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ABSTRACT

Stress is one of most important problems of humanity related to several disorders like
depression, obesity, cardiovascular and diabetic diseases. We may understand what
stress changes in human physiology by monitoring physiological signals in human body
and may prevent these disorders. Physiological signals can be monitored by electro-
dermal activity (EDA), electrocardiography (ECG), electroencephalography (EEG),
electromyography (EMG), photoplethysmography (PPG) and analysis of changes in

the human body like temperature, respiration, iris and pupil parameters.

In this study, analysis of existing studies regarding stress detection using physiological
signals is performed. For the purpose of producing experimental dataset and com-
parison with existing results, a website to perform stroop color word (CWT), image
and calculation tests are developed as controlled environments. Dataset for analyses
are collected with Empatica E3 wristband having EDA, temperature, photoplethysmo-

graph and 3-axis accelerometer sensors, and Bitalino kit with EDA and ECG sensors.

Analyses are carried out on test type basis with various classification algorithms and bi-
nary/trio classifications of rest, stressed, non-stressed, low-stress and high-stress phases
are studied. Best results for stroop test are achieved with 83.09% accuracy for "rest vs
stressed" classification. 89.61%, 88.35%, 85.78% and 77.46% accuracies are achieved
for symbol digit modalities & math test for "rest vs stressed", "rest vs low stress", "rest

vs high stress" and "low vs high stress" classifications, respectively. 85.06% accuracy

is achieved in image tests’ "rest vs stressed" analyses.

Keywords : Stress Test, Physiological Signals, Electrodermal Activity, EDA, ECG



RESUME

Le stress est 'un des problémes les plus importants de ’humanité lié a plusieurs troubles
tels que la dépression, ’obésité, les maladies cardiovasculaires et diabétiques. Nous pou-
vons comprendre les effets du stress sur la physiologie humaine en surveillant les signaux
physiologiques dans le corps humain; et peut prévenir ces troubles. Les signaux physio-
logiques peuvent étre surveillés par activité électrodermale (EDA), électrocardiographie
(ECG), électroencéphalographie (EEG), électromyographie (EMG), photopléthysmo-
graphie (PPQG) et analyse des modifications du corps humain telles que la température,

la respiration, les parameétres de la pupille.

Dans cette étude, I'analyse des études existantes concernant la détection de stress
a 'aide de signaux physiologiques est réalisée. Afin de produire un jeu de données ex-
périmental et de comparer les résultats existants, un site Web permettant de réaliser
des tests de mots de couleur en coup (CWT), des tests d'image et des tests de calcul
est développé en tant qu’environnements controlés. Les ensembles de données pour les
analyses sont collectés avec le bracelet Empatica E3 avec capteurs EDA, de tempé-
rature, de photopléthysmographe et d’accélérométre a 3 axes, et le kit Bitalino avec

capteurs EDA et ECG.

Les analyses sont effectuées sur une base de test avec différents algorithmes de classi-
fication; et les classifications binaires / trio des phases de repos, stressée, non stressée,
stress faible et stress élevé sont étudiées. Les meilleurs résultats pour le test stroop
sont obtenus avec une précision de 83.09% pour la classification "repos vs stressé". Des
précisions de 89.61%, 88.35%, 85.78% et 77.46% sont obtenues pour les modalités du
nombre de symboles et test mathématique pour les classifications "repos vs stressé",
"repos vs stress faible", "repos vs stress élevé" et "stress faible ou élevé", respective-
ment. Une précision de 85,06% est obtenue dans les analyses "repos vs stressé" des

tests d’image.



Mots Clés : Test de Stress, Signaux physiologiques, Activité Electrodermale, EDA,ECG



OZET

Stres; depresyon, obezite, kardiyovaskiiler ve diyabetik hastaliklar gibi gesitli hasta-
liklarla iliskilendirilen insanhgm en 6nemli sorunlarimdan biridir. Insan viicudundaki
fizyolojik sinyalleri izleyerek, stresin insan fizyolojisinde neleri degistirdigini anlayabilir
ve bu hastaliklar1 6nleyebiliriz. Fizyolojik sinyaller elektrodermal aktivite (EDA), elekt-
rokardiyografi (EKG), elektroensefalografi (EEG), elektromiyografi (EMG), fotopletis-
mografi (PPG) ve insan viicudundaki sicaklik, solunum, iris ve gézbebegi parametreleri

gibi degisikliklerin analizi ile izlenebilir.

Bu ¢alismada, fizyolojik sinyaller kullanilarak stres tespiti ile ilgili mevcut caligmalarin
analizi yapilmistir. Deneysel veri kiimesi iiretmek ve var olan sonuglarla kargilagtirmak
amaciyla, stroop renk kelime testi (CWT), resim testi ve hesaplama testlerinin ger-
geklegtirildigi bir web sitesi kontrollii test ortami olarak geligtirilmigtir. Analizler i¢in
gerekli veriseti EDA, sicaklik, fotopletismograf ve 3 eksenli ivmedlcer sensorlerine sahip

Empatica E3 bilekligi ve EDA ve EKG sensorlerine sahip Bitalino kiti ile toplanmigtir.

Analizler test tipi bazinda, cesitli simiflandirma algoritmalar1 kullanmilarak yapilmas;
dinlenme, stresli, stressiz, diigiik stresli ve yiiksek stresli fazlarinin ikili ve ticli simif-
landirilmalar tizerinde ¢aligilmigtir. Stroop testi i¢in en iyi sonug %83.09 dogrulukla
"dinlenme - stresli" siniflandirmasi i¢in elde edilmigtir. Sembol rakam yontemi ve ma-
tematik testi i¢in "dinlenme - stresli", "dinlenme - diisiik stresli", "dinlenme - yiiksek
stresli" ve "diisiik stresli - yiiksek stresli" simflandirmalarinda sirasiyla %89.61, %88.35,
%85.78 ve %77.46 dogruluk elde edilmistir. Resim testlerinin "dinlenme - stresli" ana-
lizlerinde %85.06 dogruluk elde edilmigtir.

Anahtar Kelimeler : Stres Testi, Fizyolojik Sinyaller, Elektrodermal Aktivite, EDA,
EKG



1 INTRODUCTION

1.1 Motivation

Many people suffer from several short-term or long-term disorders caused by stress, like
depression, irritability, anxiety, obesity, memory and concentration problems, mood
swings, cardiovascular and diabetic diseases. These disorders result in low life quality,
social problems, drop in success and economical expenses to. For example, if you have
health problems, you will have life quality. You may have social problems with your
friends, coworkers or students if you have irritability for example. Or, concentration
problems may reduce your success at school or work. And you will try to recover
these disorders with medications or therapies which will come with economic expenses
to you. It has also economic expenses for country if medicines are imported. Or, for
companies, efficiency of the workers can decline with stress which means economic
loss for the company. However, prevention from stress would increase life quality and
improve efficiency and success in life. In order to prevent stress, one must be aware of it
and here, stress detection techniques come into play. With the advent of non-invasive
devices that can monitor physiological signals of human body, it became easier to
collect data to be analyzed which can be used to detect stress. While collecting data
became an easy task, it is not so for detecting stress yet. Because of differences between
hardware and quality of devices, and the environments the users in, it is still hard
to define a formula to detect stress with these data. Analysis of data collected with
different devices on similar conditions would provide the aspect of hardware effects and

minimize environmental effects on stress detection.

1.2 Purpose

The objective of this study is to analyze existing studies regarding stress detection in
terms of the efficiency and the accuracy of the techniques, sensors and parameters used
and compare the results with those tests in our controlled environment including stroop,
image and calculation tests. The developed platform can be easily reached online and

used by non-developers such as psychologists, which would bring different approaches



in application of tests and analyses of dataset. Also, the created dataset would enable
comparisons with existing studies to understand stress better. The platform can be a
promising platform for future studies which can be extended with new test types by

modifying or contributing to the open source project.

1.3 Thesis Outline

Chapter 2 contains analysis of existing studies regarding stressors used in test environ-
ments, used sensors, extracted parameters from the sensors, methods used to differen-

tiate stress from no stress condition and discussion of literature review.

Chapter 3 presents the test environment to perform tests online, Empatica E3 and
Bitalino devices used to collect physiological data, the Android application used to

control devices and the data server used to aggregate and store dataset.

Chapter 4 contains summaries of experiments executed, describes the analyses per-

formed and evaluates the results derived from these analyses.

Chapter 5 presents conclusions, a summary of stress detection results from literature

and our experiments, contributions and future work.



2 LITERATURE REVIEW

Previous works regarding stress monitoring and detection includes both tests in control-
led environments and real-life scenarios. While some test environments are fully control-
led environments like stroop test, math test, memorization test, simulated driving, slee-
ping ; some tests are conducted in life-like or real-life environments such as Trier Social
Stress Test (TSST), during student exam, working in call center or driving bus. Also,
varying sensors and analysis methods are used for stress detection in these environ-
ments. Electrodermal activity (EDA), electrocardiography (ECG), electroencephalo-
graphy (EEG), electromyography (EMG), photoplethysmography (PPG), accelerome-
ter (ACC), temperature, respiration sensors are used in reviewed studies. Parameters
derived from raw sensor data such as heart rate (HR), heart rate variability (HRV),
blood volume pulse (BVP) are other sources used as stress indicators in analyses. Also,
audio and video recordings are used as source of physical parameters like voice cha-
racteristics, eye gaze, blinking, pupil diameter (PD), face movement, head movements,
levels of mouth openness, which makes measurement of stress unobtrusively. Other
than physical parameters, response times and error rates calculated for tests give a
sign for stress. More details about stressors, sensors, analyses and results are described

in the following sections.

2.1 Stressors

Stressors used in reviewed studies are explained in this section and summarized in

Table [ 2.1] There are several ways to trigger stress in laboratory environments as can
be seen from the table.
Stroop Color Word Task (CWT) is a well known test technique used in psychological

experiments. In this test, the subjects are asked to tell the color or the pronunciation

of a color word, in which mismatch between the ink color and word triggers stress.

Trier Social Stress Test (TSST) is protocol that the subjects are asks to perform a

free speech about given subject (i.e. reading text loudly, simulating a job interview)



followed by a mental arithmetic task in front of audience (Kirschbaum et al., 1993b)).

There is not a single way of conducting Mental Arithmetic Stress Test (MAST) but
it is a common way to perform test by counting down by 7 or 13 from a given value.
In order to raise stress of the subjects, they may be told that it was easy for other

participants or asked to start over from scratch for every wrong answer.

D2 is a test of attention in which the subjects are asks to find all ’d(2 dashes)p’
patterns in a row of 47 characters consisting of d or p letters and 1 to 4 dashes in
between. The whole test contains 14 lines of such rows. While it is mostly related with

attention, it can be stress inducer with time pressure.

In Cold Pressor Test (CPT), the subject is asked to immerse his/her hand in to an ice
water for a minute, which affects cardiovascular system that can be monitored by the

changes in heart rate and blood pressure.

The difference between CPT and SECPT is that in SECPT, along with physiologi-
cal stress, psychological stress of the subjects is also monitored (i.e. By informing
participants that they will be filmed in order to evaluate their facial expressions, and

are asked to look into the camera in (Skoluda et al., [2015).)

In verbal test in (Wilson et al., [2014)), a set of verbal analogies are used in tests with
acceptance, mindfulness, suppression, endurance categories selected for each partici-

pant, along with a control group, where the user is asked to select right choice.

In (Riera et al} |2012), a faked an unexpected blood sample extraction performed by a

(false) male nurse at the end of the test to increase the stress level of the subjects.

In (Skoluda et al. [2015), the individual is said to prepare a talk about a certain

topic in order to give a speech in front of a recording camera like in TSST test.

In (Jentsch et al) 2014), as a math task, the user has to indicate his choice on the
correctness of the arithmetic operations and as an audio task, the user has to indicate

the alphabetic precedence between the current letter and the previous one.



Table 2.1: Stressors used in previous studies

Stressor Source

CWT (Riera et al., [2012), (Skoluda et al. [2015)), (Tulen
et al., [1989), (Zhai and Barreto, 2006b), (Frank
et al., [2013), (Zhang et al., 2014), (Zhai and Bar-
reto, 2006a)), (Ren et al., [2013), (Jing Zhai et al.|
2005)

TSST Chen et al., 2014)), (Kirschbaum et al. [1993a),
Riera et al., |2012), (R Saslow et al., [2013)), (Shi
et al., [2010), (Skoluda et al., 2015), (Ollander,
2015)

MAST (Hassellund et al., [2010), (Setz et al., [2010)), (Mc-|
Duff et al., 2014), (Flaa et al., 2006]), (Shi et al.,
2010), (Wijsman et al. [2011), (Yamaoka, [2014),

Zhang et al., 2014), (Wenhui Liao et al., [2005
CPT Hassellund et al., [2010), (Flaa et al., 2006), (Has-|
sellund et al., 2010)), (Skoluda et al., 2015
SECPT Minkley et al., [2014), (Jentsch et al. [2014)),
Schwabe et al., 2008), (Ollander, 2015))
Physical Frank et al., 2013
D2 Wassenberg et al., [2008), (Ollander, 2015))
Verbal Wilson et al., 2014), (Wenhui Liao et al., 2005
Video Holzinger et al., 2013))
Blood sample Riera et al., 2012)
Talk preparation | (de Santos Sierra et al., [2011)

2.2 Sensors and Extracted Parameters

Physiological signals can be monitored by electrodermal activity (EDA), electrocar-
diography (ECG), electroencephalography (EEG), electromyography (EMG), photo-
plethysmography (PPG) and analysis of changes in the human body like temperature,
respiration, iris and pupil parameters. EDA is changes in electrical properties of skin
which is generated by sweat glads as response to autonomic activities. ECG is measure-
ment of electrical activity of heart which is generally used for diagnosing heart related
diseases. EEG is measurement of electrical activity of brain generated by neurons. Si-
milarly, EMG is measurement of electrical activity produced by muscles. Different from
these electrical measurement, PPG measures blood volume changes using optical tech-
niques. Using these measurements, several parameters can be extracted and be used in
identifying stress. Also, feature extraction from raw sensor signals makes it easier to

analyze data and makes it possible for generalized predictions. Table summarizes

parameters that can be extracted from sensors.



Table 2.2: Sensors and Parameters

Source Extractable Parameters
EDA Peak height, slope, rise time, energy, mean level,
deviation, SQD
ECG HR, HRV, BVP, LF power, HF power, LF/HF po-
wer ratio, deviation, SD, SQD, “P, Q, R, S” waves
EEG alpha asymmetry, alpha/beta ratio
EMG RMS, static/median/peak load
PPG BVP, BP
Thermometer ST (mean, deviation, SQD)
Respiration Rate, volume, mean period
Physical measures | Gestures, eye gaze, pupil diameter, blink rate,
voice

2.3 Stress vs No Stress

In order to make stress measurements relative to a relaxed state, different techniques
are applied in reviewed studies, including deep breathing, listening to music, slowing
down test, resting (Sharma and Gedeon, 2012) (Salai et al 2016). For example, in
(Zhang et al., [2014)) the relaxed state is obtained by resting 5 minutes before test and
resting 10 minutes after test. A different technique used in (Frank et al. 2013 was
recording physical load (i.e. running, walking, sitting) before performing CWT test, to
compare and differentiate mental stress from physical stress arose by physical activity.
In some studies, stress levels of subjects are also collected from the subjects themselves
by questionnaires in order to compare and verify the results with the feedbacks. For
example, in (Skoluda et al.,|2015)) Primary Appraisal Secondary Appraisal (PASA) and
Visual Analogue Scale (VAS) measures were used to get stress level feedbacks before,
during and after tests. Here, primary stress appraisal represents threat and challenge
feelings ; and secondary appraisal represents self concept of own abilities and control
expectancy of the subject. While PASA provides 4 scales to choose from, VAS provides

an analog range (i.e. 10 cm line) to indicate applicability of the questionnaire.

2.4 Classifiers

Parameters extracted from raw sensor data (detailed in section | 2.2)) may have infor-

mation about stress. But not all parameters provide correct sign for stress. So, they

should be studied to find the best matching parameter or set of parameters that define



stress. The problem of detecting stress and no stress state, or stress level estimation

from sensor data is tried to be solved by classifiers.

Common methods used for classification, ranked by use to model stress, from top to
bottom, according to (Sharma and Gedeon, 2012) are support vector machine (SVM),
recurrent artificial neural network (RANN) (which is an ANN that contains feedback
connections), adaptive neuro-fuzzy system, ANN, hidden Markov model (HMM), deci-
sion tree, Naive Bayesian network and fuzzy clustering (a hybrid of fuzzy and clustering
techniques). Along with these methods, k-nearest neighbour (KNN) and probabilistic
neural network (PNN) classifiers are other methods used in reviewed studies (Palani-

samy et al., [2013)) and (de Santos Sierra et al., 2011)).

2.5 Conclusions from Literature

With different techniques used to detect stress, like analyzing different signal parame-
ters or using different algorithms, different accuracies are achieved. For example, by
using HRV parameter, 93.75% accuracy is achieved in (Palanisamy et al. [2013) with
KNN algorithm, while 90% accuracy is achieved in (Costin et al., 2012 with Minimum
Distance Classifier algorithm. Or, by using EDA, 82.8% accuracy is achieved in (Setz
et al., 2010) with LDA algorithm, while it was 91% in (Zubair et al., 2015) with LR
algorithm. Likewise different accuracies are achieved using combinations of parameters.
Besides the differences in used techniques, different datasets used in analyses, that are
collected with different devices with different sensors and in various test environments,
also make difference in derived results. Also person based analyses give better results
compared to subject independent analyses. Because of these differences, it is difficult

to say that one result would apply to other exactly.



3 MATERIALS AND METHODS

It is an important problem that conclusions made according to person-dependent tests
needs to be verified. In order to improve suggested works, they should be further ana-
lyzed, and further tests should be performed with similar ways so as to compare the
results for better conclusions. The developed set of controlled environments in this pa-
per would give this chance to perform stress triggering tests in a common environment,
so that varying analyses with varying devices may be compared and result in better

conclusions.

In this section, the developed environment consisting of a web application, devices,
android application and data server is explained. The web application provides stress
tests; the android application controls Bitalino device and gathers signals through
Bluetooth low energy (BLE) and sends them to the data server. The data server is
where sensor data and test metadata are collected and saved for future analyses. The

general architecture of the system is shown in Figure [ 3.1} With Bitalino setup, tests

are started simultaneously using websocket connection between the Android applica-
tion and the web application, but since the built in recording ability of E3 device is
used, tests are started manually from web user interface when using E3 and the syn-
chronization of the record with test metadata is achieved using accelerometer data

which is made obvious by shaking hand when starting test.
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Figure 3.1: General architecture of the system

3.1 Web Application

The developed web application performs tests and visualizes recorded physiological si-
gnals. Stroop, image, word & math, SDMT & math tests and an experimental image

test in virtual reality (VR) environment are developed as stressors.
In the entry screen, the test choices are listed (Figure| 3.2|) and age and sex informa-

tion are obtained from the subject using the settings menu (Figure| 3.3)). A predefined

amount of waiting time is reserved at the beginning and the user is guided to close
his/her eyes until a warning voice is heard in order to collect a reference relaxed state

data and start the test in a relaxed state.

Combination of tests are also used in reviewed studies such as stroop color word test
done for two minutes and subsequently arithmetic test done with limited time to elicit

the stress state in (Salafi and Kah, [2015). In this paper, while image and CWT tests

are applied individually, successive tests of word/symbol and math tests are used as a

combination.
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Figure 3.3: Settings Menu

3.1.1 Image Test

In image test (Figure , categorized images are displayed in sequence and a chirp

sound is given in every three images. The categories we used in our tests include beauty,
disgust, emotion, fear, food, funny, happiness, neutral, pity, sexual, violence, weird and
abstract. The sequence of images are generated randomly when the image test page
is refreshed. The static resources folder (/resources/images/categories) of the web ap-
plication is used to scan images to display. Time (in milliseconds) for images to be
shifted can be configured before starting test. Test is started by clicking "Start Test"
button or by triggering from the Android application. The procedure applied for this

test when using Bitalino setup is described in [APPENDIX Al

The metadata file recorded in the background is in json format and the properties are
age, gender, interval between images shown consecutively (interval), rest interval in
miliseconds before test starts (preRestInterval) and list of shown images’ informations

(imagesShownTimeList) holding shown image’s file path (imageFile) and the epoch
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Interval: 1000 ms Count: 50 ™ Client ID: jud9

Figure 3.4: Image Test

time when the image is displayed (date). It is uploaded to corresponding test’s folder

in Dropbox when the test is finished. Sample metadata file (metadata.json) content for

image test can be found in [APPENDIX B]

3.1.2 Stroop Color Word Test

Stroop color word test is a common test technique used for monitoring stress of users.
In this test, user interacts with web application to give answers. The correct answer
type (color or word) can be chosen before starting test. For the sample shown in Figure

when color is selected as correct answer type, blue will be the correct answer,

otherwise green would be accepted as correct. Users can give answers by clicking Red,
Yellow, Green, Blue buttons under the images or by using 1, 2, 8, 9 keys using key-

board. The procedure applied for this test when using Bitalino setup is described in |

[APPENDIX"

Different from image test, correctness and epoch time of answers are also recorded
in this test. The properties are age, gender, rest interval in miliseconds before test
starts (preRestInterval), type of record (which can be either color or word) and list of
information for each answer (imagesShownTimeList) holding shown image’s file path
(imageFile), the epoch time when the image is shown (date), the epoch time when

answer is given (dateAnswered) and correctness of the answer (correct) fields. Sample

metadata file (metadata.json) content for stroop test can be found in | APPENDIX|
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Figure 3.5: Stroop Color Word Test

3.1.3 Math and Word Test

In this combined test, the following procedure is applied :

1) Start with a math test, which is subtracting given amount successively from a given

initial value (Figure | 3.6]) ;

2) And then continue with word test which starts with a given word and asks to find

another words successively starting with the last character of the found word (Figurel

3.7]) for a configured amount of time;
3) And subsequently continue with another math test of multiplication of two numbers

which is getting harder after each answer.
Duration for each task can be configured before starting test, as can be seen in figures.

Additionally, videos of the users are recorded using webcam to make video analyses

possible.

3.1.4 SDMT and Math Test

SDMT is a common test technique used to measure cognitive functionality of brain.

With the combination of mathematics test, we aim to increase difficulty of the test to
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Figure 3.7: Word Finding Test

trigger more stress. In SDMT & Math test (Figure | 3.8)), a symbol is displayed and

the equivalent digit is asked for several times which is followed by accumulative adding
of symbols. If the user enters a wrong sum value, the accumulation test is started over
again. Correctness and epoch time of answers are also recorded during the test. The
sequence of symbols are generated randomly when the test page is refreshed where
the images of symbols are scanned from the static resources folder (/resources/ima-
ges/sdmt) of the web application. The same sequence is used for the mathematical
part of the test. Additionally, videos of the users are recorded using webcam to make

video analyses possible. The procedure applied for this test when using Bitalino setup

is described in (APPENDIX [l

The metadata file of this test is alike that is for CW'T test, except the "typeOfRecord"
field which is irrelevant here ; and image file paths are of sdmt folder. Sample metadata

file (metadata.json) content for SDMT & Math test can be found in | APPENDIX F|
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Figure 3.8: SDMT & Math Test

3.2 Hardware

Empatica E3 wristband (Garbarino et al., 2014)) having built-in memory, EDA, tempe-
rature, photoplethysmograph and 3-axis accelerometer sensors and Bitalino kits (Bita-
lino Plugged Kit BLF, n.d.) with EDA (Pluz EDA Sensor, n.d.) and ECG (Plux ECG
Sensor, n.d.) sensors are used to gather physiological signals during tests. Both devices
have Bluetooth low energy (BLE) hardware to send data wirelessly. The details and

usage are described in the following sections.

3.2.1 Empatica E3

Providing said sensors’ raw data along with calculated HR and IBI data, Empatica E3
(Figure | 3.9) is easy to use unobtrusive wristband to be used for stress monitoring.

Other than sending data through BLE, Empatica E3 wristband has built-in memory
to make recordings. We found it more consistent to use in-memory recordings instead
of streaming data through BLE in our experiments. But it required synchronization
of the records with the timings during tests. We figured out this problem by shaking
hand when starting test, which made it obvious in accelerometer data (Figure .

The EDA sensor of E3 can measure conductance in [0.01, 100]uS. The sampling rates

of EDA, PPG, ACC and temperature sensors are respectively 4Hz, 64Hz, 32Hz and
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Figure 3.9: Empatica E3
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Figure 3.10: EDA and ACC signals during test

4Hz. Also, calculated heart rate is provided once per second.

3.2.2 Bitalino Setup

Bitalino setup (Figure| 3.11)) is not an ideally unobtrusive device and there is no built-in

memory utility in Bitalino. The data is collected through BLE which we get connected
through the Android application, which is described in Section [3.3] Pluggable ECG

and EDA sensors are used with this setup where HR and heart rate variability (HRV)

are extracted manually.

The conductance range of the used EDA sensor is [0-25]uS. While Bitalino kit can
sample with 1, 10, 100 or 1000Hz, the EDA sensor’s bandwidth is in [0-3|Hz and the
ECG sensor’s bandwidth is in [0.5-100]Hz.



16

Figure 3.11: Bitalino setup with plugged EDA sensor

3.3 Android Application

The developed Android application (Figure | 3.12)) acts as a bridge between devices

and the web application. It connects to devices through BLE to collect physiological
data and sends the buffered data to the Data Server described in Section [3.4. When

using Empatica E3 device for test, we synchronize test metadata with sensor data
with the help of accelerometer data. But when using Bitalino setup, since the Android
application can connect both the device and the web application, by starting the test
from the Android application, we can start recording sensor data and start the test in
the web application simultaneously. This ensures test metadata and sensor data become
synchronized. In order to pair the Android application with the web application, the
client id generated by the web application must be entered in the Android application.
Only then the web application can start the test automatically. Before starting test, test
type must be chosen in order to save record data to corresponding folder in Dropbox.
When using Empatica E3 device, since we used built-in recording capability, only real-

time data visualization is done for this wristband in the Android application.
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Figure 3.12: Android application controlling Bitalino device

3.4 Data Server

Data server acts as a bridge between client applications (web and Android) and storage
service (Dropbox). It has two main responsibilities : First, collecting streamed sensor
data and uploading it along with test metadata for future analyses. Second, construc-

ting websocket connection between the web application and the Android application.

The implementation is done using NodeJS. It has REST endpoints to create records
of tests, update records with sensor data and save them on Dropbox by using its APIs
(Dropbozx Javascript APls, n.d.). It also provides API to load records from Dropbox,

which is used for visual graphs.



4 EXPERIMENTS AND RESULTS

For the purpose of understanding what stress changes in human physiology, several
tests should be performed and results should be analyzed to see the effects of them and
make inferences accordingly. There are a lot of conditions that can affect the results
of experiments (i.e. devices and sensors used, the points of body to collect data, the
test to perform, the psychology of the subject, the time that the test is performed
on and the health of the collected data would all make difference in the resulting
analyses). Keeping in mind these factors, in order to understand the relation between
physiological parameters and stress, we performed the following tests using Empatica
E3 wristband and Bitalino setup : Stroop color word test, image test and combination

of word /symbol and math tests.

4.1 Tests using Empatica E3

According to the literature review we performed, EDA and HR parameters are the
most associated parameters with stress. So, in the analyses of collected dataset with
Empatica E3, we worked on these parameters. Besides built-in IBI data provided by
E3, average heart rate, standard deviation of heart rate and root mean square of EDA
are calculated. Along with these EDA and HR parameters, average temperature is also

taken into account.

With Empatica E3 device, a total of 14 image tests with different image shift du-
rations (summarized in Table ; 10 stroop color word tests (5 tests twice for color

and word selections as valid choices) ; and 5 word & math tests (summarized in Table |

are performed, to participants with ages between 25-49. For stroop color word test,
delay for answer and correctness of the answer are also recorded ; and for word & math
test, audio and video recordings are made according to the participants’ permissions
where audios and videos are analyzed manually to see if the participants show any

stress sign in their verbal or facial reactions.

As a result, we have also found correlation between these signals and stress in our
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experiments. But not all the experiments showed the same correlation such as while
EDA showed an increasing trend during stress test, there was not a clear sign in HR
values. In such uncertainties, it revealed that we needed further signs or parameters
to take into account, or a questionnaire would provide extra information, so that we

could make the decision of stress or no stress state for the data.

Table 4.1: Image test experiments with E3

Gender | Age | Image Shift (ms) | Count
F 26 1500 1
F 25 1500 1
M 27 1000 1
M 30 1000 2
M 25 1000 2
M 25 2000 1
M 25 5000 6

Table 4.2: Word and math test experiments with E3

Gender | Age | Audio | Video
F 29 v X
F 29 X X
F 49 v X
M 32 v 4
M 32 X X

4.2 Tests using Bitalino Setup

After experiencing E3 wristband, we continued tests with the Bitalino setup, and ai-
med at adding new sensors to our study but again started with well known sensors for
stress detection, where we used EDA and ECG sensors. From the ECG sensor’s raw
data, filtered ECG, heart rate, systole, RR intervals ; ultra low, very low, low, high and
very high frequency (ULF, VLF, LF, HF and VHF, respectively) analyses of HRV are
extracted (Figure . RR interval can be simply described as interval between heart

beats. Phasic and tonic components ; onsets, recoveries and peaks in skin conductance
response (SCR) with amplitude of peaks are extracted from raw EDA signal. SCR is
described as phasic change in electrical conductivity of skin. Tonic level of electrical
conductivity of skin is also known as skin conductance level (SCL). Sample EDA raw

signal with SCR and SCL parameters calculated for a SDMT & Math test can be seen
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Figure 4.1: R-R segment and IBI plotted on the ECG signal.

in Figure[4.2] A typical SCR signal and its properties are shown in Figure[4.3] The

parameters are extracted by using the open source NeuroKit python library (Makowski,
2016)). Answer latency, HR mean, HRV LF mean, HRV HF mean, EDA mean, EDA
standard deviation and EDA RMS are calculated manually for each segment. Other

than these parameters, age and gender information are also used in analyses.

Recordings with Bitalino are made from two hands, via EDA sensors on fingers and
ECG sensors on hands. Data are collected from 12 participants (6 females with ages
between 30-36 and 6 males with ages between 22-33). Since the sensors used with Bi-
talino setup are pluggable and free to move with their cables unlike the Empatica E3,
further tests with recordings from different body parts would give more information to

compare the results, which is left as future work.

A total of 17 image tests with 2000 ms image shift interval; 45 stroop tests (inclu-
ding both color and word selections as the valid choices) ; and 19 SDMT & math tests
with audio and video recordings are performed. Analyses of audio and video recordings

are left as future work.

The extracted parameters are fed into classification algorithms using WEKA software
(Frank et al., 2016|) and analyses are performed on the test type basis and results are
given with kappa statistics with 10-fold cross validation. Kappa statistics represents
the reliability of the model that the classification algorithm has generated, derived from
k-fold cross validation. K-fold cross validation is a technique to verify the model by
dividing dataset into sections (folds), creating model for each fold and using the other
folds (the folds except the fold that created the model) to evaluate the model. Used

techniques and analysis results are detailed in the following sections.
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4.2.1 Image Test Analysis

In image test analyses, some categories of images like fear, sexual, violence and weird
are labeled as stressed, and many combinations are tried to get better classification
results. After removing falsy data, a total of 70 rest, 220 stressed segments are used in

analyses. Analyses results are summarized in Table [ 4.3] where KStar algorithm gave

the best results; Random Forest and K-Nearest Neighbour follow.

In order to reveal the effect of gender toward affective stressors, classification analyses
with only males’ data and only females’ data are also studied. While males’ results
were similar to mix analysis results, females’ accuracy was about 3% better with KStar
algorithm and similar with other algorithms. However, because of the fact that the
most of the falsy data was of females’, with low number of samples, it is hard to say

that gender plays important role toward affective stressors.

Table 4.3: Image Test Analyses Results (Rest vs Stressed)

Algorithm Accuracy (%) | Kappa statistics
KStar 83.15 0.5007
Random Forest 82.80 0.4012
K-Nearest Neighbour 81.75 0.4708

4.2.2 Stroop Test Analysis

The collected data from stroop tests is separated into segments of rest, stressed and
non-stressed sections, assuming incompatible word and ink color constructs a stres-
sed section. A full segment of data recorded during color word stroop test is shown

in Figure , where the first 10000 samples (10 seconds with sampling rate of 1000

samples/sec) are of rest interval. Rest data is divided into 2-second segments before
using in analyses. After removing falsy data, a total of 130 rest, 440 stressed and 54

non-stressed segments are used in analyses.

Analysis results on binary classification of rest vs stressed in stroop test are summarized

in Table [ 4.4] in which Random Forest, k-Nearest Neighbour and K-Star algorithms

gave top 3 accurate results, respectively. K-Star algorithm uses entropy based distance
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Figure 4.4: EDA and ECG signals recorded during stroop test

function for classification while we used k=3 for KNN algorithm. Default settings with

100 iterations to construct random trees are used for Random Forest algorithm.

Classification results of rest vs non-stressed vs stressed are summarized in Table

in which Random Forest, K-Nearest Neighbour and Multilayer Perceptron algorithms
again gave top 3 accurate results, respectively. But the accuracy of this classification
is lower than the rest vs stressed analysis. This is because of the fact that we had
low number of samples of non-stressed sections. It would give better results if we had

similar number of samples for each section.

Table 4.4: CWT Analyses Results (Rest vs Stressed)

Algorithm Accuracy (%) | Kappa statistics
Random Forest 83.09 0.3825
K-Nearest Neighbour 82.04 0.4105
K-Star 79.22 0.3431

Table 4.5: CWT Analyses Results (Rest vs Non-Stressed vs Stressed)

Algorithm Accuracy (%) | Kappa statistics
Random Forest 73.79 0.2119
K-Nearest Neighbour 72.34 0.2985
Multilayer Perceptron 71.54 0.2276
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4.2.3 SDMT and Math Test Analysis

In SDMT & math test analyses, four different classifications are studied : "Rest vs
Stressed", "Low vs High stress", "Rest vs Low stress" and "Rest vs High stress". The
first part of the test, in which the participant selects the correct digit, is assumed to
be low stressful ; and the second part, in which calculation is needed, is assumed to be
high stressful. A total of 95 rest, 300 low-stress and 300 high-stress segments are used

in analyses. Analyses results are summarized in tables|[4.6] [ 4.7] [ 4.8 and [ 4.9] "Rest

vs Low stress" and "Rest vs High stress" classifications gave better kappa statistics

than "Rest vs Stressed" classification and better results than "Low vs High stress"

classification.

Table 4.6: SDMT Analyses Results (Rest vs Stressed)

Algorithm Accuracy (%) | Kappa statistics
Random Forest 89.61 0.1331
KStar 89.06 0.3549
K-Nearest Neighbour 86.74 0.3316

Table 4.7: SDMT Analyses Results (Low vs High stress)

Algorithm Accuracy (%) | Kappa statistics
Random Forest 77.46 0.5493
K-Nearest Neighbour 77.46 0.5492
KStar 75.12 0.5025

Table 4.8: SDMT Analyses Results (Rest vs Low stress)

Algorithm Accuracy (%) | Kappa statistics
Random Forest 88.35 0.6368
K-Nearest Neighbour 84.30 0.5609
KStar 83.54 0.5379
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Table 4.9: SDMT Analyses Results (Rest vs High stress)

Algorithm Accuracy (%) | Kappa statistics
K-Nearest Neighbour 85.78 0.5716
Random Forest 85.27 0.5598
KStar 84.26 0.5438

4.3 Discussion

According to the first experiments conducted by Empatica E3, some improvements are
made for tests like getting correctness and latency of the answer in math test which
was absent in Word & Math test with E3. When answer latency is taken into account,
about 2% accuracy improvement is achieved. Yet, after the analyses, we noticed other
improvements that could be done. For example, if the distribution of the number of
the stressed and non-stressed images were even, we could obtain better results in diffe-
rentiating stressed and non-stressed sections. Or, for image test, separation of stressed
images and non-stressed images, like displaying 10 non-stressed images first and then
displaying 10 stressed images instead of displaying random 20 images, would give bet-
ter results. Also, this approach can be applied to stroop test (where random images
are displayed) like color-word matching images would be displayed first and then un-
matching images would be displayed. Of all stressors, SDMT & Math test has shown
the best classification results which is most probably the result of having clear sepa-
rate sections (i.e. Rest then Low stress then High stress sections). Analysis results of
"Low vs High Stress" classification in SDMT & Math test reveals that Low and High
sections have different characteristics which is also validated by the results of "Rest
vs Low stress" and "Rest vs High Stress" classifications. Also, these two classifications
have better results than "Rest vs Stressed" classification result, which also supports
this idea since "Stressed" section have both low and high stress sections. Separation of

these sections gives better results.

In all three test type analyses, Random Forest, K-Nearest Neighbour and KStar al-
gorithms gave top three results with similar accuracies and the most discriminative
parameters detected by principal component analysis and by Random Tree algorithm

has been SCR amplitude, HRV LF, EDA mean and EDA RMS.



5 CONCLUSION

Hardwares used in sensors may differ from device to device. For example, higher sam-
pling rates used in Bitalino setup can provide more resolution compared to Empatica
E3 but the plugged sensors may not be capable of sampling data. These differences can
change the results one can conclude according to the weight of them in the algorithm
used. It can also affect the parameters extracted. So, the accuracy of the stress detec-

tion algorithms becomes heavily dependent on hardware used.

Combination of parameters extracted from physiological signals, gestures and move-
ments monitored in videos, and changes in voice parameters extracted from audios
would provide better results compared to results derived from a single or a few pa-
rameters. Since the combination of such parameters comes with very huge variations,
machine learning algorithms comes into play. As more studies are done using machine
learning techniques accounted with analyses of test metadata like answer delays, age
and sex differences and analyses of questionnaires, even psychological effects can be

revealed.

In order to eliminate the effects that can cause in falsy results, data with non-stressful
states should be provided to algorithms like data that can be recorded before and after
stressful event, which can also be supported with questionnaires during tests. Other
than that, control groups can be constructed like those performing easy calculation

tasks or without time pressure, which would guide to understand the effect of stressors.

Finally, Table summarizes the classification results from literature and our ex-

periments, where our results also provides good results compared to previous studies
which shows that our platform can be a used as a base platform for stressor needs
in future studies related with stress. # column represents the number of participants
in the study and reliability measures represent how the results are validated. Classifi-
cation correctness can be measured by using true positive (TP), true negative (TN),
false positive (FP) and false negative (FN) rates. Sensitivity or recall is the ability to
correctly identify the positive sections, calculated as true positive rate (TP / TP+FN).
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Specificity represents the true negative rate (TN / TN+FP) that is correctly identified
negatives’ rate. Precision is positive prediction value measured as (TP/TP+FP). By
using the combination of precision and recall, f-measure provides a more general re-
liability value calculated as 2 * Precision * Recall / (Precision + Recall) with a value
between 0 and 1. Leave one person out method is like k-fold cross validation technique,

using number of participants as k value and creating models for each person’s records.

Table 5.1: Summary of Results

Article Stressor Parameters Algorithm # Accuracy Classes Reliability

(%)
(Palanisamly| MAST HRV KNN, PNN 40 93.75 2 Specificity :88.89,
et al., Sensitivity :100
2013)

“(Frank CWT Heart Rate, Brea- Bayesian Network 15 90.35 5 Precision 97.1,
et al.l, thing Rate, Tem- Recall : 97.7
2013) perature and RR

Interval

(Zhang Cognitive GSR, EEG, HR Large Margin 16 62.5(HRV), 3 -
et al.), workload Distribution 75(GSR),
2014) experi- Machine (LDM) 87.5(EEG)

ments
(Shi et al.} Public 26 features of SVM 22 68 +£7.3 2 Recall :80
2010) speaking, HR, ECG, Respi-

MAST, ration, SC, GSR

CPT and Temperature

“(Setz MIST 16 features of LDA 32 82.8 2 Leave one person
et al.| EDA out cross valida-
2010) tion

~ (McDuff MAST Breathing rate, SVM 10 85 2 Leave one person
et al.), HRV LF/HF out cross valida-
2014) ratio tion

~(Wijsman Calculation,| 7 features of Linear Bayes 30 80 2 5-fold cross-
et al.l, Logical ECG, Respira- Normal, Quadra- validation, Error
2011) puzzle, tion, SC, EMG tic Bayes Normal, Rate : 0.2

Memory K-Nearest Neigh-
bor, Fisher’s
Least Square
~(Ollander}, TSST, Mean of HR, KNN 9 99.5 £0.6 2 Margin of error
2015)) SECPT, Mean of GSR, at 95% confidence
d2 Mean of absolute interval
derivation of
GSR

"~ (Jing Zhai Stroop 10 features of SVM 6 80 2 Jackknife test
et al.), BVP, GSR and
2005) PD

" Ours Image HR mean, HRV K-Star 12 83.15 Rest vs Kappa :0.5007,

LF&HF, EDA Stressed Precision : 0.823,
mean & SD & Recall 0.832,
RMS, SCR am- F-measure : 0.826

plitude, answer

latency

" Stroop " Random Forest 12 83.09 Rest vs Kappa :0.3825,
Stressed Precision : 0.829,
Recall 0.831,
F-measure : 0.801
" SDMT & " K-Star 12 89.06 Rest vs Kappa :0.3549,
Math Stressed Precision :0.880,
Recall 0.891,
F-measure : 0.885
" " " Random Forest 12 77.46 Low vs Kappa :0.5493,
High Precision : 0.775,
Stress Recall 0.775,
F-measure : 0.775
" " " Random Forest 12 88.35 Rest vs Kappa :0.6368,
Low Stress Precision : 0.885,
Recall 0.884,
F-measure : 0.874
" " " KNN 12 85.78 Rest vs Kappa :0.5716,
High Precision : 0.852,
Stress Recall 0.858,
F-measure : 0.850




5.1 Thesis Contribution

Within this thesis, a summary of literature review on stress detection techniques and
comparison with our results are given. A controlled environment that has similar tests
with those used in literature is developed. These tests include image, stroop color word,
SDMT & Math and an experimental image test in VR environment which provides a
test environment to study the effect of VR environment. Tests can be reached online
from (Web Application, n.d.) and (VR Application, n.d.) ; and the Android application
file can be downloaded from (Android Applicaiton Repository, n.d.). Using this plat-

form, a test can be performed easily with Bitalino setup, even by non-developers.

The collected data to perform stress detection analyses construct an experimental da-
taset, which may be used in further analyses and comparisons with other studies. Also,
this dataset can be grown by using the online platform; or a private dataset can be
created by providing Dropbox API key when running data server which is available
at (Data Server Repository, n.d.) as opensource. The web application’s codes are also
available as opensource at (Web Application Repository, n.d.) which can be modified

and used freely.

The analyses conducted in this study, also revealed the relationship of EDA and hearth
activity with stress. It is experienced that machine learning algorithms ease analyses
while working with many combinations of attributes of EDA and ECG. Also, besides the
physical activities, the importance of non-physical measurements has revealed, where

2% improvement is achieved with answer latency in SDMT & Math test analyses.

5.2 Limitations and Future Work

5.2.1 Limitations

Since the results are hardware dependent, the devices used in this paper and collected

dataset basically forms the results achieved and the test environment limits the scope.
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5.2.2 Future Work

The more parameters analyzed the more relevant parameters can be figured out to de-
tect stress. So, extraction of further parameters from several signal data can be studied

in future works.

Beside the provided four types of tests, further test types can be added which would
make it possible to compare test environments. For that, an experimental image test
in VR environment is also developed which is left as future work. In this test, using
WebVR polyfill (WebVR-polyfill, n.d.), javascript implementation of WebVR specifica-
tion (Web VR, n.d.), images are shown in virtual reality environment in mobile website.
The same application of image test in VR environment would make it possible to ana-
lyze the differences the virtual environment produces. While VR environment itself can
affect how people respond to such an environment, also different virtual environments
can affect differently. In order to make it possible to study on different environments,
VR background setting is provided at settings menu which has sky, sky-night, beach
and forest options. Besides new test types, even modification of the tests, like using
different images in image tests such as that International Affective Picture System

(IAPS) provides, can make it possible to compare effects of test contents.

Further tests using these test environments would increase dataset volume and pro-
vide better information to understand stress and prevent it. As Bitalino setup gives
freeness to attach sensors to different parts of the body, the effect of sampling points

of signals can be further analyzed to detect the most accurate points to gather signals.

Furthermore, by using the online stress test web application, online stress analysis
and recommendation services can be developed for end users having devices, which is
getting ubiquitous with the advent and improvements of smart devices like wristbands.
Also, stress level can be monitored in real time if the classification algorithms are run

simultaneously instead of processing externally.
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APPENDIX A IMAGE TEST PROCEDURE WITH BITALINO
SETUP

10.
11.

12.

13.
14.

15.

Connect sensors to the participant.

. Turn on the Bitalino device.

Turn on Bluetooth and open the Android application on smartphone.
Wait until the Bitalino device gets connected to the Android application.

Start streaming signal data by turning on "Recording" button on the Android

application.

Enter age, sex and pre-rest interval settings from the homepage of the web ap-

plication.
Select "Image" test on the web application.
Select "Test Type" as "Image" on the Android application.

Enter "Client ID" displayed on the web application into the "Client ID" field in
the Android application. (Refresh page if client id does not appear)

Enter image shift duration in miliseconds in "Interval" setting.
Enter number of images to be displayed in "Count" setting.

Inform the participant about the test that he/she only will only watch the pictures

displayed on the screen, and tell not to move and talk during the test.
Tell the participant to close his/her eyes to relax until warning sound is heard.
Start test by clicking "Start Test" button on the Android application.

At the end of the test stop recording by turning off "Recording" button on the
Android application.

When test is started, the generated record id is set on the Dropbox Id field on the web

page. The recordings can be reviewed on graphical interfaces by clicking Load button

next to the Dropbox id. Images displayed at an instance can be viewed by clicking the

points on the graphs.
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APPENDIX B IMAGE TEST SAMPLE METADATA

{
"age": "33",
"gender": "M",
"interval": "2000",
"preRestInterval": "10000",
"imagesShownTimeList": {
"times": [
{
"imageFile": "https://teststres.herokuapp.com/resources/images/categories/
"date": 1568055065580
1,
{
"imageFile": "https://teststres.herokuapp.com/resources/images/categories/
"date": 1568055163582
}
]
}
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APPENDIX C STROOP TEST PROCEDURE WITH BITALINO
SETUP

10.
11.

12.

13.
14.
15.

Connect sensors to the participant.

. Turn on the Bitalino device.

Turn on Bluetooth and open the Android application on smartphone.
Wait until the Bitalino device gets connected to the Android application.

Start streaming signal data by turning on "Recording" button on the Android

application.

Enter age, sex and pre-rest interval settings from the homepage of the web ap-

plication.
Select "Stroop" test on the web application.
Select "Test Type" as "Stroop" on the Android application.

Enter "Client ID" displayed on the web application into the "Client ID" field in
the Android application. (Refresh page if client id does not appear)

Select either "Color" or "Word" as correct answer type from the web application.
Enter number of images to be displayed in "Count" setting.

Inform the participant about the test that he/she will give answers using the
buttons at the bottom of the image according to the selected correct answer
type, and tell not to move and talk during the test. Also inform that answers

can be given by using mouse or 1-2 and 8-9 keys on keyboard.
Tell the participant to close his/her eyes to relax until warning sound is heard.
Start test by clicking "Start Test" button on the Android application.

At the end of the test stop recording by turning off "Recording" button on the
Android application.
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APPENDIX D STROOP TEST SAMPLE METADATA

"age": "28",
"gender": "F",
"preRestInterval": "10000",
"typeOfRecord": "color",
"imagesShownTimeList": {
"times": [
{
"imageFile": "https://teststres.herokuapp.com/resources/images/stroopTest/
"date": 1561608816639,
"dateAnswered": 1561608819879,

"correct": true

"imageFile": "https://teststres.herokuapp.com/resources/images/stroopTest/
"date": 1561608845816,
"dateAnswered": 1561608851053,

"correct": true
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APPENDIX E SDMT AND MATH TEST PROCEDURE WITH
BITALINO SETUP

10.
11.

12.
13.
14.

Connect sensors to the participant.

. Turn on the Bitalino device.

Turn on Bluetooth and open the Android application on smartphone.
Wait until the Bitalino device gets connected to the Android application.

Start streaming signal data by turning on "Recording" button on the Android

application.

Enter age, sex and pre-rest interval settings from the homepage of the web ap-

plication.
Select "SDMT" test on the web application.
Select "Test Type" as "SDMT" on the Android application.

Enter "Client ID" displayed on the web application into the "Client ID" field in
the Android application. (Refresh page if client id does not appear)

Enter number of images to be displayed in "Count" setting.

Inform the participant about the test. Tell that each symbol has corresponding
value shown at the bottom of the symbol which will be always displayed during
the test on top. The test has two parts; in the first part, symbols will be displayed
and asked for corresponding value which the answers will be given using the
buttons at the bottom using mouse or by using 1 to 9 keys on keyboard; in the
second part plus sign (+) followed by a symbol will be displayed and the sum
with the last symbol will be entered as answer. The answers are submitted using
Enter key. While the answer is correct, plus sign will be displayed, so keep adding
to the sum; otherwise plus sign will disappear and the sum will be reset to zero,

so start over with the last shown symbol.
Tell the participant to close his/her eyes to relax until warning sound is heard.
Start test by clicking "Start Test" button on the Android application.

At the end of the test stop recording by turning off "Recording" button on the
Android application.
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APPENDIX F SDMT & MATH TEST SAMPLE METADATA

"age": "30",
"gender": "M",
"preRestInterval": "10000",
"imagesShownTimeList": {
"times": [
{
"imageFile": "https://teststres.herokuapp.com/resources/images/sdmt/1.png"
"date": 1561608816639,
"dateAnswered": 1561608819879,

"correct": true

"imageFile": "https://teststres.herokuapp.com/resources/images/sdmt/7.png"
"date": 1561608845816,
"dateAnswered": 1561608851053,

"correct": true
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