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Hoofdstuk 2
PROBLEM DEFINITIONS AND METHODS

M
easuring affect requires an understanding of the affective domain as well as
the technology needed to do so. This chapter provides an introduction into

the concepts used and studied in this thesis, both from the technical as well as the
application domain perspective. Section 2.1 introduces the concept of affect in ge-
neral, Section 2.2 describes the modalities used to measure various aspects of af-
fect and how the signals obtained through these measurements are preprocessed
to form feature sets that are used and studied in the following chapters. Further
background, societal relevance and details of features used for each of the affective
sub-domains will be provided in their respective chapters: Stress detection from
physiological measurements (Chapter 4), facial expression recognition using facial
images (Chapter 5), and emotion detection using mental appraisals (Chapter 6). Sec-
tion 2.3 introduces the classification techniques studied and used in this thesis.

2.1 Definition of Affect

Affect is generally considered a ”superordinate label for all ëmotional”phenomena”
(Kleinginna Jr and Kleinginna 1981), which covers concepts as Emotion, Mood, At-
titudes and Personality. These different affective phenomena are ordered by de-
creasing intensity and event focus, and increasing duration (Scherer 2005). Defi-
ning Emotion has been topic of debate for over 130 years already, up to the point
that Young concluded that ”almost everyone except the psychologist knows what
an emotion is...” (Young 1973). Depending on the point of view used to study
emotions, different definitions are used. A comprehensive overview of definitions
was provided in 1981 consisting of no less than 92 definitions (Kleinginna Jr and
Kleinginna 1981). Since the first definition, given by William James in 1884, ”the bo-
dily changes follow directly the PERCEPTION of the exciting fact, and that our fee-
ling of the same changes as they occur IS the emotion” (James 1884), many different
definitions have been posed, but have still not lead to consensus on a single defini-
tion of emotion (Scherer 2005). On a high level, there can be distinguished two types
of definitions: top-down and bottom-up generation of emotion (McRae et al. 2012).
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The bottom-up view is in line with the original definition of James and argues that
an initial subconscious reaction to stimuli coming from the environment causes bo-
dily reactions and only then we become consciously aware of the emotion. On the
other hand, the top-down approach reasons that we first create a mental awareness
of emotions only after which the bodily reactions are triggered. More recently both
views have been integrated into a view that consider the top-down and bottom-up
processes as parallel (Scherer et al. 2001), for which also neurological evidence has
been found (Ochsner et al. 2009). Chapters 4 and 5 follow the bottom-up view as
they aim at the detection of affective states from measurements of bodily and facial
reactions, while Chapter 6 approaches emotions through a top-down view using the
cognitive processes as starting point.

Emotions are generally considered as short lasting (seconds to minutes) affective
phenomena that have a clear identifiable cause and prepare the body for action, ori-
ginating from the fight or flight reaction. To support sudden action taking, emotions
lead to a variety of bodily responses such as raising heart rate and peripheral vaso-
constriction to support the blood supply to muscles, as well as increased secretion
of sweat on palms and soles to improve grip. Throughout human evolution more
social emotions have developed, leading to a diverse palette of emotions. The bo-
dily reactions enable the measurement of emotions without requiring self-report. In
the following chapters, feasibility of automated detection of emotions from different
measurement modalities will be explored.

Stress is a related concept to emotions, moods, or affect in general. Jones and
Bright (2001) discuss that the layman’s perspective of ’stress’ confuses several con-
cepts such as ’strain’, ’pressure’, ’demand’ and ’stressors’. On the other hand, aca-
demic definitions are also quite diverse, although Cox (1993) disagrees with that
assumption, he proposes the following broad definition: ”Stress can be defined as a
psychological state which is part of and reflects a wider process of interaction bet-
ween individuals and their work environment” (Cox 1993). He also distinguishes
three approaches to stress: the engineering (or contextual), physiological, and psy-
chological approach. In such higher level view stress can be seen as an affective
phenomenon as it comprises psychological and physiological reflections of external
stressors.

While some definitions of Affect are centered around the bodily reactions to
themselves, the general view is that Affect is defined in terms of the personal eva-
luation or experience (either fully in terms of cognitive aspects, or in terms of the
cognitive awareness of the bodily reactions). Ground truth on emotion is therefore
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most often gathered by self-report, measured through questionnaires. A disadvan-
tage of this means of ground truth is the subjectiveness that originates from diffe-
rent interpretations of the questions, different frames of reference and effects like
giving socially desired answers, all of which add noise to the ground truth labeling.
Ground truth can also be defined in terms of the stimuli presented (e.g., a labeling
the emotional response to a fearful stimulus with ’fear’). While this technique is ob-
jective, it fully takes away the personal differences in emotional interpretation of the
stimuli. In sum there is no generally preferable means to gather emotional ground
truth, hence we chose the most appropriate method for each of the experiments out-
lined in the following chapters.

2.2 Measuring Affect

The human mind and body are connected through the nervous system, which con-
sists of a central and peripheral part. The Central Nervous System (CNS), formed
by the brain and spinal cord, can be seen as a central coordinator which receives
and processes input from the body and outputs instructions. The Peripheral Ner-
vous System (PNS) serves as two-way communication means between CNS and
various body parts, all the way to the extremities. Within these two closely colla-
borative nervous systems, there are various subsystems. Many bodily responses,
among which affective responses, are regulated by the Autonomous Nervous Sys-
tem (ANS). The ANS steers physiological processes, as illustrated in Figure 2.1, by
two main subsystems: the Sympathetic Nervous System (SNS) and Parasympathe-
tic Nervous System (PSNS). The SNS can be seen as a ”quick response mobilising
systemänd the parasympathetic as a ”more slowly activated dampening system”
(McEwen et al. 2001). The PSNS is responsible for maintaining the basic organ func-
tions in a rest state by regulating physiological functions such as blood-flow, diges-
tion and excretion of various fluids (e.g., tears, sweat). The SNS, on the other hand,
enables fast activation of the fight-or-flight response (Cannon 1967). A fine balance
between these counteracting systems manages a stable bodily state termed homeo-
stasis.

Although many of the processes regulated by the ANS affect the internal organs,
there are several physiological processes of which resulting effects are externally ob-
servable through various measurement modalities. Among these are the activity of
the heart, respiration system, sweat glands, temperature, and muscles. Next to the
autonomous responses from the ANS, there are also regulatory processes of affect
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Figure 2.1: Division of the ANS into PSNS and SNS (Freeman 2005) c©2005. Reprinted by
permission of Pearson Education, Inc., Upper Saddle River, NJ.

that involve awareness. Reflections of this can be seen in our behaviour, movements
and (facial) expressions. In the following, several physiological modalities will be
discussed, together with the measurement modalities that can be used to measure
their effects. Chapters 4 to 6 will use these measurement modalities to gather mea-
surements of various affective states.

2.2.1 Cardiac activity

By regulating the pace of cardiac activity, the flow of (oxygen rich) blood to the ex-
tremities can be regulated. Thereby, the body can meet the oxygen requirements of
activated body parts. The heart consists of muscle tissue that contracts whenever
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R−R

Figure 2.2: Example trace of ECG recording representing three heart beats.

activated through an electrical pulse. Starting in the sinoatrial (SA) node, an electri-
cal pulse travels through the entire heart causing the four chambers to rhythmically
contract. This electrical activity can be observed through Electrocardiogram (ECG)
recordings that measure the fluctuations in electrical potential over at least two elec-
trodes positioned on the skin and across the heart. Figure 2.2 shows an example
trace of ECG. The highest peaks correspond to the contraction of the heart’s ventri-
cles and are termed R waves. The interval between successive R waves is called an
R-R interval, or Inter-Beat Interval (IBI). Variations in IBI, also referred to as Heart
Rate Variability (HRV) are known to reflect activity of SNS and PSNS, and can be
analyzed in the time domain as well as in the frequency domain. The HRV guideli-
nes paper (Malik et al. 1996) describes how different frequency intervals should be
interpreted. Low frequency variations, in the interval 0.04 to 0.15 Hz, are known to
vary with PSNS activity (Grossman and Taylor 2007), while high frequency variati-
ons (0.15-0.4 Hz) relate to SNS activity.

Preprocessing of the ECG signal consists of the following steps (as outlined in
de Waele et al. (2009)): R-peak detection, IBI outlier removal, and HRV analysis. R-
peak detection was performed using a pattern matching technique (Poor 1994). The
resulting IBIs are filtered for outliers by using a sliding window histogram. In order
to estimate frequency domain HRV features, an Autoregressive-Moving Average
(ARMA) time series model is used to derive power in the frequency bands. Ano-
ther unobtrusive means of measuring cardiac activity is Blood Volume Pulse (BVP),
which measures pulses in the blood flow at a location characterized by good circula-
tion, such as a finger or earlobe. Each heart beat creates such a pulse of blood which



10 2. PROBLEM DEFINITIONS AND METHODS

can be measured optically with a Photoplethysmography (PPG) sensor. Compared
to ECG, the peaks in the resulting signal are less sharp and the precision at which
the IBIs can be measured is lower, in particular affecting measures of high frequency
modulation of the heart rate.

2.2.2 Galvanic skin response

The main purpose of sweating is to cool down the body through evaporation. There
is, however, also an emotional component that drives the sweat glands. Originating
from the fight-or-flight response slightly moist palms and soles provided an advantage
in reacting to dangers. This mechanism of ANS driven activation of sweat glands
in reaction to various stressors can actually be observed all over the body but is
strongest on the hands and feet (van Dooren et al. 2012) and is termed Galvanic Skin
Response (GSR), Electrodermal Activity (EDA) or Skin Conductance (SC). The sweat
glands consist of small ducts that can fill to various levels with fluid. Activation of
the glands increases the moisture in the top level of the skin which results in a lower
electrical resistance. The resistance can be measured by applying a small constant
current and observing the (varying) voltage.

The resulting signal consists of a slow changing, tonic, component termed Skin
Conductance Level (SCL) and a faster changing, phasic, response termed Skin Con-
ductance Response (SCR) (Boucsein 2012). Figure 2.3 shows an example of such a
GSR signal. In order to separate both components, the SCRs can be detected using a
dedicated detection algorithm (Kohlish 1992). The tonic signal can be estimated by
explicitly compensating for detected SCRs (de Vries and van der Zwaag 2010), but
is often estimated from the raw SC signal. Features derived from GSR include levels
and changes of the SCL and frequency, amplitude, rise time and half recovery time
of SCR.

2.2.3 Respiratory activity

Changes in oxygen requirements of the body are regulated through the pace of bre-
athing. In contrast to cardiac activity and GSR breathing is not completely autono-
mously regulated and can be partly influenced consciously on top of the regulation
by the ANS. When the lungs fill with air, the thorax expands, which can be measu-
red using a flexible chest strap containing stretchable conductive material of which
the resistance increases the more it stretches. By measuring the voltage for an ap-
plied constant current this resistance can be derived.

Preprocessing starts with low-pass filtering (cut-off 0.5Hz), followed by an ana-
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Figure 2.3: Example trace of GSR recording representing two SCRs.
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Figure 2.4: Example trace of RSP recording representing five breaths.

lysis for individual breaths. Using a localized min/max filter (Lemire 2006), local
minima and maxima are detected. When found in the right order, they characterize
a single breath. Based upon the distribution of identified breath amplitudes in a sig-
nal, too small or too large breaths (outliers) are removed. After this preprocessing
the Respiration (RSP) signal is characterized by a sequence of breaths similar to the
IBI signal for ECG, from which paces and amplitudes can be determined. Figure
2.4 shows an example trace of RSP, where a rising line indicates inhalation and a
drop represents exhalation. Hence the signal between two valleys represents one
breathing cycle.
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2.2.4 Facial expressions

With the development of human kind to a more social creature, displaying emoti-
ons to others became more and more important. Facial expressions fulfill this need
by activating certain facial muscles, which can be measured directly through facial
Electromyogram (EMG) which measures the electrical activity of muscles between
two electrodes. This, however, does require the attachment of various electrodes to
the face which is far from comfortable and not socially accepted in daily life circum-
stances. As a solution, video of photo cameras, are used to record the resulting facial
expressions. Using various image/video analysis techniques features can be extrac-
ted. In this thesis we used techniques that detect local textures such as edges and
thereby are able to detect (de)formations of the face caused by facial expressions.

2.2.5 Cognitive processes

Whereas the above affect measures are mainly steered directly by the ANS, the CNS
also plays a role in emotions. Although techniques such as Electroencephalogram
(EEG) and functional Magnetic Resonance Imaging (fMRI) can be used to measure
activity of certain parts of the brain, it is currently not possible to objectively me-
asure emotional cognitive processes. To get insight into these processes, the gol-
den standard of measurement are self-reported questionnaires. There are several
cons to this measurement including the time needed to collect this information and
the delay introduced between the cognitive process taking place and filling out the
questionnaire, as well as subjective interpretation of the questions. The imprecision
introduced needs to be taken into account when using this as input to an affective
system, nevertheless these measurements provide an orthogonal view on the other
measurements described above.

2.3 Classifiers

The work described in the following chapters will study and make use of seve-
ral classification techniques. Main focus will be on Learning Vector Quantization
(LVQ) methods; in addition several well known techniques of different nature will
be used for comparison. In the following sections the classification methods used
will be shortly introduced. In its simplest form, the classifiers can be described as a
mapping of samples ξ ∈ RN to classes ỹ. To that end, a training set of Ptr samples
Ξtr = [ξ1, ξ2, . . . , ξPtr ]

> and their respective labels Ytr = [y1, y2, . . . , yPtr ] are available
to infer knowledge from and a test set of Pte (unseen) samples Ξte is available to
evaluate how well the predicted labels Ỹte = [ỹ1, ỹ2, . . . , ỹPte ] represent the actual
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labels Yte. The task of the classifiers is to optimize this mapping.

2.3.1 Learning Vector Quantization

Learning Vector Quantization (LVQ) comprises a family of classifiers that is of open
box nature, that is, they provide direct insight into the information learned by the
classifier. LVQ, initially proposed by Kohonen (1990), defines prototypes in the same
(mathematical) space as the data to represent the classes. These prototypes are di-
rectly interpretable as they show characteristics of classes in terms of the features
chosen to represents the input data. During training, samples are presented sequen-
tially, and for each sample the closest prototype(s) are updated according to the
following general framework in Equation (2.1). We will use the notation w ∈ RN

for a prototype with its class labels c. J,K, S, T are used to index prototypes and
their class labels; hence (wJ , cJ) represents a prototype with its corresponding class
label.

In the on-line algorithm, examples are presented sequentially to the system and
the prototypes are adapted by the following update step:

wµ
S = wµ−1

S +
η

N
fS [dµ1 , . . . , d

µ
K , y

µ
σ , . . .]

(
ξµ −wµ−1

S

)
, (2.1)

where wµ
S denotes the prototype representing class S after presentation of µ

examples and the learning rate η is rescaled withN . We use the shorthand fS for the
modulation function which controls, along with the learning rate η, the magnitude
of the update of wS towards or away from the current example. Typically, squared
Euclidean distance is used as distance measure (dµT ), as defined in Equation (2.2).

dµT = (ξµ −wµ
T )>(ξµ −wµ

T ) (2.2)

The number of prototypes can be chosen arbitrarily, at least one prototype per
class. We have chosen to initialize the prototypes close to the center of the data, i.e.,
close to the position of all samples in the training set, according to:

w0
T =

1

N

N∑

i=1

ξi + δT , with δT ∼ N(0, σ), (2.3)

where N is the amount of samples in the training set and σ = 0.1 was chosen to
represent only a small deviation from the data center. In case of two-class classifica-
tion, as e.g. in Chapter 4, an Area Under the Curve (AUC) of the Receiver Operating
Characteristic (ROC) can be obtained by considering various configurations by mo-
ving the prototypes wS and wT along the line connecting them. By doing so, the
decision boundary is moved along this line, while remaining perpendicular.
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Within this framework, different variants have been proposed, using different
strategies for choosing the update strength and distance measure. We conside-
red the following selection, which we implemented using a combination of Matlab
(R2013a) and C++: LVQ 2.1, LFM, GLVQ, RSLVQ, GRLVQ and GMLVQ. The follo-
wing sections will discuss these variants in further detail.

LVQ 2.1

LVQ 2.1 was proposed by Kohonen aiming at efficient separation between proto-
types of different classes and has been shown to provide good classification re-
sults (Kohonen 1990, Neural Networks Research Centre, Helsinki 2002). Given an
example ξµ, two nearest prototypes wS and wT are updated if the following condi-
tions are met: (i) the classes cS and cT are different, and (ii) either cS or cT is equal to
yµσ . The prototype with the correct class is moved towards the data while the other
is moved farther away with fS = 1, fT = −1 if cS = yµσ ; fS = −1, fT = +1 else.

It is well known that such learning rule has stability problems for unbalanced
data sets, resulting in diverging prototypes with deteriorating performance (Kohonen
1990). Therefore, LVQ 2.1 restricts updates to examples ξµ which fall into a window
around the decision boundary.

min

(
dµT
dµS
,
dµS
dµT

)
> ρ, with ρ =

1− ω
1 + ω

(2.4)

where ω is a window parameter, 0 < ω ≤ 1 and therefore 1 > ρ ≥ 0.

LFM

A simple modification to overcome the stability problems of LVQ 2.1 is restricting
updates only on misclassified examples. Analogous to perceptron learning, we term
this update rule as Learning From Mistakes (LFM). Here, the closest prototype wJ

with the same class cJ = yµσ (correct winner) and closest prototype wK with a dif-
ferent class cK 6= yµσ (incorrect winner) are updated with fJ = +1 and fK = −1, if
the example is misclassified. On the contrary, if the winning prototype is already
correct, the configuration is left unchanged. This prescription can be interpreted as
a limiting case of the cost function based RSLVQ, which will be explained later in
this section. Because the cost function of RSLVQ is bounded from below, stability
can also be expected in LFM.

Generalized LVQ

Earlier LVQ prescriptions, including LVQ 2.1, were based on heuristic grounds. In
contrast, a popular variant termed the Generalized Learning Vector Quantization
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(GLVQ) was proposed in Sato and Yamada (1995) which introduced the cost func-
tion

E =
∑

µ

Φ(τ(ξµ)) with τ(ξµ) = C · d
µ
J − dµK
dµJ + dµK

(2.5)

where Φ(τ) is a (usually non-linear) monotonically increasing function, dJ is dis-
tance from the nearest correct prototype and dK from the nearest incorrect prototype
to the example ξµ. We insert the scaling parameterC which will be required for high
dimensions. Stochastic gradient procedure on (2.5) yields the learning rule

fJ = 2C
∂Φ(τ)

∂τ

dµK

(dµJ + dµK)
2 , fK = −2C

∂Φ(τ)

∂τ

dµJ

(dµJ + dµK)
2 . (2.6)

where dJ is the distance to the closest correct prototype with matching class la-
bel and dK the distance to the closest prototype with mismatching label. Φ(τ) is a
monotonically increasing function, often chosen to be a sigmoid function. We chose
Φ(τ) to be the sigmoid function described by Equation (2.7). This leads to the expli-
cit update function in Equation (2.8).

Φ(τ) =
1

1 + exp(−τ)
(2.7)

wµ+1
J = wµ

J + η
Φ′(τ)dµK

(dµJ + dµK)2
(ξµ −wµ

J),

wµ+1
K = wµ

K − η
Φ′(τ)dµJ

(dµJ + dµK)2
(ξµ −wµ

K), (2.8)

where the derivative of Φ(τ) (Equation (2.7)) is given by:

Φ′(τ) = Φ(τ) ∗ (1− Φ(τ)) (2.9)

Robust Soft LVQ

The Robust Soft Learning Vector Quantization (RSLVQ) algorithm (Seo and Obermayer
2003) was derived using a statistical modeling of the data and designed to overcome
the stability problem of LVQ 2.1. RSLVQ introduces soft prototype assignments
which act similarly to a soft window around the decision boundary. This algorithm
minimizes a bounded cost function E = − ln(L) where L is based on a likelihood
ratio function of a mixture model, described as

L =
∏

µ

p(ξµ, σµ|W )

p(ξµ|W )
with p(ξµ|W ) =

Nσ∑

σ=1

∑

j:cj=σ

Pj p(ξ
µ|j), (2.10)
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where p(ξµ|W ) approximates the actual probability density P (ξ), c.f. (3.1). It is
assumed that every component j of the mixture generates examples which belong
to one class, viz. cj . Nσ is the number of classes and Pj is the probability that the
examples are generated by a particular component j and p(ξµ|j) is the conditional
probability that j generates a particular example ξµ.

The learning rule is obtained by performing stochastic gradient descent on the
cost function E with respect to wS . We examine it for a Gaussian mixture ansatz as
in Seo and Obermayer (2003), where it is chosen p(ξµ|j) = (2πvj)

(N/2) exp(−dµj /2vj).
Furthermore, every component is assumed to have equal probability P (j) = 1/K,
∀j and equal variance vj = vsoft, ∀j where vsoft is called the softness hyperparameter.
This gives the following modulation function

fS =
1

vsoft

{
Pσ(S|ξµ)− P (S|ξµ), if cS = yµσ
−P (S|ξµ), else.

(2.11)

with the assignment probabilities

Pσ(S|ξµ) =
exp (−dµS/2vsoft)∑

j:cj=σµ
exp

(
−dµj /2vsoft

) , P (S|ξµ) =
exp (−dµS/2vsoft)∑
j exp

(
−dµj /2vsoft

) , (2.12)

see Seo and Obermayer (2003) for the derivations. Pσ(S|ξµ) describes the pos-
terior probability that ξµ is assigned to the component S of the mixture, given that
the example is generated by the correct class. P (S|ξµ) describes the posterior pro-
bability that ξµ is assigned to the component S of the complete mixture using all
classes.

This yields the following explicit update step for RSLVQ:

wµ+1
J = wµ

J +
η

vsoft
(PJ(S|ξµ)− P (S|ξµ)) (ξµ −wµ

J),

wµ+1
K = wµ

K − ηP (S|ξµ)(ξµ −wµ
K), (2.13)

In experiments, we found that the softness in RSLVQ allows the prototypes to
move away from cluster centers in the data. As long as the relative distances bet-
ween prototypes and the decision boundary does not change, this will not affect the
assignments made by the classifier. It, however, does allow the classifier to impli-
citly add more weight to certain dimensions by moving the prototypes away from
the decision boundary in those dimensions. By doing so, it increases the contri-
bution of that dimension to the calculation of distances between prototypes and
samples as described in Equation (2.2). This observation allows the interpretation
of the difference vector of pairs of prototypes (i.e., wS −wT ) as an implicitly trained
weight vector similar to the explicitly trained relevance vector of GRLVQ as will be
described in the following section.
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Generalized Relevance LVQ

As an extension to GLVQ, Generalized Relevance Learning Vector Quantization
(GRLVQ) was proposed by Hammer and Villmann (2002), which assigns and trains
a relevance per data dimension by integrating a relevance vector into the distance
measure, i.e., Equation (2.2) is replaced by the following weighted distance measure:

dµλ,T =

N∑

i=1

λmui(ξ
µ
i −wµ

T,i)
2 (2.14)

Both the prototypes and the relevance matrix are updated at the same time du-
ring training using an update scheme similar to GLVQ:

wµ+1
J = wµ

J + 2η
Φ′(τλ)dµλ,K

(dµλ,J + dµλ,K)2
λµ(ξµ −wµ

J),

wµ+1
K = wµ

K − 2η
Φ′(τλ)dµλ,J

(dµλ,J + dµλ,K)2
λµ(ξµ −wµ

K), (2.15)

where τλ, is defined as in Equation (2.5), replacing dµT by dµλ,T . The update of the
relevance vector is given by Equation (2.16), where wS is the closest prototype.

λµ+1 = λµ − 2εΦ′(τλ)

(
dµλ,K · λµ−1(ξµ −wµ

J)

(dµλ,J + dµλ,K)2

−
dµλ,J · λµ−1(ξµ −wµ

K)

(dµλ,J + dµλ,K)2

) (2.16)

The relevance vector λwas initialized using random samples drawn from on the
interval [0, 1], i.e., λ0 ∼ UN (0, 1), and normalized such that the elements of λ0 sum
up to 1.

Generalized Matrix LVQ

Generalized Matrix Learning Vector Quantization (GMLVQ), proposed by Schnei-
der et al. (2009a), uses a generalized distance measure that takes into account re-
levances of individual, but also cross-relevances of multiple, data dimensions by
extending the Euclidean distance measure with a N × N relevance matrix Λ, see
Equation (2.17). Regularization reduces the learning capacity and is obtained by
limiting the size (M ) of the M ×N matrix Ω. We choose M = 2 in our analyses.
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dµΛ,T = (ξµ −wµ
T )>Λµ(ξµ −wµ

T ), (2.17)

with Λµ = Ωµ(Ωµ)>

Both the prototypes and the relevance matrix are updated at the same time du-
ring training using an update scheme similar to GLVQ and GRLVQ:

wµ+1
J = wµ

J + 2η
Φ′(τΛ)dµΛ,K

(dµΛ,J + dµΛ,K)2
Λµ(ξµ −wµ

J),

wµ+1
K = wµ

K − 2η
Φ′(τΛ)dµΛ,J

(dµΛ,J + dµΛ,K)2
Λµ(ξµ −wµ

K), (2.18)

where τΛ, is defined as in Equation (2.5), replacing dµT by dµΛ,T . The update of the
relevance matrix is given by Equation (2.19).

Ωµ+1 = Ωµ − 2εΦ′(τΛ)

(
dµΛ,K · Ωµ−1(ξµ −wµ

J)

(dµΛ,J + dµΛ,K)2

−
dµΛ,J · Ωµ−1(ξµ −wµ

K)

(dµΛ,J + dµΛ,K)2

) (2.19)

The relevance matrix Ω was initialized using random samples drawn from on
the interval [−1, 1], i.e., Ω0 ∼ UM×N (−1, 1), and normalized such that the diagonal
of Λ0 = Ω0(Ω0)> equals 1.

After training, the relevance matrix Λ = ΩΩ> can be inspected to find the most
influential features for the decisions taken by the classifier. In essence Ω forms a
linear transformation ΩΞ of the original input space to an M ≤ N -dimensional
space that allows for optimal separation of classes. Such linear transformations Ω

are uniquely defined if and only if the matrix of training data Ξtr has rank N , i.e., it
provides anN dimensional basis. Often Ξtr has a smaller rank due to correlated data
or the availability of less data samples than there are data dimensions. As reasoned
by Strickert et al. (2013), if C = ΞΞ> has eigenvectors with eigenvalues zero, these
correspond to directions in the feature space in which the data shows no variation.
Adding arbitrary linear combinations of these vectors to the rows of Ω will not effect
the projection ΩΞ. Hence, random effects can be observed in Ω, hence Λ obtained
from GMLVQ. As outlined in Strickert et al. (2013), a transformation of Ω is required
to eliminate the effect of randomness and find a unique solution for Ω and hence Λ.
We apply the following post-processing:
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Ω̂ = ΩΨ

Λ̂ = Ψ>Ω>ΩΨ (2.20)

where Ψ is constructed as:

Ψ = [

J∑

j=1

uju
>
j ] = [I −

N∑

j=J+1

uju
>
j ] (2.21)

from the J non-vanishing eigenvectors u1 . . .uJ of C = ΞΞ> given data Ξ.

2.3.2 Class-conditional means

Rather than training prototypes using an LVQ scheme, we also use the class condi-
tional means as prototypes. This method can be considered a reference technique,
and has e.g., been applied to Appraisal data by Scherer (1993), as is further outlined
in Chapter 6. In a similar fashion to LVQ, unseen data is classified by returning the
label of the prototype closest by. We chose to use squared Euclidean distance as dis-
tance measure, and implemented the method within our LVQ framework in Matlab
(R2013a).

2.3.3 k-Nearest Neighbors

k-Nearest Neighbors (kNN) (see e.g., Duda et al. (2000)) is a technique in which
all training data constitutes the knowledge of the classifier. Whenever a new data
sample is provided, kNN searches for the k closest training samples and performs a
majority vote. We used Euclidean distance as distance measure. We used the Matlab
(R2013a) implementation of kNN from the Bioinformatics Toolbox (version 4.3).

2.3.4 Artificial Neural Network

Artificial Neural Networks (ANNs) (see e.g., Duda et al. (2000)) link input and out-
put through a network consisting of layers of nodes. Each node is connected to all
nodes of the previous layer and combines their input using a weighted sum and
applies a transfer function. The input and output layers are directly observable,
while the layers in between are not, therefore these are referred to as hidden layers.
During training, errors on the output layer are propagated to previous layers by
adjusting the weight factors. We used a three layer feed forward, back propagation
network with the hyperbolic tangent transfer function on the hidden layer. In our
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analyses we varied the number of nodes in the hidden layer (Nhidden). We used the
implementation of ANN in the Neural Network Toolbox (version 8.0.1) of Matlab
(R2013a).

2.3.5 Support Vector Machine

Support Vector Machine (SVM), introduced by Vapnik (1998), is a popular techni-
que that optimizes the margin between data of two classes, i.e., it finds the optimal
hyperplane separating data of two classes. It does so by first applying a transforma-
tion of data samples to a higher dimensional space using a kernel (we used linear
and Radial Basis Function (RBF) kernels). Misclassification is penalized with a cost
factor. Thereby, SVM minimizes:

1

2
‖w‖2 + C

∑

i

ζi (2.22)

subject to:
yi(w · xi + b) ≥ 1− ζi, with ζi > 0, (2.23)

where w is the hyperplane separating data samples xi = K(ξi) (already trans-
formed using the kernel function K) with corresponding class membership indica-
tors yi = ±1, and cost (of misclassification) parameter C, which we varied in our
analyses. In order to apply SVM to a multi-class problem, it requires an ensemble
learning strategy. We have chosen to apply one-vs-rest in which for each class a clas-
sifier is created to distinguish it from all other classes, because it brings certain com-
putational advantages while performing on par with other techniques (Rifkin and
Klautau 2004). When classifying an unseen sample, all SVMs are applied and the
class label corresponding to the SVM with largest margin (i.e., distance between the
sample and the separating hyperplane) is returned. We used the LIBSVM (Chang
and Lin 2011) implementation through an interface in Matlab (R2013a).


