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ABSTRACT

Wearabledevicesarecontributingheavilytowardstheproliferationofdataandcreatingarichminefield
fordataanalytics.Recenttrendsinthedesignofwearabledevicesincludeseveralembeddedsensors
whichalsoprovideusefuldataformanyapplications.Thisresearchpresentsresultsobtainedfrom
studyinghuman-activity relateddata, collected fromwearabledevices.Theactivitiesconsidered
forthisstudywereworkingatthecomputer,standingandwalking,standing,walking,walkingup
anddownthestairs,andtalkingwhilewalking.Theresearchentailstheuseofaportionofthedata
totrainmachinelearningalgorithmsandbuildamodel.Therestofthedataisusedastestdatafor
predictingtheactivityofanindividual.Detailsofdatacollection,processing,andpresentationare
alsodiscussed.Afterstudyingtheliteratureandthedatasets,aRandomForestmachinelearning
algorithmwasdeterminedtobebestapplicablealgorithmforanalyzingdatafromwearabledevices.
ThesoftwareusedinthisresearchincludestheRstatisticalpackageandtheSensorLogapp.
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1. INTRoDUCTIoN AND MoTIVATIoN

Wearabledevicescangeneratemultipletypesofdatasuchasheartrate,accelerometer,andgyroscope
values,location,etc.Thisdataisusefulacrossmultipledisciplines,includinghealthcare,cybersecurity,
userinterfacedesign,personalizingsocialpreferences,etc.Healthcareisonesuchinstitutionthatis
leveragingthismediumofdatacollectionandperforminganalyticsthatisinformativetohealthcare
providers,administrators,pharmacompaniesandpatients.Suchanalysisallowstheaudienceinthe
domainofhealthcaretomaximizetheirreturnseithercommerciallyorpersonallyatanindividuallevel.

ActivityRecognitionisanemergingfieldofresearch,bornfromthelargerfieldsofubiquitous
computing,context-awarecomputingandpervasivecomputing(Pierluigi,Oriol&Petia,2011;Sztyler
&Stuckenschmidt,2017).Recognizingeverydayactivitiesand its relation tooverallwellness is
generatingalotofinterestintheresearchcommunityofdatascientists,pharmaceuticalcompanies
andhealthcareprofessionals.Researchalsodocumentsthatmonitoringphysicalactivityinreallifevs.
acontrolledenvironmentprovidesabettercontexttoevaluatepatientsandorotherinterestedclients
(Sztyler&Stuckenschmidt,2016).Theuseofaccelerometersandgyroscopesinwearabledevices
suchassmartwatchesandsmartphonesarenowwidelyacceptedformonitoringphysicalactivityand
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tailoringinterventionsasneeded(delRosario,Redmond&Lovell,2015;Akker,Jones,Hermens&
Hermie,2014),withoutpurchasingexpensivewearableambulatorymonitors.Smartphoneshave
alsoproventobeextremelyusefultomonitortheactivitylevelsofconstructionworkers,acontext
whichprovidesawealthofinformationforprojectmanagementrelatedtotheirwork(Akhavian&
Behzadan,2016).

Fitnesstrackingdevicesaregaininginpopularityandnewdevicesareenteringthemarketat
regularintervals.Wearabledevicesincludeaccelerometers,Gyroscope,barometers,andaltimetersto
providehigh-qualitydatawhichisusefulfortrackingposture,activity,HR,sleep,etc.(Henriksenet
al.,2018).Awearabledevicehasthepotentialtobeintegratedasaninterventiontoincreasephysical
activityembeddingitasachangetolifestyle(Ridgersetal.,2018;Cadmus-Bertram,2017;Maher,
Ryan,Ambrosi&Edney,2017)Manyofthesedevicesarebeingusedfordatacollectionandresearch
onvariousaspectsrelatedtoindividualhealthincludingmonitoringphysicalactivity,sleepquality,
heartrate,etc.andtheirimpactonpatienthealth.

Theliteraturereviewedcitedabovedemonstratesthatrecentstudieshaveanalyzedaccelerometer
dataandhaveinvestigatedthedataforphysicalactivityrecognition.Nevertheless,fewofthemhave
undertakenthedifficulttaskofperformingexperimentsout-of-the-lab.Theconditionstoperform
experimentsout-of-the-labcreatetheneedtobuildeasytouseandeasytowearsystemstofreethe
testersfromtheexpensivetaskoflabelingtheactivitiestheyperform.Thisstudyattemptstoaddress
thischallengeandaffordtheabilitytogenerateandanalyzedataoutsidethelabinanopenandfree
environmentusingdata recordedby theaccelerometeronwearabledevicesorcellphones.Data
generatedinsuchaformatcanbeusedtotrainmodelsusingmachinelearningalgorithmsanduse
themodelstotestnewdata.

RandomForestmachinelearningalgorithmwasusedinthisstudy.Areviewofrecentliterature
suggeststhatwhentheRandomForestalgorithm’sperformancewascomparedtoothertechniques
suchassupportvectormachine,C4.5andk-nearestneighbormethods,Randomforestwasthemost
accurateandsuitablefortheanalysisofdatafromwearabledevices(Balli,Sağbaş&Peker,2019;
Henriksenetal.,2018;Zhang,Stogin&Alshurafa,2018).RandomForestwasalsodocumentedto
bespecificallyreliabletopredictthegaitofasubject.(Ahamedetal.,2018)whichisapplicableto
thecurrentresearch.Randomforestisoneofthemostpopularmachinelearningalgorithms.Machine
learningalgorithmsaresuccessfulbecausetheyprovideingeneralagoodpredictiveperformance,low
overfitting,andeasyinterpretability.Thisinterpretabilityisgivenbythefactthatitisstraightforward
toderivetheimportanceofeachvariableonthetreedecision.Inotherwords,itiseasytocompute
howmucheachvariableiscontributingtothedecision.RandomForestalgorithmhasalsoyielded
highaccuracyinclassificationproblemsduetotheidentificationofimportantfeatures(Natarajan,
Kumar&Selvaraj,2018).

DatapreparationandpreprocessingusingRandomForestinvolvesfeatureselection,aprocess
whichwehaveusedinourcaseanddescribedinsection4below.Featureselectionalgorithmsfall
into threecategories: filters,wrappers, andembedded techniques.TheRandom forest algorithm
fitsintotheembeddedtechniquescategory.Embeddedmethodscombinethequalitiesoffilterand
wrappermethods.Theyareimplementedbyalgorithmsthathavetheirownbuilt-infeatureselection
methods.Someofthebenefitsofembeddedmethodsare:

• Theyhaveahighaccuracy
• Theygeneralizebetter
• Theyareinterpretable

RLanguage is anopen sourcepopular language for statistical analysis and fordata science
applications.RLanguageprovidesthousandsofpackagescoveringvariousapplications.Inthepresent
study,theRandomForestpackageofR,whichimplementsBreiman’srandomforestalgorithm,was
utilizedforperformingthecalculations.



International Journal of Big Data and Analytics in Healthcare
Volume 4 • Issue 1 • January-June 2019

34

2. eXAMPLe USe CASeS oF THIS STUDy

Studiesshowthatnearly40millionworkersinEuropearediagnosedwithMusculoskeletaldisorders
(MSD)attributedtotheirworkduetorepetitivemovementsandimproperpostures),andcloseto40%
ofchronicconditionsforpatientsovertheageof16yearswasalsoattributedtoMSD(Cammarota,
2003).Severalstudieshavedocumentedtheefficacyandcorrelationofgoodpostureinmaintaining
goodhealth.McGinnisetal.(2017)citedotherresearchersdocumentingthecorrelationofmaintaining
goodpostureandreductionofstresslevels,reductionofdepressionandotherchronicconditions.These
researchershavefoundthatmaintainingproperpostureisakeyelementtoensuretheoverallquality
ofhealthofthehumanbody.Additionally,whenconditionssuchasfractures,muscletears,andother
boneandmusclerelatedincidentshappen,maintaininggoodpostureisessentialforspeedyrecovery.

Whenpatientsvisittheirphysiciansorhealthcareproviderswithfracturesand/orotherrelated
injuries,x-raysareusedtodeterminetheextentoftheinjuryandappropriatetreatmentisprovided
tothepatient.Healthcareprovidersaretrainedtodeterminethecorrectposturethatthepatientmust
strivetomaintaintorecoverfromtheinjury.

Theproblem,inthiscase,isthatthepatientdoesnotknowhowtocheckifhe/sheismaintaining
therightpostureandifnecessary,rectifytheposture,untilthenextscheduledvisittothefacilityof
theprovider,whohostsexpensiveinfrastructureandpossessesthedomainknowledgerequiredto
evaluatethepatient.Thephysicianthentakesanothersetofx-rays,studiesthemandobservesthe
patient’sposturetodeterminetheextentofimprovement.Ifthepostureisnotconducivetoaspeedy
recovery,thephysicianmightagainsendthepatienttoaphysiotherapistwhocanassistthepatient
toimprovetheposture.Thiscyclerepeatsoverandoveragainuntilsatisfactoryresultsareobtained.

Ideally,itisdesirabletoproposeasystemofinterventionthatpatientscanuse,inbetweenvisits
tothehealthcareprovider,whichcouldassistthepatientindetermining,and,ifnecessary,correcting,
theirposturebasedonsomequantifiablevalues.Thissolutionistwo-foldinthatweusemachine
learning algorithms for training and testing activity related data and determine the accuracy of
activityprediction.Inthepresentstudy,weapplytheRandomForestmachinelearningtechniqueto
theaccelerationdatacollectedfromeightvolunteers’smartphonesfortrainingandtestingthemodel.
ThevolunteersusedtheSensorLogappwhichaffordstheabilitytoexporttheaccelerometerdatato
aCSVfile.Volunteersperformedeachofthesixactivitiesdescribedbelowforfivetotenminutes
anduploadedthecorrespondingfilesforeachactivitytotheresearchers.

3. MeTHoDoLoGy

ThestatisticaldataanalysispackageRandtheSensorLogmobileappwereusedtoanalyzethedatafor
thisstudy.Risapopularstatisticalpackageusedtoapplymachinelearningalgorithmsandperform
dataanalytics.Thedataforthisresearchprojectiscollectedfromanapp(SensorLog)installedonthe
smartphone.Mostrawdatacollectedbythesensorsfromthewearabledevicesmustbeinterpreted
andtransformedintoaformatthatcanbeunderstoodbythenaïveuser.Mobileappsaregenerally
usedfordatatransformation.Inourstudy,theSensorLogappavailablebothontheAppStoreand
GoogleplaystorewasusedtocollecttherawdatafromthewearabledevicesandtransmititasaCSV
fileviatheInternet.Figures1to4providedbelowshowtheinterfaceprovidedbytheSensorLogapp.

UserInterfaceoftheSensorLogApp
TheSensorLogapphasauserinterfacethatcanbeconfiguredtocollectspecificdataandalso

optionstosavethedatatoaparticularfileformat.Inthisresearchtheresearcherscollectedthedata
andsaveditasacsvfilewhichcanbedownloadedorshared.Thefourfiguresbelowdescribethe
userinterfaceoftheSensorLog.

Figure1displaystheaccelerometerdatacollectedbythesensorLogapp.
Figure2displaysthescreentospecifyandconfigurethefiletype,recordingrate,deviceIDetc.
Figure3displaysthescreenfortheLoggedFilesthatareavailable
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Figure4displaystheavailableoptionstoshareandordownloadtheloggedfile
Adescriptionofthedatacollection,processingandanalyzingarepresentedbelow.

3.1 Description of Data
Thedatasetconsistingofuncalibratedaccelerometerdatawithasamplingfrequencyof30Hz,is
collectedfrom8participantsusingtheirwearabledevices(mobilephones)performingsixactivities.
Theseactivitiesarereferredtoaslabelsandarecodifiedasfollows

1:Workingatacomputer
2:Standingandwalking
3:Standing
4:Walking
5:Walkingupanddownstairs
6:Talkingwhilestanding

Foreachparticipant,thecorrespondingcsvfilewhichcanbedownloadedcontainsthefollowing
information:sequentialnumber,xacceleration,yacceleration,zaccelerationandactivitylabel.The
activitylabeliscodifiedasnumbers1to6whereeachactivityhasacorrespondingnumberassociated
withit.Workingatthecomputerhasacodeof1,Standinghasacodeof3,etc.

Note:Inthedatatablesandplotsinthispaper,theclassesarelabelledaccordingtotheabove
listofactivities

Data Preparation and Preprocessing
Table1presentedbelowprovidesa listofvariables forwhich rawdatawerecollected from the
wearabledevicecorrespondingtotheactivity-sittingatacomputer.

Fromthislist,asetofvaluesforthefollowingfieldswereusedforthepredictionoftheactivity.
Theseinclude
LoggingTime,  
LoggingSample,  
AccelerometerAccelerationX(G),  
AccelerometerAccelerationY(G),  
AccelerometerAccelerationZ(G).

Accelerationdatarecordedinthedatasetarecodedaccordingtothefollowingmapping:[0;+30]
=[-1.5g;+1.5g].Ehatisham-ul-Haq,Azam,Naeem,RehmanandKhalid(2017)observedthatthe
timeseriesgeneratedbysmartphonesgenerallycontainsnoisegeneratedbytheparticipantsandby
thesmartphones.So,thecodeddataissmoothedbyHoltWinterexponentialsmoothingmodel.It
istobenotedthatdataobtainedundercarefullycontrolledconditionsmaycontainmuchlessnoise
andyieldmuchbetteraccuracy(Tillis2016).

AssuggestedbyPierluigietal.(2011),featureshavebeenextractedbywindowingof75samples,
correspondingto2.5secondsofaccelerometerdata,with50%ofoverlappingbetweenwindows.
Fromeachwindow,fifteenfeatureshavebeenextractedcorrespondingtomeans,standarddeviations,
minimum,maximumandmedianvaluesforthethreeaxesx,y,andz.Asstatedearlier,Rlanguage
softwarewasutilizedforgeneratingthesenewsetoffeatures.

3.2 Classification and Prediction of Activities
Inorder toclassifyandpredict the individual’sactivitybasedonthenewlyderivedfeatures, the
RandomForestmachinelearningmodelwasutilized.ForfittingRandomForest,softwareprograms
weredevelopedusingtheRlanguage.
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Thenewlyderiveddatasetconsistingof15featuresisdividedintotwodatasetsviz.,training
datasetandtestdataset.Thetrainingdataset isobtainedbytaking80%oftherandomlyselected
observationsandtheremaining20%ofthedatasetisutilizedasthetestdataset.RandomForestmodel
isfittedwiththetrainingdatasetandtestedwiththetestdataset.WiththeRandomForestmodel,the
importantvariableswerealsoidentified.

Figure 1. SensorLog accelerometer data
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4. ReSULTS AND DISCUSSIoN

ResultsfromtheRandomForestModelarepresentedinTables2,3and4.Table2includestheresulting
OOBerrorandconfusionmatrixobtainedfromtheTrainingdataset.TheConfusionMatrixofthe
resultsdisplayedinTable2demonstratestheaccuracyofthemodel.IntheConfusionMatrix,the
diagonalelementsshowthenumberofobservationswhicharecorrectlyclassifiedforeachactivity,
non-diagonalelementsarethenumberofobservations,whicharenotcorrectlyclassified.Theoverall
accuracyoftheRandomForestModelisgivenbyOutoftheBag(OOB)estimateoferrorrate,which

Figure 2. SensorLog configuration options
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is11.67%.ThisclearlydemonstratesthattheRandomForestModelhasaccuratelyclassifiedallthe
activitieswith88.33%accuracyinthetrainingdataset.

Thelabelsofthesixclasseslistedinthetoprowandleftcolumnintheconfusionmatrixare
asfollows:

1:WorkingatComputer
2:StandingandWalking
3:Standing
4:Walking
5:WalkingUpandDownStairs
6:TalkingwhileStanding

Prediction for Test Dataset
TheresultsofthetestdatasetfortheRandomForestModelaregiveninTable3a,Table3bandTable
3c.Table3adisplaystheconfusionmatrix,Table3b.displaystheoverallstatisticsandTable3c.
displaysthestatisticsbyclassobtainedfromthetestdataset.Fromtheoverallstatistics,weobserve
thattheoverallaccuracyofthemodelfortheTestDatasetis85.94%accurate.

Figure 3. Files generated by SensorLog app
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Thelabelsofthesixclasseslistedinthetoprowandleftcolumnintheconfusionmatrixare
asfollows:

1:WorkingatComputer
2:StandingandWalking
3:Standing
4:Walking
5:WalkingUpandDownStairs

Figure 4. SensorLog file export options
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Table 1. List of variables

loggingTime(txt) motionUserAccelerationY(G)

loggingSample(N) motionUserAccelerationZ(G)

locationTimestamp_since1970(s) motionAttitudeReferenceFrame(txt)

locationLatitude(WGS84) motionQuaternionX(R)

locationLongitude(WGS84) motionQuaternionY(R)

locationAltitude(m) motionQuaternionZ(R)

locationSpeed(m/s) motionQuaternionW(R)

locationCourse(å¡) motionGravityX(G)

locationVerticalAccuracy(m) motionGravityY(G)

locationHorizontalAccuracy(m) motionGravityZ(G

locationFloor(Z) activityTimestamp_sinceReboot(s)

accelerometerTimestamp_sinceReboot(s) activity(txt)

accelerometerAccelerationX(G) activityActivityConfidence(Z)

accelerometerAccelerationY(G) activityActivityStartDate(txt)

accelerometerAccelerationZ(G) pedometerStartDate(txt)

motionTimestamp_sinceReboot(s) pedometerNumberofSteps(N)

motionYaw(rad) pedometerAverageActivePace(s/m)

motionRoll(rad) pedometerCurrentPace(s/m)

motionPitch(rad) pedometerCurrentCadence(steps/s)

motionRotationRateX(rad/s) pedometerDistance(m)

motionRotationRateY(rad/s) pedometerFloorAscended(N)

motionRotationRateZ(rad/s) pedometerFloorDescended(N)

motionUserAccelerationX(G) pedometerEndDate(txt)

Table 2. Random forest model results for the training dataset

1 2 3 4 5 6

1 454 23 7 9 1 7

2 24 628 10 7 21 21

3 8 29 433 1 4 11

4 3 8 0 758 27 37

5 1 15 1 28 418 19

6 4 23 6 30 23 398

Call: randomForest(formula = activity ~ ., data = train, ntree = 500, mtry = 5)
Type of random forest: classification
Number of trees: 500
No. of variables tried at each split: 5
OOB estimate of error rate: 11.67%
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6:TalkingwhileStanding

Thelabelsofthesixclassesareasfollows:

1:WorkingatComputer
2:StandingandWalking
3:Standing
4:Walking
5:WalkingUpandDownStairs
6:TalkingwhileStanding

Table 3a. Predictions for test dataset – confusion matrix

1 2 3 4 5 6

1 90 4 3 0 0 5

2 13 162 4 4 8 6

3 2 4 124 0 0 2

4 1 1 0 188 9 6

5 3 2 2 8 97 9

6 3 3 2 10 9 91

Table 3b. Predictions for test dataset – overall statistics

Accuracy 0.8594

95%CI (0.8346,0.8818)

NoInformationRate 0.24

P-Value[Acc>NIR] <2.2e-16

Kappa 0.8291

Mcnemar’sTestP-Value NA

Table 3c. Predictions for test dataset – statistics by class

Class1 Class2 Class3 Class4 Class5 Class6

Sensitivity 0.8036 0.9205 0.9185 0.8952 0.7886 0.7647

Specificity 0.9843 0.9499 0.9892 0.9744 0.9681 0.9643

PosPredValue 0.8824 0.8223 0.9394 0.9171 0.8017 0.7712

NegPredValue 0.9715 0.9794 0.9852 0.9672 0.9655 0.9630

Prevalence 0.1280 0.2011 0.1543 0.2400 0.1406 0.1360

DetectionRate 0.1029 0.1851 0.1417 0.2149 0.1109 0.1040

DetectionPrevalence 0.1166 0.2251 0.1509 0.2343 0.1383 0.1349

BalancedAccuracy 0.8939 0.9352 0.9539 0.9348 0.8784 0.8645
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TheRandomForestpackageinRreportstheresultsforthetrainingdatasetbygivingtheOOB
estimateoferrorrate,andtheresultsfortheTestdatasetbyprovidingtheoverallstatistics,asreported
above.

4.2 Identifying Important Variables
The important variables identified by the Random Forest Model are given in Table 4. The
MeanDecreaseGinivaluesgivetherelativeimportanceofeachindividualvariable,whichisprovided
underthecolumn“Overall”.Fromthistable,itisobservedthatthevariablesymax,ymean,xmax,
whichhavehigherMeanDecreaseGinivaluesaretheimportantfeaturesfollowedbyotherfeatures.
TheoverallOOBerrorfordifferentactivitiesasfunctionsofthenumberoftreesintheRandom
ForestmodelisgiveninFigure5.

ExplanationofFigure5:TheOOB(outoftheBag)errorestimateissimilartothatobtainedby
N-foldcross-validation(Hastie,Tibshirani&Friedman2016).Itsteadilydecreasesasthenumber
oftreesareaddedinthemodelandreacheslowestvaluesaround500trees.Thelabelsofthesix
classesareasfollows:

1:WorkingatComputer
2:StandingandWalking
3:Standing
4:Walking
5:WalkingUpandDownStairs
6:TalkingwhileStanding

Table4belowliststhehierarchyofimportanceofthevariables

Figure 5. Overall OOB error for different activities
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Figure6alsovisuallydisplaysthesamehierarchyofimportanceofvariables.TheRandomForest
packageautomaticallyidentifiestheimportantvariables/featuresbasedonMeandecreaseGinivalues.
Figure6isobtainedbyconsideringtheMeanDecreaseinNodeimpurity.

5. CoNCLUSIoN AND FUTURe PRoSPeCTS

Anattemptismadeinthisstudytopredicttheactivityoftheindividualbyutilizingtheaccelerometer
dataobtainedfromsmartphones.Asthedataisavailablewithafrequencyof30Hz,awindowof
75observationsistaken,correspondingtotwoandahalfseconds,with50%overlapping.Fromthe
rollingwindows,fifteenfeatureshavebeenextractedforthethreex,y,andzaccelerometerdata.
TheRandomForestMachineLearningalgorithmwasutilizedtopredictthesixactivitiesutilizing
thedata.80%oftherandomlyselecteddatawasutilizedasatrainingsetandtheremaining20%of
thedatawasutilizedfortestingthemodel.RandomForestmodelhasidentifiedtheactivitieswith
88.33%accuracyinthetrainingdatasetand85.94%accuracyinthetestdataset.

6. FUTURe WoRK

Someofthelimitationsinthisstudyarethata.practicalusabilityofthestudyandb.extensibility.
Toensurepracticalusabilityofthisstudytheresearchersplantodesignuserinterfaces(UI)toallow
userstomonitorandtesttheirowndata.ExamplesincludeusingaUIsuchasashinyappthatallows
ausertouploaddataacquiredfromawearabledevice,andobtainadecisiononwhethertheiractivity
andorposturewasaccuratelybeingmonitored.Datacollectedfromsuchapplicationscanbeusedby
medicalpractitionerstodeterminetheimpactonthepatient’shealth.Additionally,theresearchers
plantoexpandthisstudytoincludeamuchlargerpopulationindifferentdomainsofknowledge.

Table 4. Overall variables importance

xmean 187.2409

ymean 252.3255

zmean 134.8651

xsd 200.4376

ysd 135.1334

zsd 168.6573

xmin 188.7961

ymin 219.7125

zmin 139.0769

xmax 234.8544

ymax 298.4171

zmax 181.0266

xmedian 191.5964

ymedian 211.1288

zmedian 137.1785
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Figure 6. Variables importance plot
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