
 

Ulm University Medical Center 

Department of Psychosomatic Medicine and Psychotherapy 

Director: Prof. Dr. Harald Gündel 

Section Medical Psychology 

 

 

 

 

 

Analysis of Machine Learning Algorithms for the Recognition of Basic 

Emotions: Data Mining of Psychophysiological Sensor Information 

 

 

 

 

Dissertation 

submitted to obtain the doctoral degree of 

Human Biology of the Medical Faculty of Ulm University 

 

By Lin Zhang 

born in Tianjin, P.R. China 

 

2019 

 



 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Acting Dean: Prof. Dr. Thomas Wirth 

 

1st reviewer: Prof. Dr. Harald C. Traue 

 

2nd reviewer: PD Dr. Friedhelm Schwenker 

 

Day of Graduation: May 17, 2019 

 

 

 



 
 

 

 

 

 

 

 

For all my friends and my family 



IV 
 

CONTENT 

ABBREVIATIONS VI 

LIST OF TABLES VIII 

LIST OF FIGURES IX 

CHAPTER 1 INTRODUCTION 1 

1.1 Emotion 1 

1.1.1. Major types of emotion elicitations in experimental designs 3 

1.1.2. Emotion-specific physiological responses 5 

1.2 Affective Computing 8 

1.3 Machine Learning and pattern recognition 8 

1.3.1 Classification methods 10 

1.3.2 The performance of a classifier 15 

1.3.3 Feature selection methods 18 

1.4 The state of research on emotion classification based on psychophysiological signals 19 

1.5 Aims of this dissertation 21 

CHAPTER 2 MATERIAL AND METHODS 22 

2.1 Participants 22 

2.2 Measured psychophysiological parameters 23 

2.2.1 The Electrodermal activity 24 

2.2.2 Electrocardiogram 25 

2.2.3 Electromyography 26 

2.3 The experimental procedure 28 

2.3.1 Film clips for emotion elicitation 28 

2.3.2 Setup and the preparation for the experiment 29 

2.3.3 The procedure of emotion experiment 31 

2.4 The analysis of subjective ratings 31 

2.5 The processing of the psychophysiological signals 32 

2.5.1 Preprocessing 32 

2.5.2 Feature extraction 34 

2.5.3 Manual feature reduction 35 

2.5.4 Selecting the suitable feature selection and classification methods 35 

2.5.5 Validation of model through two methods 38 

2.5.6 Final feature selection and classification processes 38 

CHAPTER 3 RESULTS 40 

3.1 The subjective ratings of film-induced emotions 40 

3.2 The classification rates with selected feature set 42 



V 
 

3.3 The classification rates with top 21 features 45 

3.4 The classification rates with 16 features 48 

3.5 The classification performance on unseen subjects 51 

3.6 The performance derived from cross-validation vs. test set 52 

3.7 The classification rates among all emotions 54 

3.8 Summary of the results 55 

CHAPTER 4 DISCUSSION 56 

4.1 The applicability of SVMs classifiers 56 

4.2 How psychophysiological signals contribute to the classification 58 

4.2.1 The contribution of tEMG signals to the classification 58 

4.2.2 The contribution of SCL to the classification 59 

4.2.3 The contribution of ECG to the classification 59 

4.3 How many features are essential to the psychophysiology-based discrete emotion classification

 60 

4.4 Subject-dependent and subject-independent classification task 61 

4.4.1 Subject-dependent models 61 

4.4.2 subject-independent models 62 

4.5 The effectiveness of emotion-eliciting film clips 63 

4.6 The reasons resulting in the difficulties of classification tasks from the perspective of 

classification performance 64 

4.6.1 The coherence of subjective ratings and psychophysiological responses 65 

4.6.2 The similar ratings on valence of emotions 65 

4.6.3 The similarity of psychophysiological response among emotions 65 

4.6.4 The method for improving the classification accuracies 66 

4.7 Limitations and future prospects 66 

4.7.1 The complexity of emotions 66 

4.7.2 A number of limiting psychophysiological signals and features 67 

4.7.3 The variation of the separated 6 subjects 67 

CHAPTER 5 CONCLUSION 69 

CHAPTER 6 REFERENCE 71 

APPENDIX 84 

ACKNOWLEDGEMENT 95 

CURRICULUM VITAE 97 

CLARIFICATION 98 



VI 
 

ABBREVIATIONS 

µS micro-siemens 

Ag-AgCl Silver / Silver chloride 

AMU amusement 

ANG anger 

ANN Artificial Neural Network 

ANOVA Analysis of Variance 

AUs Action Units 

BVP Blood Volume Pressure 

CCR Correct Classification Ratio 

DIS disgust 

ECG Electrocardiography 

EDA electrodermal activity 

EMG Electromyogram 

FACS Facial Action Coding System 

FEA fear 

GSR Skin Conductivity 

IAPS International Affective Pictures System 

kNN k-Nearest Neighbors algorithm 

LDF Linear Discriminant Function 

LR Logistic Regression 

MAP Maximum a Posteriori 

MLP Multilayer Perceptron 

NEU neutral state 

QDA quadratic discriminant analysis 

RBFN Radial Basis Function Networks 

SAD sad 

SBS Backward Elimination Method 

SCL Skin Conductance Level 

SCR Skin Conductance Response 

SFFS Sequential Floating Forward Search 

SFS Sequential Forward Selection 

SVM(rbf) 
Support Vector Machine with the Radial Basis 

Function Kernel 

SVMs Support Vector Machines 



VII 
 

SVMsbat 
Support Vector Machines validated by leave-

one-subject-out validation 

SVMscv 

Support Vector Machines validated by 10-fold 

stratified cross-validation 

tEMG trapezius Electromyogram 



VIII 
 

LIST OF TABLES 

TABLE 1 The Components and Measurements of Emotions 2 

TABLE 2 Film Sets for Emotion Elicitation 5 

TABLE 3 
The advantages and disadvantages of different methods for testing 

classification performance 
17 

TABLE 4 The overview of sample size 22 

TABLE 5 Description of the Film Clips 30 

TABLE 6 The amount of original extracted features. 35 

TABLE 7 
The classification rates in the preliminary study for the classification 

algorithm. 
37 

TABLE 8 
Mean and Standard Deviation of Subjective Ratings for Film Clips in 

general 
40 

TABLE 9 Classification analysis based on individual subjective ratings 41 

TABLE 10 Significance tests for emotion classification using self-report variables. 42 

TABLE 11 
The selected features through forward selection method for 15 classification 

tasks 
42 

TABLE 12 The overview of “top-21 features” 47 

TABLE 13 The overview of 16 features 49 

TABLE 14 The psychophysiological studies that use support vector machines. 57 

TABLE 15 
The number of features and physiological channels in similar classification 

tasks 
61 



IX 
 

LIST OF FIGURES 

FIGURE 1 The schematic diagram for the process of classification 9 

FIGURE 2 The phases for designing a classification system 10 

FIGURE 3 The logistic function 10 

FIGURE 4 An intuitive illustration for K-Nearest Neighbors algorithm 13 

FIGURE 5 
A linearly separable situation for two classes and the method of 

determining the optimal hyperplane 
14 

FIGURE 6 Representation of different separable classes 14 

FIGURE 7 
An illustration how a Support Vector Machine works with non-linear 

separable classes 
15 

FIGURE 8 An illustration of under-fitting, a good fit and over-fitting 16 

FIGURE 9 The technique for recording the psychophysiological signals 23 

FIGURE 10 The placement of electrodes for EDA recording 24 

FIGURE 11 
The placement of electrodes for ECG recording and an illustration for 

standard ECG 
26 

FIGURE 12 The generation of EMG signals 27 

FIGURE 13 The placement of electrodes for tEMG recording 27 

FIGURE 14 The setting of experiment on film-induced emotion 28 

FIGURE 15 The procedure for emotion elicitation 31 

FIGURE 16 An illustration of sliding windows 33 

FIGURE 17 An illustration for 10-fold stratified cross-validation 38 

FIGURE 18 A general classification process 39 



X 
 

FIGURE 19 The classification rates on 15 classification tasks with FS-feature sets 45 

FIGURE 20 The use frequency of features 46 

FIGURE 21 
The comparison between the classification rates based on top-21 features 

and those based on FS-feature sets 
48 

FIGURE 22 
The comparison of the classification rates with FS-feature sets, top-21 

features and 16 features (SVMscv) 
50 

FIGURE 23 
The comparison of the classification rates with FS-feature sets, top-21 

features and 16 features (SVMsbat) 
51 

FIGURE 24 The classification rates of 6 subjects 52 

FIGURE 25 
The performances of SVMscv evaluated by 10-fold cross-validation and 

test set 
53 

FIGURE 26 The performances of SVMsbat evaluated by batch validation and test set 54 

FIGURE 27 
The classification accuracies of classification tasks on six emotional 

states 
55 



Introduction 
 

1 
 

CHAPTER 1 

INTRODUCTION 

Human emotions are complex and were thought to be difficult to measure and unpredictable. 

Along with the development of measurements and analysis methods, especially after the 

emergence of affective computing in 1997, people gradually realize that emotions not only 

can be measured and predicted, but also can be recognized automatically by the artificial 

intelligence and further regulated and controlled by the certain feedbacks from AI. Affective 

computing has been a thriving research field over the past two decades. Particularly, with 

the dramatic increase in cheaper and more efficient sensor technology for body processes as 

well as the more efficient algorithms in artificial intelligence in recent years, the application 

of AI, the real-time recognition of mental states, becomes visible in the near future. The 

contemporary studies of emotion recognition and classification are based on several 

emotional components, ranging from facial expression over voice and speech, to 

psychophysiological signals. Among them, the psychophysiological signals are strongly 

recommended to utilize for sensorial assessment because of the robustness against deliberate 

manipulation. Alex (Sandy) Pentland called these signals “Honest Signals”. According to 

his argumentation, “they are honest, because of the biologically based and unconscious 

nature and their correlation with mental states.” (Pentland, 2010). 

1.1 Emotion 

Emotions influence our daily life all the time. If we trace the origin of the term “Emotion”, 

it comes definitely from latin emovere (German: herausbewegen, English: to move out). It 

has been used in the modern sense in English since the 17th century and has been a 

theoretical keyword at the heart of modern psychology since 1884 (Dixon, 2012). The 

research topic on emotions has attracted numerous scientists, among them mainly 

psychologists, and lately neuroscientists, but as well endocrinologist, sociologist and since 

the last decade also computer scientists. A huge of and almost unobservable amounts of 

books, journals, articles and conferences on emotions have been published or held so far. 

What we all agree upon the experience is that emotions play an important role on information 

processing, planning and decision making (Loewenstein & Lerner, 2003), however, there is 

still no consensus on the definition. The reason could be the diverse meanings of the term 

which is due to the complexity of emotions (Izard, 2010; Lindquist et al., 2013). As Beverly 

Fehr and James Russel claimed, “Everyone knows what an emotion is until one is asked to 

give a definition.” (Fehr & Russel, 1984, S.464). It is hard to give an undoubted and clear 

definition to emotions. Even so, there are some components of emotions, which perhaps help 

people understand what´s emotions (Frijda, 1988; Traue et al., 2013). Table 1 shows several 

components of emotions and some measuring techniques of emotions. 

When an external or internal stimulus induces emotional reactions, the response latency 

periods of different emotional components are not the same. In brief, the central nervous 

system reacts fastest, may take only fractions of seconds, and is followed by a first, quick 
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appraisal. The autonomic nervous system reacts fast but slower than the central nervous 

system, takes from hundreds of seconds to several seconds. The more complicated cognitive 

appraisals and subsequent behaviors may last several minutes (Traue et al., 2013). 

Every emotional component has diverse functions from the perspective of functionalist, e.g., 

cognitions serve to evaluate the stimuli and plan the actions, facial expressions are 

responsible for communication and empathy, psychophysiological reaction balance the 

energy (Witherington & Crichton, 2007). Moreover, functionalist believes that emotions are 

arranged around the functions they serve, rather than a set of facial prototypes, autonomic 

response patterns, or neurological patterns (Witherington et al., 2008). When distinguishing 

different emotional states, the focus is not a characteristic physiological patterning but a 

functional relationship between a person and his environment (e.g., anger functions to clear 

away an obstacle whereas fear functions to avoid a threat). On the contrast, the structuralists 

regard emotional behavior as a consequence of internal states and emphasize the inner 

relationship of emotional components, which is particularly suitable for the purpose of 

differentiating between emotions with pattern recognition processes (Traue et al., 2013). 

The importance of emotion components is emphasized from different perspectives by some 

of the major emotion theories. For instance, the James-Lange theory and the Cannon-Bard 

theory stress that responses within the body play an essential role in forming emotions, 

facial-feedback theory emphasizes that facial expression could affect emotional experience, 

while cognitive appraisal theory highlights that mental activity is important to the emotional 

response (Oatley et al., 2006; Barrett et al., 2016). 

There are mainly two fundamental viewpoints when classifying emotions, the discrete 

emotional model and the dimensional emotional model, respectively. Discrete emotional 

model is the claim that there are a limited number of emotions and there are clear boundaries 

that distinguish one discrete emotion from another. Among them, basic emotions, like 

TABLE 1. The Components and Measurements of Emotions (FACS ≙ Facial Action 

Coding System; AUs ≙ Action Units) 

Emotions 

Components Measurements 

Subjective experience Scales, interview and semantic 

Cognitive assessment Scales, interview and semantic 

Psychobiology Electrophysiological signals 

Facial expressiveness FACS, response time, automatic AUs detection 

Psychomotor behavior (e.g. gestures, body 

movements, attention and focus) 

(Automatic) gesture and body movement 

detection, eye-tracking 
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amusement, sadness, anger, fear, disgust, are most elemental, most distinct and most related 

to survival-critical functions (Ekman, 1992). For the dimensional emotional model, it is 

assumed that each emotion can be represented in a two/three-dimension space, which is 

valence-arousal / valence-arousal-dominance space.  

The dimensional emotional model has been studied by previous and ongoing research in the 

emotion lab of Ulm University within the context of artificial intelligence applications (Tan 

et al., 2012; Walter et al., 2013; Rukavina et al., 2016; Zhang et al., 2015; Hazer-Rau, 2018). 

However, this research has remarkable implications for the methods used in the present study 

undoubtedly, but the present study makes a new attempt on the classification of discrete 

emotions and not the dimensional nature of emotion. It has been proved theoretically and 

empirically that discrete emotions are clearly distinguished on experiential, expressive and 

behavioral grounds (Ekman & Friesen, 1978; Ekman & Cordaro, 2011; Levenson, 2011). 

However, the controversy whether psychophysiological responses distinguished among 

discrete emotions has continued hundred years and is still heavily debated (Friedman, 2010). 

From the perspective of data analysis, the majority of studies in this field have used 

conventional statistical approaches to determine the differences in psychophysiological 

variables (Kreibig, 2010). However, with the development of interdisciplinary cooperation, 

it should improve new technique to verify or overthrow the argument. Hence, the final 

selection of the present study is the discrete emotional model as ground and the machine 

learning technique as the data processing method to explore the distinct physiological 

patterns among emotions. 

1.1.1. Major types of emotion elicitations in experimental designs 

Human emotions are complex and can be elicited by numerous stimulus or events in daily 

life. All of us may have experiences like following: we enjoy a happy encounter with friends, 

but may become envious when our friends live better than ourselves, anger and 

disappointment when they are mistreated, happy but weeping when see our families who 

have not seen for a long time. In the wild under some circumstances, more than one emotions 

are induced simultaneously, which definitely makes the data analysis more difficult. 

Moreover, some devices and apparatus are difficult to transport and installed for signal 

collection. Because it is difficult and challenging to control variables and inconvenient to 

carry equipment in the wild, most researchers go into the laboratory.  

For experimental research in laboratory settings, various methods to elicit emotions have 

been developed as there are external stimuli contain film clips, pictures and music clips, 

while internal stimuli involve imagination, real-life manipulations and autobiographical 

recalls. Researchers have to either adopt one of the above methods or devise their methods. 

In the following, the main elicitation methods and their pros and cons will be elaborated. 

When the method of imagination is utilized to induce emotions, participants are typically 

asked to listen or read a scenario and imagine themselves in that situation. The precondition 

of this method is that participants must be willing to place themselves into the fictional 

scenario, which means this method requires the characteristics of participants, that is, it is 

more suitable for the imaginative participants rather than subjects who are lake of 

imagination (Holmes & Mathews, 2010). The real-life manipulations refer to evoke 
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emotions like in daily life and participants are not even aware that they are in an experiment. 

It seems to elicit strong emotions, however, the ethical issues have to be considered, because 

participants cannot be fully informed about the experiment beforehand (Lench et al., 2011). 

Another method for the emotion elicitation is an autobiographical recall. Participants always 

are required to recall or write a past event which elicited intense emotions. This kind of 

method relies on real experience in daily life, but past emotional events may not induce the 

same intensity of emotional reactions as the current event (Pennebaker & Chung, 2007). 

Regarding the pictures-induced emotions, dimensional emotions derived from the three 

dimensional model (i.e., Valence-Arousal-Dominance model) are usually elicited by the 

International Affective Pictures System (IAPS; Bradley & Lang, 2007). The advantage of 

pictures is that the selected pictures usually have been standardized. However, when the 

focus of a study is discrete emotions, the images are unsuited for eliciting them.  

Music clips are used in many studies for emotion induction (Kim & André, 2008; Bhatti, et 

al., 2016). This method is attractive and the effectiveness for emotion elicitation, which has 

been verified (Juslin & Västfjäll, 2008). The potential disadvantage is that different 

participants have different preferences for music types (e.g., if classical music clips without 

vocals are selected, most of the college participants are perhaps not interested in them.), it is 

difficult to get standardized music materials for eliciting emotions with the same intensity. 

In film elicitation, which is one of the most utilized methods, the participants view several 

brief film clips, which are intended to elicit specific discrete emotions of longer duration 

compared to still pictures. Several film sets have been developed and target emotional states 

can be elicited reliably by them (see Table 2). There are a lot of merits to the use of film 

elicitations. First, film clips are rather short, often from several seconds to a few minutes 

long, and intuitively powerful. They have been standardized by previous researchers, which 

make it easy for participants to engage in the fictional reality and elicit different emotional 

responses efficiently (Gross & Levenson, 1995; Hewig et al., 2005; Rottenberg et al., 2007). 

Moreover, the procedure for clips playing could be standardized across participants. In 

addition, the film elicitation is a multichannel method, i.e., it brings not only visual but also 

acoustic simulation, which has been verified to be one of the most effective ways to induce 

basic emotions by the publication of a meta-analysis (Lench et al., 2011). Because of the 

above advantages, film elicitations have been the most commonly used for emotion 

induction in the laboratory (Kreibig, 2010) and that is why film clips are used in the present 

study for emotion elicitation. Even so, it has to be admitted that film elicitations have several 

potential issues. For example, individual differences and prior experiences with film clips 

could influence participants´ reactions no matter in the perspective of subjective feelings or 

psychobiological changes. In addition, the effectiveness of film clips is often validated by 

subjective ratings. It is not clear whether other emotional components, such as cognitive 

assessment and psychomotor behavior, would response coherence (Lench et al., 2011). 
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1.1.2. Emotion-specific physiological responses 

Emotion-specific physiological responses, are also termed `autonomic specificity of 

emotion´ or `symptom specificity of emotion´ in previous researches, the principle of which 

holds that specific emotional stimuli tend to produce discrete, identifiable and reproducible 

physiological response patterns (Friedman, 2010). This concept originated from William 

James´s paper, which titled “What is an emotion?” and published in 1884 (James, 1884). 

Historically, this proposition is full of controversy. The intent of the present section is to 

review the development of this concept. 

In 1884, William James and Carl Lange developed James-Lange theory independently, 

which was greatly influenced by Darwin´s The expression of emotion in man and animals. 

They proposed that physiological changes evoked by emotional stimuli first, and these 

changes are perceived and followed by a feeling state of emotion. If physiological sensations 

are removed, there would be no emotional experience. James gave an example which 

becomes enshrined in textbooks to explain his theory. If a person encounters a bear in the 

woods, the emotional stimulus of the bear immediately produces the reaction of fleeing, the 

sensory feedback of which generates emotional feelings. Unfortunately, other sentences of 

the theory are generally neglected by the public, e.g., the importance of cognition in emotion 

is also acknowledged by James, but few people pay attention to it (Friedman, 2010). 

Following James´ proposition, we are conscious of a variety of emotional states, thus, the 

various emotions should be accompanied by a variety of differentiable physiological 

changes. Moreover, James stated that the symptoms of the same emotion vary from one man 

to another. Undoubtedly, William James and Carl Lange made a huge contribution to the 

development of studies on emotion. But it has to be admitted that their theory exists several 

limitations. First, there was not a practical means to test the theory in James´ time. Further, 

the theory can be applied merely to the relatively pure emotions, e.g., fear, anger and 

surprise, rather than complex and blend emotions.  

Several years after James´s death, as a challenge and alternative to the James-Lange theory, 

Cannon-Bard theory was developed by Walter Bradford Cannon and Philip Bard in 1915 

(Cannon, 1915). It claimed that the physiological changes and subjective feeling of emotion 

TABLE 2. Systematically Aalnalysed Film Sets for Emotion Elicitation (English and 

German) 

Researchers Year Induced Emotions Amount Language 

Philippot 1993 happiness, fear, disgust, 

anger, sadness and neutral 

12 (2 for each) English 

Gross and 

Levenson 

1995 amusement, anger, 

contentment, disgust, fear, 

sadness, surprise and 

neutral 

16 (2 for each) English 

Hewig et al. 2005 amusement, disgust, fear, 

sadness, anger and neutral 

12 (2 for each) German 

Rottenberg et 

al. 

2007 Amusement, anger, 

disgust, fear, sadness, 

surprise and neutral 

18 (4 for amusement,  2 for 

anger, 3 for disgust, 2 for fear, 3 

for sadness, 2 for surprise and 2 

for neutral) 

English 
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are separate and independent. Autonomic responses are not necessary for emotional feelings. 

Their assertion was tested by an experiment on cat. When provoked the afferent nerves of 

the sympathetic branch of the autonomic nerves system, these cats also showed some 

emotional behaviors. In Cannon´s opinion, there are two typical behavioral options (fight or 

flight) when a person encounters an environmental threat: 1) attack, which is also known as 

fight response, is often accompanied with anger; 2) fleeing, which is also called flight 

response, is always along with fear. The physiological changes which are regulated by the 

autonomic nervous system during the fight or flight response are activated indiscriminately 

for giving the body increased strength and speed, not for causing emotion. What´s more, 

Cannon believed that physiological changes are too general to be tied with a specific 

emotion, that is, similar visceral patterns can be associated with different emotions. For 

example, the same physiological responses such as increased heart rate, sweating, widening 

of the pupils can be linked to the emotion of fear or anger. Instead, the role of the control by 

the central nervous system activity in the brain was emphasized in their theory (Cannon, 

1927, 1931). 

The debate on autonomic response specificity of emotion never suspended. Instead, after the 

above two theories were proposed, the study on distinct physiological responses of emotions 

began to attract more and more attentions of researchers. In the 1950, the most noteworthy 

study which challenged Cannon-Bard theory empirically is made by Albert Ax in 1953 (Ax, 

1953). In his study, Physiological signals from eight channels were recorded for 

distinguishing fear and anger, the electrocardiogram, the ballistocardiogram, respiration, 

face and finger skin temperatures, the skin conductance, muscle potential index from the 

frontalis muscle, systolic and diastolic blood pressures, respectively. The result 

demonstrated distinct autonomic response patterns among these two emotions. The 

landmark study could be viewed as a new paradigm in the field of emotional 

psychophysiology, because of the innovative use of electrophysiological recordings for 

handling of emotion states in the lab. 

In 1962, Stanley Schachter and Jerome E. Singer revised James-Lange theory and created 

two-factor theory of emotion, which states that emotion is based not only on physiological 

changes but also on cognitive label (Schachter & Singer, 1962). They admitted that 

physiological changes are very important to induct an emotion, but the state of physiological 

arousal alone is not sufficient, cognitions must be used to interpret the meaning of 

physiological reactions to outside events. It means that undifferentiated physiological 

activity can produce distinct emotions depending on the discriminative cognitive appraisals 

on environmental context. This hypothesis was verified by a classical experiment, in which 

subjects were noticed that they would be injected a kind of vitamin compound in order to 

find out how it affected on the vision. In fact, epinephrine, which is a sympathomimetic drug 

or placebo was injected to different participants. For the participants who were injected 

epinephrine, a part of them were informed the consequence of the epinephrine correctly 

(group of EpiInf), some of them were told nothing about the effect (group of EpiIgn), others 

were misinformed (group of EpiMis). Then, all subjects were placed into a euphoric situation 

or an angry one. Comparing with other groups, the participants who were informed correctly 

felt the least euphoria or anger. In contrast, participants who had no explanation of the reason 

for their bodily sensations, were more susceptible to the confederate. This experiment 
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supported the hypothesis of Schachter and Singer. However, in the next few years, the issue 

of the experiment, especially the non-repeatability, had been debated widely (Plutchick & 

Ax, 1967; Marshall & Zimbardo, 1979). Nevertheless, the claim of ANS specificity seems 

to fell into decline until 1980s due to the influence of two factor theory of emotion (Levenson 

et al., 1992). 

The study about autonomic specificity of emotion rebounded with the publication of 

Autonomic nervous system activity distinguished among emotions in the eminent journal 

Science (Ekman et al., 1983). Two methods, which are facial action task and relived emotion 

task, were utilized for elicitation of six target emotions, which are surprise, disgust, sadness, 

anger, fear and happiness. Five physiological parameters were recorded during both tasks, 

which are heart rate, left-hand temperatures, right-hand temperatures, skin resistance and 

forearm flexor muscle tension. The results showed that the autonomic responses produced 

distinguished not only between positive and negative emotions, but also among negative 

emotions. One of the most important innovations in this study is the continuous measure for 

the autonomic activity. Further, a significant inference could be concluded from this study, 

which is “facial feedback hypothesis”. It means that the feedback from facial muscles 

perhaps plays a crucial role in generating the distinct autonomic responses, independent of 

cognitive appraisal. Following the upsurge of this field, numerous researchers reviewed the 

studies on emotion-specific autonomic responding and had surprisingly different 

conclusions (Levenson et al., 1992; Zajonc & McIntosh, 1992). In order to reconcile the 

contradiction, John T. Cacioppo et al. gave an intermediate view which was verified by meta-

analyses (Cacioppo et al., 2000). They reviewed the previous studies first and then proposed 

a continuum of physiologic specificity for emotions. At one end of the continuum, discrete 

emotional feelings result from the perception of distinct somatovisceral patterns. At the other 

end of the continuum, the apperception of undifferentiated physiological arousal generates 

discrete emotional experiences. What´s more, they found opposite responding patterns under 

different induction paradigms and further noted context-specific effects of ANS activity in 

emotion. However, the study is not perfect because of a limited amount of studies in the 

meta-analyses and the univariate nature of the meta-analytic approach. The authors of the 

meta-analyses also admitted that discrete emotions may differ in autonomic patterns even if 

they do not differ in single variables (Larsen, 2008). Moreover, there is another mild 

objection against physiological specificity of emotions, which proposed by Stemmler. His 

viewpoint is that the somatovisceral activation is affected not only by emotions but also by 

contexts. The somatovisceral activation during emotions embodies action tendencies rather 

than emotions (Stemmler, 1984, 1989). Several valuable studies have been done by him and 

his groups and empirically confirm his statement. In these researches, two or three emotions 

were induced normally under two different contexts and the changes of psychophysiological 

responses were compared among them (Stemmler et al., 2001; Comtesse & Stemmler, 2016, 

2017). The influence of context was also taken into account in the studies of Kreibig et al. 

and Walter et al. (Kreibig et al., 2007; Kolodyazhniy et al., 2011; Walter et al., 2013). The 

studies of Kreibig focus on the autonomic responses of fear and sadness. Two sets of film 

clips were utilized for emotion elicitation. Hrabal et al. created a Wizard-of-Oz mental 

trainer scenario and conducted the experiment twice for comparing the differences (Walter 

et al., 2013). 
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With the development of affective computing, a new method named machine learning (ML) 

is utilized to classify the physiological variables for emotion recognition. Across diverse 

emotion induction contexts, the experimentally induced emotions can be distinguished by 

the physiological patterns when using ML (Kim & André, 2008; Böck et al., 2012; Schels et 

al., 2013). The affective computing will be introduced in 1.2 and machine learning will be 

introduced in 1.3. 

1.2 Affective Computing 

Affective Computing is computing that relates to, arises from, or deliberately influences 

emotion or other affective phenomena (Picard, 1997). It is an emerging interdisciplinary 

field which brings researchers together, ranging from computer science to psychology, from 

social science to cognitive science. This concept is originated with R. W. Picard´s paper on 

affective computing in 1995. The journal of this field “IEEE Transactions on Affective 

Computing (IEEE TAC)” is an indicative of the burgeoning research and promise of 

affective computing. There are diverse directions on affective computing studies (e.g., it 

includes theories on how affective factors impact interactions between humans and 

technology, how affect sensing and affect generation techniques inform our understandings 

of human affect, and the design, execution, and evaluation of systems that involve affect.). 

Overall, collecting data related to emotion is not new, the key of affective computing is how 

technology can measure, communicate, adapt to, be adapted by, and transform emotion and 

how we think about it (Calvo et al., 2015). 

Emotion classification is one of the most important tasks in the field of affective computing. 

It will benefit to users and give them a good experience during the interaction between 

human and system, if the system is able to recognize their emotions. According to the 

elicitation methods, it can be divided into induction by music, pictures, video clips et al. In 

terms of signals, it can be separated into emotion classification based on facial expression, 

speech, posture, physiological signals, EEG et al. Besides these models treated 

independently, multimodal emotion classification is being paid more and more attentions by 

the researchers. The techniques for emotion classification are about machine learning, which 

will be introduced in 1.3. 

1.3 Machine Learning and pattern recognition 

Machine learning is the science of getting computers to learn without being explicitly 

programmed, which contains many intelligent activities that could be transferred from 

human to machine (Samuel, 1959). The technique has been used in many computing tasks 

where designing and programming explicit algorithms is impracticable, e.g. spam filtering. 

From the perspective of psychology, pattern recognition refers to a cognitive process that 

compares the information from a stimulus with knowledge retrieved in the long time 

memory. With the development of computer science, the cognitive process in the human 

brain could be imitated by several advanced algorithms in the artificial intelligence, and 

gradually, the pattern recognition becomes a branch of machine learning. 
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Machine learning or pattern recognition can be viewed as an intelligent system, which learn 

the patterns and regularities from training data, build a model through learning phase, then 

test the performance of the model by testing data, in order to predict or classify the new data. 

If the training data has correctly identified observations, it is supervised learning, such as 

“regression” and “classification” problems. If no labels are given to the learning algorithm, 

it is unsupervised learning, e.g. “cluster” problems. Between these two it is semi-supervised 

learning.  

Both the “regression” problem and the “classification” problem are mature and widely used 

examples in the supervised learning. However, they appear to differ in their types of output. 

The output value of “regression” problem is a real number, whereas classification attempts 

to identify a new object or observation to one of a given set of categories, i.e. the output of 

“classification” problem is a discrete value. The schematic diagram for the process of 

classification is shown in Fig.1. First, a large number of feature vectors with known category 

labels are put in and various feature selection methods and classification algorithms are 

processed to train and validate a model. Then, several feature vectors with unknown category 

labels are utilized for testing the obtained model and getting the corresponding labels.  

In a classification task, the property of an object or observation is termed as the feature and 

a feature vector means a vector that contains information describing an object’s important 

characteristics. For example, in image processing, the observations are pictures. The features 

could be color components, length, gradient magnitude, gradient direction et al. The relevant 

features means the features contribute to problems to be solved, which would be selected by 

a series of feature selection methods. Features could be binary, categorical, ordinal, integer-

valued or real-valued. A classifier is a system that inputs (typically) a vector of feature values 

and outputs a single discrete value, i.e. the class (Domingos, 2012). In Fig.2, the phases for 

designing a classification system are illustrated.  

 

Figure 1: The schematic diagram for the process of classification (adadapted from Gruss, 

2015 with permission by Sascha Gruss). 
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As is shown in Fig. 2, each phase is not independent. They are interrelated and 

interdependent. It is rather remarkable that, the feature extraction is different from the feature 

selection. Feature extraction is always related to dimensionality reduction and new features 

creation, but feature selection is focus on selecting a subset of the features. Common 

methods for feature selection include: Forward Selection Method, Backward Selection 

Method and Brute Force Selection Method (see section 1.2.1). Common classification 

methods involve Logistic Regression (LR), k-Nearest Neighbors algorithm (kNN), Support 

Vector Machines (SVMs), which will be introduced in section 1.2.2. 

1.3.1 Classification methods 

When machine learning is supposed to be used in an application, the first concern is the 

disconcerting variety of learning algorithms available. For the purpose of suitable learning 

algorithms selection, the basic knowledge on classifiers has to be mastered in advance. 

Therefore, in this chapter, first, Logistic Regression (LR), k-Nearest Neighbors algorithm 

(kNN), Artificial Neural Network (ANN) and Support Vector Machines (SVMs) will be 

introduced briefly. Then the reason that SVM is applied in this dissertation will be explained. 

Logistic Regression (LR) 

Logistic Regression (LR) is a linear classifier. It comes up with a probability function, 

logistic function, which will give us the chance for an input to belong to anyone of the several 

classes. The logistic function, i.e. sigmoid function, is an S-shaped curve, which is illustrated 

by the Matlab R2014a in the following picture (see Figure 3.). 

 

 

Figure 3: The logistic function. 

 

Figure 2: The phases for designing a classification system within machine learning. 
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The mathematical expression of logistic function: 

ℎ𝜃(𝑥) = 𝑔(𝜃𝑇𝑥) 

𝑧 = 𝜃𝑇𝑥 

𝑔(𝑧) =
1

1 + 𝑒−𝑧
 

Before choosing the appropriate theta, the cost function has to be introduced first. 

𝐽(𝜃) =
1

𝑚
∑ 𝐶𝑜𝑠𝑡(ℎ𝜃(𝑥(𝑖)), 𝑦(𝑖))

𝑚

𝑖=1

 

𝐶𝑜𝑠𝑡(ℎ𝜃(𝑥(𝑖)), 𝑦(𝑖)) = {
− log(ℎ𝜃(𝑥)), 𝑖𝑓𝑦 = 1

− log(1 − ℎ𝜃(𝑥)),   𝑖𝑓𝑦 = 0
 

 

 

The purpose is to minimize the cost function and find out those values of theta, so that ℎ𝜃(𝑥) 

is close to y for the training examples (x, y). The Gradient Descent algorithm could be used 

for it. Once the suitable theta is determined, the result of sigmoid function will show the 

probability being one of classes. 

The logistic regression is a basic machine learning algorithm and is commonly applied to 

many industry problems, e.g. judging a spam email, speech recognition. 

Artificial Neural Network (ANN) 

The artificial neural network (ANN), which is also used as an effective machine learning 

algorithm, is a computational model that is inspired by the structure and functional aspects 

of biological neural networks. Normally, a neural network consists of several layers: an input 

layer, n hidden layers and an output layer. The input vector is being applied to the input layer 

and passed through all hidden layers to the output layer, which eventually produces a result. 

Artificial neurons and connections commonly have a weight that adjusts as learning proceeds. 

A parameter wij weights the strength of the connections between the nodes. Mostly, an ANN 

is an adaptive system that varies its structure based on external or internal information that 

flows through the network during the learning phase (Schalkoff, 1997).  

Without a learning algorithm, an ANN is nothing but a transformation function that maps 

input vectors to the outputs. But when supplemented with a learning algorithm, an ANN can 

learn to produce a desired output (here is the class label) using a set of training vectors. In 

the present work, only the supervised learning method was used. One of the common used 

supervised learning methods is called back propagation algorithm, which consist of two 

phases: propagation and weight update. The two phases are repeated until the performance 

of the network is good enough. The process is like below: the training vector set is 

propagated through the Neural Network and yields an output at the output layer. An error 

vector is generated through the comparison between the actual output and the anticipated 

output, which is then propagated backwards through the Neural Network from the output 

layer to the input layer and adjust changes in the connection weights of the neurons. Then, 

the weights are being adapted step by step, after repeating the above process for a sufficiently 

large number of training cycles, the network will converge to some state where the error of 
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the calculations is the global minimum and the actual outputs will be infinitely close to the 

expected out of the training output vector set. 

There are two typical kinds of artificial neural networks: the feed-forward networks and 

recurrent networks. In feed-forward Neural Networks, there is only a connection between 

each neuron of the lower layer to each neuron of the higher layer. The information moves in 

only forward, without any cycles or loops. One of the typical feed-forward artificial networks 

is named the multilayer perceptron (MLP). It consists of at least three layers of nodes, with 

each layer fully connected to the next one. It always utilizes back propagation for training 

the network and applies a logistic function as an activation function. In contrast, there are 

direct connections, indirect connections and lateral connections in the recurrent Neural 

Networks. That is, the neurons of a recurrent network can be connected arbitrarily. This kind 

of network could simulate biological systems better than the feed-forward one (Walter et al., 

2013).  

The initial intention of ANN approach was to simulate the human brain and solve problems 

in the same way as a human brain would. Modern ANNs have been utilized on diverse tasks, 

like machine translation, social network filtering and so on. 

 

K-Nearest Neighbors algorithm (kNN) 

K-Nearest Neighbors algorithm (kNN) is a type of lazy learning. The lazy learning doesn’t 

hurry to get a generalized model but storing the samples simply until a query is made for the 

system. The target function of it is approximated locally, thus the lazy learning system is 

able to solve numerous problems at the same time and handle the changes in the problem 

domain successfully. However, it requires large space to store the complete training database 

and the evaluation process is usually slow because it needs to compute distances from each 

training sample. A large datasets with few attributes can get the most benefits from it. K-

Nearest Neighbors algorithm, along the lines of its name, the nearer neighbors contribute 

more than the more distant ones. It is based on learning by comparing a given test example 

with training examples that are similar (i.e. near) to it. The training examples are described 

by n attributes. Each example in the training set represents a point in an n-dimensional space. 

In this way, all of the training examples are stored in an n-dimensional pattern space. When 

given an unknown example, a k-nearest neighbor algorithm searches the pattern space for 

the k training examples that are closest to the unknown example. These k training examples 

are the k "nearest neighbors" of the unknown example, which is the origin of the name of 

the K-Nearest Neighbors algorithm. "Closeness" is defined in terms of a distance metric (e.g. 

the Euclidean distance, the Camberra Distance et.al.). Then the unknown example is 

classified by a majority vote of its neighbors, with the example being assigned to the class 

most common amongst its k nearest neighbors (k is a positive odd number, typically small. 

In the practice, a k-value between 3 and7 is quite suitable). The basic k-Nearest Neighbor 

algorithm consists of two steps. Firstly, the k training examples that are closest to the unseen 

example need to be found. Then, the most commonly occurring classification for these k 

examples should be taken as the label of the unseen example (Cover, 1967; Larose, 2005). 

An intuitive description is shown in the following picture. 
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There are two classes, blue round and red triangle, respectively. It is already known that the 

new object, the green star belongs to either of two classes. The question is which class does 

the new object actually belong to? How does the kNN algorithm work for the classification 

in this case? Determining the k is the first step to answer these questions. As mentioned 

before, k is usually a small odd number. If k = 3, as shown in the black circle in the Figure 

4, the nearest three neighbors of the green star are two blue rounds and one red triangle. 

Therefore, the new object is assigned to the category of blue round. If k = 7, as shown in the 

purple circle in the Figure 4, the nearest seven neighbors of the green star are four red triangle 

and three blue round. Unlike the previous result, the new example is assigned to the category 

of red triangle for the reason that red triangles are more than blue rounds in the purple circle. 

The classification result is affected by the value of k. 

Support Vector Machine (SVMs) 

Support vector machines in machine learning are commonly used supervised learning 

models. The goal of a Support vector machine (SVM) is to find a distinctly determined 

optimal hyperplane H*; which has the maximum margin for two classes to be separated. The 

optimal hyperplane should have the largest distance to the nearest training data points of any 

class. For this purpose, given a set of training examples, each known object or pattern is 

marked as belonging to one or the other of two categories in a vector space. By means of 

efficient optimization algorithms, those feature vectors are determined which have the same 

distance to H*. With the help of these few vectors, which is called support vectors, the 

optimal separating hyperplane is clearly defined and spanned. Then, the hyperplane 

functions as a decision function for SVM for classifying an unknown pattern, which means 

new examples are mapped into the space that trained by the known pattern and predicted to 

belong to a category based on which side of the hyperplane they fall. The simplest example 

is the linearly separable situation for two classes (see Figure 5) 

 

 

 

 

Figure 4: An intuitive illustration for K-Nearest Neighbors algorithm. 
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As is illustrated in Figure 6, there is a case of two linearly separable classes. For the most 

problems like above, the SVM is able to solve them well. Since SVM pursues the approach 

of combining the advantages of linear and nonlinear models, it is also a suitable solution for 

nonlinear separable problems. 

When the objects or patterns cannot be linearly separated in their original vector space, 

which means the input space, they will be transferred by the SVM with a kernel function φ 

into a higher-dimensional space until they can be separated as in the linearly separable 

situation.  

The kernel represents an important nonlinear transformation of the vector space, since a 

linear classifier can be applied to non-linearly separable data through it. There are different 

types of kernels (e.g. the linear, the polynomial, the radial basis function, the sigmoid kernel 

 

Figure 6: Representation of different separable classes. Left: Linear separable classes. Right: 

nonlinear separable classes. In this situation, the two classes can only be separated by an oval circle 

(shown in black). X, Y ≙ Characteristics of objects of classes A (blue) and B (red). 

 

Figure 5: A linearly separable situation for two classes and the method of determining the 

optimal hyperplane. Left: Different separating hyperplanes H1, H2 and H3; Right: Optimal 

hyperplane H * of the Support Vector Machine, which is spanned by the associated support vectors 

and has the maximum margin. X, Y ≙ Characteristics of objects of classes A (blue) and B (red) 

(adapted from Gruss, 2015 with permission by Sascha Gruss). 
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and so on), which could be finely adjusted by a variety of internal parameters. It is really 

challenging for a certain problem to find a suitable kernel. Once the feature space is got, in 

which the classes can be separated linearly, the next step is to search for the optimal 

hyperplane H* with the associated support vectors. When the H* is found, it is returned with 

all objects to the original vector space finally. The found linear hyperplane in the feature 

vector is transformed into a curved surface in the original vector space, which separates all 

objects into two classes correctly (see Figure 7). 

There are two important training parameters (C and gamma) in the SVMs algorithm. The 

parameter C controls the generalization ability of the model, which is the penalty parameter 

of the error term. The higher the value of C is, the more it cannot tolerate errors, the much 

easier the over-fitting happens. The smaller the value of C is, the easier the underfitting 

happens. The parameter gamma comes with the SVM model when a RBF function is chosen 

as the kernel. It controls the degree of nonlinearity of the model. Gamma is inversely related 

to sigma, i.e. the higher the value of gamma, the lower the value of sigma, thus the less 

spread or the more nonlinear the behavior of the kernel. Therefore, determining suitable 

values for C and gamma is a critical step for the model of SVM (Suthaharan, 2016; 

Schölkopf et al., 2002). The method for searching C and gamma will be introduced in the 

following section. 

1.3.2 The performance of a classifier 

The performance of a trained machine learner is usually measured by its classification rate 

on test set, which can be considered as a criterion how a classifier is able to match an 

unknown pattern to a class properly. The classification rate is also called classification 

accuracy or recognition accuracy, which is given as a percentage. For example, if there is an 

accuracy of 80%, it assigns the unknown object to the correct class in 8 out of 10 cases. 

The calculation method of the classification rate is the ratio of the number of correctly 

assigned validation/test vectors to the total number of all validation/test vectors. The 

 

Figure 7: An illustration how a Support Vector Machine works with non-linear separable 

classes. (1) Transformation of the class objects by a suitable one Kernel Φ from the original space 

(input space) to a higher-dimensional space (feature space) in which it is linearly separable and 

determining the optimal hyperplane H * in the feature space at the same time. (2) Inverse 

transformation of all class objects with H * from the feature space into the original vector space. 

Now, the linear hyperplane H * in the feature space is no longer linear in the original vector space, 

which separates all objects into two classes correctly. (adapted from Gruss, 2015 with permission 

by Sascha Gruss) 
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definition of a validation/test vector is a feature vector with associated class label, which is 

not used for the training of the classifier, but is utilized for the validation/test of the model. 

Several validation/test vectors with different labels are described here as validation/test set. 

Both the validation set and the test set are independent of the training set, but follow the 

same probability distribution as the training set. The difference between them is that the 

validation set is utilized to compare the performances of the candidate classifiers trained by 

training set and optimize the hyperparameters of a classifier. Accordingly, the classifier with 

optimized hyperparameters and best performance can be initially determined. While the test 

set is used to obtain the performance of the final model with totally unseen examples. It is 

worthwhile to note that the feature vectors used in the testing cannot be utilized for training, 

if the model is expected to generalize to other unseen examples. Otherwise, the problem of 

over-fitting will be encountered. The over-fitting in machine learning means a model that 

has learned too closely or exactly to the training set, but has poor fit with new unseen 

datasets. When training a model, the accuracy is expected to maximum on the training set. 

However, the performance of the model refers to its ability perform well on unknown data. 

If the feature vectors are used both in the testing and training, the model is thus too perfectly 

adapted to its training data and is therefore no longer able to generalize. It loses the quality 

of good generalization, but it is fundamental to viable models. The opposite problem is 

underfitting. It usually occurs when a model is too simple. Then underfitting tends to have 

less variance but more bias towards wrong outcomes whereas the over-fitting tends to have 

more variance but less bias in their predictions. The trade-off between high bias and high 

variance is a key concept to build a model that has good performance (Dietterich, 1995). The 

situation of over-fitting and the underfitting is illustrated in Figure 8. 

 

For avoiding the over-fitting, the essential method is getting more data. However, in the 

practice, due to limitations of time and cost, only a certain amount of examples can be 

collected and obtained for analysis. When the amount of examples is fixed, there are several 

effective methods for prevent over-fitting. An easy method is removing the irrelevant 

features, thus reducing the number of features for avoiding over-fitting. Another method is 

to select simpler model. If a linear model and a complex model get have similar performance, 

the simple one (the linear model) should be chosen. The SVMs tend to be resistant to over-

fitting, if the regularization parameters are carefully tuned, i.e. parameter C and gamma in a 

 

Figure 8: An illustration of under-fitting, a good fit and over-fitting. Left: under-fitting; 

Middle: a good fit; Right: over-fitting. 
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SVM with RBF kernel. One can reduce the misclassification penalty and try a wider value 

for sigma for preventing over-fitting. 

Detecting the over-fitting is the task before avoiding it. The simplest way is to set aside part 

of feature vectors as the test set. For example, you can randomly choose 40% of the whole 

dataset to be the test set, then, perform the classification on the remainder 60%, which is the 

training set. Subsequently, estimating the performance with the test set, if the model does 

much better on the training set than on the test set, thus, the over-fitting likely happens. 

While, the test-set estimator perhaps has high variance, which means the test-set might just 

be lucky or unlucky. Further, this method wastes 40% data for testing, which means less data 

is utilized to train the model. 

The k-fold cross-validation is another method to detect the over-fitting. It has distinct 

advantages for small sample dataset. The whole dataset is decomposed into k independent, 

equal subsets. Then, the kth subset serves as the test set and the remaining k-1 subsets are 

used to train the model. The process is repeated until each of the k subsets is used exactly 

once as the test set. The highest accuracy on one of the k iterations would not be taken as the 

classification rate of the model, because perhaps it just happened randomly. For example, 

the test set on a particular iteration contains very easy examples, which lead to extremely 

high accuracy. The average of the k results from the k iterations is considered as the final 

result of the cross-validation, which represents the classification rate of the model 

(Domingos, 2012). 

The leave-one-subject-out cross-validation and leave-one-out cross-validation are the 

special cases of the k-fold cross-validation. The feature vectors of one subject is kept aside 

as test set in each iteration in the leave-one-subject-out cross-validation. Hence, the number 

of subsets is equal to the number of subjects. In the leave-one-out cross-validation, the 

number of subsets is the number of available feature vectors. The shortcoming of this method 

is time wasting, because the process has to run for each data point. Table 3 shows the 

advantages and disadvantages of test-set method, 10-fold cross-validation and leave-one-out 

cross-validation for testing the classification performance.  

 

Besides detecting the over-fitting, the k-fold cross-validation is also utilized for the hyper-

parameters optimization. Within each fold, the hyperparameters are fixed and a model is 

trained and learned. After performing the cross-validations with different combinations of 

TABLE 3. The advantages and disadvantages of different methods for testing 

classification performance 

Method Advantages Disadvantages 

test-set cheap high variance, wastes data 

10-fold only wastes 10%, only 10 times more 

expensive instead of n times 

Wastes 10% of the data, 10 times more 

expensive than test-set 

leave-one-out doesn´t waste data expensive 
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hyper-parameters, the one that produce the best performance of the average of the k results 

from k iterations is chosen. Finally, the model has to be rebuilt with the whole dataset 

regarding the hyperparameters determined by the cross-validation (Arlot & Celisse, 2010). 

1.3.3 Feature selection methods 

One of the impact factors for the success of a machine learner for a particular classification 

task is the representative capacity of features. It is not true that the more features selected, 

the better performance obtained. If the extracted features contain too much repetitive or 

irrelevant information, the training becomes more difficult and the learned model cannot be 

optimal. Hence, after extracting a wide range of given features, several methods are utilized 

to eliminate useless and redundant features. Through feature selection, the efficiency and 

speed of the learning algorithm will be increased and the performance of the machine learner 

will be improved (Guyon & Elisseeff, 2003). 

Generally, there are three classes of feature selection algorithms: filter methods, wrapper 

methods and embedded methods. In the following, four common feature selection methods 

will be introduced: the method of correlation coefficient scores, the forward selection 

method, backward elimination method and brute force selection method, respectively (Saeys 

et al., 2007). 

Correlation coefficient scores  

It is one of the filter methods for feature selection. The hypothesis of it is that correlation 

coefficient between two features is higher, the more redundant information they have. Then, 

if the correlation coefficients of several features are very high, keeping one of them for 

further analysis is enough. Otherwise, the consequence of redundant information will be the 

disappointing performance and slow computational speed. 

Forward selection 

The forward selection belongs to the wrapper methods. It starts with an empty selection of 

features and adds each unused feature of the feature set in each round. The performance is 

estimated using a cross-validation for each added feature. Only the feature giving the highest 

increase of performance is added into the selection. Then, a new round is started with the 

modified selection. The iteration stops until there is no increase in performance. 

Backward Elimination 

The backward elimination is one of wrapper methods. In contract to forward selection 

method, backward elimination begins with all candidate features and deletes a feature which 

gives the least decrease of performance in each iteration as long as there is any increase in 

performance. 

Brute force selection 

This method calculates a classification rate for each possible feature combination based on 

a cross-validation. The final selected feature set will generate the highest classification 

accuracy. Theoretically, it is possible to find an optimal feature set which maximizes the 

classification performance. However, it always results in a very long computation time in 

practice. 
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1.4 The state of research on emotion classification based on 

psychophysiological signals 

In this chapter, firstly, several influential prior research on emotion classification based on 

psychophysiological signals is reviewed. Then, based on that, two aspects of previous 

researches in this area are summarized and the directions which can be further studies are 

pointed out. 

R. W. Picard et al. in 1998 initiate to classify emotions based on psychophysiological signals 

by machine learning. 8 emotions, which were neutral emotional state (no emotion), anger, 

hate, grief, platonic love, romantic love, joy and reverence were expressed by an actress 

deliberately. Four physiological signals were measured, which were electromyogram (EMG) 

from the jaws, blood volume pressure (BVP), skin conductivity (SC) and respiration. Six 

features of 4 signals were extracted as the original feature set. Then, three methods were 

utilized for the recognition: sequential floating forward search (SFFS) feature selection with 

K-nearest neighbors, fisher projection on structured subsets of features with Maximum a 

Posteriori (MAP) classification and a hybrid SFFS-Fisher projection method. The leave-one-

out cross-validation was utilized to evaluation the model. It showed that the SFFS attained 

the highest rate for a trio of emotions and the Fisher projection with structured subsets 

attained the best performance on the full set of emotions in the result. Besides, the day 

information was taken into account and a Fisher-based method was therefore improved. As 

a pioneer research, its impact on sequential studies cannot be underestimated. However, the 

obtained model is subject-dependent, which means it may match the participant perfectly 

but doesn´t suit to other new persons (Vyzas & Picard, 1998; Picard et al., 2001). 

It is important to note a series of researches by Jonghwa Kim´s group, which enlighten on 

the follow-up researches. Their studies focus on the music induction method. In 2005, their 

published paper reported some important stages of a fully implemented emotion recognition 

system. In this study, for collecting physiological signals from four-channel biosensors, 

EMG, ECG, SC and Resp. respectively, four targeted emotions, joy, anger, sadness and 

pleasure were elicited by music songs. A total of 32 features from the four signals were 

extracted. After that, several feature selection method (ANOVA, SFS and SBS) and feature 

reduction method (PCA and Fisher projection) were used for obtaining the most relevant 

features. Sequentially, three classification methods (kNN, LDF and MLP) were tested and 

the classifiers were evaluated by leave-one-out cross-validation. The classification rates of 

about 80% can be achieved for all three classifiers and improved up to 92% by applying 

feature reduction method. The highlights of this study is applying the same method to the 

MIT-Dataset and comparing the results between them. Some crucial results were found, e.g. 

the model they obtained was suitable to MIT-Dataset and the similar classification rates were 

achieved. Further, it was easier to distinguish emotions along the arousal axes than along the 

valence axes. However, it is difficult to draw a conclusion that the obtained model has the 

universality, there is only one subject available in the MIT-Dataset after all and it has to be 

admitted that the physiological reactions are highly user-dependent. In 2008, Kim´s group 

further improved their research. The dimensional emotions (positive/high arousal, 

negative/high arousal, negative/low arousal and positive/low arousal) were elicited by songs 



Introduction 
 

20 
 

which were selected by 3 male subjects themselves. The signals of EMG, ECG, SC and RSP 

were recorded and a total of 110 features were extracted from them. Then SFS feature 

selection method combined the extended linear discriminant analysis (pLDA) and leave-

one-out cross-validation method was utilized for the analysis. The correct classification ratio 

(CCR) of subject-dependent classification varies from subject to subject. The CCR for 

subject-independent feature set is 65%. In this research, they developed a novel scheme of 

emotion-specific multilevel dichotomous classification (EMDC). The classification 

accuracy of 95% and 70% for subject-dependent and subject-independent feature set were 

improved by using the EMDC scheme. It is noteworthy that the researchers built a subject-

independent feature set, where the features of all of the subjects are simply merged and 

normalized, and intended to builda subject-independent system. However, due to the small 

sample of subjects, there is no separated test set for evaluating the final model. Besides, the 

leave-one-out, a subject- and stimulus-dependent cross-validation was utilized during the 

model selection period, it is reasonable to doubt whether the model they obtained is able to 

generalize to other unseen data (Kim et al., 2004; Kim & André, 2008). 

The studies of Sylvia D. Kreibig et al., which focus on the classification of film-induced 

emotions, have to be mentioned. Two classes of emotion, fear and sad, were determined to 

be the focus of their study, after reviewing the literatures on autonomic nervous system 

activity in emotion exhaustively. Firstly, the autonomic patterns were identified by 

traditional statistical analysis and an exploratory classification was done by the pattern 

classification analysis (Kreibig et al., 2007). Then, an affective computing approach was 

utilized in the further study (Kolodyazhniy et al., 2011). The autonomic responses, 

respiratory and facial muscle activity were recorded while 34 participants were watching 

two sets of three 10-min film clips (fearful, sad, neutral ones) and the original 14 features 

were extracted from these phychophysiological signals. Four different types of cross-

validation were utilized for relevant feature selection, model selection and final classifier 

evaluation, which are subject- and stimulus-dependent, subject-independent, stimulus-

independent, subject- and stimulus-independent cross-validation, respectively. Finally, the 

classification algorithms (LDF, QDA, MLP, RBFN and kNN) combined with different 

feature subsets (most frequent features, five common features and all 14 features) were used 

to build models and obtain the classification rates. The results indicated that the nonlinear 

models were able to provide the same or a higher level of classification accuracy with a 

smaller number of features. The strengths of this study are relatively comprehensive 

physiological signals, various cross-validation methods and the comparison between non-

linear and linear models. However, the limitations are limited classes of emotion, limited 

sample size with a narrow age range and without unknown subjects as test set. 

Furthermore, researches on emotion classification based on dimensional emotional model in 

our laboratory are noteworthy. For providing a natural verbal interaction between human 

and computer, an innovative Wizard-of-Oz mental trainer was designed for eliciting 

dimensional emotions and conducted twice for selecting stable features across contexts. 

Several important results were obtained: emotions can be classified well by extracting the 

appropriate psychophysiological features, but the robust features are not the same as those 

extracted only on the first round (Walter et al., 2011, 2013; Böck et al., 2012). 
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From the above studies, several characteristics can be outlined. Firstly, the main direction of 

studies in this field transfers from the subject-dependent scenario to the subject-independent 

one. Further, the classification accuracies of existing subject-independent models cannot be 

satisfied and few of them have been tested by a separated test set with totally unseen data. 

Hence, it is uncertain that the existing subject-independent models are really reliable and 

able to generalize to a new user. Further, although, in recent years, the factor of individual 

differences attracts researchers´ attention and has been taken into account as a measure to 

improve the performance of subject-independent model, only a few aspects, such as gender, 

age and sexual hormones have been considered and tested (Bailenson et al., 2007; Rukavina 

et al., 2013, 2016). 

Besides, the trapezius EMG activity seems to be ignored in the previous studies on basic 

emotion classification. It has been seen as an effective indicator of mental stress and pain 

undoubtedly (Mathiassen et al., 1995). In the innovative studies on autonomic pain intensity 

classification, tEMG signal is also emphasized and recorded as the foundation of the 

classification task (Gruss et al., 2015). But in the field of basic emotion classification, few 

researchers have been paid attention on tEMG signal. Even though the EMG activity of the 

trapezius has been proved to connect with the expression of anger and fear, the researchers 

studied on basic emotion classification prefer to choose other psychophysiological signals, 

e.g. facial EMG, SCL, ECG and Resp. (Huis in ‘t Veld, 2014; van Boxtel, 2014). 

The above-mentioned researches are relatively representative. Based on these precious 

previous studies, the hypotheses of the present study are proposed in the chapter 1.5. 

1.5 Aims of this dissertation 

In the present study, with the help of machine learning, an effective system is intended to 

establish, which is able to classify six classes of basic emotion, though the features derived 

from physiological signals. 

Specifically, the following questions are expected to answer: 

 

Does the Support Vector Machines suit to basic emotion classification task based on 

psychophysiological signals? 

 

Is there a small amount of features which are able to build an effective emotion classification 

model? 
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CHAPTER 2 

MATERIAL AND METHODS 

In this chapter, the methods and equipment for the recording of psychophysiological signals, 

followed by the film clips for the elicitation of five basic emotions will be introduced first. 

Moreover, the design and procedure of the experiment will be elaborated. Last but not least, 

there will be a brief introduction to the methods for preprocessing the psychophysiological 

signals, extracting and selecting features in the study. 

2.1 Participants 

94 subjects participated in the experiment in total, which had been recruited from three non-

overlapping age groups: group 1 (18-35 years old, 35 subjects, consisting of 16 men and 19 

women), group 2 (36-50 years old, 31 subjects, consisting of 13 men and 18 women) and 

group 3 (51-65 years old, 28 subjects, consisting of 15 men and 13 women). The subjects of 

group 1 were recruited through notices which were posted at the Ulm University and at the 

same time, participants of the other two groups were searched through local newspapers. 

According to their written statements before the experiment, all of them are healthy, i.e., 

without any affective or related disorders (Zhang et al., 2016). The sub-experiment on film-

induced emotions in the present study was a part of the entire experiment, which included 

sub-experiment on pain, sub-experiment on picture-induced emotions and the present one. 

The entire experiment took 2-3 hours per participant. Hence, it took six months in total for 

data collecting. 

After inspecting the psychophysiological signals and video data, the data of 8 subjects were 

excluded and a total sample size of 86 subjects were taken into account because of the 

irreparable EMG signal gaps as well as the problems of video recordings. Moreover, six 

subjects were randomly selected and set aside exclusively for the final test. Thus, the data 

TABLE 4. The overview of sample size 

Age 

Group 

80 Subjects 6 Subjects 

female male female male 

18-35 
14 

(X̅ ± Std. = 23.79 ± 2.20) 

13 

(X̅ ± Std. = 24.46 ± 2.40) 

1 

27 years old 

 

1 

20 years old 

36-50 
14 

(X̅ ± Std. = 41.07 ± 4.58) 

12 

(X̅ ± Std. = 41.83 ± 4.97) 

1 

45 years old 

 

1 

46 years old 

51-65 
13 

(X̅ ± Std. = 58.31 ± 5.12) 

14 

(X̅ ± Std. = 58.71 ± 4.98) 

1 

63 years old 

 

1 

61 years old 
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points of the rest 80 subjects in total were utilized for model training and validation (see 

Table 4). 

For each subject, there were 26 feature vectors per emotional state (amusement, sad, anger, 

disgust, fear or neutral state). A feature vector contained 50 features after the correlation 

checking (25 SCL features, 23 tEMG features and 2 ECG features). Hence, it led to a number 

of 80 × 26 = 2080 feature vectors per emotional state, which were included in the training 

and learning phase of classification processes to figure out a suitable model. A number of 6 

× 26 = 156 feature vectors were retained to test the learned models. 

The study was carried out according to the World Medical Association (WMA) Ethics 

Guidelines-Declaration of Helsinki (Ethics Committee: 196/10-UBB/bal). 

2.2  Measured psychophysiological parameters 

For recording all the psychophysiological data of the experiment, a NeXus-32 amplifier from 

the Dutch company Mind Media (http://www.mindmedia.info/CMS2014/) was used. The 

NeXus-32 system is capable of recording 32 channels simultaneously and storing them 

digitally with a resolution of 24 bits. It provides 24 single-channel inputs for 

electroencephalography (EEG), two dual-channel inputs for electromyography (EMG) and 

electrocardiogram (ECG), and four single-channel inputs for peripheral parameters like skin 

conduction, respiratory, blood volume and temperature. According to the product 

introduction, because of the high-quality electronics, the NeXus-32 system is secure to get 

reliable signals with less preparation time. 

Besides, a supplementary software BioTrace+ was used at the same time for the visualizing 

the psychophysiological signals and verifying the functionality or quality of the electrodes. 

It offers an abundance of options to record, process and analyze the psychophysiological 

data (See Figure 9).  

In the present study, the following psychophysiological signals were recorded and analyzed: 

the electromyography of trapezius (tEMG), the electrodermal activity (EDA) and the 

electrocardiogram (ECG). The sampling rate of all channels was set to 2048 Hz. 

 

Figure 9: The technique for recording the psychophysiological signals. Left: The NeXus-32 

system (https://www.mindmedia.com/en/products/nexus-32/, accessed on June 4, 2019); Right: The 

interface of software BioTrace+ (https://www.mindmedia.com/en/products/biotrace-software/, 

accessed on June 4, 2019). 

https://www.mindmedia.com/en/products/nexus-32/
https://www.mindmedia.com/en/products/biotrace-software/


Material and Methods 
 

24 
 

2.2.1 The Electrodermal activity 

The term of the electrodermal activity (EDA) could be served as an index of the conductance 

or potential changes of the skin. EDA is sensitive to psychological or physiological arousal 

because when a person is highly aroused, the secretion of sweat glands increases, which in 

turn increases skin conductance. In this way, EDA can be a measure of emotional responses, 

such as excitement, surprise or stress. 

The electrodermal activity is measured in micro-siemens (µS), which increases when the 

arousal level increases and gradually decreases while subjects are at rest. It can be divided 

into two essential components: the tonic level and the phasic level. The tonic level of skin 

conductance is also called Skin Conductance Level (SCL), which changes slowly and is 

always utilized as an indicator of arousal. The typical range of it is between 2 µS and 20 µS. 

The phasic level of skin conductance (0.05-5 µS), which is also called Skin Conductance 

Response (SCR), is only a small fraction of the SCL (i.e., a small wave superposed upon the 

tidal drifts in SCL) (Hrabal et al., 2012). If the SCR occurs without a specific stimulus, it 

refers to a “nonspecific” SCR (NS-SCR). A “specific” SCR will be elicited probably by a 

novel, unexpected, significant, or aversive stimulus. Normally, the electrodermal activity 

reacts since a delay of 1-4 seconds after a stimulus occurs (Dawson et al., 2007). Comparing 

with other psychophysiological signals, e.g., EEG or EMG, the response latency of EDA is 

much longer (Edgar et al., 2015; Kim et al., 2016).  

There are two kinds of measurements for the purpose of measuring EDA, the endosomatic 

and the exosomatic ones. The present study adopted the exosomatic measurement with direct 

current. For implementing the exosomatic measurement, normally, two Ag/AgCl electrodes 

are placed on the skin and the placements are the thenar eminences of the palms and the 

volar surface of the medial or distal phalanges of the fingers (see Figure 10). According to 

previous studies, EDA from the distal phalange site always gets a better result (e.g., higher 

SCR amplitude and higher SCL) because of a more enormous amount of active sweat glands 

at the location (Scerbo et al., 1992). Hence, in this study, changes of skin conductance are 

 

Figure 10: The placement of electrodes for EDA recording. Position 1 is distal phalanges of 

fingers, position 2 is medial phalanges of fingers and position 3 is thenar eminences of the palms. 

Position 1 is the location for EDA recording in the present study. EDA ≙ electrodermal activity 



Material and Methods 
 

25 
 

recorded by two Ag/AgCl electrodes of the sensor which were fixed by small hook and loop 

fasteners on the distal phalanges of the index and ring fingers (1 in Figure 10). Meanwhile, 

the left hand (the non-dominant hand) was used for EDA measurements because it is less 

likely to have cuts or calluses. The NeXus-GSR sensor, which was designed to measure 

minuscule (1/1000 micro-siemens) relative changes in skin conductance, was utilized for 

EDA recording. 

2.2.2 Electrocardiogram 

The Heart, which is like a pump, is composed of specialized cardiac muscle, namely 

myocardium, which is different from skeletal muscle in the body. The cardiac cycle is chiefly 

driven by the contraction and relaxation properties of the myocardium. The electrical activity 

potentials of the cardiac cycle can be recorded by electrocardiogram with electrodes at the 

body surface. The cycle is consist of two main phases: diastole and systole. The heart pumps 

during systole and is filling with blood during diastole. The cycle is initiated by plenty of 

pacemaker cells located at the sinoatrial node in the right atrium, which spontaneously 

depolarize during the latter part of diastole, rhythmically generate the action potentials and 

trigger the depolarization for the rest of the heart. The wave of depolarization going through 

the atrial muscle corresponds to the P wave in the ECG. In the healthy beat, the P wave, 

which always has positive polarity and the duration of about 80ms, is followed by QRS 

complex that reflects the ventricular contraction and delimits the beginning of systole. The 

duration of QRS varies from 80 to 120ms. About 300ms after QRS complex, a phenomenon 

is seen in the ECG as the T wave, of corresponding with the relaxation of the ventricles and 

the beginning of diastole (Berntson et al., 2008; Reisner et al., 2006). As mentioned above, 

the main electrical signal flows away from the upper right toward the lower left of the body. 

The ECG signal is quasi-periodic and consists of the P wave, QRS complex and the T wave 

(See Figure 11). The most common used characteristics in ECG are heart rate and heart rate 

variability (Agrafioti et al., 2012). 

EDA is mediated by the sympathetic system only, whereas ECG is coordinated not only by 

the sympathetic system but also the parasympathetic system. When an individual encounters 

stress, the sympathetic nervous system is activated and the heart rate accelerates within about 

15 seconds. In contrast, when the parasympathetic nerves system is activated, the effect on 

the heart is mainly decreasing the velocity through the atrioventricular node and decelerating 

the heart rate within a second. 
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In this study, two electrodes of the NeXus-EXG sensor were used for the ECG recording. 

One electrode was placed on the right side of the upper body directly below the clavicle, and 

the other was placed on the left side at the level of the last three ribs (See Figure 11). 

2.2.3 Electromyography 

Electromyography (EMG) is an effective technique for recording and evaluating the 

electrical activity of skeletal muscles. The detail about the generation of an EMG signal in 

the skeletal muscle system is illustrated in Figure 12, which is adjusted from the study by 

Rechy-Ramirez and Hu (Rechy-Ramirez & Hu, 2011). In brief, the EMG signal is the 

consolidation of trains of the motor unit action potential and can be recorded by several 

surface electrodes. The amplitude of an EMG signal can range from 0 to 100µV. Both the 

sympathetic nervous system and parasympathetic nervous system can work on the EMG 

signals. An increase in muscle tone is associated with an increase in the activity of the 

sympathetic nervous system, while a decrease is a result of excitation of the parasympathetic 

nervous system. 

The technology of facial EMG (e.g., EMG for corrugator supercilii and EMG for 

zygomaticus major) has been widely used in the studies of emotion recognition and 

emotional processes for the past 30 years (Künecke et al., 2014; Tan et al., 2011, 2012, 

2016). However, knowledge on body muscle activity, especially on muscles of shoulders 

during the perception or expression of emotion is limited (van Boxtel et al., 2014). 

 

Figure 11: The placement of electrodes for ECG recording (left) and an illustration for 

standard ECG (right). ECG ≙Electrocardiogram; mV ≙millivolt 
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In the present study, the trapezius EMG (tEMG) was measured and considered as an impact 

factor for the emotion recognition. The individual tEMG signal was recorded by special 2-

channel NeXus EXG sensors (www.mindmedia.com). They are able to deliver a pretty clear 

signal through carbon technology combined with active noise cancellation technology. Two 

Ag/AgCl electrodes were fixed on the descending portion of the upper trapezius muscles for 

recording the muscle activity near the shoulder or neck (see Figure 13). This muscle is 

trapezoid-shaped between the spine and shoulder and has the function of the movement of 

the shoulder blade. tEMG has been empirically proved to correlate with stress level and 

negative emotions. Moreover, it can reflect possible head movements during the experiment 

(Wijsman et al., 2010). 

 

 

 

 

 

Figure 12: The generation of EMG signals. EMG ≙Electromyography (adopted from 

Rechy-Ramirez & Hu with permission by Huosheng Hu, 2011, pp. 3) 

 

Figure 13: The placement of electrodes for tEMG recording. tEMG≙Trapezius 

Electromyogram 
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2.3 The experimental procedure 

The psychophysiological data in the present study are taken from a comprehensive 

experiment, which was carried out in the Sonderforschungsbereich/Transregio 62 “Eine 

Companion-Technologie für kognitive technische Systeme” funded by the German Research 

Foundation as a cooperative research program of the University of Ulm, the Otto-von-

Guericke-Universität Magdeburg and the Leibniz-Institut für Neurobiologie Magdeburg. In 

addition, the Ulm project Psychobiological Emotion Recognition (Psychobiologische 

Emotionserkennung) cooperated actively with the Biomedical Engineering Laboratory at the 

University of Uberlândia in Brazil.  

In addition to the experiment about emotion induction through videos based on Hewig et al. 

(Hewig et al., 2005), several sub-experiments were also carried out, mainly involving a two-

part heat pain sub-experiment and an sub-experiment on picture-induced emotion, based on 

pictures selected from the International Affective Picture System (Lang & Bradley, 2008). 

Further, videos were recorded simultaneously from different perspectives for the purpose of 

the analysis of facial expression by the collaborators at Magdeburg. In the present study, the 

focus is the recognition of film-induced, discrete emotions based on the psychophysiological 

signals (see Figure 14). Hence, the pain sub-experiment, the sub-experiment on picture-

induced emotions and video analyzes will not be taken into account. The more information 

about the whole procedure has been described by Walter et al. (Walter et al., 2013). Several 

valuable analyses are involved with the pain sub-experiment for pain recognition and were 

traced in Walter et al.’s, Gruss et al.’s and Werner et al.’s studies (Walter et al., 2014; Gruss 

et al., 2015; Werner et al., 2013, 2017). A further experiment distinguishing emotions from 

pain is described in Thiam et al.’s study (Thiam, 2019). 

 

 

Figure 14: The setting of experiment on film-induced emotion 

 

2.3.1 Film clips for emotion elicitation 

Fifteen standardized film clips were selected in total according to Hewig´s study for inducing 

the following five discrete emotions: amusement, sadness, anger, disgust and fear (three film 

clips for each emotion). Amusement, in the present study, refers to feelings of well-being or 
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pleasurable or satisfying experience. Besides the typical advantages of film clips mentioned 

in chapter 1, the reasons that these clips were chosen from Hewig´s film set are following: 

first, the capacity of these film clips to elicit the target emotion was proven (Hewig et al., 

2005; Zhang et al., 2016), which dispel the concerns about a non-selectivity of the elicited 

emotions (Gross & Levenson, 1995). Second, these clips were translated into German, which 

are suitable for participants whose first language is German. The lengths of the film clips 

vary from 32 to 245 seconds (average length is 68 s). A description of the clips used in the 

dissertation is given in Table 5 (Zhang et al., 2016). 

2.3.2 Setup and the preparation for the experiment 

The experiment on film-induced emotion was carried out in a quiet laboratory environment 

with the controlled illumination. The evenly daylight was imitated by the indoor lighting 

consisted of LED panels and it was consistent for all subjects. Not only the door but also the 

curtains were kept closed for the purpose of keeping the room quiet and blocking the natural 

light during the experiment. All standardized film clips for emotion elicitation were 

displayed on a 19-inch monitor with a resolution of 1440 × 900 pixels. All participants sat 

approximately 1 meter from the screen and were asked whether the volume of film clips and 

the connection of electrodes for the recordings of psychophysiological signals were suitable 

before the actual start of the experiment (Zhang et al., 2016). 
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TABLE 5. Description of the Film Clips (First published in Zhang et al., © 2016 IEEE) 

Target 
Emotion 

Sequence Film title 
Length 

(s) 
Clip Description 

Amusement 1 On Golden Pond 32 
A woman named Ethel is walking 

through the forest while she meets her 
daughter Chelsea. 

 2 
When Harry met 

Sally 
149 

Harry and Sally are old friends. They 
are discussing whether Harry can notice 

it if a woman fakes an orgasm. 

 3 
An Officer and a 

Gentleman 
118 

A man kisses a woman and carries her 
out of a factory. 

Sadness 1 The Champ 245 
A boxer is seriously injured and dying 

while his son enters. 

 2 The Killing Fields 83 
Pran has a weeping farewell with his 

friends. 

 3 
An Officer and a 

Gentleman 
101 

A friend of the couple had already died 
before they find him. 

Anger 1 Witness 91 
A group of Amish is insulted and 

harassed by teenagers. 

 2 Gandhi 128 
Gandhi is treated unfairly and beaten by 

a policeman. 

 3 Cry Freedom 167 
A group of Blacks is attracked and 

some teenagers and children are shot by 
soldiers. 

Disgust 1 The Godfather 66 
The head of a dead and blooding horse 
is found in Jack´s bed when he wakes 

up in the morning. 

 2 Maria´s Lovers 68 Ivan is attacked by a rat while sleeping. 

 3 Pink Flamingos 34 A woman eats a dog´s feces. 

Fear 1 Silence of the Lambs 205 
A young woman follow a dangerous 

and anomalous killer into a dark 
basement. 

 2 Halloween 208 
A woman enters a strange house in the 

midnight, which is full of dead. 

 3 Marathon Man 125 A man is tortured by some people. 
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2.3.3 The procedure of emotion experiment 

The instruction was displayed on the screen to the participant at the beginning of the 

experiment: 

By clicking the ‘next’ button, several film clips will be shown to you. Please express your 

facial expression freely and spontaneously. Don´t try to suppress your emotions. 

For the elicitation of each of the five discrete emotions, three selected film clips were 

demonstrated on the screen sequentially without a pause. After each 3-clip discrete-emotion-

presentation, the participants had to fill in self-assessment-questionnaires. They had to select 

the film with the strongest emotional content and give a rating for valence (ranging from 

unpleasant to pleasant), arousal (ranging from calm to excited/activated), amusement, 

sadness, anger, disgust and fear on nine points´ scales. Following that, the subjects were 

given a pause of 2 minutes while displaying a light-yellowish screen with a small black 

fixation cross for neutralizing any affective state (see Figure 15) (Zhang et al., 2016). 

2.4 The analysis of subjective ratings 

The film clips for emotion elicitation have been standardized and their effectiveness was 

verified by several previous studies (Gross & Levenson, 1995; Hewig et al., 2005). For 

ensuring the effectiveness of film clips on eliciting the emotions in the present study as well, 

the mean and standard deviation of subjective ratings for every discrete emotion induced by 

the film clips were calculated first. Additionally, the hit rate and miss ratio were calculated 

on the basis of the subjective ratings.  

 

Figure 15: The procedure for emotion elicitation (First published in Zhang et al., © 2016 

IEEE). 
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Each participant gave ratings for five discrete emotions after watching a category of film 

clips. For example, after watching the “amusement” film clips, one participant gave “1-9” 

ratings for amusement, sadness, anger, fear and disgust, respectively. The target emotion is 

“amusement” for the “amusement” film clips and the actual elicited emotion is defined as 

the emotion with the highest ratings among these five emotions. The distribution of 

participants according to the actual elicited emotion for each category of film clips was 

calculated. If the actual elicited emotion is the target emotion, it calls hit. Otherwise, it is 

miss. The hit number is equal to the number of participants whose actual elicited emotion is 

the target emotion. The hit rate refers to the hit number divided by the total number, then 

multiply by a hundred percent. For example, 77 participants gave the highest ratings on the 

“amusement” for the “amusement” film clips, accordingly, the hit number is 77 and the hit 

rate is 95.25%. The miss ratio is equal to 1 minus hit rate. In addition, there are some special 

cases. If several emotions were induced with the same highest ratings for a participant and 

these induced emotions include the target emotion, the case was classified to “co-occurrence 

(with target emotion)”. If many elicited emotions with the same highest ratings did not 

include the target emotion, the case was classified to “co-occurrence (without target 

emotion)”. The results of the analysis will be demonstrated in section 3.1.  

2.5 The processing of the psychophysiological signals 

All the following processing phases of psychophysiological signals were processed by 

means of the software MATLAB R2014a (v8.3.0.532, 64-bit). An extended part of the data 

preprocessing and feature extraction was carried out with the help of Dr. Dilana Hazer-Rau 

and Dr. Sascha Gruss in the emotion lab of Medical Psychology at the University of Ulm. 

2.5.1 Preprocessing 

Step 1: 

As is mentioned before, the present study only focuses on the film-induced emotion. Hence, 

only the psychophysiological signals corresponding to this part are extracted. Further, as is 

mentioned in chapter 2.3.3, for each basic emotion, every participant watched three film 

clips and picked only one with the strongest emotional content. For the purpose of 

optimization, the psychophysiological signals corresponding to the clips with the strongest 

emotional contents (five film clips in total) for each participant were extracted.  

Step 2: 

All the psychophysiological data from all the participants were inspected visually for 

artifacts, outliers and ground noise, in order to provide an overview of the quality of the 

measurements. If the records gapped, broken or were very noisy, they were excluded from 

the further processing. The EMG and EDA signals were checked by Dr. Dilana Hazer-Rau 

and Dr. Sascha Gruss and ECG signal was checked by the author. 
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Step 3: 

The original signals are generally a mixture of signals with the actual information and the 

interfering signals. The interferences could originate from other frequencies of signals or 

noise that superimpose the relevant, useful information (e.g., the current interference, 

electromagnetic influences or motions of the subject), and these interferences can be 

suppressed or removed with suitable filter techniques and the preferred parts of the signals 

get to be emphasized at the same time (Vaseghi, 2008). 

Therefore, first, a digital bandpass filtering was utilized for every psychophysiological 

channel. The mixture of high- and lowpass filters ensures that the vital frequency ranges of 

the signals were included. EMG signals were filtered to the range between 20 Hz and 250 

Hz, ECG was in the range between 0.1 Hz and 250 Hz, EDA was in the range between 1 Hz 

and 4 Hz. A type of Butterworth filter of the fourth order was used. 

For the convenience of feature extraction in the further analysis, the ECG signal was 

additionally smoothed with a sliding mean of the 67th order and de-trended for the purpose 

of detecting heartbeats (R-peaks) more easily. 

Step 4: 

In order to reduce the noise further, the EMG signal was additionally processed using a 

method described by Andrade et al. (Andrade et al., 2008). They developed a filter procedure 

using the Empirical Mode Decomposition (EMD) method of Huang et al. (Huang et al., 

1998) with wavelet filtering techniques. The detail of information about this method could 

be seen in the paper of Andrade (Andrade et al., 2008). 

Step 5: 

Due to the different lengths of film clips (vary from 32 to 245 seconds), for the convenience 

of classification tasks, the length of 30.5 seconds (the shortest film clips) was considered as 

a `cutting´ reference, which means the psychophysiological signals corresponding to the last 

30.5 seconds of every selected emotional film clips for each participant were extracted. 

Then, a method called `sliding window´ was used. In 30.5 seconds, every 5.5 seconds were 

 

Figure 16: An illustration of sliding windows. 
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taken as a window with 4.5-second-overlap (see Figure 16). Therefore, a total of 26 sliding 

windows (feature vectors) were obtained for every emotion for each participant. 

2.5.2 Feature extraction 

The feature extraction plays an important role in machine learning, especially in pattern 

recognition. The purpose of feature extraction is to separate informative and non-redundant 

features from data, which are going to be classified, using different algorithms. In the ideal 

case, the extracted features could contain all essential information about the data (Guyon & 

Elisseeff, 2006). 

In this case, six emotions (amusement, sadness, anger, disgust, fear and neutral states) were 

induced. Models, which are going to be built, are intended to distinguish between any two 

of them. In the beginning, referring to the study about pain, a wide range of features were 

calculated for each participant to recognize any two patterns (Walter et al., 2014). The initial 

features in this work were extracted based on the previous studies on pain recognition and 

further, such a set of calculated features (for a possible pattern) is referred to as a feature 

vector or training vector. 

The extracted features of the psychophysiological parameters of EMG and EDA were 

divided into seven categories: amplitude, frequency, stationarity, entropy, variability, 

linearity and similarity. The definitions of seven categories will be elaborated and illustrated 

in Appendix I and II, according to the pain studies by Gruss et al. (Walter et al., 2014; Gruss 

et al., 2015). For ECG, the heart rate variability, the meanRR (Nr. 40) the rmssd (Nr. 41) 

and the slopeRR (Nr. 42) were extracted (see Appendix II). 

The amount of extracted features varies depending on the categories and 

psychophysiological signals. Overall, the original features for each of 15 classification tasks 

(NEU vs. AMU, NEU vs. SAD, NEU vs. ANG, NEU vs. DIS, NEU vs. FEA, AMU vs. 

SAD, AMU vs. ANG, AMU vs. DIS, AMU vs. FEA, SAD vs. ANG, SAD vs. DIS, SAD vs. 

FEA, ANG vs. DIS, ANG vs. FEA, DIS vs. FEA) for each individual are summarized in 

Table 6. 
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2.5.3 Manual feature reduction  

After the extraction of features from all the psychophysiological signals, a manual pre-

selection was carried out based on the statistical analysis. Firstly, all the calculated values of 

features for all the participants were summarized into an Excel. Then, the columns which 

contain the same values for different emotions were removed because these features do not 

contribute to the distinction. The reason for these identical values is perhaps the corrupted 

signals or the meaningless application of algorithms to some particular psychophysiological 

signals. 

Subsequently, the correlations between any two of features are examined. The t-test is used 

for this purpose. When the Pearson coefficient greater or equal to 0.95, or less than or equal 

to -0.95, only one of them, which is usually the one with the most straightforward 

mathematic operation, will be kept for the further analysis, because the redundant 

information or mutual influence could be in existence in the features which are highly 

correlated. After the above step, 50 features remained per emotional state per participant. 

2.5.4 Selecting the suitable feature selection and classification methods 

Before the beginning of the classification process, the appropriate feature selection and 

classification methods have to be selected on the basis of the previous studies or the 

exploratory preliminary tests. The efficient data mining software, the RapidMiner Studio 

(v7.6, 64-bit) was used for the processing. 

TABLE 6. The amount of original extracted features. SCL ≙ Skin Conductance Level; 

tEMG ≙ trapezius Electromyogram; ECG ≙ Electrocardiography 

 

                                 Signals 

Categories 
SCL tEMG ECG 

Total Nr. Features  

(per Category) 

Amplitude 11 11 - 22 

Frequency 6 6 - 12 

Stationarity 6 6 - 12 

Similarity 6 6 - 12 

Entropy 5 5 - 10 

Variability 4 4 - 8 

Linearity 2 2 - 4 

Heart Rate Variability - - 3 3 

Total Nr. Features 

(per Signal) 
40 40 3 83 
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The exploratory preliminary study for the classification algorithm 

In the classification task without any feature selection methods, the recognition accuracies 

for the 86 subjects were collected and compared with each other. Due to the limitation of 

time and cost, the classification tasks in this step were only limited to NEU vs. AMU, NEU 

vs. DIS, AMU vs. SAD, ANG vs. FEA for representing four typical situations (i.e. the 

neutral state vs. the positive state, the neutral state vs. the negative state, the positive state 

vs. the negative state and the aroused negative state vs. the withdrawn negative state). 

Three sorts of classifiers (k-nearest neighbors, Artificial neural network and Support vector 

machine with the radial basis function kernel), which were often used in the previous studies 

on emotion classification, were tested in the preliminary study. The parameter k in k-nearest 

neighbors (kNN) was tested with 3 or 5. The parameters in the Artificial neural network 

(ANN) classifier were kept as the default value (the training cycles are 500, the learning rate 

is 0.3 and the momentum is 0.2). The parameters in the Support vector machine with the 

radial basis function kernel (SVM(rbf)) were adjusted according to the previous study on 

pain recognition (Walter et al., 2014). There are three important parameters in the SVM(rbf), 

the kernel, which could handle non-linear dependencies between labels and features, 

parameter C, which regulates the balance between misclassification of the training vectors 

and maximization of the hyperplane and parameter γ, defines the influence range of the 

support vectors.  

For obtaining a model as optimal as possible without overfitting, the suitable (C, γ) 

combination must be determined. Usually, both parameters cannot be set in advance for a 

given classification task. Hence, a systematic grid search with cross-validation is performed 

for (C, γ) pairing optimization. It means that different pairs of C and γ are inserted into the 

SVM classifier and the classification accuracies are obtained on the basis of the selected 

cross-validation. Then, the values of the combination (C, γ), from which the highest 

classification rate are obtained are set as the appropriate parameters. The recommended 

parameters were used according to the previous studies, which means testing all possible 

values of exponentially growing sequences (Hsu et al., 2003; Walter et al., 2014). These are 

for C = 2-5, 2-3, 2-1, …, 215 and for γ = 2-15, 2-13, 2-11, …, 23. Thus, there are 11 × 10 = 110 

possible combinations. The classification rates of models were evaluated by 10-fold-cross-

validation (see Table 7). 
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As shown in Table 7, the average of the classification rates is the highest when the SVM 

with the Radial Basis Function Kernel (rbf kernel) is used. Therefore, the SVM(rbf) is 

utilized as the classifier for the further classification processes. 

The review of previous studies for the feature selection method 

Comparing the forward selection method (SFS) with the backward elimination method 

(SBS), SFS was determined to be the feature selection method in the present study finally. 

This decision is based on pre-studies and previous papers on emotion classification (Zhang 

et al., 2015; Ververidis & Kotropoulos, 2008). First, it is no doubt that the computational 

time of SFS is shorter than that of SBS. Further, on the task of the emotion recognition, when 

the SFS is used, the classification accuracies always reach higher, at least not worse than 

that when the SBS is used. Overall, the SFS method had more advantages than the SBS. 

The Forward Selection operator in the RapidMiner software is a nested operator. The sub-

process of it returns the performance of SVM(rbf) determined by 3-fold cross-validation. 

For the avoidance of local optima, the modified version of SFS is used in the present study. 

This version is augmented in the RapidMiner software with speculative rounds. As is 

described in the introduction of the RapidMiner “The speculative rounds parameter defines 

how many rounds will be performed in a row, after the first time the stopping criterion is 

fulfilled. If the performance increases again during the speculative rounds, the selection will 

be continued. Otherwise, all additionally selected attributes will be removed as if no 

speculative rounds had executed.” (Akthar & Hahne, 2018). The number of the speculative 

rounds is set to 2 by the author. If the classification rate in two rounds does not increase at 

all, the additional features will be excluded. 

Therefore, in the analysis in the next section, nearly all the classification and feature selection 

method are based on the Support Vector Machine with the RBF kernel and the Feature 

Forward Selection with two speculative rounds. 

 

TABLE 7.  The classification rates in the preliminary study for the classification 

algorithm. NEU ≙ neutral state; AMU ≙ amusement ; DIS ≙ disgust; SAD ≙ sad; ANG ≙ anger; 

FEA ≙ fear; k-NN ≙ k-nearest neighbors algorithm; ANN ≙ Artificial Neural Network; SVM(rbf) 

≙ Support Vector Machine with the Radial Basis Function Kernel 

Algorithm 

 
Classification task 

k-NN (k=3) k-NN (k=5) ANN SVM (rbf) 

NEU vs. AMU 80.63% ± 1.96% 78.46% ± 2.40% 81.80% ± 1.54% 89.89% ± 0.86% 

NEU vs. DIS 83.03% ± 1.29% 82.22% ± 1.27% 81.26% ± 3.16% 89.80% ± 1.13% 

AMU vs. SAD 78.33% ± 1.42% 75.16% ± 1.79% 83.63% ± 1.55% 89.29% ± 1.69% 

ANG vs. FEA 86.36% ± 1.17% 84.30% ± 1.48% 76.50% ± 1.77% 86.56% ± 1.26% 

Mean 82.09 80.04 80.80 88.89 
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2.5.5 Validation of model through two methods 

As described in chapter 1, cross-validation methods are usually used for avoiding the 

overfitting in the classification tasks. In the present study, two validation methods, which 

are 10-fold stratified and leave-one-subject-out cross-validation, were utilized. The 

operations of the validation methods are described in the following part. 

10-fold stratified cross-validation  

The cross-validation is an effective technique for model selection and parameters 

optimization, which can assess a model’s generalization and avoid over-fitting. As illustrated 

in Figure 17, for 10-fold cross-validation, the whole feature vectors in a dataset are divided 

into ten subsets of equal size randomly. One out of ten subsets is retained as the testing data 

set, and the remaining nine subsets are used as the training data set. Then, the process is 

repeated ten times, with each of the ten subsets used accurately once as the testing data. 

Finally, the ten results from the ten iterations are averaged to produce a single estimation. 

The “stratified” in this context means that all subsets have an approximately equal class 

distribution. In the present study, the dataset used for model building contains 26 × 6 ×80 

feature vectors, i.e., feature vectors of 80 participants. Theoretically, each of the subsets 

contains the same size of feature vectors for each emotional state. 

Batch validation (leave-one-subject-out cross-validation) 

When the special attribute “batch” is used, the dataset will be divided on the basis of “batch” 

instead of splitting the data randomly. In this case, the label “batch” is set as the identification 

number of subjects. There are 80 subjects for model building and classification. Hence, it 

means the dataset is divided into 80 subsets according to the participants. One of the 80 

subsets that contains all feature vectors of one subject is used as the testing dataset and 

remaining subsets are considered as the training set. Therefore, it is also called “leave-one-

subject-out cross-validation”. Then, just as the cross-validation, the process is repeated the 

number 80 times, with each of the 80 subsets used accurately once as the testing data. The 

final classification rate results from the average of the 80 results of the 80 iterations.  

2.5.6 Final feature selection and classification processes 

Due to the results of the preliminary exploratory study, the Support Vector Machines with 

the RBF kernels are used in the formal classification tasks. The parameters C and γ are set 

as mentioned earlier, as C = 2-5, 2-3, 2-1, …, 215 and γ = 2-15, 2-13, 2-11, …, 23. In total, there 

 

Figure 17: An illustration for 10-fold stratified cross-validation. 
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are 11 × 10 = 110 combinations. The general classification process integrated with the 

forward feature selection is illustrated in Figure 18. Six of the total participants are left for 

testing the final model. The feature vectors of 80 subjects are utilized for training and 

validation. In order to obtain an optimal trade-off between calculation time and the 

classification performance, firstly, a grid search with 10-fold stratified cross-validation is 

utilized to determine the values of Cfs and γfs, which would be set as parameters for the 

following feature selection (see Figure 18, ①). Then, in the phase of feature selection with 

two speculative rounds, the SVM with parameters Cfs and γfs under 3-fold stratified cross-

validation is used to detect the informative features for the final classification task (see 

Figure 18, ②). Subsequently, a final training or learning phase is processed and validated 

by 10-fold stratified cross-validation or batch validation (leave-one-subject-out cross-

validation) for the purpose of determining the optimal parameters Ccv and γcv of the final 

model SVMcv or the optimal parameters Cbat and γbat of the final model SVMbat. Here, the 

validation methods have two uses. One is hyper-parameters (C and γ) optimization. The 

other is performance evaluation (see Figure 18, ③). Last but not least, the remaining set of 

6 subjects is used for testing the classification accuracies of final models, SVMcv or SVMbat 

(see Figure 18, ④). The classification accuracy means the ratio of the number of correctly 

assigned test vectors to the total number of all test vectors. 

 

 

Figure 18: A general classification process. 
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CHAPTER 3 

RESULTS 

In the present chapter, the results will be shown in the following sequence. The first part is 

the analysis result of subjective ratings. Then, the 15 FS-feature sets, in which features were 

selected using forward selection method, and the classification rates in correspondence with 

the 15 FS-feature sets will be shown in section 3.2. Section 3.3 demonstrates the “top-21 

features” and the corresponding classification accuracies, section 3.4 shows the “16 features” 

and the corresponding classification rates. After that, the classification rates of totally unseen 

samples are shown and compared with the classification accuracies derived from 2 kinds of 

cross-validation method. Last but not least, the classification accuracies of the classification 

task, which aims at classifying the whole emotions will be shown in section 3.6. 

3.1 The subjective ratings of film-induced emotions 

The standardized film clips were sequentially played for emotion induction and the 

participants were requested to evaluate their conscious emotional feelings after watching. 

The objective of the requirement is to explore to which extent the target emotion was elicited 

at least at the level of subjective conscious experience and further to investigate the validity 

of the film clips. As shown in Table 8, the row represents the categories of film clips, the 

columns represent the subjective ratings for the actual emotions they felt. The values located 

on the diagonal in bold demonstrates the mean and standard deviation of subjective ratings 

on target emotions. In general, the averages of ratings for target emotions are all above 6.8, 

which are higher than the ratings for non-target emotions. The averages of ratings for non-

target emotions are lower but sometimes close to the target emotions´ ratings, e.g., for 

“anger” clips, the average of subjective ratings of sad is 6.44, following that of the target 

emotion with 7.77. 

 

TABLE 8. Mean and standard deviation of subjective ratings for film clips in general 

  Film Clips 

 

 

 

Actual Emotions 

Subjective ratings for each category of film clips (�̅� ± 𝐒𝐭𝐝.) 

“amusement” 

clips 
“sad” clips “anger” clips 

“disgust” 

clips 
“fear” clips 

amusement 6.98 ± 1.69 1.28 ± 0.74 1.31 ± 1.15 1.91 ± 1.75 1.49 ± 1.38 

sad 1.65 ± 1.39 7.04 ± 1.58 6.44 ± 2.25 1.83 ± 1.71 3.3 ± 2.32 

anger 1.3 ± 0.91 3.25 ± 2.26 7.76 ± 1.65 2.91 ± 2.42 3.48 ± 2.26 

disgust 1.1 ± 0.68 1.93 ± 1.39 4.18 ± 2.82 8.31 ± 1.29 4.69 ± 2.76 

fear 1.24 ± 0.76 2.81 ± 2.01 4.71 ± 2.82 3 ± 2.35 6.85 ± 1.98 
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Table 9 shows the number of participants according to the actual elicited emotion for each 

category of film clips. Each category of film clips consists of 3 film clips, which are intended 

to elicit the target emotion. It is assumed that the film clips are able to induce five emotions, 

thus participants were requested to rate on five discrete emotions after watching each 

category of film clips. The actual elicited emotion is defined as the emotion with the highest 

ratings among these five emotions. The row represents the categories of film clips, the 

columns represent the participants’ number for the actual elicited emotions. The majority of 

participants reported the emotions with the highest intensity are target emotions. The values 

in bold are hit number and hit rate, respectively. For the “amusement”, “sadness” and 

“disgust” film clips, the actual elicited emotions reported by most all of participants were 

the target emotions. However, for “anger” stimuli, 11 participants did not rate anger as the 

highest intensity and 24 participants rated anger accompanied by other emotions as the 

highest intensity. A similar phenomenon occurs in “fear” film clips: 12 participants reported 

the emotions with the highest intensity were non-target emotions and 17 participants felt 

high-intensity of anger and other emotions. Further, Table 10 shows the discriminatory 

power of the classification based on self-report. Based on the hypothesis H0: hit rate is not 

significantly higher than chance and H1: hit rate is significantly higher than chance, if χ2 

>14.86, p < 0.01, then reject H0, accept H1. If χ2 <14.86, p > 0.01, then reject H1, accept H0. 

The values of χ2 are above the critical value (14.86) from the Chi-square distribution with 4 

degree of freedom. Hence, I reject H0, accept H1, which demonstrates that the discriminatory 

power is statistically better than chance. 

 

TABLE 9. The number of participants according to the actual elicited emotion for each 

category of film clips 

Film Category 

 

Actual Elicited Emotion 

“amusement

” clips 

“sadness” 

clips 

“anger” 

clips 

“disgust” 

clips 
“fear” clips 

amusement 
77 

(96.25) 

0 

(0.00) 

0 

(0.00) 

3 

(3.75) 

1 

(1.25) 

sadness 
3 

(3.75) 

67 

(83.75) 

7 

(8.75) 

0 

(0.00) 

2 

(2.50) 

anger 
0 

(0.00) 

5 

(6.25) 

45 

(56.25) 

1 

(1.25) 

3 

(3.75) 

disgust 
0 

(0.00) 

1 

(1.25) 

1 

(1.25) 

68 

(85.00) 

4 

(5.00) 

fear 
0 

(0.00) 

0 

(0.00) 

1 

(1.25) 

1 

(1.25) 

51 

(63.75) 

co-occurrence(with 

target emotion) 

0 

(0.00) 

7 

(8.75) 

24 

(30.00) 

7 

(8.75) 

17 

(21.25) 

co-occurrence(without 

target emotion) 

0 

(0.00) 

0 

(0.00) 

2 

(2.50) 

0 

(0.00) 

2 

(2.50) 
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3.2 The classification rates with selected feature set 

As mentioned in chapter 2, in order to process 15 classification tasks (NEU vs. AMU; NEU 

vs. SAD; NEU vs. ANG; NEU vs. DIS; NEU vs. FEA; AMU vs. SAD; AMU vs. ANG; AMU vs. 

DIS; AMU vs. FEA; SAD vs. ANG; SAD vs. DIS; SAD vs. FEA; ANG vs. DIS; ANG vs. FEA; DIS 

vs. FEA), 15 different feature sets were separately selected from the original feature vectors 

by the forward selection method, i.e., the feature set is determined for the specific 

classification task and the classification rate is dependent on the respective feature set. For 

the convenience, the 15 selected feature sets are written as “FS-feature sets” in the following. 

The amount of selected features in the FS-feature sets varies from 20 to 37. The classification 

task of NEU vs. FEA needs the least features (20) whereas AMU vs. DIS needs the most 

(37). The details are shown in Table 11 and the meaning and mathematical formals of 

features are elaborated in Appendix II. 

TABLE 10. Significance tests for emotion classification using self-report variables. χ2 ≙ values 

derived from Press´s Q test, critical value = 14.86;  

All tasks N Observed Expected χ2 p 

Amusement 80 77 16 290.7 <0.005 

Sad 80 67 16 203.2 <0.005 

Anger 80 45 16 65.7 <0.005 

Disgust 80 68 16 211.3 <0.005 

Fear 80 51 16 95.7 <0.005 

Overall 400 308 80 812.3 <0.005 

 

TABLE 11. The selected features through forward selection method for 15 
classification tasks 

Classification 

Task 

Feature names 

neutral vs. 

amusement 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_fuz_en, 

EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, EMG_F_fmode, 

EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_pldf, EMG_Simi_corr, 

EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_peak, SCL_A_peak2peak, SCL_E_fuz_en, 

SCL_F_zc_value, SCL_Simi_mutinfo (22) 

neutral vs. 

sadness 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 

EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 

EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 

EMG_L_pldf, EMG_S_std_of_means, EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_peak, 

SCL_A_peak2peak, SCL_E_shan_en, SCL_S_ds_area, SCL_S_ds_freqpond, SCL_S_ds_median, 

SCL_S_std_of_stds, SCL_Simi_corr, SCL_Simi_mutinfo, SCL_V_intrange (29) 

neutral vs. 

anger 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 

EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 

EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 

EMG_S_ds_freqpond, EMG_S_ds_median, EMG_S_std_of_means, EMG_S_std_of_stds, 

EMG_Simi_corr, EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_p2pmeanlocextrema, 

SCL_A_peak, SCL_A_peak2peak, SCL_E_sam_en, SCL_E_shan_en, SCL_E_spec_en, 

SCL_F_zc_value, SCL_S_ds_area, SCL_S_ds_freqpond, SCL_S_std_of_stds, 

SCL_Simi_cohe_f_median, SCL_Simi_cohe_f_wam, SCL_Simi_mutinfo, SCL_V_intrange (36) 
 



Results 
 

43 
 

Following the above. 

Classification 

Task 

Feature names 

neutral vs. 

disgust 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 

EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 

EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 

EMG_L_pldf, EMG_S_std_of_stds, EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_peak, 

SCL_A_peak2peak, SCL_E_sam_en, SCL_E_shan_en, SCL_S_ds_freqpond, 

SCL_S_ds_median, SCL_S_std_of_stds, SCL_Simi_cohe_f_wam, SCL_Simi_mutinfo (28) 

neutral vs. fear 

ECG_meanRR, EMG_A_mavfdn, EMG_A_rootmeansquare, EMG_E_fuz_en, 

EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, EMG_F_fmode, 

EMG_F_fwmean, EMG_F_zc_value, EMG_S_std_of_stds, EMG_Simi_mutinfo, 

EMG_V_intrange, SCL_A_p2pmeanlocextrema, SCL_A_peak, SCL_S_ds_area, 

SCL_S_ds_freqpond, SCL_Simi_corr, SCL_Simi_mutinfo (20) 

amusement vs. 

sadness 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 

EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 

EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, EMG_L_pldf, 

EMG_S_std_of_stds, EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_p2pmeanlocextrema, 

SCL_A_peak, SCL_A_peak2peak, SCL_S_std_of_stds, SCL_Simi_cohe_f_wam (23) 

amusement vs. 

anger 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_fuz_en, 

EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, EMG_F_fmode, 

EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, EMG_S_ds_freqpond, 

EMG_S_ds_median, EMG_S_std_of_means, EMG_S_std_of_stds, EMG_Simi_mutinfo, 

EMG_V_intrange, SCL_A_peak, SCL_A_peak2peak, SCL_E_shan_en, SCL_S_ds_area, 

SCL_S_ds_freqpond, SCL_S_ds_median, SCL_S_std_of_stds, SCL_Simi_cohe_f_mean, 

SCL_Simi_cohe_f_wam, SCL_Simi_corr, SCL_Simi_mutinfo (31) 

amusement vs. 

disgust 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 

EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 

EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 

EMG_L_pldf, EMG_S_ds_freqpond, EMG_S_ds_median, EMG_S_std_of_means, 

EMG_S_std_of_stds, EMG_Simi_corr, EMG_Simi_mutinfo, EMG_V_intrange, 

SCL_A_p2pmeanlocextrema, SCL_A_peak, SCL_A_peak2peak, SCL_E_app_en, 

SCL_E_sam_en, SCL_E_shan_en, SCL_F_fmedian, SCL_F_zc_value, SCL_S_ds_median, 

SCL_S_std_of_stds, SCL_Simi_cohe_f_mean, SCL_Simi_cohe_f_median, SCL_Simi_corr, 

SCL_Simi_mutinfo (37) 

amusement vs. 

fear 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 

EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 

EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 

EMG_S_std_of_stds,EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_p2pmeanlocextrema, 

SCL_A_peak, SCL_A_peak2peak, SCL_E_sam_en, SCL_E_shan_en, SCL_S_ds_freqpond 

(24) 

sadness vs. 

anger 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_fuz_en, 

EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, EMG_F_fmode, 

EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_S_std_of_stds, 

EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_peak, SCL_A_peak2peak, SCL_E_shan_en, 

SCL_F_zc_value, SCL_S_ds_freqpond, SCL_S_std_of_stds, SCL_Simi_corr (23) 

sadness vs. 

disgust 

ECG_meanRR, ECG_slopeRR, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_fuz_en, 

EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, EMG_F_fmode, 

EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_S_std_of_means, 

EMG_S_std_of_stds, EMG_Simi_corr, EMG_Simi_mutinfo, EMG_V_intrange, 

SCL_A_mavfdn, SCL_A_peak, SCL_A_peak2peak,SCL_E_sam_en, SCL_E_shan_en, 

SCL_F_zc_value, SCL_L_ldf,SCL_S_ds_area, SCL_S_ds_freqpond, SCL_S_std_of_stds, 

SCL_Simi_cohe_f_mean, SCL_Simi_cohe_f_wam, SCL_Simi_corr, SCL_Simi_mutinfo (32) 

sadness vs. fear 
ECG_meanRR, EMG_A_mavfdn, EMG_A_rootmeansquare, EMG_E_fuz_en, 

EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, EMG_F_fmode, 

EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_pldf, EMG_S_std_of_stds, 

EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_peak, SCL_A_peak2peak, SCL_E_shan_en, 

SCL_S_ds_freqpond, SCL_S_std_of_stds (21) 

anger vs. 

disgust 

ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 
EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 
EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 
EMG_L_pldf, EMG_S_ds_median, EMG_S_std_of_stds, EMG_Simi_mutinfo, EMG_V_intrange, 
SCL_A_p2pmeanlocextrema, SCL_A_peak, SCL_A_peak2peak, SCL_E_app_en, SCL_E_shan_en, 
SCL_E_spec_en, SCL_F_zc_value, SCL_S_ds_area, SCL_S_ds_freqpond, SCL_S_std_of_stds, 
SCL_Simi_cohe_f_mean, SCL_Simi_corr, SCL_Simi_mutinfo (33) 
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In Figure 19, the classification rates of 15 classification tasks with FS-feature sets are 

presented. Generally, the classification rates of SVMscv (the blue column) are much higher 

than that of SVMsbat (the yellow column). All the classification rates are statistically better 

than the chance level (50%), with the test of Press´s Q. 

The classification rates of SVMscv for all 15 classification tasks are far more than the random 

probabilities (the red line, 50%). More accurately, all of them are above 90% and the average 

of them (the blue line) is 95.20%. When differentiating the neutral state from other emotional 

states (i.e., the classification tasks of NEU vs. AMU, NEU vs. SAD, NEU vs. ANG, NEU 

vs. DIS and NEU vs. FEA), the average of classification rates (96.36%) is slightly higher 

than that when distinguishing a positive emotion from a negative emotion (95.24%), which 

is slightly above that when classifying two negative emotions (94.20%). The highest 

accuracy (97.48%) is obtained when differentiating the neutral state from the fear (i.e., the 

classification task of NEU vs. FEA). The classification accuracy of SAD vs. DIS is 92.4%, 

which is the lowest one. 

Compared with the classification rates of SVMscv, the classification rates of SVMsbat are 

lower, but also much higher than the random probabilities (50%). The average of them (the 

yellow line) is 65.87%. When distinguishing neutral state from other emotional states, the 

average of classification rates (65.18%) is higher than that when differentiating two negative 

emotions (61.86%). When classifying a positive emotion and a negative emotion, the 

average of classification rates is 72.77%, which is the highest among them. The highest 

classification rate of SVMsbat appears when distinguishing the amusement from the sadness 

(i.e., the classification task of AMU vs. SAD) and the lowest classification rate (58.80%) is 

obtained when differentiating the anger from fear (i.e., the classification of ANG vs. FEA). 

Overall, both the classification accuracies of SVMscv and those of SVMsbat on 15 

classification tasks with FS-feature sets are acceptable, both of them are significantly better 

than chance. Meanwhile, the classification rates of SVMscv are higher than those of SVMsbat. 

Further, the classification tasks on negative emotions seem to be harder.  

Following the above 

Classification 

Task 
Feature names 

anger vs. fear 
ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 
EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 
EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_S_ds_median, 
EMG_S_std_of_stds, EMG_Simi_mutinfo, EMG_V_intrange, SCL_A_peak, SCL_A_peak2peak, 
SCL_E_sam_en, SCL_F_zc_value, SCL_S_ds_area, SCL_Simi_cohe_f_median, SCL_Simi_corr (25) 

disgust vs. fear 
ECG_meanRR, EMG_A_mavfdn, EMG_A_peak, EMG_A_rootmeansquare, EMG_E_app_en, 
EMG_E_fuz_en, EMG_E_sam_en, EMG_E_shan_en, EMG_E_spec_en, EMG_F_bandwidth, 
EMG_F_fmode, EMG_F_fmedian, EMG_F_fwmean, EMG_F_zc_value, EMG_L_ldf, 
EMG_S_std_of_means, EMG_S_std_of_stds, EMG_Simi_corr, EMG_Simi_mutinfo, 
EMG_V_intrange, SCL_A_peak, SCL_A_peak2peak, SCL_E_sam_en, SCL_E_shan_en, 
SCL_E_spec_en, SCL_F_zc_value, SCL_S_ds_area, SCL_S_ds_freqpond, SCL_S_std_of_stds, 
SCL_Simi_cohe_f_mean, SCL_Simi_cohe_f_median, SCL_Simi_corr, SCL_Simi_mutinfo (33) 
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3.3 The classification rates with top 21 features 

Based on the results of section 3.2, the purpose of the next step is to find a general feature 

set which can be used reliably in the whole of the classification tasks. 15 FS-feature sets 

have been determined through the forward selection method in section 3.1. Then, the 

frequency of use of each feature in the classification tasks is counted in Figure 20. The EMG 

signals, the SCL signals and ECG signals are represented by the red, green and blue columns, 

respectively. 

Figure 20 shows all features which have been selected at least once for the whole of 

classification tasks. It can be seen in the figure that the features extracted from the EMG 

signals seem to make a significant contribution to the classification, followed by the features 

extracted from the SCL signals. 

 

Figure 19: The classification rates on 15 classification tasks with FS-feature sets. 
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In order to clarify the question that was mentioned at the beginning of this section, a feature 

set, which contains the features used more than ten times, is built up according to Figure 20. 

This set contained a total of 21 features and is described below, with the term “top-21 

features” in the present study. The following features have been put in the “top-21-feature-

palette”, see Table 12.

 

Figure 20: The use frequency of features. 
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The comparison between the classification rates based on top-21 features (dark columns) 

and those based on FS-feature sets (light columns) is illustrated in Figure 21. The same as 

before, the blue columns represent SVMscv and the yellow columns stand for SVMsbat. All 

the classification rates are statistically better than chance, with the test of Press´s Q. 

As is seen in Figure 21, no matter for the SVMscv or the SVMsbat, the top-21 features are 

able to achieve good classification results as the FS-feature sets. For the SVMscv, the top-21 

features (dark blue) reach better classification accuracies than the FS-feature sets(light blue) 

on every classification tasks, especially for the classification task of AMU vs. DIS, the 

average of classification rates increases by 3% from the FS-feature sets to the top-21 features 

(i.e., from 93.22% to 96.42%). For the SVMsbat, the classification accuracies with top-21 

features (the dark yellow columns) are basically as good as those with FS-feature sets (the 

light yellow columns), the average of classification accuracies slightly drops from 68.32% 

with the FS-feature sets to 64.28% with top-21 features, which decreases nearly 4%.

TABLE 12. The overview of “top-21 features” 

The Name of Features Biosignal Category Typ 
EMG_A_rootmeansquare EMG amplitude root mean square 

EMG_F_zc_value EMG frequency zero crossing 

EMG_F_fwmean EMG frequency mean frequency 

EMG_F_bandwidth EMG frequency bandwidth 

EMG_E_fuz_en EMG entropy fuzzy entropy 

EMG_E_sam_en EMG entropy sample entropy 

EMG_E_shan_en EMG entropy shannon entropy 

EMG_E_spec_en EMG entropy spectral entropy 

EMG_V_intrange EMG variability interquartile range 

EMG_Simi_mutinfo EMG similarity mutual information 

SCL_A_peak SCL amplitude peak 

ECG_meanRR ECG heart rate variability mean of rr intervals 

EMG_A_peak EMG amplitude peak 

EMG_A_mavfdn EMG amplitude 
mean of the absolute values of the first differences 

of the normalized signal 

EMG_F_fmedian EMG frequency median frequency 

EMG_F_fmode EMG frequency mode frequency 

SCL_A_peak2peak SCL amplitude peak to peak mean value 

EMG_S_std_of_stds EMG stationarity standard deviation of the standard deviation values 

SCL_S_ds_freqpond SCL stationarity 
weighted arithmetic mean of stationarities of all 

frequencies 

SCL_S_std_of_stds SCL stationarity standard deviation of the standard deviation values 

SCL_E_shan_en SCL entropy shannon entropy 
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3.4 The classification rates with 16 features 

Another feature selection method named brute force is used. The best feature set is selected 

by trying all possible combinations of features using this method. Because this method works 

on the power-set of the feature set, it has exponential runtime. Thus, this feature selection 

method is used on the basis of the top-21 feature set instead of the original feature set or the 

FS-feature set. Normally, it brings fewer features with higher or the same classification 

accuracies when using the brute force (Walter, 2014). However, there is no reduction in the 

number of features when using it in the present study. 

 

Figure 21: The comparison between the classification rates based on top-21 features and 

those based on FS-feature sets 
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Accordingly, the correlation analysis is considered as a method for simplifying the features 

again. Only when the Pearson coefficient is less than or equal to 0.8, or higher than or equal 

to -0.8, these features will be kept. Finally, 16 features were kept by this means (see Table 

13). 

The comparison of the classification rates based on 16 features, those based on top-21 

features and those based on FS-feature sets is illustrated in Figure 22 and Figure 23 for the 

cross and batch validations respectively. In general, the three kinds of feature sets achieve 

fairly good classification results. All the classification rates are statistically better than 

chance, with the test of Press´s Q. 

TABLE 13. The overview of 16 features 

The Name of Features Biosignal Category Typ 

EMG_A_rootmeansquare EMG amplitude root mean square 

EMG_F_zc_value EMG frequency zero crossing 

EMG_F_fwmean EMG frequency mean frequency 

EMG_F_bandwidth EMG frequency bandwidth 

EMG_E_fuz_en EMG entropy fuzzy entropy 

EMG_E_sam_en EMG entropy sample entropy 

EMG_E_shan_en EMG entropy shannon entropy 

EMG_E_spec_en EMG entropy spectral entropy 

EMG_V_intrange EMG variability interquartile range 

EMG_Simi_mutinfo EMG similarity mutual information 

SCL_A_peak SCL amplitude peak 

ECG_meanRR ECG heart rate variability mean of rr intervals 

EMG_F_fmode EMG frequency mode frequency 

SCL_A_peak2peak SCL amplitude peak to peak mean value 

SCL_S_ds_freqpond SCL stationarity 
weighted arithmetic mean of stationarities of all 

frequencies 

SCL_E_shan_en SCL entropy shannon entropy 
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For the SVMscv, the highest classification accuracy appears when differentiating neutral state 

and anger for both 16 features and top-21 features, 97.98% and 97.96%, respectively. 

Meanwhile, for all three kinds of feature sets, the lowest classification rates are always 

obtained when distinguishing sadness from disgust, classification rate of 94.90%for 16 

features, 94.76% for top-21 features and 92.04% for FS-feature sets. The classification rates 

with 16 features are almost equivalent to those with top-21 features and slightly higher than 

those with FS-feature sets (see Figure 22). 

For the SVMsbat, the best classification rates are always obtained when distinguishing 

amusement from sadness, 76.71% for 16 features, 77.19% for top-21 features and 76.61% 

for FS-feature sets, respectively. By the contrast, 59.74% is obtained as the least 

classification accuracy among 15 classification tasks for 16 features when making a 

distinction between anger and fear. Meanwhile, for the FS-feature sets, the least 

classification rate (58.80%) also appears when differentiating anger and fear. Moreover, for 

top-21 features, the classification rate is still not good as other classification tasks when 

differentiating anger and fear (59.23%). The classification rates with 16 features are slightly 

higher than those with top-21 features in the classification tasks of NEU vs. AMU, NEU vs. 

ANG, NEU vs. FEA, SAD vs. DIS, ANG vs. FEA, DIS vs. FEA (see Figure 23). 

 

Figure 22: The comparison of the classification rates with FS-feature sets, top-21 features 

and 16 features (SVMscv). 
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3.5 The classification performance on unseen subjects 

In order to assess the generalization of models, 6 totally unseen subjects have been left from 

the beginning of the analysis and now are utilized for testing the models. As illustrated in 

Figure 24, firstly, for both the SVMscv and the SVMsbat, 16 features are able to achieve 

similar classification rates as the top-21 features. Moreover, in most cases, the mean of 

classification rates of 6 subjects derived from the SVMsbat is much higher than that from 

SVMscv. The exceptions are the classification tasks of SAD vs. ANG, SAD vs. FEA and DIS 

vs. FEA. More specifically, except the classification tasks of SAD vs. ANG and NEU vs. 

AMU, the classification rates of SVMsbat are more than the random probabilities. By 

contrast, a few of classification accuracies of SVMcv are below the chance (e.g., NEU vs. 

AMU, NEU vs. FEA, AMU vs. DIS, AMU vs. FEA, SAD vs. ANG and ANG vs. FEA). No 

matter SVMsbat or SVMscv, the best classification rates are obtained when differentiating 

neutral state and anger, 79.17% and 74.04%, respectively (see Figure 24). 

 

 

 

 

 

 

 

Figure 23: The comparison of the classification rates with FS-feature sets, top-21 features 

and 16 features (SVMsbat). 
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3.6 The performance derived from cross-validation vs. test set 

The SVMcv has two meanings. First, it represents that the hyperparameters (C and γ) of the 

model were determined by 10-fold stratified cross-validation. Second, the model has been 

evaluated by 10-fold stratified cross-validation. Similarly, the SVMbat represents that the 

leave-one-subject-out cross-validation is not only used for hyperparameters determination 

but also model evaluation. 

As mentioned in Chapter 1, there are two common methods for evaluating the performance 

of models. One is cross-validation method, including k-fold cross-validation, leave-one-

subject-out cross-validation (= batch validation, in the present study), leave-one-out cross-

validation. The other method is nothing with the “cross” but setting aside part of feature 

vectors as the test set for model evaluation. In this case, the performances of SVMscv were 

evaluated by 10-fold cross-validation and test set (i.e., the unseen six subjects) (see Figure 

25) and the SVMsbat were evaluated by batch validation and test set (see Figure 26). Due to 

the similar classification rates among the FS-feature sets, the top-21 features and 16 features, 

only the classification rates with 16 features are illustrated. 

 

Figure 24: The classification rates of 6 subjects 
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As illustrated in Figure 25, the performances of the SVMscv are evaluated by 10-fold cross-

validation and unseen six subjects, respectively. The results show obviously that the former 

is far higher than the latter for all the classification tasks (see Figure 25). 

As illustrated in Figure 26, the performances of the SVMsbat are evaluated by leave-one-

subject-out validation and test set (i.e., unseen six subjects), respectively. Two evaluation 

methods achieve similar classification rates on the classification tasks of NEU vs. FEA, SAD 

vs. DIS, ANG vs. FEA and DIS vs. FEA. The classification rates of the SVMsbat look better 

on classification tasks of NEU vs. AMU, AMU vs. SAD, AMU vs. ANG, AMU vs. DIS, 

AMU vs. FEA and SAD vs. ANG when the leave-one-subject-out validation method is used 

to evaluate the models. On the contrary, when the test set is utilized to evaluate the 

performances, the classification accuracies are higher on the classification tasks of NEU vs. 

SAD, NEU vs. ANG, NEU vs. DIS, SAD vs. FEA and FEA vs. DIS (see Figure 26). 

 

 

 

 

 

 

 

 

Figure 25: The performances of SVMscv evaluated by 10-fold cross-validation and test set. 
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3.7 The classification rates among all emotions 

In this section, the purpose of the present classification task is to classify all induced 

emotions into six discrete emotions, i.e., neutral state, amusement, sadness, anger, disgust 

and fear, rather than take only two of these emotions into consideration. Thus, the random 

probability of this classification is 16.67% as is illustrated in Figure 27 (black line). 

For 80 subjects, the classification rates of SVMscv are pretty good, for both top-21 features 

and 16 features, above 90%. The classification accuracies of SVMsbat are not bad, both of 

them are statistically better than the random probability, with the test of Press´s Q, 29.94% 

for top-21 features and 29.53% for 16 features, respectively. 

For the unseen six subjects, the performance is not good as those for 80 subjects. The 

classification rates of SVMscv are even below the random probability, 18.70% for top-21 

features and 14.42% for 16 features, respectively. For the SVMsbat, the classification rates 

are somewhat better than those of SVMscv. No matter which feature set is chosen, the 

classification rates are greater than the random level, 25.53% for top-21 features and 21.90% 

for 16 features (see Figure 27). 

 

 

 

 

Figure 26: The performances of SVMsbat evaluated by batch validation and test set. 
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3.8 Summary of the results 

In summary, two generic feature sets (top-21 features and 16 features) were developed and 

selected in this study. Both of them are able to solve the classification problems, which were 

mentioned in chapter 1, with nearly the same classification rates. For the subjects who 

participate in building the models, i.e., 80 subjects, the classification rates are pretty good, 

especially for the SVMscv, though the performances of the SVMsbat have observable 

variances among the classification tasks. For the totally unseen subjects, the performances 

are not good as those for 80 subjects in general, but the SVMsbat perform better on the new 

subjects than SVMscv, the classification rates of which far beyond the random level chiefly. 

On the selection of features, the tEMG signal accounts for the largest share in the feature 

sets, followed by SCL signal. 

 

 

 

Figure 27: The classification accuracies of classification tasks on six emotional states. 
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CHAPTER 4 

DISCUSSION 

In the present study, a machine learning technique (SVM) is employed to classify 

psychophysiological-based film-induced discrete emotions. In this chapter, the performance 

and the applicability of SVM in the present classification tasks will be discussed first. Then, 

the importance will be attached to exploring the relationship between the six emotions (i.e., 

amusement, anger, fear, disgust, sadness and neutral state) and the three psychophysiological 

signals (i.e., tEMG, SCL and ECG). Furthermore, the discussion will be conducted for the 

necessary amount of features in order to obtain a good classification performance in the 

present study. Moreover, the connection and differences between the subject-independent 

and subject-dependent models, and the effectiveness of film clips will be discussed, followed 

by the difficulties of the classification tasks among discrete emotions. Last but not least, the 

limitation of the study and the future direction will be demonstrated. 

4.1 The applicability of SVMs classifiers 

In this study, two sorts of models were obtained and they are known as SVMscv and SVMsbat, 

respectively. In the process, optimization was conducted for the hyperparameters (C and 

gamma) of SVMscv by 10-fold cross-validation while optimization was carried out for those 

of SVMsbat by leave-one-subject-out cross-validation. It is generally observed that the 

classification rates of these two kinds of models are acceptable, and both of them are above 

the priori chance classification rate of, for example, 50% (for two conditions) to 16.67% (for 

six conditions), which as a result demonstrates that support vector machines are fit to the 

present question: classification of six discrete film-induced emotions based on 

psychophysiological signals of tEMG, SCL and ECG. This finding is also in line with the 

results obtained from several previous studies. Table 14 enumerates studies on the 

classification of discrete emotions based on psychophysiological signals by employing 

support vector machines. As is shown in Table 10, the psychophysiological signals are in 

various forms among these studies, and even so, the classification performance of all studies 

is above the priori probabilities. For the purpose of improving the performance, EMG signals 

(e.g., fEMG and tEMG) are utilized by six of these studies at the same time. To summarize, 

it is proved by both the previous studies and the present one that the SVMs classifiers are 

able to classify the discrete emotions on the basis of psychophysiological signals. This kind 

of capability probably is closely related to the characteristics of SVMs, which cannot only 

perform linear classifications well but also can efficiently perform non-linear classifications 

by employing the kernel trick and then mapping their inputs into high-dimensional feature 

spaces. The working principle of SVMs can be seen in chapter 1 in detail. 
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In the preliminary exploratory study (see chapter 2), the comparison was made between the 

classification accuracies of 3-NN, 5-NN, ANN and SVM (rbf) and the SVM (rbf) was chosen 

as the final classifier due to the best results obtained from its performance. In line with the 

results obtained from previous comparative analysis on classification algorithms, the SVMs 

usually generate the best classification accuracies when classifying discrete emotions on the 

basis of psychophysiological signals (Rani et al. 2006; Maaoui et al., 2008; Pastor-Sanz et 

al. 2008; Katsis et al. 2008; Verma & Tiwary, 2014). However, it cannot come to the hasty 

conclusion that the SVMs are deemed as the most appropriate classifiers to address the 

question of psychophysiology-based discrete emotion classification. Kukolja and his 

colleagues claim that MLP exhibits the highest accuracy and the study conducted by Eun-

Hye Jang et al. indicates that DFA shows the highest classification accuracy in the 

classification on discrete emotions on the basis of physiological features (Kukolja et al., 

2014; Jang et al., 2015). A possible explanation would be the differences existing in 

emotions, signals and validation methods employed within the studies mentioned above, i.e., 

it is complicated to find common ground for the comparison made between the performances 

of different classifiers. The classifier which has the best performance in one study may not 

perform so well in other ones. The judgment that one classifier outperforms must be given 

TABLE 14 The psychophysiological studies that use support vector machines. 

study emotions classes 
psychophysiological 

signals 
N 

Classificatio

n rates (%) 

Indep

. 

Other 

Meas. 

Kim et al., 

2004 

sadness, anger, stress, 

surprise 
3 or 4 

ECG, PPG, SKT, 

EDA 
50 

78.4 (3-class)  

61.8 (4-class) 
? / 

Katsis et 

al., 2006 

high stress, low 

stress, 

disappointment, 

euphoria, neutral face 

5 Resp., EDA, ECG 4 86 D fEMG 

Rani et 

al., 2006 

anxiety, engagement, 

boredom, frustration, 

anger 

5 CVA, EDA 15 85.81 D EMG 

Bailenson 

et al., 

2008 

amusement, sadness 
2 per 

emotion 
ECG, EDA 41 

30-90 (I) 

80-95 (D) 
I, D / 

Katsis et 

al., 2008 

high stress, low 

stress, 

disappointment, 

euphoria 

4 Resp., EDA, ECG 10 79.3 D fEMG 

Lichtenste

in et al., 

2008 

anger, disgust, fear, 

happiness, sadness, 

surprise 

5 
ECG, EDA, BR, 

SKT 
40 72 D fEMG 

Liu et al., 

2008 

anxiety, engagement, 

liking 

2 per 

emotion 
CVA, EDA 6 80-85 D EMG 

Pastor-

Sanz et 

al., 2008 

happiness, disgust 

and fear 
6 Resp., ECG, EDA 24 63-83 I fEMG 

Chang et 

al., 2013 

sadness, fear, 

pleasure 
3 

Resp., ECG, EDA, 

BVP, pulse 
11 89.2 ? / 

Jang et al., 

2015 

boredom, pain, 

surprise 
3 

ECG, EDA, SKT, 

PPG 
217 62.0 ? / 

ECG ≙ electrocardiogram; PPG ≙ photoplethysmography; SKT ≙ skin temperature; EDA ≙ electrodermal activity; 

Resp. ≙ respiration; CVA ≙ cardiovascular activity; BR ≙ breathing rate; BVP ≙ blood volume pulse; PPG ≙ 

photoplethysmography 
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in a context of a specific problem (Wolpert & Macready, 1997). In the present study, the 

specific problem is known as the classification of six emotions (or two of them), which are 

respectively amusement, sadness, anger, fear, disgust and neutral state, based on tEMG, SCL 

and ECG. In other words, if other emotional states are intended to be classified, then other 

psychophysiological signals are to be recorded or other features are to be selected, and the 

SVMs may not outperform others. 

4.2 How psychophysiological signals contribute to the classification 

In the present study, the feature analysis was conducted on the basis of three 

psychophysiological signals and seven categories. The three psychophysiological signals are 

tEMG, SCL and ECG, respectively. The seven categories are amplitude, frequency, 

stationarity, entropy, linearity, variability and similarity. In the end, a 16-feature-set was 

finally selected from these signals, and it was observed that 11 of all the 16 features are from 

tEMG, 4 of them are from SCL and 1 of them is from ECG. Because the acceptable 

classification accuracies were obtained by the aforementioned features, it was indicated that 

these features derived from three psychophysiological signals made a great contribution to 

the classification tasks. Furthermore, we could get a glimpse of the relationship existing 

between emotions and psychophysiological responses. Hence, in the following part, the 

relevant discussion will be carried out on the contribution of these three psychophysiological 

signals to the discrete emotion classification and the relationship between emotions and 

psychophysiological reactions considering the previous studies and the categories of features. 

4.2.1 The contribution of tEMG signals to the classification 

Numerous previous studies have been conducted for the investigation related to the effect of 

emotions on facial EMG (Tan et al., 2011, 2012, 2016), but few of them have attached 

importance to the tEMG. In addition, the quantity of cognitive and affective neuroscience 

studies on emotional body perception is also minimal, although the bodily expressions are 

deemed as equally valid means used for the communication of emotional information similar 

to facial expressions (De Gelder, 2009). Hence, tEMG, which has already been ignored for 

an extended period, is taken into consideration in the present study.  

As for the amount of tEMG in the 16-feature-set, 11 features derived from tEMG enabled it 

to occupy the most substantial part without a doubt. When our attention was focused on the 

categories of features derived from tEMG in the 16-feature-set, it could be obtained that one 

feature belongs to amplitude, one falls within the category of variability, one is known as 

being within the category of similarity, four belong to frequency and four fall within the 

category of entropy. In line with the study conducted by Wijsman (Wijsman et al., 2010), 

the amplitude of the tEMG signal is quite sensitive to stress, which increases from the idle 

state to stress and decreases during the periods of relaxation. Moreover, it was found a close 

relationship between the stressful state and the emotions of anger and fear in many previous 

studies (Lazarus, 1993; Campisi et al., 2012). Therefore, it could be deduced that the 

amplitudes of tEMG can serve as an indicator of anger and fear. Besides, from the 

perspective of reaction time, by observing the muscles in the neck, it could be concluded 

that the expression of anger has a slightly delayed activation pattern in comparison with the 
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expression of fear (van Boxtel et al., 2014), which demonstrates that the activity of trapezius 

has a potential to distinguish between fear and anger. However, results collected from several 

studies show that there is no significant difference in trapezius reactivity among different 

emotions (Carter et al., 2002; Burns, 2006). A possible explanation is that only the mean of 

amplitude shown by trapezius reactivity was regarded as the feature in these studies, whereas 

other categories of tEMG features were not taken into consideration. 

In conclusion, the results indicate that tEMG may be different among the emotions of 

amusement, sadness, fear, anger, disgust and neutral state. Emotions impose their effect on 

the changes of tEMG not only in the amplitude but also in other categories (e.g., frequency 

and entropy). 

4.2.2 The contribution of SCL to the classification 

From the perspective of the categories of four SCL features in the 16-feature-set, 2 of them 

belong to amplitude, one feature falls within the category of stationarity and one belongs to 

entropy. The results support numerous previous studies where SCL has a distinct advantage 

in the classification of discrete emotions, especially distinguishing sadness or neutral state 

from the other emotions (Ekman et al., 1983; Kreibig, 2010). It could be explained by the 

statement that an increase of SCL is sensitive to action tendency, but both sadness and neutral 

state are passive states without any motor preparation (i.e., SCL tends to decrease or be stable 

in sadness or neutral state but increase in other emotional states). Moreover, SCL also shows 

tendencies of significant differences across the emotions of amusement, contentment, 

disgust, fear and sadness (Christie & Friedman, 2004; Fernández et al., 2012), and SCL 

features contribute more to the discrete emotion classification compared with the features 

derived from ECG, respiration and skin temperature (Kukolja et al., 2014). 

4.2.3 The contribution of ECG to the classification 

The mean of R-R intervals was selected as the only ECG feature in the 16-feature-set, and it 

represents the heart rate variability. In line with previous studies, the heart rate variability 

may be a compelling feature showing the changes in the emotional states. For example, the 

study conducted by Valenza implied that HRV changes differently between the emotions of 

depression and euthymia (Valenza et al., 2015) and the study carried out by Murugappan 

shows that five discrete emotions (i.e., happiness, sadness, fear, disgust and neutral) can be 

assessed successfully by employing the heart rate variability (Murugappan et al., 2013). 

However, few ECG features were assessed in the present study, which is a great pity. It is 

necessary to extract more ECG features in further studies as what was done in other studies 

(Hsu et al., 2017; Quintana et al., 2012). 

In conclusion, the 16-feature set is composed of 16 powerful features derived from three 

psychophysiological signals. Conforming to previous studies, each of the three 

psychophysiological signals makes its great contribution to the discrete emotion 

classification task. It is most likely that tEMG has an advantage in distinguishing fear and 

anger from the other emotional states, while SCL perhaps is more advantageous in 

differentiating sadness from the other ones. Moreover, “ECG_meanRR” has been selected 
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in every classification tasks in the present study, which indicates that ECG is an informative 

psychophysiological signal and deserves further in-depth study. 

4.3 How many features are essential to the psychophysiology-based 

discrete emotion classification 

Unlike conventional methods employed for feature extraction (e.g., extracting features from 

time-domain and frequency-domain), an innovative method (i.e., a statistical method 

regarding seven categories) was adopted for the calculation and extraction of features in the 

present study. The extracted features which are free from both complex projection and 

compression are quite beneficial to revealing the relationship between psychophysiology and 

emotions intuitively. Although the features from the initial extraction are huge in amount, 

not all of these features are necessary to the classification tasks. Theoretically, the more 

features are selected, the more dimensions on feature vector we have. Influenced by the 

redundant and irrelevant features, the model will have a tendency of overfitting the training 

samples and thus lose the generalization. Hence, more features do not necessarily result in 

better classification rate, which has already been proved by many previous studies (e.g., G. 

V. Trunk, 1979; Chandrashekar & Sahin, 2014). On the contrary, insufficient and 

unrepresentative features will lead to the problem of underfitting. Therefore, an appropriate 

amount of features is not only beneficial to the costs spent on computing but also conducive 

to the classification performance. Thus, a question that is of vital importance is brought out: 

how many features are reasonable for the classification of the six emotions? 

In this study, a small number of features were left after a series of feature selections. On the 

basis of these features (top-21 features and the 16-feature set), six emotions (amusement, 

anger, fear, sadness, disgust and neutral state) or each two of them could be successfully 

distinguished. In comparison with previous studies which focused on the classification of 

similar discrete emotions (see Table 15), the psychophysiological channels employed and 

the features selected are relatively small in number in the present study and the classification 

performance obtained is comparatively acceptable, which accordingly offers a possibility of 

an online or real-time classification in the future (Bailenson et al., 2008; Jerritta et al., 2011). 

Besides, it seems that more features are required to the subject-independent tasks if the 

similar classification accuracies as those of the subject-dependent classification tasks are 

expected to obtain. According to this finding, discussion on both the subject-dependent and 

the subject-independent classification will be attached importance to in the following part. 
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4.4 Subject-dependent and subject-independent classification task 

In the present study, two kinds of models, SVMcv and SVMbat, are obtained, and they are 

derived from two different methods (i.e., the hyperparameters of SVMs (C and gamma) were 

determined by two kinds of validation methods, 10-fold cross-validation and leave-one-

subject-out cross-validation, respectively). The reason that these two kinds of models are 

trained can be traced back to the original purpose of this study. 

It is of great importance to clarify the purpose of the study first before launching research 

and be clear about the expectation of model before starting a program. If it is expected that 

a model is to be applied to a specific person or group (usually the participant(s) of the 

experiment) in actual application in the future, then the collection of training and testing 

samples from the same participant/group should be conducted during different periods. 

Accordingly, the obtained model is named as a subject-dependent model and the 

classification is a subject-dependent classification task. A classic example can be seen in the 

study carried out by Picard (Picard et al., 2001), which gathered data from one person over 

20 days. On the contrary, if a model is prepared to be applied to a general group, it is better 

to test the model by employing totally unseen samples to guarantee both the reliability and 

validity. Subsequently, the obtained model is known as a subject-independent model and the 

classification is named as a subject-independent classification task. Some examples could 

be seen in the studies carried out by Chen and Machot. (Chen et al., 2017; Al Machot et al., 

2018) 

4.4.1 Subject-dependent models  

In this study, the SVMscv are the subject-dependent models. The means of classification 

accuracies possessed by SVMscv of the 80 participants are pretty good, but they decrease 

sharply when classifying the new 6 subjects. It is probably caused by the property of 10-fold 

stratified cross-validation, which is adapted for determining the hyperparameters of SVMscv. 

In terms of this validation method, some data points of one specific subject are assigned to 

TABLE 15. The number of features and physiological channels in similar 
classification tasks 

Study Emotions Physiological Channels 
Nr. of 

Features 

Classification 

Rates (%) 

He et al., 2017 joy, sadness, anger, pleasure ECG, Resp 14 58.14(D) 

Khezria, 2015 
anger, sadness, fear, disgust, 

happiness, surprise 

EEG, EMG, EOG, BVP, SC, 

IBI 
82 65.3-82.7(I) 

Kukolja et al., 

2014 

sadness, disgust, fear, happiness, 

neutral 
ECG, Resp., SC, SKT 35 34.35-60.3(D) 

Maaoui et al., 

2008 

amusement, contentment, 

disgust, fear, sadness, neutral 
BVP, EMG, SC, SKT, Resp 30 90(D), 0-45(I) 

Lisetti & Nasoz, 

2004 

sadness, fear, anger, frustration, 

surprise, amusement 
EDA, HR, Resp. 12 72.3-84.1(D) 

ECG ≙ electrocardiogram; PPG ≙ photoplethysmography; SKT ≙ skin temperature; EDA ≙ electrodermal activity; 

Resp. ≙ respiration; CVA ≙ cardiovascular activity; BR ≙ breathing rate; BVP ≙ blood volume pulse; PPG ≙ 

photoplethysmography ; EOG ≙ Electrooculogram; SC ≙ skin conductance; HR ≙ heart rate; BVP ≙ blood volume 

pulse 
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the training set while others are distributed in the validation set, which means that the model 

has learned the individual reaction patterns during the process of training. However, the 

superiority, which means learning the individual reaction patterns in advance, will disappear 

when the classification for the totally unseen persons is conducted. In line with previous 

studies (Picard et al., 2001; Kim & André, 2008; Liu et al., 2008(1), 2008(2); Kolodyazhniy 

et al., 2011; Walter et al., 2013), this result indicates that subject-dependent models (SVMscv) 

have good performance in classification conducted for the specific person or group (80 

participants) in a specific context (experimental film-induced emotions) it is also able to 

avoid problems on variability between subjects. However, difficulties are available in the 

classification for unknown persons (Kolodyazhniy et al., 2011; Walter et al., 2013). 

Moreover, an unresolved controversy is still available: whether a subject-dependent model 

can be employed trans-situationally. On the one hand, the consistency of individual 

psychophysiological response pattern has been put forward by Turner (Turner, 1988) and 

some indications on brain mechanism can also be provided to prove it (Roseman, 2011). On 

the other hand, several previous studies have shown that the extracted psychophysiological 

features are not the same across several different situations (Walter et al., 2013; Agrawal et 

al., 2008). Above all, it is suitable for the application of subject-dependent models to a 

specific user (group) in a specific context, but they are not regarded as generic models. In 

other words, great attention should be paid if the models are employed to new subjects trans-

situationally.  

4.4.2 subject-independent models 

In contrast to the subject-dependent models, it is supposed that subject-independent models 

are to be applied in a generalized situation where there are a wide range of users. Hence, this 

kind of classification tasks can be named as subject-independent classifications. In the 

present study, the SVMsbat are learned for this purpose. In line with numerous of previous 

studies (Walter, 2013 et al.; Jatupaiboon et al., 2015; Chen et al., 2017), it is obtained that 

the classification rates of subject-independent models (SVMsbat) usually are worse than those 

of subject-dependent model (SVMscv) during the classification for known persons. The 

reason could lie in the individual differences, which means that individuals may show 

different physiological response patterns towards the same emotional stimuli. A deeper 

reason lies behind could be that the hyperparameters of SVMsbat are determined by leave-

one-subject out validation, which is commonly employed in previous studies for the 

avoidance of learning the individual response pattern in the training phase. All the samples 

of one subject remain in the validation set and none of the samples belonging to the same 

subject appears in the training set (Yang et al., 2008; Nardelli et al., 2015; Albornoz & 

Milone, 2017). Moreover, it is unlike several previous studies, in which the “subject-

independent” models were not tested by entirely new participants who were set aside in 

advance (Kim & André, 2008; Kolodyazhniy et al., 2011; Jatupaiboon et al., 2015). There 

are six totally new subjects in the present study. It further verifies that the subject-

independent models (SVMsbat) achieve similar performance as known persons (80 subjects) 

when classifying unknown persons (6 unseen subjects). Last but not least, the classification 

accuracies possessed by subject-independent models are always above the priori chance, 

which means that there is a certain degree of similarity existing in psychophysiological 
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response patterns among different subjects concerning a particular film-induced emotional 

stimulus. The similarity existing in the response patterns of inter-individuals provides a basis 

for the construction of generic models. Many researchers devote themselves to improving 

the classification performance of generic models by employing different kinds of methods 

(Ali et al., 2016; Chen et al., 2017; Al Machot et al., 2018). 

4.5 The effectiveness of emotion-eliciting film clips 

In the present study, fifteen film clips were selected and displayed for the aim of eliciting 

five discrete emotions. Regarding the reason that film elicitations instead of music clips or 

pictures were utilized, it has been explained in chapter 1. For the purpose of determining the 

effectiveness of film clips, a simple and intuitive method is adopted for the evaluation of the 

subjects’ affective experience through self-report. In general, the averages obtained from 

subject ratings of target emotions are higher than those of non-target emotions, which 

conform well to the numerous previous studies (Gross & Levenson, 1995; Hewig et al., 2005; 

Rottenberg et al., 2007; McGinley & Friedman, 2017). Thus, using the categories of film 

clips as labels is deemed as an optimal choice when establishing a subject-independent 

model (generic model) and conducting the supervised learning, which has already been 

supported by numerous previous studies on film-eliciting emotions (Nasoz et al., 2004; 

Kolodyazhniy et al., 2011). However, there is perhaps another choice that could be further 

tested when we are eager to set up a model which is specific to one person (i.e., adopting the 

emotion with the highest intensity as label), because the elicited emotion obtaining the 

highest rating are not the target emotion specific to a small amount of participants (Wen et 

al., 2014). No matter which kind of label is chosen, it makes sense to have a deeper 

understanding of the ratings possessed by each subject. It is observed that the target emotion, 

together with the other emotions at the same time, is elicited for some participants. Even for 

some participants, the intensity of non-target emotion is higher than the target emotion. In 

addition, the phenomenon, co-occurrence of emotions, will be further discussed in the 

following part.  

The co-occurrence of different emotions is still known as an unsolved problem in the film-

induced laboratory setting till now (Hemenover & Schimmack, 2007; Lench et al., 2011; 

Samson et al., 2016; Gilman et al., 2017). It also appears in the present study that some non-

target emotions are elicited in the meanwhile apart from the target emotion, and this 

phenomenon markedly happens in the elicitors of both anger and fear. Consistent with 

several previous studies, the anger stimuli induce the anger and sadness of some participants 

simultaneously, especially for the clips “Cry Freedom” (Hewig et al., 2005; Lench et al., 

2011). The fear stimuli (esp. “Marathon Man”) elicit fear and disgust at the same time 

sometimes (Nasoz et al., 2004; Hewig et al., 2005), which may be caused by the specific 

content of the film clips. For example, some African kids are killed by guns in suppressing 

a revolution in the film clips “Cry Freedom”. The unfair relationship between the African 

and the police may induce anger and the death of kids may elicit sadness at the same time. 

Similarly, Babe is tortured by Szell with dental tools in the “Marathon Man”, and therefore 

the dental tools may induce disgust, besides fear, of participants who once had the experience 

of dental treatment. Another explanation for the co-occurrence is closely related to the 
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perspective adopted by the participants. The study conducted by Hemenover proved that the 

emotions of disgust and amusement appear together if the participants adopt the perspective 

of observers rather than protagonists of the clip when watching a film clip relevant to 

disgusting humor (Hemenover & Schimmack, 2007). In the present study, although the 

participants are asked not to suppress their emotions, they are not forced to hold a specific 

perspective, which as a result may induce different emotions (e.g., person who hold the 

perspective of revolutionaries may have a completely different feeling with the person 

standing by the enforcers during the process of watching the film clips about the suppression 

of a revolution).  

Moreover, the co-occurrence of emotions may be closely linked to the gender, age or 

characteristics of the participants. It is more difficult for female and old citizens to elicit 

anger (Birditt & Fingerman, 2003; Charles & Carstensen, 2008; Lench et al., 2011). 

Meanwhile, if more than one emotion of a participant is induced in one category of film clips, 

then it is likely that his multiple emotions will also be elicited in other categories of film 

clips, which may be caused by the reason that these individuals fail to separate these 

emotions in their conscious experience. Another explanation is illustrated on the basis of 

dimensional emotion model: individuals who lay more focus on valence show more co-

occurrences (Barrett, 1998). 

Last but not least, another finding obtained shows the fact that the co-occurrence of emotions 

not only appears among negative emotions but also happens between positive and negative 

emotions occasionally, which is in line with many previous studies (Hemenover & 

Schimmack, 2007; Larsen & Green, 2013). 

On the whole, the film clips, which were used in the present study, are quite effective in 

inducing the target emotions. However, as far as a small part of individuals are concerned, 

the emotions induced are not target emotions or not pure. Thus, the influence of subjective 

experience on psychophysiological responses should be handled carefully.  

4.6 The reasons resulting in the difficulties of classification tasks from 

the perspective of classification performance 

It has already been acknowledged that the classification rates of all classification tasks are 

above the chance level. For the subject-dependent models (SVMscv), little difference on the 

classification accuracies is available among 15 classification tasks. However, the observable 

variances can be seen from the classification rates of SVMsbat among 15 classification tasks. 

It is considered that the classification tasks which have lower classification accuracies are 

more difficult in the present study. On the whole, the most challenging classification task is 

SAD vs. FEA, followed by ANG vs. FEA and SAD vs. ANG. As for the reasons for the 

current difficulties and the further improvements that can be made, they will be further 

discussed in the following part. 
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4.6.1 The coherence of subjective ratings and psychophysiological responses 

As what is mentioned above, the categories of film clips are set as the labels of the supervised 

machine learning in the present study and the model is trained by employing 

psychophysiological data points. It is obtained that the subjective conscious feelings induced 

by the film clips sometimes are not pure. Moreover, it is observed that connection exists 

between the subjective ratings and the classification accuracies (i.e. low accuracies usually 

appear within the scope of the emotions obtaining similar subjective ratings.). This finding 

is consistent with several theoretical and empirical research, which perhaps can serve as the 

explanation illustrating the reason for the low accuracies of ANG vs. SAD, ANG vs. FEA 

and SAD vs. FEA. Theoretically, the connection is named as the coherence of emotions from 

an evolutionary perspective which attaches its importance to the function of emotions 

(Ekman, 1992; Levenson et al., 1992). Empirically, Friedman and his colleagues came to a 

conclusion that approximately 27-28% of the variance in subjective ratings could be 

explained by psychophysiological responses, and vice-versa (Friedman et al., 2014). In the 

studies conducted by Mauss and Lundquist, it was reported that there is a modest or high 

relationship between subject experience and psychophysiological responses in the film-

induced or music-induced emotions (Mauss et al., 2005; Lundqvist et al., 2009). In addition, 

the meta-analysis conducted by Lench and his group also proved the availability of 

concordance between self-reported experience and psychophysiological responses (Lench et 

al., 2011).  

4.6.2 The similar ratings on valence of emotions 

Correlation is available between discrete emotions and dimensional emotions: a high inter-

subject consistency concerning the positioning of discrete emotions for the dimension of 

pleasure. On the axis of valence, it can be concluded that amusement belongs to the positive 

from the perspective of dimensional emotion model, while sadness, anger, disgust and fear 

are known as parts of the negative (Hoffmann et al., 2012). In line with considerable 

experimental literatures, the closer the ratings on valence are, the more difficult the 

classification task will be, which accordingly provide a reasonable explanation to the 

difficulties of NEG vs. NEG (Christie & Friedman, 2004; Kragel & LaBar, 2013; Verma & 

Tiwary, 2014; Liu et al., 2017). 

4.6.3 The similarity of psychophysiological response among emotions 

As for the emotions of anger and fear, they have been studied and compared with each other 

in several previous studies and it was proved that they have similarity with each other in a 

number of parameters (Ax, 1953; Cannon, 1927, 1931; Ekman et al., 1983; Stemmler, 2003; 

Stemmler & Wacker, 2010). Concerning the three psychophysiological signals employed in 

the present study, it can be concluded that tEMG increases, HRV decreases, and SCL in both 

the emotions of anger and fear on the whole, which is in line with the study carried out by 

Kreibig (Kreibig, 2010). In contrast, it can be obtained that amusement always has apparent 

differences with the other emotions on the psychophysiological responses in the present 

study (e.g., HRV increases in amusement, but it decreases in non-crying sadness, anger and 

fear), which is also supported by Kreibig (Kreibig, 2010). 
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In general, the similarities existing in the psychophysiological responses serve as reasons 

that are of great importance, which can account for the high classification accuracies of 

AMU vs. NEG and the unsatisfactory classification rates of ANG vs. FEA. 

4.6.4 The method for improving the classification accuracies 

In order to improve the classification accuracies, firstly, it can be beneficial to selecting and 

then validating more emotion-eliciting film clips like study conducted by Gilman (Gilman 

et al., 2017). It will need greater efforts to achieve the goal but it is worthwhile if target 

emotions can be induced purely and intensively. 

Another method that can be employed in the future is known as taking into account more 

relevant psychophysiological signals. For example, it is probably that total peripheral 

resistance (TPR) serves as an effective parameter for the classification of anger vs. fear 

(Kreibig, 2010). Moreover, respiratory, pre-ejection period (PEP), diastolic blood pressure 

(DBP), ear pulse transit time (PTT), respiration rate (RR), and end-tidal pCO2, are employed 

to find out the response differences between sadness and fear in the study conducted by 

Kreibig but they are not included in the present study, which perhaps can impose an impact 

on the classification rate of SAD vs. FEA (Kreibig, 2010). 

In addition to the psychophysiological signals, other machine learning algorithms and 

feature extraction methods can be tested as well. Considering the complexity, time costs and 

property of classification algorithms, SVM is chosen finally in the present study. However, 

it is also worthwhile to test other classification algorithms if both time and cost permit. 

Artificial neural networks (ANN) and deep learning have been studied more and more by 

computer scientists in recent years, because of their intelligence and the similarity of a 

human brain. We have enough reason to infer that they may have good performance in the 

application of emotion classification (Yin et al., 2017; Faust et al., 2018).  

It has been known that the more straightforward features are extracted, the more intuitive the 

connection between psychophysiological reactions and emotions can be revealed. It is the 

reason that the statistic method is employed by us to extract features in this study. However, 

it is worth considering another attempt, particular for ECG, like what is done in other studies 

(Cai et al., 2009; Agrafioti et al., 2012; Selvaraj et al., 2013). 

On the whole, although all the classification accuracies obtained are above the level chance, 

some classification tasks are more difficult than others. The reasons for the current 

difficulties are closely related to the co-activation of subjective experience, and the 

similarities of psychophysiological responses among some emotions, as well as the 

insufficient features of ECG, etc. 

4.7 Limitations and future prospects 

4.7.1 The complexity of emotions 

The present study is a recapitulative study on the emotion classification. It is the reason that 

we focus on five basic emotions, including amusement, sadness, fear, anger and disgust 

(neutral state as the baseline). However, as is known, emotions are much more complicated 
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than that. Even in the term “sadness”, the specific emotion can be divided into sadness with 

crying, sadness without crying, anticipatory sadness, and acute sadness etc. In addition, it is 

most likely that the psychophysiological response patterns are different among them 

(Kreibig, 2010). Thus, it is quite necessary to refine emotions, and select two or three of 

them for an in-depth study.  

Furthermore, it demonstrates that amusement, which is deemed as the only positive emotion 

in this study, can be easily distinguished from negative emotions easily. However, the 

positive emotions are far more than amusement. The term “amusement” we used, conforms 

to the study conducted by Hewig. “Amusement” is the significantly highest rated emotion 

for “When Harry met Sally” only, while “On Golden Pond” and “An Officer and Gentleman” 

are rated as “pleasure” in his study, which means he adopted the same word “amusement” 

to define two different positive emotions. It should be an interesting topic if comparison and 

classification can be conducted for several positive emotions (e.g., amusement, pleasure, 

happiness, joy, contentment).  

There is no doubt that the present study gives us a generalization of basic emotion 

classification and lays a foundation for studying refined and complex emotions in a more 

detailed manner. 

4.7.2 A number of limiting psychophysiological signals and features 

The present study lays its emphasis on three psychophysiological signals, particular on 

tEMG, the signal was emphasized in the pain study but ignored in emotion research in the 

previous studies (Walter et al., 2014). In the present study, its huge potentials are shown on 

discrete emotion classification. Further study in the future should attach its importance to 

considering a larger number of psychophysiological signals, because it perhaps brings more 

information and improves the classification performance, as what is mentioned above. 

Moreover, the statistic method for feature extraction failed to be employed to the ECG signal. 

Therefore, developing a specific method for the unique periodicity of ECG is deemed as 

quite necessary (Schach et al., 2016). 

Besides, along with the development of technology, more and more psychologists attach 

great importance to the connection between the brain mechanism and emotion 

(Jirayucharoensak et al., 2014; Verma & Tiwary, 2014; Iacoviello et al., 2015; Atkinson & 

Campos, 2016). The emotion classification based on psychophysiological signals combined 

with EEG will be deemed as an attractive topic. 

4.7.3 The variation of the separated 6 subjects 

Normally, cross-validation is deemed as an effective method employed for the purpose of 

avoiding overfitting (Wong, 2015; Lever et al., 2016). The test set (six subjects) is set aside 

for double insurance apart from the cross-validation. In order to ensure enough amounts of 

samples in the training and validation set, and obtain relatively reliable parameters of models, 

it is necessary for us to sacrifice the number of samples employed for the final testing. The 

classification accuracies obtained from the six subjects confirm from one side that the 

SVMscv are subject-dependent models and the SVMsbat are subject-independent models. 

However, the sample size of the test set is so small that it may lead to some problems (e.g., 



Discussion 
 

68 
 

a great variance of performance) in the process. In detail, the classification accuracies of one 

subject are perhaps very low or high and they are unable to represent the situation on the 

whole. It is concluded that more data should be collected by further studies and more subjects 

should be assigned into test set (e.g., distributing 25% of samples into test set), thus the 

average of classification rates of subjects in the test set will be close to the “real” 

performance of the model. 

Although some limitations are available, the present study has important implications for 

studies on the discrete emotion recognition. It not only makes efforts on innovative data 

processing but also provides powerful evidence to previous studies.  

From the perspective of cutting psychophysiological data, “sliding windows” was put 

forward to overcome the obstacles in a small size of samples. It provides a practical solution 

to the insufficient data points of one subject. Moreover, in terms of feature extraction method, 

a straightforward relationship between psychophysiology and emotion can be shown through 

the statistic calculations without any projection and transformation. In addition, tEMG signal 

is taken into account and proved to be an effective indicator in the emotion classification. 

Besides, based on tEMG, SCL and ECG, 16 features are deemed as quite essential for 

acceptable classification performance. Moreover, support machine learning is an effective 

algorithm in the study concerning the psychophysiology-based discrete emotion 

classification.



Conclusion 
 

69 
 

CHAPTER 5 

CONCLUSION 

The present dissertation attempts to answer the question: Is there psychophysiological 

response patterns specificity to the basic emotions? This question has lasted for one and a 

half centenaries and has not a clear consensus yet. With the rise of affective computing, the 

innovative methods for data processing and analysis are emerging accordingly. Therefore, 

the data analysis method is not limited to the conventional statistics any longer, and the 

machine learning, which is known as one of the emerging methods in the field of affective 

computing, is utilized in the present study to give an answer of the question mentioned above. 

For the purpose of eliciting the five basic emotions (i.e. amusement, sadness, anger, fear and 

disgust), standardized film clips in German were carefully selected. Moreover, three 

psychophysiological signals, trapezius Electromyography (tEMG), Electrodermal activity 

(EDA) and Electrocardiogram (ECG) were recorded during the period of emotion elicitation. 

It is worth mentioning that the signal of tEMG is found to make a significant contribution to 

the classification of basic emotions in addition to the EDA and ECG in the present study.  

For revealing the relationship between basic emotions and psychophysiological responses in 

a frank way, instead of the projected and compressed features, the features were extracted 

by statistical methods according to seven categories: amplitude, frequency, stationarity, 

entropy, variability, linearity and similarity. The Support Vector Machines (SVMs) were 

utilized as the classification algorithm and Sequential Forward Selection was used as the 

feature selection method. Two kinds of validation method, which is always able to avoid the 

overfitting, 10-fold cross-validation and leave-one-subject-out cross-validation were utilized 

in the present study for obtaining the subject-dependent and the subject-independent models, 

respectively. 

From the perspective of data processing, there are several noteworthy contributions. First, 

machine learning, a new method instead of conventional statistical methods, is utilized for 

answering the long-lasting debated question as mentioned earlier. What’s more, the method 

of sliding windows overcomes the obstacles in a small size of samples when cutting the 

psychophysiological data. 

In terms of results, some remarkable results were obtained. First, the psychophysiological 

responses pattern specificity of the basic emotions is verified in the study, because all the 

classification accuracies are significantly above the chance level. Then, SVMs are the 

efficient classifiers for the psychophysiological-based film induced emotion classification. 

Further, the classification rates of the subject-dependent models are always better than that 

of the subject-independent models in the same context. What’s more, regarding the number 

of features, 16 features are essential to the present question. tEMG signal contributes a lot to 

the classification tasks, which indicates the close relationships between tEMG and basic 

emotions. 

In conclusion, although there are undeniable limitations in the present study (e.g. a limited 

amount of psychophysiological signals, small samples for the final testing, few of ECG 
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features et al.), the great contribution on the psychophysiological response patterns 

specificity of the basic emotions as well as the implication on the field of affective computing 

cannot be denied.
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APPENDIX 

APPENDIX I Graphic examples of the feature categories: amplitude, frequency, stationarity, entropy, linearity, variability, similarity and heart rate 

variability. (Left) High expression. (Right) Low expression (Walter et al., 2014) 

Feature Category High Low 

⑴ Amplitude 

The amplitude of a periodic variable is a 
measure of its change over a single period. 

  

⑵ Frequency 

Frequency is the number of occurrences of 
a repeating event per unit of time. 

  

⑶ Stationarity 

Stationarity reflects some form of stable 
equilibrium. All statistical properties (e.g., 
mean, variance etc.) of a stationary time 
series are constant over time. 
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Feature Category High Low 

⑷ Entropy 

Entropy measures the number of specific 
ways in which a system may be arranged, 
often taken to be a measure of disorder. 

  

⑸ Variability 

Variability describes how spread out or 
closely clustered a set of data is. 

  

⑹ Linearity 

Linearity is the ability to a system always to 
respond to the change of a parameter with 
a proportional change of another 
parameter. 
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Feature Category High Low 

⑺ Similarity 

The measures of similarity examine the 
degree of correspondence between two or 
more signals in terms of their 
characteristics. 

  

⑻ Heart Rate Variability 

Generally, heart rate variability describes 
the ability of the heart to adapt to internal 
and external acting stimuli with increasing 
or decreasing heart rates. 
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APPENDIX II. The overview of the feature information. (Walter et al., 2014) 

Nr. 
 

Category Abbreviation Definition Mathematical Description 

(1) amplitude peak peak  peak = maximum value of the signal 

(2) amplitude p2pmv peak to peak mean value  
p2pmv = difference between the average of the local maxima and the mean of the local 
minima of the signal 

(3) amplitude rms root mean square  
rms =√

1

𝑛
∑ 𝑥𝑖

2𝑛
𝑖=1 , 𝑥𝑖 = value of the i-th sample point of the signal, n = number of sample 

points 

(4) amplitude mlocmaxv mean of local maxima values  
mlocmaxv = 

1

𝑛
∑ 𝑙𝑜𝑐_𝑚𝑎𝑥𝑖

𝑛
𝑖=1  , 𝑙𝑜𝑐_𝑚𝑎𝑥𝑖 = value of the i-th local maximum, n = number of 

local maxima 

(5) amplitude mlocminv mean of local minima values  
mlocminv = 

1

𝑛
∑ 𝑙𝑜𝑐_𝑚𝑖𝑛𝑖

𝑛
𝑖=1  , 𝑙𝑜𝑐_𝑚𝑖𝑛𝑖 = value of the i-th local minimum, n = number of 

local minima 

(6) amplitude mav mean of absolute values  
mav = 

1

𝑛
∑ |𝑥𝑖|𝑛

𝑖=1  , 𝑥𝑖 = value of the i-th sample point of the signal, n = number of sample 

points 

(7) amplitude mavfd mean of the absolute values of the first differences  
mavfd = 

1

𝑛−1
∑ |𝑥𝑖+1 − 𝑥𝑖|𝑛−1

𝑖=1  , 𝑥𝑖 = value of the i-th sample point of the signal, n = number 

of sample points 

(8) amplitude mavfdn 
mean of the absolute values of the first differences of the 
normalized signal  

mavfdn = 
1

𝑛−1
∑ |�̃�𝑖+1 − �̃�𝑖|𝑛−1

𝑖=1  , �̃�𝑖 = value of the normalized i-th sample point of the signal, 

n = number of sample points. 

(9) amplitude mavsd mean of the absolute values of the second differences  
mavsd = 

1

𝑛−2
∑ |𝑥𝑖+2 − 𝑥𝑖|𝑛−2

𝑖=1  , 𝑥𝑖 = value of the i-th sample point of the signal, n = number 

of sample points 

(10) amplitude mavsdn 
mean of the absolute values of the second differences of 
the normalized signal 

mavsdn = 
1

𝑛−2
∑ |�̃�𝑖+2 − �̃�𝑖|𝑛−2

𝑖=1  , �̃�𝑖 = value of the normalized i-th sample point of the signal, 

n = number of sample points 
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Nr. 
 

Category Abbreviation Definition Mathematical Description 

(11) frequency zc zero crossings  
zc refers to the number of zero crossings of the signal. If there is a sign change for two 
consecutive sample points, it is counted as zero crossing. 

(12) frequency fmode mode frequency  

Prerequisite: The signal must be presented in its frequency spectrum. The conversion is 

done by Fast Fourier Transformation:  𝑓𝑘 = ∑ 𝑥𝑛𝑒−𝑖2𝜋𝑘
𝑛

𝑁 , 𝑘𝑁−1
𝑛=0  = 0,…, N-1.  

 
fmode = mode of f. 

(13) frequency bw bandwidth  

Prerequisite see (12).  
 
bw = 3-dB-bandwidth = fh - fl ,  fl = lower -3 dB-cut-off frequency, fh = upper -3 dB-cut-off 
frequency.  

(14) frequency cf central frequency  

Prerequisite see (12).  
 

cf = 
𝑓ℎ− 𝑓𝑙

2
 ,  fl =  lower -3 dB-cut-off frequency, fh =  upper -3 dB-cut-off frequency. 

(15) frequency fmean mean frequency  
Prerequisite see (12).  
 
fmean = mean of f. 

(16) frequency fmed median frequency  
Prerequisite see (12).  
 
fmed = Median of f. 

(17) stationarity median median of all degrees of stationarities of all frequencies 

Prerequisite: The degree of stationarity 𝐷𝑆𝑖  is calculated by a frequency fi  through 

𝐷𝑆𝑖(𝑓𝑖) =  
1

𝑁
∑ (1 −

𝑡𝑓𝑟(𝑓𝑖,𝑛∆𝑡)

𝑡𝑓𝑟(𝑓𝑖)
)𝑁

𝑛=1

2
,  𝑡𝑓𝑟 =  

1

𝑁
∑ 𝑡𝑓𝑟(𝑓𝑖 , 𝑛∆𝑡)𝑁

𝑛=1  ,  𝑡𝑓𝑟(𝑓𝑖 , 𝑛∆𝑡) = time-

frequency representation of a non-stationary signal with frequency fi und time 𝑛∆𝑡. 
 
median = Median of all 𝐷𝑆𝑖.  
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Nr. 
 

Category Abbreviation Definition Mathematical Description 

(18) stationarity freqpond 
weighted arithmetic mean of all degrees of stationarities 
of all frequencies 

Prerequisite see (17). 
 
freqpond = ∑ 𝑤𝑖𝐷𝑆𝑖

𝑛
𝑖=1  mit  ∑ 𝑤𝑖

𝑛
𝑖=1 = 1 , 𝑤𝑖 = weight of 𝐷𝑆𝑖, 𝐷𝑆𝑖  = stationarity of the 

frequency fi, n = number of stationarities 

(19) stationarity area 
approximated integral over all degrees of stationarities of 
all frequencies 

Prerequisite see (17). 
 

area = 
𝑛−1

2𝑛
∑ (𝐷𝑆𝑖 +  𝐷𝑆𝑖+1)𝑛

𝑖=1  , 𝐷𝑆𝑖  = stationarity of the frequency fi,  n = number of 

stationarities 

(20) stationarity area_ponderada 
approximated integral over all weighted degrees of 
stationarities of all frequencies 

Prerequisite see (17). 
 

area ponderada = 
𝑛−1

2𝑛
∑ (𝑤𝑖𝐷𝑆𝑖 +  𝑤𝑖+1𝐷𝑆𝑖+1)𝑛

𝑖=1  , 𝐷𝑆𝑖  = stationarity of the frequency fi, 𝑤𝑖 

= weight of 𝐷𝑆𝑖, n =  number of stationarities 

(21) stationarity me standard deviation of the mean values 

Split the signal X into n equal, consecutive subsets 𝑋1, 𝑋2, …, 𝑋𝑛. 
Calculate the mean value of the subsets 𝑥1, 𝑥2, …, 𝑥𝑛  
Forming  𝑋𝑚𝑒 =  {𝑥1, 𝑥2, … , 𝑥𝑛}. 
 
me = standard deviation of 𝑋𝑚𝑒  

(22) stationarity sd standard deviation of the standard deviation values 

Split the signal X into n equal, consecutive subsets 𝑋1, 𝑋2, …, 𝑋𝑛. 
Calculate the standard deviations of the subsets 𝜎𝑥1

, 𝜎𝑥2
, … , 𝜎𝑥𝑛

 

Forming 𝑋𝑠𝑑 =  {𝜎𝑥1
, 𝜎𝑥2

, … , 𝜎𝑥𝑛
}. 

 
sd = standard deviation of 𝑋𝑠𝑑 
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Nr. 
 

Category Abbreviation Definition Mathematical Description 

(23) entropy aprox approximate entropy  

Forming from the signal X with n sample points n-m+1 vectors 𝑋𝑖
𝑚 of size m such that 

𝑋𝑖
𝑚 =  {𝑥𝑖 , 𝑥𝑖+1, … , 𝑥𝑖+𝑚−1}, i = 1, …, n-m+1. 

Calculate for each i ≤ 1, …, n-m+1 : 𝐶𝑖
𝑚(𝑟) =  

𝑘𝑖
𝑚(𝑟)

𝑛−𝑚+1
 , 𝑘𝑖

𝑚(𝑟) = number of vectors 𝑋𝑗
𝑚 with 

|𝑋𝑖
𝑚 −  𝑋𝑗

𝑚| < 𝑟 , r = similarity criterion (e.g. neutral state) 

Calculate ∅𝑚(𝑟) =
∑ 𝑙𝑛 𝐶𝑖

𝑚𝑛−𝑚+1
𝑖=1  (r) 

(𝑛−𝑚+1)
 . 

 

aprox = ApEn(m,r,n) = 𝑙𝑛 [
∅𝑚(𝑟)

∅𝑚+1(𝑟)
]  

(24) entropy sample sample entropy 

Forming from the signal X with n sample points n-m+1 vectors 𝑋𝑖
𝑚 of size m so that 𝑋𝑖

𝑚 =
 {𝑥𝑖 , 𝑥𝑖+1, … , 𝑥𝑖+𝑚−1}, i = 1, …, n-m+1. 

Calculate for each i ≤ 1, …, n-m+1: 𝐵𝑖
𝑚(𝑟) =  

𝑘𝑖
𝑚(𝑟)

𝑛−𝑚+1
 , 𝑘𝑖

𝑚(𝑟) = number of vectors 𝑋𝑗
𝑚 with 

|𝑋𝑖
𝑚 −  𝑋𝑗

𝑚| < 𝑟, j = 1, …, n-m, j ≠ i, r = similarity criterion (e.g. neutral state) 

Calculate 𝐵𝑚(𝑟) =  
∑ 𝐵𝑖

𝑚(𝑟)𝑛−𝑚
𝑖=1

(𝑛−𝑚)
 . 

Calculate for each i ≤ 1, …, n-m+1: 𝐴𝑖
𝑚(𝑟) =  

𝑘𝑖
𝑚(𝑟)

𝑛−𝑚+1
 , 𝑘𝑖

𝑚(𝑟) = number of vectors 𝑋𝑗
𝑚+1 with 

|𝑋𝑖
𝑚+1 − 𝑋𝑗

𝑚+1| < 𝑟, j = 1, …, n-m, j ≠ i, r = similarity criterion (e.g. neutral state) 

Calculate 𝐴𝑚(𝑟) =  
∑ 𝐴𝑖

𝑚(𝑟)𝑛−𝑚
𝑖=1

(𝑛−𝑚)
 . 

 

sample = SampEn(m,r,n) = −𝑙𝑛 [
𝐴𝑚(𝑟)

𝐵𝑚(𝑟)
] 

(25) entropy fuzzy fuzzy entropy 

Forming from the signal X with n sample points vectors 𝑋𝑖
𝑚 of size m so that {𝑋𝑖

𝑚 =

 {𝑥𝑖 , 𝑥𝑖+1, … , 𝑥𝑖+𝑚−1} − 𝑥𝑖
𝑏𝑎𝑠𝑒, i = 1, …, n-m+1}, 𝑥𝑖

𝑏𝑎𝑠𝑒 =  
∑ 𝑥𝑖+𝑗

𝑚−1
𝑗=0

𝑚
 . 

Calculate each vector 𝑋𝑖
𝑚, i ≤ 1, …, n-m+1 the degree of similarity 𝐷𝑖𝑗

𝑚 to its neighboring 

vectors 𝑋𝑗
𝑚, j = 1, …, n-m+1, j ≠ i, based on a selected “fuzzy membership function”. 

Calculate from it 𝜙𝑖
𝑚(𝑟) =  

∑ 𝐷𝑖𝑗
𝑚𝑛−𝑚

𝑗=1,𝑗≠𝑖

(𝑛−𝑚−1)
 . 

Calculate 𝜑𝑚(𝑟) =  
∑ 𝜙𝑖

𝑚𝑛−𝑚
𝑖=1 (𝑟)

𝑛−𝑚
 and 𝜑𝑚+1(𝑟) =  

∑ 𝜙𝑖
𝑚+1𝑛−𝑚

𝑖=1 (𝑟)

𝑛−𝑚
 . 

 
fuzzy = FuzzyEn(m,r,n) = 𝑙𝑛𝜑𝑚(𝑟) − 𝑙𝑛𝜑𝑚+1(𝑟)  
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Nr. 
 

Category Abbreviation Definition Mathematical Description 

(26) entropy shannon shannon entropy 
shannon = − ∑ 𝑃(𝑥𝑖)𝑙𝑜𝑔𝑏𝑃(𝑥𝑖)𝑛

𝑖=1  , 𝑥𝑖 = value of the i-th sample point of the signal X, P() = 
probability function of the signal X  

(27) entropy spectral spectral entropy 
spectral = −

∑ 𝑆(𝑓𝑖)𝑙𝑜𝑔𝑏𝑆(𝑓𝑖)𝑛
𝑖=1

𝑙𝑜𝑔𝑏(𝑛)
, 𝑆(𝑓𝑖) = spectral power density of the frequency 𝑓𝑖, n = 

number of frequencies 

(28) linearity ldf lag dependence functions 

Prerequisite: k = number of searched lag dependence functions ldf. 
 
For each i = 1, …, k: 

a) Shift the signal 𝑋 by i sample points to the left to get the signal 𝑋𝑠ℎ𝑖𝑓𝑡. 

b) Find a polynomial 𝑋𝑓𝑖𝑡 of 𝑋𝑠ℎ𝑖𝑓𝑡 to fit 𝑋 by the polynomial regression 
c) Calculate 𝑠𝑠0 =  ∑ (𝑥𝑚 − 𝑥)2𝑛

𝑚=1 , 𝑥𝑚 = m-th sample point of 𝑋, 𝑥 = mean of 𝑋, n = 
number of sample points 

d) Calculate 𝑠𝑠𝑖 =  ∑ (𝑥𝑚 − 𝑥𝑚
𝑓𝑖𝑡

)2𝑛
𝑚=1 , 𝑥𝑚 and 𝑥𝑚

𝑓𝑖𝑡
 = m-th sample point of 𝑋 or 𝑋𝑓𝑖𝑡, n = 

number of sample points 

e) Calculate 𝑅𝑖 =  
𝑠𝑠0−𝑠𝑠𝑖

𝑠𝑠0
. 

f) Find indices 𝑖𝑛𝑑_𝑚𝑎𝑥 and 𝑖𝑛𝑑_𝑚𝑖𝑛 at which 𝑋 becomes maximum or minimum 
 

𝑙𝑑𝑓𝑖 = 𝑠𝑖𝑔𝑛(𝑥𝑖𝑛𝑑_𝑚𝑎𝑥
𝑓𝑖𝑡

− 𝑥𝑖𝑛𝑑_𝑚𝑖𝑛
𝑓𝑖𝑡

) ∗ √𝑅𝑖. 
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(29) linearity pldf partial lag dependence functions 

Prerequisite : k = number of searched partial lag dependence functions pldf. 
 
For each i = 1, …, k: 

a) Shift the signal 𝑋 by i-1 sample points to the left to get the signal 𝑋𝑠ℎ𝑖𝑓𝑡_0 

b) Find a polynomial 𝑋𝑓𝑖𝑡_0 of 𝑋𝑠ℎ𝑖𝑓𝑡_0 to get 𝑋 by the polynomial regression 

c) Calculate 𝑠𝑠𝑜 =  ∑ (𝑥𝑚 − 𝑥𝑚
𝑓𝑖𝑡_0

)2𝑛
𝑚=1 , 𝑥𝑚 and 𝑥𝑚

𝑓𝑖𝑡_0
 = m-th sample points of 𝑋 or 𝑋𝑓𝑖𝑡_0, 

n = number of sample points 

d) Shift the signal 𝑋 by i sample points to the left to get the signal 𝑋𝑠ℎ𝑖𝑓𝑡_1 

e) Find a polynomial 𝑋𝑓𝑖𝑡_1 of 𝑋𝑠ℎ𝑖𝑓𝑡_1 to fit 𝑋 by polynomial regression 

f) Calculate 𝑠𝑠𝑖 =  ∑ (𝑥𝑚 − 𝑥𝑚
𝑓𝑖𝑡_1

)2𝑛
𝑚=1 , 𝑥𝑚 and 𝑥𝑚

𝑓𝑖𝑡_1
 = m-th sample points of 𝑋 or 𝑋𝑓𝑖𝑡_1, 

n = number of sample points 

g) Calculate 𝑅𝑖 =  
𝑠𝑠0−𝑠𝑠𝑖

𝑠𝑠0
. 

h) Find indices 𝑖𝑛𝑑_𝑚𝑎𝑥 and 𝑖𝑛𝑑_𝑚𝑖𝑛 at which 𝑋 becomes maximal or minimal 
 

𝑝𝑙𝑑𝑓𝑖 = 𝑠𝑖𝑔𝑛(𝑥𝑖𝑛𝑑_𝑚𝑎𝑥
𝑓𝑖𝑡_1

− 𝑥𝑖𝑛𝑑_𝑚𝑖𝑛
𝑓𝑖𝑡_1

) ∗ √𝑅𝑖. 

(30) variability var variance 
var =  

1

𝑛
∑ (𝑥𝑖 −  𝑥)2𝑛

𝑖=1  , 𝑥𝑖 = value of the i-th sample point of the signal X, n = number of 

sample points, 𝑥 = mean of signal X. 

(31) variability std standard deviation std = √𝑣𝑎𝑟 

(32) variability range range range = difference between the maximum and the minimum of the signal 

(33) variability intrange interquartile range 
intrange = 𝑄3 −  𝑄1 ,  𝑄3 or. 𝑄1 = the third or first quartile of the signal ordered according 
to the size of the values 
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(34) similarity cohe_f_median median of all coherences of all frequencies 

Prerequisite: the coherence 𝐶𝑖 of a frequency 𝑓𝑖 is calculated by 𝐶𝑖(𝑓𝑖) =
𝐺𝑋𝑌(𝑓𝑖)

√𝐺𝑋𝑌(𝑓𝑖)𝐺𝑌𝑌(𝑓𝑖)
 , 

𝐺𝑋𝑌(𝑓𝑖) = cross power spectrum of signal X and signal Y, 𝐺𝑋𝑋(𝑓𝑖) and 𝐺𝑌𝑌(𝑓𝑖) = auto power 
spectrum of signal X or signal Y. 
 
cohe_f_median = median of 𝐶𝑖’s 

(35) similarity cohe_mean mean of all coherences of all frequencies 
Prerequisite see (34). 
 
cohe_mean = Mean of 𝐶𝑖’s 

(36) similarity cohe_pond_mean 
weighted arithmetic mean of all coherences of all 
frequencies 

Prerequisite see (34). 
 
cohe_pond_mean = ∑ 𝑤𝑖𝐶𝑖

𝑛
𝑖=1  with  ∑ 𝑤𝑖

𝑛
𝑖=1 = 1 , 𝑤𝑖 = weight of 𝐶𝑖, 𝐶𝑖 = coherence of 

frequency fi, n = number of coherences 

(37) similarity cohe_area_pond 
approximated integral over all coherences of all 
frequencies 

Prerequisite see (34). 
 

cohe_area_pond = 
𝑛−1

2𝑛
∑ (𝐶𝑖 +  𝐶𝑖+1)𝑛

𝑖=1  , 𝐶𝑖 = coherence of frequency fi, n = number of 

coherences 

(38) similarity corr correlation corr = 
1

𝑛
∑ (𝑥𝑖 − 𝑥)𝑛

𝑖=1 (𝑦𝑖 − �̂�)

√
1

𝑛
∑ (𝑥𝑖 − 𝑥)𝑛

𝑖=1
2

√
1

𝑛
∑ (𝑦𝑖 − �̂�)𝑛

𝑖=1
2
 ,  𝑥 = mean of signal X, �̂� = mean of signal Y 

(39) similarity mutinfo mutual information 
mutinfo = 𝐻(𝑋) − 𝐻(𝑋|𝑌) ,  𝐻(𝑋) = entropy of signal X,  𝐻(𝑋|𝑌) = conditional entropy of 
signal X given signal Y. 
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(40) 
heart rate  
variability 

meanRR mean of RR intervals meanRR = mean of all RR-intervals of the ECG-signals 

(41) 
heart rate  
variability 

rmssd root mean square of successive differences 
rmssd = √

1

𝑛−1
∑ (𝑅𝑅𝑖 − 𝑅𝑅𝑖−1)2𝑛

𝑖=2  , 𝑅𝑅𝑖 = value of the i-th RR-distance, n = number of RR-

distances 

(42) 
heart rate  
variability 

slopeRR slope of the regression line of RR intervals 
slopeRR = 

∑ ((𝑖 − �̂�)(𝑅𝑅𝑖 − 𝑅�̂�))𝑛
𝑖=1

∑ (𝑖−�̂�)2𝑛
𝑖=1

 , i = i-th RR-distance, 𝑅𝑅𝑖 = value of i-th RR-distances, n = 

number of RR-distances, 𝑖̂ = 
1

𝑛
∑ 𝑖𝑛

𝑖=1 , 𝑅�̂� = 
1

𝑛
∑ 𝑅𝑅𝑖

𝑛
𝑖=1 . 
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