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ABSTRACT

PURPOSE: The purpose of this study is two-fold: 1) to determine if using gyroscope sensor
data in place of accelerometer sensor data improves the classification of PA in youth compared
to using only accelerometer sensor data, and 2) to determine if using a combined sensor approach
improves classification of PA in youth compared to using either sensor independently.
METHODS: These aims were evaluated two ways: 1) a within-sample cross-validation using
semi-structured simulated free-living activities from 99 youth participants ages 6-18 years old,
and 2) an out-of-sample validation using unstructured free-living activities from 42 youth
participants ages 6-18 years old. PA data were collected using a GT9X device worn on the hip,
left wrist, and right wrist. Participant’s PA behaviours were directly observed for both phases of
the study to create criterion activity labels for each second of data. Four machine learning model
types were developed (decision tree, random forest, logistic regression (lasso), and neural
network) to classify 1) 14 individual activity classes, and 2) six activity group classes. Each
model was trained using 1) accelerometer only data, 2) gyroscope only data, and 3)
accelerometer + gyroscope data. RESULTS: For the within-sample cross-validation the
combined sensor models achieved average classification accuracies of 61.5% for the individual
activity classes and 82.0% for the activity groups, which outperformed the individual sensor
models by an average of 10.4% for the individual activity classes and 5.3% for the activity
groups, across all attachment sites. For the out-of-sample validation, the accelerometer only and
combined sensor models classification accuracy decreased by 4.0%, 76.7% to 72.7% and 82.0%
to 78.0%, respectively while the gyroscope only models maintained a classification accuracy of
76.7%. Adding transitions as a seventh activity group resulted in decreases in classification

accuracy of 11.1% (within-sample) and 12.1% (out-of-sample) when compared to models

il



excluding transitions. CONCLUSION: These studies conclude that using accelerometer and
gyroscope sensor data together improves activity classification compared to using data from
either single sensor alone when evaluated using semi-structured simulated free-living activity

data and when using unstructured free-living activity data.

v



TABLE OF CONTENTS

CHAPTER 1: INTRODUCTION....ccciviiruiissnisssmessersssssssasssssssssssssssssssssssssssssssssssssssssssssssssssssasssss 1
SECTION 1: BACKGROUND ........coooittttieiieeeeeieiiitteeeeeeeeeeeeeettreeeeeeeeeeeeiiasaeeeseseesensisrrseesseeeensesrrnees 2
SECTION 2: STATEMENT OF THE PROBLEM.........cccuiiiiiiiiiiiiiiiiiiicie et 6
SECTION 3: STATEMENT OF THE PURPOSE.......ccocoiiiiiiiiiiiiiiiiiicic e 7
SECTION 4: RESEARCH QUESTIONS .........oouteteeeeeeeeeeeeeeeeeeeeeteeeeeeeeeeseseeeseeeeeseseseeeeseseseseneeeseseeens 7
REFERENCES.........0uuuuuuutttttttttttttttuetttetteeteeetteeeesee.a.................................———.———————————............... 8

CHAPTER 2: REVIEW OF LITERATURE ....ucoiinniininnninsnnsessanssesssssssssssssssssasssssssssssssssssans 13
SECTION 1: OVERVIEW .......coooiiiiiiiiiiiriiiieeeeeieiiiteeeeeeeeeeeseiasseeeseeeeeeniiisssssesseeseesesisrssesseseessnsones 14
SECTION 2: INTRODUCTION TO PHYSICAL ACTIVITY ASSESSMENT .....cccoeviiiiiiiniieniiiienieieennen 14
SECTION 3: PHYSICAL ACTIVITY ASSESSMENT USING INERTIAL SENSORS .....ccccocvevuieuiniiennennnn. 16

3.1 DAt@ ACGUISTIION ...ttt et 17
3.2 PFE-PFOCESSITG.......cccueeeeeieeeeiie et ettt et et e enaeeenaee e 24
3.3 SCQMENIALION ...t ettt e ete e e e 28
e FOAIUTES ..ot ettt ettt e ettt e et e et e e 28
SECTION 4: MODELING WEARABLE DEVICE DATA ....c..cociiiiiiiiiiiiiiiiieciccccceccecee 33
4.1 Machine Learning OVErVIEW...............cccceuuerueaiueeaieeieeeie e eee e 34
4.2 Machine Learning Model TYPES ..........c..cccouvieiieiiiaiieeieeieeeie e 37
SECTION 5: CHARACTERIZING PHYSICAL ACTIVITY USING WEARABLE DEVICE AND INERTIAL
SENSOR DATA .....ooiiiiititteeiee ettt ettt e e et e et e e e e e e e e eesetarareeeeeeeeeettrareeaeeeeeensntrrreess 44
5.1 Classifier Development and Within-Sample Cross-Validation Performance..... 44
5.2 Classifier Performance in Application and Out-of-Sample Validation
POIFOTIANCE. ...ttt 58
SECTION 6: ALTERNATIVE APPROACHES TO ADDRESS MODEL PERFORMANCE ISSUES.............. 67
6.1 Multiple Sensor Locations of the Same Sensor Type............cccccccevvvevcieecvennnne. 67
6.2 Multiple Sensor Types in the Same LOCALION....................cccoeeveeeeacianieaiaenn, 68
6.3 The Case for the GYFrOSCOPE. ............cccueeeeeieeeeieeeeee e 69
SECTION 7: SUMMARY ......oovviiiiiiiiiiiiitreeeeeeeeeeeeiiiaeeeeeeeeeeesestsreesseeeeeesiiissesesseeesesssrirssseseseessnsones 78
REFERENCES.........0uuuuutttutttttttttttttttuetseeseeeeeesrseeeeree....................................—.—————————————......... 79

CHAPTER 3: STUDY 1 METHODS.....cocceninnuinensanssenssesssssssssssssssssssssssssssssssssssasssssssssssssssssase 96
SECTION 1: PARTICIPANTS........cooiiiitttrieiieeeeeeeiitteeeeeeeeeeeeeetrreeeseeeeeeniisssesesseeeeesessarsseeseseeeensanes 97
SECTION 2: PROCEDURES...........cccotttttttteiieeeeeieiiitreeteeeeeeeeeeiisreeeseeeeeesiiisssssesseeeeesesiarsseeseseesensones 98
SECTION 3: EQUIPMENT ..........ccooiiiitrriieeeeeeeeieiireeeeeeeeeeeeeiraeeeeeeeeeensitsrseesseeeeesnsssssneseeeesennines 100

3.1 Wearable DeVvice................c.cccueeuieiiieiiieiieee e 99
3.2 Direct ODSEIVALION. ..........cc.ccecueeeieieiieeiii ettt 99
SECTION 4: DATASET ASSEMBLY .......ccooiiiiiiiiiiiirieeeeeeeeeieiiirteeeeeeeeeeniiitrreeeeseeeesisiisssseseseessnsoes 101
REFERENCES.........0uuuuututututttttttutttttteueteteeteeteeeteeee........................................———————————————...... 103



CHAPTER 4: DEVELOPMENT AND WITHIN-SAMPLE VALIDATION.......ccccceeuueenee 105

ABSTRACT .......cooioiititeieei e e eeececeee e e e et ee ettt e e eeeeeeetbaraaeaeeeeeeesasbaaeaeeeeeeesesrsraeeseeeeeennntrreeess 106
SECTION 1: INTRODUCTION ......ccooiiutrrieiieeeeeeiiiirreeeeeeeeeeeeisaeeeeeeeeeessetrreeeeseeeessnsissssseseseesennones 108
SECTION 2: IMIETHODS .....oovveiiieeeeieitieeeeeeeeeeeeeiireeeeeeeeeeeeetssseeseeeeeessetsreeeseeeeeesnsisssrseseeeeesnnines 110
2.0 PAFHICIDANLS ...ttt e e e 110

2.2 PPOCEAUFES ...t 111

2.3 DAta ACGUISTIION ...t e 113

2.4 Wearable Device DALa.................c.cccouueeiieiiiaiiiieieee et 115

2.5 StatiSticAl ARGLYSIS ........c..coceieieiieieee e 119
SECTIONS 32 RESULTS ....uvvviiiiiiiiiiiiiieeeeee e e e eeeeireeeeeeeeeeeeetaaeeeeeeeeeesetareeeeseeeeesnssssrneseseeeennines 121
3.1 Hip Individual Activity Class ReSUILS ...............ccooveiviiiiiieiiaiieieeiieee e, 121

3.2 Hip Activity Group RESUILS .............cc.ccoveiiuiiiiiiiieiieee et 125

3.3 Left Wrist Individual Activity Class ReSULLS..............cccoooveevieiieiiiiiieieee, 128

3.4 Left Wrist Activity Group ReSUILS ............cc.ocoueveiiiiiiiiiiieeieeeeeeee e 132

3.5 Right Wrist Individual Activity Class ReSUILS ................cccoeeevevceeiieeiiiiiean, 135

3.6 Right Wrist Activity Group ReSUILS ..............cccocveveeiiiiiiieieieeeee e, 139

SECTION 4: DISCUSSION ......coooiiiiiiiittreeeeeeeeeeieiireeeeeeeeeeeeitirareeseseeeeneiittreeesseeeessssisrreeseseeesnnies 143
) N 717777 g PSPPSR 143

4.2 Performance OVETVIEW ..............cceeeueeieeiieaeiieeieeeieeeie et eiee e eees 144

4.3 Comparison to Previous ReSeArch................cccccouveiveeicieeciaiieiieeieeee e, 148

4.4 Left and Right Wrist JUSHIfICATION .............c..cccueeiiaiiiaiieiieeeeeeee e 149

4.5 Model ReCOMMENAALION. ................cooeieieiiiiiiiieiieeee e 151

G0 SIFONGINS ..ottt 152

4.7 LIMITATIOMNS ...ttt 153

4.8 Next Steps and Practical Considerations ...............c.cccoccceeeeveneeeaieenceeeieaneennn, 154

4.9 CONCIUSTON ...t 156
DUSCLOSUFE ... ettt 157
REFERENCES.........0uuuuutttttttttttttutttttttuetereeeeeeeessseete.....................................————————————————......... 158
CHAPTER 5: STUDY 2 METHODS.......cooiniiiiinrininsensnnssnssissississsssssssssssssssssssssssssssssssssssns 166
SECTION 1: PARTICIPANTS........cootiitttteiieeeeeeieiiireeeeeeeeeeeeeiraeeeeeeeeeeesitareeeeseeeeessisssseeseeeesennines 167
SECTION 2: PROCEDURES...........ccootiitttttiieeeeeeieiireeeeeeeeeeeeeiisaeeeseeeeeensiitsrsessseeeessssissssseseseessnsies 167
SECTION 37 EQUIPMENT ...t eeeeeee e s e eeeeee st eseeeeseseseseseeeeseeeseseeeeseseseneeseeas 168
3.1 Wearable DevViCe.................ccccueuiiueiieiiieeeee et 169

3.2 DireCt ODSEIVALION. ...........ccceeviieiiiieiiiee ettt 169

SECTION 4: DATASET ASSEMBLY .......coooiiiiiiiiiiiiiieeeeeeeeeeeiiirreeeeeeeeeeniiitrreeeeseeeessssisssseseseessnsones 172
CHAPTER 6: OUT-OF-SAMPLE VALIDATION ....ccociininninsnessecsasssessssssssssassssssassssssssssssss 173
ABSTRACT .......cooiiiititiieeie e e e eeececeee e e e et ee ettt eeeeeeeesetaaaaeeeeeeeseesatbaeeeeeeeeeesatraraeeseeeeeennnrrreeess 174
SECTION 1: INTRODUCTION ......ccooiutrriiiieeeeeeieiireeeeeeeeeeeeiirreeeeeeeeeensetrrseseseeeessnsisssseeseseesennones 176
SECTION 2: IMIETHODS ......ovveiieieeeieiiteeeeeeeeeeeeeitreeeeeeeeeeesetrsseeseeeeseesestaraeesseeeeesnsissssneseseesensines 179

Vi



2.1 PAFHICIDANLS ...ttt et e e e 179

2.2 PFPOCEAUFES ...ttt 180

2.3 DAta ACGUISTIION ...t 182

2.4 Wearable Device DALa.................c.cccueeuiiiieiiieiieeieeeeee e 184

2.5 StatiSticAl ARQLYSIS ...........cooeiiiiiiiiiieee et 185

SECTIONS 32 RESULTS ....uvvviiiiiiiiiieitieeeeee e e eeeeeitreeee e e e eeeeeearaaeeeeeeeseesetareeeeseeeeesnsssssneseeeesennines 188
3.1 Out-of-Sample Validation of LaMunion et al. (Chapter 4) Six-class Activity

GFOUD MOGELS ... 188

3.2 Within-Sample Cross-Validation of Random Forest Models with Transitions 189

3.3 Out-of-Sample Validation of Random Forest Models with Transitions ........... 194

SECTION 4: DISCUSSION ......cooeiiiiiiiitrreeeeeeeeeeieiireeeeeeeeeeesitrareeseeeeeenseitrreeeeseeeeesniissrrseseseessnsoes 195

E ) N 717777 g PSPPSR 195

4.2 Performance OVETVIEW ..............ccoeceeieeieeaieieeieeeieeeee e eees 195

4.3 Contribution and RecOmMmMeNdation ..................cccoccevvueeveeeeceenieiieesiieee e, 198

o SIPONGINS ...ttt 201

4.5 LIMEEATIONS ..ottt e e e s 202

4.6 Next Steps and Practical COnsiderations ...............c.cccoecueeveneeeaceeseeeinanneennn, 203

4.7 CONCIUSTON ...t 204

DIUESCLOSUFTE ...t 204

REFERENCES.........0uuuuutttutttutttttuttttetttetesesteetseststeee....................................—.———————————————...... 205

APPENDICES ...cuuiiiiiiiiitictisiissicssisesssessssssssssessssssssssesssssssssssssssssssssesssssssssssssssssssssssssssssssses 209

APPENDIX A FIGURES ......coiiiiiititiieee ettt et ettt ee e e e eeeeetbeeeeeeeeeeeenaasaaeeaeeeeeeesntareeess 210

APPENDIX B TABLES ....oooiiiiiiititiieeee e ettt e et et e e e e e e ee b aaeeeeeeeeeenaaaseeeeeeeeeeenntrreeess 217

APPENDIX C: STUDY 1 RECRUITMENT FLYER ......cociiiiiiiiiiiiiiiiieniceiceret e 316

APPENDIX D: STUDY 1 INFORMED CONSENT .......ooiiiiiiiiiiiiiiiiiieiiesieeie et 318

APPENDIX E: HEALTH HISTORY QUESTIONNAIRE ......cceittteriiieniieeniiieeniteeeiieesireesneeesnneeenaneeas 322

APPENDIX F: STUDY 1 INFORMED ASSENT.......cccuiiiiiiiiiiiiiiieieeie ittt 325

APPENDIX G: STUDY 2 RECRUITMENT FLYER......cccoiiiiiiiiiiiiiiiiiiniicieciceeie e 328

APPENDIX H: STUDY 2 INFORMED CONSENT ......ocoiiiiiiiiiiiiiiiiiieiienieeie et 330

APPENDIX I: STUDY 2 INFORMED ASSENT ..ottt ettt 334

VIT Aeiitiinicnnniissecssisesssessssssssssessssssssssesssssssssssssssssssssesssssssssssssssssssssssssassssssssssssssesns 337

vii



LIST OF FIGURES

Figure 1. Project OVerview fIOW CRATL.............cc.ooovieuiiiieii ettt esaeeabeenbeenae s 211
Figure 2. Study 1 participant enrollment, description of data loss, and participant allocation for

QIIALYSES. ..ottt et et ettt ettt ettt oAb At abeeRb et b e kb e st e ate et e At e etbeetbeeateetbeenbeesbeetbeesaenrae e 212
Figure 3. Overall classification accuracy results from 1) decision tree (RPART), 2) logistic regression
(LASSO), 3) random forest (RF), and 4) neural network (NNET) models for hip A) individual activity
classes, and B) activity groups, left wrist C) individual activity classes, and D) activity groups, and right
wrist E) individual activity classes, and F) ACHIVILY GFOUDS. ........cc..ccveevevieiieiiiecieeieeeeeie e eveeve e 213
Figure 4. Out-of-sample validation model classification accuracy of LaMunion et al. (Chapter 4) six-
class activity group classifiers 1) decision tree (RPART), 2) logistic regression (LASSO), 3) random
forest (RF), and 4) neural network (NNET) models for A) hip, B) left wrist, C) right wrist data. ........... 214
Figure 5. Overall classification accuracy results for seven-class random forest classifiers including
transitions for a A) within-sample cross-validation using semi-structured simulated free-living activity
data and B) out-of-sample validation using unstructured free-living data. ................cc.ccoocvvveiiviannann.n 215
Figure 6. Overall classification accuracy results from within-sample cross-validation and out-of-sample
validation of random forest models developed to classify six activity classes excluding transitions and
seven activity classes including transitions using A) hip, B) left wrist, and C) right wrist data. ............. 216

viii



LIST OF TABLES

Table 1. Individual activity class labels, activity group labels, with the original activity labels and

OPEFALIONAL ACFINTIIONS. ...ttt ettt ettt e ettt e tbeeabeetbesabeesbeesbeessessee e 218
Table 2. Study 1 dataset breakdown by number of data points in each individual activity class and activity
GFOUD. ..ottt ettt et e et e ettt a bt e Rh e e Rt e e et e e e bttt e e ket ettt e en bt e enbeeenteeentteeteeeanbeeanneeenseeenns 219
Table 3. Physical characteristics of participants for development and within-sample validation.......... 220
Table 4. Confusion Matrix Performance Summary for Individual Activity Class for the Hip classifiers by

FrOAIUFE SOL. ...ttt ettt ettt ettt ettt et e neeeneas 221

Table 5. Performance Summary for Individual Activity Classes for the Hip Classifiers by Feature Set. 221
Table 6. Confusion Matrix Performance Summary by Activity Group for the Hip classifiers by Feature

Y2 OSSOSO 222
Table 7. Performance Summary by Activity Group for the Hip Classifiers by Feature Set..................... 222
Table 8. Confusion Matrix Performance Summary for Individual Activity Class for the Left Wrist
CLASSIFIETS DY FQAIUTE SEL. ......c.ooieiiee ettt ettt et ettt e et e abeetb e abeesbeesaeessensee e 223
Table 9. Performance Summary for Individual Activity Classes for the Left Wrist Classifiers by Feature
Y2 SRS 223
Table 10. Confusion Matrix Performance Summary by Activity Group for the Left Wrist classifiers by
FFOAIUFE SOL. ...ttt ettt et ettt ettt et et e e e neeeneeas 224
Table 11. Performance Summary by Activity Group for the Left Wrist Classifiers by Feature Set. ........ 224
Table 12. Confusion Matrix Performance Summary for Individual Activity Class for the Right Wrist
CLASSIIETS DY FQAIUTE SEL. ......c.ooveieei ettt ettt ettt e et e et e abeeabeeabassbeesaeesaensee e 225
Table 13. Performance Summary for Individual Activity Classes for the Right Wrist Classifiers by
FFOAIUFE SOL. ...t ettt ettt et e ettt et ettt ettt et et e aeeeneeas 225
Table 14. Confusion Matrix Performance Summary by Activity Group for the Right Wrist classifiers by
FFOAIUFE SOL. ... ettt ettt ettt ettt et e e eneeas 226
Table 15. Performance Summary by Activity Group for the Right Wrist Classifiers by Feature Set....... 226
Table 16. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set
DeCiSION Tree MOMEL .............c..ccovoeuieiieiieei ettt ettt ettt ettt et e bt eeaa e sbeesa et 227
Table 17. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Decision
THEE MOUEL. ...t ettt ettt et b e bbbttt et be bt bt ettt beereenns 227
Table 18. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Decision
THEE MOUEL. ...t ettt ettt ettt b e bbbttt bt e bbbttt et e beenns 228
Table 19. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Decision
THEE MOUEL. ...t ettt ettt ettt b e bbbttt bt e bbbttt et e beenns 228
Table 20. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Decision
THEE MOUEL. ... ettt ettt ettt b e bbbt b e bt e bt bt bttt ettt e neenns 229
Table 21. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Decision
THEE MOUEL. ...t ettt ettt ettt b e bt bttt b e bttt e bt bt bt e b e e beereenns 229
Table 22. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Lasso
MOGEL. ...ttt ettt ettt ettt ht e bt et e st e st e teeetteettentaeesaentee e 230
Table 23. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Lasso
MOEL. ...ttt ettt ettt ettt ht e bttt e st e st e eteeetteettentteesaensee e 230
Table 24. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Lasso
MOAEL. ...t ettt ettt ettt ettt eehe e bt et e st e st e teaetteettentaeesaentae e 231

iX



Table 25. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Lasso

MOAEL. ...t ettt ettt ettt ettt et e e ht e bt et b e st e st e teaetteetbentteesaeetee e 231
Table 26. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Lasso
MOAEL. ...ttt ettt a et ettt ettt e ht e bt et e st e st e teeetteetaensteesaeetee e 232
Table 27. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Lasso
OEL. ...t ettt ettt ettt ettt ettt e bt et e st e st e teeetteettensteesaentae e 232
Table 28. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random
FOFESE MOAEL. ...ttt ettt ettt b et ettt e b e bbbt b et e beenns 233
Table 29. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Random
FOFESE MOAEL. ...ttt ettt b ettt ettt b e bttt b e b neenns 233
Table 30. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random
FOFOSE MOAEL. ...ttt ettt ettt ettt ettt b et b b e neenns 234
Table 31. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Random
FOFOSE MOAEL. ...t ettt ettt et ettt ettt b ettt et b neenns 234
Table 32. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Random
FOFESE MOAEL. ...ttt et ettt ettt ettt ettt b et b e b reeans 235
Table 33. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Random
FOFOSE MOAEL. ...ttt ettt b ettt ettt a e bbbt b e bt neenns 235
Table 34. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt e bt e bt e st et e st e steestbeesbensaeessensee e 236
Table 35. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Neural
INEIWOFK MOEL. ...ttt ettt ettt et e et e bt e st et e st e s st e st e esbensaeesaensee e 236
Table 36. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt et e bt e bt et e st e st e stee st e e sbensaeesaensee e 237
Table 37. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Neural
INEIWOFK MOEL. ...ttt et ettt ettt et e st e st e st e etaesaeeeateesbensbeesaeesee e 237
Table 38. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt e bt e bt e st et e st e steestbeesbensaeessensee e 238
Table 39. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt ettt et e bt e st e st e st e steaetteesbensbensaensee e 238
Table 40. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Decision
THEE MOUEL. ...t ettt ettt ettt b e bbbttt bt e bbbttt et e beenns 239
Table 41. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Decision
THEE MOUEL. ... ettt ettt ettt b e bbbt b e bt e bt bt bttt ettt e neenns 239
Table 42. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Decision
THEE MOUEL. ...t ettt ettt ettt b e bt bttt b e bttt e bt bt bt e b e e beereenns 240
Table 43. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Decision Tree
MOEL. ... ettt et ettt ettt ettt ettt e bt et e st e st e teeetteetaentaeesaensee e 240
Table 44. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Decision
THEE MOUEL. ...ttt ettt ettt b e bt bbbttt b e bt bt ettt e et e beenns 241
Table 45. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Decision
THEE MOUEL. ...t ettt et ettt b e bt bbbttt b e e bbbt ettt e beenns 241
Table 46. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Lasso
MOAEL. ...ttt ettt ettt ettt ettt ht e bt et b e st e st e teeetteeatentteesaensae e 242



Table 47. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Lasso

MOAEL. ...t ettt ettt ettt ettt et e e ht e bt et b e st e st e teaetteetbentteesaeetee e 242
Table 48. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Lasso Model.
................................................................................................................................................................... 243
Table 49. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Lasso Model.
................................................................................................................................................................... 243
Table 50. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Lasso
OAEL. ...t ettt ettt ettt ettt ettt e h e bt et b e st e st e eteaette st e steesaentee e 244
Table 51. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Lasso
MOAEL. ...t ettt ettt ettt ettt e ht e bt et e st e st e teeeateesteesteeraentae e 244
Table 52. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random
FOFOSE MOAEL. ...ttt ettt ettt ettt ettt b et b b e neenns 245
Table 53. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Random
FOFOSE MOAEL. ...t ettt ettt et ettt ettt b ettt et b neenns 245
Table 54. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random
FOFESE MOAEL. ...ttt et ettt ettt ettt ettt b et b e b reeans 246
Table 55. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Random
FOFOSE MOAEL. ...ttt ettt b ettt ettt a e bbbt b e bt neenns 246
Table 56. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Random
FOFOSE MOAEL. ...ttt ettt ettt ettt ettt b e bttt et e b neennas 247
Table 57. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Random
FOFOSE MOAEL. ...t ettt ettt b ettt et ettt b e bttt b e b b nns 247
Table 58. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt et e bt e bt et e st e st e stee st e e sbensaeesaensee e 248
Table 59. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Neural
INEIWOFK MOEL. ...ttt et ettt ettt et e st e st e st e etaesaeeeateesbensbeesaeesee e 248
Table 60. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt e bt e bt e st et e st e steestbeesbensaeessensee e 249
Table 61. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt ettt et e bt e st e st e st e steaetteesbensbensaensee e 249
Table 62. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Neural
INEIWOFK MOGEL. ...ttt ettt ettt et e et e et e st e st e sseeetteesbessaeessensee e 250
Table 63. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Neural
INEIWOFK MOEL. ...ttt ettt ettt et e bt e st et e st e saeeesbeesbensaessaensae e 250
Table 64. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
DeCiSION Tre@ MOMEL. .............c..ccveiieiieiiee ettt ettt ettt et e st e st e it e esbeesaeesee e 251
Table 65. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeiieiieiieei ettt ettt ettt et e et eeaaeesbeesaeesee e 251
Table 66. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
DeCiSION Tre@ MOMEL. .............c..ccvieiieiieiiee ettt ettt ettt ettt et e st e aaensaeesaeesee e 252
Table 67. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeuieiieieii ettt ettt ettt ettt e st e s e saeesaeesee e 252
Table 68. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
DeCiSION Tre@ MOMEL. .............c..ccoeeiiiieiieei ettt ettt ettt ettt et e et eeabeesaeesaeesee e 253

xi



Table 69. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set

DeCiSION Tree MOMEL. .............c..ccvoeiieieieii ettt ettt ettt et et e st e esaeesaenaee e 253
Table 70. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...ttt ettt ettt a ettt ettt e ett et entaeetae et 254
Table 71. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...t ettt ettt ettt h e h ettt ettt e at e ta e taentee e 254
Table 72. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Lasso
MOAEL. ... ettt ettt ettt ettt ettt ettt e ht e bt e st e tt e st e teeeabeettentteesaentee e 255
Table 73. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Lasso
MOAEL. ...t ettt ettt ettt ettt e ht e bt et e st e st e teeeateesteesteeraentae e 255
Table 74. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
LASSO MOCGEL. ...ttt ettt ettt at ettt ettt ettt e taeetae et e 256
Table 75. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set
LASSO MOGEL. ...ttt ettt ettt ettt ettt ettt e tt et e st e taentee e 256
Table 76. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccooioiiieiiiieiieet ettt ettt ettt ettt be et sb e beaseesneennas 257
Table 77. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoooieiiiiiiiieieet ettt ettt ettt ettt et ete bbbt ebeaseesseennas 257
Table 78. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieeit ettt ettt ettt et et be ettt seaseeneennas 258
Table 79. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieiieet ettt ettt ettt ettt ettt be b sb e beebeesneennas 258
Table 80. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoovieeiiiiiiieiieeit ettt ettt ettt ettt ettt sb e e seabeesneennas 259
Table 81. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................cc.ooioeiieiiiieiieet ettt ettt ettt ettt be et et beeseesseennas 259
Table 82. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
Neural NetwWork MOGEL. ..................ccoooueiiiiieiieeiieeieeee ettt ettt ettt ettt et e st eeaaeesaeesaensee e 260
Table 83. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set
Neural NetwWork MOGEL. ..................ccoooueiiiiieiieeiieeieeee ettt ettt ettt ettt et e st eeaaeesaeesaensee e 260
Table 84. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
Neural NetwWork MOGEL. ..................ccooeueiiiiieiieeiieeieeeeet ettt ettt ettt ettt et e st eeaaeesaeesaensee e 261
Table 85. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set
Neural NetWork MOGEL. ..................ccoooveiiaiiiiieeieeieeeete ettt ettt ettt ettt et e st e saeesaeesaensee e 261
Table 86. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
Neural NetwWork MOGEL. ..................ccoooveiiiiieiieeiieeieeeeete ettt ettt ettt ettt et e st eesaessaeesaensee e 262
Table 87. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set
Neural NetwWork MOGEL. ..................ccoooveiiiiieiieeiieeieeeeete ettt ettt ettt ettt et e st eesaessaeesaensee e 262
Table 88. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeuieiieiieei ettt ettt ettt et e et e et eeaaeesaeesaeesee e 263
Table 89. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeuieiieieii ettt ettt ettt ettt e st e s e saeesaeesee e 263
Table 90. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
DeCiSION Tre@ MOMEL. .............c..ccoeeiiiieiieei ettt ettt ettt ettt et e et eeabeesaeesaeesee e 264

xii



Table 91. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set

DeCiSION Tree MOMEL. .............c..ccvoeiieieieii ettt ettt ettt et et e st e esaeesaenaee e 264
Table 92. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
DeCiSION Tre@ MOMEL. .............c.oocveeiieiieiiee ettt ettt ettt ettt et e it e sa e saeesee e 265
Table 93. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set
DeCiSION Tree MOMEL. .............c..ccveeiieiieiieei ettt ettt ettt et et e st e st e st e saeesee e 265
Table 94. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...ttt ettt ettt ettt ettt ettt ettt tt et eetaeetae et 266
Table 95. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...ttt ettt ettt h e ht ettt ettt et enta e taeetee e 266
Table 96. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Lasso
MOAEL. ...t ettt ettt ettt ettt e ht e bt e st e st e st e eteeetteettensteesaeetee e 267
Table 97. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Lasso
MOEL. ...t ettt ettt ettt ettt e ht e bt e st e tt e st e teeette st e nsaeesaentee e 267
Table 98. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Lasso
MOAEL. ...ttt ettt ettt ettt ettt ettt et e bt et b e st e st e eteaettenttensteesaentee e 268
Table 99. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Lasso
MOGEL. ...ttt ettt ettt ettt ettt ettt e ht e ht et b e st e st e teeetteettentbeesaeetee e 268
Table 100. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieeit ettt ettt ettt et et be ettt seaseeneennas 269
Table 101. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieiieet ettt ettt ettt ettt ettt be b sb e beebeesneennas 269
Table 102. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoovieeiiiiiiieiieeit ettt ettt ettt ettt ettt sb e e seabeesneennas 270
Table 103. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................cc.ooioeiieiiiieiieet ettt ettt ettt ettt be et et beeseesseennas 270
Table 104. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieeit ettt ettt ettt et et be ettt seaseeneennas 271
Table 105. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoooioiiiiiiiieieet ettt ettt ettt ettt et et be et beaseesseennas 271
Table 106. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
Neural NetwWork MOGEL. ..................ccooeueiiiiieiieeiieeieeeeet ettt ettt ettt ettt et e st eeaaeesaeesaensee e 272
Table 107. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set
Neural NetWork MOGEL. ..................ccoooveiiaiiiiieeieeieeeete ettt ettt ettt ettt et e st e saeesaeesaensee e 272
Table 108. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
Neural NetwWork MOGEL. ..................ccoooveiiiiieiieeiieeieeeeete ettt ettt ettt ettt et e st eesaessaeesaensee e 273
Table 109. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Neural
INEIWOFI MOEL. ...ttt ettt ettt ettt at et e st e st e ete e s teeetbeestensaeessensee e 273
Table 110. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
Neural NetWork MOGEL. .................cccoooeaiiaiieiieeiieeieeeeet ettt ettt ettt ettt et e et e aaeesaeesaensee e 274
Table 111. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set
Neural NetWork MOGEL. ..................ccoooveiiiiieiieeieeieeeeet ettt ettt ettt ettt et e st e aaeesaeesaensee e 274
Table 112. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
DeCiSION Tre@ MOMEL. .............c..ccoeeiiiieiieei ettt ettt ettt ettt et e et eeabeesaeesaeesee e 275

xiii



Table 113. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set
DeCiSION Tree MOMEL. .............c..ccvoeiieieieii ettt ettt ettt et et e st e esaeesaenaee e 275
Table 114. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
DeCiSION Tre@ MOMEL. .............c.oocveeiieiieiiee ettt ettt ettt ettt et e it e sa e saeesee e 276
Table 115. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeiieiieiieei ettt ettt ettt et et e st e st e st e saeesee e 276
Table 116. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
DeCiSION Tree MOMEL. .............c..ccveeiieiieiieei ettt ettt ettt et et eeaaeesaeesaeenee e 277
Table 117. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set
DeCiSION Tree MOMEL. .............c..ccveeieiieiieei ettt ettt ettt ettt et e et et e nsaeesaeesee e 277
Table 118. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
LASSO MOCGEL. ...ttt ettt ettt at ettt ettt ettt e taeetae et e 278
Table 119. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...ttt ettt ettt ettt ettt ettt e tt et e st e taentee e 278
Table 120. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
LASSO MOGEL. ...ttt ettt ettt ettt h e ht ettt ettt e aa e st e taentee e 279
Table 121. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set
LASSO MOGEL. ...ttt ettt et ettt ettt ettt ettt et enta e taentee e 279
Table 122. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
LASSO MOGEL. ...ttt ettt ettt ettt ettt ettt ettt enta e taeesee e 280
Table 123. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set
LASSO MOGEL. ...ttt ettt ettt a e ht ettt ettt ettt e st e taentee e 280
Table 124. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoovieeiiiiiiieiieeit ettt ettt ettt ettt ettt sb e e seabeesneennas 281
Table 125. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................cc.ooioeiieiiiieiieet ettt ettt ettt ettt be et et beeseesseennas 281
Table 126. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccooiiiiiiiiiieiieet ettt ettt ettt ettt et ettt sb e beabeesseennas 282
Table 127. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieet ettt ettt ettt ettt ettt et sb e beaseesseennas 282
Table 128. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoooioiieeiiiieiieet ettt ettt ettt ettt bbbt e beebeeseennas 283
Table 129. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................cc.oooioiiieiiiieieet ettt ettt ettt ettt et beebe bt ebeaseesseennas 283
Table 130. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
Neural NetwWork MOGEL. ..................ccoooveiiiiieiieeiieeieeeeete ettt ettt ettt ettt et e st eesaessaeesaensee e 284
Table 131. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set
Neural NetwWork MOGEL. ..................ccoooveiiiiieiieeiieeieeeeete ettt ettt ettt ettt et e st eesaessaeesaensee e 284
Table 132. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
Neural NetWork MOGEL. .................cccoooeaiiaiieiieeiieeieeeeet ettt ettt ettt ettt et e et e aaeesaeesaensee e 285
Table 133. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set
Neural NetWork MOGEL. ..................ccoooveiiiiieiieeieeieeeeet ettt ettt ettt ettt et e st e aaeesaeesaensee e 285
Table 134. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
Neural NetwWork MOGEL. ..................ccooovaiiaiiiiieeiieeieeeeete ettt ettt ettt ettt et e st e atessaeesaensee e 286

Xiv



Table 135. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set
Neural NetWork MOGEL. ...............c...ccooevaiiiiieiieeiieeieeeeeete ettt ettt ettt ettt et e st eeaaeesaeesaensee e 286
Table 136. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
DeCiSION Tre@ MOMEL. .............c.oocveeiieiieiiee ettt ettt ettt ettt et e it e sa e saeesee e 287
Table 137. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeiieiieiieei ettt ettt ettt et et e st e st e st e saeesee e 287
Table 138. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeiieiieiieei ettt ettt ettt et et eeaaeesaeesaeenee e 288
Table 139. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set
DeCiSION Tree MOMEL. .............c..ccveeieiieiieei ettt ettt ettt ettt et e et et e nsaeesaeesee e 288
Table 140. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
DeCiSION Tree MOMEL. .............c..ccoeeuiiiieiiee ettt ettt ettt ettt et e st eeaaensaeesaeesee e 289
Table 141. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set
DeCiSION Tre@ MOMEL. .............c..ccoeeeieiieiieei ettt ettt ettt et et e et e st esaaeesbeesaeesee e 289
Table 142. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...ttt ettt ettt ettt h e ht ettt ettt e aa e st e taentee e 290
Table 143. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set
LASSO MOGEL. ...ttt ettt et ettt ettt ettt ettt et enta e taentee e 290
Table 144. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
LASSO MOCGEL. ...ttt et ettt ettt ettt ettt ettt e st e tae et 291
Table 145. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set
LASSO MOGEL. ...ttt ettt ettt a e ht ettt ettt ettt e st e taentee e 291
Table 146. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
LASSO MOCGEL. ...ttt ettt ettt ettt ettt ettt e etb e at e taeetaentee e 292
Table 147. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set
LASSO MOGEL. ...ttt ettt ettt a ettt ettt e tt e ate st e ta et 292
Table 148. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieeit ettt ettt ettt et et be ettt seaseeneennas 293
Table 149. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieet ettt ettt ettt ettt ettt et sb e beaseesseennas 293
Table 150. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoooioiieeiiiieiieet ettt ettt ettt ettt bbbt e beebeeseennas 294
Table 151. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................cc.oovoiiieiiiieiieet ettt ettt ettt ettt be et sb e beaseesseennas 294
Table 152. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................cc.ooieeiiiiiiieiieet ettt ettt ettt ettt ettt sb e s e aseesseennas 295
Table 153. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccooieiiiciiiieieet ettt ettt ettt et ete bbbt beaseesseennas 295
Table 154. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
Neural NetWork MOGEL. .................cccoooeaiiaiieiieeiieeieeeeet ettt ettt ettt ettt et e et e aaeesaeesaensee e 296
Table 155. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set
Neural NetWork MOGEL. ..................ccoooveiiiiieiieeieeieeeeet ettt ettt ettt ettt et e st e aaeesaeesaensee e 296
Table 156. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
Neural NetwWork MOGEL. ..................ccooovaiiaiiiiieeiieeieeeeete ettt ettt ettt ettt et e st e atessaeesaensee e 297

XV



Table 157. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set

Neural NetWork MOGEL. ...............c...ccooevaiiiiieiieeiieeieeeeeete ettt ettt ettt ettt et e st eeaaeesaeesaensee e 297
Table 158. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
Neural NetWork MOGEL. ..................ccooovaiiiiiiiieeiieeieeeeee ettt ettt ettt et e st e eaaessaeesaensee e 298
Table 159. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set
Neural NetwWork MOGEL. ..................ccoooueiiiiieiieeiieeieeee ettt ettt ettt ettt et e st eeaaeesaeesaensee e 298
Table 160. List of Study 2 activities and their operational definitions. .................cccccevvvevievienieniennnene. 299
Table 161. Study 2 dataset breakdown by number of data points in each activity class and group
corresponding to the recoded activity Group LADEIS................ccccovvviiiiiiiiiiiiiieiee e 302
Table 162. Physical characteristics of Study 2 partiCiDaRLS. ............c..cccoeeveevevievienieeieeiiesiieeiesie e 303
Table 163. Confusion Matrix Performance Summary by Activity Group for the Hip Random Forest Model
DY FOATUTE SEL. ...ttt ettt ettt ettt ettt ettt ettt et areeneas 304
Table 164. Performance Summary by Activity Group for the Hip Random Forest Model by Feature Set.
................................................................................................................................................................... 304
Table 165. Confusion Matrix Performance Summary by Activity Group for the Left Wrist Random Forest
MOAEL DY FEAIUTE SEL. ..ottt ettt ettt eee e 305
Table 166. Performance Summary by Activity Group for the Left Wrist Random Forest Model by Feature
Y2 OSSPSR 305
Table 167. Confusion Matrix Performance Summary by Activity Group for the Right Wrist Random
Forest Model By FeQUIE Set............ccoccuoiaiiiiiieeeeee ettt eee 306
Table 168. Performance Summary by Activity Group for the Right Wrist Random Forest Model by
FFOAIUFE SOL. ...t ettt et ettt ettt et ettt ettt et eeaeeeneeas 306
Table 169. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random
FOFESE MOAEL. ...ttt ettt ettt ettt et ettt b e bttt en e ne s 307
Table 170. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Random
FOFESE MOAEL. ...ttt ettt ettt b ettt ettt b et b et b e e beeneenns 307
Table 171. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random
FOFOSE MOAEL. ...ttt ettt ettt ettt ettt b e bttt et e b neennas 308
Table 172. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Random
FOFESE MOAEL. ...ttt et ettt ettt et ettt b e bbb e n e beenns 308
Table 173. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Random
FOFOSE MOAEL. ...ttt et ettt ettt ettt b e bbbt b e bt neenns 309
Table 174. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Random
FOFESE MOAEL. ...ttt ettt ettt b ettt ettt bbbt e bt neenns 309
Table 175. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................cc.ooieeiiiiiiieiieet ettt ettt ettt ettt ettt sb e s e aseesseennas 310
Table 176. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccooieiiiciiiieieet ettt ettt ettt et ete bbbt beaseesseennas 310
Table 177. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................cc.ooioeieeiiiiieiieet ettt ettt ettt ettt ettt beebe bt beaseesseennas 311
Table 178. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccooioeiiiiiiieieet ettt ettt ettt ettt et et bbbt beaseeseennas 311
Table 179. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoooioiiiiiiiieieeit ettt ettt ettt et et bbbt e beaseesseennas 312

xvi



Table 180. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoooioiiiiiiiieieet ettt ettt ettt ettt et et be et sb e beeseesneennas 312
Table 181. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccoooioeieiiiiieieeit ettt ettt ettt ettt et et ettt beaseesneennas 313
Table 182. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set
Random FOrest MOGEL. ..................ccooioiiieiiiieieet ettt ettt ettt ettt ettt be et beeseesseennas 313
Table 183. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieet ettt ettt ettt ettt ettt be et sb e seaseesneennas 314
Table 184. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set
Random FOrest MOGEL. ..................ccoooioeiiiiiiieiieet ettt ettt ettt ettt ettt et sbeebeaseeseennas 314
Table 185. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................cc.ooioiiiiiiiiieiieet ettt ettt ettt ettt ettt e beaseesneennas 315
Table 186. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set
Random FOrest MOGEL. ..................ccoooioiiieiiiieieet ettt ettt ettt ettt ettt bt e bt beaseese e 315

xvii



Chapter 1: Introduction



Section 1: Background

Accurately capturing unstructured free-living physical activity (PA) behaviour is critical
to robustly assess, document, and evaluate the relationship between PA and health outcomes.
However, it can be challenging to adequately assess PA in free-living environments. One popular
method for objectively assessing PA is through the use of wearable devices such as
accelerometer-based PA monitors. These devices are strategically placed on the body and record
movement continuously. These movement data can then be used to characterize different
components of PA behaviour, most commonly energy expenditure (EE) and PA intensity.
Historically, acceleration data represented as activity counts, a proprietary metric derived from
the raw acceleration signal, has been used to model the aforementioned components of PA.
Activity counts are generated through a process of filtering the raw acceleration signal to
attenuate noise in the sensor signal and then integrating the acceleration data in some fixed-
length window of time (i.e. epoch) to represent the volume of movement that occurred in the
specified window.! Activity counts are a useful metric for describing PA or quantifying PA
based on total movement accumulation but lack resolution to distinguish intricacies of individual
activities with similar movement frequencies and patterns.? With technological advances
including on-board device memory and improved battery life coupled with increased storage and
improved processing capabilities and computing power, investigators have shifted to using
higher resolution raw acceleration data to assess free-living PA.? It is believed that working with
raw acceleration data provides greater flexibility for analyzing the data and with the higher
resolution it may be possible to distinguish characteristics of specific activities (e.g. walking
versus computer work) or activity groups (e.g. locomotion versus household chores) more

robustly and more consistently.?> Additionally, working with raw acceleration data improves the



compatibility between data from different device manufacturers which improves comparability

between studies.>*

There have been numerous approaches used to classify PA using wearable device data
expressed as both counts and raw acceleration data.> To date, most approaches have focused on
classifying activities grouped by activity domain. To do so, it is common to calculate relevant
statistical features (i.e. transformations of the raw sensor data).!%!3 These features are then
selected or extracted from the dataset using objective criteria or by using a statistical model that
chooses appropriate features as a step in the modeling process.!%!3 While true that many features
can be calculated from acceleration data, more features are not always necessary or useful for
improving PA classification performance since features may contain redundant information.'* To
reduce redundant features and eliminate features with low predictive power for the desired
classification task, feature selection is typically performed leaving only relevant non-redundant
features in the final dataset for classification.!* Features are typically evaluated in two domains
1) time domain and 2) frequency domain. Time domain features are engineered by processing
data in specified windows of time (e.g. mean, median, variance, standard deviation, minimum,
maximum, range)!'%!13 and frequency domain features are calculated by extracting signal
information (e.g. Fourier transform, wavelet transformation, or calculation of dominant

frequency, spectral energy).'%-13

Using raw acceleration data, a variety of analytical methods have been used to classify
wearable sensor PA data ranging from logistic regression to machine learning models including
neural networks, support vector machines, and decision tree-based approaches, all of which
range in complexity and performance for the desired classification tasks.” Additionally, it has

been established that there is no single statistical modeling approach that is superior for all PA



classification tasks.!>!® With this in mind, it is standard practice to evaluate a series of
classification techniques to determine the optimal methods for the specific classification task.!>!
In some cases, it has been demonstrated that by combining machine learning approaches superior
classification performance can be achieved compared to using a single independent classification
approach.!>16 This combination of machine learning methods is known as ensembling and
typically involves combining a set of inherently weaker classifiers to achieve a single more
robust final classification by pooling the individual classifier results (e.g. random forest

models).!>1©

While the aforementioned efforts have yielded generally high classification accuracy at
the group level, typically >85%, overall improvements in classifier performance have plateaued,
regardless of the methodological approach and analytical technique used. The implications of
this plateau may not be readily apparent when evaluating classifier performance from within-
sample cross-validations, a typical first step in the development process. However, when the
classifiers are applied to out-of-sample data in free-living situations, classifier performance
decreases as models suffer from poor generalizability to new data.>!7-2° For example, in the field
of PA assessment, nearly all PA classification research that has been done to date has used only
accelerometer sensor data and associated features as the source for classifier development. A
recent review by Farrahi et al.® shows that on average, a PA classification accuracy of
approximately 85.0% (hip) to 90.0% (wrist) is achieved in both adult and youth samples. At first
glance, this level of accuracy seems acceptable, however, when the classifiers developed in these
studies are independently validated using unstructured free-living data, performance decreases
sharply, and on average, peaks at approximately 70.0-75.0%.% Additionally, there is evidence to

suggest that the individual level variability in classifier performance is greater in out-of-sample



validations than in within-sample cross-validations.?! The nuances and intricacies of unstructured
free-living PA behaviour are complex and challenging to model using information from a single
sensor type. This plateau in predictive performance is potentially related to there being
insufficient relevant information in the data to adequately distinguish between independent
activity classes or activity groups when using only accelerometer sensor data as the source for
classifier development. One potential answer to this issue is to use additional sensor data, such as

gyroscope data, to complement the acceleration data and more completely characterize PA.

It has been previously hypothesized that additional sensor types such as a gyroscope
sensor might provide complementary information regarding human movement when used
simultaneously with an accelerometer sensor.?>8 In adults it has been well documented that
using accelerometer and gyroscope sensor data together to characterize PA results in improved
classifier performance by approximately 10.0% compared to using data from either single sensor
individually.?>?” Most of these data have come from studies in other disciplines such as
engineering and computer science where smartphones are commonly used to assess PA.?2%7
These studies, while informative, generally have small sample sizes and a small number of
activities, limiting the generalizability and applicability of the study results. In 2014, ActiGraph
(ActiGraph Corporation, Pensacola, FL), a leading research-grade activity monitor manufacturer,
released the GT9X Link (GT9X).?° The GT9X contains the same primary accelerometer as its
predecessor, the wGT3X-BT and also contains an inertial measurement unit (IMU). The IMU
houses a secondary triaxial accelerometer, a triaxial gyroscope, a triaxial magnetometer, and a
thermometer to monitor the sensor temperature. Hibbing et al. 20183 first introduced the GT9X
gyroscope into the literature by demonstrating its utility as a predictor of EE using a two-

regression approach. When used in concert with the primary accelerometer data, the gyroscope



contributed a 5.0% improvement in EE estimates compared to using only the accelerometer
sensor data. One potentially larger takeaway from this study was the contribution of the
gyroscope sensor data for classification of sedentary behaviour (SB). The gyroscope sensor data
was a perfect classifier of SB across the hip, both wrists, and both ankles compared to 63.7% to
99.4% for the accelerometer sensor data. Additionally, Marcotte et al.3! showed that the
gyroscope sensor in the GT9X can be useful for detecting the number and degree of turning
motions, a common movement that occurs during many activities of daily living such as
household chores as well as during intermittent sporting activities. Capturing additional
information about intermittent tasks that involve pivoting and turning may be important for
assessing the broad PA behaviours that occur in free-living. It has been shown previously that the
number, frequency, and degree of turns contribute to EE.?>3* When considered across the day,
this may be an important step to improving PA assessment using wearable device and inertial

sensor data.
Section 2: Statement of the Problem

To date, most PA classification using wearable devices has been conducted using only
accelerometer sensor data. Presently, PA classification has reached a plateau in performance in
both youth and adult studies. Regardless of the statistical features and analytical technique used,
similar classification performance is achieved in independent model validation, specifically with
unstructured free-living PA datasets. One potential reason for this plateau in classification
performance is the insufficient availability of relevant information in the acceleration sensor data
to adequately discriminate individual activities and activity groups. Potential solutions to

improve classification performance include: 1) using gyroscope sensor data, instead of



accelerometer sensor data or 2) using a combination of accelerometer and gyroscope sensor data

for classifying PA.
Section 3: Statement of the Purpose

The purpose of this study is two-fold: 1) to determine if using gyroscope sensor data in
place of accelerometer sensor data improves the classification of PA in youth compared to using
only accelerometer sensor data, and 2) to determine if using a combined sensor approach

improves classification of PA in youth compared to using either sensor independently.

Section 4: Research Questions

Question 1: Does using only gyroscope sensor data as an independent classifier improve the
classification of physical activity type in youth compared to using only accelerometer sensor

data?

Hypothesis 1: It is hypothesized that using only gyroscope sensor data and relevant features to
classify physical activity type in youth will yield comparable classification performance to using

only accelerometer sensor data.

Question 2: Does using accelerometer and gyroscope sensor data together improve the
classification of physical activity type in youth compared to using only accelerometer or only

gyroscope sensor data?

Hypothesis 2: It is hypothesized that using accelerometer and gyroscope sensor data to classify
physical activity type in youth will result in improved classification accuracy of individual
activity classes and activity groups compared to using accelerometer or gyroscope sensor data

alone.
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Section 1: Overview

This literature review will cover material related to wearable devices and inertial sensors
used for characterizing physical activity (PA). While the relevant literature is broad in scope and
spans multiple disciplines, this review will focus primarily on how PA has been assessed using
wearable devices and inertial sensors, including identifying current shortcomings in the use of
wearable device data for PA characterization. This is intended to correspond to the research
questions outlined in Chapter 1 and support the novelty and relevance of the studies
accompanying this review. Much of the available data in the literature using wearable devices
and inertial sensors to characterize PA comes from studies using adult populations. There is a
subset of the literature focused on youth, but a few components are missing from that area.
Among those is the use of data from multiple sensor types to characterize PA. The general
framework this review is structured around is known as the Activity Recognition Chain (ARC),
a five-step process for working with wearable device and inertial sensor data and obtaining a
desired outcome. In the case of this review, that outcome will be primarily centered around
activity recognition and classification. The ARC is comprised of five general steps: 1) data

acquisition, 2) pre-processing, 3) segmentation, 4) feature extraction, and 5) classification.!
Section 2: Introduction to Physical Activity Assessment

PA is defined as any movement of the body that requires skeletal muscle contraction and
increases the expenditure of energy above that which is required at rest.> While seemingly simple
in definition, PA is a complex and multi-dimensional behaviour comprised of related but
independent constructs including physical activity, energy expenditure, and sedentary

behaviour.> The complex nature of PA can make it challenging to objectively assess, which has
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long been of interests to researchers, scientific investigators, and medical and health
professionals because of the well-established relationship between PA and positive health
outcomes associated with regular PA participation.*’ Similarly, the consequences of chronic
physical inactivity include increased risk for developing a host of chronic disease conditions
linked to decreased quality of life, morbidity, and pre-mature mortality.®!® Some of the most
prevalent chronic disease conditions in the United States (U.S.) include obesity, hypertension,
Type 2 diabetes mellitus, coronary heart disease, and cancer.!! The current recommendation
states that U.S. adults obtain 150 to 300 minutes of moderate-to-vigorous- aerobic PA per week
and perform muscle-strengthening exercises on at least three days per week, yet many

individuals fail to meet this guideline for maintaining or improving their health.!?

A multitude of methods exist to assess PA and are sub-divided into two primary
categories 1) subjective and 2) objective. Subjective methods of PA assessment include self-
report surveys, recall questionnaires, PA diaries and logs, and phone or in-person interviews.
Objective methods include device-based assessments using wearable devices and direct
observation. Subjective PA assessment methods have been the primary means for assessing PA
at the population level in the U.S. for decades, largely because of the ability to obtain a large
sample of responses and a relatively low cost to administer on a large scale. For example, the
majority of surveillance system PA data is collected using self-report survey data.'* Only one
surveillance system, the National Health and Nutrition Examination Survey (NHANES), has an
objective device-based component and it was only introduced in the early 2000s.'* However,
while useful for gaining broad insight into general PA behaviour at the population level, self-
report methods of PA assessment lack temporal resolution and are subject to both recall and

social desirability biases which in turn results in low precision estimates of PA'S. Conversely,
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objective device-based assessments of PA eliminate biases, provide greater temporal resolution,
and provide the capability to continuously monitor movement which makes wearable devices

popular among PA assessment researchers.
Section 3: Physical Activity Assessment Using Inertial Sensors

An important distinction when discussing the tools used to assess PA is between the
physical sensors and wearable devices. The sensors make a physical measurement while the
wearable devices acquire the measured data and convert it into a useable output that can be read
and interpreted by an individual user or an instrument.'¢ The inertial sensors all have similar
physical properties, defined by tolerances, sensitivities, dynamic ranges, precision, and
accuracy.'® To achieve valid and reliable measurements with these devices, regular calibration
checks are required for maintaining consistent and reliable device output.'® All of these sensor
parameters are relevant when using device data to model various aspects of PA and should be

evaluated accordingly when selecting a device for a task.!®

In the field of PA assessment, wearable devices containing inertial sensors have become a
popular tool among PA researchers for the ability to non-invasively and continuously monitor
movement. The output from these wearable devices is frequently used to relate to different
aspects of PA: 1) energy expenditure (EE), 2) activity intensity, and 3) activity type; with the
rationale being that higher frequency of movement stems from higher intensity activity and
results in greater EE. Additionally, individual activities or domain-specific groups of activities
with similar movement patterns result in characteristic patterns in the sensor signal. The device
data can then be categorized based on the unique distinguishing characteristics in the sensor
signal specific to the individual activity or activity group. While this review is primarily focused

on the classification aspect of PA characterization, the motivation to improve the quality of data
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and methods used for classification is linked to the EE and intensity components of PA
assessment. If activities can be classified accurately then it could become relatively
straightforward to estimate EE in a way that is easy to implement and interpret.!”-!® This rationale
ties the classification component of PA assessment to the EE estimation component in that one

may benefit from the other but neither component is completely dependent on the other.
3.1 Data Acquisition

The first step in the ARC is data acquisition, which in the context of this review will refer
to human movement data collected using inertial sensors contained within wearable devices and
smartphones.! The most common types of sensors used for PA assessment are accelerometers.
Additional sensor types include gyroscopes, and inertial measurement units (IMUs — devices
containing an accelerometer, a gyroscope, and sometimes a magnetometer), although these have
been less commonly used for PA assessment. Accelerometers measure linear movement
(acceleration and deceleration) and gyroscopes measure rotational movement (angular velocity).
Magnetometers are most commonly used to measure the strength of the Earth’s magnetic, from
which position and heading (i.e. cardinal direction) can be determined. However, they are
susceptible to environmental interference which can make the signal noisy and difficult to for PA
assessment. Accelerometers and gyroscope have been used individually but more emerging
research is exploring the utility of using the data streams together for the added benefit of more
information about the movement being assessed.!”2! The following section provides an overview
of the different varieties of these three sensor types and how they have generally been used in PA

research.
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3.1.1 Accelerometers

Historically, in the field of PA assessment, inertial sensor data has come from
accelerometer sensors or from an accelerometer-based wearable device where the primary
outcome data are transformations of accelerometer sensor data. Accelerometers measure both
static (i.e. acceleration due to gravity) and dynamic (i.e. acceleration due to movement) linear
accelerations.?? For PA assessment research, ActiGraph devices have been the most widely used
research-grade monitors.?* ActiGraph has manufactured several generations of research-grade
accelerometer-based PA monitors and these devices have traditionally been attached at the hip to
be near the center of mass. However, in more recent years the wrists have become a popular
alternative or complement to hip-worn devices. Other attachments sites include the thigh and
ankle which are less practical but still occasionally used for research purposes. In other
disciplines where human activity recognition research is common, such as engineering and
computer science, smartphones containing multiple sensor types are frequently used. One of the
primary sensors in smartphones is an accelerometer. There are two primary types of
accelerometers 1) piezoelectric and 2) microelectromechanical systems (MEMS) accelerometers

and each have played a substantial role in the field of PA assessment.
i. Piezoelectric Accelerometers

Early accelerometer sensors were costly to manufacture and generally
used a piezoelectric bimorph cantilever beam with a seismic mass mounted on the
end.???* When the sensor experiences a change in acceleration, the force on the
seismic mass causes the bimorph cantilever beam with the piezoelectric element
to bend and deform.?>?* This deformation results in a charge developing on the

sensor generating a voltage signal that is proportional to the magnitude of
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acceleration the sensor undergoes.?? The piezoelectric bimorph cantilever beam
configuration is frequently referred to as uniaxial since the cantilever beam is
most sensitive to deformation due to dynamic acceleration in the plane in which it
is oriented.?? Uniaxial piezoelectric accelerometers have the capability to measure
omnidirectional accelerations but there is little to no way to differentiate the plane
from which a dynamic acceleration occurs or to distinguish the relative
contribution of accelerations in more than one plane to the total acceleration the
sensor undergoes.?? This is a result of the overall sensitivity of the accelerometer
sensor which is mainly a function of the physical properties of the sensor
components.?? Uniaxial sensors could be configured orthogonally to measure
differentiable dynamic accelerations in multiple planes.?? There are also newer
integrated circuit piezoelectric sensors that are available as multiaxial sensors,

most commonly in a triaxial configuration.??

There are, however, some limitations to using piezoelectric
accelerometers, principle among these limitations is the inability to measure static
acceleration reliably.?>?* This is due to the sensor only providing alternating
current coupled output; meaning the sensor can only reliably measure time-
varying dynamic accelerations.?* Another concern is charge leakage over time.?
For example, a time-varying dynamic acceleration will cause a deformation in the
bimorph cantilever beam and a proportional electrical charge to form.?>** Over
time the charge will start to dissipate even when held under a static acceleration of
the same magnitude that formed the original charge.?? The rate of dissipation is

dependent on the physical properties of the piezoelectric component of the
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accelerometer sensor and can vary between sensors.?? An additional limitation of

piezoelectric sensors is susceptibility to drift over time due to mechanical and

environmental causes which requires regular sensor calibration.?>?*

MEMS Accelerometers

Newer sensor technology such as MEMS are used in nearly every iteration
of current generations of research-grade accelerometer-based devices and in
smartphones.?* The accelerometers contained in smartphones aid in determining
the orientation of the phone screen from portrait to landscape views as well as
function to quantify how many steps you take, much like they do in purposefully
worn accelerometer-based activity monitors. These sensors function based on a
capacitive response where the sensor capacitance changes proportionally to the
magnitude of the acceleration the sensor undergoes which results in a stable
signal.2* MEMS sensors produce direct current (DC) coupled output, which
allows for the sensor to detect and capture both time-varying dynamic
accelerations and static accelerations due to gravity.?* This capability allows for a
richer acceleration signal that can be used to detect positional information as well
as information about movement.?* MEMS sensors are semiconductors and require
power to operate which affects battery life and requires regular charging.*
Additionally, MEMS sensors are more robust to calibration concerns due to the
stable transducers used and calibration that occurs during manufacturing to

maintain the sensor stability.>*
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3.1.2 Gyroscopes

While gyroscopes have been used in smartphone research in computer science and
engineering, they have seen virtually no use in the field of PA assessment. When they have been,
it has been to analyze gait patterns?>-2%, to detect falls and fall risk in elderly populations®-3!, to
detect changes in postural position and orientation®?, and to quantify turning motions®3, including
the number of turns and the degree of the turn being made, during walking and running.>* Like
accelerometers, gyroscopes are in most smartphones and aid in device orientation and image
stabilization as the sensor is highly responsive to the turning and rotation movements made by

users. There are three primary varieties of gyroscopes 1) mechanical gyroscopes, 2) optical

gyroscopes, and 3) MEMS gyroscopes.
i Mechanical Gyroscopes

Gyroscopes operate on the principle that an isolated spinning mass will
maintain its angular position with respect to an inertial frame of reference.®
When the mass undergoes a constant external torque at a constant angular speed,
the axis of rotation undergoes a precession motion at a constant angular speed in a
direction that is normal to the direction from which the constant eternal torque is
applied.’® When external forces act on the center of the rotating mass, the angular
position of the axis of rotation is unaffected.’> Most mechanical gyroscopes
consist of a spinning mass mounted on two fixed gimbals. When the mass is
rotating on its axis as intended, the mass should remain parallel to itself and be
resistive to changes in its orientation. Mechanical gyroscopes exist in two primary

forms: 1) mechanical displacement and 2) mechanical rate gyroscopes.
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iii.

Optical Gyroscopes

Optical gyroscopes operate by detecting differences in time it takes two
counter-propagating beams traveling in opposite directions to propagate through
an optical path.’ Rotation induces changes in the length of the optical path
resulting in phase differences between the two counter-propagating beams.*>
Optical gyroscopes operate under the Sagnac principle®’, which states that two
counter-propagating optical beams being propagated through a ring-shaped
optical path change their phase if the ring-shaped optical path is rotating.’> This
makes it possible to then relate the magnitude in the change of the phase to the
relative angular speed of the optical ring.>>37 Optical gyroscopes primarily exist

as 1) ring laser and 2) fiber optic gyroscopes.
MEMS Gyroscopes

MEMS gyroscopes generally operate using a vibrating mechanical
element to detect angular velocity.*> Coriolis acceleration is observed in a rotating
frame of reference and is proportional to the angular velocity.>> The Coriolis
acceleration causes energy to be transferred between two modes of vibration and
the vibrating element in the sensor detects this transfer of energy.?* Unlike
mechanical gyroscopes, there are no rotating components which makes for easier
miniaturization and manufacturing of the sensor which has also helped reduced
the overall cost of the sensors.> MEMS gyroscope are what are contained in most

IMUs, smartphones, and other multi-sensor wearable devices.
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3.1.3 Inertial Measurement Units

IMUs are used in many applications outside of PA assessment for navigation tasks to
establish position and for system stability. The advantage of using an IMU over individual
accelerometer and gyroscope sensors is that with IMUs, the sensors are contained in a single unit
so all sensors can collect data simultaneously using a single device at a single attachment site.®
This lends itself well to being able to combine the sensor signals using a sensor fusion technique,
which is advantageous for some applications, including some aspects of PA assessment.®
ActiGraph released its latest iteration of accelerometer-based PA monitors in 2014, the GT9X
Link (GT9X). The GT9X contains the same primary triaxial accelerometer as the previous
generation wGT3X-BT but now also includes an IMU, which contains a secondary triaxial
accelerometer, a triaxial gyroscope, a triaxial magnetometer, and a thermometer to measures the
sensor temperature inside the unit housing. The introduction of the GT9X put IMU use squarely

into play for active research in the field of PA assessment, but to date, little research has been

conducted using the GT9X IMU sensor data.

3.1.4 Inertial Sensor Output

Accelerometer sensors record linear accelerations and decelerations in gravitational units
(g’s) and gyroscope sensors record angular velocity in radiansesec™ or degreesesec™!. Both sensor
signals are recorded as continuous time series data. The rate at which data is acquired is called
the sampling rate or sampling frequency and for most human movement applications ranges
from 30-100 Hertz (Hz) in increments of 10 Hz. In other disciplines, the sampling frequency can
be much higher if greater temporal resolution is required. The critical consideration when using
inertial sensors to assess PA is to use a sampling frequency great enough to adequately capture

the movements being made to satisfy the Nyquist-Shannon®*° theorem criteria that the sampling
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frequency must be at least two times the greatest frequency that needs to be captured. The upper
limit for most vigorous, high-frequency human movements is between 8-10 Hz so a minimum
sampling frequency of 20-30 Hz should be sufficient to capture the full range of human
movements.?>?* These estimates are for trunk-based movements near the center of mass where
hip-mounted wearable devices are typically worn, however, it should be noted that high-
frequency movements of the limbs may peak at closer to 25 Hz and may require a greater
minimum sampling frequency to sufficiently capture the full range of human movements when

devices are worn on the wrists or ankles.??

There is added benefit when working with the raw sensor signals. There is a lot of
valuable information about the movement being assessed that is contained within the
information-rich signals. The raw signals, can however, be noisy, and otherwise difficult to deal
with as the higher the sampling frequency, the more individual data points there are to work
with. While the raw sensor signal is not always used during the modeling process, it is common
to engineer derivations of the raw sensor signal (i.e. statistical features) to represent various
temporal and spectral components of the signal more completely before the data is reduced to a

more manageable window size, most commonly 1-second windows.*!
3.2 Pre-Processing

The second step in the ARC is pre-processing, where the acquired data are cleaned to
reduce artifact and noise by smoothing or filtering. The filtering and smoothing process may
require calibration of the sensor to correct the collected data or -resampling of the sensor signal
into a lower or higher resolution for further processing. The data filtering step is one of the most
prominent components for inertial sensors as the raw sensor signal generally requires filtering

before use and to make the sensor data more manageable to work with.?%?* Generally, a low-
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pass, high-pass, or band-pass (a band of high- and low-pass filter frequencies) filter is applied to
the raw sensor data to 1) improve the linearity of the signal (i.e. the relationship between
measured versus actual values) by attenuating data outside of the physiological range of
possibility, and 2) reduce artifact in the signal due to electrical noise and sensor drift due to
temperature or the sensor being out of calibration from aging or damage due to impact.!6-22-24
Most wearable device manufacturers typically apply an unpublished proprietary low-pass or anti-
aliasing filter to make sure the data satisfies the Nyquist-Shannon*’ theorem criteria, which, if
not sufficiently met, results in a phenomenon known as aliasing. Aliasing is the corruption of the
sampled signal data and distortion of the represented original signal, which compromises the data
considerably.?* The frequency limits of this filter vary by device manufacturer but are generally
broad and in many cases require a secondary filter to achieve a cleaner signal representative of
the human movement being measured.?* In many cases, the secondary filter is a band-pass filter
and may be applied to attenuate signal noise and artifact outside of the desired frequency range.*
For example, ActiGraph’s default band-pass filter for current devices is 0.25 — 2.5 Hz.** This,

however, is only applied to the data when converting the raw acceleration signal to ActiGraph’s

activity count metric.

Historically, in the field of PA assessment, raw g acceleration data has not been the unit
most commonly used. Instead, the field has used an integrated unit of the filtered acceleration
signal known as activity counts, a proprietary metric used to quantify movement in a given
window of time (i.e. epoch). The process to generate counts requires a series of steps. First, the
bidirectional analog voltage signal is filtered and amplified and then converted to a digital series
of values representing the original acceleration data.?? The amplification step is dependent on the

sensor hardware, the magnitude of the analog voltage signal representing the original
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acceleration data, and the analog to digital (A/D) conversion factor (e.g. 8-bit conversion).??
Next, the bidirectional digital acceleration values must undergo full-wave rectification (i.e.
taking the absolute value of the signal) to make all of the values positive.?? Then the rectified
signal is band-pass filtered and can be integrated (i.e. summed) by taking the area under the
curve in a specified window of time.?? The result is an activity count value per unit of time (i.e.
epoch) to represent the body movements that occurred during that time window with higher
count values corresponding to greater movement frequencies. There are, however, some
limitations to using counts to characterize PA. One primary limitation is the loss of resolution
that occurs due to signal integration.?? The ability to segment data of different intensities or
movement frequencies is diminished because of this lack of resolution since some periods of
high-frequency movement and low-frequency movement occur sequentially and may fall in the
same epoch if a longer epoch is selected.?? Conversely, if a short epoch length is selected the
resulting data may not be practically useful for characterizing PA since nuances in movement
frequencies in such small windows have little to no practical physiological meaning.??
Historically, count data has been used in 1-minute epochs. This results in counts being used more
descriptively to characterize PA data by quantifying overall PA and time spent in different PA
intensities.**** This makes the choice of epoch length critical to how the data are presented, and

results are interpreted and must be carefully considered.??

In recent years, as technology has evolved and improved, more researchers have opted to
use the raw acceleration data instead of counts. One benefit to using raw sensor data to
characterize PA includes greater compatibility and comparability.**¢ Using the raw sensor data
should result in greater compatibility across device brands as the data collection and data

modeling processes can become more standardized and the resulting sensor data should be near
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equivalent for devices of different brands worn at the same attachment site during the same
activities.*+* Similarly, using the raw signal instead of proprietary, manufacturer-specific units
(i.e. counts) should result in greater comparability between studies using different device brands

as the data will all be in non-proprietary units.*>#6

Once a stable, clean, and manageable sensor signal is attained, additional pre-processing
steps may involve normalization and unit conversion.'*’ In the case of IMUs, an additional pre-
processing step may include signal fusion.!*’ This involves combining the signal from two or
more types of sensors, most frequently the accelerometer and gyroscope signals from an IMU.
One reason to fuse the signals is to achieve a single, more information-rich data stream which
can be useful in some applications. Another reason is to achieve greater signal stability to reduce
the measurement error in each individual signal.'*’ Alternatively, sensor fusion is of interest in
some cases. This involves pre-processing the individual sensor signals individually so the
information unique to each signal is retained and then finally the data from the two sensors are
synchronized and merged, in other words, fusing the data from the two sensors into a single data
source. The use of both accelerometer and gyroscope sensor data in assessing PA is the best
example of sensor fusion since the two signals remain independent of one another, the data are
just leveraged from both sensor types to classify PA. Lastly, a final step in pre-processing is the
synchronization and aggregation of multiple data streams into a single dataset. For example, in
the field of PA assessment, this is often the synchronization and merging of the time series
sensor data with criterion activity labels from direct observation and criterion EE data from

indirect calorimetry.
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3.3 Segmentation

The third step in the ARC involves segmentation of the pre-processed data into sections
believed to contain meaningful information about the target outcome of interest.!*! The three
primary ways to segment time series data are 1) activity-defined windows, 2) event-defined
windows, and 3) sliding windows (i.e. windowing).**® Of these three approaches, windowing is
the most commonly used as it is useful for static PA behaviours (e.g. posture changes), dynamic
and periodic PA behaviours (e.g. walking and running), and intermittent PA behaviours (e.g.
household chores, sports).** Windowing segments the data into fixed window lengths that
typically do not overlap. Window sizes vary from less than 1-s to greater than 1-min but are most
commonly 1-s or smaller.*! Activity-defined windows are based on the detection of changes in
activity which then partitions the data stream by the number of activities detected. Lastly, event-
defined windows require the detection of specific events in the data to further subset the data in
partitions. For example, when walking, the heel strike of the foot is a distinguishable event that
can be detected in the acceleration signal. This specific event can be used to partition the data

stream by each step that occurs.
3.4 Features

The fourth step in the ARC pertains to feature extraction.! Features are statistical
transformations and representations of the raw sensor data. In order to model wearable device
data most efficiently and effectively, these statistical transformations of the raw data are
calculated to represent different aspects of the device output and increase the variance in the
dataset. There are a large number of features that can be computed and extracted from the raw
sensor data, but they generally fall in the following categories: 1) time domain, and 2) frequency

domain. Figo et al.*’ covers in specific detail the motivation and mathematical computation for a
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1.50

vast array of both time and frequency domain features. Preece et al.”’ provides an overview of

how features play a role in classification and demonstrate the importance of choosing the right

features for a task. Liu et al.’!

is a frequently referenced paper in the field of PA assessment as
they provide a fairly comprehensive list of possible features to extract from accelerometer sensor
data. These studies indicate that the choice of features impact the outcomes of a study and should
be chosen carefully. Another point of emphasis is that different features will result in

performance differences between classifiers and should be considered accordingly when

development classifiers for a specific outcome.

i. Time Domain Features
Time domain features quantify and represent aspects of the device data
over a specified unit of time, hence the time domain designation.*” Additionally,
time domain features may be the most frequently used and are likely the most
identifiable to those new to machine learning. Examples of common time domain
features include the following statistical metrics that generally describe different
aspects of the sensor signal with respect to time: mean, median, variance, standard
deviation, coefficient of variation, minimum, maximum, range, correlation,
integration (i.e. area under the curve), and zero-crossings (i.e. the number of time
a bi-directional sensor signal crosses zero and changes signs).*’
il Frequency Domain Features
Frequency domain features are particularly useful for quantifying and
recognizing repeated patterns in a sensor signal as pattern repetition often
corresponds to similar movements being performed and may even include a

rhythmic or cyclic pattern to indicate an exact activity such as walking or
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running.*’ One of the most commonly used techniques to transform the raw
sensor signal to the frequency domain is to deconstruct the signal into its
constituent parts is by computing a Fourier transform of the signal. Both the
discrete and fast Fourier transforms (FFT) are frequently used to extract valuable
signal characteristics such as the DC component (i.e. the first spectral coefficient
in the frequency spectrum).*” Additionally, other frequency domain features are
obtained through a full spectrum analysis that provides information about the
energy of the sensor signal and how it is distributed across a range of frequencies.
From this information the dominant frequency can be obtained (i.e. the frequency
band in which the majority of the signal energy is found) as well as peak power of
the dominant frequency.*’ The frequency domain also includes wavelet
transformation, which is frequently used to extract time-frequency feature

information from the signal.*’

3.4.1 Feature Extraction

Discussion of features is synonymous with machine learning for both regression-based

and classification tasks.*3263 As evidenced in the above summary, there is a multitude of

features*’ that can be extracted from the raw sensor signals but there is no established practice

for what features are most relevant, have the greatest predictive power, and are the most

discriminative for a given task. Thus, the feature extraction process is considered a critical step

when modeling wearable device data. There is a balance to consider when extracting features

from the original data source, however, and that is somewhat contingent on the number of data

samples available. As the number of features approaches and begins to exceed the number of

data samples, the “curse of dimensionality”®* begins to come into question.®® This refers to the
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high dimensionality of the dataset created by the large number of features extracted.®> The
problem this creates is that the feature space for discriminating between data points is minimized
and the predictive power of the available information with the large number of features is
diminished. Thus, it is common to perform either dimensionality reduction or feature selection
procedures to only include the most relevant and strongest predictors in the final modeling step.
This reduces redundant and potentially covarying features in the dataset which shrinks the
dimensionality of the data and will additionally improve the computational cost and efficiency

when modeling.

3.4.2 Dimensionality Reduction

To reduce the dimensionality of the dataset, a procedure such as principal component
analysis can be used to map the original features into a lower dimension feature subspace.®® The
goal here is to not only reduce the dimensionality of the data but also to maximize the variance in
the dataset.*® For example, the first principal component will have a direction that corresponds to
the direction of the greatest variability in the data.*® Reducing the dimensionality of the dataset

results in lower computational cost and greater computational efficiency.

3.4.3 Feature Selection

Another more common method to reduce the feature subspace is to perform a feature
selection procedure to choose the most useful subset of features out of a given feature space for
the task at hand. There are both forward selection and backward elimination feature selection
methods. Forward selection starts with a single variable or small subset of variables and then
progressively incorporates more variables sequentially making the subset get progressively larger
until an optimal subset has been achieved. Backward elimination starts with the entire feature set

and progressively eliminates the least useful features leaving only a subset of the most useful
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features for the outcome of interest. There are three primary methods of feature selection: 1)

wrapper, 2) filter, and 3) embedded.>*
i. Wrapper

Wrapper methods are specific to the outcome of interest and irrespective
of the model type. Essentially, the model is treated as a black box that blindly
assesses the predictive power of subsets of features for the outcome of interest.>*
Wrapper methods are most commonly used with a “greedy” search approach of
either forward selection or backward elimination to test all possible combinations
of features to achieve the best subset for the model type being used for the
problem.>* Some examples of general wrapper methods include recursive feature
elimination, sequential feature selection, and genetic algorithms.

il Filter

Filter methods are considered to be generalizable because the features
selected are irrespective of the model type and outcome of interest. The reason for
this is that subsets of features are selected by filter methods as a pre-processing
step.>* Because filter methods are frequently used as a pre-processing step and to
reduce dimensionality, it is not uncommon to then apply a wrapper method for the
outcome of interest with the specific model being used for the task at hand.>*
Examples of common filter methods include correlations, information gain, and

variance threshold.

32



iii. Embedded
Embedded methods are feature selection procedures built-in to or

embedded within the model.>* For example, regularization of logistic regression
models and tree-based approaches (i.e. classification and regression trees -
CART?’) have built-in methods for selecting subsets of features or ranking
features based on relative importance for the outcome of interest.>* In cases where
dimensionality and computational cost are not a major concern, it is common to
use embedded methods and allow the model to select feature subsets objectively

based on the task at hand.
Section 4: Modeling Wearable Device Data

The final step of the ARC is modeling the sensor data for an outcome of interest.! As
previously mentioned, wearable device data are frequently used to model different PA outcomes,
including estimating EE, tabulating time spent in different PA intensities, and classify PA type.
Modeling these outcomes falls into two general categories for: 1) regression-based tasks for
continuous outcomes, and 2) classification-based tasks for categorical outcomes. EE is a
continuous outcome so modeling wearable device and inertial sensor data for EE estimation are
all regression-based tasks. One example of this would be regressing the continuous time-series
data from the device, either counts or the raw sensor signal, against a criterion measure (i.e.
indirect calorimetry or direct observation). The resulting regression equation can then be applied
to new data to estimate how much EE is expended during an activity or bout of activity. To date,
this has been the bulk of the wearable device research conducted in the field of PA assessment.

There are other methods used to estimate EE, including machine learning models, however, at
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the core, the tasks these algorithms are built to solve are regression-based because the outcome

of interest is continuous.

The second task is classification. This applies to a categorical outcome such as a finite
number of activity classes represented as either a binomial or multinomial outcome. In this case,
the time-series data from the wearable device, either counts or the raw acceleration signal, are
used to differentiate between different activities and bin the data based on what the probability a
data point or set of data points belongs to a certain activity class based on the criterion labelled
input variables. There is considerable interest in classifying human movement data using
wearable device data.!%%%7! Ag previously mentioned, the PA classification aspect of PA
assessment using wearable devices is the component of interest for the proposed studies

accompanying this review.
4.1 Machine Learning Overview

Machine learning functions at a basic level as simple pattern recognition. It is the
automated process of recognizing, describing, grouping, predicting, and classifying data and has
a wide variety of applications and is used in many different disciplines of study.®® For example,
in the case of wearable device data, this might be the recognition of patterns in the sensor signal,
grouping based on the magnitude of the count values, or describing the variations in the time-
series data from a wearable device. This information can be used to train a machine (i.e.
statistical model) to learn information from the inputted data and then make predictions or
classifications from what it has learned about the data.>®-%72 Machine learning and pattern
recognition are broadly distinguished as either 1) supervised learning, or 2) unsupervised

learning tasks.
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Supervised Learning

Supervised learning involves using labelled data to train models to predict
or classify an outcome of interest.>® In the context of this paper, this involves
taking criterion labelled input data (i.e. merged accelerometer data and direct
observation activity labels, so the model learns what movement data are
associated with different types of activities) and training a classifier to be able to
make a classification on new unknown data without the activity labels. To
accomplish this, the data are frequently split into training and holdout (i.e. testing)
datasets where the training dataset is used to develop the model and then the
model is tested on the holdout data it has not yet seen to gauge how it performs
and might generalize. In cases where there is not a lot of available data, a model is
trained using leave-one-participant-out cross-validation (LOOCYV), leave-one-
group-out cross-validation (LOGOCYV), or k-fold cross-validation.>*7*# In the
case of LOOCV and LOGOCYV, each participant or group of participants are held
out of the development process and a model is developed using the data from
other participants or groups and then tested on the single holdout participant or
group of participants. Alternatively, in the case of k-fold cross-validation, the
dataset is partitioned into ‘k’ partitions and a model is developed using all but one
partition and then tested on the held out partition and the process is repeated until
all partitions have been used as holdout data. The performance on each holdout

partition is then aggregated to give an indicator of overall model performance.
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il

Unsupervised Learning

In many cases, there is no criterion labelled data available to train a model.
These instances are where unsupervised learning is necessary. Since no
information is available to guide the training process, oftentimes clustering
algorithms, such as k-means clustering, are used to determine how data are
grouped objectively and then potential insights can be gained from the clusters of
data.’® A second use for unsupervised learning is for reducing dimensionality.
High dimensional data occurs when there are more input features than there are
training data points (i.e. “the curse of the dimensionality”)®. This is a process that
examines the interrelatedness of the input features and reduces the total number of
features by eliminating redundant features from the dataset. This results in a
sparser dataset which is advantageous in terms of both computational cost and

efficiency.

4.1.1 Bias-Variance Tradeoff

data well.

When building a supervised learning model, it is important to consider not only how well
the model does with the training data but also how well it will do with holdout data and then
eventually entirely new out-of-sample data. This consideration is frequently referred to as the
bias-variance tradeoff.>”->*727> Bias is the error (difference) between the average prediction the
model makes and the correct class that the model is attempting to predict. High bias results in
oversimplified models that do not fit the training or testing data very well. Variance is the error
that results from the trained model being sensitive to small variations and nuances in the training

data. High variance results in a model that fits the training data well but does not fit the testing
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Ideally, a balance can be struck that results in a good fitting model that performs well on
the training data but also generalizes and performs well when tested with the holdout data. More
often, the trained model either under- or over-fits the training data. Underfitting the training data
results in a model with high bias and therefore does not perform well with the training or testing
data. Conversely, overfitting the training data results in high variance. In most cases when fitting
a model, there is a concern of overfitting.”® To reduce the possibility of the final model
overfitting the training data, individual model hyperparameters are tuned and optimized and
precautions are taken, such as random re-sampling and cross-validation, to reduce the likelihood
of overfitting.>®’%"7 The model excellently classifies the training data as the model has learned

all of the intricacies and nuances of the training data structure.
4.2 Machine Learning Model Types

4.2.1 Bayesian Networks

Bayesian networks use Bayes theorem to describe the probability of an event based on
known conditions related to the event. This particular type of statistical inference is called
Bayesian inference which is used to develop probabilistic graphical models to compute

probabilities of an event or series of events.

i Naive Bayes
Naive Bayes is based on Bayes probability theory and is considered a base
level classifier and has been used extensively for classifications tasks in various

disciplines.>>7®

While naive Bayes is considered to be a simpler approach than
many other machine learning techniques, it is generally competitive when

compared to other more sophisticated approaches for the same task. The

probability of an outcome of interest, given the input features, is computed using
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the training data provided as a conditional probability distribution.” Naive Bayes
assumes the input features are conditionally independent of one another given the
outcome of interest.”” This is done to simplify the probability calculation. Naive
Bayes has no parameters to optimize making it a computationally inexpensive
classifier. However, this comes at a cost, as naive Bayes performance typically
deteriorates as the size of the dataset grows.>>’8
il Hidden Markov Models

Hidden Markov models are a specific type of Bayesian network based on
the Markov process, which assumes that future events are independent of past
events with respect to present events.®? Hidden Markov models allow for the
computation of the joint probability of “hidden” states given the information in
available observations.®” This representation of the probability distributions over a
sequence of observations makes Hidden Markov models useful for modeling time

series data.8?

4.2.2 Logistic Regression

Logistic regression is a widely known and used statistical classification technique.
Hosmer and Lemeshow®! showed that the relationship between an outcome of interest and the
input features can be determined by the ratio of odds from the training data provided.>>’® The
odds ratios are then used to predict the probability of what class a given data point belongs
to.>>7® By itself, logistic regression is a fairly standard base-level classifier, used similarly to
Naive Bayes as a starting point, as it is computationally inexpensive in most cases and has many

applications due to the output being interpreted as probabilities. However, logistic regression
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does frequently require a large sample size to make stable classifications and it can be

susceptible to multicollinearity.>>78

i. Regularization (Shrinkage) of Logistic Regression

In cases where there are a large number of input features, logistic
regression can become more computationally expensive and the resulting
coefficients can become more difficult to interpret. Logistic regression models
with large sets of input features are also the ones most susceptible to
multicollinearity. One way to address this issue, as well as the concern of
overfitting, is to use a shrinkage parameter which shrinks the value of coefficients
for non-relevant or unimportant features.? Regularizing logistic regression results
in lower variance which means the model is less prone to overfitting and should
generalize to new data more effectively than standard logistic regression. The
shrinkage parameter, lambda, serves as a penalty term, that penalizes non-relevant
variables by shrinking their coefficients, so those variables do not influence the
model as heavily. Regularization comes in two primary forms, ridge regression

and least absolute shrinkage selector operator (Lasso).
a. Ridge

In the case of Ridge regression, a penalty equal to the squared magnitude
of the coefficients multiplied by the value of lambda is added to the loss
function.> This penalizes the variables the model overemphasizes by shrinking
the coefficients towards zero but not to zero.>® The larger the value of lambda, the
closer the coefficients of overemphasized variables are driven to zero.’® While

this is useful in cases where there are not many features and plenty of data points,
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Ridge does not eliminate any non-relevant variables from the model which does

not ultimately reduce the model variance.>

b. Lasso

In the case of Lasso, a penalty equal to the absolute value of the
magnitude of the coefficients multiplied by the value of lambda is added to
coefficients the model overemphasizes.> Unlike Ridge, this drives the
coefficients of overemphasized variables exactly to zero, thereby removing them
from the model entirely.>® This results in a simpler, sparser model that is
essentially a subset of the original input features. This is useful as a step in
determining the most relevant features for a classification task as well as serving
as an automated subset selection process when logistic regression is the model

type of interest.

4.2.3 K-Nearest Neighbors

K-nearest neighbors is considered an instance-based machine learning approach that
works by comparing a data point to the surrounding data points (i.e. neighbors) to determine
what class the data point should be classified as based on its proximity to other data
points.>%-33-6%.78 The intuition is that data points from the same class will be generally clustered or
grouped together. The ‘k’ value is the parameter that is optimized and is essentially the number
of neighbor data points the instance being classified is compared to in order to decide which
class it should belong to. In the case of classification, this can be viewed as a majority voting

procedure.
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4.2.4 Support Vector Machines

Support vector machine models are complex but often result in generally high
performance for a variety of classification tasks. Support vector machines function by mapping
training data points in a multi-dimensional feature space to allow for greater separation of data
points than would be possible in a single dimension feature space.’>’® Hyperplanes are then
created to separate the data points in the multidimensional feature space to maximize the
minimum distance between data points that are in different classes.>’® The data points are
classified based on the hyperplane in which they reside. Support vector machines routinely
perform well in cases where there are a large number of input features and are useful for

modeling non-linear trends in data by using different kernel functions.’>’

4.2.5 Artificial Neural Networks

Artificial neural networks were developed to function similarly to a biological
neurological pathway. Statistically, this works by taking a series of input data and feeding the
data into intermediate nodes, often called the hidden layer(s).>>’® The connections between input
nodes and the nodes in the hidden layer are assigned a weight parameter that factors into the
transformation of the input data in each hidden layer node.>>’8 Each connection between nodes
has a weight value assigned and this weight parameter is what is generally modified and adjusted
during the learning process based on the initial weight values.>>’® The weighted input data are
then processed through an activation function that propagates a classification or prediction on to
the next hidden layer node(s) or as the final output.’>’® The number of nodes and the number of
layers of nodes can be varied based on each individual problem. Artificial neural networks are
commonly used for a variety of machine learning tasks but typically perform better with large

volumes of data which is not always feasible or practical. Additionally, artificial neural networks
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are generally computationally expensive in terms of both resources and time required to train the

model.

In recent years, a new spin on artificial neural networks has emerged and is frequently
referred to as deep learning. This machine learning technique is considered to be at the forefront
of artificial intelligence. Deep learning models are at their core neural networks. The deep
learning aspect of the name refers to the model depth or the number of nodes and layers in the
model which is typically much greater than a standard neural network. The main benefit of deep
learning is that instead of training the neural network for a given task using a training dataset, the
deep learning model learns on its own and continues to evolve as new data become available

without the required training step.

4.2.6 Decision Trees

Decision tree models are rule-based classifiers that create splits in the data based on
perceived variable relevance.>>’® To create these splits, information gain, entropy, or Gini
criteria are frequently used to determine when a split should occur and create a new branch and
new leaves of the tree.”>¢”-7® Decision trees are logic-based and not math-based and can thus
often be expressed visually making them more approachable in terms of explanation and
interpretation. Decision trees are fairly computationally inexpensive in terms of training time, but

they can be prone to overfitting if not optimized and pruned appropriately.

4.2.7 Ensemble Models

It is common practice to train several machine learning models to see which may be best
suited for a given problem.>%%> One way to accomplish this would be to use a series of models,

often called an ensemble, and use the predictions or classifications from each model to inform
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the final decision.”” This can be done using multiple weak classifiers and using a majority voting
or weighted voting procedure to establish what the final outcome should be.”” This, in theory,
should achieve higher performance than using multiple weak classifiers individually.”” While
this ensemble process can be done manually using a variety of classifier types, the following

three tree-based models are frequently used as standalone ensemble approaches.”’
i. Bootstrap Aggregation (Bagging)

Bagging or bagged decision tree models function by growing multiple trees using
subsets of the data and all available predictors. The decisions of each of the
individual trees are then averaged and the final decision is based on the most

commonly occurring class.

il Boosting
Boosted decision tree models function by growing multiple trees in sequence with
each tree using a subset of the data. This process typically starts out by growing
simpler trees and the subsequent trees grown in the sequence learn from the errors
made in the previous trees thereby “boosting” the performance of trees further
along in the sequence.

iii. Random Forest

Random forest models function by taking the bagging procedure one step further
by growing multiple trees but instead of each tree using all predictors to make
decisions about the subset of data, each tree using a random subset of the
available predictors as well. The decisions of each of the many trees are pooled
using a weight or majority voting procedure to make stronger final classifications

about the outcome of interest. Random forest models are popular for many
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machine learning tasks as they generally perform well, are computationally
affordable in most instances, and are robust to noise and less prone to overfitting

than standard decision trees.

Section 5: Characterizing Physical Activity using Wearable Device and

Inertial Sensor Data

Now that the five steps of the ARC have been covered to provide context for the
proposed studies accompanying this review, this section of the document will focus on how the
wearable device data has been used to characterize PA over the last two decades when wearable
devices began to be implemented in studies assessing PA behaviour. While not limited to these,
there have been a number of studies conducted in both youth and adult samples that use machine
learning techniques to model count and raw acceleration data for classifying PA type. The most

common machine learning algorithm classifiers used to date include: hidden Markov models®,

55,8891 55,88,90-92,101-

artificial neural networks®>34190 K-nearest neighbors , support vector machines

107" decision trees 2092107108 "ooistic regression!’>>90:102.107 ‘najve Bayes>>889%:197 and random

t55,88,91,92,104,105,109-1 11

fores models.

5.1 Classifier Development and Within-Sample Cross-Validation Performance

The current structure for developing a classifier or predictive model using wearable
device or inertial sensor data requires some structure to adequately capture the information
needed to develop the algorithm. In many studies, referred to as calibration studies, participants
are instructed to complete a battery of structured or semi-structured activities for a specified
length of time. While participants are performing the activities, they are directly observed, or

video recorded to make a time-stamped record of when activities start and stop and what
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behaviours and postures occur during the activity window. These time stamped direct
observation logs are later merged with the time series device data, so a record exists where for
each epoch, a criterion label exists to correspond with the sensor data. In doing so, supervised
classifiers and predictive models can be developed, and model performance can be assessed
directly since the data labels are known quantities. Below are summaries of some key studies in
the field of PA assessment in both youth and adults using both counts and raw acceleration data.
These studies use machine learning to classify PA and the performance results reported are all

within-sample cross-validation summaries.

Bao and Intille* collected data on 20 apparently healthy adult participants (13 males, 7
females, mean age 21.8 yrs) who each wore five biaxial accelerometers (ADXL210E; sampling
frequency 76.25 Hz). Devices were positioned on the upper arm, wrist, hip, ankle, and thigh.
Twenty different activities were prescribed but performed under free-living conditions without
direct observation and instead the criterion labels came from users annotating the start and stop
time of each activity. Activities included walking, sitting, standing, watching tv, running,
stretching, scrubbing, laundry, brushing teeth, riding an elevator, waling carrying a load, working
on a computer, eating/drinking, reading, cycling, resistance training, vacuuming, lying down,
stair climbing, and riding an escalator. Data were collected on two separate days, once where all
activities were performed in an obstacle course style format where the activities were goals for
participants to complete as if they were engaging in that activity under free-living conditions. On
the second visit, a random subset of the 20 activities were performed in a specific order but
participants still noted the start and end time of each activity period. These structured data served
as the validation dataset. Time and frequency domain features were extracted from 6.7-s

windows with a 50% overlap. Naive Bayes, instance-based learning, decision table, decision tree
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classifiers were developed for classifying PA type. Classifiers were evaluated using user-specific
data and using a LOOCV procedure where classifiers were trained using the structured data and
tested using the obstacle course data. For the user-specific training classification accuracy ranged
from 34.9% to 71.6% and 46.8% to 84.3% for the LOOCYV procedure using data from all five
attachment sites. The decision tree classifier achieved the highest classification accuracy, 77.3%
for the user-specific procedure and 73.0% for the LOOCV procedure. To determine the relative
contribution of each attachment site, the difference in overall classification was examined for
each attachment site individually. Classification accuracy decreased between 29.5% (thigh) and
63.7% (arm) depending on the attachment site. The authors did note that if data from two
attachment sites was retained, in this case either thigh and wrist or hip and wrist, classification

accuracy only decreased by approximately 4.1% and remained above 70.0% overall.

Pober et al.® collected data on six apparently healthy adult participants (four males, two
females, mean age 24.9 yrs). Participants wore an ActiGraph 7164 uniaxial accelerometer-based
activity monitor on the right hip while performing a series of four semi-structured activities for
seven minutes each under laboratory conditions including 1) treadmill walking, 2) treadmill
walking uphill, 3) vacuuming, and 4) seated computer work. A supervised quadratic discriminant
analysis model using 15-s count values and an unsupervised hidden Markov model using second-
by-second data were trained and cross-validated using a LOOCYV procedure. Within-sample
classification accuracies of 70.9% and 80.8% were achieved using the quadratic discriminant

analysis and hidden Markov models, respectively.

Crouter et al.!'? collected data on 48 apparently healthy adults (24 females, 24 males,
mean age 35 yrs) for the purpose of developing a novel approach to estimate EE using a two-

regression approach instead of the standard single regression method in an effort to better model
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the data from locomotion activities and intermittent lifestyle activities. These data were later
used by Staudenmayer et al.? to classify PA type using an artificial neural network. Participants
completed at least one of three activity routines comprised of six activities each lasting 10
minutes in duration while wearing an ActiGraph 7164 accelerometer-based activity monitor on
the hip (sampling frequency 30 Hz; 1-s epochs). Activities included: 1) lying, 2) standing, 3)
computer work, 4) filing paperwork, 5) stair climbing at a self-selected pace, 6) cycling at a self-
selected work rate, 7) overground walking (~3 MPH), 8) overground walking (~4 MPH), 9)
basketball (1v1), 10) racquetball (1v1), 11) overground running (~5 MPH), 12) overground
running (~7 MPH), 13) vacuuming, 14) sweeping/mopping, 15) washing dishes, 16) mowing the
lawn (push mower), 17) raking grass/leaves, and 18) washing windows. Activities were
collapsed into four categories: 1) low level of activity, 2) household/other, 3) locomotion, and 4)
vigorous sport. The following time domain features were extracted from the count data in one-
minute windows: the 10, 25, 50 75% and 90" percentiles of the vertical axis counts, and the
lag-1 autocorrelation. Using a within-sample LOOCV procedure to estimate performance, a

classification accuracy of 88.8% was achieved.

Bonomi!!3 collected data on activities of daily living in 52 health adult participants (29
males and 23 females; mean age: 29.2 yrs) under laboratory conditions. Participants wore a
triaxial accelerometer (Tracmor; 20 Hz) on the waist and performed the following series of PA
behaviours: 1) lying, 2) standing, 3) washing dishes, 4) sweeping, 5) treadmill walking, 6) over-
ground walking (indoors and outdoors), 7) walking - ascending and descending stairs, 8)
stationary cycling, 9) over-ground cycling, 10) treadmill running, and 11) over-ground running.
Speeds were not reported for the walking and running activities. The activities were collapsed

into six activity groups: 1) lying, 2) sitting/standing, 3) dynamic/transitions, 4) walking, 5)
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cycling, and 6) running. The following features were extracted from 6.4-s windows and
normalized: mean, standard deviation, kurtosis, skewness, range, cross-axis correlation,
accelerometer angle, spectral energy, spectral entropy, peak frequencies, and cross-spectral
densities. A decision tree, a neural network, and a support vector machine were developed to
classify the six-class activity groupings. Additionally, a majority voting procedure was created to
aggregate the decisions of the three individual classifiers. LOOCV was used to estimate model
performance on the training data where classification accuracy ranged from 91.4% to 95.1%

across the six activity classes.!!

De Vries et al.®

collected data on 49 apparently healthy adult participants (21 males, 28
females, mean age 38 yrs). Participants wore an ActiGraph GT1M accelerometer-based activity
monitor on the right hip and right ankle and performed a series of structured activities under
laboratory conditions including sitting, standing, stair climbing, walking, and cycling for a total
of approximately 45 minutes. The following time domain features were extracted in one-minute
windows: 10, 25%, 75% and 90™ percentiles, absolute deviation, coefficient of variability, and
lab-one autocorrelation. Artificial neural networks were developed to classify the five activity
classes using 1) only hip data, 2) only ankle data, and 3) hip and ankle data combined.

Classification accuracies across the five classes averaged 80.4%, 77.7%, and 83.0% for the hip,

ankle, and combined models.

In a separate study, De Vries et al.*® collected data on 58 apparently health youth
participants (31 males, 27 females, mean age 11 yrs). Participants each wore an ActiGraph
GTI1M uniaxial accelerometer-based activity monitor and an ActiGraph GT3X triaxial
accelerometer-based activity monitor on the right hip and right ankle. The following series of

semi-structured self-paced activities were performed by each participant under laboratory
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conditions in 20-minute period: sitting, standing, walking, running, skipping rope, soccer, and
cycling. The following time domain features were extracted from one-minute windows: 10™,
25%™ 50t and 90" percentiles, lag-one autocorrelation, absolute deviation, and coefficient of
variability. Four artificial neural networks were developed, one for each attachment site and each
monitor. Classifier performance was estimated using a within-sample LOOCYV procedure. The
uniaxial classifiers average classification accuracy was 72.0% (hip) and 57.0% (ankle) compared

to 77.0% (hip) and 68% (ankle) for the triaxial classifiers.

Ruch et al.!''> collected data on 41 healthy youth participants ages 9-12 years old.
Participants wore a uniaxial ActiGraph GT1M device on the hip and wrist for seven days. During
the week of measurement, participants were video recorded for an average of 7.3 hours in bouts
of 1-3 hours. Video observations were recorded during 1) class instruction at school, 2) physical
education participation, 3) unstructured free-living activity in the home, 4) time spent outdoors,
and 5) during structured leisure-time activity. During analysis of the video recordings, activities
were grouped homogenously into nine principal classes including: 1) stationary activities (e.g.
sitting, lying, standing), 2) walking, 3) running, 4) jumping, 5) floor exercise (e.g. gymnastics,
tumbling), 6) biking, 7) horseback riding, and 8) crawling, and 9) scooter, however, the “scooter”
class was eliminated due to insufficient data existing in the dataset. The full dataset was
randomly partitioned into training (n = 21) and testing (n = 20) subsets. Three model types were
developed and trained on the 1-s data from the 21 training participants including k-nearest
neighbor (KNN), custom decision tree, and a normal density discriminant function model. The
three models were used together to classify holdout data from the test dataset using a majority
vote based on the decision from each of the three individual classifiers. If no majority vote could

be achieved due to individual classifier disagreement, the final classification was labeled as “not
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assigned”. Overall, a maximum classification accuracy of 67% was achieved by the KNN and
majority vote developed using both hip and wrist data together. The maximum classification
accuracy using only hip data was 59% (KNN). The relatively poor performance of the classifiers
in this study may be largely attributable to the dataset being comprised of unstructured free-
living activity. A primary contribution of this study is the majority vote component. This is
essentially an ensemble approach and can easily be modified and adapted for use in other studies
and may help improve overall classification accuracy and performance when translating from

structured lab-based activities to unstructured free-living activities.

Zhao et al.'?? collected data on 69 healthy children ages 3-5 years old who completed a
structured protocol over a 7-hour period while being directly observed. Participants wore a
triaxial ActiGraph GT3X+ (30 Hz) on the right hip. The multinomial logistic regression and
support vector machine models were trained to classify 60-s count data as one of the following
11 principal classes: 1) sleep [duration (45-120) min], 2) watching television [seated; 20 min], 3)
coloring [sitting at a desk; 10 min], 4) video gaming [seated; 10 min], 5) puzzles [seated; 10
min], 6) toys [15 min], 7) ball toss [15 min], 8) active video gaming [standing; 10 min], 9) dance
[video instruction; 15 min], 10) aerobics [video instruction; 15 min], 11) running in place (video
instruction; 6 min). K-means clustering was used to identify natural clustering of the minute-by-
minute data and then subsequently recategorize the data into six principal activity categories
based on the intensity of the activity. Ten-fold cross-validation was used to train the support
vector machine and multinomial logistic regression classifiers. Both models were trained with
and without sleep included. In general, the support vector machine models had lower cross-
validation error than the multinomial logistic regression models using the same features. Of all

combinations of variables used to developed the different models, the support vector machine
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model without sleep data using individual axis count values, vector magnitude, steps, 1- and 2-
min lag and lead time, and position (i.e. inclinometer) as a continuous variable resulted in the
lowest overall cross-validation error (24.7%) and highest overall classification accuracy (82.0%).
A primary contribution of this study was the use of k-means clustering to objectively group
activities based on the features of the data instead of grouping them by domain or other similar

grouping strategy that is more frequently used to group activities together for classification.

Trost et al.}” collected data on 100 apparently healthy youth participants ages 5 and 15
years old (mean age 11.0 yrs). Participants wore an ActiGraph GT1M uniaxial accelerometer-
based activity monitor (sampling frequency 30 Hz) on the right hip while performing 12
structured activities that were collapsed into five activity categories as follows: 1) sedentary
[lying, computer work], 2) walking [slow and brisk overground walking, treadmill walking, 3)
overground running, 4) light intensity household activities and games [sweeping, laundry, catch],
and moderate-to-vigorous intensity household activities and games [basketball and aerobic
dance]. Activities were performed across two laboratory visits in two groups of six with each
activity lasting approximately 5 minutes. One second epochs were selected from the middle 2.5
to 4.5 minutes of each activity where the following time domain features were extracted: 10",
25%™ 50t 75% and 90™ percentiles, and lag-one autocorrelation. These features were extracted in
10-s, 15-s, 20-s, 30-s, and 60-s windows using the second-by-second data from the 2 minutes of
available data of each activity. Average overall classification accuracy ranged from 80.2% to
86.8% across the five activity groups depending on the window size chosen with accuracy

increasing as window length increased from 10-s to 60-s.

Mannini et al. ' collected data on 33 apparently healthy adult participants who wore a

triaxial accelerometer-based device (Wocket — sampling frequency 90 Hz) on the wrist and
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ankle. Each participant performed 26 individual activities of daily living ranging from sedentary
to vigorous intensity with each activity lasting three to five minutes in duration. The original
activities were collapsed into four broad activity groups: 1) ambulation [overground walking
carrying a load, ascending and descending stairs, treadmill walking (2, 3, and 4 MPH), treadmill
walking (3 MPH at 0%, 6%, and 9% incline), overground walking], 2) cycling [overground
(level surface, uphill, downhill), stationary (50 W, 70 RPM)], 3) sedentary [computer,
reading/writing, sorting/organizing, lying, sitting, standing, video gaming (handheld and
Nintendo Wii)] , and 4) other [painting, sweeping]. A support vector machine was developed to
classify the raw accelerometer sensor data as one of the four activity categories. The following
time and frequency domain features were extracted from 12.8-s non-overlapping windows: mean
and standard deviation of vector magnitude, total power, first and second dominant frequencies,
ratio between the dominant frequency and the preceding and succeeding windows, and two
wavelet-based features. Classifier performance ranged from 84.7% for the wrist to 95.0% for the

ankle in a within-sample cross-validation using LOOCV.

Trost et al.!” collected data in 52 apparently youth participants ages 7 to 18 years old
(mean age 13.7 yrs). Participants wore an ActiGraph GT3X+ on the hip and non-dominant wrist
(sampling frequency 30 Hz) and completed the following 12 standardized activity trials over two
laboratory visits with each activity lasting 5 minutes: 1) lying down, 2) handwriting, 3) laundry,
4) catch, 5) slow over-ground walking, 6) aerobic dance, 7) computer gaming, 8) sweeping, 9)
brisk over-ground walking, 10) basketball, 11) over-ground running, and 12) brisk treadmill
walking. Two minutes of data were extracted from the middle of each activity and the raw
acceleration signal from those two minutes was used to develop regularized lasso logistic

regression models for the hip and non-dominant wrist. The following time and frequency domain
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features were extracted in non-overlapping 10-s windows and included percentiles, mean, lag
one autocorrelation, standard deviation, and coefficient of variation. The within-sample LOOCV
procedure resulted in maximum overall classification accuracies of 91.0% for the hip model and

88.4% for the non-dominant wrist model.

Ellis et al.!!! collected data on 40 apparently healthy adult participants who performed a
randomized series of eight activity trials under laboratory conditions for approximately one-
minute each. Activities included: slow walking, brisk walking, jogging, stair climbing, laundry,
window cleaning, dusting, sweeping, and washing dishes. Activities were collapsed into four
categories: 1) walking, 2) running, 3) household, and 4) stairs. Participants wore an ActiGraph
GT3X+ (sampling frequency 30 Hz) on the left hip, right hip, and non-dominant wrist. The time
and frequency domain features were extracted from the vector magnitude or individual axis data
in one-minute non-overlapping windows: mean, standard deviation, coefficient of variation,
minimum, maximum, percentiles, lag-one autocorrelation, third and fourth moments, skewness,
kurtosis, dominant frequency, power at the dominant frequency, total signal energy, entropy, fast
Fourier transform coefficients, cross-axis correlation, mean pitch, mean roll, mean yaw, standard
deviation of pitch, roll and yaw, and principal direction of motion. A random forest classifier was
developed to predict activity type using within-sample LOOCV. The average classification
accuracy was 92.3% for the hip classifier and 87.5% for the wrist classifier across the four
classes. When the eight individual activity classes were evaluated, average classification

accuracies 70.2% and 80.2% were achieved using the hip and wrist classifiers, respectively.

Montoye et al.!%

collected data on 44 apparently healthy adult participants (22 male, 22
female, 18-44 yrs). Participants wore a GENEActiv triaxial accelerometer-based activity

monitors on each wrist (sampling frequency 20 Hz) and an ActiGraph GT3X+ triaxial
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accelerometer-based activity monitors on the right thigh and right hip (sampling frequency 40
Hz, reintegrated and downsampled to 20 Hz). Participants performed 14 different activities for
three to 10 minutes each over a 90-minute period. Activities were performed at a self-selected
pace in an order determined by the participant to simulate free-living conditions. The 14
activities were collapsed into the following 10 activity categories: 1) sedentary [lying, reading,
computer], 2) standing, 3) lifestyle [laundry, sweeping]. 4) slow walking overground, 5) brisk
walking overground, 6) jogging overground, 7) stationary cycling, 8) stair climbing, 9) exercise
[body weight squats and bicep curls], and 10) device non-wear. Four different feature sets were
compiled from a combination of the following time domain features in 5-s windows: mean,
variance, covariance, minimum, maximum, mean axis orientation, variance of axis orientation,
10%, 251 50", 75% and 90" percentiles of the acceleration signal for each axis. Artificial neural
networks were developed using data from each of the four attachment sites and evaluated using a
within-sample LOOCV procedure. For the individual activity classes, classification accuracies
averaged 66.2% (range: 36.5% - 92.5%) for the hip, 71.4% (38.4%-93.1%) for the thigh, 80.9%
(66.9%-95.3%) for the left wrist, and 81.1% (59.9%-96.1%) for the right wrist. The lowest
classification accuracy was for reading and the highest classification accuracy was for jogging
for all four attachment sites. For the activity groups, classification accuracies averaged 72.5%
(56.9% - 92.5%) for the hip, 84.0% (69.6%-93.1%) for the thigh, 86.6% (69.9%-95.3%) for the
left wrist, and 86.7% (69.4%-96.1%) for the right wrist. The lowest classification accuracy
achieved was for the standing activity class for the hip and thigh and the brisk walking activity
class for the wrists. The highest classification accuracy achieved was for the jogging activity
class for all four attachment sites. This study illustrates that higher PA classification accuracy

can be achieved using data from wrist worn devices as compared to hip and thigh worn devices.
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Pavey et al.!'? collected data on 21 apparently healthy adult participants who each
completed seven structured activities for three minutes each under laboratory conditions in a
single session lasting approximately 45 minutes: 1) lying, 2) sitting still, 3) standing still, 4)
active sitting, 5) active standing, 6) walking, and 7) running. Participants additionally completed
a 24-hr free-living assessment. Participants wore a GENEActiv (sampling frequency 30 Hz)
accelerometer-based activity monitor on their non-dominant wrist. A random forest classifier
was trained to classify four activity classes: 1) sedentary, 2) stationary (sitting or standing), 3)
walking, and 4) running. Data from the middle two minutes of each activity were extracted and
time and frequency domain features were extracted in 10-s non-overlapping windows from the
list outlined by Liu et al.’!: mean, standard deviation, percentiles, mean absolute deviation, lag
one autocorrelation, power, dominant frequency, dominant frequency magnitude, and entropy.
The aim of the study was to cross-validate the random forest classifier using the laboratory data
and then perform a free-living validation of the classifier using the 24-hr data and ActivPAL data
as the criterion measure for comparison of stepping versus non-stepping time. The overall
classification accuracy from within-sample LOOCV was 92.7% across all four activity classes
and ranged from 80.1% (sedentary) to 95.7% (stationary) for the individual activity classes. For
the free-living validation, the walking and running groups were collapsed into a stepping
category and the sedentary and stationary activity groups were collapsed into a non-stepping
category. The classification accuracy of the random forest classifier for identifying stepping and
non-stepping time was 93.7% and kappa was 0.47 using the ActivPAL as the criterion measure
of stepping and non-stepping time.

105

Trost et al.'®> collected data on eleven pre-schooled-aged children ages three to six years

old (mean age 4.0 yrs). Participants wore an ActiGraph GT3X+ (sampling frequency 100 Hz) on
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the right hip and non-dominant wrist and completed 12 semi-structured activities lasting
approximately 5 minutes each over the course of two laboratory visits (6 activities per visit).
Activities included: 1) watching television, 2) being read to while seated, 3) making a collage on
the wall while standing, 4) walking, 5) playing an “active” game against a member of the
research team, 6) completing an obstacle course, 7) playing a computer game while seated, 8)
playing with toys while seated, 9) hunting treasure, 10) tidying up toys, 11) riding a bicycle, and
12) running. The following time and frequency domain features were extracted during the middle
two-four minutes of each activity trial: mean, standard deviation, minimum, maximum,
interquartile range, percentiles, coefficient of variation, signal sum, signal power, peak-to-peak
amplitude, median crossings, dominant frequency, magnitude of dominant frequency, and signal
entropy. The within-sample LOOCYV performance resulted in maximum overall classification
accuracies of 80.2%, 78.1%, and 81.8% for the random forest models using hip, wrist, and hip +
wrist data combined, respectively. Similarly, the support vector machine models achieved
81.3%, 80.4%, and 85.2% maximum classification accuracy for the hip, wrist, and hip + wrist

models combined, respectively.

19!

Chowdhury et al.”" collected data on 17 apparently healthy youth participants ages 12-17
years old. Participants were an ActiGraph GT3X+ (30 Hz) on the non-dominant wrist.
Participants completed a series of 12 structured activity trials in a laboratory environment that
included: 1) lying, 2) laundry, 3) writing, 4) catch, 5-6) over-ground walking (slow and brisk), 7)
aerobic dance, 8) computer gaming, 9) sweeping, 10) basketball, 11) over-ground jogging, and
12) treadmill walking. Activities were performed in groups of six across two laboratory visits

with each activity lasting approximately 5 minutes in duration. For the analyses, the original 12

activities were collapsed into seven unique activity categories including lying, sitting, standing,
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walking, running, basketball, and dance. Data were normalized and the following time and
frequency domain features were calculated from 10-s non-overlapping windows: mean, standard
deviation, minimum, maximum, variance, median, skewness, kurtosis, percentiles, spectral
energy, dominant frequency, the magnitude of dominant frequency, zero-crossings, and cross-
axis correlations. The authors used a series of machine learning models to classify PA type that
included random forest, bagged decision tree, boosted decision tree, K-nearest neighbors,
support vector machine, artificial neural network, decision tree, and three custom fusion
ensemble methods, weighted majority voting, naive Bayes, and behavioral knowledge space.
Model performance was reported as F1-scores, a value representing the harmonic mean of
precision and recall. Overall, the highest performance was achieved using the custom weighted
majority voting ensemble approach which had an F1 of 86.0%. The random forest and support
vector machine models had similar performance with F1 scores of 85.0% and 84.0%,
respectively. All models achieved F1 scores >80.0% except for the decision tree model (76.0%)
indicating all model types generally achieved reasonable performance similar to the best

performing model.

As evidenced in the above study summaries, there are a few consistent themes in the
current state of the PA literature focused on machine learning techniques for classifying PA type.
Most studies use the same statistical features, similar activities and activity groups, and classifier
types for classifying PA. In these studies, generally high classification accuracy is achieved
during a within-sample cross-validation averaging >85.0%. This is largely due to the more
structured nature of most activity protocols and the use of within-sample cross-validation
procedures to estimate performance and how the classifiers might generalize to new data.

Evidence suggests that the type of within-sample cross-validation procedure used can impact the
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estimated performance and in some circumstances can artificially inflate model performance by
as much as 10.0%.!1® With this in mind, it is necessary to consider all circumstances when
evaluating classifier performance, including how the classifier is validated. The end goal with
these classifiers is to apply them to new data collected in true free-living conditions. The next
section examines the literature in youth and adults looking at out-of-sample and free-living
validations of classifiers developed using structured laboratory or semi-structured simulated free-

living data to provide an overview of how well classifiers perform in application.
5.2 Classifier Performance in Application and Out-of-Sample Validation Performance

As mentioned above, a critical component to the classifier development process is how
well the classifier performs in application. This section outlines some key studies in the field of
PA assessment in youth and adults using both counts and raw acceleration data. These studies
use machine learning techniques to classify PA and the performance results reported are all out-
of-sample validations or independent free-living evaluations of classifiers developed using

structured or semi-structured activity data collected in laboratory conditions.

Gyllensten and Bonomi!!#, examined the reproducibility of the Bonomi!!? laboratory-
trained classifiers, a need they identified as crucial to improving the generalizability of models in
application. The study was conducted in a sample of 20 healthy adult participants (10 males and
10 females, mean age 30 yrs). Additional supervised laboratory data were collected using the
Tracmor (sampling frequency 20 Hz) to perform an out-of-sample validation of the original
classifiers (support vector machine, neural network, decision tree, and majority voting).
Unsupervised free-living data were also collected using the Intelligent Device for Energy
Expenditure and Physical Activity (IDEEA; 32 Hz). The IDEEA is a monitoring system

comprised of five accelerometers strategically placed at different attachment sites to capture
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more total body movements. The free-living criterion labels were created using a combination of
the IDEEA data and participant activity diaries. The out-of-sample validation performed using
the supervised laboratory data resulted in average classification accuracies ranging from 92.9%
to 95.9% across all four classifiers, very similar to the caliber of performance achieved for the
within-sample validation using LOOCV. The free-living validation using the unsupervised data
resulted in average classification accuracies ranging from 72.2% to 75.7% across the four
classifiers. These results illustrate a couple of important points. One, when classifiers developed
and trained using structured activity data are evaluated using out-of-sample data, similar
performance can be achieved. However, this is largely dependent on how the new out-of-sample
data were collected. If the activities and sample population were generally the same,
performance may be maintained. Conversely, if the nature of the activities is different (structured
versus unstructured), classifier performance may decrease considerably (19.0% decrease from
out-of-sample structured to out-of-sample unstructured). This is contingent on the activities

performed and the source of the criterion data labels for evaluation.

Freedson et al.*” collected data on 277 apparently healthy adult participants (dataset 1).
Each participant completed 11 activities from a list of 23 activities. Each activity was performed
for 7 minutes each and broadly sub-divided into treadmill activities and sports/activities of daily
living. The treadmill activities consisted of walking at three different speeds at 0% and 3%
grade. The activities of daily living consisted of stair climbing, moving a box, and then a
combination of two of the following 13 activities: 1) sweeping, 2) mopping, 3) gardening, 4)
trimming hedges, 5) mowing, 6) raking, 7) dusting, 8) laundry, 9) vacuuming, 10) washing
dishes, 11) painting, 12) tennis (1v1), and 13) basketball. Additional data were collected on 65

apparently healthy adult participants who each performed one of three activity routines, each
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routine comprised of six activities, where each activity was performed for 10 minutes each
(dataset 2). The activities included: laundry, ironing, light cleaning, aerobics, car driving, frisbee
golf, trimming hedges, gardening, using a wheelbarrow, carrying a box while walking, tennis
(1vl), and self-paced overground walking and running. For both datasets, participants wore an
ActiGraph GT1M uniaxial accelerometer-based activity monitor. The following features were
extracted from the second-by-second data: 10", 25, 50, 75" and 90 percentiles and lag-one
autocorrelation. Participant data from dataset 1 (n = 277) were used to develop and train a neural
network for classifying PA type. The neural network classifier was then validated using the data
from dataset 2 (n = 65). The individual activities from dataset 1 were collapsed into three
categories: household, locomotive, and sports categories. Activities from dataset 2 were
collapsed into the same categories and sedentary activities were excluded from this analysis.
Within-sample cross-validation using dataset 1 yielded an overall classification accuracy of
97.3%. Out-of-sample validation of the model developed on dataset 1 and applied to dataset 2
yielded an overall classification accuracy of 80.9%, a change of 16.4% from within-sample to

out-of-sample.

Bastian et al.!'7 conducted a study in 59 apparently healthy adult participants. Data were
collected using a MotionLog accelerometer-based activity monitor (sampling frequency 100 Hz)
worn on the right hip. Accelerometer data were down sampled to 25 Hz and the following time
and frequency domain features were extracted from the individual axes and vector magnitude:
mean, total signal energy, and dominant frequency. Participants performed 23 structured
activities under laboratory conditions ranging in intensity from sedentary to vigorous in bouts of
5 minutes. The 23 individual activities were collapsed into eight activity groups as follows: 1)

lying [lying in different positions on back (lying still, moving limbs)], 2) slouching [slouching in
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a chair], 3) sitting [sitting still, sitting typing, sitting throwing a ball, sitting drinking], 4) standing
[standing still, standing drinking, standing throwing a ball], 5) small utilitarian movements
[pacing, stalling, sweeping, cleaning house], 6) walking [treadmill walking at different speeds,
stair climbing], 7) running [treadmill running], and 8) cycling [ stationary]. A Bayesian network
was developed and overall classification accuracy was calculated from a within-sample LOOCV
procedure. Overall classification for the eight activity classes was 80.9% and ranged from 52.7%
(sitting) to 95.4% (walking). A second set of 20 participants were recruited to perform simulated
free-living activities outside of the lab. The same eight activity classes were used but more
naturalistic activities were added to each group: 1) lying, 2) slouching, 3) sitting [sitting during
transit], 4) standing [taking an elevator, standing during transit], 5) small utilitarian movements
[shopping], 6) walking [overground walking at different speeds, uphill, downhill, level, stair
climbing], 7) running [overground running], and 8) cycling [overground, flat, uphill, downhill].
When the original model was applied to the semi-free-living data, precision averaged 44.7% and
ranged from 9.0% for the small utilitarian movement group to 84.7% for walking. The original
classifier was redeveloped using all of the laboratory data and half of the semi-free-living data
and tested on the remaining semi-free-living data. In this scenario, precision averaged 66.0% and
ranged from 9.4% for the small utilitarian movements group to 90.9% for cycling. These results
indicate that applying a model developed using strictly structured laboratory data does not
generalize well to new data. However, this study does illustrate that this can be somewhat

mitigated by using structured and semi-structured data during the development process.

Kerr et al.!?®

collected data in three different samples of adult participants: 1) two female
research assistants, 2) 40 cyclists (males and females), and 3) 36 overweight females. Activities

were either prescribed ahead of time (research assistants) or offline coded by video observation
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using video collected using the SenseCam, a wearable body-camera (cyclists and overweight
females). All data were collected under true free-living conditions using a hip-worn ActiGraph
GT3X+ (sampling frequency 30 Hz). The following 43 time and frequency domain features were
extracted from the individual sensor signals or the vector magnitude in one-minute windows:
mean, standard deviation, median, coefficient of variation, entropy, principle direction of motion,
autoregression coefficients, fast Fourier transform coefficients, total signal power, dominant
frequency, and angular features (pitch, roll, yaw). Random forest classifiers were developed to
classify six activity categories: 1) cycling, 2) riding in a vehicle, 3) sitting, 4) standing, 5)
standing and stepping, and 6) walking and running. The random forest classifier for each dataset
was within-sample cross-validated using LOOCV. Subsequently, an out-of-sample validation
was performed using data from the other two datasets. For the within-sample cross-validation,
average classification ranged from 84.0% (cyclists) to 93.0% (research assistants). For the out-
of-sample validations, classification accuracy ranged from 78.0% (overweight female model
applied to the cyclist’s data) to 90.0% (research assistant model applied to the cyclists data). This
study shows that, in general, classifier performance decreases when applied to out-of-sample
data, even if the original classifier was developed using unstructured free-living activity data as
classification accuracy decreased on average 6.0% when a classifier was applied to different

free-living data.

Mannini et al.!%

replicated previously outlined methods used in adults in a sample of
youth participants. The novelty of the study was the mixed use of adult and youth data together
to re-train the support vector machine classifier and perform a within-sample cross-validation.

Additionally, this study included out-of-sample validations of the original adult support vector

machine classifier using the youth data, and an out-of-sample of the youth support vector
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machine on the original adult data. Twenty youth participants ages 11-15 years old participated
in the study and again wore triaxial accelerometer-based device (Wocket - 90 Hz) attached to the
dominant wrist and ankle. Each participant completed 33 supervised activity trials in a structured
laboratory environment with each activity lasting three to five minutes in duration. The
individual activities were grouped into four primary categories as follows to match the groupings
used in the original adult study: 1) Ambulation [over-ground walking, three bouts of treadmill
walking (2-3 MPH, 3-4 MPH, and 4-5 MPH)], 2) Cycling [over-ground cycling, stationary
cycling (50 W, 70 RPM)], 3) Other [basketball, soccer, catch, cleaning/tidying up], 4) Sedentary
[computer, reading/writing, sorting/organizing, lying, sitting, standing, video gaming (handheld
and Nintendo Wii)]. The following time and frequency domain features were extracted from
12.8-s non-overlapping windows from the signal magnitude (i.e. square root of the sum of the
square of the three individual accelerometer axes): mean, standard deviation, maximum,
minimum, first and second dominant frequencies, power of the first and second dominant
frequencies, power ratio (i.e. ratio of power at dominant frequency to total power), range, and
fragmentation. The fragmentation features were a new addition from the original study in adults
and a comparison of which feature set had greater predictive power was completed in several

phases of the analyses.

For the primary purpose of the Mannini et al.!%

study, they tested a support vector
machine, developed using adult data on new youth data, and the maximum overall classification
accuracies achieved were 85.9% for the dominant wrist and 89.7% for the ankle model. For the
wrist, performance was similar to that in adults but for the ankle, performance was about 5.0%

less but still considered high (~90.0%). In a secondary aim, focused specifically on the features

used and model optimization, maximum overall classification accuracies of 91.0% (wrist) and
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92.4% (ankle) were achieved in youth and 87.0% (wrist) and 94.8% (ankle) in adults. The out-
of-sample validation of the youth classifier using adult data and the adult classifier using youth
data was a key component of the study. When training the classifier using the original adult data
and testing the classifier using the youth data, classification accuracy ranged from 58.8% to
69.8% for the wrist and 79.3% to 84.7% for the ankle depending on which feature set was used.
Similarly, when training the classifier using youth data and testing the classifier using adult data,
classification accuracy ranged from 71.7% to 71.8% for the wrist and 84.9% to 87.4% for the
ankle depending on which feature set was used. This indicates that for both youth and adult
support vector machine classifiers, performance decreases when applied to out-of-sample data as
compared to the within-sample cross-validation performance using LOOCV. Lastly, the youth
and adult data were pooled into a single dataset and the classifier was trained and cross-validated
using LOOCYV. Classification accuracy using the combined dataset was 88.5% for the wrist and
91.6% for the ankle, indicating that generally high classification accuracy can be achieved when
pooling activity data across multiple sample populations. This is important as classifiers are
typically developed using a specific sample population and generally only considered valid for
the sample population used in development. This may indicate that for classifier generalizability,

using mixed datasets may be advantageous.

Montoye et al.” collected data in two different samples of apparently healthy adult
participants: 39 participants in dataset 1 (19 males, 20 females, mean age 22.1 yrs) and 24
participants in dataset 2 (12 males, 12 females, mean age 46.3 yrs). Both datasets were collected
using GENEActiv triaxial accelerometer-based activity monitors (sampling frequency 20 Hz
dataset 1 and 60 Hz dataset 2) worn on the left wrist. For dataset 1, participants performed 13

activities for between three and 10 minutes each over a 90-minute period. For dataset 2,
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participants performed between 12 and 21 activities for two to 15 minutes each over an 80-
minute period. Activities were performed in a random order at a self-selected pace to simulate
free-living conditions. Individual activities were collapsed into the following three activity
categories as follows: 1) sedentary [lying, reading, computer use, watching television, writing,
playing cards], 2) household [standing, sweeping, laundry, dusting, making the bed, vacuuming],
and 3) ambulatory/exercise [overground slow and brisk walking, overground jogging, stationary
cycling, stair climbing, bodyweight squats, bicep curls, treadmill walking, treadmill jogging]. Six
different feature sets were compiled from a combination of the following time and frequency
domain features using the triaxial acceleration data in 30-s windows: mean, standard deviation,
minimum, maximum, 10, 25%, 50t 75% and 90" percentiles, principal frequency, peak
amplitude, and integral and percentage of total integral. Random forest, neural networks,
decision trees, and support vector machine classifiers were developed and evaluated using a
within-sample cross-validation and an out-of-sample validation of each classifier for each dataset
[i.e. 1). (train dataset 1 - test dataset 1), 2) (train dataset 2 - test dataset 2), 3) (train dataset 1 -
test dataset 2), 4) (train dataset 2 - test dataset 1)]. In a within-sample LOOCYV procedure,
classification accuracy ranged from 87.8% to 92.8% for dataset 1 and 76.7% to 80.2% for dataset
2. For the out-of-sample validation where each classifier was tested using the other dataset,
75.5% to 77.3% for dataset 1 and 74.0% to 79.1% for dataset 2. This results in a decrease in
classifier performance ranging from 2.1% to 14.4% on average depending on the features used

and the classifier type.

Ahmadi et al.!'® conducted an out-of-sample validation of the random forest and support
vector machine classifiers Trost et al.!% previously developed in pre-school-aged youth. Thirty-

one children (22 males, 9 females, mean age 4 yrs) were directly observed for 20-minute periods
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of free play while wearing an ActiGraph GT3X+ triaxial accelerometer-based activity monitor
(sampling frequency 100 Hz) on the right hip and non-dominant wrist. Activities were grouped
in five categories: sedentary, light activities and games, moderate-to-vigorous activities and

games, walking, and running. The same features as the original Trost et al.!%®

study were
extracted in 15-s non-overlapping windows. Classification accuracies ranged from 66.4% to
69.4% for the hip classifiers and 59.1% to 59.3% for the wrist classifiers. In comparison to the
original classifier performance estimated from a within-sample LOOCYV procedure, the out-of-

sample performance was between 11.0% to 15.0% and 19.0% to 21.0% lower for the hip and

wrist classifiers, respectively.

As evidenced by the studies summarized in this section, it is clear that classifier
performance decreases in application. This is, when a classifier is developed using structured or
semi-structured data collected under laboratory conditions using only an accelerometer sensor at
a single attachment site, classifier performance will deteriorate when the classifier is evaluated
using out-of-sample or free-living data. The above study summaries indicate that this pattern
exists in both youth and adult studies and for multiple classifier types (i.e. random forest, neural
networks), for data collected at multiple different attachment sites, and for classifiers developed
using counts and raw acceleration. Ultimately, the classifiers being developed are intended to be
used in application with unlabelled data collected in free-living conditions to evaluate the types
of activities individuals engage in. Thus, it is critical to have robust yet generalizable classifiers
that maintain high performance when used in application. The results of the studies summarized
in this section show a few primary issues with the current classifier development structure. There
appears to be a definitive statistical ceiling in place for model generalizability in application.

Using only accelerometer sensor data results in large decreases in classifier performance when
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classifiers are used in application. The studies available in the literature generally use a small
number of activities or activity groups that are categorized based on gross movements and
posture or activity domain. A few studies develop classifiers using the individual activity classes,
but this is not common practice. A few studies examine using mixed methods for collecting data
for classifier development which has had mild success but still results in a decrease in classifier
performance in application. Tong et al.!'® recently raised the question of how well classifiers
developed using data from a single inertial type should be expected to perform in application.
The authors note that, by and large, since the Bao and Intille** study in 2004, the field of PA
assessment has not made progress equivalent to what might be expected based on the
technological advances and improvements in statistical modeling since then. The next section
covers some possibilities for how this statistical ceiling could potentially be overcome. The focus
in the following section is on using data from multiple sensors or multiple sensor types to

improve the characterization of PA using wearable device and inertial sensor data.

Section 6: Alternative Approaches to Address Model Performance Issues

6.1 Multiple Sensor Locations of the Same Sensor Type

One potential avenue to improve PA characterization is to mount multiple sensors of the
same type to various attachment sites on the body (e.g. accelerometers mounted on the hip,
wrist, ankle) similarly to what Bao and Intille* proposed, instead of individual monitors
independent of one another, these sensors will be synchronized together in a single datastream.
In the field of PA assessment, this was first attempted using the Intelligent Device for Energy
Expenditure and Activity (IDEEA). The IDEEA uses a system of accelerometers strategically
placed at different locations on the body.'?%!22 The motivation for using multiple attachment

sites is to better capture total body and limb-specific movements in an effort to improve EE
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estimates and better detect different activities. In theory, this should improve PA assessment
compared to using single accelerometer sensor in a single wear location. Zhang et al.!?? reported
IDEEA accuracies for EE estimations of 98.9 + 6.0% compared to portable indirect calorimetry
during a laboratory-based activity protocol and 95.2 + 2.3% compared to room calorimetry in an
adult sample. Similarly, Whybrow et al.'?! reported that the IDEEA significantly overestimated
EE by 0.5 megajoules-day™! (119.5 kilocalories day™') compared to room calorimetry and 2.0
megajoules-day! (478.0 kilocalories day™') compared to doubly labelled water (DLW). Jiang et
al.!?® reported on the activity identification component of the IDEEA and determined that for
posture-based detection, the IDEEA correctly identified 91.6% of all sitting, standing, lying,
and reclining activities corresponding to 92.4% of all monitored time being assigned a correct
activity label. The system was more sensitive and effective at detecting sitting and standing
activities compared to reclining and lying. While the intuition behind the approach should result
in an improvement in PA assessment, in practice, the practicality of the IDEEA system
approach is not feasible for free-living use due to the increased user burden over a single sensor

wear location.
6.2 Multiple Sensor Types in the Same Location

Another potential way to overcome the hypothesized statistical ceiling effect from using
only accelerometer sensor data is to use data from additional sensor types, such as a gyroscope, a
thermometer, or heart rate sensor, to complement the accelerometer data using a single sensor
location. As technology has advanced, there are single unit devices containing multiple sensor
types. It is intuitive that data from other sensor types, captured simultaneously, should
complement the accelerometer data and additional information about the activity would be

captured compared to using an accelerometer alone. One example of this type of device is the
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Sensewear Armband (SWA), a device that houses multiple sensor types (bi-axial accelerometer
sensor, heat flux sensor, skin thermometer, galvanic skin response sensor, and a near-body
temperature sensor) in a single unit worn on the upper arm. Incorporating multiple sensor types
in a single device avoids the increased user burden imposed by the IDEEA approach and allows
for the collection of multiple input types simultaneously to allow for better estimations of EE to
be made. Santos-Lozano et al.!?* showed that the SWA significantly overestimated EE compared
to indirect calorimetry in all intensity categories [sedentary (rest), light (3 km-hr'!'), moderate (5
km-hr!), and vigorous (7 km-hr!)] except very vigorous (9 km-hr'!) where the EE estimate was
still higher than indirect calorimetry but non-significant.!?* Lopez et al.!?* conducted a validation
of the SWA and a hip-worn ActiGraph GT3X+ using indirect calorimetry as a criterion measure
of EE in healthy children, adolescents, and adults. Participants completed a 40-minute structured
activity protocol. The mean absolute percent errors for the SWA EE estimates were 24%, 22%,
and 20% for children, adolescents, and adults, respectively.'>* Comparatively, mean absolute
percent errors for the GT3X+ using the Santos-Lozano algorithm!?® were 28%, 22%, and 28%
for children, adolescents, and adults, respectively.'?* The SWA was primarily intended for
research use but never widely adopted because it was never fully transparent if or how the
additional sensor types in the device were used to estimate EE. It should be noted that the SWA

is no longer commercially available for purchase.
6.3 The Case for the Gyroscope

The SWA used multiple sensor types but only contained a single inertial sensor, a biaxial
accelerometer making it somewhat similar to single unit accelerometer-based PA monitors. In
order to more completely capture movement, a second type of inertial sensor may be more useful

than thermal sensors. One such approach would be to use an accelerometer and a gyroscope.
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The rationale behind this is that accelerometers measure static and dynamic linear acceleration
and would not adequately capture many activities that involve turning while gyroscopes measure
angular velocity or rotation and should capture movements involving turning. Several studies
have documented that turning increases EE based on the degree and frequency of a turn
indicating more emphasis should be placed on capturing turning movements when assessing PA
with wearable devices.!?6-128 There is additional evidence from other disciplines supporting the
use of accelerometer and gyroscope data together to improve PA classification as opposed to
using data from either single sensor individually. Below are summaries of the relevant literature
from computer science and engineering that show to utility of using data from both sensors

simultaneously.

Other disciplines, such as engineering and computer science, have used IMUs and
smartphones containing both gyroscope and accelerometer sensors to capture PA behaviour but
this has not been incorporated into specific PA study protocols aiming to capture human
movement using body-worn devices as is the case in the field of PA assessment. While studies
from other disciplines have helped inform some of the essential processes for human recognition
using inertial sensor and wearable device data and helped establish benchmark datasets, they are
generally limited in the scope of behaviours available for classification, the sample size is

typically small, and the sample population is generally limited to adults.

Wau et al.!?? collected accelerometer and gyroscope data (30 Hz) using iPod Touch
devices in a sample of 16 apparently healthy adult participants. Thirteen activities were
performed by each participant including variations of sitting, standing, walking, jogging, and
stair climbing in different contexts (i.e. over ground vs treadmill; indoor vs outdoor) but were

collapsed into four primary categories: 1) sitting, 2) jogging, 3) walking, and 4) stair walking.
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Time and frequency domain features were extracted in 2-s windows with a 50% overlap from
both sensor signals including the mean and variance of the individual sensor axes, a vector
magnitude of acceleration, and a Fast Fourier Transform coefficient magnitude of each
individual accelerometer axis. The following classifier types were developed using the sensor
data: decision tree, multilayer perceptron, naive Bayes, logistic regression, and k-nearest
neighbor. Additionally, two ensemble classifiers, bagged and boosted k-nearest neighbor, were
included but no additional performance gains were achieved compared to using the standard k-
nearest neighbor classifier. In general, the standard k-nearest neighbor classifier achieved the
highest classification accuracy when using data from either the accelerometer or gyroscope
independently. When data from the two sensors were combined, within-sample cross-validation
(10-fold) classification accuracy improved by, on average, 6.5% and ranged from 3.1% to 13.4%
based on the activity. Every activity class benefitted from including gyroscope data with the
accelerometer data with the exception of sitting, because classification accuracy was already

100.0% using only accelerometer data.

Anjum et al.'*® developed a smartphone application to recognize activities using the
smartphone sensor data. The dataset included the following seven activities: 1) walking, 2)
running, 3-4) ascending and descending stairs, 5) car driving, 6) cycling, and 7) inactivity
(unspecified what this activity class contained, believed to be sitting still). The authors developed
a series of machine learning classifiers to classify the seven activity classes including naive
Bayes, decision tree, k-nearest neighbor, and support vector machine classifiers. The activity
data were collected using a Samsung Galaxy Y smartphone and it was placed in the following
positions for each activity: pants pocket, hand, purse, and shirt pocket. The authors computed

time domain features for the accelerometer and gyroscope sensor data. However, after assessing
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feature contribution, all gyroscope features were eliminated during the development process
resulting in only accelerometer sensor features being used to develop the final models. The
resulting classifiers all achieved true positive rates ranging from 73.8% to 95.2% where the
decision tree was the best performing classifier and ultimately the model implemented in the

Android smartphone application for further evaluation.

Shoaib et al.!3! collected data on four healthy adult male participants using Samsung
Galaxy S2 smartphones containing an accelerometer, a gyroscope, and a magnetometer
(sampling frequency 50 Hz). Participants performed the following six activities: 1) walking, 2)
running, 3) sitting, 4) standing, 5) walking upstairs, and 6) walking downstairs for between 3 and
5 minutes for each activity. Phones were positioned in the right pants pocket, on the waist affixed
to a belt, the right arm, and the right wrist. The following time domain features were extracted
from 2-s windows with a 50% overlap from the individual sensor axes and the vector magnitude
of each sensor to derive an orientation independent value for each sensor since the devices were
worn at different attachment sites. While the study included all three sensor types, the primary
focus remained on the accelerometer, gyroscope, and a combined approach using the
accelerometer and gyroscope data together. The magnetometer performed poorly when
compared to the accelerometer and gyroscope individually and was therefore not pursued further
in the study. The following machine learning classifiers were used to classify the sensor data:
naive Bayes, support vector machine, neural network, logistic regression, k-nearest neighbor, and
decision trees. The results are all presented in figures and no raw values are reported in the text
but the results. However, the figures indicate that a combined approach using accelerometer and
gyroscope data together results in higher true positive rates by approximately 5.0-10.0%

compared to using either single sensor alone. Additionally, of the two single sensor approaches,
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the accelerometer only approach was better than the gyroscope only approach at all attachment

sites with the exception of the pocket.

In a follow-up study, Shoaib et al.!3

collected data on ten healthy adult male participants
using Samsung Galaxy S2 smartphones containing an accelerometer, a gyroscope, and a
magnetometer (sampling frequency 50 Hz). As Shoaib et al.!*! determined previously, the
contribution of the magnetometer was minimal and was therefore not a primary focus of the
study analyses. Participants performed the following seven activities: 1) walking, 2) running, 3)
standing, 4) jobbing, 5) cycling, 6-7) ascending and descending stairs for 3 to 4-minutes per
activity. The Samsung smartphones were attached in five positions: 1-2) right and left front pants
pockets, 3) on the waist affixed to a belt, 4) right upper arm, and 5) right wrist. The following
time and frequency domain features were extracted from the individual axes and vector
magnitude of each sensor in 2-s windows with a 50% overlap to create four feature sets: Feature
set 1) mean and standard deviation, feature set 2) median, zero crossings, and root mean square,
feature set 3) variance, zero crossings, and root mean square, and feature set 4) coefficients sum,
and spectral energy. Nine different machine learning classifiers were developed including:
Bayesian networks, naive Bayes, support vector machine, logistic regression, k-nearest neighbor,
two rule-based classifiers, a decision tree, and a random forest. The results of the study indicate
that the classifier type, the features used, and the attachment site all play a role in which sensor
data may be most relevant for activity classification. There were some cases where the gyroscope
was best and others where the accelerometer was best based on the combination of circumstances
listed above. For example, for the ascending and descending stairs activities, the gyroscope was

better than the accelerometer by approximately 10.0% for the right pocket position using feature

set 2. However, at the belt position, the accelerometer was approximately 12.0% better than the
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gyroscope when using feature set 1. Additionally, the authors noted that when combining
accelerometer and gyroscope data together, the average improvement in classification accuracy
across attachment sites, feature sets, and classifier types was approximately 10.0% for

descending stairs and 7.0% for ascending stairs.

Wang et al.!*3

were among the first to compare PA classification performance using
accelerometer and gyroscope sensor data individually and together. Triaxial accelerometer and
gyroscope data from a Samsung Galaxy SII smartphone (50 Hz) were used to develop a naive
Bayes and k-nearest neighbor classifier. Features were extracted in 2.56-s windows with a 50.0%
overlap resulting in 128 sensor readings in each window. There were 348 total accelerometer
features extracted, 164 time domain and 184 frequency domain. For the gyroscope, there were

211 total features extracted, 106 time domain and 105 frequency domain. This result in 561 total
features across both sensors. Four different feature selection methods were used for each
classifier type: 1) principal component analysis, 2) wrapper, 3) fast correlation-based filter, and
4) a novel hybrid filter-wrapper selection method. The two classifiers were evaluated using
classification accuracy, precision, and F1 score from a 5-fold within-sample cross-validation
using accelerometer data only, gyroscope data only, and accelerometer and gyroscope data
together to see which sensor was better for classifying PA across six basic activity classes: 1)
walking, 2) sitting, 3) standing, 4) lying, 5) ascending stairs, and 6) descending stairs. The results
of the study indicate that using accelerometer data alone is superior to using gyroscope data
alone for PA classification by approximately 25.0% for classification accuracy, precision and F1.
Combining the accelerometer and gyroscope data results in slight improvements (2.0-3.0%) in
classification accuracy, precision, and F1 score compared to using only accelerometer data by

itself and large improvements (~25.0%) compared to using gyroscope data by itself.
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Jain and Kanhangad'3* explored the utility of time and frequency domain feature sets
individually and combined to see which combination of features yields higher classification
accuracy. Two previously outlined datasets were used for the analyses, both collected in adults,
using smartphones.'?%!3% The results of the study show that combining time and frequency
domain features results in improved classification accuracy by approximately 3.0 to 5.0%
compared to using only time or frequency domain features by themselves. While not explicitly
examined and quantified in the results, the authors also presented classification accuracies for
time, frequency and time + frequency domain features using only accelerometer sensor data and
then using accelerometer and gyroscope sensor data together. This comparison showed that for
both time and frequency domain features individually and time and frequency domain features
together, combing the accelerometer and gyroscope sensor data yielded higher classification

accuracy by, on average, 5.0% to 10.0% compared to using only accelerometer data by itself.

Ferrari et al.!3¢ showed across three public-use benchmark datasets (UCI-HAR, MobiAct,
and MotionSense) comprised of adult smartphone data that using accelerometer and gyroscope
data together yields an approximately 10.0% increase in classification accuracy, on average,
compared to using data from either single sensor by itself. The UCI HAR'37 dataset was obtained
using Samsung Galaxy SII smartphones worn on the waist of 30 adult participants who each
performed six activities: 1) walking, 2) ascending stairs, 3) descending stairs, 4) sitting, 5)
standing, and 6) lying. The MobiAct!3%13° dataset was obtained using Samsung Galaxy S3
smartphones worn in the front pocket of 66 adult participants who each performed 15 activities:
1) standing, 2) walking, 3) jogging, 4) jumping, 5-6) ascending and descending stairs , 7)
standing, 8-9) sit-to-stand and stand-to-sit transitions, 10) lying, 11-12) getting in and out of a

car, and 13-15) simulated falling. The MotionSense'#? dataset was obtained using iPhone 6
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smartphones worn in the front pocket collected from 24 adults who each performed six activities:
1-2) ascending and descending stairs, 3) walking, 4) jogging, 5) sitting, and 6) standing. Sixty-
three total statistical features were extracted from the triaxial accelerometer and gyroscope
sensor signals and were categorized into four feature sets: 1) the raw sensor axes, 2) the
magnitude of the raw sensor axes, 3) 21 features of the magnitude of the individual axes, and 4)
21 features of the individual raw axes. The authors evaluated a k-nearest neighbor and a support
vector machine classifier for classifying the activity classes in each dataset. Classifier
performance (classification accuracy) was compared to a novel deep learning classifier
developed in the study called Residual Network (ResNet) for each dataset. Across the three
datasets, the combined sensor approach was 2.2% better than the accelerometer only and 8.5%
better than the gyroscope only approaches for the k-nearest neighbor and support vector machine
classifiers. The ResNet performance was superior in every case except for the combined sensor
approach for the MotionAct dataset where the k-nearest neighbor was approximately 2.0%
better. Performance was high (>90.0%) for the ResNet classifier for each dataset whether using
accelerometer only, gyroscope only, or a combination of the sensor data. The combined sensor
approach was better than either single sensor approach for ResNet, but due to already high
performance with the single sensor approaches, the difference was marginal at only 2.0% for

both sensor types.

To date, IMUs have been used in a limited capacity for the assessment of PA outside of
using smartphones, which has mostly been done in the computer science and engineering
disciplines. Hibbing et al.!*! used the ActiGraph GT9X, a triaxial accelerometer-based device,
that includes an IMU containing a secondary triaxial accelerometer, a triaxial gyroscope, a

magnetometer, and a thermometer to measure the temperature inside the sensor housing. Thirty
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healthy adults completed 10 semi-structured activities for 7 minutes each.!#! Data were collected
using GT9X devices worn on the hip, left and right wrist, and left and right ankle.!*! To
determine the usefulness of the gyroscope and magnetometer data for estimating EE compared to
and in addition to the accelerometer data, Hibbing et al.!*! used a two-regression approach to
developed models using 1) accelerometer data only, 2) accelerometer data + gyroscope data, and
3) accelerometer data + gyroscope data + magnetometer data. Regardless of the attachment site,
the model including accelerometer and gyroscope data improved EE estimates by approximately
5% compared to using accelerometer data only.!*! As an initial step in the two-regression
development process, sedentary behaviour (SB) needs to be identified and ideally filtered out
leaving only active activity data for the two regression equations to be applied to. A SB threshold
was developed using 1) accelerometer data only and 2) gyroscope data only.'*! The gyroscope
only SB classifier perfectly-identified SB for all five attachment site models compared to an
average accuracy of 91% for the five attachment site models using only accelerometer data.'*!
The discriminatory performance of the classifier developed using gyroscope sensor data
indicated that gyroscope sensor data may be better used for activity classification rather than

estimation of EE.

Marcotte et al.!?® showed that the gyroscope in the ActiGraph GT9X IMU can be useful
for detecting the number and degree of turning motions, a common movement that occurs during
many activities of daily living such as household chores as well as during intermittent sporting
activities. These two studies (Hibbing et al.!*! and Marcotte et al.!?®) first introduced the GT9X
gyroscope into the PA assessment literature and have demonstrated the utility of the sensor data

for two important tasks, EE estimation and turning quantification and identification. However,
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there are presently no studies using the GT9X gyroscope in youth, and no studies in any sample

population using GT9X accelerometer and gyroscope data for PA classification.
Section 7: Summary

The general trend of these studies was that most classifiers were developed using hip data
collected during structured laboratory and semi-structured simulated free-living activities.
Additionally, most studies reported within-sample cross-validation results as the indicator of
classifier performance which generally resulted in high accuracy (>85%). However, when
applied to true free-living data in an out-of-sample independent validation, performance
decreases for all classifier types by as much as 20.0%. This decrease in classifier performances
indicates the presence of a statistical ceiling in application and an issue with classifier
generalizability. Other disciplines have demonstrated that using data from both accelerometer
and gyroscope sensors simultaneously yields improvements in PA classification when compared
to using data from either sensor alone. However, this improvement in classification has yet to be
examined when classifiers are used in application. Thus, there is a current gap in the literature
pertaining to using accelerometer and gyroscope data together in youth, using the GT9X
gyroscope for PA classification, and examining classifier performance using accelerometer and

gyroscope data in out-of-sample scenarios in application.
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The data presented in this chapter are part of a larger study aiming to identify periods of
transition between bouts of activity in structured laboratory and unstructured free-living
activities. This chapter is focused on presenting the methods for collecting the structured
laboratory activity data and includes only procedural information and how the dataset was

assembled.
Section 1: Participants

Data presented in this study were collected as part of a larger study and the protocol and
participants have been reported on previously!2. A sample of 100 youth participants between the
ages of 6 and 18 years old were recruited from the Knoxville, TN area by word of mouth and
flyers (Appendix C). Written informed consent (Appendix D) and a health history questionnaire
(Appendix E) were obtained from a parent or legal guardian of each participant prior to
enrollment. Each participant provided written informed assent (4dppendix F) before study
participation was initiated. The recruitment strategy aimed to achieve an approximately even
distribution of biological sex across the age range in four target age groupings: 1) 6-9 years old,
2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old. Participants were excluded if any
contraindications to exercise were reported by the parent/legal guardian on the health history
questionnaire including: any musculo-skeletal injuries within the past six months that would
prevent safe participation in regular physical activity, any metabolic condition or prescription
medication that may affect metabolism, and any cardio-respiratory conditions, including asthma,
that may limit regular physical activity participation. All study methods and procedures were

approved by The University of Tennessee Knoxville Institutional Review Board.
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Section 2: Procedures

As part of the larger study protocol, participants were asked to complete 30 minutes of
supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b? portable indirect
calorimeter (Cosmed s.r.l., Rome, Italy). The primary focus of the present study is on physical
activity (PA) classification and does not include an energy expenditure (EE) component,
however, the wearable device data from the 30 minutes of supine rest during RMR was included

as “lying” activity data for the subsequent analyses.

All research visits were conducted at The University of Tennessee Knoxville Applied
Physiology Laboratory in the Health, Physical Education, and Recreation building. Data was
collected across two laboratory visits on two separate days. The first study visit included
completion of the informed consent and assent process and participant screening before final
enrollment. Once enrolled, participants had anthropometric measurements taken including:
standing and sitting height (cm) using a wall-mounted or SECA 213 portable stadiometer and
body mass (kg) and body fat percentage measured using a Tanita BC-418 bioelectrical
impedance analyzer. Anthropometric measurements were taken with participants in light weight

athletic clothing, with their shoes and socks removed.

To start the first study visit, the 30-min RMR assessment was made after completing the
anthropometric measurements. Following the RMR assessment, participants completed a battery
of eight different structured activities from a list of 16 total activities (Appendix B — Table ).
The remaining eight activities were performed during the second laboratory visit so all
participants completing both research visits performed all 16 activities. Prior to the first visit,
eight activities were pseudo-randomly selected by a member of the research team based on

laboratory space availability. Participants were instructed to perform each of the eight selected
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activities two non-consecutive times during the visit, once for approximately 60-90 seconds and
once for 4-5 minutes. Participants selected the order in which they wanted to perform the
activities and the bout length was randomized by a member of the research team. Minimal
limitations were placed on the possible activity combinations but due to scheduling and space
constraints, some activities were selected based on available space at the time or postponed until

the second day of testing if the required space was not available.

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right
wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest
along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn
devices were worn in manufacturer specific watch bands that the devices clipped into. The watch
bands were positioned proximal to the styloid processes with the devices oriented where the
LCD display could be read naturally by the participant like a watch screen would be. Participants
were directly observed throughout each research visit using the Noldus Pocket Observer
application for Android tablets (Noldus International Technology, Wageningen, Netherlands).
Direct observation was focused on coding activity behaviours, periods of transition, and posture.
Participants were also video recorded during each study visit but had the option to opt-out if they
were not comfortable with the video component of the observation. The video recordings served
as a backup in case the live coded observation records needed to be reviewed and revised for any
reasons including adding missing behaviours and adjusting timestamps if an error was made
during the live coding process. During the live coded observations, if the observer noticed an
error was made regarding an early or late timestamp or a mis-coded activity period, a comment
was made to alert the research staff during post-processing to go back and review that time point

in the video to make a correction as needed.
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Section 3: Equipment

3.1 Wearable Device

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams),
water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable
display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary
triaxial accelerometer with a dynamic range of + 8 gravitational units (g’s) and can be initialized
to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also
contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a
secondary triaxial accelerometer with a dynamic range of + 16 g’s, a triaxial gyroscope with a
dynamic range of = 2000 degrees per second, a magnetometer with a dynamic range of + 4800
micro-Tesla, and thermometer that measures the temperature inside the device housing. For the
present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer)

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.
3.2 Direct Observation

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software
program designed for direct observation. All research visits were live coded in real-time using
the Noldus Pocket Observer application (version 3.2) for Android tablets on a Samsung Galaxy
Tab 4 tablet (Samsung, Seoul, South Korea). As a secondary record, research visits were also

video recorded using a Canon Vixia HFR700 camcorder.

To use the Pocket Observer application, a coding scheme must first be created in the
Noldus XT software program. A two-class focal sampling coding scheme was used to first code

the activity behaviour being performed and then the posture of the participant during the activity
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behaviour. A 19 item list of activity behaviours was created: the 16 activities listed in Appendix
B - Table I plus an activity label for the start time of the observation period and activity routine
(“Start Time”), a label for transitions between activities (“Transition’), and an unknown activity
label to use when a participant performed an unlisted activity such as taking a water or bathroom
break (“Unknown Activity”). After an activity behaviour was coded, the second layer of the
coding scheme included modifier labels for the posture of the participant during an activity
including lying, sitting, standing, or stepping. This coding scheme allowed for non-overlapping
activity labels to be assigned in real-time by selecting the appropriate activity label button and
subsequently the corresponding posture in the Pocket Observer mobile application. This created
a continuous record of activities with time stamps that indicated the duration of activities marked
by the beginning (e.g. when an activity was marked) and end of an activity label (e.g. when a

new activity or transition was marked).

Live-coded observations collected using the Pocket Observer application were imported
to a Windows computer into the Noldus Observer XT software program. The criterion labelled
direct observation data were aligned with the GT9X monitor data using the Windows system
clock as the anchor point for alignment. A comment containing the Windows system clock time
was inserted in the Pocket Observer observation notes at the start of the observation period.
Additionally, a video of the Windows system clock used to initialize the GT9X devices was

taken at the start and end of each data collection period.
Section 4: Dataset Assembly

Criterion-labelled activity data from the direct observation files were synchronized and
merged with the second-by-second GT9X files so each second of monitor data had a

corresponding behaviour label with the primary activity behaviour as well as posture. This was
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done for each of the three attachment sites, hip, left wrist, and right wrist making three unique
datasets. The full dataset for each attachment site was randomly split into training and testing
datasets by participant ID to achieve similar distribution of demographic characteristics. There
were 74 participants allocated to the training dataset and 25 participants held out as a testing
dataset. The same participant IDs were used for each attachment site, so the training and testing
datasets are comprised of the same participants for each attachment site dataset. For the purposes
of the subsequent analyses, the original 16 activity labels were subdivided into two target
classification outcomes (Appendix B — Table 1) 1) 14 individual activity classes and 2) 7 activity
groups. For the purposes of the analyses, the “unknown activity”, “transition”, and “Start Time”
data were cleaned from the dataset leaving only seconds with one of the 16 original activity
behaviour labels. The total number of available data points for each attachment site, including

the distribution across individual activity classes and activity groups is available in Appendix B —

Table 2.

An overview of the analysis plan is shown in Appendix A - Figure 1. Information about

further data processing and statistical analyses are available in Chapter 4.
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Abstract

Purpose: The purpose of this study was to develop and cross-validate four machine learning
classifiers for classifying two target outcomes: 1) fourteen individual activity classes and 2) six
activity groups using three feature sets from ActiGraph GT9X (GT9X) 1) primary accelerometer
sensor data only, 2) gyroscope sensor data only, and 3) accelerometer and gyroscope sensor data
combined in youth. Methods: A sample of 100 youth aged 6-18 years old performed sixteen
different semi-structured simulated free-living activities ranging from sedentary to vigorous
intensity split across two laboratory visits on two separate days. Participants wore a GT9X on the
right hip, left wrist, and right wrist and were directly observed for the duration of each laboratory
visit to create timestamped criterion labels of the activities performed. GT9X primary
accelerometer (90 Hz) and gyroscope (100 Hz) data were reduced to 1-s averages. Seventeen
total features were calculated, 15 from the sensor data, and two biological variables [continuous
numerical age (y) and leg length (cm)]. Decision trees, lasso logistic regression, random forest,
and neural networks classifiers were developed for each feature set, attachment site, and target
outcome. The sample was split into a training (n = 75) dataset for classifier development and a
testing (n = 25) dataset for cross-validation. Overall model classification accuracy was used for
model comparison. Results: For the individual activity class models, the combined sensor
feature set (average classification accuracy: 61.5%; classification accuracy range across
attachment sites: 49.2-67.5%) outperformed the accelerometer only feature set (53.9; 41.0-
61.4%) by an average of 7.7% and the gyroscope only feature set (48.3%; 35.2-59.0%) by an
average of 13.2%, across all three attachment sites. For the activity group classifiers, the
combined sensor feature set (82.0%; 77.7-85.1%) outperformed the accelerometer only feature

set (76.7%; 71.8-80.9%) by an average of 5.3% and the gyroscope only feature set (76.6%; 72.3-
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80.0%) by an average of 5.4%, across all three attachment sites. Conclusion: The results of this
study indicate that using the GT9X primary accelerometer and gyroscope data together improves
PA classification for both individual activities and activity groups resulting in an average

improvement in classification accuracy of 7.9%.
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Section 1: Introduction

Objectively assessing physical activity (PA) and sedentary behaviour (SB) are a primary
interest for researchers to better understand their relationship with health outcomes. One popular
method to assess PA and SB is to use wearable devices, which can be used in both structured and
free-living environments. To date, most wearable devices used to assess PA have been
comprised of a single accelerometer sensor. The raw accelerometer data can be expressed as the
raw sensor signal in g’s or as proprietary activity counts. Historically, most methods have used a
regression-based approach with count data primarily for the purpose of relating accelerometer
data to energy expenditure (EE) or activity intensity. However, more recently, there has been
increasing interest in working with raw accelerometer data as well as using the raw sensor data to
classify PA type. Modeling raw accelerometer data can include threshold-based approaches but
more frequently includes machine learning and pattern recognition approaches. Machine learning
leverages the rich information in the raw sensor signal to better characterize PA behaviours. In
general, these machine learning approaches are an improvement over threshold-based
approaches for modeling accelerometer data but have not been as widely accepted and adopted

by end-users because they are not as easy to implement or interpret in most cases.

To date, nearly all PA classification research has used only accelerometer sensor data and
associated features as the primary source for classifier development. A review by Farrahi et al.!
shows that within-sample cross-validation classification accuracy, on average, ranges from
85.0% to 90.0% for hip and wrist classifiers in adults and youth. At the group level, this level of
accuracy is generally considered acceptable. However, it has recently been hypothesized that
using data from only an accelerometer sensor may not be enough to adequately classify PA

behaviours.? One potential avenue to improve the classification of PA is to leverage additional

108



data to make the classification. Previous research in other disciplines have explored using both
accelerometer and gyroscope sensor data together to classify PA. There is evidence to suggest
that in adults, using smartphone data, using accelerometer and gyroscope data together yields
improved classification accuracy by approximately 10.0%, compared to using data from either
sensor individually. Additionally, using smartphone data, it has previously been shown that the
contribution of each individual sensor type can vary by the device attachment site, the type of
activity being performed, and the type of classifier used to model the sensor data.® This indicates
that for some cases, one sensor type will be superior to the other sensor type.> However, one
caveat to this research is that previous efforts have been focused specifically in adult
populations, typically have small sample sizes, and only evaluate a small number of activities,
generally consisting of gross body movements and some postures (e.g. walking, stair climbing,

sitting, standing).>® However, there is currently no support for these findings in youth.

In 2014, ActiGraph (ActiGraph Corporation, Pensacola, FL), an industry leading
manufacturer of research-grade wearable devices, released the GT9X Link (GT9X) device.” The
GT9X utilizes the same primary triaxial accelerometer as its widely used predecessor (WGT3X-
BT) but also includes an inertial measurement unit (IMU) housing a secondary triaxial
accelerometer, a triaxial gyroscope, a triaxial magnetometer, and a temperature sensor to monitor
the temperature of the IMU sensors. Hibbing et al. 20181 first introduced the GT9X gyroscope
into the literature by demonstrating its utility as a predictor of EE using a two-regression
approach. Paired with the primary accelerometer data, the gyroscope sensor data improved EE
estimates by ~5% compared to using the primary accelerometer alone. However, a larger
takeaway from the study was that the gyroscope was a perfect classifier of SB for the hip, wrists,

and ankles attachment sites (Area Under the Curve (AUC) = 100%), compared to the
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accelerometer which yielded an AUC between 63.7% and 99.4%. The GT9X provides the
perfect opportunity to collect both accelerometer and gyroscope data simultaneously, in a device

familiar to the research community focused on PA assessment using wearable devices.

Thus, the purpose of this study is two-fold: 1) to determine if using only GT9X
gyroscope sensor data improves classification of semi-structured youth PA compared to using
only GT9X accelerometer sensor data, and 2) to determine if using a combined sensor approach
with GT9X accelerometer and gyroscope sensor data improves classification of semi-structured

youth PA compared to using data from either single sensor individually.

Section 2: Methods

2.1 Participants

Data presented in this study were collected as part of a larger study and the protocol and

participants have been reported on previously!!:!?

. A sample of 100 youth participants between
the ages of 6 and 18 years old were recruited from the Knoxville, TN area by word of mouth and
flyers. Written informed consent and a health history questionnaire were obtained from a parent
or legal guardian of each participant and written informed assent was provided by each
participant prior to enrollment in the study. The recruitment strategy aimed to achieve an
approximately even distribution of biological sex across the age range in four target age
groupings: 1) 6-9 years old, 2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old.
Participants were excluded if any contraindications to exercise were reported by the parent/legal
guardian on the health history questionnaire including: any musculo-skeletal injuries within the

past six months that would prevent safe participation in PA, any metabolic condition or

prescription medication that may affect metabolism, and any cardio-respiratory conditions,
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including asthma, that may limit regular PA participation. All study methods and procedures

were approved by The University of Tennessee Knoxville Institutional Review Board.
2.2 Procedures

As part of the larger study protocol, participants were asked to complete 30 minutes of
supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b? portable indirect
calorimeter (Cosmed s.r.l., Rome, Italy). The primary focus of the present study is on physical
activity (PA) classification and does not include an energy expenditure (EE) component,
however, the wearable device data from the 30 minutes of supine rest during RMR was included

as “lying” activity data for the subsequent analyses.

All research visits were conducted at The University of Tennessee Knoxville Applied
Physiology Laboratory in the Health, Physical Education, and Recreation building. Data was
collected across two laboratory visits on two separate days. The first study visit included
completion of the informed consent and assent process and participant screening before final
enrollment. Once enrolled, participants had anthropometric measurements taken including:
standing and sitting height (cm) using a wall-mounted or SECA 213 portable stadiometer and
body mass (kg) and body fat percentage measured using a Tanita BC-418 bioelectrical
impedance analyzer. Anthropometric measurements were taken with participants in light weight

athletic clothing, with their shoes and socks removed.

To start the first study visit, the 30-min RMR assessment was made after completing the
anthropometric measurements. Following the RMR assessment, participants completed a battery
of eight different structured activities from a list of 16 total activities (Appendix B — Table 1).
The remaining eight activities were performed during the second laboratory visit so all

participants completing both research visits performed all 16 activities. Prior to the first visit,
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eight activities were pseudo-randomly selected by a member of the research team based on
laboratory space availability. Participants were instructed to perform each of the eight selected
activities two non-consecutive times during the visit, once for approximately 60-90 seconds and
once for 4-5 minutes. Participants selected the order in which they wanted to perform the
activities and the bout length was randomized by a member of the research team. Minimal
limitations were placed on the possible activity combinations but due to scheduling and space
constraints, some activities were selected based on available space at the time or postponed until

the second day of testing if the required space was not available.

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right
wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest
along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn
devices were worn in manufacturer specific watch bands that the devices clipped into. The watch
bands were positioned proximal to the styloid processes with the devices oriented where the
LCD display could be read naturally by the participant like a watch screen would be. Participants
were directly observed throughout each research visit using the Noldus Pocket Observer
application for Android tablets (Noldus International Technology, Wageningen, Netherlands).
Direct observation was focused on coding activity behaviours, periods of transition, and posture.
Participants were also video recorded during each study visit but had the option to opt-out if they
were not comfortable with the video component of the observation. The video recordings served
as a backup in case the live coded observation records needed to be reviewed and revised for any
reasons including adding missing behaviours and adjusting timestamps if an error was made
during the live coding process. During the live coded observations, if the observer noticed an

error was made regarding an early or late timestamp or a mis-coded activity period, a comment
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was made to alert the research staff during post-processing to go back and review that time point

in the video to make a correction as needed.
2.3 Data Acquisition

2.3.1 Wearable Device

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams),
water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable
display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary
triaxial accelerometer with a dynamic range of + 8§ gravitational units (g’s) and can be initialized
to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also
contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a
secondary triaxial accelerometer with a dynamic range of + 16 g’s, a triaxial gyroscope with a
dynamic range of = 2000 degrees per second, a magnetometer with a dynamic range of + 4800
micro-Tesla, and a thermometer that measures the temperature inside the device housing. For the
present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer)

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.

2.3.2 Direct Observation

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software
program designed for direct observation. All research visits were live coded in real-time using
the Noldus Pocket Observer application (version 3.2) for Android tablets on a Samsung Galaxy
Tab 4 tablet (Samsung, Seoul, South Korea). As a secondary record, research visits were also

video recorded using a Canon Vixia HFR700 camcorder.
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To use the Pocket Observer application, a coding scheme must first be created in the
Noldus XT software program. A two-class focal sampling coding scheme was used to first code
the activity behaviour being performed and then the posture of the participant during the activity
behaviour. A 19 item list of activity behaviours was created: the 16 activities listed in Appendix
B - Table I plus an activity label for the start time of the observation period and activity routine
(“Start Time”), a label for transitions between activities (“Transition’), and an unknown activity
label to use when a participant performed an unlisted activity such as taking a water or bathroom
break (“Unknown Activity”). After an activity behaviour was coded, the second layer of the
coding scheme included modifier labels for the posture of the participant during an activity
including lying, sitting, standing, or stepping. This coding scheme allowed for non-overlapping
activity labels to be assigned in real-time by selecting the appropriate activity label button and
subsequently the corresponding posture in the Pocket Observer mobile application. This created
a continuous record of activities with time stamps that indicated the duration of activities marked
by the beginning (e.g. when an activity was marked) and end of an activity label (e.g. when a

new activity or transition was marked).

Live-coded observations collected using the Pocket Observer application were imported
to a Windows computer into the Noldus Observer XT software program. The criterion labelled
direct observation data were aligned with the GT9X monitor data using the Windows system
clock as the anchor point for alignment. A comment containing the Windows system clock time
was inserted in the Pocket Observer observation notes at the start of the observation period.
Additionally, a video of the Windows system clock used to initialize the GT9X devices was

taken at the start and end of each data collection period.
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2.4 Wearable Device Data

2.4.1 Data Pre-processing and Reduction

All data handling was conducted in R'? statistical software. An overview of the data
analysis plan is available in Appendix A — Figure 1. As a first step in pre-processing, a vector

magnitude was calculated from the raw GT9X sensor data collected at 90 Hz for the primary

accelerometer (VM = \/ X_acc? + Y_acc? + Z_accz) and 100 Hz for the gyroscope

(GvM = JX_gyro?+ Y_gyro? + Z _gyro?). Prior to calculation of GVM, the individual

gyroscope axes were low-pass filtered at 35 Hz using a second order Butterworth filter. The

individual sensor axes, VM, and GVM were then collapsed to 1-s averages.

2.4.2 Feature Extraction

A series of time and frequency domain features were engineered from the 1-s individual
axes and VM and GVM sensor data. Once all features were engineered, the 1-s windows of
sensor data were aggregated with labels from the direct observation files for each participant and
each monitor attachment site (hip, left wrist, and right wrist) so each 1-s window has a label for

individual activity, activity group, and posture.

Based on prior research!#16, the following list of 15 time domain features were extracted
from the 1-s sensor data (9 accelerometer features, 6 gyroscope features). All features were

calculated for the accelerometer and gyroscope sensor data unless noted otherwise:

1) Individual X-, Y-, and Z- axis inclination angles (accelerometer only)

Y

a. (ex. 0Y = cos™! ———
VY?2+Xx2+22

. 180 . .
= radians x -7 = axis angle in degrees).

Additionally, the following features were calculated from rolling 10-s windows:
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2) Minimum VM and GVM value

3) Maximum VM and GVM value

4) Mean VM and GVM value

5) Standard deviation of VM and GVM

6) Coefficient of variation (CV) of VM and GVM

7) Variance of VM and GVM

While this list of features is not comprehensive, the proposed features have been used in
multiple machine learning modeling studies using wearable sensor data.!*!® These feature sets
should provide a starting point given the studies are not about novel modeling techniques but
rather about adding new sensor data as a means of improving performance. Presently, there is a
lack of information in the literature regarding gyroscope features. What little evidence exists in
the literature has typically used the same time and frequency domain features that have been
used for accelerometer data. Part of the rationale for this being that gyroscopes collect angular
velocity data, which is a separate component of movement from linear acceleration captured by
the accelerometer. While the data represent different components of movement and the sensor
signals are in different units, the data should be able to be processed similarly. A comprehensive

feature analysis may need to be explored in future studies.

2.4.3 Feature Sets

For each attachment site dataset (hip, left wrist, and right wrist), three feature sets were
created as follows, comprised of the engineered features outlined above: 1) Accelerometer sensor
features only (n = 9 features), 2) Gyroscope sensor features only (n = 6 features), and 3)
Accelerometer + Gyroscope sensor features combined (n = 15 sensor features). In addition to the

sensor features, the following biological variables were included: continuous numerical age (y)
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and leg length (cm) making 17 total available features. Previous research in adults has shown
that biological variables do not contribute much to the characterization of PA.!*?° Thus, the
decision was made to exclude height, weight, biological sex, and body mass index (BMI) both as
a categorical variable and as a continuous percentile as variables for this study. In the case of the
present study in a youth sample spanning a broad age range, the authors elected to include leg
length and age as continuous numerical features. This was done in hopes of contributing some
information to the classification of locomotive and ambulatory activities as youth of different
ages will move differently for walking, running, and stair climbing, much of which has to do
with their gross motor coordination but also their leg length which contributes to their step
frequency. With this in mind, these biological variables may additionally contribute to
distinguishing other upright behaviours not listed here. It is intuitive that both age and leg length
may contribute useful information for discriminating walking and running from one another
since running for a six-year-old and walking for an eighteen-year-old may have similar sensor
signal characteristics. With three feature sets for each attachment site (hip, left wrist, right wrist)
and two target classification outcomes (individual activity classes and activity groups) for each

feature set, the total number of feature sets is 18.

2.4.4 Model Development

For each attachment site dataset, a series of four model types were developed: 1) decision
tree, 2) lasso logistic regression, 3) random forest, and 4) neural networks. These model types
14,16,21-23

have been used previously for classification of PA type using only accelerometer data.

All features were used for the development of each of the four model types.

The sample was randomly split by participant ID into partitions of 75 (training dataset)

and 25 (testing dataset) participants. For each model type, the same 75/25 random split of
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participants was used to make model results comparable to one another. The ‘set.seed’ argument
was set to ‘307’ to maintain the same partitions of training data during k-fold cross-validation

and to make results reproducible. All four model types were created using the ‘caret’??

package
in R. Model parameters were tuned using the ‘traincontrol’ and ‘expand.grid’ functions and

models were trained using the ‘#rain’ function with the requisite model type used for the method

argument.
i. Decision Tree

Decision tree models were created using the ‘rpart” method in the ‘caret’
package. The complexity parameter (cp) was tuned and optimized. Twenty-five
possible cp values between 1071 and 10! were tested during resampling (10-fold
cross validation with no repeats) and the ‘best.cp’ value was used to train the final

model.

ii. Logistic Regression

L1 regularized lasso logistic regression models were created using the ‘glmnet’
method in the ‘caret’ package. Prior to training, the ‘lambda’ parameter was
optimized using the ‘cv.glmnet’ function with 3-fold cross-validation to identify
the ‘lambda.min’ and ‘lambda. 1se’ values (i.e. the values resulting in the lowest
error on the training dataset) for each feature set and target classification outcome.
Once the ‘lambda. 1se’ was obtained, the, ‘alpha’ parameter was set to 1 and a

final ‘g/mnet’ model was trained using 3-fold cross-validation with no repeats.

iii. Random Forest

118



Random forest models were created using the ‘#f” method in the ‘caret’ package.
The ‘mtry’ argument (i.e. the number of variables available for splitting at each
node of a tree) was tuned to be the square root of the number of features used for
each model. No restrictions or tuning was performed for the ‘ntree’ argument, this
was objectively determined by the individual model. Three-fold cross-validation

with no repeats was used to train a final model with the single tuned ‘mtry’ value.

iv. Neural Network

Neural network models were created using the ‘nnet’ method in the ‘caret’
package. The ‘size’ and ‘decay’ arguments were tuned by training 100 iterations
using the entire training data set, no partitions, to determine the best combination
of parameters to use. Five different values were tested for the ‘size’ (1, 5, 10, 15,
and 20) and the ‘decay’ (0.0001, 0.001, 0.01, 0.1, 0.5) arguments. For the single
sensor feature set models (i.e. accelerometer only and gyroscope only) the ‘size’
parameter was set to 20 and the ‘decay’ parameter was set to 0.1. For the
combined sensor feature set models, the ‘decay’ parameter remained 0.1 but the
‘size’ parameter was changed to 15. Three-fold cross-validation with no repeats
using the optimized ‘size’ and ‘decay’ parameters was used to train the model
before fitting a model on the full training dataset. The ‘maxit’ value (i.e. the
maximum number of iterations allowed to reach convergence at a local minima)

was set to 5,000 possible iterations.
2.5 Statistical Analysis

Statistical analyses were performed in R'? statistical software. The outcomes of interest

for each dataset and model type are classification of: 1) 14 individual activity classes, and 2) six
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activity groups. For these analyses, data points with activity labels of “Start Time”, “Transition”,
and “Unknown Activity” were removed from the dataset. Final model performance was assessed
using a 25% holdout sample to determine generalizability. An overall classification accuracy
measure (i.e. the number of correctly classified cases in all classes divided by the total number of
cases) was reported for each model type as a general indicator of which feature set results in the
highest classification accuracy for each attachment site and target classification outcome. The
following summary statistics and individual class performance metrics will be reported for each
model type, attachment site, and feature set. These metrics are defined using a standard 2x2
contingency table layout and terminology with the columns representing the criterion values and
the rows representing the predicted values.?>-?” Cell A is true positives (TP), cell B is false
positives (FP), cell C is false negatives (FN), and cell D is true negatives (TN).25-?7 For more
than two classes, as is the case with the presented analyses, metric results are calculated using a

“one versus all” approach where each factor level is compared to the other factor levels.?>-?7

1) sensitivity — [sens; TP/(TP+FN)]

2) specificity — [spec; TN/(FP+TN)]

3) prevalence — [prev; (TP+FN)/(TP+FP+FN+TN)

4) positive predictive value — [PPV; (sens*prev)/((sens*prev) + (I-spec)*(1-prev))]

5) negative predictive value — [NPV, spec*(1-prev))/(((I—sens)*prev)+((spec)*(1-prev)))
6) precision — [TP/(TP+FP)]

7) recall — [TP/(TP+FN)]

8) FI Score — [((1+beta?) *precision*recall)/((beta’*precision)+recall) — (note: beta = 1)

9) balanced accuracy — [(sens + spec)/2]
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Sections 3: Results

There were 100 youth participants enrolled in the study. A complete breakdown of how
the data were handled following enrollment is shown in Appendix A - Figure 2. One participant
withdrew prior to any activity data being collected resulting in the final analytical sample of 99
participants, 74 in the training dataset and 25 in the testing dataset. A breakdown of the number
of data points in each activity class is available in Appendix B — Table 2. Participant
demographics and physical characteristics for the training and testing datasets are available in

Appendix B - Table 3.

Within-sample cross-validation results are split below based on attachment site (hip, left
wrist, and right wrist), target outcome of interest (individual activity classes and activity groups)

and model type (decision tree, lasso logistic regression, random forest, and neural network).
3.1 Hip Individual Activity Class Results

For the individual activity classes, Appendix A - Figure 34 shows the combined sensor
feature set classifiers (range of classification accuracies across all four classifier types: 54.8-
67.2%) achieved higher overall classification LOOCYV accuracy than all classifiers using either
individual sensor feature sets by an average of 5.3% (accelerometer only) and 17.3% (gyroscope
only). Of the single sensor classifiers, using the accelerometer only feature set (52.2-61.3%)
achieved consistently higher overall LOOCYV classification accuracy than using the gyroscope

only feature set (35.2-54.0%) for all four classifiers by an average of 12.0%.

Appendix B - Table 4 summarizes the percentage of cases correctly classified for each
feature set and classifier type by individual activity class. In general, the combined sensor feature

sets correctly classified the most cases with few exceptions where the accelerometer only or
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gyroscope only feature sets were superior. Specific examples shown below by individual

classifier type.

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 51.4% to 94.2% across all four classifier types with standard deviations ranging
from 0.0001 to 0.0026. For all hip individual activity classifiers, the difference in classifier
training accuracies between feature sets was greater than the maximum classifier training
accuracy standard deviations indicating that the training classification accuracies were

statistically different.

3.1.1 Hip Individual Activity Class Decision Tree Results

For the decision tree classifiers, the combined sensor feature set was best for 9 of the 14
individual activity classes. Of the remaining five classes, the accelerometer only feature set was
best for four activity classes (book reading, lying, reclining, and running), and the gyroscope
only feature set was best for one activity class (catch) (Adppendix B - Table 4). Of the activities
the accelerometer only feature set was best for, three of the four were seated and lying activities
(book reading, reclining, and lying). On average, across all 14 individual activities, the combined
sensor decision tree correctly classified 4.2% more cases than the accelerometer only feature set
and 14.9% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 10.7% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for computer by
39.6%, jumping jacks by 19.8%, lying by 30.3%, reclining by 27.6%, running by 16.7%, and
stair walking by 22.5%. The gyroscope only feature set was better than the accelerometer feature
set for cycling by 22.0%. For all other activities, performance was generally similar. Appendix B

— Table 5 shows performance metrics for each feature set. For all eight additional performance
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metrics (sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and
balanced accuracy), the combined sensor feature set outperformed the single sensor feature sets.
F1 was on average 9.5% higher for the combined sensor feature set (42.6%) compared to the

accelerometer only (38.2%) and gyroscope only feature sets (28.0%).

3.1.2 Hip Individual Activity Class Lasso Results

For the lasso models, the combined sensor feature set was best for 11 of 14 activity
classes, the accelerometer only feature set was best for two activities (lying and basketball), and
the gyroscope only feature set was best for the remaining activity (soccer) (Adppendix B - Table
4). On average, across all 14 individual activities, the combined sensor feature set correctly
classified 8.9% more cases than the accelerometer only feature set and 13.2% more cases than
the gyroscope only feature set. The accelerometer only feature set correctly classified on average
4.2% more cases than the gyroscope only feature set. The accelerometer only feature set was
better than the gyroscope only feature set for basketball by 10.1%, computer by 71.7%, jumping
jacks by 21.3%, reclining by 18.2%, and stair walking by 13.1%. The gyroscope only feature set
was better than the accelerometer feature set for cycling by 50.7%, catch by 29.1%, and dusting
by 11.6%. For all other activities, performance was generally similar. Appendix B — Table 5
shows performance metrics for each feature set. For all eight additional performance metrics
(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced
accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on
average 11.0% higher for the combined sensor feature set (48.3%) compared to the

accelerometer only (38.1%) and gyroscope only (36.6%) feature sets.

3.1.3 Hip Individual Activity Class Random Forest Results
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For the random forest models, the combined sensor feature set was best for all 14 activity
classes (Appendix B - Table 4). On average, across all 14 individual activities, the combined
sensor feature set correctly classified 8.5% more cases than the accelerometer only feature set
and 19.2% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 10.7% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for computer by
45.8%, jumping jacks by 29.7%, lying by 23.7%, reclining by 32.9%, and stair walking by
23.4%. The gyroscope only feature set was better than the accelerometer feature set for cycling
by 21.0%. For all other activities, performance was generally similar. Appendix B — Table 5
shows performance metrics for each feature set. For all eight additional performance metrics
(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced
accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on
average 13.8% higher for the combined sensor feature set (51.8%) compared to the

accelerometer only (43.2%) and gyroscope only feature sets (32.7%).

3.1.4 Hip Individual Activity Class Neural Network Results

For the neural network models, the combined sensor feature set was best for 10 of 14
activity classes, the accelerometer only feature set was best for two activities (reclining and
running), and the gyroscope only feature set was best for the remaining two activities (soccer and
sweeping) (Appendix B - Table 4). On average, across all 14 individual activities, the combined
sensor feature set correctly classified 6.4% more cases than the accelerometer only feature set
and 13.8% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 7.4% more cases than the gyroscope only feature set. The

accelerometer only feature set was better than the gyroscope only feature set for book reading by
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16.2%, computer by 46.6%, jumping jacks by 18.6%, reclining by 46.4%. The gyroscope only
feature set was better than the accelerometer feature set for cycling by 23.3%, book reading by
10.4%, and sweeping by 13.1%. For all other activities, performance was generally similar.
Appendix B — Table 5 shows performance metrics for each feature set. For all eight additional
performance metrics (sensitivity, specificity, positive and negative predictive value, precision,
recall, F1, and balanced accuracy), the combined sensor feature set outperformed the single
sensor feature sets. F1 was on average 11.0% higher for the combined sensor feature set (52.2%)

compared to the accelerometer only (45.4%) and gyroscope only feature sets (37.2%).
3.2 Hip Activity Group Results

For the activity groups, Appendix A - Figure 3B shows the combined sensor feature set
classifiers (77.7-84.2%) consistently achieved higher overall classification accuracy than all
classifiers using either individual sensor feature sets by an average of 6.2% (accelerometer only)
and 5.2% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (71.8-
79.2%) and gyroscope only (72.3-80.0%) individual sensor feature sets achieved similar overall

classification and differed by an average of only 1.0% in favor of the gyroscope only feature set.

Appendix B - Table 6 summarizes the percentage of cases correctly classified for each
feature set by individual activity class. In general, the combined sensor feature set correctly
classified the most cases with few exceptions where the accelerometer only or gyroscope only

feature sets were superior. Specific examples shown below by individual classifier type.

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 75.2% to 95.7% across all four classifier types with standard deviations ranging
from 0.0002 to 0.0022. For all hip activity group classifiers, the difference in classifier training

accuracies between feature sets was greater than the maximum classifier training accuracy
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standard deviations indicating that the training classification accuracies were statistically

different.

3.2.1 Hip Activity Group Decision Tree Results

For the decision tree models, the combined sensor feature set was best for five of the six
activity groups and the gyroscope only feature set was best for the remaining activity group
(wheels) (Appendix B - Table 6). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 9.9% more cases than the accelerometer only feature set and 7.5%
more cases than the gyroscope only feature set. The gyroscope only feature set correctly
classified on average 2.3% more cases than the accelerometer only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 18.6% and the gyroscope only feature set was better than the
accelerometer only feature set for wheeled activities by 27.9%. For all other activity groups,
performance was generally similar. Appendix B — Table 7 shows performance metrics for each
feature set. For all eight additional performance metrics (sensitivity, specificity, positive and
negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor
feature set outperformed the single sensor feature sets. F1 was on average 8.7% higher for the
combined sensor feature set (62.2%) compared to the accelerometer only (52.6%) and gyroscope

only feature sets (54.4%).

3.2.2 Hip Activity Group LASSO Results

For the LASSO models, the combined sensor feature set was best for five of the six
activity groups and the gyroscope only feature set was best for the remaining activity group
(sports) (Appendix B - Table 6). On average, across all 6 activity groups, the combined sensor

feature set correctly classified 12.6% more cases than the accelerometer only feature set and
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6.1% more cases than the gyroscope only feature set. The gyroscope only feature set correctly
classified on average 6.4% more cases than the accelerometer only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 15.8% and the gyroscope only feature set was better than the
accelerometer only feature set for wheeled activities by 34.9% and sports by 11.2%. For all other
activity groups, performance was generally similar. Appendix B — Table 7 shows performance
metrics for each feature set. For all eight additional performance metrics (sensitivity, specificity,
positive and negative predictive value, precision, recall, F1, and balanced accuracy), the
combined sensor feature set outperformed the single sensor feature sets. F1 was on average
11.3% higher for the combined sensor feature set (67.0%) compared to the accelerometer only

(51.8%) and gyroscope only feature sets (59.6%).

3.2.3 Hip Activity Group Random Forest Results

For the random forest models, the combined sensor feature set was best for all six activity
groups (Appendix B - Table 6). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 11.8% more cases than the accelerometer only feature set and
12.1% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 0.4% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 26.4% and the gyroscope only feature set was better than the
accelerometer only feature set for wheeled activities by 25.1%. For all other activity groups,
performance was generally similar. Appendix B — Table 7 shows performance metrics for each
feature set. For all eight additional performance metrics (sensitivity, specificity, positive and

negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor
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feature set outperformed the single sensor feature sets. F1 was on average 12.9% higher for the
combined sensor feature set (72.0%) compared to the accelerometer only (59.5%) and gyroscope

only feature sets (58.8%).

3.2.4 Hip Activity Group Neural Network Results

For the neural network models, the combined sensor feature set was best for all six
activity groups (Appendix B - Table 6). On average, across all 6 activity groups, the combined
sensor feature set correctly classified 9.3% more cases than the accelerometer only feature set
and 7.2% more cases than the gyroscope only feature set. The gyroscope only feature set
correctly classified on average 2.1% more cases than the accelerometer only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 19.6% and the gyroscope only feature set was better than the
accelerometer only feature set for wheeled activities by 23.4%. For all other activity groups,
performance was generally similar. Appendix B — Table 7 shows performance metrics for each
feature set. For all eight additional performance metrics (sensitivity, specificity, positive and
negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor
feature set outperformed the single sensor feature sets. F1 was on average 8.9% higher for the
combined sensor feature set (73.3%) compared to the accelerometer only (63.3%) and gyroscope

only feature sets (65.6%).

3.3 Left Wrist Individual Activity Class Results

For the individual activity classes, Appendix A - Figure 3C shows the combined sensor
feature set classifiers (49.2-62.2%) achieved higher overall classification accuracy than all
classifiers using either individual sensor feature sets by an average of 8.6% (accelerometer only)

and 10.9% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (41.0-
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55.8%) and gyroscope only (39.8-53.7%) individual sensor feature sets achieved similar overall
classification and differed by an average of only 2.3% in favor of the accelerometer only feature

set.

Appendix B - Table 8§ summarizes the percentage of cases correctly classified for each
feature set and classifier type by individual activity class. In general, the combined sensor feature
set correctly classified the most cases with few exceptions where the accelerometer only or
gyroscope only feature sets were superior. Specific examples shown below by individual

classifier type.

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 50.3% to 91.5% across all four classifier types with standard deviations ranging
from 0.0002 to 0.0022. For all left wrist individual activity classifiers, the difference in classifier
training accuracies between feature sets was greater than the maximum classifier training
accuracy standard deviations indicating that the training classification accuracies were

statistically different.

3.3.1 Left Wrist Individual Activity Class Decision Tree Results

For the decision tree models, the combined sensor feature set was best for 12 of the 14
activity classes, the accelerometer only feature set was best for one activity (catch), and the
gyroscope only feature set was best for one activity (lying) (Appendix B - Table §). On average,
across all 14 individual activities, the combined sensor feature set correctly classified 7.3% more
cases than the accelerometer only feature set and 15.3% more cases than the gyroscope only
feature set. The accelerometer only feature set correctly classified on average 8.0% more cases
than the gyroscope only feature set. The accelerometer only feature set was better than the

gyroscope only feature set for running by 36.2%, catch by 10.4%, dusting by 15.2%, stair
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walking by 15.2%, sweeping by 15.5%, and walking by 16.9%. The gyroscope only feature set
was better than the accelerometer feature set for cycling by 13.7% and lying by 17.6%. For all
other activities, performance was generally similar. Appendix B — Table 9 shows performance
metrics for each feature set. For all eight additional performance metrics (sensitivity, specificity,
positive and negative predictive value, precision, recall, F1, and balanced accuracy), the
combined sensor feature set outperformed the single sensor feature sets. F1 was on average
12.8% higher for the combined sensor feature set (47.6%) compared to the accelerometer only

(42.2%) and gyroscope only feature sets (27.3%).

3.3.2 Left Wrist Individual Activity Class LASSO Results

For the LASSO models, the combined sensor feature set was best for 10 of 14 activity
classes, the accelerometer only feature set was best for two activities (catch and walking), and
the gyroscope only feature set was best for the remaining two activities (basketball and lying)
(Appendix B - Table 8). On average, across all 14 individual activities, the combined sensor
feature set correctly classified 11.0% more cases than the accelerometer only feature set and
14.0% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 3.0% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for running by
48.2%, soccer by 15.0%, and walking by 11.7%. The gyroscope only feature set was better than
the accelerometer feature set for cycling by 34.6%. For all other activities, performance was
generally similar. Appendix B — Table 9 shows performance metrics for each feature set. For all
eight additional performance metrics (sensitivity, specificity, positive and negative predictive
value, precision, recall, F1, and balanced accuracy), the combined sensor feature set

outperformed the single sensor feature sets. F1 was on average 7.0% higher for the combined
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sensor feature set (46.3%) compared to the accelerometer only (45.9%) and gyroscope only

feature sets (32.6%).

3.3.3 Left Wrist Individual Activity Class Random Forest Results

For the random forest models, the combined sensor feature set was best for all 14 activity
classes. (Appendix B - Table 8). On average, across all 14 individual activities, the combined
sensor feature set correctly classified 9.2% more cases than the accelerometer only feature set
and 20.8% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 11.7% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for book reading by
18.3%, catch by 16.3%, computer by 19.1%, jumping jacks by 13.3%, running by 34.1%, soccer
by 15.7%, stair walking by 20.3%, sweeping by 18.6%, and walking by 18.8%. The gyroscope
only feature set was better than the accelerometer feature set for cycling by 19.6% and lying by
10.6%. For all other activities, performance was generally similar. Appendix B — Table 9 shows
performance metrics for each feature set. For all eight additional performance metrics
(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced
accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on
average 16.0% higher for the combined sensor feature set (56.0%) compared to the

accelerometer only (48.8%) and gyroscope only feature sets (31.1%).

3.3.4 Left Wrist Individual Activity Class Neural Network Results

For the neural network models, the combined sensor feature set was best for 10 of 14
activity classes, the accelerometer only feature set was best for two activities (catch and
walking), and the gyroscope only feature set was best for the remaining two activities (basketball

and lying) (Appendix B - Table §). On average, across all 14 individual activities, the combined
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sensor feature set correctly classified 6.5% more cases than the accelerometer only feature set
and 12.6% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 6.2% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for book reading by
21.1%, jumping jacks by 13.1%, running by 27.9%, soccer by 22.9%, and walking by 20.8%.
The gyroscope only feature set was better than the accelerometer feature set for cycling by
26.9% and lying by 10.1%. For all other activities, performance was generally similar. Appendix
B — Table 9 shows performance metrics for each feature set. For all eight additional performance
metrics (sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and
balanced accuracy), the combined sensor feature set outperformed the single sensor feature sets.
F1 was on average 9.1% higher for the combined sensor feature set (50.7%) compared to the

accelerometer only (45.3%) and gyroscope only feature sets (38.1%).
3.4 Left Wrist Activity Group Results

For the activity groups, Appendix A - Figure 3D shows the combined sensor feature set
classifiers (79.0-84.0%) consistently achieved higher overall classification accuracy than all
classifiers using either individual sensor feature sets by an average of 5.0% (accelerometer only)
and 5.3% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (73.9-
78.6%) and gyroscope only (73.5-79.2%) individual sensor feature sets achieved similar overall
classification and differed by an average of only 0.2% in favor of the accelerometer only feature

set.

Appendix B - Table 10 summarizes the percentage of cases correctly classified for each
feature set and classifier type by individual activity class. In general, the combined sensor feature

set correctly classified the most cases with few exceptions where the accelerometer only or
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gyroscope only feature sets were superior. Specific examples shown below by individual

classifier type.

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 75.5% to 94.1% across all four classifier types with standard deviations ranging
from 0.0002 to 0.0020. For all left wrist activity group classifiers, the difference in classifier
training accuracies between feature sets was greater than the maximum classifier training
accuracy standard deviations indicating that the training classification accuracies were

statistically different.

3.4.1 Left Wrist Activity Group Decision Tree Results

For the decision tree models, the combined sensor feature set was best for all six activity
groups (Appendix B - Table 10). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 10.1% more cases than the accelerometer only feature set and
10.7% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 0.6% more cases than the gyroscope only feature set. The
gyroscope only feature set was better than the accelerometer only feature set for wheeled
activities by 22.3%. For all other activity groups, performance was generally similar. Appendix B
— Table 11 shows performance metrics for each feature set. For all eight additional performance
metrics (sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and
balanced accuracy), the combined sensor feature set outperformed the single sensor feature sets.
F1 was on average 10.4% higher for the combined sensor feature set (68.1%) compared to the

accelerometer only (57.7%) and gyroscope only feature sets (57.7%).

3.4.2 Left Wrist Activity Group LASSO Results
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For the LASSO models, the combined sensor feature set was best for five of the six
activity groups and the gyroscope only feature set was best for the remaining activity group
(sports) (Appendix B - Table 10). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 7.4% more cases than the accelerometer only feature set and 6.7%
more cases than the gyroscope only feature set. The gyroscope only feature set correctly
classified on average 0.7% more cases than the accelerometer only feature set. For all activity
groups, performance was generally similar between the accelerometer only and gyroscope only
feature sets. Appendix B — Table 11 shows performance metrics for each feature set. For all eight
additional performance metrics (sensitivity, specificity, positive and negative predictive value,
precision, recall, F1, and balanced accuracy), the combined sensor feature set outperformed the
single sensor feature sets. F1 was on average 8.7% higher for the combined sensor feature set

(63.4%) compared to the accelerometer only (54.2%) and gyroscope only feature sets (55.2%).

3.4.3 Left Wrist Activity Group Random Forest Results

For the random forest models, the combined sensor feature set was best for all six activity
groups (Appendix B - Table 10). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 11.7% more cases than the accelerometer only feature set and
12.9% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 1.2% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 14.1% and the gyroscope only feature set was better than the
accelerometer only feature set for wheeled activities by 31.7%. For all other activity groups,
performance was generally similar. Appendix B — Table 11 shows performance metrics for each

feature set. For all eight additional performance metrics (sensitivity, specificity, positive and
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negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor
feature set outperformed the single sensor feature sets. F1 was on average 12.5% higher for the
combined sensor feature set (74.7%) compared to the accelerometer only (62.6%) and gyroscope

only feature sets (62.0%).

3.4.4 Left Wrist Activity Group Neural Network Results

For the neural network models, the combined sensor feature set was best for all six
activity groups (Appendix B - Table 10). On average, across all 6 activity groups, the combined
sensor feature set correctly classified 11.5% more cases than the accelerometer only feature set
and 8.5% more cases than the gyroscope only feature set. The gyroscope only feature set
correctly classified on average 3.0% more cases than the accelerometer only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 12.9% and the gyroscope only feature set was better than the
accelerometer only feature set for wheeled activities by 36.4%. For all other activity groups,
performance was generally similar. Appendix B — Table 11 shows performance metrics for each
feature set. For all eight additional performance metrics (sensitivity, specificity, positive and
negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor
feature set outperformed the single sensor feature sets. F1 was on average 9.8% higher for the
combined sensor feature set (75.2%) compared to the accelerometer only (64.1%) and gyroscope

only feature sets (66.6%).
3.5 Right Wrist Individual Activity Class Results

For the individual activity classes, Appendix A - Figure 3E shows the combined sensor
feature set classifiers (57.3-67.5%) achieved higher overall classification accuracy than all

classifiers using either individual sensor feature sets by an average of 9.0% (accelerometer only)
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and 11.4% (gyroscope only). Of the single sensor classifiers, using the accelerometer only
feature sets (47.6-61.4%) achieved higher overall classification compared to using the gyroscope

only feature sets (45.8-59.0%) by an average of 2.5%.

Appendix B - Table 12 summarizes the percentage of cases correctly classified for each
feature set and classifier type by individual activity class. In general, the combined sensor feature
set correctly classified the most cases with few exceptions where the accelerometer only or
gyroscope only feature sets were superior. Specific examples shown below by individual

classifier type.

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 51.1% to 91.1% across all four classifier types with standard deviations ranging
from 0.0001 to 0.0022. For all right wrist individual activity classifiers, the difference in
classifier training accuracies between feature sets was greater than the maximum classifier
training accuracy standard deviations indicating that the training classification accuracies were

statistically different.

3.5.1 Right Wrist Individual Activity Class Decision Tree Results

For the decision tree models, the combined sensor feature set was best for 13 of 14
activity classes and the gyroscope only feature set was best for the remaining activity class
(lying) (Appendix B - Table 12). On average, across all 14 individual activities, the combined
sensor feature set correctly classified 9.2% more cases than the accelerometer only feature set
and 15.6% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 6.4% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for book reading by

16.1%, computer by 11.2%, reclining by 12.5%, running by 27.2%, stair walking by 13.4%, and
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walking by 22.3%. The gyroscope only feature set was better than the accelerometer feature set
for cycling by 28.7% and lying by 13.2%. For all other activities, performance was generally
similar. Appendix B — Table 13 shows performance metrics for each feature set. For all eight
additional performance metrics (sensitivity, specificity, positive and negative predictive value,
precision, recall, F1, and balanced accuracy), the combined sensor feature set outperformed the
single sensor feature sets. F1 was on average 15.2% higher for the combined sensor feature set

(50.9%) compared to the accelerometer only (42.7%) and gyroscope only feature sets (28.8%).

3.5.2 Right Wrist Individual Activity Class LASSO Results

For the LASSO models, the combined sensor feature set was best for 11 of 14 activity
classes, the accelerometer only feature set was best for two activities (catch and walking), and
the gyroscope only feature set was best for the remaining activity (lying) (Appendix B - Table
12). On average, across all 14 individual activities, the combined sensor feature set correctly
classified 10.4% more cases than the accelerometer only feature set and 16.5% more cases than
the gyroscope only feature set. The accelerometer only feature set correctly classified on average
6.1% more cases than the gyroscope only feature set. The accelerometer only feature set was
better than the gyroscope only feature set for computer by 27.6%, running 44.8%, soccer by
11.5%, sweeping by 15.7%, and walking by 16.9%. The gyroscope only feature set was better
than the accelerometer feature set for cycling by 27.7%. Appendix B — Table 13 shows
performance metrics for each feature set. For all eight additional performance metrics
(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced
accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on
average 15.3% higher for the combined sensor feature set (49.6%) compared to the

accelerometer only (40.9%) and gyroscope only feature sets (27.5%).

137



3.5.3 Right Wrist Individual Activity Class Random Forest Results

For the random forest models, the combined sensor feature set was best for 13 of the 14
activity classes and the gyroscope only feature set was best for the one remaining activity (lying)
(Appendix B - Table 12). On average, across all 14 individual activities, the combined sensor
feature set correctly classified 9.9% more cases than the accelerometer only feature set and
20.2% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 10.3% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for book reading by
26.8%, catch by 13.9%, computer by 12.2%, dusting by 11.3%, jumping jacks by 12.8%,
reclining by 11.3%, running by 27.3%, soccer by 14.3%, stair walking by 20.3%, sweeping by
12.8%, and walking by 22.9%. The gyroscope only feature set was better than the accelerometer
feature set for cycling by 16.8% and lying by 23.9%. For all other activities, performance was
generally similar. Appendix B — Table 13 shows performance metrics for each feature set. For all
eight additional performance metrics (sensitivity, specificity, positive and negative predictive
value, precision, recall, F1, and balanced accuracy), the combined sensor feature set
outperformed the single sensor feature sets. F1 was on average 17.2% higher for the combined
sensor feature set (58.5%) compared to the accelerometer only (50.0%) and gyroscope only

feature sets (32.5%).

3.5.4 Right Wrist Individual Activity Class Neural Network Results

For the neural network models, the combined sensor feature set was best for 11 of 14
activity classes, the accelerometer only feature set was best for two activities (catch and
walking), and the gyroscope only feature set was best for the remaining activity (lying)

(Appendix B - Table 12). On average, across all 14 individual activities, the combined sensor
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feature set correctly classified 6.4% more cases than the accelerometer only feature set and
12.7% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 6.3% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for book reading by
28.7%, running by 15.9%, soccer by 18.6%, sweeping by 16.5%, and walking by 25.4%. The
gyroscope only feature set was better than the accelerometer feature set for cycling by 25.5%.
For all other activities, performance was generally similar. Appendix B — Table 13 shows
performance metrics for each feature set. For all eight additional performance metrics
(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced
accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on
average 12.7% higher for the combined sensor feature set (54.0%) compared to the

accelerometer only (47.8%) and gyroscope only feature sets (34.7%).
3.6 Right Wrist Activity Group Results

For the activity groups, Appendix A - Figure 3F shows the combined sensor feature set
classifiers (80.2-85.1%) consistently achieved higher overall classification accuracy than all
classifiers using either individual sensor feature sets by an average of 4.8% (accelerometer only)
and 5.7% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (75.0-
80.9%) and gyroscope only (74.6-79.6%) individual sensor feature sets achieved similar overall
classification and differed by an average of only 0.9% in favor of the accelerometer only feature

set.

Appendix B - Table 14 summarizes the percentage of cases correctly classified for each
feature set and classifier type by individual activity class. In general, the combined sensor feature

set correctly classified the most cases with few exceptions where the accelerometer only or
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gyroscope only feature sets were superior. Specific examples shown below by individual

classifier type.

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 75.6% to 94.0% across all four classifier types with standard deviations ranging
from 0.0002 to 0.0023. For all right wrist individual activity classifiers, the difference in
classifier training accuracies between feature sets was greater than the maximum classifier
training accuracy standard deviations indicating that the training classification accuracies were

statistically different.

3.6.1 Right Wrist Activity Group Decision Tree Results

For the decision tree models, the combined sensor feature set was best for five of the six
activity groups and the accelerometer only feature set was best for the remaining activity group
(sports) (Appendix B - Table 14). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 9.5% more cases than the accelerometer only feature set and 9.6%
more cases than the gyroscope only feature set. The accelerometer only feature set correctly
classified on average 0.1% more cases than the gyroscope only feature set. The accelerometer
only feature set was better than the gyroscope only feature set for recreation and leisure time
activity by 10.7%. The gyroscope only feature set was better than the accelerometer only feature
set for wheeled activities by 26.7%. For all other activity groups, performance was generally
similar. Appendix B — Table 15 shows performance metrics for each feature set. For all eight
additional performance metrics (sensitivity, specificity, positive and negative predictive value,
precision, recall, F1, and balanced accuracy), the combined sensor feature set outperformed the
single sensor feature sets. F1 was on average 9.8% higher for the combined sensor feature set

(69.7%) compared to the accelerometer only (59.9%) and gyroscope only feature sets (60.0%).
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3.6.2 Right Wrist Activity Group LASSO Results

For the LASSO models, the accelerometer only feature set was best for four of the six
activity groups, the combined sensor feature set was best for one activity group (continuous
walking and running), and the gyroscope only feature set was best for the remaining activity
groups (seated and lying activity) (Adppendix B - Table 14). On average, across all 6 activity
groups, the combined sensor feature set correctly classified 9.1% more cases than the
accelerometer feature set and 7.2% more cases than the gyroscope only feature set. The
gyroscope only feature set correctly classified on average 1.9% more cases than the
accelerometer only feature set. The gyroscope only feature set was better than the accelerometer
only feature set for household chores by 14.9%. For all other activity groups, performance was
generally similar. Appendix B — Table 15 shows performance metrics for each feature set. For all
eight additional performance metrics (sensitivity, specificity, positive and negative predictive
value, precision, recall, F1, and balanced accuracy), the combined sensor feature set
outperformed the single sensor feature sets. F1 was on average 10.0% higher for the combined
sensor feature set (64.8%) compared to the accelerometer only (53.8%) and gyroscope only

feature sets (55.9%).

3.6.3 Right Wrist Activity Group Random Forest Results

For the random forest models, the combined sensor feature set was best for all six activity
groups (Appendix B - Table 14). On average, across all 6 activity groups, the combined sensor
feature set correctly classified 9.8% more cases than the accelerometer only feature set and
12.7% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 2.9% more cases than the gyroscope only feature set. The

accelerometer only feature set was better than the gyroscope only feature set for recreation and
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leisure time activity by 16.7%. The gyroscope only feature set was better than the accelerometer
only feature set for wheeled activities by 23.2%%. For all other activity groups, performance was
generally similar. Appendix B — Table 15 shows performance metrics for each feature set. For all
eight additional performance metrics (sensitivity, specificity, positive and negative predictive
value, precision, recall, F1, and balanced accuracy), the combined sensor feature set
outperformed the single sensor feature sets. F1 was on average 11.3% higher for the combined
sensor feature set (76.1%) compared to the accelerometer only (66.4%) and gyroscope only

feature sets (63.2%).

3.6.4 Right Wrist Activity Group Neural Network Results

For the neural network models, the combined sensor feature set was best for all six
activity groups (Appendix B - Table 14). On average, across all 6 activity groups, the combined
sensor feature set correctly classified 8.0% more cases than the accelerometer only feature set
and 9.7% more cases than the gyroscope only feature set. The accelerometer only feature set
correctly classified on average 1.1% more cases than the gyroscope only feature set. The
accelerometer only feature set was better than the gyroscope only feature set for recreation and
leisure time activity by 13.7%. The gyroscope only feature set was better than the accelerometer
only feature set for wheeled activities by 20.7%. For all other activity groups, performance was
generally similar. Appendix B — Table 15 shows performance metrics for each feature set. For all
eight additional performance metrics (sensitivity, specificity, positive and negative predictive
value, precision, recall, F1, and balanced accuracy), the combined sensor feature set
outperformed the single sensor feature sets. F1 was on average 8.5% higher for the combined
sensor feature set (76.3%) compared to the accelerometer only (68.6%) and gyroscope only

feature sets (67.1%).
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For additional detail about individual classifier confusion matrices and model
performance summaries, please see Appendix B — Tables 16-63 for hip, Appendix B — Tables 64-

111 for left wrist, and Appendix B — Tables 112-159 for right wrist results.

Section 4: Discussion

4.1 Summary

The purpose of this study was two-fold: 1) to compare youth PA classification
performance using classifiers trained with only accelerometer sensor data to classifiers trained
with only gyroscope sensor data, and 2) to determine if using gyroscope sensor data in addition
to accelerometer sensor data improved youth PA classification performance. The results of the
study indicate that combining accelerometer and gyroscope data results in superior classification
performance compared to using data from either single sensor individually for classifying
individual activity type and activity group in youth. The combined sensor feature set was, on
average, 10.4% better for classifying individual activities than the accelerometer only (difference
in classification accuracy: 7.7%) and gyroscope only (13.2%) feature sets across all three
attachment sites and all four classifier types. Similarly, for the activity group classifiers, the
combined sensor feature set was on average 5.3% better than the accelerometer only (5.3%) and
gyroscope only (5.4%) feature sets across all three attachment sites and all four classifier types.
These findings indicate that for semi-structured free-living activities, using data from both the
GT9X primary accelerometer and gyroscope will result in universally higher classification
accuracy for both individual activity classes and activity groups regardless of attachment site
when compared to using either single sensor individually. This study contributes to the limited

sub-area of literature pertaining to youth PA assessment and is one of the first studies to

143



investigate using data from both accelerometer and gyroscope data from the GT9X for PA

classification in both youth and adults.
4.2 Performance Overview

The findings in the present study are in line with previous studies in adults.’" Ferrari et
al.* showed across three benchmark datasets, using adult data collected using smartphones, that
classification accuracy is, on average, 10% higher when machine learning and deep learning
models are developed using both accelerometer and gyroscope sensor features compared to using
either single sensor data individually. Wu et al.” showed using iPod Touch data collected in
adults, that machine learning classifiers developed using gyroscope and accelerometer data
together results in a 3.1% to 13.4% improvement in classification accuracy over classifiers using
only accelerometer data. The authors note that the magnitude of the difference in performance is
dependent on the activity being classified. Shoaib et al.® also showed that using both
accelerometer and gyroscope data together results in higher true positive rates for a variety of
machine learning classifiers compared to using either data from single sensor alone. This
establishes a pattern that using data from multiple inertial sensors at the same attachment site
generally results in improved characterization of PA across a variety of activities in both youth
and adults. This is the first study, to the knowledge of the authors, exploring using accelerometer
and gyroscope data together in youth. Additionally, of the existing studies in adults, many have
small sample sizes (N < 20) and include a limited number of activities (N < 6) that most often

include locomotion and gross body movements only.

Shoaib et al.> showed that the relative improvement in classification using data from both
accelerometer and gyroscope sensors together is largely dependent on the activity and in some

cases the difference is negligible from the individual sensor performance. Shoaib et al.® noted
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that when performance is high for a single sensor classifier, it becomes increasingly difficult to
further improve the classifier performance by adding additional data from a complementary
sensor. The results of the present study demonstrate this effect for the seated and lying activity
group. Both of the individual accelerometer only and gyroscope only feature sets are excellent
for the classification of this activity group (>92.0% classification accuracy) for all classifier
types across all three attachment sites. The combined sensor feature set does outperform the
individual sensor feature sets, but the improvement is marginal due to already high classification
accuracy with each individual sensor feature set. This story is slightly different when the
individual activities contained in the seated and lying activity group are examined independently.
For example, the percentage of correctly classified cases of book reading across all four
classifiers types ranged (min to max) from 4.0% to 44.0% for the accelerometer only feature set,
0.0% to 22.4% for the gyroscope only feature set and 8.1% to 53.8% for the combined sensor
feature set across all attachment sites. For computer work, the percentage of correctly classified
cases across all four classifier types ranged from 26.6% to 88.8% for the accelerometer only
feature set, 17.1% to 72.4% for the gyroscope only feature set, and 36.6% to 92.4% for the
combined sensor feature set across all attachment sites. For lying, the percentage of correctly
classified cases across all four classifiers types ranged from 43.6% to 98.8% for the
accelerometer only feature set, 52.4% to 94.9% for the gyroscope only attachment site, and
53.1% to 98.6% for the combined sensor feature set across all attachment sites. For reclining, the
percentage of correctly classified cases across all four classifiers types ranged from 0.0% to
47.6% for the accelerometer only feature set, 0.0% to 13.6% for the gyroscope only attachment

site, and 0.5% to 41.4% for the combined sensor feature set across all attachment sites.
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Conversely, when neither single sensor classifier performs particularly well but one is
better than the other, the resulting combined sensor classifier performance is improved. In the
present study for example, the accelerometer only feature set classified 36.4% of jumping jacks
cases correctly on average at the hip compared to 16.6% for the gyroscope only feature set.
However, the combined sensor feature set correctly classified 48.4% of cases on average, an
improvement over both single sensor models demonstrating that for some classes, the two single
sensor signals contain complementary information. This is true for cases where performance is
similar between the two single sensor classifiers as well. In the present study for example, the
accelerometer only and gyroscope only feature sets classified 48.5% and 45.6% of walking cases
correctly on average at the hip while the combined sensor feature set classified 61.9% of walking
cases correctly on average. In both examples, the overall combined sensor performance is
generally low. However, in the context of the purposes of the present study, the results indicate
that using both accelerometer and gyroscope sensor data together generally results in
performance improvements across a variety of activities and for both hip and wrist attachment

sites.

4.2.1 Differences between Feature Sets for Individual Activity Classes

The results of this study show that for the single sensor models, the accelerometer only
classifiers are better than the gyroscope only classifiers for some activities and vice versa. For
the individual activity classifiers, the gyroscope only feature set was universally better for the
classification of stationary cycling where on average, 25.7% more cycling data points were
correctly classified than the accelerometer only feature set across all three attachment sites.
Conversely, the accelerometer only feature set was universally better for the classification of

stair walking, where on average, 12.8% more stair walking data points were correctly classified
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than the gyroscope only feature set across all three attachment sites. Additionally, the
accelerometer only classifiers were notably better than the gyroscope only classifiers for book
reading (average difference in percentage of correctly classified data points: 12.9%), computer
(24.1%), jumping jacks (12.2%), reclining (13.8%), running (24.2%), and walking (15.0%)

across all attachment sites.

4.2.2 Effect of GT9X Attachment Site on Individual Sensor Contribution to Classification

It has been shown previously using data from smartphones collected in adults that the
contribution of each sensor type varies by attachment site.> This section highlights a few notable
instances in the present study further documenting the role attachment site plays on the
individual sensor contribution to classification performance. The 24.1% difference in correctly
classified computer work cases between the accelerometer only and gyroscope only classifiers is
largely driven by the hip where the accelerometer only model correctly classified 50.9% more
computer data points than the gyroscope only model. Similarly, the 12.2% difference in correctly
classified cases of jumping jacks is also driven by the large difference between the accelerometer
only and gyroscope only hip classifiers which were 22.4% different in the number of correctly
classified cases in favor of the accelerometer only classifier. Conversely, the large differences in
the number of correctly classified walking (15.0%) and running (24.2%) data points between the
accelerometer only and gyroscope only classifiers is driven by the wrists. For walking, the left
and right wrist accelerometer only models classified 17.1% and 21.9% more walking data points
correctly than the gyroscope only models, respectively. Similarly, for running, the left and right
wrist accelerometer only models classified 36.6% and 28.8% more running data points correctly
than the gyroscope only models. The differences between the accelerometer only and gyroscope

only hip classifiers was only 6.2% for walking and 7.3% for running. For the remaining activity
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classes, the trends in favor of one sensor feature set over another were minor (<5.0%) and
generally trended in the same direction with the exception of lying. For the hip classifiers, the
accelerometer only feature set was better than the gyroscope only feature set but for the wrists
the pattern was different where the gyroscope only feature set was better than the accelerometer
only feature set indicating the performance of a classifier using one data from one sensor versus
the other is specific to the activity being performed and the attachment site confirming the

findings of Shoaib and colleagues.?
4.3 Comparison to Previous Research

For the activity groups, the classification accuracies for the accelerometer only feature set
(average: 76.7%; range: 71.8-80.9%) were fairly comparable to the lower end of what has been
shown in other previous studies using only accelerometer sensor data.!*?2282° For example, Kerr
et al.?® achieved average classification accuracies between 84.0% and 93.0% across five or six
activity classes in different three adult populations. Ellis et al.?? achieved balanced accuracies of
88.1% and 83.6% for hip and wrist classifiers across four activity classes in middle-aged adult
women. Trost et al.?? achieved accuracies between 80.0 — 81.0% for the hip, 78.0% - 80.0% for
the wrist, and 82.0% - 85.0% for a combined hip and wrist model across five activity classes in
preschoolers. Chowdhury et al.'* developed a series of machine learning models using wrist data
and achieved F1 scores between 72.0% and 86.0% across eight activity classes in adults, 65.0%
and 80.0% across five activity classes in adults, and 76.0% and 86.0% across seven activity
classes in youth. The classifiers developed in the present study using the gyroscope only feature
set (average classification accuracy 76.6%; range: 72.3-80.0%) can also be considered
comparable to the results of previous studies using only accelerometer sensor data. Additionally,

classifiers developed in the present study using the combined sensor feature (82.0%; 77.7-
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85.1%) are quite comparable to the results of previous studies using only accelerometer sensor

data.

One reason for the possible lower performance of the accelerometer only feature set and
improved but similar performance of the combined sensor feature set is likely attributable to the
activities used for development in the present study. While true the number of activity groups
used in the present study is similar to the number of groups used in previous studies, the present
study had more variety in the individual activities contained in the collapsed activity groups
which is likely why performance is slightly lower but generally still comparable. For example,
most other studies have used 3-6 activity groups. The majority of the activities included in those
groups include gross body movements (e.g. locomotion, stair walking) and different postures
(e.g. sitting, standing, and lying) and less activities of daily living. Some studies, such as those
by Mannini et al.3**! have included more specific individual activities as was done in the present
study, but the activity groups these activities were collapsed into were broader than the groups
used in the present study (ambulation, cycling, other, and sedentary). Additionally, most
previous studies have adhered to using a protocol where each activity lasts for a given time
period and frequently starts and stops on the minute making for clean activity start and end
points. In the present study, participants were coached to start an activity when they were ready
and when they could begin to transition between activities and were provided a window in which
to do so. Collectively, the more natural end points for the activities included in the present study
and the more specific nature of the activity groups evaluated, contribute to the slightly lower

overall performance when compared to previous studies.

4.4 Left and Right Wrist Justification
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Presently, there is interest in using the wrist as attachment site as both the National
Health and Nutrition Examination Survey (NHANES) and U.K. Biobank, two national
population surveillance studies, have chosen to have participants wear devices on the wrist over
the hip. The NHANES?? procedures have participants wear the device on the non-dominant wrist
while the U.K. Biobank?**procedures have participants wear the device on the dominant wrist.
While the wrist has been labelled a preferential attachment site for some study protocols aiming
to increase wear compliance and monitor 24-hr behaviours, there is no consensus in the field
about which placement site is best and what the implications are for choosing dominant versus
non-dominant on individual estimates of PA. The present study chose to create classifiers using
the left and right wrist terminology, without regard to hand dominance as there were a low
number of left-hand dominant participants enrolled in the study. The prevalence of left-hand
dominant individuals in the dataset was 8% which is consistent with the prevalence in the

general population.’

Currently, the literature favors wearing the device on the non-dominant wrist so as to
avoid potential artefact and noise resulting from unilateral dominant limb movements, especially
in youth.*>>-*7 Conversely, if placed on the dominant wrist, more discrete movements may be
captured in free-living and potentially more discriminative information would be available for
those unilateral tasks. Some evidence exists to indicate that the impact of hand dominance on
device placement has minimal effect across the entire day where a variety of activity behaviours
take place.’®#! Some differences may exist between wrists for specific tasks, but the relative
contribution of those tasks to overall PA behaviour across the day is presently unknown.
Montoye et al.*? created wrist-agnostic machine learning classifiers to estimate EE and trained

models using data from one wrist and validated the models using data from the other wrist. In
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doing so, models developed using VM features achieved similar root mean squared errors during
cross-validation and out-of-sample validation, further indicating wrist placement may not be as

critical of an issue as it was once considered to be.*?

4.5 Model Recommendation

If one of the models developed in this study were to be recommended for future use or
revision, it would be the random forest models based on overall performance being among the
best for all feature sets coupled with manageable computational cost and efficiency.
Computational cost and efficiency were not empirically measured in this study, however,
anecdotally, the computation time was the most competitive outside of the decision trees which
ran the quickest. While the approach is intuitive, basic decision tree models are inherently
weaker classifiers compared to the other classifiers used in this study. This is evidenced by the
generally lower performance for the decision tree models across the board justifying not
continuing to use that particular classifier moving forward for these data. The lasso models
performed comparably to the random forest models in some instances and may be useful in
future investigations for determining feature relevance. The computational cost was somewhat
high in comparison to the random forest models but not unreasonable. It is possible that the lasso
models could be used as a pre-classification step to determine feature contribution for a
particular outcome before modeling with a different more advanced classifier. The neural
network models also performed comparably to the random forest models, but the increased
computational cost, the non-transparent black box classification approach, and the lack of
additional performance gains makes them less likely to be recommended over the random forest
models. Additionally, one consideration for future research would be to use a meta-ensemble

approach where classifications from several classifier types are pooled using a weighting or
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voting procedure to make the final classification. Custom ensemble approaches have been shown

to achieve higher performance compared to individual ensemble approaches.*!*
4.6 Strengths

The present study has a number of strengths including a large sample size of 99 youth.
This is considerably larger than most similar studies which typically have between 10-30
participants. Additionally, the study protocol included a large number of activities (n = 16) and
rather than only classifying activities groups, as is most common with other similar studies, this
study developed a series of models for both individual activities and activities grouped by
domain. Most previous studies have used gross movements such as locomotion (e.g. walking,
jogging, running, stair climbing) and postures (e.g. sitting, standing, lying) as the main class
labels so the inclusion of more inclusive group labels containing a wider variety of activities is
an improvement over many previous studies. The activities, while performed in a laboratory
environment were collected under more naturalistic semi-structured conditions designed to
simulate free-living behaviour. Participants were allowed to transition more autonomously
between activities as they would in free-living rather than have to start and stop abruptly as is
typical of structured laboratory activity protocols where participants are instructed to start and
stop on the minute or told exactly when to transition between activities. Additionally,
participants were allowed to choose the order in which they preferred to perform the available
activities making for more naturalistic engagement in activities and transitions between
activities. The volume of data available for this study is substantial. There was on average 2.2-
hrs of data per participant. Using data at the 1-s level resulted in a total of nearly 645,000
seconds of data, which is considerable for training and testing the chosen classifiers. This study

developed a series of machine learning models allowing for direct comparison of performance
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between model types for three different feature sets across three different attachment sites. The
novelty of the study goes back to the investigation of the gyroscope sensor data as an
independent classifier of PA compared to accelerometer sensor data as an independent classifier
of PA as has typically been done in other studies in this field as well as comparing the two single

sensor data approaches to a combined sensor data method to see which is better head-to-head.
4.7 Limitations

While this study does have a number of strengths, it is not without limitations. The
chosen window size of 1-s could also be a potential limitation when considering performance.
Classifying PA at the second-by-second level could lead to gross misclassification of certain
activities because of the short window length. Activities such as walking, and running are
typically able to be reasonably well classified due to the periodic and cyclical nature of a typical
gait pattern and the generally continuous nature of the activity. The periodicity of the activity
may not be adequately captured as the window length may be too short. Conversely, because of
the short window length broader activities that contain walking or running as part of the activity
behaviour, such as soccer or basketball, may result in misclassification. For example, those
sporting activities contain walking and running as part of the activity and at the second-by-
second level, a second of walking or running during basketball may be classified as walking or
running when the criterion label is actually the larger activity behaviour of basketball. In this
case, the second of data is technically correctly classified but misclassified by the model due to

the way the data are labelled. Banos et al.*}

show that 1 to 2-s window lengths may provide the
best tradeoff for both the speed of recognition and accuracy of the activity recognized which may

be critical for detecting periods of transition between activities. However, they do note that for

more complex activity behaviours, longer window lengths may be necessary.** This issue could
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potentially be overcome by purposefully segmenting the data before making a classification.*+*>

The features used in the present study are not all encompassing and used only as a starting point,
which could be considered a limitation. Little is known about what features are most valuable for
working with gyroscope data and choosing the “right” features for the task at hand may require
further evaluation in future studies as part of the optimization process. Lastly, while the results of
this study offer plenty of value to the field, one missing component that deserves
acknowledgement is the exclusion of transition periods from the development process. Including
transitions in future iterations of the development process should be considered as transitions
play an integral role in defining PA behaviours in free-living and may be valuable for

segmenting activities as a pre-classification step.
4.8 Next Steps and Practical Considerations

Further refinement of the approaches presented in this study should consider how to
incorporate unknown and transition data to make models more generalizable in free-living
application. While this study demonstrates that using accelerometer and gyroscope sensor data
together generally results in improved classification of PA, the magnitude of this improvement
needs to be documented in free-living as this is the critical need for the end-user. When
developing a predictive model to characterize PA it is common to use data from structured
laboratory or semi-structured simulated free-living activities to create criterion labels for training
the model.*¢ To evaluate these models, a within-sample cross-validation is typically performed to
determine how well the model performs under the same conditions and to gauge how well it
might generalize to new data.*® For within-sample cross-validations in youth, classification
accuracies have ranged between 76.8% and 91.7%%*'-5? using activity counts from a hip-worn

device. Using raw acceleration, classification accuracies have ranged from 81.3 to 91.0%!62%-33
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using a hip-worn device and 80.4% to 96.7%'4162%3! ysing a wrist-worn device. At first glance,

this level of accuracy seems acceptable, however, the true test comes when models are applied to
out-of-sample data, often either simulated free-living or unstructured free-living data. In general,
it is classifier performance decreases when applied to out-of-sample and free-living data.>3-> For

example, Mannini et al.’!

showed that for classifiers developed using structured activity data in
youth, a decrease in classification accuracy from 91.0% to 71.8% and 92.4% to 84.9% was seen
for hip and wrist classifiers, respectively, when the classifiers were applied to out-of-sample
data. Ahmadi et al.>* validated hip and wrist classifiers developed by Trost et al.?’ in a sample of
youth under laboratory conditions. Ahmadi et al.>* showed when using out-of-sample data,
performance decreased by 11-15% for the hip classifiers and 19-21% for the wrist classifiers
resulting in classification accuracies of 66.4-69.4% for the hip and 59.1-59.3% for the wrist.
Similar trends exist in adults.! This decrease in performance is largely due to the structured
laboratory environments where data used for classifier development are collected. The nuances
and intricacies of unstructured free-living PA behaviour are complex and challenging to model
using information from a single device containing a single sensor type.? One potential answer to

this issue is to use additional sensor data, such as gyroscope data, to complement the acceleration

data and more completely characterize PA.

Another aspect to consider when evaluating the performance of classifier when it is
translated to free-living application is how the model was originally cross-validated. For the
within-sample cross-validation process, either a holdout, k-fold, or leave-one-out cross-
validation (LOOCYV) is used to gauge generalizability and performance. For example, Dehghani
et al.>®> showed that the method of cross-validation chosen plays a critical role in the resulting

performance estimates. For example, using k-fold cross-validation with non-overlapping
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windows can artificially inflate performance results by more than 10% compared to LOOCV.
This difference is not always transparent and indicates careful consideration should be taken
when evaluating performance results for both within-sample cross-validations and independent

out-of-sample validation comparisons.

While the results of this study indicate that using both accelerometer and gyroscope
sensor data together improves the characterization of PA, the ability to do this in application is
currently limited. As mentioned by Hibbing et al.!® and LaMunion et al.>®, the current status of
the GT9X device battery life presents a key limitation to using the GT9X in free-living
application. Unpublished observations indicate that when the primary accelerometer and the full
IMU are engaged during initialization average battery life is approximately 24-hrs. This margin
increases to approximately 46-48-hrs if only the gyroscope sensor is enabled in the IMU.
Additionally, the volume of data the GT9X collects when the IMU is enabled creates
significantly more device data per day than using the accelerometer only which could be a
barrier to the end user and should be considered when planning to collect, store, and work with

the device data accordingly.!%->

4.9 Conclusion

In summary, the results of this study suggest that using accelerometer and gyroscope
sensor data together improves classification of individual activity classes and activity groups
compared to using either sensor alone. This is promising for improving the overall
characterization of PA using wearable sensor data. The next step is to see how well the models
developed in this study perform in an out-of-sample validation and free-living application to
quantify how using data from both sensors universally affects PA classification. It should be

noted that this study is a starting point intended to demonstrate the utility of the gyroscope sensor
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data both on its own and as a complement to the accelerometer sensor data typically used in this
field. The focus of this study was not to emphasize classifier optimization and maximize
performance, but those items should be addressed in subsequent studies to refine the process of

characterizing PA in youth using wearable device data.
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The data presented in this chapter are part of a larger study aiming to identify periods of
transition between bouts of activity in structured laboratory and unstructured free-living
activities. This chapter is focused on presenting the methods for collecting the unstructured free-

living activity data and includes only procedural information and how the dataset was assembled.
Section 1: Participants

Forty-two youth participants between the ages of 6 and 18 years old were recruited from
the Knoxville, TN, Aiken, SC, Augusta, GA, and Ames, IA areas by word of mouth and flyers
(Appendix G). Written informed consent (Appendix H) and a health history questionnaire
(Appendix E) were obtained from a parent or legal guardian of each participant prior to
enrollment. Each participant provided written informed assent (Appendix I) before study
participation was initiated. The recruitment strategy aimed to achieve an approximately even
distribution of biological sex across the age range in four target age groupings: 1) 6-9 years old,
2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old. Participants were excluded if any
contraindications to exercise were reported by the parent/legal guardian on the health history
questionnaire including: any musculo-skeletal injuries within the past six months that would
prevent safe participation in regular physical activity, any metabolic condition or prescription
medication that may affect metabolism, and any cardio-respiratory conditions, including asthma,
that may limit regular physical activity participation. All study methods and procedures were

approved by The University of Tennessee Knoxville Institutional Review Board.
Section 2: Procedures

The data presented in this study was collected as part of a larger study aiming to identify

transitions between activity bouts in a structured laboratory and an unstructured free-living
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environment. As part of the larger study protocol, participants were asked to complete 30

minutes of supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b? or

Cosmed K5 portable indirect calorimeter (Cosmed s.r.1., Rome, Italy). The primary focus of this

study is solely on physical activity classification and does not include an energy expenditure

component, however, the wearable device data from the 30 minutes of supine rest during RMR

was included as “lying” activity data for the subsequent analyses.

All research visits were conducted in the community, participant’s homes, local parks,

and approved facilities of community partners. Data was collected across two separate days,

once in the participant’s homes, and once in an after-school environment.
9

il

The first study visit included completion of the informed consent and assent
process and participant screening before final enrollment. Once enrolled,
participants had anthropometric measurements taken including: standing and
sitting height (cm) using a SECA 213 portable stadiometer and body mass (kg)
and body fat percentage measured using a Tanita BC-418 bioelectrical impedance
analyzer. Anthropometric measurements were taken with shoes and socks
removed. Following completion of the anthropometric measurements, the 30-min
RMR assessment was made before participants engaged in activities of their
choice.

For the second study visit, an “after-school program” environment was sought out
for each participant. The “after-school program” environment was loosely defined
as after-school programs and the activities participants engage in during the hours
after-school vary for each individual participant. In many cases, a typical after-

school program was not available as an option for participants. In this case, an
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effort was made to work with the participant in an environment outside of the
home to create two distinct environments. Due to some family scheduling
constraints and weather limitations, this was not always possible, and a second
home visit was required to serve as the proxy after-school program environment.
In the event of a second home visit being substituted as the after-school program
visit, participants were asked to engage in different activities than what they chose
during their home visit so as to create two distinct environments with different

activity behaviours.

For both study visits, participants were not given instructions on what activities to
perform so long as they met these three general criteria: 1) parental permission to engage in an
activity was received, 2) the activity did not involve getting wet or in water for the sake of
protecting the equipment, and 3) the activity did not place the participants or anyone else

immediately in harm’s way.

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right
wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest
along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn
devices were worn in manufacturer specific watch bands that the devices clipped into. The watch
bands were positioned proximal to the styloid processes with the devices oriented where the
LCD display could be read naturally by the participant like a watch screen would be. Participants
were directly observed for the duration of each study. Video recordings were made of each
participants activity behaviour that was later coded off-line using the Noldus Observer XT
software program (Noldus International Technology, Wageningen, Netherlands). Direct

observation was primarily focused on coding activity behaviours, periods of transition, posture.
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Section 3: Equipment

3.1 Wearable Device

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams),
water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable
display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary
triaxial accelerometer with a dynamic range of + 8§ gravitational units (g’s) and can be initialized
to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also
contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a
secondary triaxial accelerometer with a dynamic range of + 16 g’s, a triaxial gyroscope with a
dynamic range of = 2000 degrees per second, a magnetometer with a dynamic range of + 4800
micro-Tesla, and thermometer that measures the temperature inside the device housing. For the
present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer)

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.
3.2 Direct Observation

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software
program designed for direct observation. All research visits were video recorded using a Canon
Vixia HFR700 camcorder and later coded offline using the Noldus Observer XT Direct
Observation software program for Windows. If participants chose to opt out of being video
recorded, live coded observations were made using the Noldus Pocket Observer application
(version 3.2) for Android tablets on a Samsung Galaxy Tab 4 tablet (Samsung, Seoul, South

Korea).

170



A two-class focal sampling coding scheme was used to first code the activity behaviour
being performed and then the posture of the participant during the activity behaviour. A list of
commonly performed activities and behaviours was assembled and is available in Appendix B -
Table 160. In addition to the list of activity behaviours, labels were created for: 1) the start time
of the observation period and activity routine (“Start Time”), 2) transitions between activities
(“Transition”), 3) unknown activities to use when a participant performed an undefined activity
(“Unknown Activity”), and 4) an off-camera label to use when the participants were not in the
camera frame (“Off-Camera”). After an activity behaviour was coded, posture was coded as
lying, sitting, standing, stepping, squatting/kneeling, reclining, mixed posture, or unknown (used
only when the activity behaviour was “off-camera”). This two-class focal sampling coding
scheme allowed for non-overlapping activity labels to be assigned by selecting the appropriate
activity label button and subsequently the corresponding posture in the Noldus Observer XT
software program. This created a continuous record of activities with time stamps that indicated
the duration of activities marked by the beginning (e.g. when an activity was marked) and end of
an activity label (e.g. when a new activity or transition was marked). In the event live-coded
observations were collected using the Pocket Observer application and then later imported into
the Noldus Observer XT software program on a Windows computer. To align the direct
observation data with the ActiGraph GT9X data, a video of the Windows system clock used to
initialize the GT9X devices was taken at the start and end of each data collection period. This
allows for sufficient alignment of observation activity labels and GT9X monitor data during pre-
processing. When live-coding was necessary, the observation start time was recorded in the

Pocket Observer observation.
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Section 4: Dataset Assembly

There were 42 youth participants enrolled in Study 2 that had at least one day of data
available for analyses. Thirty-five participants had two days of data available at the time of
analysis, one participant did not complete a second study visit, and six participants did not have
their second visit coded and available at the time of analysis. All 42 participants with available
data were used for analysis, regardless of having one or two days of data. Criterion-labelled
activity data from the direct observation files were synchronized and merged with the second-by-
second GTI9X files so each second of monitor data had a corresponding behaviour label with the
primary activity behaviour as well as posture. This was done for each of the three attachment

sites, hip, left wrist, and right wrist making three unique datasets.

An overview of the analysis plan is shown in Appendix A - Figure 1. Information about

further data processing and statistical analyses are available in Chapter 6.
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Abstract

Purpose: The purpose of this study is three-fold: 1) to independently validate previously
developed machine learning models for classifying PA using out-of-sample unstructured PA
data, 2) to re-develop previously existing random forest models to incorporate transitions and
perform a within-sample cross-validation using structured laboratory activity data, and 3) to
perform an out-of-sample validation on the re-developed random forest models using
unstructured free-living activity data. Classifiers used three feature sets from the ActiGraph
GT9X (GT9X): 1) primary accelerometer data only, 2) gyroscope data only, and 3)
accelerometer + gyroscope data combined. Methods: A sample of 42 youth aged 6-18 years old
performed activities at their discretion on two separate visits, each approximately 2-hrs in
duration. Participants wore a GT9X on the right hip, left wrist and right wrist and were directly
observed for the duration of each visit to create timestamped criterion labels of the activities
performed. GT9X accelerometer (90 Hz) and gyroscope (100 Hz) data were reduced to 1-s
averages where 47 statistical features were calculated from the sensor signals. Decision trees,
lasso logistic regression, random forest, and neural network classifiers were validated for each
feature set and attachment site. Overall model classification accuracy for each participant was
aggregated to obtain a single estimate for each classifier for comparison. Results: The combined
sensor feature set (average classification accuracy: 77.5%; classification accuracy range: 74.2-
81.4%) outperformed the accelerometer only feature set (72.4%; 68.9-73.1%) by an average of
5.0% and the gyroscope only feature set (76.8%; 71.5-81.5%) by an average of 0.7% across all
attachment sites and classifier types. For the within-sample cross-validation of the redeveloped
random forest models including transitions, the combined sensor feature set (72.5-75.1%)

outperformed the accelerometer only (65.3-70.0%) and gyroscope only (64.7-65.6%) feature sets
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by an average of 6.1% and 8.4%, respectively. For the out-of-sample validation of the random
forest models including transitions, classification accuracy decreased for all three feature sets,
67.5% to 60.3% for the accelerometer only, 65.1% to 64.1% for the gyroscope only, and 73.6%
to 68.6% for the combined sensor feature sets, respectively. Conclusion: The results of this
study indicate that using GT9X primary accelerometer and gyroscope data together improves PA
classification of both semi-structured and free-living activity data compared to using only

accelerometer data.
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Section 1: Introduction

Accelerometer-based physical activity (PA) monitors are frequently used to assess free-
living PA in a variety of populations. The output from these devices is used to characterize
different components of PA behaviours including energy expenditure (EE), activity intensity,
and PA type. Historically, the output has been in the form of activity counts, a proprietary unit
specific to the device manufacturer. Recently, it has become more common to use raw
acceleration data instead of counts as there is greater flexibility when modeling the data as well
as improved compatibility and comparability between device brands and study outcomes'-2. Both
counts and raw acceleration have been used to characterize the aforementioned components of
PA behaviour. Regardless of the data format or statistical technique used to develop the model,
the classifiers are specific to: 1) the activities used, 2) the sample population, 3) the setting and
conditions in which the activities were performed, and 4) the brand of device used to collect the

data (for proprietary metrics such as ActiGraph counts).>*

The current convention for classifier development typically uses data from a battery of
structured laboratory activities or semi-structured simulated free-living activities.* The goal with
this development structure is to assemble a dataset and create a predictive model that achieves
high performance during training and within-sample cross-validation but also generalizes well to
new data when applied in free-living situations. Capturing the diversity and variability in human
movement can make this balance difficult to achieve due to the typically limited number of
activities, homogenous sample populations, and structured nature of the development protocols.’
In the field of PA assessment, it has been routine to report within-sample cross-validation
performance results while independent out-of-sample validations including unstructured free-

living data have been relatively infrequent. This is largely due to a couple of factors: 1) the time
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and cost associated with collecting the data, both a major limitation, and 2) a lack of
standardization between study protocols, including the device and device parameters used to
collect the data. In the limited data available, a distinct trend exists where classifier performance
decreases considerably when classifiers developed using structured or semi-structured
laboratory-based activities are validated using out-of-sample or unstructured free-living data.5!0

The magnitude of the decrease in performance varies but in some studies have been by greater

than 20.0%.°

Tong et al.!! recently questioned just how well classifiers could perform given the current
conventions of collecting movement data using accelerometer-based devices and using only
acceleration data for activity recognition. There are obvious limitations to using inertial sensor
data to model human movement, however, there are still possible avenues to improve overall
classifier performance, including model generalizability in free-living application. One such
possibility is to use additional sensor data, such as gyroscope data, in combination with
acceleration data. The rotational data captured by the gyroscope should complement the linear
movement captured by the accelerometer. Studies have shown previously that using
accelerometer and gyroscope data together improves the classification of PA compared to using
data from either sensor individually (unpublished data; Chapter 4).12-17 Shoaib et al.!® have
shown that the accelerometer is better for some activities and the gyroscope for others but this is
dependent on the attachment site of the sensor and the type of activity being performed. For
example, Ferrari et al.!? showed that classification accuracy is approximately 10.0% higher on
average when classifiers are developed using both accelerometer and gyroscope sensor features
compared to using data from either single sensor independently. These data were collected in

adults using smartphones with limited sample sizes and a small number of activities as is

177



common with most studies in this area to date. LaMunion et al. (Chapter 4) recently developed
several machine learning classifiers (decision tree, lasso logistic regression, random forest, and
neural networks) using ActiGraph GT9X (GT9X) 1) primary accelerometer data only, gyroscope
data only, and 3) primary accelerometer + gyroscope data together (combined sensor) to classify
PA type in youth. The results of the study indicated that for semi-structured simulated free-living
activities, a combined sensor approach achieves the highest performance regardless of the
classifier type and attachment site for classifying individual activities or activities grouped by
domain which supports the findings in previous adult studies using smartphone data.!>!" It is,
however, unknown if this trend in higher performance exists when translating the combined
sensor models from semi-structured laboratory-based activities to out-of-sample data and
unstructured free-living activities. Additionally, the originally developed LaMunion et al.
(Chapter 4) classifiers did not include an unknown or other category to categorize data from new
activity classes or from periods of transition. After surveying the landscape of the literature and
assessing the needs of the field of PA assessment, it was determined that future iterations of
classifier development should account for unseen data points not belonging to a pre-defined
activity class. The inclusion of an unknown/other/transition activity class should be included in
development to allow for complete assessment of out-of-sample data without excluding data

points.

Thus, the purpose of this study is three-fold: 1) to independently validate previously
developed machine learning models for classifying PA using out-of-sample unstructured free-
living youth activity data, 2) to re-develop previously existing random forest models to

incorporate transitions and perform a within-sample cross-validation using structured laboratory
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activity youth data, and 3) to perform an out-of-sample validation on the re-developed random

forest models using unstructured free-living youth activity data.

Section 2: Methods

2.1 Participants

A sample of 42 youth participants between the ages of 6 and 18 years old were recruited
from the Knoxville, TN, Aiken, SC, Augusta, GA, and Ames, IA area by word of mouth and
flyers. Written informed consent and a health history questionnaire were obtained from a parent
or legal guardian of each participant and written informed assent was provided by each
participant prior to enrollment in the study. The recruitment strategy aimed to achieve an
approximately even distribution of biological sex across the age range in four target age
groupings: 1) 6-9 years old, 2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old.
Participants were excluded if any contraindications to exercise were reported by the parent/legal
guardian on the health history questionnaire including: any musculo-skeletal injuries within the
past six months that would prevent safe participation in regular physical activity, any metabolic
condition or prescription medication that may affect metabolism, and any cardio-respiratory
conditions, including asthma, that may limit regular physical activity participation. All study
methods and procedures were approved by The University of Tennessee Knoxville Institutional

Review Board.

The data presented in this study was collected as part of a larger study aiming to identify
transitions between activity bouts in a structured laboratory and an unstructured free-living
environment. As part of the larger study protocol, participants were asked to complete 30

minutes of supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b? or
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Cosmed K5 portable indirect calorimeter (Cosmed s.r.1., Rome, Italy). The primary focus of this

study is solely on physical activity classification and does not include an energy expenditure

component, however, the wearable device data from the 30 minutes of supine rest during RMR

was included as “lying” activity data for the subsequent analyses.

2.2 Procedures

All research visits were conducted in the community, participant’s homes, local parks,

and approved facilities of community partners. Data was collected across two visits on two

separate days, once in the participant’s homes, and once in an after-school environment.

i.

il

Study Visit 1

The first study visit included completion of the informed consent and
assent process and participant screening before final enrollment. Once enrolled,
participants had anthropometric measurements taken including: standing and
sitting height (cm) using a SECA 213 portable stadiometer and body mass (kg)
and body fat percentage measured using a Tanita BC-418 bioelectrical impedance
analyzer. Anthropometric measurements were taken with shoes and socks
removed. Following completion of the anthropometric measurements, the 30-min
RMR assessment was made before participants engaged in activities of their
choice.
Study Visit 2

For the second study visit, an “after-school program” environment was
sought out for each participant. The “after-school program” environment was
loosely defined as after-school programs and the activities participants engage in

during the hours after-school can be vastly different for each individual
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participant. In many cases, a typical after-school program was not available as an
option for participants. In this case, an effort was made to work with the
participant in an environment outside of the home to create two distinct
environments. Due to some family scheduling constraints and weather limitations,
this was not always possible, and a second home visit was required to serve as the
proxy after-school program environment. In the event of a second home visit
being substituted as the after-school program visit, participants were asked to
engage in different activities than what they chose during their home visit so as to

create two distinct environments with different activity behaviours.

For both study visits, participants were not given instructions on what activities to
perform so long as they met these three general criteria: 1) parental permission to engage in an
activity was received, 2) the activity did not involve getting wet or in water for the sake of
protecting the equipment, and 3) the activity did not place the participants or anyone else

immediately in harm’s way.

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right
wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest
along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn
devices were worn in manufacturer specific watch bands that the devices clipped into. The watch
bands were positioned proximal to the styloid processes with the devices oriented where the
LCD display could be read naturally by the participant like a watch screen would be. Participants
were directly observed for the duration of each study. Video recordings were made of each
participants activity behaviour that was later coded off-line using the Noldus Observer XT

software program (Noldus International Technology, Wageningen, Netherlands). If participants
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chose to opt out of being video recorded, live coded observations were made using the Noldus
Pocket Observer application (version 3.2) for Android tablets. Direct observation was primarily

focused on coding activity behaviours, periods of transition, posture.

2.3 Data Acquisition

2.3.1 Wearable Device

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams),
water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable
display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary
triaxial accelerometer with a dynamic range of + 8§ gravitational units (g’s) and can be initialized
to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also
contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a
secondary triaxial accelerometer with a dynamic range of + 16 g’s, a triaxial gyroscope with a
dynamic range of = 2000 degrees per second, a magnetometer with a dynamic range of + 4800
micro-Tesla, and thermometer that measures the temperature inside the device housing. For the
present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer)

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.

2.3.2 Direct Observation

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software
program designed for direct observation. All research visits were video recorded using a Canon
Vixia HFR700 camcorder and later coded offline using the Noldus Observer XT Direct
Observation software program for Windows. If participants chose to opt out of being video

recorded, live coded observations were made using the Noldus Pocket Observer application
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(version 3.2) for Android tablets on a Samsung Galaxy Tab 4 tablet (Samsung, Seoul, South

Korea).

A two-class focal sampling coding scheme was used to first code the activity behaviour
being performed and then the posture of the participant during the activity behaviour. A list of
commonly performed activities and behaviours was assembled and is available in Appendix B —
Table 160. In addition to the list of activity behaviours, labels were created for: the start time of
the observation period and activity routine (“Start Time”), transitions between activities
(“Transition”), unknown activities to use when a participant performed an undefined activity
(“Unknown Activity”), and an off-camera label to use when the participants were not in the
camera frame (“Off-Camera”). After an activity behaviour was coded, posture was coded as
lying, sitting, standing, stepping, squatting/kneeling, reclining, mixed posture, or unknown (used
only when the activity behaviour was “unknown”). This two-class focal sampling coding scheme
allowed for non-overlapping activity labels to be assigned by selecting the appropriate activity
label button and subsequently the corresponding posture in the Noldus Observer XT software
program. This created a continuous record of activities with time stamps that indicated the
duration of activities marked by the beginning (e.g. when an activity was marked) and end of an
activity label (e.g. when a new activity or transition was marked). In the event live-coded
observations were collected using the Pocket Observer application and then later imported into
the Noldus Observer XT software program on a Windows computer. To align the direct
observation data with the ActiGraph GT9X data, a video of the Windows system clock used to
initialize the GT9X devices was taken at the start and end of each data collection period. This

allows for sufficient alignment of observation activity labels and GT9X monitor data during pre-
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processing. When live-coding was necessary, the observation start time was recorded in the

Pocket Observer observation.

2.4 Wearable Device Data

2.4.1 Data Pre-processing and Reduction

All data handling was conducted in R'® statistical software. An overview of the data

analysis plan is available in Appendix A — Figure 1. A vector magnitude was calculated from the

raw GT9X sensor data collected at 90 Hz for the primary accelerometer (VM =

\/ X acc?+ Y_acc? + Z_accz) and 100 Hz for the IMU gyroscope (GVM =

JX_gyro + Y_gyro? + Z_gyro?). Prior to calculation of GVM, the individual gyroscope
axes were low-pass filtered at 35 Hz using a second order Butterworth filter. The individual

sensor axes, VM, and GVM were then collapsed to 1-s averages.
2.4.2 Features

The following 47 time and frequency domain sensor features were engineered from the 1-
s individual axes and VM and GVM sensor data (25 accelerometer features, 22 gyroscope
features). All features were calculated in rolling 10-s windows for accelerometer and gyroscope
sensor data unless otherwise noted: 1) individual X-, Y-, and Z- axis inclination angles with
respect to the vertical axis (accelerometer only), 2) Minimum VM and GVM value, 3) Maximum
VM and GVM value, 4) Mean VM and GVM value, 5) Standard deviation of VM and GVM, 6)

Coefficient of variation (CV) of VM and GVM, 7) Variance of VM and GVM.
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Once all features were engineered, the 1-s windows of sensor data were aggregated with
labels from the direct observation files for each participant and each monitor attachment site

(hip, left wrist, and right wrist) so each 1-s window has a label for activity group and posture.

2.4.3 Feature Sets

For each attachment site dataset (hip, left wrist, and right wrist), three feature sets were
created as follows comprised of the engineered features outlined above: 1) Accelerometer sensor
features only (n = 9 features), 2) Gyroscope sensor features only (n = 6 features), and 3)
Accelerometer + Gyroscope sensor features combined (n = 15 sensor features). In addition to the
sensor features, continuous numerical age (y) and leg length (cm) were used from the
demographic dataset making 17 total available features. Most studies in adults indicate that
biological variables do not contribute much to the characterization of PA, however, this may be
different in youth. However, with the broad age range of the sample population in mind, the
decision was made to include leg length and age as features. There are notable differences in
how some activities may be performed based on participant age as motor coordination will vary
across a broad age range. Additionally, leg length was included to aid in predicting locomotion
since youth with different leg lengths will walk and run with different step frequencies

corresponding to their leg length so this could impact the classification of ambulatory activities.
2.5 Statistical Analysis

Statistical analyses were performed in R statistical software!8. The analyses are split by
outcome to correspond with the purposes as follows: Part I) perform an out-of-sample free-
living validation of the six-class machine learning classifiers previously developed by LaMunion
et al. (Chapter 4) using free-living data from 42 youth participants, Part II) re-develop the six-

class LaMunion et al. random forest classifiers to include a seventh activity group for transition
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data and conduct a within-sample cross-validation using semi-structured simulated free-living
data from 99 youth participants, and Part III) to perform an out-of-sample free-living validation
of the seven-class random forest classifiers developed in Part II using free-living data from 42

youth participants.
i Part I: Out-of-Sample Validation of LaMunion et al. Activity Group Models

LaMunion et al. (Chapter 4) previously developed four machine learning
classifiers (decision tree, lasso logistic regression, random forest, and neural
network) for classifying individual activities (n = 14) and activity groups (n = 6).
The activity group classifiers are more common in the field as they contain
individual activities but are categorized more broadly and are more generalizable
when applied to new free-living data. In the original LaMunion et al. (Chapter 4)
study, classification accuracy for the activity group classification task was far
superior to the classification accuracy for the individual activity classes (78.4%
versus 54.6%) across all classifier types, feature sets, and attachment sites. Thus,
for the purposes of the present study, only the original six-class activity group
classifiers will be evaluated using out-of-sample unstructured free-living data.
The six activity groups include the following classes: 1) household chores, 2)
seated and lying activities, 3) continuous walking and running, 4) sports, 5)
recreation and leisure-time activity, and 6) wheeled activities. The original
classifiers were developed using semi-structured simulated free-living activity
data from 99 youth participants. The purpose of Part 1 of the present study is to
validate the original classifiers using the out-of-sample free-living PA dataset

from 42 youth participants. Participants in the free-living dataset performed a total
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iii.

of 44 different PA behaviours which were collapsed into the original six activity
groups as outlined in Appendix B — Table 161. The “Transition”, “Unknown
Activity” and “Off-camera” labelled data points were excluded from this analysis.
Classification accuracy for classifying activity groups was calculated for each
individual participant visit and then aggregated to obtain an overall classification

accuracy for each model type, attachment site, and feature set.

Part II: Within-Sample and Cross-Validation of Random Forest Models with

Transitions

The LaMunion et al. six class random forest models from Chapter 4
originally excluded transition data points. The purpose of Part II of the analyses in
the present study was to re-develop the random forest classifiers to include a
seventh activity group as follows 1) household chores, 2) seated and lying
activities, 3) continuous walking and running, 4) sports, 5) recreation and leisure-
time activities, 6) wheeled activities, and 7) transitions. A breakdown of how the
data points were distributed between activity groups is outlined in Appendix B —
Table 2. An overall classification accuracy measure was reported for each model
type as a general indicator of which feature set results in the highest classification
accuracy for each attachment site. The following summary statistics and
individual class performance metrics were calculated for each attachment site, and
feature set: 1) sensitivity, 2) specificity, 3) prevalence, 4) positive predictive
value, 5) negative predictive value, 6) precision, 7) recall, 8) F1 Score, and 9)

balanced accuracy.

Part III: Free-living Validation of Random Forest Models with Transitions
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The re-developed seven-class random forest models from Part II were
validated using free-living PA data from 42 youth participants including
transitions. The 44-individual free-living PA behaviour labels were collapsed into
one of the following seven categories: 1) household chores, 2) seated and lying
activities, 3) continuous walking and running, 4) sports, 5) recreation and leisure
time activity, 6) wheeled activity, and 7) transition as outlined in Appendix B —
Table 161. All data points labelled as “transition” data points were collapsed into
the new “transition” category. Data points labelled as “unknown” and “off-
camera” were excluded from analyses due to now criterion label assigned to those
seconds of data. Classification accuracy was calculated for each individual
participant visit and then aggregated to obtain an overall classification accuracy

for each attachment site and feature set.

Sections 3: Results

Participant demographics are shown in Appendix B — Table 162.

3.1 Out-of-Sample Validation of LaMunion et al. (Chapter 4) Six-class Activity Group Models

3.1.1 Hip Results

Appendix A — Figure 44 shows that when the six class activity group models were

applied to the out-of-sample free-living dataset, the combined sensor models (76.6-81.4%)

outperformed the accelerometer only (68.9-73.5%) and gyroscope only (77.8-81.5%) models by

an average of 8.7% and 0.2%, respectively. The highest overall classifier was the gyroscope only

lasso model (81.5%) and the worst performing classifier was the accelerometer only decision tree

188



3.1.2 Left Wrist Results

Appendix A — Figure 4B shows that when the six class activity group models were
applied to the out-of-sample free-living dataset, the combined sensor models (74.5-79.1%)
outperformed the accelerometer only (69.4-76.9%) and gyroscope only (72.2-79.0%) models by
an average of 3.6% and 1.8%, respectively. The highest overall classifier was the combined
sensor random forest model (79.1%) and the worst performing classifier was the accelerometer

only decision tree (69.4%).

3.1.3 Right Wrist Results

Appendix A — Figure 4C shows that when the six class activity group models were
applied to the out-of-sample free-living dataset, the combined sensor models (76.6-81.4%)
outperformed the accelerometer only (68.9-73.5%) and gyroscope only (77.8-81.5%) models by
an average of 8.7% and 0.2%, respectively. The highest overall classifier was the combined
sensor lasso model (79.1%) and the worst performing classifier was the accelerometer only

decision tree (69.3%).
3.2 Within-Sample Cross-Validation of Random Forest Models with Transitions

3.2.1 Hip Results

Appendix A — Figure 54 shows the combined sensor feature set model (72.5%) achieved
higher overall classification accuracy than either model using the individual sensor feature sets
by 7.2% (accelerometer only) and 7.8% (gyroscope only). Models using the accelerometer only
(65.3%) and gyroscope only (64.7%) individual sensor feature sets achieved similar overall

classification and differed by 0.6% in favor of the accelerometer only feature set models.
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Appendix B - Table 163 summarizes the percentage of cases correctly classified for each
feature set and model type by activity group. The combined sensor model had consistently the
highest number of correctly classified cases. Across all seven activity classes, the combined
sensor model correctly classified 12.3% and 11.9% more cases on average than the
accelerometer only and gyroscope only models, respectively. Across all three feature sets
classification of seated and lying activity was excellent with the combined sensor model
classifying the most cases correctly (95.4%) followed by the gyroscope only model (93.3%) and
accelerometer only model (92.4%). The gyroscope only model (32.3%) classified the wheels
activity class better than the accelerometer only model (10.3%). Conversely, the accelerometer
only model (48.1%) classified recreation and leisure-time activity better than the gyroscope only
model (22.2%). For all other activity classes (continuous walking and running, household chores,
sports, and transitions), accelerometer only and gyroscope only model performance was within

8.2% of one another.

Appendix B — Table 164 shows performance metrics for each feature set. For all eight
performance metrics (sensitivity, specificity, positive and negative predictive value, precision,
recall, F1, and balanced accuracy), the combined sensor model outperformed the single sensor
models. Precision was on average 13.3% higher for the combined sensor model (65.0%)
compared to the accelerometer only (51.4%) and gyroscope only models (51.9%). Recall was on
average 12.1% higher for the combined sensor model (60.9%) compared to the accelerometer
only (48.6%) and gyroscope only models (49.0%). Similarly, since F1 is the harmonic mean of
precision and recall, the same trend exists for F1 where the combined sensor model (62.4%) was
on average 12.8% higher compared to the accelerometer only (49.3%) and gyroscope only

models (50.0%).
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For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 87.1% to 91.5% across all four classifier types with standard deviations ranging
from 0.0004 to 0.0011. For the hip activity group classifiers including transitions, the difference
in classifier training accuracies between feature sets was greater than the maximum classifier
training accuracy standard deviations indicating that the training classification accuracies were

statistically different.

3.2.2 Left Wrist Results

Appendix A — Figure 54 shows the combined sensor feature set model (73.2%) achieved
higher overall classification accuracy than either model using the individual sensor feature sets
by 5.8% (accelerometer only) and 8.0% (gyroscope only). Models using the accelerometer only
(67.3%) and gyroscope only (65.2%) individual sensor feature sets achieved similar overall

classification and differed by 2.1% in favor of the accelerometer only feature set models.

Appendix B - Table 165 summarizes the percentage of cases correctly classified for each
feature set and model type by activity group. The combined sensor model had consistently the
highest number of correctly classified cases, with the exception of the sports activity class, where
the accelerometer only model was superior (72.1% versus 72.0%), but only marginally so.
Across all seven activity classes, the combined sensor model correctly classified 11.7% and
12.3% more cases on average than the accelerometer only and gyroscope only models,
respectively. Across all three feature sets classification of seated and lying activity was excellent
with the combined sensor model classifying the most cases correctly (94.4%) followed by the
accelerometer only model (91.7%) and gyroscope only model (91.6%). The gyroscope only
model (47.5%) classified the wheels activity class better than the accelerometer only model

(15.6%). Conversely, the accelerometer only model (72.1%) classified recreation and leisure-
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time activity better than the gyroscope only model (56.5%). For all other activity classes
(continuous walking and running, household chores, and transitions), accelerometer only and

gyroscope only model performance was within 7.7% of one another.

Appendix B — Table 166 shows performance metrics for each feature set. For all eight
performance metrics (sensitivity, specificity, positive and negative predictive value, precision,
recall, F1, and balanced accuracy), the combined sensor model outperformed the single sensor
models. Precision was on average 11.1% higher for the combined sensor model (68.0%)
compared to the accelerometer only (58.3%) and gyroscope only models (55.6%). Recall was on
average 12.0% higher for the combined sensor model (63.2%) compared to the accelerometer
only (51.4%) and gyroscope only models (50.9%). Similarly, the same trend exists for F1 where
the combined sensor model (64.9%) was on average 12.4% higher compared to the

accelerometer only (52.7%) and gyroscope only models (52.4%).

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 86.4% to 89.2% across all four classifier types with standard deviations ranging
from 0.0001 to 0.0010. For the left wrist activity group classifiers including transitions, the
difference in classifier training accuracies between feature sets was greater than the maximum
classifier training accuracy standard deviations indicating that the training classification

accuracies were statistically different.

3.2.3 Right Wrist Results

Appendix A — Figure 54 shows the combined sensor feature set model (75.1%) achieved
higher overall classification accuracy than either model using the individual sensor feature sets

by 5.1% (accelerometer only) and 9.5% (gyroscope only). Models using the accelerometer only
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(70.0%) and gyroscope only (65.6%) individual sensor feature sets achieved similar overall

classification and differed by 4.4% in favor of the accelerometer only feature set models.

Appendix B - Table 167 summarizes the percentage of cases correctly classified for each
feature set and model type by activity group. The combined sensor model had consistently the
highest number of correctly classified cases. Across all seven activity classes, the combined
sensor model correctly classified 10.0% and 13.0% more cases on average than the
accelerometer only and gyroscope only models, respectively. Across all three feature sets
classification of seated and lying activity was excellent with the combined sensor model
classifying the most cases correctly (95.2%) followed by the accelerometer only model (92.9%)
and gyroscope only model (91.3%). The gyroscope only model (52.1%) classified the wheels
activity class better than the accelerometer only model (27.7%). Conversely, the accelerometer
only model (37.0%) classified recreation and leisure-time activity better than the gyroscope only
model (24.6%). For all other activity classes (continuous walking and running, household chores,
and transitions), accelerometer only and gyroscope only model performance was within 10.0% of

one another.

Appendix B — Table 168 shows performance metrics for each feature set. For all eight
performance metrics (sensitivity, specificity, positive and negative predictive value, precision,
recall, F1, and balanced accuracy), the combined sensor model outperformed the single sensor
models. Precision was on average 11.3% higher for the combined sensor model (69.3%)
compared to the accelerometer only (60.6%) and gyroscope only models (55.6%). Recall was on
average 12.0% higher for the combined sensor model (63.2%) compared to the accelerometer

only (51.4%) and gyroscope only models (50.9%). Similarly, the same trend exists for F1 where
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the combined sensor model (64.9%) was on average 12.4% higher compared to the

accelerometer only (52.7%) and gyroscope only models (52.4%).

For training classification accuracy using k-fold cross-validation, classifier accuracies
ranged from 86.1% to 89.1% across all four classifier types with standard deviations ranging
from 0.0006 to 0.0015. For the right wrist activity group classifiers including transitions, the
difference in classifier training accuracies between feature sets was greater than the maximum
classifier training accuracy standard deviations indicating that the training classification

accuracies were statistically different.

For additional detail about the individual model confusion matrices and model
performance summaries, please see Appendix B — Tables 169-174 for hip, Appendix B — Tables

175-180 for left wrist, and Appendix B — Tables 181-186 for right wrist results.
3.3 Out-of-Sample Validation of Random Forest Models with Transitions

Appendix A- Figure 5B shows that overall, the best classification accuracy was achieved
using the combined sensor left wrist classifier. Across all three attachment sites, the
accelerometer only models averaged 60.3%. In contrast, the gyroscope only and combine sensor
models averaged 64.1% and 68.6% classification accuracy across all three attachment sites,
respectively. For the hip, the gyroscope only feature set (68.6%) outperformed the accelerometer
only feature set (57.1%) and combined sensor feature set (68.4%) by 11.5% and 0.2%,
respectively. For the left wrist, the combined sensor feature set (70.2%) outperformed the
accelerometer only feature set (62.1%) and gyroscope only feature set (62.6%) by 8.1% and
7.6%, respectively. For the right wrist, the combined sensor feature set (67.2%) outperformed the
accelerometer only feature set (61.7%) and gyroscope only feature set (60.9%) by 5.5% and

6.3%, respectively.
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Section 4: Discussion

4.1 Summary

The results of this study indicate that classification accuracy is generally maintained for
models developed using gyroscope sensor data across all attachment sites. Conversely, the
accelerometer only models see a decrease in classification accuracy across all attachment sites
and classifier types in out-of-sample conditions. This is consistent with the literature in youth
and adults for predictive models developed using only accelerometer sensor data.®!* The
combined sensor feature set follows the same trend as the accelerometer only models, however,
the combined sensor feature sets were superior to either single sensor feature set in free-living

conditions.
4.2 Performance Overview

4.2.1 Within-Sample Validation versus Out-of-Sample Validation Performance Differences for

the LaMunion et al. (Chapter 4 — Study 1) Six-Class Models

A major point of interest in this study is how the gyroscope and combined sensor
classifiers developed using semi-structured simulated free-living data perform when applied to
out-of-sample unstructured free-living data. LaMunion et al. (Chapter 4) found in a previous
study that within-sample cross-validation performance using only accelerometer sensor data,
classification accuracies ranged from 71.8% to 80.9% were achieved for hip, left wrist, and right
wrist classifiers, respectively, across six activity classes. Similarly, classification accuracies
ranged from 72.3% to 80.0% using only gyroscope sensor data and 77.7% to 85.1% for
accelerometer and gyroscope data combined. When these classifiers were applied to out-of-

sample unstructured free-living data in the present study classification accuracies ranged from
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68.9% to 76.9% for the accelerometer only feature set, 71.5.9% to 81.5% for the gyroscope only
feature set, and 74.2% to 81.4% for the combined sensor feature set. This resulted no change for
the gyroscope only feature set and decreases in average classification accuracy of 4.0% for the
accelerometer only feature set (76.7% to 72.7%) and 4.0% for the combined sensor feature set
(82.0% to 78.0%) across all three attachment sites. This decrease in performance for the
accelerometer only feature set is in line with what other studies have shown. This is generally
consistent with the limited literature in this area. For example, Trost et al.!” originally developed
five class hip and wrist classifiers using youth data from structured activities. Ahmadi et al.
recently performed an out-of-sample validation of the original Trost et al.!® classifiers and
showed that performance decreased by 11-15% for the hip classifiers and 19-21% for the wrist
classifiers resulting in final classification accuracies of 66.4-69.4% for the hip and 59.1-59.3%
for the wrist. Similarly, Mannini et al.” showed that for classifiers developed using structured
activity data in youth, a decrease in classification accuracy from 91.0% to 71.8% (difference of
19.2%) and 92.4% to 84.9% (difference of 7.5%) was seen for hip and wrist classifiers,

respectively, when the classifiers were tested on out-of-sample data.

The maintenance in performance for the gyroscope only feature set is favorable as there
was very little change in performance when averaging across all four classifier types and
attachment sites and in some cases the classifier performance improved from within-sample to
out-of-sample for the gyroscope only feature set. The performance decrease observed for the
combined sensor feature set is being driven by the accelerometer sensor data. However, it should
be noted that while a 4.0% decrease in average classification accuracy was observed for the
acceleration only and combined sensor feature sets, the final out-of-sample classification

accuracies for the combined sensor feature set were on average 1.4% higher than the gyroscope
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only feature set indicating that a combined sensor approach is best in both within-sample and
out-of-sample situations. One potential avenue to overcome this issue with the accelerometer is

to use a different development strategy. For example, Ermes et al.?°

suggest that using a mix of
structured, semi-structured, and unstructured data for classifier development may improve
classifier generalizability. This may be especially beneficial for the accelerometer only approach
as performance is comparable to or better than the gyroscope only approach in within-sample
cross-validations using structured or semi-structured data. The deterioration in classifier

performance only occurs when the classifiers are applied to out-of-sample data and unstructured

free-living data.

4.2.2 Within-Sample Validation versus Out-of-Sample Validation Performance Differences for

the Seven-Class Random Forest Models including Transitions

Another key component of this study was the re-development of the six-class random
forest models to include a seventh class to incorporate transitions and unknown data points. This
allows for a true free-living validation of the classifier where no data are cleaned from the
activity periods that were observed which is not commonly done due to the difficulty (cost and
time) to obtain criterion activity labels in free-living. The within-sample cross-validation
performance for the re-developed random forest classifiers ranged from 65.3% to 70.0% for the
accelerometer only feature set, 64.7% to 65.6% for the gyroscope only feature set, and 72.5% to
75.1% for the combined sensor feature set. In contrast, the out-of-sample validation performance
for the re-developed random forest classifiers ranged from 57.1% to 62.1% for the accelerometer
only feature set, 60.9% to 68.6% for the gyroscope only feature set, and 67.2% to 70.2% for the

combined sensor feature set. Classification accuracy decreased on average, 7.2% for the
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accelerometer only feature set, 1.1% for the gyroscope only feature set, and 4.9% for the

combined sensor feature set.

The impact of including transitions in the development and validation process drove
down classifier performance across all attachment sites and feature sets (see Appendix A - Figure
6). This is not unsurprising given how ambiguous the transition class is. On average, across all
attachment sites and feature sets, classification accuracy decreased by 4.4% when transitions
were added as a seventh activity group for the random forest classifiers. To better understand the
implications and impact of adding the transition class a side-by-side comparison of the six-class
random forest results and the seven-class random forest results is necessary. For the original six
activity groups, chores, continuous walking and running, recreation and leisure-time activities,
seated and lying activities, sports, and wheeled activities, the number of correctly classified cases
decreased in each activity group across all attachment sites when transitions were added as a
seventh group. The magnitude of decrease was relatively small (< 10.0%) for all groups except
household chores where the number of correctly classified cases decreased on average 29.9%
across all attachment sites when the transition group was added. This indicates that cases from
each group are being misclassified as transitions, but the household chores group may be the
most susceptible to this misclassification as indicated by the sharp decrease in number of cases

correctly classified.
4.3 Contribution and Recommendation

While true that the gyroscope only models minimize performance loss when translating
from laboratory-based activity to free-living activity, it may not be feasible long term to
recommend use of gyroscope only models. Several previous studies have shown that using

accelerometer and gyroscope data together generally results in an improvement in predictive
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performance compared to using data from either single sensor on its own and the results of this
study indicate that superior performance can be achieved in both within-sample and out-of-
sample conditions using data from both sensors as opposed to using data from either single
sensor individually.!>!” The field of PA assessment has been using accelerometer sensor data to
model PA for more than two decades and while it has its limitations, accelerometer sensor data

should not be left out of classifier development and optimization moving forward.

While this study does improve the general knowledge base about PA classification in
youth, one larger point of interest for overall PA characterization is about better capturing the
individual variability in PA behaviours. One reason classifier error is high at the individual level
is there are a multitude of factors that contribute to an individual’s PA behaviour making it
difficult to use a single general classifier to robustly characterize individual PA behaviours using
information from a single sensor type at a single attachment site. As previously mentioned, one
potential way to improve both the overall model performance while simultaneously minimizing
performance loss and improving generalizability in application is to use a mixed set of data for

development. Ermes et al.?°

recommends using a mix of structured laboratory activities and free-
living activities to develop more generalizable classifiers. When using both structured and
unstructured data for training and cross-validation, a classification accuracy of 89.0% was
achieved. When using only structured data for training and cross-validation a classification
accuracy of 90.0% was achieved. These results indicate that it is feasible to use both structured
and unstructured data to develop a classifier that performs similarly in cross-validation but

should generalize to new data better since more diverse activities and information are modeled

during development with the inclusion of the unstructured data.
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Another possible avenue to maintain the general course of classifier development using
inertial sensor data is to add a personalization component.?! Currently, model performance from
within-sample cross-validation is reasonably high at the group level as suggested by Mannini et
al.?2 who developed a support vector machine classifier achieved average classification
accuracies ranging from 91.0% (wrist) and 92.4% (ankle) in youth” and 87.0% (wrist) and 94.8%
(ankle) in adults?? across four activity classes (ambulation, cycling, sedentary, and other) in a
within-sample cross-validation. Mannini and Intille?! have since shown in a separate study that
the SVM classifiers developed under structured laboratory conditions ranged in performance
from 80.8% to 96.5% in youth and 70.7% to 95.0% in adults across the four activity classes
indicating a large amount of individual variability.?! In order to improve the overall classification
of PA at both the individual and group levels, Mannini and Intille?! have suggested personalizing
classifiers. This interest and motivation comes from more specific classification tasks such as
identifying handwriting, speech, and gesture-based movements that have very individualized
components. The idea is to take a previously developed generalizable classifier and adapt it using
individual data points to improve performance across the board.?! The method proposed by
Mannini and Intille?! uses a classification uncertainty parameter to determine where individual
data may need to be supplied to make a classification and adapt the algorithm. When the
uncertainty parameter exceeds the established threshold criteria, the algorithm requests
information about the criterion activity label be supplied for that individual during that window
of time and then subsequently updates the model adapting it using the new information.?! It is
possible that a blending of the two methods discussed here may result in the greatest
improvements for PA characterization.?! This method improved overall within-sample cross-

validation accuracy 11.0% on average and improved individual classification ranging from -
y g p ging
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2.0% to 36.0%.2! If a generalizable classifier is developed using a mix of structured and
unstructured activity data like Ermes et al.?’ suggests and then the classifier is adapted using
personalization as Mannini and Intille?! suggest, it may be possible to improve both the group
and individual level performance of classifiers being developed. It is presently unknown how the
contribution of using accelerometer and gyroscope data together may impact these two
endeavors but it should be explored in future studies as the results of the present study suggest
using both sensor signals together may improve the overall characterization of PA and should

contribute to improved success of these other strategies.
4.4 Strengths

This study has a number of strengths including a large sample size, a large and diverse set
of activities, and a large volume of data. There were 99 participants available for the within-
sample cross-validation and 42 participants available for the out-of-sample cross validation,
which is considerable. The availability of semi-structured and unstructured free-living PA data
allow for a true free-living out-of-sample validation of developed models. This is a highly
valuable component to this study as there are very few out-of-sample validations available in the
literature, especially in youth. The volume of criterion labelled activity data collected per
participant, approximately 3 hours of semi-structured and approximately 4 hours of unstructured
free-living data is a notable strength of the study as both the number of participants and the
duration of observation both exceed what is typically done in other studies. The inclusion of
transitions adds to the value of this study as little is currently known about transition periods but
they are a critical component to free-living assessment. This study provides a starting point for
beginning to be able to more completely assess youth free-living PA behaviour. Additionally,

this is the first study in youth to investigate the head-to-head within- and out-of-sample
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performance of classifiers developed using accelerometer sensor data only, gyroscope sensor
data only, and data from both sensors combined from the ActiGraph GT9X. Lastly, several
machine learning model types were evaluated using the aforementioned sensor data feature sets
data for multiple attachment sites which provides useful information about modeling similar data

in future studies.

4.5 Limitations

While this study does add considerably to the current state of the literature, there are
several limitations. The statistical features used in this study could be considered a limitation.
The features used have been used previously but in studies focused on using accelerometer
sensor data. There is currently little information available in the literature about which features
are best for gyroscope sensor data. Future studies should consider additional or different features
as part of optimizing the characterization of PA using accelerometer and gyroscope sensor data.
It is possible different feature sets could yield performance gains. While working with 1-s data
points provides a large dataset, classifying each 1-s data point independently may be a limitation
to model performance in this study. At the 1-s level, movements that are characteristic of a
specific activity such as locomotion, may be contained in a broader PA behaviour context. An
example of this would be periods of walking or running while playing soccer or basketball.
There are often times where participants can be engaged in one of these sporting activities and
time off the ball is frequently spent either walking, jogging, or running. In the case of the
developed classifiers, the 1-s of walking or running in the sporting activities could be
misclassified as walking or running. Technically, the classifier is correct but based on context,

the data are misclassified.
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4.6 Next Steps and Practical Considerations

The results of this study should help to inform next steps for modeling wearable device
data in both youth and adults. It seems there is now sufficient evidence to support using
accelerometer and gyroscope together for characterizing PA in both populations. However, there
are current limitations specific to the deployment of the GT9X in free-living application. Hibbing

1.2 and LaMunion et al.?* have noted through informal testing and unpublished data that the

eta
GT9X cannot collect more than 48-hrs of data when the primary accelerometer and IMU
gyroscope are enabled. This window grows smaller (~24-hrs) if the full IMU is enabled at
initialization. Using both sensors results in additional data accumulation of approximately ~1 GB
per 24-hrs of data collection when the full IMU is engaged. This issue should be improved or
resolved in the future but presently, it is a limitation to deploying the GT9X devices for multiple

days of free-living assessment without requiring charging and subsequently data loss if the goal

is to capture continuous 24-hr behaviour.

Future studies should consider evaluating different feature sets as a starting point for
improving classifier performance. Additionally, future studies should consider, when possible,
using a mix of structured, semi-structured, and unstructured data for model development to
improve model generalizability. The field needs more generalizable models for using at the
population level but also needs to improve the individual precision of the classifiers being
developed as a more individualized approach to health and wellness emerges in healthcare for
diagnostic and clinical purposes. Both aspects of PA characterization should remain targets for

future studies
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4.7 Conclusion

In summary, this study demonstrates that loss in PA classification accuracy can be
minimized when translating from structured laboratory or semi-structured simulated free-living
activities to unstructured free-living activity by using data from both the accelerometer and

gyroscope sensor together.

Disclosure

This study was supported by the National Institutes of Health grant (RO1HD083431). No
financial support was received from any of the activity monitor manufacturers, importers, or

retailers. The authors have no conflicts of interest to report.
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Figure 1. Project overview flow chart.
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[ Enrollment ] Enrolled in the Study (n = 100)

[ Pa rticipan L ] | 3| Declined to participate (n = 1 participant, both visits)
Participants with at least
one day of data available l
for randomization (n =
99)
Participants with two days of data (n = 88)
[ Data Loss ] Participants with only one day of data (n=11)

- Withdrew after first visit (only one day of data: n=8
participants)

- Lost GT9X data due to download error (n = 1 participant,
1 visit, all three attachment sites)

- Lost due to device initialization error (n = 2 participants,
1 visit, left wrist data only)

[ Allocation & Analysis ]

Allocated to training dataset (n = 74) Allocated to testing dataset (n = 25)

Figure 2. Study 1 participant enrollment, description of data loss, and participant allocation for
analyses.
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Figure 3. Overall classification accuracy results from 1) decision tree (RPART), 2) logistic
regression (LASSO), 3) random forest (RF), and 4) neural network (NNET) models for hip A)
individual activity classes, and B) activity groups, left wrist C) individual activity classes, and D)
activity groups, and right wrist E) individual activity classes, and F) activity groups.
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Figure 4. Out-of-sample validation model classification accuracy of LaMunion et al. (Chapter 4)
six-class activity group classifiers 1) decision tree (RPART), 2) logistic regression (LASSO), 3)
random forest (RF), and 4) neural network (NNET) models for A) hip, B) left wrist, C) right wrist
data.
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Figure 5. Overall classification accuracy results for seven-class random forest classifiers
including transitions for a A) within-sample cross-validation using semi-structured simulated
free-living activity data and B) out-of-sample validation using unstructured free-living data.
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Figure 6. Overall classification accuracy results from within-sample cross-validation and out-
of-sample validation of random forest models developed to classify six activity classes excluding
transitions and seven activity classes including transitions using A) hip, B) left wrist, and C)
right wrist data.
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Table 1. Individual activity class labels, activity group labels, with the original activity labels and operational definitions.

Activity Group Labels (n = 6)

Individual Activity Class
Labels (n = 14)

Activity (n = 16)

Operational Definition of Activity

Lying Lying Lying supine with arms by the side in a quiet room with no stimuli
c ter Gami Sitting at a tabletop or desk playing a self-selected computer game
Computer omputer Laming (e.g. Tetris, Slither.io, etc.)
ul
Seated/Lying Activity (SLA) P Intenet B . Sitting at a tabletop or desk using the internet to browse websites
emet Browsing and perform computer-based tasks (e.g. e-mail, reading, typing, etc.)
Reclining Reclining Sitting in an office chair in a reclined posture
Book Reading (Book) Book Reading Reading a physical book
Dusting Dusting ZVlt;:lmg down a tabletop or desk surface with a paper towel and spray
ottle
Chores . . Sweeping paper shreds with a broom and dustpan from a hallway
Sweeping Sweeping floor
Slow Overground Walking at a self-selected slow and leisurely pace around the
Walking perimeter of a basketball or tennis court
Overground Walking (Walk) Brisk Ov nd Walking at a self-selected brisk pace around the perimeter of a
ergrou . . . .
Continuous Walking and Running (CWR) Walking ?asketbe;ltlh f)r tennis court as if they were in a hurry or running late
or something
Running at a self-selected pace that could be maintained for
Overground Running (Run)  Overground Running approximately 5 minutes around the perimeter of a basketball or
tennis court
Passing a football back and forth with a partner at a self-selected
Catch Catch comfortable distance
Simulated soccer drills (e.g. one-vs-one gameplay, dribbling,
Sport
ports Soccet Soccer passing, shooting, defending, etc.)
Simulated basketball drills (e.g. one-vs-one gameplay, dribbling,
Basketball Basketball passing, shooting, defending, etc.)
Ridi tati 1 eter at a self-selected resist:
Wheels Stationary Cycling Stationary Cycling 1TINE A stanonaty eycle crgometet & 8 setse fesistance

(minimum 25 Watts) and cadence (RPM)

Recreation and Leisure Time Activity
(Rec_LTA)

Stair Walking

Stair Walking

Ascending and descending a staircase at a self-selected pace

Jumping Jacks

Jumping Jacks

Continuous self-paced jumping jacks
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Table 2. Study 1 dataset breakdown by number of data points in each individual activity class and activity group.

Individual Activity Classes Sweep | Dust | Lying [Reclining| Book [ Computer| Walk | Run |Basketball | Soccer | Catch | Cycling | Stairs | JJ [Transition| Total

Training 23,542122,630|146,462| 22,107 |24,105| 48,492 |46,731|18,894| 19,425 |22,180|21,421| 23,717 [23,418|21,441| 106,276 |590,841
Activity Groups Chores SLA CWR Sports Wheels| Rec LTA |Transition| Total

Hip 46,172 241,166 65,625 63,026 23,717 44,859 106,276 590,841
Individual Activity Classes Sweep | Dust | Lying [Reclining| Book [Computer| Walk | Run |Basketball|Soccer | Catch | Cycling | Stairs | JJ [Transition| Total

Testing 7,570 | 7,670 | 50,584 | 7,941 | 7,336 | 15,625 |14,340| 6,158 5,891 7,308 | 7,316 | 8,017 | 7,826 | 6,624 | 38,866 [199,072
Activity Groups Chores SLA CWR Sports Wheels| Rec LTA |Transition| Total

15,240 81,486 20,498 20,515 8,017 14,450 38,866 199,072

Individual Activity Classes Sweep | Dust | Lying [Reclining| Book [Computer| Walk | Run |Basketball | Soccer | Catch | Cycling | Stairs | JJ [Transition| Total

Training 23,207)22,315]|146,096| 21,449 |24,105| 47,749 ]46,123]18,600| 18,671 |22,180(21,094( 23,337 |[23,089|21,135| 104,719 |583,869
Activity Groups Chores SLA CWR Sports Wheels| Rec LTA |Transition| Total

LW 45,522 239,399 64,723 61,945 23,337 44,224 104,719 |583,869
Individual Activity Classes Sweep | Dust | Lying [Reclining| Book [Computer| Walk | Run |Basketball|Soccer | Catch | Cycling | Stairs | JJ [Transition| Total

Testing 7,570 | 7,670 | 50,584 | 7,941 | 7,336 | 15,625 |14,340] 6,158 5,891 7,308 | 7,316 | 8,017 | 7,826 | 6,624 | 38,868 [199,074
Activity Groups Chores SLA CWR Sports Wheels| Rec LTA |Transition| Total

15,240 81,486 20,498 20,515 8,017 14,450 38,868 199,074

Individual Activity Classes Sweep | Dust | Lying [Reclining| Book [Computer| Walk | Run |Basketball|Soccer | Catch | Cycling | Stairs | JJ |[Transition| Total

Training 23,542122,630(146,462| 22,107 [24,105| 48,492 [46,731|18,894| 19,425 |22,180|21,421| 23,717 |23,418|21,441| 106,276 |590,841
Activity Groups Chores SLA CWR Sports Wheels| Rec LTA |Transition| Total

RW 46,172 241,166 65,625 63,026 23,717 44,859 106,276 |590,841
Individual Activity Classes Sweep | Dust | Lying [Reclining| Book [Computer| Walk | Run |Basketball|Soccer | Catch | Cycling | Stairs | JJ [Transition| Total

Testing 7,570 | 7,670 | 50,584 | 7,941 | 7,336 | 15,625 |14,340| 6,158 5,891 7,308 | 7,316 | 8,017 | 7,826 | 6,624 | 38,866 |199,072
Activity Groups Chores SLA CWR Sports Wheels| Rec LTA |Transition| Total

15,240 81,486 20,498 20,515 8,017 14,450 38,866 |199,072

LW = Left Wrist, RW = Right Wrist, JJ = jumping jacks, SLA = seated/lying activity, CWR = continuous walking and running, Rec LTA =
recreation/leisure-time activity
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Table 3. Physical characteristics of participants for development and within-sample validation.

Training Sample Testing Sample
(n=74) (n=25)

Age [years; mean (SD)] 12.1 (3.4) 12.5 (3.7)
Female [n (%)] 39 (52.7%) 12 (48.0%)
Height [cm; mean (SD)] 150.3 (19.4) 150.1 (18.4)
Weight [kg; mean (SD)] 44.9 (18.4) 45.3 (19.8)
Handedness [n (% left-handed)] 6 (8.1%) 2 (8.0%)
BMI classification [n (%)]

< 5th percentile [n (% underweight)] 3(4.1%) 2 (8.0%)

5th - < 85th percentile [n (% normal weight)] 59 (79.7%) 20 (80.0%)

85th - < 95th percentile [n (% overweight)] 8 (10.8%) 1 (4.0%)

> 95th percentile [n (% obese)] 4 (5.4%) 2 (8.0%)
Ethnicity

Hispanic [n (%)] 3(4.1%) 1 (4.0%)
Race

White [n (%)] 67 (90.5%) 23 (92.0%)

African American [n (%)] 7 (9.5%) 2 (8.0%)
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Table 4. Confusion Matrix Performance Summary for Individual Activity Class for the Hip classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer  Gyroscope  Combined Accelerometer Gyroscope Combined

Basketball 21.7% 18.9% 0.4% 10.0% 22.4% 17.4% 10.2% 1.2%
Book 14.2% 18.7% 59% 0.0% 15.9% 10.1% 17.0% 0.9%
Catch 17.7% 24.2% 6.6% 35.7% 23.1% 29.3% 29.7% 40.1%
Computer 62.4% 22.8% 88.8% 17.1% 75.9% 30.1% 75.6% 29.0%
Cycling 18.0% 40.0% 3.7% 54.4% 23.2% 442% 28.6% 51.9%
Dust 29.3% 252% 25.5% 37.1% 35.9% 35.4% 33.5% 33.0%
Jumping Jacks 36.4% 16.6% 41.6% 20.3% 44.8% 15.1% 24.8%
Lying 52.4% 78.2% 94.9% 89.1% 65.4% 90.4%
Reclining 13.6% 36.0% 18.2% 0.0% 40.4% 7.5% 1.2%
Run 40.2% 54.8% 51.8% 51.2% 47.6% 55.5%
Soccer 262% 23.3% 322% SN 07% 32.0% 30.1%

Stairs 48.9% 26.4% 63.0% 50.0% 61.7% 38.3%

Sweep 28.5% 27.6% 24.6% 28.0% 32.1% 35.0%

Walk 48.5% 45.6% 84.9% 77.0% 62.5% 54.7%

RPART = decision tree; LASSO = logistic regression, RF = random forest; NNET = neural network; the color formatting
corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type

Table 5. Performance Summary for Individual Activity Classes for the Hip Classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer  Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer  Gyroscope  Combined Accelerometer Gyroscope Combined
Sensitivity 38.8% 28.0% 39.9% 35.7% 43.6% 32.9% 46.4% 39.0%
Specificity 96.4% 94.9% 96.9% 96.0% 96.8% 95.4% 97.1% 96.2%
PPV 38.2% 28.4% 43.3% 39.3% 43.4% 33.0% 45.7% 39.7%
NPV 96.3% 94.8% 97.0% 96.4% 96.8% 95.3% 97.0% 96.4%
Precision 38.2% 28.4% 43.3% 39.3% 43.4% 33.0% 45.7% 39.7%
Recall 38.8% 28.0% 39.9% 35.7% 43.6% 32.9% 46.4% 39.0%
F1 38.2% 28.0% 38.1% 36.6% 43.2% 32.7% 45.4% 37.2%
Balanced Accuracy 67.6% 61.4% 68.4% 65.8% 70.2% 64.1% 71.7% 67.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART =
decision tree; LASSO = logistic regression; RF' = random forest; NNET = neural network, the color formatting corresponds
to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 6. Confusion Matrix Performance Summary by Activity Group for the Hip classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined
Chores 48.9% 54.5% 62.4% 64.1% 64.2% 64.0% 71.7% 71.9%
CWR 49.8% 48.7% 72.7% 76.0% 57.7% 60.9% 68.8% 72.7%
Rec LTA 47.5% 28.9% 29.6% 13.8% 52.0% 25.5% 54.9% 35.3%
SLA 95.6% 96.6% 95.1% 98.1% 97.2% 97.4% 96.5% 97.3%
Sports 53.8% 52.8% 60.2% 68.0% 63.8% 66.0% 69.8%
Wheels 19.0% 42.3% 0.8% 16.1% 41.2% 21.2% 44.5%

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities; RPART = decision tree; LASSO = logistic regression;, RF = random forest; NNET = neural network; the color
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type

Table 7. Performance Summary by Activity Group for the Hip Classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined

Sensitivity 52.4% 54.7% 53.5% 59.9% 59.2% 58.8% 63.2% 65.3%
Specificity 94.3% 94.7% 94.3% 95.5% 95.2% 95.4% 95.7% 96.1%
PPV 53.1% 54.4% 56.1% 64.3% 61.1% 59.7% 64.1% 67.6%
NPV 94.4% 94.6% 94.8% 95.8% 95.5% 95.3% 95.9% 96.1%
Precision 53.1% 54.4% 56.1% 64.3% 61.1% 59.7% 64.1% 67.6%
Recall 52.4% 54.7% 53.5% 59.9% 59.2% 58.8% 63.2% 65.3%
F1 52.6% 54.4% 51.8% 59.6% 59.5% 58.8% 63.3% 65.6%
Balanced Accuracy 73.3% 74.7% 73.9% 71.7% 77.2% 77.1% 79.4% 80.7%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART =
decision tree; LASSO = logistic regression; RF' = random forest; NNET = neural network, the color formatting corresponds
to which feature set is best (dark) and worst (light) for each activity class within a single model type
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Table 8. Confusion Matrix Performance Summary for Individual Activity Class for the Left Wrist classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer  Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer  Gyroscope  Combined Accelerometer Gyroscope Combined
Basketball 25.6% 22.4% 29.9% 24.8%
Book 29.9% 22.2% 40.7% 22.4%
Catch 21.5% 422% 25.9%
Computer 38.9% 31.7% 26.6% 52.1% 33.0%
Cycling 33.9% 47.6% 8.2% 34.6% 542%
Dust 39.6% 24.4% 27.7% 47.5% 40.0%
Jumping Jacks 50.2% 47.5% 61.4% 58.9% 45.5%
Lying 43.6% 80.4% 58.4% 69.1%
Reclining 17.9% 10.6% 0.0% 15.4% 8.9%
Run 67.7% 31.5% 71.0% 70.2% 36.1%
Soccer 27.4% 21.4% 23.3% 353% 19.6%
Stairs 35.9% 20.8% 18.4% 46.4% 26.1%
Sweep 56.2% 40.7% 55.1% 69.2% 50.6%
Walk 54.3% 37.4% 60.8% 69.6% 61.8% 43.0%

RPART = decision tree; LASSO = logistic regression, RF = random forest; NNET = neural network; the color formatting
corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type

Table 9. Performance Summary for Individual Activity Classes for the Left Wrist Classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer  Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer  Gyroscope  Combined Accelerometer Gyroscope Combined
Sensitivity 39.5% 31.5% 36.4% 33.4% 473% 35.7% 47.1% 40.9%
Specificity 95.4% 95.2% 95.6% 95.7% 96.2% 95.6% 96.4% 96.3%
PPV 39.6% 32.5% 39.1% 38.7% 47.2% 36.5% 47.9% 42.4%
NPV 95.3% 95.2% 95.9% 96.0% 96.0% 95.6% 96.4% 96.4%
Precision 39.6% 32.5% 39.1% 38.7% 47.2% 36.5% 47.9% 42.4%
Recall 39.5% 31.5% 36.4% 33.4% 47.3% 35.7% 47.1% 40.9%
F1 38.7% 31.7% 38.8% 35.9% 46.4% 35.9% 46.2% 42.7%
Balanced Accuracy 67.5% 63.4% 66.0% 64.6% 71.7% 65.6% 71.8% 68.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART =
decision tree; LASSO = logistic regression; RF' = random forest; NNET = neural network, the color formatting corresponds
to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 10. Confusion Matrix Performance Summary by Activity Group for the Left Wrist classifiers by Feature Set.

RF

NNET

Accelerometer  Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined

RPART LASSO
Chores 60.8% 52.6% 60.7% 61.5%
CWR 58.0% 53.2% 64.5% 65.5%
Rec_LTA 41.4% 32.8% 30.2% 21.8%
SLA 92.8% 95.7% 96.0% 97.8%
Sports 67.2% 60.3% 70.9%
Wheels 23.8% 46.1% 4.9%

71.0%
64.6%
45.1%
95.7%
77.8%
17.9%

61.5%
57.7%
31.0%
96.6%
68.6%
49.6%

69.5%
69.2%
42.8%
94.6%
75.0%
29.2%

68.2%
62.4%
29.8%
96.4%
76.2%
65.6%

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities; RPART = decision tree; LASSO = logistic regression, RF = random forest; NNET = neural network; the color
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type

Table 11. Performance Summary by Activity Group for the Left Wrist Classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined
Sensitivity 57.3% 56.8% 54.5% 55.2% 62.0% 60.8% 63.4% 66.4%
Specificity 94.4% 94.5% 94.3% 94.6% 95.3% 95.1% 95.3% 95.8%
PPV 59.1% 59.4% 63.0% 68.4% 68.2% 64.6% 66.8% 68.6%
NPV 94.6% 94.7% 95.0% 95.4% 95.7% 95.4% 95.6% 95.9%
Precision 59.1% 59.4% 63.0% 68.4% 68.2% 64.6% 66.8% 68.6%
Recall 57.3% 56.8% 54.5% 552% 62.0% 60.8% 63.4% 66.4%
F1 57.7% 57.7% 54.2% 55.2% 62.6% 62.0% 64.1% 66.6%
Balanced Accuracy 75.9% 75.7% 74.4% 74.9% 78.7% 78.0% 79.4% 81.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART =
decision tree; LASSO = logistic regression; RF' = random forest; NNET = neural network; the color formatting corresponds

to which feature set is best (dark) and worst (light) for each activity class within a single model type
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Table 12. Confusion Matrix Performance Summary for Individual Activity Class for the Right Wrist classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer  Gyroscope  Combined Accelerometer Gyroscope Combined
Basketball 28.5% 28.5% 25.9% 33.9% 35.1% 27.1%
Book 37.2% 7.0% 433% 16.5% 15.2%
Catch 36.2% 48.4% 44.8% 31.0% 52.9%
Computer 60.6% 24.5% T4.4% 62.2% 72.4%
Cycling 35.1% 42.3% 43.2% 60.1% 49.5% 72.4%
Dust 33.1% 30.3% 41.9% 30.6% 33.6%
Jumping Jacks 48.2% 56.8% 58.6% 45.9% 59.2%
Lying 56.8% 57.7%
Reclining 23.3% 10.8% 17.8%
Run 67.6% 40.4% 74.1%
Soccer 28.7% 20.2% 35.5%
Stairs 38.0% 24.6% 48.6%
Sweep 39.3% 41.1% 60.0%
Walk 58.8% 36.5% 67.1%

RPART = decision tree; LASSO = logistic regression, RF = random forest; NNET = neural network; the color formatting
corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type

Table 13. Performance Summary for Individual Activity Classes for the Right Wrist Classifiers by Feature Set.

RPART LASSO RF NNET

Accelerometer  Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer  Gyroscope  Combined Accelerometer Gyroscope Combined

Sensitivity 42.3% 35.9% 41.2% 35.1% 50.1% 39.8% 51.5% 452%
Specificity 95.9% 95.8% 96.1% 95.8% 96.4% 96.2% 96.9% 96.7%
PPV 42.6% 36.1% 44.7% 38.9% 49.3% 39.9% 51.1% 43.9%
NPV 95.8% 95.7% 96.4% 96.2% 96.3% 96.2% 96.9% 96.8%
Precision 42.6% 36.1% 44.7% 38.9% 49.3% 39.9% 51.1% 43.9%
Recall 42.3% 35.9% 41.2% 35.1% 50.1% 39.8% 51.5% 452%
F1 41.7% 35.8% 40.4% 35.0% 48.9% 39.6% 50.4% 43.9%
Balanced Accuracy 69.1% 65.8% 68.6% 65.5% 73.2% 68.0% 74.2% 71.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall;, RPART =
decision tree; LASSO = logistic regression; RF' = random forest; NNET = neural network, the color formatting corresponds
to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 14. Confusion Matrix Performance Summary by Activity Group for the Right Wrist classifiers by Feature Set.

RF

NNET

58.5%
59.5%
30.8%
97.0%
73.3%

67.1%
72.4%
48.5%
95.6%
78.8%

62.5%
63.7%
34.8%
96.8%
77.0%

RPART LASSO
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined
Chores 55.0% 50.4% 45.6% 60.6% 66.5%
CWR 61.7% 55.8% 68.7% 74.8% 68.8%
Rec_LTA 43.4% 32.6% 20.9% 47.5%
SLA 92.1% 95.5% 96.0%
Sports 64.2% i 80.6%
Wheels 32.1% 58.9% [65.9% 31.9%

55.1%

44.1%

64.8%

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities; RPART = decision tree; LASSO = logistic regression, RF = random forest; NNET = neural network; the color
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type

Table 15. Performance Summary by Activity Group for the Right Wrist Classifiers by Feature Set.

RPART LASSO RF NNET
Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined Accelerometer Gyroscope Combined

Sensitivity 59.7% 59.6% 543% 56.2% 65.2% 62.4% 67.7% 66.6%
Specificity 94.6% 94.8% 94.5% 94.9% 95.7% 95.4% 95.9% 95.8%
PPV 60.3% 60.6% 57.1% 68.1% 69.8% 65.2% 70.4% 68.7%
NPV 94.7% 94.9% 95.4% 95.6% 96.0% 95.6% 96.1% 96.0%
Precision 60.3% 60.6% 57.1% 68.1% 69.8% 65.2% 70.4% 68.7%
Recall 59.7% 59.6% 543% 56.2% 65.2% 62.4% 67.7% 66.6%
F1 59.9% 60.0% 53.8% 55.9% 66.4% 63.2% 68.6% 67.1%
Balanced Accuracy 77.2% 77.2% 74.4% 75.5% 80.4% 78.9% 81.8% 81.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART =
decision tree; LASSO = logistic regression; RF' = random forest; NNET = neural network; the color formatting corresponds

to which feature set is best (dark) and worst (light) for each activity class within a single model type
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Table 16. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1278 17 982 29 104 200 708 0 10 341 1448 521 204 1201
Book 9 1766 103 1722 544 137 1 2790 216 0 9 4 1S 9%
Catch 611 104 1293 132 291 483 160 43 37 43 1010 945 872 486
Computer 22 2447 196 9746 1798 401 25 569 1292 3 19 138 494 172
Cycling 79 195 445 701 1446 1233 35 24 119 21 223 109 1000 888
Dust 236 368 712 1084 1427 2247 72 78 98 25 241 299 1491 454
Jumping Jacks 466 2 178 1 44 63 2411 28 0 1112 505 286 26 762
Lying 0 119 12 25 4 18 0 41883 738 0 0 9 23 12
Reclining 4 2085 34 1801 555 63 3 4900 3271 1 2 17 33 19
Run 76 7 7 18 1 21 1536 0 7 3501 177 6 1 381
Soccer 1423 10 824 14 63 171 604 1 21 386 1918 501 391 726
Stairs 883 49 1131 44 151 385 499 200 34 45 828 3827 467 1309
Sweep 206 142 764 282 694 1950 59 52 79 30 240 432 2159 879
Walk 598 25 635 26 895 208 511 6 19 650 688 722 294 6955
Table 17. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Decision Tree Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 217%  24.1% 17.7% 624%  18.0% 293% 36.4% 828% 412% 56.9%  262% 48.9% 285% 48.5%
Specificity 96.3%  94.9% 96.6% 948%  96.7% 95.7% 97.7% 99.1% 93.7% 98.5%  96.6% 96.0% 962% 96.3%
PPV 18.1%  18.5% 19.9% 563%  222% 25.4% 41.0% 97.8% 25.6% 61.0%  272% 38.8% 27.1%  56.4%
NPV 97.0%  963% 96.1% 95.9%  95.7% 96.4% 97.3% 92.6% 96.8% 983%  96.5% 97.3% 96.4% 95.0%
Precision 18.1%  18.5% 19.9% 563%  222% 25.4% 41.0% 97.8% 25.6% 61.0%  272% 38.8% 27.1% 564%
Recall 7%  24.1% 17.7% 624%  18.0% 293% 36.4% 82.8% 412% 56.9%  262% 48.9% 28.5%  48.5%
Fl 198%  21.0% 18.7% 592%  19.9% 27.2% 38.6% 89.7% 31.6% S8.9%  267% 433% 27.8%  522%
Balanced Accuracy  59.0%  59.5% 57.1% 78.6%  57.4% 62.5% 67.1% 91.0% 67.5% T1.0%  614%  T2.5% 624% 712.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 18. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1114 47 1031 49 182 430 638 59 58 259 1245 1118 553 582
Book 13 1045 67 2410 46 137 8 5862 1200 9 16 5 197 30
Catch 794 74 1884 122 269 1112 388 111 154 111 1030 747 932 307
Computer 16 1944 21 3559 86 166 24 13285 1797 2 8 8 68 19
Cycling 117 40 277 138 3206 535 324 38 182 321 114 195 723 1859
Dust 280 134 759 351 1441 1930 136 110 520 34 304 556 1705 628
Jumping Jacks 437 9 541 6 270 120 1097 16 31 1212 945 437 128 1193
Lying 19 3015 54 6899 14 63 30 26531 2574 3 17 8 97 20
Reclining 19 921 23 1919 154 237 21 4379 1078 1 20 10 120 41
Run 121 0 54 8 58 28 1593 3 4 2475 275 132 25 770
Soccer 1438 30 1157 41 197 a11 896 7 9% 365 1701 1085 387 664
Stairs 839 14 518 3 142 203 352 13 21 130 920 2064 279 700
Sweep 374 57 690 103 782 1830 133 82 192 15 338 626 209 982
Walk 310 6 240 17 1170 378 984 24 34 1221 375 835 266 6545

Table 19. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Decision Tree Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk

Sensitivity 189%  142% 25.8% 28%  40.0% 252% 16.6% 52.4% 13.6% 402%  233% 264% 27.6% 45.6%
Specificity 95.9%  93.5% 96.0% 87.9%  96.8% 95.4% 96.5% 88.3% 94.8% 98.0%  95.5% 972% 95.9% 96.0%
PPV 151%  9.5% 23.4% 169%  39.7% 21.7% 17.0% 67.4% 12.1% 446%  199% 328% 252% 52.8%
NPV 96.9%  958% 96.4% 913%  96.8% 96.2% 96.4% 80.1% 95.5% 97.6%  963% 96.3% 96.4% 94.7%
Precision 151%  9.5% 23.4% 169%  39.7% 21.7% 17.0% 67.4% 12.1% 446%  199% 328% 252% 52.8%
Recall 189%  142% 25.8% 228%  40.0% 25.2% 16.6% 52.4% 13.6% 402%  233% 264% 27.6% 45.6%
Fl 168%  114% 24.5% 194%  39.9% 233% 16.8% 59.0% 12.8% 423%  215% 292% 263% 48.9%
Balanced Accuracy  57.4%  53.9% 60.9% 55.4%  68.4% 60.3% 56.5% 70.4% 54.2% 69.1%  59.4%  61.8% 61.8%  70.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 20. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Decision Tree Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1315 25 1224 49 143 380 521 16 19 223 1734 716 315 517
Book 7 1375 23 2267 92 76 5 4264 2242 0 3 9 21 7
Catch 781 68 1770 92 368 786 348 36 58 86 978 784 766 292
Computer 14 3501 170 11045 235 259 33 732 1696 1 24 10 146 23
Cycling 95 51 226 91 3245 790 55 28 115 40 85 174 664 1435
Dust 224 84 930 317 1480 2604 54 32 93 28 273 289 2309 431
Jumping Jacks 384 2 144 126 173 51 3207 293 0 1962 509 137 24 676
Lying 0 261 5 116 14 64 0 39580 760 0 1 1 14 10
Reclining 13 1865 37 1345 477 60 6 5552 2857 6 3 3 30 0
Run 97 6 41 7 25 19 1223 7 14 3006 213 30 3 292
Soccer 1490 14 1078 33 245 176 589 13 19 323 2137 499 360 719
Stairs 756 11 661 14 83 173 203 13 16 31 638 4364 231 659
Sweep 219 57 686 101 757 1966 33 14 31 22 213 378 2431 407
Walk 496 16 321 22 680 266 347 4 21 430 497 432 256 8872
Table 21. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Decision Tree Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep  Walk
Sensitivity 22.3% 18.7% 24.2% 70.7% 40.5% 34.0% 48.4% 78.2% 36.0% 48.8% 29.2% 55.8% 32.1% 61.9%
Specificity 96.2% 94.1% 96.4% 95.3% 97.5% 95.7% 97.1% 98.9% 93.8% 98.7% 96.4% 97.7% 96.8% 97.4%
PPV 18.3% 13.2% 24.5% 61.7% 45.7% 28.5% 41.7% 96.9% 23.3% 60.3% 278% 55.6% 332% T70.1%
NPV 97.0% 96.0% 96.4% 96.8% 96.9% 96.6% 97.8% 90.8% 96.6% 98.0% 96.6% 97.7% 96.6% 96.3%
Precision 18.3% 13.2% 24.5% 61.7% 45.7% 28.5% 41.7% 96.9% 23.3% 60.3% 278% 55.6% 332% T70.1%
Recall 22.3% 18.7% 242% 70.7% 40.5% 34.0% 48.4% 78.2% 36.0% 48.8% 292% 55.8% 32.1% 61.9%
F1 20.1% 15.5% 24.4% 65.9% 42.9% 31.0% 44.8% 86.6% 28.3% 54.0% 28.5% 55.7% 32.7% 65.7%
Balanced Accuracy 59.3% 56.4% 60.3% 83.0% 69.0% 64.8% 72.7% 88.6% 64.9% 73.8% 62.8% 76.7% 64.5% 79.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 22. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 619 0 452 6 62 76 194 2 0 38 591 263 61 105
Book 0 434 3 362 33 30 0 2 362 0 0 0 3 0
Catch 31 11 484 11 31 63 46 37 30 23 471 117 142 51
Computer 10 4543 323 13876 3947 2152 54 33 3181 5 30 11 1949 53
Cycling 22 2 53 113 294 193 10 41 11 1 29 9 219 223
Dust 131 171 443 190 950 1954 29 14 58 28 82 172 1343 252
Jumping Jacks 605 0 78 0 62 70 2755 0 0 1577 803 156 17 617
Lying 0 1104 1 293 159 0 0 50001 2643 0 0 0 3 0
Reclining 23 825 38 323 362 159 0 55 1448 0 0 1 5 33
Run 68 0 0 0 1 9 1309 0 0 3374 167 13 0 29
Soccer 1472 0 721 1 16 64 478 8 0 253 2353 223 158 241
Stairs 974 56 1363 82 116 136 999 <2 43 26 656 4933 130 413
Sweep 62 120 510 182 274 1286 26 301 68 15 55 183 1863 153
Walk 1594 70 2847 186 1710 1478 724 46 97 818 2071 1745 1677 12170

Table 23. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep  Walk
Sensitivity 10.5% 5.9% 6.6% 88.8% 3.7% 25.5% 41.6% 98.8% 18.2% 54.8% 322% 63.0% 24.6% 84.9%
Specificity 98.8% 99.5% 99.1% 88.7% 99.4% 97.5% 97.4% 96.2% 98.8% 99.0% 97.6% 96.7% 979% 89.7%
PPV 25.1% 35.3% 26.5% 46.0% 24.1% 33.6% 40.9% 92.2% 44.3% 67.9% 393% 495% 36.5% 44.7%
NPV 96.7% 95.7% 95.7% 98.7% 95.1% 96.3% 97.5% 99.5% 95.9% 98.2% 96.8% 98.1% 96.3% 98.4%
Precision 25.1% 35.3% 26.5% 46.0% 24.1% 33.6% 40.9% 92.2% 443% 67.9% 393% 495% 36.5% 44.7%
Recall 10.5% 5.9% 6.6% 88.8% 3.7% 25.5% 41.6% 98.8% 18.2% 54.8% 322% 63.0% 24.6% 84.9%
F1 14.8% 10.1% 10.6% 60.6% 6.4% 29.0% 41.2% 95.4% 25.8% 60.6% 354% 554% 294% 58.5%
Balanced Accuracy  54.7% 52.7% 52.9% 88.8% 51.5% 61.5% 69.5% 97.5% 58.5% 76.9% 64.9% 79.9% 612% 87.3%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 24. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 22 0 32 0 4 3 50 0 0 4 25 12 6 1
Book 0 1 0 1 0 0 0 0 2 0 0 0 0 0
Catch 957 98 2612 128 369 518 698 233 199 116 1183 457 559 216
Computer 40 1239 108 2678 200 724 31 2107 1565 11 41 10 196 61
Cycling 25 12 72 37 4360 578 22 5 88 4 27 44 710 668
Dust 252 96 1321 171 340 2847 103 146 309 34 346 294 2544 196
Jumping Jacks 235 4 68 0 66 28 1345 1 3 935 491 493 28 357
Lying 2 5824 2 12522 268 105 22 47985 5547 0 0 0 5 0
Reclining 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Run 88 0 0 0 20 6 1595 0 0 3192 104 33 0 663
Soccer 1727 21 1020 1 92 66 726 2 1 282 2440 334 139 127
Stairs 1704 8 1295 4 106 266 439 29 21 106 1765 3910 520 765
Sweep 132 20 425 66 463 1689 33 41 169 11 144 350 2123 248
Walk 707 13 361 17 1729 840 1560 35 37 1463 742 1889 740 11038
Table 25. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep  Walk
Sensitivity 0.4% 0.0% 35.7% 17.1% 54.4% 37.1% 20.3% 94.9% 0.0% 51.8% 334% 500% 28.0% T77.0%
Specificity 99.9% 100.0% 96.3% 95.6% 98.5% 96.0% 98.2% 77.8% 100.0% 98.4% 97.0% 954% 97.5% 93.1%
PPV 13.8% 25.0% 31.3% 29.7% 65.5% 31.6% 33.2% 66.4% NA 56.0% 35.0% 357% 359% 52.1%
NPV 96.3% 95.4% 96.9% 91.4% 97.6% 96.8% 96.6% 97.0% 95.0% 98.1% 96.8% 97.4% 96.5% 97.6%
Precision 13.8% 25.0% 31.3% 29.7% 65.5% 31.6% 33.2% 66.4% NA 56.0% 350% 357% 359% 52.1%
Recall 0.4% 0.0% 35.7% 17.1% 54.4% 37.1% 20.3% 94.9% 0.0% 51.8% 334% 50.0% 28.0% 77.0%
F1 0.7% 0.0% 33.4% 21.7% 59.4% 342% 252% 78.1% NA 53.8% 342% 41.7% 315% 622%
Balanced Accuracy  50.1% 50.0% 66.0% 56.4% 76.4% 66.5% 59.3% 86.3% 50.0% 75.1% 65.2% T72.7% 62.8% 85.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 26. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Lasso Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 587 0 274 4 25 86 122 3 0 30 412 256 55 69
Book 0 594 2 253 27 6 0 30 583 0 0 2 1 2
Catch 1206 72 2861 109 421 322 327 61 95 85 1695 362 608 319
Computer 41 4688 126 14442 357 698 47 369 2683 3 46 7 198 53
Cycling 39 8 64 38 4417 490 9 0 72 0 32 11 746 368
Dust 272 88 1103 169 535 3068 49 28 66 40 332 189 2744 179
Jumping Jacks 504 0 48 0 34 91 3000 0 0 1446 682 174 13 321
Lying 0 794 0 157 35 0 0 49895 2457 0 0 0 1 0
Reclining 10 983 5 355 355 186 0 99 1822 0 0 2 5 4
Run 90 0 0 0 5 7 1278 0 0 3557 170 17 0 39
Soccer 1457 0 654 1 21 50 389 5 0 225 2245 172 120 242
Stairs 837 35 1000 16 19 133 493 38 20 17 614 5347 213 335
Sweep 68 57 601 47 254 1792 16 28 105 13 80 196 2296 131
Walk 780 17 578 34 1512 741 894 28 38 742 1000 1091 570 12278
Table 27. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Lasso Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 10.0% 8.1% 39.1% 92.4% 55.1% 40.0% 453% 98.6% 22.9% 57.8% 30.7% 683% 303% 85.6%
Specificity 99.1% 99.4% 96.3% 93.6% 98.8% 96.2% 97.8% 96.9% 98.7% 99.0% 97.8% 97.5% 978% 945%
PPV 30.5% 39.6% 33.5% 60.8% 70.2% 34.6% 47.5% 93.5% 47.6% 68.9% 402%  58.6% 404% 60.5%
NPV 96.6% 95.8% 97.1% 99.1% 97.7% 97.0% 97.6% 99.4% 96.1% 98.3% 96.7% 98.4% 96.6% 98.5%
Precision 30.5% 39.6% 33.5% 60.8% 70.2% 34.6% 47.5% 93.5% 47.6% 68.9% 40.2% 58.6% 404% 60.5%
Recall 10.0% 8.1% 39.1% 92.4% 55.1% 40.0% 453% 98.6% 22.9% 57.8% 30.7% 683% 303% 85.6%
F1 15.0% 13.4% 36.1% 73.3% 61.7% 37.1% 46.4% 96.0% 31.0% 62.8% 348% 63.1% 34.6% T70.9%
Balanced Accuracy  54.5% 53.8% 67.7% 93.0% 76.9% 68.1% 71.6% 97.7% 60.8% 78.4% 643% 82.9% 64.1% 90.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 28. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1320 5 785 9 74 124 521 2 4 199 1433 26 1712 556
Book 1 1165 48 1007 615 122 0 2115 1786 0 0 3 26 3
Catch 700 37 1692 92 157 372 101 28 42 39 1041 880 814 401
Computer 9 3747 160 11859 2011 351 29 379 1744 2 22 39 492 278
Cycling 107 33 352 449 1860 1068 37 12 75 32 215 112 775 1348
Dust 160 278 794 871 1393 2756 57 27 116 29 142 136 1943 311
Jumping Jacks 382 0 117 0 80 59 2967 0 0 1781 468 162 7 703
Lying 16 35 0 14 14 21 0 45078 867 0 0 0 0 1
Reclining 7 1866 6 1017 506 72 3 2884 3207 0 3 12 12 0
Run 50 0 0 0 7 15 1349 0 0 3154 77 5 0 62
Soccer 1523 2 934 5 50 123 529 0 8 324 2338 334 380 414
Stairs 822 52 1186 38 114 138 569 27 13 14 602 4828 207 714
Sweep 168 97 669 227 417 2083 30 26 71 28 192 268 2432 586
Walk 626 19 573 37 719 366 432 6 8 556 775 621 310 8963

Table 29. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Random Forest Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep  Walk

Sensitivity 224%  15.9% 23.1% 75.9%  232% 35.9% 44.8% 89.1% 40.4% 512%  320% 617% 32.1% 62.5%
Specificity 972%  96.3% 96.9% 93.6%  97.0% 95.9% 97.6% 99.1% 95.8% 99.0%  97.0% 97.0% 96.8%  96.5%
PPV 234%  169% 26.5% 56.1%  28.7% 30.6% 44.1% 97.9% 33.4% 66.8%  33.6% S1.8% 333% 64.0%
NPV 97.0%  96.0% 96.3% 973%  96.0% 96.7% 97.6% 95.2% 96.9% 98.1%  96.8% 98.0% 96.6% 96.3%
Precision 234%  169% 26.5% 56.1%  28.7% 30.6% 44.1% 97.9% 33.4% 66.8%  33.6% S1.8% 333% 64.0%
Recall 24%  159% 23.1% 75.9%  232% 35.9% 44.8% 89.1% 40.4% 512%  32.0% 617% 32.1% 62.5%
F1 229%  164% 24.7% 645%  257% 33.0% 44.4% 93.3% 36.6% 58.0%  32.8% 563% 327% 63.2%
Balanced Accuracy  59.8%  56.1% 60.0% 84.7%  60.1% 65.9% 71.2% 94.1% 68.1% 75.1%  64.5%  79.4% 64.5%  79.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 30. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1025 21 761 31 115 189 322 42 41 139 986 7 337 267
Book 4 739 12 1345 39 118 2 3233 945 1 8 2 92 9
Catch 832 72 2146 124 333 851 585 112 176 85 1201 553 808 243
Computer 12 2468 24 4699 61 134 23 12105 2234 2 12 12 61 27
Cycling 67 40 106 59 3543 308 231 22 150 23 59 107 394 1881
Dust 306 96 877 367 977 2715 155 121 587 26 268 413 2094 335
Jumping Jacks 342 6 345 0 264 64 997 1 17 1384 573 236 94 1293
Lying 6 3416 17 7825 16 16 13 33086 2932 1 9 6 34 17
Reclining 18 395 32 1053 294 168 10 1722 598 2 9 2 35 12
Run 110 1 20 0 35 5 1742 0 0 2930 161 105 10 594
Soccer 1622 26 1394 10 130 196 996 40 54 412 2203 1091 302 337
Stairs 991 10 607 3 153 321 449 17 16 57 1146 2999 326 853
Sweep 254 39 819 98 742 2219 106 61 162 17 294 642 2650 622
Walk 302 7 156 11 1315 366 993 22 29 1079 379 941 333 7850
Table 31. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Random Forest Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 17.4% 10.1% 29.3% 30.1% 442% 35.4% 15.1% 65.4% 7.5% 47.6% 30.1% 383% 35.0% 54.7%
Specificity 97.4% 96.2% 96.1% 88.1% 97.7% 95.7% 97.0% 86.9% 97.5% 98.2% 95.7% 96.8% 96.0% 95.9%
PPV 20.5% 11.3% 26.4% 21.5% 50.7% 29.1% 17.8% 69.8% 13.7% 51.3% 25.0% 37.7% 304% 57.0%
NPV 96.9% 95.7% 96.6% 92.1% 97.1% 96.7% 96.4% 84.5% 95.3% 97.9% 96.6% 96.8% 96.8% 95.6%
Precision 20.5% 11.3% 26.4% 21.5% 50.7% 29.1% 17.8% 69.8% 13.7% 51.3% 25.0% 37.7% 304% 57.0%
Recall 17.4% 10.1% 29.3% 30.1% 442% 35.4% 15.1% 65.4% 7.5% 47.6% 30.1% 383% 35.0% 54.7%
F1 18.8% 10.6% 27.8% 25.1% 47.2% 31.9% 16.3% 67.5% 9.7% 49.4% 27.3% 38.0% 32.5% 55.8%
Balanced Accuracy  57.4% 53.1% 62.7% 59.1% 71.0% 65.5% 56.0% 76.2% 52.5% 72.9% 62.9% 67.5% 65.5% 753%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 32. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1529 8 655 7 86 171 363 4 5 198 1618 414 227 222
Book 5 1336 10 910 24 25 0 942 1770 0 0 0 0 0
Catch 835 84 2842 106 348 534 131 35 71 42 1212 58 704 279
Computer 7 3850 72 13241 212 179 26 379 1756 1 25 5 78 100
Cycling 20 16 51 40 4212 312 27 8 37 5 48 3 244 1122
Dust 194 116 961 245 1178 3471 55 34 100 27 197 143 2321 226
Jumping Jacks 351 0 106 0 82 24 3616 0 0 1646 415 105 6 280
Lying 1 44 1 13 1 6 0 45486 859 0 0 0 0 1
Reclining 5 1828 6 985 413 21 12 3650 3284 0 0 3 2 3
Run 70 1 1 0 5 19 1445 0 1 3387 96 5 0 61
Soccer 1632 0 1027 10 87 146 531 3 3 364 2435 415 226 413
Stairs 689 12 664 9 40 162 186 17 13 15 631 5439 188 458
Sweep 152 32 689 47 564 2356 20 20 34 2 168 317 3415 367
Walk 401 9 231 12 755 244 212 6 8 447 463 356 159 10808

Table 33. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Random Forest Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep  Walk

Sensitivity 260%  182% 38.8% 84.7%  52.5% 453% 54.6% 89.9% 41.4% 55.0%  333% 69.5% 45.1% 754%
Specificity 97.4%  97.6% 96.8% 95.4%  98.7% 96.2% 98.0% 99.1% 95.5% 98.9%  96.8% 98.0% 96.9% 97.7%
PPV 278%  26.6% 36.4% 66.4%  68.2% 37.5% 54.5% 98.0% 32.2% 665%  33.4% 63.8% 41.6% 76.6%
NPV 972%  96.1% 97.1% 983%  97.5% 97.2% 98.0% 95.5% 96.9% 982%  96.8% 98.4% 97.3% 97.6%
Precision 278%  26.6% 36.4% 66.4%  68.2% 37.5% 54.5% 98.0% 322% 66.5%  33.4% 638% 41.6% 76.6%
Recall 260%  18.2% 38.8% B4.7%  52.5% 453% 54.6% 89.9% 41.4% 55.0%  333%  69.5% 45.1% 75.4%
F1 268%  21.6% 37.6% 745%  59.3% 41.0% 54.6% 93.8% 36.2% 602%  334%  66.5% 433% 76.0%
Balanced Accuracy  61.7%  57.9% 67.8% 90.1%  75.6% 70.7% 76.3% 94.5% 68.4% 76.9%  65.1%  83.7% 71.0% _ 86.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 34. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 598 1 403 8 86 68 255 1 0 65 571 210 44 131
Book 2 1250 57 986 358 9 0 223 1425 0 0 9 16 32
Catch 845 27 2173 75 117 322 137 33 21 57 1233 830 566 344
Computer 6 3624 158 11815 1411 333 23 29 1667 2 4 20 345 86
Cycling 49 98 263 883 2292 834 38 76 166 4 53 45 739 515
Dust 108 198 655 556 1341 2567 40 44 125 25 137 99 2058 98
Jumping Jacks 537 0 104 0 43 55 2880 0 0 1390 627 158 19 439
Lying 0 87 5 21 3 4 0 45813 648 0 3 1 0 0
Reclining 40 1793 12 945 607 194 0 3826 3780 0 0 14 8 111
Run 44 0 0 0 34 10 1446 240 0 3771 130 9 1 339
Soccer 1628 3 751 0 28 77 658 8 1 371 2428 265 172 321
Stairs 1034 43 1085 24 64 135 548 35 15 21 821 5024 140 606
Sweep 126 190 681 263 394 2419 21 242 69 21 63 209 2823 286
Walk 874 22 969 49 1239 643 578 14 24 431 1238 933 639 11032
Table 35. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Neural Network Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 10.2% 17.0% 29.7% 75.6% 28.6% 33.5% 43.5% 90.6% 47.6% 61.2% 332% 642% 373% T76.9%
Specificity 98.8% 98.0% 97.0% 94.7% 97.5% 96.4% 97.8% 99.3% 95.0% 98.5% 97.2% 97.0% 96.7% 94.8%
PPV 24.5% 28.6% 32.1% 60.5% 37.9% 31.9% 46.1% 98.3% 33.4% 62.6% 36.2% 52.4% 362% 59.0%
NPV 96.6% 96.1% 96.6% 97.3% 96.3% 96.6% 97.6% 95.8% 97.2% 98.5% 96.8% 98.1% 96.9% 97.7%
Precision 24.5% 28.6% 32.1% 60.5% 37.9% 31.9% 46.1% 98.3% 33.4% 62.6% 36.2%  524% 362% 59.0%
Recall 10.2% 17.0% 29.7% 75.6% 28.6% 33.5% 43.5% 90.6% 47.6% 61.2% 332% 642% 373% 76.9%
F1 14.4% 21.4% 30.8% 67.2% 32.6% 32.7% 44.7% 94.3% 39.2% 61.9% 346% 57.7% 36.7% 66.8%
Balanced Accuracy 54.5% 57.5% 63.3% 85.1% 63.1% 64.9% 70.6% 94.9% 71.3% 79.9% 65.2% 80.6% 67.0% 85.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall

236



Table 36. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 69 0 138 0 3 29 13 4 0 0 96 108 32 29
Book 0 63 0 164 4 16 0 29 73 0 0 0 0 0
Catch 1103 96 2931 117 351 782 637 163 183 113 1282 501 778 272
Computer 11 2496 25 4531 64 171 39 4374 2069 2 11 0 46 23
Cycling 29 31 30 104 4163 288 41 14 224 33 16 44 226 660
Dust 129 187 752 330 433 2530 42 134 621 20 215 94 1594 143
Jumping Jacks 301 7 234 2 167 47 1646 0 13 1222 489 381 38 369
Lying 6 4332 9 10176 5 7 5 45703 4396 0 4 0 4 13
Reclining 1 58 2 98 14 52 0 43 92 0 2 0 29 0
Run 68 0 0 0 53 5 1506 0 0 3416 143 20 0 743
Soccer 2228 15 1218 0 64 66 776 6 0 337 2963 675 186 210
Stairs 1273 10 836 6 164 350 654 25 25 118 1396 4383 477 1106
Sweep 347 29 1002 90 913 2892 147 73 227 25 336 620 3812 629
Walk 326 12 139 7 1619 435 1118 16 18 872 355 1000 348 10143

Table 37. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 1.2% 0.9% 40.1% 29.0% 51.9% 33.0% 24.8% 90.4% 1.2% 55.5% 40.5% 56.0% 504% 70.7%
Specificity 99.7% 99.8% 95.8% 93.5% 98.9% 96.9% 97.9% 82.7% 99.8% 98.4% 96.2% 95.8% 952% 95.7%
PPV 13.2% 18.1% 31.5% 32.7% 70.5% 35.0% 33.5% 70.7% 23.5% 57.4% 33.9% 405% 342% 61.8%
NPV 96.4% 95.5% 97.1% 92.4% 97.5% 96.6% 96.8% 94.9% 95.1% 98.2% 97.1% 91.7% 97.5% 97.1%
Precision 13.2% 18.1% 31.5% 32.7% 70.5% 35.0% 33.5% 70.7% 23.5% 57.4% 33.9% 405% 342% 61.8%
Recall 1.2% 0.9% 40.1% 29.0% 51.9% 33.0% 24.8% 90.4% 1.2% 55.5% 40.5% 56.0% 504% 70.7%
F1 22% 1.6% 353% 30.7% 59.8% 34.0% 28.5% 79.3% 22% 56.4% 36.9% 47.0% 40.7% 66.0%
Balanced Accuracy  50.4% 50.3% 67.9% 61.3% 75.4% 65.0% 61.4% 86.5% 50.5% 76.9% 68.4% 75.9% T72.8% 83.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 38. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Neural Network Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 661 1 361 4 41 101 147 2 1 37 571 308 114 104
Book 14 1415 15 1377 71 73 0 174 1910 0 2 0 0 12
Catch 1256 65 3248 105 490 578 109 39 34 49 1686 522 592 319
Computer 6 3830 121 12966 113 133 28 61 1680 0 15 7 52 26
Cycling 28 23 34 57 4861 427 26 12 23 4 27 48 282 !
Dust 217 113 1094 288 695 3162 60 35 107 34 238 157 2396 119
Jumping Jacks 464 0 57 2 73 40 3815 0 0 1873 398 130 1 211
Lying 0 21 2 18 0 4 1 47873 900 0 1 0 19 0
Reclining 26 1737 11 728 407 117 0 2336 3192 0 8 3 7 210
Run 55 0 0 0 8 21 1289 0 0 3227 132 10 1 62
Soccer 1655 1 801 2 56 126 451 2 1 392 2616 231 225 361
Stairs 955 13 778 8 24 155 302 23 17 17 928 5745 210 535
Sweep 87 97 607 52 260 2468 25 24 55 19 135 239 3426 175
Walk 467 20 187 18 918 265 3N 3 21 506 551 426 245 11435
Table 39. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Neural Network Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep  Walk
Sensitivity 11.2% 19.3% 44.4% 83.0% 60.6% 41.2% 57.6% 94.6% 40.2% 52.4% 358% 73.4% 453% 79.7%
Specificity 98.8% 97.6% 96.2% 95.8% 98.8% 96.4% 97.9% 99.1% 96.3% 99.0% 972% 974% 972% 973%
PPV 26.9% 27.9% 35.7% 68.1% 73.4% 36.3% 54.0% 98.0% 36.3% 67.2% 37.8% 592% 447% T4.1%
NPV 96.7% 96.2% 97.3% 98.1% 97.9% 97.0% 98.2% 97.6% 96.9% 98.1% 96.9% 98.6% 97.3% 98.0%
Precision 26.9% 27.9% 35.7% 68.1% 73.4% 36.3% 54.0% 98.0% 36.3% 67.2% 378% 592% 447% T4.1%
Recall 11.2% 19.3% 44.4% 83.0% 60.6% 41.2% 57.6% 94.6% 40.2% 52.4% 358% 73.4% 453% 79.7%
F1 15.8% 22.8% 39.6% 74.8% 66.4% 38.6% 55.7% 96.3% 38.2% 58.9% 36.8% 65.5% 45.0% 76.8%
Balanced Accuracy  55.0% 58.5% 70.3% 89.4% 79.7% 68.8% 77.7% 96.9% 68.3% 75.7% 66.5% 85.4% 71.2% 88.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 40. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 7458 1141 649 1845 2222 1923
CWR 788 10199 2537 117 1983 882
Rec_LTA 614 3626 6867 361 3884 228
SLA 1363 156 298 77881 478 2955
Sports 2664 3839 3863 298 11031 509
Wheels 2353 1537 236 984 917 1520

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 41. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 48.9% 49.8% 47.5% 95.6% 53.8% 19.0%
Specificity 94.6% 95.5% 94.0% 93.3% 92.0% 96.0%
PPV 48.9% 61.8% 44.1% 93.7% 49.7% 20.1%
NPV 94.6% 92.8% 94.8% 95.3% 93.1% 95.7%
Precision 48.9% 61.8% 44.1% 93.7% 49.7% 20.1%
Recall 48.9% 49.8% 47.5% 95.6% 53.8% 19.0%
F1 48.9% 55.1% 45.7% 94.6% 51.6% 19.5%
Balanced Accuracy 71.8% 72.6% 70.8% 94.5% 72.9% 57.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 42. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 8312 1599 1677 1379 2903 1845
CWR 759 9988 3277 118 1228 1119
Rec_LTA 695 4003 4175 102 4667 389
SLA 1060 119 95 78751 360 249
Sports 3297 2459 4746 826 10828 659
Wheels 1117 2330 480 310 529 3756

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 43. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 54.5% 48.7% 28.9% 96.6% 52.8% 46.9%
Specificity 93.5% 95.3% 93.2% 97.6% 91.4% 96.9%
PPV 46.9% 60.6% 29.8% 97.7% 47.5% 44.1%
NPV 95.1% 92.7% 93.0% 96.6% 92.9% 97.2%
Precision 46.9% 60.6% 29.8% 97.7% 47.5% 44.1%
Recall 54.5% 48.7% 28.9% 96.6% 52.8% 46.9%
F1 50.4% 54.0% 29.3% 97.2% 50.0% 45.4%
Balanced Accuracy 74.0% 72.0% 61.1% 97.1% 72.1% 71.9%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 44. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9460 1029 751 690 2462 2537
CWR 511 11997 2166 143 1382 779
Rec_LTA 434 3092 7438 83 3310 136
SLA 679 113 51 79452 254 538
Sports 2937 2479 3825 513 12674 635
Wheels 1219 1788 219 605 433 3392

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 45. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 62.1% 58.5% 51.5% 97.5% 61.8% 42.3%
Specificity 94.8% 96.4% 95.2% 97.9% 92.6% 97.2%
PPV 55.9% 70.7% 51.3% 98.0% 55.0% 44.3%
NPV 96.0% 94.1% 95.2% 97.4% 94.3% 97.0%
Precision 55.9% 70.7% 51.3% 98.0% 55.0% 44.3%
Recall 62.1% 58.5% 51.5% 97.5% 61.8% 42.3%
F1 58.8% 64.0% 51.4% 97.7% 58.2% 43.3%
Balanced Accuracy 78.5% 77.5% 73.3% 97.7% 77.2% 69.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 46. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9505 1446 1215 3503 2514 1967
CWR 1402 14911 3152 214 3520 1124
Rec_LTA 119 2366 4278 3 1706 183
SLA 3122 81 66 77489 419 4485
Sports 1087 1557 5737 276 12345 191
Wheels 5 137 2 1 11 67

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 47. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 62.4% 72.7% 29.6% 95.1% 60.2% 0.8%
Specificity 92.7% 93.3% 97.0% 89.6% 93.7% 99.9%
PPV 47.2% 61.3% 49.4% 90.5% 58.3% 30.0%
NPV 95.9% 95.9% 93.3% 94.6% 94.1% 95.0%
Precision 47.2% 61.3% 49.4% 90.5% 58.3% 30.0%
Recall 62.4% 72.7% 29.6% 95.1% 60.2% 0.8%
F1 53.7% 66.5% 37.0% 92.7% 59.2% 1.6%
Balanced Accuracy 77.5% 83.0% 63.3% 92.4% 76.9% 50.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 48. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9774 1087 846 819 2652 1557
CWR 1087 15584 4998 63 1619 1566
Rec_LTA 48 1467 2000 5 1195 50
SLA 1827 125 88 79970 365 1422
Sports 2286 1360 6494 613 14643 559
Wheels 218 875 24 16 41 2863

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 49. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 64.1% 76.0% 13.8% 98.1% 71.4% 35.7%
Specificity 95.2% 93.3% 98.1% 95.1% 91.9% 99.2%
PPV 58.4% 62.5% 42.0% 95.4% 56.4% 70.9%
NPV 96.2% 96.4% 92.0% 98.0% 95.6% 96.7%
Precision 58.4% 62.5% 42.0% 95.4% 56.4% 70.9%
Recall 64.1% 76.0% 13.8% 98.1% 71.4% 35.7%
F1 61.1% 68.6% 20.8% 96.8% 63.0% 47.5%
Balanced Accuracy 79.7% 84.7% 56.0% 96.6% 81.6% 67.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 50. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11467 617 766 769 2525 1714
CWR 877 16184 3978 115 1789 1371
Rec LTA 126 1906 5479 5 1777 36
SLA 924 72 63 80176 233 1476
Sports 1647 1386 4158 366 14171 490
Wheels 199 333 6 55 20 2930

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 51. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 75.2% 79.0% 37.9% 98.4% 69.1% 36.5%
Specificity 95.6% 94.2% 97.4% 96.5% 94.2% 99.6%
PPV 64.2% 66.6% 58.7% 96.7% 63.8% 82.7%
NPV 97.3% 96.8% 94.1% 98.3% 95.4% 96.8%
Precision 64.2% 66.6% 58.7% 96.7% 63.8% 82.7%
Recall 75.2% 79.0% 37.9% 98.4% 69.1% 36.5%
F1 69.3% 72.2% 46.1% 97.5% 66.3% 50.7%
Balanced Accuracy 85.4% 86.6% 67.6% 97.4% 81.7% 68.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 52. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9783 1091 496 1653 2130 2174
CWR 453 11832 2189 1515 699
Rec_LTA 258 3075 7509 2168 126
SLA 1304 332 155 79173 358 3326
Sports 2326 3206 4009 277 13958 398
Wheels 1116 962 92 267 386 1294

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 53. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 64.2% 57.7% 52.0% 97.2% 68.0% 16.1%
Specificity 94.8% 96.5% 96.1% 93.0% 92.7% 98.1%
PPV 56.5% 70.7% 56.8% 93.5% 57.7% 31.4%
NPV 96.2% 94.0% 95.3% 96.9% 95.2% 95.7%
Precision 56.5% 70.7% 56.8% 93.5% 57.7% 31.4%
Recall 64.2% 57.7% 52.0% 97.2% 68.0% 16.1%
F1 60.1% 63.6% 54.3% 95.3% 62.5% 21.3%
Balanced Accuracy 79.5% 77.1% 74.0% 95.1% 80.4% 57.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 54. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9757 1272 1310 1178 2699 1862
CWR 555 12491 3737 38 898 1352
Rec_LTA 581 3069 3688 49 3462 392
SLA 785 97 74 79374 227 465
Sports 3072 1848 5433 723 13097 642
Wheels 490 1721 208 124 132 3304

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 55. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 64.0% 60.9% 25.5% 97.4% 63.8% 41.2%
Specificity 94.3% 95.3% 94.8% 97.9% 91.6% 98.2%
PPV 54.0% 65.5% 32.8% 98.0% 52.8% 55.3%
NPV 96.1% 94.3% 92.8% 97.3% 94.5% 96.9%
Precision 54.0% 65.5% 32.8% 98.0% 52.8% 55.3%
Recall 64.0% 60.9% 25.5% 97.4% 63.8% 41.2%
F1 58.6% 63.1% 28.7% 97.7% 57.8% 47.2%
Balanced Accuracy 79.1% 78.1% 60.2% 97.7% 77.7% 69.7%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 56. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11366 766 520 475 2111 1812
CWR 291 14194 2028 I8 912 745
Rec_LTA 205 2363 8300 35 1671 80
SLA 496 196 62 80574 247 738
Sports 2514 2187 3506 323 15521 631
Wheels 368 792 34 61 53 4011

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 57. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 74.6% 69.2% 57.4% 98.9% 75.7% 50.0%
Specificity 96.1% 97.1% 97.0% 97.8% 93.4% 99.1%
PPV 66.7% 78.0% 65.6% 97.9% 62.9% 75.4%
NPV 97.3% 95.6% 95.8% 98.8% 96.3% 97.4%
Precision 66.7% 78.0% 65.6% 97.9% 62.9% 75.4%
Recall 74.6% 69.2% 57.4% 98.9% 75.7% 50.0%
F1 70.4% 73.4% 61.2% 98.4% 68.7% 60.2%
Balanced Accuracy 85.3% 83.2% 77.2% 98.3% 84.5% 74.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 58. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10925 672 491 1493 2223 2315
CWR 680 14095 2441 158 2057 786
Rec_LTA 200 2650 7931 76 2077 170
SLA 994 229 87 78655 281 2750
Sports 1582 1806 3441 187 13539 299
Wheels 859 1046 59 917 338 1697

CWR = continuous walking and running,; SLA = seated and lying activities; Rec _LTA = recreational and leisure time

activities

Table 59. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 71.7% 68.8% 54.9% 96.5% 66.0% 21.2%
Specificity 95.0% 95.6% 96.5% 94.5% 94.8% 97.9%
PPV 60.3% 69.7% 60.5% 94.8% 64.9% 34.5%
NPV 97.0% 95.4% 95.6% 96.3% 95.0% 95.9%
Precision 60.3% 69.7% 60.5% 94.8% 64.9% 34.5%
Recall 71.7% 68.8% 54.9% 96.5% 66.0% 21.2%
F1 65.5% 69.2% 57.6% 95.6% 65.5% 26.2%
Balanced Accuracy 83.4% 82.2% 75.7% 95.5% 80.4% 59.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 60. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10960 1054 1066 1289 2603 1475
CWR 649 14903 3806 48 973 1853
Rec_LTA 404 2101 5094 58 2464 220
SLA 547 73 66 79302 125 278
Sports 2428 1397 4396 617 14320 621
Wheels 252 970 22 172 30 3570

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 61. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 71.9% 72.7% 35.3% 97.3% 69.8% 44.5%
Specificity 94.8% 94.8% 96.4% 98.6% 93.2% 99.0%
PPV 59.4% 67.0% 49.3% 98.6% 60.2% 71.2%
NPV 97.0% 95.9% 93.8% 97.3% 95.5% 97.1%
Precision 59.4% 67.0% 49.3% 98.6% 60.2% 71.2%
Recall 71.9% 72.7% 35.3% 97.3% 69.8% 44.5%
F1 65.1% 69.8% 41.1% 98.0% 64.7% 54.8%
Balanced Accuracy 83.4% 83.7% 65.8% 98.0% 81.5% 71.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 62. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11553 523 566 714 2111 1190
CWR 354 14975 1966 41 1186 733
Rec_LTA 194 2354 8850 34 1901 145
SLA 558 65 70 80210 274 1049
Sports 2107 1694 2941 353 14976 622
Wheels 474 887 57 134 67 4278

CWR = continuous walking and running; SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 63. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 75.8% 73.1% 61.2% 98.4% 73.0% 53.4%
Specificity 96.5% 96.9% 96.8% 97.4% 94.5% 98.9%
PPV 69.4% 77.8% 65.7% 97.5% 66.0% 72.5%
NPV 97.4% 96.1% 96.2% 98.4% 96.0% 97.6%
Precision 69.4% 77.8% 65.7% 97.5% 66.0% 72.5%
Recall 75.8% 73.1% 61.2% 98.4% 73.0% 53.4%
F1 72.4% 75.3% 63.4% 98.0% 69.3% 61.5%
Balanced Accuracy 86.1% 85.0% 79.0% 97.9% 83.7% 76.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 64. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1509 124 1078 1 24 172 535 18 4 260 1080 387 67 554
Book 11 2196 6 2347 815 290 8 8632 1635 1 8 8 308 39
Catch 1296 20 2335 16 73 237 308 69 22 180 1503 809 335 786
Computer 9 1494 13 6079 1365 306 121 14333 2109 0 3 33 193 63
Cycling 8 366 32 1221 2719 338 27 633 566 2 19 39 84 75
Dust 132 435 283 427 773 3039 75 418 342 39 235 773 992 889
Jumping Jacks 439 0 274 5 8 37 3327 0 0 828 361 95 7 472
Lying 9 1174 37 2628 309 227 29 22077 1420 0 10 9 178 42
Reclining 4 862 14 2516 1471 257 31 3325 1421 0 3 23 110 54
Run 195 1 237 27 4 25 621 3 21 a7 154 2 0 238
Soccer 1369 5 1018 41 29 121 760 47 81 280 2005 613 72 880
Stairs 382 26 928 43 104 917 48 170 63 35 875 2812 586 1958
Sweep 163 340 374 228 230 1064 67 767 212 45 214 685 4256 503
Walk 365 293 687 46 93 640 667 92 45 317 838 1498 382 7787
Table 65. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Decision Tree Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 256%  29.9% 31.9% 38.9%  33.9% 39.6% 50.2% 43.6% 17.9% 67.7%  274% 35.9% 356.2% 543%
Specificity 972%  90.8% 96.3% 86.1%  97.8% 96.2% 98.4% 94.5% 94.3% 99.0%  965% 96.0% 96.8% 95.9%
PPV 260%  13.5% 29.2% 233%  44.4% 343% 56.8% 78.4% 14.1% 727%  274% 314% 465% 56.6%
NPV 972%  96.4% 96.7% 929%  96.6% 96.9% 97.9% 78.4% 95.7% 98.7%  965% 96.7% 97.8% 95.5%
Precision 260%  13.5% 29.2% 233%  44.4% 343% 56.8% 78.4% 14.1% 727%  274% 314% 465% 56.6%
Recall 25.6%  29.9% 31.9% 38.9%  33.9% 39.6% 50.2% 43.6% 17.9% 67.7%  274% 35.9% 562% 54.3%
F1 258%  18.6% 30.5% 201%  384% 36.8% 53.3% 56.1% 15.8% 70.1%  274% 33.5% 50.9% 554%
Balanced Accuracy  61.4%  60.4% 64.1% 62.5%  65.8% 67.9% 74.3% 69.1% 56.1% 83.4%  62.0%  66.0% 76.5% 75.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 66. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1319 111 1117 31 48 337 515 54 62 175 1153 599 132 680
Book 19 1632 52 2468 1302 487 48 3875 1356 11 44 74 164 79
Catch 1032 42 1574 31 179 514 336 74 72 121 1137 998 222 885
Computer 20 2149 16 4952 408 367 26 11619 2176 0 11 5 44 16
Cycling 14 210 56 306 3815 794 17 226 563 1 32 12 303 87
Dust 214 238 465 220 949 1875 34 217 428 99 365 666 1427 552
Jumping Jacks 401 7 292 0 29 35 3146 2 1 908 535 198 14 777
Lying 32 1653 25 5407 159 145 58 31003 2108 8 79 58 65 25
Reclining 10 917 25 1977 630 487 12 3264 844 2 17 31 171 47
Run 106 0 188 0 14 39 679 3 5 1942 103 132 12 1527
Soccer 1382 80 1457 100 64 330 477 62 95 364 1564 1050 382 1202
Stairs 672 31 896 11 40 395 160 33 25 327 1091 1626 526 1819
Sweep 70 228 127 94 260 1296 135 85 168 28 228 643 3084 1283
Walk 600 38 1026 28 120 569 981 67 38 2172 949 1734 1024 5361
Table 67. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Decision Tree Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 22.4% 22.2% 21.5% 31.7% 47.6% 24.4% 47.5% 61.3% 10.6% 31.5% 214% 20.8% 40.7% 37.4%
Specificity 96.8% 93.5% 96.3% 88.3% 98.3% 96.1% 97.9% 91.0% 95.0% 98.2% 95.4% 96.0% 97.0% 93.6%
PPV 20.8% 14.1% 21.8% 22.7% 59.3% 242% 49.6% 75.9% 10.0% 40.9% 182% 21.2% 39.9% 36.5%
NPV 97.0% 96.2% 96.2% 92.3% 97.3% 96.2% 97.7% 83.6% 95.3% 97.3% 96.2%  95.9% 97.1% 93.8%
Precision 20.8% 14.1% 21.8% 22.7% 59.3% 24.2% 49.6% 75.9% 10.0% 40.9% 182% 21.2% 39.9% 36.5%
Recall 22.4% 222% 21.5% 31.7% 47.6% 24.4% 47.5% 61.3% 10.6% 31.5% 214% 20.8% 40.7% 37.4%
F1 21.6% 17.2% 21.7% 26.5% 52.8% 243% 48.5% 67.8% 10.3% 35.6% 19.7% 21.0% 403% 36.9%
Balanced Accuracy 59.6% 57.9% 58.9% 60.0% 72.9% 60.3% 72.7% 76.2% 52.8% 64.9% 584% 58.4% 68.8% 65.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 68. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Decision Tree Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1528 2 1241 9 41 180 674 18 5 182 1161 423 84 497
Book 17 2785 31 2085 438 272 18 7315 1952 1 8 27 129 26
Catch 1310 24 2229 5 90 329 272 7 47 209 1449 631 289 759
Computer 14 1749 16 7976 432 230 92 11316 1838 1 12 14 32 17
Cycling 10 124 16 307 5495 615 23 124 552 1 10 25 58 29
Dust 122 294 359 314 619 3364 70 179 316 53 296 665 957 552
Jumping Jacks 444 4 306 8 5 37 3756 4 3 582 397 155 22 706
Lying 11 1038 32 2496 85 110 82 26883 1197 0 5 8 33 11
Reclining 48 1061 38 2277 534 188 13 4365 1841 0 8 3 47 10
Run 143 10 155 1 1 64 454 1 0 4382 151 33 17 126
Soccer 1300 23 898 17 24 319 571 7 14 289 2033 498 108 735
Stairs 414 28 811 24 42 602 80 39 40 33 702 3267 301 2095
Sweep 101 163 298 61 94 883 47 225 102 49 164 350 5052 591
Walk 429 31 886 45 117 477 472 37 34 376 912 1727 441 8186
Table 69. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Decision Tree Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 259%  38.0% 30.5% 51.0%  68.5% 43.9% 56.7% 53.1% 23.2% 712%  278% 41.7% 66.7% 57.1%
Specificity 97.1%  91.9% 96.4% 89.1%  98.8% 96.9% 98.3% 95.3% 94.4% 992%  96.9% 96.6% 98.0% 95.9%
PPV 253%  18.4% 28.9% 33.6%  74.4% 412% 58.4% 84.0% 17.6% 791%  297% 38.5% 61.8% S7.8%
NPV 972%  96.9% 96.7% 94.4%  983% 97.2% 98.1% 81.5% 95.9% 98.9%  96.6% 97.0% 98.3% 95.8%
Precision 253%  18.4% 28.9% 33.6%  74.4% 412% 58.4% 84.0% 17.6% 79.1%  297% 38.5% 61.8% 57.8%
Recall 259%  38.0% 30.5% 51.0%  68.5% 43.9% 56.7% 53.1% 23.2% 712%  278% 41.7% 66.7% 57.1%
F1 25.6%  24.8% 29.7% 405%  713% 42.5% 57.5% 65.1% 20.0% 749%  287% 40.1% 64.2% 57.4%
Balanced Accuracy  61.5%  65.0% 63.4% 70.1%  83.6% 70.4% 77.5% 74.2% 58.8% 852%  62.3% 69.2% 82.3% 76.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 70. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1435 0 887 0 0 63 389 1 0 186 874 129 2 150
Book 4 293 14 184 16 84 12 588 159 0 4 11 553 28
Catch 1688 16 2687 15 65 157 219 41 23 171 1404 416 148 442
Computer 5 894 16 4158 2066 289 159 7288 1295 0 3 35120 37
Cycling 10 53 3 231 656 313 10 79 208 0 12 47 81 38
Dust 35 263 112 188 430 2127 22 197 203 12 96 389 690 182
Jumping Jacks 419 0 71 0 1 53 4070 0 0 737 481 116 4 589
Lying 15 5403 5 10344 4382 615 39 40668 5630 0 3 7 209 111
Reclining 0 0 0 1 0 0 0 0 0 0 0 0 0 0
Run 153 0 160 0 0 8 341 0 0 4370 75 14 2 70
Soccer 892 0 646 5 11 85 446 10 2 131 1700 237 30 469
Stairs 368 10 946 28 105 336 110 36 52 30 597 1442 247 1115
Sweep 276 352 498 249 152 954 a3 481 282 24 280 820 4169 703
Walk 591 52 1271 222 133 2586 764 1195 87 497 1779 4163 1290 10406

Table 71. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Lasso Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk

Sensitivity 244%  4.0% 36.7% 26.6%  8.2% 27.7% 61.4% 80.4% 0.0% 71.0%  233% 18.4% 55.1% 72.6%
Specificity 982%  98.9% 96.9% 91.6%  993% 98.2% 98.4% 75.6% 100.0% 99.5%  98.1% 97.4% 96.6% 90.0%
PPV 347%  15.0% 35.9% 254%  31.7% 43.0% 62.2% 60.3% 0.0% 842%  364% 26.6% 44.9% 41.6%
NPV 97.1%  95.5% 97.0% 920%  95.4% 96.4% 98.3% 89.3% 95.0% 98.8%  96.4% 95.9% 97.7% 97.1%
Precision 347%  15.0% 35.9% 254%  31.7% 43.0% 62.2% 60.3% 0.0% 842%  364% 26.6% 44.9% 41.6%
Recall 244%  4.0% 36.7% 26.6%  82% 27.7% 61.4% 80.4% 0.0% 71.0%  233% 184% 55.1% 72.6%
Fl 286%  63% 36.3% 26.0%  13.4% 33.7% 61.8% 68.9% NA 77.0%  28.4% 21.8% 49.5% 52.9%
Balanced Accuracy  61.3%  51.5% 66.8% 59.1%  53.7% 62.9% 79.9% 78.0% 50.0% 852%  60.7% 57.9% 75.9% 813%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 72. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1674 0 1168 1 4 60 540 0 0 244 1344 422 36 522
Book 5 407 14 519 509 952 31 304 488 1 28 4 58 45
Catch 1386 50 2025 52 220 469 205 84 71 143 1503 739 341 990
Computer 2 1809 2 3312 335 206 44 4193 1371 0 10 0 38 13
Cycling 0 83 1 120 3433 645 1 61 321 0 1 0 213 44
Dust 151 462 378 211 594 2438 79 317 356 36 261 405 969 237
Jumping Jacks 476 1 150 10 0 17 3704 23 4 864 570 163 4 978
Lying 12 4352 8 11323 2542 270 150 45448 5129 2 25 3 3 23
Reclining 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Run 28 0 1 0 0 13 743 0 0 1404 41 14 0 567
Soccer 521 1 422 7 11 30 255 2 0 68 601 242 27 299
Stairs 698 27 1164 17 18 357 63 44 33 76 1221 1565 295 982
Sweep 34 116 51 45 307 1590 15 73 149 14 182 641 4023 915
Walk 904 28 1932 8 44 623 794 35 19 3306 1521 3628 1563 8725
Table 73. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Lasso Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 28.4% 5.5% 27.7% 21.2% 42.8% 31.8% 55.9% 89.8% 0.0% 22.8% 8.2% 20.0% 53.1% 60.8%
Specificity 97.2% 98.1% 95.9% 94.5% 99.0% 97.1% 97.9% 78.3% 100.0% 99.1% 98.8% 96.7% 97.3% 90.1%
PPV 27.8% 12.1% 24.5% 29.2% 69.7% 35.4% 53.2% 65.6% NA 49.9% 242% 23.9% 493% 37.7%
NPV 97.3% 95.6% 96.5% 91.7% 97.0% 96.6% 98.1% 94.4% 95.0% 97.0% 95.7%  95.9% 97.7% 95.9%
Precision 27.8% 12.1% 24.5% 29.2% 69.7% 35.4% 53.2% 65.6% NA 49.9% 242% 23.9% 493% 37.7%
Recall 28.4% 5.5% 27.7% 21.2% 42.8% 31.8% 55.9% 89.8% 0.0% 22.8% 8.2% 20.0% 53.1% 60.8%
F1 28.1% 7.6% 26.0% 24.6% 53.1% 33.5% 54.5% 75.8% NA 31.3% 123% 21.8% 51.2% 46.6%
Balanced Accuracy  62.8% 51.8% 61.8% 57.8% 70.9% 64.4% 76.9% 84.0% 50.0% 60.9% 53.5% 58.4% 752% 75.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 74. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1666 0 1155 0 0 35 442 1 0 118 932 161 21 270
Book 17 1525 23 842 182 382 33 2107 851 0 1 19 201 27
Catch 1601 22 2640 25 96 199 237 62 15 221 1412 474 159 653
Computer 5 1292 2 5720 770 179 85 3661 2124 0 14 14 8 6
Cycling 14 99 5 158 4799 323 12 28 500 0 2 25 94 65
Dust 110 223 236 177 502 4181 53 235 205 38 285 539 856 310
Jumping Jacks 356 0 82 8 11 42 4224 26 0 351 357 112 11 588
Lying 16 3948 21 8562 1423 274 103 44217 4076 1 7 2 4 5
Reclining 0 41 0 56 122 86 3 5 39 0 0 2 4 1
Run 82 0 15 0 0 24 281 0 0 4782 150 11 0 13
Soccer 883 10 507 2 1 130 316 16 10 196 1921 126 63 242
Stairs 498 31 1058 27 24 446 112 40 46 14 658 2580 321 1498
Sweep 142 126 256 36 62 620 11 128 62 27 287 481 5286 677
Walk 501 19 1316 12 25 749 712 58 13 410 1282 3280 542 9985
Table 75. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Lasso Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 28.3% 20.8% 36.1% 36.6% 59.9% 54.5% 63.8% 87.4% 0.5% 77.7% 26.3% 33.0% 69.8% 69.6%
Specificity 98.0% 96.9% 96.6% 94.4% 99.1% 97.5% 98.7% 83.2% 99.8% 99.6% 98.4% 96.9% 98.1% 93.9%
PPV 34.7% 24.6% 33.8% 41.2% 78.4% 52.6% 68.5% 70.6% 10.9% 89.2% 43.4% 35.1% 64.5% 52.8%
NPV 97.3% 96.2% 96.9% 93.2% 97.9% 97.7% 98.4% 93.5% 95.1% 99.1% 96.5% 96.6% 98.5% 96.9%
Precision 34.7% 24.6% 33.8% 41.2% 78.4% 52.6% 68.5% 70.6% 10.9% 89.2% 43.4%  35.1% 64.5% 52.8%
Recall 28.3% 20.8% 36.1% 36.6% 59.9% 54.5% 63.8% 87.4% 0.5% 77.7% 263% 33.0% 69.8% 69.6%
F1 31.2% 22.5% 34.9% 38.8% 67.9% 53.5% 66.0% 78.1% 0.9% 83.0% 328% 34.0% 67.0% 60.1%
Balanced Accuracy 63.1% 58.9% 66.3% 65.5% 79.5% 76.0% 81.3% 85.3% 50.1% 88.6% 623% 64.9% 84.0% 81.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 76. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Random Forest Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1761 10 1001 0 12 100 611 9 9 228 990 230 37 354
Book 13 2989 0 1946 715 231 10 4135 1709 0 0 5 264 63
Catch 1545 19 3087 23 90 203 225 83 28 179 1411 702 358 759
Computer 4 1223 12 8144 1732 237 137 13177 2043 0 3 17 44 23
Cycling 6 232 3 808 2772 183 26 397 573 0 7 12 26 10
Dust 71 504 191 634 822 3647 34 219 381 20 174 459 612 620
Jumping Jacks 311 0 196 0 2 44 3899 0 0 732 255 69 7 415
Lying 6 1368 14 2599 184 214 21 29556 1567 0 4 5 87 35
Reclining 2 619 1 1126 1175 111 19 2294 1225 0 0 8 34 25
Run 168 1 199 5 3 16 357 1 3 4324 128 18 0 143
Soccer 1228 2 974 6 18 127 584 12 11 288 2580 485 53 656
Stairs 331 38 801 43 218 865 36 76 49 29 728 3630 535 1864
Sweep 149 300 275 251 245 1202 76 560 311 22 208 625 5238 514
Walk 296 31 562 40 29 490 589 65 32 336 820 1561 275 8859

Table 77. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 29.9% 40.7% 422% 52.1% 34.6% 47.5% 58.9% 58.4% 15.4% 70.2% 353% 46.4% 69.2% 61.8%
Specificity 97.7% 94.1% 96.3% 87.1% 98.5% 96.9% 98.7% 94.4% 96.4% 99.3% 97.1% 96.3% 96.9% 96.5%
PPV 32.9% 24.7% 35.4% 30.4% 54.8% 43.5% 65.8% 82.9% 18.5% 80.6% 36.7% 39.3% 52.5% 63.3%
NPV 97.3% 97.1% 97.2% 94.4% 96.6% 97.4% 98.2% 83.1% 95.6% 98.8% 96.9% 97.2% 98.4% 96.3%
Precision 32.9% 24.7% 35.4% 30.4% 54.8% 43.5% 65.8% 82.9% 18.5% 80.6% 36.7% 39.3% 52.5% 63.3%
Recall 29.9% 40.7% 42.2% 52.1% 34.6% 47.5% 58.9% 58.4% 15.4% 70.2% 353% 46.4% 69.2% 61.8%
F1 31.3% 30.8% 38.5% 38.4% 42.4% 45.4% 62.1% 68.5% 16.8% 75.0% 36.0% 42.5% 59.7% 62.6%
Balanced Accuracy  63.8% 67.4% 69.3% 69.6% 66.5% 72.2% 78.8% 76.4% 55.9% 84.8% 66.2% 71.4% 83.0% 79.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 78. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Random Forest Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1462 24 1128 25 22 136 769 18 23 227 1192 464 107 576
Book 12 1646 39 2017 1275 439 26 1853 1277 9 28 15 100 32
Catch 1245 61 1897 47 163 533 227 78 64 134 1288 873 193 891
Computer 7 2174 11 5158 278 329 22 10519 1847 7 14 17 59 35
Cycling 6 155 16 291 4347 612 19 158 545 1 15 9 206 46
Dust 178 445 348 272 987 3065 37 325 556 46 355 581 1383 401
Jumping Jacks 358 0 194 0 17 21 3017 1 2 875 497 162 33 756
Lying 4 2035 6 6659 121 53 84 34940 2699 0 24 12 10 5
Reclining 0 571 6 1022 368 160 8 2543 708 0 5 9 52 6
Run 58 2 106 4 15 21 761 0 1 2222 83 59 6 1577
Soccer 1304 23 1359 39 52 249 489 25 22 267 1435 974 238 951
Stairs 725 25 972 16 13 366 73 27 31 237 1204 2042 521 1644
Sweep 42 152 91 67 240 1184 123 67 139 13 240 665 3833 1252
Walk 490 23 1143 8 119 502 969 30 27 2120 928 1944 829 6168
Table 79. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Random Forest Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 24.8% 22.4% 25.9% 33.0% 54.2% 40.0% 45.5% 69.1% 8.9% 36.1% 19.6% 26.1% 50.6% 43.0%
Specificity 96.9% 95.3% 96.2% 89.4% 98.6% 96.1% 98.1% 89.3% 96.9% 98.3% 96.1% 96.2% 97.2% 93.7%
PPV 23.7% 18.8% 24.7% 252% 67.6% 34.1% 50.9% 74.9% 13.0% 452% 193% 25.9% 47.3% 40.3%
NPV 97.1% 96.2% 96.4% 92.5% 97.6% 97.0% 97.7% 86.2% 95.3% 97.5% 96.2% 96.2% 97.5% 94.4%
Precision 23.7% 18.8% 24.7% 25.2% 67.6% 34.1% 50.9% 74.9% 13.0% 45.2% 193% 25.9% 47.3% 40.3%
Recall 24.8% 22.4% 25.9% 33.0% 54.2% 40.0% 45.5% 69.1% 8.9% 36.1% 19.6% 26.1% 50.6% 43.0%
F1 24.2% 20.4% 253% 28.6% 60.2% 36.8% 48.1% 71.9% 10.6% 40.1% 19.5% 26.0% 48.9% 41.6%
Balanced Accuracy  60.9% 58.9% 61.1% 61.2% 76.4% 68.0% 71.8% 79.2% 52.9% 67.2% 57.9% 61.1% 73.9% 68.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 80. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 2070 2 1102 17 13 63 598 2 5 147 1030 221 24 382
Book 11 3593 5 1768 217 273 17 3694 1885 0 2 4 40 14
Catch 1519 38 3416 22 120 321 210 69 35 185 1529 623 350 702
Computer 4 1391 5 9420 302 131 67 9386 2297 0 5 9 5 10
Cycling 6 68 2 256 6140 333 11 55 426 0 6 19 13 30
Dust 110 345 214 192 759 4426 52 225 289 30 216 505 759 402
Jumping Jacks 252 1 184 0 3 40 4390 0 0 347 234 86 8 545
Lying 2 1154 9 3090 35 95 92 36535 1404 0 7 2 5 1
Reclining 0 594 1 773 190 66 23 429 1472 0 1 3 1 3
Run 87 1 89 0 4 31 223 0 0 4892 162 16 7 61
Soccer 1070 1 715 9 4 202 372 3 9 347 2614 378 70 496
Stairs 385 28 799 21 55 608 34 35 37 16 614 4068 285 1787
Sweep 85 96 125 47 136 690 49 122 70 33 144 261 5745 502
Walk 290 24 650 10 39 391 486 29 12 161 744 1631 258 9405
Table 81. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Random Forest Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 35.1% 49.0% 46.7% 60.3% 76.6% 57.7% 66.3% 72.2% 18.5% 79.4% 358% 52.0% 75.9% 65.6%
Specificity 97.7% 94.8% 96.3% 90.6% 99.2% 97.3% 98.9% 94.6% 98.6% 99.6% 97.6% 96.9% 98.5% 96.8%
PPV 36.5% 31.2% 37.4% 40.9% 83.4% 51.9% 72.1% 86.1% 41.4% 87.8% 41.6% 46.4% T70.9% 66.6%
NPV 97.5% 97.5% 97.4% 95.5% 98.8% 97.9% 98.6% 88.1% 95.9% 99.2% 97.0% 97.5% 98.8% 96.6%
Precision 36.5% 31.2% 37.4% 40.9% 83.4% 51.9% 72.1% 86.1% 41.4% 87.8% 41.6% 46.4% 70.9% 66.6%
Recall 35.1% 49.0% 46.7% 60.3% 76.6% 57.7% 66.3% 72.2% 18.5% 79.4% 35.8% 52.0% 75.9% 65.6%
F1 35.8% 38.1% 41.5% 48.7% 79.8% 54.7% 69.1% 78.6% 25.6% 83.4% 38.4% 49.0% 733% 66.1%
Balanced Accuracy  66.4% 71.9% 71.5% 75.4% 87.9% 77.5% 82.6% 83.4% 58.6% 89.5% 66.7% 74.4% 87.2% 81.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 82. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Neural Network Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1323 0 802 0 1 69 362 1 0 122 769 101 42 118
Book 14 2376 1 1191 385 252 13 257 931 0 0 5 482 99
Catch 1612 24 3137 32 111 274 150 64 48 183 1321 645 354 584
Computer 10 1717 4 7576 2527 212 148 7091 2550 0 2 15 67 31
Cycling 5 313 4 887 3587 199 21 718 829 0 6 11 13 11
Dust 25 262 95 457 725 3310 29 195 254 13 96 313 438 309
Jumping Jacks 414 0 116 0 3 50 4294 0 0 704 484 105 5 625
Lying 17 2129 24 5003 270 295 28 38958 2788 1 24 14 72 40
Reclining 0 14 0 80 73 21 1 62 101 0 0 0 6 0
Run 204 0 235 0 4 16 406 0 0 4625 72 14 0 155
Soccer 1309 1 864 3 0 92 393 8 5 222 2246 330 29 680
Stairs 396 41 949 35 83 713 68 68 40 33 849 3495 457 1746
Sweep 197 418 366 307 208 1310 48 696 349 18 210 782 5058 653
Walk 365 41 719 54 40 857 663 152 46 237 1229 1996 547 9289
Table 83. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Neural Network Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 22.5% 32.4% 42.9% 48.5% 44.7% 43.2% 64.8% 77.0% 1.3% 75.1% 30.7% 44.7% 66.8% 64.8%
Specificity 98.5% 96.1% 96.5% 90.1% 98.0% 97.9% 98.4% 90.2% 99.8% 99.3% 97.4% 96.4% 96.4% 952%
PPV 35.7% 28.6% 36.7% 34.5% 54.3% 50.8% 63.1% 78.4% 28.2% 80.7% 36.3% 39.0% 47.6% 57.2%
NPV 97.1% 96.7% 97.2% 94.2% 97.1% 97.2% 98.5% 89.5% 95.1% 99.0% 96.7% 97.1% 98.3% 96.5%
Precision 35.7% 28.6% 36.7% 34.5% 543% 50.8% 63.1% 78.4% 28.2% 80.7% 363% 39.0% 47.6% 572%
Recall 22.5% 32.4% 42.9% 48.5% 44.7% 43.2% 64.8% 77.0% 1.3% 75.1% 30.7% 44.7% 66.8% 64.8%
F1 27.6% 30.4% 39.6% 40.3% 49.1% 46.6% 64.0% 77.7% 2.4% 77.8% 333% 41.6% 55.6% 60.8%
Balanced Accuracy  60.5% 64.2% 69.7% 69.3% 71.4% 70.5% 81.6% 83.6% 50.6% 87.2% 64.1%  70.5% 81.6% 80.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 84. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1751 6 840 6 10 49 617 26 11 251 1462 283 81 483
Book 1 831 6 683 262 315 20 755 607 1 15 0 17 25
Catch 1774 69 2719 52 175 641 229 76 54 190 2044 1311 288 1287
Computer 2 3256 1 6908 373 129 16 4906 2405 0 8 6 1 11
Cycling 10 201 16 413 5740 629 14 196 801 3 20 4 151 53
Dust 130 675 319 342 881 3546 85 410 680 26 213 343 1349 253
Jumping Jacks 370 0 193 10 17 20 3426 0 0 584 529 183 14 735
Lying 0 2144 4 7139 55 31 103 44072 3161 0 17 7 15 1
Reclining 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Run 74 0 47 0 2 16 1036 0 0 2906 84 26 0 1750
Soccer 576 2 749 3 23 73 213 8 9 120 570 409 91 408
Stairs 698 31 1419 18 15 565 99 47 31 184 1481 2954 548 1850
Sweep 29 105 54 48 407 1362 7 75 175 15 179 650 4341 172
Walk 476 16 949 3 57 294 695 13 7 1878 686 1650 674 6302
Table 85. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Neural Network Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 297%  11.3% 37.2% 442%  71.6% 46.2% 51.7% 87.1% 0.0% 472% 78%  37.7% 57.3% 43.9%
Specificity 973%  98.2% 94.6% 923%  98.4% 96.3% 98.3% 88.4% 100.0% 98.0%  982% 95.4% 97.2% 94.9%
PPV 298%  23.5% 24.9% 383%  69.6% 38.3% 56.3% 77.6% NA 48.9%  17.5% 29.7% S50.0% 46.0%
NPV 973%  95.8% 96.9% 93.9%  98.5% 97.3% 97.9% 93.7% 95.0% 97.9%  957% 96.8% 97.9% 94.5%
Precision 298%  23.5% 24.9% 383%  69.6% 38.3% 56.3% 77.6% NA 48.9%  17.5% 29.7% 50.0% 46.0%
Recall 297%  113% 37.2% 442%  71.6% 46.2% 51.7% 87.1% 0.0% 47.2% 78%  37.7% 57.3% 43.9%
F1 298%  153% 29.8% 41.1%  70.6% 41.9% 53.9% 82.1% NA 48.0%  10.8% 33.3% 534% 45.0%
Balanced Accuracy  63.5%  54.8% 65.9% 683%  85.0% 71.2% 75.0% 87.8% 50.0% 726%  53.0% 66.6% T7.3% 69.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 86. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Neural Network Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1563 1 1141 2 1 66 457 1 0 108 887 165 13 271
Book 22 2938 35 1232 290 368 21 3436 1437 1 10 6 88 15
Catch 1605 32 2962 37 102 238 192 59 28 168 1323 550 264 644
Computer 4 1398 2 8329 354 99 53 3616 2873 0 5 6 0 4
Cycling 6 175 1 423 6200 403 21 85 821 0 3 5 13 47
Dust 98 261 180 192 730 4064 60 208 312 35 212 450 629 309
Jumping Jacks 352 0 135 0 1 42 4483 0 0 388 416 98 10 841
Lying 9 2209 19 4970 43 98 101 42807 2091 1 5 12 62 21
Reclining 0 77 0 314 92 25 12 25 224 0 9 1 4 8
Run 111 0 50 0 3 26 258 0 0 4952 128 4 5 43
Soccer 1160 1 849 4 5 152 348 11 16 218 2454 324 91 397
Stairs 518 30 1051 23 19 683 99 51 32 24 1006 4239 399 2462
Sweep 111 176 119 91 154 937 30 256 96 49 198 443 5633 420
Walk 332 38 772 8 23 469 489 29 11 214 652 1523 359 8858
Table 87. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Neural Network Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 26.5% 40.0% 40.5% 533% 77.3% 53.0% 67.7% 84.6% 2.8% 80.4% 33.6% 542% 744% 61.8%
Specificity 98.0% 95.4% 96.6% 94.2% 98.7% 97.6% 98.5% 91.2% 99.6% 99.6% 97.7% 95.8% 98.0% 96.6%
PPV 33.4% 29.7% 36.1% 49.7% 75.6% 52.5% 66.3% 81.6% 28.3% 88.7% 40.7%  39.9% 64.7% 64.3%
NPV 97.2% 97.1% 97.1% 94.9% 98.8% 97.6% 98.6% 92.8% 95.2% 99.2% 96.9% 97.6% 98.7% 96.3%
Precision 33.4% 29.7% 36.1% 49.7% 75.6% 52.5% 66.3% 81.6% 28.3% 88.7% 40.7%  39.9% 64.7% 64.3%
Recall 26.5% 40.0% 40.5% 53.3% 77.3% 53.0% 67.7% 84.6% 2.8% 80.4% 33.6% 542% 744% 61.8%
F1 29.6% 34.1% 38.2% 51.5% 76.4% 52.7% 67.0% 83.1% 5.1% 84.4% 36.8% 45.9% 69.2% 63.0%
Balanced Accuracy  62.3% 67.7% 68.5% 73.7% 88.0% 75.3% 83.1% 87.9% 51.2% 90.0% 65.6%  75.0% 86.2% 79.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 88. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9267 1391 1678 2879 1360 886
CWR 1080 11898 2737 292 2406 52
Rec_LTA 1252 3749 5989 290 2774 249
SLA 1892 276 286 75595 159 4794
Sports 1407 3152 3717 326 13778 130
Wheels 342 32 43 2104 38 1906

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 89. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 60.8% 58.0% 41.4% 92.8% 67.2% 23.8%
Specificity 94.3% 95.3% 94.3% 90.6% 93.7% 98.3%
PPV 53.1% 64.4% 41.9% 91.1% 61.2% 42.7%
NPV 95.8% 93.9% 94.2% 92.4% 95.1% 96.1%
Precision 53.1% 64.4% 41.9% 91.1% 61.2% 42.7%
Recall 60.8% 58.0% 41.4% 92.8% 67.2% 23.8%
F1 56.7% 61.1% 41.7% 91.9% 64.0% 30.5%
Balanced Accuracy 77.6% 76.7% 67.9% 91.7% 80.5% 61.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 90. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 8017 1957 1517 1591 1303 1000
CWR 1322 10906 3465 130 2839 126
Rec LTA 1088 3535 4736 112 3708 59
SLA 1844 190 279 77996 255 2862
Sports 2076 3845 4438 636 12372 276
Wheels 893 65 15 1021 38 3694

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 91. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 52.6% 53.2% 32.8% 95.7% 60.3% 46.1%
Specificity 94.9% 94.4% 94.2% 93.1% 91.9% 98.7%
PPV 52.1% 58.0% 35.8% 93.5% 52.3% 64.5%
NPV 95.0% 93.2% 93.4% 95.5% 94.0% 97.2%
Precision 52.1% 58.0% 35.8% 93.5% 52.3% 64.5%
Recall 52.6% 53.2% 32.8% 95.7% 60.3% 46.1%
F1 52.4% 55.5% 34.2% 94.6% 56.0% 53.8%
Balanced Accuracy  73.8% 73.8% 63.5% 94.4% 76.1% 72.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 92. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10203 1527 1088 1339 1218 952
CWR 928 12421 2699 163 2338 126
Rec LTA 915 3401 6827 309 2768 87
SLA 1331 93 345 78416 143 1469
Sports 1492 3023 3450 455 14005 148
Wheels 371 33 41 804 43 5235

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 93. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 66.9% 60.6% 47.2% 96.2% 68.3% 65.3%
Specificity 95.8% 95.5% 94.9% 95.7% 93.9% 99.2%
PPV 62.5% 66.5% 47.7% 95.9% 62.0% 80.2%
NPV 96.5% 94.3% 94.8% 96.1% 95.3% 98.2%
Precision 62.5% 66.5% 47.7% 95.9% 62.0% 80.2%
Recall 66.9% 60.6% 47.2% 96.2% 68.3% 65.3%
F1 64.6% 63.4% 47.5% 96.0% 65.0% 72.0%
Balanced Accuracy 81.4% 78.1% 71.1% 96.0% 81.1% 82.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 94. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9246 2218 2289 1713 1579 621
CWR 1876 13216 4343 1209 3094 27
Rec_LTA 182 2207 4371 28 1200 73
SLA 3092 281 280 78222 96 6793
Sports 762 2571 3136 173 14539 111
Wheels 82 5 31 141 7 392

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 95. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 60.7% 64.5% 30.2% 96.0% 70.9% 4.9%
Specificity 94.2% 92.4% 97.5% 86.6% 95.2% 99.8%
PPV 52.3% 55.6% 54.2% 88.1% 68.3% 59.6%
NPV 95.8% 94.7% 93.4% 95.4% 95.7% 95.2%
Precision 52.3% 55.6% 54.2% 88.1% 68.3% 59.6%
Recall 60.7% 64.5% 30.2% 96.0% 70.9% 4.9%
F1 56.2% 59.7% 38.8% 91.9% 69.6% 9.0%
Balanced Accuracy 77.4% 78.5% 63.9% 91.3% 83.0% 52.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 96. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9379 1545 1346 1330 1020 1052
CWR 1654 13426 4608 55 3306 42
Rec_LTA 8 1472 3144 0 767 0
SLA 2345 138 311 79663 187 5733
Sports 1754 3904 5040 420 15235 335
Wheels 100 13 1 18 0 855

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 97. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 61.5% 65.5% 21.8% 97.8% 74.3% 10.7%
Specificity 95.7% 93.1% 98.5% 88.9% 91.8% 99.9%
PPV 59.8% 58.1% 58.3% 90.1% 57.1% 86.6%
NPV 95.9% 94.8% 92.7% 97.5% 96.0% 95.5%
Precision 59.8% 58.1% 58.3% 90.1% 57.1% 86.6%
Recall 61.5% 65.5% 21.8% 97.8% 74.3% 10.7%
F1 60.7% 61.6% 31.7% 93.8% 64.6% 19.0%
Balanced Accuracy  78.6% 79.3% 60.1% 93.3% 83.0% 55.3%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 98. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10839 1336 1334 995 1246 528
CWR 1241 14087 4567 82 2915 22
Rec_LTA 269 2181 4929 82 1459 31
SLA 1518 52 298 79678 162 5053
Sports 1159 2806 3299 297 14718 143
Wheels 214 36 23 352 15 2240

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 99. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 71.1% 68.7% 34.1% 97.8% 71.7% 27.9%
Specificity 96.2% 93.7% 97.2% 91.0% 94.5% 99.6%
PPV 66.6% 61.5% 55.1% 91.8% 65.6% 77.8%
NPV 96.9% 95.3% 93.7% 97.5% 95.8% 96.3%
Precision 66.6% 61.5% 55.1% 91.8% 65.6% 77.8%
Recall 71.1% 68.7% 34.1% 97.8% 71.7% 27.9%
F1 68.8% 64.9% 42.1% 94.7% 68.6% 41.1%
Balanced Accuracy 83.7% 81.2% 65.7% 94.4% 83.1% 63.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 100. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10820 1489 2317 1171 1041
CWR 595 13245 2306 95 1721 22
Rec_LTA 941 6517 124 1566 146
SLA 1689 268 77973 81 5239
Sports 1131 3862 252 15970 133
Wheels 64 8 725 6 1436

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 101. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 71.0% 64.6% 45.1% 95.7% 77.8% 17.9%
Specificity 94.9% 96.6% 96.4% 90.5% 93.8% 99.5%
PPV 59.5% 73.6% 55.6% 91.2% 64.9% 64.1%
NPV 96.9% 94.9% 94.7% 95.3% 96.6% 95.8%
Precision 59.5% 73.6% 55.6% 91.2% 64.9% 64.1%
Recall 71.0% 64.6% 45.1% 95.7% 77.8% 17.9%
F1 64.8% 68.8% 49.8% 93.4% 70.8% 28.0%
Balanced Accuracy 83.0% 80.6% 70.8% 93.1% 85.8% 58.7%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 102. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9374 1873 1515 1533 1108 1102
CWR 1074 11835 REEE 53 2250 86
Rec_LTA 602 2768 4481 56 2811 23
SLA 1749 129 236 78709 261 2539
Sports 1889 3861 4764 518 14070 287
Wheels 552 32 10 617 15 3980

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 103. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 61.5% 57.7% 31.0% 96.6% 68.6% 49.6%
Specificity 95.1% 95.1% 95.7% 93.8% 91.9% 99.2%
PPV 56.8% 63.1% 41.7% 94.1% 55.4% 76.5%
NPV 95.9% 93.9% 93.3% 96.4% 95.2% 97.4%
Precision 56.8% 63.1% 41.7% 94.1% 55.4% 76.5%
Recall 61.5% 57.7% 31.0% 96.6% 68.6% 49.6%
F1 59.1% 60.3% 35.6% 95.3% 61.3% 60.2%
Balanced Accuracy 78.3% 76.4% 63.4% 95.2% 80.2% 74.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 104. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11666 1129 1029 1195 959 889
CWR 472 13835 2126 36 1629 34
Rec_LTA 629 2286 7496 87 1565 26
SLA 983 254 79527 86 1309
Sports 1300 3182 3533 227 16274 165
Wheels 190 12 414 2 5594

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 105. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 76.5% 67.5% 51.9% 97.6% 79.3% 69.8%
Specificity 96.4% 96.9% 96.8% 96.6% 94.0% 99.6%
PPV 69.2% 76.3% 62.0% 96.8% 65.9% 89.6%
NPV 97.5% 95.3% 95.3% 97.5% 96.9% 98.4%
Precision 69.2% 76.3% 62.0% 96.8% 65.9% 89.6%
Recall 76.5% 67.5% 51.9% 97.6% 79.3% 69.8%
F1 72.7% 71.6% 56.5% 97.2% 72.0% 78.5%
Balanced Accuracy 86.5% 82.2% 74.4% 97.1% 86.7% 84.7%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 106. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10595 1205 1439 2276 1368 687
CWR 996 14193 3138 126 2017 23
Rec_LTA 759 2231 6179 92 1645 64
SLA 1669 108 256 77101 96 4796
Sports 1079 2751 3418 266 15386 106
Wheels 142 10 20 1625 3 2341

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 107. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 69.5% 69.2% 42.8% 94.6% 75.0% 29.2%
Specificity 95.2% 95.5% 96.7% 91.2% 94.5% 98.8%
PPV 60.3% 69.3% 56.3% 91.8% 66.9% 56.5%
NPV 96.7% 95.5% 94.5% 94.2% 96.3% 96.4%
Precision 60.3% 69.3% 56.3% 91.8% 66.9% 56.5%
Recall 69.5% 69.2% 42.8% 94.6% 75.0% 29.2%
F1 64.6% 69.2% 48.6% 93.2% 70.7% 38.5%
Balanced Accuracy 82.4% 82.4% 69.7% 92.9% 84.8% 64.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 108. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10390 1636 1436 1659 895 1039
CWR 864 12786 3399 40 2084 90
Rec_LTA 397 4312 32 1766 1
SLA 1238 190 78551 129 1376
Sports 1787 4044 5103 461 15626 255
Wheels 564 10 743 15 5256

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 109. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 68.2% 62.4% 29.8% 96.4% 76.2% 65.6%
Specificity 95.4% 95.4% 97.2% 96.2% 91.7% 99.1%
PPV 60.9% 66.4% 51.2% 96.3% 57.3% 79.3%
NPV 96.6% 94.5% 93.3% 96.3% 96.3% 98.2%
Precision 60.9% 66.4% 51.2% 96.3% 57.3% 79.3%
Recall 68.2% 62.4% 29.8% 96.4% 76.2% 65.6%
F1 64.3% 64.3% 37.7% 96.4% 65.4% 71.8%
Balanced Accuracy 81.8% 78.9% 63.5% 96.3% 83.9% 82.3%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities

273



Table 110. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11514 940 925 1402 1024 682
CWR 578 14363 2414 51 1475 45
Rec_LTA 770 2398 7604 117 2008 29
SLA 967 47 261 78972 116 965
Sports 1143 2712 3233 206 15885 139
Wheels 268 38 13 738 7 6157

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 111. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 75.6% 70.1% 52.6% 96.9% 77.4% 76.8%
Specificity 96.6% 96.7% 96.3% 97.0% 94.7% 99.3%
PPV 69.8% 75.9% 58.8% 97.1% 68.1% 85.3%
NPV 97.4% 95.7% 95.4% 96.8% 96.6% 98.8%
Precision 69.8% 75.9% 58.8% 97.1% 68.1% 85.3%
Recall 75.6% 70.1% 52.6% 96.9% 77.4% 76.8%
F1 72.6% 72.9% 55.6% 97.0% 72.5% 80.8%
Balanced Accuracy 86.1% 83.4% 74.5% 97.0% 86.1% 88.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 112. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1680 2 1775 9 7 273 963 21 3 330 1021 409 68 363
Book 6 2730 8 1353 788 255 14 9067 1965 7 5 63 835 172
Catch 1465 23 2651 35 12 278 336 31 8 139 1364 236 114 273
Computer 3 796 1 9468 1492 213 5 6615 1246 9 8 67 111 44
Cycling 4 555 9 1146 2815 424 12 729 603 2 7 36 73 L4
Dust 308 342 369 226 688 2538 94 438 284 59 334 957 1264 916
Jumping Jacks 436 2 227 2 6 100 3194 0 0 722 356 64 5 509
Lying 12 1595 21 1797 289 204 17 28753 1527 2 14 51 305 114
Reclining 10 832 5 1384 1388 219 17 4337 1852 4 6 40 162 52
Run 214 0 111 0 0 27 626 0 0 4164 119 15 7 91
Soccer 1028 7 1297 3 22 341 607 16 9 285 2099 604 139 1003
Stairs 224 39 280 48 275 1087 54 95 63 36 829 2976 878 1847
Sweep 109 291 155 115 107 1096 40 374 225 30 185 674 2975 482
Walk 392 122 407 39 128 615 645 108 156 369 961 1634 634 8430

Table 113. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 28.5% 37.2% 36.2% 60.6% 35.1% 33.1% 48.2% 56.8% 23.3% 67.6% 28.7%  38.0% 39.3% 58.8%
Specificity 96.6% 90.5% 97.2% 92.7% 97.6% 95.9% 98.4% 94.6% 94.4% 99.2% 96.5% 96.2% 97.5% 95.7%
PPV 24.3% 15.8% 38.1% 47.2% 43.6% 28.8% 56.8% 82.9% 18.0% 77.5% 28.1% 34.1% 43.4% 57.6%
NPV 97.3% 96.8% 97.0% 95.6% 96.6% 96.6% 97.8% 82.6% 95.9% 98.7% 96.6%  96.8% 97.0% 95.9%
Precision 24.3% 15.8% 38.1% 47.2% 43.6% 28.8% 56.8% 82.9% 18.0% 77.5% 28.1% 34.1% 43.4% 57.6%
Recall 28.5% 37.2% 36.2% 60.6% 35.1% 33.1% 48.2% 56.8% 23.3% 67.6% 28.7%  38.0% 39.3% 58.8%
F1 26.2% 222% 37.1% 53.0% 38.9% 30.8% 52.2% 67.4% 20.3% 72.2% 28.4% 359% 412% 582%
Balanced Accuracy  62.6% 63.9% 66.7% 76.6% 66.4% 64.5% 73.3% 75.7% 58.9% 83.4% 62.6% 67.1% 68.4% 77.3%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 114. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1681 39 1624 44 44 300 727 27 30 324 1139 413 77 639
Book 11 1551 32 2416 765 250 12 5720 1423 7 31 23 158 100
Catch 1121 41 1990 21 68 379 428 66 46 109 1025 469 169 583
Computer 21 2386 29 7718 919 230 10 4344 1884 5 34 62 191 35
Cycling 16 320 42 1151 5119 424 17 130 528 7 20 35 229 134
Dust 151 203 370 283 251 1774 99 153 188 105 578 1169 1223 1178
Jumping Jacks 500 6 395 1 8 43 2997 5 0 706 396 74 5 472
Lying 8 1599 57 1980 103 78 6 35447 2724 3 26 44 64 12
Reclining 2 932 10 1816 270 135 13 4506 858 3 25 16 146 29
Run 231 0 83 3 4 60 878 1 0 2487 121 89 3 1491
Soccer 1175 72 1351 46 48 710 646 39 37 244 1474 908 230 1029
Stairs 344 20 602 14 32 1140 73 25 21 219 1190 1927 740 1852
Sweep 101 145 104 107 300 1278 6 89 143 45 335 823 3109 1553
Walk 529 22 627 25 86 869 712 32 59 1894 914 1774 1226 5233

Table 115. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Decision Tree Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 28.5% 21.1% 27.2% 49.4% 63.9% 23.1% 45.2% 70.1% 10.8% 40.4% 202% 24.6% 41.1% 36.5%
Specificity 96.5% 92.8% 97.0% 93.0% 98.0% 96.1% 98.3% 93.9% 94.8% 98.1% 95.7%  95.9% 96.7% 94.0%
PPV 23.6% 12.4% 30.5% 43.2% 62.6% 23.0% 53.4% 84.1% 9.8% 45.6% 184%  23.5% 382% 37.4%
NPV 97.3% 96.1% 96.5% 94.4% 98.1% 96.1% 97.7% 87.2% 95.3% 97.6% 96.2% 96.1% 97.1% 93.8%
Precision 23.6% 12.4% 30.5% 43.2% 62.6% 23.0% 53.4% 84.1% 9.8% 45.6% 184%  23.5% 382% 37.4%
Recall 28.5% 21.1% 27.2% 49.4% 63.9% 23.1% 45.2% 70.1% 10.8% 40.4% 202% 24.6% 41.1% 36.5%
F1 25.9% 15.6% 28.8% 46.1% 63.2% 23.0% 49.0% 76.4% 10.3% 42.8% 192% 24.0% 39.6% 36.9%
Balanced Accuracy  62.5% 57.0% 62.1% 71.2% 80.9% 59.6% 71.8% 82.0% 52.8% 69.2% 57.9% 603% 68.9% 65.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 116. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Decision Tree Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1846 16 1978 7 10 289 830 18 5 192 968 212 91 455
Book 10 3162 12 1009 221 229 10 7283 2174 2 7 16 226 33
Catch 1407 17 2665 37 35 226 346 15 12 106 1055 195 123 240
Computer 6 1115 6 10747 770 164 3 4225 1369 0 12 30 16 20
Cycling 10 158 5 618 5486 266 7 67 531 1 11 22 48 30
Dust 177 212 254 128 585 3043 72 171 215 95 326 1035 982 661
Jumping Jacks 485 0 220 2 6 69 3563 0 8 356 244 41 2 332
Lying 3 1322 4 955 56 61 2 34191 1567 3 7 14 46 24
Reclining 7 1025 19 1995 427 255 13 4386 1886 4 13 7 45 19
Run 219 8 92 1 18 75 2 1 4665 181 31 12 73
Soccer 1001 17 1234 16 8 446 481 44 12 379 2666 455 108 736
Stairs 212 27 324 20 52 1159 64 51 25 44 744 3547 600 1718
Sweep 62 194 97 57 131 873 22 103 100 48 142 396 4850 525
Walk 446 63 406 33 212 515 807 28 36 263 932 1825 421 9474
Table 117. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Decision Tree Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 31.3% 43.1% 36.4% 68.8% 68.4% 39.7% 53.8% 67.6% 23.8% 75.8% 36.5% 453% 64.1% 66.1%
Specificity 96.7% 92.7% 97.5% 94.6% 98.8% 96.8% 98.9% 96.3% 94.6% 99.3% 96.8% 96.7% 98.2% 95.9%
PPV 26.7% 22.0% 41.1% 58.1% 75.6% 38.2% 66.9% 89.4% 18.7% 80.7% 35.1% 41.3% 63.8% 61.3%
NPV 97.4% 97.1% 97.0% 96.6% 98.3% 97.0% 98.0% 86.6% 96.0% 99.0% 97.0% 97.2% 98.2% 96.6%
Precision 26.7% 22.0% 41.1% 58.1% 75.6% 38.2% 66.9% 89.4% 18.7% 80.7% 35.1% 41.3% 63.8% 61.3%
Recall 31.3% 43.1% 36.4% 68.8% 68.4% 39.7% 53.8% 67.6% 23.8% 75.8% 36.5% 453% 64.1% 66.1%
F1 28.8% 29.1% 38.6% 63.0% 71.8% 38.9% 59.6% 77.0% 20.9% 78.1% 35.8% 432% 63.9% 63.6%
Balanced Accuracy  64.0% 67.9% 67.0% 81.7% 83.6% 68.2% 76.3% 81.9% 59.2% 87.5% 66.6% 71.0% 81.1% 81.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 118. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1311 7 592 0 1 134 352 0 0 138 409 77 4 89
Book 12 542 6 54 23 212 7 547 234 1 1 10 489 91
Catch 1953 3 4118 1 1 199 295 15 0 199 1767 74 49 133
Computer 1 727 1 8135 2311 350 10 5081 1049 0 19 69 59 75
Cycling 1 183 6 310 1170 828 17 1417 462 3 16 31 134 52
Dust 108 56 149 98 451 1600 60 182 91 19 91 1043 377 289
Jumping Jacks 506 0 122 0 0 178 3918 0 0 643 334 29 0 274
Lying 5 5356 4 6850 3653 234 8 42485 5640 0 13 1 234 88
Reclining 0 14 0 4 2 4 0 27 23 1 0 0 7 0
Run 314 0 170 0 0 19 577 4 0 4655 102 47 8 82
Soccer 857 1 1023 0 2 148 381 2 0 111 1733 199 21 486
Stairs 168 7 220 23 17 740 135 36 25 1 289 1408 321 465
Sweep 158 382 228 79 103 1039 68 414 3n 18 145 633 4653 665
Walk 487 58 667 71 283 1985 796 374 106 359 2389 4195 1214 11551
Table 119. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Lasso Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 22.3% 7.4% 56.3% 52.1% 14.6% 20.9% 59.1% 84.0% 0.3% 75.6% 23.7% 18.0% 61.5% B80.6%
Specificity 98.8% 98.9% 96.9% 93.2% 97.7% 98.0% 98.6% 79.8% 100.0% 99.1% 97.9% 98.4% 97.2% 91.1%
PPV 42.1% 24.3% 46.8% 45.4% 25.3% 34.7% 65.3% 65.8% 28.0% T7.9% 349% 36.4% 523% 47.1%
NPV 97.1% 95.7% 97.9% 94.7% 95.6% 96.1% 98.2% 91.5% 95.1% 99.0% 96.4%  95.9% 98.1% 97.9%
Precision 42.1% 24.3% 46.8% 45.4% 25.3% 34.7% 65.3% 65.8% 28.0% 77.9% 349% 36.4% 523% 47.1%
Recall 223% 7.4% 56.3% 52.1% 14.6% 20.9% 59.1% 84.0% 0.3% 75.6% 23.7%  18.0% 61.5% 80.6%
F1 29.1% 11.3% 51.1% 48.5% 18.5% 26.1% 62.1% 73.8% 0.6% 76.7% 282% 24.1% 56.5% 59.4%
Balanced Accuracy  60.5% 53.1% 76.6% 72.7% 56.2% 59.4% 78.9% 81.9% 50.1% 87.4% 60.8%  58.2% 79.3% B85.8%

PPV = positive predictive value;

NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 120. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Lasso Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1526 0 1210 0 2 52 638 0 0 241 799 164 1 391
Book 20 514 23 437 358 309 11 278 364 7 63 13 13 88
Catch 1810 16 3542 31 118 264 352 47 17 83 1651 465 74 376
Computer 10 2389 23 3823 1891 318 26 3860 1945 1 39 8 191 44
Cycling 4 138 0 254 3391 353 5 65 261 0 0 51 252 150
Dust 186 226 394 182 315 2324 53 216 144 55 774 1065 922 677
Jumping Jacks 898 3 96 5 0 61 3762 58 6 642 452 98 0 596
Lying 6 3880 2 10785 1617 23 5 45879 4989 1 12 0 10 16
Reclining 0 1 0 9 6 2 0 19 9 1 2 0 0 3
Run 117 0 7 0 0 14 896 0 0 1899 76 14 0 918
Soccer 584 8 892 0 8 230 188 0 7 110 893 339 41 418
Stairs 179 14 284 2 18 493 22 31 15 34 600 962 219 544
Sweep 33 118 27 72 258 1181 9 85 164 15 90 615 3466 991
Walk 518 29 816 25 35 2046 657 46 20 3069 1857 4032 2281 9128
Table 121. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Lasso Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 25.9% 7.0% 48.4% 24.5% 42.3% 30.3% 56.8% 90.7% 0.1% 30.8% 122% 12.3% 45.8% 63.7%
Specificity 97.7% 98.6% 96.5% 92.6% 99.0% 96.6% 98.1% 80.5% 100.0% 98.7% 98.2% 98.4% 97.6% 89.4%
PPV 30.4% 19.8% 40.0% 26.2% 68.9% 30.9% 56.3% 68.2% 17.3% 48.2% 24.0% 282% 48.7% 37.2%
NPV 97.2% 95.7% 97.5% 91.9% 97.0% 96.5% 98.1% 94.9% 95.0% 97.3% 95.9% 95.6% 97.3% 96.2%
Precision 30.4% 19.8% 40.0% 26.2% 68.9% 30.9% 56.3% 68.2% 17.3% 48.2% 240% 28.2% 48.7% 37.2%
Recall 25.9% 7.0% 48.4% 24.5% 423% 30.3% 56.8% 90.7% 0.1% 30.8% 122% 12.3% 45.8% 63.7%
F1 28.0% 10.3% 43.8% 25.3% 52.4% 30.6% 56.6% 77.9% 0.2% 37.6% 162% 17.1% 472% 46.9%
Balanced Accuracy  61.8% 52.8% 72.5% 58.5% 70.6% 63.4% 77.4% 85.6% 50.0% 64.8% 552% 553% 71.7% 76.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 122. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Lasso Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1869 2 1170 1 4 75 424 2 4 58 573 118 1 214
Book 11 2065 16 199 178 289 15 1994 926 3 28 10 256 65
Catch 1643 8 3749 1 3 108 279 26 1 139 1104 102 41 129
Computer 4 1020 4 10151 1347 146 2 2971 1499 0 5 6 7 4
Cycling 1 52 3 235 4473 621 12 45 390 0 4 20 89 31
Dust 108 140 181 137 319 2793 47 190 152 72 268 873 614 357
Jumping Jacks 621 0 127 1 0 97 4265 21 0 288 237 23 0 314
Lying 14 3743 9 4754 1152 20 12 44911 4522 0 4 0 12 11
Reclining 2 148 4 69 268 63 6 236 314 0 7 4 11 11
Run 112 0 51 0 0 50 286 0 0 5008 120 18 8 28
Soccer 740 0 1024 3 8 412 359 11 3 249 2594 182 96 345
Stairs 262 17 350 13 44 788 195 42 24 19 530 2570 318 1089
Sweep 56 107 133 33 145 874 10 7 72 29 152 653 5290 672
Walk 448 34 495 28 76 1334 712 64 34 293 1682 3247 827 11070
Table 123. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Lasso Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 31.7% 28.1% 51.2% 65.0% 55.8% 36.4% 64.4% 88.8% 4.0% 81.3% 35.5% 32.8% 69.9% 77.2%
Specificity 98.3% 97.4% 97.7% 95.1% 99.0% 97.7% 98.9% 87.0% 99.5% 99.6% 97.8% 97.6% 98.0% 93.6%
PPV 41.4% 34.1% 511% 59.1% 74.8% 44.7% 71.2% 75.9% 27.5% 88.2% 43.0% 41.0% 63.8% 54.4%
NPV 97.4% 96.6% 97.7% 96.2% 97.7% 96.8% 98.5% 94.4% 95.2% 99.3% 96.9%  96.6% 98.5% 97.7%
Precision 41.4% 34.1% 51.1% 59.1% T4.8% 44.7% 71.2% 75.9% 27.5% 88.2% 43.0% 41.0% 63.8% 54.4%
Recall 31.7% 28.1% 512% 65.0% 55.8% 36.4% 64.4% 88.8% 4.0% 81.3% 35.5% 32.8% 69.9% 77.2%
F1 35.9% 30.8% 51.2% 61.9% 63.9% 40.1% 67.6% 81.8% 6.9% 84.6% 38.9% 36.5% 66.7% 63.8%
Balanced Accuracy  65.0% 62.8% 74.4% 80.1% 77.4% 67.1% 81.6% 87.9% 51.7% 90.4% 66.6%  65.2% 84.0% 85.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 124. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Random Forest Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1995 2 1556 2 7 224 601 20 4 300 817 117 36 245
Book 4 3174 12 804 309 274 11 8319 2060 1 1 8 577 147
Catch 1588 11 3281 8 6 255 374 13 1 169 1373 152 86 216
Computer 1 887 0 11628 1977 168 2 7996 1384 0 4 42 46 24
Cycling 0 539 1 685 3467 307 3 676 855 0 1 7 13 5
Dust 178 254 226 150 718 3215 49 263 246 35 222 995 984 748
Jumping Jacks 354 0 106 0 3 116 3884 0 0 579 219 24 0 343
Lying 3 1594 12 1236 268 106 6 29170 1649 3 1 16 101 64
Reclining 3 432 2 900 857 84 12 3607 1411 0 4 11 25 17
Run 211 2 61 1 0 10 531 0 0 4562 111 17 1 60
Soccer 991 3 1317 1 11 273 492 7 3 227 2597 400 83 641
Stairs 185 22 287 50 180 928 70 67 52 43 796 3805 654 1593
Sweep 121 361 135 124 104 1211 33 418 253 22 168 670 4540 619
Walk 257 55 320 36 110 499 556 28 23 217 994 1562 424 9618

Table 125. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 33.9% 43.3% 44.8% 74.4% 43.2% 41.9% 58.6% 57.7% 17.8% 74.1% 355% 48.6% 60.0% 67.1%
Specificity 97.5% 91.8% 97.2% 91.3% 98.0% 96.7% 98.9% 95.4% 96.1% 99.3% 97.1% 96.8% 97.2% 96.5%
PPV 33.7% 20.2% 43.6% 48.1% 52.9% 38.8% 69.0% 85.2% 19.2% 81.9% 36.9% 43.6% 51.7% 65.4%
NPV 97.5% 97.1% 97.4% 97.1% 97.0% 97.1% 98.2% 83.0% 95.7% 99.0% 96.9% 97.3% 98.0% 96.8%
Precision 33.7% 20.2% 43.6% 48.1% 52.9% 38.8% 69.0% 85.2% 19.2% 81.9% 36.9% 43.6% 51.7% 65.4%
Recall 33.9% 43.3% 44.8% 74.4% 43.2% 41.9% 58.6% 57.7% 17.8% 74.1% 35.5% 48.6% 60.0% 67.1%
F1 33.8% 27.6% 44.2% 58.5% 47.6% 40.3% 63.4% 68.8% 18.4% 77.8% 36.2% 46.0% 55.5% 66.2%
Balanced Accuracy  65.7% 67.5% 71.0% 82.9% 70.6% 69.3% 78.7% 76.5% 56.9% 86.7% 663% 72.7% 78.6% 81.8%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall

281



Table 126. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Random Forest Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 2065 28 1825 19 29 230 877 26 15 312 1182 283 67 651
Book 16 1209 22 1674 889 227 5 2679 1022 6 37 26 142 66
Catch 1180 34 2266 40 64 292 484 51 30 66 974 354 71 413
Computer 9 2916 17 9721 1082 208 20 4421 2387 5 44 15 49 30
Cycling 10 297 12 790 4815 290 16 91 523 1 14 9 202 130
Dust 182 207 334 202 304 2347 60 176 187 62 637 1220 1307 833
Jumping Jacks 494 0 271 0 3 33 3039 0 0 772 404 69 4 451
Lying 2 1913 8 2278 78 32 4 41259 3011 7 8 5 52 4
Reclining 3 523 9 721 284 93 6 1692 515 3 10 42 14
Run 212 3 31 0 6 29 961 1 3 2880 121 56 5 1457
Soccer 1091 39 1553 29 67 527 396 41 18 232 1554 931 155 865
Stairs 198 15 482 16 17 1155 29 20 13 166 1195 2219 575 1595
Sweep 61 125 67 121 305 1187 6 87 182 19 241 734 3570 1502
Walk 368 27 419 14 74 1020 721 40 35 1627 887 1901 1329 6329
Table 127. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Random Forest Model.
Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 35.1% 16.5% 31.0% 62.2% 60.1% 30.6% 45.9% 81.6% 6.5% 46.8% 21.3% 28.4% 472% 44.1%
Specificity 96.4% 95.5% 97.3% 92.3% 98.4% 96.3% 98.4% 93.2% 97.8% 98.1% 96.1%  96.4% 97.0% 942%
PPV 27.1% 15.1% 35.9% 46.5% 66.9% 29.1% 54.9% 84.8% 13.1% 50.0% 20.7%  28.8% 43.5% 42.8%
NPV 97.5% 96.0% 96.7% 95.8% 97.9% 96.5% 97.7% 91.6% 95.2% 97.9% 96.2%  96.3% 97.4% 94.5%
Precision 27.1% 15.1% 35.9% 46.5% 66.9% 29.1% 54.9% 84.8% 13.1% 50.0% 20.7%  28.8% 43.5% 42.8%
Recall 35.1% 16.5% 31.0% 62.2% 60.1% 30.6% 45.9% 81.6% 6.5% 46.8% 21.3% 28.4% 472% 44.1%
F1 30.6% 15.7% 33.2% 53.2% 63.3% 29.8% 50.0% 83.1% 8.7% 48.3% 21.0% 28.6% 453% 43.5%
Balanced Accuracy  65.7% 56.0% 64.2% 77.2% 79.2% 63.4% 72.1% 87.4% 52.1% 72.4% 58.7% 62.4% 72.1% 69.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 128. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Random Forest Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 2361 0 1705 0 9 150 666 8 1 107 706 99 25 339
Book 6 3944 17 697 159 185 8 4693 2371 1 3 4 171 35
Catch 1429 13 3475 4 14 198 290 17 0 121 1010 183 70 153
Computer 0 887 1 12320 800 87 6 3644 1022 0 1 8 6 3
Cycling 10 91 0 544 5881 260 2 29 417 0 4 6 22 29
Dust 131 225 215 173 649 3876 51 166 205 75 218 873 834 557
Jumping Jacks 394 0 123 0 0 48 4387 0 0 263 191 18 3 329
Lying 0 1462 3 849 14 11 1 38363 1725 3 6 2 14 4
Reclining 3 573 0 956 319 100 15 3490 2081 0 8 3 9 2
Run 132 0 15 0 1 33 301 0 0 5024 137 14 0 50
Soccer 800 4 986 1 6 441 321 7 13 384 3226 321 115 580
Stairs 222 24 307 19 48 967 58 51 21 29 736 4404 394 1565
Sweep 55 93 94 35 91 854 32 85 65 25 162 329 5624 491
Walk 348 20 375 27 26 460 486 31 20 126 900 1562 283 10203

Table 129. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Random Forest Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 40.1% 53.8% 47.5% 78.8% 73.4% 50.5% 66.2% 75.8% 26.2% 81.6% 44.1% 56.3% 743% T71.2%
Specificity 97.5% 94.5% 97.7% 95.5% 99.1% 97.1% 99.1% 96.3% 96.4% 99.6% 97.4% 97.1% 98.4% 96.8%
PPV 38.2% 32.1% 49.8% 65.6% 80.6% 47.0% 76.2% 90.4% 27.5% 88.0% 448%  49.8% 70.0% 68.6%
NPV 97.7% 97.7% 97.5% 97.7% 98.6% 97.5% 98.6% 89.6% 96.2% 99.3% 973% 97.7% 98.7% 97.2%
Precision 38.2% 32.1% 49.8% 65.6% 80.6% 47.0% 76.2% 90.4% 27.5% 88.0% 448%  49.8% 70.0% 68.6%
Recall 40.1% 53.8% 47.5% 78.8% 73.4% 50.5% 66.2% 75.8% 26.2% 81.6% 44.1% 56.3% 743% T71.2%
F1 39.1% 40.2% 48.6% 71.6% 76.8% 48.7% 70.9% 82.5% 26.9% 84.7% 44.5%  52.8% 72.1% 69.9%
Balanced Accuracy  68.8% 74.2% 72.6% 87.2% 86.2% 73.8% 82.7% 86.1% 61.3% 90.6% 70.8% 76.7% B86.4% 84.0%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 130. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Neural Network Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1290 0 636 0 0 156 340 0 0 219 570 77 4 152
Book 9 3225 5 294 187 270 10 3996 1647 2 2 8 674 142
Catch 2090 8 4177 1 1 268 349 24 2 181 1409 115 81 185
Computer 0 936 3 11080 2202 157 6 3618 1304 0 2 13 14 14
Cycling 2 614 5 833 3965 360 12 465 852 0 4 31 22 6
Dust 123 181 144 160 535 3046 58 264 226 50 189 1078 573 507
Jumping Jacks 507 0 101 0 1 177 4182 0 0 681 285 34 0 287
Lying 6 1805 20 2951 615 212 11 41240 3458 1 12 16 40 29
Reclining 0 101 0 101 10 7 1 496 145 0 0 0 1 0
Run 226 0 61 0 0 6 563 0 0 4529 105 34 93
Soccer 941 2 1287 1 8 215 444 6 3 201 2551 339 56 598
Stairs 185 18 292 59 131 M 66 43 16 37 829 3313 496 1084
Sweep 173 408 237 110 147 1242 36 385 250 27 173 718 5148 751
Walk 339 38 348 35 215 783 546 47 38 230 1177 2050 459 10492

Table 131. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Neural Network Model.

Basketball  Book Catch Computer Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 21.9% 44.0% 57.1% 70.9% 49.5% 39.7% 63.1% 81.5% 1.8% 73.5% 349% 423% 68.0% 73.2%
Specificity 98.6% 95.3% 96.9% 94.3% 97.9% 97.3% 98.7% 91.6% 99.5% 99.3% 97.3% 97.4% 96.9% 95.7%
PPV 37.5% 30.8% 47.0% 573% 553% 42.7% 66.9% 81.8% 16.8% 80.6% 38.3% 45.1% 52.5% 62.5%
NPV 97.1% 97.3% 97.9% 96.8% 97.4% 97.0% 98.4% 91.5% 95.1% 98.9% 96.9% 97.0% 98.4% 97.3%
Precision 37.5% 30.8% 47.0% 57.3% 553% 42.7% 66.9% 81.8% 16.8% 80.6% 38.3% 45.1% 52.5% 62.5%
Recall 21.9% 44.0% 57.1% 70.9% 49.5% 39.7% 63.1% 81.5% 1.8% 73.5% 349% 423% 68.0% 73.2%
F1 27.6% 36.2% 51.5% 63.4% 52.2% 41.2% 64.9% 81.7% 3.3% 76.9% 36.5% 43.7% 59.3% 67.4%
Balanced Accuracy  60.3% 69.6% 77.0% 82.6% 73.7% 68.5% 80.9% 86.6% 50.7% 86.4% 66.1%  69.8% B2.5% 84.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 132. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1599 2 1182 0 3 66 590 0 0 220 754 166 0 452
Book 11 1117 31 792 331 222 9 721 591 2 59 9 184 38
Catch 1888 35 3867 47 104 341 347 46 13 85 1866 570 75 526
Computer 10 3354 3 11312 979 164 27 3129 2696 3 22 5 25 33
Cycling 6 252 6 820 5803 347 16 79 588 1 10 14 135 121
Dust 163 319 317 219 380 2580 39 214 235 60 685 1218 1169 726
Jumping Jacks 672 0 129 0 1 66 3919 0 0 604 387 80 1 422
Lying 0 2082 0 2292 27 0 0 46048 3551 0 3 0 0 5
Reclining 0 5 0 26 0 0 0 44 5 0 0 0 0 0
Run 159 0 17 0 0 32 672 0 0 3551 138 37 0 1533
Soccer 787 11 838 10 14 468 317 17 10 167 1194 505 79 589
Stairs 273 21 556 7 15 1253 49 35 12 112 1363 2835 523 1852
Sweep 46 126 27 89 322 1390 8 218 235 9 139 658 3%00 1197
Walk 277 12 343 11 38 741 631 33 5 1344 688 1729 1479 6846
Table 133. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Neural Network Model.
Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 27.1% 15.2% 52.9% 72.4% 72.4% 33.6% 59.2% 91.0% 0.1% 57.7% 163% 36.2% 51.5% 47.7%
Specificity 97.8% 98.0% 96.1% 92.8% 98.4% 96.2% 98.5% 92.7% 100.0% 98.3% 97.5% 96.0% 97.1% 95.0%
PPV 31.8% 27.1% 39.4% 52.0% 70.8% 31.0% 62.4% 85.3% 6.3% 57.8% 23.9% 31.8% 46.6% 48.3%
NPV 97.2% 96.0% 97.7% 96.9% 98.5% 96.6% 98.2% 95.7% 95.0% 98.3% 96.1% 96.7% 97.6% 94.9%
Precision 31.8% 27.1% 39.4% 52.0% 70.8% 31.0% 62.4% 85.3% 6.3% 57.8% 23.9% 31.8% 46.6% 48.3%
Recall 27.1% 15.2% 52.9% 72.4% 72.4% 33.6% 59.2% 91.0% 0.1% 57.7% 163% 36.2% 51.5% 47.7%
F1 29.3% 19.5% 45.2% 60.5% 71.6% 323% 60.7% 88.1% 0.1% 57.8% 19.4% 33.9% 49.0% 48.0%
Balanced Accuracy  62.5% 56.6% 74.5% 82.6% 85.4% 64.9% 78.8% 91.9% 50.0% 78.0% 56.9% 66.1% 74.3% 71.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 134. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer Stairs  Sweep Walk
Basketball 1714 0 861 1 3 112 435 1 0 104 455 108 0 258
Book 11 3454 19 400 194 227 10 3292 2059 1 13 4 162 34
Catch 1831 13 4023 5 30 213 246 28 8 150 1055 152 86 134
Computer 2 1181 3 12626 922 81 9 2281 1312 0 6 6 8 1
Cycling 6 95 1 744 5921 252 8 60 647 0 9 3 11 34
Dust 96 212 154 166 425 3394 33 180 204 72 211 721 829 379
Jumping Jacks 545 0 91 3 7 46 4526 0 0 319 244 25 1 483
Lying 2 1915 6 1237 22 39 3 43833 2920 2 8 4 9 8
Reclining 0 249 1 343 119 47 12 719 657 1 3 1 3 7
Run 81 0 21 0 0 38 382 0 0 4947 80 0 20
Soccer 861 1 1243 4 4 417 317 5 5 331 3059 287 108 465
Stairs 316 48 395 27 61 1214 190 72 36 42 952 4051 489 1552
Sweep 42 151 108 45 202 913 6 77 76 23 172 330 5426 535
Walk 384 17 390 24 107 677 447 36 17 166 1041 2134 438 10430

Table 135. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Neural Network Model.

Basketball  Book Catch Computer  Cycling Dust Jumping Jacks  Lying Reclining Run Soccer  Stairs Sweep Walk
Sensitivity 29.1% 47.1% 55.0% 80.8% 73.9% 44.3% 68.3% 86.7% 8.3% 80.3% 419% 51.8% 71.7% 72.7%
Specificity 98.5% 95.8% 97.4% 96.0% 98.8% 97.6% 98.9% 94.4% 99.0% 99.6% 97.4% 96.5% 98.2% 96.0%
PPV 42.3% 35.0% 50.5% 68.5% 76.0% 48.0% 72.0% 87.7% 30.4% 88.8% 43.0% 42.9% 66.9% 64.0%
NPV 97.3% 97.4% 97.8% 97.9% 98.6% 97.2% 98.6% 93.9% 95.4% 99.2% 97.2% 97.5% 98.6% 97.3%
Precision 42.3% 35.0% 50.5% 68.5% 76.0% 48.0% 72.0% 87.7% 30.4% 88.8% 43.0% 42.9% 66.9% 64.0%
Recall 29.1% 47.1% 55.0% 80.8% 73.9% 443% 68.3% 86.7% 8.3% 80.3% 41.9% 51.8% 71.7% 72.7%
F1 34.5% 40.1% 52.6% 74.1% 74.9% 46.0% 70.1% 87.2% 13.0% 84.4% 424% 46.9% 692% 68.1%
Balanced Accuracy  63.8% 71.4% 76.2% 88.4% 86.3% 70.9% 83.6% 90.5% 53.6% 90.0% 69.6% 74.1% 85.0% 84.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 136. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 8380 1683 1935 1902 1121 711
CWR 1131 12657 2728 216 2037 131
Rec_LTA 1676 2942 6265 169 2055 197
SLA 2396 398 294 75064 132 4354
Sports 1308 2807 3204 175 15153 49
Wheels 349 11 24 3960 17 2575

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 137. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 55.0% 61.7% 43.4% 92.1% 73.9% 32.1%
Specificity 94.9% 95.5% 95.2% 90.4% 94.6% 97.1%
PPV 53.3% 67.0% 47.1% 90.8% 66.8% 37.1%
NPV 95.3% 94.5% 94.4% 91.7% 96.1% 96.4%
Precision 53.3% 67.0% 47.1% 90.8% 66.8% 37.1%
Recall 55.0% 61.7% 43.4% 92.1% 73.9% 32.1%
F1 54.1% 64.3% 45.1% 91.5% 70.1% 34.4%
Balanced Accuracy 75.0% 78.6% 69.3% 91.2% 84.2% 64.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 138. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 7683 2951 2229 1237 1467 611
CWR 2112 11438 3660 181 2539 103
Rec LTA 1670 2801 4715 103 2969 47
SLA 1271 220 148 77809 339 2362
Sports 2062 3000 3650 512 13170 175
Wheels 442 88 48 1644 31 4719

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 139. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 50.4% 55.8% 32.6% 95.5% 64.2% 58.9%
Specificity 94.1% 93.8% 94.8% 94.5% 93.3% 98.5%
PPV 47.5% 57.1% 38.3% 94.7% 58.4% 67.7%
NPV 94.8% 93.5% 93.4% 95.3% 94.7% 97.8%
Precision 47.5% 57.1% 38.3% 94.7% 58.4% 67.7%
Recall 50.4% 55.8% 32.6% 95.5% 64.2% 58.9%
F1 48.9% 56.4% 35.2% 95.1% 61.1% 63.0%
Balanced Accuracy 72.3% 74.8% 63.7% 95.0% 78.7% 78.7%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 140. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9575 1415 1638 1151 1127 703
CWR 897 13804 2696 130 2095 66
Rec_LTA 2083 2857 7203 148 2174 157
SLA 1079 105 155 78671 132 1737
Sports 1257 2282 2726 200 14952 83
Wheels 349 35 32 1186 35 5271

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 141. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Decision Tree Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 62.8% 67.3% 49.8% 96.5% 72.9% 65.7%
Specificity 95.8% 95.8% 94.9% 95.9% 95.3% 98.9%
PPV 61.3% 70.1% 49.3% 96.1% 69.5% 76.3%
NPV 96.1% 95.2% 95.0% 96.4% 96.0% 98.2%
Precision 61.3% 70.1% 49.3% 96.1% 69.5% 76.3%
Recall 62.8% 67.3% 49.8% 96.5% 72.9% 65.7%
F1 62.1% 68.7% 49.6% 96.3% 71.2% 70.6%
Balanced Accuracy 79.3% 81.6% 72.4% 96.2% 84.1% 82.3%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 142. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 6952 937 2046 1184 808 616
CWR 3017 15640 5659 432 3257 236
Rec_LTA 1002 1667 4279 63 950 26
SLA 3056 426 116 79321 105 6959
Sports 945 1803 2310 53 15388 40
Wheels 268 25 40 433 7 140

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 143. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 45.6% 76.3% 29.6% 97.3% 75.0% 1.7%
Specificity 96.1% 91.0% 97.5% 86.5% 96.3% 99.5%
PPV 55.4% 55.4% 53.6% 88.2% 74.9% 15.3%
NPV 94.4% 96.3% 93.3% 96.9% 96.3% 95.1%
Precision 55.4% 55.4% 53.6% 88.2% 74.9% 15.3%
Recall 45.6% 76.3% 29.6% 97.3% 75.0% 1.7%
F1 50.0% 64.2% 38.1% 92.5% 75.0% 3.1%
Balanced Accuracy 70.9% 83.6% 63.5% 91.9% 85.7% 50.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 144. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9228 2222 2413 1122 1334 651
CWR 2784 14088 4585 62 2196 19
Rec_LTA 52 897 3016 1 806 0
SLA 1285 195 96 80014 289 6248
Sports 1773 3019 4338 239 15890 208
Wheels 118 77 2 48 0 891

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 145. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 60.6% 68.7% 20.9% 98.2% 77.5% 11.1%
Specificity 94.7% 93.1% 98.8% 89.7% 93.1% 99.8%
PPV 54.4% 59.4% 63.2% 90.8% 62.4% 78.4%
NPV 95.8% 95.3% 92.6% 98.0% 96.6% 95.5%
Precision 54.4% 59.4% 63.2% 90.8% 62.4% 78.4%
Recall 60.6% 68.7% 20.9% 98.2% 77.5% 11.1%
F1 57.3% 63.7% 31.4% 94.3% 69.1% 19.5%
Balanced Accuracy 77.6% 80.9% 59.8% 93.9% 85.3% 55.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 146. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9974 1280 1998 839 988 550
CWR 1990 15328 4712 81 2368 23
Rec_LTA 893 1940 5250 111 1470 24
SLA 931 128 68 79913 118 4958
Sports 1021 1815 2404 108 15568 50
Wheels 431 7 18 434 3 2392

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 147. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Lasso Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 65.4% 74.8% 36.3% 98.1% 75.9% 29.8%
Specificity 96.1% 93.4% 96.9% 92.1% 96.1% 99.4%
PPV 63.8% 62.6% 54.1% 92.8% 74.3% 72.8%
NPV 96.4% 96.2% 93.9% 97.9% 96.4% 96.4%
Precision 63.8% 62.6% 54.1% 92.8% 74.3% 72.8%
Recall 65.4% 74.8% 36.3% 98.1% 75.9% 29.8%
F1 64.6% 68.1% 43.5% 95.4% 75.1% 42.3%
Balanced Accuracy 80.8% 84.1% 66.6% 95.1% 86.0% 64.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 148. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10128 1515 1952 1717 1000 885
CWR 672 14106 2587 87 1602 57
Rec_LTA 1223 2174 6869 143 1310 125
SLA 1743 301 159 78247 66 4352
Sports 1291 2401 2879 103 16536 39
Wheels 183 - 1189 1 2559

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 149. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 66.5% 68.8% 47.5% 96.0% 80.6% 31.9%
Specificity 95.1% 96.4% 96.6% 91.6% 95.2% 99.1%
PPV 58.9% 73.8% 58.0% 92.2% 71.1% 65.0%
NPV 96.4% 95.5% 94.9% 95.7% 97.1% 96.5%
Precision 58.9% 73.8% 58.0% 92.2% 71.1% 65.0%
Recall 66.5% 68.8% 47.5% 96.0% 80.6% 31.9%
F1 62.4% 71.2% 52.2% 94.1% 75.6% 42.8%
Balanced Accuracy 80.8% 82.6% 72.1% 93.8% 87.9% 65.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 150. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 8909 2666 2422 1048 1435 602
CWR 1967 12202 3393 67 1671 61
Rec LTA 1232 2351 4451 42 2088 13
SLA 1127 198 99 79029 267 2734
Sports 1689 2981 4079 326 15040 192
Wheels 316 100 6 974 14 4415

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 151. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 58.5% 59.5% 30.8% 97.0% 73.3% 55.1%
Specificity 94.4% 94.9% 96.1% 94.4% 93.4% 99.1%
PPV 52.2% 63.0% 43.7% 94.7% 61.9% 75.8%
NPV 95.6% 94.1% 93.3% 96.8% 96.0% 97.7%
Precision 52.2% 63.0% 43.7% 94.7% 61.9% 75.8%
Recall 58.5% 59.5% 30.8% 97.0% 73.3% 55.1%
F1 55.1% 61.2% 36.1% 95.8% 67.1% 63.8%
Balanced Accuracy 76.4% 77.2% 63.4% 95.7% 83.3% 77.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 152. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11326 1220 1574 894 832 732
CWR 559 15076 2262 58 1450 19
Rec_LTA 1070 1873 7950 69 1366 42
SLA 802 74 68 79754 89 1736
Sports 1293 2228 2592 97 16772 46
Wheels 190 27 4 614 6 5442

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 153. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 74.3% 73.5% 55.0% 97.9% 81.8% 67.9%
Specificity 96.4% 96.9% 97.0% 96.5% 95.5% 99.4%
PPV 68.3% 77.6% 64.3% 96.6% 72.8% 86.6%
NPV 97.3% 96.1% 95.6% 97.8% 97.3% 98.3%
Precision 68.3% 77.6% 64.3% 96.6% 72.8% 86.6%
Recall 74.3% 73.5% 55.0% 97.9% 81.8% 67.9%
F1 71.2% 75.5% 59.3% 97.3% 77.0% 76.1%
Balanced Accuracy 85.3% 85.2% 76.0% 97.2% 88.6% 83.7%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 154. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 10227 1647 2022 1669 1117 689
CWR 948 14837 2865 101 1654 99
Rec LTA 1104 1842 7014 84 1516 138
SLA 1489 173 129 77879 64 3528
Sports 1124 1995 2404 74 16160 28
Wheels 348 - 16 1679 - 3535

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 155. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 67.1% 72.4% 48.5% 95.6% 78.8% 44.1%
Specificity 95.1% 95.9% 96.8% 93.2% 96.0% 98.7%
PPV 58.9% 72.4% 60.0% 93.5% 74.2% 63.3%
NPV 96.5% 95.9% 95.0% 95.3% 96.9% 97.1%
Precision 58.9% 72.4% 60.0% 93.5% 74.2% 63.3%
Recall 67.1% 72.4% 48.5% 95.6% 78.8% 44.1%
F1 62.7% 72.4% 53.6% 94.5% 76.4% 52.0%
Balanced Accuracy 81.1% 84.2% 72.7% 94.4% 87.4% 71.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 156. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 9531 2359 2509 1235 1478 678
CWR 1671 13056 3108 43 1501 29
Rec LTA 1114 1839 5035 39 1512 8
SLA 1060 147 71 78841 210 1940
Sports 1591 3003 3718 273 15804 167
Wheels 273 94 9 1055 10 5195

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 157. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 62.5% 63.7% 34.8% 96.8% 77.0% 64.8%
Specificity 94.3% 95.5% 96.9% 95.6% 93.7% 99.1%
PPV 53.6% 67.3% 52.7% 95.8% 64.4% 78.3%
NPV 96.0% 94.7% 93.8% 96.6% 96.5% 98.2%
Precision 53.6% 67.3% 52.7% 95.8% 64.4% 78.3%
Recall 62.5% 63.7% 34.8% 96.8% 77.0% 64.8%
F1 57.7% 65.4% 42.0% 96.3% 70.1% 70.9%
Balanced Accuracy 78.4% 79.6% 65.9% 96.2% 85.4% 81.9%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 158. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Chores 11048 1178 1224 881 869 608
CWR 707 15237 2454 64 1500 56
Rec_LTA 1219 2019 8274 96 1675 38
SLA 826 87 74 79472 117 1374
Sports 1189 1957 2418 109 16347 75
Wheels 251 20 6 864 7 5866

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 159. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Neural Network Model.

Chores CWR Rec LTA SLA Sports Wheels
Sensitivity 72.5% 74.3% 57.3% 97.5% 79.7% 73.2%
Specificity 96.7% 96.6% 96.5% 96.9% 95.9% 99.2%
PPV 69.9% 76.1% 62.1% 97.0% 74.0% 83.6%
NPV 97.1% 96.2% 95.8% 97.4% 97.0% 98.6%
Precision 69.9% 76.1% 62.1% 97.0% 74.0% 83.6%
Recall 72.5% 74.3% 57.3% 97.5% 79.7% 73.2%
F1 71.2% 75.2% 59.6% 97.3% 76.7% 78.1%
Balanced Accuracy 84.6% 85.5% 76.9% 97.2% 87.8% 86.2%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 160. List of Study 2 activities and their operational definitions.

Activity

Operational Definition

Arts/Crafts
Baseball/Softball

Baseball - Drills
Basketball

Basketball - Drills
Book Reading

Blocks

Card/Board Games
Catch

Cell Phone

Cleaning/Wiping

Playground - Climbing

Computer

Cooking
Dishes

Dog Walking (on a leash)
Football

Football - Drills

Gardening
Golf

Golf - Drills

Homework/Screen

Homework/Writing

Laptop
Laundry

activities might include drawing, painting, coloring, sketching, Playdough, clay, etc.

playing a baseball/softball game
simulated baseball tasks; swinging, hitting, catching, pitching, fielding, base running,
etc.
playing basketball or simulated basketball game scenario against an opponent
playing a game with a basketball and hoop (e.g. Horse), general shooting around,
dribbling etc.
reading or interacting with a physical book

includes Legos, building blocks, K’nex, Lincoln Logs, Magnetic building sets etc.

includes playing card games as well as general board game play such as Monopoly,
Life, Sorry, etc.

playing catch with a ball, not associated with playing the sport the ball is intended
for, just throwing the ball back and forth in a pair or group.

general use of cell phone. Includes social media, games, reading, texting, emailing,
etc.

involves using a cloth or rag to dust or wipe down windows, tabletops, counters, etc.

climbing on gym or playground equipment

general use of a desktop computer with a mouse. Includes social media, viewing
videos, doing homework, e-mailing, reading, etc.

includes cooking, baking, food prep tasks in the kitchen
includes loading and unloading the dishwasher as well as washing and drying dishes

continuous walking with a dog on a leash
playing a game of touch football
simulated football includes running, passing, catching, kicking, etc. primarily
individual or in a pair

general gardening tasks including weeding, planting, picking fruit/vegetables, etc

playing a round of golf

simulated golf tasks include swinging a golf club and hitting a golf ball, putting,
driving range, etc.

general button for tasks involving mixed homework activities involving using a
screen, pencil/paper and handwritten activities or book reading and digital
response/interaction with a screen.

general button for tasks involving writing on paper by hand and reading a book
without a screen

general use of a laptop computer. Includes social media, viewing videos, doing
homework, e-mailing, reading, etc.

includes folding and putting away laundry
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Table 160 continued

to be used when lying is the main activity such as RMR. Not to be used when the

Lying ONLY participant is lying and watching TV. In that case the participant is Watching TV in a lying
posture.
Mowing - Push cutting the grass, pushing a lawnmower
Mowing - Riding cutting the grass, riding a lawnmower
Over-ground Cycling riding a bike outdoors, over ground

general button for playground activities involving a jungle gym or similar type
Playground - Other equipment. This is a general, non-specific button to be used when the participant is on the
playground but not doing any discernable activity.

Raking raking leaves or sand
Running (Treadmill) continuous running on a treadmill
Running (Over-ground) continuous running activity
Scooter riding a self-propelled scooter over ground
Sitting ONLY to be used when sitting is the main activity. Not to be used when the participant is
& sitting and watching TV. In that case the participant is Watching TV in a seated posture.
Roller Skating includes in-line skating, rollerblading, etc.
Skate Boarding riding a skateboard
Playground - Slide involves the participant using the slide, as it is intended, for sliding down from the
top to the bottom.
Soccer playing a game of soccer or simulated soccer game activities against an opponent

includes running, kicking, defending, shooting, etc.

Soccer - Drills passing, shooting, dribbling, juggling tasks, primarily individual or in a pair
Stationary Cycling riding a stationary cycle
Stair Climbing ascending and descending stairs...should be used for an activity where this behaviour

is continuous, not when stairs are ascended or descended during a transition period

sweeping or mopping the floor with a broom or mop or another floor cleaning device

Sweeping/Mopping (e.g. Swiffer)
Playground - Swing can include a standard swing or a tree swing
Tablet general use of a tablet - includgg social rqedia, viewing videos, doing homework, e-
mailing, reading, etc.
Tag/Hide & Seek playing a game of tag or hide & seek
Tennis playing tennis with an opponent

simulated tennis drills including serving, returning, and retrieving balls on a tennis

Tennis = Dirifls court. Can be done individually.

intended to be used when there is a clear break from one activity before beginning
Transition another activity. Note: Exercise good judgement and caution when using this button. Try not
to overuse it.

intended to be used when an activity/behaviour occurs that is not included or defined
Unknown Activity in this list. Note: Be sure to carefully review this list before using this button to make sure
what you are coding is not already defined in another behaviour description.

Video Gaming includes using a controller to play a game on a screen (TV, computer, etc])

Volleyball playing volleyball or simulated volleyball with teammates and an opponent
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Table 160 continued

Volleyball - Drills
Walking (Treadmill)
Walking (Over-ground)
Watching TV

simulated volleyball drills including serving, returning, and retrieving balls on a
volleyball court. Can be done individually.

continuous walking on a treadmill
continuous running over ground

viewing TV on a TV not watching video on another screen type
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Table 161. Study 2 dataset breakdown by number of data points in each activity class and group
corresponding to the recoded activity group labels.

Activity Group Label |Onginal Activity Behavior Label|Number of Data Points
Cleaning/Wiping 2,370
Cooking 4,671
Dishes 40
Chores Laundry 2,732
Mowing - Push 1.664
Raking 531
Tidying up 10,112
Dog Walking 1,059
CWR Overground Running 585
Overground Walking 15,756
Weight Lifting 1,947
Playground 9,293
Rec LTPA Playground - Slide 363
Playground - Climb 195
Playground - Swing 6,617
Tag/Hide&Seek 834
Arts/Crafts 18,688
Arts/Crafts - Media 2.043
Blocks 16,061
Book 4,885
Card/Board Games 20,532
Cell Phone 20,729
Computer 4.861
SLA Homework-Screen 1,580
Homework-Writing 20,703
Laptop 7,666
Lying Only 49.076
Sitting Only 21,813
Tablet 7.506
Video Gaming 47,787
Watching TV 73,697
Baseball - D 1,670
Basketball 1,785
Basketball - D 11,007
Sports Catch 2.698
Football - D 1,142
Golf -D 1,828
Soccer - D 502
Tennis 943
Overground Cycle 552
Roller Skating 248
Wheels Scooter 2,254
Skate Boarding 66
Stationary Cycle 141
Off-Camera 9.649
Transition Transition 72.892
Unknown Activity 47.048
Total - 530,821
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Table 162. Physical characteristics of Study 2 participants.

Free-Living Sample

(n=42)

Age [years; mean (SD)] 11.6 (3.3)
Female [n (%)] 15 (35.7%)
Height [cm; mean (SD)] 148.0 (19.4)
Weight [kg; mean (SD)] 454 (21.1)
Handedness [n (% left-handed)] 1 (2.4%)
BMI classification [n (%)]

< 5th percentile [n (% underweight)] 2 (4.8%)

5th - < 85th percentile [n (% normal weight)] 32 (76.2%)

85th - < 95th percentile [n (% overweight)] 2 (4.8%)

> 95th percentile [n (% obese)] 6 (14.2%)
Ethnicity

Hispanic 1 (2.4%)
Race

White 39 (92.8%)

African American 0 (0.0%)

Asian 2 (4.8%)

Hawaiian/Pacific Islander 1 (2.4%)
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Table 163. Confusion Matrix Performance Summary by Activity Group for the Hip Random Forest Model by Feature Set.

Accelerometer Gyroscope Combined

Chores 32.1% 39.0%
CWR 45.6% 53.7%
Rec_LTA 48.1% 22.2%
SLA 92.4% 93.3%
Sports 58.8% 53.6%
Transition 53.0% 49.2%
Wheels 10.3% 32.3%

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities; The color formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a
single model type.

Table 164. Performance Summary by Activity Group for the Hip Random Forest Model by Feature Set.

Accelerometer Gyroscope Combined

Sensitivity 48.6% 49.0%
Specificity 94.0% 94.0%
PPV 51.4% 51.9%
NPV 94.1% 94.0%
Precision 51.4% 51.9%
Recall 48.6% 49.0%
F1 49.3% 50.0%
Balanced Accuracy 71.3% 71.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; The color
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 165. Confusion Matrix Performance Summary by Activity Group for the Left Wrist Random Forest Model by Feature Set.

Accelerometer Gyroscope Combined

Chores 33.4%
CWR 57.4%
Rec_LTA 35.0%
SLA 91.7%
Sports

Transition 55.0%
Wheels 15.6%

26.1%
53.7%
27.3%
91.6%
56.5%
53.3%

47.5%

72.0%

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities; The color formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a

single model type.

Table 166. Performance Summary by Activity Group for the Left Wrist Random Forest Model by Feature Set.

Accelerometer Gyroscope Combined

Sensitivity 51.4% 50.9%
Specificity 94.2% 94.0%
PPV 58.3% 55.6%
NPV 94.4% 94.0%
Precision 58.3% 55.6%
Recall 51.4% 50.9%
F1 52.7% 52.4%
Balanced Accuracy 72.8% 72.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; The color
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 167. Confusion Matrix Performance Summary by Activity Group for the Right Wrist Random Forest Model by Feature Set.

Accelerometer Gyroscope Combined

Chores 37.0%
CWR 58.1%
Rec LTA 35.8%
SLA 92.9%
Sports 75.9%
Transition 59.2%
Wheels 27.7%

24.6%
56.7%
26.1%
91.3%
65.3%
50.0%

52.1%

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities; The color formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a

single model type.

Table 168. Performance Summary by Activity Group for the Right Wrist Random Forest Model by Feature Set.

Accelerometer Gyroscope Combined

Sensitivity 55.2% 52.3%
Specificity 94.7% 94.0%
PPV 60.6% 55.3%
NPV 94.9% 94.1%
Precision 60.6% 55.3%
Recall 55.2% 52.3%
F1 56.7% 53.2%
Balanced Accuracy 75.0% 73.1%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; The color
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 169. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 4889 309 204 740 863 3693 813
CWR 194 9339 2030 14 1107 2705 499
Rec_LTA 197 2927 6948 52 1990 1595 108
SLA 368 131 34 75256 123 4295 1826
Sports 1147 2145 3351 109 12055 4984 295
Transition 7862 4879 1830 5230 4163 20593 3649
Wheels 583 768 53 85 214 1001 827

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time

activities

Table 170. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 32.1% 45.6% 48.1% 92.4% 58.8%  53.0% 10.3%
Specificity 96.4% 963% 96.3% 94.2% 933% 82.8%  98.6%
PPV 42.5% 58.8% 503% 91.7% 50.0%  42.7%  23.4%
NPV 94.5% 93.9% 96.0% 94.7% 952% 87.9%  96.3%
Precision 42.5% 58.8% 503% 91.7% 50.0% 42.7%  23.4%
Recall 32.1% 45.6% 48.1% 924% 58.8%  53.0% 10.3%
F1 36.6% 51.3% 49.2% 92.0% 54.1% 47.3% 14.3%

Balanced Accuracy 64.2% 70.9% 72.2% 93.3% 76.0% 67.9%  54.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 171. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 5939 477 559 401 1060 3706 1233
CWR 358 11011 3307 16 713 3118 1013
Rec_LTA 411 2961 3213 24 2550 1929 344
SLA 223 5 24 76005 10 4945 354
Sports 1579 1434 4050 227 10996 5450 394
Transition 6434 3465 3173 4714 5135 19109 2092
Wheels 296 1145 124 99 51 609 2587

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 172. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 39.0% 53.7% 222% 93.3% 53.6% 492%  32.3%
Specificity 96.0% 95.2% 95.5% 953% 92.6% 84.4%  98.8%
PPV 44.4% 564% 28.1% 93.2% 45.6% 433%  52.7%
NPV 95.0% 94.7% 94.0% 953% 94.6% 87.2%  97.2%
Precision 44.4% 56.4% 28.1% 93.2% 45.6% 433%  52.7%
Recall 39.0% 53.7% 22.2% 933% 53.6% 492%  32.3%
F1 41.5% 55.0% 24.8% 93.2% 493% 46.1%  40.0%

Balanced Accuracy 67.5% 74.5% 589% 943% 73.1% 66.8%  65.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 173. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 7952 240 244 117 781 3141 1193
CWR 148 11176 1860 3 673 2785 572
Rec_LTA 162 2306 7814 24 1525 1315 53

SLA 56 5 15 77713 40 3483 557
Sports 1238 1620 2922 132 12882 4828 382
Transition 5390 4453 1569 3456 4590 22862 1367
Wheels 294 698 26 41 24 452 3893

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 174. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 522% 54.5% 54.1% 954% 62.8%  58.8%  48.6%
Specificity 96.9% 96.6% 97.1% 96.5% 93.8% 87.0%  99.2%
PPV 582% 64.9% 592% 949% 53.7%  523%  71.7%
NPV 96.1% 94.9% 96.4% 96.8% 95.6% 89.7%  97.9%
Precision 582% 64.9% 59.2% 94.9% 53.7% 523%  71.7%
Recall 522% 54.5% 54.1% 954% 62.8%  58.8%  48.6%
F1 55.0% 593% 56.5% 95.1% 57.9% 554%  57.9%

Balanced Accuracy 74.5% 75.6% 75.6% 959% 783% 72.9%  73.9%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 175. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 5090 346 644 820 450 3306 452
CWR 204 11760 1724 26 1280 2745 14
Rec_LTA 387 1535 5053 39 1002 1604 107
SLA 867 86 200 74690 43 4492 4669
Sports 721 2754 3291 105 14801 5033 85
Transition 7937 4017 3530 5143 2936 21359 1440
Wheels 34 0 8 663 3 329 1250

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 176. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 33.4% 57.4% 35.0% 91.7% 72.1%  55.0% 15.6%
Specificity 96.7% 96.6% 97.5% 91.2% 933% 84.4%  99.5%
PPV 45.8% 662% 51.9% 87.8% 552%  46.1% 54.7%
NPV 94.6% 952% 950% 94.0% 96.7%  88.5%  96.6%
Precision 45.8% 662% 51.9% 87.8% 552%  46.1% 54.7%
Recall 334% 574% 350% 91.7% 72.1%  55.0% 15.6%
F1 386% 61.5% 41.8% 89.7% 62.6% 50.1% 24.3%

Balanced Accuracy 65.1% 77.0% 66.2% 91.4% 82.7% 69.7%  57.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 177. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 3975 957 569 379 292 3218 543
CWR 756 11017 3101 22 1918 2887 56
Rec_LTA 268 2266 3945 18 2360 1770 5
SLA 388 10 115 74625 20 4430 1700
Sports 693 3032 3613 129 11594 5311 59
Transition 8773 3198 3102 5861 4328 20736 1849
Wheels 387 18 5 452 3 516 3805

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 178. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 26.1% 53.7% 273% 91.6% 56.5% 533% 47.5%
Specificity 96.8% 95.1% 96.4% 94.3% 92.8% 83.1%  99.3%
PPV 40.0% 55.8% 37.1% 91.8% 47.5% 433%  73.4%
NPV 94.0% 94.7% 94.4% 942% 94.9% 88.0%  97.8%
Precision 40.0% 55.8% 37.1% 91.8% 47.5% 433%  73.4%
Recall 26.1% 53.7% 273% 91.6% 56.5%  533% 47.5%
F1 31.6% 54.7% 31.5% 91.7% 51.6% 47.8%  57.6%

Balanced Accuracy 61.4% 744% 61.8% 93.0% 74.7%  682%  73.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 179. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 7004 432 343 270 262 2791 464
CWR 179 12491 1541 7 1153 2813 17
Rec_LTA 293 1651 6177 28 1084 1669 20
SLA 362 11 124 76963 14 3710 900
Sports 653 2488 2860 65 14770 4777 44
Transition 6634 3400 3403 3794 3232 22833 1169
Wheels 115 25 2 359 0 275 5403

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 180. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 46.0% 60.9% 42.7% 944% 72.0% 58.7%  67.4%
Specificity 97.5% 96.8% 97.4% 95.6% 93.9% 86.5%  99.6%
PPV 60.6% 68.6% 56.6% 93.8% 57.6% 514% 87.4%
NPV 95.6% 95.6% 95.6% 96.1% 96.7%  89.6%  98.6%
Precision 60.6% 68.6% 56.6% 93.8% 57.6% 51.4%  87.4%
Recall 46.0% 60.9% 42.7% 944% 72.0% 58.7%  67.4%
F1 523% 64.6% 48.7% 94.1% 64.0% 54.8%  76.1%

Balanced Accuracy 71.7% 789% 70.1% 95.0% 829%  72.6% 83.5%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 181. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 5646 615 1263 658 445 2871 397
CWR 184 11901 1667 13 1012 2743 6
Rec_LTA 722 1331 5178 68 839 1673 80
SLA 824 95 99 75719 15 3872 3912
Sports 997 2011 2472 45 15570 4231 8
Transition 6723 4544 3767 3808 2633 23026 1397
Wheels 144 1 4 1175 1 450 2217

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 182. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 37.0% 58.1% 358% 929% 759% 59.2%  27.7%
Specificity 96.6% 96.9% 97.4% 92.5% 94.5%  857%  99.1%
PPV 47.5% 67.9% 524% 89.6% 61.5% 502%  55.5%
NPV 94.9% 953% 95.1% 95.0% 97.2% 89.7%  97.0%
Precision 47.5% 67.9% 524% 89.6% 61.5% 502%  55.5%
Recall 37.0% 58.1% 358% 92.9% 759% 59.2%  27.7%
F1 41.6% 62.6% 42.5% 91.2% 67.9% 543% 36.9%

Balanced Accuracy 66.8% 77.5% 66.6% 92.7% 852% 72.5%  63.4%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 183. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 3744 1406 831 269 446 3702 245
CWR 1314 11627 2926 37 1402 3260 41
Rec_LTA 765 2005 3769 16 1660 1829 7
SLA 227 29 25 74384 14 5343 2073
Sports 845 2355 3329 96 13400 4646 47
Transition 8112 2997 3565 5866 3590 19427 1431
Wheels 233 79 5 818 3 659 4173

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 184. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 24.6% 56.7% 26.1% 91.3% 653% 50.0%  52.1%
Specificity 96.2% 95.0% 96.6% 93.4% 93.7% 84.0%  99.1%
PPV 352% 56.4% 37.5% 90.6% 542% 43.2%  69.9%
NPV 93.9% 95.0% 943% 93.9% 959% 874%  98.0%
Precision 352% 56.4% 37.5% 90.6% 542% 432%  69.9%
Recall 24.6% 56.7% 26.1% 91.3% 653%  50.0%  52.1%
F1 28.9% 56.6% 30.8% 90.9% 59.2% 463%  59.7%

Balanced Accuracy 60.4% 75.8% 613% 924% 79.5% 67.0%  75.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Table 185. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Chores 7849 547 791 288 280 2392 388
CWR 197 13258 1562 14 943 3350 3
Rec_LTA 625 1264 6481 19 888 1738 16
SLA 280 6 29 77580 3 3481 1443
Sports 968 1693 2174 28 15652 4052 23
Transition 5202 3707 3410 2967 2748 23507 1024
Wheels 119 23 3 590 1 346 5120

CWR = continuous walking and running, SLA = seated and lying activities; Rec LTA = recreational and leisure time
activities

Table 186. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Random Forest Model.

Chores CWR Rec LTA SLA Sports Transition Wheels

Sensitivity 51.5% 64.7% 44.9% 952% 763%  60.5%  63.9%
Specificity 97.5% 96.6% 97.5% 95.5% 95.0% 88.1%  99.4%
PPV 62.6% 68.6% 58.8% 93.7% 63.7%  552%  82.6%
NPV 96.0% 96.0% 95.8% 96.6% 97.2%  90.2%  98.5%
Precision 62.6% 68.6% 58.8% 93.7% 63.7%  552%  82.6%
Recall 51.5% 64.7% 44.9% 952% 763%  60.5%  63.9%
F1 56.5% 66.6% 50.9% 944% 694% 57.7%  72.0%

Balanced Accuracy 74.5% 80.6% 71.2% 954% 85.6% 743%  81.6%

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR =
continuous walking and running; SLA = seated and lying activities;, Rec LTA = recreational and leisure time activities
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Seeking Research
Participants

Study Details B
» Perform common daily : WS
activities, including household

chores and sports, while
wearing acitivity monitors

» Two visits (~2.5 hours total)

» Compensation up to $75

| Who can Participate?
» Excellent opportunity for

research and technology »Boys and girls ages 6-18
exposure! years old

» Active or non-active youth
eligable

» All testing will take place at
the University of Tennessee
campus

“"“Are you Interested?
Contact us below

Email: APLStudy@utk.edu
Phone: (865) 974-5651
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Informed Consent Statement for Parent or Guardian

Title of Research: Novel Approaches for Predicting Unstructured Short Periods of Physical Activities in
Youth: Study 1 — Development of New Techniques

Principal Investigator: Dr. Scott Crouter

Location: Applied Physiology Laboratory, 1914 Andy Holt Ave., University of Tennessee, Knoxville, TN
37996

PURPOSE

You are being asked to give permission for your child to participate in a research project that will
examine new methods to measure the amount of physical activity youth obtain using small devices called
accelerometers. These devices are attached to a belt which is worn around the waist, wrist, or ankle
similar to a pedometer. Your child will be eligible if he or she is: 1) 6 to 18 years of age, and 2) you and
your child can read and speak English. Your child will not be eligible if: 1) he or she has a serious health
problem or injury that would prevent them from participating safely in regular physical activity, 2) he or
she has a Pacemaker or other internal medical device.

The study will take place at the Applied Physiology Laboratory in the Health, Physical Education, and
Recreation (HPER) building at The University of Tennessee. The lead researcher is Scott Crouter, PhD,
Assistant Professor in the Department of Kinesiology, Recreation, and Sport Studies. Please read this
form and feel free to ask questions. If you have further questions, Dr. Crouter will discuss them with you.
You can contact him by telephone (617-287-7509) or email (scrouter@utk.edu).

PARTICIPANT’S INVOLVEMENT IN THIS STUDY
Here is what the study involves:

1) You will be asked to fill out a health history questionnaire pertaining to your child's health status
to determine eligibility for the study.

2) Your child will be asked to visit the Applied Physiology Laboratory in the HPER building on 2
separate days for approximately 100 minutes on visit 1 and 60 minutes on visit 2, for a total time
commitment of 160 minutes (2 hrs 40 minutes).

a. During visit 1 your child will have his/her height, weight, percent body fat measured,
resting metabolic rate measured, and will perform 8 activities randomly selected from a list
of 16 activities.

b. During visit 2 your child will perform the remaining 8 activities, from the list of 16 that they
did not perform during visit 1. The 2 testing days will occur within 2 weeks of each other.

3) The percent body fat will be measured using bio-electrical impedance (BIA). BIA is a non-invasive
technique that involves standing on a scale while also holding on to a handlebar. During this time
an undetectable and harmless electrical current is passed through the body.

4) The resting metabolic rate test will take 35 minutes. This test will involve having your child rest in
a lying position for 25 minutes and it will take 10 minutes to connect the equipment and prepare
for the test. During this time he/she will have 3 accelerometers placed on their waist, 3 on each
wrist, 2 on each ankle, and 1 on each shoe using an elastic belt. Another device will also be
attached to each thigh using a sticky pad. Your child will also be attached to a Cosmed portable
system, which will measure the air that they breathe. This device is light weight and straps onto
the body. It also requires the use of a facemask, over the nose and mouth. While wearing the
facemask your child will be able to breathe normally and talk, and the mask does not block or
restrict airflow.

IRB NUMBER: UTK IRB-15-02487-FB Participant’s Initials
IRB APPROVAL DATE: 08/16/2018
IRB EXPIRATION DATE: 09/13/2019
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5) Your child will perform 16 different activities. During each visit 8 activities will be performed which
include:
1) self-paced slow walk, 2) self-paced brisk walk, 3) self-paced running, 4) self-
paced stair climbing, 5) shooting a basketball, 6) playing catch with a ball, 7)
playing soccer, 8) sitting in a reclined position, 9) sitting upright while reading, 10)
sitting upright while searching the internet, 11) sitting upright while playing
computer games, 12) lying, 13) cycling at a moderate pace, 14) performing jumping
jacks, 15) sweeping, and 16) dusting
a. While performing the activities your child will be wearing the elastic belts with the
accelerometers and the Cosmed metabolic cart as described above. Each visit your child
will receive a list of 8 activities from which to choose from and they will be instructed to
perform each activity for two times; once for between 60-90 seconds and once for
between 4-5 minutes. A trained research assistant will work with your child to ensure they
perform the activities correctly.
b. While performing the activities a trained research assistant will also video record your
child so that exact transition times between activities can be obtained. This is an essential
part of this project for development of better tracking methods in real-world situations.

RISKS

There are minimal risks associated with participation in the research study. Since the study involves
children engaging in physical activities, there is the possibility of minor injuries such as cuts, bruises, and
muscle soreness, and a slight risk of sprains. The risk is similar to that involved in a physical education
class or a community sport program. There is also a risk of skin irritation from wearing the sticky pad on
the thigh, which will be minimized by cleaning the area after it is removed. If irritation does occur during
testing it will be removed immediately. Additionally, there is also a potential for social and psychological
risks associated with wearing the Cosmed K4b? and being followed during the activities. Lastly, there is a
risk of the identity of your child being known through the use of the video recording.

BENEFITS

The benefits of the proposed research include improved methods for measuring free-living physical
activity. This has implications for intervention researchers and those looking at the health of children and
adolescents. Participants will learn about their general health characteristics (e.g. BMI) and strategies to
become more active.

CONFIDENTIALITY

Information and records included in this study will be kept confidential. Data will be stored in a secure
location and will only be made available to the people conducting the study, unless you specifically give
permission in writing to do otherwise. The video recordings will be kept on a secure password protected
server and only investigators involved with this study will have access to these files. The results of the
study will be published, but no reference will be made in oral or written reports that could link participants
to the study.

The data files will also be sent to study investigators at the University of Massachusetts Boston and the
University of California Riverside. Only non-identifiable data will be sent to these investigators and they
will not receive the videos of your child, thus they would not be able to identify who your child is. The
Office of Human Research Protections (OHRP) may also review the study records at any time.

COMPENSATION
For participation in the study, your child will receive a $30 gift card for completion of visit 1 and a $45 gift
card for completion of visit 2, for a total of $75 in gift cards if both days are completed.

IRB NUMBER: UTK IRB-15-02487-FB Participant’s Initials
IRB APPROVAL DATE: 08/16/2018
IRB EXPIRATION DATE: 09/13/2019
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EMERGENCY MEDICAL TREATMENT

The University of Tennessee does not "automatically” reimburse subjects for medical claims or other
compensation. If physical injury is suffered in the course of research, or for more information, please
notify the investigator in charge, Dr. Scott Crouter, at (865) 974-1272.

CONTACT INFORMATION

If you have questions at any time about the study or the procedures (or you experience adverse effects
as a result of participating in this study), you should immediately contact the principal investigator, Dr.
Scott Crouter, 334 HPER Building, The University of Tennessee, Knoxville, TN 37996, (865) 974-1272.
If you have questions concerning your rights as a participant, contact the Office of Research Compliance
Officer at (865) 974-7697.

PARTICIPATION

Your participation in this study is voluntary; you may decline to participate without penalty. If you decide
to participate, you may withdraw from the study at any time without penalty and without loss of benefits to
which you are otherwise entitled. If you withdraw from the study before data collection is completed your
data will be returned to you or destroyed.

STATEMENT OF CONSENT
| have read the above information, and | have received a copy of this form. | consent for my child to
participate in this study. | also certify that | am 18 years of age or older.

Printed name of your child

Parent or Legal Guardian signature Date

Investigator’s signature Date

STATEMENT OF VIDEO CONSENT
| consent for my child to be videotaped while completing the activity described above. Not signing, does
not exclude your child from the study and they can still participate, however they will not be videotaped.

Parent or Legal Guardian signature Date

| consent for my child's videotape to be used for training purposes in the future. This might include use
for demonstration in an undergraduate or graduate kinesiology course or training for future studies where
investigators are using the same procedures. By not signing below, your child can still be videotaped for
use in the current study, but there file will not be used for future training or educational purposes.

Parent or Legal Guardian signature Date

IRB NUMBER: UTK IRB-15-02487-FB
IRB APPROVAL DATE: 08/16/2018
IRB EXPIRATION DATE: 09/13/2019
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HEALTH HISTORY QUESTIONNAIRE

Today’s Date:

Name of parent/legal guardian completing the form:

ABOUT THE PARTICIPANT
Please answer the following questions about your child.

Name:

Address:

City: Zip Code:
Parent’s Phone: Date of Birth (month/day/year):
Age: Gender: _  M___ F

Current School (if summer, School entering in Fall):

Current Grade (if summer, Grade entering in the Fall):

How do you identify your child?
Asian, Non-Hispanic
Asian, Hispanic
Black/African American, Non-Hispanic
Black/African American, Hispanic
Native Hawaiian/Pacific Islander, Non-Hispanic
Native Hawaiian/Pacific Islander, Hispanic
Native American/Alaskan, Non-Hispanic
Native American/Alaskan, Hispanic
White, Non-Hispanic
White, Hispanic

Is this child Multiracial? Y N

‘Who resides in the household with your child?
Both parents Single Mother Single Father Grandparent(s)
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Health History
Has your child ever been diagnosed with any of the follow conditions? If yes, please explain.

Current
NO | YES | Condition Explanation

Heart Disease
Diabetes/High Blood Sugar
High Blood Pressure

Seizure

Asthma or Other Lung Condition
Cancer

Musculoskeletal Condition or Injury

Other Serious Illness
Allergy

Please describe any additional medical conditions that may affect your child’s participation in physical
activity.

Is your child taking any medication (including prescription and non-prescription? If yes, please state below.

YES NO

Name of Medication Reason for Taking For How Long?

Emergency Contact

Name:

Relationship: Phone: Work:

Home:
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Children’s Assent form

Title of Research: Novel Approaches for Predicting Unstructured Short Periods of Physical Activities in Youth:
Study 1 — Development of New Techniques

Principal Investigator: Dr. Scott Crouter

Location: Applied Physiology Laboratory, 1914 Andy Holt Ave., University of Tennessee, Knoxville, TN 37996

PURPOSE

You are being asked to participate in a research project that will use small devices called accelerometers to
measure how much you move. These devices are attached to a belt and can be worn around the waist, hip, or
ankle. The study will take place at the Applied Physiology Laboratory in the Health, Physical Education, and
Recreation (HPER) building at The University of Tennessee. The lead researcher is Scott Crouter, PhD,
Assistant Professor in the Department of Kinesiology, Recreation, and Sport Studies. Please read this form
and feel free to ask questions. If you have further questions, Dr. Crouter or a research assistant will discuss
them with you. You can contact him by telephone (617-287-7509) or email (scrouter@utk.edu).

PARTICIPANT’S INVOLVEMENT IN THIS STUDY
If you decide that you want to be in this study, this is what you will be asked to do:
1) Visit the Applied Physiology Laboratory in the HPER building on 2 different days for approximately 1.5
hours on visit 1 and 1 hour on visit 2.
2) Have your height, weight, and percent body fat measured, which requires you to stand barefoot on a
scale.

a. During your 2 visits you will be asked to do the following tests:

b. Resting metabolic rate (visit 1): During this test you will be asked to rest quietly while lying on a
table. During the test you will have 3 small devices placed on your waist, 3 on each wrist, 2 on
each ankle, and 1 on each shoe using an elastic belt. Another device will also be attached to
each thigh using a sticky pad. You will also have devices placed on your shoes and You will
also be asked to wear a mask over your nose and mouth which will be connected to a device
that is worn on your chest. The mask over your face will not affect how you breathe and you will
be able to talk. This test will take 35 minutes to complete.

3) Perform 16 different activities (visits 1 and 2): During each visit 8 activities from the list below will be
performed:

1) walk slowly, 2) walk quickly, 3) run as fast or as slow as you want, 4) walk up and
down stairs, 5) play basketball, 6) play catch with a ball, 7) playing soccer, 8) sitin a
reclined position, 9) sit in a chair and read, 10) sit in a chair and play on the internet, 11)
sit in a chair and play computer games, 12) lay on your back, 13) indoor cycling, 14)
jumping jacks, 15) sweeping a floor, and 16) dusting a table
a. While performing the activities you will be asked to wear the elastic belts facemask as you will
do for the resting metabolic measurement test. You will do each activity two for either 60-90
seconds or 4-5 minutes. A research assistant will work with you to perform each activity.
b. While doing the activities a research assistant will also video record what you are doing.

CAN ANYTHING BAD HAPPEN TO ME?

Although there are very few risks to taking part in this study, you could get hurt just like with any type of
physical activity such as what you do in PE class. Dr. Crouter and the other research team members will help
you to avoid being hurt or upset. There is also the risk that your skin will become itchy while wearing the sticky
pad on your thigh.

IRB NUMBER: UTK IRB-15-02487-FB Participant’s Initials
IRB APPROVAL DATE: 08/16/2018
IRB EXPIRATION DATE: 09/13/2019
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CAN ANYTHING GOOD HAPPEN TO ME?
By participating in this study, you will learn about other physical activities that will be good for your health while
also having fun.

DO I HAVE OTHER CHOICES?
You can choose not to be in this study if you don't want to.

WILL ANYONE KNOW | AM IN THE STUDY?

We won't tell anyone you took part in this study. Other people who are in the Applied Physiology Laboratory
will know that you are being tested but we will not tell them any of your personal information. When we are
done with the study, we will write a report about what we found out. We won't use your name in the report.

WHAT WILL YOU RECEIVE?
You will receive a $30 gift card for completing visit 1 and a $45 gift card for completing visit 2. If you complete
both days of testing you will get a total of $75 in gift cards.

WHAT IF | DO NOT WANT TO DO THIS?
You don’t have to be in this study. It's up to you. If you say yes now, but you change your mind later, that's
okay too. All you have to do is tell us.

Before you tell us your decision about being a part of this study; be sure to ask Dr. Crouter or one of his
research assistants to tell you more about anything you don’t understand.

STATEMENT OF CONSENT
| have read the above information, and | have received a copy of this form. By signing this form | give assent to
participate in this study.

Participant’s signature Date

Investigator’s signature Date

STATEMENT OF VIDEO CONSENT
| give assent to be videotaped while completing the activity described above. Not signing, does not exclude
you from the study and you can still participate, however you will not be videotaped.

Participant's signature Date

| give assent for my videotape to be used for training purposes in the future. This might include use for
demonstration in an undergraduate or graduate kinesiology course or training for future studies where
investigators are using the same procedures. By not signing below, you can still be videotaped for use in the
current study, but there file will not be used for future training or educational purposes.

Participant's signature Date

IRB NUMBER: UTK IRB-15-02487-FB
IRB APPROVAL DATE: 08/16/2018
IRB EXPIRATION DATE: 09/13/2019
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Seeking Research
Participants

Study Details

» Perform common daily
activities, including household
chores and sports, while
wearing acitivity monitors

» Three visits (~6 hours total)

» Compensation up to $75

_ Who can Participate?
» Excellent opportunity for

research and technology » Boys and girls ages 6-18
exposure! years old

» Active or non-active youth
eligable

» All testing will take place at
participants home and after
school programs

'Are you Interested?
Contact us below

Email: APLStudy@utk.edu
Phone: (865) 974-5651
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Informed Consent Statement for Parent or Guardian

Title of Research: Novel Approaches for Predicting Unstructured Short Periods of Physical Activities in
Youth: Study 2 — Validation of New Techniques

Principal Investigator: Dr. Scott Crouter

Location: Applied Physiology Laboratory, 1914 Andy Holt Ave., University of Tennessee, Knoxville, TN
37996

PURPOSE

You are being asked to give permission for your child to participate in a research project that will
examine new methods to measure the amount of physical activity youth obtain using small devices called
accelerometers. These devices are attached to a belt which is worn around the waist, wrist, or ankle
similar to a pedometer. Your child will be eligible if he or she is: 1) 6 to 18 years of age, and 2) you and
your child can read and speak English. Your child will not be eligible if: 1) he or she has a serious health
problem or injury that would prevent them from participating safely in regular physical activity, 2) he or
she has a Pacemaker or other internal medical device.

The study will take place at the Applied Physiology Laboratory in the Health, Physical Education, and
Recreation (HPER) building at The University of Tennessee. The lead researcher is Scott Crouter, PhD,
Assistant Professor in the Department of Kinesiology, Recreation, and Sport Studies. Please read this
form and feel free to ask questions. If you have further questions, Dr. Crouter will discuss them with you.
You can contact him by telephone (617-287-7509) or email (scrouter@utk.edu).

PARTICIPANT’S INVOLVEMENT IN THIS STUDY
Here is what the study involves:

1) You will be asked to fill out a health history questionnaire pertaining to your child’s health status to
determine eligibility for the study.

2) Your child will be asked to be tested on 3 different days. Day 1 will take place at the Applied
Physiology Laboratory in the HPER building (approximately 60 minute visit) and days 2 and 3 will
take place afterschool at a local facility (e.g. YMCA, the school they attend), public park, or in their
home. Days 2 and 3 will take approximately 2 hrs and 10 minutes to complete on each day. The
three testing days will be completed over a 2 week period. If your child is enrolled in an afterschool
program where we are testing, day 1 will be completed at the program facility. In addition, we may
combine days 1 and 2 into a single testing day, if time allows.

a. Day 1: Your child will have his/her height, weight, percent body fat and resting metabolic rate
measured.

i. The percent body fat will be measured using bio-electrical impedance (BIA). BlAis a
non-invasive technique that involves standing on a scale while also holding on to a
handlebar. During this time an undetectable and harmless electrical current is passed
through the body.

ii. The resting metabolic rate test will take 35 minutes. This test will involve having your
child rest in a lying position for 25 minutes and it will take 10 minutes to connect the
equipment and prepare for the test. During this time he/she will have 3 accelerometers
placed on their waist, 3 on each wrist, 2 on each ankle, and 1 on each shoe using an
elastic belt. Another device will be attached to each thigh using a sticky pad. There wiill
also be a device attached to a pair of eyeglasses that will be worn. Your child will also
be attached to a Cosmed portable system, which will measure the air that they breathe.
This device is light weight and straps onto the body. It also requires the use of a
facemask, over the nose and mouth. While wearing the facemask your child will be able
to breathe normally ag¢l{alligand the mask goes rat block or restrict airflow.

IRB APPROVAL DATE: 10/25/2019 Participant’s Initials
IRB EXPIRATION DATE: 09/12/2020
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b. Days 2 and 3: Your child will be asked to wear the Cosmed portable system and belt with the
accelerometers for a 2-hour period. On one of the days this testing will take place at an
afterschool facility and on the other day it will take place in their home. If testing in the home
or an afterschool facility is not possible, alternative testing sites may be found (e.g. public
park). The home visit will be scheduled in advance so that a parent or guardian can be there.
During this time he/she will be free to choose the activities they perform using what is
available at the testing location. During all times a trained research assistant will be with your
child.

While performing the activities a trained research assistant will also video record your child so
that exact transition times between activities can be obtained. This is an essential part of this
project for development of better tracking methods in real-world situations.

RISKS

There are minimal risks associated with participation in the research study. Since the study involves
children engaging in physical activities, there is the possibility of minor injuries such as cuts, bruises, and
muscle soreness, and a slight risk of sprains. The risk is similar to that involved in a physical education
class or a community sport program. There is also a risk of skin irritation from wearing the sticky pad on
the thigh, which will be minimized by cleaning the area after it is removed. If irritation does occur during
testing it will be removed immediately. Additionally, there is also a potential for social and psychological
risks associated with wearing the Cosmed K4b? and being followed during the activities. Lastly, there is a
risk of the identity of your child being known through the use of the video recording.

BENEFITS

The benefits of the proposed research include improved methods for measuring free-living physical
activity. This has implications for intervention researchers and those looking at the health of children and
adolescents. Participants will learn about their general health characteristics (e.g. BMI) and strategies to
become more active.

CONFIDENTIALITY

Information and records included in this study will be kept confidential. Data will be stored in a secure
location and will only be made available to the people conducting the study, unless you specifically give
permission in writing to do otherwise. The video recordings will be kept on a secure password protected
server and only investigators involved with this study will have access to these files. The results of the
study will be published, but no reference will be made in oral or written reports that could link participants
to the study.

The data files will also be sent to study investigators at the University of Massachusetts Boston,
University of California Riverside, University of Alabama, and University of West Florida. Data files will be
sent through a secure computer connection to reduce the potential of data being viewed by others and
the files will be linked to a unique study ID so no names will be included. The Office of Human Research
Protections (OHRP) may also review the study records at any time.

WHAT WILL HAPPEN TO INFORMATION AFTER THE STUDY IS OVER?

We will keep your child's information to use for future research ideas and training for future studies. Your
child's name and other information that can directly identify them will be kept secure and stored
separately from their research data collected as part of the study. All video files will have the faces
blurred out and names removed. However, there is still the possibility that your child could be recognized
by someone reviewing the video files.

We may share your child's research data with other researchers without asking for your permission
again, but it will not contain information that could directly identify your child. This sharing of data may
include being deposited into a data repository as required by publishers for publication or public
repository.

IRB NUMBER: UTK IRB-15-02487-FB
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COMPENSATION

For participation in the study, your child will receive a $25 gift card for completing visit one, a $25 gift
card for completing visit 2, and a $25 gift card for completing visit 3; for a total of $75 in gift cards if all 3
days are completed. If visit 1 and 2 testing is completed on the same day then your child will
receive $50 for the visit and $25 for the second visit.

EMERGENCY MEDICAL TREATMENT

The University of Tennessee does not "automatically” reimburse subjects for medical claims or other
compensation. If physical injury is suffered in the course of research, or for more information, please
notify the investigator in charge, Dr. Scott Crouter, at (865) 974-1272.

CONTACT INFORMATION

If you have questions at any time about the study or the procedures (or you experience adverse effects
as a result of participating in this study), you should immediately contact the principal investigator, Dr.
Scott Crouter, 334 HPER Building, The University of Tennessee, Knoxville, TN 37996, (865) 974-1272. If
you have questions concerning your rights as a participant, contact the Office of Research Compliance
Officer at (865) 974-7697.

PARTICIPATION

Your participation in this study is voluntary; you may decline to participate without penalty. If you decide
to participate, you may withdraw from the study at any time without penalty and without loss of benefits to
which you are otherwise entitled. If you withdraw from the study before data collection is completed your
data will be returned to you or destroyed.

STATEMENT OF CONSENT
| have read the above information, and | have received a copy of this form. | consent for my child to
participate in this study. | also certify that | am 18 years of age or older.

Printed name of your child

Parent or Legal Guardian signature Date

Investigator’s signature Date

STATEMENT OF VIDEO CONSENT
| consent for my child to be videotaped while completing the activity described above. Not signing, does
not exclude your child from the study and they can still participate, however they will not be videotaped.

Parent or Legal Guardian signature Date

| consent for my child’s videotape to be used for training purposes in the future. This might include use
for demonstration in an undergraduate or graduate kinesiology course or training for future studies where
investigators are using the same procedures. By not signing below, your child can still be videotaped for
use in the current study, but their file will not be used for future training or educational purposes.

Parent or Legal Guardian signature _ oo \iiminen. urik ire 15-02487-F8 Date
IRB APPROVAL DATE: 10/25/2019
IRB EXPIRATION DATE: 09/12/2020
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Children’s Assent form

Title of Research: Novel Approaches for Predicting Unstructured Short Periods of Physical Activities in Youth:
Study 2 — Development of New Techniques

Principal Investigator: Dr. Scott Crouter
Location: Applied Physiology Laboratory, 1914 Andy Holt Ave., University of Tennessee, Knoxville, TN 37996

PURPOSE

You are being asked to participate in a research project that will use small devices called accelerometers to
measure how much you move. These devices are attached to a belt and can be worn around the waist, hip, or
ankle. The study will take place at the Applied Physiology Laboratory in the Health, Physical Education, and
Recreation (HPER) building at The University of Tennessee. The lead researcher is Scott Crouter, PhD,
Assistant Professor in the Department of Kinesiology, Recreation, and Sport Studies. Please read this form
and feel free to ask questions. If you have further questions, Dr. Crouter or a research assistant will discuss
them with you. You can contact him by telephone (617-287-7509) or email (scrouter@utk.edu).

PARTICIPANT’S INVOLVEMENT IN THIS STUDY
If you decide that you want to be in this study, this is what you will be asked to do:

1) Complete testing on 3 different days. Day 1 will take place at the Applied Physiology Laboratory in the
HPER building (approximately 1 hour visit) and days 2 and 3 will take place afterschool at a local facility
(e.g. YMCA, the school they attend), public park, or your home. Days 2 and 3 will take approximately 2
hrs to complete. If you are enrolled in an afterschool program that we are testing at we will complete
day 1 at the program facility and may combine days 1 and 2 into one day of testing.

a. Day 1: Your will have your height, weight, percent body fat and resting metabolic rate
measured.

i. The percent body fat measurement will require you to stand barefoot on a scale.

ii. For the resting metabolic rate test you will be asked to rest quietly while lying on a table.
During the test you will have 3 small devices placed on your waist, 3 on each wrist, 2 on
each ankle, and 1 on each shoe using an elastic belt. Another device will also be
attached to each thigh using a sticky pad. There will also be a device attached to a pair
of eyeglasses that you will wear. You will also be asked to wear a mask over your nose
and mouth which will be connected to a device that is worn on your chest. The mask
over your face will not affect how you breathe and you will be able to talk. This test will
take 35 minutes to complete.

b. Days 2 and 3: You will be asked to wear the facemask and elastic belt as described above for 2
hours on each day. During this time you will be able to freely choose what activities you do
based on what is available. On one of the days this testing will take place at an afterschool
facility and on the other day it will take place in their home. If this is not possible, alternative
testing sites might be found (e.g. public park). You will have a research assistant with you at all
times to ensure your safety. While performing the activities a research assistant will also video
record what you are doing.

CAN ANYTHING BAD HAPPEN TO ME?

Although there are very few risks to taking part in this study, you could get hurt just like with any type of
physical activity such as what you do in PE class. Dr. Crouter and the other research team members will help
you to avoid being hurt or upset. There is also the risk that your skin will become itchy while wearing the sticky
pad on your thigh.

CAN ANYTHING GOOD HAPPEN TO ME?
By participating in this study, you will learn about other physical activities that will be good for your health while
also having fun.

IRB NUMBER: UTK IRB-15-02487-FB Participant’s Initials
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DO | HAVE OTHER CHOICES?
You can choose not to be in this study if you don’t want to.

WILL ANYONE KNOW | AM IN THE STUDY?

We won't tell anyone you took part in this study. Other people who are in the Applied Physiology Laboratory
will know that you are being tested but we will not tell them any of your personal information. When we are
done with the study, we will write a report about what we found out. We won't use your name in the report.

WHAT WILL HAPPEN TO MY INFORMATION AFTER THE STUDY IS OVER?
We will keep your information to use for future research ideas and training. Your name and other information
that can directly identify you will be kept in a safe location separate from your research data.

We may share your research data with other researchers without asking for your permission again, but we will
not give them your name or any information that would allow them to identify who you are. Your research data
might also be placed into a data repository when we publish the report.

WHAT WILL YOU RECEIVE?

You will receive a $25 gift card for completing visit 1, a $25 gift card for completing visit 2, and a $25 gift card
for completing visit 3. If you complete all 3 days of testing you will get a total of $75 in gift cards. If you do day 1
and 2 testing on the same day then you will receive $50 for the visit and $25 for the second visit.

WHAT IF | DO NOT WANT TO DO THIS?
You don't have to be in this study. It's up to you. If you say yes now, but you change your mind later, that's
okay too. All you have to do is tell us.

Before you tell us your decision about being a part of this study; be sure to ask Dr. Crouter or one of his
research assistants to tell you more about anything you don’t understand.

STATEMENT OF CONSENT
| have read the above information, and | have received a copy of this form. By signing this form | give assent to
participate in this study.

Participant’s signature Date

Investigator’'s signature Date

STATEMENT OF VIDEO CONSENT
| give assent to be videotaped while completing the activity described above. Not signing, does not exclude
you from the study and you can still participate, however you will not be videotaped.

Participant’s signature Date

| give assent for my videotape to be used for training purposes in the future. This might include use for
demonstration in an undergraduate or graduate kinesiology course or training for future studies where
investigators are using the same procedures. By not signing below, you can still be videotaped for use in the
current study, but there file will not be used for future training or educational purposes.

Participant’s signature IRB NUMBER: UTK IRB-15.0243A¢e

IRB APPROVAL DATE: 10/25/2019
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