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Abstract

This thesis work explored the possibilities of measuring mental stress using
a portable ECG recorder, aimed for the consumer market. Technical limitations
of the device were investigated and algorithms to estimate different stress related
ECG parameters were developed. A novel technique for estimation of the QT-
interval of the ECG was developed and also a base level noise estimation tech-
nique that made use of a 1D-registration algorithm. These new estimates were
then compared side by side with some existing heart rate variability (HRV) mea-
sures to decide the best approach towards a complete mental stress detection and
quantification algorithm. The different measures were evaluated in two studies,
one on subjects writing an exam in an advanced math course and the other on
subjects during their daily life. The noise estimation technique showed good per-
formance but the noise itself was not a good candidate for mental stress detection.
The standardized low frequency component measure of the heart rate variability
(HRV-LF) together with heart rate showed the best performance in separating
mental stress from physical exercise. The high frequency component of the heart
rate variability (HRV-HF) also performed well but was highly correlated with
HRV-LF and therefore not as useful. By training a classifier using these parame-
ters, a mental stress detection algorithm could be built today. The algorithm must
however be tuned in smart ways towards the end user, since mental stress is very
diverse and varies from person to person. And finally, by taking what the know
from theory and the results from the two studies, a new way to quantify stress was
proposed.
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List of abbreviations and acronyms
All abbreviations and acronyms are explained in the text but are also listed here in
alphabetical order.

ACF Auto correlation function
ACh Acetylcholine
ACTH Adrenocorticotropin hormone
AHS Adrenomedullary hormonal system
ANS Autonomous nervous system
AV Atrioventricular
BMI Body mass index
BPM Beats per minute
CRH Corticotropin-releasing hormone
ECG Electrocardiography, Electrocardiograph, Electrocardiogram;
EPI Epinephrine (Adrenaline)
FFT Fast fourier transform
GAS General adaptive syndrome
HF High frequency component of HRV
HPA Hypothalamo-pituitary-adrenocortical axis
HR Heart rate
HRV Heart rate variability
LF Low frequency component of HRV
MS Mental stress
NE Norepinephrine (Noradrenaline)
PE Physical exercise
PNS Parasympathetic nervous system
PSD Power spectral density
REC Recovery
RMSSD Root mean square of successive differences
SA Sinoatrial
SNS Sympathetic nervous system
SVM Support vector machine
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1 Introduction
Minovi AB is a company which offers an ECG-based ambulatory device to measure
the amount of exercise in people’s daily lives and gives feedback and incentives to
improve the user’s health. To expand their business, the company is looking for other
parameters that could be used to improve the user’s health as well. One highly relevant
parameter in that context is mental stress. Since the ECG-signal is already recorded in
their existing device, an ECG-based stress analysis would be relatively straight-forward
to implement. Being able to detect the stress level could be the foundation of a similar
feedback system as the existing one, where the users get feedback about their stress
level. This feedback could then assist the user to make simple changes to improve life
quality.

Stress in our daily lives has become a major problem in the modern society. Pro-
longed stress is known to be associated with psychological conditions like depression
and anxiety. Furthermore, stress has been shown to act as a trigger to cardiovascular
complications, promote atherosclerosis and increase blood pressure.

One environment where stress is especially recognized is in the work place. Ac-
cording to the 9th European Risk Observatory Report the average level of reported
stress in Europe (in 2005) was 22% and in Sweden it was a lot higher, 38% [1]. Sweden
takes the lead when it comes to work intensity, 85% of the workers reported working
at very high speed.

Today stress is assessed using questionnaires like the Maslach Burnout inventory
[2], the Siegrist Effort-Reward imbalance questionnaire [3] or the Hassles and Uplifts
questionnaire [4]. The advantage of such questionnaires is that they give a clue for the
underlying reason of the stress. They are however based on subjective opinions and
are impractical to use if we want to evaluate the stress level often and continuously.

1.1 Purpose and goal
The problem addressed in the current work is actually two-fold. The first problem is
to be able to detect stress and to quantify it. The other is that, as Minovi®’s current
physical exercise measurements are heart rate based, a mental stress related increase in
heart rate may cause some stress events to be confused with exercise. This would mean
that stress would be promoted instead of demoted. Minovi®’s system gives points to
the user whenever doing any physical exercise with the goal to collect 100 points every
day. The points is presented to the user using a simple web interface. Their algorithm
is probably one of the best in the market to quantify physical exercise, by detecting
stress which introduces false points in their system, the algorithm could be made even
better.

The goal of this thesis work is to take the initial step towards a robust algorithm
that can detect and quantify stress events with a relatively high time resolution, and at
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the same time, enable discrimination between a stress induced and an exercise induced
heart rate increase.

1.2 Limitations
The work will focus on stress with well known negative physiological effects, there-
fore potential mental illness such as anxiety or depression caused by stress will not be
considered.

Since there might be differences in how the stress system of the body works for
different age groups and the sexes, only young males aged between 20-40 years will be
studied. This group has not been chosen for any particular reason other than the ease
of getting participants in the different studies.

The equipment used is a single lead ECG recorder with floating reference that is
limited to a sampling rate of 128Hz. It has an analog band-pass filter around 20 Hz of
low order. This might limit the sensitivity of the algorithm in quantifying stress and
will be further discussed in the theory section.

To verify the algorithm, there is no access to reference measurements of plasma
or salivatory Cortisol1 levels. Instead it will be assumed that a heart rate increase in
situations where physical exercise or arousal can be excluded is caused bymental stress.

In this thesis we will only study short time spans, so no long-term effects of stress
will be considered.

1.3 Advantages
Most algorithms developed for ECG are designed for traditional clinical use. A lot of
effort has been put into finding measurements that are able to diagnose patients from
a single recording done at the clinic. If the measurement deviates from what is normal
in the population for the specific gender and age group, the patient is given a diagnose.
In some cases portable devices (Holter recorders) are used clinically but then usually
during a limited time span.

With a comfortable portable ECG-recorder that is designed to be worn at all time
over long periods of time, a lot of data can be gathered and personal baseline data can
be estimated accurately. A new algorithm could instead focus on deviations from what
is normal for you, instead of what is normal for your sex and your age group. In this
way, it might be possible to create a system that can accurately detect stress better than
anything available today.

1Cortisol is a hormone that is considered the main indicator of the mental stress response, and will
be further discussed later in this report.
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2 Theory

In this part of the report, a physiological theory of stress will be developed from the
literature, with focus on how stress can be measured using ECG. At the same time, the
necessary signal processing will be presented together with the limitations that the use
of a consumer class ECG poses.

2.1 Stress definitions

Stress is a very wide terminology that is used in the literature in a non strict way, it is
therefore important to define what is meant by stress in this report. Stress is generally
considered being the fight-or-flight response that occurs in the body as a response to
an external threat, a stressor, to the internal balanced state of the body: homeostasis.
But to be able to measure stress, we need to know more about the stress reaction and
then formulate something that can be measured.

General Adaptive Syndrome (GAS) Hans Selye, who pioneered the stress field,
defined stress as “the nonspecific response of the body to any demand upon it”. By
nonspecific he means that the stress response is the same regardless of the nature of
the demand or stressor, for instance that the response of the body is the same whether
it is stressed by doing physical exercise or speaking in front a big crowd. He further
developed the General Adaptive Syndrome model of stress. This model divides the
stress into eustress and distress, where eustress is stress that strengthens the body, like
physical or mental training, and distress is stress which can not be resolved through the
body’s ability to cope with stress, mentally or physiologically. The stress response is
then divided into three phases: Alarm, Resistance and Exhaustion; Alarm is the first
stage, when the body first identifies a threat and is put in a state of alarm. Resistance is
when the stressor is prolonged and the body tries to adapt itself to the external demand
by coping. Exhaustion is when the body’s resources become depleted and normal
function can no longer be upheld. According to the model, it is when the Exhaustion
period is prolonged that the negative effects of stress occur [5].

The GASmodel is still in use today and is the model described in standard anatomy
and physiology literature such as [6]. Even though the model is reasonably good at
explaining some parts of the stress response, it lacks support from research established
during the last 20 years.

The nonspecificity part of the model has been widely criticized, in 1998 it was
shown that it could be proven mathematically that the definition could not be dis-
proved and was therefore of less scientific value. Even if some simple assumptions
were added, the nonspecificity did not hold. It was proposed instead that there is a
“primitive specificity of stress responses” and “that each stressor has a neurochemical
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signature”. That would mean that different systems take part in the stress reaction and
are activated with different intensity depending on the type of stressor [7].

New models have been proposed which better agree with experiments and which
are more accepted by the research community. The most accepted model is probably
the concept of homeostats, allostasis and allostatic load which is well explained by
Daniel S. Goldstein in [8].

Homeostats A homeostat is a simple control system that uses negative feedback reg-
ulation to monitor and control variables such as core temperature, blood pressure or
glucose levels. In the blood pressure case the sensors would be pressure receptors in
the blood vessels and the effectors would be the smooth muscle cells that cover the
outside of the blood vessels that can constrict or dilate the blood vessels. Homeostats
can in some cases control multiple effectors and one effector could be controlled by
many homeostats.

Allostasis Allostasis is the adaptation of the body to external steady states. The
homeostats have predefined values that they will try to maintain but these values are
different for instance when lying down and when standing up.

Allostatic load High allostatic load is when a single or a few effectors are under
prolonged activation, for instance when the blood vessels always are constricted, which
causes high blood pressure evenwhen the general external load is small. High allostatic
load on an effector then tears the effector, so when the external load increases it is this
teared effector that breaks. The high allostatic load can be caused by continuous build
up of stress and/or repetitive stress responses. For instance, if the blood vessels are
weakened by high blood pressure, which causes a build up of plaque (atherosclerosis),
it isn’t until the body is under high external load, like heavy exercise or a burst of anger,
that the system breaks.

This model can explain many physiological phenomena that stress causes but dis-
regards some of the psychological effects of stress. Psychological stress can cause the
high allostatic load which can be measured, but psychological stress can also cause for
instance depression or anxiety, which are not physiological effects and therefore not
measurable.

Because it is very hard to measure the psychological state of the mind using an
ECG, we will try to use a model of stress which has good accordance with the phys-
iological negative effects of stress, and for that, the concept of high allostatic load is
good. But how does high allostatic load build up? As mentioned before, high allostatic
load can be caused by both repetitive short episodes of stress and a continuous build
up of stress, so let’s try to be more specific.
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Acute stress is caused by an acute stressor of short duration. The duration of the
stressor could be a couple of seconds up to a couple of hours. The acute stress or the
acute stress response caused by the acute stressor is one fold and of a duration in the
same order of magnitude, but usually a little longer than the acute stressor. Examples
of such acute stressors could be: being late for a meeting, public speaking or just as
simple as hearing the SMS-notification of your phone.

Chronic stress is caused by a general stressor load such as working toward a dead-
line or it could be caused by reoccurring acute stressors. The reoccurring acute stres-
sors could for instance be caused by mental reminders of a traumatic event such as
the loss of a spouse, or they could be caused by artificially reoccurring stressors such
as email or SMS-notifications. There are definitely some cases when stress could be
somewhere in between acute and chronic, then the term subacute is sometimes used.

An indication of how often the acute stressors must occur to become chronic is
given by [9], which is a meta-analysis of the Cortisol response to different stressors.
They conclude that the Cortisol level is independent of the length of the acute stressor
and that the peak Cortisol level is reached after 31-40 minutes. After 51-60 minutes
the level is around 1/3 of the peak level. Thus, hourly or more frequent acute stressors
should lead to chronic effects.

These definitions of acute and chronic stress coincide with some of the modern
literature but caution must be taken when studying the literature, especially when the
literature is from different fields of study such as physiology, psychology or biomedical
engineering.

2.2 Stress physiology

So far, stress has been discussed by only touching the surface of what is really going
on inside the body. How does the stress response of the body actually look like?

The stress response is controlled by the Hypothalamus, a part of the brain. The
Hypothalamus controls three separate systems with different function, the autonomous
nervous system (ANS), the adrenomedullary hormonal system (AHS) and the hypothalamo-
pituitary-adrenocortical axis (HPA). These three systems are in some sense coactivated
during a stress response but with different intensities depending on the type of stressor.
While only the ANS is directly connected to the heart, also the AHS affects the heart
and the ECG via its hormones. The HPA does not have any direct known effect on the
heart but play an important role during prolonged stress. In figure 1 it is illustrated how
the three systems are connected to the heart and the blood supply, and what hormones
are used by the different systems.
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Figure 1 – The three different stress systems and how they control the heart. The con-
traction of the heart, caused by activation of the different systems can then be seen by the
electrical activity of the heart in the ECG. There are more hormones that are activated
during stress which have been left out here.
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2.2.1 The autonomous nervous system, (ANS)

The autonomous nervous system controls parts of the body under automatic control,
parts that cannot be voluntarily controlled. The ANS operates in a process which is
similar to an ordinary industrial control system. It has sensory neurons connected to
receptors that sense the current state, it has integrating centers acting as the controller
and motor neurons connected to effector organs. The control system is however not
linear or even easily linearizable and common modeling tools therefore unusable.

The autonomous nervous system is divided into two different parts, the sympathetic
nervous system (SNS) and the parasympathetic nervous system (PNS). The SNS and
the PNS are usually both connected to the same effector but have opposite function. For
instance, activation of the SNS increases heart rate but activation of the PNS decreases
heart rate [6].

The hypothalamus usually balances the activation of the SNS and the PNS in a
way that it turns off the PNS when it turns on the SNS [6]. This is however not always
the case, for instance, during post-exercise recovery, the decrease in heart rate has
been shown to only be mediated by an increase in PNS activity while the level of SNS
activity is maintained, thus making the activation of the SNS and the PNS unbalanced
[10].

The PNS ability to control an effector is usually faster than the SNS, as an example
a burst in the PNS connected to the heart gives a maximum decrease of heart rate in
0.5s which returns to baseline after 1s, while a burst in the SNS connected to the heart
has a pure delay of 1s, a maximum increase of heart rate in 4s and return to baseline
after 20s [11].

Sympathetic activation increases blood pressure by constricting blood vessels and
by activating release of Vasopressin. Vasopressin also helps increase blood pressure
by constricting arterioles and by causing the kidneys to return more water to the blood.
A summary of the effect on different effectors of sympathetic and parasympathetic
activation is found in table 1.

2.2.2 The Adrenomedullary hormonal system (AHS)

The Adrenomedullary hormonal system is directly connected to the SNS and could be
viewed as an effector to the SNS. It is therefore commonly, but not always, coactivated
with other effectors connected to the SNS. When activated, the adrenal medulla (part
of the adrenal gland) secretes epinephrine (EPI) and norepinephrine (NE), sometimes
also called adrenaline and noradrenaline, respectively. The release of the hormones is
unequal around 80% EPI and 20% NE [6].

In patients that have gone through adrenalectomy (removal of the adrenal gland),
the levels of EPI in the blood plasma decreases dramatically while the levels of NE
stay unchanged [12].

13



Table 1 – The effect of sympathetic and parasympathetic activation on different effec-
tors, related to the cardiovascular system [6].

Effector Effect on sympathetic activation Effect of
parasympathetic

activation

Adrenal medulla Secretion of EPI and NE (nicotinic
ACh receptors)

No known effect

Posterior pituitary Secretion of ADH (Vasopressin)
(β1)

No known effect

Kidney Secretion of renin (β1) No known effect
Heart Increased heart rate and force of

atrial and ventricular contractions.
(β1)

Decreased heart rate;
decreased force of atrial

contraction.
Lungs, bronchial muscle airway dilation (β2) airway constriction

Coronary arterioles vasodilation(β2)
vasoconstriction(α1,α2)

vasoconstriction (muscarinic ACh
receptors)

vasoconstriction

Systemic veins constriction (α1)
dilation (β2)

No known effect

Skeletal muscle
arterioles

Vasoconstriction(α1)
Vasodilation (β2, muscarinic ACh

receptors)
Most other arterioles Vasoconstriction on α1
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Release of EPI andNEoccurswithin seconds after activation of the adrenalmedulla.
Both hormones have a half life in blood plasma around 3 minutes.

The effect of EPI and NE in the blood is mainly to fortify the activation of the SNS.
Release of EPI and NE increases the heart rate, force of contraction of the heart and
increases blood pressure.

2.2.3 The Hypothalamo-pituitary-adrenocortical axis (HPA)

The Hypothalamo-pituitary-adrenocortical axis main role is to regulate metabolism
and resistance to stress. It is a multihormonal system, the hypothalamus releases
Cortico-releasing hormone (CRH) which in turn activates Adrenocorticotropic hor-
mone (ACTH) secretion in the anterior pituitary which then activates the secretion of
Cortisol in the adrenal cortex. Cortisol (or Hydrocortisone) promotes processes that
are needed during prolonged stress. It stimulates release of glucose and breakdown of
fatty acids and proteins, that all can be used for ATP production (the cells’ energy).
It also makes blood vessels more sensitive to hormones that cause high blood pres-
sure. Cortisol (and similar hormones) further retards tissue repair and in high doses
depresses immune responses. Cortisol does not have any known direct effects on the
heart and can therefore not be measured with an ECG.

The release of Cortisol is preferable during physical exercise and threats from wild
animals on the savanna but not appropriate when working in front of a computer sit-
ting still in an office chair. Cortisol is tightly connected to the negative effects that
prolonged stress in a modern world causes, and it is therefore a key to understand its
dynamics if we want to connect acute stress that can be measured to chronic stress that
causes the negative effects.

The HPA axis is a negative feedback control system, where release of Cortisol
inhibits further release of CRH and ACTH. Stress activated release of Cortisol can
therefore not be approximately superposed, since Cortisol inhibits further release of
itself. As mentioned before, the peak level of Cortisol is reached after 31-40 minutes
after the initial CRH release.

The HPA-axis naturally oscillates. The release of CRH undergoes a 24h-periodic
rhythmwith a peak release before waking up in themorning andwith a dip before going
to sleep. It also undergoes an oscillation of much shorter time period, around 20-30
minutes, which is caused by an intrinsic property of the negative feedback system.
Recent attempts to build detailed mathematical models of the HPA-axis that takes the
different rhythms and negative feedback into consideration, could give an increased
understanding of treatment strategies, once the stress can be detected reliably, because
it could answer questions like, how often acute stressors must occur to give a chronic
stress effect [13, 14].
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2.2.4 Neurochemical signatures

As pointed out earlier, Selye’s nonspecificity theory was disproved and replaced by the
hypothesis that each stressor has a similar but slightly different response, a neurochem-
ical signature. By that, it is meant that the three different stress systems get activated
when a stressor occurs but with different intensities.

In ameta-analysis [15], the result from a large number of studies of acute laboratory
stressors was assembled to see how the different systems were activated by different
stressors. The stress response to cold exposure, for instance, gave a high SNS activation
but low AHS and HPA activation, while laboratory mental challenge had medium high
AHS and HPA activation but just some activity in the SNS. Some situations which are
frequently occurring in common life are reproduced in table 2.

Table 2 – Partially reproduced table from [15] over intensity levels of the response of
the different stress systems to different conditions/stressors. Intensity levels ranges from
0 to ++++.

Stressor HPA AHS SNS
Cold Exposure, No Hypothermia 0 + +++
Exercise + ++ +++
Exercise to Exhaustion ++ +++ ++++
Laboratory Mental Challenge ++ ++ +
Pain ++ +++ ++
Public Performance ++ +++ +

From the table we can see that stressors that is usually associated with negative
stress have in general higher activation of the HPA and AHS systems, while stressors
which are even recommended by doctors, like Exercise and Exercise to exhaustion,
have a higher activation of the sympathetic nervous system (SNS).

It is activation of the HPA system that is correlated with the negative effects of
stress but it is not directly connected to the heart and therefore hard or impossible to
measure using an ECG. To measure stress using an ECG, it might instead be possible
to measure the AHS system. The activation of the AHS system is correlated with the
activation of the HPA system and at the same connected to the heart. Unfortunately,
there is no known parameter that estimates the activation of the AHS system perfectly.
But since the AHS system is correlated with the HPA system which is correlated with
stress, it is by trying to find as many uncorrelated ECG parameters affected by the AHS
system as possible, which is probably the best strategy to detect stress using only the
ECG signal, even if do not know the exact properties of the underlying systems.
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2.3 The heart and the electrocardiograph (ECG)

The heart is a muscle that pumps around the blood in the body. Alike all the muscles in
the body it contracts when receiving a nerve pulse, however it does not need external
nerve pulses to be able to contract. Instead, the pulses are generated by the Sinoatrial
node (SA-node) and the Atrioventricular node (AV-node).

The SA-node initiates the contraction of the atria and when the pulse wave reaches
the AV-node, the AV-node launches another pulse that initiates the contraction of the
ventricles. If decoupled from external influences, the SA-node spontaneously sends
out pulses at around 100 times per minute. This is also true for the AV-node but at
around half the rate. Under normal conditions (sinus rhythm) the AV-node is domi-
nated by the SA-node and the heart therefore follows the rhythm of the SA-node.

The rhythm of both nodes can be controlled externally by neurotransmitters from
the ANS and hormones from the AHS. Norepinephrine (NE) and Epinephrine (EPI)
increase the rhythm and Acetylcholine (ACh) decreases the rhythm. Thus at rest, with
a heart rate at around 60-70 beats per minute (BPM), the SA-node is mostly controlled
by the ACh released by the PNS.

The nerve pulses sent out from both nodes cause a propagating wave phenomenon
throughout the muscle tissue, because the heart cells are connected with a gap junction
of low resistance. The wave front of the propagating wave consists of activated cells
on one side and deactivated cells on the other. The two sides of the wave front have
different charge, acting approximately like an electric dipole, which causes an electric
field.

It is by measuring the potential between different points on the skin, caused by the
electrical field from the propagating wave front, that give rise to the electrocardiogram
(ECG).

It is not only the initial contraction of the muscle tissue that causes a propagating
wave but also the relaxation at the end of the heart cycle. This is seen in a normal
ECG, where the P-wave and the QRS-complex are caused by contraction of the Atria
and Ventricles respectively, while the T-wave is caused by relaxation of the Ventricles.
For explanation of these terms, see Figure 2. The relaxation of the Atria cannot be seen
in a normal ECG because it is covered by the stronger signal from the Ventricular con-
traction. The activation process is depicted in figure 2 together with its corresponding
ECG.

2.4 Stress and the ECG

As described earlier, we know that the AHS system tends to be more activated during
mental stress than during physical exercise. To be able to separate this from activation
of the SNS and the PNS, we will look at:
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Figure 2 – The nerve pulse that makes the heart contract starts in the SA-node and
spreads at first to both Atria. In the ECG, the P-wave represents the start of propagation
in the Atria. The nerve pulse then propagates to the AV-node and from there spreads to
both ventricles. The QRS-complex represents the start of propagation to the ventricles
who contract. The T-wave is when the contraction of the ventricles is released. There
is no way seeing when the contraction of the Atria is released, because it is masked by
the QRS-complex.
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1. The force of contraction of the heart, measured using the morphology of the
ECG.

2. The difference in dynamics of the systems, looking at the heart rate variations.

2.4.1 The QT-interval and contractility.

We know from earlier that the QRS-complex is associated with the contraction of the
ventricles and the T-wave is associated with the relaxation of the ventricles. The time
in between these two events (the QT-interval) should then be associated with how long
the contraction is held.

The heart muscle cells differ from the muscle cells in the rest of the body by the fact
that they can hold a contraction for much longer. A typical muscle cell can stay con-
tracted during a couple of milliseconds (ms) while a heart muscle cell stay contracted
around 300 ms.

The force of contraction of the heart can also be modulated. Substances that in-
crease contractility usually promote the inflow of Ca2+ during a cardiac contraction
which strengthens the contraction. Substances that usually strengthen contraction are
EPI and NE but increasedCa2+ levels in the interstitial fluid also increases the strength
[6].

A stronger contraction should mean a faster contraction because of a faster outflow
of Ca2+ and therefore also a shorter QT-interval. This is against the common belief
that the QT-interval is heart rate dependent. While the correlation between the QT-
interval and the heart rate in most cases is well established, the causality is not.

It has been shown that the contraction of single muscle cell from cat ventricles
shortens when under increased levels of NE [16], that the QT-interval in Mongrel dogs
stays unchanged when pacing the atria separately and that the QT-interval shortens
when stimulating SNS neurons only connected to the ventricles [17].

A better explanation is therefore that both the QT-interval and the heart rate de-
pend on increased levels of EPI and NE from the SNS and the AHS, and are therefore
correlated, but that the QT-interval is not dependent on the heart rate.

At the same time it is known that only a few neurons from the PNS is connected to
the ventricles. PNS therefore has little effect on the contractility of the ventricles [6].

The QT-interval should then be a measure of the amount of EPI and NE released
by SNS and the AHS and independent of the ACh released by the PNS.

2.4.2 Heart rate variability

Like almost every system in the body the heart rate fluctuates. As seen in figure 3 the
heart rate can fluctuate around 20-30 BPM in normal conditions around a certain heart
rate.
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Figure 3 – Heart rate variations during 5 minutes in a healthy subject.

The fluctuations are mainly caused by the activation pulses from the PNS and the
SNS. As mentioned before, a single pulse of the PNS causes a peak decrease of the
heart rate around 0.5s after the pulse, which has returned to the baseline heart rate after
1s. Similarly a single pulse of the SNS causes an increase of the heart rate around 4s
after the pulse, which has returned to baseline after 20s. To get a rough estimate we can
assume that the increase and the decrease curves are sinusoidal and that the variations
of the heart rate are linear combination of single pulses. We then get an upper bound
of the frequency that the PNS and SNS can vary the heart rate:

fmax,PNS ≈ 1

4 · 0.5s
= 0.5Hz

fmax,SNS ≈ 1

4 · 4s
= 0.0625Hz

The real upper bounds are probably higher because the curves are not really sinu-
soidal. Also note from earlier that the plasma half-life (in the circulating blood) of EPI
and NE released by the AHS is as long as 3 minutes. By studying the fast fluctuations
we should get one or many measurements associated with the activation of the PNS
and the SNS which are almost independent of the AHS.

Supporting this claim is the fact that in heart transplant patients, before the neurons
of the PNS and the SNS have reconnected themselves to the heart, the patients show
almost no variations, except small mechanically mediated variations from breathing
and slow variations, under 0.03Hz, probably from the AHS system [11].

There are many ways to quantify the heart rate variability, but to be able to compare
the results from other studies, standardized measures from [18] will be used. The
standardized measures that will be used consist of frequency domain measures: HF,
LF, LF/HF; and a time domain measure: RMSSD.

HF The HF measure is defined as the signal power of the frequency band:
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f ∈ [0.15Hz, 0.4Hz] (1)

From the upper bounds of the PNS and the SNS we can assume that the power of
this frequency band is associated with PNS activation, independent of the SNS.

Experiments using PNS and SNS blocking drugs confirm this. When inducing
a PNS blockade, almost all variations above 0.15Hz disappears and when inducing a
SNS blockade, the variations above 0.15Hz stay almost unchanged. The variations
of PNS activation at rest, are mainly caused by blood pressure variations induced by
respiration, why the heart rate variability in the HF band is highly correlated with
respiration [11].

While the respiration is the main driver behind the variations, it is hard to make
any connection between the respiration rate and the signal power of the HF band. The
HF value rather reflects something in the intermediate organs involved in this signal
system, while the respiration rate acts like the carrier frequency in an amplitude mod-
ulated signal system.

When it comes to using HF as a predictor for stress, a lower HF value during a
whole work day has been able to predict the more need for control-item in the Siegrist
Effort-Reward imbalance questionnaire [19].

LF The LF measure is defined as the signal power of the frequency band:

f ∈ [0.04Hz, 0.15Hz] (2)

The LF component is by some thought to be an index of SNS activation when
normalized by LF + HF. Sympathetic activation induced by exercise does however
not increase LF. The LF component is mainly correlated with the baroreflex resonance
frequency of around 0.1Hz. The LF measure has not been shown to correlate with
circulating catecholamines (EPI and NE among others) and when blocking the PNS
with atropine, the LF measure decreases [11].

LF has been shown to increase during a laboratory speech task but does not corre-
late with chronic stress assessed with an uplift and hassles questionnaire [20]. LF has
also been shown to be lower during examination periods than during a holiday period
[21]. In general it is hard to conclude anything about LF by itself and since the physi-
ological interpretation is weak it is hard to combine it with other measurements. It has
therefore seldom been used to quantify stress.

RMSSD The root mean square of successive differences is calculated as:

RMSSD =

√√√√ 1

N − 1

N−1∑
n=1

(RRn − RRn+1)2 (3)
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RMSSD estimates the fast variations of the heart rate and correlates to a high de-
gree with the HF measure. It has been shown to correlate negatively with high blood
pressure and effort-reward imbalance in work stress [22].

2.5 Limits when using a consumer class ECG-device
Before describing how the measurements will be made, we need to investigate how
the usage of a low-end device will affect the QT and HRV measures. There are three
main limitations in this portable system. The portable system has a lower sampling
rate than usual, it has an analog band-pass filter, designed to remove noise to make
the QRS-detection more robust, and it is using a chest strap with fabric electrodes that
may easily change position in between measurements, instead of sticky electrodes with
conductive gel used clinically.

Low sampling rate A common problem with a low sampling rate is aliasing when
the frequency content of the signal to be recorded exceeds half the sampling rate. This
is however not a big issue in this case, 64Hz as the upper bound for the frequency
content of the ECG-signal is enough to cover almost all signal power, the remaining
power can easily be filtered out. The problem is instead that the HRV signal is not
sampled by the recorder but by the heart beats, and that the sampling rate of the recorder
limits how exact we can locate a heart beat in time.

The highly cited Task Force paper [18] recommends a sampling rate of 250-500Hz
for this reason but also states that a lower sampling, at least over 100Hz could be used
if proper interpolation is in place.

To get an estimate of the noise power introduced by the low sampling rate of 128Hz,
we are going to use a noise model derived in [23], which is also referred to for a more
detailed derivation. The measured HRV-signal is given by:

xm(n) = xt(n) + e(n)− e(n− 1) = xt(n) + d(n) (4)

where xm is the measured HRV-signal, xt is the “true” HRV-signal, e is the error in
each sample point and d is the total error which is the sum of errors of the sample points
since the HRV-signal is the difference in length between two sample points. Note that n
is the cardiac beat number and not the time. If we assume that the error e is uniformly
distributed on [−∆t/2,∆t/2] where ∆t = 1/fs, fs is the sampling frequency as fs =
128Hz, that e is uncorrelatedwith the true signal xt and that xt is wide sense stationary.
Then the Auto Correlation Function (ACF) of e can be approximated by:

ree(k) =
∆t2

12
δ(k) (5)

By using eq. 4 we get the ACF of the total error as:
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rdd(k) =
∆t2

6
δ(k)− ∆t2

12
[δ(k − 1) + δ(k + 1)] (6)

To get the Power Spectral Density (PSD) of the total error, we only need to use the
Fourier Transform on the ACF and simplify, this yields:

Rdd(φ) =
∆t2

6
[1− cos (2πφ)] , |φ| < 0.5 (7)

φ is not given in Hz since n was the cardiac beat number, it is instead in the odd
unit cycles per cardiac beat, [c/b]. c/b can in most cases be converted to Hz by divid-
ing it with the mean RR-interval of the sample. This gives the PSD as a function of
frequency. By extending the derivation in [23] and inserting ∆t = 1/fs , the PSD of
the noise in this report is given as:

Rdd(f) =
1

6f 2
s

[
1− cos

(
2π · 60 · f

B

)]
(8)

Where B is the heart rate in BPM.
From eq. 8 we then notice that the introduced noise is both colored (dependent

on the frequency of variations) and dependent on the mean heart rate of the measured
sample. In figure 4 the PSD for different heart rates has been plotted.

60 BPM

80 BPM

100 BPM

120 BPM

140 BPM

HFLF

PSD of noise introduced by a sampling rate of 128Hz

Figure 4 – The noise introduced into the measured HRV-signal when using a sampling
rate of 128Hz is both dependent on the frequency of the heart rate variations and on the
heart rate.
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From the figure we can clearly conclude that both frequency measures but espe-
cially the HF measure will be overestimated. To get a clearer picture, let’s integrate
eq. 8:

fmaxˆ

fmin

R(f)df =
1

6f 2
s

[
f − sin

(
2π · 60 · f

B

)
· B

2π · 60

]fmax

fmin

And then by inserting the limits of the HF and LF bands from eq. 1 and eq. 2 for
different heart rates, we get how much the LF and HF measures are over estimated in
figure 5.

Figure 5 – Over estimation of LF and HF for different heart rates at a sampling rate of
128Hz.

The values of the over estimation should be read in a context of the normal values of
the LF and HF measures, [18] gives some approximate values: HF = 975± 203ms2

and LF = 1170 ± 416ms2 for a 5-min supine (lying down on the back) recording
in healthy subjects. Especially the HF measure should decrease during exercise but
should still stay orders of magnitude above the value of the over estimation. HRV
analysis should therefore be safe to use for comparative measurements in healthy sub-
jects even without interpolation, using a sampling rate of 128Hz.

When it comes to measuring the QT-interval, the low sampling rate introduces an
error equal to d(n) in eq. 4. The distribution of the error is simply given by convolving
two uniform distributions to a triangular distribution yielding a standard deviation of
the measurement:

σd(n) =
1√
6
∆t ≈ 3.2ms (9)
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QRS-complex

P-wave

T-wave

Figure 6 – Bode plot of the simulated filter response of the analog filter in the ECG-
device. Estimations of the spectral power of the different morphologies of the ECG are
given in gray lines.

By averaging multiple QT-intervals, the contribution to the measurement by this
error can be reduced to satisfactory levels.

Analog band-pass filter The ECG-recorder uses an analog band-pass filter to filter
out noise. The purpose of the filter is to make the QRS-detection more robust and to
get rid of baseline wander to avoid reaching saturation levels in the A/D-conversion.
The characteristics of the filter were estimated from a SPICE simulation and are given
as a Bode-plot in figure 6 together with the estimated power spectrum of the P-Wave,
QRS-complex and the T-Wave reproduced from [24].

While the filter makes the QRS-detection more robust, it deforms the morphology
of the ECG. Almost all signal power of the P-wave and the T-wave get phase shifted 90◦

and the QRS-complex is also slightly positively phase shifted since the analog filter
has its zero phase point at a frequency of 20Hz, which is slightly higher than the center
frequency of a normal QRS-complex. To get a picture of how the deformation looks
like, another SPICE simulation was set up with a recorded lead-V2 recording from
[25, 26] used as input. The input and output from the simulation is given in figure 7.
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Figure 7 – Input of an recorded ECG (lead V2) to the simulated filter and its output.

The fact that the different morphologies have different phase shift may interfere
with the QT-measurement, if the frequency content of the morphologies change con-
siderably for some reason, the length of the QT-interval may be altered. This is however
hard to test and we must therefore assume in this thesis that the morphology does not
change considerably within the same healthy subject, which is usually the case.

Chest strap with fabric electrodes Using a chest strap with fabric electrodes as
compared to electrodes with conducting gel, introduces further limitations. The first
limitation is that the positioning of the electrodes is not very exact. Since the ECG is
known to change as a function of the position of the electrodes, we need to investigate
how this can effect the measurement. To test this, 10 different center positions of the
chest strap, that might be possible during normal use of the device, were evaluated, see
figure 8.

The ten different positions were tested under resting conditions in a single subject,
with an upright position, only ECG morphologies with an instantaneous heart rate
between 60 and 65 BPM were used and inserted into an ensemble averaging algorithm
which is further described in section 2.6.1. The morphologies were centered around
the R-top.

The QRS morphology underwent some significant changes when the position of
the electrodesmoved sideways between positions 1 to 5, while only some small changes
occurred when going from A to B. The morphologies are plotted in figure 9.

The mean heart rate during the measurements was almost stable , 62.6±2.5 BPM,
if excluding the B1-measurement. The QT-interval also underwent some variations,
300.0 ± 6.6 ms. Most of the QT-variations can be explained by heart rate variations
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A

B

1 2 3 4 5

Electrodes

Figure 8 – Chest strap positions evaluated by measuring the ECG-signal for different
placement of the chest strap. The position A1 is when the white circle of the chest strap
is placed directly above A1 on the sketched grid.

since the measurement was done at rest. A Pearson’s correlation test between the heart
rate with the QT-interval gave a correlation of 0.80 and a p-value of the datasets being
uncorrelated of p = 0.009. To remove the influence of the heart rate and any time
dependent component from the QT-interval, two linear functions were least square
fitted and then extracted from the measured QT-interval values. The remaining QT-
difference is plotted against position in figure 10.

There seems to be a small, but systematic difference when the electrodes are moved
away from the center position horizontally but not vertically. If we assume that during
the measurements the user will stay within position 2-4, the standard deviation of the
QT difference caused by position change is estimated to 2.1ms. This error cannot be
reduced and must be considered when analyzing the resulting data. As seen in figure
9, a typical QT value could be around 300ms for a heart rate of 62.6 BPM and if we
combine that with a simple model of the QT variations, Bazett’s formula: QTc =

QT√
RR

,
where QT is the measured QT-interval, RR is the time between two R-tops and QTc

is a QT-measure which is independent of the heart rate. If we increase the heart rate
in steps of 20 to 82.6BPM and 102.5BPM that should mean that the respective
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Figure 9 – Change in average morphology for different positions defined in figure 8.
The unit of the y-axis is arbitrary.
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Figure 10 – The QT-difference induced by position change.

QT values should be: 261ms and 237ms. Then we see that the predicted error is
rather small but not negligible, compared to the QT variations that we can expect in
our measurements.

2.6 Model based noise estimation

While the chest strap introduces some problems already discussed it also introduces
noise into the recorded ECG when moving, walking or touching the device. The noise
is however not only a problem, but also an opportunity to estimate a parameter depen-
dent on movement. This is useful because most heart rate increases caused by physical
exercise generally include movement while heart rate increases caused by stress do not.

Because of the noise characteristics and the band-pass filter in the device, the noise
has the same frequency content as the ECG-signal. A normal approach, using fre-
quency selective filters can therefore not be used. However, since the ECG-signal
normally can be approximately predicted, it might be possible to use a predicted sig-
nal, slightly adjusted to the measured signal using a registration algorithm to extract
the noise.

The ECG morphology is very similar from beat to beat within a limited time span.
The only systematic change is the previously mentioned QT-variation. If we could
correctly model the QT-variations we could use an averaged morphology and subtract
it from the noisy morphology in the recorded signal. From the extracted noise, the
movement might then be estimated.
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2.6.1 Model ECG morphology with QT-variations

To get a smooth model morphology of the ECG we need to use ensemble average
techniques. Since the QT length varies, with AHS activation (slow) and SNS acti-
vation (fast), we need to average morphologies only with the same QT-length. If a
small enough interval is chosen, where the AHS induced variation can be neglected,
we can divide all the morphologies into bins with the same instantaneous heart rate
and average the morphologies in each bin. In that way we get averaged morphologies
corresponding to the SNS variations as a function of heart rate.

Themorphologies in the bins will be averaged together using the R-tops as the fidu-
cial point. But since we are using a low sampling frequency of 128Hz and the fiducial
point can not be exactly determined, the averaged morphology will get a low-pass filter
effect. To come around this issue, Woody’s algorithm for ensemble averaging will be
used, which is well described in [24]. The morphologies are first upsampled and aver-
aged together. A new fiducial point for each morphology is then estimated by finding
the point that has maximum correlation with the averaged morphology. A new aver-
age is calculated using the new fiducial point and the algorithm iterates. The process
is depicted in figure 11.

Figure 11 – Averaging of ECG-morphologies of the same instant heart rate using
Woody’s algorithm.
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The algorithm converges fast, just after a couple of iterations. The iteration can
either be stopped after a fixed number of iterations or for instance, when the change of
the averaged morphology in between iterations is small enough.

2.6.2 1D-registration of modeled ECG morphology

Even though the averaged morphology in most cases fits well to the recorded signal, it
introduces in some cases a systematic mismatch. Especially when the QRS-complexes
are slightly mismatched, it introduces spikes of high signal power. To adjust for these
small differences we can register the averaged morphology to the recorded signal using
a rigid 1D-registration algorithm.

An algorithm developed in [27] will be used. The algorithm consists of registering
the averaged model signal, S̃(t), onto the recorded signal S(t)while minimizing some
dissimilarity error, ED, and a regularization term, ER. The purpose of the regulariza-
tion term is to keep the model signal very rigid, we only want it to be slightly adjusted,
not to perfectly fit the target signal, otherwise the noise part of the signal would be
lost. The problem then consists of finding a function ϕ(t) such that S(t) ≈ S(ϕ(t)),
this is achieved by minimizing the error:

E(ϕ(t)) = ED(S(t), S̃(ϕ(t))) + αER(ϕ(t))

where

ER(ϕ(t)) =

ˆ (
dϕ(t)

dt

)2

dt

and

ED(S(t), S̃(ϕ(t))) =

ˆ
t

∥∥∥S(t)− S̃(ϕ(t))
∥∥∥
ρ
dt

∥. . .∥ρ is the Leclerc estimator given by:

∥r∥ρ = 1− exp(−r2/(2ησ2)

r = S(t)− S̃(ϕ(t)), σ is the standard deviation of r. α is a weight factor between
the dissimilarity term and the regularization term.

The Leclerc estimator is used because small errors are as important as large errors.
This allows us to only make small changes to the model signal. By varying η, we can
decide where the limit between small and large errors is. The minimization must be
carried out under the constraint, dϕ(t)

dt
> 0 to preserve causality.

To solve this minimization problem, an iterative approach will be used. In every
step, k, we solve ϕk+1 = ϕk = δϕk such that argmin

δϕ

E(ϕk + δϕ). The iterative

algorithm is described in algorithm 1.
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Algorithm 1 The iterative 1D-registration algorithm.

1. Compute robust weights, ωi
k from the Leclerc estimator,

ωi
k =

2

σ2
exp

(
−r2(ti)

σ2

)

where r(ti) = S(ti)− S̃(ϕk(ti))n

2. Estimate δϕk as successive solutions of the linearized least-square
minimization: δϕk = argmin

δϕ

∑
iE

k
i is:

Ek
i = ωk

i

∥∥∥S(ti)− S̃(ϕk(ti))− S̃(ϕk(ti))δϕ(ti)
∥∥∥2

+

α
∥∥ϕk(ti+1) + δϕ(ti+1)− ϕk(ti−1)− δϕ(ti−1)

∥∥2

this gives δϕk(ti) as

δϕk(ti) =
ωi
kg(ti)r(ti) + α

[
−2ϕk(ti) + ϕk(ti−1) + ϕk(ti+1) + δϕk(ti−1) + δϕk−1(ti+1)

]
ωi
kg

2(ti) + 2α

g(ti) = S̃(ϕk(ti))− S̃(ϕk(ti−1))
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2.6.3 Extracting the noise

After the averaged morphology is rigidly registered onto the ECG-signal the noise is
extracted simply by subtraction. Some post-processing can then be applied depending
on the application. The complete noise extraction algorithm contains two iterative al-
gorithms, one of them containing an interpolation step, it is therefore computationally
heavy and might be hard to implement in real time or near real time applications.
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3 The exam study

In the theory section we have discussed six different parameters (HR, LF, HF, RMSSD,
QT, noise power) and how they are believed to be connected with the physiology of
the body. To be able to discriminate between stress induced heart rate increase and
heart rate increase caused by physical exercise we will use one or many of these pa-
rameters together with a classification algorithm. The chosen parameters should be
roughly independent and show an ability to discriminate between stress and physical
exercise. The purpose of the exam study is to check what parameters are independent
and that show good discrimination abilities and then design another study to bench-
mark a complete discrimination algorithm. As the noise parameters and algorithms
are not an important part of this thesis, they will not be investigated in detail, but just
discussed briefly.

The study was designed to compare parameters calculated from a recorded ECG
under stress in the form of a written exam with light exercise in the form of pedal
walking standing still at the same spot.

3.1 Method

Participants in the study was recruited using a weekly email sent to nearly all partic-
ipants in an advanced math course given at Linköping University. All subjects gave
written consent. Both retakes and first timers were accepted. Only male students were
allowed in the study. Participants that wanted to drink coffee during the exam were
asked not to participate, no other restrictions were opposed onto the participants.

The subjects arrived earlier before the exam and were asked to wear a Minovi®
ECG recorder with a sampling rate of 128Hz and with the already discussed analog
band-pass filter, attached to the body using a chest strap with conducting fabric elec-
trodes, see figure 12. This version of the device it not commercially available.

When the participants got out from the exam room the time was noted. After the
exam the participants were asked to fill in a form about their perceived stress level,
weight, length, age and if they ate or drank anything during the exam. When and how
much they ate before the exam and when they last drank coffee was also noted. If
the time from when they last drank a caffeine containing beverage until the time of
measurement was less than 3h, the data were excluded from the study. If the time from
when they last ate a meal above 450 kcal exceeded 2h, the data were also excluded from
the study. Participants answering that they did not feel stressed at all when writing the
exam were also excluded. The subjects were also asked if and when they went to the
toilet during the exam. The exact time of the toilet visits was then controlled against
the estimated noise signal. Data from 10 minutes before or after a toilet visit were also
excluded from the study.
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Figure 12 – TheMinovi® ECG recorder and the chest strap with conducting electrodes.

A reference measurement was recorded two weeks after the exam with the same
subjects to allow for intra-subject comparisons. The same restrictions were opposed
on the subjects, at least 3h after coffee and 2h after an above 450 kcal meal. The mea-
surement included 20 minutes where the subjects were asked to rest in supine position
without falling asleep. The measurements were then followed by 20 minutes when the
subjects were asked to pedal walk, standing on the same spot, trying to pace their heart
rate after given a heart rate using a heart rate monitor. The target heart rates were cho-
sen such that the measurement would give a similar distribution of heart rates to the
ones that were measured for each subject during the written exam.

All data were collected from the same devices as used during the exam. All sig-
nals were divided into 5-minute segments. All the R-tops were detected using a QRS-
detector based on thresholding of the first and second derivative after the ECG-signal
had been tightly band-pass filtered. The detection was visually inspected and wrongly
detected QRS-complexes were marked as invalid.

The heart rate was calculated from the average RR-interval over each 5-minute
segment. The RMSSD was also calculated from the detected R-tops using eq. 3 over
each segment. The HRV signal was derived by first using an interval function where
the value of each RR-interval was placed at each detected R-top and then interpolated
using cubic splines to a sampling rate of 128Hz, see figure 13.

The HRV-signal was then transformed using the Fast Fourier Transform (FFT) and
the frequency components for the frequency bands of LF and HF were summed.

35



Figure 13 – The HRV-signal was calculated using an interval function that was inter-
polated using cubic splines.

RT
Figure 14 – The QT-interval was estimated using the RT-interval instead using the R-top
and the lowest value of the T-wave as reference points.

To estimate the QT-interval, the morphologies of each 5-minute segment were first
divided into bins and then averaged usingWoody’s algorithm for each bin as described
in section 2.6.1. The QT-interval was then estimated using the RT-interval for each
averaged morphology using the R-top and the lowest value of the T-wave as seen in
figure 14. The reason for using the RT-value instead the QT-value was that Q-point in
the morphology could be more robustly detected than the R-point.

Themean RT-interval was then calculated using a weightedmean using the number
of morphologies in each bin as the weighting factor. In that way we get a RT-interval
estimate that can be detected even with a noisy signal and which is close to unbiased
when it comes to heart rate dependence. At some instances the recorded signal was
too weak and the estimated RT-interval had to be excluded.

No noise analysis was done in this study because it was designed to be as noise free
as possible.

36



3.2 Results from the exam study
Out of the 10 participants in the study, all young adult males, 3 subjects were excluded
from the analysis because they did not meet the set requirements. The remaining 7
subjects had a mean (±SD) age of 23.1 ± 1.7 years a mean weight of 79.8 ± 11.2 kg
and a mean height of 1.84 ± 0.076 m. Their average body mass index (BMI) was
23.4± 2.4.

Two data series of the RMSSD, LF, HF, QT and HR measures are presented. The
first analysis in table 3 consists of the average of all valid 5-minute segments for each
person. Because there was a large significant difference in heart rate in the first analy-
sis, a second analysis (table 4) was done, where the 5-minute segment with the highest
heart rate from the exam and the 5-minute segment with lowest heart rate from the
pedal walking was analyzed. To get a better estimate of the resting heart rate the 5-
minute segment with the lowest heart rate was also chosen for the second analysis.

The correlations between the mean of the different measures for each activity from
the second analysis are given in table 5.

Table 3 –Mean values (n=104) of the investigated ECGparameters for all valid 5-minute
segments, divided according to activity. * is 95 % significance between pedal walking
relative to rest for each subject and writing exam relative to rest for each subject using
a one-sided T-test. ** is 99% significance.

Activity RMSSD [ms] LF [ms2] HF [ms2] RT [ms] HR [BPM]

Resting 69± 20 2507± 1525 1854± 660 314± 30 62.2± 13.0

Pedal walking 26± 10 773± 576 307± 249 270± 24 89.5± 9.8

Writing exam 58± 34 3491± 3035 2001± 1854 287± 30 73.9± 11.5

Pedal
Walking
rel. to rest

−43± 20* −1734± 995* −1548± 547* −48± 11* 27.3± 5.8**

Writing exam
rel. to rest

−10± 36* 984± 2560* 147± 1614* −21± 22* 11.7± 9.6**

3.3 Discussion of the exam study
All measures showed good discrimination properties when it comes to separating 5-
minute segments measured during the exam from segments during pedal walking.

However, a large issuewith themeasurements is that there is a significant difference
in heart rate between the exam and the pedal walking, even with the attempt of only
choosing the segment with minimum heart rate from the pedal walking.

All the measures are negatively correlated with HR. Therefore it can not be fully
ruled out that the statistical differences shown are due to the heart rate difference, and
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Table 4 – Episodic analysis: Only one 5-minute segment from each subject was ana-
lyzed to try to compare data with more similar heart rate. Among all the valid 5-minute
segments for each subject, the one with the highest mean heart rate from the writing
exam dataset was compared with the segment with lowest heart rate from the pedal
walking dataset. To better reflect the real resting pulse, the segment with the lowest
heart rate was chosen from the resting dataset. * is 95% significance between pedal
walking relative to rest and writing exam relative to rest using a one-sided T-test. ** is
99% significance.

Activity RMSSD [ms] LF [ms2] HF [ms2] RT [ms] HR [BPM]

Resting 65± 15 2540± 1570 1727± 317 314± 30 59.6± 11.5

Pedal walking 29± 11 1023± 684 380± 264 270± 24 85.5± 10.4

Writing exam 48± 19 2672± 1514 1339± 796 287± 30 76.6± 12.0

Pedal
Walking
rel. to rest

−36± 9* −1517± 1048* −1348± 247** −44± 13* 25.9± 6.2*

Writing exam
rel. to rest

−17± 13* 132± 1533* −388± 717** −26± 19* 17.1± 8.3*

Table 5 – Correlation between the ECG based measures. The average for each valid
subject (n=7) and from each of the three activities were used, giving a sample size of
21. All correlations were statistically significant at a 99% level (marked by **).

RMSSD LF HF RT HR
RMSSD 0.83** 0.94** 0.80** -0.77**

LF 0.94** 0.76** -0.65**
HF 0.76** -0.70**
RT -0.96**

not the variables under investigation. For that reason the best candidates are proba-
bly HF and LF because they both have the least correlation with HR and still show
significant differences between the exam and pedal walking.

It was suggested in the theory section that the QT-interval, approximated in this
study by the RT interval, was dependent on the level of EPI and NE independent of the
PNS. There is no way to control that in this study. In the next study we could use the
fact the PNS and the SNS gets unbalanced when recovering from physical exercise, the
PNS activation increases while the SNS activation is maintained. This should mean
that the RT-interval should be shorter than normal for a specific heart rate directly after
physical exercise.

Only relatively low heart rates were present during the study activities, why it is
hard to say anything about higher heart rates (above 100BPM). It might be possible
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that other measures than LF and HF show better discrimination properties if the heart
rate is higher.

Another uncertainty is the validity for different activities. We know from the theory
that that different activities have different responses (neurochemical signatures). We
can’t say for sure that all different stressful activities and all physical exercise activities
can be told apart.

In the theory section, a thorough investigation was done when it comes to errors
introduced by the Minovi® ECG-recorder or similar low-end devices with the conclu-
sion that the errors were negligible for healthy subjects. This is further confirmed in
this study in two ways: the fact that we get significant differences between different
activities shows that we are not only measuring noise. The other confirmation is that
the values measured are orders of magnitude larger than the estimated noise contri-
butions. The noise level might however cause problems if the heart rate is increased,
as all measures are negatively correlated with heart rate and will decrease for higher
heart rates. Conveniently, the error also decreases with increased heart rate for all
measures, because we get more heart beat morphologies per time unit. The only is-
sue when it comes to noise levels is probably in the estimation of the RT-interval. As
the RT-interval decreases, the noise introduced because we are using the chest strap
remains constant. A decreased RT-interval combined with a constant error means that
the error becomes more important.

In the next study it will be important to tackle the most important limitations in
this study, the lack of data with higher heart rates and the lack of data from different
activities. All measures are still interesting for further investigation, including the not
yet investigated noise measure discussed in the theory section.
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4 The real-life study
To extend the results from the first study, another study was designed with the goal
to analyze real-life data with a wider range of activities and stress with higher heart
rate values. This was done by asking a number of subjects to wear the ECG-device
during daily life and tag different activities using a web interface. While this broadens
the spectrum of activities it introduces some uncertainties, because we no longer can’t
control the exact activity in every instance.

4.1 Method
Seven subjects, students at Linköping University, were recruited. None of them partic-
ipated in the exam study. Two of the subjects did not collect enough data, according to
the instructions below, and were therefore excluded from the analysis. The remaining
five subjects were all young men with mean age of 25.9± 1.1 years, a mean weight of
76.8±9.8 kg and amean height of 1.83m±6.5 cm. Their average BMIwas 22.8±1.97.

All subjects were asked to wear a Minovi® ECG-recorder during their daily life
for up to a 45-day period. No specific instructions were given regarding activities to
perform during the measurement period. The subjects used a client software to extract
the ECG-data and uploaded it to a website. Every time the subjects uploaded data,
the web interface presented a heart rate curve where the subjects could select time
segments and describe them using a free text field. All data were then collected and
the tags were categorized into the following four categories, using the descriptions of
the tagged segments and by interviewing the subjects when the descriptionwas unclear:

1. Physical exercise: strolling, walking, running, etc. (PE)

2. Physical exercise that contain many recovery periods: tennis, martial arts, volley
ball etc. (PE-REC)

3. Recovery from Physical Exercise, that is the heart rate downward slope the first
five minutes after physical exercise. (REC)

4. Mental stress: Any heart rate increase that can be explained by mental stress,
like writing an exam, playing board games, watching a movie, public speaking
etc. (MS)

The reason to analyze recovery and physical exercise separately, is the fact that the heart
rate decrease during recovery is usually caused by increased levels of PNS activity
with maintained levels of SNS activity, one of the cases where the SNS and PNS are
unbalanced.

All tagged segments had to be at least 5 minutes long to allow for accurate estima-
tion of the LF measure. If the tag couldn’t clearly be classified into one of the above
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categories, it was excluded from the study. Some segments had a very low signal to
noise ratio and had to be excluded.

All segments longer than 5 minutes were divided into multiple 5-minute segments
and the measures were estimated for each segment. The RMSSD, LF, HF, QT and
HR measures were estimated using the same methods as in the exam study. The noise
measure was estimated using the algorithm described in section 2.6. Since the noise
algorithm failed in some rare cases, showing unnaturally large noise values, the mor-
phologies with the largest 20% noise levels were excluded from each 5-min segment.
The remaining noise level values were averaged together to form a final measure.

Using this kind of post-processing on the noise should better reflect the base level
of noise for each 5-minute segment and neglect the effect of noise from sparse random
events, like scratching the chest strap. To test the robustness of the noise algorithm, one
registration from each collected 5-minute segment was visually inspected and classi-
fied into being either valid or invalid.

No complete stress detection algorithm was tested because the datasets were not
large enough to divide them into training and validation datasets. To show the possibil-
ity to train a classifier, a Support Vector Machine (SVM) using a 2-degree polynomial
kernel from [28] was trained using LF and HR as training features. LF and HR was
used because of their performance in the exam study. The 2-degree kernel was used
because it was simple enough to avoid overfitting, while at the same being able to
describe the complexity of the data. The same training data were then inserted into
the trained SVM. This intent was only to give an indication of data points that were
inseparable.
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4.2 Results from the real-life study
A total number of 260 segments was collected and analyzed: 70 PE-segments, 63 PE-
REC-segments, 9 REC-segments and 118 MS-segments.

One registration from each collected segment was visually inspected. Out of the
260 registrations, 248 (95.4%) were considered valid and 12 (4.6%) invalid. To get a
better sense of what were considered a valid or invalid registration, three valid and one
invalid registration is given in figure 15. The figure shows an upsampled raw ECG-
signal and the noise estimated by the algorithm.

The results from the estimation of the measures RMSSD, LF, HF, QT and noise
are given in figure 16-20 as a function of heart rate.

The data are presented using different colors for the different activity categories.
PE is Physical exercise, PE-REC is Physical exercise mixed with recovery, REC is the
recovery period after a PE segment and MS is mental stress segments. Data points that
were inseparable, using the SVM with a 2-degree polynomial kernel, are marked with
a ring.

Many QT estimates had to be omitted after visual inspection, because the signal to
noise ratio was too low to produce a distinct T-wave after the averaged algorithm had
been applied. Further details are noted next to the QT plot of each subject (Figures
16-20).
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Figure 15 – Noise estimation: The ECG-signal was interpolated up to a sampling fre-
quency of 512Hz and the averaged morphology registered against the ECG-signal for
each detected QRS-complex. The estimated noise is given in blue. All but the registra-
tion in the lower right were considered successful.
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*Many data points has been omitted because of weak signals

MS PE-REC REC PE
Public speaking 1

Public speaking 2

Cycling 1
Cycling 2
Cycling 3

Cycling 4Mixed physical 
training

Figure 16 – Estimated ECG based measures as a function of heart rate for subject 1.
PE=Physical exercise (n=6), PE-REC=Physical exercise mixed with recovery (n=16),
REC=Recovery (n=1), MS=Mental stress (n=12). Inseparable data points using a 2-
degree polynomial function between MS and the rest of the data points are marked with
a ring.
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* Card games 1 and Tough body training and some data points from Body training 1 has been omitted because of weak signals

MS PE-REC REC PE
Card games 1

Card games 2

Walking 1

Cycling

Walking 2
Body training 2Body training 1

Walking 3
Walking 4

Tough body training 

Figure 17 – Estimatedmeasures as a function of heart rate for subject 2. PE=Physical ex-
ercise (n=21), PE-REC=Physical exercise mixed with recovery (n=11), REC=Recovery
(n=1), MS=Mental stress (n=49). Inseparable data points between MS and the rest of
the data points is marked with a ring. Note that Card game 1 was a game with much
active movements while Card game 2 was slow and strategic. Outlying QT-intervals
from Card games 2 has been visually inspected.
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Figure 18 – Estimatedmeasures as a function of heart rate for subject 3. PE=Physical ex-
ercise (n=17), PE-REC=Physical exercise mixed with recovery (n=14), REC=Recovery
(n=3), MS=Mental stress (n=45). Inseparable data points between MS and the rest of
the data points is marked with a ring.
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*Some data points have been omitted from Lifting and carrying, Inlines 2 and Longboarding(PE) because of weak signal.

MS PE-REC REC PE
Public speaking Inlines 1

Inlines 2
Inlines 1Walking 1

Inlines 3
Longboarding

Lifting and 
carrying

Inlines 3

Longboarding

Figure 19 – Estimated measures as a function of heart rate for subject 4. PE=Physical
exercise (n=7), PE-REC=Physical exercise mixed with recovery (n=17), REC=Recovery
(n=3), MS=Mental stress (n=3). Inseparable data points between MS and the rest of the
data points is marked with a ring.
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Figure 20 – Estimated measures as a function of heart rate for subject 5. PE=Physical
exercise (n=19), PE-REC=Physical exercise mixed with recovery (n=5), REC=Recovery
(n=1), MS=Mental stress (n=9). Inseparable data points between MS and the rest of the
data points is marked with a ring.
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4.3 Discussion of the real-life study

The different measures seem to behave normally, the varibility measures and the QT-
measure decreases with increased heart rate as in the first study. The absolute values
stay with normal levels. When analyzing the data it is important to note that the y-scale
is different for different subjects.

While the number of the subjects was small, the amount of data per subject was
relatively high. In the plots for the different subjects we can see a distinct difference
between the mental stress data points and data points from the other categories, all of
them associated with physical exercise. With the goal being to separate mental stress
from physical exercise, the LF measure showed the best performance, where only a
few data points were inseparable when training a classifier with HR and LF. Training
a classifier with HR and HF would have yielded almost the same results. Training a
classifier with HR, HF and LF would not have improved much, since the inseparable
data points behaved the same for both HF and LF.

Because of the uncertainty introduced by letting the subjects tag their own seg-
ments, the inseparable data points might have been the result of being put in the wrong
category. Another possibility might be that they really are inseparable. We are dealing
with physiological signals and a hundred percent accuracy is extremely hard to achieve.

One way to add accuracy could be to combine the LF measure with either the QT
or the noise measurement. The data presented here does not show any clear evidence
that it would be possible but doesn’t exclude it either.

When it comes to the QT-measurement, in most of the few cases where the QT
value is present , it does show some promising separability properties, especially for
subject 2 in figure 17, which is the only subject that has the QT values present for MS-
categorized data at a high heart rate. It would therefore be very interesting to somehow
record more data of this kind for other subjects. It would however be hard to scale up
the experiment, measuring the QT value with existing equipment, because the signal to
noise ratio is, in too many cases, too low for fully automatic QT detection. Ensemble
averaging algorithms adds some robustness but not enough.

In the discussion of the exam study it was suggested that the QT-interval should be
shorter than normal during recovery periods because the SNS and the PNS is known
to be unbalanced. By visual inspection of such available data points, 5 data points
are normal and 3 data points are shorter than normal, one is hard to classify and no
data point is longer than normal. Such an effect might therefore be present and could
help to detect false positives for recovery periods with high LF or HF values, since no
QT-interval is longer than normal.

The noise was post-processed to reflect the base level of noise in different situations
and to discard anymomentary effects. Even if the noise level can vary depending on the
mounting of the device, it should not cause a large difference within the same subject.
The values in between subjects are hard to compare without some smart normalization.
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If the noise values are compared within the same subject, activities that include a lot of
upper body movement causes the highest values. Such activities are for instance vol-
leyball, playing boardgames, lifting and carrying things and public speaking including
lots of arm movements. Activities associated with less upper body movement, show
less noise, this includes activities like watching TV or cycling. Mental stress activities
and physical exercise activities are mixed up and the noise estimate in its current form
can not directly be used to classify stress.

The noise estimation in itself seems very robust. It accurately detects the noise
in 95.4% of the detected morphologies and the failing cases can easily be filtered out
using the fact that the iterative algorithm becomes unstable and therefore produces
systematically unnaturally large values. The algorithm makes use of very slow tech-
niques and it would be hard to implement it in a real time application. However, it is
still interesting as a validation method for development of other quick and dirty noise
estimation techniques. The noise estimation algorithm was created as a biproduct of
the development of the QT-detection algorithm, why other noise estimation techniques
like frequency analysis or faster algorithms have not been explored in this thesis. Since
the recorded ECG-signal was heavily band-pass filtered, the investigation of the de-
tected noise only covers the frequency range of the band-pass filter. Other frequencies
might be better at classifying mental stress.

Both the LF and the HF measure together with HR have showed good separabil-
ity properties, LF and HR slightly better. One disadvantage with the LF measure is
however the weak physiological interpretation discussed in the theory section, since
we don’t really understand the underlying processes, it is harder to predict what will
happen if we go outside the scope of this thesis.
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5 Conclusions and Suggestions

In this thesis a thorough literature study and two experimental studies have been made.
The first experimental study considered a situation where many parameters could be
controlled, but lacked diversity of activities. The second experimental study instead
lacked control for some parameters but produced a larger variety of activities to be
analyzed. Both studies showed that the low frequency component (LF) of the heart
rate variability (HRV) analysis combined with heart rate (HR) were the best measures
to separate stress from physical exercise. HF and HR might also be possible to use.
Using HF, LF and HR would not improve the performance much since HF and LF are
highly correlated. RMSSD is correlated with HF but performs worse, the only reason
for using RMSSD would be if the algorithm had to run in real time.

A newway of extracting noise from the raw ECG signal was developed and showed
good and accurate results. Just using the signal power of the noise did not show good
separability properties. Further, a method to estimate the QT-interval from a noisy
signal was also developed showing some promising results but not being robust enough
when the signal to noise ratio was too low. It would be hard to add more robustness to
the algorithm, the only way that the QT-interval could be a viable alternative would be
if the signal to noise ratio of the ECG-recorder was improved. The amount of data in
this study was not enough to conclude whether the QT-interval can or can not be used
to classify stress.

One measure that has been left unexplored here is the respiration rate, since it
is rather independent of the measures used in this study it could add robustness to a
possible classification algorithm. Another possibility is to use an accelerometer to
record movement, it would however require that an additional sensor was added to the
current device and therefore making the device more expensive to produce.

While going forward trying to find better measures to put into a classifier might be
tempting, that might not be the best way to precede.

5.1 Generic and specific features

In the exam study the LF measure showed high variance and in the real-life study it had
the best discrimination properties. If studying the absolute values of the LFmeasure for
the different subjects we can rather safely conclude that the stress response for different
activities is very personal. It would be impossible to design a generic stress detection
algorithm that worked for everyone. A stress detection algorithm must therefore be
trained against the subject it will be used on.

Supervised training of the algorithm, that is when the user has to manually cate-
gorize segments, has been used here and showed good results. Supervised training is
however harder to implement in a product aimed for the consumer market. It would
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require the end user to record and categorize stress events before starting to use the
product.

It would therefore be good to find some aspects of the classification which are
generic for all subjects, with the purpose of reducing the classification problem to a
simpler one that could be solved using unsupervised training. If unsupervised training
is used, the end user doesn’t have to manually categorize stress events before being able
to use the product. Instead it would be enough just to record for instance one week of
data, that could be used to train the specific parameters of a complete stress algorithm.

For the LF measure, which has showed good separability properties, it seems like
there is a distinct generic and a distinct specific part. The generic part is that the LF
measure is higher during mental stress than during physical exercise and that the more
recovery a physical exercise segment contains the higher the LF value. There seem to
be two specific parts: The average absolute level of the LF measure and the heart rate
dependence is different for different subjects. This is not a conclusion but a suggestion
for further investigations. The suggestion is summed up in table 6.

Table 6 – Estimated generic and specific properties of the LF measure when it comes
to separating mental stress from physical exercise.

Generic Specific
LF is higher during mental stress. The average level of LF varies

between subjects.
The more recovery a physical

activity contains the higher the LF.
The HR dependence on LF is
different between subjects.

5.2 Quantification
The first thing that should be mentioned when we talk about quantification is that:
there is no such thing as a generic one-dimensional stress parameter. But if we try
anyway and combine everything we know from the theory about stress, with the two
studies in this thesis, how would a one-dimensional stress parameter look like?

The first thing we have to decide is what dimension we want to use. As already
discussed, many models of stress exists. The one that correlates best with known neg-
ative effects of stress, such as atherosclerosis or high blood pressure, is the amount of
high allostatic load, the wear and tear of the cardiovascular system. High allostatic
load is caused by repetitive stress events or a continued build up stress, which causes
release of Cortisol. This is where the classification algorithm comes in. The classifica-
tion algorithm, using supervised or unsupervised training, must be able to accurately
detect stress events or a continued build up of stress. If we can detect stress events,
we can guess when Cortisol is released by taking what we know about the dynamics
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of the HPA system into account. We know that the Cortisol level is independent of
the length of the acute stressor and that the Cortisol release is a slow process which
lasts for over an hour. Stress events or continuously built up stress should therefore be
counted equally and last for over an hour. If we combine that with how the detection
algorithm would work, the day should be divided into 288 five-minute segments and
each segment be marked as stressed (1) or relaxed (0), creating a binary signal. Tak-
ing into account the slow process of the HPA system, we then filter the binary signal
through a low-pass filter, which gives an approximate of allostatic load as in figure 21.

Figure 21 – Sketch of how we could quantify stress. Detected stress events are repre-
sented by a binary signal which is low-pass filtered to reflect to slow process of the HPA
system. The quantified stress is in blue.

But we could do more. The CRH level undergoes 24h-cycle which makes the Cor-
tisol level to undergo a 24h-cycle. People normally have higher Cortisol levels during
the morning which decreases towards the evening. A high Cortisol level inhibits fur-
ther release of Cortisol, why stress events during the morning should count less than
during the evening.

Another thing we should take into account is the fact that the stress reaction is
preparation for physical exercise, if we detect physical exercise directly after a stress
event, the stress event is harmless. By adding these two things to the quantification,
we get the resulting quantification as in figure 22.

Figure 22 – Extending the first sketch taking the periodicity of the Cortisol level and the
fact the stress is preparation for physical exercise and therefore harmless. The quantified
stress is in blue.

This is the best stress quantification that I can come up with, taking the theory and
the results from the studies into account.

If it works? That can only be answered by trying it out!
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