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PREFACE

“"How dull it is to pause, to make an end,
To rust unburnish’d, not to shine in use!"

I want to be something more. I want to be a bearer of new things.

At one of his lectures at UTA, Dr. Yale Patt was asked, “Where [in the B.S, M.S, and
Ph.D. series] do you stop?” The answer he gave was, “if you have fire in your belly, you go
for your Ph.D..” Yes. I have a fire, and I firmly believe in the saying, “The mighty oak was
once a little nut that stood its ground.” The ability to create, think beyond facts, and the
gift of vision set us apart in the evolution hierarchy. I believe in seeing dreams far from
the existing reality and pursuing them with all my strength and will to realize them.

“This grey spirit yearning in desire
To push off,

For my purpose holds
To strive, to seek, to find and not to yield”

- Ulysses

While doing my master’s, I had the opportunity to work in the Modular Robotics lab
under Prof. Mark Yim and the Rehab Robotics lab under Dr. Michelle Johnson. The work
I got to do in the lab and courses I took along with my inculcated adroitness helped me
develop exemplary skills in robotics and embedded programming. After my stint in the
lab, I became determined to build the depth of knowledge needed to carve a niche for
myself in this field, which landed me an internship at the Biorobotics lab at EPFL.

My erudition and my determination to be a creator of wondrous things helpful to
mankind landed me at Swarmlab for my Ph.D. This thesis is the result of the research
I did during my Ph.D. Apart from the research, there was a congruence of influences,
effort, and motivation from people in my life that resulted in this thesis, and I want to
take this opportunity to thank everyone who was part of my journey.

First of all, I wish to thank my supervisor, Rico Mockel, for his invaluable help in my
research. I am grateful for the time and effort he spent advising me during my Ph.D. I also
wish to thank Gerhard Weiss for being my promotor and giving me valuable feedback.

I also wish to thank all my colleagues for making DKE a pleasant community to work
in. My gratitude also goes to the IT support team, especially Peter and Wei, for their
constant support. I would like to thank all the people that shared the office with me
during these years and made it a fun place to work: Amir, Lucas, and Kirill. Thank you,
Amir, for all the wonderful discussions we had about the different courses and research
at our lab. Arjun and Yiyong, Jordy, and Chiara deserve my thanks for all the fun lunch
breaks we had. Furthermore, I wish to thank all other Ph.D. fellows and colleagues who
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shared the good (and sometimes hard) times of Ph.D. life at DKE. I wish to thank Monica,
Chiara, Amir, Arjun, and Yiyong, for taking the time out of their busy schedule to hear me
out about the roller coaster ride that Ph.D. life is and for sharing their experiences with
me.

I have also had the privilege to collaborate with people from different disciplines on
projects. Thank you, Corrie, Lex, Petra, and Karien, for collaborating with me. To Corrie,
who worked enthusiastically with me on the data and results. To Lex, who refined my
ideas into practical solutions. To Petra, for her help in the ethical committee submissions
and helpful insights into the data analysis. To Henri and the people of IDEE, for your help
in the project. And to all the parents, kids, and students who allowed me to collect the
data for my studies.

Last but not least, I want to thank my family and friends. I grew up in a society that
considered education a luxury not to be wasted on girls. So I had to fight to fulfill my
dreams. And I am lucky to have amazing parents who supported me even when my
ambition clashed against the norms of society. Without their continuous and uncondi-
tional support and unending love, I would not be where I am today. I am deeply grateful
to them for supporting me and believing in me. Their belief in me strengthened me in
my fights. Thank you Amma and Daddy. I also want to thank my second set of amazing
parents, Seenu and Vincy Unca. Thank you for always being there. I cannot thank you
enough for everything that you have always done, without me even having to ask. Thank
you for taking care of all of us, including Amma. I also want to especially thank you, Ar-
avind, who constantly supported and encouraged me and was always available to boost
me up with your pep talks. Aravind, Thank you for always believing in me and putting
everything into the right perspective. I also want to thank Jiby chechi. Without your help
and support, this thesis would not have come to fruition. Then there is Ashley, who cel-
ebrated every success with me, sometimes even from the other side of the world. Thank
you Ashley, for being there, even when there seemed to be no end in sight. Lastly, Shiloh,
you are the most wonderful gift God has given us. Thank you Shiloh for your beautiful
smiles and sweet hugs, which never fails to motivate me and boost my energy whenever
I feel low.

Seethu Mariyam Christopher
Maastricht, September 2022



CONTENTS

Preface vii

Table of Contents xi

List of Figures xiii

List of Tables xvii

1 Introduction 1
1.1 Motivation and Context . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.1.1 Assessments for the Elderly . . . . . . . . . . . . . . . . . . . . . 3
1.1.2 Assessments for Children . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Research Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Research Objective and Questions . . . . . . . . . . . . . . . . . . . . . 7
1.4 Innovation and Significance of our Research . . . . . . . . . . . . . . . . 9
1.5 Thesis Overview. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 Related Work 13
2.1 Manual Assessments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2 Stealth Assessment and Serious Games . . . . . . . . . . . . . . . . . . . 15
2.3 Socially Assistive Robots . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.4 Wearable Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.5 Game Devices with Embedded Sensors . . . . . . . . . . . . . . . . . . . 20

3 Methods: Intelligent Toys 23
3.1 Intelligent Activity Dice . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.2 Intelligent Maze. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.3 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 36

I Studies using the Intelligent Activity Dice 37

4 An Intelligent Activity Dice for Assessing Throwing Performance: Validation
and Exploration 39
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
4.2 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.2.1 Subject Recruitment . . . . . . . . . . . . . . . . . . . . . . . . . 41
4.2.2 Experimental Set up . . . . . . . . . . . . . . . . . . . . . . . . . 41
4.2.3 Variables extracted from the Intelligent Activity Dice. . . . . . . . . 43
4.2.4 Video Analysis and Variables extracted from the Video. . . . . . . . 45

ix



x CONTENTS

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.3.1 Time of Flight . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.3.2 Initial Velocity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.3.3 Energy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
4.3.4 Number of turns . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.3.5 Accuracy of Throw . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 60

5 Intelligent Activity Dice for Assessing Limitations of Physical Performance of
Wrist: A Pilot Study 63
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
5.2 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.2.1 Subject Recruitment . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.2.2 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.2.3 Variables extracted from the Intelligent Activity Dice. . . . . . . . . 68

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
5.3.1 Time of Flight . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
5.3.2 Initial Velocity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
5.3.3 Number of Turns. . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.3.4 Questionnaire . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 76

II Studies using the Intelligent Maze 81

6 Intelligent Maze for Assessing Cognitive Capabilities in Children: A Valida-
tion Study 83
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

6.1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
6.1.2 Approach and contributions . . . . . . . . . . . . . . . . . . . . . 85
6.1.3 Chapter outline . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

6.2 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
6.2.1 Subject Recruitment . . . . . . . . . . . . . . . . . . . . . . . . . 87
6.2.2 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . 87
6.2.3 Data from the Intelligent Maze. . . . . . . . . . . . . . . . . . . . 90
6.2.4 Data via Digitization through Computer Vision . . . . . . . . . . . 91

6.3 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . 92
6.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 95

7 An Exploration Study: Intelligent Maze for Assessing Cognitive Skills during
Structured Play 97
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
7.2 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

7.2.1 Subject Recruitment . . . . . . . . . . . . . . . . . . . . . . . . . 98
7.2.2 Assignment Board . . . . . . . . . . . . . . . . . . . . . . . . . . 99
7.2.3 Experimental Procedure . . . . . . . . . . . . . . . . . . . . . . . 99
7.2.4 Cognitive Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
7.2.5 Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 105



CONTENTS xi

7.2.6 Statistical Processing. . . . . . . . . . . . . . . . . . . . . . . . . 113
7.2.7 Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

7.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
7.3.1 Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . . . . . 114
7.3.2 Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
7.3.3 Correlational Analysis . . . . . . . . . . . . . . . . . . . . . . . . 116
7.3.4 Factor Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
7.3.5 Encoder Analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . 120

7.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 123
7.4.1 Factor Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
7.4.2 Encoder Analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . 124

8 An Exploration Study: Intelligent Maze for Assessing Cognitive Skills during
Unstructured Play 127
8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
8.2 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

8.2.1 Subject Recruitment . . . . . . . . . . . . . . . . . . . . . . . . . 129
8.2.2 Exploration Board . . . . . . . . . . . . . . . . . . . . . . . . . . 129
8.2.3 Experimental Procedure . . . . . . . . . . . . . . . . . . . . . . . 129
8.2.4 Cognitive Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
8.2.5 Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
8.2.6 Statistical Processing. . . . . . . . . . . . . . . . . . . . . . . . . 137

8.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
8.3.1 Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . . . . . 137
8.3.2 Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 143
8.3.3 Correlation Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 143

8.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 151

9 Conclusions and Future Directions 157
9.1 Conclusions of Research Objective and Questions . . . . . . . . . . . . . 157
9.2 Recommendations for Future Research . . . . . . . . . . . . . . . . . . . 162

Impact Paragraph 165

A Appendix 171

Manual for Digital Maze Data Collection 171

Curriculum Vitae 177

List of Publications 179

Bibliography 181

Summary 203

SIKS Dissertation Series 207





LIST OF FIGURES

1.1 Proposed Solution: Intelligent Toys. . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Pilot project at the Elderly Care Centre at Breberen. . . . . . . . . . . . . . . 6

2.1 Type of sensors/devices used for assessment. . . . . . . . . . . . . . . . . . 14
2.2 Different Assessments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.3 Robots in the reviewed articles. . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4 Robots in the reviewed articles (cont.). . . . . . . . . . . . . . . . . . . . . . 18
2.5 Robots in the reviewed articles (cont.). . . . . . . . . . . . . . . . . . . . . . 21

3.1 The foam activity dice from Wehrfritz. . . . . . . . . . . . . . . . . . . . . . . 24
3.2 Intelligent Activity Dice and embedded sensors. . . . . . . . . . . . . . . . . 25
3.3 Connection diagram of Intelligent Activity Dice . . . . . . . . . . . . . . . . 26
3.4 State diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.5 Visualization of the rotation of the Intelligent Activity Dice in motion. . . 27
3.6 Overview of the Intelligent Activity Dice system: version 1. . . . . . . . . . 28
3.7 Overview of the Intelligent Activity Dice system: version 2. . . . . . . . . . 28
3.8 Overview of the Data flow in Intelligent Activity Dice. . . . . . . . . . . . . . 29
3.9 Intelligent Activity Dice system: Screenshot of the GUI. . . . . . . . . . . . 30
3.10 The Magnetic Labyrinth Toy available for children (GOGO (2021)). . . . . . 31
3.11 Intelligent Maze and its components. . . . . . . . . . . . . . . . . . . . . . . 32
3.12 Intelligent Maze and its components (cont.). . . . . . . . . . . . . . . . . . . 32
3.13 The three different maze patters in the Intelligent Maze. . . . . . . . . . . . 33
3.14 Intelligent Maze and its components (cont.). . . . . . . . . . . . . . . . . . . 34
3.15 Overview of the Intelligent Maze system: version 1. . . . . . . . . . . . . . . 35
3.16 Overview of the Intelligent Maze system: version 2. . . . . . . . . . . . . . . 35

4.1 Experimental set up and an example trajectory. . . . . . . . . . . . . . . . . 42
4.2 The protocol used in the study. . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.3 Accelerometer plot from the Intelligent Dice. . . . . . . . . . . . . . . . . . . 43
4.4 Accelerometer plot with initial velocity marked. . . . . . . . . . . . . . . . . 46
4.5 Fit between the trajectory from the video vs regression model. . . . . . . . 47
4.6 Time of Flight: values from video vs. values from dice. . . . . . . . . . . . . 48
4.7 Time of Flight for each type of throw. . . . . . . . . . . . . . . . . . . . . . . 49
4.8 Time of Flight grouped together based on type of throw. . . . . . . . . . . . 49
4.9 ANOVA graph of different groups for Time of Flight. . . . . . . . . . . . . . . 50
4.10 Means of the different groups for Time of Flight. . . . . . . . . . . . . . . . . 51
4.11 Initial Velocity: values from video vs. values from dice. . . . . . . . . . . . . 52
4.12 Initial Velocity for each type of throw. . . . . . . . . . . . . . . . . . . . . . . 52

xiii



xiv LIST OF FIGURES

4.13 Initial Velocity grouped together based on type of throw. . . . . . . . . . . . 53
4.14 ANOVA graph of different groups for Initial Velocity. . . . . . . . . . . . . . 53
4.15 Means of the different groups for Initial Velocity. . . . . . . . . . . . . . . . 54
4.16 Energy: values from video vs. values from dice. . . . . . . . . . . . . . . . . 55
4.17 Energy for each type of throw. . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.18 Number of Turns for each type of throws. . . . . . . . . . . . . . . . . . . . . 56
4.19 Number of Turns grouped together based on type of throw. . . . . . . . . . 57
4.20 ANOVA graph of different groups for Number of Turns. . . . . . . . . . . . . 57
4.21 Means of different groups for Number of Turns. . . . . . . . . . . . . . . . . 58
4.22 Accuracy for each type of throw. . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.1 Restrictions placed on the wrist. . . . . . . . . . . . . . . . . . . . . . . . . . 66
5.2 The protocol used in the study. . . . . . . . . . . . . . . . . . . . . . . . . . . 67
5.3 Time of Flight for each type of throws. . . . . . . . . . . . . . . . . . . . . . . 69
5.4 Time of Flight grouped together based on type of throw. . . . . . . . . . . . 69
5.5 ANOVA graph of different groups for Time of Flight. . . . . . . . . . . . . . . 70
5.6 Means of the different groups for Time of Flight. . . . . . . . . . . . . . . . . 70
5.7 Initial Velocity for each type of throws. . . . . . . . . . . . . . . . . . . . . . 71
5.8 Initial Velocity grouped together based on type of throw. . . . . . . . . . . . 72
5.9 ANOVA graph of different groups for Initial Velocity. . . . . . . . . . . . . . 72
5.10 Means of the different groups for Initial Velocity. . . . . . . . . . . . . . . . 73
5.11 Number of Turns for each type of throws. . . . . . . . . . . . . . . . . . . . . 74
5.12 Number of Turns grouped together based on type of throw. . . . . . . . . . 75
5.13 ANOVA graph of different groups for Number of Turns. . . . . . . . . . . . . 75
5.14 Means of the different groups for Number of Turns. . . . . . . . . . . . . . . 76

6.1 A sample maze sub test from WPPSI-R. . . . . . . . . . . . . . . . . . . . . . 84
6.2 Graphical Representation of the study. . . . . . . . . . . . . . . . . . . . . . 87
6.3 Experimental Setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
6.4 The different maze structures used in the study. . . . . . . . . . . . . . . . . 88
6.5 Drawing of assignment maze structure overlayed with extracted data points

for the three different assignments. . . . . . . . . . . . . . . . . . . . . . . . 89
6.6 Overview of data processing stages. . . . . . . . . . . . . . . . . . . . . . . . 91
6.7 Temporal resolution of screen and camera approach: total number of recorded

points per second. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
6.8 Temporal resolution of screen and camera approach: number of invalid

points per second . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
6.9 Screen resolution of screen and camera approach: Percentage of invalid

(filtered) points with regard to total number of points. . . . . . . . . . . . . 93
6.10 Comparison of data extracted using camera and digitalized through com-

puter vision and the data extracted from Intelligent Maze for Assignments
1 and 2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

6.11 Comparison of data extracted using camera and digitalized through com-
puter vision and the data extracted from Intelligent Maze for Assignment
3. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95



LIST OF FIGURES xv

7.1 Assignment Board and Maze Pattern. . . . . . . . . . . . . . . . . . . . . . . 99
7.2 Different areas of cognition measured by the different psychological tests. 101
7.3 Examples of RCPM task sheets. . . . . . . . . . . . . . . . . . . . . . . . . . . 102
7.4 Two example Tower of London problems. . . . . . . . . . . . . . . . . . . . . 102
7.5 An example test sheet for the five-point test. . . . . . . . . . . . . . . . . . . 103
7.6 Data Flow for measurement data processing. . . . . . . . . . . . . . . . . . . 105
7.7 Raw Data from Intelligent Maze. . . . . . . . . . . . . . . . . . . . . . . . . . 107
7.8 Filtered Data from Intelligent Maze. . . . . . . . . . . . . . . . . . . . . . . . 107
7.9 Data Segmentation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
7.10 Filtered Data of a participant before and after start and stop thresholds

were added to the data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
7.11 Extraction of Features in Assignments 1 and 2. . . . . . . . . . . . . . . . . . 110
7.12 Extraction of Features in Assignment 3. . . . . . . . . . . . . . . . . . . . . . 110
7.13 An example of data from a child pausing while solving the maze. . . . . . . 113
7.14 Encoder Model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
7.15 Box plot of the scores in the cognitive tests. . . . . . . . . . . . . . . . . . . . 116
7.16 Plot of a participant used for visual verification. . . . . . . . . . . . . . . . . 117
7.17 Correlation Plot for the correlation between the features extracted from the

Intelligent Maze and the cognitive test scores. . . . . . . . . . . . . . . . . . 118
7.18 Correlation Plot for the correlation between the factors retrieved from fea-

tures extracted from the Intelligent Maze and the cognitive test scores. . . 121
7.19 Correlation Plot for the correlation between the encoded factors retrieved

from features extracted from the Intelligent Maze and the cognitive test
scores. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

7.20 Interaction Effect between the distance factor and inactive time factor. . . 126

8.1 Exploration Board and Maze Pattern. . . . . . . . . . . . . . . . . . . . . . . 129
8.2 The exploration board with the deadends and areas of interest marked. . . 130
8.3 The results of Data Filtering process. . . . . . . . . . . . . . . . . . . . . . . . 133
8.4 The exploration maze pattern with the zones Z1-Z4 marked out. . . . . . . 135
8.5 Box plot of the scores in the BRIEF Scale. . . . . . . . . . . . . . . . . . . . . 138
8.6 Correlation plot for the correlation between the features extracted from the

Intelligent Maze using temporal approach and the cognitive test scores. . 144
8.7 Correlation plot for the correlation between the features extracted from the

Intelligent Maze using temporal approach and the BRIEF subscale scores. 145
8.8 Correlation Plot for the correlation between the features extracted from the

Intelligent Maze using spatial approach and the cognitive test scores. . . . 148
8.9 Correlation Plot for the correlation between the features extracted from the

Intelligent Maze using spatial approach and the BRIEF subscale scores. . . 149

A.1 Representation of the quadrants of the Digital Maze . . . . . . . . . . . . . 174





LIST OF TABLES

2.1 Themes that this thesis focuses on. . . . . . . . . . . . . . . . . . . . . . . . 13

4.1 Anthropometric values of all participants. . . . . . . . . . . . . . . . . . . . 41
4.2 Velocity values extracted from video using the regression model. . . . . . . 48
4.3 Time of flight (ToF) and Energy values for each type of throw. . . . . . . . . 50
4.4 Error% for all the targeted throws. . . . . . . . . . . . . . . . . . . . . . . . . 59

5.1 Anthropometric values of all participants. . . . . . . . . . . . . . . . . . . . 65

6.1 Total number of data points collected and the invalid points from both
maze screen and camera. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

7.1 The features extracted from the Intelligent Maze: features codes and expla-
nation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

7.2 Descriptive information on the features extracted from the Intelligent Maze.115
7.3 Descriptive information on the Cognitive Tests. . . . . . . . . . . . . . . . . 115
7.4 Correlation Plot for the correlation between the features extracted from the

Intelligent Maze and the cognitive test scores. . . . . . . . . . . . . . . . . . 119
7.5 Rotated factor loadings from the principal factor analysis for the features

extracted from the Intelligent Maze. . . . . . . . . . . . . . . . . . . . . . . . 120

8.1 The features extracted from the Intelligent Maze: features codes and expla-
nation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

8.2 The different zones defined for the exploration maze. . . . . . . . . . . . . 135
8.3 The feature codes and description for the features extracted for each zones

defined in the exploration maze. . . . . . . . . . . . . . . . . . . . . . . . . . 136
8.4 Descriptive information on the Cognitive Tests. . . . . . . . . . . . . . . . . 138
8.5 Descriptive information on the BRIEF Scale. . . . . . . . . . . . . . . . . . . 138
8.6 Descriptives of the features extracted from the Intelligent Maze with the

temporal approach. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
8.7 Descriptives of the features extracted from the Intelligent Maze in the spa-

tial approach. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
8.8 Spearman’s non-parametric correlation between the Intelligent Maze fea-

tures and the Cognitive test scores: Temporal Approach. . . . . . . . . . . . 144
8.9 Spearman’s non-parametric correlation between the Intelligent Maze fea-

tures and the BRIEF subscale scores : Temporal Approach. . . . . . . . . . 145
8.10 Spearman’s non-parametric correlation between the Intelligent Maze fea-

tures and the cognitive test scores: Spatial Approach. . . . . . . . . . . . . . 147

xvii



xviii LIST OF TABLES

8.11 Spearman’s non-parametric correlation between the Intelligent Maze fea-
tures and the BRIEF subscale scores: Spatial Approach. . . . . . . . . . . . 150

8.12 Spearman’s non-parametric correlation between the cognitive test scores
and the BRIEF subscale scores. . . . . . . . . . . . . . . . . . . . . . . . . . . 151



1
INTRODUCTION

This thesis investigates how intelligent toys can be used to assess the well-being of indi-
viduals for whom assessment processes are difficult to be executed. Furthermore, this
thesis investigates how intelligent toys can be designed to function as stealth assessment
devices properly. Thurman and McGrath (2008) state that assessments are difficult to be
executed for the elderly and children. Hence this thesis focuses on intelligent game de-
vices that can be used for the assessments of the elderly and children. In this thesis, we
focus on physical performance and cognitive capabilities. Currently, the type of tools
available for the assessment of these target populations is limited. Existing assessment
tools can be broadly divided into four categories, each of which is explained in more
detail in Chapter 2:

(a) Assessment based on observation in the natural setting by experts, including sur-
veys and questionnaires (Sattler (2001); Korkman (1998); Kaufman and Lichtenberger
(2000)). These observations can also be video recorded and annotated later by the ex-
perts.

(b) Pen and Paper standard neuropsychological tests (Kaufman et al. (1991); Kork-
man et al. (1998)).

(c) Computer-Based Stealth assessments (Singleton et al. (2000); Shute and Ventura
(2013); Shute et al. (2009); Ifenthaler et al. (2012)): These include serious games on com-
puters with assessments embedded in them.

(d) Assessments using wearable sensors, i.e., with sensors placed on the body of the
individual (Glannfjord et al. (2017)): These include bodysuits that the person wears while
performing tasks.

Nevertheless, the assessments performed with the currently available tools in the
first two categories suffer from one or more of the following disadvantages: difficult to
apply or time-consuming (Lobello and Holley (1999); Klassen and Kishor (1996)). Addi-
tionally, these assessments also lead to incorrect results, as suggested by Whitten et al.
(1994) and Lobello and Holley (1999). Whitten et al. (1994) investigated administration
and scoring errors and found that examiners made frequent errors, such as failing to
record examine responses, assigning incorrect point values to examinee responses, and
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determining incorrect basals and/or ceilings. Whitten et al. (1994) found that the ex-
aminer errors appeared from examiner carelessness, inadequate training, and complex
scoring procedures. Such tests also often fail to provide a comprehensive picture of the
individual’s functioning in their natural environments and therefore do not provide a
measure of their true skills. Klassen and Kishor (1996) found that the three types of er-
rors that most examiners make with standardized tests are administrator errors, clerical
errors, and scoring errors. Lobello and Holley (1999) also found the tests to have com-
plex and confusing administration and scoring procedures. Franzen and Wilhelm (1996)
examined the ecological validity of such tests and found shortcomings in these tests .
The main reasons why these tools fall short can be summarized as follows:

• the limited capacity of the testing professional to observe and document all po-
tentially relevant information. (Whitten et al. (1994); Kaufman and Lichtenberger
(2000); Ifenthaler et al. (2012)).

• directions that include difficult concepts making it difficult for the individual be-
ing assessed to understand what is required of them (Whitten et al. (1994); Lobello
and Holley (1999)) and

• artificial test environments and anxiety about the test performance, which in turn
affects the performance in the test (Birenbaum (2007))

These limitations can be overcome by using technology. Assessments involving tech-
nology are the tests in the last two categories. Computer-Based stealth assessments are
done on serious games designed for assessment on a computer. However, these are done
on a computer and introduce a technological barrier for the elderly. These tests can also
not be used for a long time by children as too much screen time affects the normal brain
development of children (Brown and Jernigan (2012)). Assessments using wearable sen-
sors do provide continuous and precise information about a person’s capability, but the
participants often find it uncomfortable and cumbersome, as found by Constant et al.
(2015).

Hence, there is a need for technology-enhanced innovative assessment tools to solve
the disparity between the skills assessed during standard testing situations and the skills
displayed during daily activities and everyday behavior that do not negatively affect the
participants. Moreover, as Jiao and Lissitz (2017) state, there is a difference between the
skills assessed during standard testing situations and the skills displayed during daily ac-
tivities and everyday behavior. This thesis thus investigates the design and evaluation of
intelligent assessment tools for assessments of the elderly and children by combining in-
telligent data processing techniques from data science and AI, cognitive skills and study
design from psychology, and intelligent design techniques from robotics.

These intelligent and innovative solutions should be able to capture all potentially
relevant information about the individual being assessed and be interesting for the par-
ticipants to engage in. They should be effective and the assessment should not be stress-
ful and generate anxiety for the participants. Additionally, the technological boundaries
for the elderly should be minimum. Hence we focus on intelligent game devices that
the elderly and children are familiar with and do not need much introduction to rules or
concepts. As stated by Desrochers et al. and Crook et al., assessments in games should
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be enjoyable as well as effective and should not need many concepts that are not famil-
iar to the participants (Desrochers et al. (2007); Crookall (2011)). This thesis introduces
the two game devices: Intelligent Activity Dice and Intelligent Maze. These devices are
introduced and detailed in Chapter 3.

The rest of the chapter is structured as follows. First, Section 1.1 introduces and dis-
cusses the motivation behind this research. Section 1.3 discusses the research objectives
and the research questions that this thesis focuses on. Subsequently, the significance of
the proposed research and its innovation is discussed in Section 1.4. Finally, Section 1.3
gives an overview of the thesis.

1.1. MOTIVATION AND CONTEXT
One of the principal ways in which the classical assessments by observations are im-
proved is by making them digital. Digitization with computers or tablets solves the issue
of limited capacity and subjectivity of test results to some extent. However, this solution
introduces technological gaps for the elderly and increases screen time for the children.
Furthermore, digitization affects the reliability, ecological validity, and applicability of
the tasks (Csapo et al. (2014)). We propose to overcome this by embedding assessment
into tangible game devices and games that children and the elderly usually play. Such
types of assessments that hide the assessment from the participants are called stealth as-
sessments (Shute and Ventura (2013)). The marriage of traditional handcrafted materials
used in toys with cutting-edge technology makes our assessment tools attractive both as
long-lasting objects and as something that could be updated over time with increasingly
complex tasks, making them modular. An added advantage is that the learning curve to
learn the rules of a new game is removed in this scenario. Additionally, stealth assess-
ments provide dynamic and ongoing measurements of skill.

1.1.1. ASSESSMENTS FOR THE ELDERLY

The world’s older population continues to grow at an unprecedented rate. Today, 8.5
percent of people worldwide (617 million) are aged 65 and over (UN (2019)). The number
of older persons aged 60 years and over is expected to more than double by 2050 and
more than triple by 2100, rising from 962 million globally in 2017 to 2.1 billion in 2050
and 3.1 billion in 2100 (NIH (2019)). The global population of people aged 80 and older is
expected to more than triple between 2015 and 2050, growing from 126.5 million to 446.6
million (UN (2019)). Without the use of technology, such tests for the assessment of well-
being and physical performance can be a tedious process since the researchers must
perform the assessment and prepare meticulous documentation. Moreover, with the
steady growth of the elderly population worldwide, we need to adopt new practices for
the assessment of the elderly. Additionally, the meticulous documentation load required
for assessment makes it effortful for experimentalists and caregivers.

Furthermore, many older people are frail and have multiple comorbidities. Timely
recognition of functional difficulties can lead to interventions that may prevent or even
arrest the decline of skills (Quinn et al. (2011); Wiltjer and Kendall (2019)). Systematic
reviews have shown that intervention based on comprehensive assessment can even
improve physical function in older people (Bachmann et al. (2010); Ellis et al. (2011);
Beswick et al. (2008); Cooper et al. (2010); Hogan (2018); Quinn et al. (2011); Schumacher
(2005)). Hence comprehensive assessments are vital, and they play a valuable role in
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maintaining the healthy aging of the elderly. Thus it is imperative to develop inexpen-
sive methods of assessment on an ongoing basis, which is one of the focus points of this
thesis. In this thesis, we focus solely on the physical functional assessment of the elderly.
We focus on the assessment of upper limb motor deficits.

1.1.2. ASSESSMENTS FOR CHILDREN

Assessing cognitive functions in children is essential to help detect potential strengths
and weaknesses in a timely manner so that early intervention strategies can be planned
if needed. Assessing the cognitive functions also allows for tracking of cognitive skill
development, enhances our understanding of how cognitive functioning work, and en-
sures the healthy development of children, especially in early childhood (Singleton et al.
(2000)). The insights from these cognitive tests are vastly valuable, especially in early
childhood when functional and structural brain development is still growing (Brown
and Jernigan (2012)). These assessments are also usually used as a predictor of a child’s
academic potential (Borella et al. (2010)). These assessment scores, when interpreted
in combination with holistic background information and parent and teacher reports,
can also help develop individualized learning plans for young children (Blair and Razza
(2007)). Hence these tests have far-reaching economic and social consequences as well.
Consequently, it is crucial to gain insight into the cognitive functioning of young children
to analyze important life outcomes (Blair and Razza (2007); Borella et al. (2010)).

However, for the standard structured cognitive tests to provide insights validly and
reliably, they must be done in standard conditions that may feel artificial to the children
(Chaytor and Schmitter-Edgecombe (2003); Franzen and Wilhelm (1996)). Furthermore,
the younger the child, the more difficult it is to realize these conditions. The anxiety that
these strenuous test conditions have on children’s performance is another factor that
needs to be considered. Research shows that the concerns about test performance affect
attention (Birenbaum (2007),Keogh and French (2001a)), decrease working memory per-
formance (Eysenck et al. (2007)), negatively affect IQ assessments, and make problem-
solving more difficult (Cassady and Johnson (2002)). It has also been shown that poor
performance caused by anxiety is inversely proportional to self-esteem (Hembree (1988),
Tenorio Delgado et al. (2016)). Moreover, both the execution and scoring of these tests
are time-consuming. Furthermore, the results of these tests, in most cases, are less ac-
curate and biased, and there is always a discrepancy between structured test scores and
playful behavior of children as they are based solely on behavioral observations made by
experienced clinicians (Petric (2014)).

Hence there exists a need for a more accurate, quantitative, and objective measure-
ment of cognitive functioning in children in their natural setting, i.e., playing. There
is a need to be able to track the progress of children as well in a more realistic testing
environment (Varrasi et al. (2018)). This can be done with the use of computer-based
stealth assessments using serious games, sensors placed on their body, or stealth assess-
ment using sensor-embedded physical game devices. Though computer-based stealth
assessments using serious games are executed while playing, they increase the screen
time for children and are not suitable for the cognitive development of young children,
as found by Barnes (2010) and Wang et al. (2011). Sensors placed on the body might
feel foreign and unnatural to the children. We propose a different approach: the use of
intelligent tangible game devices. This thesis thus focuses on an assessment approach
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Figure 1.1: Proposed Solution: Intelligent Toys (A): Intelligent Maze. (B): Intelligent Activity Dice.

using innovative, tangible game devices, targeting the measurement of cognitive skills
during play. The advantages of such an assessor are multiple: timesaving, quick and
easy updates, widely available tools, guaranteeing standardized administration, asses-
sor neutrality and the avoidance of assessor bias, the possibility of micro-longitudinal
evaluations, scoring objectivity, and having a recording of the administration for further
analysis by practitioners (Varrasi et al. (2019)). Our proposed solutions, the Intelligent
Activity Dice and Intelligent Maze, are shown in Figure 1.1.

1.2. RESEARCH METHODOLOGY
Previous sections discussed the relevance of assessments for the elderly and children
and the problems associated with the current assessment methods. We discussed the
need for improvement and how technology can play a crucial role in improving the cur-
rent assessment methods. We also discussed how technology-enhanced intelligent game
devices are beneficial in this scenario. That is precisely the topic of this thesis. This thesis
focuses on designing and evaluating intelligent game devices for assessment.

This thesis describes the technology-enhanced games device we have built as well as
the exploratory studies that have been conducted with the devices to assess the possi-
bility of using intelligent assessment toys. Yin (2009) states that exploratory studies are
valuable means of understanding and gaining insights and assess the problems. Accord-
ing to Festinger and Katz (1953), there are two levels of exploratory studies. The first level
is the "discovery of significant variables" and the second level is the "discovery of rela-
tionship between variables". This thesis focuses on discovering the possibilities of using
intelligent game devices for assessments rather than predict the relationships that will
be eventually found or not. The intelligent game devices that are designed and evalu-
ated in this thesis tries to discover the significant variables and the relationship between
the variables via pilot studies.

Under exploratory research, there are two ways in which research can be conducted,
namely primary and secondary research. Primary research is gathering information di-
rectly from the subject. Primary research methods include surveys, interviews and focus
groups. Secondary research is gathering information from previously published work.
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Figure 1.2: Pilot project at the Elderly Care Centre at Breberen for testing the Intelligent Dice. Elderly and
Children play together with a dice. Kuppers (2018) Source: A newspaper clipping in Aachener Zeitung about

our pilot project with the Intelligent Dice.

Secondary research methods include online and literature review. The data gathered
from these research can be either qualitative or quantitative. This thesis employs both
primary and secondary research methods.

Before the design of the devices, informal interviews were conducted with the care-
givers and teachers involved with elderly and children to better understand the problem
and gain their insight into possible solutions. Online and literature reviews were con-
ducted to explore possible solutions. Both of the proposed solutions in this thesis are
based on products found during these initial stages. Intelligent Maze is based on an
existing wooden maze toy for children and Intelligent Activity Dice is based on an exist-
ing activity dice that the caregivers routinely use with the elderly and children. Figure
1.2 shows one of the initial meeting with the elderly care centre where the elderly and
children are playing with a dice. Elderly, caregivers, teachers and children have been
involved in the design and development of the Intelligent Activity Dice from the initial
stages. The Intelligent Activity Dice is the result of co-creation process by elderly, teach-
ers, caregivers and researchers.

Once the basis for the device was found, the devices were designed based on the sug-
gestions from the caregivers and teachers. The next step was exploring whether these de-
vices are capable of extracting physical and cognitive information about the individuals
playing with them. And as Festinger and Katz (1953) suggest, we have defined research
objectives to help with that. The next section, Section 1.3 will describe the research ob-
jectives and questions that help guide the research in this thesis.
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1.3. RESEARCH OBJECTIVE AND QUESTIONS
Exploratory studies are needed to gain insight into the problem for precise investigation
(Yin (2009)). But it should be so designed as to provide as definite information as possi-
ble for a set of research objectives (Festinger and Katz (1953)). We have formulated the
following research objective to guide our research.

Research Objective

To explore and investigate the possibility of designing and validating intelligent
game devices, to assess the physical and cognitive well-being of elderly and chil-
dren while they are playing, thereby avoiding stressful testing environments.

As a guideline to our research, we have formulated four research questions in which
we investigate the designing and validating of intelligent game devices. Each chapter
of this thesis investigates one of these research questions. They deal with our proposed
solution, technology-based intelligent game devices, and the various exploratory and
validity studies conducted with them for validation.

Research Question Q1

How can we measure the physical performance of an individual using an intelli-
gent toy?

With the demographic transition to increasingly older populations in developed coun-
ties, it has become crucial to develop inexpensive methods of measuring physical status
on an ongoing basis and for large numbers of people. Research has been done to make
these assessments more fun and objective with the addition of sensors. In this thesis,
we investigate a methodology to extract information about the physical performance of
the person during a serious game, which in turn makes it exciting and fun for the partici-
pants. We have designed a technology-enhanced toy, Intelligent Dice, for the assessment
of physical performance. We discuss some of the design guidelines for the dice based on
the query and recommendations of the clinicians and caregivers in Chapter 3. We are
obtaining the data of the throw motion of the Intelligent Dice, which has sensors em-
bedded in it. We aim to answer the research question by performing ANOVA tests for
the features extracted from the Intelligent Dice for different types of throws. We aim to
validate the measures extracted from the Intelligent Dice by performing Pearson’s corre-
lation between the data obtained from the Intelligent Dice to the data obtained with a
video camera. We present a usability and validity study in university populations on the
dice for measuring their physical performance in Chapters 4 and 5.

Research Question Q2

How can we design an intelligent toy that extracts information about the cognitive
functioning of a young child with higher precision than that of the existing method
of using a video camera?
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Standardized tests play an essential role in assessing a child’s cognitive capabilities.
The results of such tests are used, e.g., in schools and kindergartens, to analyze and
support the development of the tested child. Unfortunately, with classical standardized
tests, only limited information on a child’s behavior can often be documented even by
a professional observer. Obtaining detailed information would require automated data
recording procedures. Also, standardized tests typically rely on well-controlled and thus
rather artificial environments. As a result, young children age (e.g., age below 7) might
not be able to understand the test instructions fully, feel uncomfortable being tested out-
side their natural environment, and thus test results become less relevant. Computer-
based assessments that, e.g., use a gaming environment so that the children can benefit
from play and the assessment is less present in their mind thereby reducing test anxiety
might present a valid alternative. However, computer-based tests are not readily appli-
cable for children of lower age (e.g., below the age of 7) due to technological boundaries.
Using technology that separates children from reality and leads them to only focus on
the virtual environment is criticized by many authors. In this thesis, we thus explore an
alternative approach: physical game devices with a look and feel similar to game devices
typically provided to children of their age group, but that embed the electronics required
for computer-based stealth testing. We aim to answer the question by presenting the
game device, Intelligent Maze, a wooden tabletop maze that combines the advantages
of standardized computer-free and computer-based assessments. In this thesis, we fo-
cus on creating technology designed consistent with children’s needs. Hence, providing
a tangible toy that enables play activity with the help of technology-based components.
In Chapter 6, we present an initial user study and compare the data from the Intelli-
gent Maze to data obtained by recording the game using a video camera to answer the
research question.

Research Question Q3

How do the features extracted from the intelligent toy during structured play re-
late to the cognitive functioning of children as observed during standard cognitive
tests?

We have designed a technology-enhanced toy, Intelligent Maze, for the cognitive as-
sessment of children. The Intelligent Maze has maze patterns for a structured play called
assignments. We aim to answer the research question by obtaining the play behavior
of young children playing with the Intelligent Maze with assignments, structured tasks.
The children get defined tasks to complete within the Intelligent Maze in assignments.
We present the exploratory data analysis on the features extracted from the Intelligent
Maze and compare these to test scores obtained in standard cognitive tests. We aim to
answer the question by performing Pearson’s pairwise correlation between the features
from the Intelligent Maze and the outcome of traditional pencil-and-paper tasks to val-
idate the measures extracted from the Intelligent Maze. The results indicate significant
relations between how children solve assignments in the Intelligent Maze and the tra-
ditional cognitive tests, particularly regarding visuospatial reasoning and visuospatial
memory, problem-solving, and to some extent, working memory. The results are dis-
cussed in terms of the convergent and discriminant validity of the Intelligent Maze.
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Research Question Q4

How do the features extracted from the intelligent toy during unstructured play re-
late to the cognitive functioning of children as observed during standard cognitive
tests and observations from parents?

The predominant activity of kindergarteners is playing (Hofferth and Sandberg (2001)),
which is in contrast to the requirements of formal testing situations. In early childhood,
assessments that need to be done in a natural setting need to be done during play. Play
is also considered to be the driving factor of development in early childhood (Goldstein
(2012)). Hence we try to assess if unstructured play with the Intelligent Maze can be
used to assess cognitive skills in children. For this test, we use the maze pattern in
the Intelligent Maze for unstructured play, i.e., without any explicit tasks, exploration
maze pattern. We aim to answer the research question by obtaining the play behavior
of young children playing with the Intelligent Maze with exploration. In exploration, the
children are free to play without any restrictions on the Intelligent Maze. We present
the exploratory data analysis on the various features extracted from the Intelligent Maze
and test scores obtained in standard cognitive tests in 8. We perform a Spearman’s non-
parametric correlation between the features from the Intelligent Maze and the outcome
of traditional pencil-and-paper tasks to validate the measures extracted from the Intel-
ligent Maze. We also relate the features extracted from the Intelligent Maze to observa-
tions of children as reported by parents on questionnaires. The results showed several
significant correlations between Intelligent Maze and the cognitive test outcome, specif-
ically with planning abilities, problem-solving and working memory.

1.4. INNOVATION AND SIGNIFICANCE OF OUR RESEARCH
Our research is critical to both the caregivers and teachers, and the society at large. There
are high workloads in all healthcare settings, from individual to community. Conse-
quently, at times, there is a need to prioritize tasks due to limited resources. This may
influence how assessments are executed. Prioritizing specific duties over others allows
professionals to manage a high workload, at times compromising the comprehensive-
ness of assessments (Ball et al. (2014); Wiltjer and Kendall (2019)). Our research aims at
decreasing the workload for assessments, effectively helping caregivers and teachers to
curtail the shortage of time in caregiving facilities and schools.

Furthermore, testing and scoring time can be minimized with our approach as it is
automatized, thereby reducing the effort required from the caregivers and/or teachers.
This potential decrease in the assessment complexity facilitates a broader application.
This indicates that data can be collected in a group setting in larger samples. Besides,
more efficient caregiving contributes to a reduction of the economic load faced by soci-
ety.

Playing with intelligent game devices has the potential to obtain objective data on
the capabilities of the elderly and children continuously over a long time. These could be
done more frequently per day than it would be possible if caregivers or teachers were to
provide the information through observation. The aforementioned continuous and ob-
jective assessments lead to fairer assessments and allow for earlier and better detection
of problems. Higher quality and more objective data enable the earlier detection of the
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need for treatments, facilitating a better choice of treatment or therapy. Ellis et al. (2011)
found that the elderly who had regular comprehensive assessments were less likely to ex-
perience deterioration of skills . Rabbitt et al. (2015) established that integrating socially
assistive robotics into healthcare interventions caused a similar effect . Timely interven-
tion strategies reduce costs for the caregiving facilities, and health insurance (Lang et al.
(2013); Sternad (2015)). Providing objective and long-term assessment data helps health
insurance companies obtain better information about the effectiveness of the applied
treatments. This also enables the establishment of better policies from the management
of the respective organizations. Furthermore, early intervention keeps the elderly active
for longer (Toshimitsu et al. (2008)). The quality of life for the elderly and children can
be improved as well (Stone and Skubic (2011); Figueira et al. (2017)).

Our research has the added advantage of potentially leading to a less strenuous test-
ing situation. The elderly and children play using our game devices and they are not
reminded of being tested. The focus is on playing and not on the assessments. In con-
trast to routine artificial standardized tests, our games have the potential to cause less
stress for the elderly and children – potentially leading to more realistic, higher-quality
assessments in natural environments.

This research aims at innovation in a multitude of areas:

• The development of novel tangible game devices that:

– Facilitate assessments of skills, cognitive and physical, in the natural envi-
ronment of elderly and children.

– Embed the assessments within toys and games so that the focus of the elderly
and children are not on assessments.

– Avoid stressful testing environments by performing assessments while play-
ing, thereby reducing test-induced anxiety and stress.

• The development of novel algorithms combining concepts from robotics, data sci-
ence, and psychology that:

– Process the sensor outputs from the game devices.

– Relate the sensor outputs to the cognitive and physical skills of the elderly
and children.

– Make the assessments more objective and less dependent on an observer.

– Store continuous performance data.

This thesis currently only includes studies where the Intelligent Dice have been val-
idated with healthy adults. We have obtained ethical approval for a full study with the
elderly at the Elderly care home in Breberen. However due to the COVID-19 pandemic,
my supervisors and the heads of the elderly homes and of the kindergarten had to decide
to postpone the study to protect the children and elderly from possible infections. The
Intelligent Activity Dice have been developed together with children, elderly, teachers,
and caregivers. During this process that happened before the COVID-19 pandemic, var-
ious versions of the Intelligent Dice have been tested by children and elderly. Feedback
has been obtained from children, elderly, teachers, and caregivers. Different versions of
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the Intelligent Activity Dice are described in Chapter 3. However, no formal studies with
elderly can be reported at this point and thus no explicit claims on assessing elderly with
the Intelligent Activity Dice can be made. We have conducted multiple informal beta
testing with the elderly, children and caregivers at the facility, before COVID-19 pan-
demic and our experience has been reported.

1.5. THESIS OVERVIEW
This thesis is organized into seven chapters. Chapter 1 provides an introduction to as-
sessments, discusses the relevance of assessments for the elderly and children, and gives
the innovation of the research reported in this thesis. Furthermore, the chapter presents
the research statement and the four research questions that guide the research reported
in this thesis.

Chapter 2 discusses state of the art in the field of assessments for the elderly and
children. First, a categorization of the different methods available for the functional as-
sessment of the elderly and children is given. A detailed review of the available methods
for cognitive and physical assessment is presented and compared against our proposed
methods.

Chapter 3 introduces our proposed solutions, the Intelligent Activity Dice and the In-
telligent Maze. Intelligent Activity Dice is a physical game device that embeds electronics
inside, enabling us to extract information about the physical performance of the person
without the addition of cumbersome sensors on the body. It is an activity dice that the
elderly use in their daily game sessions with sensors embedded in it. It is designed to be
used as a tool for screening of decline of physical skills over time. Intelligent Maze is a
physical game device with a look and feel similar to game devices typically provided to
children of their age group, but that embeds the electronics required for computer-based
stealth testing.

Chapter 4 and 5 address answer the first research question. Intelligent Activity Dice
is one of the proposed solutions. Chapter 4 presents an initial validation and usability
study with healthy adults for measuring their physical performance while playing with
the Intelligent Activity Dice. The chapter also includes a comparison of the data collected
using the Intelligent Activity Dice with the data collected using the conventional method
of a video camera.

Chapter 5 presents a pilot study with healthy adults for the assessment of the limita-
tions on the range of motion of the wrist for the participants. The study investigates the
limitations of the performance of the wrist solely from the features extracted from the
Intelligent Dice during throws executed with the Intelligent Dice.

Chapter 6 addresses the second research question. Chapter 6 presents a pre-study
conducted with children to test the efficiency of the Intelligent Maze in allowing for
stealth assessment of cognitive skills in a less structured environment. It also presents
and compares the data collected using the Intelligent Maze against data collected using
the conventional method of a video camera. 1

1Intelligent Maze research was conducted in collaboration with Instrument Development, Engineering and
Evaluation (IDEE), Faculty of Psychology and Neuroscience (FPN) and School of Business and Economics
(SBE), all from Maastricht University.
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Chapter 7 addresses the third research question. The chapter presents a validity
study with kindergartners using the Intelligent Maze. This study aims to investigate the
effectiveness of using the new technologies for the assessment of cognitive skills in chil-
dren. Chapter 7 focuses on structured play with the Intelligent Maze. The features ex-
tracted from the Maze are related to scores obtained in standard cognitive tests.

Chapter 8 addresses the fourth research question. This chapter presents a valid-
ity study with kindergartners for the assessment of their cognitive skills. In contrast to
Chapter 7, this chapter focuses on unstructured play with the Intelligent Maze. The fea-
tures extracted from the Maze are related to scores obtained in standard cognitive tests
and also parents’ answers to a questionnaire about child behavior.

Finally, the research conclusions and recommendations for future investigations are
presented in Chapter 9.

Additionally, Appendix A presents the detailed testing protocol devised to ensure
standardized testing of the children with the Intelligent Maze. It includes a description
of how to start up and shut down the Intelligent Maze and control it with the external
device. It also includes the exact verbal and visual instructions that were to be given to
the child.



2
RELATED WORK

In this chapter, we present the current state of the art and related work. A detailed review
of the available cognitive and physical assessment methods is described and compared
against our proposed methods.
Assessment is an evaluation that starts with gaining information about a person, in-
terprets this information, and finally formulates an appropriate intervention plan if re-
quired. The multidisciplinary and holistic physical assessment of an older patient allows
health professionals to gain insight into their individual needs and therefore provide
them with person-centered care (Wiltjer and Kendall (2019)). The cognitive assessment
of children is essential as it predicts an array of important life outcomes. Research finds
a relation between cognitive skill and school readiness in preschoolers (Blair and Razza
(2007); Morrison et al. (2010)) as well as school success (Borella et al. (2010)) and aca-
demic achievement (Carlson and Moses (2001)). This chapter presents the current state
of the art and related research on the cognitive and physical assessments of the elderly
and children. There exists assessment tools that assess different themes within these
areas. The different themes that this thesis focuses on are summarized in Table 2.1.

Table 2.1: Adapted from Ifenthaler et al. (2012). This thesis focuses on the themes that are shaded.

Cognitive skills Motivation Physiological skills

Innovative/critical thinking
Discovery/
exploration

Coordination

Deductive/
inductive
reasoning

Immersion
(fantasy/
curiosity)

Memorizing Motor skills

There are already tools used for the assessment of the themes in the shaded area.
Currently, existing tools can be divided based on how the data is captured on one or a
combination of one of the following properties: Intrusive, Non-Intrusive, Invasive, and

13



2

14 2. RELATED WORK

Non-Invasive. Assessment tools that are intrusive are those assessments that cause dis-
ruption in the routine of a person. It can be those assessments that ask a person to
play a new game or play in a digital environment that the person is not familiar with.
Non-intrusive assessment tools don’t interrupt the daily routine. These can be the ob-
servations done by educators or caregivers during everyday activities or questionnaires
or surveys filled in by parents or relatives of the person (Rubin (2001); Carlson (2005);
Coplan and Rubin (1998); Isquith et al. (2005)). Assessment tools using sensors attached
to the body can be either invasive or non-invasive. Sensors that need only to be attached
to the body, such as E-textiles (Castano and Flatau (2014); Pacelli et al. (2006)) or wear-
able sensors (Mukhopadhyay (2014); Kim et al. (2019)) are non-invasive, but those that
need to be inserted into the body such as biosensors (Salek-Maghsoudi et al. (2018)) are
invasive. Figure 2.1 shows examples of different tools available that have one or more of
these combinations of properties.

Figure 2.1: Type of sensors/devices used for assessment. Area marked with star is the are of interest.

The tools can also be categorized based on the method of data processing. The data
processing can be done automatically or manually. Traditionally, the data processing is
done by extensive manual scoring after the test. This process requires expertise and
places a high load on the examiner. These scores need to be then interpreted by an
expert. The automatic data processing circumvents this and hence enables the large-
scale implementation of such assessments. This chapter discusses the different methods
below. The chapter also compares our proposed tools, the Intelligent Activity Dice and
the Intelligent Maze, to these methods.

Intelligent Activity Dice is used for assessing motor skills within the Psychological
skills theme. Intelligent Maze is used for assessing innovative and critical thinking, mem-
orizing and discovery, and exploration within the themes, Cognitive Skills, and Motiva-
tion. The studies that explore the use of the Intelligent Activity Dice for the assessment
of these themes are found in Chapters 4 and 5. The studies that explore the use the In-
telligent Maze for the assessment of these themes are found in Chapters 6, 7 and 8.

2.1. MANUAL ASSESSMENTS
Surveys, self-reporting questionnaires, and group dynamics observation and reports by
experts or examiners are one way to assess the cognitive capabilities of children. The
BRIEF (Behavioral Rating Inventory of Executive Functioning) questionnaire (Huizinga
and Smidts (2009)) is a good example that is designed to evaluate young children’s cog-
nitive capabilities based on everyday behaviors.

Studies have shown that young children spend most considerable portions of their
time on play (Hofferth and Sandberg (2001)). Usually, a researcher or an educator has
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to observe a child’s free playing behaviors and make notes on the play’s predetermined
characteristics for assessments. For example, in a study that used a musical keyboard
for the measurement of planning ability, observers had to score the number of correctly
played sequences manually (Carlson (2005); Welsh et al. (1991)). In Luria’s Hand Game,
which measures inhibition in children (Hughes (1998)), the researcher has to monitor
the performance of the child closely. The Play Observation Scale (POS) (Rubin (2001))
and Preschool Play Behavior Scale (Coplan and Rubin (1998)) are two scales that are
used often by teachers to study play behavior in a group context and solitary play.

Researchers have also used various analog tests to analyze the upper body perfor-
mance by using throws of different kinds for the elderly. During these tests, the partic-
ipants are asked to throw a medicine ball or a shot put as far as possible, and the re-
searcher manually measures the distance using a tape. Harris et al. (2011) use Seated
Medicine Ball Throw (SMBT) test to measure the upper body power in older adults while
Davis and Burton (1991) use it with kindergarten children . Researchers use the distances
measured in the SMBT test or Seated Shot Put (SSP) test to get an indication of the mus-
cular strength, power of the upper body, and upper body strength of healthy adults, el-
derly, and children (Davis et al. (2008); Davies (1988); Davis and Burton (1991); Mayhew
et al. (1991)). Salonia et al. (2004) used three types of throw in the SMBT test, overhead
forward and backward throw and chest press, to measure the upper body power in fe-
male gymnasts aged 10-11 years. The study concluded that there were no differences
between the mean throw distance and the throw type, meaning that each of the three
tests would measure the upper-body power equally well (Salonia et al. (2004)). These
throwing activities also provide a challenging stimulus to improve the balance of the
participants (LaPier et al. (1996)).

Another area of research focuses on replacing these observations with a caregiver
with a video camera, and automated video analysis (Ball and Puffett (1998); Jansen et al.
(2008); Montero-Odasso et al. (2004); Skrba et al. (2009); Stone and Skubic (2011)), to
overcome the need for experts during the data acquisition phase.

But usually, a highly skilled child development expert is required to interpret the
scores on these kinds of tests (Carlson (2005); Welsh et al. (1991)), whether it be manu-
ally acquired or recorded via a video camera. Hence large-scale implementation of such
methods is not feasible.

To overcome the problems with the various assessment methods, we look at an in-
tersection of the various assessment methods. This intersection area of the assessment
methods is displayed in Figure 2.2. We are interested in qualities from automated as-
sessment, social robotics and stealth assessments. Each of these are explained in detail
in the following sections.

2.2. STEALTH ASSESSMENT AND SERIOUS GAMES
One of the main problems in doing assessments with the elderly and children is the ar-
tificial test environments and stress factors related to the performance in the assess-
ment, which can hamper the validity of the test (Fleege et al. (1992)). Strenuous, long-
lasting testing situations are demanding for the assessee as well. Stealth assessments
and Serious Games can overcome this. Stealth assessments embed assessments within
games that the elderly and children typically play with, thus enabling the execution of
assessments in an engaging and natural environment. These games that propose to use
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Figure 2.2: Different Assessments. The intersection marked with star is our area of interest.

games for purposes other than mere entertainment are Serious Games, as Abt (1987)
states. Overviews of the research field of Serious Games by Susi et al. (2007), Djaouti
et al. (2011) and Michael and Chen (2005) show the diversity of use cases, ranging from
exercise games to train and assess the physical condition to games that focus on the
mental capabilities.

A notable family of game-based learning environments, intelligent game-based learn-
ing environments, integrate intelligent tutoring system functionalities and game-based
learning (Jackson and McNamara (2013); Lester et al. (2013)). Intelligent game-based
learning environments can embed stealth assessments, which have emerged as a promis-
ing approach to assessing game-based learning (Quellmalz et al. (2012); Sahebi et al.
(2014); Shute and Ventura (2013)). Well-designed digital games also offer a viable alter-
native to assessing and developing complex problem-solving skills that are needed to
succeed in the real world (Greiff and Funke (2009); Greiff et al. (2014); Shute et al. (2015);
Shute and Wang (2016)).

Yet, there are two inherent problems with regard to the use of Serious Games in as-
sessments for the elderly and children:

• Firstly, much of the research focuses on digital games, using computers or tablets
as input methods. Additionally, it requires the users, in this case, the elderly and
children, to learn the use of technology, which creates a barrier to entrance (Wit-
tland et al. (2015)). In addition, Serious Games on computers and tablets cannot
fully reassemble the interaction with and perception of natural environments.

• Secondly, many Serious Games are meant to teach a specific objective and are
therefore designed from scratch with these objectives in mind. However, in the
case of the elderly, this might overburden the users and cause disinterest since
they have to learn the new game. In the case of children, the use of computers and
tablets increases screen time, which is ultimately not suitable for children. Addi-
tionally, it might also distract the player from the objective of the game (Wittland



2.3. SOCIALLY ASSISTIVE ROBOTS

2

17

et al. (2015)).

Stealth assessments with tangible toys used for assessments solve these problems.
Stealth assessment measure skills continuously over time and thus enable us to perform
assessments of a wide range of constructs unobtrusively (Wouters et al. (2013)).

2.3. SOCIALLY ASSISTIVE ROBOTS
Socially Assistive Robots (SARs) are designed to leverage social and affective attributes
to sustain engagement and increase motivation in their participants. Even though there
has been increasing development in socially assistive robots for the elderly and children,
this line of research is still in its infancy, both with respect to the development of the
robots but also regarding the investigation of what factors influence acceptance of such
new technologies in elderly care for mentally healthy elders and for children (Scoglio
et al. (2019)). The most frequent named factors contributing positively to acceptance are:
the ability to play games with the robot and to be able to have fun with it (Scoglio et al.
(2019)). That the robot serves as an interactive activity is also highly valued (Bemelmans
et al. (2010)).

Prior research has reported positive participant responses to SARs assisting in physi-
cal health interventions related to increasing exercise with the elderly (Fasola and Matarić
(2013)). Kidd and Breazeal (2008) found that SARs may assist with weight management,
motivation, and self-monitoring strategies. Research also found that SARs can assist with
mental health and well-being interventions in pediatric populations by providing com-
fort or coaching (Bemelmans et al. (2015); Henkemans et al. (2013); Kidd and Breazeal
(2008)). Research shows that SARs can assist with the mental health and well-being
interventions (da Silva et al. (2018); Lane et al. (2016); Loi et al. (2018); Sefidgar et al.
(2015)), supporting children’s play (Wada et al. (2014)) and assisting adolescents with
autism (Scassellati et al. (2012); Vanderborght et al. (2012)). Research with children also
focuses on SARs being physical helpers with manual tasks (Kim et al. (2013)).

In one study, researchers compared the two formats of socially assistive technology
in a medical context, the digital agent and a physical agent. They found that physical
agents were significantly better at sustaining engagement, building trust, establishing
working alliances, and creating emotional bonds with users (Kidd and Breazeal (2008)).
Research suggests using SARs to affect mental health and psychological well-being out-
comes (Valentí Soler et al. (2015); Logan et al. (2019); Scoglio et al. (2019)). Belpaeme
et al. (2015) and Vogt et al. (2019) studied the use of social robots to enhance second lan-
guage learning in early childhood but found limited added value compared to a tablet.
Barajas et al. (2017) utilized smart building blocks with embedded electronic modules
which provide visual feedback via a computing device as a serious game for children
with autism.

Paro is a companion robot in the shape of a baby seal used for therapy with the elderly
(Wood et al. (2015)). It is an interactive robot and has surface tactile sensors and sensors
like light sensor, balance, speech recognition, and sound source determiner. Paro has
eyelids, back limb, front paw, and neck movement motors. Paro is shown in Figure 2.3.
Sung et al. (2015) found that interacting with PARO improved communication, activity,
and interaction capabilities . Kabochan shown in Figure 2.4a is a robot in shape of a
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Figure 2.3: Robots in the reviewed articles: (A): DAYSI (Berlin (2019)), (B): PARO (Wood et al. (2015))

Figure 2.4: Robots in the reviewed articles: (A): Kabochan (Osaka et al. (2020); Tanaka et al. (2012)), (B):
Keepon (Kozima et al. (2009)), (C): Tovertafel (Anderiesen (2017)), (D): Babyloid (Kanoh (2014))

3 to 4-year-old child, has voice and motion like a 3-year-old boy (Tanaka et al. (2012);
Osaka et al. (2020)). Kabochan senses the situation and environmental surroundings
using light, sound, and motion sensors and can communicate by talking and nodding.
Babyloid (Kanoh (2014)), shown in Figure 2.4d is a baby-type robot designed for being
taken care of an older person requiring nursing care. Babyloid expresses its emotions,
moods and other feelings on its face and voice. Researchers have found that therapies
involving Babyloid are helping the elderly attain motivation (Martinez-Martin and del
Pobil (2018); Furuta et al. (2012)).

Research in the field of SARs does not look into doing assessments with the social
robot. Instead, assessments of outcomes are done using standard questionnaires (Scoglio
et al. (2019); Logan et al. (2019); Breazeal (2011)). But these SARs can be extended to in-
clude assessment of the skills in addition to the improvement of skills. These extended
SARs would be a combined intervention and assessment tool. So far, only a few studies
have been introduced in the literature, apart from our intelligent toy, Intelligent Maze
(Christopher et al. (2019)). Epstein and Gordon (2018) introduced a social robot capa-
ble of assessing curiosity and its physical manifestation. Epstein and Gordon attempt
to assess how people physically explore by moving their arms in their research. Varrasi
et al. (2018) and Varrasi et al. (2019) uses the Pepper robot (Pandey and Gelin (2018))
to manage the assessment of the MoCA v7.1 Cognitive Subtasks. The Montreal Cogni-
tive Assessment test (MoCA) (Nasreddine et al. (2005)) is a common screening tool for
assessing mental deterioration.
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2.4. WEARABLE SENSORS
Another area of research focuses on assessing using sensors attached to the participants’
bodies. Recent studies that make use of sensors attached to the body show, for instance,
that upper extremity assessments will also predict adverse health outcomes for the el-
derly (Joseph et al. (2017)). The most commonly used sensor for such purposes is the
Inertial Measurement Unit (IMU), which we also integrate into our instrumented dice
(Liu et al. (2010); Masci et al. (2016)). Ren et al. (2016) illustrate the classification of com-
mon physical activities or activities of daily living with the use of a single wearable IMU
sensor. Bao and Intille (2004) describe how it is possible to classify activities in real-time
by placing wireless sensors on the thigh and wrist of an individual. Gupta and Dallas
(2014) developed a system to investigate the differences in activities of daily living be-
tween elderly and young people for fall prevention. The use of IMU sensors is frequently
applied in fall prevention due to the lack of physical activity when concerning the elderly
(Scanaill et al. (2006)). Kang et al. (2010) illustrate the monitoring and classification of
activities of daily living of the elderly by using a single waist-mounted sensor.

Researchers have also developed wearable biosensors to monitor the activities of the
elderly. Pham et al. (2016) use a non-invasive sensor to gather information about a pa-
tient’s daily activities. WonedRing is a wearable sensor developed to detect and ana-
lyze user activities (Zhou et al. (2015)). Textile containing electrodes, called e-textiles,
are also used to monitor human physiological signals such as heart rate, breathing rate
and temperature, biomechanics, and physical activity such as motion, body accelera-
tion, and pressure (Pacelli et al. (2006); Seneviratne et al. (2017)). Shimmer ECG (Shim-
mer (2019a)), Shimmer EMG (Shimmer (2019b)), and the Zephyr BioHarness3 (Zephyr
(2019)) are some of the commercially available sensors that detect a person’s cardiac
stress by the physical exertion being performed. Smart glasses and wrist-mounted sen-
sors have also been used to monitor the measurement of daily activity, including motion,
gesture, rotation, acceleration, and patient monitoring (Barnwell (2019); Constant et al.
(2015); Glennon et al. (2016); Hwang and Lee (2017); Ishikawa et al. (2017); Sempionatto
et al. (2017); Seneviratne et al. (2017)). Bellabeat Leaf is a commercially available smart
accessory, like a necklace, a bracelet, or a clip that uses only 3D accelerometers and hap-
tic vibration motors to detect sleep, daily activities, and breathing (Bellabeat. (2019)).
Ear-o-Smart is another such commercially available jewelry (Technologies (2019)). There
are also wearable vests capable of monitoring heart rate and breathing rate during daily
activity (Villar et al. (2015)). But there are still some technical challenges like misalign-
ment or personal calibration that need to be addressed before the widespread use of
such wearables (Guk et al. (2019)).

Advancements in wearable and sensing technologies have allowed more longitudinal
monitoring of symptoms, opening up possibilities for technology to measure disease
fluctuation and progression. Despite this opportunity, these sensor-based approaches
can be invasive over long periods of time.

Studies using a combination of a camera system and IMUs have been able to identify
differences, between errors, in the development of the throwing skill, supporting the use
of IMUs for motor development classification purposes (Bersch et al. (2014); Grimpampi
et al. (2016)). The camera was used to define body rotation movements and to provide
the anatomical frames of the subject, while all the kinematic variables were obtained
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from the IMUs placed on the upper and lower back and right wrist of the subject. The
study focused on the developmental motor skills of children and argued that movement
classification could be achieved in the same manner. Burkett et al. (2017) investigated
the kinematic data of seated throwing techniques. This was done by applying 31 reflec-
tive markers on relevant anatomical positions and an IMU with a marker on the thrown
object, while for collecting data, a six-camera system was used to track the markers dur-
ing the movement. The target group of the study was the athletes in Paralympic seated
throwing events, but due to the number of markers needed compared to the level of im-
pairment of several Paralympic athletes, it was decided to examine healthy non-disabled
males to eliminate data variations between impairments (Burkett et al. (2017)).

Although numerous studies have been done on fall prevention of the elderly or move-
ment classification using IMUs (Toosizadeh et al. (2015, 2016)), obtaining information
about the physical capabilities of the elderly using non-invasive methods has received
less attention.

2.5. GAME DEVICES WITH EMBEDDED SENSORS
Game Devices with embedded sensors, i.e., technologically enhanced game devices, are
a way that enables the seamless collection of continuous data from individuals. These
combine the advantages of being able to use in the natural environment of children and
the elderly for testing along with digitization. These game devices also have the added
benefit of being tangible for children and the elderly. They also decrease the screen time
required from children, which is less desirable for young developing children as screen-
based task solving may affect reliability, ecological validity, and applicability (Csapo et al.
(2014)).

Keepon (Kozima et al. (2009)) shown in Figure 2.4 is a small soft robot with two video
cameras and a microphone at the nose, which can express its attention by orienting his
face and emotional state by rocking its body from left to right and by bobbing up and
down. (Kozima et al. (2009)) used Keepon in the playroom, with a lot of toys to play
with for children with developmental disorders enabling the extraction of information
related to the psychological research, e.g., modeling cognitive development (Kozima
et al. (2004)). Di Lieto et al. (2017) studied the use of educational robots as a means
to promote cognitive skills of children aged 5 to 6 years old. The cognitive skills that
the authors focused on were working memory, inhibition, visuospatial memory, and at-
tention. The results revealed that short, intensive training in programming a bee-bot
improved working memory and inhibition skills, but not in attention and visuospatial
abilities. FuturePark, shown in Figure 2.5 gives children the opportunity to be immersed
in technology without neglecting physical play and community engagement (FuturePark
(2021)).

A valuable and unique benefit of game devices with embedded sensors is that it pro-
motes the play behavior of children, and play is an important mechanism by which chil-
dren learn (Goldstein (2012)). Play contributes to the social and cognitive development
of children (Goldstein (2012)). An added advantage of these toys is that they are ap-
pealing to the children. Hence most didactic materials developed for children try to in-
corporate some play element in it (Tenorio Delgado et al. (2016)). Toys are designed to
stimulate various aspects of cognitive development, and within the average classroom,
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Figure 2.5: Robots in the reviewed articles: (A): Dicees (Dicees (2021)), (B): Elliq (Elliq (2019)), (C): Icho (icho
systems (2021)), (D): Future Park (FuturePark (2021))

ample toys are provided in such a way they provoke play and cognitive abilities. Stud-
ies have shown kindergarteners spend one of the largest portions of their time on play
(Hofferth and Sandberg (2001)).

Heerink et al. (2009) found that the elderly have more enjoyment in using a physical
agent rather than a screen agent and that a physical agent has a higher social presence,
which correlated with a higher intention to use the system.

Tovertafel, shown in Figure 2.4 is an interactive table that was designed to stimulate
elderly living with moderate to severe dementia (Anderiesen (2017)). The research found
that playing with Tovertafel games increased the level of engagement of the elderly and
improved the quantity and quality of family visits (Anderiesen (2017)). DAYSI, shown in
Figure 2.3 is ongoing research into developing an interactive table for daily living activity
assistance (Berlin (2019)). DICEES, shown in Figure 2.5 is an ongoing project on devel-
oping a customizable set of connected dice that has smart movement detection to know
which face is played (Dicees (2021)). ElliQ shown in Figure 2.5 is a social robot that is
designed to keep older adults active (Elliq (2019)). Elliq features an LED lighting display
and is currently in the beta testing phase (Coghlan et al. (2021)). Icho is a therapy ball
that features stories, puzzles, music, animation, and relaxation to support people with
dementia or disabilities (icho systems (2021)). Even though these are instrumented toys,
they are used for support of the elderly and not for assessment.

There also exists some limited research on using sensors like IMUs on objects in
sports to find the kinematic variables or capacity of the person executing certain move-
ments (Ren et al. (2016)), but none for the elderly. Särkkä et al. (2016) talk about using
IMU on a javelin to find the perfect angle to get the most efficient throw while Grim-
pampi et al. (2016) describe the most effective angle for a baseball throw.

There exists significant research on using non-wearable passive sensing technolo-
gies, using 3d cameras and depth sensors. Microsoft Kinect, video cameras and mo-
tion ambient sensors have been used by multiple researchers for physical assessments (
Rantz et al. (2013, 2015); Sun and Sosnoff (2018); Vernon et al. (2015); Clark et al. (2015,
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2012)). Clark et al. (2012) used Microsoft Kinect for assessing postural control in 20
healthy subjects. Clark et al. (2015) used Microsoft Kinect for instrumenting a gait assess-
ment in people living with stroke. Rantz et al. (2015) and Rantz et al. (2013) used pulse-
Doppler radar, a Microsoft Kinect, and two web cameras for fall risk assessment in el-
derly. Vernon et al. (2015) used Microsoft Kinect for assessing the performance of move-
ment during the Timed Up and Go (TUG) test. Motion ambient sensing (Radar/Laser,
etc.) technology has also been used to identify the movement abnormality in impaired
individuals Sun and Sosnoff (2018).

But in our experience, the elderly often find it challenging to function naturally with
the addition of any sensors to their body or when feeling observed by a camera. For
instance, we have observed that the elderly, especially those with dementia, tend to react
nervously if one tries to place any objects on them. The elderly being recorded by a
camera showed anxiety and stopped participating in a game. Both behaviors have also
been confirmed by caregivers that were consulted during the development of our game
device, the Intelligent Activity Dice. We saw the elderly trying to remove even small and
light-weight objects like a sticker from their clothes immediately after being placed. In
addition, caregivers reported that they do not feel comfortable having to place sensors
on the body of the elderly whom they are supposed to guard or to record these elderly
with a camera during daily activities due to privacy concerns.

Hence we aim to develop and validate an automated assessment device that does
not require cameras or the placement of sensors on the body but has the advantage of
being digital. The game device has the fun factor of being a game and being tangible,
but the precision of being digital. There will be numerous advantages if the game device
is smart enough to collect data of people interacting or playing with it. The first would
be the ease of collecting data, as sensors could store the information in the game device
itself or send it to a computer or directly to cloud storage. The second is versatility, as
the game devices can be designed to be modular and collect different types of data, e.g.,
playing skills and throwing skills with the same device. Third, continuous measurement
becomes possible, as the game device can be placed with the participant for continuous
use by the children or elderly without constant one-to-one supervision, like a regular
toy. Fourth would be the accuracy and precision that being digital awards it, for e.g. like
a digital sensor suit but without the disadvantage of it being cumbersome since it is a toy.
It would be relatively easy to collect data on skill growth and track deficits in this case.

We focus on two different devices in this thesis: Intelligent Activity Dice and Intel-
ligent Maze. These game devices combine the advantages of automated assessments,
stealth assessments, Serious Games, and social robotics. They are embedded in toys
within games and are digital. They are tangible yet precise because of the embedded
sensors’ data collection. The assessment is hidden, and the participants’ stress during
a test is reduced because they are playing with a game device in a serious game setting.
The Intelligent Activity Dice mainly focuses on the physical performance assessment,
while the Intelligent Maze focuses on the cognitive assessment of children. They are
described in detail in Chapter 3.
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METHODS: INTELLIGENT TOYS

This chapter introduces and describes the intelligent toys that were designed and vali-
dated as part of our research: the Intelligent Activity Dice 1 and the Intelligent Maze 2. In
Section 3.1, the Intelligent Activity Dice is presented. In Section 3.2, the Intelligent Maze
is presented. The technical details of both toys are also presented in this chapter. Section
3.3 presents the discussion and conclusion of the chapter.

3.1. INTELLIGENT ACTIVITY DICE
An off-the-shelf foam dice, shown in Figure 3.1, was used to create the Intelligent Activity
Dice. The foam dice can be bought as a play device for activities with children and the
elderly from Wehrfritz (Wehrfritz (2019)). This specific dice was chosen after consulta-
tion with the elderly and caregivers. One of the main reasons for this selection was that
the elderly were already familiar with the dice. Another requirement for the dice was that
it was easy to be grasped even by the elderly with upper extremity weaknesses. With an

1Designed and Developed by Department of Advanced Computing Sciences.
2Designed and Developed in collaboration with Instrument Development, Engineering and Evaluation (IDEE),

Faculty of Psychology and Neuroscience (FPN) and School of Business and Economics (SBE), Maastricht Uni-
versity.

Parts of this chapter have been published in:

• Seethu M. Christopher, Corrie C Urlings, Henri van den Bongarth, Karien M Coppens, Petra PM Hurks,
Lex Borghans and Rico Mockel. A Digital Wooden Tabletop Maze for Estimation of Cognitive Capabil-
ities in Children. International Conference on Social Robotics (ICSR) 2019, pp. 622-632. Springer,
Cham. (Christopher et al.).

• Seethu M. Christopher and Rico Mockel. Instrumented Activity Dice for Assessing Limitations of
Physical Performance: A Pilot Study. The 20th International Conference on Ubiquitous Computing
and Communications (IUCC) 2021, pp.30-42. Springer, Cham. (Christopher and Möckel).

• Seethu M. Christopher and Rico Mockel Instrumented Activity Dice for Assessing Limitations of Phys-
ical Performance: A Pilot Study. International Conference on ICT for Health, Accessibility and Wellbe-
ing, 2022, pp. 30-42. Springer, Cham. (Christopher and Möckel).
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Figure 3.1: The foam activity dice from Wehrfritz. Picture taken from website: Wehrfritz (2019).

edge length of 20 cm, it can be easily grasped and thrown. The dice, without any mod-
ifications, can be used for different types of games with the children and elderly in the
context of serious games.

The requirements for the Intelligent Activity Dice could be summarized as follows:

• Ease of use

– The device should be big enough to be easily grasped by the elderly, with low
to no impairment to their upper extremities.

– The device should be light enough to be easily thrown by the elderly, with low
to no impairment to their upper extremities.

– The device should be easy enough to be switched on and off by the caregivers.

– The device should be easily chargeable.

• Performance

– The device should be good enough to do activities with the elderly. There
should not be a noticeable lag between the start of the activities and the land-
ing of the dice.

– The activities should be chosen in random and not be repeated multiple
times during the same session.

– The device should be capable of running a single session of at least 20 min-
utes.

– It should be easy for the caregivers to swap out the activities and/or include
more activities.

Our own experience in the elderly care facility with the Intelligent Activity Dice showed
successful interactions between the elderly and children using the Intelligent Activity
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Dice. During the testing days, children handed the Intelligent Activity Dice to the elderly
to throw and select activities on the dice. The discussions with the caregivers after the
testing days with the elderly were also positive. Caregivers and researchers observed that
most children and elderly enjoyed playing and doing the activities together. As a result,
the dice itself is also an excellent motivator to get the elderly to be active. These games
also activate the mental and physical condition of the elderly, thus further engaging their
cognitive functioning (Colcombe and Kramer (2003)).

Figure 3.2: Left (A): Intelligent Activity Dice. Right (B): Embedded Processor and sensors placed inside the
dice.

The Intelligent Activity Dice and the electronics inside the Intelligent Activity Dice
are shown in Figure 3.2. To create the Intelligent Activity Dice, we integrated a Rasp-
berry Pi 3 embedded computer and inertial measurement unit (IMU), the BNO055 from
Bosch Sensortec. Raspberry Pi was chosen because of its ease of use and setup. Rasp-
berry Pi has built-in WIFI Bluetooth for simultaneous connection to PC and speaker. Pi
can power multiple sensors as well. Pi can run an OS, compact but has enough pro-
cessing power to run our application. BNO055 was chosen because the IMU includes an
ARM Cortex-M0 based processor on-chip to process sensor data from an accelerometer,
gyroscope, and magnetometer into actual orientation data using sensor fusion. We in-
tegrated the Raspberry Pi embedded computer into the dice to read the accelerometer
data provided by the IMU and to send this data via WLAN to a standard PC. This data
is later used for the analysis of the capabilities. The electronics connection diagram is
shown in Figure 3.3. The Raspberry Pi can also be configured to record and store the
IMU data to be analyzed offline after a game. Hence the Intelligent Activity Dice can
be used safely without a wireless data connection. With a mass of only 690 gram, the
Intelligent Activity Dice can also be thrown easily by the elderly.

The Intelligent Activity Dice is designed to be used in the context of serious games
and has different activities on its sides. Depending on the games being played, these
activities can be changed, making the Intelligent Activity Dice modular. The current six
activities are rhymes, miming, riddles, colors, numbers, and songs. These activities are
chosen after consultation with the caretakers at the elderly care facility. The songs, rid-
dles, and mimes are carefully chosen from the elderly age group repertoire, which also
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Figure 3.3: Connection diagram of the sensors inside the Intelligent Activity Dice

serves as a memory activation for the elderly. The activities are also chosen such that the
children find it easy to play and interact with the elderly, and they might enjoy playing
together.

The Intelligent Activity Dice runs an algorithm to keep track of the activities it needs
to play based on the side on which the player throws the dice. The algorithm is described
in Algorithm 1. The different states and the state diagram that the Intelligent Dice goes
through in the software are shown in Figure 3.4. We have developed a software to vi-
sualize the movement of the Intelligent Activity Dice during the throws. The software
developed in Matlab 2018A uses the data captured from the Intelligent Activity Dice for
the visualization. Figure 3.5 displays the visualization of the Intelligent Activity Dice in
motion captured from the data extracted from the dice during motion.

Figure 3.4: State diagram
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Algorithm 1 Algorithm used in the Intelligent Activity Dice for activities

Step 1: Initialize the IMU.
Step 2: If state == READY:

Step 2.1: Check the values of IMU to see whether the dice has been thrown.
Step 2.2: If the values indicate the dice has been thrown, move to THROWN state.
Step 2.3: Else continue.

Step 3: Else If state == THROWN:
Step 3.1: Check the values of IMU to see if the dice has stopped motion.
Step 3.2: If the values indicate the dice has stopped motion, move to FALLEN state.
Step 3.3: Else continue.

Step 4: Else If state == FALLEN
Step 4.1: Check the values of IMU to find the side on which dice has fallen.
Step 4.2: Play the activity for the selected side. Move to PLAY state.

Step 5: Else If state == PLAY
Step 5.1: Check the values of IMU to see if the dice has been picked up.
Step 5.2: Stop the activity. Move to READY state.

Step 6: Store the values in data file.
Step 7: Send the values to PC.

Figure 3.5: Visualization of the rotation of the Intelligent Activity Dice in motion.

The data from the Intelligent Activity Dice is stored in an SD card inside the dice. The
data is also simultaneously sent to a PC via wifi connection. This connection is optional
and can be disabled if the PC is not available. The data is stored within the system in an
SD card so as to reduce any wireless connection failures affecting the performance of the
system. It is also faster to write to the onboard SD card than to send data over wifi to the
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Figure 3.6: Overview of the Intelligent Activity Dice system: version 1.

Figure 3.7: Overview of the Intelligent Activity Dice system: version 2.

PC. We developed two versions of the Intelligent Activity Dice. The overview of the first
version of the system is shown in Figure 3.6. The overview of the second version of the
system is shown in Figure 3.7. The first version does not have a remote control to control
the activities. The remote control was later added to give more control to the caregivers
over the activities during the run time of the Intelligent Activity Dice. With the remote
control, the caregivers can override the activities chosen by the Intelligent Activity Dice
if needed. The caregivers can also pause and restart the same activities. The data from
the Intelligent Activity Dice is later analyzed to evaluate the physical performance of the
person throwing the dice during the games. The overview of the data flow from the Intel-
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Figure 3.8: Overview of the Data flow in the system.

ligent Activity Dice to the features required for the assessment of physical performance
is shown in Figure 3.8.

A software application has also been developed for the PC for offline or online anal-
ysis of the data from the Intelligent Activity Dice. The view of the GUI is shown in Figure
3.9. The screenshot shows the different states of the Intelligent Activity Dice while in
play. The status can be seen from within the application. The IMU data can also be seen
within the application while the dice is in play. The Intelligent Activity Dice data will
only be saved when the status is shown as ’Recording’. The side that the dice fell on is
also shown in the application. The software application with the status facilitates easy
debugging of the system.

3.2. INTELLIGENT MAZE
Inspiration for the design of the Intelligent Maze is from a commercially available mag-
netic toy for children called Magnetic Labyrinth GOGO (2021). Magnetic Labyrinth is
shown in Figure 3.10. Just like the Magnetic Labyrinth, the Intelligent Maze also has a
magnetic ball for the children to move.

The requirements for the Intelligent Maze could be summarized as follows:

• Ease of use

– The device should be large enough to be kept on a small table and be used by
the children, similar in size to the magnetic labyrinth toy for children.

– The device should not be easily moved by children, but should be handy
enough to be handled easily by the teachers and researchers.

– The device should be easy enough to be switched on and off by the teacher-
s/researchers.

– The device should be easily chargeable.

– It should be easy to change the battery from the device.

• Performance

– The device should be good enough to do activities with children. There should
not be a noticeable lag between the children drawing with the pen and the
ball moving.
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Figure 3.10: The Magnetic Labyrinth Toy available for children (GOGO (2021)).

– The device should be capable of running multiple sessions with all the differ-
ent boards for at least an hour.

– It should be easy for the teachers/researchers to swap out the maze patterns
and/or include more patterns.

– The device should be continuously collecting data and should report if any
connection issues exist.

The Intelligent Maze additionally has intelligent screen technology and a pen to trace
the movement of the children within the Intelligent Maze. Figure 3.11 shows the Intelli-
gent Maze and the pen and ball. A detailed description of the screen technology used in
the Intelligent Maze is described later in the chapter.

The Intelligent Maze looks like a regular wooden toy with no visible electronics or
wires outside the wooden frame from the outside. The Intelligent Maze has 3 LED lights
on the back to provide functional feedback to the researcher while in operation. One of
the LED lights indicates the connection between the pen and the magnetic ball within
the Intelligent Maze so that the researcher can act immediately if there is a problem with
the connection and data collection.

The magnetic ball is inside the Intelligent Maze and can only be taken out by the
researcher or teacher. The magnetic ball also could only be manipulated by the included
pen. The wooden toy itself is heavy and could not be moved by the children alone and
would stay in the same orientation on the top of the table for play and data collection.
The toy also has rubber inserts under it so that it is not easily moved during plays.

The digital wooden tabletop maze device (shown in Figure 3.11) weighs about 6.1kg.
The main weight requirement for the Intelligent Maze is that it is heavy enough for the
children not to lift it off the table, but it is handy enough for the teachers and researchers
to handle. Its material costs less than 600€. In low-volume fabrication, a total price
of less than 2500€ can be achieved. The Intelligent Maze contains two separate touch
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Pen

Ball

(A) (B)
Ball

Capacitive Screen

Ball

Resistive Screen

Power Bank

Maze Board

(C)

Figure 3.11: (A): Intelligent Maze with the ball and pen. (B): Close up of the pen and ball withing the
Intelligent Maze. (C): CAD picture of a cross section of the digital wooden maze device.

Figure 3.12: Intelligent Maze with its different parts marked.

screens placed back-to-back on top of each other. Screens are integrated into a wooden
case as shown in the side view in Figure 3.11 and Figure 3.12. Figure 3.12 shows the In-
telligent Maze with its different components. The wooden case and maze elements have
been produced from sheets of Plywood that have been shaped through laser cutting and
glued together. Inside the case and beneath the screens, the device contains a chamber
that hosts the actual wooden maze structure. To allow for a variety of test items, we made
the maze structures interchangeable. Figure 3.13 and Figure 3.14 shows the three exist-
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Figure 3.13: The three different maze patters: Exploration Board, Assignment Board and Motor Control Board.

ing wooden maze structures, assignment board, exploration board and motor control
board. The motor control structure contained a single trace and was designed to gain
insight into the baseline motor capabilities of children. The assignment maze structure
allows testing children with three different maze solving tasks of increasing complexity.
The exploration maze structure contains a free exploration maze pattern with which we
want to gain insights into the unstructured play behavior of children. The maze device
contains four contact switches (Figure 3.14) that allow for automatic detection of the in-
serted maze structure due to different patterns milled into the top left corners of each
maze structure.

A magnetic ball is inserted into the maze structures when sliding the maze structures
into the digital wooden maze device. Once the maze structure is inserted, this magnetic
ball can move freely inside the maze structure underneath the bottom screen but cannot
accidentally be removed from the device.

Children move the magnetic ball within the maze structure with the help of a custom-
made conductive pen (shown in Figure 3.11 and Figure 3.12). The pen is made from an
anodized aluminum pipe of 12 cm in height with a conductive tip and designed so that
it activates the capacitive multi-touch screen (BI-TFT19-PCAP10-4-USB from A1touch
with an active area of 376.32mm x 301.06mm and a touch resolution of 4096x4096 pix-
els) on top of the maze device. As a result, the maze device can continuously record the
pen position when touching the top screen. In addition, the pen contains a magnetic
tip that, when close enough to the magnetic ball, pulls the magnetic ball against the re-
sistive screen (5WR1902FA5 from A1touch with an active area of 376mm x 301mm and a
touch resolution of 4096 x 4096 pixels) beneath the capacitive screen. As a result, the re-
sistive screen can record the ball’s position. A combination of a capacitive and a resistive
screen was chosen, so that pen and ball position can be detected independently without
affecting each other.
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Figure 3.14: (A): Contact switches inside the digital wooden maze device allow the automatic detection of
inserted maze structures: (B): a maze structure with different assignments, (C): a maze structure for free

exploration, (D): a maze structure for motor control tasks.

When calibrated correctly, by fusing the knowledge about the layout of the inserted
maze structure with the pen and ball positions recorded by the capacitive and resis-
tive screen, respectively, the position of the pen and ball with respect to each other and
within the maze can be determined. In addition, it can be detected when the ball and
pen are connected to each other and when a child moves the pen without the ball.

Figure 3.15 provides an overview of the main electronics of the first version of the
digital wooden maze device. Figure 3.16 provides an overview of the main electronics of
the second version of the digital wooden maze device. The first version of the Intelligent
Maze contains a remote control and PC to control the Intelligent Maze. Data obtained
from the capacitive and resistive touch screen is recorded and processed by an embed-
ded STM32F429 processor board. For ease of use, this processor board can be controlled
from a custom-made app via a Bluetooth wireless communication interface. To save
data storage space and communication bandwidth, the processor board reads in the co-
ordinate values of both the pen and the ball and stores these in a text file along with the
time stamp following an event-based protocol.

To avoid any loss of data, e.g., during a loss of communication, all recorded data is
stored on an SD memory card inside the maze device in the second version of the device.
In the first version of the device, the data was sent to the PC and stored in the PC. The
problem with the first version is that the connection between the remote control and PC
is not stable. Sometimes the connection between the PC and the Intelligent Maze is also
lost. Since the data is stored on the PC, this leads to a loss of data. Hence the design was
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Figure 3.15: Overview of the system and main electronics inside the Intelligent Maze, version 1.

Figure 3.16: Overview of the system and main electronics inside the Intelligent Maze, version 2.

modified in the second version to include a tablet for controlling the data collection. The
second design also used an SD card inside the Intelligent Maze to store the data. There is
a 16% loss of data in the first version due to connectivity issues compared to a 3.7% loss
of connection in the second version. Nevertheless, since the data is stored inside the SD
card in the second version, the data is not lost, even when the connection is lost.

All electronics are powered by a 10400 mAh power bank allowing for more than 7
hours of continuous autonomous operation. The power bank is interchangeable so that
the maze device can be kept operational during the charging process. After recording,
data is transferred to a PC for automated post-processing, feature extraction, and visu-
alization.
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3.3. DISCUSSION AND CONCLUSION
This chapter introduced and described our two proposed solutions. While the Intelligent
Activity Dice is used mainly for the assessment of physical performance, the Intelligent
Maze is used for the assessment of cognitive capabilities. Both are tangible everyday
game devices modified to be intelligent for capturing physical and cognitive skills dis-
played during play. The versatility of the devices is demonstrated in different ways, dis-
cussed below.

The Intelligent Activity Dice can be used for various social, cognitive, and physical
activities since activity dice are used for the same. Additionally, the assessment of such
activities during serious game settings with the elderly and children can be done with
the Intelligent Activity Dice. This thesis only looks into the assessment of physical per-
formance with the Intelligent Activity Dice. But the activities present on the Dice can be
replaced to include the specific area of assessment required. New activity cards can be
made for the Dice and inserted into the sides of the Dice accordingly. The Dice them-
selves can be used to encourage social play between the elderly and children. The el-
derly care facility that we collaborate with for the development of the Intelligent Activity
Dice routinely uses the Dice for group play with the elderly and children. They report
that the elderly are engaged using the Intelligent Dice and that they find it an effective
game device to facilitate interaction between the children and elderly by playing a vari-
ety of games, including miming, singing, playing riddles, throwing activities, performing
action songs, etc. The Intelligent Dice is also a tool to encourage social interactions be-
tween the elderly and children and encourages movement during play. Our goal is to in-
corporate the Intelligent Activity Dice into serious games with the elderly and children.
The caretakers need only switch the Intelligent Activity Dice on. The data collection and
analysis are automated. Hence the workload for the teachers and caretakers is reduced
as well.

The Intelligent Maze can be extended to include more maze patterns. The Maze cur-
rently includes three different patterns suited for structured and unstructured play. The
Maze is modular and can be extended to include up to 16 different maze patterns. The
Intelligent Maze encourages and stimulates cognitive play with a tangible tabletop game
device. Children playing with the Intelligent Maze, report having fun while playing with
the device, as described in Chapter 6, Section 6.4. The studies described in Chapters 6, 7
and 8 show that the children enjoy playing with the Intelligent Maze and that meaningful
data can be collected from the children with less effort from the caregivers.

Further chapters, Chapters 4 and 5 describe the studies conducted with the Intelli-
gent Activity Dice and Chapters 6, 7 and 8 describe the studies conducted with the Intel-
ligent Maze. The findings from these chapters suggest that both devices are successful
in extracting information about the physical and cognitive aspects of the person during
the play with the devices.
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4
AN INTELLIGENT ACTIVITY DICE

FOR ASSESSING THROWING

PERFORMANCE: VALIDATION AND

EXPLORATION

In this chapter, we investigate the first research question, [Q1]. The chapter focuses on ex-
ploring the features that can be extracted from the Intelligent Activity Dice and validating
those features against the values extracted from a video camera recording. Prior research
has established that throws are a measure of physical capabilities. A participant in the
context of a serious game throws the Intelligent Activity Dice. We perform the study with
healthy adult population, university students. In this chapter, we demonstrate that with
the Intelligent Activity Dice, the limitations of throwing performance of a person can be
assessed purely based on the distance, time of flight, and rotations of Intelligent Activity
Dice when the person throws the activity dice.

4.1. INTRODUCTION

The continuous assessment of the physical capabilities of the elderly has the potential
to assess their well-being and to react early if their physical strength is decreasing. Con-
tinuous assessments thus can contribute to maintaining the quality of life of a person.

Parts of this chapter have been published in:

• Seethu M. Christopher and Rico Mockel Instrumented Activity Dice for Assessing Throwing Perfor-
mance: A Pilot Study. The 20th International Conference on Ubiquitous Computing and Communica-
tions (IUCC) 2021 Christopher and Möckel.
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4. AN INTELLIGENT ACTIVITY DICE FOR ASSESSING THROWING PERFORMANCE:

VALIDATION AND EXPLORATION

With the demographic transition to increasingly older populations in developed coun-
tries and a continuously increasing lack of caregivers (NIH (2019)), it has hence become
crucial to develop inexpensive methods of measuring the physical status of the elderly
on an ongoing basis and to large numbers of people with less involvement of caregivers.
Consequently, technology-assisted assessments are increasingly common in the field of
health care, often with the added advantage of improving the cost-effectiveness of the
care. Ball-handling skills (Sternad (2015)) is one of the most important motor skills that
are assessed during the physical assessment tests. The propulsion (Sternad (2015); Davis
and Burton (1991); Doty et al. (1999); Voelcker-Rehage (2008); Williams et al. (1991)) of
the physical assessment tests are measured by the ball-handling skills, including throw-
ing. There are also seated throwing activities that measure the upper body performance
in older adults (Davis et al. (2008); Harris et al. (2011); Mayhew et al. (1991, 1992, 1993)).
During these tests, the participants are asked to throw a medicine ball or a shot put as
far as possible, and the researcher manually measures the distance using a tape.

In the study described in this chapter, we investigate how the physical status of a per-
son might be assessed by integrating an inertial measurement unit (IMU) into an activity
dice, an Intelligent Activity Dice. As discussed in Chapter 3, our long-term goal is to in-
corporate the dice in serious games while the physical status and well-being are contin-
uously and automatically assessed. Serious games are those games that have a purpose
other than mere entertainment (Michael and Chen (2005)), e.g., assessment during the
entertainment. For now, in this work, we explore the data obtained from the dice during
throws and compare it to the data obtained from an external camera for validation. How-
ever, the extraction of information relating to the physical performance of an individual
from a device that they are just handling is not trivial. The main challenge of extracting
the physical performance from an object that is not connected to the body but is only
being handled is challenging since the object leaves the person’s body. The continuous
data collection for the assessment is inside the object. The person handling the game
device is free to handle the device as s/he chooses.

We show that, from the features extracted purely from the IMU embedded in the in-
telligent activity dice, we can differentiate between the types of throw performed by the
individual and obtain an indication of the initial velocity and energy used to throw the
dice as well as of the distance the dice has been thrown. When combined with targets at
known distances, this distance information might also be used to estimate throwing pre-
cision. Research shows that the outcomes of throwing activities like precision or being
able to hit a target and velocity are good indicators of physical performance in a throwing
activity (Williams et al. (1991); Roberton and Konczak (2001); Williams et al. (1998)). Re-
search also shows that the physical performance of a person in an activity can provide an
indication of the emotional state of the person performing the activity (Landers (1980);
Marshall et al. (1985); Martinsen (1990); Oxendine (1970); Paluska and Schwenk (2000)).
Hence when assessing the throwing performance with the activity dice, this might also
provide an insight into the emotional state of the person performing the throw if the
person is assessed periodically over a longer duration. Research claims that the test-
ing context has an effect on the performance of throwing activities (Doty et al. (1999)).
The Intelligent Activity Dice has the added advantage that it can be incorporated into
serious games, thus removing the effects of testing context from the measurement of
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Table 4.1: Anthropometric values of all participants.

1 Sitting height is defined as the distance from the chair’s surface to the vertex of the head.
2 Arm length is defined as the distance from the shoulder to the middle of the hand (palm) of the right arm.
3 Elbow to hand length is defined as the distance from the elbow to the middle of the hand (palm) of the right
arm.

Variable Mean (SD)
Age (years) 22.7 (2.6)
Sitting height (cm)1 0.86 (0.05)
Arm length (cm)2 0.57 (0.05)
Elbow to hand length 3 (cm) 0.32 (0.02)

performance in throwing activities.

The rest of the chapter is organized as follows. Materials and Methods used in the
study described in this chapter are described in Section 4.2. Section 4.3 details the results
of this study for each of the variables we extracted from the dice. Section 4.4 interprets
and discusses the results and provides conclusions from the study.

4.2. MATERIALS AND METHODS

This section presents the subject details, the experimental setup and methods used in
the study.

4.2.1. SUBJECT RECRUITMENT

Five male and five female university students in undergraduate and graduate programs
with no physical impairment were recruited to participate in the study. All participants
were informed of the experimental procedure along with all associated risks and signed
an informed consent following the guidelines of the ERCIC Maastricht University Ethics
committee, which had approved the study (ERCIC_094_28_08_2018). Participants were
instructed about the possibility of withdrawing their consent for the study at any given
time without providing any further reasons or facing any consequences, both orally and
in written form. Participants were also instructed about their data rights in the GDPR
framework. The choice of the young participant sample is to do a validation of the device
and due to the feasibility of requesting younger healthier people to perform different
types of throw patterns without ethical concerns. The anthropometric values for each
participant were measured prior to any testing. The values are given in Table 4.1.

4.2.2. EXPERIMENTAL SET UP

To validate the data extracted from the Intelligent Activity Dice we recorded and analyzed
the throw of the dice with a camera and recorded the obtained video stream simultane-
ously with the IMU data. A Logitech HD1040 camera was used to record video data at
24 fps. Video data was analyzed to extract the trajectory of the dice. The procedure is
described in Section 4.2.4. Figure 4.1(A) shows the view from the camera. During the
experimental sessions, participants were asked to throw the dice while sitting on a chair
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with a height of 45 cm. The camera was kept at a distance of 3 m from the chair facing the
chair from the side. A seated position of participants was chosen to restrict any contri-
bution from the lower part of the body in the throw. Furthermore, the seated position is
favored to mimic the conditions of those elderly who cannot stand safely or do not have
full control of their lower limbs. The chair’s front legs were marked on the floor to make
sure the chair’s locations stayed the same for all participants. Participants self-selected a
comfortable seating configuration before each session by performing a test throw at the
beginning. Once participants felt comfortable, participants were asked to maintain the
same-seated position for the whole session, if possible.

Figure 4.1: Top (A): Experimental set up. Position of the chair and targets. Bottom (B): Tracker markers of the
dice showing the trajectory.

The experiment consisted of three sessions where participants have been asked to
throw the dice differently in each session. The three sessions were: (1) throwing the
dice from the chest, (2) overhead throw Cross (2004), and (3) underhand throw. Each of
the aforementioned three sessions consisted of the following throws: (A) throw the dice
freely without any target present, (B) throw the dice to hit the target marked at 1.5 m
away from the chair, and (C) throw the dice to hit the target marked at 2 m away from the
chair. Figure 4.2 provides an overview of the experiment. We planned the different types
of throw after careful observation of the types of throw elderly usually use in games with
dice. The overhead throws showed enthusiasm on the part of the participants during the
observation sessions. We included free throws as well as throws to target to investigate
whether the throwing performance is influenced by the need to be precise to hit the tar-
gets. Figure 4.1 illustrates the seating arrangement and the targets marked on the floor.
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The targets were implemented to reduce large variations of release angle and direction
as well as to gather more insight about the condition of the person. After the release of
the dice from the hands, the height of the hands was measured manually. This mea-
sure was compared to the height obtained from the video analysis to ensure that all the
measurements from the video analysis were accurate.

Figure 4.2: A graphical representation of the protocol used in the study.

4.2.3. VARIABLES EXTRACTED FROM THE INTELLIGENT ACTIVITY DICE

Figure 4.3: Accelerometer plot from the Intelligent Dice with the different phases marked. The blue triangles
mark distinct peaks in the data.

The acceleration data is visualized and analyzed on a PC online or offline. The visu-
alization software for the PC is shown in Chapter 3 Section 3.1. Typical trajectories of the
acceleration data as being generated during a throw are shown in Figure 4.3. As shown in
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Figure 4.3, the trajectories can be divided into 3 phases: (1) before throw phase, when the
dice is still being touched and accelerated by the human player, (2) thrown phase, when
the die is flying without physical contact, and (3) hit and roll phase where the die makes
contact with the ground. The moment the die leaves hand can be clearly calculated from
the accelerometer data Raasch (2007). The moment when ground impact is generated
due to the dice hitting the ground is also marked in the data. These are automatically
detected by the algorithm and from these two instances, the time of flight, which is the
duration in which the dice was in the air, is calculated. In addition, the accelerometer
data is also used to calculate an estimate of the energy with which the dice is thrown
Jöris et al. (1985). The automatic detection algorithm is described in Algorithms 2 and 3.

Algorithm 2 Algorithm used in the Intelligent Activity Dice for the study. The different
states are described in Chapter 3, Section 3.1.

Step 1: Initialize the Dice.
Step 2: If state == READY:

Step 2.1: Start the data collection. Set the trial number.
Step 2.2: If the values indicate the dice has been thrown, move to THROWN state.
Step 2.3: Else continue.

Step 3: Else If state == THROWN:
Step 3.1: Check the values of IMU to see if the dice has stopped motion.
Step 3.2: If the values indicate the dice has stopped motion, move to FALLEN state.
Step 3.3: Else continue.

Step 4: Else If state == FALLEN
Step 4.1: Stop the data collection.
Step 4.2: Increase the trial number.
Step 4.3:Move to PLAY state.

Step 5: Else If state == PLAY
Step 5.1: Check the values of IMU to see if the dice has been picked up.
Step 5.2: Move to READY state.

Step 6: Store the values in data file in the Intelligent Dice.
Step 7: Send the values to PC as a text file. Continue to Step 2.

To characterize the physical capabilities of the person throwing the dice and the type
of throw we extract the following variables from data provided by the IMU within the
Intelligent Activity Dice:

1. We extracted the time of flight, t f , because it characterizes how long the dice is in
the air during a throw and thus allows us to estimate the distance and the type of
throwing operation.

2. From the initial velocity, v0, the energy for the throw, Ek , can be calculated accord-
ing to the following equation

Ek = 1

2
mv2

0 (4.1)

, where m is the known mass of the dice and is 0.69kg . So, both v0 and Ek can be
used as an estimate of the strength of the person initiating the throw.
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3. Finally, the number of times the ball rotated/turned while the dice was thrown,
might also provide a measure of the physical capabilities of the person initiating
the throw.

Algorithm 3 Algorithm used in the PC for the extraction of variables from the Intelligent
Dice.

Step 1: Extract the data from the text file.
Step 2: Determine the data point when the accelerometer becomes 0: Point B.
Step 3: Determine the data point of the first positive slope right before the accelerom-
eter becomes 0: Point A.
Step 4: Determine the data point of the first positive slope right after the accelerometer
becomes 0: Point C.
Step 5: Determine the data point after Point C, when the accelerometer becomes grav-
ity: Point D.
Step 6: Calculate the time difference between Points B and C: Time of Flight.
Step 7: Calculate the area in under the curve from Point A to Point B: Initial Velocity.
Step 8: Calculate the energy of throw from the Initial Velocity.
Step 9: Calculate the number of rolls of the dice based on the rotation of IMU.

The time of flight is calculated from the accelerometer plot by obtaining the moment
in time where the dice leaves the hand and the moment in time when the dice hits the
ground for the first time: Once the dice leaves the hand, the IMU is in free fall mode
which results in zero value of the accelerometer Raasch (2007). As a result, the moment
in time where the dice leaves the hand can be obtained. At the moment in time where
the dice hits the ground, an impact velocity is generated which clearly marks the end of
the thrown phase and which is clearly visible in the accelerometer data (Figure 4.3). The
initial velocity is calculated as the area under the acceleration graph during the before
thrown phase. This area is shaded in Figure 4.4. Figure 4.4 illustrates the initial velocity
and acceleration values obtained from the IMU inside the Intelligent Activity Dice during
a single throw, here a free throw from the chest. As shown in the figure in the area under
the acceleration curve in the shaded region is the initial velocity. Once we have the initial
velocity, the kinetic energy Ek of the throw can be calculated using equation (4.1).

Another feature that gives us a measure of the physical capabilities of the person ini-
tiating the throw is the number of times the ball rotated/turned while the object was
thrown. The raw data from the 3 sensors of the IMU is combined using a fusion algo-
rithm Sensortec (2014) to find the rotation of the dice from the time it is thrown. We are
interested in the 2 phases before the dice hits the ground. Here the number of turns
is calculated by summing up the number of rotations in any direction the dice goes
through before impact with the ground.

4.2.4. VIDEO ANALYSIS AND VARIABLES EXTRACTED FROM THE VIDEO

The video for each session was saved for further analysis. Figure 4.1(B) shows a snapshot
of the image processing software “Tracker” Tracker (2007), that was utilized to manually
extract the positions of the dice during the throw motion. The software was calibrated to
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Figure 4.4: Accelerometer plot with initial velocity marked. The area in the blue shaded region is the initial
velocity. The red horizontal line marks acceleration due to gravity.

allow for realistic distance estimation from the video frames. In the video frames, mark-
ers have been placed by hand to estimate the dice’s center of mass at each frame from
the time the dice left the hands until the time the dice hit the floor for the first time. A
separate marker was placed on the hands at the end of the video. Figure 4.1(B) shows a
single video frame overlaid with marker positions obtained from other video frames of a
single throw. The markers indicate the position of the dice in the different video frames
as well as the position of the hand when the dice left was thrown. From the dice positions
of the different video frames, the dice trajectory can be reconstructed. The hand marker
was used to obtain an estimate of the height of the hands from the floor from the video.
This height from the video was compared to the manually measured hand height to ver-
ify that the video analysis was producing accurate measurements. Once the hand height
was verified, the variables extracted from the video, explained below, were confirmed to
be accurate within a range of ±0.02 cm. The hand height was correct for all of the cases
in the study.

To determine the quality of the measures extracted from the IMU within the dice,
we extracted the time of flight, t f , and the initial velocity at the beginning of the throw,
v0, from the video recordings. In a final application with elderly and caregivers, ideally
these video recordings should not be necessary. Instead the measures extracted from the
IMU should be self-sufficient. However, to validate the results from the IMU data, in this
thesis, we extract similar measures from video data. With the Tracker software the posi-
tion of the dice (x,y) in each frame has been marked by hand. From the positions in each
frame, the full trajectory of the thrown dice was estimated. To extract the variables t f and
v0, a regression model was developed in Matlab2017b. Using this regression model that
assumes a ballistic dice trajectory under the influence of gravity and air drag, the initial
height, h, initial velocity, v0, and angle of throw, θ, that best explained the dice positions
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in each frame have been calculated. The equation used in the regression model is given
below:

y = h +x tan(θ)− 1

2
×

(
g + D

m
× v2

0 sin(θ)

)
×

(
x

v0 cos(θ)

)2

(4.2)

where x and y are the coordinates of the dice in the video frames, h is the initial height,
θ is the angle of throw, v0 is initial velocity, g is gravity, D is the air drag (eq. (4.3)) and
m is the mass of the dice. We decided to only take friction due to air resistance into
consideration in the model, which can be calculated as

D = ρ×C × A

2
(4.3)

, where ρ is the air density and it is measured to be 1.206 kg /m3 Shelquist (2016), C is the
drag coefficient of a cube which is 0.8 and it is considered to be a dimensionless quantity,
and A is the surface of one side of the dice which was measured to be 0.4 m2. Using the
extracted output values from model, h, v0, and θ, the time of flight t f and kinetic energy
Ek have been obtained through the equations (4.4) and (4.1), respectively. The time of
flight, t f is given by

t f =
r

v0 cos(θ)
(4.4)

, where r is the range in the x direction.

Figure 4.5: Fit between the trajectory from the video vs regression model.

Figure 4.5 illustrates an example of the fit between the data from the regression model
and the position values from the videos. Table 4.2 displays the average initial velocity
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values for each type of throw as extracted from the video using the regression model.
The regression model only considers the motion from the moment the dice left the per-
son’s hands until the dice hits the floor for the first time. However, in reality, the dice
often keeps moving after the first time it hits the floor but to model such movement one
must consider the elasticity of the object, the floor friction and the object’s orientation
throughout the movement. We simplified the model because we are mainly interested
in the initial values of the throw.

Table 4.2: Velocity values extracted from video using the regression model.

Vo(m/s) Chest Throw Overhead Throw Underhand Throw
Free throw 3.31 (0.61) 3.25 (0.61) 3.82 (0.58)
Target at 1.5 m 2.78 (0.29) 2.60 (0.41) 2.34 (0.35)
Target at 2 m 3.19 (0.37) 3.27 (0.58) 3.40 (0.35)

4.3. RESULTS

This section outlines the results for the variables we extracted from both the dice and the
video, namely, time of flight, initial velocity, energy of throw, and number of turns/rolls.

4.3.1. TIME OF FLIGHT

Figure 4.6: Time of Flight: values from video vs. values from dice.

We validated the results of the dice by comparing it to the results obtained from the video
recordings with the help of the regression model. Figure 4.6 and Figure 4.7 displays the
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Figure 4.7: Time of Flight for each type of throw. The error bars indicate standard error.

Figure 4.8: Time of Flight grouped together based on type of throw. The error bars indicate standard error.

time of flight values calculated from both the dice and the model. The root mean square
error (RMSE) between the time of flight calculated from the model and dice is 0.052.
Figure 4.8 illustrates the time of flight values for the different types of throw grouped
together based on the type of throw. The mean (standard deviation) of time of flight for
different types of throw are given in Table 4.3.

Statistical tests (t-tests (Bradley and Blackwood (1989))) were performed for the time
of flight measurements calculated from the dice and the video to compare and validate
the values from the dice. We found a statistically significant correlation between the
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Table 4.3: Time of flight (ToF) and Energy values for each type of throw. Values indicate mean (standard devia-
tion).

Chest Throw Overhead Throw Underhand Throw
ToF (s)

mean(std)
Energy(J)
mean(std)

ToF (s)
mean(std)

Energy(J)
mean(std)

ToF (s)
mean(std)

Energy(J)
mean(std)

Free
throw

0.545(0.052) 2.557(0.949) 0.654(0.088) 2.494(1.032) 0.554(0.103) 3.547(1.638)

Target at
1.5 m

0.411(0.046) 1.484(0.509) 0.596(0.097) 2.220(2.182) 0.447(0.041) 1.559(0.281)

Target at
2 m

0.498(0.111) 2.43(1.144) 0.627(0.103) 2.974(1.732) 0.557(0.079) 2.828(1.080)

values for time of flight from the video and dice with a p-value of 4.920E-26. The Pearson
correlation value between the time of flight measurements was 0.881.

Figure 4.9: ANOVA graph of different groups for Time of Flight. On each box, the central mark indicates the
median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted
individually using the ‘+ ‘ marker symbol. The interval endpoints are represented using the notches.

ANOVA test (Girden (1992)) was performed for the measurements calculated from
the dice for different kinds of throw in various combinations. Figure 4.9 illustrates the
results of the ANOVA test. The figure illustrates the range of data in a particular group
with its median marked. The results from the ANOVA test show that the p-value for varia-
tion between the types of throw for time of flight variable, when we consider all the types
of throws, but group each type of throw separately, is 5.64E-07. The p-value for variation
between groups for time of flight variable, when we consider all the throws from chest,
all the overhead throws, and all the underhand throws is 1.836E-06. The p-value for vari-
ation between groups for time of flight variable, when we consider all the free throws,
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Figure 4.10: Means of the different groups for Time of Flight. For each group, the circle indicates the mean
and the bars represent the standard error.

all the throws at target placed at 1.5 m, and all the throws at target placed at 2.0 m is
0.0025. All of the combination of throws showed statistical significance. The p-values
from the ANOVA tests indicate that the group mean differences are significant. Pairwise
comparisons using a multiple comparison test (Tukey’s honestly significant difference
procedure (HSD) Tukey (1953)) was conducted to identify the groups that have signifi-
cantly different means. Figure 4.10 illustrates the result of the multiple comparison tests.
The circles and bars represent the means and standard errors for each group. The figure
indicates that means of the 2 groups Chest throw and Overhead throw are significantly
different from each other, as also indicated by the p-values. There is no overlap between
Chest throw and Overhead throw, i.e., these groups have means significantly different
from each other with 95% confidence interval level. There is an overlap between Un-
derhand throw and Chest throw. So Underhand throw is not significantly different from
Chest throw but it is significantly different from the Overhead throw. This indicates that
the time of flight value that the Intelligent Dice is extracting is not enough to differenti-
ate a Underhand throw and a Chest throw. But time of flight can differentiate between
an Overhead throw and other types of throws.

4.3.2. INITIAL VELOCITY

Figure 4.11 and Figure 4.12 displays the initial velocity values calculated from both the
dice and the model. The RMSE between the initial velocities calculated from the model
and Dice is 0.870.

Statistical tests (t-tests) were performed for the velocity measurements calculated
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Figure 4.11: Initial Velocity: values from video vs. values from dice.

Figure 4.12: Initial Velocity for each type of throw. The error bars indicate standard error.

from the dice and the video. We found a statistically significant correlation between
the values of velocity from the video and dice with a p-value of 1.76E-07. The Pearsons
correlation between the velocity measurements was 0.554. Figure 4.13 illustrates the
initial velocity values for the different types of throw, grouped together based on the type
of throw.
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Figure 4.13: Initial Velocity grouped together based on type of throw. The error bars indicate standard error.

Figure 4.14: ANOVA graph of different groups for Initial Velocity. On each box, the central mark indicates the
median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted
individually using the ‘+′ marker symbol. The interval endpoints are represented using the notches.

ANOVA test (Girden (1992)) was performed for the measurements calculated from
the dice for different kinds of throw in various combinations. Figure 4.14 illustrates the
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Figure 4.15: Means of the different groups for Initial Velocity. For each group, the circle indicates the mean
and the bars represent the standard error.

results of the ANOVA test. The figure illustrates the range of data in a particular group
with its median marked. The results from the ANOVA test indicate that the p-value for
the initial velocity variable is 0.035, when we consider all the types of throw together. The
p-value for velocity variable, when we consider all the throws from chest, all the overhead
throws and all the underhand throws is 0.405. The p-value for velocity variable, when we
consider all the free throws, all the throws at target placed at 1.5m and all the throws at
target placed at 2.0m is 0.002. The values from the first and third combination of throws
were statistically significant. The p-values from the ANOVA tests indicate that the group
mean differences are significant. Pairwise comparisons using a multiple comparison test
(Tukey’s honestly significant difference procedure (HSD) Tukey (1953)) was conducted
to identify the groups that have significantly different means. Figure 4.15 illustrates the
result of the multiple comparison tests. The circles and bars represent the means and
standard errors for each group. The figure indicates that means of the 2 groups Free
throw and Target throw are significantly different from each other, as also indicated by
the p-values. There is no overlap between Free throw and Target throw, i.e., these groups
have means significantly different from each other with 95% confidence interval level.
This indicates that the initial velocity value that the Intelligent Dice is extracting can
differentiate between a Free throw and a Target throw.

4.3.3. ENERGY

Figure 4.16 displays the value of energy calculated from both the dice and the model. The
RMSE between the energy values calculated from the Model and Dice is 1.794. Figure
4.17 illustrates the values of energy for the different types of throw. The mean (standard
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deviation) of energy used for different types of throw is given in Table 4.3.

Figure 4.16: Energy: values from video vs. values from dice.

Figure 4.17: Energy for each type of throw. The error bars indicate standard error.

Statistical tests (t-tests) were performed for the energy measurements calculated from
the dice and the video. We found a statistically significant correlation between the values
of energy from the video and dice with a p-value of 1.316E-08. The Pearson correlation
between the energy measurements was 0.59.

ANOVA test (Girden (1992)) was performed for the measurements calculated from
the dice for different kinds of throw in various combinations. The p-value for energy
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variable, when we consider all the types of throw together is 0.049. The p-value for energy
variable, when we consider all the throws from chest, all the overhead throws and all the
underhand throws is 0.002. The p-value for energy variable, when we consider all the free
throws, all the throws at target placed at 1.5m and all the throws at target placed at 2.0m
is 0.051. The values from the first and second combination of throws were statistically
significant.

4.3.4. NUMBER OF TURNS

Figure 4.18: Number of Turns for each type of throws. The error bars indicate standard error.

Figure 4.18 illustrates the number of turns for the different types of throw. Figure 4.19
illustrates the number of turns values for the different types of throw. The number of
turns/rolls is calculated for the two phases before the dice hits the ground. The average
number of turns for the free throw from chest is 1.67(0.401) turns, for the throw from
chest at the target placed 1.5 m away is 0.500(0.342) turns and for the target placed at
2 m away is 1(0.365) turns. For the free underhand and overhead throws, the average
number of turns is 3(0.467) turns and 2(0.542) respectively. For the target placed at 1.5
m away, the average number of turns for the underhand and overhead throws is 2(0.504)
and 2(0.455) respectively. For the target placed at 2m away, the average number of turns
for the underhand and overhead throw is 1(0.221) and 2(0.379) respectively.

ANOVA test (Girden (1992)) was performed for the measurements calculated from
the dice for different kinds of throw in various combinations. Figure 4.20 illustrates the
results of the ANOVA test. The figure illustrates the range of data in a particular group
with its median marked. The results from the ANOVA test indicate that the p-value for
number of turns variable, when we consider all the types of throw together is 0.004. The
p-value for number of turns variable, when we consider all the throws from chest, all the
overhead throws and all the underhand throws is 0.002. The p-value for number of turns
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Figure 4.19: Number of Turns grouped together based on type of throw. The error bars indicate standard error.

Figure 4.20: ANOVA graph of different groups for Number of Turns. On each box, the central mark indicates
the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted
individually using the ‘+′ marker symbol. The interval endpoints are represented using the notches.

variable, when we consider all the free throws, all the throws at target placed at 1.5m
and all the throws at target placed at 2.0m is 0.051. The p-value for the number of turns,
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Figure 4.21: Means of different groups for Number of Turns. For each group, the circle indicates the mean and
the bars represent the standard error.

when we consider all the free throws and all the throws at a target is 0.017. The values
for all the combinations of throws except the third one were statistically significant. The
p-values from the ANOVA tests indicate that the group mean differences are significant.
Pairwise comparisons using a multiple comparison test (Tukey’s honestly significant dif-
ference procedure (HSD) Tukey (1953)) was conducted to identify the groups that have
significantly different means. Figure 4.21 illustrates the result of the multiple compari-
son tests. The circles and bars represent the means and standard errors for each group.
The figure indicates that means of the groups Underhand throw and Overhead throw
are significantly different from Overhead throw, as also indicated by the p-values. There
is no overlap between Chest throw and Overhead throw, and Chest throw and Under-
hand throw i.e., these groups have means significantly different from each other with
95% confidence interval level. There is an overlap between Underhand throw and Over-
head throw. So Underhand throw is not significantly different from Overhead throw but
it is significantly different from the Chest throw. This indicates that the number of turns
value that the Intelligent Dice is extracting is not enough to differentiate an Underhand
throw and an Overhead throw. But number of turns can differentiate between a Chest
throw and other types of throws.

4.3.5. ACCURACY OF THROW
Figure 4.22 illustrates the accuracy of how closely the participants hit the target when
throwing the dice for the different types of throw. The mean and (standard deviation (in
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Table 4.4: Error% for all the targeted throws. Values are displayed in %m and indicate mean (standard
deviation).

Error%
Chest Throw
mean(std)

Overhead Throw
mean(std)

Underhand Throw
mean(std)

Target at 1.5 m 31.89(5.92) 5.18(7.24) 53.8(9.09)
Target at 2 m 45.42(4.83) 28.9(5.71) 60.05(9.07)

brackets) of error percentage for different types of throw is given in Table 4.4. Pearson’s
pairwise correlation analysis was performed between the variables extracted from the
dice and the accuracy of each type of targeted throw. We found a significant positive
correlation between the time of flight of the dice and the accuracy of the throw, r = 0.423,
p-value = 0.001. We found no correlation between velocity of the throw and the accuracy,
r = 0.068, p-value = 0.633. We also found no correlation between the energy of the throw
and the accuracy of the throw, r = 0.006, p-value = 0.9.

Figure 4.22: Accuracy for each type of throw. The error bars indicate standard error.

ANOVA test (single factor ANOVA (Girden (1992))) was performed for the accuracy
for different kinds of throw in various combinations, to verify whether accuracy varied
significantly based on the type of throw performed. The p-value for variation between
the accuracy for different types of throw, when we consider all the throws, but group each
type of throw separately is 1.16E-19. The p-value for variation between the accuracy for
different types of throw, when we group the throws based on the position of the origin of
throw (throws from chest, overhead throws, and underhand throws) is 6.36E-14. The p-
value for variation between the accuracy for different types of throw, when we group the
throws based on the distance of the target (throws with target placed at 1.5 m and throws
with target placed at 2.0 m) is 0.016. The values for all the combinations of throws except
the third one were statistically significant.
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4.4. DISCUSSION AND CONCLUSION

The current chapter investigated part of the research question [Q1] and explored the
possibility of extracting information about the physical performance of people with the
use of sensors in tangible toys that can be used within the context of serious games,
Intelligent Dice. We calculated 3 possible indicators of physical performance from the
Intelligent Activity Dice: time of flight, initial velocity, energy for the throw, and number
of turns. We compared the time of flight, initial velocity, and energy to a regression model
created from the data calculated from the video using Tracker. We further discuss only
the time of flight and initial velocity as the energy of the throw and initial velocity are
related.

Time of Flight Section 4.3.1 gives the results of the time of flight of the throw. The re-
sults indicate a RMSE of 0.052, between the model values and values calculated from the
Intelligent Activity Dice. The time of flight values for the Intelligent Activity Dice and the
model shows a high correlation value of 0.881. The time of flight for the target at longer
distance i.e., at 2m is higher than for the target at 1.5m, which is to be expected. An-
other interesting observation from the results is that the overhead throws always takes
longer time to reach the ground, hence higher time of flight. Figures 4.6, 4.8, 4.9 and 4.10
illustrate this result. We can see from the statistical analysis that there is a statistically
significant difference between the time of flight values for the overhead throws when
compared to the other types of throw with a p-value 1.836E-06. This can be because
the throw starts from behind head and the range of motion for the arm is more than the
other throws. Since the motion starts earlier, the time the dice leaves the hand is also
earlier than the other throws resulting in higher value for time of flight. In this case, time
of flight acts as an indicator for movement classification between throws at different tar-
gets. The statistical tests for the time of flight shows that there is a statistically significant
difference between the time of flights for each type of throws with p-value 5.64E-07. This
further proves that with additional data from follow-up studies, we can perform move-
ment classification using the time of flight value. Being able to perform an overhead
throw will also give an indication about the range of motion of the shoulder joints and
elbow joints (Langendorfer et al. (2006)), which is an important part of upper extremity
(UE) function tests (Lang et al. (2013), Toosizadeh et al. (2016), Toosizadeh et al. (2015),
Williams (2006b)) for the elderly. In the case of free throw, longer time of flight will also
mean that the strength used for the throw is higher, which is another indicator about the
physical capability of the person executing the throw.

Initial Velocity Section 4.3.2 and Section 4.3.3 gives the results of velocity and energy
for the throw respectively. Initial velocity is calculated to get an estimate about the ki-
netic energy used for the throw. The comparison between the values derived from the
model and the dice shows an RMSE of 0.870 and 1.794 for velocity and energy respec-
tively. The velocity and energy values for the dice and the model shows a correlation
value of 0.554 and 0.59 respectively. An interesting factor to observe in the case of energy
and velocity is that they are higher for free throw or very close to the 2m target throw
in each type of throw. This gives an indication about the normal range of throw for a
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healthy adult is close to 2m target. The energy used for a throw is also an indicator about
the strength used for the throw. The statistical tests on the value of energy shows that
there is a statistically significant difference between the energy values for throws from
the chest, overhead and underhand throws. Figures 4.11, 4.15, 4.13, 4.14 and Figure 4.17
display that velocity used for throwing the dice at a target placed at 1.5m is always higher
than it is for the target at 2m, which is as expected. The statistical tests on the value of en-
ergy shows that there is a statistically significant difference between the velocity values
for throws at different targets. Our tests show that energy and velocity are possible valid
indicators for movement classification. Being able to perform the throw at the target 2m
away is also an indication about the range of motion possible, which is another part of
UE tests (Lang et al. (2013), Toosizadeh et al. (2016), Toosizadeh et al. (2015), Williams
(2006b)).

Number of Turns Section 4.3.4 gives the results for the number of turns the dice turned
before hitting the ground. The number of turns that the dice can be rotated in a throw
might give an indication about gross and fine motor skills of the person executing the
throw (Williams et al. (1998)). Figures 4.18, 4.21, 4.19 and 4.20 illustrate that the number
of turns is always higher for the free throw in each type of throw. This suggests that
when the person executing the throw is trying to be precise in hitting a target, they are
throwing the dice more directly. When the person does not need to aim for a target,
they are more flexible in their throw and give the dice more of a rotation motion as well.
This is a good indicator for the movement classification for differentiation between free
throws and throws aimed at targets. Our statistical analysis also further validates this
claim. The p-value for the number of turns, when we consider all the free throws and
all the throws at a target is 0.017, which shows a statistically significant difference for the
number of turns between free throws and throws aimed at targets. The number of turns
gives an indication about the active range of motion at the wrist of the person executing
the throw, which is again an indication of the physical capabilities of the elderly (Bland
et al. (2008), Lang et al. (2013), Williams (2006a), Lang and Beebe (2007)).

We proposed a method for automatically acquiring knowledge about the physical per-
formance of people without attaching sensors to their bodies. For this purpose, we inte-
grated an IMU into an activity dice used for games. The purpose of altering the dice was
to obtain some insights into the person’s physical capabilities when a person handles
the dice, with the IMU and embedded computer integrated inside the dice. Our method
gives us information about the throwing capabilities. The Intelligent Dice is used in the
context of serious games, and hence the assessments can be done when the elderly are
playing. We want the participants to show their natural skills without feeling the pressure
of an assessment and hence the assessments are done while they are playing. Since the
focus is on playing and not on performing an assessment, we hope that the test induced
stress and anxiety can also be reduced as research shows (Desrochers et al., 2007). Since
the sensors are in the dice, assessments can be done more easily and regularly, which
can also be used for predicting the onset of adverse health (Joseph et al. (2017)). Fur-
thermore, our unobtrusive design allows us to get data in a realistic way, as the elderly
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are not cognizant of the assessments taking place, which will help them act in a natural
way.

We found that adding sensors to objects being handled by people, in our case, an ac-
tivity dice, is a valuable method for finding the performance of people interacting with
these objects. Though our method does not provide as much information as adding
sensors to the body, the addition of sensors to the body facilitates the continuous and
precise extraction of physical performance data. However, our method is less incon-
venient for the person performing the activities. This is especially true in the case of
the elderly, who finds the addition of sensors to their body difficult. Overall, the results
presented in this paper show that it is possible to find indicators of the physical per-
formance of a person by using the Intelligent Activity Dice. The caregivers would only
need to switch on the Intelligent Dice and give it to the elderly to perform the activities.
Additionally, besides easing the workload of caregivers when performing assessments,
our method also does not overburden the caregivers and does not require specific skills
or training. Furthermore, the caregivers do not need to be technologically savvy to use
the dice. However, the caretakers do need to run an analysis program on the PC for the
analysis of the throw data. In conclusion, we proposed a viable alternative to physical
assessments in an elderly facility and presented the findings.

The current chapter, Chapter 4 focused on the overall performance of the arm. We
found that the wrist might play a role in the throw motion during the study. To further
investigate the role of the wrist in performing throwing motion, in Chapter 5, we restrict
the range of motion of the wrist of the participants during the throws and compare the
throws performed with the restricted wrist and free wrist using the Intelligent Dice.
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ASSESSING LIMITATIONS OF
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This chapter continues to investigate the first research question, [Q1]. The previous chap-
ter, Chapter 4 focused on exploring the various features that can be extracted with the In-
telligent Activity Dice and validating those features against those extracted using a video
camera. These features were used for assessing the overall performance of the arm. This
chapter focuses on the possibilities of using Intelligent Activity Dice for assessing the limi-
tations of the wrist while playing with the Dice. We perform the study with healthy adult
population, university students. In this chapter, we focus on the throwing performance
of the participants with the Intelligent Activity Dice. Prior research has established that
throws are a measure of physical capabilities. A participant in the context of a serious
game throws the Intelligent Activity Dice with the integrated sensors. And in this chap-
ter, we demonstrate that the variables extracted from the interaction with the Intelligent
Activity Dice provide us with an indication of the participant’s wrist abilities.

5.1. INTRODUCTION

Substantial advances have been made in developing affordable, and easy-to-administer

Parts of this chapter have been published in:

• Seethu M. Christopher and Rico Mockel Instrumented Activity Dice for Assessing Limitations of Phys-
ical Performance: A Pilot Study. International Conference on ICT for Health, Accessibility and Wellbe-
ing, 2022, pp. 30-42. Springer, Cham. (Christopher and Möckel).
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field tests for assessing physical performance, especially those needed in activities of
daily living (ADL) (Katz (1983)). The seated medicine ball throw (SMBT), for instance, is
an inexpensive, safe, and repeatable measure of upper body power (Harris et al. (2011)).
Seated shot-put (SSP) is another field test that is frequently used for assessing upper
body performance (Mayhew et al. (1991)). Harris et al. (2011) used the SMBT test to mea-
sure the upper body power in older adults while Davis et al. (2008) used it with kinder-
garten children. During these tests, the participants are asked to throw a medicine ball
or a shot put as far as possible, and the researcher manually measures the distance us-
ing a tape. The throwing activities also provide a challenging stimulus to improve the
balance of the participants (LaPier et al. (1996)).

Without the use of technology, such tests for the assessment of well-being and physi-
cal performance can be a tedious process since the researchers must perform the assess-
ment and careful documentation. Past research for automated assessments of physical
performance focused on three different assessment approaches: Most work focuses on
(1) the replacement of observations through a caregiver/researcher by a camera with au-
tomated video analysis and on (2) the attachment of sensors to persons’ bodies. (3) Our
work falls into a third category for which, so far, only a little literature can be found: the
integration of sensors into game devices.

There exists some limited research on using sensors like IMUs (Inertial Measurement
Unit) on objects in sports to find the kinematic variables or capacity of the person exe-
cuting certain movements. Särkkä et al. (2016) reported using an IMU on a javelin to find
the perfect angle so as to get the most efficient throw while Grimpampi et al. (2016) de-
scribed using IMU to identify the most effective angle for a baseball throw. Burkett et al.
(2017) investigated the kinematic data of seated throwing techniques. This was done by
applying 31 reflective markers on relevant anatomical positions on the body and an IMU
with a marker on the thrown object. Burkett et al. (2017) used a six-camera system to
track the markers during the movement and to collect data. Ren et al. (2016) used data
from body-mounted IMU to perform activity recognition in youth. Allen et al. (2006)
used data obtained using a single, waist-mounted, triaxial accelerometer to perform the
classification of postures and motions of the elderly.

In this chapter, we study how the physical status of a person’s wrist might be assessed
using the Intelligent Activity Dice. In this chapter, we explore which data pertaining to
the wrist can be obtained from the Dice. We show that we can extract the following
information purely from the Intelligent Activity Dice: (1) the initial velocity with which
the Dice was thrown, (2) the time of flight of the dice, and (3) the number of turns of the
Dice. We show how from these features, we can differentiate between throws performed
with a fully functional wrist versus a wrist restricted in freedom of complete movement.

The rest of the chapter is organized as follows. The materials and methods used in
the study described in this chapter are presented in Section 5.2. Section 5.3 details the
results of this study for each of the variables we extracted from the Dice. We discuss the
results and present conclusions in Section 5.4.

5.2. MATERIALS AND METHODS

This section presents the subject details, the experimental setup, and the methods used
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Table 5.1: Anthropometric values of all participants.

1 Sitting height is defined as the distance from the chair’s surface to the vertex of the head.
2 Arm length is defined as the distance from the shoulder to the middle of the hand (palm) of the right arm.
3 Elbow to hand length is defined as the distance from the elbow to the middle of the hand (palm) of the right
arm.

Variable Mean (SD)
Age [years] 27.4 (2.9)
Sitting height [m]1 0.91 (0.06)
Arm length [m]2 0.74 (0.06)
Elbow to hand length [m]3 0.46 (0.03)

in this study.

5.2.1. SUBJECT RECRUITMENT
Eight male and six female university students in undergraduate and graduate programs
with no physical impairment were recruited to participate in the study. All participants
were informed of the experimental procedure along with all associated risks. The partic-
ipants signed an informed consent letter, following the guidelines of the Ethics Review
Committee Inner City (ERCIC) Maastricht University Ethics committee, which had ap-
proved the study (ERCIC_094_28_08_2018). Participants were instructed about the pos-
sibility of withdrawing their consent for the study at any given time without providing
any further reasons or facing any consequences. The instructions were provided both
orally and in written form. Participants were also instructed about their data rights in
the GDPR framework. The anthropometric values for each participant that were mea-
sured prior to any testing are presented in Table 5.1.

5.2.2. EXPERIMENTAL SETUP
During the experimental sessions, participants were asked to throw the dice while sitting
on a chair with a height of 45 cm. A seated position was chosen to restrict any contribu-
tion from the lower part of the participant’s body in the throw. Furthermore, the seated
position is favored to mimic the conditions of those elderly who cannot stand safely or
do not have full control of their lower limbs. The chair’s front legs were marked on the
floor to make sure that the chair’s locations stayed the same for all participants.

A camera, Logitech HD1040, was kept at a distance of 3 m from the chair, facing the
chair from the side, to record the throws performed by the participants for later analysis
if needed. The camera was recording video data at 24 fps.

Participants self-selected a comfortable seating configuration before each session by
performing a test throw at the beginning. Once participants felt comfortable, partici-
pants were asked to maintain the same seated position for the whole session, if possible.
Figure 4.1 in Chapter 4 illustrates the seating arrangement and the targets marked on the
floor.

At the beginning of each throw, the dice was handed to the participant by the re-
searcher. Afterward, participants were asked to throw the dice when they were ready. At
the end of each throw, the researcher picked the dice up and gave the dice back to the
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participant for the next throw. After the release of the dice from the participant’s hands,
the height of the hands was measured manually.

The participants were asked to perform four different throws under three different
conditions. The three different conditions were

1. Free Wrist (FW): In this condition, the participants’ wrists were free to move and
were not restricted in any way.

2. Restricted Wrist without any physical restrictions (NM – Non-physical Mode): In
this condition, participants were asked to try not to move their wrist as much as
possible while throwing;

3. Restricted wrist with physical restrictions (RW): In this condition, the participants’
wrists were restricted for motion against abduction-adduction movement with
a wrist brace and flexion-extension, pronation-supination movements were re-
stricted with a hand-shaped cut MDF board. The MDF board was attached to the
hand using Velcro bands. A sports tape was also attached to the participants’ wrists
to ensure that no abnormal anatomical movements were possible while the wrist
brace was attached. The physical restrictions were done to mimic the motion of
persons who do not have a complete range of motion on their wrist. The restric-
tions are shown in Figure 5.1.

The participants were asked to hold the dice with their palm straight on two oppos-
ing faces of the dice at the start of the throw and to always throw from the center of
their chest for all throws, i.e., for FW, NM, and RW. In the case of physical restrictions
(RW), the participants did not receive any explicit instructions regarding the movement
of their wrists. The participants were free to move their wrists despite their restrictions,
if possible.

Figure 5.1: Restrictions placed on the wrist. Left to right: (A) Sports tape attached to wrist. (B) Wrist Brace
attached to wrist. (C) MDF board attached to wrist. (D) Participant with the restrictions attached holding the

dice.
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Figure 5.2: A graphical representation of the protocol used in the study. FW: Free Wrist. NM (Non-physical
Mode): Restricted wrist with physical restraints. RW: Restricted Wrist with physical restraints.

The four different types of throws that the participants were asked to perform under
each of the three conditions were

1. Free Throw: In this type of throw, no specific instructions were given to the par-
ticipants regarding the use of force and wrist range required for the throw. They
were also not provided any specific motivation for the throw. The participants
were asked to throw as naturally as possible within the conditions stated as to the
starting position of the dice.

2. Free Throw with Target: This is the same type of throw as before, except for the
condition that the participants were asked to try to hit the target marked at 1.5m
away from the leg of the chair they were seated in. They were asked to throw as
naturally as possible within the conditions stated as to the target and the starting
position of the dice.

3. Roll Throw: In this type of throw, the participants were asked to try to roll the dice
as much as possible for the throw.

4. Roll Throw with Target: The participants were asked to try to hit the target marked
at 1.5m away from the leg of the chair they were seated in. They were also asked to
try to roll the dice as much as possible.

In total, each participant performed 12 throws in 1 session. This protocol was fol-
lowed to ensure the capture of the role of the wrist in the throwing motion and inves-
tigate whether this information could be captured by the variables extracted from the
Intelligent Activity Dice. A graphical representation of the protocol used in the study is
depicted in Figure 5.2.

At the end of the session, participants were asked two questions. The questions were
asked to assure that the restraints placed on the wrist were indeed restricting the wrist’s
movement and seeing whether similar results could be obtained just by asking the par-
ticipants not to move their wrist and without placing any physical restrictions on them.
The questions were:
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1. Question 1: Do you think you moved your wrist during the throws performed in
the second condition, where you were asked not to move your wrist without any
physical restrictions placed on the wrist?

2. Question 2: Did you move your wrist during the throws performed in the third
condition when there was a physical restriction placed on your wrist?

5.2.3. VARIABLES EXTRACTED FROM THE INTELLIGENT ACTIVITY DICE

To characterize the physical performance of the person throwing the dice and the type of
throw, we extracted three variables from data provided by the IMU within the Intelligent
Activity Dice:

• We extracted the time of flight, t f , because it characterizes how long the dice is in
the air during a throw, and we wanted to explore if the restrictions on the move-
ment of the wrist have any effect on the time of flight achieved during a throw.

• We extracted the initial velocity, v0, the dice has when leaving the hand of the
throwing person. v0 can be used as an estimate of how much strength the person
initiating the throw has used (Debicki et al. (2004, 2011); Derbyshire (2007)). Thus
v0 provides an estimate about whether the strength of the person will be impaired
by the restrictions on the movement of the wrist.

• Finally, we extracted the number of rotations/turns of the dice while the dice was
thrown as this information might also provide a measure of the physical perfor-
mance of the wrist of the person initiating the throw (Matsuo et al. (2018, 2017)).
The number of turns estimates the range of motion achievable at the wrist.

5.3. RESULTS

This section outlines the results for all the variables we extracted from the Intelligent
Activity Dice: time of flight, initial velocity, and the number of turns/rolls.

5.3.1. TIME OF FLIGHT

Figure 5.3 illustrates the time of flight values for the different types of throws. Figure 5.4
illustrates the time of flight values grouped for the different types of throws. The single
factor ANOVA test (Girden (1992)) was performed for the time of flight measurements
calculated from the dice for different types of throws in various combinations. The p-
value for variation between the types of throws for the time of flight variable, when we
group the type of throw based on the different degrees of restriction for the wrist sepa-
rately, i.e., all the throws with FW, all the throws with NM, and all the throws with RW,
is 0.1369. The p-value for variation between groups for the time of flight variable, when
we group the roll and non-roll throws, i.e., all the non-roll throws with FW, all the roll
throws with FW, all the non-roll throws with NM, all the roll throws with NM, all the non-
roll throws with RW, and all the roll throws with RW is 0.284. The p-value for variation
between groups for the time of flight variable, when we consider all the roll throws with
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Figure 5.3: Time of Flight for each type of throws. The error bars indicate standard error.

Figure 5.4: Time of Flight grouped together based on type of throw. The error bars indicate standard error.

FW, all the roll throws with NM, and all the roll throws with RW, is 0.733. None of the
combinations of throws showed statistical significance.

Figure 5.5 illustrates the results of the ANOVA test. The figure illustrates the range
of data in a particular group with its median marked. The p-values from the ANOVA
tests indicate that no group mean differences are significant. Pairwise comparisons us-
ing a multiple comparison test (Tukey’s honestly significant difference procedure (HSD)
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Tukey (1953)) was conducted to identify the groups that have significantly different means.

Figure 5.5: ANOVA graph of different groups for Time of Flight. On each box, the central mark indicates the
median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted
individually using the ‘+ ‘ marker symbol. The interval endpoints are represented using the notches.

Figure 5.6: Means of the different groups for Time of Flight. For each group, the circle indicates the mean and
the bars represent the standard error.
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Figure 5.6 illustrates the result of the multiple comparison tests. The circles and bars
represent the means and standard errors for the group. The figure clearly indicates that
means of no groups are significantly different from each other, as also indicated by the
p-values. There is overlap between all the groups, i.e., these groups have means not sig-
nificantly different from each other with 95% confidence interval level. This indicates
that the time of flight value that the Intelligent Dice is extracting is not enough to differ-
entiate the different throws.

5.3.2. INITIAL VELOCITY
Figure 5.7 illustrates the time of flight values for the different types of throws. Figure 5.8
illustrates the initial velocity values grouped for the different types of throws.

Figure 5.7: Initial Velocity for each type of throws. The error bars indicate standard error.

The single factor ANOVA test (Girden (1992)) was performed for the initial measure-
ments calculated from the dice for different types of throws in various combinations.
Figure 5.9 illustrates the results of the ANOVA test. The figure illustrates the range of data
in a particular group with its median marked. The p-values from the ANOVA tests indi-
cate that the group mean differences are significant. Pairwise comparisons using a mul-
tiple comparison test (Tukey’s honestly significant difference procedure (HSD) Tukey
(1953)) was conducted to identify the groups that have significantly different means. The
p-value for variation between the types of throws for the initial velocity variable, when
we consider all the types of throws, but group the type of throws based on the different
degrees of restriction for the wrist separately, i.e., all the throws with FW, all the throws
with NM, and all the throws with RW, is 0.0032. The p-value for variation between groups
for the initial velocity variable, when we consider all the non-roll throws with FW, all the
roll throws with FW, all the non-roll throws with NM, all the roll throws with NM, all the
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Figure 5.8: Initial Velocity grouped together based on type of throw. The error bars indicate standard error.

Figure 5.9: ANOVA graph of different groups for Initial Velocity. On each box, the central mark indicates the
median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted
individually using the ‘+ ‘ marker symbol. The interval endpoints are represented using the notches.
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Figure 5.10: Means of the different groups for Initial Velocity. For each group, the circle indicates the mean
and the bars represent the standard error.

non-roll throws with RW, and all the roll throws with RW is 0.039. The p-value for varia-
tion between groups for the initial velocity variable, when we consider all the roll throws
with FW, all the roll throws with NM, and all the roll throws with RW, is 0.022. The first
combination showed high statistical significance, and the rest of the combinations of
throws showed statistical significance. Figure 5.10 illustrates the result of the multiple
comparison tests. The circles and bars represent the means and standard errors for the
group. The figure indicates that means of the 2 groups FW and RW are significantly dif-
ferent from each other, as also indicated by the p-values. There is no overlap between
FW and RW, i.e., these groups have means significantly different from each other with
95% confidence interval level. There is an overlap between NM and both of the other
groups. So NM is not significantly different. This indicates that the initial velocity value
that the Intelligent Dice is extracting is not enough to differentiate a NM throw from a
FW or RW throw. But initial velocity can distinguish between a FW and a RW throw.

5.3.3. NUMBER OF TURNS

Figure 5.11 illustrates the number of turns values for the different types of throws. Fig-
ure 5.12 illustrates the number of turns values grouped for the different types of throws.
The single factor ANOVA test (Girden (1992)) was performed for the number of turns
measurements calculated from the dice for different types of throws in various com-
binations. Figure 5.13 illustrates the results of the ANOVA test. The figure illustrates
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Figure 5.11: Number of Turns for each type of throws. The error bars indicate standard error.

the range of data in a particular group with its median marked. The p-values from the
ANOVA tests indicate that the group mean differences are significant. Pairwise compar-
isons using a multiple comparison test (Tukey’s honestly significant difference proce-
dure (HSD) Tukey (1953)) was conducted to identify the groups that have significantly
different means. The p-value for variation between the types of throws for the number
of turns variable, when we consider all the types of throws, but group the type of throw
based on the different degrees of restriction for the wrist separately i.e., all the throws
with FW, all the throws with NM, and all the throws with RW, is 0.0003. The p-value for
variation between groups for the number of turns variable, when we consider all the
non-roll throws with FW, all the roll throws with FW, all the non-roll throws with NM,
all the roll throws with NM, all the non-roll throws with RW, and all the roll throws with
RW is 2.42x10−14. The p-value for variation between groups for the number of turns vari-
able, when we consider all the roll throws with FW, all the roll throws with NM, and all the
roll throws with RW, is 0.0002. All the combinations of throws showed highly statistical
significance.

Figure 5.14 illustrates the result of the multiple comparison tests. The circles and bars
represent the means and standard errors for the group. The figure clearly indicates that
mean of FW group is significantly different from other groups, as also indicated by the p-
values. There is no overlap between FW and RW and NM i.e., these groups have means
significantly different from each other with 95% confidence interval level. There is an
overlap between RW and NM. So NM is not significantly different from RW. This indicates
that the number of turns value that the Intelligent Dice is extracting is not enough to
differentiate a NM and a RW throw. But number of turns can distinguish between a FW
throw and a RW throw, and a FW throw and a NM throw.
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Figure 5.12: Number of Turns grouped together based on type of throw. The error bars indicate standard error.

Figure 5.13: ANOVA graph of different groups for Number of Turns. On each box, the central mark indicates
the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted
individually using the ‘+′ marker symbol. The interval endpoints are represented using the notches.
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Figure 5.14: Means of the different groups for Number of Turns. For each group, the circle indicates the mean
and the bars represent the standard error.

5.3.4. QUESTIONNAIRE

71.43% of the participants answered that they did not move their wrist when they were
asked not to move their wrist without placing any physical restrictions on the wrist.
83.33% of the participants answered that they could not move their wrist after having
a physical restriction placed on the wrist.

5.4. DISCUSSION AND CONCLUSION

The current chapter, Chapter 5 investigated the research question [Q1]. It explored
whether the limitation of the wrist range of motion can be automatically estimated us-
ing our Intelligent Activity Dice. In contrast to others, we explicitly do not attach sensors
to a person’s body and do not use any camera recordings. Instead, we use the Intelligent
Activity Dice to achieve the results of assessing the physical performance. We demon-
strate how measurements like the time of flight, initial velocity, and the number of turns
of the Intelligent Activity Dice during the throw can be automatically extracted from the
IMU recordings. We further show that from these variables, we can detect the limita-
tions of the range of motion of the wrist, an aspect affecting the physical performance of
a person.

The presented experimental results demonstrate that data like the time of flight, ini-
tial velocity, and the number of turns of the thrown activity dice can be automatically
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extracted from the IMU integrated inside the Intelligent Activity Dice. The rotational be-
havior of the dice can be automatically characterized from IMU data by measuring the
number of dice rotations during the throw, data that would be difficult to obtain through
computer vision using a standard camera or through a wearable sensor. This data is valu-
able as research indicates that the number of turns that the dice can be rotated in a throw
indicates the gross and fine motor skills of the person executing the throw (Williams et al.
(1998)).

Number of Turns Our results indicate that the number of turns is a predictor of high
statistical significance for indicating the range of motion at the wrist. The range of mo-
tion at the wrist is important for giving the dice a twist for the rolling motion. Figures
5.11, 5.14, 5.12 and 5.13 show that for the participants in our study, the number of turns is
always higher for throws performed with a free wrist. Our statistical analysis also shows
that the number of turns can differentiate between roll movements when the wrist is
free to execute the throw versus when there is a restriction placed on the wrist, whether
it be physical or otherwise. Hence the number of turns provides an indication of the
active range of motion at the wrist of the person executing the throw. This would be an
indication of the physical performance of the person performing the throw. Our statis-
tical results show that the number of turns achieved when there is a physical restriction
placed on the wrist is 20% higher than when the participants were asked to restrict the
movement of the wrist themselves. This could be because the participants were free to
move their wrists despite a physical restriction being placed on the wrist, and they were
not told to restrict their wrist movements.

Initial Velocity The statistical tests on the initial velocity value show a high statistical
difference between the throws performed with a restriction placed on the wrist versus
the throws performed with a free wrist. This indicates that the initial velocity can be
used to assess the active range of motion possible at the wrist. Initial velocity is also
an indication of the energy provided to the throw. Restricted wrists severely impact the
strength achievable for a throw. Figures 5.7, 5.10, 5.8 and 5.9 show that the initial velocity
is always higher when there are no restrictions placed on the wrist. Our results show that
the initial velocity can also be used as an indicator of the range of motion possible at
the wrist of the person executing the throw. The results from our statistical studies show
that the initial velocity achieved when there is a physical restriction placed on the wrist
is 6.5% lower than when the participants were asked to restrict the movement of the
wrist themselves. This further shows that the movement at the wrist was impaired by
the placement of the physical restriction as opposed to just asking the participant to not
move their wrist, as indicated by the participants in the questionnaire also.

Time of Flight Our results show that the time of flight extracted from the dice has low
contribution to the active involvement of the wrist for the throw performed. This indi-
cates that the wrist does not affect the time of flight of a throw.

It is promising to see that the measures extracted from the Intelligent Activity Dice can
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be used to distinguish between the various throws performed using a free wrist versus a
restricted wrist, giving an estimate of the physical performance of the person perform-
ing the throw, especially limitation of the range of motion of the person’s wrist. It is also
interesting to see that with the dice, it is easy to distinguish if a person is able to per-
form certain types of throws, i.e., a rolling throw, free throw, or a throw aimed at a target.
The presented results indicate that the dice can provide a clear indication of the limita-
tions of the range of motion of the person performing the throws. Thus the dice could
be used to examine if there is a change in the status of the range of motion of a per-
son, measurable in their throws. This is especially useful for the elderly as the Intelligent
Activity Dice can be used for continuous measurements to evaluate whether a person’s
functioning is deteriorating or improving over time. As a result, the presented Intelligent
Activity Dice has the potential to become a low-cost solution that can be used for every-
day automated assessments of the physical abilities of the elderly. An added advantage
is that early interventions are made possible with the Intelligent Dice. Time-consuming
and costly assessments need only be done when there is an indication about the status
change of the physical performance, in this case, the range of motion of the wrist.

The choice of allowing a continuous assessment with game devices bares several po-
tential advantages: There are a variety of games with dice that the elderly and caregivers
can play without additional training, and the Intelligent Activity Dice can be used in
home environments. No technology barriers for the elderly are created. The elderly can
play with the dice like with any other dice without being aware that their performance is
assessed. Data extraction from the dice can be automated to reduce the documentation
load for caregivers. In comparison to any camera equipment, the usage of the presented
Intelligent Activity Dice does not generate any privacy concerns since no image or voice
recordings from which the elderly or caregivers could be identified are required. In con-
trast to high-precision motion tracking and wearable sensor technology, our Intelligent
Activity Dice do not require the placement of any sensors on the elderly or caregivers,
which can lead to unnatural behavior and anxiety. During the observation of classical
game situations, we found that the elderly typically quickly forget that sensors are placed
inside the dice.

A key challenge in measuring the physical status and well-being of a person with
activity dice lies in the fact that the thrown dice does not provide direct measures of a
person’s body motion. While an external camera can continuously track the joints and
joint angles of a person (given that there are no occlusions) and wearable sensors can
directly measure body motion and joint angles, the Intelligent Activity Dice only allows
for indirect measures of physical performance. However, our experimental results indi-
cate that the assessment of the limitations of the range of motion achievable at the wrist
becomes possible despite the limited set of independent measures. The advantage of
our proposed activity dice lies in their low costs (less than 500€) and in their ability to be
easily integrated into serious games. The Intelligent Activity Dice can also be integrated
into various games as our caregiver partners are currently doing with a simple activity
dice.

Statistical results from the study with 14 participants show that the initial throw ve-
locity and the number of turns of the dice are strong indicators allowing for the detection
of limitations in a person’s wrist movement. The rotational behavior of the Dice gives
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an indication of the gross and fine motor skills of the person executing the throw. The
results from our study indicate that the number of turns extracted from the Intelligent
Activity Dice is a predictor for indicating limitations of the range of motion at the wrist.
In conclusion, we have presented an affordable intelligent that might be able to support
the elderly, caregivers, and family members. But follow-up research is required to obtain
data from the elderly as well.

The previous chapter, Chapter 4 and current chapter, Chapter 5 focused on the pilot
studies with the Intelligent Activity Dice for assessment of physical performance. The
next 3 chapters, Chapters 6, 7 and 8 will focus on the other proposed solution in this
thesis, the Intelligent Maze.
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INTELLIGENT MAZE FOR

ASSESSING COGNITIVE

CAPABILITIES IN CHILDREN: A
VALIDATION STUDY

This chapter targets the second research question, [Q2]. The previous chapters, 4 and 5 fo-
cused on exploring the possibilities of assessing physical performance with the Intelligent
Activity Dice. This chapter focuses on our second proposed method, the Intelligent Maze.
In this chapter, a validation study is presented in which recordings obtained from children
using the intelligent wooden maze are analyzed and compared with recordings obtained
from computer vision. The purpose of this validation study is twofold: (1) From tests with
children, we show that the intelligent wooden maze can combine the advantages of both
computer-based testing, such as better accuracy and reliability, and classical standardized
testing with physical objects such as tangibility. (2) By comparing to recordings automat-
ically obtained through computer vision, we demonstrate that the novel method of data
collection using intelligent screen technology used in the Intelligent Maze provides data
with higher temporal and spatial resolution, also because the screen technology does not
suffer from occlusions.

Parts of this chapter have been published in:

• Seethu M. Christopher , Corrie C Urlings, Henri van den Bongarth, Karien M Coppens, Petra PM Hurks,
Lex Borghans and Rico Mockel. A Digital Wooden Tabletop Maze for Estimation of Cognitive Capabili-
ties in Children. International Conference on Social Robotics, ICSR 2019, pp. 622-632. Springer, Cham.
(Christopher et al.).

• Fabian Schmitt, Seethu M. Christopher, Kirill Tumanov, Gerhard Weiss and Rico Mockel. Evaluating
the Adoption of the Physical Board Game Ludo for Automated Assessments of Cognitive Abilities. 4th
Joint International Conference on Serious Games, JCSG 2018 , pp. 30-42. Springer, Cham. (Schmitt
et al.).
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Figure 6.1: A sample maze sub test from WPPSI-R. Copyright © The Riverside Publishing Company.

6.1. INTRODUCTION

6.1.1. MOTIVATION

Cognitive assessments are useful to monitor a child’s cognitive development (Blair and
Razza (2007) Borella et al. (2010)).The field of psychology knows a variety of standardized
tests with mazes targeting a variety of cognitive aspects. Maze tests are primarily a mea-
sure of reasoning and planning capabilities. The Porteus Maze test (Porteus (1950)) for
instance, is a nonverbal intelligence test developed to estimate psychological planning
capacity and inhibition, both measures of cognitive capabilities, of a participant (Kirsch
et al. (2006)). The Mazes subtest in WPPSI-R (Wechsler Preschool and Primary Scale of
Intelligence-Revised) is another widely used test for assessing the cognitive development
of young children (Kaufman and Lichtenberger (2000)). For both of these tests, children
must navigate through mazes printed on paper with a pencil by tracing a path from the
starting point of each maze to the correct exit without making incorrect decisions en
route. During these tests, children are confronted with increasingly complex mazes and
instructed to solve as many mazes as possible within a given time. An example maze test
from WPPSI-R is shown in Figure 6.1.

A key challenge with standardized tests such as the maze test is that they rely on a
professional observer to document the behavior of the participating children. A detailed
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recording of all potentially relevant behavioral information becomes not only impossi-
ble but also sometimes unreliable (Carlson (2005)). For instance, to reach a high score
in the Porteus Maze test, children are asked to solve mazes as efficiently as possible –
by avoiding crossing maze lines, going into dead ends without moving backward, and
lifting the pencil. The professional observer must record these features from the solved
paper mazes by hand and calculate the final score. The observer is usually an expert
who is extensively trained in child development. Nevertheless, there might be incon-
sistencies in the final score due to the complex scoring procedures, inter-rater reliability,
and administration difficulties (Kaufman (1990); Whitten et al. (1994)). Other potentially
valuable information, like, for instance, at which maze position and for how long a child
stopped drawing because the child planned the next actions, gets lost. Additionally, the
substantial expertise and time investment required for implementing these tests and the
fact that they are a part of the test battery make them unsuitable for large-scale imple-
mentation.

Another criticism of standardized tests is that they require structured environments
and are typically used under well-controlled conditions. Conditions are well controlled
to reduce the effect of the experimenter, thereby reducing the subjectivity of test results
and of the environment on the test results. But the removal of distractions adds to the
artificiality of the test and the addition of stress to the participants. The standardized
tests can thus be stressful if the child has to leave his/her well-known environment or
boring (Fleege et al. (1992)). As a result, the child’s motivation to participate in the test
might drop and impact the test results (Borghans et al. (2008)).

To allow for maintaining high engagement of children during tests, to reduce the
workload of testing professionals, and to increase measurement accuracy, computer-
based tests using game environments can present a valuable alternative to standardized
pencil-and-paper tests (Pillay (2002)). Such computer-based tests have the additional
advantage that they allow for collecting large amounts of detailed data in real-time. How-
ever, computer-based tests also always test a child’s ability to adapt to and handle the
computer environment. In addition, computer-based tests cannot fully reassemble the
interaction with and perception of natural environments. As a result, computer-based
tests are often not suitable for young children, for instance, because of underdeveloped
fine motor skills (Barnes (2010); Wang et al. (2011)).

A better alternative, especially for young children, might be to allow them to play with
tangible physical devices, as children naturally do during the continuous development
of their skills (Wang et al. (2011)).

6.1.2. APPROACH AND CONTRIBUTIONS

Contribution of this chapter: Explore how to digitize and automatically collect data from
tangible physical game devices. Obtain data with high temporal and spatial resolutions
so that the actions of the person using the maze can be reconstructed.

Automated data collection can be implemented in different ways. One way is to uti-
lize a tablet with a pen for serious games (Tong et al. (2014); Tong and Chignell (2014);
Tong et al. (2015, 2016); Inan Kaya (2017)). Though touch devices like tablets permit
young children to engage enthusiastically and interactively in an intuitive matter with
actions of touching and swiping, the psychologists are wary of the role such devices
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play in the healthy development of young children (Lovato and Waxman (2016); Carl-
son (2005); Varrasi et al. (2018, 2019)). Psychologists and researchers from early child-
hood education and development psychology caution against the pedagogical pitfalls of
using touch screens with young children and have raised concerns about the impact of
touch screens on cognitive and social development (Lovato and Waxman (2016); Honan
(2014); Glaser (2014)).

Another way would be to use a tangible toy with an overhead video camera for data
collection. We presented a study with young and healthy subjects where we evaluated a
computer-vision based digitalization process that is necessary to turn a physical version
of the board game “Ludo” into an automated assessment tool (Schmitt et al. (2018)). In
this study, we evaluated the digitization of the board game using computer vision by
observing the participant through a video camera and to which extent this tool presents
a valid alternative to assess the strategic cognitive capabilities of a person. The computer
vision algorithm transforms the video recording of the game into a digital representation,
and digitalized game moves can be assessed and processed automatically in a computer
while the participants are not affected by the technology.

An alternative approach to automatically register a child’s interaction with a tangible
game device is to integrate sensors into the game device. E.g., the Intelligent Maze. The
Intelligent Maze uses novel screen technology to extract the interaction of the child with
the device. The screen technology used in the Intelligent Maze is explained in detail in
Chapter 3. The Intelligent Maze uses innovative and intelligent screen technology with a
magnetic ball and a digital pen to register the position of the ball within the maze when
the pen is attached to the ball. More details about the data collection and extraction can
be found in Chapter 3.

But the instrumentation of a game device to make it intelligent does come with a
price. Every game device would need to be designed and developed; thus, the effort for
the design of such new intelligent game devices would be higher. Furthermore, not all
game devices are easily convertible to an instrumented version. Utilizing camera and
computer vision techniques might be attractive in such a scenario since everything that
can be visually tracked can be digitalized. However, reliable digitalization of game states
through computer vision is susceptible to lighting conditions and occlusions, requiring
optimal conditions and making it difficult to use in regular classroom situations. Ad-
ditionally, with the use of a camera, the advantages of stealth assessment are lost. The
behavior of the participants might also change when they realize that they are being
recorded using a video camera.

To understand the difference in the performance of both methods - digitalization
through computer vision and digitalization through an intelligent game device - This
chapter compares the data extracted directly from the Intelligent Maze and the data ex-
tracted by the digitalization of the maze with a video camera. A graphical representation
of the study is illustrated in Figure 6.2.

6.1.3. CHAPTER OUTLINE

The rest of the chapter is organized as follows. In Section 6.2 the data recorded from the
digital wooden maze is described. Furthermore, the alternative approach of digitizing
maze data through computer vision is discussed. In Section 6.3 experimental results
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Figure 6.2: Graphical Representation of the study.

from a study with children using the Intelligent Maze are presented. In Section 6.4 study
results are discussed.

6.2. MATERIALS AND METHODS

In this section, the experimental setup, the approach of the presented study, the data
obtained from the instrumented wooden maze, and the data obtained through the alter-
native approach of digitizing maze data through computer vision are described. Further-
more, details on the children participating in the study and the participant recruitment
process are provided.

6.2.1. SUBJECT RECRUITMENT

For the presented study, in total, four children were invited to participate. Three chil-
dren of age 5 and one child of age 6, all studying in group 1 in schools in Maastricht,
were recruited for this study. Parents received an information letter and informed con-
sent form. Children were invited to participate only if their parents gave permission.
The Ethical Review Committee of Psychology and Neuroscience at Maastricht Univer-
sity (ERCPN-175_02_01_2017) approved this study. Children who had repeated a grade
were excluded. Also, children who did not have at least one parent who sufficiently un-
derstood Dutch were excluded from the study. Finally, we also excluded children with a
diagnosed disorder such as a developmental or psychiatric disorder.

6.2.2. EXPERIMENTAL SETUP

In this study, we compare and analyze recordings automatically obtained from the intel-
ligent wooden maze with recordings obtained from computer vision. For this, an over-
head camera was installed above the maze. The experimental setup for the tracking pro-
cess is shown in Figure 6.3(a). The digital wooden maze features automated data record-
ing in real-time with a temporal resolution of 60Hz and spatial resolution of 4096x4096
pixels. Automated data analysis is performed offline on a standard PC.

For an initial test of data recording quality, to compare the data obtained from the
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Figure 6.3: (A): Intelligent Maze setup with overhead camera for computer vision experiments; (B): Pink dot
on pen for detection by OpenCV.

intelligent wooden maze (see details in Chapter 3) and computer vision approach, and to
generally demonstrate the feasibility of running tests with the intelligent wooden maze
device, we invited four children to test with us the device in two configurations. Children
were asked to freely explore the intelligent wooden maze equipped with the exploration
maze structure and to run three assignments based on the colored stars printed on the
assignment maze structure: Children always started at the center of the assignments
maze structure and then got asked (1) to go to the yellow star and back, (2) to go to the
green star and back, and (3) to go to the blue star and back. In the end, the children were
asked to in the motor control maze structure as fast as possible. Each children’s data
from all the 3 maze patterns constitute a single trial. We have a total of 8 trials in the
current study. Figure 6.4 shows the different maze structures used in the study. Figure
6.5 shows the assignments and the assignment stars in color.

Figure 6.4: The different maze structures used in the study: (A): Exploration Maze pattern; (B): Assignment
Maze Pattern; (C): Motor Control Pattern.
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6.2.3. DATA FROM THE INTELLIGENT MAZE
When calibrated correctly, by fusing the knowledge about the layout of the inserted maze
structure with the pen and ball positions recorded by the capacitive and resistive screen,
respectively, the position of the pen and ball with respect to each other and within the
maze can be determined. In addition, it can be detected when the ball and pen are con-
nected to each other and when a child moves the pen without the ball. The format of a
single measurement line in the data file is as follows in Listing 6.1.

Listing 6.1: Format of a measurement in the data file

DataMessage Format -> Dparam0 ,param1 ,param2 ,param3 ,param4 ,
param5 ,param6 ,param7 , param8

->DataMessage. param0 , type TimeStamp, value =31910
(time since labyrinth startup in mSec)

->DataMessage. param1 , type PlayerId, value =00
->DataMessage. param2 , type XCoordinate, value =185

(x coordinate of pen in mm)
->DataMessage. param3 , type YCoordinate, value =165

(y coordinate of pen in mm)
->DataMessage. param4 , type PenTouch, value =1

(pen touches screen) [0,1]
->DataMessage. param5 , type BallTouch, value =1

(ball on pen) [0,1]
->DataMessage. param6 , type BoardId, value =01

(boardId, the inserted maze pattern) [0..15]
->DataMessage. param7 , type XCoordinate, value =185

(x coordinate of ball in mm)
->DataMessage. param8 , type YCoordinate, value =165

(y coordinate of ball in mm)

E.g., D031910,00,185,165,1,1,01,188,166

The description of each field of the data message is given next to it. A new coordinate is
registered if any of the following conditions is met:

• The X or Y coordinate of the pen changes by more than or equal to 2mm.
• The state of the connection between pen and screen changes e.g. because the pen

was disconnected from the screen.
• The state of the connection between pen and ball changes e.g. because the ball lost

contact with the pen.

This protocol allows for efficient storage of data as repeated data points at the same
location are not stored. Recorded data is stored in the following format: time since the
startup of the maze in milliseconds (ms), the id of the registered touch [0..10], X coordi-
nate of the pen in millimeter (mm), Y coordinate of the pen in mm, a binary value that
indicates if the pen touches the screen [0,1], a binary value that indicates if ball and pen
are connected [0,1], the id of the inserted maze structure [0..3], X coordinate of the ball
in mm, Y coordinate of the ball in mm.
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To avoid any loss of data e.g. during a loss of communication, all recorded data is
stored on an SD memory card inside the maze device. After recording, data is transferred
to a PC for automated post-processing, feature extraction, and visualization. Figure 6.6
provides an overview of the processing steps. After the data acquisition step, we remove
all data points that are not of interest to us. Such recorded points, e.g., can be caused by
the touch screen detecting contact by the hand or elbow of a child. Filtering of points
consists of 3 steps:

1) First, we remove all data points for which the ball and pen are not connected since,
for now, we are only interested in movements where pen and ball move together.

2) Secondly, we remove those data points where the distance between the consecu-
tive x and y coordinates is above a given threshold. This step allows for removing data
points caused by other touch events than the pen. The ideal threshold was found heuris-
tically through extensive experimentation.

3) Finally, we assign points according to the given tasks based on pre-defined start
and end positions on the maze as explained to the participating child.

Data processing step is explained in more detail in Chapters 7 and 8.

Figure 6.6: Overview of data processing stages.

From the filtered valid points, we can extract a variety of features. This includes both
those features required by the Porteus maze test (like going into dead ends or making
incorrect decisions to reach a target) but also features that would be difficult to extract
with a pencil-and-paper test, like the position and duration that a child used to plan and
rethink the applied maze-solving strategy.

6.2.4. DATA VIA DIGITIZATION THROUGH COMPUTER VISION

We track the position of the pen with a camera to compare the processed outputs of
the digital wooden maze device against data from camera tracking. Tracking was ac-
complished through a HD720p webcam running at 30fps, and an open-source object
detection algorithm in OpenCV (Rosebrock (2019)). For ease of tracking the pen, a pink
dot was added to the tip of the custom-made pen (Figure 6.3(c)) that is tracked during
the experiments. Camera images are converted into HSV color space for better detec-
tion performance. The tracking algorithm detects the presence of the colored dot in the
HSV camera images and saves the position to a text file. During the tracking process, the
algorithm:

(1) pre-processes the image frames (This step involves downsizing the image frame
size and blurring the image to reduce high-frequency noise.),

(2) localizes all the regions in the image frame within the specified HSV range,
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(3) searches for the radii size of the pink dot in the localized regions found in the
previous step, and

(4) saves the coordinates along with a timestamp to a text file.
We adjusted color threshold parameters by hand to achieve a good detection perfor-

mance. Still, during experiments, as expected from past studies (Schmitt et al. (2018)),
we experienced that detection performance was highly dependent on lighting condi-
tions. To remove invalid point coordinates, we removed those data points where the dis-
tance between the consecutive x and y coordinates was above a carefully experimented
and selected distance threshold. This step allows for removing falsely detected pen coor-
dinates, similarly as for the data points directly obtained from the digital wooden maze
device. Tracking ball positions was not possible with the camera setup due to occlusions
and light reflections on the screen.

6.3. EXPERIMENTS AND RESULTS
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Figure 6.7: Temporal resolution of screen and camera approach: total number of recorded points per second.

For an initial test of data recording quality and to compare the performance of our ap-
proach (screen approach) with the camera approach, we plot for each trial and approach:
in Figure 6.7, the total number of points divided by the trial duration in seconds, in Fig-
ure 6.8, the number of invalid points divided by the duration of the respective trial in
seconds, and in Figure 6.9, the number of invalid points divided by the total number
of points in percent. The invalid points are those points that are measured wrong: the
points that the child did not visit but were wrongly detected by the Intelligent Maze or
the camera approach. The screen approach provides, on average, 82.79% more points
per second, in the best case, 96.58%, in the worst-case, 54.45% and thus, overall, allows
for a better temporal resolution. A reason is that the camera approach, in contrast to
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Figure 6.8: Temporal resolution of screen and camera approach: number of invalid points per second
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Figure 6.9: Screen resolution of screen and camera approach: Percentage of invalid (filtered) points with
regard to total number of points.

the screen approach, suffers from occlusions. So, overall fewer points are detected in the
camera images. In the screen method, inaccuracies are mostly generated when the pen
loses contact with the ball. These usually occur if the pen is not held properly.

As shown in Figure 6.8, in three out of eight trials, the screen approach produced a
higher number of invalid points per second, on average 33.88%, and in the worst-case
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38.46%. This is partially caused by our definition of invalid points, where we also filter
situations where the ball is disconnected from the pen as invalid. This can also be caused
by the fact that children sometimes rest their hands on the screen while playing, causing
the top screen to detect both the hand and the pen. In the camera approach, the ball
cannot even be detected. Thus, the data points being classified as valid in the screen ap-
proach are to be considered more reliable. The better screen resolution in terms of valid
detected points also becomes visible when calculating an error value by normalizing the
number of invalid points with regard to the total number of points as displayed in Fig-
ure 6.9. On average, the camera approach produces 95.62% more error than the screen
approach, in the worst-case, 98.29%, and in the best case, 51.42%.

Table 6.1: Total number of data points collected and the invalid points from both maze screen and camera.

Trial
No.

Maze
Structure

Parti-
cipant

No.

Maze screen Camera
Total
No. of
points

No. of
invalid
points

Time (s)
Total
No. of
points

No. of
invalid
points

Time (s)

1

Assignment

1 9609 39 464.17 3232 27 473.68
2 2 4589 52 129.24 852 32 119.59
3 3 3326 37 121.65 145 25 105.33
4 4 3349 44 112.62 769 334 120.84
5

Exploration

1 7419 18 223.67 1365 19 211.98
6 2 2062 17 48.89 85 25 59.06
7 3 3930 24 128.83 1620 63 116.59
8 4 5935 48 148.26 169 80 149.49

Figure 6.10: Comparison of data extracted using camera and digitalized through computer vision and the data
extracted from Intelligent Maze for Assignments 1 and 2.

Table 6.1 presents the total number of collected and filtered (invalid) data points for
the four individual participants and maze structure experiments. Numbers are given for
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both the data obtained through the Maze’s screen and computer vision (camera). For
the computer vision experiments, we tried to create the best possible light conditions.
Figures 6.10 and 6.11 show the results of the data extraction using the digitalization of
the Maze using computer vision and the data extraction from the Intelligent Maze.

Figure 6.11: Comparison of data extracted using camera and digitalized through computer vision and the data
extracted from Intelligent Maze for Assignment 3. The part where there is occlusion for the camera is marked

in blue in the figure.

6.4. DISCUSSION AND CONCLUSION
The current chapter, Chapter 6 investigated the research question [Q2]. The chapter
compared the quality of data obtained from the Intelligent Maze to the quality of data
obtained by recording the game using a video camera to answer the research question.
The Intelligent Maze allows for stealth assessments inheriting advantages of computer-
based testing like automated data acquisition and analysis but with a key advantage: The
Intelligent Maze looks like a normal wooden maze. Children can interact with the Intelli-
gent Maze in the way they are used to doing with other tangible physical devices like toys.
The fact that the Intelligent Maze allows for an extraction of similar features as the well-
known Porteus maze test and mazes subtest from the WPPSI-R test is promising. Also,
initial feedback from the four children who tested the device is very promising: all chil-
dren showed great excitement when playing with the device and had no problems han-
dling the device. Some of the children were just starting to learn how to hold and write
with a pen, but they also did not find it hard to hold the Intelligent Maze pen, using their
whole hand instead of just with fingers, to draw with. At the end of the study, all chil-
dren were asked whether they had fun playing with the Intelligent Maze. All of the chil-
dren answered in the affirmative. Furthermore, it was also observed by the researcher
that the kids were having fun especially while playing with the exploration board. Chil-
dren were also asked to explain what they did during the play in exploration. Children
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narrated creative stories about how they travelled through the exploration maze. Some
children narrated stories about the different regions in the exploration board while they
were playing. One of the children also jumped with excitement when presented with
the Intelligent Maze and at the end of the session, she was animatedly reporting to her
mother and siblings how much fun she had playing. One of the children had this to say:
"This is so much fun!".

Inspired by our experience with our camera-based digitization (Schmitt et al. (2018))
approach of a board game for cognitive assessments, we compared the results obtained
from the screens that have been integrated into the maze device with a camera-based
tracking approach. Even under well-adjusted lighting conditions, the screening approach
outperforms the camera-based approach. Due to its screen technology combining ca-
pacitive and resistance sensing, the Intelligent Maze is not susceptible to lighting condi-
tions at all but can operate robustly in less-structured environments.

The camera approach was susceptible to occlusions and lighting conditions. The In-
telligent Maze is likewise far from perfect. The Intelligent Maze also suffers from data
connectivity issues, and the data contains many artifacts. In the studies described in
Chapters 7 and 8, the data from 2 participants in the study had to be excluded from the
data because of the connectivity issues. The details of exclusion can be found in Chap-
ters 7 and 8. The Intelligent Maze also suffers from false detection of data points when
children accidentally keep their hands (fingers) on the maze screen. However, these ar-
tifacts in data are removed in the data processing step, explained in detail in Chapters 7
and 8.

Despite the shortcomings of the Intelligent Maze, our study showed the promises
of intelligent screen technology for data collection and improvement of performance
in temporal and spatial resolution compared to the classical method of data collection
using a video camera and computer vision algorithm. We concluded from the study that
the Intelligent Maze outperforms the digitization using a video camera even under well-
lighted conditions. The conversations with the children indicated that they had fun and
enjoyed it, though a careful investigation would be needed to scientifically validate this
indication.
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This chapter aims to answer the third research question, [Q3]. The presented study inves-
tigates whether it is possible to perform an objective measurement of the task behavior
of children while they were solving a maze in a structured way and whether these mea-
surements can be related to the cognitive capabilities of children. We extract features
specifically related to the process of solving tasks in assignments, but during a play. In
the structured play, children are encouraged to solve tasks within the maze. We extract
features specifically related to the process of solving these tasks extracted from the chil-
dren’s interactions with the Intelligent Maze. In such a task, we, e.g., ask children to move
the magnetic ball inside the maze to a particular goal position while we record the time
they take to reach the goal so as to measure their performance. We relate the children’s
performance metrics obtained from the maze to standardized cognitive tests to investigate
possible correlations.

7.1. INTRODUCTION

Observing children’s behavior during their play or task performance provides informa-
tion on their cognitive development (Goldstein, 2012). Especially in early childhood,
when functional and structural brain development is still taking place (Brown and Jerni-
gan, 2012), these standardized cognitive tests are useful to monitor a child’s cognitive

The presented Intelligent Maze research is a collaboration of Seethu M Christopher, Corrie C Urlings, Henri
van den Bongarth, Karien M Coppens, Petra PM Hurks, Lex Borghans, and Rico Mockel, all from Maastricht
University.
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development. However, in early childhood, such pen-and-paper tests are difficult to
perform as they can be stressful for the children (Fleege et al., 1992). The ability of young
children to cooperate in such lengthy evaluations is also limited (Isquith et al., 2018)
since they also need to leave their environment.

A detailed recording of all potentially relevant cognitive information also becomes
not only impossible but also sometimes unreliable in such standardized tests (Carlson,
2005). For example, children are asked to solve mazes as efficiently as possible – by
avoiding crossing maze lines, going into dead ends, without moving backward, and lift-
ing the pencil - to reach a high score in the Porteus Maze test (Porteus, 1950). A pro-
fessional observer must record these features from the solved paper mazes by hand and
calculate the final score, which is often time-consuming. There might also be incon-
sistencies in the final score due to the complex scoring procedures, interrater reliabil-
ity, and administration difficulties. Other potentially valuable information, like, for in-
stance, at which maze position and for how long a child stopped drawing because the
child planned the next actions, gets lost.

Hence, in this study, we explore if one can capture children’s cognitive functioning
while they play with the Intelligent Maze. In this study, children make assignments, i.e.,
structured tasks, with the Intelligent Maze. We explore if the features extracted while
children solve these assignments give an estimate of their cognitive capabilities.
The rest of the chapter is organized as follows. The materials and methods used in the
study presented in this chapter are described in Section 7.2. Section 7.3 details the results
of this study for each of the variables we extracted from the dice. Section 7.4 interprets,
discusses the results and concludes the study.

7.2. MATERIALS AND METHODS

This section details the subject details, the experimental setup, and the methods used
in this study.

7.2.1. SUBJECT RECRUITMENT
Elementary schools in the South region of the Netherlands were approached to partici-
pate in the study. If they agreed to participate in the study, children in the second year
of kindergarten were invited to partake via a letter to their parents. In this grade, chil-
dren were, on average, six years old and normally started formal primary school the
following school year (i.e., commonly known as Grade 1). Parents received an infor-
mation letter and informed consent form. Children were invited to participate if their
parents gave permission. Forms were only distributed to children who were eligible for
the study, which was decided based on teacher judgment on several predefined crite-
ria. More specifically, we excluded children who had repeated a grade and children who
did not have at least one parent who sufficiently understood Dutch since all information
was provided in this language. Finally, we also did not include children with a diagnosed
disorder such as a developmental or psychiatric disorder. The criteria were included
to focus on the population of children within a normal range of development, rather
than having developmental or language issues as a potential confounder in the analyses.
The Ethical Review Committee of Psychology and Neuroscience at Maastricht University
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Figure 7.1: (A) Assignment Board. (B) Assignment Board Maze Pattern extracted for data processing.

(ERCPN-175_02_01_2017) approved this study.

7.2.2. ASSIGNMENT BOARD
For the assignment, the assignment board is inserted into the Intelligent Maze via the
backside of the Maze. There are four points of interest indicated on the assignment
board with colored stars, which can be seen in Figure 7.1. Each assignment involves get-
ting the ball from one star to the other (part one) and back (part two). This contributes to
6 assignments: three assignments with two parts, each explained in detail in 7.2.5. Each
of the assignments has an increasing level of difficulty.

The difficulty level for the assignments was determined by the distance needed to
solve the task as well as the number of deadends the children encountered while travers-
ing the Maze from one start to the next as per each assignment. For the first assignment,
there were two possible and correct paths to get to the destination star, with the color
yellow, and only two potential deadends the children should avoid. For the second as-
signment, the distance to solve the Maze was longer, and aside from the part that over-
laps with the first assignment, there was only one route to get to the destination star, the
color green. The child had to bypass six deadends to get to the answer. For assignment 3,
there were 21 potential deadends the child had to avoid in order to reach the target star
color blue. There were two instances in the Maze where a split in the path did not lead
to a deadend but still allowed the child to stay on track, but it still took the child a longer
time and distance to travel to the target star. Aside from this split, the path needed to
traverse by the child is the same to reach the target star.

7.2.3. EXPERIMENTAL PROCEDURE
Children were tested individually in an empty, relatively quiet room of their school. Two
testing sessions were planned for each child in order to avoid making testing strenu-
ous; each session lasted on average 30 minutes. The testing occurred in a one-to-one
setting. During the first session, Intelligent Maze, the Raven CPM, Five-Point test, and
Paper Mazes tests were administered. The Tower of London, Verbal Fluency Test, and
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Digit Span test were conducted during the second session. The tests are explained in
7.2.4.

A detailed testing protocol was devised to ensure standardized testing of the children
with the Intelligent Maze, which can be found in the Appendix A. It included a descrip-
tion of how to start up and shut down the Maze and control it with the external device
and exact verbal and visual (e.g., pointing to the star where the child should go) instruc-
tions that should be given to the child. All children went through the same protocol for
the tests with the Maze. Before the child entered the room to start the testing procedure,
the Maze was set up in such a way that the pattern of the Maze was not yet visible upon
entrance. The Maze was placed on a children’s table that allowed the children to stand
while playing with it, thereby ensuring a sufficient visual overview of the Maze. The child
was to maintain the same orientation towards the Maze. The researcher would sit across
from the child.

For each assignment, the researcher explained that the ball is placed at a certain star
and that the child should get the ball to another star by using the pen. The researcher
named this star by color and pointed to it on the Maze so that the child understands
where s/he is supposed to go. The data collection started immediately after this short
introduction. When the child completed the first part of an assignment, the researcher
asked the child to go back to starting star again while pointing to the star in the Maze.
This constitutes the second part of the assignment. Each time the researcher visually
and verbally pointed the child to the star that s/he is supposed to travel to. Wooden pan-
els were used to cover the non-essential parts of the assignment. During assignment 1,
wooden panels covered assignments 2 and 3. As assignments became more difficult and
revealed more of the Maze, the wooden cover panels were removed until every assign-
ment was completed.

Criteria for discontinuation: All children started with the first assignment. They were
allowed to make the second and third assignments if the first assignment was completed
successfully. If the child could not complete the first and second assignments, then the
child did not have to make the third assignment. If children froze or did not know how
to continue during an assignment, the researcher encouraged them and gave them 1
minute (assignment 2) or 2 minutes (assignment 3) time to think before discontinuing
the assignment. Children were encouraged verbally gently if they indicated they did not
know the answer or did not want to continue. However, if no progress was made after-
ward, the assignment was discontinued. Encouragement did not reveal the solution to
the assignment and did not provide additional advice on strategies to solve the assign-
ment.

7.2.4. COGNITIVE TESTS
This section explains the psychological tests we do for cognitive assessments. The main
cognitive areas we are interested in are shown in Figure 7.2. The following sections
briefly describe the psychological tests we use to measure these cognitive areas.

RAVEN COLOURED PROGRESSIVE MATRICES (RCPM)
The Raven Coloured Progressive Matrices (RCPM) can be assessed in children aged 5 to
11 years (Raven et al., 1998) and does not require a verbal response from the participants.
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Figure 7.2: Different areas of cognition measured by the different psychological tests.

Lezak et al. (2004) state that the RCPM measures visuospatial reasoning and problem-
solving.

Children were shown a picture of a pattern with a piece missing from it, with six
options at the bottom of the page, for filling in the missing piece. Children had to choose
the piece they believed to be completing the pattern. Each potential piece had a number.
Children could state their responses verbally to the researcher or point to their answers.
The test consisted of three sets within a test booklet, A, Ab, and B, which increased in
difficulty, with 12 items per set, a total of 36 items. Each child went through all sets. Only
when the child made mistakes in the first five items of each set could the researcher
refer back to the first item made and explain the aim of the task again. Afterward, all
responses were noted, regardless of their correctness. The score was the total number of
correct answers. Raven et al. (1998) reported originally low test-retest reliabilities of .65
for children under the age of 7, but also that newer studies yield satisfactory reliabilities
when assessed by split-half or alternative test-retest methods. The minimum score was
0, and the maximum score was 36. An example RCPM task sheet is illustrated in Figure
7.3.

TOWER OF LONDON ( TOL)
The Tower of London task stems from the NEPSY test battery (Korkman, 1998) originally
designed by Shallice (Shallice, 1982). This test is specifically designed for children from
5 to 12 years old. Tower tasks, similar to the ToL, are believed to measure, e.g., planning
and problem-solving (Unterrainer et al., 2004), as well as (visuospatial) working memory,
response inhibition, and visuospatial memory (Carlin et al., 2000; Phillips, 1999; Welsh
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Figure 7.3: Examples of RCPM task sheets. A: Identification of a patch in a continuous pattern (correct item is
on lower row furthest to the left). Ab: Identification of a patch of a discrete pattern (correct item is lower row

furthest to the left). B: Identification of a patch in a continuous pattern with discrete items (correct item is
upper row in the middle). From Lütke and Lange-Küttner (2015).

Figure 7.4: Two example Tower of London problems with 5 moves for optimal solution. From Kaller et al.
(2011).

et al., 2000) in adults. Split-half reliability (r = .72) and internal consistency (α= .69) have
been shown to be satisfactory in adults (Kaller et al., 2012). The test consisted of moving
three balls on three pegs in such a way it is a representation of a picture shown to a child.
An example problem is illustrated in Figure 7.4. An answer was scored as correct if a child
solved the puzzle with a specific number of steps within a specific time limit. Children
were only allowed to move one ball at a time and had to leave the rest on the pegs when
moving a ball. Twenty items were administered unless children could not complete four
successive items correctly. The maximum raw score was 20, but for the study, we used
the scaled score with a maximum of 19.

FIVE-POINT TEST (FPT)
Five-Point test is a structured test requiring the generation of drawings of different fig-
ures, however in only one given configuration of symmetrically and identically arranged
dots (identical to the five-dot arrangement on a dice) (Tucha et al. (2012)). Participants
are asked to produce as many different unique figures as possible by connecting the dots.
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Figure 7.5: An example test sheet for the five-point test. The test consists of a sheet of paper with 40 dot
matrices arranged in eight rows and five columns as above. From Regard et al. (1982).

An example test sheet is illustrated in Figure 7.5. This task serves as a figural fluency test,
which is a nonverbal analog to a verbal/word fluency test. The test was designed by (Re-
gard et al., 1982). Tucha et al. (2012) tested children and teenagers within the age range of
8 to 15 years. They reported strong relations between the number of unique designs and
processing speed and mental flexibility, and medium relations with short-term memory,
problem-solving, and inhibition.

The children participating in our study are significantly younger than in the original
work by (Tucha et al., 2012), and flexibility is not yet a separate cognitive capability in
kindergarteners. In our study, Children received a sheet of paper containing 40 boxes,
within each box five dots. Children had to draw as many unique designs as possible by
connecting at least two dots with straight lines for which they received one minute time.
No figures were to be repeated, and only single lines were to be used, in accordance with
the protocol of (Strauss et al., 2006). Before the test, the researcher made two sample
drawings to illustrate the principle. The child practiced two drawings and received feed-
back and another chance to practice in case mistakes were made. Each drawing was
scored as either correct, false (e.g., using curved lines), or double. Psychometric prop-
erties on validity and reliability have been tested and shown to be in order (Tucha et al.
(2012)). There was no pre-set maximum score, as children could even receive a second
page if the first was full. For this study, we utilized the total number of unique designs as
the main FPT outcome measure.

VERBAL FLUENCY TASK ( VFT)
This task is an adaptation of the NEPSY version (Korkman (1998); Korkman et al. (1998)).
In the Verbal Fluency task (VFT), participants are given one minute to generate as many
words as possible within a semantic category. We utilized the animal naming version
of the task, which can be seen as a categorical verbal fluency or semantic fluency task
(Tombaugh et al. (1999)). The task has been shown to correlate with verbal memory, and
language comprehension (Ardila et al. (2006)). The aim of the test is to search the internal
lexicon rapidly and automatically (Riva et al. (2000)), suggesting a language component
for solving the task (Whiteside et al. (2016)). Test-retest reliability was established at .68
for the semantic fluency (animal naming) test in adults (Harrison et al. (2000)).

In our study, children had to name as many animals as they knew as fast as they
could within a one-minute time span. Two examples were named by the researcher,
namely cat, and dog. Responses were noted by the researcher and were later divided
into numbers of correct animals, false animals (e.g., fantasy animals such as dragons),
and doubles. For this study, we utilized the total number of correctly named animals,
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which is what shall be referred to from now on. The minimum score was 0, and there
was no maximum score predetermined.

DIGIT SPAN FORWARD AND BACKWARD (DSFW, DSBW )

This task is a subtest of the WISC-III (Wechsler Intelligence Scale for Children-III) (Kort
et al. (2002)). The researcher read numbers aloud, and the children had to repeat them.
Difficulty increased per two items by adding another number that was read aloud, start-
ing with two numbers in the first round. Afterward, children had to repeat number se-
quences backward, which is the reverse condition. The total score was the number of
correctly (backward and forward) repeated number sequences. The maximum score for
the forward condition was 16, and for the backward condition, 14. The reliability coeffi-
cient of the Dutch digit span task was .59 for 6.5-year-old children. Split-half reliability
was .79 for the same age group, and test-retest reliability was .67 for 6 to 8-year-old chil-
dren (Kort et al. (2002)). Lezak et al. (2004) summarized that adding the scores of the two
tasks assumes they measure the same underlying construct. The authors argued this
is not true, at least for adults, as the forward variant is presumed to measure attention
(Kaufman et al., 1991; Kaufman and Lichtenberger, 2000), whereas the backward vari-
ant measures working memory (Banken (1985)). For this reason, we treated both tests
separately in this study.

GO/NO-GO TASK: NO-GO ACCURACY (NGA)

This task is widely used as a measure for inhibition (Johnstone et al. (2007); Jonkman
(2006)) as well as attention and/or working memory processes (Criaud and Boulinguez
(2013)). In the go/no-go task, participants respond to certain stimuli (“go” stimuli) and
make no response for others (“no-go” stimuli). Langenecker et al. (2007) stated that the
psychometric properties of the Go/No-go task were insufficiently established. We pro-
grammed a Go/No-go task in Presentation software version 20.1. Children could per-
form the task while looking at a laptop screen that was placed in front of them while
providing responses to stimuli on an RB-844 response box (Cedrus Corporation). We
showed the children a picture of a cartoon dog and cat on two separate sheets of paper.
We asked them to point to the dog and then to the cat to ensure they knew the difference.
They then received 15 practice trials in which the go stimulus (cat) and no-go stimulus
(dog) were shown in random order on the laptop. The stimulus duration was 250ms,
and the inter-stimulus interval was 1500ms. Children received a green smiley face if they
responded correctly (i.e., pressing the button when the cat is shown, not pressing the
button when the dog is shown) and a red frowning face when they responded incorrectly
(i.e., pressing the button when the dog is shown, not pressing the button when the cat is
shown). The feedback face was shown for 2000ms. The practice trial should have 40%
correct responses in order to proceed to the actual task. The task contains 96 go stimuli
and 48 no-go stimuli that are shown in random order. No feedback was provided. The
stimulus duration was 250ms, and the interstimulus interval was 1500ms. For this study,
we utilized the accuracy with which children succeeded in inhibiting their responses
when the no-go stimulus was shown.
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PAPER MAZES (PM)
Participants performed the Mazes task, which is a subtest of the WPPSI-R (Vander Steene
and Bos (1997)). Children had to solve several mazes with increasing difficulty. They
were scored on whether they solved the maze within a certain period without making
too many errors, such as entering blind alleys or crossing walls. Only within the allowed
timeframe and within a predefined maximum number of errors allowed per assignment
would a maze be scored as ‘pass’ (score: 1) rather than ‘fail’ (score: 0). The score as-
signed to a passed maze solution (i.e., if the child solved the maze) depended on the
number of mistakes made under the maximum number, with the highest score assigned
to mazes solved without any mistakes. The score (maximum 26) was transformed into a
normed score (ranging from 1 to 19) according to the scoring manual of the test, which
was used in the analysis. The subtask Mazes has split-half reliability of between .77 and
.85. Stability of testing, i.e., test-retest reliability, was below .60 (Kaufman (1990)). Lezak
et al. (2004) mention that this task is often used as a practical and satisfactory substi-
tute for the lengthier Porteus maze test (Porteus (1959, 1945, 1950)). The authors sum-
marize from multiple findings that solving maze tasks is often related to planning, and
visuospatial abilities in adults (Ardila et al. (1989); Daigneault et al. (1992)). An example
paper maze test from WPPSI-R is illustrated in Chapter 6, Figure 6.1.

7.2.5. DATA PROCESSING
Data processing of the measurement data from the Intelligent Maze is carried out in a
systematic order. Figure 7.6 shows the data flow in the different steps involved. The
different steps are data acquisition, data preprocessing, and feature extraction.

Figure 7.6: Data Flow for measurement data processing.

DATA ACQUISITION

The data from the maze is stored in an SD card inside the device. At the end of the exper-
iments, the device can be connected to a computer to extract the data or measurement
files. The data files are saved according to the subject ID. The measurements for each
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experiment are stored in a different data file and saved with a time stamp. Each mea-
surement is stored as a line in the data file, which is extracted for later analysis. Each line
also contains the time at which the particular values were measured. A line of data or
measurement is stored inside the file if one of the following events is registered:

• The x-coordinate of the pen changes by 2mm or more.

• The y-coordinate of the pen changes by 2mm or more.

• PenTouch state changes (touch -> no touch or vice versa).

• BallTouch state changes.

DATA PREPROCESSING

There are two steps involved in the preprocessing stage: Data Filtering and Data Seg-
mentation.
(a) Data Filtering:
The raw data received from the maze contains many artifacts, mainly from the children
touching the screen while moving the pen and ball at the same time. Another artifact is
from the pen and ball not being connected. Filtering consists of mainly two steps. A)
First step involves removing the data points that were stored inside the file when the ball
and pen were not connected to each other magnetically, i.e., the ball was not following
the pen. The ‘BallTouch’ field in the data message was used for this purpose. The field
has two possible values. A value of 0 indicates that the ball was not connected to the
pen. All the data points corresponding to the ‘BallTouch’ false were removed. B) Sec-
ondly, the distance between the consecutive x and y coordinates was thresholded. If the
coordinates succeeding a given point exceeds a certain threshold in pixels, those were
removed. The ideal threshold was found by extensive experimentation. The results of
filtering the data from a typical participant are illustrated in Figures 7.7 and 7.8. The
data from Figure 7.7 is filtered and shown in Figure 7.8. The data shown in the figure is
from assignment 3, the longest and most complex maze pattern on the assignment maze
board.
(b) Data Segmentation:
The second step in the data preprocessing stage was Data Segmentation. In this step,
the assignment data was divided into three assignments, and each was in turn divided
into two parts. The assignment board has four different stars, and consecutively the kids
have three tasks. The different assignments and their parts are as follows:
Assignment 1 : Go from the red star to the yellow star and back

Part 1 – Go from the red star to the yellow star
Part 2 – Go from the yellow star to the red star

Assignment 2 : Go from the red star to the green star and back
Part 1 – Go from the red star to the green star
Part 2 – Go from the green start to the red star

Assignment 3 : Go from the red star to the blue star and back
Part 1 – Go from the red star to the blue star
Part 2 – Go from the blue star to the red star
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Figure 7.7: Raw Data Figure 7.8: Filtered Data

The first step in this part involved defining the thresholds in pixel values for the start and
stop mark of each task. Once the thresholds were defined, the data points were checked
against the thresholds to see when the child first crossed the starting and ending marks.
And only the data points in between the markers were considered for further processing.
The middle (red star) was the same for all assignments, and it could be reached from
three different directions in the maze. So the threshold for the red star was defined by a
circle (shaded blue in Figure 7.9). Each of the other stars had only one of two entry/exit
points, and the start and end marks were defined by using straight lines. These are shown
as pink dotted lines in front of each star in Figure 7.9. The start and stop thresholds were
defined to guarantee the comparability of the data between different participants. Some
children started the movement from the starting point immediately, but some children
were still listening to the researcher before beginning the task. Nevertheless, the addition
of the start and stop threshold does constitute to a loss of significant information about
the time children might potentially spend planning their movement before starting. But
the thresholds were important to ensure consistency between the children’s data. Figure
7.10 shows the data before and after the start and stop thresholds were added to the
filtered data. Once all the thresholds were found in the measurement data, the data
could be divided into Assignments 1, 2, and 3. And each of the assignments was further
divided into two parts as specified above.

The typical results of the data segmentation of a single participant are shown in Fig-
ure 7.9. The data is segmented into various parts of the three different assignments.

FEATURE EXTRACTION

The final step of the data processing was the extraction of features or variables interest-
ing for further analysis.

The initial step consisted of calculating the distance and time spent executing each
part of all three assignments. These features were selected since they resembled the
features extracted from standard cognitive tests with mazes (Porteus, 1950). Once the
distance for each task was measured, the distance was validated against the minimum
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Figure 7.9: Data Segmentation.

Figure 7.10: Filtered Data of a participant before and after start and stop thresholds were added to the data.
The areas shaded in red are the deadends.

distance the task needed. If the calculated distance was less than the minimum distance,
the distance was thresholded based on the minimum distance. The minimum distance
was calculated for the ideal path, traversed by one of the researchers from the start star
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to the end star for each part of the assignment. The step also added an additional veri-
fication step for the algorithm. None of the distances calculated by the algorithm were
found to be less than the ideal distance.

The second step involved defining all the deadends in the assignment maze. Once
all the deadends were defined, the following Algorithm 4 was used to find the features.

Algorithm 4 An algorithm for feature extraction from the Intelligent Maze.

Step 1: Find all the coordinates within the deadends
Step 2: Check whether the coordinates are within a defined distance from each other.
This is defined by a threshold in pixels. The threshold value was found after extensive
experimentation.
Step 3: If the next point is outside the threshold, check for the next closest data point
outside the threshold. Continue.
Step 4: Count the time the child visited into the deadend.
Step 5: If the count is greater than 0, loop Steps 6 through 8 for each time the child
visited the deadend:

Step 6: Calculate the time child spent in the deadend.
Step 7: Calculate the distance the child traveled into the deadend.
Step 8: Validate the values of the measured distance and time to be sure that the

values are not a result of any artifacts in the data collection. This is done by plotting
each travel through the deadend of the maze.
Step 9: Repeat Steps 1 through 9 for each deadend in both parts of all three assign-
ments.

Once the distance and time measurements have been calculated for all the defined
deadends, we need to consolidate these into variables to be used for further analysis.
Consequently, all the distance and time measurements for the deadends defined in each
part of the assignment were summed up. This corresponds to the negative measures
of distance and time. Accordingly, each part of the assignment has total distance and
time measurements, positive distance and time measurements, and negative distance
and time measurements.

The total distance and time indicate the distance and time the child spent doing the
task. This includes the distance and time spent in the deadends too. The negative dis-
tance and time measures encompass just the distance and time spent in the deadends.
The positive distance and time measures are the difference between the first two. The
various deadends used for extracting the deadend features for assignments 1 and 2 are
shown in Figure 7.11. The various deadends used for extracting the deadend features for
assignment three are shown in Figure 7.12.

Based on the distance and time measurements for each criteria, we have extracted a
total of 42 variables/features for the maze assignment task. Once this step is done, we
calculate the average speed the child used for each of these tasks. Average speed was
calculated by adding up the average speed for sections of five seconds of the total time
for each task. This will be an added variable/feature from the assignment maze. Table 7.1
shows the different features extracted from the assignment maze and the feature codes
that will be used for further statistical analysis.
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Figure 7.11: Extraction of Features in Assignments 1 and 2. The deadends are shaded in red.

Figure 7.12: Extraction of Features in Assignment 3. The deadends are shaded in red.

Table 7.1: The features extracted from the Intelligent Maze: features codes and explanation. Distances are
measured in cm. Time is measured in seconds. Average speed is measured in cm/s.

Beginning of Table 7.1
Sl.
No

Feature
Code

Feature
Name

Feature Description

1 da11 Distance 1.1 Total distance travelled during Assignment 1 part 1
2 da12 Distance 1.2 Total distance travelled during Assignment 1 part 2
3 da21 Distance 2.1 Total distance travelled during Assignment 2 part 1
4 da22 Distance 2.2 Total distance travelled during Assignment 2 part 2
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Continuation of Table 7.1
Sl.
No

Feature
Code

Feature
Name

Feature Description

5 da31 Distance 3.1 Total distance travelled during Assignment 3 part 1
6 da32 Distance 3.2 Total distance travelled during Assignment 3 part 2

7 sa11
Average

Speed 1.1
Average speed for the path traversed by the child
during Assignment 1 part 1

8 sa12
Average

Speed 1.2
Average speed for the path traversed by the child
during Assignment 1 part 2

9 sa21
Average

Speed 2.1
Average speed for the path traversed by the child
during Assignment 2 part 1

10 sa22
Average

Speed 2.2
Average speed for the path traversed by the child
during Assignment 2 part 2

11 sa31
Average

Speed 3.1
Average speed for the path traversed by the child
during Assignment 3 part 1

12 sa32
Average

Speed 3.2
Average speed for the path traversed by the child
during Assignment 3 part 2

13 dn11
Deadends
count 1.1

The total number of times any deadends were
visited by the child during Assignment 1 part 1

14 dn12
Deadends
count 1.2

The total number of times any deadends were
visited by the child during Assignment 1 part 2

15 dn21
Deadends
count 2.1

The total number of times any deadends were
visited by the child during Assignment 2 part 1

16 dn22
Deadends
count 2.2

The total number of times any deadends were
visited by the child during Assignment 2 part 2

17 dn31
Deadends
count 3.1

The total number of times any deadends were
visited by the child during Assignment 3 part 1

18 dn32
Deadends
count 3.2

The total number of times any deadends were
visited by the child during Assignment 3 part 2

19 dnd11
Deadends

distance 1.1
The total distance travelled in any deadends were
visited by the child during Assignment 1 part 1

20 dnd12
Deadends

distance 1.2
The total distance travelled in any deadends were
visited by the child during Assignment 1 part 2

21 dnd21
Deadends

distance 2.1
The total distance travelled in any deadends were
visited by the child during Assignment 2 part 1

22 dnd22
Deadends

distance 2.2
The total distance travelled in any deadends were
visited by the child during Assignment 2 part 2

23 dnd31
Deadends

distance 3.1
The total distance travelled in any deadends were
visited by the child during Assignment 3 part 1

24 dnd32
Deadends

distance 3.2
The total distance travelled in any deadends were
visited by the child during Assignment 3 part 2

25 dnt11
Deadends

time 1.1
The total time spent in any deadends were visited
by the child during Assignment 1 part 1

26 dnt12
Deadends

time 1.2
The total time spent in any deadends were visited
by the child during Assignment 1 part 2

27 dnt21
Deadends

time 2.1
The total time spent in any deadends were visited
by the child during Assignment 2 part 1
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Continuation of Table 7.1
Sl.
No

Feature
Code

Feature
Name

Feature Description

28 dnt22
Deadends

time 2.2
The total time spent in any deadends were visited
by the child during Assignment 2 part 2

29 dnt31
Deadends

time 3.1
The total time spent in any deadends were visited
by the child during Assignment 3 part 1

30 dnt32
Deadends

time 3.2
The total time spent in any deadends were visited
by the child during Assignment 3 part 2

31 tt11
Total

time 1.1
The total time spent by the child
traversing Assignment 1 part 1

32 tt12
Total

time 1.2
The total time spent by the child
traversing Assignment 1 part 2

33 tt21
Total

time 2.1
The total time spent by the child
traversing Assignment 2 part 1

34 tt22
Total

time 2.2
The total time spent by the child
traversing Assignment 2 part 2

35 tt31
Total

time 3.1
The total time spent by the child
traversing Assignment 3 part 1

36 tt32
Total

time 3.2
The total time spent by the child
traversing Assignment 3 part 2

37 tp11
Inactive
time 1.1

The total time spent by the child in the maze without
active movements during Assignment 1 part 1

38 tp12
Inactive
time 1.2

The total time spent by the child in the maze without
active movements during Assignment 1 part 2

39 tp21
Inactive
time 2.1

The total time spent by the child in the maze without
active movements during Assignment 2 part 1

40 tp22
Inactive
time 2.2

The total time spent by the child in the maze without
active movements during Assignment 2 part 2

41 tp31
Inactive
time 3.1

The total time spent by the child in the maze without
active movements during Assignment 3 part 1

42 tp32
Inactive
time 3.2

The total time spent by the child in the maze without
active movements during Assignment 3 part 2

End of Table 7.1

We extracted the time spent moving versus the time spent thinking or being inactive
during the execution and planning phase. The children, while traversing through the
maze, have periods where there is continuous motion and periods where the pen is not
moved for more than 10 seconds. These moments with and without movement can be
thresholded to find the time when the child was inactive for planning movements or
other reasons and those times when the child was executing movements. Because of
the various errors that can come during the data collection process, the moments of
no movement might not exactly be phases of planning. However, the execution phase
can be considered to be without errors. This execution phase time was added as an
additional feature/variable for further analysis. An example of data from a child pausing
while solving the maze is shown in Figure 7.13. The child pauses for 2.143 seconds at a
junction with a deadend in this case.
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Figure 7.13: An example of data from a child pausing while solving the maze. The area where child is pausing
for 2.143 seconds is marked.

7.2.6. STATISTICAL PROCESSING

Descriptive statistics were performed for the cognitive test scores and the features ex-
tracted from the Maze. Pearson’s correlational analysis was performed on the cognitive
scores and a selection of the features extracted from the Maze; Only distance, speed,
deadends count, and inactive time features were used for the correlational analysis. These
features were selected after an initial regression test analysis against the cognitive test
scores to confirm the correlation between the various features and the test scores. Only
those features with a significant relation to the cognitive tests were selected. Next, four
principal factor analyses were performed to retrieve the four different factors, one for
each of the following features: the distance features, the inactive time features, the aver-
age speed features, and the dead ends count features. These factors were then correlated
to the cognitive tests again using Pearson’s correlation.

7.2.7. AUTOENCODER

An autoencoder model was also used to extract six encoded values from the raw features
extracted from the Maze. The encoder compresses the input, and the decoder attempts
to recreate the input from the compressed version provided by the encoder, and the hid-
den layer provides the feature representation, i.e., encoded values. The architecture for
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the model is shown in Figure 7.14. These encoded values were also correlated to the cog-
nitive tests using Pearson’s correlation. Matlab 2019B was used for the correlations, and
Python was used for designing the encoder-decoder model.

Figure 7.14: Encoder Model.

7.3. RESULTS

7.3.1. DESCRIPTIVE STATISTICS

All descriptive analyses were performed in Excel 2010. In total, 121 consent forms were
positively filled out by parents. A total of 103 children (2 cohorts) were included in the
analysis. Data from 18 children were excluded either because the children were absent
from school on one of the testing days or because there were problems in the data collec-
tion. For example, if the Bluetooth connection was lost in the first version of the maze,
explained in Chapter 3, no data was collected. Outliers on all outcome variables of the
cognitive tests and features extracted from the Intelligent Maze were replaced with a
value of 3 standard deviations plus or minus the mean of that variable. This data was
used for all further analyses. Data from 51 boys and 52 girls were included. The children
were, on average, 72.5 months old (6 years) with 4.4 months standard deviation.

Go/No-Go task detailed in 7.2.4 was added later in the data collection during the
second cohort and is therefore available for a smaller group of the sample (N = 51). The
number of children for the outcome for the paper maze is less since only outcomes on
successfully completed paper mazes were included in the analysis.

Table 7.2 provides descriptive statistics on the features extracted from the maze. Data
from 103 observations were used in the study, except for assignment3. Due to a technical
problem with the connection between the Intelligent Maze and remote control in the
first cohort, data collection was interrupted for five children in Assignment 3 part 1 and
for three children in Assignment 3 part 2. Table 7.3 provides descriptive statistics on the
cognitive tests. The box plot of the scores in the different cognitive tests is shown in



7.3. RESULTS

7

115

Table 7.2: Descriptive information on the features extracted from the Intelligent Maze. da: Distance features;
sa: Average speed features; dn: Deadends visited feature; tp: Time spent inactive features. da11 refers to

distance travelled to solve the assignment 1, part 1. Distance is measured in centimetres, time is measured in
seconds, speed is measured in cm/s. N=Number of observations, M=Mean, SD=Standard Deviation.

Feature
code

N M SD Min. Max.

da11 103 32.22 7.92 6.91 57.58
da12 103 33.61 8.29 10.99 62.06
da21 103 94.2 420.62 47.42 230.62
da22 103 65.09 20.01 40.37 131.41
da31 98 262 128.65 124.83 685.49
da32 100 208.47 95.32 120.06 547.68
sa11 103 11.15 2.95 4.41 18.94
sa12 103 12.17 4.54 5.98 34.86
sa21 103 12.05 2.86 6.96 22.35
sa22 103 14.32 7.71 8.06 56.14
sa31 98 14.84 7.43 7.56 52.83
sa32 100 14.03 3.63 9.09 35.32
dn12 103 0.02 0.09 0 0.54
dn21 103 1.84 1.32 0 6.17
dn22 103 0.83 0.94 0 3.82
dn31 98 4.26 2.95 0 13.18
dn32 100 4.05 3.05 0 15.25
tp12 103 0.03 0.15 0 0.88
tp21 103 0.69 1.97 0 8.25
tp22 103 0.08 0.49 0 4.02
tp31 98 4.62 9.34 0 58.29
tp32 100 0.75 1.69 0 8.32

Table 7.3: Descriptive information on the Cognitive Tests. N=Number of observations, M=Mean, SD=Standard
Deviation.

Cognitive
Tests

N M SD Min. Max.

ToL 103 13.16 2.41 5.24 18
DSfw 103 6.17 1.78 3 11
DSbw 103 2.67 1.14 0 5
FPT 103 7.11 2.68 1 14

RCPM 103 23.21 4.34 10.08 34
VFT 103 10.58 3.67 3 21
PM 101 10.48 2.52 6 18.12

NGA 51 0.68 0.17 0.29 0.98

Figure 7.15. The figure shows the outliers of the data.



7

116
7. AN EXPLORATION STUDY: INTELLIGENT MAZE FOR ASSESSING COGNITIVE SKILLS

DURING STRUCTURED PLAY

Cognitive Scores
Sc

or
es

Cognitive Scores
Dsbw
Dsfw
FPT
PM
RCPM
ToL
VFT

Dsbw Dsfw FPT        PM      RCPM      ToL VFT

Figure 7.15: Box plot of the scores in the cognitive tests.

7.3.2. DATA PROCESSING

There were 309 data files, 3 data files for each of the 103 children included in the analysis.
Out of this, 18 files were flagged by the algorithm. The files that were flagged by the
algorithm were manually checked to verify whether the automated results generated by
the algorithm were correct. All of the results were also visually verified using plots. The
algorithm was successful in automating the assessment of 94.48% of the data files. Figure
7.16 shows the plots used for visual verification. The visual verification aims to ensure
that the data points in deadends as flagged by the algorithm are marked in black.

7.3.3. CORRELATIONAL ANALYSIS

Pearson’s pairwise correlation was performed to understand the relation between the
features extracted from the maze and the cognitive test outcomes. The results are dis-
played in Figure 7.17 and Table 7.4. Pearson’s pairwise correlation was run twice, first
with alpha value of 0.1 and second with an alpha value of 0.05. Table 7.4 displays the
correlation results with alpha 0.1 and Figure 7.17 displays the correlation results with al-
pha 0.05. The initial correlation was done for variable selection. The initial analysis with
alpha value of 0.1 helped determining the variables which had some significant relation
with the cognitive test scores. Further analyses included only those cognitive test scores
that showed some relation in the initial tests. These results are shown in Figure 7.17.

The results in Table 7.4 show that the distance traveled feature from the Intelligent
Maze, da12 and da31, has significant negative correlations with the ToL test outcome.
RCPM test has the same number of relations with the distance traveled feature, da21 and
da22, and three highly significant negative correlations with the number of dead ends
entered feature, dn21,dn31, and dn32. RCPM test score also has a significant positive
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Figure 7.16: Plot of a participant used for visual verification. The data points shaded in black are the ones
marked by the algorithm to be within a deadend.

correlation with the average speed feature, sa21. The score for the VFT test has two highly
significant positive correlations with the average speed feature, sa21 and sa32. Score for
the PM test has two highly significant negative correlations with the number of dead
ends entered feature, dn21, and dn31. DSfw score has one significant correlation with
distance traveled feature da22, one significant correlation with the number of deadends,
entered feature, dn21.

In Figure 7.17, groups of significant correlations could be indicative of some relation
between the features from the maze and the cognitive tests. For the cognitive tests, a
higher score is indicative of better performance. Nevertheless, for the maze, different
rationale apply for different features. Higher values for distance and deadends count
indicate inefficient route use or mistakes being made. But average speed will be higher
for children who move faster through the maze. And a longer inactive time can lead to
more time needed to solve the mazes or lead to higher efficiency if the inactive time is
used to form a strategy instead of trial-and-error maze solving. Figure 7.17 only shows
the cognitive test scores that were found significant in the initial analysis. Both analyses
helped in choosing whether a factor analysis could be performed. Figure 7.17 shows
that distance features have significant negative correlations to ToL, speed features have
significant positive correlations to VFT and deadend features have significant negative
correlations to RCPM.
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Table 7.4: Correlation Plot for the correlation between the features extracted from the Intelligent Maze and
the cognitive test scores. Distances are measured in cm. Time is measured in seconds. Average speed is

measured in cm/s. * p <.1, ** p <.05, *** p <.01.

Cognitive Tests
Intelligent Maze Features ToL RCPM FPT VFT DSfw DSbw NGA PM

Distance 1.1 -.18* -0.16 -0.13 -0.06 -0.03 -.19* -0.16 0.09
Distance 1.2 -.23** -0.09 -0.03 0 0.08 0.04 -.25* 0.05
Distance 2.1 -0.1 -.23** -0.12 -0.01 -.19* -0.12 0.16 -0.04
Distance 2.2 -.19* -.24** -0.02 .24** -.22** -.18* -0.16 -0.13
Distance 3.1 -.24** -.20* -0.12 -0.12 -0.06 -0.17 0.04 -.23**
Distance 3.2 -0.09 -.19* -0.05 0.06 0 -0.05 -0.12 -0.04

Inactive time 1.2 -0.01 0.03 -0.03 -0.06 .22** 0.16 - 0.13
Inactive time 2.1 0.08 -.23** -0.14 0.14 -0.09 -0.16 0.07 0.04
Inactive time 2.2 -.18* -.25** -0.16 0.09 -0.11 -.32*** 0.02 -0.05
Inactive time 3.1 -0.06 -0.05 -.27** 0.13 0 -0.07 0.18 -0.06
Inactive time 3.2 -0.04 -.21** -0.16 0.04 -0.11 -0.07 0.1 -0.04

Avg. speed 1.1 0.12 0.08 -0.16 0.03 -0.02 0.02 -0.08 -0.15
Avg. speed 1.2 0.08 0.23** 0.14 0.23* 0 -0.01 0.06 0.02
Avg. speed 2.1 .23** -0.01 0.06 .30** -0.01 0.06 -0.15 -.19*
Avg. speed 2.2 0.02 -0.02 0.17 0.16 -0.13 0.05 -0.16 -0.08
Avg. speed 3.1 -0.01 -0.1 .19* -0.04 -0.05 0.03 -0.09 -0.01
Avg. speed 3.2 -0.05 -0.02 0.09 0.24** 0.02 0.08 -0.16 0.02
Dead ends 1.2 -0.04 -0.02 -0.09 -0.08 -0.05 0.11 0.04 0.06
Dead ends 2.1 -0.02 -.29*** -0.17 0.04 -.21** -.24** 0 -.23**
Dead ends 2.2 -0.16 -.19* 0.03 .19* -.17* -0.07 -0.17 -.17*
Dead ends 3.1 -.23** -.22** -.20* 0.01 0.01 -0.12 0.03 -.23**
Dead ends 3.2 -0.02 -.25** 0 0.11 -0.03 -0.07 -0.21 -0.09

7.3.4. FACTOR ANALYSIS

Four principal factor analyses were performed to retrieve the four factors for the six dis-
tance variables, the six inactive time variables, the six average speed variables, and the six
dead ends variables each. Orthogonal Varimax rotation was utilized. The Kaiser-Meyer-
Olkin measures of sampling adequacy were .61, .53, .64, and .71, respectively, indicating
that the sampling for all groups of variables was above the acceptable limit of .5 (Field,
2009). Moreover, Bartlett’s test of sphericity was significant for all groups of variables,
with χ2(15) = 51.75, p < .01 for distance, χ2(10) = 27.07, p < .01 for inactive time, χ2(15) =
107.70, p < .01 for average speed and χ2(10) = 60.67, p < .01 for dead ends count. Cron-
bach’s alpha (Bland and Altman, 1997) was .56, .36, .67 and .60 respectively. Table 7.5
displays the factor loadings and uniqueness of each variable contributing to the factor
after rotation. Based on these factor loadings, the factor was extracted using the standard
regression method.

The resulting factors were correlated again to the cognitive test scores using Pearson’s
correlation. This was done to understand whether the factors considered together would
reveal interesting relations to the scores of the cognitive tests. The results are shown in
Figure 7.18. From the results, we observed the following: The distance factor, dfctr, has
a significant negative correlation of -0.26 with ToL test scores and a highly significant
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Table 7.5: Rotated factor loadings from the principal factor analysis for the features extracted from the
Intelligent Maze.

Distance
features

Factor Uniqueness
Time

features
Factor Uniqueness

da11 0.56 0.68 . . .
da12 0.5 0.75 tp12 0.02 0.99
da21 0.28 0.92 tp21 0.46 0.79
da22 0.31 0.91 tp22 0.35 0.88
da31 0.4 0.84 tp31 0.53 0.72
da32 0.44 0.8 tp32 0.28 0.92

Speed
features

Factor Uniqueness
Deandend

features
Factor Uniqueness

sa11 0.37 0.86 . . .
sa12 0.43 0.82 dn12 0.13 0.98
sa21 0.75 0.44 dn21 0.64 0.6
sa22 0.64 0.6 dn22 0.55 0.7
sa31 0.47 0.78 dn31 0.52 0.73
sa32 0.43 0.82 dn32 0.57 0.67

negative correlation of -0.29 with RCPM test scores. The inactive time factor, tpfct, has
significant negative correlations of -0.25 with RCPM and -0.23 with DSbw test scores and
a highly significant negative correlation of -0.31 with FPT test scores. The average speed
factor has a significant positive correlation of 0.22 with the VFT test score. Lastly, the
factor for the count of dead ends has significant, negative correlations of -0.33 with the
RCPM and -0.24 with PM test scores. They correspond to the results that were found
during the initial analyses.

7.3.5. ENCODER ANALYSIS
Six encoded values were extracted from the features from the maze using the encoder-
decoder model. Using Pearson’s correlation, the resulting encoded values were corre-
lated again to the cognitive test scores. The results are shown in Figure 7.19. From the
results, we observed the following: Encoded value enc1 has highly significant negative
correlations of -0.27 with ToL and -0.26 with RCPM test scores, and a significant nega-
tive correlation of -0.20 with DSbw score. Encoded value enc2 has a significant negative
correlation of -0.28 with the NGA test score and -0.18 with the PM test score, and a sig-
nificant positive correlation of 0.25 with the VFT test score. Encoded value enc3 has sig-
nificant negative correlations of -0.20 with the ToL test score, -0.24 with the RCPM test
score, -0.24 with the DSbw test score, and -0.26 with the PM test score. Encoded value
enc4 has highly significant negative correlations of -0.32 with ToL and -0.26 with RCPM
test scores, a significant positive correlation of 0.21 with VFT test score, and significant
negative correlations of -0.21 with DSbw and -0.21 PM test scores. Encoded value enc5
has a highly significant negative correlation of -0.27 with RCPM test scores. Encoded
value enc6 has a highly significant negative correlation of -0.27 with RCPM and -0.31
with PM test scores, a significant negative correlation of -0.22 with ToL and -0.18 with
DSbw test scores, and a significant positive correlation of 0.20 with VFT test scores.
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7.4. DISCUSSION AND CONCLUSION

The current chapter, Chapter 7 explored the research question [Q3] and investigated if
information about a child’s cognitive capabilities could be automatically extracted using
stealth assessment during structured play. Chapter 6 discussed the performance of the
screen technology used in Intelligent Maze and found that this method provided 82.79%
more temporal and spatial resolution than using a camera. In the current chapter, we in-
vestigate whether these data points do help with the automatic extraction of features and
how effective those features are in predicting a relationship with the standard cognitive
tests. The automatic extraction algorithm was able to automate the feature extraction
by 94.48%. This shows that the Intelligent Maze is able to reduce the workload of data
collection of teachers by at least as much as 94.48%, showing great potential for the use
of the Intelligent Maze. The teachers do not need to manually enter any information but
only need to run the software. This increases the ease of using Intelligent Maze.

Correlational analyses revealed that significant correlations exist between the cogni-
tive test outcome measures and the features extracted from the Intelligent Maze. Fea-
tures from the Intelligent Maze tended to group together based on the category for e.g.,
two features of distance extracted from the Maze had a significant negative correlation
with ToL and RCPM, da21 and da22 with RCPM and da12 and da13 with ToL. So factor
analysis was used to factor these features into categories of distance, average speed, in-
active time, and deadends. But we notice a high uniqueness of each feature contributing
to the factors. Other criteria for factor analysis were satisfactory, such as the Kaiser-
Meyer-Olkin measures of sampling adequacy and Bartlett’s test of sphericity.

We will discuss the results of the analysis between the factors and encoded values
extracted from the Maze and the cognitive test scores with respect to convergent validity
(i.e., the degree to which relations that are to be expected are found).

7.4.1. FACTOR ANALYSIS

Significant, negative correlations found between the distance factor from Maze and ToL
as well as RCPM could indicate that the distance factor from Maze measures visuospa-
tial abilities since RCPM has been associated with visuospatial reasoning and ToL with
visuospatial memory. RCPM and ToL also overlap in problem-solving ability or reason-
ing. The negative correlation indicates that children with higher visuospatial abilities
and problem-solving skills travel less distance to solve the assignments in the Intelligent
Maze. But, we might have expected a relation with outcomes on PM as well, since this
task also measures visuospatial abilities, as well as with the FPT as this task measures
problem solving as well.

The factor for inactive time correlated with several cognitive tests in a negative way,
meaning that higher performance in tests is associated with lower inactive times during
the assignments in the Intelligent Maze. It is not immediately clear why the relations are
grouped in such a way for inactive time, as the described cognitive processes for RCPM,
FPT, and DSbw have limited overlap. At the same time, this can be explained by the low
Cronbach’s alpha of this factor, potentially yielding unreliable correlations. For DSbw,
a clear working memory component is needed, which is related to short-term memory
use for performing the FPT. Furthermore, perseverations on the FPT have been shown to
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be linked to verbal working memory capacity in the DSbw in adults (Goebel et al. (2009)).
For RCPM, however, a limited memory component is needed for solving the items.

The factor for average speed has a significant positive correlation with VFT, which
is a task that relies on verbal memory and language comprehension. The only other
tasks that require a verbal component (memory or comprehension) that we tested for
are the digit span tasks (DSfw and DSbw), for which no correlations were found. VFT
also has a very explicit time measurement aspect (i.e., children get one minute time).
Nevertheless, we would then have expected a relationship between the factor for average
speed and FPT as well, since this task also has an explicit time measurement aspect. It
can furthermore be argued that general intelligence is underlying to the performance of
the children on most tasks. This finding is therefore difficult to interpret.

Lastly, the factor for dead ends count had significant, negative correlations of -0.33
with RCPM and of -0.24 with PM. These relations can indicate that this factor, similar to
the distance factor, is related to visuospatial abilities. Furthermore, PM has also been
described to be an indicator of planning ability. However, we see no relationship with
ToL, which is another relevant task that measures planning.

To conclude, regarding convergent validity, it seems that there is support for the In-
telligent Maze measuring different aspects of cognition as measured by cognitive tests.
Particularly visuospatial abilities, such as visuospatial memory and reasoning, as well
as problem-solving and a working memory component. No other relations have been
found consistently to the cognitive tests we measured. This can potentially be explained
by the reliability and validity of the cognitive tests included as well as the reliability of
the measures extracted from the Intelligent Maze.

7.4.2. ENCODER ANALYSIS

When we consider the encoded values and the cognitive test scores, we can see that the
encoded values enc1 and enc4 have a highly significant correlation with both ToL and
RCPM. Since there is also a highly significant correlation between ToL and RCPM, we
can say that these two values encode some information about visuospatial reasoning
and memory. Encoded values enc1 and enc4 also have significant correlations to DSbw,
which indicates an aspect of working memory. But encoded value enc4 has a significant
correlation to PM, which indicates that while enc1 gives information about the visuospa-
tial reasoning and memory, enc4 gives information about both visuospatial abilities and
planning. When we consider the encoded values enc3 and enc6, we can see that both
have a significant correlation to tests that measure planning and visuospatial capabili-
ties like ToL, RCPM, and PM and working memory tasks like DSbw. While both enc3 and
enc6 might contribute to components of planning, memory, and visuospatial capabili-
ties, only enc6 contributes to the VFT test showing that enc6 also includes a component
of verbal memory and language comprehension. The fact that these encoded values
also show a correlation with the other tasks that require a verbal component (memory
or comprehension) (DSfw and DSbw) is positive. Both enc3 and enc6 also show a corre-
lation with DSfw though not strongly significant (p<0.05).

The encoded value enc2 has significant correlations to VFT and NGA tests, which
gives a measure of attention, inhibition, and verbal components. But enc2 does not show
any correlation to other tests that measure attention and verbal components like DSfw.
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We might conclude that enc2 potentially measures components of inhibition, but we
would require more tests on this as the data available for NGA tests were less than all the
other tests. Lastly, encoded value enc5 has a highly significant correlation of -0.27 with
RCPM. But enc5 only shows a correlation of p<0.05 significance with ToL and DSfw. So
we are not able to draw a definite conclusion without more research.

With respect to discriminant validity (i.e., the lack of relations that are not expected),
we can conclude the following from the factors: There were two cognitive tests that dis-
played no correlation to the factors extracted from the Intelligent Maze, which are NGA
and DSfw. These tasks are both said to measure attentional processes specifically, and
NGA further also measures inhibition and working memory. Due to the nature of the
task in the Intelligent Maze, it is somewhat surprising no relation is found with NGA.
Nevertheless, it could be argued that the factors extracted from the Maze do not mea-
sure attentional processes that are measured by both these cognitive tests.

Attention is used to some extent in the performance of all tasks in this study, and it is
required for the assignment tasks in the Intelligent Maze. It is interesting to note that the
encoded values are able to measure components of attention from the Intelligent Maze.
The cognitive test that displayed no relation to the encoded values extracted from the
Maze was FPT, which is a test that has not much overlap in the assessment of cognitive
capabilities with the other cognitive tests used in this study, though it does correspond
some to the working memory component of cognition.

We also notice that RCPM correlates with three out of the four factors extracted from
the Intelligent Maze and five out of the six encoded values extracted from the Intelli-
gent Maze. This could be due to the fact that RCPM has been demonstrated to correlate
strongly with non-verbal aspects of g or general intelligence (Raven et al., 1998), but of
course, performance on the other cognitive tests also depends upon general abilities.
The general or ‘g’ component was defined by Spearman as being determined by “that
which the measure has in common with all other measures of the common intellective
function” (Spearman, 1961). We can conclude that there are no relations found that was
not expected.

It is interesting to note that PM, the test that most closely resembles the nature of
the Intelligent Maze, has only one significant correlation with the Maze, namely with the
factor for the count of dead ends. With the encoded values, PM showed three significant
correlations with the encoded values, whereas RCPM had five. We would have expected
stronger relations between these two tests, RCPM and PM. Perhaps the testing medium
or differences in the difficulty level of the mazes could explain this lack of findings. PM
is a pencil-and-paper task, whereas the Intelligent Maze requires the children to move a
pen over a glass surface to manipulate a ball. It is also important to note that PM consists
of more items than the limited number of assignments made with the Intelligent Maze,
which may limit the comparability between the two tests.

It is also interesting to note that the encoded values are able to extract some compo-
nents of cognition that do not correspond to the ones found using factor analysis. For
e.g., the encoded values correlated with the NGA test core and DSfw test score. This
might be due to the fact that some of the factors extracted by the factor analysis do have
interactions between them, and these factors might have a complex relationship to the
scores measured using the cognitive tests used in our study. Because we are using an
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Figure 7.20: Interaction Effect between the distance factor (dfctr) and inactive time factor (tpfctr).

encoder-decoder model with multiple layers, the encoder might be able to pick up those
interactions better. For e.g., the factors for distance and inactive time have a highly sig-
nificant interaction effect. Figure 7.20 shows the interaction effect between these two
factors. Since the factors highly influence each other, in this case, the encoder analysis
might be able to extract the more complex relationship better.

We used the Intelligent Maze for the estimation of cognitive capabilities. The Intelligent
Maze has the advantages of stealth assessment and digital testing while being tangible
and familiar to children as a toy. We demonstrated that meaningful data could be auto-
matically collected from the children. The algorithm was successful in automating the
assessment of 94.48% of the data. As it has been demonstrated with technology-assisted
tests (Barnes, 2010), our method can also reduce the workload for teachers and care-
givers. Statistical results from the study show that the features extracted from the Intel-
ligent Maze show significant relation to the cognitive skills as measured during standard
cognitive tests, answering Research Question [Q3]. The insights gathered in our study
show the possibilities of using technology and algorithms from data science for the as-
sessment of cognitive capabilities, particularly in target groups that are more difficult to
assess. However, this chapter only focused on structured play using the Intelligent Maze.
In the structured play, children are given tasks and cannot play freely. To assess the us-
ability of the device with children, we need to additionally measure the performance
of the Intelligent Maze when used with unstructured play. The next chapter, Chapter 8
focuses on unstructured play with the Intelligent Maze,
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In this chapter, we aim to answer the fourth research question, [Q4]. We present a study
that investigates to what extent registered behavior during free play with the Intelligent
Maze can be used to assess the cognitive capabilities of children. In this study, children
are invited to play with the Intelligent Maze in an unstructured way. Playing in an un-
structured way means that children are encouraged to play with the Intelligent Maze with
no predetermined goal or objective. For instance, they do not have to go to certain areas
within the maze. No time limits are set. We investigate to what extent we can assess cogni-
tive capabilities from unstructured play with the Intelligent Maze by relating the variables
extracted from the Intelligent Maze during this unstructured play of children to their per-
formance on standardized cognitive tests, as well as their parents’ answers on the BRIEF
questionnaire (Huizinga and Smidts, 2009).

8.1. INTRODUCTION

As discussed in Chapter 7, the field of psychology knows a variety of standardized tests
targeting the assessment of a variety of cognitive aspects of children. One challenge with
such standardized tests that the Intelligent Maze can help overcome is that many, espe-
cially pen-and-paper standardized tests rely on a professional observer to document the

The presented Intelligent Maze research is a collaboration of Seethu M Christopher, Corrie C Urlings, Henri
van den Bongarth, Karien M Coppens, Petra PM Hurks, Lex Borghans, and Rico Mockel, all from Maastricht
University.
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behavior of the participating children. In contrast to such pen-and-paper tests, the Intel-
ligent Maze allows automating the recording of children’s test responses. Furthermore,
recordings can be automatically pre-processed and analyzed (Chapter 7).

Chaytor and Schmitter-Edgecombe (2003) criticized another challenge of standard-
ized tests: their ecological validity, specifying that the degree to which test performance
is representative of the cognitive performance of people in everyday life is often only
moderate. Test performance in standardized tests is calculated by summing the total
number of correct answers from a list of multiple items. This total score is then used for
clinical interpretations, leaving out potentially valuable information on the processes
underlying this obtained score. For example, variations within the time needed to solve
the assignment could potentially provide valuable insights into cognitive functions such
as processing speed and inhibition. In contrast to pen-and-paper tests, where this in-
formation often cannot be recorded, the Intelligent Maze can provide such information
(Chapter 7).

Another criticism of standardized tests is that they require structured environments
and are typically used under well-controlled conditions. The standardized test thus can
be stressful if the child has to leave his/her well-known environment. Research has
shown that test-related stress can take place in children when performing such tests (Se-
gool et al., 2013; von der Embse et al., 2017). The ability of young children to cooperate
in lengthy evaluations is also limited (Isquith et al., 2005, 2018).

A better alternative might be to allow young children to play with tangible physical
devices, as children naturally do during the continuous development of their skills. Since
studies have shown that young children play is essential to development of cognitive,
physical, social, and emotional well-being of children (Ginsburg et al., 2007) spend one
of the largest portions of their time on play (Hofferth and Sandberg, 2001), it is worth
investigating how assessments could be more aligned with play. This line of thought
implies moving away from standardized test environments toward automated data col-
lection during free play.

A valuable and unique benefit of toys with embedded sensors is that it promotes the
play behavior of children while allowing automated recordings of play behavior. Play is
an important mechanism by which children learn. Play also contributes to the social
and cognitive development of children (Goldstein, 2012). Toys are appealing to children
and stimulate play.

In this chapter, we focus on exploring whether cognitive functioning attributes can
be extracted from unstructured play with the Intelligent Maze. The rest of the chapter
is organized as follows. The materials and methods used in the study described in this
chapter are presented in Section 8.2. Section 8.3 details the results of this study for each
of the variables we extracted from the Intelligent Maze. Section 8.4 interprets, discusses
the results and provides conclusions from the study.

8.2. MATERIALS AND METHODS

This section details the subject details, the experimental setup, and the methods used
in this study.
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8.2.1. SUBJECT RECRUITMENT

Elementary schools in the South region of the Netherlands were invited to participate
in the study. Information letters, consent forms, and the BRIEF questionnaire were dis-
tributed among parents of children in group 2. Group 2 is the last year of kindergarten,
and children are on average six years old. We excluded children who had repeated a
grade and children who did not have at least one parent who sufficiently understood
Dutch since all information was provided in this language. Lastly, we also excluded chil-
dren with a diagnosed disorder such as a developmental or psychiatric disorder. The
criteria were included in order to focus on the population of children within a normal
range of development, rather than having developmental or language issues as a poten-
tial confounder in the analyses. All the exclusion criteria remained the same as in the
other studies with this device.

(A) (B)

Figure 8.1: (A) Exploration Board. (B) Exploration Board Maze Pattern extracted for data processing.

8.2.2. EXPLORATION BOARD

For this study, the data from the exploration board was used. The exploration board
and pattern are shown in Figure 8.1. This board consists of an intricate pattern with
three “areas of interest”. These areas of interest are circular regions within the Maze at
the three corners of the board. These are illustrated in Figure 8.2, shaded in blue and
marked "R1", "R2", and "R3". This board had 18 possible dead ends for the children to
explore. The deadends are also illustrated in Figure 8.2, shaded in red and numbered 1 to
18. Children started playing with the Intelligent Maze with the ball placed in the middle
of the exploration board.

8.2.3. EXPERIMENTAL PROCEDURE

For this study, the same testing protocol was used as the previous studies with the Intel-
ligent Maze, included in Chapter 6 and 7. The testing protocol can be found in Appendix
A. The instruction for the exploration play was kept small and concise. Initially, each
child starts with the ball placed in the middle of the board, holding the pen in his/her
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Figure 8.2: The exploration board with the deadends and areas of interest marked. The areas shaded in red are
the deadends. The blue circles show the “areas of interest”.

hand. The instruction on the play condition was kept concise and short, stating that the
children were going to play with a maze. The children were then asked if they knew what
a maze was. And then the Maze was revealed to the children. The children were then
told by the researcher that they could move the ball within the Maze using the pen. The
children were also told that they could play freely with the Maze. From the moment the
instructions were over, a stopwatch was started by the researcher. The stopwatch was
stopped once the children finished moving within the Maze. The stopwatch was used to
track how long the children played with the Maze. This served as additional validation
for verification of the time tracked by the Intelligent Maze while also being an insight to
the researcher during the play.

There were three scenarios that were considered during the play. If the child did not
do anything during the playtime, the researcher encouraged the children to play some-
thing but did not force the child to play with the Maze. Even after the encouragement, if
the child was unable to move the ball with the pen or interact with the Maze, the mea-
surement would be stopped after 90 seconds. The second scenario is where the child
stopped playing after less than 2 minutes. In this case, the researcher suggested to the
child that s/he still had time to play if s/he wished and gently encouraged the child to
keep playing. If the child stopped playing between 2-5 minutes, the researcher did noth-
ing until the child indicated with a non-verbal or verbal communication that s/he was
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done playing. If the child played for more than 5 minutes, the researcher stopped the
measurement at the end of 5 minutes and wrapped up the play.

In addition to the free play test with the Intelligent Maze, standardized cognitive tests
were performed with the children. These cognitive tests included the Raven Coloured
Progressive Matrices (RCPM), Tower of London (ToL), Paper Mazes (PM), Five-Point Test
(FPT), Verbal Fluency Test (VFT), Digitspan Forward and Backward (DSfw, DSbw), Go/No-
Go (No-go accuracy was used, abbreviated as NGA). These tests are described in Chapter
7. The outcomes of the BRIEF questionnaire were also included. The BRIEF question-
naire is briefly explained in the next section.

8.2.4. COGNITIVE TESTS

BEHAVIOR RATING INVENTORY OF EXECUTIVE FUNCTIONING (BRIEF)
We utilized the Dutch version of the BRIEF questionnaire for 5-17-year-olds (Huizinga
and Smidts, 2009). The original American version was designed by Gioia et al. (2000).
The BRIEF aims to map executive functioning skills based on the description of behav-
ior. For this study, we used the parent form. The questionnaire contained 75 items di-
vided across eight subscales, two general indices, a total score, and two validity scores.
For this study, we used the scores on the subscales, which each had a specific range of
item scores: inhibition (10-30), flexibility (10-30), emotion regulation (9-27), initiative-
taking (7-21), working memory (10-30), planning and organizing (10-30), order and
neatness (7-21), behavioral evaluation (10-30). Two items explicitly asked about the
play of the child, which are both a part of the ‘initiative taking’-scale (i.e., items 4 and
16).

According to Gioia et al. (2000), the different scales in the BRIEF measure the follow-
ing: “Inhibition scale assesses inhibitory control and impulsivity. This can be described
as the ability to resist impulses and to stop one’s own behavior at the appropriate time.
The flexibility scale assesses the ability to move freely from one situation, activity, or
aspect of a problem to another as the circumstances demand. The emotion regulation
scale measures the impact of problems on emotional expression and assesses a child’s
ability to modulate or control his or her emotional responses. Initiative-taking scale
reflects a child’s ability to begin a task or activity and to independently generate ideas,
responses, or problem-solving strategies. The working memory scale measures the ca-
pacity to hold information in mind for the purpose of completing a task or plans and
sequential steps to achieving goals. Working memory is essential to carry out multi-step
activities and follow complex instructions. The planning and organizing scale measures
the child’s ability to manage current and future-oriented task demands. The order and
neatness scale measures the orderliness of work, play, and storage spaces. The behav-
ioral evaluation scale assesses two types of monitoring behaviors: Task-oriented mon-
itoring and Self-monitoring. The task monitoring portion of the scale captures whether
a child assesses his or her own performance during or shortly after finishing a task to
ensure the accuracy or appropriate attainment of a goal. The self-monitoring portion of
the scale evaluates whether a child keeps track of the effect that his or her behavior has
on others.”

The BRIEF was designed as a clinical scale, meaning that a higher score reflects more
problematic behavior and thus lower cognitive skills. Huizinga and Smidts (2009) re-
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ported the following psychometric properties for the Dutch BRIEF: For children aged
5-7 years old, the reliability of the raw scores on all subscales of the teacher form was
between .75 and .96. Internal consistency, as measured using Cronbach’s alpha, was at
least .87 for all subscales. Test-retest reliability was satisfactory as well. BRIEF has been
shown to be a valid measure of everyday functioning (Gioia et al., 2000; Kenworthy et al.,
2008; Toplak et al., 2008).

8.2.5. DATA PROCESSING
Data processing involves Data Acquisition, Data Filtering, and Feature Extraction. Data
Acquisition is the same as described in Chapter 7, Section 7.2.5. Data Filtering and Fea-
ture extraction are described in detail below.

DATA FILTERING

During this process, the raw data from the maze was filtered to remove the artifacts
within the raw data. The artifacts in the data mainly consisted of the points in the data
where the pen and the ball were not connected and when the pen registered false points
where the child touched the screen. These were found by using the flag in the raw data,
which gave an indication of the connection between the pen and ball.

Analysis of the quality of the data extracted using the Intelligent Maze can be found
in Chapter 6. Heuristics such as distance between consecutive points and the distance
between the pen and ball was used to further filter the data. This was used to delete
points that were further away than a threshold from the current point and also consecu-
tive points that were moving back and forth within a thresholded area. The threshold in
pixel values was found after extensive experimentation.

In exploration, the children were free to choose to move whenever they wanted and
could also stop at their choice. To enable a fair comparison between children, start and
stop points were defined for the data once it was cleaned. The start was defined as the
point at which there was an active movement from the child after the data collection
started. The stop was similarly defined as the time at which any active movement from
the child stopped. For this, a time threshold was used. The threshold was found after
extensive experimentation and analysis of the data. Figure 8.3 displays the typical end
result of the Data Filtering process.

FEATURE EXTRACTION

We extracted the same type of features from the exploration board as with the assign-
ment board, described in Chapter 7, Section 7.2.5. The features that we were mainly
interested in were: Distance traveled in the Intelligent Maze, Time spent in the Intelli-
gent Maze, Average speed, whether the child visited the "areas of interest", inactive time
spent in the Intelligent Maze, time spent actively moving in the Intelligent Maze, the
number of deadends visited, time and distance spent in the deadends and unique ball-
points. The features and the feature codes are given in Table 8.1 below, along with their
descriptions.

However, for feature extraction in the exploration board, we decided to divide the
data into segments for the feature extraction instead of considering the data as a whole,
as we did in the assignment board, described in Chapter 7. Two main approaches were
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Figure 8.3: The results of Data Filtering process. The raw data is shown in green and the filtered data is shown
in red.

used for the division of data for the extraction of features: The Spatial approach and the
Temporal approach. In the spatial approach, the data is divided based on the design of
the maze. In the temporal approach, the data is divided into segments based on time.
The different approaches used for the Feature Extraction are described below.

(a) Spatial Approach:

In this approach, the Intelligent Maze was divided into six spatial segments, called zones.
The Intelligent Maze board with the exploration maze pattern, the different zones that it
was divided into, and their names are shown in Figure 8.4. Table 8.2 contains an explana-
tion of the different zones and combinations of zones that were considered for the fea-
ture extraction. For this approach, the features were extracted for each zone separately.
Spatial zones were considered to see if we could find any interesting spatial patterns or
areas in the Intelligent Maze that the children were interested in that could be extracted
from the data.

For calculating the average speed in this approach, the zones were further divided
into smaller segments. The segments are shown in Figure 8.4 for zone Z2. The speed was
calculated for each of the smaller segments and then averaged to calculate the average
speed feature. The different features and their descriptions are given in Table 8.3. For
the features calculated as percentages, the denominator was always the total amount
calculated for the maze as a whole.



8

134
8. AN EXPLORATION STUDY: INTELLIGENT MAZE FOR ASSESSING COGNITIVE SKILLS

DURING UNSTRUCTURED PLAY

Table 8.1: The features extracted from the Intelligent Maze: features codes and explanation. Distances are
measured in cm. Time is measured in seconds. Average speed is measured in cm/s.

Sl.
No

Feature
Code

Feature
Name

Feature
Description

1 tim
Total
Distance (cm)

Distance between the 1st data point
to the last data point in the data file.

2 d_f
Total
Distance (cm)

Distance calculated for
the data points.

3 av_sp_f
average
speed (cm/s)

Average of speeds between
segments in the maze.

4 visit
Visiting
stars

A value indicating whether the child visited
the stars R1, R2 and R3. The binary of the
combination of the logical values of visiting
each starts is stored as a decimal value.

5 plan_p
inactive
time [%]

(inactive time/total time)*100

6 exec_p
active
time [%]

(active time/total time)*100

7 neg_p
negative
points [%]

(negative points/total number of points)*100

8 pos_p
positive
points [%]

(positive points/total number of points)*100

9 deadn
deadends
count

Number of times child visited deadends.

10 deadd_p
deadends
distance [%]

(deadends distance/total distance)*100

11 deadt_p
deadends
time [%]

(deadends time/total time)*100

12 u_ball
unique
ballpoints

Total number of unique
data points from the ball.

13 r_ball
ratio
ballpoints

Unique ball points/
Total number of ball points

(b) Temporal Approach:
In this approach, the recording for each child was divided into ten segments of 30 sec-
onds each, up to a maximum of 300 seconds. If there was less data than 300 seconds,
fewer segments were used. Not all children will have data for all parts since they were
not obligated to play for this long. If there was data of more than 300 seconds, the re-
maining data was discarded. Only 300 seconds were used because we wanted to be con-
sistent across all the children, and the children were encouraged to play for 5 minutes
even though they were not stopped forcibly if they continued playing thereafter. The ten
segments of 30 seconds data were used for feature extraction separately. For each 30-
second data, the various features that were extracted are given in Table 8.1 along with
their descriptions. Once the features were collected for each segment, the features were
combined into a single feature. i.e., The distance feature for each segment was combined
into a single distance feature. The speed feature was an average of the speed in the diff-
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Figure 8.4: The exploration maze pattern with the zones Z1-Z4 marked out. An example of data differentiated
into the different zones is marked in the figure. The segments for Zone Z2 are marked in the figure, shaded as

yellow.

Table 8.2: The different zones defined for the exploration maze shown in Figure 8.4.

Zones and Spatial regions
defined in the maze

Definitions

Z2 Blue region in Figure 8.4
Z3 Yellow region in Figure 8.4
Z4 Green region in Figure 8.4
Z5 Pink region in Figure 8.4

Z1r
Right side of the central zone.

Z1 right

Z1l
Left side of the central zone.

Z1 left

Z1
Combination of zones

(Z1r,Z1l)

top
Combination of zones

(Z2,Z5)

bot
Combination of zones

(Z3,Z4)

lt
Combination of zones

(Z2,Z3)

rt
Combination of zones

(Z4,Z5)
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erent segments. i.e., the speed feature of each of the ten segments was averaged to get
the average speed feature. This was done as an additional check to confirm that the data
did not have any anomalies. Since the segments are fixed temporally, any features ex-
tracted by the algorithm which had a value above or below the average could be flagged
by the algorithm and checked. For the features that were calculated as a percentage,
the features from the ten segments were combined together before the percentage was
calculated. For the features related to the deadends, the time segment approach was
not used. This was done so as to avoid any double-counting that may occur when the
data segment gets cut in the middle of visiting a deadend, i.e., the segments could switch
within a deadend and get counted twice. For the deadend features, the data as a whole
300 seconds segment was used for feature extraction. The deadends used in the feature
extraction are shown in Figure 8.2.

8.2.6. STATISTICAL PROCESSING

Descriptive statistics were done for the cognitive test scores, the BRIEF scores, and the
features extracted from the Maze. Spearman’s rho correlational analysis was performed
on the cognitive scores and a selection of the features extracted from the Maze, also be-
tween the BRIEF scores and a selection of features extracted from the Maze. The features
were selected after an initial regression test analysis against all the features extracted
from the Maze and the cognitive test scores and BRIEF scores. Only the features with a
significant relation to the cognitive test scores and the BRIEF scores in the initial tests
were used for further correlational analysis. The same process was followed for the fea-
tures selected from the Maze in the temporal and spatial approaches.

8.3. RESULTS

This section details the results of the study. The statistical and correlation analysis for
each approach is described in detail.

8.3.1. DESCRIPTIVE STATISTICS

All descriptive analyses were performed in Excel 2010. The sample used for this study
consisted of 121 primary school children in the Limburg region of the Netherlands. 11
children were excluded due to them being absent on the days of testing or technical diffi-
culties with the Intelligent Maze. In total, 109 children were included in the data analysis
for this study, with a mean age of 72.49 months (6 years) and a standard deviation of 4.37
months. There were 54 boys and 55 girls in the sample.

Table 8.4 shows descriptive information on the factors included in this analysis from
the cognitive tests. Data from the cognitive tests of 109 children were used in the anal-
ysis. Table 8.5 displays the descriptive information of the factors from the BRIEF scale.
Data from the BRIEF tests of 106 children were used in the analysis. It can be observed
from Table 8.4 and Table 8.5 that there was sufficient range in the data included in this
study.

Figure 8.5 shows the box plot of the BRIEF Scale. The figure shows the outliers of the
data. Outliers on all outcome variables of the cognitive tests, BRIEF scale, and features
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Table 8.4: Descriptive information on the Cognitive Tests. N=Number of observations, M=Mean, SD=Standard
Deviation.

Cognitive
Tests

N M SD Min. Max.

ToL 109 13.02 2.65 0 18
RCPM 109 23.31 4.38 9 34

FPT 109 7.12 2.62 1 14
VFT 109 10.63 3.69 3 21

DSfw 107 10.50 2.50 6 19
DSbw 109 6.12 1.75 3 11
NGA 109 2.66 1.15 0 5
PM 109 8.78 2.40 4 15

Table 8.5: Descriptive information on the BRIEF Scale. N=Number of observations, M=Mean, SD=Standard
Deviation.

BRIEF scales N M SD Min. Max.
Inhibition 106 14.41 3.50 10 27
Flexibility 106 11.19 2.56 8 18

Emotion Regulation 106 14.55 3.59 10 29
Initiative Taking 106 10.95 2.59 8 22

Working Memory 106 14.65 3.60 10 26
Planning 106 14.79 2.62 12 25

Order and Neatness 106 9.09 2.14 6 16
Behavioral Evaluation 106 11.94 3.05 8 21

Figure 8.5: Box plot of the scores in the BRIEF Scale.
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extracted from the Intelligent Maze were replaced with a value of 3 standard deviations
plus or minus the mean of that variable. For further analysis, Table 8.6 and Table 8.7
show the descriptives of the features extracted from the Maze in the temporal and spatial
approaches, respectively. Data from 109 children were used from the Intelligent Maze in
the analysis, except for the features involving the ballpoints. These were only included
in the second cohort.

Table 8.6: Descriptives of the features extracted from the Intelligent Maze with the temporal approach.
Distances are measured in cm. Time is measured in seconds. Average speed is measured in cm/s. N=Number

of observations, M=Mean, SD=Standard Deviation.

Maze Features N Mean SD Min Max
Distance 109 1293.70 505.56 165.84 2415.48
Time 109 251.51 73.25 30.97 336.06
Average of speeds 109 14.50 3.85 6.35 30.86
Planning Time [%] 109 8.75 7.79 0 35.03
Execution Time [%] 109 81.83 13.50 35.34 99.30
Visiting Variable 109 5.84 1.57 0 7
Unique Ball Value 53 2583.19 1469.25 204 6511
Ratio of Unique Ball 53 0.69 0.0603 0.55 0.86
Negative Points [%] 109 21.38 6.66 4.39 43.40
Positive Points [%] 109 78.62 6.66 56.59 95.61
Deadends Count 109 25.29 11.36 2 56
Deadends Distance [%] 109 23.53 9.13 4.78 59.09
Deadends Time [%] 109 21.50 8.33 7.94 55.88

Table 8.7: Descriptives of the features extracted from the Intelligent Maze in the spatial approach. Distances
are measured in cm. Time is measured in seconds. Average speed is measured in cm/s. N=Number of

observations, M=Mean, SD=Standard Deviation.

Beginning of Table 8.7
Maze Features N Mean SD Min Max

End of Table 8.7

Number
of points

Z2pts 109 982.46 476.15 75.00 2716.00
Z3pts 109 1235.48 649.99 55.00 3017.00
Z4pts 109 549.95 342.05 0.00 1454.00
Z5pts 109 432.61 295.55 0.00 1386.00
Z1pts 109 1445.45 712.90 142.00 3504.00

Z1rpts 109 863.90 465.11 64.00 2491.00
Z1lpts 109 581.55 348.54 0.00 1636.00
toppts 109 1415.07 655.47 98.00 3026.00
botpts 109 1785.43 928.47 73.00 4236.00
rtpts 109 2217.94 1036.79 148.00 4657.00
ltpts 109 982.57 523.61 23.00 2076.00

Total Time

Z2tim 109 43.85 20.34 5.00 115.21
Z3tim 109 57.46 23.22 11.57 107.24
Z4tim 109 33.59 17.59 0.00 90.47
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Continuation of Table 8.7
Maze Features N Mean SD Min Max

Z5tim 109 23.87 14.43 0.00 67.02
Z1tim 109 83.07 31.94 8.77 170.84

Z1rtim 109 50.83 24.96 7.60 139.95
Z1ltim 109 32.24 18.18 0.00 92.55
toptim 109 67.72 27.68 11.81 151.08
bottim 109 91.05 36.08 18.04 186.16
rttim 109 101.31 37.34 20.45 172.41
lttim 109 57.46 24.21 3.46 126.17

Total
Distance

Z2d_f 109 253.62 118.78 32.83 584.47
Z3d_f 109 359.15 170.39 49.41 769.40
Z4d_f 109 159.32 90.36 0.00 423.46
Z5d_f 109 117.99 74.49 0.00 368.64
Z1d_f 109 381.05 167.78 43.40 836.12

Z1rd_f 109 227.08 111.59 38.30 539.52
Z1ld_f 109 153.97 82.98 0.00 344.92
topd_f 109 371.62 162.15 43.77 758.57
botd_f 109 518.48 246.60 49.41 1162.77
rtd_f 109 612.78 265.68 82.24 1230.73
ltd_f 109 277.32 133.35 10.94 635.88

Concentration
of Points

Z2pd 109 0.21 0.06 0.09 0.36
Z3pd 109 0.26 0.07 0.05 0.42
Z4pd 109 0.12 0.06 0.00 0.41
Z5pd 109 0.09 0.05 0.00 0.24
Z1pd 109 0.31 0.07 0.08 0.56

Z1rpd 109 0.18 0.05 0.08 0.32
Z1lpd 109 0.12 0.05 0.00 0.25
toppd 109 0.31 0.07 0.11 0.52
botpd 109 0.38 0.10 0.13 0.81
rtpd 109 0.48 0.08 0.25 0.65
ltpd 109 0.21 0.06 0.06 0.41

Total Time%

Z2tim_p 109 16.72 5.33 5.47 38.04
Z3tim_p 109 22.43 6.00 5.62 35.03
Z4tim_p 109 13.27 6.84 0.00 54.80
Z5tim_p 109 9.51 5.45 0.00 26.19
Z1tim_p 109 32.74 9.34 5.31 60.68

Z1rtim_p 109 20.02 8.74 5.31 47.54
Z1ltim_p 109 12.73 6.45 0.00 39.53
toptim_p 109 26.23 7.17 7.34 49.89
bottim_p 109 35.70 10.58 8.48 84.59
rttim_p 109 39.15 7.19 21.34 60.86
lttim_p 109 22.78 7.98 3.26 54.80

Total
Distance%

Z2df_p 109 19.18 5.28 7.52 32.77
Z3df_p 109 27.22 6.27 10.33 44.14
Z4df_p 109 12.18 5.40 0.00 40.40
Z5df_p 109 9.02 4.72 0.00 20.49
Z1df_p 109 29.09 6.80 6.29 44.93

Z1rdf_p 109 17.16 4.85 6.29 30.06
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Continuation of Table 8.7
Maze Features N Mean SD Min Max

Z1ldf_p 109 11.92 5.23 0.00 27.03
topdf_p 109 28.20 6.24 7.52 45.03
botdf_p 109 39.40 9.95 15.12 84.54
rtdf_p 109 46.40 6.66 27.64 62.23
ltdf_p 109 21.20 5.89 4.97 40.40

Average
speed

Z2av_sp_f 109 189.62 116.79 13.78 534.47
Z3av_sp_f 109 176.63 195.20 13.91 1926.04
Z4av_sp_f 109 82.73 74.04 0.00 512.86
Z5av_sp_f 109 86.90 72.88 0.00 429.69

Z1rav_sp_f 109 193.14 135.89 16.14 1088.32
Z1lav_sp_f 109 165.80 135.02 0.00 927.70

Unique
ballpoints

Z2u_ball 53 586.49 395.41 48.00 2123.00
Z3u_ball 53 674.34 414.77 37.00 1947.00
Z4u_ball 53 269.74 192.77 0.00 1011.00
Z5u_ball 53 225.60 184.32 0.00 1041.00
Z1u_ball 53 863.55 550.10 88.00 2496.00

Z1ru_ball 53 509.89 359.53 39.00 2006.00
Z1lu_ball 53 353.66 268.28 2.00 1421.00
topu_ball 53 812.09 486.56 59.00 2378.00
botu_ball 53 944.08 581.31 45.00 2958.00
rtu_ball 53 1260.83 768.94 93.00 3433.00
ltu_ball 53 495.34 312.61 11.00 1599.00

Ratio
ballpoints

Z2r_ball 53 0.68 0.07 0.51 0.84
Z3r_ball 53 0.68 0.07 0.55 0.87
Z4r_ball 52 0.68 0.08 0.51 0.86
Z5r_ball 51 0.69 0.08 0.48 0.85
Z1r_ball 53 0.70 0.06 0.57 0.86

Z1rr_ball 53 0.71 0.07 0.58 0.84
Z1lr_ball 53 0.69 0.09 0.20 0.87
topr_ball 53 0.68 0.07 0.52 0.84
botr_ball 53 0.68 0.07 0.54 0.87
rtr_ball 53 0.68 0.07 0.53 0.86
ltr_ball 53 0.68 0.07 0.48 0.85

Inactive
time(s)

Z2plan_t 109 2.33 4.28 0.00 25.76
Z3plan_t 109 3.17 4.99 0.00 27.64
Z4plan_t 109 3.99 6.33 0.00 34.78
Z5plan_t 109 2.89 4.98 0.00 27.56
Z1plan_t 109 7.57 8.76 0.00 37.83

Z1rplan_t 109 5.82 7.98 0.00 32.64
Z1lplan_t 109 1.75 3.70 0.00 26.41
topplan_t 109 5.23 6.98 0.00 32.51
botplan_t 109 7.16 9.22 0.00 39.25
rtplan_t 109 5.50 7.07 0.00 37.23
ltplan_t 109 6.89 8.68 0.00 34.78

Active time(s)

Z2exec_t 109 39.06 17.64 5.00 80.96
Z3exec_t 109 49.11 22.33 8.13 104.08
Z4exec_t 109 26.50 14.52 0.00 76.61
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Continuation of Table 8.7
Maze Features N Mean SD Min Max

Z5exec_t 109 19.78 12.33 0.00 58.28
Z1exec_t 109 68.83 29.44 8.77 157.09

Z1rexec_t 109 40.34 19.14 6.41 111.53
Z1lexec_t 109 28.49 16.69 0.00 81.32
topexec_t 109 58.85 24.79 8.37 121.26
botexec_t 109 75.60 34.03 8.13 180.69
rtexec_t 109 88.17 36.18 14.33 169.25
ltexec_t 109 46.28 21.05 3.46 95.36

Active time%

Z2plan_p 109 4.51 7.20 0.00 33.54
Z3plan_p 109 5.45 8.55 0.00 45.03
Z4plan_p 109 10.48 15.17 0.00 65.56
Z5plan_p 109 10.19 15.48 0.00 80.73
Z1plan_p 109 9.49 11.52 0.00 56.12

Z1rplan_p 109 10.31 13.34 0.00 72.30
Z1lplan_p 109 4.90 10.58 0.00 67.96
topplan_p 109 7.54 9.33 0.00 37.88
botplan_p 109 7.84 10.14 0.00 46.41
rtplan_p 109 5.40 6.78 0.00 34.80
ltplan_p 109 11.50 13.28 0.00 53.32

Inactive
time%

Z2exec_p 109 90.39 12.27 42.17 100.00
Z3exec_p 109 85.20 15.98 29.79 100.00
Z4exec_p 109 80.38 19.88 0.00 100.00
Z5exec_p 109 81.53 23.73 0.00 100.00
Z1exec_p 109 83.28 16.23 23.12 100.00

Z1rexec_p 109 82.42 18.28 13.62 100.00
Z1lexec_p 109 88.56 16.99 0.00 100.00
topexec_p 109 87.22 12.61 49.03 100.00
botexec_p 109 82.70 15.50 29.79 100.00
rtexec_p 109 86.81 13.28 40.21 100.00
ltexec_p 109 81.51 16.15 40.33 100.00

Deadends
Count

Z2deadc 109 4.34 2.94 0.00 13.00
Z3deadc 109 8.05 4.22 0.00 21.00
Z4deadc 109 4.43 3.09 0.00 13.00
Z5deadc 109 3.07 2.41 0.00 10.00

Deadends
Distance

Z2deadd 109 72.04 73.27 0.00 487.98
Z3deadd 109 118.80 82.82 0.00 584.30
Z4deadd 109 26.60 24.30 0.00 125.29
Z5deadd 109 22.83 22.51 0.00 90.26
topdeadd 109 94.87 85.98 0.00 578.24
botdeadd 109 145.40 90.29 0.42 605.95
rtdeadd 109 190.84 118.46 5.07 609.79
ltdeadd 109 49.43 36.13 0.00 181.78

Deadends
Time

Z2deadt 109 8.80 8.60 0.00 56.34
Z3deadt 109 20.63 12.27 0.00 55.79
Z4deadt 109 5.79 5.45 0.00 30.77
Z5deadt 109 4.64 5.50 0.00 37.62
topdeadt 109 13.44 11.80 0.00 67.28
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Continuation of Table 8.7
Maze Features N Mean SD Min Max

botdeadt 109 26.42 14.12 0.15 64.59
rtdeadt 109 29.43 15.70 1.21 71.43
ltdeadt 109 10.43 8.31 0.00 50.61

Deadends
distance%

Z2deadd_p 109 21.16 15.38 0.00 74.41
Z3deadd_p 109 30.00 14.03 0.00 74.35
Z4deadd_p 109 14.72 10.96 0.00 48.20
Z5deadd_p 109 16.98 14.60 0.00 66.38
topdeadd_p 109 20.25 12.45 0.00 67.26
botdeadd_p 109 26.23 11.59 0.31 74.35
rtdeadd_p 109 27.21 11.40 3.45 64.85
ltdeadd_p 109 16.37 9.84 0.00 57.01

Deadends
time%

Z2deadt_p 109 18.44 14.43 0.00 65.50
Z3deadt_p 109 35.44 15.88 0.00 88.14
Z4deadt_p 109 16.73 13.27 0.00 64.77
Z5deadt_p 109 19.05 17.33 0.00 84.70
topdeadt_p 109 18.89 12.28 0.00 56.33
botdeadt_p 109 29.49 12.95 0.61 88.14
rtdeadt_p 109 29.03 12.65 3.85 67.49
ltdeadt_p 109 18.59 13.14 0.00 84.70

8.3.2. DATA PROCESSING

There were a total of 110 data files for the exploration maze of children who were in-
cluded in the analysis. Out of this, one file could not be automatically analyzed by the
algorithm. The filtering part of the algorithm was not able to remove all the artifacts in
the data. The remaining artifacts, after the filtering process, had to be removed manu-
ally. The algorithm was able to remove 99% of the artifacts. The algorithm was successful
in automating the assessment of 99.1% of the data files.

8.3.3. CORRELATION ANALYSIS

All correlational analysis was done in Matlab version 2018b and R version v4.1.0. Spear-
mans’ non-parametric correlation was performed to understand the relationship be-
tween the features extracted from the Maze and cognitive tests outcomes and the out-
comes on the BRIEF questionnaire. The results of the correlations between the cognitive
test scores and the features extracted from the Maze for both temporal and spatial ap-
proach are described in detail in the following sections 8.3.3 and 8.3.3.

TEMPORAL APPROACH

Figure 8.6 and Figure 8.7 show the correlation plots for the features extracted from the In-
telligent Maze using the temporal approach and the cognitive test outcomes and BRIEF
scores respectively. Tables 8.8 and 8.9 show the values with significance for the same.

When considering the cognitive test scores, the Table 8.8 and Figure 8.6 show several
highly significant correlations between the Intelligent Maze features and the cognitive
test outcomes. The deadend features ‘deadd_p’ and ‘deadd_p’ show highly significant
negative correlations of -0.439 and -0.470 with ToL, respectively. The deadend features
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Figure 8.6: Correlation plot for the correlation between the features extracted from the Intelligent Maze using
temporal approach and the cognitive test scores. The color bar indicates correlation. * p < .05, ** p < .01, *** p

< .001.

Table 8.8: Spearman’s non-parametric correlation between the Intelligent Maze features and the Cognitive
test scores: Temporal Approach. * p < .05, ** p < .01, *** p < .001.

Cognitive
Test Scores

Maze Features
av_sp_f plan_t r_ball neg_p pos_p deadd_p deadt_p

ToL 0.069 -0.007 -0.423** -0.447*** 0.447*** -0.439*** -0.470***
RCPM 0.120 0.055 -0.550*** -0.160 0.160 -0.111 -0.153
FPT 0.019 -0.193* 0.093 -0.068 0.068 -0.083 -0.100
VFT 0.245* -0.047 -0.197 -0.098 0.098 -0.112 -0.185
PM 0.019 -0.020 -0.488*** -0.208* 0.208* -0.206* -0.193*
Dsfw 0.098 -0.014 0.009 -0.146 0.146 -0.137 -0.235*
Dsbw -0.010 0.097 -0.068 -0.247** 0.247** -0.277** -0.269**

‘deadd_p’ and ‘deadt_p’ show slightly significant negative correlations of -0.277 and -
0.269 with PM, respectively. I.e., spending more time in the deadends and traveling fur-
ther in the deadends is associated with lower performance in ToL and PM. Furthermore,
the inactive time feature ‘plan_t’ shows slightly significant negative correlations of -0.193
with PM. I.e., a longer inactive time is associated with a lower score on FPT. A highly sig-
nificant positive correlation of 0.247 was found between Dsbw and the positive points
in the Intelligent Maze. A highly significant negative correlation of -0.247 was found be-
tween Dsbw and the negative points in the Maze. This shows that the more time spent
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Figure 8.7: Correlation plot for the correlation between the features extracted from the Intelligent Maze using
temporal approach and the BRIEF subscale scores. The color bar indicates correlation. * p < .05, ** p < .01, ***

p < .001.

Table 8.9: Spearman’s non-parametric correlation between the Intelligent Maze features and the BRIEF
subscale scores : Temporal Approach. * p < .05, ** p < .01, *** p < .001.

BRIEF
Score

Maze Features
d_f exec_p u_ball neg_p pos_p deadd

br_inhib -0.142 -0.220* -0.206 0.110 -0.110 -0.081
br_flex -0.103 -0.142 -0.189 0.197* -0.197* -0.054
br_emoreg -0.074 -0.062 -0.183 0.081 -0.081 -0.020
br_initiativ -0.257** -0.221* -0.290* -0.005 0.005 -0.195*
br_workmem -0.129 -0.196* -0.252 0.037 -0.037 -0.116
br_plan -0.052 -0.117 -0.070 0.173 -0.173 0.005
br_order 0.020 -0.044 0.013 0.043 -0.043 0.024
br_behavior -0.148 -0.137 -0.151 0.046 -0.046 -0.105

or distance traveled in the non-deadend areas is associated with a higher score on Dsbw.
The same is true for PM and ToL, i.e., the more time spent or distance traveled in the
non-deadend areas is associated with a higher score on PM and ToL. ToL had a highly
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significant positive correlation of 0.447 with positive points and a highly significant neg-
ative correlation of -0.447 with negative points. A slightly significant positive correlation
of 0.245 was found between the speed feature ‘av_sp_f’ and VFT. I.e., a faster traversal
through the Maze is associated with a higher score in VFT. The ratio of the unique ball-
points feature, ‘r_ball’, showed a highly significant negative correlation of -0.550 with
RCPM and -0.488 with PM. The ratio of unique ballpoints feature also showed a signifi-
cant negative correlation of -0.423 with ToL.

When considering the BRIEF subscales, Table 8.9 and Figure 8.7 display several highly
significant correlations between parents’ responses on the BRIEF questionnaire and chil-
dren’s playing behavior captured using the Intelligent Maze. The subscale ‘Initiative
taking’ had a significant negative correlation of -0.257 with the distance feature, ‘d_f’,
a slightly significant negative correlation of -0.221 with the active time percentage fea-
ture, ‘exec_p’, a slightly significant negative correlation of -0.195 with the deadend fea-
ture, ‘deadd’ and a slightly significant negative correlation of -0.290 with the unique ball
feature, ‘u_ball’. I.e., traveling lesser distances in deadends is associated with a higher
score on the clinical subscale ‘Initiative taking’. The same is true for traveling more in
the Maze generally. The clinical subscale ‘Flexibility’ showed a negative correlation of
-0.197 to the positive points feature, ‘pos_p’, and a positive correlation of 0.197 to the
negative points feature, ‘neg_p’. This means that more time spent or distance traveled in
the non-deadend area is associated with a higher score on the ‘Flexibility’ subscale. The
subscale ‘Working memory’ showed a negative correlation of -0.196 to the active time
feature, ‘exec_p’, from the Intelligent Maze. The same is true for the subscale ‘Inhibition’.
Subscale ‘Inhibition’ showed a negative correlation of -0.220 to the active time feature,
‘exec_p’.

SPATIAL APPROACH

Figure 8.8 and Figure 8.9 show the correlation plot for the features extracted from the
Intelligent Maze using the spatial approach and the cognitive test outcomes and BRIEF
scores respectively. Tables 8.10 and 8.11 show the values with significance for the same.

When considering the cognitive test scores, Table 8.10 and Figure 8.8 show several
highly significant correlations between the Intelligent Maze features extracted using the
spatial approach and the cognitive test outcomes. ToL had highly significant negative
correlations with the deadend features from the Maze, both distance and time. The
deadend features ‘botdeadt_p’ and ‘ltdeadt_p’ show highly significant negative corre-
lations of -0.336 and -0.313, respectively, with ToL. ToL had a highly significant negative
correlation of -0.313 with the inactive time feature ‘Z3plan_p’ and a highly significant
negative correlation of -0.463 with the ratio of unique ball feature ‘Z4r_ball’. An inter-
esting detail to note was that the longer time spent and more distance traveled in the
central region of the Maze (zone 1) was associated with a higher score in ToL. Also inter-
esting to note was that a higher active time in the Maze and a lower inactive time in the
Maze, particularly in zone 3, were associated with a higher score in ToL. The same is true
for FPT. FPT had a highly significant negative correlation of -0.311 with the inactive time
feature ‘Z1lplan_t’ and a significant negative correlation of -0.263 with the inactive time
feature ‘Z4plan_p’. VFT showed a positive correlation of 0.212 and 0.215 with the average
speed features ‘Z3av_sp_f’ and ‘Z2av_sp_f’, respectively, i.e., the left side of the Intelligent
Maze. RCPM had highly significant negative correlations of -0.583, -0.558, and -0.447
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Table 8.10: Spearman’s non-parametric correlation between the Intelligent Maze features and the cognitive
test scores: Spatial Approach. * p < .05, ** p < .01, *** p < .001.

Maze
Features

Cognitive Test Scores
ToL RCPM FPT VFT PM Dsfw Dsbw

Z2tim 0.102 0.005 0.006 -0.006 -0.086 0.106 0.213*
Z1rtim 0.253** 0.017 0.043 0.117 -0.089 0.047 0.144
Z1rd_f 0.213* 0.015 0.153 0.129 -0.156 0.056 0.157
Z3pd 0.119 0.138 -0.143 0.200* -0.035 0.143 0.046
Z1pd 0.003 -0.054 0.090 -0.074 0.087 -0.254** -0.036
Z1lpd -0.146 0.001 -0.010 -0.239* 0.089 -0.166 -0.153
Z1ltim_p -0.116 0.018 -0.089 -0.100 0.076 -0.152 -0.160
Z1df_p -0.036 -0.087 0.082 -0.068 0.025 -0.247** -0.047
Z1ldf_p -0.138 -0.018 -0.016 -0.209* 0.093 -0.183 -0.174
Z3av_sp_f -0.002 0.070 -0.094 0.212* -0.072 0.084 0.095
Z2av_sp_f 0.187 0.114 0.070 0.215* -0.076 0.146 0.116
Z4av_sp_f 0.155 0.200* -0.004 0.127 0.062 0.137 0.154
Z1rav_sp_f 0.084 0.018 0.200* 0.185 -0.053 0.016 0.099
Z4u_ball 0.042 -0.066 0.170 -0.091 -0.108 -0.353** 0.031
Z5u_ball -0.038 0.031 0.313* 0.024 0.004 -0.039 0.076
Z1ru_ball 0.104 -0.095 0.182 -0.007 -0.147 -0.235 0.309*
Z2r_ball -0.383** -0.398** 0.016 -0.223 -0.472*** 0.016 0.009
Z3r_ball -0.412** -0.583*** 0.083 -0.143 -0.390** 0.042 -0.064
Z4r_ball -0.463*** -0.558*** 0.046 -0.162 -0.322* -0.087 -0.106
Z5r_ball -0.278* -0.356* 0.161 -0.025 -0.229 -0.046 -0.136
Z1rr_ball -0.374** -0.447*** 0.217 -0.183 -0.463*** -0.011 -0.061
Z1lr_ball -0.171 -0.305* 0.301* -0.167 -0.391** 0.196 -0.091
Z1lplan_t -0.017 0.068 -0.311*** 0.117 0.109 -0.053 0.045
Z1rexec_t 0.233* 0.026 0.035 0.095 -0.116 0.024 0.156
Z3plan_p -0.313*** -0.159 -0.119 -0.159 -0.059 -0.119 -0.002
Z4plan_p -0.056 0.021 -0.263** -0.079 -0.091 0.006 0.033
Z1rplan_p 0.197* 0.093 -0.110 -0.019 0.031 0.004 0.229*
rtplan_p -0.214* -0.047 -0.125 -0.194* -0.023 0.003 0.033
Z3exec_p 0.215* 0.039 0.077 0.098 0.009 0.034 0.006
Z5exec_p 0.052 0.198* 0.030 -0.112 -0.036 -0.030 0.065
Z1lexec_p 0.015 -0.047 0.247** -0.089 -0.107 0.102 -0.047
Z2deadd -0.134 -0.076 0.088 -0.046 -0.194* 0.000 -0.032
Z3deadd -0.047 -0.047 -0.093 0.126 -0.207* 0.086 -0.029
rtdeadd -0.103 -0.066 -0.020 0.093 -0.296** 0.067 -0.054
topdeadt -0.209* -0.106 0.101 -0.099 -0.194* -0.002 0.027
rtdeadt -0.203* -0.119 -0.026 -0.025 -0.268** 0.034 -0.059
Z4deadd_p -0.299** -0.106 -0.095 -0.075 -0.084 -0.285** -0.076
topdeadd_p -0.223* -0.100 0.060 -0.141 -0.123 -0.088 -0.085
botdeadd_p -0.273** -0.113 -0.082 -0.019 -0.190* -0.053 -0.201*
rtdeadd_p -0.257** -0.111 -0.042 -0.032 -0.177 0.001 -0.201*
ltdeadd_p -0.268** -0.017 -0.011 -0.095 -0.058 -0.225* -0.013
topdeadt_p -0.259** -0.081 0.087 -0.156 -0.121 -0.098 -0.058
botdeadt_p -0.336*** -0.194* -0.122 -0.032 -0.262** -0.131 -0.255**
rtdeadt_p -0.281** -0.116 -0.038 -0.050 -0.173 -0.051 -0.222*
ltdeadt_p -0.313*** -0.082 -0.067 -0.108 -0.152 -0.249** -0.091
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Figure 8.8: Correlation Plot for the correlation between the features extracted from the Intelligent Maze using
spatial approach and the cognitive test scores. The color bar indicates correlation. * p < .05, ** p < .01, *** p <

.001.

with the ratio of unique balls feature, ‘Z3r_ball’, ‘Z4r_ball’ and ‘Z1rr_ball’, respectively.
PM had a significant negative correlation with the deadend distance and time features
from the Intelligent Maze, of -0.296 with ‘rtdeadd’ and -0.268 with ‘rtdeadt’. Dsfw had a
significant negative correlation of -0.247 with the distance feature ‘Z1df_p’ and of -0.353
with the unique ball feature ‘Z4u_ball’. Dsbw had a slightly significant negative correla-
tion of -0.255 with the deadends time feature ‘botdeadt_p’. A higher distance traveled in
the Intelligent Maze is associated with lower scores for both Dsfw and Dsbw. A higher
distance traveled only in the central area is associated with lower scores for Dsfw.

When considering the BRIEF subscales, Table 8.11 and Figure 8.9 display several
highly significant correlations between parents’ responses on the BRIEF questionnaire
and children’s playing behavior captured from the Intelligent Maze. The subscale ‘Ini-
tiative taking’ had significant negative correlations of -0.294 with the distance feature
‘Z3d_f’ and -0.275 with the active moving time feature ‘Z3exec_t’. The subscale ‘Initia-
tive taking’ also had slightly significant negative correlations of -0.212 with the deadends
feature ‘Z3deadc’ and -0.237 with the deadends feature ‘Z3deadd’. The subscale ‘Initia-
tive taking’ also had slightly significant negative correlations of -0.344 with unique ball
feature ‘Z3u_ball’ and -0.310 with unique ball feature ‘rtu_ball’. The subscale ‘Initiative
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Figure 8.9: Correlation Plot for the correlation between the features extracted from the Intelligent Maze using
spatial approach and the BRIEF subscale scores. The color bar indicates correlation. * p < .05, ** p < .01, *** p

< .001.

taking’ also had a slightly significant negative correlation of -0.193 with the active mov-
ing time feature ‘Z1exec_t’. I.e., traveling lesser distances in deadends was associated
with a higher score on the clinical subscale ‘Initiative taking’. Traveling longer distances
or repeatedly visiting the right (Z3) and central regions of the Maze (Z1) was associated
with a lower score on the subscale ‘Initiative taking’. An interesting detail was that a
higher score on the subscale ‘Flexibility’ was associated with visiting and spending more
time in the deadends in zone 3 but visiting less the deadends in zone 2. The subscale
‘Flexibility’ had a highly significant positive correlation of 0.331 with the deadends fea-
ture ‘botdeadd_p’. Another interesting detail to note was that a longer active time in the
Maze in zone 3 was associated with a higher score on the subscale ‘Working memory’.
The subscale ‘Working memory’ had a significant negative correlation of -0.256 with the
active moving time feature ‘Z3exec_t’. The subscale ‘Planning’ had a significant negative
correlation of -0.261 with active time in the Maze in zone 1, ‘Z1lexec_p’. The subscale ‘In-
hibition’ also had a significant negative correlation of -0.270 with active time in the Maze,
but in zone 3, ‘Z3exec_t’. The Intelligent Maze unique ballpoints features ‘Z3u_ball’ and
‘rtu_ball’ also show significant negative relation to subscales from BRIEF, ‘Initiative tak-
ing’ and ‘Working memory’.
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Table 8.11: Spearman’s non-parametric correlation between the Intelligent Maze features and the BRIEF
subscale scores: Spatial Approach. * p < .05, ** p < .01, *** p < .001.

Maze
Features

BRIEF Score
br_inhib br_flex br_emo br_init br_work br_plan br_ord br_beh

Z3tim -0.154 0.016 -0.048 -0.219* -0.140 -0.027 0.027 -0.103
Z4tim -0.092 -0.196* -0.097 -0.139 -0.152 -0.052 -0.070 -0.026
Z2d_f -0.155 -0.124 -0.103 -0.242* -0.113 -0.052 0.062 -0.125
Z3d_f -0.205* -0.059 -0.075 -0.294** -0.215* -0.055 -0.022 -0.175
Z4d_f -0.120 -0.158 -0.137 -0.194* -0.166 -0.058 -0.109 -0.096
Z1d_f -0.119 -0.080 -0.057 -0.205* -0.083 -0.038 0.035 -0.110
Z3pd -0.038 0.116 0.091 -0.201* -0.180 -0.027 -0.016 -0.060
rtpd -0.131 0.077 -0.010 -0.199* -0.168 -0.021 0.086 -0.039
ltpd 0.201* 0.019 0.086 0.168 0.146 0.044 -0.028 0.055
Z4df_p -0.052 -0.098 -0.052 -0.059 -0.092 -0.057 -0.193* -0.001
Z3u_ball -0.249 -0.165 -0.211 -0.344* -0.290* -0.085 -0.042 -0.184
rtu_ball -0.246 -0.169 -0.191 -0.310* -0.275 -0.062 0.002 -0.179
Z1lplan_t 0.032 -0.138 0.151 -0.128 -0.015 0.070 0.193* 0.055
Z2exec_t -0.184 -0.208* -0.122 -0.226* -0.162 -0.057 0.071 -0.123
Z3exec_t -0.270** -0.078 -0.094 -0.275** -0.256** -0.073 -0.037 -0.189
Z1exec_t -0.183 -0.149 -0.074 -0.193* -0.118 -0.034 0.026 -0.101
Z2exec_p -0.179 -0.084 -0.052 -0.216* -0.237* -0.054 -0.059 -0.132
Z1lexec_p -0.152 -0.096 -0.154 0.016 -0.122 -0.261** -0.237* -0.214*
Z2deadc -0.212* -0.072 -0.094 -0.113 -0.081 -0.024 0.033 -0.100
Z3deadc -0.131 -0.020 -0.051 -0.212* -0.107 0.081 0.028 -0.025
Z2deadd -0.077 -0.223* -0.150 -0.076 -0.097 -0.051 0.085 -0.060
Z3deadd -0.158 0.120 0.058 -0.237* -0.178 -0.025 0.003 -0.134
botdeadd_p 0.102 0.331*** 0.195* -0.009 0.051 0.189 0.039 0.055
ltdeadd_p 0.089 -0.017 0.017 0.067 0.153 0.217* 0.007 0.035
Z3deadt_p 0.139 0.236* 0.164 -0.003 0.052 0.149 0.083 0.069

To better understand the relations between the correlations found in the analysis,
we further performed a correlational analysis between the BRIEF questionnaire and the
cognitive test scores. The correlations between the features extracted from the Maze
and BRIEF revealed that the subscale ‘Initiative taking’ seems to hold the most relevant
information because the subscale ‘Initiative taking’ had the most number of significant
correlations to the features extracted from the Intelligent Maze.

To understand this further, we wanted to see if such a relation also existed between
the cognitive test scores and BRIEF subscales. The results of this analysis are shown in
Table 8.12. From the analysis, we observed that the subscale ‘Order and neatness’ had a
significant positive correlation of 0.24 to the cognitive test outcome of DSbw. A higher
score on this scale was associated with a higher score on the DSbw. The other subscale
with a significant relation to the cognitive test outcome was ‘Planning’. ‘Planning’ had a
significant negative correlation of -0.20 to the cognitive test outcome of DSfw. A higher
score on ‘Planning’ was associated with a lower score on the DSfw. The subscales ‘Emo-
tion regulation’, ‘Working Memory’, and ‘Behavioral evaluation’ also showed relation to
the cognitive test scores. ‘Emotion regulation’ had a slightly significant positive corre-
lation of 0.19 to the cognitive test outcome of DSbw. ‘Working Memory’ had a slightly
significant negative correlation of -0.17 to the cognitive test outcome of DSfw. ‘Behav-
ioral evaluation’ had a slightly significant negative correlation of -0.16 to the cognitive
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Table 8.12: Spearman’s non-parametric correlation between the cognitive test scores and the BRIEF subscale
scores. * p < .05, ** p < .01, *** p < .001.

Cognitive test scores
BRIEF scales ToL RCPM FPT VFT DSfw DSbw PM
Inhibition 0.03 -0.04 -0.08 0.01 -0.17 -0.01 0.01
Flexibility -0.05 0.03 0.04 -0.06 -0.15 0.03 -0.06
Emotion Regulation 0.05 0.02 -0.08 0 -0.13 .19* 0.09
Initiative Taking -0.15 -0.12 0.11 -0.09 -0.13 -0.05 0.08
Working Memory 0 -0.02 0.02 -0.08 -.17* 0 0.12
Planning -0.08 -0.13 -0.02 -0.06 -.20** -0.06 0
Order and Neatness -0.01 0.13 0.06 0.07 0.07 .24** 0.07
Behavioral Evaluation -0.04 -.17* -0.12 -0.03 -.16* 0 0.01

test outcome of DSfw. However, no relations were observed for the subscales ‘Inhibi-
tion’, ‘Flexibility’, and ‘Initiative taking’ with the cognitive test scores.

8.4. DISCUSSION AND CONCLUSION

The current chapter, Chapter 8 explored the research question [Q4] and investigated if
information about a child’s cognitive capabilities can be automatically extracted using
stealth assessment during unstructured play. Chapter 6 discussed the performance of
Intelligent Maze and found that this method provided 82.79% more temporal and spa-
tial resolution than using the classical method of computer vision and camera. Chapter
7 discussed the automatic extraction of features from the Intelligent Maze during struc-
tured play and how effective those features are in predicting relationship with the stan-
dard cognitive tests. But children spent most of the time playing in an unstructured way.
Hence in the current chapter, we investigate how effective the automatic extraction of
features from the Intelligent Maze during an unstructured play is and how these features
relate to the cognitive capabilities measured by standard cognitive tests and the BRIEF
parent questionnaire.

For this study, information was gathered using the exploration board of Intelligent
Maze. The Maze continuously collected information about the playing behavior of chil-
dren when they were not given any particular goal within the Maze. The children were
asked to explore the board and were given no specific goal. While the children were
playing with the Intelligent Maze, we let the Maze automatically collect information on
the interaction of the children with the Intelligent Maze. From this information, we ex-
tracted features for which we explored if these would be related to cognitive tests and
results from the BRIEF parental questionnaire that was designed to assess child behav-
ior related to cognition.

The automatic extraction algorithm was able to automate the feature extraction by
99.1%. This shows that the Intelligent Maze is able to reduce the workload of data collec-
tion of teachers by at least as much as 99.1%, showing great potential for the use of the
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Intelligent Maze. The teachers do not need to enter any information manually but only
need to run the software. This increases the ease of using Intelligent Maze in a classroom
or home setting. The game device can be switched on and kept for playing like any other
toy. The Intelligent Maze would start collecting the data when the child plays with it.
Once the data is collected, the algorithm automates the cognitive assessment.

Correlational analyses revealed that significant correlations exist between the fea-
tures extracted from the Intelligent Maze both with (1) outcomes from the cognitive test
outcome measures as well as (2) with the BRIEF subscales from the parental question-
naire.

TEMPORAL APPROACH

When considering the cognitive test scores, Table 8.8 and Figure 8.6 show several features
from the temporal approach in Intelligent Maze correlated to the children’s outcomes on
several cognitive tests.

The deadend features ‘deadd_p’ and ‘deadd_p’ show highly significant negative cor-
relations with ToL. The deadend features ‘deadd_p’ and ‘deadt_p’ show slightly signifi-
cant negative correlations with PM. Furthermore, the inactive time feature ‘plan_t’ shows
slightly significant negative correlations with PM. A highly significant positive correla-
tion was found between ToL and PM and the positive points in the Intelligent Maze. A
highly significant negative correlation was found between ToL and PM and the negative
points in the Maze. I.e., the more time spent or distance traveled in the non-deadend ar-
eas is associated with a higher score on PM and ToL. ToL had a highly significant positive
correlation with positive points and a highly significant negative correlation with neg-
ative points. The ratio of unique ballpoints feature, ‘r_ball’, showed a highly significant
negative correlation with RCPM and PM. The unique ballpoints feature ratio also showed
a significant negative correlation with ToL. It was observed that the performance on PM,
which measures visuospatial abilities and planning, had negative correlations to the fea-
tures collected from the Intelligent Maze relating to the distance traveled in deadends.
A longer time spent within deadends is significantly related to lower performance in PM
and ToL, a test designed to measure planning and problem solving, as well as working
memory. From this, it can be concluded that the time spent in deadends might provide
insight into the planning ability of children, i.e., spending more time and traveling more
distance in dead ends is related to lower planning abilities.

ToL and PM also overlap in measuring visuospatial abilities, with ToL measuring vi-
suospatial memory specifically. A highly significant positive correlation was found be-
tween Dsbw and the positive points in the Intelligent Maze. A highly significant negative
correlation was found between Dsbw and the negative points in the Maze. More time
spent or distance traveled in the non-deadend area of the Intelligent Maze is associated
significantly with a higher score on Dsbw, a task measuring working memory. This fea-
ture also relates positively to both ToL and PM. From this, it can be concluded that the
time and distance spent exploring the non-deadend area might provide insight into the
working memory ability of children, i.e., being able to explore more of the non-deadend
is related to higher working memory capabilities.

FPT, a test that measures problem-solving, memory, and inhibition abilities, corre-
lated negatively with the total time spent in the Intelligent Maze not actively moving,
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plan_t. This relationship further highlights the importance of problem-solving capabili-
ties, which are also measured by the ToL. Furthermore, working memory capabilities are
also highlighted by the relation found between ToL, FPT, and Dsbw, indicating that the
Maze is capable of picking up aspects of working memory and visuospatial memory with
the features extracted currently.

Regarding the relation between the features extracted from the Intelligent Maze and
the BRIEF subscale, Table 8.9 and Figure 8.7 show several features from the temporal
approach in the Intelligent Maze correlated to the parent’s answers on the BRIEF ques-
tionnaire regarding their child’s cognition.

The subscale ‘Initiative taking’ had a significant negative correlation with the dis-
tance feature, ‘d_f’, a slightly significant negative correlation with the active time per-
centage feature, ‘exec_p’, a slightly significant negative correlation with the deadend fea-
ture, ‘deadd’ and a slightly significant negative correlation with the unique ball feature,
‘u_ball’. It was observed that the subscale ‘initiative taking’ is negatively correlated to the
distance traveled in the Maze, both within the deadends and outside the deadends. This
subscale also correlated negatively with time spent being inactive in the Maze and the
total number of unique ballpoints in the Maze. This is also the sub-scale of the BRIEF
that includes two items on the play behavior of the child. The clinical subscale ‘Flexibil-
ity’ showed a negative correlation to the positive points feature, ‘pos_p’, and a positive
correlation to the negative points feature, ‘neg_p’. This means that children who have
more problems with taking initiative travel less distance in the Maze while playing, i.e.,
explore the Intelligent Maze less.

Similarly, children who are more flexible spent more time or traveled more in the
non-deadend area. The subscale ‘Working memory’ showed a negative correlation to
the active time feature, ‘exec_p’, from the Intelligent Maze. The same is true for the sub-
scale ‘Inhibition’. Subscale ‘Inhibition’ showed a negative correlation to the active time
feature, ‘exec_p’ from the Intelligent Maze. This means that the children who have higher
inhibition spent less time actively moving through the Intelligent Maze and exploring it.

SPATIAL APPROACH

Regarding the spatial approach of the Intelligent Maze to find if any particular area held
more interest to the children and whether this gave any insights into their play behavior,
the following insights were gathered from the Table 8.10 and Figure 8.8: The central area
and the bottom left area, zone 3, were the most interesting than the other zones. VFT
showed positive correlations with the average speed features ‘Z3av_sp_f’ and ‘Z2av_sp_f’,
respectively, i.e., the right side of the Intelligent Maze (zone 2 and 3). Zone 3 is the zone
with a curved interesting-looking deadend; see deadend 1 in Figure 8.2. ToL had highly
significant negative correlations with the deadend features from the Intelligent Maze,
‘botdeadt_p’ and ‘ltdeadt_p’. ToL had a highly significant negative correlation with the
inactive time feature ‘Z3plan_p’ and a highly significant negative correlation with the ra-
tio of unique ball feature ‘Z4r_ball’. A longer time spent and more distance traveled in
the central region of the Maze (zone 1) is associated with a higher score in ToL. A higher
active time in the Maze and a lower inactive time in the Maze, particularly in zone 3, is
associated with a higher score in ToL. The same is true for FPT. FPT had a highly sig-
nificant negative correlation with the inactive time feature ‘Z1lplan_t’ and a significant
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negative correlation with the inactive time feature ‘Z4plan_p’.

RCPM had highly significant negative correlations with the ratio of unique balls fea-
tures, ‘Z3r_ball’, ‘Z4r_ball’, and ‘Z1rr_ball’. PM had a significant negative correlation
with the deadend distance and time features from the Intelligent Maze, ‘rtdeadd’ and
‘rtdeadt’. Dsfw had a significant negative correlation with the distance feature ‘Z1df_p’
and with the unique ball feature ‘Z4u_ball’. Dsbw had a slightly significant negative cor-
relation with the deadends time feature ‘botdeadt_p’. A higher distance traveled in the
Intelligent Maze is associated with lower scores for both Dsfw and Dsbw. A higher dis-
tance traveled only in the central area is associated with lower scores for Dsfw. This
means that it might be possible to gain insights into the cognitive capability of children
like working memory, problem-solving, and inhibition from features extracted from the
central region and right region of the Intelligent Maze, a side that had a very interesting
looking deadend (see deadend 1 in Figure 8.2).

When considering the spatial approach of the Intelligent Maze with the BRIEF sub-
scales, the Table 8.11 and Figure 8.9 display several significant correlations between par-
ents’ responses to the BRIEF questionnaire and children’s playing behavior captured
from the Intelligent Maze. The subscale ‘Flexibility’ had a highly significant positive
correlation with the deadends feature ‘botdeadd_p’, a significant negative correlation
with the deadends feature ‘Z2deadd’. A higher score on the subscale ‘Flexibility’ is as-
sociated with visiting and spending more time in the deadends in zone 3 but visiting
less the deadends in zone 2. The subscale ‘Working memory’ had a significant negative
correlation with the active moving time feature ‘Z3exec_t’. A longer active time in the
Maze in zone 3 is associated with a higher score on the ‘Working memory’ subscale. This
means that the children who were more flexible and who had higher scores in memory
visited zone 3 in the Intelligent Maze more often. The subscale ‘Initiative taking’ had
a significant negative correlation with the distance feature ‘Z3d_f’ and with the active
moving time feature ‘Z3exec_t’. The subscale ‘Initiative taking’ also had a slightly signif-
icant negative correlation with the deadends features ‘Z3deadc’ and ‘Z3deadd’ of zone
3. The subscale ‘Initiative taking’ also had slightly significant negative correlations with
the unique ball features ‘Z3u_ball’ and ‘rtu_ball’. The subscale ‘Initiative taking’ had a
slightly significant negative correlation with the active moving time feature ‘Z1exec_t’.
Traveling lesser distances in deadends was associated with a higher score on the clinical
subscale ‘Initiative taking’. Traveling longer distances or repeatedly visiting the right (Z3)
and central regions of the Maze (Z1) was associated with a lower score on the subscale
‘Initiative taking’.

The subscale ‘Planning’ has a negative correlation with active time in the Maze in
zone 1, ‘Z1lexec_p’. This means that children who scored high in planning spent a lot of
inactive time in zone 1 instead of actively moving around it. One could argue that the
children were planning in this phase, but follow-up research is required to conclusively
claim that they were planning. Zone 1 is the start of the Maze, and the children who
were good at planning planned their moves before exploring further. The subscale ‘Inhi-
bition’ has a negative correlation with active time in the Maze, but in zone 3, ‘Z3exec_t’.
This means that the children who have higher inhibition visited the interesting-looking
deadend area in zone 3 less. The features of unique ballpoints and the ratio of unique
ballpoints showed highly significant correlations to several BRIEF subscales and cogni-
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tive test outcomes. But more data is needed to expound further on this as the number
of children for whom the data was available was less. In addition, when the Intelligent
Maze was divided into zones, the amount of data was further reduced. So, in order to find
interesting details about this feature, follow-up research and more data are required.

In terms of interpreting the findings, the convergent validity and discriminant validity
were examined. Taking together the findings described above, it seems when letting
children play with the Intelligent Maze in an unstructured way, the Intelligent Maze can
pick up on the children’s planning abilities, problem-solving and working memory skills
’s measured by the cognitive tests. A relationship with everyday behavior as measured
by the BRIEF in terms of initiative-taking and flexibility can also be found. The scale on
initiative-taking included items (i.e., questions in the BRIEF) that rated the behavior of
the children in the context of play. Therefore, the relation between play behavior in the
exploration board of the Intelligent Maze and this subscale is certainly relevant for the
validity of the device. Regarding discriminant validity, nothing unexpected or surprising
was found. The relations between the Intelligent Maze and cognitive test outcomes, as
well as between the Intelligent Maze and the BRIEF questionnaire, cannot be explained
by relations between the cognitive test outcomes and BRIEF outcomes.

It should be noted from Table 8.12 that some of the correlations of the Intelligent
Maze with the BRIEF and the cognitive tests were not particularly high. This can be ex-
plained by the fact that the children were not asked to perform a specific task in order to
obtain a specific goal, as is often the case with the cognitive tests and also aligned with
the definition of some of the cognitive skills measured in these tests, i.e., goal-directed,
self-regulated behavior. In a more natural setting, potential relationships with the cogni-
tive skills as reported by the BRIEF parental questionnaire should have been found. This
means that stronger relation should have been found between the Intelligent Maze and
BRIEF than between Intelligent Maze and the cognitive tests. One of the reasons might
be that playing with the Intelligent Maze with a researcher watching them still might not
feel natural to the children and that they may treat it as a testing condition. We also did
not use the Intelligent Maze with the children in a natural setting. They were sitting with
the researcher while playing. It could also be argued that the behaviors reported in the
parental questionnaire may pertain to a collection of more complex behaviors that is
not directly relatable to the features currently extracted from the Intelligent Maze. Fur-
ther research and data are required to find more complex behaviors from the Intelligent
Maze using other feature extraction methods. It should also be noted that a stronger re-
lation should have been found between the cognitive tests and BRIEF. But the finding of
low correlations between the BRIEF and the cognitive test outcomes is not uncommon
(Anderson, 2002).

We used the Intelligent Maze with the advantages of stealth assessment and digital test-
ing while being tangible and familiar to children as a toy for extraction of features dur-
ing unstructured play. Statistical results from the study show that the features extracted
from the Intelligent Maze show significant relation to the cognitive skills as measured by
various cognitive tests and the BRIEF sub-scales as reported by parents and caregivers,
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answering Research Question [Q4]. Our study showed that the algorithm was success-
ful in automating the assessment of 99.1% of the data files. The insights gathered in our
study show the possibilities of using technology and algorithms from data science for the
assessment of cognitive capabilities, particularly in target groups that are more difficult
to assess.



9
CONCLUSIONS AND FUTURE

DIRECTIONS

This dissertation addresses the continuous and automatic assessment of physical and
cognitive performance and capabilities of the elderly and children. The dissertation ap-
proaches this problem by proposing two intelligent game devices, the Intelligent Activ-
ity Dice and the Intelligent Maze, for the automatic assessment of well-being through
serious games. The studies conducted in this dissertation validate the proposed game
devices and target different areas of assessment with the game devices: The Intelligent
Activity Dice is evaluated as an assessment device of a person’s physical performance
during an activity (Chapter 4) and to detect motion restrictions of the wrist during an
activity with the Dice (Chapter 5). The Intelligent Maze is demonstrated in its use for the
assessment of cognitive capabilities during structured and unstructured play.

This chapter summarizes the findings of the research in this dissertation (in Section
9.1). Next, in Section 9.2, it highlights potential directions for the continued research
using these game devices for assessments.

9.1. CONCLUSIONS OF RESEARCH OBJECTIVE AND QUESTIONS
In this dissertation, as proposed in four research questions were formulated in Chapter
1. These research questions served as a guideline for the studies in this dissertation. This
section gives an overview of the answers to each of the listed research questions.

Research Question Q1

How can we measure the physical performance of an individual using an intelli-
gent toy?

Chapter 3 introduced and described our proposed game device, the Intelligent Ac-
tivity Dice, for the assessment of physical performance. Chapters 4 and 5 addressed this

157
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question in two studies. Chapter 4 described an exploratory study to investigate the pos-
sibility of extracting features from the Intelligent Activity Dice and validating these fea-
tures against the features extracted with the use of a video camera. The chapter further
went on to explore whether features such as the initial velocity with which dice is thrown,
time of flight of the dice during a throw, and the number of turns of the dice in the air,
extracted from the Intelligent Activity Dice can provide an indication about the physical
performance of the person executing different throws. The study concluded that the fol-
lowing insights about a person’s physical capabilities could be obtained solely from the
Intelligent Activity Dice: From the sensor data of the dice, we were able to extract the
throwing performance of people interacting with the dice while they were throwing the
Intelligent Activity Dice in the context of a serious game. We found that the number of
turns that the dice can be rotated in a throw could give an indication of the gross and
fine motor skills of the person executing the throw. We also found that the initial velocity
would be a possible valid indicator for movement classification.

Chapter 5 described a pilot study to investigate the possibility of using Intelligent
Activity Dice for extracting information about motion restrictions of wrists. The study
concluded that the initial velocity with which the dice is thrown and the number of turns
that the dice makes during a throw could be used as indicators of the person’s gross and
fine motor skills. Particularly the number of turns of the dice is a predictor of motion
restrictions of the wrist. Thus, we proposed a viable alternative to physical assessments
in an elderly facility with the Intelligent Activity Dice. The Intelligent Activity Dice comes
with multiple advantages over other automated assessment technologies: The Dice can
be integrated into games, so the elderly may enjoy the activity while being assessed. No
camera recordings are necessary, and no sensors have to be placed on the bodies of the
elderly.

Research Question Q2

How can we design an intelligent toy that extracts information about the cognitive
functioning of a young child with higher precision than that of the existing method
of using a video camera?

Chapter 3 introduced and described our proposed game device, the Intelligent Maze,
for the assessment of cognitive functions. Chapter 6 described a pilot study with a group
of children (N = 4). The pilot study investigated the possibility of extracting features from
the Intelligent Maze with which the cognitive capabilities of children can be assessed.
These features were validated and compared against the measurements extracted from
a video camera. The study concluded that it was indeed possible to extract information
about the cognitive functioning of children from the Intelligent Maze. The Intelligent
Maze allowed for the extraction of features that are similar to those used by well-known
standard cognitive tests such as the Porteus Porteus (1945, 1950) maze test and mazes
subtest from the WPPSI-R test Lobello and Holley (1999); Kaufman and Lichtenberger
(2000), such as the number of times a child entered a dead-end. The study also con-
cluded that the Intelligent Maze outperforms the digitization using a video camera even
under well-lighted conditions in spatial and temporal resolution. The intelligent tech-
nology used in the Intelligent Maze vastly improves the precision of the data extracted
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for cognitive assessments. The study in chapter 6 also investigated whether the children
found the Intelligent Maze appealing and fun to play with. The study showed that the
children had fun playing with the Intelligent Maze and showed excitement while play-
ing. The children were asked to describe what they did during the play. All the chil-
dren were very enthusiastic when they replied. The children usually told creative stories
about how they travelled through the different patterns in the maze. The conversations
with the children indicated that they had fun and enjoyed it, though a careful investi-
gation would be needed to scientifically validate this indication. We also found that the
children had no difficulty in playing with the Intelligent Maze. The children did not find
it hard to hold and move the pen and ball. They were not stuck at any point because of
any technical difficulties. They were able to move the ball with pen and were able to hold
the pen as they would normally hold a pen or pencil.

Research Question Q3

How do the features extracted from the intelligent toy during structured play re-
late to the cognitive functioning of children as observed during standard cognitive
tests?

In Chapter 7 we studied whether the performance of children as assessed by stan-
dard cognitive tests is correlated to the assessment results obtained from children solv-
ing structured tasks in the Intelligent Maze. Children were asked to solve increasingly
complex assignment tasks using the Intelligent Maze for the presented study. Features
related to their performance in the Intelligent Maze were extracted. These features in-
cluded the distance covered, time taken to complete tasks, and speed with which they
finished tasks in the assignment. These features were then correlated to results obtained
from standard cognitive tests. Chapter 7 discussed the findings with respect to standard
statistical tests, convergent and discriminant validity, and machine learning tests. From
the study, we concluded that the performance in Intelligent Maze correlated strongly
with standardized tests known to assess visuospatial reasoning and visuospatial mem-
ory, problem-solving, and working memory.

Research Question Q4

How do the features extracted from the intelligent toy during unstructured play re-
late to the cognitive functioning of children as observed during standard cognitive
tests and observations from parents?

Chapter 8 describes an exploratory study to investigate the possibility of using the
Intelligent Maze for extracting cognitive functioning during unstructured play. In this
study, children were not given any explicit tasks to solve. This study aimed to move away
from the traditional point of view of early childhood testing and see if stealth assessment
during playing, where the child is free to explore the game devices, is possible for chil-
dren with the Intelligent Maze. By providing the game devices to the children without
explicit instructions on what to play, we expected the normal play behavior of children
to unfold. In this study, we explored the possibility of using both the spatial and temporal
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resolution of the Intelligent Maze to extract information about the cognitive functioning
of children. We then compared features extracted from the Intelligent Maze about chil-
dren’s behavior in the free play condition to their performance in standardized cognitive
tests and parents’ responses to a questionnaire. The questionnaire pertained to the ev-
eryday behaviors of children relating to cognitive functioning. The study concluded that
children’s play behavior in the Intelligent Maze correlated to planning abilities, problem-
solving and working memory skills as assessed by standard cognitive tests. The study
also found that the Intelligent Maze correlated to the cognitive skills as measured by the
BRIEF questionnaire in aspects of initiative-taking and flexibility.

After addressing the four research questions, an answer to the research objective can
be provided.

Research Objective

To explore and investigate the possibility of designing and validating intelligent
game devices, to assess the physical and cognitive well-being of elderly and chil-
dren while they are playing, thereby avoiding stressful testing environments.

The answer to the research objective is based on the answers to the research ques-
tions given above.

The game devices proposed in this thesis, the Intelligent Maze and Intelligent Activ-
ity Dice, allow for stealth assessments inheriting advantages of computer-based testing
like automated data acquisition and analysis; however, with a key advantage: The Intel-
ligent Maze looks and can be handled like a general everyday wooden maze, the Intelli-
gent Activity Dice like a standard dice. Children and the elderly can interact with these
game devices in the way they are used to with other tangible physical devices like toys.
Hence children and the elderly do not have to acquire new skills to be assessed. The sen-
sors for automatic assessments are integrated into the game devices and do not interfere
with the games that the children and elderly play. They allow stealth assessments where
children and the elderly do not get continuously reminded that their skills are being as-
sessed. As it has been demonstrated with other technology-assisted tests (Barnes, 2010),
our method can also reduce the workload for teachers and caregivers. Since the game
devices perform automated assessments, the workload for the caregivers and teachers
can be reduced. For e.g., when we compare paper maze test done in Chapter 7 and the
Intelligent Maze, the algorithm took less than an hour to score all the children while re-
searcher could only score less than a quarter of the children within the same time. Care-
givers and teachers are free to enjoy the games with the elderly and children and do not
need to be technologically savvy. The caregivers and teachers need only to switch the
devices on. The data collection and analysis are done automatically. Chapters 7 and 8
report that the automatic data analysis had more than 90% accuracy. The study in Chap-
ter 6 reports children having fun while playing with the Intelligent Maze. The children
reports imagining creative stories while moving through the maze.

Venkatesh et al. (2003) defines four constructs for evaluating the technology accep-
tance by the user. Both the devices had requirements set out at the beginning of the
design phase. These requirements focused on (i)the ease of use by the elderly and care-
givers, as well as the children and teachers/researchers and (ii)the performance of the
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devices. They cover the constructs “performance expectancy” and “effort expectancy”
as defined by Venkatesh et al. (2003). Venkatesh et al. (2003) defines performance ex-
pectancy as as the degree to which an individual believes that using the system will help
them to attain gains in job performance. Venkatesh et al. (2003) defines effort expectancy
as the degree of ease associated with the use of a device. The requirements set out in re-
quirements list for the caregivers, teachers and researchers so that they can use these
devices easily covers both the performance expectancy and effort expectancy. The con-
struct “Facilitating conditions” as defined by Venkatesh et al. (2003) is also supported
implicitly by the devices proposed in the thesis. Since the devices have been developed
together with the users, the technological boundaries of the users were taken into con-
sideration. The users need only switch on and off the device for its use. And the device
contains feedback sensors that displays in case something is not working. This makes it
easier for the users to use these devices in the correct way. Venkatesh et al. (2003) defines
social influence as the degree to which an individual perceives that most people who are
important to him/her believes he or she should use the new device. This construct is
only considered when the devices are used in a group setting by the elderly. Otherwise
the elderly and children use the devices as advises by the teachers and caregivers. The
devices fulfilled the requirements set out initially. These requirements covered the per-
formance expectancy, effort expectancy and the facilitating conditions constructs de-
fined by Venkatesh et al. (2003) for user acceptance of the devices. The thesis explored
the use of these devices for physical and cognitive assessment. The results so far has
been positive and warrants further research.

It is, however, important to reflect on the ethical and legal aspects of the proposed
intelligent game devices. The technology-enhanced testing devices introduced in this
thesis are not designed to replace a human. The game devices are designed to be used
together with the caregivers and teachers. The intention of the devices is to merely sup-
port the caregivers and teachers in their tasks. These devices successfully assist in the
assessment of physical performance and cognitive capabilities. Additionally, the intelli-
gent activity dice is a game device that encourages social interaction between the partic-
ipants.

The stealth aspect of the assessment in the devices also need further inspection. The
stealth assessment devices need to be introduced with care and sensitivity to the target
population. With the envisioned usage and informed consent, the participants are told
how they are being monitored and how the information will be used. Strict care is also
maintained so that the data is not available to unauthorized users. And that the partici-
pants can ask that the data be deleted at any time as per the GDPR guidelines.

The solutions proposed in this thesis for the assessment are also explainable and
transparent. We mainly use classical statistical methods for modeling the physical per-
formance and cognitive capabilities of participants.

It is also important to note that the performance of the participants on the tests also
depends on the mood of the participants. Even though the proposed solutions intro-
duce the concepts of game into assessments, the mood of the participants has a role in
how they play on any particular day (Moridis and Economides (2009); Keogh and French
(2001b); Diamond (2013)). Our devices try to reduce the influence of mood on the test
results on any particular day by facilitating continuous data collection on multiple days.
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However, in this dissertation, we demonstrated that the game devices proposed in
this thesis, the Intelligent Maze and Intelligent Activity Dice, do solve some of the prob-
lems with the traditional tests. They embed assessments within play, and they can po-
tentially reduce the workload of caregivers and teachers. We demonstrated that the In-
telligent Activity Dice could be used to assess the physical performance of people, while
the Intelligent Maze allows assessing cognitive skills. Studies with healthy adults were
conducted to validate the performance of the Intelligent Activity Dice. We evaluated the
Intelligent Maze together with children. The children reported having fun while playing
with the Intelligent Maze. Thus, in this dissertation, we have presented two viable solu-
tions to our research objective: two intelligent game devices, the Intelligent Activity Dice
and the Intelligent Maze.

9.2. RECOMMENDATIONS FOR FUTURE RESEARCH
Innovative and digital means of assessments can provide rich data collected in a more
natural setting for the participants, thus decreasing the potential test-related stress dur-
ing assessments. Assessments using intelligent game devices also reduce the time and
expertise investments from the caregivers and teachers. Longitudinal, cross-sectional
studies and repeated studies in different age groups are required to investigate the pos-
sibility of a comprehensive and holistic assessment of the well-being of the elderly and
children. Once sufficient information has been collected about the game devices, ex-
pansion can be made to more clinical populations. A key advantage of using intelligent
game devices lies in the richness of the data that can be collected automatically during
play. This provides ample opportunity for further research. Hence more studies are re-
quired for both the game devices before they can be made commercially available, and
they are capable of providing valuable insights beyond the existing standard tests’ binary
pass and fail criteria.

For the Intelligent Activity Dice, studies with the target population of the elderly are
required to investigate whether the results hold true for the target population as well.
This dissertation only contained studies with the Intelligent Activity Dice in a controlled
setting. Due to time constraints and because of the COVID-19 pandemic, we have not
collected data during an actual play with the elderly. This data will be a valuable addition
for gaining insights into the physical functioning of the elderly during play and validat-
ing our current results obtained with healthy adults. Intelligent Activity Dice can also be
used as a tool to gauge the interest of the people engaged in the game as the dice is capa-
ble of differentiating between the types of throw initiated by the participants as research
shows that the throw performance of the individual is linked to the mental condition of
the individual. From the diverse use cases for the Activity Dice, we can conclude that
the Intelligent Activity Dice is also a game device that can be used to encourage social
interaction in a group of elderly or between elderly and children. Follow-up studies are
required for validating these claims and can be the focus of future research.

Intelligent Activity Dice can also be used for the assessment of mathematical and
language literacy. Different cognitive tasks and activities can be developed for the differ-
ent sides of the dice. These activities can then be assessed by the Intelligent Activity Dice
by itself or can be combined with a PC for online and offline assessment.

For the Intelligent Maze, more studies are required to investigate whether a more
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comprehensive view of cognitive functioning can be provided. The Intelligent Maze has
the capability of extracting information about the process of solving mazes, and this
helps in the extraction of process-related understanding of cognitive capabilities and
developments. In contrast, traditional cognitive tests discard the process-related infor-
mation and save only an eventual outcome score. The Intelligent Maze helps in moving
away from the absolute thinking of pass or fail in tests. Longitudinal studies with the
Intelligent Maze are required to investigate the possibility of using the Intelligent Maze
to keep track of the change in cognitive functioning skills. For e.g., a reduction in time
for solving the more complex puzzles might be a sign of cognitive growth. These items
that assess for change in skills are not incorporated into traditional cognitive testing.
These can also be helpful in creating and maintaining the developmental trajectories of
children. Diverse and complex board patterns and other tabletop games with the same
screen technology can be developed.

Future research could also be focused on improving upon the current versions of the
game devices. One of the most important improvements would be the addition of an
identifier in both of the game devices so that the device can recognize the player auto-
matically. The ease of assessment would be higher if the game device could recognize
the player and start the data collection automatically. The information can be uploaded
to a server where all the information about the play activity of this player is stored. This
will ensure that there are continuous, automatic, and ongoing updates about the skill
development or deficit of the individual involved. The data in the server can also be an-
alyzed using programs deployed directly on the server that automatically analyses the
incoming data and produces report and graphs that can later be perused by a medical
professional or caregivers and teachers. Such a platform could also provide an overview
of all the play activities that the child did with other such intelligent game devices as
well. This ensures a comprehensive and holistic assessment of skills for the individual
involved. A major area of future research, in this case, would be the legal implications,
data privacy, and protection issues that need to be considered. The use of intelligent
game devices raises the concern of how which type of data is collected, how they are
stored, who has access to them, and who owns them. These are some of the areas that
require more research. Furthermore, future research should also focus on the duty of
care associated with the use of intelligent game devices. There are also ethical aspects
to consider as to who should be informed about the results generated from the game
devices.





IMPACT PARAGRAPH

In this addendum, a reflection is presented on the scientific impact of the conducted re-
search in this dissertation as well as the social impact anticipated or already achieved
(University (2020)). The proposed intelligent game devices and their applications have
enormous social and economic interests in the current society and the future. This para-
graph addresses the drafted four research questions in the given regulations (University
(2020)), which are related to the main objective of the research and its relevance, target
group, and activity.

Research: “What is the main objective of the research described in this disser-
tation, and what are the most important results and conclusions?” (Univer-
sity (2020))

In the dissertation, we study the value of combining algorithms from data science and
artificial intelligence with robotics to assess the well-being of humans, and more specif-
ically elderly and children. At the moment, the number of instruments available for as-
sessing the well-being of these target groups is limited. There is however a strong need
for assessment instruments that allow for long-term continuous assessments of physical
and cognitive capabilities of elderly and children. Such instruments should require little
effort from caregivers and teachers and that can be used continuously during daily ac-
tivities such as play. The intelligent assessment devices, Instrumented Activity Dice and
Intelligent Maze, that we develop and evaluate and have the potential to fulfill the afore-
mentioned requirements. As demonstrated in this thesis, these intelligent game devices
allow the assessment of cognitive and physical capabilities during play.

Monitoring and assessing the capabilities in the elderly is important to detect possi-
ble deficits and maintain their quality of life. Assessments for early detection of ailments
and interventions are one of the means by which we can ensure the continued quality of
life for the elderly. The assessments are also required for predicting to detect if therapy or
treatment is required and if the treatment is improving their condition. But without the
use of technology, such tests for the assessment of well-being and physical performance
can be a tedious process and no fun for the participants or the caregivers.

Monitoring and assessing the capabilities in children is important to ensure and
track their healthy development and identify potential deficits. These tests are also im-
portant for establishing a norm to make peer comparisons in skill development (Brown
and Jernigan (2012)). With these assessment devices, we continuously obtain large amounts
of data about the players that we process to infer their capabilities.

The main objectives of the research in this dissertation are as follows:

• Avoiding stressful testing for elderly and children in artificial test environments.

• Embed assessments within games so that assessments are more enjoyable for
the participants.
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• Making assessments more objective and precise, saving time and expertise in-
vestment.

The proportion of people of working age in the EU-28 has been and keeps shrink-
ing. The relative number of people estimated to be aged 65 or older and thus being re-
tired or expected to be retired soon has been expanding by 2.4% over the past ten years
(Christopher and Möckel (2021a)). As a greater proportion of the post-war baby-boom
generation reaches retirement in the coming years and due to the consistency of fewer
births in the past year, professional projections predict that people aged 65 years or over
will account for 29.1% of the EU-28’s population by 2080, compared with 19.2% in 2016
leading to a continuously growing demand for more caregivers for elderly (Christopher
and Möckel (2021b)).

Already now, there is a lack of available caregivers. At the same time, the demand for
documentation and quality management increases and thus reduces the time caregivers
can spend on the work they love: providing care for the elderly and children. Instead,
facilities for the elderly and children report that caregivers must spend up to 50% and
more of their time on documentation and management tasks. This results in frustration
for caregivers and high costs for the caregiving facilities, health insurance, and society.

Similarly, as caregivers, also teachers at schools and kindergartens face the challenge
that assessments of children and especially its documentation, for instance, in the form
of certificates, take a lot of time – time that teachers would prefer to spend instead on
teaching. At the same time, schools in the Netherlands face a lack of teachers. In June
2017, a shortfall of some 900 primary school teachers was reported with the prediction
that these numbers would further increase in the future. The number of people quali-
fying as primary school teachers has fallen from some 7,300 in 2005 to around 3,800 in
2015 (Times (2020)). So it becomes more and more crucial to unload teachers from te-
dious assessment and documentation work to spend their time more effectively – but
also to make their work more attractive again.

The execution of psychological and physical tests is typically stressful both for the
elderly and children when being assessed (Fleege et al. (1992)). To avoid uncontrollable
influences, the elderly and children often are typically separated from their natural en-
vironment. Still, the test results are not objective and have the risk of being dependent
on the skills of the experimenter (Chaytor and Schmitter-Edgecombe (2003)). Contin-
uous testing becomes difficult because of time constraints, is often too expensive, and
there is a risk that elderly or children are not tested at all for deficits that are not already
sufficiently expressed, with the risk that treatments come too late.

Often these tasks also require extensive scoring after the test. The process, therefore,
requires high time and expertise investment from the examiner. Given the large time
and expertise investments needed, large-scale implementation of such assessments is
therefore difficult to realize.

From the studies conducted in this dissertation, we concluded that it is indeed pos-
sible to assess cognitive and physical capabilities using intelligent game devices. The
studies in chapter 4 and 5 showed the potential of using an intelligent toy, the Instru-
mented Activity Dice, for assessing the physical performance of people playing with the
Dice. The studies in chapter 6, 7 and 8 showed the potential of using the second intelli-
gent toy introduced in this thesis, the Intelligent Maze, for assessing the cognitive capa-
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bilities of children playing with the Maze. The assessments in both intelligent toys were
done automatically by the game devices, and hence no manual scoring was required
after the assessment. Children reported to have fun while playing with the Intelligent
Maze. Caregivers, teachers, and researchers observed that elderly and children enjoyed
playing together with the Intelligent Activity Dice. Hence the studies conducted in this
dissertation concluded that the intelligent game device designed with the principles of
stealth assessment and automatic data extraction does make the assessments more en-
joyable and objective, saving time and expertise investment. Since the assessments are
automated, the high documentation load for the caregivers and teachers is also reduced.
The caregivers and teachers need only participate in the games and provide help where
needed.

Relevance: “What is the (potential) contribution of the results from this re-
search to science and, if applicable, to social sectors and social challenges?”(University
(2020))

The research in this dissertation aims at contributing to improving the existing meth-
ods of assessment. The potential benefits to the vulnerable population and society at
large are immense. Each of the proposed game devices presented in this dissertation
improved the physical and cognitive assessment of children and the elderly. The novel
method of data collection for assessment can also be extended to other games that the
elderly and children play. This rationale is also related to the concept of stealth assess-
ment (Shute and Ventura (2013); Shute et al. (2016, 2010)), in which performance data is
gathered during learning in a playful way from games and toys. Another advantage of us-
ing such intelligent game devices is the adaptability and modularity of such devices. The
Instrumented Activity dice can be extended to include as many and as complex games
as needed. The type of activities can also be changed for the Dice. The same holds true
for the Intelligent Maze. The Maze can be extended to include more maze patterns or
other games that can be incorporated in a board. The potential use of these game de-
vices with other such intelligent toys can provide a comprehensive and holistic insight
into the cognitive and physical capabilities of people. The continuous collection of data
on children especially can provide valuable insights into developmental trajectories. If
sufficient toys in a classroom or caregiver facility are smart, such as mazes, dolls, blocks,
and so on, a comprehensive view of cognitive and other skills may be possible. The nat-
ural behavior of the person can unfold without a teacher or caregiver testing the person
in a one-to-one setting.

Continuous and objective quality assessments in the long run also allow for bet-
ter quality control through the management. Moreover, caregivers and teachers having
more time for the elderly and children leads to higher efficiency and lower costs for the
facilities and, in turn, health insurance. Earlier and better detection of required treat-
ments for the elderly profoundly reduces costs in caregiving facilities and health insur-
ance. Furthermore, by providing objective, long-term data, health insurance can obtain
better information about the effectiveness of the applied therapies and treatments. Be-
sides, more efficient caregiving contributes to a reduction of the economic load faced by
society because of the surge of the aging population.

The novel data collection for assessment presented in the Intelligent Maze in this
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dissertation has successfully automated the data extraction process accurately by about
99%. This means that the Intelligent Maze can reduce the workload of data collection
of teachers by at least as much as 99%, showing great potential. The novel assessment
method of using Intelligent Activity Dice shows that the device can extract physical per-
formance metrics that would otherwise require the use of cameras or bodily sensors.

The studies conducted in Chapters 4, 5 and 6 have been published in various con-
ference proceedings. At the beginning of each chapter, the papers which are parts of the
corresponding chapter are listed. The studies conducted in Chapters 7 and 8 are being
prepared to be published to journals.

Target group: “To whom are the research results interesting and/or relevant?
And why?”(University (2020))

The primary target groups of the studies conducted in this dissertation are the el-
derly, children, teachers, caregivers, and researchers in the field of cognitive and physical
assessments, serious games, human-computer interaction, and social robotics. More-
over, these applications are of great interest in our societies with a tremendous social
and economic impact. There are various benefits to the elderly and children who play
with these game devices.

By playing games continuously, it is possible to obtain objective data on the capabil-
ities of the elderly and children continuously, over a long time, and more often per day
than it would be possible if caregivers or teachers had to provide the information through
observation. And as the intelligent game devices prove, the automation of data collec-
tion is possible with about 99% accuracy. As a result, there is higher quality and more ob-
jective data to support a better choice of treatment or therapy. The need for treatments
or therapies can be detected earlier. Unnecessary treatments can be avoided. The qual-
ity of life for the elderly and children can be improved. The elderly and children enjoy
playing with the game devices and do not realize that they are being tested. In contrast
to normal artificial standardized tests, assessments using the game devices cause less
stress for the elderly and children – leading to more realistic, higher-quality assessments
in natural environments.

The caregivers and teachers also benefit immensely from the research in this disser-
tation.

Activity: “In what way can these target groups be involved in and informed
about the research results so that the knowledge gained can be used in the
future?”(University (2020))

Throughout the research and studies conducted in this dissertation, we have tried to
perform collaborative, embedded ethics (Stahl and Coeckelbergh (2016)) which directly
and substantially involves end-users in innovation and user processes. The caregivers
and teachers have been involved in the design process of the game devices and have
given valuable inputs and feedback in the iterative design process. We have tried to be
ethically and socially responsible by involving the stakeholders in the innovation process
and have had the caregivers test the various versions of the game device with the elderly.

Moreover, the game devices presented in this dissertation were used by the target
population during the studies. The Instrumented Activity Dice has undergone several
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beta testing with the elderly population and caregivers, and the valuable feedback from
the caregivers has been used for further improvement of the Instrumented Activity Dice.





A
APPENDIX

MANUAL DIGITAL MAZE

Necessities:

- Children’s table + adult table

- 2 seats

- 1 laptop and charger

- Suitcase with maze and tablet

- A pen + score form

The following supplies are in the case:

- 1 maze (LABYR 1 or 2)

- 3 maze signs (numbered 1, 2 and 3)

- 1 battery

- 1 charger for the battery

- 1 magnetic pen (and reserve)

- Magnetic balls

- A tablet

Set-Up: Table at children’s height is provided. The digital maze is placed on this table.
The space is made available as much as possible, no other toys or distractions are present
in the neighborhood. The researcher is sitting at the table while the child is standing in
front of it. The researcher has the tablet within reach. Verbal instructions are indicated
in bold italics.

Start measurement of digital maze:

171



A

172 A. APPENDIX

1. Remove all supplies from the case.

2. Place the maze on the child’s table and put the battery in the maze.

3. Slide the first board (exploration) into the maze with the ball in the middle.

4. Turn on the maze and see if all LED lights work

5. Switch on the tablet.

6. Start the "Labyr" application on the tablet.

7. Do a short pre-test with a fake test subject number at the start of the day. Make
sure the ball is back in the center of the maze after the test.

8. Enter the subject id on the tablet

9. Cover the exploration board with another board before the child enters the room
so that the child does not see any patterns.

1. Exploration measurement:

(a) Say: “You can stand in front of the table here. I have a number of games
for you and we will start with this.” Position the child in front of the maze.
"We start with a maze, do you know what that is?" (Most people know it, if
the child does not know it, s/he normally recognizes it when you reveal the
maze).

(b) Remove the other board that you used as a cover for the maze.

(c) Start the collection by clicking on “start” in the remote control, so before you
give the pen to the child.

(d) The second LED light from the right then changes from green to orange.

(e) Say: “With this pen you can move the ball in that maze. And you can just
play. "

(f) Give the pen to the child and start the stopwatch.

(g) Let the child play for a maximum of 5 minutes (see below for approach to
different situations).

(h) After the exploration, press "stop" and also stop the stopwatch.

(i) Say: "Can you tell me exactly what you did during your game?" Record the
answer on the score sheet, even if the child says nothing or "don’t know".

(j) You leave the exploration board in the maze.

Important: Encourage the child to move the ball without giving any purpose. So
don’t say: go from there to there. You record your observations; for example, you
pay attention: the child talks while playing, the child plays very messy or just very
neatly, sighs or laughs, s/he makes a story of it, you see explicitly that the child is
trying to get to a certain place etc. If the child asks what the intention is or what to
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do, you repeat that s/he can just play.

Possible problems at start:

- If the child does not do anything, encourage them to do something after 30 sec-
onds.

- If the child really does not succeed in moving the ball with the pen or if the child
does something else, do it after 90 seconds. The intention is that you only do
this if you see that the child really gets stuck. Some children will ask them-
selves what the intention is, or where they should go. Then it is just important
that you do not give an aim to the child.

Possible problems during the collection:

- The child moves so roughly or playfully with the pen over the maze that contact
with the ball is not recorded. Some children try this. If the behavior persists,
you say: "try to keep the pen on the ball."

- The child makes the ball move while the pen is at a distance from the ball (hor-
izontal or vertical distance), so that nothing is registered. Again, you only
intervene if this behavior persists, you say: " try to keep the pen on the ball."

- The child puts a hand on the maze while s/he is playing. For the measurement
this would not be a direct danger, especially look carefully at the LED light
that indicates whether the ball is being registered. If it flashes very strongly,
you tell the child: "If you take your other hand off the maze, you can play
better."

- The child leans with the elbows on the maze: here you immediately intervene
and ask if the child wants to remove the elbows.

Problems with stop:

- If the child plays longer than 5 minutes, say after 5 minutes that it is time to do
something else.

• Instruction: "Ok well played, you can give the pen back to me." And then
you ask what the child did exactly during the game to score on the score
form.

- If the child has not played for more than 2 minutes, you say that s/he has time
if s/he would like to play.

- If the child stops playing between 2 and 5 minutes, do not say anything yourself
and wait until the child clearly or verbally indicates that s/he is done.

2. Assignment measurement:

(a) Cover the maze with the two wooden cover plates (quarter and half), even if
the exploration board is underneath. Make sure that the red and yellow star
are visible (quadrant 1 from the child’s upper right perspective). Say: "Now
I’m going to ask you to do something with the maze, so pay attention."
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Figure A.1: Representation of the quadrants of the Digital Maze

Then change the signs, put the assignment board in the maze with the ball in
the middle.

From the child’s perspective it looks like A.1, with quadrant 1 the easiest, 2
average, 3 a distracting angle and 4 the most difficult assignment. So initially
only 1 is visible. 2 is covered with a quarter cover plate, 3 and 4 with a half
cover plate (the cover plates are thin boards cut to size of the maze, one covers
a quarter of the board; another half).

(b) Start the measurement.

(c) Say: "The ball is now at the red star (point), can you bring it to the yellow
star (point)?" As you say this, press marker 1.

(d) When the child has done this, say "Can you return the ball from the red star
(point) to the yellow star (point)?" At the same time, press marker 2.

(e) Then remove the quarter plate that covers quadrant 2, so that the green star
is also visible.

(f) Say: "Can you move the ball from the red star (point) to the green star (point)?",
Simultaneously press marker 1.

(g) With successful execution you say: "Can you bring the ball back from the
green star (point) to the red star (point)?" At the same time, press marker 2.

(h) Next, remove the half-plate so that the blue star and complex circle become
visible.

(i) Say: "Can you move the ball from the red star (point) to the blue star (point)?",
While you say this, press marker 1.

(j) With successful execution, say: "Bring the ball back from the blue star (point)
to the red star (point)" and press marker 2 at the same time.

(k) When the child has done this, press "stop".

Write down interesting observations, such as verbal statements, children who
have a hard time with the assignment or solve the maze very quickly.
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Problems with assignments: - If the child fails to do the first assignment, try the
second one. If s/he fails to do this one as well, you stop the data collection. If s/he
succeeds in completing the second assignment, you start the third one. You do
not give explicit feedback to the children whether they have done well or badly. -
The time is not tracked with the stopwatch during this part. If an assignment is
unsuccessful, there is no time limit, the child may continue to try until s/he gives
up. - If a child gives up very quickly, you can encourage her/him to try again. Be
sure to write this down on the score form.

3. Motor control condition:

(a) Slide the third and last board into the maze. Make sure you put the ball in the
top right corner (child’s perspective) ready.

(b) Say: "This assignment is very easy, the ball can only go 1 way (trace the path
with your finger). I want you to bring the ball from here (point where the
ball is) to there (point the extreme corner to the top right, child perspective)
as quickly as you can." As you say this you start the measurement.

(c) Give the pen to the child.

(d) When the child is done, press "stop".

Issues: If the child would stop somewhere along the way before s/he went all the
way to the end with the ball, encourage her/him to go all the way to the end.

General advice: It is easiest to always ask for the child’s pen during the plate change.
Then it is easier for you to explain and you are sure that the child will not start before you
have pressed the start button for the next measurement.

After a measurement with a child:

1. After the first child in a day you want to know if everything works. Remove the
battery from the maze and connect to your computer and check whether 3 files
have been created.

2. Put the battery back in the maze and prepare everything again.

3. Enter the next test subject id.

4. Slide the motor control panel out of the maze, slide in the exploration board with
the ball in the middle. Cover before you go get the next child.

End of all measurements of the day:

1. Check all output (3 files per child that you have tested, plus any test files).

2. Turn off the maze.
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3. Remove the battery from the maze.

4. Check whether you have put all the material back in the case.

Possible problems with the maze: - Software error message: check whether the ap-
plication has created a data file. If the data is not lost, you cannot repeat the measure-
ment, only motor control condition can be repeated. - Problems with the maze itself (for
example not registering contact with the ball, not registering anything at all, not being
able to connect to the laptop, etc.)

Approach: 1. Try to restart first. Close the application and turn off the maze. Turn
on the maze and wait until the LED test has finished. Restart the application. Now try
measuring again.
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SUMMARY

This thesis investigates the possibility of continuous and automatic assessment of cogni-
tive and physical assessments for the elderly and children. Monitoring these capabilities
in the elderly is important to detect possible deficits and to make informed decisions
about required treatments. Monitoring these capabilities in children, for instance, in
schools, is important to ensure their healthy development. However, at the moment, the
number of instruments available for these target groups is limited and less ecologically
valid. Assessments for the elderly and children are difficult to apply, time-consuming,
and often lead to subjective results. Hence this thesis explores and evaluates the pos-
sibility of using Intelligent Game Devices for the assessments. Accordingly, this thesis
introduces two such intelligent game devices: Intelligent Activity Dice and Intelligent
Maze.

Chapter 1 motivates the problem, discusses the various assessments, assessments for
the elderly and children, and introduces our research objective. The following research
objective guides our research:

Research Objective

To explore and investigate the possibility of designing and validating intelligent
game devices, to assess the physical and cognitive well-being of elderly and chil-
dren while they are playing, thereby avoiding stressful testing environments.

As a guideline to our research, the above research objective has been further divided
and formulated into four explicit research questions, in which we investigate certain top-
ics of designing and validating intelligent game devices, given below:

Research Questions

Research Question Q1 How can we measure the physical performance of an indi-
vidual using an intelligent toy?
Research Question Q2 How can we design an intelligent toy that extracts infor-
mation about the cognitive functioning of a young child with higher precision
than that of the existing method of using a video camera?
Research Question Q3 How do the features extracted from the intelligent toy dur-
ing structured play relate to the cognitive functioning of children as observed dur-
ing standard cognitive tests?
Research Question Q4 How do the features extracted from the intelligent toy dur-
ing unstructured play relate to the cognitive functioning of children as observed
during standard cognitive tests and observations from parents?
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Each chapter of this thesis tries to answer one of these research questions. The indi-
vidual chapters deal with the proposed solution, i.e., technology-based intelligent game
devices, and the various effect and exploratory studies conducted with these game de-
vices for validation. Chapter 2 details the related research from the field and motivates
our approach of using intelligent game devices for physical and cognitive assessment. A
systematic review of the available methods for cognitive and physical assessment is also
presented and compared against our proposed methods in this chapter.

Chapter 3 - introduces and describes the proposed technology-based intelligent game
devices: Intelligent Activity Dice and Intelligent Maze. The Intelligent Activity Dice is a
physical game device that embeds electronics inside, enabling us to extract information
about the physical performance of the person without the addition of cumbersome sen-
sors on the body. It is an activity dice that the elderly use in their daily game sessions
with sensors embedded in it. It is designed to be used as a tool for screening of decline
of physical skills over time. The Intelligent Maze is a tabletop wooden game device with
a look and feel similar to game devices typically provided to children of their age group,
but that embeds the electronics required for computer-based stealth testing within itself.

Chapters 4 and 5 addresses the first research question, Research Question Q1. Chap-
ter 4 describes an exploratory study that investigates the possibility of extracting features
from the Intelligent Activity Dice. In this study, the participants are asked to throw the
Dice in various forms: overhead throws from the chest, underhand throws, and targeted
and non-targeted throws. For each of these throws, features like time of flight, veloc-
ity and energy of throw, and the number of turns executed by the Dice in the air are
extracted from the Dice. The study further goes on to validate these features against
the features extracted with the use of a video camera. Additionally, the chapter ex-
plores whether the features extracted from the Intelligent Activity Dice gives an indi-
cation about the physical performance of the person executing different throws with the
Dice. From the study, we can conclude that the insights about the person’s physical ca-
pabilities can be obtained solely from the Intelligent Activity Dice and that the Intelligent
Activity Dice is capable of extracting the throwing capabilities of people interacting with
the Dice while they are playing.

Chapter 5 describes a pilot study that investigates the possibility of using Intelligent
Activity Dice for extracting information about the range of motion at the wrist of an in-
dividual. In this study, the participants are asked to throw the Intelligent Activity Dice
in various forms: overhead throws from the chest with the wrist restricted and free. For
each of these throws, features like time of flight, velocity and energy of throw, and the
number of turns executed by the Dice in the air are extracted from the Dice. We con-
cluded from the study that the features initial velocity and the number of turns extracted
from the Intelligent Activity Dice is an indicators of the gross and fine motor skills of the
person executing the throw. The study also found that the number of turns of the Intelli-
gent Activity Dice is a predictor for indicating the range of motion at the wrist. From the
studies conducted and described in chapters 4 and 5, we can answer our first research
question: It is indeed possible to design a viable alternative to physical assessments in an
elderly facility while they are playing, thereby avoiding stressful testing conditions and
reducing test-induced stress and anxiety, without the addition of sensors to the bodies
of elderly and we have proposed one such technology-based intelligent game device:
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Intelligent Activity Dice.

Chapter 6 targets the second research question, Research Question Q2. In this chap-
ter, we describe a pilot study with a small group of children. This pilot study investigates
the possibility of extracting features from the Intelligent Maze. In this study, children are
asked to play with the Intelligent Maze. From the play data, features such as distances
traveled in the maze, the average speed of travel, the time required to solve problems
in the maze, deadends visited, success rate, etc., are extracted. These features are val-
idated and compared against the measurements extracted from a video camera. From
the study, we can conclude that it is indeed possible to extract information about the
cognitive functioning of children from the Intelligent Maze. The Intelligent Maze al-
lows for the extraction of features similar to well-known standard cognitive tests like the
Porteus maze test and mazes subtest from the WPPSI-R test. The study also concluded
that the Intelligent Maze outperforms the digitization using a video camera even under
well-lighted conditions. The intelligent technology used in the Intelligent Maze vastly
improves the precision of the data extracted for cognitive assessments. This study in
chapter 6 also investigated whether the children found the Intelligent Maze appealing
and fun to play with. The study concluded that the children enjoyed playing with the
Intelligent Maze and showed great excitement while playing, though a careful investi-
gation is needed to scientifically validate this claim. Additionally, we also find that the
children have no difficulty in playing with the Intelligent Maze. This answers our second
research question: It is possible to design an intelligent game device that extracts infor-
mation about the cognitive functioning of a young child with a precision higher than
that of the existing method of using a video camera, and not difficult for the participants
to use. Additionally, children reported that they had fun playing with the game device.

Chapter 7 addresses the third research question: Research Question Q3. In chapter
7 we study whether the performance of children on existing standard cognitive tests is
correlated to the children solving structured tasks in the Intelligent Maze. In this study,
the children are asked to solve increasingly complex assignment tasks, and features re-
lated to their performance in the Intelligent Maze are extracted. These features include
the distance covered, time taken to complete tasks, the speed with which they finish
tasks in the assignment, whether they are able to successfully find solutions to the tasks,
and deadends visited along the path to the solution. These features are then correlated
to standard cognitive tests. We use the following standard cognitive tests: Paper Maze
subtest from WPPSI-R, Raven Coloured Progressive Matrices (RCPM), Tower of London
(ToL), Five-Point test (FPT), Verbal Fluency task (VFT), Digit Span forward and back-
ward (DSfw, DSbw) and Go/No-go task: no-go accuracy (NGA). The chapter discusses
the findings with respect to standard statistical tests, convergent and discriminant va-
lidity, and machine learning tests. The study in this chapter concludes that the perfor-
mance in Intelligent Maze correlates strongly with visuospatial reasoning and visuospa-
tial memory, problem-solving and working memory. This answers our third research
question: The features extracted from the intelligent game device during structured play
do relate to the cognitive functioning of children as observed during standard cognitive
tests. The performance in Intelligent Maze correlates strongly with visuospatial reason-
ing and visuospatial memory, problem-solving and working memory as measured by the
aforementioned cognitive tests.
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Chapter 8 addresses the final research question: Research Question Q4. Chapter 8
describes an exploratory study that investigates the possibility of using the Intelligent
Maze for extracting cognitive functioning during unstructured play in the maze. During
unstructured play, the children are not given any explicit tasks to solve. The aim of this
study is to move away from the traditional point of view of early childhood testing and
to see if stealth assessment during playing, where the child is free to explore the toy, is
possible with the Intelligent Maze. By simply providing the toy to the children and no
explicit instructions, we expect the normal play behavior of children to unfold. In this
study, we explore the possibility of using both the spatial and temporal resolution of the
Intelligent Maze to extract information about the cognitive functioning of children. We
further compare the features extracted from the Intelligent Maze about the behavior of
children in the free play condition to their performance in standardized cognitive tests
and parents’ responses to a questionnaire. The questionnaire pertains to the everyday
behaviors of children relating to cognitive functioning. We use the BRIEF questionnaire.
The study concludes that the play behavior of children in the Intelligent Maze correlates
to planning abilities, problem-solving and working memory skills in the standard cogni-
tive tests. The study also concludes that the Intelligent Maze correlates to the cognitive
skills as measured by the BRIEF questionnaire in terms of initiative-taking and flexibil-
ity. This answers our third research question: The features extracted from the intelligent
game device during unstructured play do relate to the cognitive functioning of children
as observed during standard cognitive tests and observations from parents. The play
behavior of children in the Intelligent Maze correlates to planning abilities, problem-
solving, working memory skills, initiative-taking and flexibility as measured by the afore-
mentioned standard cognitive tests.

Finally, Chapter 9 concludes the conducted research, highlights its findings, and
points out some directions for future work using the technology-based intelligent game
devices introduced and described in this dissertation.
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