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S U M M A R Y

Our ability to navigate in our environment depends on the condition of
the musculoskeletal and nervous systems. Any deterioration of a com-
ponent of these two systems can cause instability or disability of body
movements. Such deterioration can happen as a consequence of natural
age-related changes, injuries and/or diseases. The ability to objectively
and quantitatively assess di�erent functional tasks such as postural con-
trol, gait or hand movements can be useful for preventing falls, distin-
guishing healthy from pathological conditions, following disease pro-
gression, assessing the e�ectiveness of medical care and interventions,
and ultimately improving the accuracy of clinical decisions.

The bene�ts are clear. However, current metrics, algorithms and tools
are not enough to analyze and understand the in�nite complexity of
human movements. For example, in the area of human-computer in-
teraction and games controlled by body movements (exergames), new
methods based on the assessment of balance performance in real-time
are needed to provide immediate and meaningful feedback. Addition-
ally, methods to adjust the di�culty level during exergaming based on
the assessment of balance performance have not yet been developed.
Such methods are expected to improve the e�ectiveness of exergames
as tools to improve postural control. As another example, in clinical
settings, most of the methods to assess human movements are based on
rating scales, which are not very sensitive and depend on the evaluation
and interpretation of an observer, thereby containing a subjective com-
ponent. Objective and more accurate techniques are under continuous
development but so far gold standards are still scarce. For instance, there
is no consensus on the best metrics to objectively assess the smoothness
of human movements, which is a key feature to gain insight into the
severity of diseases in patients with a movement disorder.

The main goal of this thesis is to develop reliable and objective meth-
ods to assess human movements in both balance performance during
exergaming and coordination disorders. In Chapter 2, an exploratory
data analysis of force plate recordings is performed, using visualiza-
tion techniques, to identify suitable metrics to study human movements
during exergaming. As a result, novel visualizations such as heat maps,
overlapping violin plots and projections revealed that curvature, speed,
and turbulence intensity are promising measures for the assessment of
human movements. In addition, local curvature of the movement tra-
jectory is proposed as a measure of smoothness of body movements. In
Chapter 3, a novel method to assess balance performance in real-time
is proposed, using a probabilistic approach applied to Microsoft Kinect
data. This method is used to distinguish older from younger participants
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summary

during exergaming. By using color to represent probabilistic values in
heat maps, clear di�erences between older and younger participants
were visualized. The novel method achieved more than 85% accuracy in
distinguishing older from younger participants. This result encouraged
further application of the method to monitor changes during long pe-
riods (months) of exergaming and to assess movement performance of
patients with a coordination disorder, during the execution of speci�c
tasks. In Chapter 4, the novel method is applied to investigate the e�ect
of six weeks of exergaming on balance performance in older adults and
to monitor changes over time. Time series visualized as heat maps re-
vealed that all the participants improved at balance performance during
the intervention. Thereby, these results did not only provide evidence
of the suitability of the method to monitor changes over time, but also
evidence of the e�ectiveness of exergames to improve dynamic postural
control. In Chapter 5, the method is applied to distinguish patients with
a movement disorder and healthy controls, using data collected from in-
ertial measurement units (IMU’s). As a result, the method achieved 84%
accuracy distinguishing patients with movement disorders and healthy
controls, and additional evidence of the suitability of local curvature as
a measure of smoothness of body movements was provided.

In conclusion, the visualizations in this thesis can aid to gain further
insight into the analysis of human movement. Local features can be
used to assess human movements and to distinguish between two kinds
of participants. Local curvature has been highlighted as a potential mea-
sure of smoothness of movement trajectories. Probabilistic scales have
been shown not only to be suitable for classi�cation but also to gain
further understanding into the performance of participants during the
execution of task movements. Finally, a promising method suitable to as-
sess human movement during the execution of di�erent tasks, recorded
using di�erent tracking devices, has been presented.
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S A M E N VAT T I N G

Het vermogen om te navigeren in onze omgeving hangt af van de condi-
tie van het musculoskeletale stelsel en het zenuwstelsel. Een achteruit-
gang van een van de componenten van deze systemen kan leiden tot het
maken van instabiele en inaccurate bewegingen. Deze achteruitgang
kan het gevolg zijn van normale leeftijdsgerelateerde veranderingen, of
kan worden veroorzaakt door aandoeningen en/of ziekte. Het vermo-
gen om op een objectieve en kwantitatieve wijze functionele bewegin-
gen zoals lopen, balanshandhaving of handbewegingen te beoordelen is
van groot klinisch belang. Het objectief kwanti�ceren van bewegingen
kan bijdragen aan diagnostiek en aan het onderscheiden van normale
bewegingen van pathologische bewegingen, het kan inzicht geven in
het verloop (progressie of verbetering) van ziekteprocessen, de e�ecti-
viteit van interventies kwanti�ceren en vooral ook bijdragen aan het
verbeteren van de nauwkeurigheid en sensitiviteit van klinische beoor-
delingen.

De voordelen zijn duidelijk. Echter, de meest gebruikte klinische me-
thoden, algoritmen en instrumenten zijn niet afdoende om de complexi-
teit van menselijke bewegingen te analyseren en te begrijpen. Door re-
cente ontwikkelingen op het gebied van mens-computerinteractie en
exergames (video-gebaseerde games die gespeeld worden door bewe-
gingen met het lichaam te maken) worden deze technieken ook steeds
vaker toegepast voor het trainen van bijvoorbeeld de balanshandhaving
van ouderen. Deze nieuwe toepassing van de techniek vereist dat er an-
dere methoden ontwikkeld worden om real-time de balans te beoorde-
len en zinvolle feedback te geven aan de oudere die de training doet.
Willen deze interventies e�ectief zijn in de zin dat ze de balans verbe-
teren van ouderen, dan zullen ook algoritmen ontwikkeld moeten wor-
den die de moeilijkheidsgraad tijdens exergaming aanpassen op basis
van de beoordeling van de balansprestaties. Dergelijke algoritmen be-
staan nog niet. Een ander voorbeeld van een toepassing van het objec-
tief kwanti�ceren van bewegingen is in de klinische omgeving waar be-
wegingen vaak door de klinicus beoordeeld worden op basis van beoor-
delingsschalen. Deze klinische beoordelingsschalen zijn doorgaans niet
heel precies en in grote mate afhankelijk van de evaluatie, ervaring en
interpretatie van de waarnemer, waarmee een subjectieve component
wordt geïntroduceerd. Meer objectieve en nauwkeurige meetttechnie-
ken zijn continu in ontwikkeling, maar tot dusverre is er geen gouden
standaard. Bijvoorbeeld vloeiendheid en nauwkeurigheid zijn kenmer-
ken van dagelijkse bewegingen, maar er is geen overeenstemming over
wat de beste uitkomstmaat is om dit objectief vast te leggen.
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samenvatting

Het doel van dit proefschrift is om betrouwbare en objectieve me-
thoden te ontwikkelen om bewegingen te beoordelen. Het proefschrift
richt zich met name op het kwanti�ceren van de balans van ouderen
tijdens exergaming en op stoornissen in de coördinatie bij kinderen. In
Hoofdstuk 2 worden visualisatietechnieken toegepast op krachtplaatge-
gevens van ouderen die een exergame uitvoerden, teneinde geschikte
uitkomstmaten te vinden om de balansprestatie tijdens het exergamen
te bepalen bij ouderen. De resultaten van deze visualisatietechnieken,
zoals ‘heatmaps’, ‘violin plots’, en multidimensionale projecties, lieten
zien dat kromming, snelheid, en turbulentie-intensiteit van de bewe-
gingsbanen veelbelovende maten zijn voor het kwanti�ceren van de
balans. Daarnaast wordt voorgesteld dat de lokale kromming van de
bewegingsbaan een maat voor de vloeiendheid van bewegingen kan
zijn. In Hoofdstuk 3 wordt een nieuwe methode om balansprestaties
in real-time te meten geïntroduceerd en een probabilistische methode
toegepast op bewegingsgegevens die zijn gemeten met de Kinect. Met
deze methode kan de balansprestatie van oudere en jongere deelnemers
worden onderscheiden tijdens het exergamen aan de hand van de kans
dat iemands balansprestatie overeenkomt met die van een oudere of
van een jongere persoon. Door het gebruik van kleur werden duidelijke
verschillen gevisualiseerd tussen probabilistische waarden voor oudere
en jongere deelnemers in ‘heatmaps’. De voorgestelde methode liet een
nauwkeurigheid zien van meer dan 85% in het onderscheiden van de
balans tussen oudere en jongere deelnemers. Op basis van dit positieve
resultaat is de methode toegepast om veranderingen in de balans tijdens
lange perioden van exergamen te kwanti�ceren, en om de bewegings-
prestaties van patiënten met een coördinatiestoornis te bepalen tijdens
het uitvoeren van een speci�eke taak. In hoofdstuk 4 wordt de methode
toegepast om het e�ect van zes weken exergaming op de balanspresta-
ties van ouderen te onderzoeken. Tijdreeksen gevisualiseerd als ‘heat-
maps’ laten zien dat bij alle deelnemers de balans verbeterde tijdens
de interventie. Deze resultaten geven aan dat de ontwikkelde methode
geschikt is om veranderingen in de tijd te kwanti�ceren, maar ook toe-
gepast kan worden om de e�ectiviteit van exergaming op de balans-
prestatie vast te leggen. In hoofdstuk 5 wordt de ontwikkelde methode
toegepast om patiënten met een bewegingsstoornis te onderscheiden
van gezonde proefpersonen aan de hand van gegevens verkregen met
IMU’s (‘inertial measurement units’). Patiënten konden met een nauw-
keurigheid van 84% worden onderscheiden van gezonde proefpersonen
op basis van de uitkomstmaten die eerder gebruikt werden om de balans
te kwanti�ceren.

Samenvattend kunnen we zeggen dat de in dit proefschrift toegepaste
visualisatietechnieken kunnen helpen om verder inzicht in de analyse
van menselijke beweging te krijgen. Lokale kenmerken kunnen worden
gebruikt om bewegingen te beoordelen en om onderscheid te maken tus-
sen twee groepen. De lokale kromming van de bewegingsbaan kan een
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goede maat zijn om de vloeiendheid van bewegingstrajecten te bepalen.
Het is gebleken dat probabilistische kwanti�catie niet alleen geschikt
is voor classi�catie, maar ook inzicht kan geven in de prestaties van
deelnemers tijdens de uitvoering van bewegingstaken. Samenvattend is
in dit proefschrift een methode gepresenteerd die veelbelovend is voor
het objectief kwanti�ceren van verschillende functionele bewegingen,
gemeten met verschillende type instrumenten (bv. Kinect, IMU’s) bij
verschillende groepen mensen met en zonder bewegingspathologie.
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R E S U M E N

Nuestra habilidad para navegar en el ambiente que nos rodea depende
de los sistemas músculo-esquelético y nervioso. El deterioro de algún
componente de estos dos sistemas puede causar discapacidad o inesta-
bilidad corporal. Este deterioro surge como consecuencia natural del en-
vejecimiento, heridas y/o enfermedades. La capacidad de evaluar obje-
tiva y cuantitativamente actividades de control corporal durante tareas
como caminar, mover las manos u otras partes del cuerpo, pueden ser
útiles para prevenir caídas, distinguir entre personas saludables y pa-
cientes, monitorear enfermedades, evaluar la efectividad de tratamiento
médico y programas de rehabilitación, y esencialmente mejorar la exac-
titud de las decisiones clínicas.

Los bene�cios son claros. Sin embargo, los métodos actuales de eva-
luación, herramientas y algoritmos no son su�cientes para analizar
y entender la in�nita complejidad de los movimientos del cuerpo hu-
mano. Por ejemplo, en el área de interacción humano-computadora
y videojuegos controlados por movimiento (exergames), se necesitan
nuevos métodos basados en la evaluación de ejecución de movimien-
tos en tiempo real. Estos métodos pueden proveer retroalimentación
relevante de forma inmediata. Además, estos métodos podrían usarse
para ajustar la di�cultad del videojuego en tiempo real, aumentando
su efectividad para mejorar habilidades de control corporal y balance.
Como otro ejemplo, la mayoría de los métodos (en el área de rehabilita-
ción y medicina) para evaluar el movimiento humano se basa en escalas
clínicas, los cuáles no son muy sensitivos y dependen de la evaluación
e interpretación de un observador, conteniendo así un componente sub-
jetivo. Continuamente se están desarrollando técnicas objetivas y más
exactas para evaluar movimiento humano, pero patrones de referencia
(métodos estandarizados) aún son escasos. Por ejemplo, no existe un
acuerdo general sobre la mejor forma de evaluar la suavidad de los mo-
vimientos del cuerpo humano, que es una característica fundamental
para comprender la severidad de enfermedades en pacientes con algún
trastorno de movimiento.

La meta principal de esta tesis es el desarrollo de métodos objetivos y
con�ables para evaluar actividades físicas en exergames y en trastornos
de coordinación de movimiento. En el Capítulo 2, se realiza un análisis
exploratorio de datos recolectados por plataformas de fuerza, usando
técnicas de visualización, para identi�car métricas adecuadas para estu-
diar los movimientos del cuerpo en exergames. Como resultado, nue-
vas visualizaciones tales como matrices de datos codi�cados por color
(heatmaps), superposición de grá�cos tipo violín y proyecciones multi-
dimensionales revelaron que curvatura, velocidad e intensidad de tur-
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bulencia son métricas prometedoras para la evaluación de movimiento
humano. Además, se propone la curvatura local, de las trayectorias de
movimiento, como medida de suavidad de movimientos del cuerpo hu-
mano. En el Capítulo 3, se propone un método nuevo, usando un enfo-
que probabilístico aplicado a datos recolectados por Microsoft Kinect,
para evaluar la “calidad” del movimiento humano en tiempo real. Este
método es usado para clasi�car participantes jóvenes y adultos mayores
que jugaron un videojuego controlado por movimiento. Usando color
para representar los valores probabilísticos, se visualizaron diferencias
claras entre jóvenes y adultos mayores. El nuevo método alcanzó más
de 85% de exactitud clasi�cando jóvenes y adultos mayores. Este resul-
tado incentivó la aplicación del método para monitorear cambios en
habilidad corporal para jugar exergames, en periodos largos de tiempo
(meses) y para evaluar el movimiento de pacientes con algún trastorno
de movimiento. En el Capítulo 4, el nuevo método es usado para in-
vestigar el efecto en la calidad de los movimientos de adultos mayo-
res, después de haber jugado un videojuego controlado por movimiento
durante seis semanas. El método también es usado para observar cam-
bios en la habilidad para jugar el videojuego. Series de tiempo visualiza-
dos como heatmaps revelaron que todos los participantes mejoraron su
desempeño durante la intervención. Estos resultados no solo proveen
evidencia de la e�cacia del método para monitorear cambios a través
del tiempo, sino también evidencia de la efectividad de los videojuegos
para mejorar el control corporal. En el Capítulo 5, el método es usado
para clasi�car pacientes con algún trastorno de movimiento y partici-
pantes saludables usando datos recolectados con unidades de medida
inercial (IMU’s). Como resultado, el método alcanzo 84% de exactitud
clasi�cando pacientes y participantes saludables, y se proporciona evi-
dencia adicional de la efectividad de curvatura local como medida de
suavidad de los movimientos del cuerpo.

En conclusión, las visualizaciones en esta tesis pueden ayudar al
entendimiento y análisis del movimiento humano. Las métricas loca-
les de las trayectorias de movimiento pueden ser usadas para evaluar
movimiento humano y clasi�car participantes en dos categorías. Se ha
hecho énfasis en la medida de curvatura local como una métrica pro-
spectiva para evaluar la suavidad de las trayectorias de movimiento. Se
ha mostrado que las escalas probabilísticas pueden ser efectivas no sólo
para clasi�cación, sino también para obtener un mayor entendimiento
sobre la ejecución de tareas de movimiento. Finalmente, se ha presen-
tado un método prometedor para evaluar la calidad de los movimientos
durante la ejecución de diferentes tareas, movimientos que pueden ser
recolectados usando diferentes tecnologías de seguimiento.
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1I N T R O D U C T I O N

The analysis of human movement can be applied for many di�erent pur-
poses, from improving motion of characters in video games, interaction
of robots with the environment, ergonomic devices (comfort and safety),
analysis and improvement of athletes in sports, to improving diagnosis
in clinical settings [21]. This thesis focuses on the assessment of human
movement in the context of health. Human movement is achieved by
a complex and highly coordinated interaction between bones, muscles,
ligaments and joints within the musculoskeletal system under the con-
trol of the nervous system [145]. Healthy musculosketal and nervous
systems are at the basis of e�cient spatial and temporal navigation in
the environment. Normal age-related deterioration, injuries or diseases
of the individual components of these systems may result in problems
with adequate motor control and adaptation to changing environments
which can lead to instability or disability of body movements. In par-
ticular, the assessment of postural control and movement disorders are
the main topics in this thesis.
Postural control. It is known that with increasing age postural con-

trol ability decreases, causing frequent falls among the population older
than 60 years [84]. Falls can cause severe injuries among the older pop-
ulation, leading to loss of independence, and fatalities in the worst case.
Exercise is considered a key aspect to improve postural control and
thereby reduce the incidence of falls [48]. However, several drawbacks
of exercise programs such as boring exercises, weather conditions pre-
venting people to go outside, and cost of travelling may be the cause
of low adherence rates [92]. Digital games controlled by body move-
ments (exergames) have been proposed as a way to improve postural
control because they can provide engaging elements, can be played in-
doors and can avoid the cost of travelling [73, 89]. However, the num-
ber of intervention programs showing the e�ectiveness of exergames
as tools to improve postural control is still limited [120]. Moreover, fur-
ther improvement of balance control assessment is still necessary [91].
The most common way to assess e�ectiveness of exergames to improve
postural control is by assessing postural control before and after inter-
vention programs. Assessing body movements during game-play, i.e.,
assessing dynamic postural control (DPC), could help increasing the
e�ectiveness of exergames as tools to improve postural control. That
is, e�ectiveness can increase because DPC assessment can be used to
provide immediate meaningful feedback, which is a strong source of
motivation [14] and because DPC assessment can be used to adjust the
di�culty of exergames according to the ability of the players (another
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important quality that exergames should possess [47]). However, the
development of methods to assess DPC during exergaming is a chal-
lenging task and such methods are still scarce [31].
Movement disorders “are clinical syndromes with either an excess of

movement or a paucity of voluntary and involuntary movements, un-
related to weakness or spasticity” [36]. The quantitative assessment of
movement disorders can aid in monitoring the progression or deteriora-
tion of patients [156]. It can also be used to help discriminating healthy
and pathological conditions such as ataxia, Parkinson’s disease, and
multiple sclerosis [15, 78, 141], or between di�erent pathological con-
ditions that have similar clinical symptoms such as parkinsonian syn-
dromes. An important bene�t of assessing and understanding human
movement is that it can help making better and more appropriate de-
cisions regarding patient care; e.g., by adjusting therapy for patients in
rehabilitation or medical care based on movement performance.

The most common methods to assess human movement in a clinical
setting are clinical rating scales, which are easy to administer and have
often been validated and standardized [108]. However, one of the main
drawbacks of rating scales is that they depend on the evaluation and
interpretation of an observer and thus contain a subjective component.
Moreover, clinical rating scales are not very sensitive, making them in-
su�cient to assess di�erent motor control strategies during the execu-
tion of movements. For example, objective and accurate methods to as-
sess hand movements are still scarce in clinical settings [114]. Addition-
ally, many clinical scales su�er from ceiling e�ects, and the outcomes
are too general to examine for instance changes in balance control in
healthy older adults [13, 79].

With the development of modern tracking technology such as vis-
ible, infrared, and depth cameras, force plates and inertial measure-
ment units (IMUs), objective and reliable analysis of human motion
has become feasible. During body movement tasks, the motion can be
recorded using one or more tracking devices. In general, a number of
measures can be derived from the recordings such as three-dimensional
(3D) trajectories, distance, velocity, and acceleration [54]. Specialized
assessment of human movement is usually task-dependent. For exam-
ple, assessing the smoothness of body movements can involve measures
such as peak speeds, arc length, and spectral arc length (which is based
on Fourier analysis), but there is no consensus regarding the best met-
rics to assess smoothness [10]. Assessing upper limb movement is
another example that requires particular metrics such as movement
time, mean velocity, maximum velocity, and target error. With the abil-
ity to collect and derive new metrics, new challenges emerge like the
translation of these quantitative metrics into values with clinical in-
terpretation, which could be used in combination with clinical rating
scales [108] to reinforce current techniques of diagnosis. This combina-
tion can also improve the acceptance of novel information technology
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by physicians, as in some cases there is resistance to adopt new tech-
nology [67].

The main goal of this thesis is to develop reliable and objective meth-
ods to assess body movements for both DPC assessment in real-time
during exergaming and for the assessment of movement disorders. Such
methods could be valuable to improve the e�ectiveness of exergames
and to further translate quantitative metrics into values with clinical
meaning, independently of the tracking device and task. Purely quan-
titative metrics may not be enough to understand the in�nite number
of variations of human movements. Hence, visualization techniques are
additionally used to perform exploratory data analysis to identify pat-
terns and di�erences between groups. In general, visualization is used
to gain further qualitative insight into human movement.

Firstly, in this thesis, visualization techniques are used to qualita-
tively analyze trajectories of the center of pressure collected by force
plates during exergaming. Secondly, a method suitable to assess DPC
in real-time during exergaming is presented. Subsequently, the method
is applied to monitor changes over time in DPC in older adults dur-
ing a six-week unsupervised intervention program. Finally, this same
method to assess human movements is applied to analyze and classify
movement data from patients with certain movement disorders. Assum-
ing that the body movement trajectories are collected using one or more
reliable tracking device(s), we will argue that the method developed in
this thesis could be used to analyze a broad range of functional tasks
such as path drawing, �nger chasing, and gait performance.

The next sections of the introduction are organized as follows. Sec-
tion 1.1 describes the metrics used to characterize human movements.
Section 1.2 introduces the idea of using generalized linear models
(GLMs) as a way to assess human performance. In section 1.3 visual-
ization techniques are used to qualitatively assess human movement
performance. Section 1.4 describes the main contributions of this the-
sis. Finally, section 1.5 provides an outline of the main chapters in the
thesis.

1.1 local features of movement trajectories

The natural way in which healthy people perform daily functional tasks
is by executing smooth movements [121]. Healthy people perform not
only smoother movements but also (in normal circumstances) faster
movements than patients. A smooth movement is continuous and non-
intermittent, i.e., it does not intentionally start and stop at irregular in-
tervals. Measures of the shape of a signal are considered to be valid
measures of smoothness [9], whereas a common and reliable measure
to assess body movements is speed.

The trajectories of body movements recorded by tracking technolo-
gies can be represented as curves in 3D space. From di�erential geom-
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etry we know that local curvature, local torsion and instantaneous ve-
locity provide a complete characterization of a curve in 3D space [88].
Based on [101], if a regular curve as a function of time is represented
by γ (t) in R3, its local curvature at time t can be de�ned as

κ =
‖ Üγ × Ûγ ‖

‖ Ûγ ‖3
(1.1)

where × indicates the vector (or cross) product, Ûγ and Üγ denote 1st and
2nd order time derivatives, respectively, and ‖ represents arc length.
Similarly, torsion can be de�ned as

τ =
( Ûγ × Üγ ) · Ýγ

‖ Ûγ × Üγ ‖2
. (1.2)

To compute the local features of a curve using equations 1.1 and 1.2,
the curve has to be continuous and their 1st , 2nd and 3rd order deriva-
tives must exist. For practical purposes, as the 3D trajectories collected
from tracking devices are discrete, numerical approximations are nec-
essary. One way to approximate the curvature of a trajectory γ (ti ) at a
given point in time ti , is by �tting a circle to the three consecutive points
at times ti−1, ti , and ti+1. Then, the curvature value is represented by the
inverse of the radius of the �tted circle [16]. This de�nition means that
large circles correspond to small curvature values, small circles corre-
spond to high curvature values, and straight trajectories have zero cur-
vature. Thus, smooth trajectories should have smaller local curvature
values than rough trajectories.

Instantaneous speed, turbulence intensity [94] and other local mea-
sures of the trajectories were also explored in this thesis (detailed in
Chapter 2) to investigate their usefulness to assess human movement in
real-time. Torsion is another local measure of a 3D trajectory that can
be approximated numerically by using Taylor series expansion [154]
but was not further explored in this thesis.

1.2 generalized linear models

As one of the possible applications of DPC assessment in real-time is to
provide immediate meaningful feedback during exergaming, multiple
measures of performance such as local speed and instantaneous cur-
vature of di�erent body parts may produce too much information to
simultaneously show on a screen. In addition, the comparison of large
groups of people may be more di�cult with multiple measures of per-
formance compared to using a single measure. For practical purposes, in
these circumstances, one single scalar value (measure of performance)
may be better.

GLMs allow to translate multiple measures (of performance) into a
single probability value P constrained between 0 and 1 [159]. Assum-
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ing that high P values (close to 1) represent the performance of non-
healthy people, then low P values should represent the performance
of healthy people. Under these assumptions, low curvature values and
high speed values (smooth and fast) should be related to low P values,
while movement trajectories with high curvature values and low speed
values should yield high P values. One of the bene�ts of using prob-
ability values to represent movement performance is that they have a
meaningful and straightforward interpretation. Another bene�t is that
the combination of local features of movement trajectories and GLMs
is suitable for the assessment of human movement in real-time. Addi-
tional details regarding the transformation of local features of move-
ment trajectories into probability values and its applications are given
in Chapters 3 and 5.

1.3 visualization

In general, visualization is the graphical representation of information.
In this sense, several disciplines have been identi�ed. Scienti�c visual-
ization is mainly concerned to understand spatial and continuous data
collected from simulations, calculations or measurements [86]. Infor-
mation visualization is used to identify patterns and understand rela-
tionships between groups from abstract data [95], without considering
spatial data. Software visualization has been de�ned as the art and sci-
ence related to visualizing the structure, behaviour and evolution of
software[26]. Visual analytics “is the science of analytical reasoning fa-
cilitated by interactive visual interfaces” [136].

In this thesis mainly two techniques are used, scienti�c and informa-
tion visualization. Scienti�c visualization techniques are used to repre-
sent data that were collected and derived from human movement exper-
iments, and information visualization techniques are used to identify
patterns and relationships between groups of people. The types of data
involved in the visualizations presented in this thesis are multivariate
and categorical time series. In the following subsections the visualiza-
tion techniques used in this thesis are described.

Time series plot

The time series plot is one of the most simple and most common plots
that can be visualized using ordered sequences of pairs 〈(t0,v0), . . . ,
(tn ,vn)〉, where t represents time and v represents the matching val-
ues [5]. In this thesis, time series are used to visualize discretized sig-
nals derived from human movement trajectories such as speed, curva-
ture and 3D coordinates. Here, these signals are collected from di�erent
body parts such as head, shoulders, hips, and knees; and from people in
di�erent categories, such as older and younger participants.
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Scatter plot and scatter plot matrix

The scatter plot is probably one of the most versatile inventions in
the history of graphical data representation [40]. It has been estimated
that between 70% and 80% of the scienti�c publications include scatter
plots [138]. Scatter plots illustrate the relationship between two vari-
ables, that are represented on perpendicular axes in the plot. At the
same time, scatter plots can be used to distinguish categories by color-
encoding the symbols representing the categories. For each pair of val-
ues one symbol is displayed at the corresponding coordinates. Scatter
plot matrices can be used to illustrate the relationship between multiple
variables [20]. Nowadays, interactive 3D scatter plots are also used to
explore huge amounts of information such as astronomical data [103].

Heat maps

The heat map is based on color-coded matrix representations that are
more than one century old [148]. Nowadays, heat maps follow a pixel-
based representation approach, which is typically a rectangular tiling of
a color-coded data matrix [5]. Heat maps are used in this thesis in sev-
eral ways such as to simultaneously explore several hundreds of time
series, to visualize multidimensional data, to visualize movement perfor-
mance, and to visualize changes in movement performance over time.

Box and violin plots

Box plots are useful to show the distribution of the data by illustrat-
ing center, spread, asymmetry and outliers [139]. In addition, violin
plots can reveal peaks, valleys and bumps in the shape of distribu-
tions [58]. These features can be useful for the identi�cation of di�er-
ences between distributions. Overlapping violin plots can be used to
visualize (dis)similarities between two distributions where the area of
overlap [23] can be a measure of similarity between the distributions.

Parallel coordinates

The parallel coordinate plot is a visualization technique for exploratory
multidimensional data analysis [63]. This technique represents each
variable in the multidimensional space as a parallel axis. Then, the val-
ues of the vectors in the multidimensional space are represented as
dots on the axes and connected by a polyline. There are several vari-
ations of parallel coordinates, for example, using curved lines instead
of straight lines which can partially solve ambiguity. Another example
is the extension of parallel coordinates into 3D space referred to as par-
allel glyphs [37]. Parallel coordinates and parallel glyphs have many
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applications in engineering and life sciences [56]. This kind of visu-
alization is useful to identify relationships between variables, patterns
and clusters in categorical data.

1.4 contributions

This thesis introduces a novel method to assess human movement
based on tracking technology and GLMs. This method is shown to be
suitable to assess DPC during exergaming, opening the possibility to
provide immediate feedback and to develop adaptive exergames. The
method is also shown to be suitable for assessing movement of patients
with coordination disorders and distinguishing healthy from patholog-
ical conditions. A probabilistic scale is proposed as a novel measure of
movement performance. The local curvature of movement trajectories
is highlighted as a potentially useful measure of smoothness of body
movements. Several visualization methods are used to analyze move-
ment performance. For example, overlapping violin plots in parallel are
used to visualize di�erences between groups across multiple variables,
color-encoded probability values in heat maps are used to visualize
movement performance, and a combination of heat maps and time se-
ries plots are used to visualize changes in postural control performance
over time.

1.5 organization of the thesis

In Chapter 2 local features extracted from two-dimensional (2D) trajec-
tories of the center of pressure as estimated from force plate recordings
are visually explored. As a �rst step towards the main goal of this thesis,
several visualization techniques were used such as parallel coordinates,
box plots, overlapping violin plots, heat maps and scatter plot matri-
ces, which helped identifying some of the best features to assess human
movement in real-time.

In Chapter 3, a novel method to assess body movements is introduced
based on probabilistic GLMs. Local curvature and instantaneous speed
(two of the measures identi�ed in Chapter 2) were used to train GLMs
for distinguishing 20 older and 20 younger participants. The data were
collected using Microsoft Kinect 1 during exergaming. To test the use-
fulness of the model to make predictions of DPC performance �ve-fold
cross validation was used. The resulting parameters of the GLMs helped
to further track changes in movement performance over time.

In Chapter 4, the estimated parameters of the best GLM (as obtained
in Chapter 3) were used to assess performance in dynamic postural con-
trol during exergaming of 10 participants in a six-week intervention
program. The results in this chapter encouraged us to further apply the
method to analyze movement disorders.
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In Chapter 5 the proposed method to assess human movements in
Chapter 3 was adjusted to analyze 3D trajectories derived from the
�nger-to-nose task (FNT) of 70 participants, recorded with IMUs, with
the aim to di�erentiate healthy participants from patients with a coor-
dination disorder. The FNT is a neurological examination that assesses
smooth and coordinated movements of the index �nger from the tip
of the nose of the participant to the tip of the examiner’s �nger and
back [70]. Finally, the possibility to apply the method to further ana-
lyze other functional tasks in clinical settings is discussed.

Chapter 6 contains a general discussion, suggestions for future work
and conclusions.
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2V I S UA L D ATA E X P L O R AT I O N F O R B A L A N C E
Q UA N T I F I C AT I O N I N R E A L -T I M E D U R I N G
E X E R G A M I N G

abstract

Unintentional injuries are among the ten leading causes of death in
older adults; falls cause 60% of these deaths. Despite their e�ectiveness
to improve balance and reduce the risk of falls, balance training pro-
grams have several drawbacks in practice, such as lack of engaging ele-
ments, boring exercises, and the e�ort and cost of travelling, ultimately
resulting in low adherence. Exergames, that is, digital games controlled
by body movements, have been proposed as an alternative to improve
balance. One of the main challenges for exergames is to automatically
quantify balance during game-play in order to adapt the game di�culty
according to the skills of the player. Here we perform a multidimen-
sional exploratory data analysis, using visualization techniques, to �nd
useful measures for quantifying balance in real-time. First, we visualize
exergaming data, derived from 400 force plate recordings of 40 partici-
pants from 20 to 79 years and 10 trials per participant, as heat maps and
violin plots to get quick insight into the nature of the data. Second, we
extract known and new features from the data, such as instantaneous
speed, measures of dispersion, turbulence measures derived from speed,
and curvature values. Finally, we analyze and visualize these features us-
ing several visualizations such as a heat map, overlapping violin plots,
a parallel coordinate plot, a projection of the two �rst principal compo-
nents, and a scatter plot matrix. Our visualizations and �ndings suggest
that heat maps and violin plots can provide quick insight and directions
for further data exploration. The most promising measures to quantify
balance in real-time are speed, curvature and a turbulence measure, be-
cause these measures show age-related changes in balance performance.
The next step is to apply the present techniques to data of whole body
movements as recorded by devices such as Kinect.

2.1 introduction

Incidence of falls commonly cause serious injuries and loss of indepen-
dence among the older population. In fact, 20-35% of people more than
65 years old fall each year; this number increases to 32-42% for people
over 70 years old [2]. Approximately 20-30% of those people will ex-
perience a lack of mobility and independence, thus increasing the risk
of death [8, 132]. Furthermore, unintentional injuries are among the

9



visual data exploration for balance qantification

ten leading causes of death in older adults and falls cause 60% of these
deaths [116]. Although there are many factors that contribute to falls,
poor balance is one of the major risk factors for falling due to the nat-
ural age-related decline of sensory and neuromuscular control mech-
anisms that result in impaired postural control [71]. Balance training
programs can improve balance ability, thereby reducing the risk of falls
and injuries [48]. However, such programs have not been as successful
as expected because of several drawbacks, like lack of motivating ele-
ments, the e�ort and cost of travelling, or boring exercises, ultimately
resulting in low adherence [39, 112].

Given the great popularity of digital games around the world at all
ages, exergames have been proposed as an alternative to improve bal-
ance among older adults [27, 29, 69, 73]. Exergames are digital games
controlled by real-time body movements recorded with tracking tech-
nology such as inertial measurement units, infrared cameras, and force
plates [73, 134]. The most common methods to study the e�ectiveness
of exergames, based on balance improvement, rely on assessing bal-
ance before and after exergame training [29]. However, balance con-
trol is typically not assessed during gameplay (in real-time). This kind
of assessment could be used to adjust the exergame di�culty level ac-
cording to the performance and skills of each individual player. In addi-
tion, appropriate adaptive feedback can be provided based on real-time
performance. Furthermore, appropriate feedback can increase motiva-
tion to play and therefore improve e�ectiveness and adherence of ex-
ergames [14, 42].

The main goal of this study is to conduct an exploratory multidimen-
sional data analysis, deriving metrics from exergame data recordings
and using visualization techniques, to establish measures that can be
used to quantify balance ability in real time during exergaming.

Balance control or postural control is de�ned as the ability to main-
tain the center of body mass (CoM) within limits of stability deter-
mined mostly by the base of support (the feet) during static or dynamic
tasks [98, 152]. When the CoM falls out of the base of support, hu-
mans have the ability to use muscular reaction against the force of
gravity to prevent falling, i.e., postural control. One of the most com-
mon ways to quantify balance is by extracting measures derived from
force plate recordings. A force plate is a device that measures three-
dimensional ground reaction forces, consisting of an anterior-posterior
(AP), a medial-lateral (ML), and a vertical component [149]. These
forces are used to derive the center of pressure (CoP) trajectories, in AP
and ML directions. The CoP is the location of the vertical ground reac-
tion force vector [150]. CoP trajectories are commonly visualized by a
statokinesigram or a stabilogram. The statokinesigram is a plot of the
AP direction versus the ML direction (Fig 2.1 (a)), while the stabilogram
is a plot of the individual CoP AP and ML time series (Fig 2.1 (b)) [35].
Although these kinds of visualizations are good enough to examine one
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or two CoP time series, they are not appropriate for visualizing multiple
CoP time series because plots will be too cluttered and unintelligible.
The ability to simultaneously visualize multiple CoP trajectories could
unveil hidden balance control patterns providing insight for further
data exploration.
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Figure 2.1: Typical ways of visualizing trajectories of the CoP. (a) statokinesi-
gram and (b) AP and ML stabilograms. This �gure was made using
R [104] and tikzDevice [123].
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Quanti�cation of balance changes by means of force plates is typi-
cally done by using average scalar parameters derived from CoP trajec-
tories, such as mean velocity and total distance; or measures of disper-
sion around the mean, like root mean square (RMS), standard deviation
(SD), and coe�cient of variation (CoV) [102, 107]. Two of the strongest
limitations of these measures are: (1) averaging suppresses information
relevant for understanding the time-varying structure of postural sway
patterns across time; and (2) establishing the validity of the measure-
ments is not possible because there is neither an ideal nor a perfect CoP
trajectory (gold standard) [18]. Thus, although typical measures have
been used for successfully quantifying balance during static tasks, they
are not suitable for studying the temporal dynamics of the CoP [18] and
cannot be used for real-time balance quanti�cation in dynamic tasks be-
cause these measures depend on the whole trajectory.

Continuous methods provide an alternative for quantifying CoP tra-
jectory variability as a function of time. Measures derived from the the-
ory of stochastic dynamics have been employed to quantify the time-
varying structure of postural sway patterns during both static as well
as dynamic tasks [72]. Even during quiet upright standing, an irregular
small amplitude body sway is continuously present. An extensive num-
ber of studies in the area of motor control have shown that this vari-
ability does not only re�ect noise but results from a complex interplay
of non-linear deterministic and random components [22, 72, 90, 131].
Getting insight into this time-varying structure during balance control
might provide insight into the underlying mechanisms, and may distin-
guish healthy from pathological motor control processes [131].

Many methods have been used to study the temporal dynamics of
the CoP trajectory, such as recurrence plots, Brownian motion, entropy
measures, and Lyapunov exponents [18, 22, 110, 113, 115]. Variability
of balance control can be considered as a continuum, with normal or
healthy variability positioned between two extremes. This view is in
line with the notion that health is characterized by ‘organized’ variabil-
ity, while disease is de�ned by a loss of complexity, increased regularity,
and either increase or decrease of variability, depending on the task to
be performed and the patient group [50]. Increased regularity and loss
of complexity of postural sway have been reported for several patient
groups, including stroke patients [113], athletes with sports-related con-
cussions [18], older adults [71], patients with Parkinson’s disease [118],
and children with Cerebral Palsy [33]. In general, such characteristics
are deemed to re�ect a less e�cient and less automatized form of postu-
ral control that is less adaptable and more susceptible to external pertur-
bations. However, a drawback of these non-linear methods is that they
heavily rely on whole trajectories over long periods of time. This limi-
tation makes these methods inappropriate for assessing balance during
game-play when balance needs to be quanti�ed in the order of millisec-
onds to seconds.
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2.1.1 Methodological approach

The methodological approach taken here is the following: (1) under-
standing the complexity and nature of CoP trajectories, from recordings
of participants from a broad age range, by simultaneously visualizing
multiple trajectories; (2) achieving real-time balance quanti�cation by
selecting measures that can be estimated for short periods of time (mil-
liseconds), and measures that re�ect variability and smoothness of the
trajectories such as instantaneous speed, local measures of dispersion
from the mean, turbulence measures, and curvature values; (3) analyz-
ing the results by using several visualization techniques.

In the absence of a gold standard and therefore not knowing if a per-
fect CoP trajectory is desired or can be achieved, we here investigate
how age, which is known to in�uence balance control [71], is related to
our extracted CoP features.

2.2 materials and methods

For this study we used the data collected in the context of the project
Exergaming for balance training of older adults at home [28, 31] of the
research center SPRINT of the University Medical Center Groningen
(UMCG). In this research center a custom-made ice-skating exergame
has been developed for unsupervised training of balance of older adults.
Additional information about the exergame and SPRINT can be found
in [1].

2.2.1 Participants

For this study forty healthy participants were investigated; 20 older (8
females, 12 males; 71.9 ± 4.0 years) and 20 younger adults (11 females,
9 males; 37 ± 16.6 years). Being physically �t and able to walk for at
least 15 minutes without aid (self-reported), and BMI < 30 were con-
sidered as inclusion criteria. Musculoskeletal, visual or neurological im-
pairments, or use of medication that could a�ect postural control, eye or
hearing impairments that might a�ect balance ability or gaming expe-
rience, and inability to understand Dutch language, were considered as
exclusion criteria. The study involving older adults was performed with
the approval of the Medical Ethical Committee, UMCG (approval METc
2013/244), and was executed in accordance with the ethical standards
of the declaration of Helsinki. The study involving younger adults was
performed with approval of the Ethical Committee of the Center of Hu-
man Movement Sciences at the UMCG. All participants signed written
informed consent. Further details can be found in [30, 31].
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2.2.2 Procedure and instrumentation

The participants played the exergame for about 50 seconds by swaying
the center of body mass in lateral directions in �ve di�erent conditions:
(1) neutral swaying at self-selected speed; (2) speeding up the game by a
factor of two; (3) swaying at maximum frequency at a self-selected am-
plitude; (4) lifting the contra-lateral leg; and (5) swaying at maximum
amplitude at a self-selected frequency. All participants performed each
trial twice, resulting in 10 trials per participant. In total, 40 × 10 = 400
trials were non-uniformly sampled at a frequency of about 170Hz us-
ing force plates. During the trials Kinect and VICON recordings were
captured as well and used for di�erent studies [30, 31].

2.2.3 Data preprocessing

The data were re-sampled at a �xed rate of 170Hz, using cubic spline
interpolation in Matlab R2015b, to deal with possible sample frequency
deviations. Raw (non-smoothed) data were used for analysis. On aver-
age the trials lasted 48 seconds. The �rst 5-6 seconds were used mostly
to prepare the participant for the trial resulting in di�erent types of
movements which were not part of the swaying exercise. In some trials,
force plate recordings continued up to 6 seconds after the end of the
swaying exercise. Therefore, for each trial, the �rst and last 6 seconds
were removed to avoid motions that were not part of the exercise, leav-
ing 36 seconds per trial on average for analysis. Finally, CoP trajectories
for each trial were computed as described in [150].

2.2.4 Measures to quantify balance

Features were extracted using the R language for statistical computing
and graphics, R version 3.2.4 Revised (2016-03-16 r70336) [104], the R
data.table package version 1.9.6 [34], platform: x86_64-pc-linux-gnu (64-
bit) under Ubuntu precise (12.04.5 LTS).

A trajectory is viewed as the path described by a moving point as
follows:

γ (ti ) = (ML(ti ),AP(ti )), i = 1, . . . ,N (2.1)

were γ (ti ) denotes the position vector of the CoP at time ti , AP and ML
are the anterior-posterior and medial-lateral coordinates of the CoP, and
N represents the number of points on the trajectory.

Fluctuations from the mean (FM) were computed as follows:

FM(ti ) =

√
(AP(ti ) −AP)2 + (ML(ti ) −ML)2, (2.2)
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where,AP andML are the averages ofAP(ti ) andML(ti ), and i = 1 . . .N .
Based on Eq (2.1) we computed instantaneous speed as follows:

v(ti ) =
‖γ (ti ) − γ (ti−1)‖

ti − ti−1
, i = 2, . . . ,N − 1, v(t1) = 0, (2.3)

where v(ti ) represents the CoP speed at time ti , and ‖.‖ indicates the
Euclidean norm.

Measures of dispersion

Although traditional measures are not suitable to study the temporal
dynamics of the CoP, some of these variables can also be used in a con-
tinuous form by integrating a time window into the de�nition. In this
way CoP temporal patterns can also be analyzed for short periods of
time. We use the following adapted equations:

SD(tk ) =

√√√
1
s

k+n∑
i=k−n

(FM(ti ) − FMk )
2, (2.4)

and

RMS(tk ) =

√√√
1
s

k+n∑
i=k−n

(FM(ti ))2, (2.5)

where SD(tk ) is the local standard deviation, FMk is the local mean
of FM(ti ) at time tk within the time window of size s equal to 2n + 1,
RMS(tk ) is the root mean square at time tk , and k = n + 1, . . . ,N − n.

The coe�cient of variation (CoV), also known as “coe�cient of rel-
ative variability”, allows for comparison of data with di�erent central
tendencies; it is unitless and scale invariant [82]. Thus, the CoV can
provide additional information about the relative dispersion of the data
within a particular participant or group. The CoV in its continuous form
is de�ned as the standard deviation normalized by the mean:

CoV (tk ) =
SD(tk )

FMk
. (2.6)

Variants of measures of dispersion

Measures derived from Eq (2.4–2.5), and Eq (2.6) do not take into ac-
count distances between points in the CoP trajectory, but only distances
from the mean. The former distances should be considered in the cal-
culations, because the measures that include time windows do not
take into account that participants could be moving at di�erent speeds,
which could result in similar measures of deviation. Higher speeds will
produce larger distances travelled between time points and smoother
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trajectories. To take variable distances between points in the CoP into
account, we modi�ed the measures of dispersion, Eq (2.4–2.6), by di-
viding by the distance travelled within the time window, as follows:

SD ′(tk ) =
SD(tk )

d(tk )
, (2.7)

RMS ′(tk ) =
RMS(tk )

d(tk )
, (2.8)

CoV ′(tk ) =
CoV (tk )

d(tk )
, (2.9)

where d(tk ) =
k+n∑
i=k−n

‖γ (ti+1) − γ (ti )‖ represents the distance travelled

along the trajectory within the time window tk , wherek = n+1, . . . ,N−
n.

Turbulence intensity

According to Bradshaw and Woods [94], turbulence is the most com-
plicated kind of �uid motion. Some of the main features of turbulence
are spatio-temporal randomness, irregularity, loss of predictability, and
high dissipation [137]. Turbulence has been studied for more than a
century at all possible scales, from the interior of cells to super-galactic
scales. Despite the di�culty of understanding turbulence, turbulence
measures usually involve simple properties of motion �uctuation as ob-
served in parameters such as temperature and speed [133]. If we think of
balance control as motion �uctuation produced by stabilization of the
body during static and dynamic tasks, turbulence measures could be
used to characterize balance control. Indeed, a common unitless mea-
sure of turbulence intensity is the CoV of speed (Eq 2.10), i.e., the stan-
dard deviation of speed, normalized by its mean [17, 133]:

I (tk ) =

√
1
s

k+n∑
i=k−n

(v(ti ) − µ(tk ))2

µ(tk )
, µ(tk ) =

1
s

k+n∑
i=k−n

v(ti ) (2.10)

Here I (tk ) is the turbulence intensity at time tk , s = 2n + 1 is the size
of the running window, and k = n + 1, . . . ,N − n. We also de�ned a
variant of Eq (2.10) by using the mean square instead of the mean as
denominator:

I ′(tk ) =

√
1
s

k+n∑
i=k−n

(v(ti ) − µ(tk ))2

µ ′(tk )
, µ ′(tk ) =

1
s

k+n∑
i=k−n

v(ti )
2 (2.11)
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2.2 materials and methods

Curvature

Curvature measures the degree to which a curve is not a straight line. A
straight line has zero curvature, and large circles have smaller curvature
than small circles [100]. In this sense, more �uctuating or irregular tra-
jectories should have larger curvature values. Thus, curvature may be
useful to further characterize CoP trajectories. Curvature values along
a trajectory can be approximated by the curvature of a circle passing
through three consecutive points [154] as follows:

κ(ti ) = 4
4abc

abc
= 4

√
ŝ(ŝ − a)(ŝ − b)(ŝ − c)

abc
, (2.12)

where a = ‖γ (ti ) − γ (ti−1)‖, b = ‖γ (ti+1) − γ (ti )‖ and c = ‖γ (ti+1) −

γ (ti−1)‖ (see Fig 2.2),4abc is the area of the triangle de�ned by the points
a,b, c; ŝ = (a + b + c)/2 is half of the triangle perimeter (from Heron’s
formula [99]), and i = 2, . . . ,N − 1.

γ(ti−1)

γ(ti)

γ(ti+1)
R

R
a

b

c

Figure 2.2: Schematic representing the elements used to approximate curvature
values.

The blue curved line represents the trajectory, γ (ti−1...i+1) are the in-
volved points to estimate the curvature value at the γ (ti ) point, a, b and
c are the sides of the triangle, the dotted line is the �tted circle, and R is
its radius.

Balance measure extraction

To select the window size s in Eq (2.4–2.11) we considered, as the main
constraint, s to be shorter than half of a sway cycle, i.e., shorter than a
CoP transition between feet, as otherwise some temporal details might
be missed. The maximum sway frequency among older and younger
participants for this particular experiment is about 0.65Hz [31]. Thus,
we tested several window sizes within the range of 0.2 to 0.5 seconds,
which yielded similar results. Here we show results using a window size
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of 0.3 seconds. As the CoP trajectories were re-sampled at 170Hz, we
used n = 25 and s = 2n + 1 = 51 samples.

After computing the local measures for each trajectory described by
Eq (2.3–2.12), the medians per trajectory were extracted. Note that for
curvature values we do use both means (denoted by κ) as well as medi-
ans because these measures do not seem to be as sensitive to outliers as
the other measures. A reason might be that for points on the trajectory
far away from the force plate area, curvature values are small compared
to those within the force plate area, thus having a small e�ect on the
mean. Medians and means were stored in a matrix of 400 rows (trials)
by 11 columns (measures), available as Supporting Information.

Statistical analyses

To investigate whether balance measures for older and younger partic-
ipants were signi�cantly di�erent the following tests were performed.
The Shapiro-Wilk test [122] was used to determine whether balance
measures in each group followed normal distributions. If this was in-
deed the case, balance measures were compared between groups using
T-tests, otherwise the Mann-Whitney U-test was used [80]. Bonferroni
correction was applied to correct for multiple comparisons.

2.3 results

2.3.1 Multiple CoP trajectory visualization

The main purpose of the visualizations in this subsection is to gain quick
insight into the structure of the CoP trajectories with the least possible
preprocessing. To achieve this, we visualized the CoP ML movement
using heat maps and violin plots.

Heat map

One of the most space-e�cient ways to visualize data is a pixel-based
representation [5]. An instance of this kind is the heat map, which is
typically a rectangular tiling of a color-coded data matrix. Heat maps
allow for the simultaneous exploration of several thousands of rows and
columns [148]. Inspired by heat maps, we plotted CoP ML trajectories as
ordered scatterplots. Each point is color-coded as a function of CoP ML
position and plotted at coordinate (it , t), where t represents time on the
vertical axis, it is an index along the horizontal axis used to represent
each CoP ML trajectory as a vertical line, it = (np − 1) × 11 + trial =
[1, . . . , 440], where np is the index of participant [1, . . . , 40] (ordered
by age), 11 is the number of trials per participant (the 11th trial is an
empty one used to separate each ten trials per participant), and trial is
the index of trial [1, . . . , 11].

18



2.3 results

Force plate recordings may contain erroneous measurements, result-
ing in values extremely far away from the average and outside of the
force plate area (outliers). Color-shading functions are very sensitive to
outliers because they cause most of the values to be projected into a
small section of the color range, thereby hiding the main structure of
the data. According to the experimental set up [31], participants were
asked to keep their feet within an 80 × 60 cm2 area. Thus, to avoid the
e�ect of outliers, values outside of this area were excluded from plot-
ting. As the number of outliers is limited (< 0.05%) and the sampling
rate is high (170Hz), the di�erence is unnoticeable.

Fig 2.3 shows the 400 CoP ML stabilograms during 20 seconds as a
heat map. This �gure reveals several interesting features:

1. In general, younger participants (20-60 years old) have larger CoP
ML amplitudes than older participants, as indicated by the higher
color intensity in the younger participants. This visualization is
consistent with studies reporting physical decline particularly af-
ter 60 years of age. For example, a recent study [53] reports evi-
dent decline in walking speed and aerobic endurance for people
in their 60s and 70s;

2. Younger participants move at higher speeds than older partici-
pants, as can be observed from the higher frequency of the verti-
cal transitions in younger participants;

3. Sharp and clear transitions indicate that CoP trajectories among
younger participants are smoother than among older partici-
pants;

4. Other particular observations are: some of the trials recorded
from the �rst participant aged 21 did not last at least 20 seconds,
the second participant aged 23 seems to be the fastest, and the
second participant aged 77 shows the largest amplitude and the
most clear CoP ML transitions among older participants. Indeed,
this participant seems to behave as a young participant.

Violin plots

One of the main strengths of violin plots is their potential to reveal
peaks, valleys, and bumps in the shape of distributions [58]. These fea-
tures could be useful for the identi�cation of clusters and for compar-
ison of distributions. Fig 2.4 shows violin plots of the CoP ML trajec-
tories of the ten trials per participant, ordered by age. These plots in-
clude data of complete CoP trajectories (not only 20 seconds) and are
displayed along the horizontal axis. The vertical axis represents the CoP
ML coordinate. In a di�erent way, this �gure con�rms several obser-
vations made for Fig 2.3. For example, CoP ML amplitudes are clearly
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Figure 2.3: Heat map visualizing 400 CoP ML stabilograms. The horizontal axis
represents trials per participant, with participants ordered by age.
The vertical axis represents time from 6 to 26 seconds. The color-
coded vertical lines represent the CoP medial lateral position per
trial.

20



2.3 results

larger among younger participants, as can be derived from the distances
between the bumps (higher densities) at the extremes of the distribu-
tions. Because the data were re-sampled at 170Hz, higher densities indi-
cate more samples and therefore more time than lower densities. Thus,
bumps also indicate that most of the time the CoP is under one of the
feet. The lower densities of samples (valleys) indicate higher speeds
among younger than older participants. Indeed, if we look carefully be-
tween “red” and “blue” transitions in the heat map, there is a smaller
“yellow” line, the length of this line representing the time of the transi-
tion. This is easier to observe in the violin plots than in the heat map
by looking at the thickness of the distributions between bumps. The vi-
olin plots also clearly show a participant that behaves di�erently from
the other participants, the 78 year old participant who keeps the CoP
between his/her feet most of the time, as illustrated by the bump in the
middle of the distribution (completely opposite to the rest of the distri-
butions), indicating a low degree of sway in the ML direction. In fact, if
we look back at Fig 2.3 and closely look at this participant, we can see
that in trials 3-6 there are almost no CoP ML transitions. This observa-
tion explains the shape of the distribution.

In summary, heat maps and violin plots together allow to gain insight
into speed, frequency, amplitude, and smoothness of the CoP trajecto-
ries. We can also see di�erences between participants and types of trials.
In addition, based on the above observations we expect higher measures
of variability (SD, Eq (2.4), and RMS, Eq (2.5)) in younger than older
participants because of their higher CoP ML sway amplitudes. We also
expect higher curvature values among older than younger participants,
as indicated by the smoother trajectories among younger participants.
Naturally, higher speeds are expected for younger than for older partic-
ipants as well.

2.3.2 Visualization of multiple features

In this subsection we use a heat map, violin plots, a parallel coordinate
plot, and a scatterplot matrix to visualize our results, because these
types of visualizations are some of the appropriate techniques to ex-
plore multidimensional data [5, 49]. Each visualization leads to di�erent
insights into the behavior of the participants allowing us to identify the
best measures for real-time quanti�cation of balance.

Heat map

Taking advantage of heat map features we simultaneously visualized
and analyzed trials, participants, and measures. Fig 2.5 shows the 400×
11 matrix normalized and visualized as a heatmap. The horizontal axis
represents trials of participants, ordered by age. The vertical axis rep-
resents the di�erent measures used in our calculations. Each measure
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Figure 2.4: Violin plots representing CoP ML transitions between feet. The hor-
izontal axis represents the distribution of CoP ML measurements per
participant as violin plots, and the vertical axis represents the CoP
ML coordinate. This �gure appeared in [126]. Eurographics Proceed-
ings 2016. Reproduced by kind permission of the Eurographics As-
sociation.
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per trajectory is represented as a color-coded vertical line. Darker col-
ors represent higher values than lighter colors. Ten consecutive vertical
lines form a bar which represents ten trials per participant.

In Fig 2.5, values of curvature κ and turbulence intensity I ′ are
lower for younger participants than for older participants, and speed is
slightly higher for younger participants. The measure that shows the
most clear di�erences between younger and older participants is RMS .
The rest of the measures are not clearly di�erent between older and
younger participants. In this �gure and for this particular sample, it is
also possible to identify di�erences within groups of participants. For
example, participants from 58 to 69 years old seem to have the most
irregular trajectories, as darker curvature colors indicate more irregular
trajectories than lighter colors. These participants are also the slowest
ones in the group, as can be derived from speed values in the same
columns. The fastest participants in our group are from 53 to 57 years
old, who scored low curvature values.

Overlapping violin plots

Fig 2.5 provides qualitative insight into balance measures showing dif-
ferences between younger and older participants. What is missing, how-
ever, is a quantitative measure of these di�erences. We use the over-
lapping coe�cient (OVL), de�ned as the area of overlap between two
probability density functions [23], as such a measure. If f1(x) and f2(x)
represent the younger and older density curves, respectively, the OVL
can be determined as follows:

OVL =
∑
x

min[f1(x), f2(x)]. (2.13)

The OVL has the following properties: (1) 0 ≤ OVL ≤ 1, (2) OVL = 0
if and only if there is no overlap area between the two curves, and (3)
OVL = 1 if and only if the two curves are identical [23, 109]. Thus, the
OVL provides a quantitative measure of the di�erence between older
and younger participants. Fig 2.6 shows along the x-axis the 11 mea-
sures and their density curves, as violin plots, grouped by older and
younger participants. Above each violin plot there are three values, the
OVL, the U -statistic and the p-value, the latter two resulting from sta-
tistical comparisons. The violin plots are sorted according to the OVL
between groups. They-axis represents the normalized measures. To nor-
malize the data, for each value the mean was subtracted and the result
was divided by the standard deviation.

The Shapiro-Wilk test indicated that only κ was normally distributed
(W > 0.99, p > 0.05) for both older and younger groups. Mean κ
(182.09) for the older participants was signi�cantly lower than the mean
κ (239.4) for younger participants (t = −12.21, d f = 387.25, p < 0.01).
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Younger and older participants did not di�er for CoV or SD measures
(p > 0.05). Younger and older participants di�ered on all other measures
(see Fig 2.6).

Fig 2.6 allows to gain additional information about the measures
and their potential to di�erentiate between groups of participants.
SD ′, RMS ′, CoV and SD show the smallest di�erences between groups
(OVL > 79%); CoV ′, I ′ and Speed show better distinction with an over-
lap between 62.6% and 64%. Consistent with the heat map visualization
(Fig 2.5), the violin plots show that RMS and κ are measures that show
clear di�erences between groups. Furthermore, Fig 2.6 reveals that I
should also be considered for further exploration, because this measure
shows the second lowest OVL among the measures.

Parallel coordinates

Parallel coordinate plots (PCP) provide a practical way to visualize mul-
tivariate data. This kind of visualization has a number of features that
are desirable for a good visualization of multivariate data, like low rep-
resentational complexity, invariance to rotation, translation and scaling,
mathematical rigour, and ease of data exploration [63]. Despite of the
popularity of PCP within the visualization community, they are still
unknown in many other domains [56]. Balance quanti�cation is an ex-
ample of such a domain.

One of the main drawbacks of PCP is the visual clutter that results
from the overlap of too many polylines hiding the main structure of the
data [158]. A common way to minimize visual clutter is by rearranging
the parallel axes [76]. According to [56], there are several metrics to
reorder the parallel axes such as measuring Euclidean distance, overlap,
and number of line crossings. To reduce visual clutter we reordered the
axes using the same order as in Fig 2.6, from minimum to maximum
overlap between older and younger groups.

In Fig 2.7, the parallel axes represent the measures derived from equa-
tions (2.3-2.12). Behind each axis is a boxplot, where points located out-
side the boxplot whiskers represent outliers: values beyond 1.5 times the
corresponding interquartile range [139]. Each color-coded-transparent
polyline represents the values derived from one trajectory. In addition
to the previous observations, this visualization highlights the following:

1. the parallel axes and the transparent polylines together provide
a di�erent view of the overlap between groups;

2. I , CoV ′, and SD are the measures most sensitive to outliers, as
indicated by the boxplots;

3. clusters of polylines suggest strong correlations between some
measures. For example, trajectories with high I -values are mapped
onto low κ-values and vice-versa, something similar happens be-
tween κ, Speed and I ′.
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Figure 2.7: Normalized measures as a parallel coordinate plot. In the box plots
points beyond the whiskers are outliers as speci�ed by [139].

Projections.

Projections are particularly useful to gain additional insight when the
data lie close to a two- or three-dimensional subspace [66]. We applied
principal component analysis (PCA) to investigate whether this is the
case and how we could visualize groups. PCA showed that the �rst four
principal components (PCs) account for more than 95% of the variance
and the �rst two PCs account for more than 79% of the variance. Fig 2.8
shows a biplot with vectors labeled with variable names at their end-
points. The end-points are the projections of the eigenvectors corre-
sponding to the �rst two PCs. For better visualization the vectors were
multiplied by 5, as multiplying the eigenvectors by a constant does not
change the biplot interpretation (see [74], p. 403). In addition, we used
the �rst two PCs to project data points onto a two-dimensional subspace.
In this plot each color-coded point represents a trajectory. Color repre-
sents older and younger participants. Two 95% con�dence ellipses were
drawn, based on [65], to better visualize older and younger clusters.

Fig 2.8 illustrates that the magnitudes of RMS , CoV , and their vari-
ant vectors are larger than the rest of the variables indicating stronger
contribution to the PCs. In addition, their directions (more aligned to
the vertical axis) indicate stronger contribution to the second PC. The
angles between the variable vectors can provide additional information
about the correlation between variables [41]. Orthogonal or almost or-
thogonal vectors indicate weak correlation, opposite vector directions
indicate strong negative correlations, and similar directions indicate
strong positive correlations. Thus, CoV and CoV ′ are negatively cor-
related with RMS and RMS ′; SD is negatively correlated with κ and I ′;
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Figure 2.8: Biplot and projection of the balance measures onto the �rst two prin-
cipal components PC1 and PC2. The arrows represent the variable
vectors and the ellipses cluster older and younger participants. This
�gure was adapted from [126]. Eurographics Proceedings 2016. Re-
produced by kind permission of the Eurographics Association.

Speed and I are strongly negatively correlated with κ and I ′, while the
rest of the correlations seem to be weak. The ellipses clearly show how
younger participants are grouped together in the upper part of the pro-
jection (upper ellipse), while trials from older participants are dispersed
in a larger area in the lower part of the projection (lower ellipse), hav-
ing some overlap with younger participants. This overlap suggests that
some older participants behave like younger participants and vice-versa.
Fig 2.8 also illustrates that the second principal component accounts for
most of the variability that may represent age-related di�erences among
participants, as the two groups are most strongly separated along this
axis.

To estimate the contribution of each variable as percentages to the
�rst two PCs, the squared loadings between the variables and the PCs
were multiplied by 100, as the square loadings re�ect the contribution
of the variables to the PCs [3]. In this manner, the variables that account
for most of the variability in the PCs can be identi�ed. Fig 2.9 shows the
contributions of the variables to the �rst two PCs, illustrating that RMS
and CoV ′ contribute most to PC2 and therefore probably account for
most of the age-related di�erences visible in Fig 2.8. Similarly, κ values,
Speed , I ′, SD and CoV are the most relevant variables for PC1.
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Figure 2.9: Contribution of the variables to the �rst two PCs. The horizontal
axis represents the variables and the vertical axis represents the per-
centage of contribution. The green dashed line represents the mean
contribution of the variables (100/11).

Scatter plot and correlation matrix

The inherent property of scatter plots to show the relationship between
two variables makes a scatter plot matrix an ideal tool to examine the
pairwise correlation between multiple variables. In Fig 2.10, the lower
triangular matrix shows the pairwise scatter plots between variables,
whereas the upper triangular matrix shows the Pearson correlation co-
e�cients between each pair of measures. A larger font size indicates
stronger correlation, either positive or negative. Absolute correlation
values smaller than 0.21 are not signi�cant.

Although there are some strong correlations (|r | > 0.75) between
some measures of dispersion or their variants such as (SD,CoV ) or
(CoV ,RMS ′), these correlations are not of much interest because this
is to be expected given their de�nitions. We can observe strong posi-
tive correlations between κ (either mean or median) and I ′ indicating
that higher curvature values are associated with higher turbulence mea-
sures. In addition, each corresponding scatter plot shows two clusters,
illustrating that younger participants score lower values and older par-
ticipants score higher values on both measures. We can also observe
strong negative correlations betweenκ and Speed indicating that higher
speed values are associated with lower curvature values and vice-versa.

In addition to the relationships identi�ed in the upper triangular cor-
relation matrix, it is interesting that the lower triangular scatter plot
matrix seems to indicate enhanced identi�cation of younger and older
clusters in some pairs of variables (see Fig 2.10), compared to using just
a single variable. For example, considering the scatter plot of the pair
(I ′, CoV ′), we see that young and old separate along a diagonal, mean-
ing that for both measures there are (for example) old participants that
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Figure 2.10: Correlation and scatterplot matrix. Lower triangular matrix: scat-
terplot matrix, to maintain a good aspect ratio of the plots, values
larger than 3.4 from the normalized data (2.5%) were excluded (only
for visualization purposes). To estimate the correlation coe�cients
all data were used. Each point represents a single trajectory. Upper
triangular matrix: Pearson correlation matrix. Larger font size in-
dicates stronger correlation, either positive or negative. Absolute
correlation values smaller than 0.21 are not signi�cant.

are separate from the young participants when considering the combi-
nation, but not when considering just one measure. In contrast, the pair
(I ,CoV ′) shows a mostly vertical separation, indicating that I alone is re-
sponsible for most of the separation between participants. Since Fig 2.10
shows quite a few plots with a separation between old and young that is
not strictly vertical/horizontal, we expect that further bivariate or mul-
tivariate analysis would be promising for the quanti�cation of balance
in real-time.
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2.4 discussion

The main goal of this study was to perform a visual data exploration to
�nd measures that can quantify balance continuously during exergam-
ing. In the absence of a gold standard, we considered a measure to be
valuable if it showed time-dependent changes in postural control, and
di�erences between older and younger participants in particular. Our
visualizations show that κ, Speed and I ′ are the most promising mea-
sures because (a) they show di�erences between older and younger par-
ticipants, (b) their pairwise scatter plots show clusters of younger and
older participants, and (c) they can be estimated during game play and
they can be used to provide immediate and appropriate feedback.

The heat map and violin plots (Figs 2.3 and 2.4) provided qualitative
insight into speed and curvature (irregularity) of the CoP trajectories
and their variability across younger and older participants. Visualizing
balance measures using a heat map showed Speed and κ di�erences
between older and younger groups, and revealed I ′ as a valuable mea-
sure to di�erentiate between the two groups. Estimating the overlap
between violin plot distributions of young and older adults (Fig 2.6) pro-
vided quantitative measures to select the best variables di�erentiating
older and younger participants (κ, Speed and I ′). The parallel coordinate
plot provided visual evidence of strong correlation between κ, Speed
and I ′, and indicated that these measures are not so sensitive to out-
liers. PCA analysis showed that among other measures κ, Speed and I ′

are relevant variables for the �rst PC. Finally, the correlation and scatter
plot matrix illustrated that κ, Speed and I ′ might be some of the most
promising measures for clustering older and younger participants.

Speed may be a relevant measure of time-dependent balance, as it
has been reported to be one of the most reliable age-related measures
derived from force plate recordings [4, 75, 106]. Speed by itself provides
limited information about the quality of movement, as the reasons for
a determined speed are unknown. The fact that more irregular trajecto-
ries should have higher curvature (κ) values can provide additional in-
formation on the quality of the movement. To our knowledge, although
used in other �elds, curvature is a new measure of balance, as it has not
yet been used to quantify balance control over time. Thus, Speed and κ
might be two suitable measures for the quanti�cation of balance in dy-
namic tasks. In addition, the estimation of κ and Speed does not depend
on a reference point like the mean nor on a gold standard, which is a
desired feature for a dynamic balance control measure [18]. Turbulence
intensity (I ) is a known measure in �uid dynamics. By the de�nition of
I , higher speeds re�ect higher I -values. Therefore it is natural to expect
higher I -values for younger than for older participants. However, little
is known about its variant (I ′). Our results show that younger partici-
pants score lower I ′-values than older participants. Although it seems to
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be a promising measure to di�erentiate older and younger participants,
it not known whether this di�erence re�ects balance control.

Despite showing the best results for clustering older and younger
groups, RMS and I , as indicated in Figs 2.6 and 2.10, have two main
drawbacks with respect to Speed and κ: (1) they do depend on a local
mean, and (2) it is not clear whether they indicate better or worse bal-
ance control. RMS is a traditional measure of balance in static tasks and
usually older people show higher RMS variability than younger people.
However, RMS is not a common measure for dynamic tasks, and our re-
sults actually show higher variability among younger participants. As
turbulence intensity (I ) represents the local variability of Speed within
a certain time window, the lower I -scores among older participants may
suggest better postural control (as traditionally interpreted), but this is
not expected. Thus, further exploration should clarify the interpretation
of these two metrics.

Filtering the data could remove signi�cant variability to di�erentiate
older and younger participants. Thus, it is important to note that we
did not smooth the data with a low-pass �lter having a certain cut-o�
frequency between 5 and 15Hz, as commonly done for force plate data
preprocessing in balance quanti�cation studies [35]. Because our study
was exploratory, we used the original lengths of the trials (trajectories),
as they may provide additional information about the ability of the par-
ticipants to play the exergame and to �nish the trials. Further research
is needed to determine the e�ect of using di�erent lengths of the trials,
as they might have in�uenced our results to some extent.

Although here we showed visualizations using average and median
values, continuous measures can be estimated during real-time perfor-
mance. Local measures of dispersion and turbulence can be computed
for short periods of time, in the order of hundreds of milliseconds. Fur-
thermore, speed and curvature can be computed almost as fast as the
data is being recorded, for every two and three samples respectively. In
addition to force plates, the measures presented here can be estimated
using human motion data recorded by di�erent kinds of tracking tech-
nologies such as inertial measurement units and infrared cameras.

Real-time balance quanti�cation during game play could be used to
provide immediate feedback to players and to adapt the di�culty level
according to their capacity. Appropriate feedback and adaptive game-
play in digital exergames could be valuable features to improve moti-
vation to play and to increase their e�ectiveness as tools to improve
balance [14, 147]. In addition, adaptive exergames could increase safety
for older adults. As decreasing performance (maybe because of fatigue)
could be detected, adaptive exergames could adjust the di�culty level
decreasing the risk of falls during exergaming. Conversely, increasing
performance of the participant will increase the game-di�culty level
that could prevent boredom and abandonment of the game. Another
use of balance quanti�cation in real time could be in the �eld of reha-
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bilitation where improvement could be assessed automatically during
exergaming based on the quality of body motions. Finally, a potential
and challenging application is the inclusion of this kind of real-time
balance control assessment into an expert system to automatically o�er
advice or personalized medicine to patients with motion impairments.

2.5 conclusions and future work

Here we have shown how visualization can be used as a way to explore
multivariate movement data of young and older adults recorded dur-
ing exergaming. The properties of heat maps and violin plots can be
used to gain quick insight and directions for further exploration. Paral-
lel coordinates, projections, and scatter plot matrices can reveal clusters,
patterns, and relationships hidden in the data. Moreover, the creation
of such visualizations is straightforward because they are commonly
implemented in standard software for statistical analysis.

Even though some single measures show age-related changes, our
results suggest that a combination of measures could be more valuable
to automatically quantify balance control in real-time, as illustrated by
the PCA projection and the pairwise scatterplots.

Possible topics for future research are �rst to determine the reliabil-
ity of these measures obtained in home conditions over longer periods
of time, using devices that track whole body movements, such as the
Kinect. Second, to evaluate the e�ectiveness of an adaptive exergame
as adjusted by the balance measures identi�ed in this study.
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A P P R O A C H

abstract

Improving balance performance among the elderly is of utmost impor-
tance because of the increasing number of injuries and fatalities caused
by fall incidences. Digital games controlled by body movements (ex-
ergames) have been proposed as a way to improve balance among older
people. However, the assessment of balance performance in real-time
during exergaming remains a challenging task. This assessment could
be used to provide instantaneous feedback and automatically adjust the
exergame di�culty. Such features could potentially increase the motiva-
tion of the player, thus augmenting the e�ectiveness of exergames. As
clear di�erences in balance performance have been identi�ed between
older and younger people, distinguishing between older and younger
adults can help identifying measures of balance performance. We used
generalized linear models to investigate whether the assessment of bal-
ance performance based on movement speed can be improved by incor-
porating curvature of the movement trajectory into the analysis. Indeed,
our results indicated that curvature improves the performance of the
models. Five-fold cross validation indicated that our method is promis-
ing for the assessment of balance performance in real-time by show-
ing more than 90% classi�cation accuracy. Finally, this method could be
valuable not only for exergaming but also for real-time assessment of
body movements in sports, rehabilitation and medicine.

3.1 introduction

The assessment of the quality of body movements in real-time is of
utmost importance in exergames, that is, digital games controlled by
body movements. Older adults form a special target group for exergam-
ing [29]. Because the number of injuries as well as the number of fatal-
ities caused by fall incidences among older people have increased dur-
ing the last decade [19], the ultimate goal of exergames is not only to
provide fun and entertainment but also to improve postural balance per-
formance. It is known that improving balance can reduce the incidence
of falls among the older population [48]. Assessing balance during ex-
ergaming could be used to adapt the di�culty of the game as a function
of the quality of body movements of the player, as well as to provide ap-
propriate immediate feedback. This in turn could increase motivation
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of the player and also increase the e�ectiveness of exergames as tools
to improve balance [14].

Traditional methods to determine the e�ectiveness of exergames rely
on the assessment of balance before and after intervention tests [29].
Real-time methods to assess balance are still scarce and a gold standard
for dynamic balance assessment has not yet been established. Meth-
ods for real-time balance quanti�cation of whole body movements
as recorded by devices such as Microsoft Kinect are yet to be devel-
oped [30].

Common home exergame devices such as Microsoft Kinect 1 reliably
capture body movements that could be used to assess balance perfor-
mance during exergaming [30]. It is known that younger adults have
better postural performance than older adults [71]. There is also evi-
dence of signi�cant deterioration of postural performance, as evaluated
from the center of pressure (CoP), over 60 years of age [4]. Hence, distin-
guishing between older and younger adults on the basis of movement
characteristics can help to identify measures of (dynamic) balance per-
formance. One way to identify older and younger adults is by means of
generalized linear models (GLMs) [159]. Assuming that the actual age
of a group of people is unknown (or temporarily ignored), we use GLMs
to predict their age based on curvature and speed of their body motion.
The results of this model prediction are meaningful values that can be
interpreted as probabilities of the people belonging to a younger or an
older age class. In addition, these GLMs can be used in real time dur-
ing exergaming and continuously provide insight into the behaviour of
the player, as they would indicate whether this behaviour is similar to
that of an older or a younger participant, representing weak or strong
balance performance, respectively.

In this paper, we investigate curvature and speed of body movement
as measures of interest for assessing balance performance in real time.
Speed is a reliable measure of balance performance [102] and can be
estimated instantaneously during exergaming. Although curvature is
not commonly used, it has been identi�ed as a promising measure for
postural performance assessment in real-time [128], as it can provide
additional information regarding the smoothness of body movements
and can also be estimated instantaneously during exergaming. How-
ever, speed and curvature cannot be considered independent measures
as they are related according to a power law [51]. We therefore also in-
vestigate whether linear regression parameters, derived from the speed-
curvature relationship on doubly logarithmic scale, can be used as com-
pound measures of real-time balance performance. Figure 3.1 shows our
methodological approach in a �ow chart.
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Figure 3.1: Schematic showing the general steps followed in this study.

3.2 methods

This study was performed in the context of the project Exergaming
for balance training of older adults at home of the SPRINT research
center [1] of the University Medical Center Groningen (UMCG). Part
of the project was the development of a custom-made ice-skating ex-
ergame for unsupervised balance training of older adults. The study
was executed in accordance with the ethical standards of the declara-
tion of Helsinki and approved by the Medical Ethical Committee, and
the Ethical Committee of the Center of Human Movement Sciences at
the UMCG.

3.2.1 Participants

The data were collected from forty healthy participants in a previous
study [31]. Twenty participants were older than 65 years (average 71.8,
SD 4.0 years, twelve males). Twenty participants were younger than 61
years (average 36.9, SD 16.6 years, 9 males). Inclusion criteria were BMI
< 30 and the ability to walk without aid (self-reported) for at least 15
minutes. Exclusion criteria were the use of medication a�ecting postu-
ral performance, musculoskeletal, visual, hearing, or neurological disor-
ders that may a�ect balance performance, or an inability to understand
the Dutch language.
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3.2.2 Procedure and instrumentation

Each participant played the exergame ten times by swaying the center
of body mass in lateral directions, resulting in 400 trials in total. On
average, the trials lasted 44.3 seconds (SD 17.8 seconds). During game-
play, 15 body parts were non-uniformly sampled at a frequency of about
30Hz using Microsoft Kinect version 1. Figure 3.2 provides an example
of the 15 point clouds recorded by Kinect during one minute of exergam-
ing. For further details regarding the body positions captured by Kinect
see [146, pp. 99].

Figure 3.2: Point clouds of 15 body parts tracked by Kinect during one minute of
exergaming of a younger participant; head and shoulders (red), mid
shoulder (blue), mid spine and hips (orange), hands (green), elbows
(purple), knees (blue), and feet (yellow).

3.2.3 Data preprocessing

Kinect data were re-sampled at a �xed rate of 30Hz using cubic spline
interpolation [85] to deal with possible sampling frequency deviations.
For each trial, the �rst and last 5 seconds were removed to exclude mo-
tions that were not part of the swaying exercise. Feet, hands, and fore-
arms were excluded from the analysis at this stage already, as they have
the least reliably recorded body-part trajectories [30].
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3.2.4 Curvature and speed estimation

For all the collected trials we estimated instantaneous speed (s) as the
distance between two consecutive points divided by sample time. In-
stantaneous curvature (κ) was approximated by taking the inverse of
the radius of a circle �tted to each three consecutive points [128].

3.2.5 Intercepts, slopes and means

Parameters from the power law relation between curvature and speed
can be estimated [51] by �tting straight lines in doubly logarithmic
space using the following linear model:

log(sk j (ti )) = γk j + βk j · log(κk j (ti )) (3.1)

where k = 1 . . . 40 is the index of the participants, j = 1 . . . 9 is a body
part identi�er, t is time, i = 1 . . .n, n is the number of samples per body
part, γk j are the intercepts of the straight lines, and βk j are the slopes.
These parameters were estimated using [85]. For each participant and
body part, average curvature κ̄k j and speed s̄k j were also estimated.

3.2.6 Body part and variable selection

The aim here is to reduce the complexity of the data as much as possi-
ble. For that purpose we estimated intercept correlations for all pairs of
body part variables (γj ,γj′), where j ′ > j. Highly correlated body parts
(r > 0.95) were excluded. As a result only mid shoulder, mid spine and
right knee body parts remained for analysis because head, mid shoul-
der and shoulders, mid spine and hips, and both knees turned out to be
highly correlated. Using the remaining body parts we tested whether
the variables speed (s̄j ), curvature (κ̄j ), and power law parameters (in-
tercept γj and slope βj ) showed signi�cant di�erences between older
and younger participants, as assessed by Mann-Whitney U-tests [80]
with Bonferroni correction for multiple comparisons. These di�erences
provide insight into the importance of the variables to di�erentiate the
two groups. Variables showing no di�erences between age groups were
excluded from the analysis. As a resultγj and s̄j derived from mid shoul-
der and mid spine were found to be the most important variables, κ̄j
also showed signi�cant di�erences, but βj did not. Therefore, βj was
excluded from the analysis (see Figure 3.3).

3.2.7 GLM creation and selection

A GLM can be speci�ed in three steps [159]. First, an assumption is made
about the distribution of the outcome variable. In our case, we assumed
that the response variable follows a Bernoulli distribution, that is,Pk is
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Figure 3.3: Overlapping violin plots illustrating di�erences between older and
younger participants. The variables (γ -intercept, β-slope, κ-mean
curvature and s-mean speed) derived from three body parts (K-knee,
M-mid shoulder and S-mid spine) are shown on the horizontal axis
arranged by the overlapping area (OVL) between distributions [109],
and p is the statistical signi�cance of the di�erence (Man-Whitney
U-tests, Bonferroni corrected.
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the probability that a participant is 61 years or older and 1 −Pk is the
probability that a participant is younger than 61 years. Second, a linear
model as a function of the explanatory variables is speci�ed. Our ex-
planatory variables are speed, curvature, and parameters derived from
the power law relation between speed and curvature for mid shoulder,
mid spine and right knee. Third, the relationship between the mean
value of the outcome variable and the linear model is speci�ed.

Since in our case the outcome variable is binary (0 - young age class,
1 - old age class), we use logistic regression (or logit regression) which
was invented by Cox [24], see also [87]. Logistic regression generates
the coe�cients of a formula to predict a logit transformation of the prob-
ability of a binary response based on one or more independent variables.
The logit transformation involves the logit function, which transforms a
probability value constrained between zero and one into the logarithm
of the odds (or log odds),

logit(Pk ) = log(Pk/(1 −Pk )), (3.2)

which can take any real value.
In this study, we de�ned GLMs to predict age category as follows.

• The age category of the k-th participant, aдeCatk , follows a
Bernoulli distribution with probability Pk ;

• The logit transform of Pk is linearly regressed on the indepen-
dent variables mean speed, mean curvature, and power law
parameter (intercept) of the measured body parts, or a subset
thereof.

Putting all this into a mathematical formula we get:

aдeCatk ∼ Bernoulli(Pk ), k = 1 . . . 40

logit(Pk ) = α +

|B |∑
l=1

βl · Bl ,

α ∼ N (0, 10), βl ∼ N (0, 50)

(3.3)

where aдeCatk represents the age category younger (class 0) or older
(class 1) of participant k ,Pk is the probability that participant k belongs
to the older category, and B is a subset of the explanatory variables, i.e.,

B ⊆ {s̄(Mk ), s̄(Sk ), s̄(Kk ), κ̄(Mk ), κ̄(Sk ), κ̄(Kk ),γ (Mk ),γ (Sk ),γ (Kk )},

where mean speed s̄ , mean curvature κ̄, and interceptγ are the measures
derived for the body parts mid shoulder (Mk ), mid spine (Sk ), and right
knee (Kk ). The regression coe�cients are the intercept α , and the coef-
�cients βl for each variable in B, where |B | is the number of variables
in B.

41



assessing dynamic balance performance during exergaming

We selected the prior normal distributions N for α and βl in equa-
tion (3.3) with zero mean and standard deviation 10 and 50 respectively,
based on the highest posterior density interval (HPDI) band, which is
conceptually similar to the con�dence interval band. We tested several
priors using di�erent standard deviation (SD) values, SD values of 10
for γ and 50 for βl yielded the best �ts (narrower bands are preferred).
See [87, pp. 67] for further details regarding the HPDI.

Next, we investigated which combination of the variables would best
predict age category. Evaluating all possible subsets (29 for a set of 9
variables) of the full model de�ned by Eq. (3.3) can be time consum-
ing. Therefore, some speci�c models were considered based on the main
aims of the study and the importance of the variables and body parts.
Variables showing larger di�erences between older and younger partic-
ipants were considered to be more important. In this sense, intercept (γ )
and speed (s̄) derived from mid shoulder (M) are some of the most im-
portant variables (see Figure 3.3). We assumed that models without mid
shoulder variables would perform worse than models that include these
variables. We also wanted to investigate whether adding curvature to
the models could improve the performance of models that use only
speed as explanatory variable. Thus, in addition to the empty model

logit(Pk ) = α , (m0)

used only as reference [125], we de�ned 12 models falling within 3
classes: including only speed, including only intercepts, and models in-
cluding speed and curvature as follows.

• Model class I. Only speed

logit(Pk ) =α + β1 · s(Mk ), (m1)
logit(Pk ) =α + β1 · s(Mk ) + β2 · s(Sk ), (m2)
logit(Pk ) =α + β1 · s(Mk ) + β2 · s(Kk ), (m3)
logit(Pk ) =α + β1 · s(Mk ) + β2 · s(Sk )+

β3 · s(Kk ). (m4)

• Model class II Only intercepts (here, curvature is used to esti-
mate intercept values):

logit(Pk ) =α + β1 · γ (Mk ), (m5)
logit(Pk ) =α + β1 · γ (Mk ) + β2 · γ (Sk ), (m6)
logit(Pk ) =α + β1 · γ (Mk ) + β2 · γ (Kk ), (m7)
logit(Pk ) =α + β1 · γ (Mk ) + β2 · γ (Sk )+

β3 · γ (Kk ). (m8)
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• Model class III. Curvature and speed:

logit(Pk ) =α + β1 · s(Mk ) + β2 · κ(Mk ) (m9)
logit(Pk ) =α + β1 · s(Mk ) + β2 · κ(Mk )+

β3 · s(Sk ) + β4 · κ(Sk ), (m10)
logit(Pk ) =α + β1 · s(Mk ) + β2 · κ(Mk )+

β3 · s(Kk ) + β4 · κ(Kk ), (m11)
logit(Pk ) =α + β1 · s(Mk ) + β2 · κ(Mk )+

β3 · s(Sk ) + β4 · κ(Sk )+

β5 · s(Kk ) + β6 · κ(Kk ). (m12)

Fitting GLMs (m0 . . .m12) we encountered the complete separation
problem, which happens mostly when the number of samples is small
and a linear combination of the predictors perfectly or almost perfectly
predicts the outcome [7, 45]. In such a case, the maximum likelihood
�tting method provides implausible estimates. To circumvent this prob-
lem we used Markov chain Monte Carlo (MCMC) simulations to �t
the GLMs [105]. We also used the probabilistic programming language
Stan [43] and the rethinking [87] package as interface to �t the GLMs.

To compare the above models (m0 . . .m12) Watanabe-Akaike infor-
mation criterion (WAIC) [144] scores were estimated. WAIC is a mea-
sure of the predictive accuracy of the models on new data [46]. Hence,
this criterion provides a way of model selection. These scores were or-
dered from the lowest to highest (smaller values are preferred). For each
model the Akaike weight was also estimated, which is a partition of the
total weight of 1 among the models considered, so that the sum of the
weights is always 1 (see Table 1). These weights provide a more inter-
pretable measure of the relative di�erences between the models because
they are an estimate of the probability that a model will perform better
on new data given the models considered. Further details can be found
in [87, pp. 199, 207]. Note that for these comparisons the models were
�tted using all the participants (k = 1 . . . 40). This is a preparatory step
to select the models that will be assessed dynamically using �ve-fold
cross-validation [55, 68] which we consider next.

3.2.8 Dynamic GLM performance

The main purpose of the de�ned GLMsm1 . . .m12 is to perform dynam-
ical predictions on new data, that is, estimate balance performance con-
tinuously during exergaming. We restrict ourselves to a selection of four
models to be tested dynamically using �ve-fold cross-validation, as this
technique is computationally expensive. Based on the WAIC scores we
selected GLMs with the three highest scores, that is, m5, m7, and m11.
We also selected the model with the lowest scorem3 because it is based
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m5 M γ 2.4 0.15 1.08
m7 M , K γ 2.4 0.15 0.95
m11 M , K κ, s 2.6 0.14 0.85
m6 M , S γ 2.7 0.13 1.20
m12 M , S , K κ, s 2.8 0.13 0.94
m8 M , S , K γ 3.0 0.11 1.31
m10 M , S κ, s 3.6 0.08 1.37
m9 M κ, s 4.1 0.06 1.61
m2 M , S s 5.9 0.03 2.61
m4 M , S , K s 7.4 0.01 3.13
m1 M s 14.2 0.00 7.74
m3 M , K s 17.2 0.00 9.48
m0 57.5 0.00 0.03

Table 1: WAIC model comparison. Symbols represent: M-mid shoulder, S-mid
spine, and K-right-knee, γ -intercept, κ-mean curvature, and s-mean
speed. Column ‘Measure’: the variables included in a model; column
‘Body part’: the included body parts; column ‘Weight’ : the Akaike
weight; column SE: the standard error of the WAIC estimate.

only on speed values derived from mid shoulder and right knee body
parts. This model is used as a benchmark to show that adding curvature
and intercepts improves model performance.

Figure 3.4 illustrates the �rst iteration of the �ve-fold cross-validation
procedure. As part of the �ve-fold cross-validation procedure, the order
of the participants was randomized and �ve training-testing disjoint
subsets were created using 80% of the participants for training and 20%
for testing. For each iteration of the cross-validation procedure,m3,m5,
m7 and m11 were �tted again (on means and intercepts) in the training
phase. To test the trained models we estimated running means, from
the 20% testing data (local curvature and instantaneous speed, see sec-
tion 3.2.4), using a moving window over the whole length of the trials
in the testing set. To investigate the e�ect of the running window size,
each model was tested using 0.5, 1, 1.5, 2 second running means.

The models were assessed using traditional metrics such as the F-
measure, precision and recall [38]. Values of these metrics were esti-
mated using the threshold at the point with the best sum of sensitivity
and speci�city, closest to the point (0,1) of the ROC curve. Sensitivity
(also called “recall”) is the proportion of correctly classi�ed older par-
ticipants. Speci�city is the proportion of correctly classi�ed younger
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Figure 3.4: Visualization of the training and testing disjoint subsets used to as-
sess models m3, m5, m7, and m11 (only the �rst iteration of the �ve-
fold cross validation procedure is illustrated). The order of the par-
ticipants was randomized. Colors represent speed (s) and curvature
(κ) estimations derived from two body parts, mid shoulder (M) and
right knee (K ), using Kinect recordings.
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participants. Precision is the number of correctly classi�ed older partic-
ipants divided by the total number of classi�ed older participants. The
F-measure is the harmonic mean of precision and recall. The threshold
values were estimated using the pROC [111] R-package.

As a last step, we investigated whether more samples for training
could improve model performance. For this purpose we rede�ned m3,
m5,m7 andm11, to be trained on running means and running intercepts,
as follows:

logit(Pik ) =α + β1 · si (Mk ) + β2 · si (Kk ), (m′3)

logit(Pik ) =α + β1 · γ i (Mk ), (m′5)

logit(Pik ) =α + β1 · γ i (Mk ) + β2 · γ i (Kk ), (m′7)

logit(Pik ) =α + β1 · si (Mk ) + β2 · κi (Mk )+

β3 · si (Kk ) + β4 · κi (Kk ), (m′11)

where si and κi are the one-second running means of speed and curva-
ture respectively at time i , and γ i is the one-second running intercept.
Note that training these variant models (indicated by a prime) was com-
putationally expensive because we used the whole length of the trials (i
is the same index as in equation 3.1). For each training set, these models
were trained twice using 10% and 100% of the running means. The win-
dow size was selected after looking at the performance of the models
m1 . . .m12. These models performed worse using a 0.5-second window
size than using larger window-sizes, but there were no clear di�erences
from 1 to 2 second window sizes. Hence we used a window size of one
second.

3.3 results

Overlapping violin plots of mean speed and curvature, intercepts and
slopes (of the speed-curvature relationship) per body part provide �rst
insight into their potential to di�erentiate older and younger groups
(Figure 3.3). Smaller overlapping area (OVL) values suggest greater dif-
ferences between groups. This �gure shows that intercept and speed
measures derived from mid shoulder movements, γ (M) and s(M), dif-
ferentiate better between older and younger groups than the other mea-
sures. Although curvature measures (κ) from the three body parts show
around 50% OVL, the di�erence between older and younger participants
is still signi�cant. Slope measures (β) from mid shoulder, mid spine,
and knee show the least di�erences between older and younger par-
ticipants. Indeed, slopes show both the highest OVL values (> 60%) and
non-signi�cant di�erences between older and younger groups and were
therefore excluded from GLM �ts.

Next, we �rst consider GLM model selection based on global means,
where the averages are computed over the whole time interval based on
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Figure 3.5: Fits of the models m3, m5, and m7. The variables are intercept γ ,
speed s , curvatureκ, whereasP represents the probability of belong-
ing to the older age group. Dots and triangles represent mean values
per participant in log− log scale. The red circles in Model 3 indicate
participants that are misclassi�ed or not clearly classi�ed as older or
younger participants. In Model 5, the solid line represents the mean
point estimates of the posterior distribution. The light-gray shaded
area represents the 89% highest posterior density interval (HPDI)
band for the means. The HPDI is the narrowest range containing
the speci�ed probability mass, similar to the common con�dence in-
terval.

models m1-m12 in Section 3.2.7. Subsequently, we investigate dynamic
GLM performance, using the variant GLM models m′3,m

′
5,m

′
7,m

′
11, as

de�ned in Section 3.2.8.

3.3.1 GLM selection

Table 1 shows the model comparison results. It can be observed that
models including either curvature and speed together or only intercept
are among the “best” models. Also notice that most of these models
score similar Akaike weights (probability of making best predictions
on new data, see Section 3.2.7), suggesting similar model performance.
Models including only speed measures score the lowest weights of the
�tted models. This implies that including either curvature or intercepts
improves model performance on new data.

Figure 3.5 shows how modelsm3,m5, andm7 �t the data.
Model m3 in this �gure is based only on speed values derived from

mid shoulder and right-knee body parts. It scores the lowest WAIC
value in Table 1. The visualization of the �t ofm3 provides insight into
the performance of a model that does not include curvature as a predic-
tor variable. It shows a clear, but not perfect, separation between older
and younger participants.

Model m5 in Figure 3.5, is the “best” model according to WAIC crite-
ria. It is the simplest model as it only uses “one” variable, the intercept
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Figure 3.6: Projection of the four variables of modelm11 (κ̄ and s̄ estimated from
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variable vectors with names at their end-points (M-mid_shoulder,K-
right knee), see text for explanation. The �rst PC accounts for 78.63%
of the variance and the second PC accounts for 16.81%.

γ from the speed-curvature relation, derived from mid shoulder move-
ments. This visualization shows that including curvature in the model
improves the separation between older and younger participants.

Model m7 in Figure 3.5 shows perfect separation between older and
younger participants. In addition to intercept valuesγ derived from mid
shoulder, γ values derived from knee movements are included. Accord-
ing the �gure shows, this additional information helps to even better
di�erentiate older and younger participants.

The �t of modelm11 cannot be visualized in two dimensions because
it involves four explanatory variables (speed and curvature means de-
rived from mid shoulder and knee). However, we can use principal com-
ponent analysis [66] to visualize a projection of the points in the four-
dimensional space onto the two �rst principal components (PC). We can
also use a bi-plot to gain additional understanding of the contribution of
the variables to the �rst two PCs. Figure 3.6 shows the bi-plot and the
projection of the four variables of model m11. This �gure also shows
clear separation between older and younger participants in terms of
probabilities, since all the triangles have an orange color, and all circles
have a blue color. Note that in the projection, one older participant is
located among the younger participants. Larger arrows in the bi-plot in-
dicate stronger contribution of the variables to the PCs than shorter ar-
rows, orthogonal vectors indicate weak correlation and opposite direc-
tions indicate strong negative correlation between variables [41]. Thus,
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curvature has a stronger contribution to the PCs, curvature and speed
are strongly negatively correlated if they are derived from the same
body part, but only weakly correlated if they are derived from di�erent
body parts.

In summary, Table 1, and Figs. 3.5 and 3.6 show that including curva-
ture in the models improves their predictive performance.

3.3.2 Dynamic GLM performance

Figure 3.7 shows the performance of the models m3, m5, m7, and m11
and their variant versions (m′) tested on the trials using 0.5, 1, 1.5, and
2 second running-means (#H#, # , H# , and   ). In contrast to WAIC
comparison (Table 1) where two γ -based models get the highest scores
(m5 andm7), this �gure shows that these models score the lowest when
tested on 0.5-second running means. Moreover, m5, m7 and their vari-
ants (m′3 and m′7) are among the models scoring the lowest accuracies,
tested on 0.5-second and 1-second running means. Most of the models
based only on speed values (m3 andm′3) scored better than models �tted
onγ values. Clearly, the top 5 models are based on both speed and curva-
ture values (m11 andm′11). As for the size of the time window, although
most of the models tested on 0.5-second running means have the lowest
scores, there are no clear di�erences between the models. Regarding the
amount of data used to �t the models, surprisingly, there are no clear
di�erences in performance between models �tted on means and inter-
cepts, which include only 40 samples per variable, and models �tted on
10% or 100% (including about 30k and 300k samples) of the data see 1 ,
10 and 100 labels on the left of the �gure.

F-measure, precision and recall (“green”, “orange” and “purple” lines
in Figure 3.7) agree on the top-�ve models. Recall, that is the propor-
tion of correctly classi�ed older samples, shows that the top-�ve models
correctly classify above 90% of the older samples. These models score
between 0.8 and 0.86 on precision. The F-measure is commonly used
as a measure between precision and recall. Among these measures, re-
call could be the best measure for our purposes because a) it shows
the biggest gap between the top-�ve models and the rest of the models
(see the distance betweenm3 andm11), b) it shows the highest accuracy
in classifying older participants, which is the target population of ex-
ergames in this study, and d) it shows the smallest standard errors. All
in all, these results show that including curvature in the models indeed
improve their performance.

Figure 3.8 illustrates m11, the top model, with dynamic predictions
over time along the 400 trials. Even though the predictions for some
participants are not clear cut (see participants, 19, 20, and 39), this �g-
ure shows a clear separation of older and younger participants over
time, as on the left most of the probability values to belong to the older
age group are low (“blue”) and on the right most of the values are high
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(“orange”). The values in this �gure could be used to provide appropri-
ate feedback during game-play, as the player could see his/her instan-
taneous performance as “older” or “younger” participant. These values
could also be used to adjust the di�culty of exergames to meet the skills
of the players.

In terms of balance performance our results suggest, as could be ex-
pected, that the younger participants performed better during the trials
than the younger participants. This means that the older participants
performed slower during the trials than the younger participants, il-
lustrated in Figs. 3.3 and 3.5. Faster movements also indicate smoother
movements (smaller curvature values) among the younger than among
the older participants, because of the speed-curvature relationship [51].

3.4 discussion

Our main goal in this study was to investigate whether balance per-
formance as assessed by speed can be improved by adding curvature
in the assessment, in two ways: a) using compound measures derived
from the relation between curvature and speed, and b) using curvature
and speed together. Our results suggested that including curvature can
indeed improve postural performance assessment in real-time.

First, WAIC scores suggested that GLMs including both curvature
and speed, and GLMs including intercepts would perform better on new
data than GLMs including only speed (see Table 1). Second, common
classi�er performance metrics such as F-measure, precision and recall
suggested that GLMs including curvature and speed will probably per-
form better on new data than GLMs �tted only on speed or only on
intercepts (see Figure 3.7).

Although obtaining high prediction accuracy was not the main goal
of this study, it is a natural way to gain insight into the future usefulness
of the models [97], in our case, the usefulness for assessing balance per-
formance in real-time. In addition, the straightforward interpretation
of the probability values estimated from logistic regression are useful
to provide immediate and meaningful feedback and can be interpreted
by common people. These probability values indicate how likely the
quality of body movements is similar to that of an older person.

In a previous study, curvature and speed derived from force plate
recordings were identi�ed to be suitable measures of balance per-
formance in real-time, because a) they show di�erences between
older and younger participants, and b) they can be estimated instan-
taneously [128]. The results of the present study provide additional
evidence of this suitability, but now using Kinect recordings. This relies
on the ability to instantaneously characterize participants as “older” or
“younger” in terms of probabilities. Even though the model predictions
might be incorrect, the probability estimations could be useful because
some older participants could behave as younger ones and vice-versa.
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Figure 3.8: Model m11 predictions from 400 trials using one-second running
means. The horizontal axis represents 10 exergame trials for each
participant. The vertical axis represents time. Each vertical line
represents a trial. Participants are ordered by age, the �rst 20 are
younger and the rest are older. Color represents the probabilityP of
belonging to the older age group. For clarity, white lines are added
to separate between trials per participant. Also, missing Kinect data
are indicated by white lines.
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In addition, curvature and speed provide a natural and intuitive in-
terpretation of the results. For example, assuming that exergaming
players are healthy it is natural to expect that fast and smooth move-
ments re�ect good postural performance. On the contrary, slow and
non-smooth movements represent worse postural performance. As
these features can be assessed by speed and curvature, higher speed
and lower curvature values should re�ect better postural performance.

In another study [31], balance performance was assessed using the
same Kinect recordings. The authors used medial lateral movements
(values of x and y coordinates, but not z) of nine body parts of the play-
ers to identify patterns using Self Organizing Maps. Then, they trained
a kNN classi�er using the identi�ed patterns to discriminate older and
younger participants. The accuracy of the classi�er was 65.8%. Here, us-
ing two features derived from only two body parts we achieved more
than 90% recall accuracy (see Figure 3.7). These results suggest that fea-
tures derived from body movement trajectories provide more informa-
tion to di�erentiate older and younger participants than the coordinates
of the trajectories.

In this study, all of the models showed a “clear” separation between
older and younger participants. This may be because the number of par-
ticipants is small. Thus, including more participants could be expected
to give more overlap between older and younger participants. Still, the
separation we found is consistent with the evident physical decline of
people after 60 years of age. For example, older and younger partici-
pants were clearly di�erentiated using mean velocity during static tasks
in [102]. Evident physical decline was also reported in walking speed
and aerobic endurance for people in their 60s and 70s [53]. As exergam-
ing is a physical activity, it may not be a surprise that we here observed
similar di�erences between older and younger participants.

One of the limitations of this study is that the lengths of the trials are
short and the number of participants is small; to mitigate this, we ap-
plied 5-fold cross validation as an accepted method to gain insight into
the performance of classi�ers on new data. Further research is needed
to investigate the usefulness of the presented method on long interven-
tion studies. Another limitation is that the selection of body parts (mid
shoulder, mid spine and right knee) is partly imposed by the limited ac-
curacy of Kinect. More accurate devices may lead to a di�erent selection
of body parts for better classi�cation performance.

The method presented here based on GLMs could be used to assess
balance performance in di�erent kinds of exergames using di�erent
kinds of tracking technology. That is because our method depends on
features derived from the trajectory of body movements and not on the
tracking device. Also, in addition to curvature and speed, other instanta-
neously estimated variables/features can also be included in the models
such as torsion and their derivatives[154]. Once a GLM is �tted, the
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estimated parameters could be used to make predictions as shown in
Figure 3.8.

Studies such as [47] and [140] have suggested some desirable features
for the development of adaptive exergames. Some of these features are:
embracing age-related physical impairments, adapting individual di�er-
ences in player range of motion, preventing overexertion by providing
appropriate game pacing, and including automatic adjustment of di�-
culty. In this sense, the methods shown here form a �rm step towards
the development of adaptive exergames based on measures of balance
performance in real time.

3.5 computational cost

Figure 3.9 shows the amount of time used to �t models m′3, m′5, m′7,
and m′11 on 10% and 100% of the data, respectively. To �t these mod-
els we used a computer with two Intel Xeon E5-2630 processors of 2.3
GHz, each processor with 12 cores, and 64GB of main memory. For
each model we ran 24 simultaneous simulations, as there are 24 cores
available, with 1000 warm-up samples and 3000 iterations, resulting in
24×(3000−1000) = 48000 real samples in total. These models were �tted
using only 1-second running means as these �ts were computationally
intensive. The �gure clearly shows that the time increases exponentially
as the number of variables and the number of samples increase, see for
example modelm′11 that was �tted on 4 variables with about 300k sam-
ples. This �gure, together with the results shown in Figure 3.7 suggest
that models �tted on means and intercepts could be good enough to
make reliable predictions on new data. In addition, the most “complex”
modelm11 tested using 5-fold cross validation based on means and inter-
cepts required only about 2.5 minutes for �tting �ve di�erent datasets.
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Figure 3.9: Amount of time used to �t variant (m′) models on 10% and 100% of
the data, respectively. Note that as we used 5-fold cross validation,
the bars represent the time to �t a particular model 5 times on dif-
ferent datasets.
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3.6 conclusion

We have presented a promising method to assess dynamic balance per-
formance during exergaming. Curvature derived from the trajectories
of body movements can provide additional information to assess perfor-
mance in real-time. GLMs provide a way to derive a single measure, as
a function of curvature and speed, that represents the behaviour of par-
ticipants as belonging to a younger or older age group. Given reliably
captured body movement trajectories, this method could potentially be
used to assess the quality of movements in real-time not only in ex-
ergaming but in other �elds such as sports, rehabilitation, and medicine,
o�ering instantaneous and appropriate feedback that could foster moti-
vation and movement performance. Finally, in future work we plan to
study the validity and sensitivity of our method to detect changes in
balance performance, using trials recorded during an unsupervised six
week exergaming training at home.
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4A S S E S S I N G D Y N A M I C P O S T U R A L C O N T R O L I N
O L D E R A D U L T S D U R I N G A S I X -W E E K E X E R G A M I N G
P R O G R A M

abstract

Digital games controlled by body movements (exergames) have been
proposed as a way to improve postural control among older adults.
Exergames are meant to be played at home in an unsupervised way.
However, only few studies have investigated the e�ect of unsupervised
home-exergaming on postural control. Moreover, suitable methods to
dynamically assess postural control during exergaming are still scarce.
Dynamic postural control (DPC) assessment could be used to provide
both meaningful feedback and automatic adjustment of exergame di�-
culty. These features could potentially foster unsupervised exergaming
at home and improve the e�ectiveness of exergames as tools to improve
balance control. The main aim of this study is to investigate the e�ect of
six weeks of unsupervised home-exergaming on DPC as assessed by a
recently developed probabilistic model. High probability values suggest
‘deteriorated’ postural control, whereas low probability values suggest
‘good’ postural control. In a pilot study, ten healthy older adults (aver-
age 77.9, SD 7.2 years) played an ice-skating exergame at home half an
hour per day, three times a week during six weeks. The intervention
e�ect on DPC was assessed using exergaming trials recorded by Kinect
at baseline and every other week. Visualization of the results suggests
that the probabilistic model is suitable for real-time DPC assessment.
Moreover, linear mixed model analysis and parametric bootstrapping
suggest a signi�cant intervention e�ect on DPC. In conclusion, these re-
sults suggest that unsupervised exergaming for improving DPC among
older adults is indeed feasible and that probabilistic models could be a
new approach to assess DPC.

4.1 introduction

Maintaining good postural control in the population older than 60 years
is an essential skill to prevent falls. Falls can cause severe injuries, dis-
ability, and in the worst case death [84]. In addition, with advancing age
the incidence of falls increases. Exercise can improve postural control
and thereby reduce the risk of falls among the older population [48].
Exergames, a combination of exercise and digital games (also called
active video games), have been proposed as a way to improve postu-
ral control [89]. Although there is a considerable number of exergames
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available [96], the number of unsupervised intervention studies involv-
ing older adults is still limited [120]. Moreover, suitable methods to as-
sess dynamic postural control (DPC) during exergaming are still scarce.
Hence, further research is needed to investigate the e�ect of unsuper-
vised exergaming at home on DPC.

DPC assessment could be used to provide both meaningful online
feedback about postural control skill and automatic adjustment of ex-
ergame di�culty. In addition to gaming scores, online feedback based
on DPC assessment could increase players’ motivation preventing
abandonment. Dynamic di�culty adjustment could be used to prevent
overexertion providing appropriate game pacing [47]. These valuable
features could potentially foster unsupervised exergaming at home and
improve the e�ectiveness of exergames as tools to improve balance
control. Indeed, one of the promises of exergames is the ability to train
at home at any time, independently of the weather conditions and
avoiding also the e�ort and cost of traveling.

A promising ice-skating exergame controlled by body movements
tracked by Microsoft Kinect 1 has been developed to improve postu-
ral control among older people [28]. This exergame has been designed
to train lateral body movements, as the deterioration of this kind of mo-
tion has been associated with fall risk [57].

Recently we proposed the assessment of DPC using a generalized lin-
ear model (GLM) [159], which is a probabilistic model. The assessment
is based on curvature –as a measure of smoothness– and speed of body
movement trajectories [129]. As younger adults generally have better
postural control than older adults [102], estimating the degree to which
human body movements are similar to those of older adults can be a
way to assess postural control. The GLM developed in [129] expresses
this degree as a probability value (between 0 and 1). High probability
values suggest a ‘deteriorated’ postural control ability similar to those
of older adults, whereas low probability values suggest ‘good’ postu-
ral control similar to those of younger adults. The mathematical de�ni-
tion of the GLM is based on the assumption that the outcome variable
follows a Bernoulli distribution that can attain two values: 0, meaning
that the measures (curvature and speed) were collected from a younger
participant (60 years old or younger), and 1, meaning that the mea-
sures were collected from a participant older than 60 years. This GLM
was trained using data collected from 20 older and 20 younger partici-
pants. These participants executed ten trials of one minute ice-skating
game-play. The predictive accuracy of the GLM was assessed using the
Watanabe-Akaike information criterion (WAIC)[144] and its dynamic
performance was tested using �ve-fold cross-validation [55]. The GLM
achieved more than 90% accuracy in cross-validation, showing promise
for DPC assessment during exergaming.

In the present study we investigate the e�ect of six weeks of unsuper-
vised home-exergaming on DPC as assessed by the probabilistic model
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where high values suggest a ‘deteriorated’ DPC ability. During the in-
tervention, we expect improvement on DPC ability to be re�ected in
decreasing probability values.

4.2 methods

The e�ects of six weeks of home-exergaming intervention on quiet-
standing balance control, as assessed by measures derived from the cen-
ter of pressure trajectories, have been reported previously in Van Di-
est et al. [27]. Here, we report the intervention e�ect on DPC using
body movement trajectories collected by Kinect and assessed by a re-
cently developed probabilistic model.

4.2.1 Participants

Ten healthy older adults (�ve males; mean age 79.9 years old, SD 7.2) par-
ticipated in the pilot intervention program. The participants were able
to walk for at least 15 minutes without aid (self-reported). None of the
participants had exergaming experience. Participants with orthopedic
or cognitive impairments a�ecting their postural control ability were
not considered for this study. The study was approved by the Medical
Ethical Committee, University Medical Center Groningen, and was con-
ducted in accordance with the declaration of Helsinki. All participants
provided written informed consent before the intervention.

4.2.2 Procedure and instrumentation

The participants played the ice-skating exergame for about 30 minutes
a day, three times a week, during six weeks. The participants had at
least one resting day in between each 30 minutes of exergaming. The
exergame was played in two modes, coordination and endurance. In the
former mode, the participants had to complete an ice-skating track as
fast as possible without ‘virtual’ falls. A virtual fall is the result of hit-
ting obstacles or falling in an ice hole in the virtual environment. The
lengths of the tracks were 300, 600, and 1500 meters, respectively, and
were self-selected by the participants. In the latter mode, the partici-
pants had to “skate” as far as possible, on a straight ice-skating track
without obstacles or holes, within a self-selected period of 1, 2, or 5
minutes.

4.2.3 Data

To assess DPC, the participants performed 10 exergaming trials four
times, at baseline and after 2, 4 and 6 weeks of exergaming. The length
of the trials was �xed at 300 m. Of the 10 trials, �ve trials were in coor-
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dination mode and �ve in endurance mode. In the coordination mode
the tracks included 15 obstacles. On average the trials lasted 75.6 sec-
onds (SD 22.9 seconds). The trajectories of whole body movements were
recorded by Microsoft Kinect 1 during game-play. In total 400 trials were
recorded (10 participants, 10 trials per participant recorded 4 times dur-
ing the intervention period).

4.2.4 Data preprocessing

The Kinect data were resampled at 30Hz to avoid sample frequency devi-
ations. The �rst and last 5 seconds were removed. The �rst 80 seconds of
trial number 3, in coordination mode from participant 9, were removed
because of erroneous Kinect recordings. As a result 71 seconds (of this
trial) remained for analysis.

4.2.5 Dynamic postural control assessment

We continuously assessed DPC along the recorded trials using the GLM
(modelm11) parameters estimated in Chapter 3. This GLM estimates the
probability P that the body movements recorded by Kinect belong to
a participant older than 60 years. P is estimated as a function of lo-
cal curvature and instantaneous speed derived from mid-shoulder and
right-knee body parts. The local curvature of the trajectory movements
was approximated by taking the inverse of the radius of a circle �tted to
each three consecutive data points [128]. Curvature can be understood
as the degree to which the trajectory deviates from being straight. Thus,
straight trajectories have zero curvature, parts of the trajectory where
large circles can be �tted have low curvature and parts of the trajectory
where small circles can be �tted have high curvature. From a postural
control perspective, low curvature corresponds to the ability of partici-
pants to perform smooth movements. Curvature and speed signals were
smoothed using one-second running means. For each week (baseline, 2,
4, and 6), the mean P̄ was estimated for each participant j = 1 . . . 10
and game-play mode k (coordination and endurance).

4.2.6 Data visualization

We used visualization techniques as a way to gain qualitative insight
into the structure of the data and to identify patterns that could be used
for further data analysis. Heat maps were used to simultaneously visu-
alize the performance of all participants across time, representing trials
by vertical lines and performance by color. Parallel coordinates [62] and
box plots were used to visualize the distribution of performance values
(P) for each week of assessment.
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4.2.7 Statistical analysis

Hierarchical linear mixed models (LMM) [125] were used to investigate
the e�ect of six weeks of exergaming on DPC. One of the best ways
to deal with data that represents percentages or probabilities is to use
the loдit transform [143]. This transformation allows us to meet the
requirement of normality among the LMM residuals. At the �rst level
(i) of the hierarchy we used mean values P̄′ (loдit transformed), and the
second level is represented by the participants (j). Thus, the following
LMMs were de�ned:

P̄
′
i j = γ00 + Ri j (4.1)

P̄
′
i j = γ00 + γ10 ·week + Ri j (4.2)

P̄
′
i j = (γ00 +U0j ) + γ10 ·week + Ri j (4.3)

P̄
′
i j = (γ00 +U0j ) + (γ10 +U1j ) ·week + Ri j (4.4)

The parameter estimated for model 4.1 is the global mean (γ00) and is
used only as reference. For all models Ri j are the residuals from the �ts.
The parameters estimated for model 4.2 are the global intercept (γ00) and
the global slope (γ10),week is the predictor of the model and represents
the time of exergaming, that is, 0, 2, 4, and 6 weeks. For model 4.3, in
addition to the global intercept and slope, intercept deviations (random
intercepts) per participant (U0j ) are also estimated. Model 4.4 adds the
slope deviations per participant (U1j ), or random slopes.

To select the model that best �t the data, the likelihood ratio test
(LRT) was used to compare the models[59], while the Akaike informa-
tion criterion (AIC) [6] and Bayesian information criterion [46] were
also estimated. However, the LRT performance can be poor and mislead-
ing when testing the presence of �xed e�ects (in our case, the e�ect of
exergaming on DPC) for small and moderate sample sizes [52]. To ad-
dress this limitation, we used a parametric bootstrapping approach. To
explore the importance of �xed e�ects, the model that contains the ef-
fects are compared with a model that excludes them [59]. Thus, the best
model (Eq. 4.3, see Table 2) was re-�tted without the predictorweek by
using the following equation,

P̄
′
i j = (γ00 +U0j ) + Ri j , (4.5)

and both models were compared using parametric bootstrapping per-
forming 1000 simulations.

4.3 results

The visualization in Figure 4.1 shows the DPC performanceP of the par-
ticipants across trials and weeks. Color representsP-values, orange col-
ors suggest that DPC is similar to that of older people, while green col-
ors suggest that DPC is similar to that of younger people. Vertical lines
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Model DF AIC BIC LogLik pValue
(4.1) 2 458.63 463.39 -227.31
(4.2) 3 416.89 424.03 -205.44 3.7514e-11
(4.3) 4 412.45 421.97 -202.22 0.011154
(4.4) 6 414.93 429.22 -201.46 0.46828

Table 2: Model comparison results for each two consecutive models. DF - de-
grees of freedom, AIC - Akaike information criterion. BIC - Bayesian
information criterion, LogLik - Maximized log likelihood, pValue - p-
value for the likelihood ratio test (as a result of the comparison of each
two consecutive models).

illustrate the performance of participants within a trial, and the hori-
zontal axis shows their performance across weeks. At baseline (week 0)
all participants scored high P-values, illustrated by the mostly orange
colors. In general, the transition from “orange” to “green” across weeks
suggests that all participants improved DPC in both game-play modes
(coordination and endurance). This improvement can also be derived
from the length of the trials, as most of the participants �nished the
ice-skating tracks faster during the last two weeks of the intervention
than during the �rst two weeks. It can also be seen, however, that most
of the participants improved more at endurance game-play mode than
at coordination game-play mode, with the exception of participants 5
and 10 who improved equally across modes. In coordination mode, to
avoid obstacles the participants had to decrease speed and increase cur-
vature of the trajectories which is generally re�ected in high P-values
(orange). Also, consistent with [27], it can be noticed that each partic-
ipant improved at his/her own pace. For example, participants 1 and 5
show more improvement at the second week in endurance mode than,
e.g., participants 4 and 7. This is also re�ected in the last assessment
(week 6) as compared to baseline; participants 1, 5, and 10 improved
more at DPC than, e.g., participants 4, 7, and 9.

Figure 4.2 shows the distribution of DPC performance P and logit
transformed P′ as box plots, per week and game-play mode. Similar to
Figure 4.1, the box plots allow to observe thatP andP′-values decrease
over time, that is, performance increases over time, for both game-play
modes. Also, more clear di�erences can be observed between baseline
and week 6 in endurance mode than in coordination mode. In particular,
points, polylines, and dashed lines show the DPC performance per par-
ticipant across the intervention period. In general, the negative slopes
of the dashed lines (linear �ts on the means) suggest that all participants
improved at DPC during exergaming.

The LRT results in Table 2 show that model 4.2, without random ef-
fects (i.e., the model with �xed intercept and slope, Eq. 4.2) �ts the data
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Figure 4.1: Performance P of the participants (ppt) during dynamic postural
control assessment. Each vertical line represents one exergaming
trial; in total 400 trials are visualized. Each box represents the tri-
als of a participant in a particular game-play mode, endurance or
coordination (upper and lower boxes per participant, respectively).
Orange colors suggests that balance performance is similar to that
of older people, while green colors suggest that performance is sim-
ilar to that of younger people. White vertical lines have been added
to separate trials between weeks. White parts within trials indicate
missing data. For improved visualization the trials have only been
plotted for the �rst 65 seconds.
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Figure 4.2: Box plots showing the distribution of dynamic postural control val-
ues during exergaming: non transformed P and logit transformed
P
′ in the two game-play modes endurance and coordination. Colored

points and polylines represent participants (ppt), points in the box
plots are the means per participant, and dashed lines represent piece-
wise linear �ts on the means. The black shaded bars at the extremes
of some boxplot whiskers represent outliers (values smaller or larger
than the median ± 1.5 times the interquartile range).

signi�cantly better than the empty model 4.1 (p < 0.0001). Model 4.3 in-
cluding only random intercepts (Eq. 4.3) is signi�cantly better (p < 0.05)
than model 4.2. The most complex model 4.4 (Eq. 4.4), which includes
both random intercepts and random slopes, is not signi�cantly better
than model 4.3. Hence, the model that best �ts the data is model 4.3
(Eq. 4.3) with random intercepts only. As random e�ects in�uence the
variance of DPC, these results suggest signi�cant intercept variation
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Model DF AIC BIC LogLik pValue
(4.5) 2 460.63 467.77 -227.31
(4.3) 4 412.45 421.97 -202.22 0.000999

Table 3: Results of the parametric bootstrapping (1000 simulations) to test the
intervention e�ect on dynamic postural control. DF - degrees of free-
dom, AIC - Akaike information criterion. BIC - Bayesian information
criterion, LogLik - Maximized log likelihood, pValue - p-value (result
of the comparison between the two models).

among participants, but no signi�cant slope variation. Consistent with
the line �ts on P′-values (Figure 4.2) these results suggest that all par-
ticipants improved at a similar rate (in logit scale).

Parametric bootstrapping indicates that the e�ect of six weeks of ex-
ergaming on dynamic postural control is highly signi�cant (p < 0.001,
Table 3). The smaller values of AIC and BIC also support this result.

4.4 discussion

Our main goal was to investigate the e�ect of six weeks of unsupervised
ice-skating exergaming on dynamic postural control as assessed by a
metric recently developed for real-time balance assessment. Our results
show that participants improved at DPC after six weeks of exergaming
suggesting a positive e�ect of the intervention.

First, we assessed dynamic postural control at baseline and every
other week during the intervention using a probabilistic model (GLM)
that predicts how likely the body movements are similar to those of
people older than 60 years. This metric was estimated as a function of
instantaneous speed and local curvature of the movement trajectories.
Second, we used visualization techniques to qualitatively show how the
participants improved over time. Finally, linear mixed models and para-
metric bootstrapping simulations con�rmed a signi�cant intervention
e�ect of exergaming on DPC.

In a previous study [129], we estimated the GLM parameters to char-
acterize human movements recorded during exergaming as the proba-
bility that the movements belong to people older than 60 years. Here
we used these GLM parameters to assess DPC during a long unsuper-
vised home exergaming intervention. At baseline all participants exhib-
ited ‘declined’ DPC as people older than 60 years, illustrated in Fig-
ures 4.1 and 4.2. As time of exergaming training increased, the par-
ticipants showed improvement at DPC, which was re�ected, as we ex-
pected, in lower probability values. This provided additional evidence
of 1) the usefulness of our GLM method for DPC assessment, and 2) the
e�ectiveness of exergames as tools to improve postural control, which
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is consistent with the results of other unsupervised home exergaming
studies [61, 120].

The assessment of static stand-still tasks for this intervention pro-
gram has been reported in a previous study. In that study only static
balance was assessed and signi�cant e�ects were found on several pos-
ture measures but not on all, and not for all conditions [27]. Our study
complements the results in [27] by further assessing performance of the
participants at DPC. Here, we found a signi�cant intervention e�ect on
DPC during exergaming. These results suggest that dynamic measures
are important to highlight the e�ectiveness of exergames as tools that
can improve dynamic postural control among older adults.

One of the limitations of the present study is that the number of par-
ticipants is small; to moderate this, we applied parametric bootstrap-
ping as an accepted method to check the stability of the results. Also,
the present exergaming study was a single-subject design, meaning that
no control group was incorporated during the intervention. Further re-
search involving a control group with no exercise and a conventional
home exercise program with minimal supervision could provide addi-
tional evidence of the e�ectiveness of exergames to improve (dynamic)
postural control. Further studies are also necessary to translate the prob-
ability scores into clinical outcome measures that can be more easily
interpreted by clinical users.

A promising application of our DPC assessment method is the pos-
sibility to o�er direct online feedback during exergaming because the
assessment can be estimated in real-time, as curvature and speed can
be measured instantaneously. Direct feedback about performance is im-
portant for therapy adherence [11]. Moreover, the presented method is
robust to outliers, as sample values extremely far away from the mean
are mapped to a number between 0 and 1. Finally, our metric provides
a natural and meaningful interpretation of the results, as values close
to 0 suggest performance similar to younger adults and values close to
1 suggest performance similar to older adults.

A desirable feature of exergames is dynamic di�culty adjustment
(DDA) [60], that is the automatic adjustment of di�culty level. Such
a feature could be used to tailor the level of exercises to the individ-
ual skills during game-play. This will ensure optimal challenge level
and skill learning, avoiding boredom or frustration and feelings of fail-
ure [124].

In general, our method based on probabilistic models is highly versa-
tile because 1) it does not depend on a particular kind of tracking tech-
nology, allowing the use of di�erent kinds of devices such as inertial
sensors, force plates, infrared and visible cameras; 2) probabilistic mod-
els could also be used to classify or characterize movement patterns of
di�erent populations or in other areas such as sports; and 3) probability
values could be estimated not only as a function of curvature and speed
but also as a function of various kinds of other motion features such as
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trajectory invariants [153], acceleration, and turbulence intensity [94].
Once the parameters of a model have been estimated, they could be used
to assess movement disorders, movement performance in sports or re-
habilitation, and speci�c interventions aimed at optimizing movement
performance.

In conclusion, we have presented additional evidence of the e�ective-
ness of unsupervised home-exergaming as a way to improve dynamic
postural control. Furthermore, we have shown that our approach, em-
ploying a probabilistic model, is promising for DPC assessment during
exergaming. The next step in our research is to investigate the e�ect of
providing instantaneous feedback during ice-skating exergaming based
on real-time DPC assessment as described in this study.
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abstract

Quantitative assessment of movement disorders is valuable for moni-
toring progression of patients, distinguishing healthy and pathological
conditions, and ultimately aiding in clinical decision making, thereby of-
fering the possibility to improve medical care or rehabilitation. A com-
mon method to assess movement disorders is by using clinical rating
scales. However, such scales depend on the evaluation and interpreta-
tion of an observer and thus contain a subjective component. Objective
and more accurate methods are under continuous development but gold
standards are still scarce. Here, we show how a method we previously
developed, originally aimed at assessing dynamic balance by a proba-
bilistic generalized linear model, can be used to assess a broader range
of functional movements. We here apply this method to distinguish pa-
tients with coordination disorders from healthy controls. We focused
on movements recorded during the �nger-to-nose task (FNT), which
is commonly used to assess coordination disorders. We also compared
clinical FNT scores and model scores. Our method achieved 84% clas-
si�cation accuracy in distinguishing patients and healthy participants,
using only two features. Future work could entail testing the reliabil-
ity of the method for distinguishing groups of patients and/or controls
using other clinical tests such as �nger chasing or quiet standing and
using other tracking devices such as depth cameras or force plates.

5.1 introduction

Quantitative analysis of human movement can be valuable for diag-
nosis and monitoring of motor disorders; it can aid in distinguishing
healthy and pathological conditions and in following the progression of
patients over time as well as the e�cacy of interventions [156]. A com-
mon method to assess human movement in a clinical setting is provided
by clinical rating scales which are easy to administer and have been val-
idated and standardized [108]. However, one of the main drawbacks of
rating scales is that they depend on the evaluation and interpretation of
an observer and thus contain a subjective component. Moreover, clinical
scales are not enough to assess di�erent motor control strategies during
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the execution of movements [108, 114, 142]. Thus, objective measures
and methods that quantify aspects of movement could be valuable in
neurology, rehabilitation and other �elds of medicine. As added bene�t,
they could be used in combination with clinical rating scales [25].

One of the challenges when developing quantitative and objective
methods to assess human movements is the lack of methods to establish
the validity of the measurements, as the more subjective rating scales
usually provide the only reference. In a previous study (see [129, 130])
we used the movement performance of younger and older participants
as a proxy of better and worse movement, knowing that movement in
older participants is generally worse than in younger participants. We
then successfully used generalized linear models (GLMs) [159] to pre-
dict movement category (young or old) based on features derived from
the movement trajectory. One characteristic that makes GLMs appro-
priate to classify human movement as better or worse is that their out-
comes can be probability values that re�ect movement performance. In
case of diagnostic applications, if we assume that probability 0 repre-
sents “healthy” performance and probability 1 represents “pathologi-
cal” performance, we propose that a probabilistic GLM could be used
in a similar way. Intermediate probability values as estimated by the
GLM would then indicate how similar the movements are to those move-
ments that re�ect pathological performance.

Here, we evaluate how the method that we used in our previous study
to distinguish young and old participants [129] performs when applied
to the problem of distinguishing patients with a coordination disorder
from healthy controls during a movement task that is recorded using in-
ertial measurement units (IMUs). We focused on movements recorded
from the �nger to nose task (FNT). The FNT is a neurological exami-
nation that measures smooth and coordinated upper-limb movements
between the tip of the nose of the participant and the tip of an exam-
iner’s index �nger[70]. This test can be used to assess coordination in
diseases such as Early-Onset-Ataxia (EOA) or Developmental Coordi-
nation Disorder (DCD) [81]. Although there are valid clinical scales
measuring the severity of ataxia [155] such as the International Coop-
erative Ataxia Rating Scale (ICARS) and the Scale for the Assessment
and Rating of Ataxia (SARA), assessing the presence of dysmetria (di�-
culty in controlling the range of movement resulting in undershooting
or overshooting a target [70]) and tremor in FNT trials is challenging.
Even experienced clinicians have exhibited low reliability in the assess-
ment [135]. Our aim is to contribute to the development of objective
measures and methods to quantify movement in patients with a coordi-
nation problem thereby eventually aiding in diagnosis and monitoring
of such patients. A very �rst step in achieving this is to be able to dis-
tinguish between patients and controls [81].

Figure 5.1 illustrates the general steps of our method. In step 1, the
three-dimensional (3D) trajectories are collected (during a functional
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task) using tracking technology such as inertial measurement units or
depth cameras. Step 2 involves smoothing the signals, segmenting the
movement trajectories (if necessary), or any other preprocessing of the
data. Step 3 involves the extraction of local features from the 3D tra-
jectories and is one of the most important steps in the methodology, as
the local features must characterize the movements under study. Three
important local features are curvature, torsion and velocity, as these fea-
tures fully characterize a curve in 3D space [88]. In addition, depending
on the task other features can also be included for the assessment of the
movements such as the number of velocity peaks, the target error and
spatial overshoot [108]. In step 4, one or more (probabilistic) GLMs are
de�ned as a function of the local features estimated in step 3. The math-
ematical de�nition of GLMs can be done following the steps in [159].
In step 5, the GLMs should be �tted using R, Matlab or any other spe-
cialized statistical software. In step 6, the performance of the models
on new data can be assessed using the Akaike or Wanatabe-Akaike in-
formation criteria [6, 144]. Cross-Validation [68] can also be used for
model comparison, although this is computationally more expensive.

1

Data
collection

2

Data
preprocessing

3

Local
features

4

GLM
definition

5

GLM
Fitting

6

GLM
performance

Figure 5.1: Steps of the method to assess movement trajectories.

In sections 5.2 and 5.3 we applied the steps in Figure 5.1 to investi-
gate the predictive accuracy of a GLM to distinguish between healthy
participants and patients with coordination disorders, regardless of age
and class of coordination disorder. In general we expect that FNT move-
ment trajectories are smoother and faster in healthy participants than
in patients. Finally, in section 5.4 a general discussion and future work
is presented.

5.2 methods

This study was performed using data acquired in the context of the
projectQuanti�cation of symptoms of movement disorders employingmo-
tion sensors [83]. Part of the data were previously used to investigate
whether a random forest classi�er employing 14 features derived from
3D movement trajectories during the FNT could classify children with
coordination problems and age-matched healthy control children. In the
present study we only use two features, which are di�erent from those
used in [83] and include additional participants.
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5.2.1 Participants

In the present study we included two sets of participants. The �rst set
concerns the data used in the study mentioned above and consisted
of 34 children: nine children with EOA (mean age 13.3 years, SD 4.0
years), seven children with DCD (mean age 9.4 years, SD 2.2 years), and
18 healthy age-matched control children (mean age 11.8 years, SD 3.4
years). For the second set, the data were collected at a di�erent time and
involved 36 participants: 12 children with EOA (mean age 13.5 years, SD
2.8 years), 22 adults with ataxia (mean age 54.9 years, SD 14.7 years), and
two healthy participants (age unknown). By including patients and con-
trols over a wider age range, we increased the complexity of the data
compared to the previous study (see [83]). All parents of the children
and all adult participants provided written informed consent. Children
who were 12 years or older provided informed assent. Inclusion crite-
ria for ataxia patients were a clinical diagnosis of pediatric ataxia or
recognition of ataxia as a primary movement disorder as assessed by
three experts in movement disorders. The DCD inclusion criterion was
an o�cial diagnosis as determined by a rehabilitation center. Exclusion
criteria for healthy participants were a neurological and/or orthopedic
disorder and/or any medication with a negative e�ect on coordination.
Furthermore, healthy children were declared to be healthy by their par-
ents.

5.2.2 Data collection and preprocessing (steps 1 and 2)

Each participant performed the FNT during 21.8 sec on average (SD
7.8 sec) with both hands, left and right. The trials were video recorded.
Three pediatric neurologists additionally assessed the FNT executed
by EOA and DCD participants, according to the o�cial SARA guide-
lines [119], for the �rst set of participants only. SARA assessment was
not performed for the second set of participants. During task execution,
participants wore three inertial measurement units (IMUs Shimmer3,
Shimmer, Dublin, Ireland-based Realtime Technologies) on the upper
arm, fore arm, and index �nger. The data collected by the IMUs at 51.2
Hz were used to estimate 3D trajectories of the participants’ index �n-
ger using an upper limb model [83] implemented in Labview (Austin,
Texas, United States of America). We subsequently applied a moving
average �lter of the 3D trajectory data using a window of 15 samples to
smooth the signals.

5.2.3 Estimating local features (step 3)

Local features are those that can be estimated for short segments taken
from the 3D trajectories such as curvature, torsion, instantaneous speed
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and their time-derivatives [128, 153]. Local features have the added
value compared to global features that they o�er the possibility to as-
sess performance in “real-time” and provide immediate feedback. As
local features we selected local curvature and instantaneous speed be-
cause they allowed high classi�cation accuracy in our previous study
involving movement of younger and older participants [129] and be-
cause they are expected to provide relevant information about the
ability of the current participants to perform the FNTs. Local curvature
measures how smooth a 3D trajectory is for each three consecutive
points, while instantaneous speed is determined between each two
consecutive points. By visualizing curvature and speed signals and
identifying the repetitive FNT movement, samples that preceded or
followed FNT execution were excluded from further analysis. After
sample exclusion, trials lasted 17.5 sec on average (SD 6.4 sec). Then,
local curvature (κ) and instantaneous speed (s) were estimated from
the FNT trajectories according to the method of Soancatl-Aguilar et
al. [128] and subsequently log-transformed. Finally, mean speed (s̄) and
mean curvature (κ̄) were estimated for each participant k and used as
predictors in the GLM.

5.2.4 GLM de�nition and GLM �tting (steps 4 and 5)

Following the steps described in [159] we speci�ed a GLM as follows.
First, we de�ned an outcome variable (d) as binary (0 - healthy class,
1 - coordination disorder class) and assumed that it follows a Bernoulli
distribution. Second, a linear model was speci�ed as a function of mean
speed s̄ and mean curvature κ̄. Third, the logit function [24] was used
to transform the probability distribution constrained between 0 and 1
into a function that can take any real value. Mathematically:

dk ∼ Bernoulli(Pk ), k = 1 . . .n
logit(Pk ) = α + β1 · κ̄k + β2 · s̄k ,

α ∼ N (0, 10), β1 ∼ N (0, 50), β2 ∼ N (0, 50)
(5.1)

where n is the number of participants, α is the intercept, β1 and β2 are
the slopes, and k is a participant index. The logit function is de�ned
as the logarithm of the odds (log-odds) [24], where the odds of Pk is
Pk/(1 −Pk ). Thus,

logit(Pk ) = loд

(
Pk

1 −Pk

)
= α + β1 · κ̄k + β2 · s̄k , (5.2)

and solving for Pk

Pk =
eα+β1 ·κ̄k+β2 ·s̄k

1 + eα+β1 ·κ̄k+β2 ·s̄k
(5.3)

N represent a normal distribution with 0 mean and standard deviation
10 for the intercept and standard deviation 50 for the slopes (β1 and β2).
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To �t the GLM (Eq. 5.1) we built a model in Stan, which is a probabilistic
programming language [43], using the rethinking R package [87].

5.2.5 GLM performance (step 6)

We performed leave-one-out cross validation (LOOCV) [64] to test the
performance of the model on new data. Suppose that the set U con-
tains the pairs (κk , sk ) collected from the two sets of participants (k =
1 . . . 70). Then, for each participant k in U we �tted a model on the set
{U − (κk , sk )} and used the �tted model to predict the probability that
participant k belongs to the coordination disorder class. The predicted
probabilities were used to estimate an optimal threshold to classify FNT
trials as belonging to a healthy or coordination disorder participant.
This threshold was estimated as the point with the best sum of sensi-
tivity and speci�city known as the Youden index [157], closest to the
point (0,1) of the receiver operating characteristics (ROC) curve [38].
Sensitivity is the proportion of correctly classi�ed patients. Speci�city
is the proportion of correctly classi�ed healthy participants. The thresh-
old was estimated using the pROC R-package [111],

5.2.5.1 SARA scores compared to GLM scores

To gain further understanding of any misclassi�cations, SARA scores
and model scores were compared for the �rst group of patients only.
The mean SARA score across observers for each patient in the �rst data
set was determined. Then, to investigate to what extent SARA scores
coincide with model scores a scatter plot was used. For speci�c cases, we
visualized 3D trajectories and the distribution of curvature and speed
values as violin plots to gain further understanding.

5.3 results

Figure 5.2 provides an example of local curvature and instantaneous
speed (in log scale) as a function of time for a healthy participant and a
participant with EOA. Both measures, speed and curvature, are clearly
regular and repetitive for the healthy participant. For the patient, how-
ever, both measures behave more irregularly. Taking into account the
range of the measures, the healthy participant displayed faster and
smoother movements than the EOA participant, as indicated by higher
speed values and lower curvature values. It can also be observed that
high speed values coincide with low curvature values and, vice versa,
low speed values coincide with high curvature values. This is known as
the power law relation between curvature and speed in log scale [51].
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Figure 5.2: Local curvature and instantaneous speed during FNT execution, us-
ing the right hand, for a healthy (top) and an EOA (bottom) partici-
pant.

5.3.1 GLM classi�cation

After performing LOOCV and using the ROC curve, the probability
threshold that best separates healthy participants from patients was
found to be 0.587. Using this threshold, 84% of the healthy participants
were correctly classi�ed and 84% of the patients were correctly classi-
�ed. Figure 5.3 shows the LOOCV predictions of model (5.1). This visual-
ization shows that there generally is a good separation between healthy
participants and participants with a coordination disorder. Most of the
healthy participants are grouped in the top left corner of the graph;
this group represents participants who scored probability values lower
than the threshold, and were classi�ed as healthy participants. Most of
the patients are in the group dispersed between the center and the bot-
tom right corner of the graph; this group represents participants who
scored probability values higher than the threshold and were classi�ed
as patients. These �ndings again illustrate that in general healthy par-
ticipants displayed faster and smoother FNT movements than patients.
Some overlap between the two groups of participants, however, pre-
vents a better separation. For example, some healthy participants (5, 25,
and 23) score similar probabilities as patients, while one DCD patient
and one EOA patient (61 and 32, respectively) score similar probabilities
as healthy participants. Thus, according to model (5.1) participants 32
and 61 behave very much as healthy participants.
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Figure 5.3: Visualization of the predictions of model 5.1. Black edges of the
shapes represent participants classi�ed as healthy, while green edges
represent participants classi�ed as patients.
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5.3.2 SARA scores compared to GLM predictions

In Figure 5.4 GLM scores are plotted against SARA scores to gain fur-
ther understanding of misclassi�ed patients from group 1. From this
�gure we can observe that most of the misclassi�ed patients had rela-
tively low SARA scores, meaning that the observers noticed only small
or no tremor at all (smooth FNT trajectories). However, some patients
received a low SARA score (suggesting that the FNT trajectories looked
smooth to the observers) whereas the model score was high (partici-
pants 4, 24 and 30, in the top left corner of Figure 4). From a classi�ca-
tion point of view, this suggests that the model classi�es patients not
only on the presence of irregularities (tremor) which would result in
high curvature.
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Figure 5.4: Model scores against SARA scores. SARA scores are averaged over
left and right hands and observers. The vertical axis indicates the
probability of having a coordination disorder. The numbers repre-
sent participants. The misclassi�ed patients from group 1 are in the
lower left corner of the plot (numbers 8, 26, 28 and 32).

To understand why the model classi�es some patients with no visible
or minor tremor as healthy and others (correctly) as patients, we present
violin plots of the curvature and speed distributions in Figure 5.5 and
3D trajectories in Figure 5.6, for each hand of participants 4, 8, 14, 24, 30,
and 31. We included participant 8 as an example where no visible tremor
was observed and the model classi�ed the patient as healthy, and par-
ticipants 4 and 24 as examples where no visible tremor was observed
but the model correctly classi�ed them as patients. For comparison, we
also included patients 30 and 14 where minor to moderate tremor was
observed and the model correctly identi�ed them as patients. Finally,
participant 31 was included as an example of a healthy participant. To
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Figure 5.5: Violin plots of the distribution of curvature and speed for 6 partici-
pants. L: left, R: right. The numbers on top represent SARA scores.

start with this participant, the trajectory is regular and smooth (Fig-
ure 5.6) with relatively high speeds and low curvatures (Figure 5.5). In
strong contrast, participant 14, who exhibited moderate tremor, had rel-
atively low speeds and high curvatures during very irregular trajecto-
ries resulting in a high model score. A similar, although more subtle
di�erence compared to the healthy participant (31) can be observed for
participant 30, who exhibited minor tremor, but also had relatively low
speeds and high curvatures during trajectories that were also irregu-
lar, although less than in participant 14. This explains the high model
score for this patient, as well. Participants 4 and 24, who had no visible
tremor, did have relatively low speeds and high curvatures, while their
trajectories looked very similar to those of the healthy participant (31),
explaining the high model score as well as why no tremor was observed.
Finally, participant 8, who had no visible tremor either, but was scored
as healthy by the model, indeed had curvatures and speeds that were
very similar to those of the healthy participant (31).

In summary, the model seems to classify some patients with no vis-
ible or minor tremor as patients, because it picks up features from the
movement trajectories that have been recorded by the IMUs and that
are not visible to the naked eye. On the other hand, if the trajectory of a
patient is similar to that of a healthy participant in terms of speeds and
curvatures, as may be the case for some of the (mildly a�ected) DCD
patients, it seems the patient will be classi�ed as healthy.
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5.4 discussion

The goal of the present study was to apply a recently developed method
to distinguish between patients with coordination disorders and con-
trols who performed the FNT. We expected that FNT movement tra-
jectories would be smoother and faster in healthy participants than in
patients and that these movement characteristics should be re�ected in
lower local curvature and higher instantaneous speed values in healthy
participants, which was indeed con�rmed. Using local curvature and
instantaneous speed as features the method achieved 84% accuracy dis-
tinguishing patients and controls.

First a (probabilistic) GLM was de�ned as a function of curvature
and speed to estimate the probability that the FNT trajectories were
collected from a patient. Then, to test the GLM on new data we per-
formed LOOCV resulting in 84% accuracy. In addition, we expected that
misclassi�ed patients would exhibit FNT trajectories similar to those of
healthy participants, exhibiting smooth trajectories as re�ected in low
model scores. For further understanding of misclassi�cations, we plot-
ted SARA scores against model scores, as well as violin plots of the
local curvature and instantaneous speed distributions of selected par-
ticipants. This suggested that the model classi�es some patients with
no visible or minor tremor as patients, because it detects features from
the movement trajectories recorded by the IMUs that are not visible to
the naked eye. On the other hand, if the trajectory of a patient is similar
to that of a healthy participant in terms of speed and curvature, it seems
the model classi�es the patient as healthy.

Our accuracy results are consistent with other studies [78, 83, 141]
that tried to distinguish between healthy and pathologic FNT trials. It
is remarkable that by using only two features we still achieve similar ac-
curacy, whereas the authors in [78, 83, 141] used 33, 11, and 14 features
respectively. A bene�t of using only two features is the ability to visu-
alize groups without the need of dimensionality reduction techniques
such as principal component analysis [66] or Sammon mapping [117].
Additionally, only one optimal threshold (simple classi�er) was used in
our approach to classify healthy participants and patients.

One limitation of the present study is that the severity of ataxia in our
group of participants, as assessed by neurologists, does not cover the
whole range of the SARA FNT scale. The highest score provided by the
neurologists is not higher than 2 (tremor smaller than 5 cm), whereas
the maximum score is 4 (unable to perform the pointing movements).
Including participants with more severe symptoms of a coordination
disorder may change the results. However, the classi�cation accuracy
should be similar, as more severe symptoms should result in even higher
curvature values and slower speed values. In other words, we could
expect such participants to be in the lower right corner of Figure 5.3
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(high curvature and slow speed values), where we expect the model to
classify them as patients.

The need for objective and quantitative assessment of human move-
ment to reinforce and support the use of clinical rating scales is evi-
dent [25, 32, 135]. A bene�t of the presented method is that it can be
applied to a broad range of human movements commonly used in clin-
ical tests such as gait, static postural control, dynamic postural con-
trol, �nger chasing, path drawing spirals, circles, squares, or �gure-8
shapes, and fast alternating hand movements [119]. In addition, the
methodology can be applied independently of the tracking device such
as force plates or depth cameras. The quanti�cation of smooth move-
ments plays an important role in the assessment of coordination disor-
ders [10]. In previous studies [128, 130] we proposed curvature as a mea-
sure of smoothness of body movements. Here, we provide additional
evidence of the usefulness of this measure as a measure to di�erentiate
pathologic from healthy movements.

In conclusion, we have shown that the (probabilistic) GLM we devel-
oped to assess dynamic balance can also be used to assess patients with
coordination disorders. The method is useful to distinguish patients and
healthy participants based on an instrumented version of the FNT. Fu-
ture work could entail testing the reliability of the method for distin-
guishing groups of patients and/or controls using other clinical tests
such as �nger chasing or quiet standing, and using other tracking de-
vices such as force plates or depth cameras that can be used to track
body movements without the need for markers or wearable measure-
ment devices.
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6G E N E R A L D I S C U S S I O N

The main aim of this thesis was to develop objective and quantitative
methods to assess body movements for both DPC assessment in real-
time during exergaming and for the assessment of movement disorders.
The assessment of body movements during exergaming could be useful
to enhance the e�ectiveness of exergames as tools to improve postural
control among the older population. Improving postural control could
prevent falls, which are known to occur more often with age. The objec-
tive assessment of movement disorders can be useful to aid in clinical
decision making, thereby improving medical care or rehabilitation.

There is a huge number of metrics that can be derived from quanti�ed
human movement, where each metric has its own purpose and is typi-
cally applied for a particular task. However, with the exception of speed,
general metrics that can be used to assess any kind of human movement
are scarce. In Chapter 2, visualization techniques were used to explore
promising metrics for assessing human movement in real-time using
data collected from force plates. Local curvature, instantaneous speed
and turbulence intensity were found to be some of the most promising
measures for the assessment of human movement in general. Addition-
ally, these measures were found to be able to di�erentiate movements
of older and younger people. Moreover, we found that curvature could
potentially be used as a measure of the smoothness of body movements.
By de�nition, curvature measures the shape of the trajectory, low cur-
vature values suggest smoother trajectories than high curvature values.
Naturally, smoother movements are expected for healthy people com-
pared to patients, or for younger people compared to older people. This
expectation was �rst visually con�rmed in this thesis using overlapping
violin plots of curvature values showing di�erences between older and
younger participants. The quanti�cation of smoothness of body move-
ments is potentially important in medicine to assess patients with move-
ment disorders and in rehabilitation. Because these measures can be
estimated locally (over small sections of the movement trajectory) they
can be determined and used in real-time and can also be estimated from
any kind of movement collected by a reliable tracking device.

From a human-computer interaction point of view, providing mul-
tiple measures of movement performance as real-time feedback during
exergaming might be excessive and might cause cognitive overload [77].
In Chapter 3 a probabilistic measure, estimated as a function of some
of the most promising local features determined in Chapter 2, was pro-
posed as a way to assess the human movement performance using data
collected from an infrared depth camera. As a single measure can be
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interpreted faster than multiple measures, it is more suitable for real-
time feedback during exergaming. It is important to provide a meaning
to probability values. Here, probability values were found to be suitable
for assessing performance during exergaming in older and younger par-
ticipants. Values close to 0 suggested performance as a younger partic-
ipant and values close to 1 suggested performance as an older partici-
pant. In addition, probability values were used to distinguish older and
younger participants during exergaming with more than 85% accuracy,
using �ve-fold cross-validation. The ability to di�erentiate older and
younger participants using probabilistic scores suggested that the same
technique might be applied to distinguish patients with a movement
disorder from controls, which was further explored in Chapter 4

In Chapter 4, the assessment method developed in Chapter 3, was
�rst used to monitor dynamic postural control of participants during
an unsupervised six-week intervention program. With this method, ad-
ditional evidence of the e�ectiveness of exergames as tools to improve
postural control was provided. Additionally, the fact that the method is
unsupervised and the assessment of body movements can be done auto-
matically are key points to motivate older people to train postural con-
trol using exergames, as they can then play the game at home while still
receiving appropriate feedback, not only in terms of gaming scores but
also in terms of meaningful body movement performance. This means
that individuals can track their own body movement performance over
time and take the appropriate actions. This �nding suggests that the
method could also be used to monitor disease progression in patients
with movement disorders or to assess improvements in patients reha-
bilitating from an injury or stroke, for example.

In Chapter 5, the method developed in Chapter 3 was applied to as-
sess movement of patients with di�erent coordination disorders with
the purpose of distinguishing them from controls using data collected
from IMUs. We showed that the method could be used to classify pa-
tients and healthy controls who were executing the �nger-to-nose test
with 84% accuracy. Thus, additional evidence of the usefulness of the
developed method was presented.

6.1 limitations and future outlook

Most studies in this thesis only explored local curvature and instanta-
neous speed to assess human movements. Other local metrics such as
torsion and the derivatives of curvature, torsion and speed remained un-
explored, at least in the areas of exergaming and coordination disorders.
While curvature measures how much a curve deviates from a straight
line in a plane, torsion measures how much a curve deviates from a
plane, i.e., torsion is measured in 3D space, as in a spiral, and curves
on a plane (like a circle) have zero torsion. It would be interesting to
investigate, for example, what local torsion can add to the analysis of
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movement in patients with movement disorders like ataxia, essential
tremor or Parkinson’s disease.

One of the limitations of the presented method is that it can only
distinguish between two classes of participants. In a similar probabilis-
tic approach, one of the techniques to distinguish between three or
more categories is called multinomial regression [44]. However, this
technique is e�ective only if the predictors (features) show signi�cant
di�erences between groups. In this sense, speed and curvature might
not be enough, as two di�erent coordination diseases can exhibit simi-
lar speed and curvature values. Feature selection is one of the most im-
portant steps in the analysis of coordination disorders. In [83], 14 FNT
features were used to di�erentiate DCD, EOA and healthy participants.
However, 26% of the DCD participants were classi�ed as EOA and 43%
were classi�ed as healthy. Thus, the discovery of novel features to char-
acterize coordination diseases could be a challenging and interesting
topic for future work.

As modern tracking devices have the ability to collect a huge amount
of data in relatively short periods of time, another challenge concerns
not only data storage and management but also the exploration of these
huge datasets. Appropriate data management and exploratory visual-
ization tools can be valuable for researchers to gain quick insight into
the data, providing directions for further data exploration and analysis.
The implementation of an interactive tool to generate the visualizations
presented in this thesis such as violin plots (Figures 2.4 and 5.5), overlap-
ping violin plots (Figures 2.6 and 3.3), time series heat maps (Figures 2.3
and 3.8), and heat maps showing the �t of the models (Figure 3.5) can
be highly valuable for further exploration and understanding of human
movements, which in turn might lead to new �ndings.

The motivation to assess postural control in real-time was the possi-
bility to provide immediate feedback and to adjust the di�culty level
according to the skills of the player. However, assessing human move-
ment in real-time is just the �rst step in the complex process of provid-
ing feedback during exergaming. During the implementation of real-
time feedback many decisions should be made such as whether feed-
back should be visual, auditory or a combination of both; sustained or
cumulative [77]; positive or negative [14]. Thus, several research ques-
tions can be asked, such as: ‘which is the preferred method for deliver-
ing feedback during exergaming? [77]. How often should feedback be
delivered? What is the e�ect of performance feedback on motivation
and game-play? What is the relation between exercise performance and
game performance (points, coins or medals)?’

Automatic adjustment of di�culty level during exergaming is an-
other challenge. To achieve this, several questions need to answered
such as: ‘is it possible to predict fatigue based on movement perfor-
mance and time of game-play? Is there any association between the
probabilistic performance measure and heart-rate over time? How can
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exercise recommendations be adapted to exergames? What is the ef-
fect of automatic adjustment of di�culty on game �ow?’ Commonly,
exergames do not provide mechanisms to assess the appropriate level
of exertion [140]. Thus, a question is how to adequately adapt the level
of exertion for each player during unsupervised home exergaming. A
possible direction, as suggested by [140], is using the Borg scale [12]
as input of perceived exertion to the exergame in combination with
the recommendations of the World Health Organization [93]. Some of
the recommendations concern the intensity of physical activity, muscle-
strengthening, or aerobic and anaerobic activity. Another interesting
approach is to adjust the di�culty level based on the recognition of fa-
cial expressions in combination with movement performance [151], as
fatigue may be re�ected in facial expressions during exergaming.

The techniques used in this thesis were applied to distinguish move-
ments of older and younger people, and of healthy participants and
patients. Another application could be to investigate the sensitivity of
these techniques for assessing the performance of elite athletes, where
a small change that improves their performance can be the di�erence
between winning or losing a competition. Not only quantifying but also
visualizing those small changes could be extremely valuable for coaches
and athletes.

6.2 conclusion

This thesis has explored the assessment and visualization of a tiny part
of the in�nite universe of human movements. The contributions of this
thesis are promising for further assessing and understanding human
movements. Local measures of the movement trajectory were shown
to be important for the assessment of human movement in real-time.
Novel visualizations have been presented to understand human move-
ment performance. Probabilistic models were proposed as a novel way
to assess human movements. Finally, it was shown that the methods
presented in this thesis are useful to assess human movement across
di�erent tasks and across di�erent tracking devices.
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