuracy and speed in human motor movements, to quan-
tify a movement task’s difficulty using information theory
and ‘‘bits’’ as the measurement unit. According to Fitts,
the Movement Time (MT) needed to hit a target is linearly
related to the Index of Difficulty (ID) of the task:

MT = a+ (b× ID) (1)

where a and b are constants specified through linear
regression, and

ID = log2(
D
W
+ 1) (2)

where D and W are the target’s distance and width
respectively.

Figure 3a shows a ‘‘perfect trial,’’ the ideal line between
two targets (i.e., a ‘‘perfect’’ trajectory), defined as Task Axis,
namely the straight line joining the centers of the start target
and the end target.

Fitts quantified the human rate of information process-
ing in aimed movements using ‘‘bits per second’’ as units.
He named the metric ‘‘Index of Performance’’; today it
is more commonly known as Throughput (TP), in bits/s.
Although different methods of calculating TP exist in the
literature [49]–[52], the preferred method is the one proposed
by Fitts in 1954 [27]. The calculation involves a division
of means: dividing ID (bits) by the mean MT (seconds),
computed over a block of trials for a specific session:

TP = IDe/MT (3)

The subscript e in IDe reflects a small but important adjust-
ment, which Fitts endorsed in a follow-up paper [53]: The
‘‘adjustment for accuracy’’ requires first computing the
Effective Target Width (We) as:

We = 4.133× SDx (4)

where SDx is the observed standard deviation in a partici-
pant’s selection coordinates over repeated trials with a par-
ticular D-W condition. Computed as in (4), We includes the
spatial variability, or accuracy, in responses. In practice, it
captures what a user did, rather than what he/she was asked
to do. The adoption ofWe requires a similar adjustment to ID,
yielding an Effective Index of Difficulty (IDe):

IDe = log2(
D
We
+ 1) (5)

TP constitutes a human performance metric that incorpo-
rates both the speed and accuracy of the user responses. TP is

most suitable as a dependent variable in factorial experiments
using user groups, pointing devices or pointing techniques as
independent variables.

Based on the above we have adopted the following param-
eters proposed by McKenzie et al. [37].

A Missed Click (MC) occurs when the user fails to click
the target but selects a point off-target instead.MC is a dimen-
sionless quantity representing how many times per trial the
user misses the target. The average MC per trial is registered
when a session is complete. In a perfect trial,MC = 0.

FIGURE 3. Target to target trajectory graphics for the explanation of
(a) task axis, (b) target re-entry, (c) task axis crossing, (d) movement
direction change, (e) orthogonal direction change and movement
variability, and (f) movement variability.

A Target Re-Entry (TRE) occurs when the cursor enters
the target area and exits without the user being able to click
it; this happens three times in Fig. 3b. In each trial, the
system counts the Target Re-Entries and registers the final
number (average) of TRE incidents per trial at the end of the
experiment. For instance, in the case of three target re-entries
in a 20-trial session, TRE will be 0.15 for this session. In a
perfect trial TRE= 0.
A Task Axis Crossing (TAC) occurs every time the cursor

crosses the Task Axis. In Fig. 3c there are two incidents.
We calculate TAC as an average score per trial for every
session. In a perfect trial TAC= 0.
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A Movement Direction Change (MDC) occurs when the
tangent of the cursor path is parallel to the Task Axis. The
following algorithm can demonstrate it: First, we calculate
the difference (yi − yi+1) of all the (x, y) samples; i ranges
from 1 to n, where n is the total number of all the (x, y)
samples taken for the current trial. Then we multiply all the
consecutive pairs of results (yi − yi+1)× (yi+1 − yi+2). The
MDC value is equal to the number of times a sign swap
appears in the products. For example, five MDCs occur in
Fig. 3d. In a perfect trialMDC = 0.

An Orthogonal Direction Change (ODC) occurs when
the tangent of the cursor path is perpendicular to the Task
Axis; this happens four times in Fig. 3e. The algorithm to
calculate ODC is similar to the one used for MDC, but we
use x coordinates instead of y. In a perfect trial ODC = 0.
The five metrics above characterize the cursor path by

logging discrete events, and they are scalars. We calculate
them as the number of total incidents per session divided by
the number of trials per session.

The following three metrics have pixels as a unit of mea-
surement, and they complete the set of parameters proposed
byMcKenzie et al. [37]. Their calculation is again an average
per session, accumulating resulting pixels from all trials and
dividing the sum by the number of trials.

For Movement Variability (MV) we first calculate the
average distance of the path followed from the Task Axis for
all sampled points of the trial (Fig, 3f). If yi is the current
cursor distance, and ȳ is the average distance, then MV is
given by the formula:

MV =

√∑n
i=1 (yi − ȳ)2

n− 1
(6)

where n is the number of trajectory samples taken for the
current trial, and yi is the distance of each cursor position
sample point from the Task Axis, assuming that y = 0 on
the Task Axis, positive above it, and negative below it. In a
perfect trialMV = 0.
The Movement Error (ME) is the mean absolute value

per trial of the cursor path distance from the Task Axis.
This metric accumulates absolute distances, i.e., regardless
of whether the cursor is above or below the Task Axis.

The formula calculates theME value:

ME =

∑n
i=1 |yi|
n

(7)

In a perfect trialME = 0.
The Movement Offset (MO) parameter calculates for

every move the total average distance of the cursor’s track
from the Task Axis. The formula gives theMO value:

MO = ȳi (8)

where yi is the distance of each cursor position sample point
from the Task Axis. The difference of this metric fromME is
that inMO negative distances (below the Task Axis) compen-
sate for positive ones. In a perfect trialMO = 0.

C. NEW METRICS
We introduce the following three new quantitative parame-
ters, which can describe themovement smoothness of a point-
and-click task. For all of them, we calculate the velocity
using the Pythagorean distance between two consecutive cur-
sor positions sampled every 10ms (100Hz frequency) and is
measured in pixels/ms (Fig. 4a).

FIGURE 4. (a) Trajectory illustration example for the calculation of mean
velocity (MVE) using the pythagorean distance, (b) velocity/time graph
with velocity peaks (VP), (c) velocity/time graph with two peaks and deep
valleys resulting in a lower maximum/mean velocity ratio (VR) value, and
(d) velocity/time graph with a series of submovements with shallower
valleys between velocity peaks resulting in lower VR value.

MeanVelocity (MVE) represents the average cursor speed
during each trial. The mean value of velocity for a trial can
be calculated by adding all instantaneous velocities (between
2 consecutive samples which represent the distance covered
by the cursor in a 10ms time frame) and dividing by the
number of samples that the trial comprises minus 1 (Fig. 4a).
The Mean Velocity for each session is calculated in pixels/ms
by the following formula:

MVE =
v0 + v1 + · · · + vn

(n− 1)
(9)

where vi is the instantaneous velocity in pixels/ms:

vi =
(
√
(xi − xi+1)2 + (yi − yi+1)2)

10ms
i = 0, 1, 2, · · · , n (10)

Velocity Peaks (VP) is a quality metric of the movement
smoothness computed using the velocity profile in each trial
(Fig. 4b). We define pi as the presence of a local maximum
on the cursor velocity graph over time (Fig. 3b). pi will take
the value 1 if a local maximum is detected, or the value 0 in
the case of a local maximum absence. VP represents move-
ment changes from acceleration to deceleration. We calculate
Velocity Peaks by counting the number of times the velocity
of the cursor movement monotony changes from ascending
to descending during each trial. These monotony changes are
measured by partitioning the velocity data samples to groups
of three (e.g., [v1, v2, v3] and [v2, v3, v4]), then calculating the
median value of each group (e.g., m1 = median [v1, v2, v3],
m2 = median [v2, v3, v4]) and finally comparing the median
values. A local maximum value is present when m1 >m2 and
counts a descending monotony change (pi).
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The following formula calculates VP:∑n

i=1
pi (11)

Maximum/Mean Velocity Ratio (VR) is a metric that
gives the ratio of the highest attained velocity value to the
mean velocity value during each trial. In the presence of
movement disorders, this metric can detect alterations of the
movement pattern related to acceleration and deceleration
periods as shown in Figures 4c and 4d. VR can showcase the
impact of the highest attained velocity on the mean velocity.

The following formula calculates VR:

VR =
MaxVelocity
MeanVelocity

(12)

In summary, the 13 performance and accuracymetrics used
in IDEA are:
• Movement time (MT)
• Throughput (TP)
• Missed Click (MCL)
• Target Re-Entry (TRE)
• Task Axis Crossing (TAC)
• Movement Direction Change (MDC)
• Orthogonal Direction Change (ODC)
• Movement Variability (MV)
• Movement Error (ME)
• Movement Offset (MO)
• Mean Velocity (MVE)
• Velocity Peaks (VP)
• Maximum/Mean Velocity Ratio (VR)
The calculation of the above 13 metrics is an average

per session, accumulating all values from all trials and divid-
ing the sum by the number of trials.

III. EXPERIMENTAL SETTING
For the experiments, we used a desktop computer running
Microsoft Windows 2000 with a 17-inch LCD monitor at
a 1024 × 768 screen resolution, a wired keyboard, and a
wiredMicrosoft Basic OpticalMouse. For the IDEA software
development, we used Microsoft Visual Basic 6.0. The IDEA
system collects the cursor movement samples with a rate
of 100 samples per second as standard pixel coordinates of
the mouse pointer position on the computer screen.

A. PROCEDURE
A familiarization phase of at least 15 minutes, precedes the
experiment. During this phase, an instructor briefly describes
the experiments and demonstrates how to complete each task
with varying difficulty. For further assistance, the instructor
orally directs the user to aim and click as close to the center
of the targets as possible.

The experiments comprise three sessions, each with a dif-
ferent Index of Difficulty (ID), specified by three different
target size and distance combinations. In the 1D experiment,
targets are rectangular, and each session consists of 20 repe-
titions of moves (trials). The first trial starts from the center

of the left target and requires the selection of the right tar-
get to complete. The second trial starts from the center of
the right target and ends with the selection of the left one.
Consequently, trials are back and forth moves, and we have
20 trials per session, giving us 60 trials per experiment. In the
2D experiment, we have 16 square targets in a circular layout,
and each session consists of 17 repetitions of moves (trials).
The first trial starts from the uppermost target and requires
the selection of the opposite (bottom) target to complete
successfully. The second trial starts from the bottom target
and ends with the selection of the target next to the top one
(on the right) and so-on clockwise until the top target is
selected. Therefore, we have 17 trials per session, giving us
51 trials per experiment. For the three sessions, we used three
different Indexes of Difficulty namely ID1 = 2.3, ID2 = 3.2,
and ID3 = 4.1. These IDs correspond to 3 different target
widths, namely 76, 37, and 19 pixels for the 1D experiment,
and 59, 28, and 14 pixels for the 2D experiment. The target
height for the 1D experiment is fixed to 150 pixels, and their
distance is fixed to 300 pixels, whereas in the 2D experiment
the targets have equal width and height (they are squares), and
their distance is fixed to 230 pixels.

B. PARTICIPANTS
Twenty-nine patients (age: 30.9 ± 1.7 years, males: 6,
females: 23, education: 14, 1 ± 2.8 years) who had been
hospitalized at the Demyelinating Diseases Section of the
Neurological Clinic of Aeginition Hospital, National and
Kapodistrian University of Athens, for the first episode of
multiple sclerosis participated in the experiments. The results
of the patients were compared with the results of 25 healthy
volunteers (age: 30.2±1.4, males: 5, females: 20, education:
16.3±2.2 years). The participants’ ages were between 18 and
55 years, and they were all right-handed.

C. MEDICAL PROTOCOL
All participants had a short mental status examination with an
MMSE (Mini-Mental State Examination) score ≥ 24 [54].
They all confirmed that they fully understand the experi-
mental process, and they signed their written consent for
their participation. The research followed the tenets of the
Declaration of Helsinki, and the ethical committee of the
Aeginition Hospital approved the protocol.

Patient selection criteria:

• There should be a diagnosis of at least two focuses on
brain MRI.

• No upper limbs locomotor deficit should be clinically
apparent.

• Patient exclusion criteria included:
• Use of benzodiazepines, antidepressants, neuroleptics,
alcohol for six months before the study.

• Presence of psychiatric, metabolic, endocrine or another
organic disease.

• Presence of depression or anxiety.
• History of loss of consciousness, head injury or epilepsy.
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• Taking corticosteroids on the previous month.
• Receipt of immunomodulatory or immunosuppressive
treatment.

• MS relapse one month before the examination.
• Disturbance of visual acuity (≤ 4/10), or color percep-
tion, or hearing.

Themedical protocol includes four parts, all applied before
the IDEA experiment. The first part consisted of a clini-
cal assessment of the patient, based on EDSS (Expanded
Disability Status Scale) score [5] and the 9 Hole Peg Test
(assessment of the upper limbs’ functionality) [8]–[12]. The
clinical evaluation of patients with EDSS scale took place
during the incident and at the stage of remission. Measure-
ments were made at the stage of remission, at least one month
after the complete discontinuation of treatment with corticos-
teroids. The second part consists of several tests including
FSS (fatigue) [55], Zung (depressive symptoms) [56], CDS
(derealization) [57], Eysenck (extraversion, neuroticism,
psychoticism) [58]–[59], Sifneos (alexithymia) [60], LCB
(control site scale) [61], and SCL-90 (scale of psycho-
somatic burden) [62]. The third part consists of several
executive control and function tests: Stroop [63], Wiscon-
sin test [64], Action Program Test, Key Search Test, Zoo
Map Test, the executive control questionnaire (DEX) and
CANDEX [65]. The fourth and last part was the IDEA system
experiment.

None of the psychometric tests had a significant effect on
any kinetic parameters of all four experiments, and conse-
quently, there will be no further reference for the rest of this
article.

D. DATA ANALYSIS AND STATISTICS
The IDEA system produces ASCII files containing the coor-
dinates of the cursor’s position on the screen, acquired
every 10 ms. We used MATLAB version R2009b to calculate
the 13 metrics described in the Methodology section.

We applied the following statistical analysis and tools
to all the experiments’ results (1D & 2D, Dominant &
Non-Dominant Hand). Using the Kolmogorov-Smirnov test,
we determined the normality of age distributions and experi-
ment metrics. In the case of normality, we present all metrics
using their mean values together with their standard errors
and their corresponding 95% Confidence Intervals (CI). The
matching of the control with the patient group regarding
age and sex distribution was performed with the t-test and
chi-square test (Fisher exact test) correspondingly. All thir-
teen IDEA metrics were subject to multivariate analysis of
covariance (MANCOVA) with group and sex as the fixed
factors and age as the covariate. Then, we applied univariate
between-group comparisons with the necessary adjustments
for multiple comparisons, and we extracted the effect of age
on the metrics through the corresponding Pearson correlation
coefficient (r). Finally, we input the test metrics as indepen-
dent predictors in a hierarchical logistic regression model,
with the group as the dependent variable, in order to assess
the predictive value of the test concerning the two groups

(patients & controls). The independence of the variables used
in the regression model was verified using Pearson corre-
lation, and additionally using the Rank-Score Characteris-
tic (RSC) function that measures ‘‘cognitive diversity’’ as
proposed in [66]. For the correlation method, we set the level
of significance at 0.05.We performed all analyses using SPSS
Statistics v23 [67].

IV. RESULTS
In all four experiments, the Kolmogorov-Smirnov test
revealed that the distributions of age and all the metrics
did not deviate from normality. Consequently, this justifies
the use of parametric statistical procedures. The two groups
were matched for age (controls: 30.2± 1.4, patients: 30.9±
1.7 years, t53= 0.29, p = 0.771) and sex (females/males
20/6 in controls and 21/8 in patients, χ21 = 0.15, p = 0.76).

TABLE 1. Pearson correlation test for age, 1D experiment - dominant
hand.

A. 1D EXPERIMENT – DOMINANT HAND
As Table 1 shows, in the 1D experiment for the dom-
inant hand, the MANCOVA procedure revealed signifi-
cant correlations (p<0.01) of age with Movement Time
(r=0.237), Throughput (r=–0.259), Number of Veloc-
ity Peaks (r=0.243) and Movement Variability (r=0.18),
p<0.05). The sex effect was focalized on differences in
Movement Error (p<0.05), where women demonstrated a
negative average of Movement Error (–2.5, 95% CI –3.9 to
–1.1), while men had a positive average of Movement Offset
(0.94, 95% CI –1.2 to 1.4).

The significant effect of the group spread to three metrics,
namely Task Axis Crossing (p=0.012), Movement Variabil-
ity (p=0.000), and Movement Offset (p=0.002). Patients had
significantly higher mean values than controls in all three
metrics. The mean Movement Variability in the patient group
was almost 50% higher than the Controls group, and Move-
ment Offset significantly differed.

The results of the hierarchical logistic regression model for
the 1D experiment and the dominant hand, revealed that the
inclusion of just two predictors, namely Movement Variabil-
ity and Task Axis Crossing can correctly predict the group
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FIGURE 5. Movement variability (MV) comparison between patients and
healthy participants.

FIGURE 6. Task axis crossing (TAC) comparison between patients and
healthy participants.

membership of 16/26 controls and 22/29 patients, giving
a total of correct classifications 38/55 = 69.1%, which is
significantly larger than the 50% that would be achieved by
chance. As Fig. 5 illustrates, the mean value of Movement
Variability for controls is lower than the value for patients.

In Fig. 6 we see that controls score a Task Axis Crossing
value of 1.02 which is almost 15% lower than the patients’
score. We note that before conducting the regression model
calculations, we conducted a Pearson correlation analysis
between all metric pairs. The analysis for the two predictor
variables (MV and TAC) showed no significant correlation
between them at the 0.05 level. Table 2 shows themean values
and standard deviations of all metrics for both groups.

B. 1D EXPERIMENT - NON DOMINANT HAND
As Table 3 shows, in the 1D experiment for the non-dominant
hand, the MANCOVA procedure revealed significant corre-
lations (p< 0.01) of age with Movement Offset (r= –0.204),
Mean Velocity (r= –0.240), as well as with Movement Time
(r= 0.195, p< 0.05), and Throughput (r= –0.201, p< 0.05).
The sex effect was focalized on differences in Movement
Direction Change (p< 0.01) andMovement Error (p< 0.05).
In the former metric, women demonstrated an average of
Movement Direction Change (6.5, 95% CI –8.97 to –0.76),
while men had an average of Movement Offset (11.42, 95%
CI –10.01 to 0.27). In the latter metric, women demonstrated

TABLE 2. Mean metrics and standard deviations, 1D experiment -
dominant hand.

TABLE 3. Pearson correlation test for age, 1D experiment - non dominant
hand.

a negative average of Movement Error (–1.7, 95% CI –6.27
to –1.1), while men had an average of Movement Offset
(3.5, 95% CI –5.7 to –1.69).

The hierarchical logistic regression model’s results for the
1D experiment and the non-dominant hand, revealed that
the inclusion of three predictors, namely Movement Time,
Movement Error and Mean Velocity could correctly predict
the group membership of 17/26 controls and 20/29 patients,
giving a total of correct classifications 37/55= 67.3%, which
is significantly larger than the 50% that would be achieved by
chance. Fig. 7 illustrates that patients scored a negativeMove-
ment Error (ME) value in comparison to the matched con-
trols who scored a positive one. Moreover, Fig.8 shows that
patients scored a lowerMean Velocity value than the matched
controls. Finally, in Fig.9, we can see that the difference in
Movement Time values between the two groups does not
seem so great, but it is still significantly different statistically.
Just like in the 1D experiment for the dominant hand, we run a
Pearson correlation analysis between all metric pairs before
conducting the regression model calculations. The analysis
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FIGURE 7. Movement error (ME) comparison between patients and
healthy participants.

FIGURE 8. Mean velocity (MVE) comparison between patients and
healthy participants.

FIGURE 9. Movement time (MT) comparison between patients and
healthy participants.

for the three predictor variables (ME, MVE and MT) showed
no significant correlation between them at the 0.05 level.
Table 4 presents the mean values and standard deviations of
all metrics for both groups.

C. 2D EXPERIMENT - DOMINANT HAND
As Table 5 shows, in the 2D experiment for the domi-
nant hand, the MANCOVA procedure revealed significant

TABLE 4. Mean metrics and standard deviations, 1D experiment - non
dominant hand.

TABLE 5. Pearson correlation test for age, 2D experiment - dominant
hand.

correlations (p< 0.01) of age with Throughput (r= –0.294),
Movement Error (r = 0.278), Number of Velocity Peaks
(r = 0.492), Velocity Ratio (r = 0.268), as well as with
Movement Time (r= 0.258, p< 0.05), Movement Variability
(r = 0.252, p < 0.05), and Movement Offset (r = 0.253,
p < 0.05). The sex effect did not show any significant cor-
relations among the thirteen parameters. Finally, one sample
t-tests revealed no significant difference among the 13 param-
eters’ mean values showing that the group effect had no
significant impact.

For the dominant hand in the 2D experiment, the results
of the hierarchical logistic regression model revealed that
the inclusion of just three predictors, namely Missed
Clicks, Movement Variability, and Mean Velocity can cor-
rectly predict the group membership of 17/26 controls
and 22/29 patients, giving a total of correct classifications
39/55 = 70.9%, which is significantly larger than the 50%
that would be achieved by chance. Fig. 10 shows that patients
scored a higher Missed Clicks (MCL) value by almost 30% in
comparison to the matched controls. Additionally, in Fig.11,
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FIGURE 10. Missed clicks (MCL) comparison between patients and
healthy participants.

FIGURE 11. Movement variability (MV) comparison between patients and
healthy participants.

FIGURE 12. Mean velocity (MVE) comparison between patients and
healthy participants.

we can see that the difference in Movement Variability values
between the two groups is quite close but still significantly
different statistically. Furthermore, in Fig.12 it is evident
that controls scored a much higher Mean Velocity value
compared to the patients. Just like in the other experiments,
we run a Pearson correlation analysis between all metric
pairs before conducting the regression model calculations.
The analysis for the three predictor variables (MCL, MV,
andMVE) showed no significant correlation between them at
the 0.05 level. Table 6 presents the mean values and standard
deviations of all metrics for both groups.

TABLE 6. Mean metrics and standard deviations, 2D experiment
dominant hand.

TABLE 7. Pearson correlation test for age, 2D experiment - non dominant
hand.

D. 2D EXPERIMENT - NON DOMINANT HAND
Table 7 shows that in the 2D experiment the MANCOVA
procedure revealed no significant correlations (p < 0.05)
of age among the thirteen parameters. On the other hand,
the sex effect showed a significant correlation with Task Axis
Crossing (r = 0.189, p < 0.05). Finally, one sample t-tests
revealed no significant difference among the 13 parameters’
mean values showing that the group effect had no significant
impact.

For the non-dominant hand in the 2D experiment,
the results of the hierarchical logistic regression model
revealed that the inclusion of three predictors, namely
Target Re-Entry, Throughput, and Mean Velocity could
correctly predict the group membership of 14/26 controls
and 20/29 patients, giving a total of correct classifications
34/55 = 61.8%, which is significantly larger than the 50%
that would be achieved by chance. Fig. 13 shows that patients
scored a higher Target Re-Entry (TRE) value by almost 6%
in comparison to the matched controls. Besides, in Fig.14,
we can see that controls scored a slightly higher Throughput
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FIGURE 13. Target re-entry (TRE) comparison between patients and
healthy participants.

FIGURE 14. Throughput (TP) comparison between patients and healthy
participants.

FIGURE 15. Mean velocity (MVE) comparison between patients and
healthy participants.

value in comparison to the patients’ group value. Finally,
in Fig. 15 the controls’ Mean Velocity value is a little higher
than the patients’ value. As in the previous experiments,
we run a Pearson correlation analysis between all metric
pairs before conducting the regression model calculations.
The analysis for the three predictor variables (TRE, TP,
and MVE) showed no significant correlation between them
at the 0.05 level. Table 8 shows mean values and standard
deviations of all metrics for both groups.

TABLE 8. Mean metrics and standard deviations, 2D experiment - non
dominant hand.

V. DISCUSSION
A careful observation of the results indicates that there were
significant correlations between the variables of interest and
the kinematic parameters in all four experiments. Specif-
ically, in the majority of the experiments, the correlation
of age with Movement Time and Throughput signifies that,
as people get older, they require more time to perform each
move and they score a reduced Throughput. Moreover, in
the 1D experiment for the non-dominant hand, and the 2D
experiment for the dominant hand, the age correlation with
Movement Error and Movement Offset shows a decline in
movement accuracy as people grow older. The correlation of
age with the Ratio between Max and Mean Velocity, in the
2D experiment for the dominant hand, reveals that older
people have a slower and more uneven movement between
targets, whereas the Number of Velocity Peaks in the same
experiment shows a decline in their movement smoothness.
We note that the RSC analysis [66] of the metrics did not
conclude to be more precise than the score analysis, so it did
not affect the Pearson correlation results.

In comparison with relevant results [68] previously
reported that are based on the ISO 9241 standard and
mouse devices, the 1D experiment of MacKenzie and Juso-
hin [69] reveals a Throughput score of 3.7 bits/sec for an
ID range 1.0 - 4.1 bits. This is lower than our Through-
put mean value of 4.49 bits/sec (1D experiment, Dominant
Hand, IDs range 2.3 - 4.1 bits) but inside its SD varia-
tion (±1.29 bits/sec). For the 2D experiment, the study of
Oh and Stuerzlingerthe [70] showcases a Throughput of
4.09 bits/sec (IDs between 2.58 and 3.75 bits), whereas
MacKenzie et al. [37] report 4.9 bits/sec for an ID of 3.8 bits,
values that are in the range of our results (4.44±1.05 bits/sec,
Dominant Hand). Other studies on 2D mouse-based point-
ing tasks report Throughput values of 4.9 bits/sec [71] and
3.99 ± 0.32 bits/sec [72] respectively. Differences in
Throughput values between the above studies are quite
expected due to the variety of mouse types, dpi settings,
monitor sizes, and user familiarization.
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A significant difference of mean values between controls
and patients in TaskAxis Crossing, andMovementVariability
in the 1D Experiment – Dominant Hand is apparent. This
result reveals that patients make greater effort to move the
cursor from the start point to finish point in a straight line
compared to healthy participants. The difference between the
two groups is also apparent in Mean Velocity and Target
Re-Entry metrics, which brings to the surface the tendency
of patients to make more jerky movements than the controls.

In all four experiments it is clear that patients score a higher
Movement Time value (1D Experiment - Dominant Hand:
MT = 980.45 msec, SD = 217.32, 1D Experiment - Non
Dominant Hand: MT = 1364.87, SD = 377.16, 2D Experi-
ment - Dominant Hand: MT = 1298.05 msec, SD = 508.47,
2D Experiment - Non Dominant Hand: MT = 1878.24,
SD = 576.46) in comparison to the matched controls
(1D Experiment - Dominant Hand: MT = 963.06 msec,
SD = 340.52, 1D Experiment - Non Dominant Hand:
MT = 1346.03, SD = 388.14, 2D Experiment - Dominant
Hand MT = 1194.98, SD = 376.4, 2D Experiment - Non
Dominant Hand: MT = 1770.16 msec, SD = 464.12). This
is also mentioned in the relative study that we referred to
in the introduction [25], according to which patients spend
a significantly longer time in completing movement tasks,
as well as more effort for making corrections while approach-
ing a target (MT = 684 msec, SD = 240.35) than controls
(MT= 495 msec, SD= 183.53). This result enforces the sug-
gestion that computerized pointing tasks can evaluate motor
deficits of upper limbs and that accuracy-related kinematic
parameters could enhance the overall upper limbs motor
assessment.

Another interesting aspect of our experiments is the effect
of the dominant and non-dominant hand across the kine-
matic parameters. Notably, in both dimensions, the values of
Throughput, Mean Velocity and Number of Velocity Peaks
for the dominant hand are quite higher compared to the non-
dominant ones. Furthermore, for the non-dominant hand,
we can see a significant increase of Movement Time and
Orthogonal Direction Change in comparison to the dominant
hand experiments. All the above, conclude that the Dominant
Hand is overall more accurate and easy to control than the
Non-Dominant Hand, making it more suitable performance-
wise in dexterity tasks.

Taking into consideration that the logistic regression equa-
tion predicted correctly: 1) the 69.1% of the classifications
in the 1D experiment for the Dominant Hand, 2) the 67.3%
of the classifications in the 1D experiment for the Non-
Dominant hand, 3) the 70.9% of the classifications in the
2D experiment for the Dominant Hand, 4) the 61.8% of the
classifications in the 2D experiment for the Non-Dominant
Hand, and the fact that the examined patient sample has no
apparent clinical motor deficits, we can claim that the IDEA
system can be potentially useful as a reliable prediction tool
with notable sensitivity for the early detection of MS.

Concerning the three newly introduced metrics in the
IDEA system and their impact on the evaluation of motor

deficits, some authors also refer to Velocity Peaks (VP) as
‘‘movement units’’ [73], [74].With the presence ofmovement
disorders, the VP number increases resulting in a less smooth
movement. As Rohrer et al. [74] found during the recovery
of stroke patients, when their movement skills ameliorate,
the velocity profile of the hand movement presents fewer
peaks resulting in a smoother movement. VP as a commonly
used smoothness metric counts the number of local maxima
in the speed profile to quantify smoothness. It appears that
this simple method performs reasonably well on the move-
ments made by stroke patients [31].

We also note that the reciprocal of metric Velocity Ratio
(1/VR) has been used by other studies as a measure for reach-
ing movements and path drawing [14], [75], [76], according
to which, in early recovery from stroke, the movements of
patients with upper limb deficits appear to be composed of a
series of short, episodic sub-movements.

Taking into consideration the possibility of using several
other devices like Microsoft Kinect [42] and Wiimote [41]
with IDEA, there is further certainty that more advanced
and complicated devices could take advantage of its capa-
bilities in future studies. More specifically, robotic therapy
research has shifted towards exoskeleton robots with some
commercially available rehabilitation devices for the upper
limb, such as the Armeo products [75]–[77]. Moreover, some
early studies show that Virtual Reality technology is starting
to make some initial steps towards upper limb rehabilita-
tion for patients with stroke [78]. In accordance with several
other relative studies on rehabilitation robotics for upper
limbs [16]–[19] specific muscles of the upper limbs could be
tested and trained by implementing certain repetitive visual
tasks on the screen beside the 1D and 2D trials discussed
above, (e.g., 3D, labyrinths, paths) and additionally provide
haptic feedback information, depending on a programmable
input device [43]. Finally, the IDEA system’s assessment
procedure makes it possible to measure and evaluate upper
limb motor behavior in an objective fashion. This type of
assessment can prove to be a good supplement to stan-
dard clinical assessments as it provides objective, sensitive,
and detailed information about a subject’s motor ability.
The semi-automated nature and ease of administration have
allowed for the possibility of assessing motor performance at
more frequent intervals than possible with standard assess-
ment techniques, and as a result, it may help drive the devel-
opment of sensory retraining techniques [79].

VI. CONCLUSION
We have presented an enhanced version of the IDEA system
as an objective, highly sensitive and reliable method for eval-
uating the upper limb motor skills performance. By introduc-
ing three newmetrics for the point-and-click cursor trajectory
analysis, along with the application of the two-dimensional
experiment in the case of MS, we have found that the
reliability and validity of the previous prediction model
(1D experiment) [32] has been improved. Particularly, com-
paring this result with the one in our previous work, we see
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that the parameters representing movement smoothness have
an essential impact on motor skill evaluation. Also, the com-
parison results between the dominant and the non-dominant
hand indicate that there is room for further studies regarding
the relation of both hands motor skills wise. The results lead
to conclusions that can allow for a better understanding of
the early-stage multiple sclerosis’ effect on the upper limbs
of the human body. We can claim that the IDEA system can
be potentially used as a reliable prediction tool with notable
sensitivity and reliability that could apply to other diseases
that affect the kinematics of the upper limbs.

Based on the additional capabilities of the IDEA system
(e.g., various 2D and 3D input devices, multidimensional
tests, and flexible user interface) we expect that further future
studies could adequately review the newly introduced kine-
matic parameters that give evidence of the derived motor
impairment. Ongoing studies include investigation of the
IDEA based detection capabilities in Learning Difficulties,
including the cases of minimal brain dysfunction, dyslexia,
and dysphasia [80].
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