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8.1 | PURPOSE AND MAIN FINDINGS OF THE DISSERTATION

�e current dissertation aimed to realize an exergame that enables older adults to train postural control 
at home. To this end a methodical design approach was adopted, which provided a structured manner 
for developing an exergame prototype [1]. We started with an overview of the current state of art in the 
�eld of exergames through a literature review about the e�ects of exergames on postural control in older 
adults (chapter 2). It was concluded that exergames have a positive yet weak e�ect on postural control. 
However, the number of controlled studies was small and studies were di�cult to compare due to the 
large variety in balance outcome measures used. In chapter 3 the user requirements for the exergame 
were de�ned and a �rst game concept was developed.
 In order to quantify postural control during exergaming two studies were conducted. Chapter 4 
investigated the accuracy of Kinect for identifying movement patterns expressed during exergaming by 
comparing it with a Vicon motion capture system, while chapter 5 explored the use of self-organizing 
maps (SOM, a neural network algorithm) for quanti�cation of postural control. �e results of chapter 4 
showed that Kinect allows for accurate identi�cation of movement patterns, yet the variance explained 
by these patterns in the extremities was o� by as much as 30%. �e results of chapter 5 showed that the 
variability in movement patterns on the SOM (Total Trajectory variability) was signi�cantly larger in 
older adults in the more challenging exergame conditions. A trained classi�er discerned young and older 
adults with an accuracy of 65.8%.
 Chapter 6 describes a prototype of the exergame, which was used in a pilot study to evaluate the 
feasibility and e�ects of a six week home-based unsupervised exergame training program on postural 
control (chapter 7). All subjects adhered to the program and the results showed that sway parameters 
measured during standstill in eyes open and eyes closed conditions signi�cantly improved a�er four and 
six weeks of exergaming.

8.2 | EXERGAMES – RETHINKING BALANCE TRAINING

Traditional training programs aimed at improving postural control, generally known as ‘balance 
training’, are not popular among older adults [2,3]. Although a plentitude of high quality intervention 
studies showed that fall risk decreases when improving postural control through training [4-7], only few 
elderly are willing to take part in these training programs [2,3,8-10]. Several of the barriers imposed by 
strength- and balance training programs could be overcome by exergames, such as the low motivation 
to participate in strength and balance exercises [9,10]. �e most distinguished advantages of exergames 
are that training postural control becomes a fun, social and motivating activity for which one does not 
have to go to the gym [11-14]. However, exergames are around now for over 25 years and the popularity 
among older adults is still low. One of the reasons is that most exergames are not speci�cally developed 
for older adults, as discussed in chapter 1 and chapter 2. Current o�-the-shelf exergame systems such 
as Nintendo Wii, Playstation Eye toy and Xbox Kinect target a younger audience, and the majority of 
these games is too challenging for older adults. Another reason for the low interest in exergames is the 
unfamiliarity of older adults with the concept of exergames, which is not widespread in this target group 
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[15]. In chapter 3 we showed that interest in exergames increases when older adults are provided the 
opportunity to try them out. Given the rapidly increasing number of older adults that adopts computers, 
mobile phones, tablets and has access to internet (in the Netherlands the percentage of older adults that 
uses internet on a daily basis increased from 15% in 2005 to 55% in 2013 [16]) it is only logical that an 
increasing number of seniors will encounter the concept of exergames. �is increase in digital inclusion 
of older adults combined with the now rapidly increasing availability of a�ordable computer hardware 
and sensors, make that exergames are expected to gain popularity within the next decade.
 Using exergames for training balance however does have several drawbacks. In chapter 2 we 
showed that the e�ects of exergaming on postural control are in general weak [17]. Another review 
article published later by Molina et al. even suggests that evidence to support the e�ectiveness of 
exergames for improving physical functioning remains inconclusive [18]. Explanations given for these 
results include the small sample sizes, the relatively short study durations (3 to 20 weeks) and the balance 
outcome measures generally used (Berg Balance Scale, Timed Up and Go, Functional Reach etc.), of 
which many are associated with ceiling e�ects and limited responsiveness in healthy populations [19]. 
Another explanation for the weak e�ects could be found in the limited level of the challenges that can be 
o�ered in exergames. Sherrington et al. showed that the most e�ective regular balance training programs 
involve high-challenge balance exercises, which include movement of the center of mass, narrowing of 
the base of support, and minimizing upper limb support [5]. Exergames developed for unsupervised 
training, however might not be the most suitable platform for challenging balance ability to such high 
extent, because this might paradoxically elevate the risk of falls during exergaming.
 Another disadvantage of many of the exergames reviewed in chapter 2 is that older adults could not 
play these game without supervision. �e added bene�t of unsupervised exergames is that these games 
enable older adults to train independently at home, thereby allowing them to train more frequently. 
Only one [20] of the 13 exergame studies which were reviewed in chapter 2 used an unsupervised 
exergame training program. �e reasons for using supervised sessions is o�en that the system used is 
not user-friendly enough for independent home use or that it is experimental, or too expensive for home 
deployment in a group of subjects. Another factor that compromises independent use of exergames is 
the safety of the older adults playing the exergames. Many of the studies using the Nintendo Wii balance 
board for instance use additional safety equipment to prevent the participants from falling during the 
training [21-25].
 �e exergame developed in the current dissertation did prove to be suitable for unsupervised use, 
as shown by the high adherence rate of the pilot study (chapter 7). And although our exergame did not 
contain exercises that could be classi�ed as ‘high-challenge’ in the de�nition Sherrington et al. used 
(because we did not narrow the base of support [5]), our exergame intervention did have signi�cant 
positive e�ects on postural control. �is was despite the small population, the relatively good physical 
condition of the participating older adults and the relatively short duration of the program (6 weeks). 
An explanation could be found in the training environment that was o�ered in the game, which 
accomplished variable exercises (evading objects such as ice holes, bending to pass bridges, endurance 
races to skate as far as possible etc.) with a large number of repetitions (lateral sway movements).
 One particularly interesting feature of exergames is the necessity of capturing movement data of 
the user during training. �ese data contain valuable information about the postural control of the 
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older adult, which could be used for providing targeted feedback to the user, thereby increasing training 
e�ectiveness and motivation [26]. Williams et al. were among the �rst to develop an exergame system 
that allowed for training and assessing balance [24]. �ey used the Nintendo Wii balance board to 
control a virtual environment, while the position of the center (COP) of pressure was continuously 
recorded. Although they did not report a feedback loop based on analysis of postural control using the 
COP recordings, they did measure sway variability during standstill as well as reaching limits of stability 
using the exergame device. In the current dissertation we explored the possibilities of quanti�cation of 
postural control using whole-body movement data captured with Kinect during exergaming. In chapter 
5 we concluded that the movement patterns that are expressed by young and older adults playing the 
ice skating exergame show di�erences in total trajectory variability in the more challenging gaming 
conditions. A logical next step is to quantify balance on an individual level during gameplay, and adjust 
the game to the capacities of the user, which opens the door for personalized training. �is as of yet 
untapped potential of exergames could turn exergames in a real game changer when it comes to training 
postural control of older adults.

8.3 | CHALLENGES IN EXERGAME RESEARCH

In chapter 3 we de�ned the list of requirements that had to be ful�lled by the exergame. �e list was 
deduced from a workshop in which all project stakeholders participated, from interviews with older 
adults, and from the outcome of test sessions with older adults playing a concept version of the exergame. 
A�er developing and testing the prototype of the game in the pilot study (chapter 7), it can be concluded 
that most of the requirements have been met (Table 8.1). However, several combinations of requirements 
required careful weighting of scienti�c, engineering, commercial and user interests.
 A challenging combination of requirements was that the hardware used to control the game should 
be both a�ordable (€250) and accurate in detecting player movements. We chose Kinect because this 
device is a relatively a�ordable state of the art 3D camera system, and the game developer community 
is relatively familiar with the device, which saves time for developing game content. Kinect however 
was developed by the entertainment industry for entertainment purposes, and it was uncertain 
whether Kinect would be accurate enough for reliably capturing whole-body movement patterns 
during exergaming, which was needed for quanti�cation of postural control. �e accuracy of Kinect for 
detecting body segments in static poses and during gait was already studied [27-29], and results showed 
that Kinect displayed excellent concurrent validity when compared with a 3D motion capture system. 
�e accuracy for identifying movement patterns however was not explored. In chapter 4 we therefore 
compared Kinect with a gold standard, in this case a Vicon motion capture system, and concluded that 
Kinect identi�es general movement patterns with high accuracy, but that not all body segments are 
captured with equal accuracy. We found that in particular the explained variability of the position of the 
arm segments by the �rst Principal Component Analysis (PCA) modes (the general movement patterns) 
was underestimated by Kinect by as much as 30%. �is information was used in chapter 5, where it was 
decided to exclude the arm segments in training the self-organizing map. Here it was found that young 
and older adults could be discerned without including the arm segments in training the SOM. For this 
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reason and because Kinect identi�es general movement patterns with high accuracy, it was concluded 
that Kinect meets the accuracy requirements. Recent exergame review articles show that many groups 
adopt the strategy of using commercial o�-the-shelf hardware that was intended for gaming purposes, 
such as the Nintendo Wii Balance board and Playstation Eye Toy [17,18,30]. Another solution for the 
challenge of combining requirements related to costs and accuracy is to build a custom exergaming 
device that is speci�cally tailored to the accuracy requirements posed by the researchers. Examples of 
this approach include a tracking system for instrumented gloves, webcams, force plates and pressure 
sensitive mats [31-34]. We did not opt for this strategy due to the extra time that had to be invested in 
developing such a system and because Kinect already met our requirements.
 Two requirements that were also di�cult to ful�ll both, are the requirements related to using state 
of art hardware and ensuring a proven e�ect on postural control. �is combination of requirements is 
challenging for the simple reason that evaluating new (o�-the-shelf) hardware, developing an exergame, 
and examining the feasibility and the e�ectiveness of the exergame program, takes a couple of years. 
By the time these studies are completed, a new generation of hardware is available, which is then the 
new state of art. At the beginning of our studies Kinect was state of art, but a�er four years Kinect V2 
was already on the market [31]. In theory this should not be a problem because if certain hardware 
meets the requirements, then this hardware could be used in a market-ready product. Moreover, new 
hardware is not necessarily more suitable for a given purpose than older hardware. In practice, research 
groups o�en start small-scale studies using the newest exergame hardware, rather than conducting a 
large randomized controlled trial using technology that is a few years older [17,18,30,32]. In order to 
ful�ll both the requirements ‘using state of art hardware’ and ‘proven e�ect on health’ it is necessary 
to consider not only the latest generation of hardware as state of art, but a couple of generations, to 
allow time for conducting the studies needed to evaluate hardware and demonstrate bene�cial e�ects on 
health.
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Table 8.1 | Requirements de�ned and ful�lled in the prototype game used in the pilot study (chapter 7). Note that 
whether a requirement is ful�lled could not always be quantitatively assessed. In these cases the written logs of the 
older adults taking part in the pilot study were consulted.

Requirements de�ned Requirement ful�lled?

Workshop with stakeholders

1 �e exergame should have a proven bene�cial e�ect on 
postural control.

�e pilot study showed positive results, but for 
conclusive proof a large scale intervention study is 
needed.

2 �e exergame should be user-friendly. Yes

3 �e exergame should be suitable for selling as a 
product.

�e prototype is not a market-ready product

4 �e exergame should rely on state of the art 
technology.

Yes

5 �e exergame should enable older adults to train 
balance at home.

Yes

6 �e exergame should be able to quantify postural 
control of the user.

Yes, but balance is still computed o�ine (a�er gameplay 
and on an external PC)

Semi-structured interviews with older adults

7 �e exergame should have a multiplayer mode 
allowing competition and cooperation.

No

8 �e exergame should have realistic and imaginative 
components.

Yes

9 �e exergame should have an option for regulating 
di�culty.

Yes

10 �e exergame should be fun. Yes

11 �e exergame should have a proven health bene�t. No, see 1

12 �e exergame should hold social elements (such as a 
multiplayer mode and storing high scores).

To some extent: scores can be stored and compared with 
other players using the guest account.

13 �e exergame should have an easy to use interface. Yes

14 �e exergame should be suitable for playing at least 
three times per week.

Yes

15 �e exergame requires a maximum of 4 m2 (2x2) to 
play.

Yes

16 �e exergame costs at maximum €250,- Costs for hardware are in the required prize range, but 
costs in the shop have not been estimated by commercial 
partners yet.
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Table 8.1 | (Continued)
Requirements de�ned Requirement ful�lled?

Recommendations from test session with older adults

1 �e movements of the avatar should closely resemble 
the movements of the user and the game should 
respond adequately in order to improve immersion in 
the game and make the player feel con�dent about his/
her own abilities.

To some extent: the game uses a pre-recorded animation 
which is matched with the player movement.

2 �e delay between the movement of the player and the 
resulting movement of the avatar should be minimized.

Yes, although there is still a latency of 200-300 ms.

3 �e exergame should provide clear instructions on 
how to play it.

No

4 �e exergame should stay challenging in order to 
motivate the user to keep playing. �e di�culty should 
thus be adjusted to the capabilities of the user.

No, the level of di�culty has to be set manually in the 
current stage of development

5 �e exergame should contain more elements that 
improve game enjoyment, such as more visual and 
auditory e�ects and a broader variety in challenges.

To some extent: a plentitude of objects was added to the 
scenery and auditory e�ects were added, but no extra 
game modes were added yet

6 �e scenery should be realistic and visual objects 
should contribute to the gameplay: for instance a 
boat that lays in a frozen canal should have collision 
detection, such that the player cannot skate through 
the object.

Yes, collision detection was improved

7 �e game should be fair. If a player falls, then that fall 
must be ‘deserved’ and not caused by a bug, such as a 
lost connection with Kinect or an object that cannot 
be evaded.

Yes, although Kinect still loses connection under certain 
circumstances, such as direct sunlight, resulting in 
reduced speed of the avatar

8 �e game should give more positive feedback such as 
compliments and achievements that can be earned. 

Yes, although this is limited to earning medals. No 
spoken compliments were added

9 Statistics about level progression and performance 
should be clearly communicated by the game, 
preferably in the middle of the screen.

Yes, level progression is communicated using a bar on 
top of the screen. Feedback on performance was not 
added.

10 �e game should have a multiplayer mode No 

11 Older adults should be able to play the game together 
in a location where they feel comfortable.

Yes, the game is suitable for home-based use (but it could 
also be used in community centers where people join 
together to play)
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8.4 | DIRECTIONS FOR FURTHER DEVELOPMENT OF THE EXERGAME

8.4.1 | Game content 
Table 8.1 shows that not all requirements that were de�ned in chapter 3 were met by the prototype 
exergame described in chapter 6. �ese non-ful�lled requirements logically are to be met in a next 
version of the exergame. One important requirement that was not ful�lled is realizing a multiplayer 
option. Chapter 3 showed that the majority of older adults would like to play with or against others. �is 
�nding concurs with Nawaz et al., who underline the importance of competition and social interaction 
in a recent review article about the acceptability of exergames in older adults [33]. However, adding 
a multiplayer option is not trivial. Using a split screen multiplayer mode puts an additional load on 
the CPU of the mini-pc, which is already maximally used in single player mode. Playing together via 
internet poses technical challenges that would cost several months to solve. A more easy to realize 
solution would be to let di�erent older adults play successively. �is is to some extent already possible 
in the prototype exergame by using the guest account. However, using multiple player accounts would 
improve the multiplayer experience, because then game results can be stored and compared. In the end 
we decided to focus on a good single player game and prioritize the responsiveness of the avatar. A 
multiplayer option however should be added in a later stage of development of the exergame.
 Another important recommendation that was made by the older adults during the tests with the 
concept game was that the game should have more diversity, such as more game modes, objects, sounds, 
events, feedback and di�culty levels. We therefore plan to further develop the game and include in 
the next version events such as opposing skaters, more diverse sceneries with more richly animated 
objects and more sound e�ects (such as cheering crowds), to make the world more immersive. Di�culty 
levels should be adapted automatically to the user, which was in chapter 7 referred to as Dynamical 
Di�culty Adjustment (DDA) [34]. In order to realize this, postural control should be quanti�ed during 
exergaming, instead of a�erwards.

8.4.2 | Quanti�cation of postural control during exergaming
�e balance parameters described in chapter 5 were computed a�er gameplay, using the whole-body 
movement data that were captured using Kinect during gameplay. �e next step is to quantify postural 
control during gameplay and use this information to dynamically adjust the di�culty of the game to the 
capabilities of the individual user [34]. In order to get there, the Self Organizing Maps (SOM) algorithm 
used in chapter 5 needs to run automatically during gameplay. �ere are two ways of implementing 
the algorithm. A relatively simple implementation would be to train the SOM on the exergame system 
of the individual user, using only his or her movement data. �is will allow the user to monitor his 
own progression, and to gradually change the di�culty as the user improves postural control. �e user 
however cannot compare his balance ability with peers, because they train their SOMs di�erently as 
the input whole-body movement data is di�erent. Another option of implementing SOM would be to 
train a SOM using movement data of a large number of users, thereby enabling users to compare results 
and acquire for instance information about whether they have a relatively good postural control given 
their age. �is method requires uploading of all movement data to a server which trains the SOM using 
movement data from all users. To interpret individual results, additional information from all individuals 
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is needed, such as their age. Training a SOM using movement data from hundreds or thousands of users 
however is computationally expensive and requires a powerful server.
 One of the main reasons for choosing SOM in the current dissertation is that this arti�cial neural 
network algorithm reduces high dimensional data (in our case nine two-dimensional coordinates of 
body segments) to a two-dimensional map in which the input data is organized by grouping similar 
items, thus allowing for visualizing complex movement patterns [35-37]. �ese visualizations proved in 
chapter 5 useful for quanti�cation of postural control while playing the skating exergame. In addition 
SOM is an unsupervised learning algorithm, which thus requires no a priori information about age-
related deterioration of postural control. �is approach was chosen to prevent the learning algorithm 
from being restricted to our current understanding of postural control, leaving room for new features 
that might characterize deterioration of postural control in the older adults. �e approach adopted in 
the current dissertation can be generalized to unsupervised recognition of patterns in high-dimensional 
datasets [38]. Although SOM is very suitable for these type of problems, other more recently developed 
algorithms might achieve similar or better results in a shorter period of time. A technique known as 
‘deep learning’ recently gained popularity as a next step in machine learning for applications such as 
speech recognition and visual object recognition [39]. Deep learning is an extension of neural networks 
and works with multiple layers of features, which are learned from the input data rather than de�ned 
by human engineers [40]. �e key advantages of deep learning are that the algorithms are very good 
at discovering complex structures in high-dimensional data and that they learn relatively fast (much 
faster than SOM) [40]. At this moment these data driven learning algorithms are primarily used for 
supervised learning (e.g. learning an algorithm to classify an object correctly by feeding it �rst a large 
set of images (or sounds) of such an object). Salakhutdinov et al. for instance successfully classi�ed 
ten di�erent types of human walks (normal, drunk, old person etc.) using a human motion capture 
dataset [41]. �e interest for unsupervised learning using deep neural networks however is increasing 
in the �eld of arti�cial intelligence, which is because human and animal learning (the gold standard) 
is largely unsupervised [40,42,43]. Applying deep learning to whole body movement data captured 
during exergaming might yield new features that characterize deteriorated postural control in older 
adults. Training a deep learning network to identify and classify movement patterns using whole-body 
movement data of a large number of older adults thus could have a signi�cant e�ect on (dynamically) 
adjusting a game to an individual player.

8.4.3 | Developing the prototype into a market-ready product
Only few exergames that were reviewed in chapter 2 made it to the market. �e reasons for this could 
be found in the complex environment in which exergames are developed and funded, making a viable 
business case for exergames very challenging. We brie�y touched upon the discrepancy between 
hardware developments which are extremely fast, and the development of exergames by research groups, 
which continuously lags behind due to the need for testing hardware and testing e�ects in clinical 
trials, before going to the market. More speci�cally, many exergames are developed by researchers in 
universities, and are seed funded. In order to attract customers that want to reduce their fall risk, an 
exergame should �rst have a proven bene�cial e�ect on fall risk. �e conventional way to establish such 
an e�ect is through a large scale randomized controlled intervention study in which a personalized 
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exergame training program is compared with traditional balance exercises and a control group. �e 
primary outcome measure should then be the number of falls during and following the intervention 
period. Conducting such a study is expensive and costs a lot of time. If no new seed funding is available, 
then a private investor needs to be found. �ey could get their investment back when a large number 
of older adults decide to buy the system. However, the party that in the end bene�ts most from the 
exergames, are the health insurance companies, which can increase pro�t due to the reduced number of 
fall-related injuries, but did not invest in the development or purchase of the product.
 As a �rst step in developing a viable business case, the research center SPRINT and the stakeholders 
involved in the SPRINT project ‘Exergames for balance training’ commissioned a social return on 
investment analysis (SROI) (Vitavalley, Ede, the Netherlands). SROI is a method that quanti�es the 
costs and bene�ts of products or services on society [44]. Other than the traditional cost-bene�t analyses 
SROI provides a more holistic approach of computing value for money, by taking into account value 
that is not easily expressed in a currency, such as wellbeing [45]. SROI works by making assumptions 
(based on input from stakeholders) about the costs of the product or service and the expected value of 
the bene�ts. In this way a SROI-score is computed, which can be interpreted as a bene�ts-to-cost ratio. 
�e SROI of the current exergame resulted in a score of 2.8, meaning that each €1,- invested in the game, 
yields €2,80 over a period of 5 years [46]. Table 8.2 shows a breakdown of the costs and bene�ts resulting 
from the SROI. From the SROI we can conclude that society as a whole could bene�t from exergames for 
unsupervised training of postural control. However, in this model the parties that bene�t most (health 
insurance companies and municipality, due to the reduced number of fractures) are not the same as 
the parties that invest most (the individual older adults). �is imbalance in sharing costs and bene�ts 
complicates the development of a viable business case.

Table 8.2 | Breakdown of costs and bene�ts of an exergame system, as retrieved from the SROI report [46]. Note 
that a scenario was used in which the health insurance companies and the municipalities a�ord a GP consultation 
and �yers containing information. Assumptions that were used include 1) fall risk decreases by 30% as a result 
of playing the game, 2) costs were estimated at €20 per user per month, 3) 1% of the Dutch 65+ population will 
play the game, 4) a caregiver invests a small amount of time to help the older adult. More details are available in 
the SROI report [46].

Costs Bene�ts

Older adult € 240 Health insurance € 490

Health insurance € 28 Municipality € 140

Municipality € 21 Older adult € 90

Caregiver € 16 Caregiver € 74
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8.5 | LESSONS LEARNED

In the past four years we learned a lot, not only from a scienti�c point of view, but also about developing 
exergames and working in multidisciplinary teams. To share this knowledge, which does usually not 
appear in journal papers, a list of lessons learned is provided:
1. In a multidisciplinary team, learn each other’s language and culture! Words like ‘performance’ have 

entirely di�erent meanings for game developers and researchers. E.g. If you would ask both groups 
for instance: “How does the application measure game performance?” you would get answers like: 
“drops in fps and crash reports are stored a log �le” (game developer), or “the sway amplitude is 
stored and then normalized to player length to compute a score” (researcher). Also words like 
‘pilot study’, ‘power’, ‘speci�cation’, ‘minor bug’ and ‘ready for �eld experiment’ can be interpreted 
di�erently by di�erent stakeholders.

2. Meet frequently to learn each other’s way of working. �e language barrier mentioned above also 
holds for expectations and working habits. Steps that seem entirely logic for game developers could 
pose major problems to researchers and vice versa. Researchers for instance tend to come up with 
new requests ‘based on new knowledge gained’ days before the deadline or refuse to make up their 
minds, because ‘more knowledge is needed’, while game developers might slightly update the data 
storage format to a more computationally economical format, causing the researchers’ Matlab code 
to crash upon reading the �les. It is therefore important to meet frequently, explain your way of 
working to others and also ask about the way of working of other stakeholders. Only then a common 
working strategy that is acceptable for all can be developed. �is way of working avoids confusion, 
because agreements are o�en interpreted di�erently by di�erent stakeholders.

3. Test frequently, before installing a system at older adults’ homes. �is includes letting pets run 
around the room, testing the e�ect of all kinds of lighting types (halogen, LED, sunlight etc.) on 
your sensor, testing with di�erent types of clothing, nearby furniture such as couches, chairs and 
tables, di�erent hairstyles and test with very short and very tall people. We indeed experienced 
all these problems during our test sessions and during the pilot. Also, a new version of the game 
should always pass all tests again that were passed in a previous version. Unexpected bugs could 
have emerged, or computationally expensive lines of code (such as data storage) could have been 
commented out temporarily when getting closer to a deadline.

8.6 | FUTURE WORK

In the current dissertation an exergame for training and measuring postural control of older adults was 
developed. Although the prototype of the exergame was found suitable for use in a six week unsupervised 
home-based exergame training program (chapter 7), there still is a plentitude of improvements that are to 
be made before the exergame is truly market-ready. �ree of the most important of these enhancements 
include 1) creating a personalized exergame by integrating SOM with the exergame, such that the game 
adapts to the individual player, 2) realizing a richer game environment with more diverse challenges and 
3) adding a multiplayer mode.
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�e current dissertation provides a framework for developing exergames in general and could be 
expanded in multiple directions, both scienti�c and commercial. �e use of SOM for quanti�cation 
of postural control based on whole-body movement data captured during exergaming for instance, is 
only a �rst step in adapting exergames to the user. A scienti�c challenge lies not only in fusing the 
neural network algorithm with the exergame so�ware and have a large population of older adults train 
the network, but especially in interpreting the resulting big data and making the connection with the 
physical deterioration that is taking place in the older adult. �e commercial challenge lies in turning 
the societal bene�ts found in the SROI into a commercially viable business model. Especially the 
distribution and implementation strategy will require careful consideration, as the target population is 
as of yet unfamiliar with the possibilities of exergames.
 When these challenges are addressed we believe that exergames will result in a paradigm shi� 
where older adults train balance at home or in community centers rather than in the gym, or in addition 
to the gym. Training balance using exergames will become a fun, social and a�ordable activity for older 
adults, which eventually reduces the number of falls.



501813-L-sub01-bw-vanDiest501813-L-sub01-bw-vanDiest501813-L-sub01-bw-vanDiest501813-L-sub01-bw-vanDiest

8

General introduction

131

REFERENCES

[1] Verkerke GJ, van der Houwen EB. Design of Biomedical Products. In: Rakhort G, Ploeg R, editors. Biomater. Mod. 
Med. Groningen Perspect., Singapore: World Scienti�c Publishing Company; 2008, p. 23–38.

[2] Robinson L, Newton JL, Jones D, Dawson P. Self-management and adherence with exercise-based falls prevention 
programmes: a qualitative study to explore the views and experiences of older people and physiotherapists. Disabil 
Rehabil 2014;36:379–86.

[3] Hill KD, Day L, Haines TP. What factors in�uence community-dwelling older people’s intent to undertake 
multifactorial fall prevention programs? Clin Interv Aging 2014;9:2045–53.

[4] Howe T, Rochester L, Neil F, Skelton D, Ballinger C. Exercise for improving balance in older people (Review). 
Cochrane Database Syst Rev 2012:CD004963.

[5] Sherrington C, Whitney JC, Lord SR, Herbert RD, Cumming RG, Close JCT. E�ective exercise for the prevention 
of falls: a systematic review and meta-analysis. J Am Geriatr Soc 2008;56:2234–43.

[6] Gillespie LD, Robertson MC, Gillespie WJ, Sherrington C, Gates S, Clemson LM, et al. Interventions for preventing 
falls in older people living in the community. Cochrane Database Syst Rev 2012;9:CD007146.

[7] Karinkanta S, Piirtola M, Sievänen H, Uusi-Rasi K, Kannus P. Physical therapy approaches to reduce fall and 
fracture risk among older adults. Nat Rev Endocrinol 2010;6:396–407.

[8] Day L, Fildes B, Gordon I, Fitzharris M, Flamer H, Lord S. Randomised factorial trial of falls prevention among 
older people living in their own homes. BMJ 2002;325:128.

[9] Franco MR, Tong A, Howard K, Sherrington C, Ferreira PH, Pinto RZ, et al. Older people ’ s perspectives on 
participation in physical activity : a systematic review and thematic synthesis of qualitative literature. Br J Sports 
Med 2015:1–9.

[10] Whitehead CH, Wundke R, Crotty M. Attitudes to falls and injury prevention: what are the barriers to 
implementing falls prevention strategies? Clin Rehabil 2006;20:536–42.

[11] Betker A, Szturm T, Moussavi Z. Development of an interactive motivating tool for rehabilitation movements. 
Annu Int Conf IEEE Eng Med Biol Soc,2005; p. 2341–4.

[12] O’Connor TJ, Cooper RA, Fitzgerald SG, Dvorznak MJ, Boninger ML, VanSickle DP, et al. Evaluation of a manual 
wheelchair interface to computer games. Neurorehabil Neural Repair 2000;14:21–31.

[13] Fitzgerald D, Trakarnratanakul N, Smyth B, Caul�eld B. E�ects of a wobble board-based therapeutic exergaming 
system for balance training on dynamic postural stability and intrinsic motivation levels. J Orthop Sports Phys 
�er 2010;40:11–9.

[14] Brox E, Hernandez JEG. Exergames for elderly: Social exergames to persuade seniors to increase physical activity. 
5th Int Conf IEEE Pervasive Comput Technol Healthc, 2011; p. 546–9.

[15] Heuvelink A, de Groot J, Hofstede C. Let’s play - �e deployment of applied gaming to encourage the elderly to 
exercise. 2014.

[16] Akkermans M. Centraal Bureau voor de Statistiek. Internetgebruik Ouderen Fors Toegenomen 2013.http://www.
cbs.nl/nl-NL/menu/themas/vrije-tijd-cultuur/publicaties/artikelen/archief/2013/2013-4005-wm.htm (accessed 
August 26, 2015).

[17] van Diest M, Lamoth CJC, Stegenga J, Verkerke GJ, Postema K. Exergaming for balance training of elderly: state 
of the art and future developments. J Neuroeng Rehabil 2013;10:101.

[18] Molina KI, Ricci NA, de Moraes SA, Perracini MR. Virtual reality using games for improving physical functioning 
in older adults: a systematic review. J Neuroeng Rehabil 2014;11:156.

[19] Ste�en TM, Hacker TA, Mollinger L. Age- and gender-related test performance in community-dwelling elderly 
people: Six-Minute Walk Test, Berg Balance Scale, Timed Up & Go Test, and gait speeds. Phys �er 2002;82:128–
37.

[20] Schoene D, Lord SR, Delbaere K, Severino C, Davies TA, Smith ST. A randomized controlled pilot study of home-
based step training in older people using videogame technology. PLoS One 2013;8:e57734.

[21] Laver K, Ratcli�e J, George S, Burgess L, Crotty M. Is the Nintendo Wii Fit really acceptable to older people?: a 
discrete choice experiment. BMC Geriatr 2011;11:64.

[22] Toulotte C, Toursel C, Olivier N. Wii Fit(R) training vs. Adapted Physical Activities: which one is the most 
appropriate to improve the balance of independent senior subjects? A randomized controlled study. Clin Rehabil 
2012;26:827–35.



501813-L-sub01-bw-vanDiest501813-L-sub01-bw-vanDiest501813-L-sub01-bw-vanDiest501813-L-sub01-bw-vanDiest

Chapter 8

132

[23] Young W, Ferguson S, Brault S, Craig C. Assessing and training standing balance in older adults: A novel approach 
using the “Nintendo Wii” Balance Board. Gait Posture 2010;33:303–5.

[24] Williams MA, Soiza RL, Jenkinson AM, Stewart A. EXercising with Computers in Later Life (EXCELL) - pilot 
and feasibility study of the acceptability of the Nintendo® WiiFit in community-dwelling fallers. BMC Res Notes 
2010;3:238.

[25] Agmon M, Perry CK, Phelan E, Demiris G, Nguyen HQ. A pilot study of wii �t exergames to improve balance in 
older adults. J Geriatr Phys �er 2011;34:161–7.

[26] Baranowski MT, Bower PK, Krebs P, Lamoth CJ, Lyons EJ. E�ective Feedback Procedures in Games for Health: A 
Roundtable Discussion. Games Health J 2013;2:131212070440006.

[27] Galna B, Barry G, Jackson D, Mhiripiri D, Olivier P, Rochester L. Accuracy of the Microso� Kinect sensor for 
measuring movement in people with Parkinson’s disease. Gait Posture 2014;39:1062-8

[28] Clark RA, Pua Y-H, Fortin K, Ritchie C, Webster KE, Denehy L, et al. Validity of the Microso� Kinect for 
assessment of postural control. Gait Posture 2012;36:372–7.

[29] Clark RA, Bower KJ, Mentiplay BF, Paterson K, Pua Y-H. Concurrent validity of the Microso� Kinect for 
assessment of spatiotemporal gait variables. J Biomech 2013;46:2722–5.

[30] Barry G, Galna B, Rochester L. �e role of exergaming in Parkinson’s disease rehabilitation: a systematic review of 
the evidence. J Neuroeng Rehabil 2014;11:33.

[31] Clark RA, Pua Y, Oliveira CC, Bower KJ, �ilarajah S. Reliability and concurrent validity of the Microso� Xbox 
One Kinect for assessment of standing balance and postural control. Gait Posture 2015;42:210-3

[32] Schoene D, Valenzuela T, Lord SR, de Bruin ED. �e e�ect of interactive cognitive-motor training in reducing fall 
risk in older people: a systematic review. BMC Geriatr 2014;14:107.

[33] Nawaz A, Skjæret N, Helbostad JL, Vereijken B, Boulton E, Svanaes D. Usability and acceptability of balance 
exergames in older adults: A scoping review. Health Informatics J 2015, Aug 23. pii: 1460458215598638. [Epub 
ahead of print]

[34] Barzilay O, Wolf A. Adaptive rehabilitation games. J Electromyogr Kinesiol 2013;23:182–9.
[35] van Diest M, Stegenga J, Wörtche HJ, Roerdink JBTM, Verkerke GJ, Lamoth CJC. Quantifying Postural Control 

during Exergaming Using Multivariate Whole-Body Movement Data: A Self-Organizing Maps Approach. PLoS 
One 2015;10:e0134350.

[36] Kohonen T. �e self-organizing map. Proc IEEE 1990;78:1464–80.
[37] Lamb P, Bartlett R. Self-organizing maps as a tool to analyze movement variability. Int J Comput Sci Sport 

2008;7:28–39.
[38] Haykin S. Neural Networks: a comprehensive foundation. 2nd ed. New Jersey: Tom Robbins; 1999.
[39] Hinton G, Deng L, Yu D, Dahl GE, Mohamed A, Jaitly N, et al. Deep Neural Networks for Acoustic Modeling in 

Speech Recognition. IEEE Signal Process Mag 2012:82–97.
[40] LeCun Y, Bengio Y, Hinton G. Deep learning. Nature 2015;521:436–44.
[41] Salakhutdinov R, Tenenbaum JB, Torralba A. Learning with Hierarchical-Deep Models. IEEE Trans Pattern Anal 

Mach Intell 2013;35:1958–71.
[42] Mnih V, Kavukcuoglu K, Silver D, Rusu AA, Veness J, Bellemare MG, et al. Human-level control through deep 

reinforcement learning. Nature 2015;518:529–33.
[43] Lee H, Grosse R, Ranganath R, Ng AY. Convolutional deep belief networks for scalable unsupervised learning of 

hierarchical representations. Proc 26th Annu Int Conf Mach Learn ICML 09 2009;2008:1–8.
[44] Emerson J, Cabaj M. Social return on investment. Mak Waves 2000;11:10–4.
[45] Banke-�omas AO, Madaj B, Charles A, van den Broek N. Social Return on Investment (SROI) methodology to 

account for value for money of public health interventions: a systematic review. BMC Public Health 2015;15:582.
[46] Ketelaar P, Verkerk M. SROI analyse SPRINT – Doelgroep kwetsbare ouderen (in Dutch). Vitavalley, Ede, the 

Netherlands: 2015. 




