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Sammanfattning
Abstract
I syfte att klassificera och modellera stress har olika sensorer, signalegenskaper, maskininlärningsmetoder och stressexperiment jämförts. Två databaser har studerats: MIT:s
förarstressdatabas och en ny databas baserad på egna experiment, där stressuppgifter har
genomförts av nio försökspersoner: Trier Social Stress Test, Socially Evaluated Cold Pressor
Test och d2-testet, av vilka det sistnämnda inte normalt används för att generera stress. Support vector machine-, naive Bayes-, k-nearest neighbour- och probabilistic neural networkalgoritmer har jämförts, av vilka support vector machine har uppnått den högsta prestandan i allmänhet (99.5 ± 0.6% på förardatabasen, 91.4 ± 2.4% på experimenten). För båda
databaserna har signalegenskaper såsom medelvärdet av hjärtrytmen och hudens ledningsförmåga, tillsammans med medelvärdet av beloppet av hudens ledningsförmågas derivata
identifierats som relevanta. En ny signalegenskap har också introducerats, med hög prestanda i stressklassificering på förarstressdatabasen. En kontinuerlig modell har också
utvecklats, baserad på den upplevda stressnivån angiven av försökspersonerna under experimenten, där support vector regression har uppnått bättre resultat än linjär regression
och variational Bayesian regression.
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Abstract
With the purpose of classifying and modelling stress, different sensors, signal features, machine learning methods, and stress experiments have been compared.
Two databases have been studied: the MIT driver stress database and a new experimental database, where three stress tasks have been performed for 9 subjects:
the Trier Social Stress Test, the Socially Evaluated Cold Pressor Test and the d2
test, of which the latter is not classically used for generating stress. Support vector machine, naive Bayes, k-nearest neighbor and probabilistic neural network
classification techniques were compared, with support vector machines achieving the highest performance in general (99.5 ± 0.6% on the driver database and
91.4 ± 2.4% on the experimental database). For both databases, relevant features
include the mean of the heart rate and the mean of the galvanic skin response,
together with the mean of the absolute derivative of the galvanic skin response
signal. A new feature is also introduced with great performance in stress classification for the driver database. Continuous models for estimating stress levels
have also been developed, based upon the perceived stress levels given by the subjects during the experiments, where support vector regression is more accurate
than linear and variational Bayesian regression.
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Abbreviations
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Support vector regression
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Introduction

This chapter gives an introduction to stress detection and the background of this
Master’s thesis.

1.1

Motivation

In the daily life, stress is a normal reaction of the human body to external events
of different kinds. However, if this reaction is too great or if it lasts too long,
there is a risk of it resulting in physical or mental disorders. To prevent this, estimation of the stress level of a person using wearable sensors could give an early
warning if the person is experiencing too high or too long-lasting stress. Recent
works [43], [35], [20] have studied and found connections between non-invasive
physiological measures and stress levels induced in laboratory conditions.
To contribute to the European Union project Bonvoyage 2020 [31], the physiological reactions of drivers in the context of stress has been studied, using the MIT
Driver Stress Database. Furthermore, an experimental database based upon laboratory stress tasks has been recorded and analyzed for comparing different types
of stress. All this data has been analyzed and modelled using signal processing
and machine learning methods.

1.2

Purpose

The objective of this Master’s thesis is to interpret physiological signals and to
study the relation between the sensor measurements and stress levels induced by
different tasks and conditions. The purpose is to explain and compare different
1
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stress tasks, sensors, signal features, and modelling methods to give an understanding of their importance and applicability in the domain of stress detection.

1.3

Research Questions

The research questions that are to be answered by this work can be summarized
by:
1. Which sensors are most relevant for detecting stress?
2. Which signal properties are most relevant for detecting stress?
3. Which signal properties and features are common for different types of
stress?
4. Which machine learning techniques are most relevant for modelling stress?

1.4

Limitations

A limitation of this study is that only machine learning and black box methods
are used for modelling.

1.5

The Company, CEA

The CEA (French Atomic and Alternative Energy Commission) is a public organization performing scientific research in the areas of energy, defense and security, and information and health technologies. It exists at 10 sites in France and
consists of several divisions and laboratories, including the LETI (Laboratory for
Electronics and Information Technology). The LETI mainly focuses on microelectronics and nanotechnologies, and is currently employing around 1,800 people.
To a great extent, it focuses on helping companies increasing their competitiveness by innovation and by transferring its technical knowledge to the industry.
Overall, research contracts with the industry are worth 75 % of CEA-LETI annual
income. In particular, products integrating these technologies are industrialized
at the DSIS (Department of Systems and Solution Integration), which is why a
considerable part of its financing origins from the industry. DSIS is the department where this Master’s thesis internship has been carried out, at the Laboratory
for Multimodal Systems and Sensors (LSCM).

1.6

Thesis Outline

This Master’s thesis is structured as explained below.
Chapter 2 explains the existing research regarding stress experiments and modelling, along with the necessary theory for understanding this work.

1.6

Thesis Outline

Chapter 3 presents the methods and results on the MIT driver database.
Chapter 4 introduces a new experimental database, along with its results.
Chapter 5 presents the conclusions that are made in this work.

3
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The purpose of this chapter is to explain previous studies and results regarding
estimation of human stress using sensors. It will discuss and compare different
choices of sensors, signals, features and classifier methods along with their performance in existing research. This chapter will also introduce important terminology and notations that will be used throughout this Master’s thesis.

2.1

Physiology and Stress

To deal with situations that humans normally do not have the resources to deal
with, we have developed a biological and psychological reaction called stress. It
can increase the performance of a human being for a short period of time, but
longer exposure can lead to health problems.
A stressor is a stimulus that causes stress reactions. Examples include an exam,
the death of a family member, moving house, loss of one’s job, or a threat [30].
Stressful situations normally contain at least one of the following elements [12]:
• reduced or no control of the situation
• unpredictability, something unexpected is happening, or it is hard to predict what will happen
• novelty, something new that the person has never experienced is happening
• threat of ego, one’s skill is put to test and one has doubt about one’s capacities
• a threat in general
5
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• time pressure
Physiologically, the body must first decide whether or not the situation is stressful. This is based upon sensory input in combination with stored memories. If the
situation is indeed judged as stressful, the hypothalamus, located in the base of
the brain, is activated [42, p. 34-48], [34] to start a stress reaction. The two main
physiological components connected to the stress reaction are the hypothalamicpituitary-adrenal (hpa) axis and the sympathetic nervous system. The parasympathetic nervous system is also involved, and together these two form the autonomic nervous system. Simplified, one can say that the sympathetic nervous
system is responsible for “fight or flight” responses, while the parasympathetic
nervous system deals with “rest and digest” mechanisms. [25, p. 411]. The short
term effects are produced by the fight or flight response and consist of helping
the body to deal with the stressor, e.g. giving the body more energy. The long
term effects can however be negative, if the organism does not have enough time
to recover from the stress.

2.2

Methods for Generating Stress

First of all, in order to model stress, a common way is to acquire data by generating stress in a person while recording physiological signals. Subsequently this
data can be analyzed to find links and relations between these signals and the
stress perceived by the person.
To generate stress, two main methods are used in the literature: stationary laboratory experiments and real-life data collections where the stress is more closely
connected to daily life situations. [15] is an example of the latter, where participants are monitored during 5 weeks to compare the effects of different stress
treatments.
One can distinguish between psychological stressors (e.g. mentally challenging
tasks under time pressure or social stressors where other people are judging you)
and physical stressors. These can also be combined in different ways to generate
polyvalent and possibly higher stress levels.
[45, p. 227] compares the stress generated by several laboratory stress protocols.
20 healthy young men were subject to four of the most common tests in this category; the Trier Social Stress Test (tsst), Section A.1, a bicycle ergometer test,
the Stroop Color Word Task (cwt), Section A.5, and the Cold-pressor Test (cpt),
Section A.2. All four protocols increased the perceived stress levels of the participants, with tsst causing the highest level, followed by the ergometer, the cwt
and lastly the cpt. The hpa axis response was the highest from the tsst, then
the ergometer, the cwt and finally the cpt. These methods are further explained
in Appendix A.
Due to the subjectiveness of stress there is no standardized method of evaluating
the level of stress perceived by a participant. There are several questionnaires
who try to solve this issue, e.g. the visual analogue scale (vas) [45], [36], [32].

2.3

Physiological Signals

7

It simply lets the user place his or her perceived stress level on a line with two
end points, one corresponding to no stress and the other to extreme stress. Other
examples include Likert scales with various number of points and items. The
“Perceived Stress Scale” (pss) is has also been widely used since its publication in
1983, e.g. in [56].
Table 2.1 presents various studies and experiments where participants have been
stressed in different ways. It varies from classical laboratory stressors (such as
the tsst) to real-life situations (such as the driver task presented in [20]). If used,
the questionnaire evaluating the perceived stress level of the participants is also
presented along with the scale.

A series of factors can influence the results of these kinds of stress experiments,
e.g. the time of day (which affects the cortisol level) and gender. Furthermore,
the bare knowledge and anticipation of being stressed might increase the perceived stress of the subject, but it might as well have a soothing effect (since unpredictability is connected to stress). In the literature, the subject is sometimes
informed about the purpose of the task, while in other studies the subject is not
informed or even misinformed about why they are participating. An example is
to incorrectly tell the subject that the mst is an easy test of intelligence and that
most participants do not have any difficulties with it, as in [59].

2.3

Physiological Signals

There are several methods of measuring properties of the human body. Figure 2.1
shows an overview of signals and features commonly used in affective signal processing (which also includes the analysis of other feelings than just stress). Different statistical methods are used to compute the features from the raw signals,
which are further detailed in Section 2.5.
[60] tests four signals for continuously measuring physiological signals non-invasively: skin resistance, heart activity, the pupil diameter and the skin temperature. [35] records electroencephalography (electrical activity of the brain, eeg)
and facial (corrugator and zygomatic) electromyography. [50, p. 97] combines
speech signal and electrocardiogram to efficiently estimate the emotional states
of persons. [52, p. 256] evaluates accelerometer, arterial blood pressure measurement, capnogram, electrocardiogram, electrodermal activity, impedance cardiography and temperature measurements. Thus there is a large choice of possible
signals that one can acquire from the human body, measuring properties of the
eye, the face, the brain, the muscles, the skin, the heart and even the movement
of the body as a whole.

2.3.1

Electrocardiogram

An electrocardiogram (ecg) records the electrical activity of the heart using electrodes placed upon the body. It can be measured using electrodes, Figure 2.2,

8
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source
[22]
[38]
[20]
[2]
[35]

setting
real-life
real-life
real-life
real-life
lab

[45]

lab

[37]
[44]

lab
lab

[48]
[60]
[14]

lab
lab
lab

[53]
[25]
[18]

lab
lab
lab

[59]
[10]
[29]
[56]
[32]
[41]
[26]
[51]
[36]
[9]
[39]
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# subjects
9
18
24
5
12

questionnaire
Likert
pss
free, forced
feeling

20

vas

vas,
mm

54
22

EMA

0-1

lab
lab
lab
lab
lab
lab
lab
lab
lab
lab
lab

stressor
calls
daily life
driving
meetings
blood sample,
cwt,
mst, tsst
cpt, cwt,
physical,
tsst
cpt, mst
cpt,
mst,
tsst
cwt
cwt
cwt, physical
d2
mist
mst + noise,
cpt
mst, social
mist
mst
mst
secpt
secpt
secpt
social
tsst
tsst
tsst

[27]
[58]

lab
lab

tsst
verbal

155
80

[23]

lab

video

50

9
32
15

2 point

100

POMS, ZBW
self-assessed

456
33
81
44
42
10
30
61
70
72
60
26
39
136, 44, 41

stress scale
7-point
14-item
1-5, 1-7

4 point
0-5

0-1

Brief COPE

pss
vas
11 point
[41]
STAI-T
vas
Dislocations
Scale
self-report,
Likert

1-4

0-100
0-100
0-10
1-10
1-7, 0-6, 015
15-item, 5point
3 point

Table 2.1: Comparison of stress generating methods and experiments, along
with their methods of stress evaluation. The laboratory stressors are further
detailed in Appendix A. For further details regarding the experiments and
their stress scales and questionnaires, see the cited source.
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Cardiovascular
activity

ECG
BVP

Respiration

rate [nr/min]
amplitude

Skin
temperature

VLF power ( < 0.05 Hz) [ms2]
LF power (0.05 Hz - 0.15 Hz) [ms2]
HF power (0.15 Hz - 0.40 Hz) [ms2]
LF/HF ratio

HR [Hz]

SD [s]
RMSHR'[s]

IBI [s]

SD [s]

mean [K]
mean [V]
SD [V]

EMG

Inter-blink
interval

mean [s]
SD [s]

Muscle activity
IMU

Electrodermal
activity

SCR

SCL

Movement
Posture
nr [nr/min]
amplitude [S]
1/2 recovery time

mean [S]
SD [S]

Figure 2.1: Common physiological signals and features that might be used
for stress detection, and how they are extracted [50, p. 6]. ecg = electrocardiogram, bvp = blood volume pulse, emg = electromyogram, IMU = inertial
measurement unit, scr = skin conductance response, scl = skin conductance level, vlf = very low frequency, lf = low frequency, hf = high frequency, hr = heart rate, ibi = inter-beat interval, sd = standard deviation,
rms hr’ = root mean square of successive differences in heart rate.
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Figure 2.2: ecg electrodes.

Figure 2.3: A typical ecg signal representing a heartbeat, with the usual
elements: P wave, QRS complex and T wave [54].

which is further detailed in Section 4.1.2. The ecg signal is usually periodic,
consisting of three parts: the P wave, the QRS complex and the T wave. These
are given a graphical representation in Figure 2.3. The ecg signal is affected by
the breathing cycle through a phenomenon called respiratory sinus arrhythmia
(rsa). Expiration slows down the heart rate while the opposite is true for inspiration [33]. A main interest of the ecg is to calculate the heart rate (hr), normally
done through the inter-beat intervals (ibi) of the R waves. The heart rate variability (hrv) is a denotation that combines all measures related to how the heart rate
varies, e.g. its standard deviation or the difference between successive hr values.
An alternative to ecg is measuring the blood volume pulse (bvp), from which the
hr also can be derived. This method is called photoplethysmogram (ppg), and
measures the differences in light caused by the blood volume pulsations.

2.3.2

Electromyogram

An electromyogram (emg) records the electrical potential generated by skeletal
muscle cells. Needle electrodes are used in this purpose, usually placed on an
arm, a leg or a shoulder. Facial electromyography is also possible, in this case the
electrodes are placed upon various facial muscles.
[57, p. 43] describes an experiment where the several features of the emg signal
were shown to change significantly between stressful and not stressful conditions,
including amplitude, gaps, increased significantly during mental stress tasks. It
concludes that emg is a useful parameter to detect stress and that emg sensors,
together with other physiological sensors, can be included in a wireless system
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Figure 2.4: gsr electrodes and the Empatica E4 wristband.

for ambulatory monitoring of stress levels. However, since normal muscle movements have a large impact on the emg, one must be careful to distinguish the
source affecting an emg signal.

2.3.3

Electrodermal Activity

The sweat glands and the skin blood vessel are only connected to the sympathetic
nervous system, not the parasympathetic one. The heart rate, on the other hand,
is influenced both by the sympathetic and the parasympathetic nervous systems.
Sweat secretion increases the conductance of the skin proportionally, thus the
electrodermal activity (eda) is measured by the conductivity of the skin. The
density of sweat glands is highest around the palms of the hands or the feet, so
this is usually where it is measured. Another common name for eda is the galvanic skin response (gsr). Two systems for measuring the gsr are presented
in Figure 2.4: finger electrodes and the Empatica E4 wristband, with wrist electrodes. These are further detailed in Section 4.1.2. The skin conductance level
(scl) is the part of the eda signal that changes slowly. It can indicate psychophysiological activation, but is subject to great individual variation.
The skin conductance response (scr) is a peak in the eda signal caused by a single
stimulus, normally delayed by around 1.5 – 6.5 seconds (the latency). Common
features of the scr are its amplitude, the latency and its recovery time, Figure 2.5.
The recovery time is the time required for the skin to regain its original conductance level.
Spontaneous fluctuations (non-specific scr) can also occur, and their frequency
and mean are of interest for psycho-physiological measures. They also vary between individuals, and their shapes are similar to the one of a specific scr [25,
p. 411].
[2] specifically uses solely a gsr sensor to detect stress by analyzing different
peaks in the gsr signal.
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Figure 2.5: A typical response in skin conductivity to a stressful stimulus (in
this case switching from rest to intense driving).

2.3.4

Skin Temperature

A person’s skin temperature (st) can be influenced by narrowing of blood vessels
(vasoconstriction) that can be caused by a sympathetic response followed by pain
or mental stress. A temperature sensor can be placed e.g. upon the distal phalanx of the thumb [14]. The st is however not known as a signal being strongly
influenced by stress.

2.3.5

Respiration

It is possible to measure the respiration (resp) of a person by recording chest
expansion. This can be done using a resistor, by measuring its impedance. The
respiration of a person might influence the ecg signal, by causing peaks in the
low frequencies (< 0.3 Hz) of the ecg spectrogram [44]. See also rsa, explained
in Section 2.3.1. Respiration is usually not known as a signal being highly correlated to stress.

2.3.6

Acceleration

An accelerometer (acc) can be used mainly in combination with other sensors
to record when an individual has been moving or not. In this way it is possible
to distinguish between physiological reactions caused by movement, and those
caused by other means (e.g. psychological stress).

2.4

Sensor Systems

To measure physiological signals, a sensor system is required. Table 2.2 compares
commercial sensor systems for measuring stress-related bio-signals. It also indicates whether the systems are wearable or not, and their sampling rates. Some
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system
Affectiva Q Sensor
Autosense
BodyBugg
BodyMedia
Sensewear
Emotion Board
Emotiv Research
Edition SDK
Empatica E4
Wild Divine IOM
Device
Zephyr
BioHarness BT
Biopac GSR100C
Thought Technology FlexComp

type
wristband

wearable
yes

Fs
2 − 32 Hz

source
[22]

10 − 60 Hz

[44]

yes
yes

signals
scl,
st,
acc
ecg, gsr,
resp, st
gsr
gsr

armband,
chestband
armband
armband

yes

every min
every min

[43]
[43]

wristband
headset

yes
yes

eda, scl
eeg

16 Hz
128 Hz

[25]
[43]

wristband

yes

4 − 64 Hz

[13]

electrodes

yes

ppg, eda,
acc, st
hr, eda

chestband

yes

1 − 250 Hz

[14]

electrodes

no
no

ecg, hr,
resp, st
gsr, hr
gsr, hr,
resp

1 kHz
0 − 40 kHz

[43]
[43]

[23]

Table 2.2: Comparison of systems for measuring bio-signals. hr means heart
rate, measured by ecg or bvp.
systems output only raw signals, while others also extract features (such as heart
rate from ecg). The sampling rate depends on the signal, generally one wants it
to be higher than 128 Hz for ecg, and at least around 16 Hz for eda. Another
aspect to consider is that combining several sensor systems might be complicated
in terms of synchronization and adapting the sampling rates. In general, the ecg
and the eda sensors seem to be popular choices for stress estimation.

2.5

Features

When working with large data quantities (such as bio-signals over a large time
duration) it is normally a good idea to work with some kind of feature extraction
and selection. Feature extraction means reducing the raw data into more comprehensive measures. One example of feature extraction is computing features
of signals, e.g. by statistical methods. Some are signal-specific, e.g. rise time
of the gsr after a stressful event, while others are more general, e.g. the mean
value of a signal during a time window. To decide which features to compute, one
can search the raw data for patterns in the signals, especially between different
classes. Another example is using a more generic method, such as principal component analysis (pca). pca is useful for reducing the dimensionality of a feature

14
source
[23]
[14]

2

signals
bvp, eda
acc, ecg, hr, resp,
st
ecg, gsr, resp, st
BP, bvp, emg, gsr, hr,
st, resp
ecg, eda, resp
eeg, emg, face

# feat.
12
16

[38]

acc, mobile phone usage, scl

140

[29]

bvp, eda, ppg, resp

5

[29]

ecg, emg, resp, gsr

19

[44]
[43]
[25]
[35]

26
13
16
5
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important feature
gsr: mean, sum

eeg features, gsr features, hrv
eda: mean peak height, slope
eeg:
alpha asymmetry, alpha/beta ratio
acc: small median during
the 2nd quarter of sleep, acc:
small SD 6-9pm, SMS: few or
short sent, screen ons: small #
or % of screen on 6-9 p.m. or 9
p.m.-12 a.m.
hr: mean, mean resp rate,
hrv: lf power, hf power,
lf/hf power ratio
ecg: hrv, lf, hf, emg: rms,
static load, median load, peak
load

Table 2.3: Features of bio-signals commonly used for stress detection. BP =
Blood pressure, face: face measurements. SDNN = standard deviation of all
normal RR intervals. hrv = heart rate variability.

space. It projects the data points onto the axis where the most variance is found,
i.e. where there is most information. This gives a transformation from the original feature space to a reduced one, where the data can be studied in three or two
dimensions (depending on the number of principal components one chooses). It
can give a good overview of the separability of the data. The principal component analysis is independent of the class of the features, it simply transforms the
feature space to axes with decreasing importance (they contain less and less information). These features can be calculated over a time window Tf , which is
chosen depending on the time constants found in the data.
Furthermore, one must analyze which of these features that are most correlated
to the output signal, i.e. the stress level. Table 2.3 compares the signals, the
number of features and, if possible, the most important feature indicating stress
in different previous studies. The purpose is to reduce the dimensionality of the
data and to facilitate the work of classification methods (Section 2.6). Working
with recognizable properties in the signals rather than raw data makes the models easier to understand, while they are also more likely to be generalizable (e.g.
between different persons). This is further explained in Section 2.5.1.
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[60, p. 4] calculates the following features from the following physiological signals:
• bvp: amplitude
• hr: power spectrum, ratio between power low and high frequency, mean,
standard deviation
• gsr: number, mean, amplitude, rise time, energy
• st: mean after finite impulse response (FIR) filtering
• Pupil diameter: mean
The data was normalized as well, using baseline measures from a resting period.
The purpose of normalization is to remove subjective differences between individuals (e.g. different resting heart rates). It also forces all features to the same
order of magnitude (which also makes them lose their physiological meaning).
Having similar data on the same order of magnitude facilitates the work of machine learning algorithms.
[44, p. 2] calculates the following features from the following physiological signals:
• hr: mean, deviation, squared deviation
• ecg: rsa, integration over the hf band (0.15 − 0.5 Hz), integration over
power in mf (0.09 − 0.5 Hz) and lf (0.00 − 0.09 Hz) bands, sum of energy
in bands 0.0 − 0.1 Hz, 0.1 − 0.2 Hz, 0.2 − 0.3 Hz and 0.3 − 0.4 Hz, lf and mf
ratio
• Respiration: mean period, deviation of period, amplitude
• Skin conductance: mean level, deviation, squared deviation, mean absolute
deviation
• gsr: number of responses, amplitude of responses in a window, sum of the
duration of gsr responses in a window, sum of the area of gsr responses in
a window
• st: mean, deviation, squared deviation
[50, p. 86] calculated heart rate variability (hrv) from the ecg. By distinguishing
the P, Q, R and S waves of a regular heart beat, the heart rate and its variance and
mean absolute deviation are calculated.
[43, p. 1295] suggests Fourier transformations and wavelet transformations for
transforming eeg, gsr and hrv signals to the frequency domain. Wavelet transformation is more suitable for data with sharp spikes and discontinuities. It also
suggests principal component analysis (pca) and independent component analysis for extraction of features from eeg.
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Feature Selection

When the features are extracted, one needs to examine which ones contain the
most useful information, and remove those who are not contributing to improving the model. Feature selection means choosing a subset among the extracted
features that gives a good prediction performance and a small generalization error. The generalization of a machine learning measures its capacity to predict
unseen data. A high generalization error means that the model does not perform
well on new data. Too many features might lead to overfitting (overly complex
models) while including too few features means a risk of losing useful information. One must also keep in mind that some features can perform poorly alone,
but can prove very useful in combination. Thus one must be careful while analyzing features one by one.
In this Master’s thesis, we define the two classes: (see Section 2.6)
• class 1: “not stress”, N S
• class 2: “stress”, S
The correlation coefficient, R, is a simple tool for studying the relevance of features and ultimately selecting them [16, p. 4], [11, p. 614]. It assigns a number
between −1 and 1 to each feature, indicating their linear correlation with the output signal. R = −1 indicates a perfect negative linear correlation and R = 1 is a
perfect positive one. The linear correlation coefficient is calculated between the
feature f and its stress level s by
R=

cov(f , s)
,
σf σs

(2.1)

where cov is the cross-covariance between two variables and σ is the standard
deviation. This can give a preliminary indication of the importance of a feature,
but one must keep in mind that it only analyzes linear correlations.
The heteroscedastic t-Test score T for feature f is calculated by [61]
µS − µN S
,
T =r
σS2
NS

+

(2.2)

2
σN
S
NN S

where µS is the mean of f over class “stressed”, NS is the total number of samples
in the class “stressed”. It examines how different the feature values of each class
is. For example, if the means are identical, the t-Test score will be equal to 0,
indicating a low separability between the classes for the feature [62, p. 243]. The
denominator takes into account the standard deviation of the feature over each
class, along with the number of samples in each class. This assumes a Gaussian
distribution of the feature.
The Fisher score, FS, indicates a ratio between how much a feature separates
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itself between two classes [16, p. 4]. It is given by
FS =

(µS − µN S )2
σS2 + σN2 S

,

(2.3)

where µS is the average of a feature over class “stressed” and σS is the standard
deviation over “stressed”. The same applies for N S, which indicates the class
“not stressed”. A higher Fisher score means that the feature contains a lot of
information for separating two classes. In the case of perfect class balance (NS =
NN S ), FS = NS T 2 .
[16] compares different methods of feature selection for the classification of emotions, mainly Fisher score and correlation coefficient. It also tests Chi-square
Score, Gini Index, Information Gain, Correlation Based Filter and Fast Correlation Based Filter. It concludes that they lead to a similar analysis. A summary of
these methods can be found in [49].
[56] first uses correlation analysis to reduce 19 extracted features to 9, followed
by principal component analysis to further reduce the number to 7. ecg, emg,
scl, and respiration are recorded for stress detection during driving tasks in [20,
p. 1]. It concludes that skin conductivity and heart rate metrics are most closely
correlated with the stress levels of the participants. In general, useful features
are related to hrv, along with different characteristics of the gsr (e.g. rise time,
and slope).
Other, more automated methods include features selection by classification (Section 2.6) accuracy, by adding or removing features based upon if they are making
prediction easier or harder. This is called forward and backward feature selection, and many versions and combinations of them exist. [28] compares these
kinds of wrapper methods to the filter approach (which is independent of any
classification algorithms).
Forward and backward feature selection algorithms were implemented according to Algorithms 1 and 2, either single-user cross validation or multi-user cross
validation. The single-user mode means cross validating within the data of a single user, then computing the performance as a mean of all the users. The multiuser mode means leaving one user out as validation data, and using the other
users for training the classifier. The performance is then computed as a mean of
all the users. The forward algorithms start with an empty feature space, successively adding the feature that increases the classifier performance the most. This
is done until all the features have been added and afterwards one can observe
the performances to decide what combination of features that was most efficient.
The backwards algorithms work identically, except that they start with all the features, successively deleting the feature that decreases the classifier performance
the least.
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featureSpace = [];
while featureSpace is not full do
for feature f do
features = featureSpace;
remove f from features;
for dataset d do
validationData = d;
trainingData = all datasets except d;
validationData = duplicate(validationData);
trainingData = duplicate(trainingData);
model = trainModel(trainingdata);
[TPrate, TNrate] = predict(validationData.X, model);
[TPrateOnTraining, TNrateOnTraining] =
predict(trainingData.X,model);
performance[d] = mean(TPrate, TNrate);
performanceOnTraining[d] = mean(TPrateOnTraining,
TNrateOnTraining);
end
performanceOverDatasets[f] = mean(performance);
performanceOverDatasetsOnTraining[f] =
mean(performanceOnTraining);
end
featureToAdd = max(performanceOverDatasetsOnTraining);
add featureToAdd to featureSpace;
end
Algorithm 1: Multi-user forward feature selection. The validation is done by
leaving out one dataset while letting the remaining data sets predict it (cross
validating between persons).
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featureSpace = allFeatures;
while featureSpace is not empty do
for feature f do
features = featureSpace;
remove f from features;
for dataset d do
validationData = d;
trainingData = all datasets except d;
validationData = duplicate(validationData);
trainingData = duplicate(trainingData);
model = trainModel(trainingdata);
[TPrate, TNrate] = predict(validationData.X, model);
[TPrateOnTraining, TNrateOnTraining] =
predict(trainingData.X,model);
performance[d] = mean(TPrate, TNrate);
performanceOnTraining[d] = mean(TPrateOnTraining,
TNrateOnTraining);
end
performanceOverDatasets[f] = mean(performance);
performanceOverDatasetsOnTraining[f] =
mean(performanceOnTraining);
end
featureToRemove = max(performanceOverDatasetsOnTraining);
delete featureToRemove from featureSpace;
end
Algorithm 2: Multi-user backward feature selection. The validation is done by
leaving out one data set while letting the remaining data sets predict it (cross
validating between persons).

2.6

Classification

To predict the output class of an input where data is already existing, statistical
classification methods can be used [19]. These can be used on already labeled
data (supervised learning), or with the purpose of discovering new patterns in
the data (unsupervised learning) [11, p. 17].
In supervised learning, the purpose is to find a function f that maps the input
data x as accurately as possible to the output labels Y . There is an unknown
function g (called the ground truth), and the purpose of f is to approximate it.
Mathematically this becomes: given training input data X and output data Y ,
with m training data points: (X1 , Y1 ) . . . (Xm , Ym ), to find a classifier ŷ = f (x, θ),
where θ are parameters related to the classification function (e.g. tuning). The
output ŷ of f is the predicted class membership of the input x. This function
f can be chosen in different ways. A risk when using classification methods is
overfitting the model to the data, i.e. finding patterns that are not generalizable
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to new data sets. This puts a restriction on how f can be chosen. One wants it
to have as good as possible performance on new data, often called test data or
validation data (Section 2.6.7).
In the case of stress detection X is often represented by various features calculated over a time window of one or several sensor inputs. Y is then the stress
levels associated with each time window, ranging from two-class problems (“not
stressed” and “stressed”) to five or more different stress levels [14]. Classification
resulting in two classes is usually called detection, which becomes “stress detection” when applying this technique on human stress. In the literature, Y is often
given by experiment protocols or questionnaires, while in other cases unsupervised learning is applied, where the algorithm has to find appropriate patterns
which distinguish the stress levels [2].
The V C dimension for a set of functions, V C, is the maximum number of points
that can be separated in all possible ways by that set of functions. For a classifier
ŷ = f (x, θ), this means that there exists a θ such that f can shatter every number
of points below V C. Shatter means separating the data points without making
any errors (perfect separation). In the case of a two-dimensional classification
problem, where the n data points (not placed on the same line) are to be separated
by a classifier using a straight line as model, V C = 3. This means that the model
with the correct parameters θ can shatter any combination of three points [1],
however if four data points are present there exists configurations where a line
cannot shatter them.
A summary for the notation used for explaining the classifiers:
• f , the classifier function
• θ, parameters related to a classifier
• c, the number of classes
• yj ∈ (y1 , y2 , . . . , yc ), the classes
• X, the training input data
• Y , the training output data (labels)
• m, the number of training data points
• x, new input data
• ŷ, the predicted class membership of x
[43, p. 1296] compares the following pattern recognition techniques for stress
classification:
1. Bayesian classification
2. Decision trees
3. Artificial neural networks
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source
[38]

signals
acc, mobile phone
usage, scl

classes
2

[29]
[60]

bvp, eda, ppg, resp
bvp, gsr, PD, st

2
2

[25]

ecg, eda, resp

2

[56]

ecg,
resp,

[44]
[14]

ecg, gsr, resp, st
ecg, hr, resp, st

2
2, 6

svm
BN

[35]
[22]
[50]

eeg, emg face
scl
speech

2
2
2

FDA
svm
knn,
svm,
ANN

emg,

gsr,

2

classifiers
svm,
knn,
pca
svm
nb, DT,
svm
lda,
svm,
NCC
LB, QB,
knn,
FSL

precision margin
> 75 %

85 %
78.65 %,
88.02 %,
90.10 %
82.8 %,
79.8 %,
78.0 %
78.14 %,
77.78 %,
76.30 %,
79.26 %
60 %
90.35 %,
39.7 %
79 %
73.41 %
89.74 %,
89.74 %,
82.37 %

2.50 %,
2.07 %,
1.68 %,
1.40 %
6.5 %

Table 2.4: Comparison of classification methods used in previous studies.
BN = Bayesian network, DT = decision tree, FDA = Fisher’s discriminant
analysis, ANN = artificial neural network, LB = linear Bayes, QB = quadratic
Bayes, NCC = nearest centroid classifier, PD = pupil diameter, svm = support vector machine, knn = k-nearest neighbor, DT = decision tree, nb =
naive Bayes. Note that these studies are based upon different data.

4. Support vector machines (svm)
5. Markov chains and hidden Markov models
6. Fuzzy techniques
The conclusion from [43, p. 1297] is that svm is superior for learning stress models. [44, p. 4] and [60, p. 6] also enjoy success with the same method. Using
svm, up to 90.1% accuracy in differentiation between “relaxed” and “stressed”
emotional states could be reached in [60].
Table 2.4 compares the pattern classification methods used in previous studies,
along with their performance. The svm classifier is a popular choice, and seems
to be performing well in general. The method is however very black box, and it
is hard to analyze the model it outputs. Other suggestions are tree classifiers or
Bayesian ones.
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Support
vectors
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Optimal hyperplane
splitting the classes
with largest margin
-

x1
Figure 2.6: A two-dimensional classification problem, where the two classes
“-” and “+” have been split by an optimal line.

2.6.1

Support Vector Machines

Support vector machines (svm) work by finding the optimal hyperplane capable
of splitting two classes [19, p. 417-419]. This plane is defined as the one with the
largest margin towards the closest data point of each class. The idea is to choose
the classifier decision function f from hyperplanes w · x = 0 (x coordinate vector
and w hyperplane cofficients). A two-dimensional example of this is visualized
in Figure 2.6, where the optimal line (one-dimensional hyperplane) splitting the
two classes has been found. The line is chosen as the one with the largest margins
with respect to a misclassification error. Note that this is normally done after a
kernel transformation, which is explained later in this section. For hyperplanes
of dimension n, V C = n + 1, which means svm classifier can shatter one more
point than its hyperplane dimension. This makes it possible for the svm to deal
with data of high dimensions.
Consider the case where w is normalized with respect to a set of training points
X ∗ such that mini kw · xi k = 1. Vapnik & Chervonenkis showed that the V C dimension for the set of decision functions fw (x) = sign(w · x) on x ∈ X, where
||w|| ≤ A has the restriction
V C ≤ (max |x|)2 A2 .
x∈X

(2.4)
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The problem of obtaining a classifier of greatest margins thus becomes equivalent
to minimizing ||w||2 . By choosing f (x, θ) = (w · x) + b (b corresponding to where
the hyperplane intersects the origin) we obtain
m

1 X
l(w · xi + b, yi ) + ||w||2 ,
m

(2.5)

i=1

subject to mini |w · xi | = 1, where l is the zero-one loss function, l = 1 if both
arguments equal, otherwise l = 0.
If the data are completely separable by a hyperplane the problem is reduced to:
Minimize ||w||2 under
yi (w · xi + b) ≥ 1,

(2.6)

which is a quadratic program. This optimization problem means finding the hyperplane with the biggest margins between the classes.
In the case of non-separability, the problem is similar. The margin is still maximized, but some points are allowed to be on the wrong side of the hyperplane.
For this, the slack variables ξ = (ξ1 , ξ2 , . . . , ξm ) are introduced one has to minimize
2m
X
2
||w|| + C
ξi ,
(2.7)
i=1

subject to
yi (w · xi + b) ≥ 1 − ξi ,
ξi ≥ 0,
which is also a quadratic program. C is the cost parameter, which in the separable
case is equal to ∞ [19, p. 417-422].
To extend the svm from only dealing with linear separation, the data can be transformed if it is not separable by a plane. This transformation is called Φ(x) and
the decision function becomes
f (x) = w · Φ(x) + b.

(2.8)

It can increase the dimensionality e.g. by mapping the data from a one-dimensional
space to a two-dimensional one. What previously required a quadratic function
to separate can then become separable by a line in the new space.
To facilitate the work of the quadratic solver, the kernel trick is used, where the
kernel function is defined as
K(xi , x) = Φ(xi ) · Φ(x).

(2.9)

One of the most popular kernels is the radial basis function (rbf),
K(x, x0 ) = exp(−γ||x − x0 ||2 ),

(2.10)
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which works with the distance of the point to the origin [11, p. 259]. Other possible choices include linear, polynomial and sigmoid kernels [19, p. 423-426].
As seen in Table 2.4 and in [43, p. 1297] svm classifiers perform well in the domain of stress detection. Due to the kernel transformation and the properties
of the VC dimension of svm:s, data of very high dimensions is not necessarily a
big issue. The various kernel choices and tuning parameters makes the choice a
sensitive part of the modelling process using svm:s. The quadratic program has a
risk of encountering problems in numerical stability, which in combination with
the kernel transformation can be computationally demanding [19, p. 423].
Pros and cons of svm:s include:
+ Accurate in stress detection
+ Can deal with data of very high dimensions
- Memory-demanding
- Risk of numerical stability problems

2.6.2

Decision Tree Learning

Decision tree learning is the construction of a decision tree from class-labeled
training data [19, p. 308-317]. A decision tree is a flow-chart-like structure,
where each internal (non-leaf) node denotes a test on an attribute, each branch
represents the outcome of a test, and each leaf (or terminal) node holds a class
label. The topmost node in a tree is the root node. This makes the whole model
presentable by a single two-dimensional diagram, which helps its see-through
possibility and makes in more white box than e.g. the svm, which works with
transformations of the data. The branch splitting in itself performs a a kind of
feature selection by choosing the most discriminative parts of data. The nodes
can be both numerical and categorical, which allows a combination of these in
the same model. Decision trees can be used for classification, where the nodes
represent an attribute test (except for the terminal nodes, which contain a class
label). By combining several decision trees, they can be expanded into “random
forests”, with a potential for higher classification rates. Pruning might be used to
reduce the complexity of a decision tree, it means removing the size and number
of decisions. This is also useful for avoiding overfitting, which is easily achieved
if one keeps expanding the tree with more nodes, i.e. creating a too large tree. A
potential problem with decision trees is that the calculation time grows exponentially when the problem size increases, adding more nodes.
Pros and cons of decision trees include:
+ White box, see-through possibility
+ Can select the most important features
+ Can combine numerical and categorical data
- Calculation grows exponentially when the problem size increases
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2.6.3

Naive Bayes

The naive Bayes classifier is a simple probabilistic classifier [19, p. 210-211].
Given Y , it assumes conditional independence of all feature variables X in class
j, i.e. that no correlations exists between them,
Y
P (X1 , . . . , Xm |Y ) =
P (Xi |Y ).
(2.11)
i

This independence is an optimistic assumption, however even if the individual
estimations of the class density are biased, the posterior probabilities might not
be hurt (in particular near the decision regions).
Assuming a normal (Gaussian) distribution of the data, the mean and the standard deviation of each feature are calculated. However there are also other alternatives for this distribution. Given a new data point, its value is compared to
the mean and standard deviation of all other points, using the theorem of Bayes.
This outputs the probability of the new data point belonging to each class. If new
training points are introduced, the only adaptation needed is to recompute the
mean and the standard deviations for each class, which facilitates the relearning
process of a model.
The naive Bayes classifier prediction ŷ as a function of possible classes yj and the
trained conditional probabilities X is
ŷ = arg max P (Y |X1 , . . . , Xm ).
yj

(2.12)

The product sum is taken over all predictors f , and j represents each class. Pros
and cons of nb classifiers include:
+ Simple
+ Possible to adapt to new incoming data easily
- Does not deal with dependent variables

2.6.4

k-Nearest Neighbour

The k-nearest neighbour (knn) algorithm uses the k nearest samples [19, p. 463475] to “vote” for the class membership of a new sample, Figure 2.7. k is usually
chosen as a small number, and different weighting of each neighbour is sometimes used. A small k is more sensible to noise, but a large k makes the algorithm
computationally expensive. For binary classification, odd k is a good idea since
this prevents ties in the voting process. Note that the knn usually works in the
feature space. If new data points are introduced, relearning the knn is simple,
since it simply means rechecking the neighbours.
The most commonly used distance to decide which class is nearest for a query
point x is the Euclidean distance, d,
d(i) = ||x(i) − x||.

(2.13)
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Figure 2.7: A two-dimensional classification problem, with the two classes:
“-” and “+”. The class of the new point x (marked by “?”) is decided by
voting using its k = 3 nearest neighbours (1 “-” and 2 “+”), thus the new
point is assigned to the “+” class. The Euclidean distance d has been used to
define which are the 3 nearest neighbours to x.
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Other options include the Manhattan Distance, the Hamming Distance and the
Minkowski Distance [40].
The decision rule for input data x works by creating Vx , which is the vector with
the k nearest neighbours in the training data X to x according to the distance
measure. Then x is assigned to the most frequent class appearing in Vx .
[11] shows that that for k = 1 the error bound for the knn classifier P has the
limitation
c
P ∗ ≤ P ≤ P ∗ (2 −
P ∗ ),
(2.14)
c−1
where P ∗ is the Bayes error rate (the lowest possible error rate for a given class of
classifier) and c is the number of classes. This means that the knn error rate never
higher than twice the the Bayes error rate, which is promising for an algorithm
of this complexity (compare with the training process for e.g. the svm).
It is a simple classification algorithm, however it has enjoyed success in problems
such as handwritten digits, satellite image processing and ecg patterns. Pros and
cons of knn classifiers include:
+ One of the simplest algorithms
+ Updates the model quickly with new data
- Sensible to local structure of data

2.6.5

Probabilistic Neural Network

A probabilistic neural network (pnn) [11, p. 173] is a classifier based upon the statistical algorithm called “kernel discriminant analysis” and consists of a feedforward network containing four layers: input, pattern, summation and output. The
first layer represents the set of measurements, while the second one computes Euclidean distances using an rbf kernel. The third layer calculates an average over
each class of the outputs of the second layer, while the fourth one decides the
associated class by voting [46].
P To train a pnn, firstly all training input patterns
x are normalized such that i xi2 = 1. Then the first weight w1 is set equal to the
x1 , the first pattern unit. This is repeated for all patterns, such that wk = xk . The
trained net activation net for an input x and the weights w is given by their inner
product,
net = wt x.

(2.15)

The activation function is then given by
2

e(net−1)/σP N N ,

(2.16)

where σP N N (also known as the smoothing factor) is the width of the Gaussian
window, the only tuning parameter needed for the pnn. If the smoothing factor
is too small it approximates poorly and if it is too large it has a risk of smoothing
out important details.
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The pnn decision function (its fourth layer) for c classes with mj data points in
class j becomes
mj
 (||xj,i − x||)2 
1 X
ŷj (x) =
exp −
mj
2σP2N N
i=1

(2.17)

j = 1, . . . , c.
The class membership of ŷ is chosen as class s if ys > yj , j ∈ [1, . . . , c]. This reminds of the decision function used by the naive Bayes classifier (Section 2.6.3),
which also calculates a value associated with each class, and decides class membership using this value.
The layer-based learning process of the pnn is quick, however it has extensive
memory requirements for larger data sets. If the training samples are changed,
the model is easily adapted by retraining the relevant network nodes. Pros and
cons of pnn classifiers include:
+ Fast learning process
+ Flexible, training samples can be added or removed without extensive retraining
- Large memory requirements for large data sets

2.6.6

Class Imbalance

A common problem when classifying real-world data sets is class imbalance. This
means, for example in binary classification, that one of the classes has a lot more
data points of one class than the other one. This in turn will bias the classification
algorithms to always predicting the majority class, which can give high accuracy
but low generalization.
To solve this problem, several methods that are more or less complex exist. Two
examples are:
1. duplication
2. smote
The duplication technique means simply copying the minority class until both
classes have the same number of samples. Each sample of the minority class is
copied the same number of times. The duplication method was implemented by
copying the minority class cyclically until class balance is achieved. [8, p. 324]
explains similar methods, including random oversampling and oversampling of
data points near the class boundaries.
The smote (Synthetic minority over-sampling technique) [8, p. 329] uses a number of neighbours of each sample in the minority class in order to deal with class
imbalance. It replicates the minority samples by taking a random step in the direction to the neighbour sample. In this way one can achieve the same number of
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samples in each class by introducing artificial data points.

2.6.7

Validation and Performance Measures

To validate the performance of a model, one must introduce new data and observe
if the model predicts the correct labels or not [19, p. 219].
If the data is plentiful, one can split it into a training set and a validation set. In
this case, the validation data is not used for training, and is only presented when
the performance of the final classification algorithm is to be tested. Once this is
done one must be careful when trying to improve the model for further accuracy,
since one risks to overfit it to the data.
For smaller data sets, it is preferable to keep as many samples as possible for
learning. In this case, cross validation is widely used [19, p. 241]. A common
type is leave-one-out cross validation, where one observation of the data is removed, and the rest are used for training the model. The model is then tested
by letting it predict the observation that was removed. This is then repeated for
each observation, to obtain a robust measure of performance. Finally the mean of
these results is calculated as the performance. One must consider if it is suitable
to split the data in time segments (following each other temporally), or in random segments. This depends on how the data is generated, and how correlated
nearby samples are to each other.
The performance of a binary classifier on a given data set is related to four factors
derived from a prediction and the corresponding true value [8, p. 323]:
• number of true positives (T P )
• number of false positives (FP )
• number of true negatives (T N )
• number of false negatives (FN ).
T P is the number of accurately predicted positives. In the domain of stress detection, it corresponds to the number of samples predicted as “stress” when the
person actually is stressed. Similarly, FP is the number of falsely predicted positives, T N is the number of correctly predicted negatives and FN is the number
of falsely predicted negatives.
Using these four measures, one can define the confusion matrix Mconf usion :
!
T P FN
.
Mconf usion =
FP T N
The confusion matrix summarizes the performance of a classifier. The values at
the top left and bottom right (T P and T N ) need to be as high as possible for a
good classifier, while the ones at bottom left and top right needs to be as low as
possible (optimally 0).
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Using the values from Mconf usion one can then define [8, p. 322-326]:
precision =

TP
T P + FP

sensitivity =

TP
T P + FN

specificity =

TN
T N + FP

accuracy =

TP +TN
T P + T N + FP + FN

Precision is the percentage of correctly predicted positives among all existing positives. It is also known as positive predictive value. It is the proportion of samples
correctly predicted as “stress” among all samples predicted as “stressed”.
Sensitivity is also known as true positive rate, hit rate, or recall. It is the proportion of samples correctly predicted as “stress” among all “stressed” samples.
Specificity is also known as the true negative rate and measures the proportion of
correctly classified negatives (correctly predicted as “not stress” among all “not
stressed” samples).
Accuracy is the proportion of correctly predicted samples among all samples,
accuracy = 100% means that all samples are correctly classified.
In the case of class imbalance (where one of the classes is heavily underrepresented), one can introduce the gmean [47, p. 3362],
p
gmean = sensitivity · specificity,
(2.18)
which is a non-linear measure of a binary classifier’s performance, punishing
majority class misclassification more than minority class misclassification.
In this work we then define the performance p of a classifier as a choice between
one of these measures or a combination of them. Examples include:
• p = accuracy
• p=

sensitivity+specificity
2

• p = gmean
For an accuracy the associated margin of error (E) can be calculated,
r
accuracy(1 − accuracy)
E95 = 1.96
,
n

(2.19)

which describes the margin of error at 95 % confidence interval (i.e. 1.96 standard deviations for a Gaussian distribution), denoted E95 . n is the number of
predicted examples.
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2.7

Continuous Stress Models

[20, p. 10] creates a continuous stress metric by testing different correlations between physiological signal features and a stress level based upon video recording.

2.7.1

Linear Regressive Model

One of the simplest regressive models is a linear regressive model [19, p. 44],
a linear model with parameters adapted by least squares between features and
stress levels. The model consists of a simple vector of dimension 1xA, where A is
the number of features. It is trained by
+
,
modellin = Ytrain Xtrain

(2.20)

+
where Xtrain
is the Moore-Penrose pseudoinverse [17, p. 257-258] of the training
data (implemented by the Matlab function pinv).

A prediction ŷlin of new data Xval is then performed by
ŷlin = modellin Xval .

2.7.2

(2.21)

Support Vector Regression

Support vector regression (svr) is based upon the same mathematical foundations as the svm (Section 2.6.1), but instead of predicting a class membership, ŷ
is a regressive prediction in the case of svr, taking continuous values.
The problem formulation of ν-svr can be described as [6]
l



1X
1
min w T w + C ν +
(ξi + ξi∗ )
2
l
i=1

T

(w φ(xi ) + b) − yi ≤  + ξi

(2.22)

yi − (w T φ(xi ) + b) ≤  + ξi∗
ξi , ξi∗ ≥ 0, i = 1, . . . , l,  ≥ 0,
where C is once again the cost parameter, ξi the slack variables and w the hyperplane coefficients, and Φ the transformation.  decides what errors to include,
ignoring errors of size less than  (which in the case of svm:s corresponds to the
non-support vector points that are on the correct side of the decision boundary).
The ν parameter controls the number of support vectors and training errors, by
being an upper bound on the fraction of margin errors and a lower bound of
the fraction of support vectors. A more elaborate explanation, including kernel
transformation and prediction can be found in [19, p. 434-437].

2.7.3

Variational Multiple Bayesian Linear Regression

The variational multiple Bayesian linear regression model (vbml) [3, p. 486-490],
combines linear regression with variational inference. The model parameters θ
for training data pairs (Yi , Xi ), 1 ≤ i ≤ m, consisting of f regressors, has the
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likelihood function
p(Y |θ, α, β) =

m
Y

N (Yi |θ T Φ(Xi ), β −1 ),

(2.23)

i=1

where N corresponds to a Gaussian distribution, β is the noise precision parameter and Φ is the basis function [3, p. 139]. The prior over θ is given by
p(θ|α) = N (θ|0, α −1 I),

(2.24)

where α is a precision parameter. For the precision of a Gaussian, the conjugate
prior is a gamma distribution [3, p. 688],
p(α) = Γ (α|a0 , b0 ).

(2.25)

Similarly, for β the the conjugate prior is also a gamma distribution,
p(β) = Γ (β|c0 , d0 ).

(2.26)

The joint distribution for all variables is then given by
p(Y , θ, α, β) = p(Y |θ, α, β)p(θ|α)p(α)p(β).

(2.27)

To approximate the posterior distribution p(θ, α, β|Y ), the variational posterior
distribution
q(θ, α, β) = q(θ)q(α)q(β)

(2.28)

is used, since no analytical solution exists.
The variational re-estimation equation for the posterior distribution over θ can
then be found by using [3, p. 466] and identifying coefficients,
ln q? (θ) = Eq(α)q(β) [ln p(Y , θ, α, β)] + const =⇒
q? (θ) = N (θ|µn , Λn ),

(2.29)

where Λn = (E[β]Φ(X)T Φ(X) + E[α]I)−1 and µn = E[β]Λn Φ(X)T Y .
Similarly, for α
ln q? (α) = Eq(β)q(θ) [ln p(Y , θ, α, β)] + const =⇒
q? (α) = Γ (α|an , bn ),
where an = a0 +

f
2

and bn = b0 +

(2.30)

E[θ T θ]
.
2

For the noise precision parameter β this becomes
ln q? (β) = Eq(θ)q(α) [ln p(Y , θ, α, β)] + const =⇒
q? (β) = Γ (β|cn , dn ),
where cn = c0 +

m
2

and dn = d0 +

(2.31)

Y T Y −2E[θ]T Φ(X)T Y +E[θ]T Φ(X)T Φ(X)E[θ]
.
2

Using the properties of the Γ distribution [3, p. 688], E[θ], E[θ T θ], E[α] and E[β]
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can be obtained as
E[θ] = µn
T

E[θ θ] = µTn µn + Λn
a
E[α] = n
bn
c
E[β] = n .
dn

(2.32)

To evaluate the variational posterior distribution, the parameters of either q(θ),
q(α) or q(β) are initialized, then they are alternately re-estimated until the difference in free energy [5, p. 349] of the model converges.
Given a new input x, the predictive distribution over Yi is approximated as


p(Yi |x, Y ) ≈ N Y |µTN Φ(x), E[β]−1 + Φ(X)T Λn Φ(X) .
(2.33)
For more details, see [3, p. 486-490].

2.7.4

Performance Measures

The performance of these regressive models can be computed as the root mean
square (rms) error:
rP
n
2
s (ŷ − Yvals )
RMSE =
.
(2.34)
n
This value calculates the difference between the true value Yval and the predicted
value ŷ in each sample. It squares this difference and adds together all errors,
then dividing by the number of data points n.

3

MIT Driver Database

As a first study of stress feature selection and classification, The MIT Driver Stress
Database [21] was chosen to be analyzed, while waiting for experimental data to
be made available (Chapter 4). The MIT database origins from experiments with
subjects in rest and driving in cities and on highways, done at the Massachusetts
Institute of Technology. In Table 3.1 the data sets and the signals of the database
are presented. The recorded signals are ecg, hr (derived from ecg), emg, gsr
of the foot and the hand and finally the respiration. The ecg was recorded at
496 Hz, the gsr and the respiration signals at 31 Hz and the emg at 15.5 Hz.
The signals finally available in the database are down-sampled versions of these,
normally to 15.5 Hz. The “marker” signal indicates a change of situation, i.e. the
start of a period of rest, city driving or highway driving.

3.1

Method

In Figure 3.1 an overview of the data processing from the database to a model
with associated accuracy is presented. The block “read database” is adapted to a
given database, it restructures the data and outputs raw signals, along with their
sampling frequency. The pre-processing steps consists of refining the data, such
as removing artifacts.
The pre-processing step is also responsible for creating a binary stress level signal
from the marker signal. The features of each signal are then extracted, which is
followed by a split of the data. It is possible to modify how many parts one wants
to split it in, and if the parts should be picked ordered by time or randomly. The
normalization parameters are then estimated using the input features, along with
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drive
01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17a
17b

Fs [H z]
15.5
15.5
31.0
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.5
15.0
15.5

ecg
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

hr
x
x

foot gsr
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

emg
x

x
x
x
x
x
x
x
x
x
x

x
x
x
x
x
x
x
x
x
x
x
x
x
x

x
x
x
x

hand gsr
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

MIT Driver Database

resp
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

marker
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

Table 3.1: The MIT driver database. The sampling frequency and the signals
recorded in each data set (drive) are indicated.
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Figure 3.1: Data flow chart of how the signals were processed.
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Figure 3.2: The raw signals recorded in drive 11, and the stress levels derived
from the marker signal.
their output labels. The feature selection block simply reduces the features to a
pre-defined set, but this is possible to modify for comparison of different feature
sets. Finally a model is trained (several different classification methods can be
used), and in the end the accuracy of the model is calculated by validation. By
adding a loop testing different signal partitions, a cross validation is obtained.

3.1.1

Preprocessing

The “marker” signal was converted into binary stress levels (−1 and +1), depending on if the subject is resting or driving during the current sample. Furthermore, data points before the first marker and after the last marker were removed,
since these correspond to situations where the subject is being equipped and unequipped with sensors, respectively.
In Figure 3.2 an example of a data set containing raw signals can be observed.
The stress levels signal is however derived from the marker signal by looking
for its peaks (indicating that a button was pressed to record that a new phase of
the experiment is commencing). Data corresponding to noise while equipping
sensors has also been removed at the beginning and the end of the set.
Since drives 01 and 03 lack the marker signal, they were not used for learning
any models. Drives 02, 13 and 15 do not contain a gsr signal from the hand, thus
they were excluded. This decision is motivated by the fact that it is interesting to
compare both gsr signals, especially for feature selection. Drive 05 was excluded
for missing ecg and hr data during 300 seconds (the sensor probably lost its
connection at this point).
Since the signals available are all down-sampled to 15.5 Hz, this makes especially
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the ecg very challenging to analyze since the peaks are hard to distinguish (both
for the human eye and by peak detecting software). Consequently, the hr-signal
was used for calculating the desired features related to heart activity. However,
drive 14 lacks this hr-signal so it was eliminated.
The drives 17a and 17b are in fact recorded during the same session, but split into
different data sets with different sampling rates. These were interpolated to 15.5
Hz and merged into one single data set, where 17b follows 17a. This interpolation
of drive 17a introduced unwanted noise in its gsr signals, thus they were median
filtered to smoothen them and avoid false detection of local maxima.
The decision was taken to exclude the emg signal, since it opens up the possibility to use an additional data set (drive 04), but mainly because of its placement
upon the shoulder might record muscle movement (using the steering wheel)
rather than a psychological stress response from the traffic (e.g. muscle tension).
Consequently one ecg signal with its derived hr values, two gsr signals and the
respiration signal were used as inputs for the stress modelling process. Finally,
the following 10 data sets were complete and useful for training stress-predicting
models: 04, 06, 07, 08, 09, 10, 11, 12, 16 and 17.
Artifacts are present, mainly in the hr signal, which sometimes drops to unreasonably low 30 bpm or unreasonably high 200 bpm. Thus it was filtered by removing points outside a tuning constant times the standard deviation of a signal
window. At a few time windows of some seconds, the gsr signal turned negative, and visual inspection confirmed that it is very probably a simple error of
sign behind these artifacts. These values were therefore multiplied by −1. This is
motivated by the fact that when the negative values occurred, the signal looked
exactly as if coherent with nearby values, but with the wrong sign. gsr values
suddenly falling to exactly zero correspond to a sensor problem, and were replaced by the precedent value. The signals were all visually analyzed to confirm
that no unreasonable physiological data was to be used in steps further ahead.
After visual analysis of the “post-stress” period (i.e. the resting period after driving) it was decided to remove this part since the signals look like a mix between
the pre-driving rest period and the driving session. This kind of contradictory
data would give the classifier a hard time.
Each data series was split into time segments, to make it work with features over
a time window rather than samples. This choice is motivated by the fact that
it is desirable to work with time windows that are sufficiently large to contain
enough samples in the very low frequency (vlf) spectrum (0.01 − 0.04 Hz) while
also keeping the possibility of detecting the stress within a reasonable time. Too
big time segments will also reduce the number of points available for learning.
Since each drive has a duration of around 1 − 1.5 hours, time segments of Tf = 60
s were deemed suitable, giving around 75 different segments for each drive. The
chosen duration of each time segment can however be modified in the program.
It is also important to keep a balance between the number of features and the
number of samples to avoid overfitting.
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Figure 3.3: The pre-processed data of drive 11. Artifacts have been removed.
The segments corresponding to the change between rest and driving were removed, in order to avoid feeding mixed data into the learning algorithm (since it
is not clear whether the subject is stressed or not during this segment). Furthermore, the last segment is not of the same duration as the rest (except if the total
duration of the drive is evenly divisible by the segment duration). Because of this,
the last segment was also removed from the data.
The final product of the pre-processing is 10 complete data sets with 5 signals
and one label vector (“not stressed” or “stressed”), all split into time segments of
one minute.
In Figure 3.3 the data of drive 11 have been pre-processed (compare with Figure 3.2). The artifacts have been removed (mainly present in the hr signal in the
form of outlier values) and the gsr signals have been turned positive where they
were negative before.

3.1.2

Feature Computation

Based upon visual data inspection and the previous studies analyzed in Section 2.5,
the decision was taken to calculate the following features:
From the ecg and hr signals:
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1. mean of hr
2. standard deviation of hr
3. root mean square of successive differences
4. standard deviation of successive differences
5. hrv power in vlf (0.01 − 0.04 Hz)
6. hrv power in lf (0.04 − 0.15 Hz)
7. hrv power in hf (0.15 − 0.50 Hz)
8. ratio between hrv power in lf and hf
The mean is defined as the arithmetic mean of n samples of a variable x,
Pn
xi
mean(x) = i=1 .
n

(3.1)

The standard deviation (sd) is a measure of the difference between the samples
of the same dimension as the samples
q
(3.2)
SD(x) = mean(xi − mean(x))2 .
The successive differences of the heart rate (hr’) are firstly calculated by Algorithm 3, which simply outputs the difference between the current heart rate and
the previous heart rate for each value, as a measure of heart rate variability. This
is the numerical derivative computed by the Matlab function diff.
for sample s do
hr’(s) = hr (s) - hr (s-1);
end
Algorithm 3: The algorithm for calculating the successive differences of the heart
rate (hr’).
Feature 3 is computed as
q
fRMSH R0 =

mean((hr0 )2 ),

(3.3)

and Feature 4 is computed as
fSDH R0 = SD(hr0 ).

(3.4)

Features 5, 6 and 7 are calculated by Welch’s method [55], estimating the power
spectra in the respective frequency bands. This method converts the signal to the
frequency domain and is based upon periodogram spectrum estimates.
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For a signal x, the mth windowed, zero-padded frame is
xm (n) = w(n)x(n + mR)
n = 0, 1, . . . , M − 1

(3.5)

m = 0, 1, . . . , K − 1,
with the parameters R as the window hop size and K the number of available
frames. The mth block has the periodogram
1
|FFTN ,k (xm )2 |,
M
where FFT is the fast Fourier transform, defined as
X(k) =

N
X
n=1

Pxm ,M (wk ) =

(3.6)


n − 1
x(n) exp − i2π(k − 1)
, 1 ≤ k ≤ N.
N

(3.7)

for an input signal x of length N .
Welch’s method for estimating the power spectral density is then calculated as
ŜxW (wk ) =

K−1
1 X
Pxm,M (wk ).
K

(3.8)

m=0

The mean value of the hr is subtracted before the estimation is done. The signal
is calculated upon windows of length equal to the sampling frequency, in this
case Fs = 15.5 Hz.
From the gsr signals measured at foot and hand:
1. mean
2. mean of derivative
3. mean of negative derivative
4. mean of absolute derivative
5. proportion of negative samples in the derivative vs all samples
6. number of local maxima
Features 2, 3, 4, 5 and 6 are all computed upon the derivative of the gsr signal.
This derivative (gsr’) is calculated by Algorithm 4 (similarly to Algorithm 3, the
numerical derivative computed by the Matlab function diff). The five derivation features are then chosen as the mean, the negative part, the absolute value,
the proportion of negative values of gsr’, and finally all values where gsr’ is
positive while gsr” (its second derivative) is negative.
for sample s do
gsr’(s) = gsr (s) - gsr (s-1);
end
Algorithm 4: The algorithm for calculating the derivative o the gsr signal (gsr’).
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From the respiration signal:
1. sd of breathing signal
2. range (or greatest breath)
3. mean of breathing rate
Feature 3 is computed first by choosing a symmetric Hanning window,
 2πn 
w(n) = 0.5(1 − cos
),
(3.9)
N −1
where N is the total number of samples. The FFT (3.7) is then calculated upon
each Hanning window.
To find the breathing rate, the maximal value of the absolute value of the fast
Fourier transform is found. This maximal value corresponds to the most common
frequency in X(k).
Another feature, “feature x” was calculated from one of the signals. Due to a
possible future patent, the nature of this feature will not be explained here, but
it is compared in the following analysis.
These features add up to a total of 24. A 25th feature, “random values”, consisting
of random values between 0 and 1, was also added for comparison purposes.
It was calculated using the Matlab function rand. The idea is to introduce a
benchmark feature that approximates a feature completely unrelated to stress
detection.
The calculated features of drive 11 are presented in Figure 3.4.
After computation, each feature f was normalized using
fnorm =

f − mean(frest )
,
SD(frest )

(3.10)

where frest are samples f taken from a resting period, which is this case consists
of samples from the “non-stress” class. The window was chosen at the end of the
“non-stress” rest period, taking the last 6 time segments. These values were subsequently removed from the data to avoid it influencing any classification accuracy
(since every other feature value in the series is influenced by the normalization
data). This results in each feature having values in the same order of magnitude
(around −10 to 10), and compensates for individuals having e.g. different resting
heart rates.

3.1.3

Class Imbalance Problem

After deletion of the “post stress” period of the data sets, each data set consists of
around 80% “stress” class and 20% “not stress” class. The two methods presented
in Section 2.6.6 for dealing with this class imbalance were examined (along with
the option of doing nothing):
1. no extension
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Figure 3.4: The calculated features of drive 11. Each feature is calculated
over Tf = 60 seconds, and the value is represented by a dot. Blue circles
are from the rest period, while the red circles are from the driving session.
The x-axis represents the feature value at the corresponding time segment
of the y-axis. y-axis units (from the upper left corner): Hz, Hz, Hz, Hz, s, s,
µS µS
µS µS µS
s, dimensionless, µS, s , s , s , dimensionless, dimensionless, µS, s , s ,
µS
s ,

dimensionless, dimensionless, V, V, Hz, unit X, dimensionless.
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Figure 3.5: The extended features of drive 11. The features of the “not stress”
class have been extended using duplication to achieve class balance. Blue
circles are from the rest period, while the red circles are from the driving
session. The x-axis represents the feature value at the corresponding time
segment of the y-axis. These features are normalized, making all y-axis values dimensionless.

2. duplication
3. smote
The result of the duplication method of feature extension on drive 11 can be
studied in Figure 3.5. The smote method was implemented and tested upon
the data (Figure 3.6), however as the duplication does not produce any artificial
data points, it was decided to be used in the subsequent analysis. The duplicated
features in Figure 3.5 are more regular than in Figure 3.6. The reason behind
this is that the data in the duplication method consists of pure copying while the
smote method creates new data points based upon the existing data.

3.1.4

Feature Selection

The following analyses were made:
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Figure 3.6: The extended features of drive 11. The features of the “not stress”
class have been extended using smote to achieve class balance. The added
data points are placed at the end of the rest period. Blue circles are from
the rest period, while the red circles are from the driving session. The x-axis
represents the feature value at the corresponding time segment of the y-axis.
These features are normalized, making all y-axis values dimensionless.
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1. linear correlation coefficient, (2.1)
2. t-Test, (2.2)
3. Fisher score, (2.3)
4. forward feature selection, Algorithm 1
5. backward feature selection, Algorithm 2
6. pca, 1, 2 and 3 components
The Gini index, and the Gram-Schmidt orthogonalization process were also examined, but led to similar results which are not presented in this work. Histogram
plots were also done for each feature and driver, to observe if the feature values
were indeed changing between the classes or not.
For deciding what features to keep and remove in the forward and backward
selection algorithms, an svm with a radial basis function was used.

3.1.5

Classification

A naive Bayes classifier using a Gaussian distribution and two classes was implemented in Matlab. It consists of two functions (Algorithms 5 and 6).

nbTrain X,Y: model:
class1data = X(Y==class1);
class2data = X(Y==class2);
for feature f do
class1.means(f) = mean(class1data(f));
class1.SDs(f) = SD(class1data(f));
class2.means(f) = mean(class2data(f));
class2.SDs(f) SD(class2data(f));
end
class1.Nosamples = length(class1.data);
class2.Nosamples = length(class2.data);
model.class1 = class1;
model.class2 = class2;
Algorithm 5: The implemented Naive Bayes classifier’s training function.
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nbClassify X,model: prediction:
class1mean = model.class1.means;
class1SD = model.class1.SDs;
class2mean = model.class2.means;
class2SD = model.class2.SDs;
totalSamples = model.class1.noSamples + model.class2.noSamples;
PClass1 = class1noSamples / totalSamples;
PClass2 = class2noSamples / totalSamples;
newData = X;
for newData d do
newPoint = newData(:,d);
pClass1 = normpdf(newPoint,class1mean,class1SD);
pClass2 = normpdf(newPoint,class2mean,class2SD);
evidence = PClass1 * prod(pClass1) + PClass2 * prod(pClass2);
posteriorClass1 = PClass1 * prod(pClass1) / evidence;
posteriorClass2 = PClass2 * prod(pClass2) / evidence;
if posteriorClass1 > posteriorClass2 then
prediction (d) = class1;
else
prediction (d) = class2;
end
end
Algorithm 6: The implemented Naive Bayes classifier’s classification function.
The svm classifier from LIBSVM [7] 3.18 was used. The rbf kernel was used, with
γ = 1/numberOfFeatures. The pnn and the knn classifiers from the toolboxes
included with [11] were used. k = 1 was chosen for the knn classifier in single
user mode, since it is not possible to use more neighbours if one wants to perform
leave-one-out cross validation. For multi-user mode and every other case where
leave-one-out cross validation was not done, k = 3 neighbours were chosen. For
the pnn classifier, the Gaussian width was chosen as σP N N = 0.5. σP N N = 1 was
also tried, but with worse results. Decision tree classifiers were left out due to a
suitable implementation not being available, and lack of time of making an own
implementation.

3.2

Results

The results of the analysis made on the MIT driver database are presented in this
section.

3.2.1

Feature Selection

The results of the feature selection analysis explained in Section 3.1.4 are visualized in this section.
In Figure 3.7 the Fisher scores for each feature and data set can be compared.
Prominent features include:
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Figure 3.7: Fisher score, calculated for each drive. Mean is indicated by “*”.
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1. Hand gsr: mean
2. Foot gsr: mean
3. Hand gsr: mean of abs. der.
4. Foot gsr: mean of abs. der.
5. feature x
These are chosen because they have higher Fisher scores than the other features
among a majority of the users.
In Figure 3.8 the linear correlations for each feature and data set can be compared.
Features having the same effect on each user are all pointing the same way (left
for negative correlation i.e. the feature value is lower in the driving state and right
for positive correlation, i.e. the feature is higher in the driving state). This occurs
for the mean of the negative derivative and the proportion of negative samples
in the derivative in both gsr signals (negative correlations). This is also true for
the mean of hr and the lf/hf power ratio (positive correlations). Prominent
features, that have mean absolute linear correlations higher than 0.5, but behave
exceptionally in some cases, include:
1. ecg: mean of hr
2. feature x
3. Hand gsr: mean
4. Hand gsr: mean of neg. der.
5. Hand gsr: mean of abs. der.
6. Foot gsr: mean
7. Foot gsr: mean of neg. der.
8. Foot gsr: mean of abs. der.
In Figure 3.9 the t-Test scores for each feature and data set can be compared.
Features having the same effect on each user are all pointing the same way (left
for if the feature value is lower in the driving state and right if the feature value
is higher in the driving state). Prominent features include:
1. ecg: mean of hr
2. feature x
3. Hand gsr: mean
4. Hand gsr: mean of neg. der.
5. Hand gsr: mean of abs. der.
6. Foot gsr: mean
7. Foot gsr: mean of neg. der.
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Figure 3.8: Linear correlation coefficient, calculated for each drive. Mean is
indicated by “*”.
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Figure 3.9: t-Test score, calculated for each drive. Mean is indicated by “*”.
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8. Foot gsr: mean of abs. der.
These were chosen because they have a higher t-Test score than the other features,
and also because T in general have the same sign for all users (only negative or
only positive). This indicates that the mean of the feature changes more and in
the same way for all the subjects compared to other features.
The results of the forward feature selection algorithms can be studied in Figure 3.10 and Figure 3.11 (Algorithm 1, multi-user case). The feature space tested
is accumulated upwards, meaning that firstly it only consists of the feature that
is located furthest down, secondly it consists of the feature furthest down combined with the feature second furthest down etc. The feature highest up is the
last one added, which means that all features are in feature space at this point.
The feature choice is based upon only the training data, but the performance on
the validation data is also presented in each graph. The features under the black
line in each of these figures represent the respective feature space chosen the algorithms in each case. This will later be compared in Section 3.1.5. In every case,
the feature x is chosen as the most important feature (firstly chosen for forward algorithms and lastly deleted for backward algorithms). The local maxima feature,
especially from the hand gsr is also popular.
Figures 3.14 and 3.15 present the two principal components after pca transformation. They give a visual representation of the separability of the classes “not
stress” (diamonds) and “stress” (+). In general, the values associated with “not
stress” are closer to the origin, while the “stress” values tend to be more dispersed
toward the edges, independently of which data set they belong to. A few “stress”
samples tend to mix with the “non-stress” towards the center for each data set.

3.2.2

Classification

Table 3.2 is a comparison between the classification performances of different
choices of feature spaces. The single and the multi-user modes are both tested,
as well four classifiers: svm, nb, knn and pnn. The “intuitive choice” (i.c.) is
the author’s own choice, based upon Figures 3.7, 3.8 and 3.9 and the selection
algorithms. It consists of:
1. ecg: mean of hr
2. Hand gsr: mean
3. feature x
The knn fails however completely when using only one single principal component, falling down to a performance of 50.0 %, just like random guessing. This is
related to that the notion of neighbour disappears when there is an input of only
one principal component (a single observation of each feature, transformed by
importance in terms of variance). Given this, the svm, nb and the pnn are more
trustworthy, especially the svm which never falls below 78.9 % in performance.
Naturally, the single-user case is a simpler problem than the multi-user one, due
to differences between persons, which can be observed in the higher classification
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Figure 3.10: Single-user forward feature selection. The feature space is
growing upwards. Features are selected based upon the training data performance.
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Figure 3.11: Multi-user forward feature selection. The feature space is growing upwards. Features are selected based upon the training data performance.
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Figure 3.12: Single-user backward feature selection. The feature space is
growing upwards. Features are selected based upon the training data performance.
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Figure 3.13: Multi-user backward feature selection. The feature space is
growing upwards. Features are selected based upon the training data performance.
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Figure 3.14: The two principal components, all data sets. “stress class”
data points are represented by a “+” and “stress” class is represented by
diamonds.
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Figure 3.15: The two principal components, all data sets. “stress class”
data points are represented by a “+” and “stress” class is represented by
diamonds. Magnified version of Figure 3.14.
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features
all
pca
pca
pca
forward
backward
i.c.
all
pca
pca
pca
forward
backward
i.c.

user
single

multi

# feat.
24
1 comp.
2 comp.
3 comp.
3
4
3
24
1 comp.
2 comp.
3 comp.
5
6
3

svm
91.9 ± 2.3
86.0 ± 3.0
85.1 ± 3.0
78.9 ± 3.5
96.1 ± 1.6
93.4 ± 2.1
96.8 ± 1.5
85.9 ± 3.0
80.2 ± 3.4
78.9 ± 3.5
84.3 ± 3.1
88.3 ± 2.7
78.4 ± 3.5
90.7 ± 2.5

nb
93.1 ± 2.2
91.8 ± 2.3
95.5 ± 1.8
95.1 ± 1.8
96.6 ± 1.6
94.4 ± 2.0
96.3 ± 1.6
87.9 ± 2.8
65.3 ± 4.1
80.0 ± 3.4
81.6 ± 3.3
94.6 ± 1.9
83.5 ± 3.2
93.9 ± 2.0

knn
97.9 ± 1.2
50.0 ± 4.3
93.7 ± 2.1
94.8 ± 1.9
98.2 ± 1.1
97.4 ± 1.4
99.5 ± 0.6
91.6 ± 2.4
50.0 ± 4.3
81.8 ± 3.3
87.1 ± 2.9
93.1 ± 2.2
83.6 ± 3.2
90.7 ± 2.5

pnn
96.5 ± 1.2
85.3 ± 4.3
92.8 ± 2.1
91.5 ± 1.9
92.9 ± 1.1
93.7 ± 1.4
93.8 ± 0.6
90.4 ± 2.4
78.5 ± 4.3
84.3 ± 3.3
86.3 ± 2.9
88.6 ± 2.2
86.3 ± 3.2
85.7 ± 2.5

Table 3.2: MIT Driver database classification results. The performance is
calculated as the mean of specificity and sensitivity, with margin of error
E95 , both in %.
rates. The pca feature spaces gain a lot just by adding one or two more principal components. The “intuitive choice” space can compete quite well with the
other more mathematical and algorithmic feature selection methods. The highest performance (99.5 %) is achieved by the knn classifier in the single-user case
using this intuitively chosen feature space. It is however important to note that
the “intuitive choice” features are selected by a combination of the different score
metrics and the selection algorithms, which are all calculated using all the data in
different ways. This makes the results from this choice slightly misleading, since
it is not a “true” validation.

3.3

Discussion

In this section the results of Section 3.2 and the methodology presented in Section 3.1 are discussed. The purpose is to highlight interesting findings compared
to Chapter 2.

3.3.1

Results

Classic features such as means of hr and gsr levels appear as expected. A feature that was never inspired by the state of the art study in Chapter 2, but was
rather derived by visual inspection of the data was the “feature x”. It has high
scores from Fisher, linear correlation and the t-Test analysis, as well as being generally well placed in both forward and backward feature selection. A feature
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that appears less than expected is the lf/hf ratio, which is quite common in the
literature.
In terms of feature space, the forward and backward algorithms perform badly
in generalization, but a cause might be that their decisions are based upon the
training performance, which in the single-user case reaches perfect prediction
after just a couple of features. This might be a contributing cause to that the
author’s “intuitive choice” of three features generalizes better. An interesting
extension of this work would be to make an exhaustive feature selection of three
features. This would mean trying all possible combinations of three features, to
find the best ones. A hypothesis is that this would result in the three features from
the “intuitive choice”. As expected, the algorithms choose more features in the
more complicated, multi-user mode (5 in forward and 6 in backward) compared
to the single-user mode (3 in forward and 4 in backward). Figure 3.12 shows a
large difference between the training data results and the validation data results
of the mean of ecg feature. It is chosen last based upon the training data, but the
validation result (dark green) shows that it actually reaches a classification rate
closer to 100 %. Since the feature selection choices are based upon the training
data, this gives a misleading feature space. However the option is to base the
feature selection upon the validation, but this would not leave any data from the
comparing the classifiers, done in Table 3.2.
Quite high classification rates are achieved compared to what is found in Table 2.4. The reason for this might be that we are actually distinguishing between
driving and rest in this study, which is not necessarily the same thing as distinguishing between “stress” and “non-stress”. There is no data available to a
corresponding stress free driving task (control task), which allows the classifier
to adapt to drive-specific features rather than stress-specific features if such exist. It is also important to note that these previous studies are based upon different sensors and data, however the svm performs generally well compared to
other classifiers. Slightly surprising is the result of achieving 99.5 % classification
rate with the knn using three features from three different sensors in single-user
mode. This is both a simple classifier and few features, which is promising for
real-time diagnostics, however the knn can be memory-consuming. The knn
also enjoys a great improvement from each additional principal component, and
an interesting continuation would be to add even more of them to maximize its
potential.
[20], who also analyzes the MIT database, has more details on the database than
the public version studied in this Master’s thesis. Thus it has the possibility of
defining three classes: low, medium and high stress. Using 22 features and lda,
these classes turn out having a recognition rate of 100 %, 94.7 %, and 97.4 %
respectively. This is slightly higher than what is achieved in Section 3.2.2.
Another point to consider is that all the data used is down-sampled to 15.5 Hz,
which is quite low for the physiological signals studied. This can of course influence the reliability of these results.

3.3

Discussion

3.3.2

61

Method

An important methodological topic to discuss is the fact that the “rest” and “driving” states have been directly converted into “non-stress” and “stress” class. With
access only to raw signal data and no questionnaires, this is however the most
reasonable procedure. To deduce that driving is stressful makes sense due to the
increased need for attention and reactiveness while in traffic, along with pressure from other drivers and time. But without having the answers whether the
subjects felt stressed or not this step is a bit risky.
For a study with even higher validity, the data should first of all be available in
its original sampling frequencies, along with information of whether the driver
is on the highway or in the city. Optimally, a control task should be performed as
well, e.g. where the driver is simply driving calmly in an open area free of other
vehicles and pressure.
The choice of the time window Tf is also delicate, since it is a compromise between the data available and the features to be calculated. It is hard to know
whether the choice is the best or not, and due to it being a very early choice it
might influence all the steps following it. For example, [20] sets Tf to 5 minutes
in one analysis and to 1 second in another one.
An alternative to the filtering methods described in Section 3.1.1, which find artifact data points and replaces them with the preceding value, could be integrating
this preprocessing into the machine learning methods. If the artifacts are more
common (or even unique) in a certain class, this could even be helpful for the
classification problem. There is however the risk of overfitting the models to certain sensors or sensor models (if the artifacts are more common and distinctive
to them). This would make the model good for the sensor used to train it, but not
generalizable to other systems.
The choice of the performance could be made in other ways, which could cause
the forward and backward feature selection algorithms to take different decisions.
Examples include choosing the accuracy or the precision as performance measure.
The gmean could be interesting to try as an option to duplicating samples for class
imbalance.
Other classification techniques that would be interesting to examine include the
decision trees (Section 2.6.2), for their see-through and visualization possibilities.
Different versions of the neural network classifiers than the pnn could also be interesting. Another classifier that appears in the literature is the nearest centroid
classifier, which reminds of the simpler algorithms, such as the nb and the knn.
The lda, used in [20], is of course interesting, since it based upon the same data,
and allows a closer comparison. Of course the tuning parameters of the classification can be altered even further, mainly for the svm, the pnn and the knn.
Different cost parameters, Gaussian widths and number of neighbors could be
tempered with even more for optimizing the models.
Ideas for further feature analysis include more methods that extract feature sim-
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ilarly to the pca, e.g. independent component analysis or partial least squares.
pca can also be modified and tried in its multi-linear or kernel versions.
Furthermore, additional features could be added and compared, e.g. temporal
and rhythmic measures of the hr, and slower features of the gsr, e.g. its rise
time, latency and related metrics. This would require a finer gsr signal than
what is found in the MIT Driver Database, where it is available with a sampling
rate of 15.5 Hz.

3.3.3

Further Perspectives

Affective signal processing in general and analyzing the stress of drivers specifically is becoming an increasingly important subject in the automotive industry.
Applications include preventing accidents, e.g. by soothing interventions like
calm music. Cars are becoming more and more computerized, and with the right
set-up of effective sensors and algorithms this could become standard in future
vehicles.
Ethical issues that might occur is that physiological sensors and computing of
affective states might be imposing for certain persons. One must also keep in
mind to protect private physiological data from being spread out publicly against
the person’s wishes. For public databases, this data should be coded, and never
be tagged using details that might reveal the identity of the subject.

4

Experiments

As a second study, laboratory stress experiments were performed in order to acquire more data for comparison with the results on the MIT driver database presented in Section 3.2.

4.1

Method

Between May and July 2015 an experimental campaign was performed, with the
purpose of collecting physiological signals for stress analysis.

4.1.1

Experiment Procedure

9 subjects were recruited and asked to come four mornings: three times for different tasks and once for performing similar tasks without stress elements (control
tasks). Their age varied in the range of 21 to 23 years, and among them were 7
females and 2 males.
Three classical stress tasks were chosen: the tsst, the mst and the secpt, along
with one task not usually found in the literature: the d2 test. A summary of
these stress tasks can be found in Table 4.1. The task, its control task and the
associated types of stress are presented. The d2 task is not classically used for
inducing stress in the literature, however the other three (tsst, mst and secpt)
are all common. All of these were attributed a corresponding control task, supposed to be identical but without stress elements. For the tsst, the control task
consists of reading a text out loud followed by simply counting downwards from
1,000 by steps of one. These two control tasks lasted 5 minutes each, and were
both performed by the subject alone in the experiment room, without any video
recording. The secpt control task meant submerging the hand in lukewarm in63
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test
tsst

mst

secpt

d2

stress task
job interview (with
video recording and
jury)
count backward steps
of 13 from 1,022 (with
video recording and
jury)
put hand in 0 ◦ C water
(with video recording)

control task
read text out loud
alone

find all d:s with two
lines among other
symbols under time
pressure

find all d:s with two
lines among other
symbols

count backwards steps
of 1 from 100 alone
put hand in 37 ◦ C water

Experiments

stress type
• social

• social
• mental

• social
• physical
• mental
• time pressure

Table 4.1: The tasks used to induce the stress during the experiments, and
their respective control tasks. The type of stress is also indicated.
stead of freezing water, also without any video recording. The d2 control task
was identical to the d2 task, but without any time pressure. The subject is asked
to simply find the symbols, taking his or her time.
Upon arrival to the first session, the subject was asked to sign a consent document.
At the start of each experiment, a brief explanation of the experiment was given,
without revealing the true purpose of inducing stress. Subsequently, the subject
was equipped with the sensors and their signals were controlled.
A tsst session was performed according to:
1. rest (ca 10 minutes)
2. questionnaires (ca 2 minutes)
3. explaining presentation task
4. subject prepares presentation task (ca 10 minutes)
5. presentation task (5 minutes)
6. explaining mst
7. performing mst (5 minutes)
8. questionnaires
9. rest in waiting room - saliva samples but no signals recorded (30 minutes)
A d2 session was performed according to:
1. rest (ca 10 minutes)
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2. questionnaires (ca 2 minutes)
3. explaining d2 task
4. performing d2 task (4 minutes 40 seconds)
5. questionnaires
6. rest in waiting room - saliva samples but no signals recorded (30 minutes)
An secpt session was performed according to:
1. rest (ca 10 minutes)
2. questionnaires (ca 2 minutes)
3. explaining submersion task
4. submerging hand (max. 3 minutes)
5. if the hand is still submerged after 1 minute - questionnaires
6. questionnaires
7. rest in waiting room - saliva samples but no signals recorded (30 minutes)
A control task session can be summarized as:
1. rest (ca 10 minutes)
2. questionnaires (ca 2 minutes)
3. explaining presentation control task
4. presentation control task - reading text alone (5 minutes)
5. explaining mst control task
6. mst control task - counting backwards alone (5 minutes)
7. rest (ca 10 minutes)
8. questionnaires (ca 2 minutes)
9. explaining d2 control task
10. d2 control task (no time limit)
11. rest (ca 10 minutes)
12. questionnaires (ca 2 minutes)
13. explaining task secpt control task
14. secpt control task (max. 3 minutes)
15. if the hand is still submerged after 1 minute - questionnaires
16. questionnaires

66

4

Experiments

Figure 4.1: The control tasks for subject 01. “R task” means rest period
before a task.
The questionnaires filled at each session were vas and STAI-Y on various emotions perceived by the subject during the rest period or task preceding the questionnaire. During the secpt and its control task, a PANAS questionnaire on the
perceived pain level was also distributed. During the first session of each subject, questionnaires on personality type and more were filled out. The order of
the tasks within a control session was varied between the subjects, as well as the
order of the stress task sessions.
In Figure 4.1 the raw data recorded during the control tasks of subject can be
observed. The stress level is derived from the answer at the vas questionnaire at
the end of the rest period or the task.

4.1.2

Sensors

During the experiments, three types of physiological signals were recorded: ecg,
gsr, and facial emg. An overview of the used systems and signals can be found
in Figure 4.2.
For recording ecg, AD Instruments Disposable ecg Electrodes were used, and
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Electrodes

E4 Wristband

Figure 4.2: Overview of the used sensors used and the physiological
recorded signals. The emg signals: 1. zygomaticus major 2. currogator
supercilii 3. orbicularis oris superior 4. orbicularis oris inferior.

connected to the Ad Instruments FE132 Bio Amp. Figure 2.2 shows the electrodes
used for recording ecg. The white one (to the left) was placed in the middle of
the chest, the red one (in the middle) on the side below the chest (to center the
heart between the white and the red electrodes). The black one (to the right) was
placed upon a flat area on the back, as ground reference.
The AD Instruments GSR Finger Electrodes MLT116F were used for recording
gsr. Figure 2.4 shows these electrodes, along with their placement. They were
placed on the non-dominant hand of the subject, on the index finger and the
middle finger.
An Empatica E4 wristband was ordered and arrived during the middle of the experiment phase. It was subsequently used on all remaining subjects for recording
heart rate and inter-beat intervals (both via photoplethysmogram), gsr, skin temperature and 3-axis accelerometer. The placement of the wristband, along with
the gsr electrodes, can be studied in Figure 2.4.
For measuring emg, the DELSYS Trigno Wireless emg System [24] was used. It
was placed at four different locations on the face of the subject, Figure 4.2:
• zygomaticus major muscle, related to smiling
• currogator supercilii muscle, related to frowning
• orbicularis oris superior muscle
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Figure 4.3: The rest periods and tasks related to the tsst of subject 01. The
questionnaire stress level for each period is indicated by “Y” (0-1).
• orbicularis oris inferior muscle
In Table 4.2 the recorded experimental database is presented. The E4 wristband
is missing in some cases since it was not available before the middle of the experimental phase, and the gsr sensor disconnected during the d2 task of subject 03
and the tsst task of subject 05.

Figure 4.3 shows an example of the data collected during a tsst experiment.

4.1.3

Preprocessing

After inspection of the acquired data, it was found that the hr values calculated
from the ecg sometimes resulted in “not a number” (NaN). As soon as such a
value was found, it was replaced by the preceding hr value. Furthermore, artifacts in the form of unreasonably low heart rates (< 25 bpm) were found in some
cases. To deal with this, a filter finding heart rates lower than 3 times the mean
value of the task or the rest period was programmed. If this occurred, the heart
rate value of the preceding sample was used instead.
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control
d2
secpt
tsst
control
d2
secpt
tsst
control
d2
secpt *
tsst
control
d2
secpt
tsst
control
d2
secpt
tsst
control
d2
secpt *
tsst
control
d2
secpt
tsst
control
d2
secpt
tsst
control
d2
secpt
tsst

ecg
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
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hr
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

gsr
x
x
x
x
x
x
x
x
x
!
x
x
x
x
x
x
x
x
x
!
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

E4 wristband

x
x
x
x

x
x
x

x
x
x
x
x
x

x

x
x
x
x

Table 4.2: The experimental database. The signals successfully recorded
in each experiment are indicated by “x”. “!” indicates a sensor problem occurred during the data acquisition. * subject 03 and subject 06 both removed
the hand from the cold water after around 30 seconds, which just enough for
one complete sample for the feature calculation (Tf = 30 s). The secpt for
subject 03 and subject 06 were thus not possible to analyze.
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For the experimental data a time window Tf = 30 s was chosen, since the secpt
sometimes only lasts about 30 seconds to a minute (the subject has the right to
remove her or his hand prematurely if the pain is too high). The remaining tasks
· 60 s ≈
(d2, mst and tsst) all last for around 5 minutes, which results in around 5 30
s
10 samples for each task and subject.
The experiments are designed to produce data with balance between classes (since
the stress task and control are supposed to last the same amount of the time, with
the d2 task as an exception). To ensure class balance, the duplication described
in Section 3.1.3 was used.

4.1.4

Features

Based upon the hr and hand gsr signals, the following features were chosen:
From the ecg and hr signals:
1. mean of hr
2. successive differences of hr
3. root mean square of successive differences
4. standard deviation of successive differences
5. hrv power in lf (0.04 − 0.15 Hz)
6. hrv power in hf (0.15 − 0.50 Hz)
7. ratio between hrv power in lf and hf
The hrv power in vlf (0.01 − 0.04 Hz) feature was excluded due to shorter time
window Tf , which does not offer enough samples for vlf calculations. Neither
did this feature prove itself important in Chapter 3.
From the gsr signals measured at the hand:
1. mean
2. mean of derivative
3. mean of negative derivative
4. mean of absolute derivative
5. proportion of negative samples in the derivative vs all samples
6. number of local maxima
These features add up to a total of 13. As in Section 3.1.2, a 14th feature, “random values”, consisting of random values between 0 and 1, was also added for
comparison purposes.
After computation, each feature was normalized using (3.10). The window for
normalization was taken from the rest period preceding each control or stress
task.
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Comparison: Laboratory Equipment Versus E4 Wristband

A comparison was made to get an understanding of how well a wearable sensor
(such as the Empatica E4 wristband) performs compared to stationary laboratory
equipment regarding hr and gsr signal recording. To do this, synchronized signals from the E4 wristband and from the laboratory sensors were superimposed
and compared.
For the experiments with subject 02, the E4 wristband was available for 3 sessions: control tasks, secpt and the d2 task. To compare the laboratory equipment and the E4 wristband, a classifier was trained using the signals acquired
by the laboratory equipment, while validating on the signals acquired by the E4
wristband. Note that this is a difficult task for a classifier, due to the training and
the validation data originating from different sources.

4.1.6

Comparison: Control Task Versus Task

To discover changes in the physiological signals between stressful tasks and stressfree tasks, each task was compared to its corresponding stress task. The method
used is to consider the control task as one class and the stress task as another
class, and analyze how separable these two classes are, and in that case what
signal features that are most relevant for this separability.

4.1.7

Comparison: Different Stress Tasks

We ask ourselves “can these tasks all be considered to induce the same kind of
stress, do the same physiological changes appear?”
For comparing the different stress tasks between each other, a classifier was trained
using three of the four tasks, while the remaining one was used for validation.
The idea is that if the validation task indeed induces similar physiological reactions as the others, it should be possible to predict it quite well.

4.1.8

Continuous Stress Models

In order to also take into account the perceived stress levels given by the subjects
in the questionnaires, (which are not available in Chapter 3), continuous models
with the purpose of predicting the stress level were made. The vas values Y were
transformed to the interval [0, 1]. As earlier, the rest period preceding each task
was used for normalization, and this was also done for the stress levels. This
means that the relative stress values all appear on the interval [−1, 1]. All predictions outside this interval were transformed to −1 (for predictions ≤ −1) or 1 (for
predictions ≥ 1).
Four studies were made:
1. linear correlations between features and the stress level, (2.1)
2. linear regressive model, (Section 2.7.1)
3. support vector regression, (Section 2.7.2)
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4. variational multiple Bayesian linear regression, (Section 2.7.3)
The linear correlations were calculated using (2.1). This allows distinction between different tasks, which are not necessarily perceived as equally stressful by
the subjects. It also gives a hint about how correlated each feature is for changes
in stress level. For this calculation, all the four stress tasks were included, and the
linear correlation of their features were calculated against the stress level from
the corresponding questionnaire.
The variational multiple Bayesian linear regression model uses the software from
[4]. This implementation does not transform the data with a basis function, thus
Φ(X) = X. The prior parameters were set as a0 = 2, b0 = 0.2, c0 = 10 and d0 = 1,
the default settings of the software.
The support vector regressive model was calculated using LIBSVM:s ν-svr function, with an rbf kernel. The cost parameter c was set to 1 and the ν parameter
to 0.5.

4.2

Results

The results from the analysis made in Section 4.1 are presented here.

4.2.1

Comparison: Laboratory Equipment Versus E4 Wristband

The E4 wristband was used in as many data acquisitions as possible. Figures 4.4
and 4.5 compare the derived hr and the gsr signal recorded from the E4 wristband to the signals of the laboratory equipment. The E4 hr is basically a filtered
version of the laboratory equipment’s signal, with lower sampling rate. The gsr
is harder to compare, since it is measured at the wrist and the fingers, respectively.
The classification experiment with the purpose of determining whether a model
could be trained with the laboratory equipment sensors and validated using the
E4 wristband was done for both the secpt and the d2 tasks, Table 4.3. The d2 task
is not possible to predict better than pure guessing, however the svm succeeds to
distinguish the secpt from its control task quite well (91.7 % performance). This
is probably related to the fact that the secpt induces clearer and more similar
changes in the subjects than the d2 task. However, due to lack of data acquisitions
with all the sensors, including the E4 wristband, this is only done for a two single
data sets. This makes any stronger conclusions hard to draw on this particular
experiment. The 6.3 % result from the naive Bayes classifier is odd, it means that
inverting the model would result in 93.7 % accuracy! With the margin of errors
at around ± 20 % these result are hard to draw conclusions upon. A possible
explanation for these varying results can be found in Figures 4.4 and 4.5, which
show that the output signals of two sensor systems do not really correspond very
well to each other, and can not be used interchangeably in this way. Compared
to the literature, this method of model validation is very rare, however finding a
model that works well even for different sensors would be interesting.
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Figure 4.4: A comparison of the E4 wristband signals and the corresponding
signals recorded by the laboratory equipment. The data is from the d2 of
subject 02.

Figure 4.5: A comparison of the E4 wristband signals and the corresponding
signals recorded by the laboratory equipment. The data is from the secpt of
subject 02.
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stress task
d2
secpt

svm
44.1 ± 19.5
91.7 ± 16.3

nb
6.3 ± 9.5
45.0 ± 29.4

knn
53.7 ± 19.6
70.0 ± 27.1

Experiments

pnn
41.2 ± 19.3
70.0 ± 27.1

Table 4.3: Different classifiers trying to separate a stress task from its control
task. The laboratory equipment signals are used for training and the E4
wristband is used for validation. The performance is calculated as the mean
of specificity and sensitivity, with margin of error E95 , both in %.
task
d2
d2
mst
mst
tsst
tsst
secpt
secpt

user
single
multi
single
multi
single
multi
single
multi

# feat.
13
13
13
13
13
13
13
13

svm
90.9 ± 4.1
38.4 ± 7.0
82.8 ± 3.8
74.4 ± 4.4
91.4 ± 2.4
80.3 ± 3.4
79.7 ± 3.2
66.4 ± 3.7

nb
94.0 ± 3.4
61.7 ± 7.0
92.1 ± 2.7
59.3 ± 5.0
95.0 ± 1.8
63.6 ± 4.1
80.4 ± 3.1
60.8 ± 3.9

knn
86.5 ± 4.9
44.9 ± 7.1
82.4 ± 3.9
63.3 ± 4.9
86.5 ± 2.9
70.6 ± 3.9
76.0 ± 3.4
58.5 ± 3.9

pnn
88.0 ± 4.7
39.0 ± 7.0
79.3 ± 4.1
59.8 ± 5.0
86.8 ± 2.9
63.7 ± 4.1
71.0 ± 3.6
65.3 ± 3.8

Table 4.4: Classifier performance comparison between different stress task
versus their respective control task. The performance is calculated as the
mean of specificity and sensitivity, with margin of error E95 , both in %.

4.2.2

Comparison: Control Task Versus Task

Based upon the results in Section 3.2.2, an svm classifier with a radial basis
function was chosen, along with nb, knn and pnn classifiers, tuned as in Section 3.1.5. The classifiers were trained for each stress task, with the purpose of
distinguishing between the stress task and its corresponding control task for each
subject. The results are presented in Table 4.4. As in Section 3.2.2, the single-user
case is easier to predict than the multi-user case. The most distinguishable tasks
for both cases is the mst, the tsst and the secpt. The d2 is however harder to
distinguish, especially in the multi-user case. Identically to the results in Section 3.2.2, the svm proves to be the most accurate classifier over different tasks
and user cases, but not by great margins.

In Figures 4.6, 4.7, 4.8, and 4.9 the t-Test (2.2) has been performed between the
stress tasks (d2, mst, secpt, tsst) and their respective control tasks, all after
normalization using the rest period. The d2 task, Figure 4.6, shows very different
reactions for different subjects. The outliers for subject 04 (with T < −25) in the
hrv power features in lf and hf and the successive differences only appear for
the d2 test. For example, some experience a decreased mean hr while it increases
for other persons. The mst, Figure 4.7, shows more tendencies, with mean of hr
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Figure 4.6: The t-Test scores for each feature for the d2 control task class
versus the d2 task. Each subject is presented, and the mean of all subjects is
indicated by “*”.

and gsr increasing for almost all subjects, along with the number of local maxima. The secpt and the tsst, (Figures 4.8 and 4.9) show even more significant
changes, mainly in the same features but also in the successive differences of hr.

4.2.3

Comparison: Different Stress Tasks

In Table 4.5 the results of the classification experiment described in Section 4.1.7
are presented. Most classifiers have trouble predicting the d2 task using the other
tasks, while e.g. the mst and the secpt has greater prediction results, staying
above the random prediction result of 50 %, even when subtracting their lower
margin of error. This might indicate that the physiological reactions of the d2
test is not comparable to the ones of the other tests (i.e. it not being stressful
enough or not inducing stress of a comparable kind). Due to a low number of
samples from the data (around 10 for each class) and low classification results in
general, the margins of error are quite high (15 - 25 %). This is somewhat similar
to Table 4.3, which has problems of the same kind. This is also a difficult task for
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Figure 4.7: The t-Test scores for each feature for the mst control task class
versus the mst task. Each subject is presented, and the mean of all subjects
is indicated by “*”.
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Figure 4.8: The t-Test scores for each feature for the secpt control task class
versus the secpt task. Each subject is presented, and the mean of all subjects
is indicated by “*”.
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Figure 4.9: The t-Test scores for each feature for the tsst control task class
versus the tsst task. Each subject is presented, and the mean of all subjects
is indicated by “*”.
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validation task
d2
mst
secpt
tsst

svm
57.1 ± 14.3
63.7 ± 17.0
72.1 ± 15.4
65.5 ± 22.2

nb
65.6 ± 14.6
86.1 ± 9.1
76.5 ± 15.3
57.1 ± 26.9

knn
53.4 ± 17.1
62.3 ± 18.3
72.3 ± 16.8
57.1 ± 23.3

pnn
54.4 ± 15.1
54.8 ± 19.5
67.0 ± 17.0
51.2 ± 26.5

Table 4.5: The mean classifier performances over all subjects when using
one stress task as validation data and the remaining three as training data.
The performance is calculated as the mean of specificity and sensitivity, with
margin of error E95 , both in %.
task
d2
tsst
mst
secpt

linear rms error
0.1211
0.0696
0.1908
0.0951

svr rms error
0.0501
0.0329
0.1185
0.0214

vbml rms error
0.1273
0.0661
0.1773
0.0982

Table 4.6: The rms errors of different regressive models predicting the stress
levels given by the subjects in the questionnaires. The task and its control
task are used in each data, using cross validation.
classifiers, since it treats the signals from all experiments in the same way, while
the t-Test from Figures 4.6, 4.7, 4.8, and 4.9 shows different results, especially in
d2 task. This further suggests that the d2 task is inducing different or weaker
reactions in the subjects compared to the other stress tasks.

4.2.4

Continuous Stress Model

The linear correlations between features and the stress level can be studied in
Figure 4.10. This time, the number of local maxima in the gsr shows to be quite
correlated with the stress level. Also the mean of gsr and hr can be found, as
found previously in Section 3.2.1.
In Table 4.6 the results of a leave-out-one cross validation of the predicted continuous stress level is presented. In each validation, a stress task and its control
task are included for one user. The three models (linear, svr and vbml) then try
to predict the stress value related to each sample using the other samples to learn
the model. The svr model has a smaller rms error than the linear and the vbml
ones, which are similar in performance. The secpt, mst and d2 are the easiest
ones to predict, followed by the tsst, which has a greater error.

In Figure 4.11 the results from a cross validation within each user and task are
presented. The three continuous models are compared, where the svr is more
accurate and the linear and the vbml models follow each other closely.
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Figure 4.10: The linear correlations between all experiments and their corresponding stress level.
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Figure 4.11: The predicted stress levels for each subject, using cross validation within each task and subject. svr, linear regression and vbml are
compared.
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subject
01
02
03
04
05
06
07
08
09

linear rms error
0.381
0.278
0.201
0.323
0.544
0.244
0.159
0.354
0.229

svr rms error
0.374
0.350
0.250
0.315
0.434
0.279
0.120
0.372
0.291

Experiments

vbml rms error
0.382
0.318
0.202
0.324
0.544
0.247
0.162
0.357
0.225

Table 4.7: The rms errors of different regressive models predicting the stress
levels given by the subjects in the questionnaires. The indicated subject is
used for validation and the other subjects are used as training data.
The results of the calculated regressive model in multi-user multi-task mode is
presented in Table 4.7. Generally they have a similar error, except for when the
linear model and the vbml model have rms errors greater than 0.5, when trying
to predict subject 05:s stress levels. In this case the svr stays on more reasonable
error levels. Disregarding this problem, the linear model has the lowest rms error
in general.

Figure 4.12 presents the results from a cross validation, using eight subjects for
training models and the last one as validation. The three continuous models are
compared, however none of them output an accurate prediction. This prediction
is evidently too hard; more subjects could help increasing the performance.

4.3

Discussion

In this section the results of Section 4.2 and the methodology presented in Section 4.1 are discussed. The purpose is to highlight interesting findings compared
to Chapter 2.

4.3.1

Results

Also for the experimental data, quite high classification results are achieved, at
least for the single user mode, when using svm methods. The stress tasks all
share common elements, except for the d2 task which seems to invoke a certain
amount of stress, but not of a magnitude comparable to the other three more
conventional stress tasks. As expected from the literature, the tsst invokes the
highest stress reactions, and it is also what the subjects perceive as the most stressful moment of the experiments. Some machine learning experiments tested have
shown ambiguous results due them simply being too hard for the classifiers to
generalize well upon the limited amount of data. However a preliminary general
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Figure 4.12: The predicted stress levels for each subject, using the other
subjects as training data. svr, linear regression and vbml are compared.

indicator of what features and sensors that are useful have been found.
Table 4.3 shows several results where the classification rate is below random
guessing, i.e. 50 %. Probable reasons include that the models are learned on
one sensor system and validated upon the same signals from another one, and
that the sensor signals do not really resemble each other very well (Figures 4.4
and 4.5). Classification rates around 90 % and 5 % are both achieved, which
could be motivated by chance, since very limited amounts of data were used for
this particular experiment. This is the only case where a simple learning followed
by a validation is used, contrary to the other cases where cross validation is applied. This indicates that one single model cannot efficiently be used for different
sensor systems measuring the same signals.
Table 4.4 also shows results of classification rates is below 50 %, for the d2 task
in the multi-user mode. This is probably explained by the fact that the features
calculated from the d2 task all change differently depending on the subject (Figure 4.6). These classification rates have a value of approximately 40 %, and the
one only one above 50 % (the nb classifier) reaches just above 60 %. This indicates that the d2 test induces different reactions depending on the subject, which
is further suggested by the fact that in the single-user case classification rates at
around 90 % are reached.
In this work, only two sensors and two signals were compared, but many other
sensors could be tried in this way. If a wearable sensor manages to well classify
stress using models learned from the laboratory equipment, it would be a good in-
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dicator that a generalizable model has been found, and that the sensor performs
well. This was unfortunately not the results for the E4 wristband, but more experiments with more subjects could change this. To give a fairer challenge to the
sensor, using data from it to both learn and validate would be a good idea, but it
would require it to be present at more experiments.
For the continuous model results presented in Table 4.7, the linear one and the
vbml output rms errors very close to each other, which is reasonable due to the
similarity of the techniques, which are both linear (one also including probability
estimates). For 4 out of 9 subjects, the linear rms error is higher than the one of
the svm, which makes it hard to distinguish which model is better in the case of
multi-user multi-task validation. Important to note is that the errors are found
between 0.2 and 0.4, while they in the single user single task case (Table 4.6) take
values of 0.05 - 0.2.

4.3.2

Method

In this work three methods were chosen for the continuous stress level estimation. Ideas for other regression methods for continuous stress estimation include
logistic regression, tree regressions or non-linear methods (e.g. non-linear least
squares). Among the tested methods, svr had the best performance, but one
must remember that it is significantly more complex and computationally demanding than e.g. the linear regression, which was not far behind in rms error.
Additionally, the tuning parameter options of the svr could be be explored even
more for further comparison and improvement of the models.
For a better comparison with the MIT driver database, a respiration sensor could
be added to the experimental setup. Other ideas include emg placed elsewhere
than the face (e.g. shoulder, neck or foot for measuring the muscle tension). Like
in Section 3.1.4, a feature selection optimization and comparison could be performed for each task, including forward and backward feature selection algorithms. But since the “intuitive choice” based upon the t-Test among other indicators worked well in Chapter 3, the decision was taken to focus more on task
comparisons and continuous modelling of the experimental data.
Compared to the stress tasks used in Chapter 3, the laboratory tasks can be considered to be less influenced by other factors, since the subject is isolated and
undisturbed from other events during the data acquisition.
An advantage of performing four things associated to each task (rest before control task, control task, rest before stress task and stress task) makes the work of
classifying stress more reasonable than in the case of Chapter 3. The only difference between the tasks is the stress element, otherwise they are identical. This
permits distinction from signal influence caused by the activity in itself, and allows focus on what difference the stress element makes.
Of course, when analyzing nine subjects the differences between persons cannot
really be considered negligible. At least 25 - 50 subjects of different age, gender,
backgrounds etc. would be needed if one wants to be available to draw strong
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conclusions on the experiments. In this case, virtually all the subjects are young,
healthy students.
Linear regressive models available to predict any stress level are rare in previous
literature, which makes its performance hard to compare. The svr model however is not completely off, at least when trying to predict a person’s perceived
stress level based upon the data of other persons performing the same tasks. In
many cases, the subjects denote a higher stress level on the vas questionnaire during the rest period preceding the control task, than during the control task itself.
This might be due to the subject not knowing what comes next in the experiment,
which might influence the result. One can then discuss if it is not more reasonable to continuously estimate stress than to divide it into classes. This seems like
a scenario more closely related to the real world and what humans really experience.

4.3.3

Further Perspectives

Hopefully this study can serve to help future work choosing sensors, signals, features and modelling methods for stress detection. A possible application is e.g.
a real-time application using the data of the E4 wristband to inform the user of
her or his stress level via the mobile phone. This could be useful for both medical diagnosis and for informing other applications to adapt for the user’s stress
level to calm him or her down. Another idea is to help autistic children who have
troubles communicating their emotional state to people in their vicinity.
Of course, one must always keep in mind whether a person wants to have his
or her emotional state measured, which can be an intimate thing. In the case
of stress it is less sensitive, but applications with other states and emotions are
similar.

5

Conclusion

The purpose of this chapter is to get back to research questions stated in Chapter 1. It will also analyze the impact of this study and recommendations for
similar work.
The research questions asked in Chapter 1 were:
1. Which sensors are most relevant for detecting stress?
2. Which signal properties are most relevant for detecting stress?
3. Which signal properties and features are common for different types of
stress?
4. Which machine learning techniques are most relevant for modelling stress?
Regarding Question 1, the most interesting sensors related to stress has been
found to be the ones measuring heart rate (ecg or ppg), skin conductance measures (gsr electrodes) and also respiration to a certain extent. The emg data was
chosen not to be analyzed due to the signal also being correlated to basic muscle
movements. The skin temperature signal was excluded due to it being constant
across experiments, and the accelerometer signals because they can primarily be
used in combination with other sensors to further understand what the subject
has been doing. The E4 wristband sensor is impressive for its size and simpleness,
but gsr measurements from two points at the wrist cannot really compare to the
ones measured at the fingers in terms of signal resolution. Also the calculated
heart rate is a lot less exact compared to the one from an ecg at Fs = 1 kHz.
To answer Question 2, mainly simple features have proven to be important, such
as the mean of hr and gsr values, which both tend to increase with stress. Furthermore some features on the derivative of the gsr have appeared, such as the
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mean of the absolute derivative and the mean of the negative derivative. A feature of the respiration signal that is not traditionally used in the domain of stress
detection, “feature x”, has also appeared to be performing well.
The conclusions on Question 3 are that for all four laboratory experiments and
the driver stress, the mean of the hr, the successive differences of the hr, the
mean of the gsr and the number of local maxima in the gsr signal turn out to
be common for different stress types. Other features show results with greater
variation between subjects and stress types, and do not seem to generalize well.
Question 4 is basically answered by svm:s which in almost every case perform
better than other classification methods (such as nb, knn and pnn). This is not
extremely surprising, given the previous results presented in Section 2.6. Also in
the case of continuous stress modelling, the svr achieves a greater performance
than simple linear regression and vbml. For a real-time application capable of
combining both classification techniques and continuous estimation, svm and
svr could be an idea, due to their similarity. This would be heavier computationally, thus if a weak CPU is the only option nb could be better options due to
its smaller requirements on computation and due to their relatively high performance during found in this work. All of these are also differently sensitive to the
chosen feature space, which for some work well with only few features (e.g. the
svm) while for others this choice is more critical (e.g. the knn).
Since two different databases have been studied, the conclusions on the hr and
gsr measures should generalize well. The results from Chapter 3 alone are a bit
weaker since the study only compares one type of task and the classification is
actually made between “doing nothing” and “driving”, which is not identical to
“stress” and “not stress”.
Experience gained from this work is that machine learning requires a great amount
of preprocessing of the data, “know your data”. It is one of the most important
steps, and if one fails here the created models will be useless in terms of generalization. In the case of physiological data, this means scanning the signals for
unreasonable values and artifacts, and knowing the time constants of the changes
in the signals. This is important to correctly choose and calculate signal features.
Other examples is the knowledge of choosing a method to balance classes, knowing what kind of tuning the classifiers and probabilistic distribution they assume
on the data for example.

5.1

Future Work

Future work includes expanding the experimental database with more subjects
and possibly more sensors (e.g. a respiration signal), for drawing stronger conclusions. Given more time, a real-time application for detecting stress using the
Empatica E4 wristband could be developed, to be used in experiments for validating the algorithms and the models. This sensor could use e.g. a knn or an nb
classifier, which are relatively simple to implement, and for more simplicity the
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mean hr and the mean gsr and the number of local maxima in the gsr could be
used as feature space. According to the results found in this work, there is hope
for this setup working quite well, mainly if one adapts the model for each user,
although this would require a calibration period.

Appendix

A

Stress Generating Tasks and Tests

This appendix summarizes tasks and tests that can be and has been used for
generating stress.

A.1

Trier Social Stress Test

[27] presents the “Trier Social Stress Test” [51], [9], [39], [36], which has the purpose of inducing psycho-social stress in its participants using highly standardized methods. The test consists of three components, lasting about 5 minutes
each. Prior to the beginning of the test, an IV and a heart rate monitor are
mounted on the participant. The test starts by taking the participant to a room
where three judges, a video camera and an audio recorder are waiting. The first
part consists of 5 minutes of anticipatory stress, where the participant is asked
to prepare a presentation lasting 5 minutes, commonly explained to be a job interview. The participant has the possibility to use a paper and pen to prepare the
presentation, but these aids are removed when it is time to present. The judges
should stay neutral during the test, avoiding to comment the presentation. The
participant is asked to continue the presentation if it is finished before the 5 minutes have passed. Directly after the presentation, a 5 minute mental arithmetic
test is performed. The task of the participant is to count backwards from 1,022,
subtracting 13 in each step. They must start again from 1,022 if a mistake is
made in the calculations. After this, a recovery period is performed, followed by
a debriefing. The participant is informed that the only purpose of the test was
to create stress. Samples are collected for a while even after the stress tasks have
ended.
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A.2

A

Stress Generating Tasks and Tests

Socially Evaluated Cold Pressor Test

The secpt [26], [32], [41] combines the physiological stress from cold water with
the psychological stress from being filmed. The test should be performed between 2 p.m. and 5 p.m. to avoid influence from the circadian cortisol rhythm.
First of all, blood pressure, ecg and saliva are sampled during 5 minutes for
baseline data. The participants are then moved to another room, and asked to
submerge their right hand in cold water (0 ◦ C - 4 ◦ C), until the wrist. This will
continue for a maximum of three minutes, but the participant can remove the
hand earlier. They are however asked to maintain the hand as long as possible.
The participants are also informed that they will be filmed in order to evaluate
their facial expressions, and are asked to look into the camera. During the test,
ecg and blood pressure are are recorded during the immersion. Immediately after the submersion, the participant is asked to judge the discomfort, stress and
pain level, on a scale from 0 to 10. The experiment leader watches the participants during the whole test, and asks them to remove their hand if the full 3
minutes are reached. After the test, saliva and blood pressure are sampled again
during 5 minutes, in a new room. The cortisol in the saliva is measured at 10,
20, 30, 45 and 60 minutes after the end of the test. Between the samples, the
participant is allowed to read. Finally, the participant is debriefed. Only men
participate in this test due to bias from menstrual cycles in cortisol level. Partickg
ipants should be in good health, non-smoking and with normal BMI (19 m2 - 27
kg
).
m2

3 hours before the test there should be no intesive physical activity and no
alcohol, caffeine or food consumption.

A.3

d2 Test

[53] uses the d2 Test of attention, which contains 658 items (14 lines of 47 characters). The letters “d” and “p” are present, along with dashes. Between one and
four dashes, individually or in pairs are placed above or below each character.
The task of the subject is to find all “d:s” with two dashes, thus the name d2. If
the subject has spent more than 20 seconds scanning the same line, the words
“stop, next line” are pronounced to proceed the test. The subject is asked to scan
at the highest rate possible without making any mistakes. The consistency and
reliability of this attention test have been reported as good [53, p. 200].

A.4

Mental Arithmetic Stress Test

[59] uses a mental arithmetic stress task [18], [37], where it is explained to the
participant that a quick mental test is performed in order to compare the result
with other participants. The subject is also explained that other participants experienced the test as an easy task. The test consists of counting backwards from
2,193 in steps of seven, as rapidly and correctly as possible. This resembles the
mental arithmetic tests in the Trier Social Stress Test, A.1. The participant is told

A.5

Other Methods

95

to start directly after the instructions are given unless there are questions. If a
mistake is made, the researcher says “That was incorrect, please start again.” If
the participant hesitates or pauses, the researcher says “Please continue”. This
continues for five minutes, then the participant is asked to relax.

A.5

Other Methods

[10] presents the Montreal Imaging Stress Task, where a computer program displays arithmetic tasks to be solved by the participants under stress.
The Stroop color word [48] task uses the Stroop effect to generate stress. The
Stroop effect is the finding that the reaction time when naming a colour is higher
when the word is written in a colour not corresponding to the word.
[58] presents an academic task for induction of stress. It consists of verbal analogy trials. The participants had to choose the correct word to complete an analogy
by pressing a key at the right time.
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