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Abstract: This paper presents the results of using a commenmigéimeter as an
electrocardiogranfECG) for wirelessdetection ofcardiac alterations angtress level$or
home contral For these purposgesignal processing techniques (Continuous Wavelet
Transform(CWT) and J48) haveeen used, respectivelijhe designed algorithmnaly®s
the ECG signal and is able to detgbe heart rate (99.42%arrhythmia(93.48%)and
extrasystole (99.29%) The detection of stress level is complemdnt&ith Skin
ConductancedrRespons€SCR), whose success is 94.02%he heart rate variability does
not show added value to thieess detectiom this caseWith this pulsimetey it is possible

to prevent and detect anomalies for a -imirusive way associated to a telemedicine
system It is also possible to use itluring physical activity due to thiact the CWT
minimizes the motiomrtifacts

Keywords: ECG, arrhythmia extraswtole; heart rate SCR CWT, stress cardiac
alterationssignal processing48

1. Introduction

In recentyears there has been ancrease in the numbef remotehealthmonitoring applications
dueto the importance ofletectinganomaliesandillness or disease$l]. These devices acquire the
signalspermanently not only at the specialitsffice, andthey can detect anomalies which may not
appear in an ordinary medical revision.
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Remote monitoring systems are not only used to detect anontalie¢sey arealsousedby chronic
patientsto controltheir constants whiletdnome, without the nedd be in hospital,thusimproving the
p at i quality efdife [2,3]. In this case, the system could &gt warning the specialistbout any
problem detectef]. In [5] Kurl et al showthat the duration of the QRS complex is relatedardiac
death,which indicates that it is necessary to record é¢tectrocardiogramBHCG) regularlyto avoid
sudden cardiac dea#ipisodes.

Within the field of monitoring, it is also importatd detect the stress lewabf a person because
they can negativelyaffect health[6]. The described study uses a commercial BGG the three
following final objectives:

1 Remote monitoring: acquisition of different signals for their posterior treatment.
1 Detection of anomalies
1 Detecing whehera person is stressed or not.

For the thirdpurpose the different testhave been complemented withe Skin Conductance
Respons€SCR in order to verify and compatée results This studydoes not pretend to develop a
system which differentiates objectively whether a person isssc¢ebut the intention isatherto find
out whether is possible to control stress wearing only one commputsineterThe user sdé o
has been takentmaacount in order to distinguish between stress and peaods

The acquireddevice communicatevia Bluetoothbecausehis is the mostvidely used technology
in commercial devicesHowever thereare healthcare applicati@that communicate via ZigBee, as
seen in 7,8]. The communication between the develof€tRand the contratentre is via ZigBee.

As previously mentionedone of the purposes of the final application is the detectigposdible
anomalies For this study, the detection of extrasystoles and arrhyshwaa choserueto the fact
thattwo of the participants prested these anomalies. In this case, the signals to analyse have been given
by the ECG and the methodedto analy® themis the Continuous Wavelet Transform (CWB).

Nowadays, stress is one of the most common diseases duweréot lifestylesit is the body s
reaction to pressurgtuations Excessive stress camcreasehe risk of contraag diseasesi0], so it
is important tocontrol some emotional states to reduce stress levels. Thrawgpplication which
detects whethea person is stressed reaktime, it is possible to help that person to control this
emotionby either changing the s e endrenment or teaching different methods lwow toreduce
stress. In this case the methoskedto detect stress levels a noninvasive system which alyses
different physiological signalsneasured by th8CR andthe pulsimeter(specifically, theheart rate)

To detect the emotional state of the user, it is necedsgpgrform previous trials to classify the
different answersThe trials selected are relatively short because the final application should establish
a stress threshold in a short period of timao different tests have been domeéhich are better
described inthe Materials and Methodsection

1 Listening to annoying sounds the user hears differersounds, which are supposed to be
irritating. Each sound is separatagl5 seconds.

1 Stroop testthis test is based on the difficulty of identifg the color described byword when
it is written in a different colofThis test has been used in different studies to induce stress in
people 11,12].
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This study contains the following partgst of all, the state of the art with different techniques and
devices. Secondly it presents the different methods followed byesigrdand the results. Finally, it
indicates the discussion and the different conclusieashed

2. State of theArt

There exist numerous monitoring systems in orderetword and analyse different biosignals
remotely due to the advantages that trepyesentin [13] the author explains different contents which
are relatedo healthcare computing, including examples and the state of the art of difie@zansof
communication and the different devieesed

In [14] a solution which integrates different devices via Bluetooth is described, providing a solution
for the monitoring of patients who suffer Chronic Heart Failure (CHF). Another sofetisacordng
different signals is to integrate different sensors ia devicewhich would make itnore comfortable
for the user. The prototype [15] integrates ECG, skin temperature, accelerometer and an optional
photoplethismograph(PPG). Gilet al [16] show adevelogd system that measures EEG, ECG,
respiration and PG via Bluetooth.

Remote monitoring iglsoi mpl ement ed i n cl ot hes 17] &shidwhich a s
combinesan ECG andanaccelerometer is presented. The accelerometicesif the user has made a
movementhatcan interfere in the EC@&easurement&mart clothes are not only used for monitoring
different parameters, they are also used to interact with the user depending on thel amnais.
This way, it is possibléo usethemwith autistic children or eldér people who are not able to express
their emotions 18]. There are other wearable systems which acquire more data sudj: dsgy use
one shirt which measures ECG, PPG, BP, temperature, GSR and HR.

As said before, this study includastage which det#s possible anomalies in the patient's ECG.
In [20], Pandey and Mishra describe a metfmddetecing cardiac diseases from ECG. In the present
study, the authorase QRS complex asreferenceto analyse the ECGIhereare numerous studies
that indicaé different methods and algorithms to detect it. 2d],[ Koheler et al reviewed and
compare different algorithms to detect the QRS compl&€ke ECG of the users can be affected by
motion because the device will record the heart activity duhegwholeday. In [22], Benitezet al
describe an algorithm based the Hilbert transform which differentiates the R wave, the T peak and
the P wavewith an average of 99.87%ensitivity while minimising the motion artefact3he study
described in 23] detectsthe QRS complex usinthe Support Vector Machinéo removebaseline
wander with 9%68% success.

In [24], the authors implement a method base@ Wvavelet Transform to analyse TWA in order to
predict the vulnerability of ventricular arrhythmia. Alvaraetal. [25] propose a method based on the
CWT with splines taking various scales into consideration to detect the QRS complex, ol#aining
accuracy of 99.5%.

Gautam and Kaur2p] use the wavelet transform to detect possible arrhythmias. They indicate
T-wave end point identificatioms not necessary evaluate Iwave abnormalities.

The Continuous Wavelet Transform has been used in other studies amaty® physiological
signals. In 7], the authors present a method based on CWT to iddf€yseizure ativities in order
to detect epileptic eventk the study described i[28], Minchevet al use CWT to analyse the EEG
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of different players, showing that the frequency bands change whether the user wins or loses. The
study described in2P], analyses blood flow oscillations (BFO) to study their contribution to the skin
vasodilatoy response.

This study combines the monitoring and analysis of ECG and GSBQ|IBfawner and Goldberg
describe an experimemthoseobjective is to provide teaehs with the physiological answers (GSR
and ECG) of their students in ordeffitd outthe reactiorto different questions.

The iteratureshows different methods and devices used in order to detecp e rssessneved
Initially, determiningpeopl® stress level was based in subjective questionnaires in which the person
answeredy giving theirreactions to different situations. Nowadays by means of different sensors, it is
possible to obtain objective answers in order to determine whether a [gest@ssed or not.

In [31] Healey and Picard describe methadsletectingstress levalin driverswith an accuracy of
90% by recording ECG, electromyogram (EMG), skin response and breathing rate [(BR3Y],
Carteret al study the relatioship betwesn muscle sympathetic nerve activity (MSNAP and HR.
They also examinavhether there areany difference between men and women. The heart rate
variability (HRV) is acquired in33] to detect stress parameters. The dateeacquired frommilitary
personnelnd the stressor factarasthe training with the 9D5 Mulplace Underwater Egress Trainer.
Jongyoon and Gutierré2suna 84] proposeremovingthe respiratory influences in HRV in order to
obtaina better analysis.

In [35], Santoset al. work with Fuzzy Logic to analyse thesponseof different physiological
signals using hyperventilation and talk preparation to induce stref36] a study where the authors
usethe Support Vector Machine (SVM) to build a personaliatress detectsubjecting the users to
different testsis described A real time system that monitors stress is presente@7n (ising the
DynamicBayesian Network (DBN) to model the stress of the user.

3. Materials and Methods
3.1.Pulsimeter

The BioHarnesspulsimeterby Zephyr (city, country) was choserbecause ofthe quantity of
parameters the device is able to collect and because they provide the API for development. This
pulsimeterhas been used in other studiefore[38]. The dataneeded byhe applicdon arewithin the
following three frames:

1 Breathing Waveform Packet: shows the variation of the&igespiration. Each sample is
separated in time by 56s The frame is sent every0D8seconds

1 ECG Waveform Packet: one of the functions ofghésimeteris that ofacting as a holter. This
frame gives the data of the electrocardiogram. Each sample is sefgaratetis and ech
frame is sent every 258s.

1 Summary Data Packet: transmits numerous data. In this cpsayidesinformation about sk
temperature

The resolution of the ECG is 0.013489% and the range is between 0 and 005
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3.2.SCR

We havechosa to developa device which is able to deteehether the skin resistance has varied.
It does notdirectly measure the skin resistanteit another resistance is placed in series in order to
measure the voltag&/hena person is stressetie sweats morend sothere is an incremerih the
resistanceof the skin. The different components of the device can be seeé3fjnlfs A/D converter
has a resolution of 0.578V and the maximuninput voltage is 2.3%/. After camparing the real
values measured after the voltage divider and the theoretic value, the error of each measurement is
around 3.98%The device uses a voltage divider, as it banseen in Figure, 1o obtain the input
tension Vo, which, after a low pass filter, is the input of the ADC.

Figure 1. Voltage divider

Vcc

Rs
Vo

R2

In this case, Rs is the skin resistarmeel R2 is a resistance of 880Y The output voltage is
obtained by:

V&

R &RZV cc (D

Thevalueof Vo is inversely proportional to the value of Rs, thus, thpwuwoltagewhen the user
is stresseds higherthan ifheis not.The range of the skin response is betweek 0 a nMiY 1a0n d
the measured voltages will be betweeh36V and 1.755V (9.93MY ) The sample frequency is 4
Hz. There is no need to knowhe exact val ue @ihicethelpesent stiwly sy r e
compares the output voltage when the subjects are stressed or rdlagedbtained values are
different depending on the user,tbere is not a threshold that sets the limit between stressed or relax
for the whole peopld-or each user, the application takes samples when the person is relaxed and when
the person is submitted to streas well asnakesa cmmparison between these two signals.

3.3.Matlab

Matlabwasused for the programming of the initial user interface and fosubsequerdnalysis of
the signals.

3.4.Eclipse

This integrated development environmevds used to connect the control centre with different
devices. The algorithms of communicatwaredeveloped in C/C++.
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3.5.Continuais Wavelet Transform (CWT)

This wasused in order tanaly® theECG. The formula of the CWT is:
0 ahw % wor ° —— Qo (2
Nw @
WA scale
b A shift
[ A mother wavelet
X (t) A original signal

3.6.Weka

This progranwasused in order to classify the samples of #@&Rin the stress stage. The classifier
usedis J48.

3.7.Trials

Twelve users(sevenmen andive women)took part in this studyAll the userswerehealthy right
handedand they workn the same department e authorsUser 2 presented arrhythmias in her ECG
and wser5 presente@xtrasystole. The charactestics of each user can be s@eifablel.

Table 1. User descriptios

Age Sex Age Sex
User 1 25 Male User 7 25 Male
User 2 26 Female User 8 23 Male
User 3 24 Female User 9 23 Female
User 4 26 Male User 10 24 Male
User 5 27 Female User 11 30 Male
User 6 25 Female User 12 35 Male

The different users were asked to clean their haeftsre doing the test and, after waiting fioe
minutes to adaptthe electrodes to the skin, the different tests staf@dboth tests, the usesatin front
of a computer, with th&CRplaced in thdeft hand.The tess took placein their work place, separated
from the rest of the workeend with naturalight, trying toadequate the test to the daily situation of the
usersThe electrodes used are Kenflalto Arbo with a diameter of 24 mm.

Two different tests were carried out

(1) Annoying sounds: as it can be seelfrigure 2 the user does not listen to any sauddring 60
secondsafter that, he listens to different sounds separated by 15 seeatidsut listeningto
anythingelseagain. At theend, the user stays another 60 seconds without listemargthing.
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Figure 2. Sounds sequence

60 sec Sound 15 sec Sound ...m

(2) Stroop test: the users have to select the coopain There are three kinds of slides:

1 Stroop test 1: the user has to select the ciblat appearswritten. In Figure 3 the correct
answer would be the gresquare

Figure 3. Stroop test 1

Green

1 Stroop test 2: the solution is a combinat@fncolorsand figures. In the case Bigure 4 the
correct answer would be the first figure (red rhombus).

Figure 4. Stroop test 2

1 Stroop test 3: the user has to choose the text that describes the color of the main rectangle. Fo

Figure 5 the answer would be the first option (green)

Figure 5. Stroop test 3

- - e

Thesequence of the slides is describe#igure 6

Figure 6. Stroop sequence

60 sec 13 Stroop 1 7 Stroop 2 6 Stroop 1

60sec g 5 Stroopl § 8 Stroop 3

Five seconds beforthe test startgshe screen shows a countdown in order to verify that the user is
paying attention.
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4. SystemDesign

Figure 7showsthethree differentiated blockato which the study is dividednonitoring, anoma
detection and stress detection

Figure 7. General block diagram

A.-Monitoring B.-Anomaly detection C.-Stress detection

4.1.Monitoring

A far as monitoring is concerngthe application collects the different frames from plésimeter
for the posterior monitoring in the interfadeigure 8. This part does not include amsybsequent
processing of the signal.

Figure 8. Block Ad Monitoring.

The appearancef the user interfaceean be seen ifigure 9and it contains th&CR signals, the
ECG, the heart rateskin temperaturand breathing waze.

Figure 9. Usels interface
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One of the most interesting parameters of monitoring is the heart rate of th&hes&ephyr
pulsimetergives this parameter in one franktegure 10shows that bytes 12 and 13 contain lieart

ratevalue.

Figure 10. General Data Packet

Byte/Bit 7 [ 6 [ 5 [ 4 [ 3 [ 2] 1] 0 Field
STX STX
0x20 Msg ID
53 DLC
Sequence Number (0...255)
Timestamp — Year (LS Byte)
Timestamp — Year (MS Byte)
Timestamp — Month

Timestamp — Day
Timestamp — Milliseconds of day (LS Byte)

Timestamp. = Milli : S Byte)
~ Heart Rate (0...240) — LS Byte

\_Heart Rate (0...240) - MS Byte __~
Resnll > =1"S Rute

2[2[R2[2]e|e(~|o|o|alwln

4.2.AnomalyDetection

This part is responsible for the detectionpofsible anomalies in the ECEigure 11shows the
general diagram

Figure 11. Block B8 Anomaly detection

Processing
/

As mentionedn the previousubsectionthe heart ratemonitoring is obtained by the General Data
Packet.Instead of using this informat, in this second blockye chose to extradhe heart rate from
the ECGsinceit is possible t@nalyg anomalies and the heart ratgh the same frame

To andyse the ECG, we used the Continuous Wavelet Transform in order to find the R @ave.
this peakis detectedt is possible to obtain th@RST featuresaccording tahe time intervalsin each
wave H|0]. Figure 12shows the principal waves of an ECIa find the R pela, we used windows of

five seconds.

Figure 12. ECG components

R R
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Once the CWT is obtained, the coefficients are modifidéigigre 13indicates

Figure 13. Algorithm.

,7 S Coefficient = Coefficient
YES

NO

The chosen wavelet is coef5 as ithie one whictproduced thdest resultsesAfter that, the signal
is normalized and the algorithm looks for different peaks. If the peak is supes@¥otof the average,
it is taken as an R wave.

As one of the users (User 5) preseatdrasystols when she is relaxed, the algbnt was
developed according to this anomaly. After doing some triala/ag established that thers one
extrasystolef the peak is between 30% an@b6.

There carbe casesin which the peak of the extrasystole is higher than 60%, so there is another
stage which separataa R peak fromanextrasystole peaHl his stageexecuteshe following algorithm:

MMOQ 0Mp ¢c& 0Qp 071 Qwoi wi wi 0¢€a’
Figure 14shows the different actions of the applicatiométectextrasystols.

Figure 14. Algorithm for extrasystoles detection

NO ‘
User 2 presented arrhythmso this anomaly has also been considered. In order to detect them it

has been established that if the RR intervaB@o over or less than the interval before, thisre
an arrhythmia

0Q 0Mp P& 0Qp 01Q¢
or:
0Q 0MQp p& 0Qp 01QC¢

For this purpose, an analysis of the variagiBisshown inFigure 15 was performed
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Figure 15. Variability method

x1 x3 x5
x4

x2

t

Subsequently, an interpolation of variability througibic Hermiteinterpolationwas carried ouas
can be seen iRigure 16

Figure 16. User 2 heart rate variability

RR detected peaks

0.8
» 0.6
©
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Variabiliy-interpolation

%0 21 22 23 24 25 26 27 28 29

o data
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time (sec)
It can be seen that thasearrhythmia between second 25 and second 26.
4.3.Stress Detection

The structure of thetressapplication isepresenteth Figure 17

Figure 17. Block Cd stress detection

Processing

—)

Biosignals
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5. Results
5.1.Monitoring

To extractthe information of the ECG, we take the R waas a referenc¢4l]. The method
usedis the Continuous Wavelet Transform (CWHRfter doing some trialsvith different kinds of
wavelets it wasegdablished that the wavelet coif® the best one for the applicatidfigure 18shows
the ECG ofUser 1 duringl0 seconds and the comparison between the ECG and its CWT s
represented ifrigure 19

Figure 18 Use 1 ECG

User 1 ECG
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Figure 19. User 1 ECG and CWT

User 1 ECG

3

Amplitude(mV)
< ~
n ~ wn
T T
! .

L
15 16 17 18 19 20

time (sec)

User 1 Continuous Wavelet Transform

=
~
=]
Y

Coefficients
L o o wn
T
1 1

L
14 15 16 17 18 19 20
time (sec)

IS
=)
N}
=

Figure 20. Detected peaks
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The pulsimetershows clearly the QRS compleso after using the CWT algorithm, the R peaks
can be well appreciateth Figure 20 a mark has been added in ordefitd out whethethe algorithm
has detected the R wave correctly.

The confusion matrix of the detection of the R wave for each user is represengdudes?i 5. The

well detectedR peaks are considered Bsie Positives,whereaghe classification of a pedkatshould
not be R isconsidered as Falseslyative.

Table 2. Confusion matrix for the R wave |

Table 3. Confusion matrix for the R wave.ll

User 1 User 2 User 3

P N P N P N
T|117 T|538 T (519
F 32,901 |F 101,606 |F 101,625

Table 4. Confusion matrix for the R wave lli

User 4 User 5 User 6
P N P N P N
T (217 T [229 T |444
F 53,458 |F 101,903 |F 101,697

User 7

User 8

User 9

Table 5. Confusion matrix fothe R wave IV

User 10

User 11

User 12

P

T|306

By means othe confusion matrix, the sensitivity, the specificity and the precisene calculated
in order to check the algorithm. The resutis each useare shown inTables 6 and7. The average
accuracyof the algorithm is 99.42%.

Table 6. Statistics results |

Userl User2 User3 User4 User5 User6
Sensitivity  0.9512 1 1 0.9954 0.9913 1
Specificity 1 1 1 1 0.9999 0.99997
Precision 0.9998 1 1 0.99998 0.9999 0.99997
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Table 7. Statistics results |l

User7 User8 User9 Userl1l0 User1ll User12

Sensitivity 1 1 1 1 0.9982 0.9939
Specificity 1 1 1 1 1 1
Precision 1 1 1 1 0.99999 0.99997

The sensitivity is 95.12% in the worst case but the specificity of user 1 is 100%, with a precision of
100%.For all the cases, the relation between the specificity and the sensitivity is very acceptable.

5.2.Detection ofAnomalies

User 5 is the persamho suffersextrasystolesThe ECG which presents this anomaly can be seen in
Figure 21 while Figure 22contains her normal ECG.

Figure 21 User 5 ECG with extrasystoles

User 5 ECG
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Figure 22. User 5 normal ECG
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A comparison between the two graphs indicates that the heart frequdoeyeisvhen the user
presents extrasystoles. In this case, for the same period of time (10 seconds), the heart frequenc
presenting extrasystoles is the half of a normal ECG.

Below, Figure 23shows the detection of the R wave and the extrasystoles by the algdérabm.
different testsvererecorded, corresponding to four different dakise red points represent the peaks
of the R wave, while the black circles represent the pealeahttrasystole.
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Figure 23. R wave and extrasystole detection
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The confusion matrix for this case is showT able 8and the average ifiable 9

Table 8. Confusion matrix for esxtrasystoles detection for user 5

Test 1

Test 2

Table 9. Statistic results for extrasystoles detection

Sensitivity Specificity
Test1 100% 100%
Test 2 100% 100%
Test 3 96.57% 100%
Test 4 100% 100%
Total 99.29% 100%

Figure 24. Arrhythmias detected in User 2

24 25
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26 27

6155
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User 2hadarrhythmias in her ECGlhe recordings werealone in three different dayEigure 24
shows the arrhythmias detected by a green rectamgke graph shows that thiene intervalbetween
pulses is longer when there is an arrhythr@anfusion matrix and statiséitresults are inmables 10
andl11l, respectively:

Table 10. Confusion matrix for arrhythmia detection of user 2

Test1 Test 2 Test 3
P |N PN P N
T |16 T |7 T |20
F 517 |F 401 F 318

Table 11. Statistics results for arrhythmia detection

Sensitivity Specificity
Test1 94.12% 100%
Test 2 100% 100%
Test 3 90.91% 100%
Total 93.48% 100%

The average of the CWT for thé R interval and the anomalies is showrrigure 25

Figure 25. Success rate of the CWT

Average
100,00%
98,00%
96,00%
94,00%
92,00%
90,00%
88,00%
86,00%
84,00%
82,00%
80,00%
R-R Extrasystoles Arrhythmia

5.3.StresDetection

Thetwo trials explained beforareused in order to induca state similar to stress the usersbut
some of the users have pointed thatthave nofelt a stressful sensatiofter performing each trial,
the results show that not all the users have Bgessed or annoyed by the different testorder to
pointthe classifier which signals should be considerepoa#tive (stress) anghich ones asegative
(relax)the different userbave been asked to indicatewhich part theyexperienceany reation.

In the case of th8troop testthecriteria havebeen the following:

1 The samples while the users are doing the test are considered as positive
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1 The negative samples have been chosen depenthetiperthe user habeen more relaed at
the beginning {fst 55 seconds) or at the end (last 60 seconds).

The case of the user 12as dfferent dueto the factthat hewasnot completely relaxed neither at
the beginning nor at the emgb the range of the negative sammlasbetween 15 and 55 seconds

The criterion to separate between positives and negatives iisoineds test has beesone
according t o tthas noubsen possibto sgparateithem objectively because some of
the users have not presented any reachitwreover,other uses have reaedonly in different parts of

the test.

5.3.1.S5CR

The confusion matrix of thECRat the Stroop test can be seemables 12 and13. This testwas
doneby five of the users and the results have been classified using Y48kia. The skin variability

depends on each personise threshold is different for each user

Table 12. SCRconfusion matrix for Stroop test |

User 4 User 7 User 8

Table 13. SCRconfusion matrix for Stroop test Il

User 9 User 12

As said before, user 12 is a special case, sodirespondingnumber of samples less tharfor the
rest of the user3.heclassificationaverage can be seen imable 14

Table 14. SCRaverage from Stroop test

User 4 User 7 User 8 User 9 User 12

Correct 96.44% 99.34% 94.07% 95.72% 98.98%
Incorrect 3.56% 0.641% 5.93% 4.27% 1.02%
Error 12.91% 2.08% 18.54% 15.61% 3.14%

Success 87.09% 97.92% 81.46% 84.39% 96.86%

Figures 26 and 27 show the ROC cuneefor each userEach graph represents the False Positives
against theTrue Positives. The ROC curve shows thalues of the sensitivity and the specificity in
order to verify if the classifier presents points with high sensitivity and high specifitigbest result
is the ondhatpresets a coordinate on the top and on the left, beciuseans that the specificity and

the sensitivityare100%.
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Figure 26. ROC curve of users 4 and 7 frahe Stoop Test
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Figure 27. ROC curve of users 8, 9 and 12 frtime Stoop Test
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User 8 is the one who has presented higher errors, so her graph shows that, to obtain 100% of
sensitivity, the specificity decreaséfowever, the coordinate on the left and on the top shows that for
a sensitivity of 100%, thespecificity is 92.7%, so it is acgetable.In the case of used, to get a
sensitivity of 100%, the specificity i39%.

Users 4 and 8 indicated that they were more relaxed at the beginning and users 7 and 9 indicate
they were more relaxed at the eAd.it has been said before, user 42 ispecial case.

The output voltages of tHeCRfor the Stroop test are shownkigures 28 and29. In them, there is
an increment of the output voltage around second 60 dhe factskin resistance decreasbser 7 is
a special case because he didermatounteany difficulty in doing the Stroop test, stespite the fact
that his skin resistance decremaethebeginning thenit starts to decrease until the end.

Figure 28. Skin response of users 4 and hir&toop Test
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The difference between ipg stressed or relaxed differs omtyterms of millivolts, but the resolution
of the converter is good enoughdetecthese stagedt is noteworthythatafter 55 60 seconds, there
is an increment of the outpsignal.
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Table 15shows theaverageof the obtained values of tH#CR indicating the sex and the age of

each user
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Figure 29. Skin response of users 8, 9 and 12 from Stoop Test
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Table 15. Mean values of th8CRfrom Stroop test

Age Sex Stress (V) Relax (V)
User 4 26 Male 0.7026 0.6775
User 7 25 Male 1.3011 1.2647
User 8 23 Male 0.8597 0.8093
User 9 23 Female 1.2106 1.1834
User 12 35 Male 1.0849 1.055

As regards listeningp annoying sounds, not all the usesacted This partwascarried out by ten of
the users. For three of timethe soundsvereplayedatalow volume in order to knowhetherthe skin
reacts to all sounds or just to the annoying ones. These threedigsemst notice any significant
differencewhenlistening to different soundsFor the rest of them, the data were analysed with Weka
and the J48 classifier. Tabl&6i 19 show the confusion matrix and the average of the classifier.

Table 16. SCRconfusion matrix for annoying sounds |

User 6

Table 17. SCRconfusion matrix for annoying sounds Il

User 10 User 11 User 12

P N P N P N
T 1437 T|715 T|511
F 507 F 353 F 450

The samples for training the classifigere separated taking the useéopiniors into account. Only
those soundthatcaused aeactionwerec | as si f i ed dable I sserl prasents just 83,
True Positive sampk;thisindicateshatshehas onlyreactedo one of the different sounds.
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Table 18. Average of annoying sounds |

User 2 User 3 User 5 User 6
Correct 99.86% 98.49% 99.90% 98.57%
Incorrect 0.14% 1.51% 0.10% 1.43%
Error 1.57% 4.31% 0.23% 4.60%
Success 98.43% 95.69% 99.77% 95.40%

Table 19. Average of annoying sounds Il

User 10 User 11 User 12

Correct 99.89% 99.72% 99.90%
Incorrect 0.11% 0.28% 0.10%
Error 0.21% 0.63% 0.21%
Success 99.79% 99.37% 99.79%

TheROCcurves of the different users are showifrigures 30i 32

Figure 30. ROC curve of users 2 and 3 from Sounds .Test
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Figure 31. ROC curve of users 5 and 6 from Sounds .Test
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Figure 32. ROC curve of users 10, 11 and 12 from Sounds. Test
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Figures 33 35 showthevariation of theSkin Response of the different users at the time of listening
annoying sounds:

Figure 33. Skin response of users 2 and 3 from Sounds Test
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Figure 34. Skin response of users 5 and 6 from Sounds Test
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Figure 35. Skin response afsers 10, 11 and 12 from Sounds Test
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The sudden increment of the signal indicates the stage where that has hapgené&ihas only
reacted to one of the sounds and then, her skin resistansetessedecause she has been relaxed.
User 6 shows higleaction to one of the sounds,iathhas conditioned her until the end of the test.

It can be seen that the output voltagereasegach time the usghear a sound and deases after
hearing it.The graphs otisers 3 and 5learly show the peaksAs mentioned three of the users have
done the test with low volume, without presenting any chafigere 36shows the outpus.
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Figure 36. Skin response for users 4, 7 and 8. The volume of the sounds has been less than
for the rest of the users
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The skin resistace has been increasedring the test, which means that they have been more
relaxed. Only user 8 presents little reactions to the sounds, but they have not been considered as vali
because they are not really significaihe table belowTable 2Q shows the mean of the output
voltage for the different users, indicating the age and the sex

Table 20. Mean values of th8 CRfrom annoying sounds

Age Sex Stress (V) Relax (V)
User 2 26 Female 1.1370 0.6312
User 3 24 Female 0.794 0.6549
User 5 27 Female 1.2971 1.232
User 6 25 Female 1.137 0.9741
User 10 24 Male 1.3824 1.3482
User 11 30 Male 1.2483 1.1457
User 12 35 Male 1.1113 1.0158

Table 21shows the average of the obtained results in the two trials and the total average of
both ofthem.

Table 21. Average by Test and total

Stroop Test Anoying sounds  Total
Average 89.74% 98.32% 94.02%

5.3.2.Pulsimeter

The ECG has nathown anysignificantdifferences betweethe state otress andeeling relaxed
in both testsbut only in one of themThe average and the deviation tbe heart rate have been
analysedn both cases.

Stroop test: there is no difference in the averages of tkeiRRervals between the users doing the
test andwhen they feein calm. On the other hand, thisers presented decreasen the deviation
while they were carrying out ti&trooptest, Table 22
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Table 22. Standard deviation of the heart rate in Stroop test

User 4 User 7 User 8 User 9 User 12
Before test  0.0697 0.0831 0.1473 0.0429 0.1015
During test  0.0527 0.0268 0.0413 0.0310 0.0789
After test 0.0502 0.0308 0.0585 0.0551 0.0720

Despite the fact that the standard deviation is higher before and after doing tfexdeptfor
user 12)only one of the stages has been takémaccounts a relaxed stage: before or after doing the
testt dependi ng on Figues3land38skhodv the leartrrateovariqbility of thid@ferent
users while they were performirige Strooptest.The time between each R peak is represented by the
y-axis, while xaxis represents the whole time of the test.

Figure 37. Heart rate variability of User 4 from Stroop Test
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Figure 38. Heart rate variability of User 12 from Stroop Test
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Uses 7 and9 present a high peak in the heart variabilitys means that there is anfiR peak
which has not been detectéithe annoying soundgstdoes not show any differencencerningthe
average and standard deviatidhis could be because the length of din@oying sounds was short and

the interval between the different sounds is not lengugh. Figure 39142 show the heart rate
variability in the Sound test
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Figure 39. Heart rate variability of users 2 and 3 from Sounds.Test
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Figure 40. Heart ratevariability of users 5 and 6 from Sounds Test
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Figure 41 Heart rate variability of users 10 and 11 from Sounds. Test

Figure 42. Heart rate variability of User 12 from Sounds Test
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