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ABSTRACT

The aim of this studis comparing the accuraciesmfchine learninglgorithms to
classify dataconcerninghealthy subjectandpatients withSDUNLQVRQTV, 'LVHDVH
towardsdifferenttime window lengths anda numberof features Thirty-two healthy
subjects anéighteerpatients with PDook part on this studyThe study obtained
inertial recording®y using araccelerometer aralgyroscopeassessing both hands of
the subjectsluring hand resting staté/e extracteditne and temporal frequey

domain features to feexven machine learniradgorithms: knearesneighborgkNN);
logistic regressiorsupport vector classifigSVC); linear discriminant analysisandom
forest decision trepand,gaussian Nasve Bayebhe acuracy of thelassifies was
comparedising different numberof extractedeaturegi.e. 272, 190, 136, 82, and R7
from different time window length@.e. 1, 5, 10, and15 second} The inertial
recordings were characterized by oscillatory wavefoimag especially ipatients with
PD, peakdin afrequency rangbetween 38 Hz. Outcomes showed that theost
important features were the mean frequency, linear predictiefficients, power ratio,
power density skeyand kurtosis. We observed that a@mies calculated in the testing
phase were higher than in the training phase. Comparing the testing accuracies, we
found significant interactisamongtime window length adh the type of classifier (p <
0.05).The study foundignificant effecs on estimatd accuracies, accordingttear

type of algorithm, time window lengthnd their interactiorkNN presented the highest
accuracy, whil&sVC showed the worst resultdNN feeding by features extracted from
1 and 5 scondswere the combinatiowith more flequently highest accuracies.
Classification using few features led to 8andecision of the algorithm#&/oreover,

performance increasesgnificantlyaccording tahe nunber of features used, reaching



&+ a plateau around 13Binally, the results of thisstly suggested th&NN was the best

&!" algorithm to classify hand resting tremor in patients with PD.

&#'

&% Keywords: 3SaDUNLQVRQTVY GLVHDVH ,QHUWLDO VHQVRUV DFFH
&% resting tremor, machine learning.
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INTRODUCTION

More than 6.1 million peogh ZRUOGZLGH DUH DIIHFWHG E\ 3BDUNLQVR
(GBD, 20B) +thisnumberis expected toisewith theincreasingof the populatiorife
expectancy (Vanneveich et al., 2018). PD has very heterogeneous étliatoabs but

tremor at rest, akinesiand rigidity are considered the clinical cardinal motor signatures
of thisdisease (Poewe et alQ27; Kalia & Lang, 2015). It is hard to diagnose PD, both

in its early stages and durinig progressionlts diagnosis is usually carried out by

clinical obgrvation or byjusingVFDOHY VXFK DV WKH 8QLILHG 3DUNLQVI
Scale (UPDRSYr the Hehn and Yahr scalgi-Y) (Holden et al., 2018; Rizek et al.,

2016 Hoehn & Yahr, 196)

Literature has proposedternative ways to quantify PD symptomnmsorderto assisits
diagnosis and progressionlkib et al., 2017). Inertial measures of the hand resting
tremor associated to machine learning algorithms have been extensively investigated to
distinctdata from healthpeopleandpatients withPD (Jeon eal., 2014, 2017h, to

quantify the progressioof the diseaséPedrosa et al., 2018), atalevaluate theffect

of therapeuticen K D Qtewmdr(LeMoyne et al.2019.

Although many investigations have evaluated the machine learning classifier
performare topreciselycategorizeéhe inertial measurements frqatients withPD,

there are few methodological studies concerning the influentte tdichnical

parameters of th kind of approach. Parametdike thetime intervalof the inertial

sensor readirgy type of features extracted from the inertial sensor readings, the number
of features used, thgpe of machine learning classifier, atite typeof inertial sensor
usedhave potential to increase or decrease the accuracy alfgtbrethm(Ramdhani et

al., 2018; Nurwulan & Jiang, 2020; Jeon et al., 2017; Wang et al., 2018; Rovini et al.,

2017). Table 1 lists examples of studies that associated inertial measurements with



)" machine learning approaches and their methodological chdicksplays darge
)y#"  variability of methodological settings and few explanatimssifying suchchoices.
)$" Several investigations have ussedumber ofnachine learninglgorithmsto classify
)%6'  andbr to quantify the resting hand tremor dtients withPD, obtairing high accuracy
)&" levels.(Kostikis et al 2015 78%94%; Jeon et al2017 80% 85%; Pedrosa et.al
) " 2018 92.8%). There is no consensus abelidtmachine learning algorithnege
)(" preferable talassify features of inertial readings or whes the optimatonditions to
)) " useany of the algorithms.
)* " Several studies have segmented inertial recordings in different window size diti@ation
*+"  extract dozensrchundreds of features thigtd a machine learninglgorithm(Jeon et al.,
*1" 2017). Shorterm inertial readings could be goodgeta fast evaluation, buheylead
*#" to high false positive detectio®n the other handong-term recordingsnay potentially
*$"  prolong therecordingprocessaddng redundant information (Nurwulan & Jiang, 2020).
*o%  In the same waysing afew featuresnay rot be enough tring clear information
*&" aboutthe differenceamongpatients withPD; and anexcessive number ofdéuresmay
* " overload the computing procesisis important to select the bestt offeaturesn order
*(" to potentializealgorithmclassificaton and to avoid collinearity amonmigata
)" The present studgimedto compare the performancerafichine learning algorithms to
=" classifyrecordings ofnertial sensor@ashealthypeopleor patients withPD considering
I++"  different numbes of features extracteflom a variety ofwindow length duration of
I+!' " inertial recordingsThoseresultsmay contribute in the decisiomakingof the best
I+#" parametefor the classification oinertial sensor measurasalyzed by machine

+$" learning algorithms.



1+96' Table 1. References thased inertial semss features to feed machine learning to evaluate the hand tremor of PD patients.

Recording
Reference Hand activity Sensor (AR) Methods of classification Accuracy
duration
Alam et al. (2016) Resting tremor Acc and gyros (200 HzZ 2530 s Supportvector machine 59%-88.9%
LeMoyne et al. (2015)  Kinetic tremor Acc (100 Hz) 5s Support vector machine 100%
Support vector machine, logistic
Butt et al. (2017) Kinetic tremor Gyros (100 Hz) 10s 76.2%83.1%
regression, neural network classifi
Stamatakis et al. (2013) Finger tapping Acc (167 Hz) Free Ordinal logistic regression 87.2%96.5%
SVM, decision tree, random fores
Jeon et al. (2017) Resting tremor Acc (125 Hz) 10s 80.985.6

discriminant analysis

+&"
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MATERIAL SAND METHODS

Ethical consicerations

All individual participants included in this study gave us thaioimed and written
consentEveryprocedurecarried ouin the presenstudy wasn accordance with the
ethical standards of the Ethics Committee in Research with Humans fromitrezdity
Hospital Jo<o de Barros Barreto (report #1.338.241) and with the 1964 Helsinki

Declaration and its later amendments or comparable ethical standard

Subjects

Our sample comprised fifty right-handed participants grouped into healtioyptrol

paticipants (n =32individuals,16 females and 6 males) angbarticipants witiPD (n =

18 individuals,8 females andOmales)PDUWLFLSDQWVY KDQGHGQHVYV ZDV
according tahe hand they use to handwrikéealthyparticipants rangeftom 41 to 79

years(mean + standard deviation: 64.3+11.1 yearb)le patients withPD rangedrom

48to 73 yearymean * standard deviatio®0.2+8.4 years)Control participants were

recruited by convenienc&hey had no history of neurological or systemic diseases,
selfreported tremor of the hander difficulties incarrying outdaily activities. All

patients withPD were diagnosed byreeurologist in the Neurology Department of the
University Hospital Jo<o de Barros Barreto, Brazil, according tcclinécal dagnostic
criteriaofthe 8. SDUNLQVRQYV 'LVHDYVHHE6gRésleHaW 199°Bdd L Q % DQN
each patient, the severity of PD was scdrgdisingthe Hoehn and YalH-Y) scale.

All patients with PD had diseasiiagnosed within théess 6 years; excepymne

subject (HY 3), all other patients were staged as functionally independeXtXldr 2).

All patients were using levodopa or dopamine agonist therapyvéoa year.
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Inertial measurement unit recordings

We used a wearable device MetaMotionC (mitédn San Francisco, USA)ith on-
board sensors, such as a triplas gyroscope ananaccelerometer (16 bits, £ 2000ij/s,
+ 16 g).Researchers positionedvearabledeviceover HD F K S DANA_rEQaErHal
bone at thig midway between thearpal andhe digital extremities of thiemetacarpal
(Figure 1) 2 with theirforearm supported on a table, ahdirhand relaxed ovats
edge.Researcherscordd the patients iresting state with the acquisition rate at 100
Hz and 1ébit analog to digital convsion resolutionAn Android app (MetaBase,
mbientlab, USAXontroled the sensorsia Bluetooth Bluetooth also transmitted their
signak to an ordinarycomputer The study delivered-ghinuterecordingsOne trial was

carried out foreach one of theandsof all participants.

Data analysis

To carry outdata analysigesearchers programme@gthon scripts (Python v3.7.8y

using SciPy (version 1.3.1), NumPy (version 1.17.2), PyWavelets (version 1.0.3), and
LiIbROSA (version 0.7.2) tools. SciPy is a PytHmsed ecosystem opensource

software for mathematics, science, and engineering; NumPYy is a library for the Python
programmingusedto operate on arrays; LIbROSA ifgthon package that provides the
building blocks necessary to create music information retrieval sysheths

PyWa\elets isanopen source wavel#tattransforns software for Python.

Oursequence of analysis consistedlfinertial recordings; 2)aw datéfiltering; 3)

segmentation ahe time series in different saif waveform lengths4) data
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normalizdion; 5) extractionof features6) selection of the best featuré&s8)
performng machine learning algorithms with training and f@sasesand,9)

measuring machine learning performarfeigure 2 illustrateslata analysisummary

Raw Data Filtering

We computed a magnitie vector fromeach sensatimension X, y, and 2 using

Equation 1which is less sensitive to orientation changes (Janidarmian et al., 2017). The
recordings were filtered by a fourtirder bandpass digital Butterworth filter between 1

and 30 Hz to exclugllow and high frequenagyrtifacts

RL ¥16 E LS E \8(Equation 1)

where Rs the magnitude vectc Td l&= J @tepresented the-B readings of the inertial

Sensor.

After this,we appliedhescipy.signal.detrend function usingts linear list squared fib

detrend thenertial readings.

Segmentation of the time series
We segmented thaeertial recordingsn fixed sizedwindows with no inter-window
gaps anahonoverlappingoetween adjacentindows. We also segmented thetsme

series insest of waveforms with i4second (s)5-s, 18s, and 15s window sizes.
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Extraction of features

We extractedeatures from time and temporal domdimseach sensor dimension

Table2 presentalist of features extracted from inertial dagas well ag?ython main

codes related to them

Table2. Features extracted from the inertiédings.

Features' Python codé¢

Time domain

Range "#$%&'&(")*%+,-"./0& 1&(")*%+,-2#/0 &

Standard deviation +34&'&(")*%+,+34/0 &

Root mean square I-+&'&#*-56,+7!3/#*-56,-%"#I( ")*%+88900 &
Skewness +:&'&+;256,+3"3+,+:%</(")*%+0 &

Kurtosis :3&'& +;256,+3"3+,:*13=+2+/(")*%+0 &
Linear prediction coefficient: )5>=%?+&'&)2@!=+",)5;/(")*%+A&B0O &
Wavelet transform detail >A&;C&'&56<3,4<3/(")*%+A&D4@BD0 &
coefficients (cD)

cD variance ("12"#  %&'&#*-56,("1/;CO &

cD entropy 4%7?&55!=.2-"3%>%#3!=56/EA&-'9A&!I'BOF &

&&&EE&'&HH*-56,"11"6/E0 &
&&&EG&'&E,+H"5%IIK &

&

4%7?&5H2/-0F &
&&&&EEEEE'&GC&L1&E&MEN,T &

&&&&&EEER'&H#*-56,"II"6/IEI2F2M-K& &

&&&&&&EE&E&ERE&2&2#&!"#$%/2#3/LOOKO
&&&&&&EE>&'&H#*-56,1%5%"3/.IFA& O&&&
&&&EEEE & &EHEE-56 #%<".2+KAKNA&".2+'90
&&&EEEEBRE'&H*-56,+*-[#*-56&,"@+=)*3%/.&

!+||

&

&

1&0&%



&8&&&&&&&E&&EED,-".[".2+'90&Q'&IA& &
&8&&&8&8&8E&E&E&EE2+ JO&REL &

88&&8&EEHI*HEH*-56,)=$/P0,+*-/0&R&L &

&

&8 &8V #31=568'&" @+/5H2/-&M&NO& 185H2/-00 &
Third order cumulant 3H214>=14%!>;  *-&'&

+:256,+3"3+,-=-%#3/(")*%+A&-=-%#3'BO &

Temporal frequency (tf) domain

Peak of energy 5>3?&'&?1%7*%#;6>(")*%+,-"./0 &

Frequency at the peak ener 28 &#*-56,)2#+5";%/JA&" ?RIA &
?21%7*%#;,6>(")*%+,+2L.%0 &

37>5&'&.21#*-56,"1$-"./ 1% 7+%#:6>(")*%+0K &

&
Skewness ft +:>378'&+:256,+3"3+,+:%</?21%7*%#:6>(")*%+0 &
Kurtosis_tf 3>37&'&

+:256,+3"3+,%13=+2+/21%7*%#;6>(")*%+0 &
Mean frequency A%28-%"#>21% T*%#;6/21%7*%t:6>(") " %+0F &

88&&?& &H*-56,)24+5":%/IA&"?RIA&
067*%#:6>(") %+, +2L%0 &

&&&&?&'&.?1.?2&S'&NK &
&&&E&

&&&E3=3")>"1%" &'&
#*-56,3!"5L/?1%7*%#;6>(")*%+A&.?0 &

&&&EP=1&2A& . &2#&YH*-%!"3%/.?0F &

&&&&&EEE"132")>"1%"&'&
#*-56,3!"5L/?1%7*%#;6>(")*%+IF2KA&.?IF2K0

&&&&&EEA?&5"132")>"1%"&S&3=3")>"1%"&R&IF
&&&EEEEEEEEE&N H>?1%T&'&.?12  1NK&

Power ratio (16H2/6.12 Hz) .?&'&#*-56,)2#+5";%/ JA&"?R9A&
2% 7*%H:6>(") %+ +2L%0 &

#*-&'&?1%7*%#;6>(")*%+/.2&S'&NO&T&/.?&Q'&
UOK&

4%H&'&?1% 7*%#;6>(")*%+1/.?&S'&UO&T&/.?&Q'&
N9OK&

5=<%!>1"32=&'&#*-,-%"#/0&R&A4%#,-%"#/0
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Note. values = inertial measures ithetime domairvector, frequency_values = inertial
measires in the temporal frequency domaéctor;af = the acquisition frequeng¢ynd,

xf = frequency valuesector.

The study extracted 272 features freathone of oumparticipans, consideing data
extracted: (ajrom eachone of theithand (dominant anashon-dominant) (b) from each
inertial sensoparametefaccelerometer and gyroscopaid, (c) from the four

dimensions of each sensary, z, and magnitude).

Data normalization
Thestudy appliedklearn.preprocessing packageandits StandardScaler functionto
standardize features by removingitheean andcalingthemto unit varianceas

shown inEquation 2.

VAO ? K f\% (Equation 2

Selection of features

Thestudy usedlgorithmSelectKBest to selectthe k mosimportant featuresdsed in a
score which was the ANOVA-#alue Thechoserselection othe mosimportant
features to feed the machine learning algoritimrkis studywhere:272features
(100%),190 featuresA0%), 136 featuresq0%y, 82 features30%), and27 features

(10%).

Splitting data



#!!' " To validatethe predictivemodels we appliedthe tenfold crossalidation methodby
#1#"  usingthe Scikit-learn library (version 0.21.3andShuffleSplit function The study

#'$" randomly splitdatainto 80% formodeltraining and 20% fomodeltesting.

#19'

#1&"  Machine learning algorithms

#' " We applied sven types ofmachine learninglgorithms to classiffhedata fromboth
#!(" healthy and P¥roups The algorithms weré&-nearesneighbor KNN); support vector
#) " classifier (SVC)logistic regressioliLR); linear discriminant analysis (LDAjyandom
#1* " forest(RF); decision tre€DT); and Gaussian Nasve Bay@&NB).

##+'  The next sentences descrthe Python functions used to proceed the machine learning
##!"  algorithms as well aghe parameterhatdiffered from defaultvalues.These

###'  parametersvere changetb protect te modelfrom overfitting.

#H$'

##% (a) k-NearestNeighbor KNN): the functionsklearn.neighbors.KNeighborsClassifier
##&  was appliedo proceed akNN algorithmconsidering the Minkowski distance mettics
##'"  k-valuerarging from 5 to 10 We applied ayrid search usinthe GridSearchCV

##(" functionto find whichk-nearesineighborwould deliverthe best accuracthenchosea
##)" asthebestk-value.

##*"  (b) SupportVectorClassifier (SVC): were appliedn SVC algorithmsklearn.svm.SVC
#$+  function) with radial basifunction kernel wittgamma parameter equal to 1 and t@ie
#$!"  penalty parameter equal to 10.

#$#'  (c) LogisticRegression (LR): &inary logistic regression algorithm

#$$' sklearn.linear_model.LogisticRegression function was used consideg the parameter

#$% penalty HTXDO W Rolue® HIT XDQOGWR HMOLEOLQHDUY
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(d) LinearDiscriminantAnalysis (LDA):the study appliethe function
sklearn.discriminant_analysis.LinearDiscriminantAnalysis to proceed the LDA
algorithm considering the paraneesolver HT XD O W R s{oid Xd@ydfianDe@<Grue.
(e) RandomForest (RF)we usedhefunction
sklearn.ensemble.RandomForestClassifier to implement random forest algorithm
consideringhe parameteqriterion fthevalue gini impurity fasa measuref thesplit
quality, the parametens_estimators equal to 50andmax_depth equal to 6.

(f) DecisionTree (DT): similarlyto the random forest classifietegtree algorithmwvas
proceedusing thesklearn.tree.DecisionTreeClassifier functionconsideringgini
impurity fWR W KH SciiteridrPTH Vitl@@anameters_estimators wereset to50,
andmax_depth equal to 6.

(g) Gaussian Nasve Bayes (GNB): the functiopriaceeda Gaussian Nasve Bayes

algorithm waghesklearn.naive_bayes.GaussianNB.

Measuring machine learning performances
Equation 3 calculatedccuracyin orderto measure the succdsselsof the classifiers

as follows:

TE>IC; .
?? 24—
#?2?2QNt :|E>ér>lg>c_g(Equatlon 3)

where TP is the true positive vaJuiN is the true negative valuEP is the false

positive valueand FN is the false negative value.

Statistics

196"



#&*' Thestudy applied thenpaired ttestwK :HOFKYYV FRUUHFWLRQ WR FRPSD
#'+" obtained from training and testing phases for each classifier using features extracted
#1 " from different time window lengths. For each percentage of features feeding the

##" algorithmswe conduatd atwo-way ANOVA on the influence of the classifigipeand
#$" the time window lengtlof theaccuracy of suchlassifier The dassifier type include

#9%"' seven levels (SVC, GNB, RKNN, LR, LDA, and DT) and the time window length

#'&" consisted of 5 levels (15,s, 10 s, and 15.5As the tweway ANOVA testwas

#' " significant,we computedhe Tukey HSD for performing multiple pairwissomparison
#(" between mean accuraciesbathgroups.We countedte numbepf times in which an

#) " algorithm presented a better performamtencompared tahe others (here named

#=* " victory), by means of significant multiple comparis@tshe different time window

#(+" lengths and number of features. Thus,usedhe chisquaregoodnessf fit (equal

#(!' " proportions)o compare the observed distribution of significammnparisonso the

#(#" expected distribution considering the number of algorithms or of time window length.
#($" All the statistical tests wemarried out byusing Rsoftware(version 36) and

#( consideing the level of significance of 5%.

#H&"

#(' " RESULTS

#((" Selection of ecordings and featurs

#() " Figure 3 shows examples of the accelerometric and gyroscopic recdutitigs5-

#(*" secondime windowsas a function of time and temporal frequency from representative
#)+" subjects fronboth groups. The results for thesecond timevindowswere qualitatively

#)!' " similar tothe other time windowthe studyinvestigatedWe characterizeche inertial

#)#" recordings by scillatory waveforms that, especialtyparticipants witHPD, defined

#)$" theirpeakin frequengesrangng betweer3 8 Hz.
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Regardless time window lengttihe most important featureletectedveremean

frequency, linear prediction coefficients, power ratio, and the power density skew and
kurtosis.Figure 4 shows the 15 most important featsedected fronextracteddata
concerningime windows of 15 scondqFigure 4A), 10 scondqFigure 4B), 5 sconds

(Figure 4C), and lexond(Figure 4D).

Machine learningclassifiers

Comparison between training and testing accuracies

Most of the comparisons had significant differences between training and testing
phases. Wheaaverstatistial significancgp < 0.05)was reached, testing accuracy was
higher than training accuracyexcept in two comparisorfgandom forest ankiNN
algorithms) twhenusing 30% of the features in thesecondime window
Supplementary files 1, 2, 3, 4, and ®gent tables with the training and testing phases
of the machine learning.

The comparisons with no statistical significance were in time wisadw

(i) 1 s random foresalgorithm usingll featuresand 70%of them GNB using50%

and 10%
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(i) 5 s GNB with all features 70%, and 50%f them, kNN andLR using30%of the
features;

(iif) 10 s GNB using30% and 10%f the features;

(iv) 15 s GNB usingall features, 70%, 50%, and 10@%them,SVC usingall features,
70%,and50% of them,LDA usingall featuresand70% of them,LR using50% of the
features, an®F using30%of the features

Figure 5illustratesthe comparisons between the accuracies obtained by the different
classifiers using extracted features in different time windows considering509%,

30%, and 10% of the features, respectively.

Comparing test accuracies obtained from the different supervised machine learning
algorithms

In generalthe effectof the machine learning phases on the accuraes statistically
significant. The main effect for clasgf type yielded an F ratio of F(6, 252)639.14,

p < 0.0001 for all the features; F(6, 252) = 727.74, p < 0.0001 for 70% of the features;
F(6, 252) = 478.15, p < 0.0001 for 50% of the features; F(6, 252) = 171.41, p < 0.0001
for 30% of the features; a6, 252) = 36.8, p < 0.0001 for 10%thb€ features. The
proportion of victories in the multiple comparisons significantly differed by algorithm
for all numbes of features conditions KNN was the algorithm that more frequently
deliveredhigh accuracyhen compared to the othealgorithnms. SVC deliveredthe

lowestfrequency of victories amorgg| testedalgorithis. Table 3 shows the number of



$$#°  3Y LF W & Bdchalorithmin the significant multiple comparisons for each number of
$$$' feature condition.

$$%

$$& Table3. Number of victories of each classifier in the significant multiple comparisons

$$' " for each number of feature condition.

Number of features

Algorithm 100% 70% 50% 30% 10%
SVvC 5 5 3 0 4
GNB 12 16 16 13 2

RF 40 40 39 31 27
kNN 54 58 61 50 50

LR 53 48 41 31 6
LDA 34 38 35 27 3

DT 36 37 34 28 5

Number of significant multiple
234 242 229 180 97
comparisons
X2 63.53 57.72 6350 57.3 14251

P <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

$$("

$$)" The main effect for time window length yielded an F ratio of F(2)2551.7, p <

$$*"  0.0001 for all the features; F(3, 252) = 47.4, p < 0.0001 for 70% of the features; F(3,
$%% 252)=25.5, p <0.0001 for 50% of the features; E&2) = 5.5, p < 0.0001 for 30% of
$%!" the features; and F(3, 252) = 14.8, p < 0.0001 for 10% of therésa The proportion of
$%# victories in the multiple comparisons was similar by time window length for all

$%$ numbes of feature conditionsexcept for 10% of thkeatures Table 4displaysthe
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$%& for each number of feature condition.

$%"

$%( Table 4. Number of victories per time window length in the significant multiple

$%) comparisons for eacnumber of feature condition.

Number of features

Time window length 100% 70% 50% 30% 10%
1s 58 61 54 39 12
5s 64 68 66 52 35
10s 60 62 60 47 27
15s 52 51 49 42 23

Number of significant multiple
234 242 229 180 97

comparisons

X2 1.28 2.46 2.84 2.17 11.33

P 0.73 0.48 051 0.53 <0.01

$%*

$&+ The interaction effect was significant for all numbef features conditions (for all the

$&!"  features: F(18,252) = 19.04, p < 0.001; for 70% of the features: F(18,252) = 15.23, p <
$&#  0.001; For 50% of the features: F(18,252) = 7.61, p < 0.001; and for 10% of the

$&$ features: F(18,252) = 2.959, p < 0.001;), excepBdso of the features condition that

$&% yielded in a F ratio of F(18,252) = 2.959, and p = 0.29.

$&&

$&'" Figure 6AE shows tile plots representing the statistical significance of thenpaost

$&(" multiple comparisons between the testing accuracies from any two clas¥ifiete

$&)" tiles represent comparisons with significant differences, while dark tiles represent non
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significant differences. The red limedicatesthe orientation of the significant

difference Horizontal lines represent higher accuracies for the classifi¢he row
whencompared to the classifein the columnwhile vertical lines represent the

opposite situation. We observed that the number of significant differences between two
classifiers (number of white tiles) was dependent of the number ofdedtor alow

number of features (10% of the features we extracted, 27 features) the number of
significant differences between two classifietas also low and increagdinearly up to

reach a plateau levef 70% of the features (136 featureBijie combinabns between
classifier and time window length with highest accuracies WM and time window

of 1s and 5s.

DISCUSSION

This papeassessethe hand tremor imdividuals withPD andhealtty controls
by usingmachine learning algorithms basedioertial sensor recording®ur
objectiveswere i) identifying the best machine learning algorithms to classify hand
tremorby using inertial dataii) descriling the bestrecording duratiomo be used by
classification methodsii) stablisling the numberof featuresnecessaryo the best
performance of thalgorithms

Concerninghese objectivesheresultsof this studyshowedthatthe kNN
algorithmasthe best classifiefollowed byLR, andRF algorithmsrespectivelyOn the
other handresearch pointed out th&C andGNB delivered thavorst performance

among allclassifiers Also, some classifiers ddetter performances wighorttime

H"



$)% windows while othersneededong recordinggo deliver more accurateerformances.
$)&" Ourresultsalsoshowedthatthe performance of thdassifiersbecame more similar
$)' " whenusing less featureand with more features, differences between classifiers
$)(" increasd linearly until a maximum valueugingaround 136 featuresjeachinga

$)) " plateauRegardlesshe matimportant featurselectedthetime window lengthwas
$)*" similar acrossestedconditions Whereasthe more common featureslectedvere

$*+" meanfrequencyfor both accelerometer and gyroscope sendioesar prediction

$*1 " coefficientsfor the accelerometgskewness power ratio, and the powedensity

$*#" skewnessand kurtosigor the gyroscope

$*$" Many types of machine learning classifiers have heseadl to analyze PD tremdsiqd
$% etal., 2015 We used Dutof the most common algorithms used in the figlN was
$*&" the best classifier across mulgpgtomparisons, together with LR and RF algorithms,
$* " which had accuraclevelabove 90%.

$*(" ThekNN algorithmgroups similar classed data based in the valuelohearest

$) " neighborsLow values ok increase the accuracy the classifier in the training phgs
$*" but difficult the generalization of the model for a new dat&(Zhang, 2011) Thek
%+% was usedetween 5 and 10 to facilitate the generalization of the model during test
%+!" phasePrevioudnvestigationstsuch as Jeon et al. (201Fhavealso found high

%+# accuracies usingNN algorithms. They assessed 85 PD patients to predict UPDRS
%+$ resultsby using a wristwatchtype wearable device for measuring tremorsfandd an
%+% accuracyevel closeo 84% forkNN andRF algorithmsAlso, kNN algorithmdelivered
%+& performancdamprovanentaswe decreasethe number of features, while other

%+" algorithmsdelivered impaired outcomes

%+ RF is a combination of multiplieee predictorshat make decisions based in random

%+) vectors of features. The RF decision is the more commosgideaf the collection of



%+* tree classifiers (Breiman, 2001). Previstisdieshavedemonstratethe ability of RF
%!+ models to detedteezing in the gait of patms with PD or the switching on and off
%!!" state of deep brain stimulationtimesepatients (Kuhneet al., 2017; Tripoliti et al.,

%l#  2013).

%!$ LR is a classification algorithm that uses a logistic sigmoid function to transform
%!% observations in two or moasses.LeMoyne et al. (2019) used LR algorithms to
%!& distinguish inertial readings associated with od aff modes from deep brain

%!""  stimulation in PD patientgeting anaccuracyevel of 95%.

%!(" BothGNB and SVQwith the worstoutcomesWhencompaedwith other algorithms
%!)" theGNB classifierdeliverediower (Susi et al., 2011) and higher (Bazgir et al., 2018)
%!*" accuracies to detect human moti@NB is an algorithm that evaluatide probability
%#+ of eventawithin different classesBazgiret al., 2018; Theodoridis et al., 2018VC

%#!" aims to find an optimal separation hyperplamerder tominimize misclassificabns
%##  (Vapnik, 1979). SVC hmbeen widely used to detect tremor in pP&lientsThe

%#$ accuracy levebf its classifiers harangedetween80% andd0% to quantify PD tremor
%#% (Jeon et al. 2017; Alam et al., 2018Je usedaradial compared to theest SVC used
%#& by Jeon et al. (2017inding similar results.

%#" Itis important to highlight thadirecly comparngthe performance of the classifiers in
%#( different studies mugie careful. Each study implements different parameters in the
%#) algorithms, which are not alwayglly describedFurthemoreg the number and type of
%#* featuregmayinfluence the classifier accuracidhe presenstudyobserved that few
%$+ IHDWXUHV PDNH FODVVLILHUYV Sfangetdasdnumb@nof Retés VLPLOD L
%$"' HQDEOH WKH fonBri¢d/th be HistivyTlisBdiebEcling a plateau around 176

%%$# featuresOne must find daradeoff betwea the number of features and the cost of

##'



%$$ computational processing for each algorithm especially when trying to impleosnt
%$% methodwith wearable or molk devices.

%$& The use of machine learning algorithmseoognize patterns of human motion requires
%$" thesegmerdtion ofmotion recordingime seriesPrevious studies have segmented time
%$( series in different lengths for pattern recognition tgBkssman etlg 2001; Wang et
%$) al., 2012 Dehghani et al., 20)9Although, fiortlengthsaccelerate the duration of the
%$* recordingstheir UDQGRP QDWXUH FDQ SUHVHQW QHJDWLYH LQIO;
%%+ performance$mith et al., 201)1 Short duration recordings the scale of hundred

%% milliseconds have been successfulbed to recognize human motion (Wang et al.,
%%# 2012). At the same time, lontgrm recordings also returned high accunabgn

%9%$ detecing PD tremor asve can observim Table 1

%%% This studyevaluated th@ccuracy otlassifiersby using different time window lengths
%%& We observedhat recordings lastings or kdelivered thenighestaccurag levels The
%% study also noticedome interaction between the window time length and classifiers,
%%/ indicating that somelassifiers were bettéo analyz short recordingsi.e. kNN

%9%) algorithm) while othersshowedhigher accuraciewhenusing long recordings.€.

%%* GNB). There is no ruleoncerning the length dfiertial readings for the predictive

%&+ modeling problemBanos éal. (2014) investigatethe effects of the windowing

%&' procedurson the activity recognition process using inertial data. They obs#raed
%&# intervals between 1 and 2 seconds offered the bestdafatdetween recognition speed
%&$ and accuracy.

%&% Themore conmonfeatures extracted from inertial readings express ampldfide

%&& oscillatory seriestheir spectral content, regularity, and cohereficgomey et al., 2018
%&" Meigal et al., 201p The present study observetat nean frequency for both

%&( accelerometer and/gbscope sensors, linear prediction coefficients for the

#$'
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accelerometer, and skew power ratio, and the power density skew and kurtosis for the
gyroscopdrequentlyfigure among the fifteemop features. Frequency domain features
have beemsuccessfullyemployedin themachine learninglgorithms by other
researcher@azgir et al. 2018 Pedrosa et 312018).

We basedur approach exclusivelyn accelerometer and gyroscope sensbmigh

other sensors are reported in the literature to quantify PD handrtesingmachine
learningalgorithms.For example, Lonini et al. (2018sed the MC10 BioStampRC
sensora sensor tapiatrecordselectromyographisignak to accelerometsand
gyroscogsin 6 body positionsEven considering that additional sensorsaartribute

to increas the accuracy ad classifier, there is a high cost in its implementation that can
reduce the applicability of the proposal. Inertial sensors are inexpensive ieststimt
areavailable in a wide variety of wearable equipment.

This study has some potential limitations that deserve further comments. To date,
research on this topic has been exploratory. There are no guidelines regarding the use of
machine learning approach to quantify hand tremor in PD patients, as well as no
establshed parameters for the choice of inertial sensdiargersample size and

longitudinal followrup could reinforce the present interpretations.

CONCLUSION

The present study suggestédN using hundresl of features extracted from shderm
inertial recadingsas the bst settings for machine learning configuration to classify
hand tremor in P[patients Ourresults can be used assist the diagnosis and follow up
of PD patiers. We consider that our ressiarerobust, becaus@) of the high accuracy
levelobtainedwith the classifies, (ii) the study couldseparate patients in the early stage

of the PD (lowH-Y scorg from healthy people.
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FIGURE LEGENDS

FIGURE 1.IMU Positioning in the hand of the participant. (A) Later@w. (B)
Frontal view. The patient was instructed to keep the hand in rest foe¢@0ds, while

the experimenter controlled the recording using a mobile app.

FIGURE 2. Flow chart of the data analysis steps

FIGURE 3. Accelerometric and gyroscopic recordings as a function of the(tipper
rows) and temporal frequency (lower rofrgm representative participatf the
control and PD groups, using the time windovesf Recordings were carried out on

the nondominantand dominant hands (red and green lines, respectively).

FIGURE 4. Most important features extracted from recordiragtihg 1 s (A), 5 s (B),

10 s (C), and 15 s (D).

FIGURE 5. ComparisonFODVVLILHUVY SHUIRUPDQFH LéstivgKH WUDLC

(empty bars) phase according the number of features and time window length.

FIGURE 6. &RPSDULVRQ RI WeKdim&eln/theltestidd phaseSvhen using
all the features (A), 70% (B), 50% (C), 30% (D), and 10% (E) of the features. White
squares represent the significant difference between the classifiers on the respactive
and olumn, while black squares repent non significance for the comparison. The line
in the white squares represent the direction of the difference, horizontal lines indicates

that the classifier on th@w had higher accuracy than the classifier on tharoal and

$$'



"# " vertical lines represeéithe opposite(F) Number of significant differences between two
"$ " classifiers as a function of number of features.
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Figure 1.TIF




Figure 2.TIF

1 2 3 4
Inertial recordings Filtering }»—L Segmentation H Data normalization

Acelerometric and 1-30 Hz fourth order
gyroscopic raw data bandpass Butterworth filter 15,10,5and 1 s. Z-scores

7 6
L Training / Testing W Features selection }—‘—L Features extraction }

Time domain:

K highest scores: (k = 100%, Maximum, Minimum, Amplitude, SD, Skewness,
K-fold cross-validation 70%, 50%, 30%, 10%) Kurtosis, RMS, Linear Prediction Coefficients,
Wavelet Based Entropy and Variance, Third Order
Cumulant.
Temporal frequency domain:
‘v Peak value, Peak Frequency, Median Frequency,

Skewness and Kurtosis, Power Ratio.

8 9
L Machine Learning Algorithms J * L Performance J

KNN, SVC, Gaussian Naive Bayes,
Logistic ~Regression, Decision Tree,

Random Forest, Linear Discriminant
Analysis Accuracy
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feeding the algorithms



