
Chapter 5
Measuring Emotions Online: Expression
and Physiology

Dennis Küster and Arvid Kappas

5.1 Introduction

Emotions are embodied mental processes. They are considered mental, because
emotions are elicited by information processing in the brain. They are considered
embodied, because in consequence of this information processing, many changes
happen in the brain and in many other parts of the body. It is assumed that these
changes are evolutionary selected adaptations to classes of challenges that provide
functional benefits for the procreation of the genes that shape this concerted action
of systems over the life span (see also Chap. 3).

While the development of human emotions lies much in our ancestral past, even
modern day situations, such as reading an insult in a traditional letter or in a digital
blog post on a computer screen, trigger event cascades that are not only shaped by
experiences made throughout our life-time, but also using systemic constraints that
are ancient. It is because of this heritage, that pixels on a computer screen can change
the frequency with which our heart beats change the distribution of blood from the
core of the body to the periphery, or trigger metabolic cascades that ultimately will
change the availability of energy for cells, providing conditions for adaptive action.
It does not matter that these physiological changes are not necessary to prepare the
individual in front of a computer screen for action. Typically, all it might take to
respond is to write a message, change the channel, or switch off the device—none
of these requires much physical action, however, the emotional reaction is not scaled
to whatever is necessary in the specific situation in the here-and-now. Instead, the
response might be beneficial if the opponent would have to be physically threatened,
or we would have to make a quick physical exit out of the situation.
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Because of the complexity with which these bodily systems interact, under-
standing emotions involves an assessment of many different systems, ranging from
self-report of how people feel, to expressive behavior, and changes that are linked
to affective influences on the peripheral and central nervous system of individuals.
This is necessary because the cohesion between these systems is moderate to low
and not a single measure is seen as an absolute criterion for diagnosing a particular
emotional state (Mauss and Robinson 2009; Hollenstein and Lanteigne 2014). In
other words, someone might report being angry but not show any measurable change
in their expression, or physiology. Inversely, somebody might report not being
touched by the statement that “climate change is nonsense”, but does so with the
eyebrows pulled down, and a marked increase in sweat on the palms of their hands.
Emotion scientists would consider both of these scenarios affectively relevant and
any understanding of emotions on the Internet can also be seen in such a multi-level
context.

In recent years, the Internet as a source of increasingly comprehensive and rich
data about human emotional behavior at a large scale (Golder and Macy 2011)
has attracted a dramatic increase of interest from researchers across disciplinary
boundaries (Mayer-Schönberger and Cukier 2013). Thus, online measurement of
emotional contents in text, such as those obtained with sentiment-mining tools like
SentiStrength (see Chap. 7) have been at the core of many publications within the
CYBEREMOTIONS project (see Chap. 6; Chmiel et al. 2011; Garas et al. 2012;
Paltoglou et al. 2013; Thelwall et al. 2010) any beyond (Alvarez et al. 2015; Tanase
et al. 2015). However, it is not really known how emotions contained in text relate
to how a reader or writer feels, and to what extent they may be associated with a
full-blown affective response. In this chapter, we will consider the emotion detected
by sentiment mining as a property of the text and we will investigate how emotion-
in-text, relates to emotion in the person.

In contemporary laboratory research, due to the evolutionary heritage of emo-
tions outlined earlier, components of the emotional response are frequently collected
at more than one level. Bodily and expressive changes, or other variables, such as
differences in response times, are given weight in addition to what subjects report
verbally if they are asked or presented specific response scales—because emotions
are understood to take place not only in the spotlight of conscious subjective
experience but also at more automatic levels involving the entire body (see Cacioppo
et al. 1996; Scherer 1984, 2009). In fact, emotion theories generally posit the
presence of a synchronized emotional response across several levels, yet empirical
support for this assertion has often been weak or inconsistent (Hollenstein and
Lanteigne 2014). In addition, there are social pressures that might lead participants
in laboratory research to downplay, or exaggerate their responses. Because of
this context, we suggest in this chapter that some of these time tested laboratory
measures for emotion research can be fruitful also in the study of cyberemotions,
even if much of the visible emotional online content initially appears to take the
shape of plain text. Because we, as psychologists, assume that it is ultimately the
people behind the keyboard who are emotional, we need to investigate critically
to what extent text-based analysis tools and self-report relate to other measures of
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human emotions. In other words, we need to discuss the issue of cohesion between
different levels of the emotional response, such as what people write when they
are emotional, what they can report about their emotional feelings, and what bodily
indicators can tell us about emotional states associated with cyberemotions. We will
repeatedly return to this issue as we discuss the different measures and examples
presented in this chapter.

A basic design decision relates to the choice of theoretical framework to operate
in. This is important because it has immediate implications for the question which
indicators will be most suitable. One of the most important distinctions here is
whether emotions are conceived of as discrete states, such as happiness, or anger,
or at a more abstract level as points in a two- or three-dimensional space. For
example, sadness would be a negative state that is typically characterized by low to
medium activation, whereas anger might be just as negative, but much more active.
Happiness might be as active as anger, but clearly positive, and we can conceive
of states in such a two-dimensional space, such as very slightly positive, and very
slightly activated that do not have a clear categorical label that would correspond to
such a state (e.g., Yik et al. 2011). Related to the basic decision about the theoretical
framework is the question of which measures should be used. Ideally, whatever
measure or measures we use to detect cyberemotions should be economic to use,
highly reliable, not interfering with the ongoing situation, and in agreement with
other indicators across a wide range of experimental contexts. Unfortunately, apart
from the fact that no reliable gold standard is available, there likewise is no single
measure or set of measures that would be the optimal fit for every situation. Rather,
each method and each individual indicator has its own strengths and weaknesses
that may or may not be critical for any individual study. In consequence, emotion
researchers have to make a number of careful design decisions.

In many cases, adaptation of laboratory research for the purposes of validation
and comparison with computer-based assessments of emotional online texts is
facilitated by the use of dimensional models rather than discrete models of basic and
qualitatively different emotional states (e.g., Barrett and Russel 1999; Russell 2009).
In comparison to discrete emotion perspectives, dimensional models do not have
to preserve all of the assumed qualitative differences between discrete states, and
this can simplify the measurement considerably. Dimensional models further have a
strong aim to organize emotional states in terms of a limited number of underlying
dimensions (Mauss and Robinson 2009), a property which makes it easier for
dimensional models to be “understood” by a computer, and thereby minimizes the
risks of cross-category misclassifications based on highly contextualized context-
dependent information. For these reasons, a dimensional framework was chosen
for the majority of research in the CYBEREMOTIONS project. For the purposes
of research within a framework focusing on discrete emotional states, some of the
considerations and examples presented in this chapter would need to be modified.
However, the overarching issue of limited cohesion would remain.

One of the most reliable indicators of negative affect relates to changes in
activation of the Corrugator Supercilii muscles that are involved in pulling the
eyebrows together and down. In addition to being strongly activated, such as when
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a subject is frowning in response to exposure to a negative stimulus, these muscles
can also relax beyond what would be observed for a neutral baseline. Thus, when a
subject is in a positive emotional state, the Corrugator Supercilii muscles are likely
to be relaxed. In consequence, the state of relative relaxation vs. activation of these
muscles can provide a mapping of emotional valence that has been shown to be
largely linear (Mauss and Robinson 2009). However, even this measure is not always
correlated with other behavioral or physiological changes. These limits of cohesion
should therefore be considered seriously, and factors that might moderate cohesion
need to be understood to improve affect detection (Kappas 2010). Because no single
“marker” is yet in sight that could reliably detect emotions on its own, emotion
researchers from all disciplines have to make a number of informed decisions about
their measurement paradigms.

Our primary concern regarding the measurement of cyberemotions is the ques-
tion to what extent it can be shown that the indicators that we use to measure
emotions indeed measure emotions in a way that is meaningful. Arguably, if
behavior of individuals on the Internet could be used to reliably infer their emotional
states, even in the wild, i.e., outside of the lab, then this would open up entirely new
horizons for applied research. A basic step in this direction is the validation of our
measures by tools that have been carefully tested in laboratory research on emotions.
For example, in the case of sentiment analysis, automatic classifiers can be validated
by ratings from independent human judges who were not involved in the initial
training of the classifier. Thus, in a recent study together with Paltoglou, Thelwall
and colleagues (Paltoglou et al. 2013, see Chap. 7), we compared evaluations by
human judges with various automatic prediction methods. Surprisingly, the results
of this study vastly exceeded our a-priori expectations for the strength of this
relationship. In fact, the results of this small validation study found correlations of
up to 0.89 for hedonic valence (positive to negative), and 0.42 for arousal (calm to
excited). Therefore, while these results are not directly transferable to other samples
and domains of cyberemotions on the Internet, it reinforces the argument that the
degree of observed cohesion varies between measures and experimental context.
As new measures are tested, and empirical designs are improved, further research
may uncover more successful ways of detecting emotions online. For example, new
techniques, such as infrared thermal imaging, have recently been tested successfully
in the study of guilt in children (Ioannou et al. 2013), as well as in the context of
facial responses toward social ostracism (Paolini et al. 2016). Yet to what extent
such technological advances will indeed lead to systematic increases of cohesion
with other components of the emotional response remains an empirical question. In
the remainder of this chapter, we will go into more detail on different aspects of
experimental measurement and design, and the question of cohesion will reappear
for every measure that we are going to discuss.
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5.2 Self-report Measures of Cyberemotions as Beliefs
vs. Feelings

Self-report measures of emotion capture what we can verbalize about our emotional
feelings (Barrett 2004), as well as our beliefs about emotions (Robinson 2002a).
While people have been shown to differ in how much they focus on different
dimensions of feeling states, such as pleasantness and intensity (Barrett 2004), self-
report data is generally seen as an indispensable tool. Sometimes, it is even seen as
the only tool worth using. An essential observation, however, is that people often
have difficulties to cleanly separate emotional feelings from generalized beliefs
about emotions, such as how someone is supposed to feel at a funeral (see Robinson
2002a). The study of such biases and other kinds of contextual influences on human
perception is a bread and butter topic of social psychology.

Research has shown that generalized statements about emotions can sometimes
differ dramatically from reports made during, or directly subsequent to an event. For
example, Barrett et al. (1998) have shown that stereotypical sex-related differences,
such as the widely held belief that women are more emotional than men, only
emerge when participants are asked to provide relatively global self-descriptions.
In one study, males would agree more to items such as “I rarely experience strong
emotions” (Barrett et al. 1998, p. 561). Yet when they were instead asked to
provide momentary ratings of their actual emotional experience during a 10-min
interaction, or when they recorded their emotional responses to all of their emotional
interactions during a 1-week period, none of these stereotypical sex differences
could be shown. Thus, there are conditions where self-report can be assumed to
reflect emotional experience relatively well, such as when we evaluate our “online”
emotional experience when it happens (Robinson 2002a). However, when we have
to recall emotions after the fact, we increasingly rely on more generalized beliefs
rather than on episodic memory (Robinson 2002a,b). In other words, “offline”
post-hoc emotional self-reports describe relatively stable beliefs about how we
usually feel, whereas event-specific or time-dependent knowledge about a specific
emotional experience is more likely to be retrieved if we can focus on our current
feelings. What does this imply for the offline study of online cyberemotions?

For cyberemotions, current emotional feelings are likely of particular interest
to researchers who, e.g., aim to improve dynamic models of the emergence of
emotional states across an online community (see Chaps. 8, 10 and 11). In other
cases, emotion dynamics may be of lesser interest, such as when a static corpus of
text is to be analyzed for emotional content in general. The important point here,
however, is that emotional self-report data may vary in the extent to which it reflects
episodic emotional experiences such as feelings vs. more generalized stereotypes
about what people may typically feel (Robinson 2002a; Mauss and Robinson 2009).
This has implications for what types of self-report data are suitable for different
types of research on cyberemotions, and how it should be collected.
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We concur with Mauss and Robinson (2009) in suggesting to measure subjective
experience of emotions as closely as possible to when and where it actually occurs.
Similarly, when we expose subjects to emotional statements collected from the
Internet, we may either ask them to report about their own emotional response to
just having read these statements—or we might ask them to annotate the emotional
content of the statements for us. This renders the phrasing of each question
particularly sensitive. For example, if a researcher is interested in current emotional
states, rather than generalized beliefs, this should be clearly reflected in the phrasing
of each relevant item. To give a very simple example, we might ask a participant in
the laboratory “How do you feel right now?” on a rating scale for valence—instead
of asking “How positive was this picture?” What is most important here, however,
is to be aware of how such differences may influence participants, and adapt our
designs and methods accordingly. Often, the answer will be that self-report alone is
insufficient as the only indicator of emotional state of the individual.

Once the idea of using self-report as the uncontested gold standard is abandoned,
the issue of consistency between different measures rises to the fore. For example,
when we (Paltoglou et al. 2013) compared human valence ratings to SentiStrength
metrics on the same corpus of forum posts, participants were asked: “How did
the thread you just read make you feel?” This question was presented repeatedly
after each individual forum discussion so that participants would be able to base
their answers on current emotional experiences instead of memory or generalized
stereotypes. As already discussed, we were rather surprised to find substantial
correlations between human ratings and SentiStrength, suggesting that the algo-
rithms were indeed able to predict episodic feeling states associated with human
emotional responses to online content. Nevertheless, caution is still advised because
subjects in this online study might have found it socially more desirable to provide
stereotypical answers based on the content of the threads rather their immediate
emotional experience as such. This is an example where data from other components
of the emotional response, such as facial activity, could have been informative. If,
for example, facial responses were to show strong evidence for coherence with
self-report, social desirability might be ruled out as an alternative explanation. Of
course, additional measures at the same time increase complexity to the point that
the entire pattern of data should be interpreted rather than any individual measure
on its own. Thus, data from other levels, such as bodily indicators, themselves need
to be analyzed and integrated within an appropriate multi-level analysis framework
(see Cacioppo et al. 2000).

5.3 From Feelings to Bodily Responses: Psychophysiological
Measures

The next two sections of this chapter are devoted to a selection of psychophys-
iological measures of emotion. In general, psychophysiological measures offer
opportunities to extend the study of cyberemotions beyond self-report and auto-
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mated text analyses, yet they still have to face certain technical limitations when
taken outside of the laboratory. For example, it is generally not yet possible to
record online physiological responses at a large scale across all individual members
of an online community (but see Kappas et al. 2013). Such, however, are primarily
technical limitations at the level of large scale or community-wide measurement
that may be bridged by technological advancement of the tools. It may even become
possible to record at least some of these measures reliably at a large scale in the
foreseeable future using mobile devices or webcams (Picard 2010; Poh et al. 2011).
Of greater importance to the present discussion, however, is how they, i.e., the
activity they record, relate to the other components of the emotional response.

Psychophysiological measures are indicators of bodily responses that are
assumed to be associated with psychological phenomena. In comparison to
emotional self-report, they promise to be more objective and less influenced by
certain confounding factors such as socially desirable responding (Ravaja 2004; see
also Paulhus 1991, 2002). Certain peripheral bodily responses like facial activity
and skin conductance have furthermore been shown to be associated with emotional
self-report in the laboratory (Mauss and Robinson 2009), and they can be recorded
at a considerably lower cost than most physiological measures of central nervous
system (CNS) activity. Thus, while CNS measures such as electroencephalography
(EEG) continue to be of great interest to laboratory research on emotions, other
measures may be more likely to bridge the gap to larger scale online emotions.

Unfortunately, a comprehensive discussion of all psychophysiological measures
that have been shown to be associated with emotion is well beyond the scope
of this chapter. Instead, we will have to focus on a few examples, and refer the
interested reader to an overview chapter (e.g., Larsen et al. 2008), or one of the
standard reference volumes on psychophysiology (e.g., Andreassi 2007; Cacioppo
et al. 2000, 2007). While we will include a few basic technical considerations for
the measures that are discussed for the following examples, our main aims in the
present discussion are to illustrate some of the basic principles, and to show how
measures of bodily responses might be used to complement and validate self-report
data.

5.3.1 Measuring Valence: Facial Electromyography

Perhaps the single most important bodily component of emotions is what we show,
or fail to show, on our faces (see Darwin 1872/2005). In the psychophysiological
laboratory, there are two principal ways of assessing movements of the face. First,
visible facial muscle activity can be classified by trained and certified coders
of highly standardized anatomically based systems, such as the Facial Action
Coding System (FACS, Ekman and Friesen 1978). Second, activation of the facial
musculature, such as those associated with smiling and frowning, can be recorded by
means of facial electromyography (EMG) using electrodes glued on the skin. While
both methods have their individual strengths and weaknesses, we will focus on the
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latter because a particular strength of facial EMG is that even very subtle responses
below the visual detection threshold can be recorded, including muscular relaxation
(van Boxtel 2010). Facial EMG has further been of particular relevance for the
validation of cyberemotions because it has frequently been mapped onto a valence-
arousal dimensional space based on circumplex models of affect (see Russell 1980;
Yik et al. 2011). As discussed above, the use of a valence-arousal model was one of
the early design decisions in the CYBEREMOTIONS project. If, discrete emotion
states such as anger, fear, and happiness were to be measured instead, FACS-
coding might be more appropriate. Facial EMG, however, is particularly suitable
for the measurement of how pleasant vs. unpleasant certain emotional stimuli are
perceived—i.e., the valence of an emotional response (Mauss and Robinson 2009).

Facial EMG is a technique that can be used to record muscle activity with
the help of small electrodes attached to the face. These specialized, re-useable,
electrodes are filled with conducive gel and attached to specific locations on the
face following highly standardized recording procedures (Fridlund and Cacioppo
1986). While a certain degree of cleaning of the skin is required to reduce electrical
resistance, this procedure is otherwise non-invasive for the participants. However, it
can be perceived as relatively obtrusive (van Boxtel 2010) when compared to being
filmed. Standardized recording procedures are particularly important because some
of the most diagnostic information derived from facial EMG can be relatively small
changes in the range of a few microvolts (Tassinary and Cacioppo 2000).

Substantial research has shown that episodic positive and negative affect can
reliably be distinguished on the basis of activation at the sites of the Zygomati-
cus Major (smiling) and Corrugator Supercilii (frowning) muscles (Brown and
Schwartz 1980; Larsen et al. 2003; van Boxtel 2010), and this property is essential
for the validation of other valence-based measures, such as text-based instruments
(see Küster and Kappas in press). Nevertheless, considerable caution is still needed
because the magnitude of convergence with subjective report is limited (Hollenstein
and Lanteigne 2014), even for the best measures of facial activity (Mauss and
Robinson 2009), and the usefulness of facial activity as a readout of emotional
states has been hotly debated on both empirical and theoretical grounds (Fridlund
1991, 1994; Kappas 2003). Furthermore, the most successful laboratory research
on the relationship between self-reported emotions and facial EMG has typically
used highly standardized emotional images or individual words (e.g., Bradley et al.
2001; Lang et al. 1993; Larsen et al. 2003) that can be judged rapidly on their
general emotional content. This, however, is substantially different from evaluating
full sentences, or even paragraphs of text that people read on the Internet.

In one simple study, we (Kappas et al. 2010) recently compared emotional
responses to images with responses to reading threads taken from online discussion
forums. While we observed some surprisingly large correlations between facial
EMG activity and subjective report that were generally on par with the coherence
observed for the images (Bradley et al. 2001), there were rather large differences in
reading times between participants (Fig. 5.1b). Thus, while many participants took
somewhere between 10 and 20 min to read all of the texts, others took 30 min or
more. Clearly, some participants will have read the forum posts more thoroughly
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Fig. 5.1 (a) A participant in the laboratory while recording facial EMG from two sites
(Corrugator Supercilii, Zygomaticus Major; photo: Jacobs University); (b) cumulative reading
times of 53 individual participants expressed in seconds

than others, and for some participants, reading has likely been associated with
emotional feelings. However, in other cases, participants may have based their
emotional self-report more on generalized stereotypes as discussed by Robinson
(2002b) for emotional reports made after the fact.

As this example illustrates, there is often a tradeoff between the ecological
validity of responses and maintaining a level of experimental control typical for
psychological laboratory research on emotions. Do we, for example, enforce equal
reading times for all participants by showing each text for a predefined number
of seconds? In standard paradigms of experimental psychology, such intervals are
usually fixed precisely—yet in the case of longer texts, this practice would be of
questionable value if some participants indeed need twice as long to process any
given stimulus. Worse, even if we knew where participants were looking at the
moment that a particular facial response occurred, the type of emotional story
presented in a given forum thread is already so deeply embedded in contextual
information that it quickly becomes surprisingly complicated to unambiguously
associate the individual emotional responses with smaller units such as individual
words or statements. Likewise, it can be difficult to draw conclusions from
subjective report data in such cases because we cannot reasonably ask participants
to rate each and every word individually.

The example of facial EMG in a reading study illustrates another more general
issue associated with a multi-level measurement of cyberemotions. Psychophysio-
logical measures, such as EMG, can provide quasi-continuous data, whereas there
will usually only be a limited number of discrete data points for any measure of
self-report. Thus, while continuous psychophysiological data can potentially be
very useful for the study of emotion dynamics, there is a mismatch in resolution
between measures such as facial EMG and self-report that precludes certain kinds
of comparisons, and that may reduce the observed level of coherence in others.
Unfortunately, there is no easy solution. That is, while participants could, for
example, be given a control device such as a slider or a joystick to continually adjust
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their perceived emotional state, this is not very feasible when participants have to
simultaneously process complex material such as forum posts.

Just for the sake of completeness two variants of assessing facial activity shall be
mentioned. Because many researchers do not possess the means of a psychophys-
iology laboratory, but also do not have access to trained coders, for example of
FACS, they might try to use lay-people as judges of emotional expressions. This
cannot be recommended, as these measures are typically not very reliable. In a
related vein, there is the promise of using automatic coding via software. This is
indeed something to look forward to in the next few years. However, at the time of
writing, none of the systems available are able to measure the full set of movements
that a FACS coder would include. Systems that try to identify discrete emotions
without providing output linked to specific facial regions are also not recommended
because a) these are based on rigid patterns describing stereotypical expressions,
and b) much of the action of facial movements appears to be associated with blends
of Action Units, and partial displays—hence a dimensional framework might be
the best choice. Once the technical problems of computer coding have been solved,
this might be a preferred way of assessing expressive behavior as laptops, portable
devices, and increasingly stand-alone monitors tend to have cameras built in. While
the spatial and temporal resolution of EMG will always be superior, no preparation
of the skin is required for visual coding. Nevertheless, the possibility of large-scale
remote measurement is clearly on the horizon; and the integration of such emerging
technologies with advances in modeling of complex data, such as dynamic patterns
in facial temperature (Jarlier et al. 2011), will likely contribute to a more reliable
(remote) measurement of facial activity in a multi-disciplinary approach to the study
of cyberemotions.

5.3.2 Measuring Physiological Arousal: Electrodermal Activity
(EDA)

In many cases, research on cyberemotions will not succeed to satisfactorily repre-
sent ongoing emotional processes in users unless arousal is considered in addition
to hedonic valence (positive vs. negative). Thus, while it may sometimes appear to
be sufficient to determine if someone experienced a particular online situation as
unpleasant, a pure valence categorization would be entirely blind to what type of
unpleasant emotional state has been elicited. For example, moderately unpleasant
states associated with comparatively low arousal such as sadness or boredom may
differ dramatically from other unpleasant emotional states such as fear or anger. To
distinguish these types of fundamentally different cases, arousal will typically have
to be measured alongside valence. Valence and arousal together have been shown to
account for a large portion of the variance across a wide range of emotional rating
situations (Russell 2003).
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A comparatively simple to use physiological measure of arousal is Electrodermal
activity (EDA). EDA refers to small changes in electrical conductivity of the skin
that are associated with variation in the production of sweat by the eccrine sweat
glands. Apart from eccrine sweat glands, there are the aprocrine sweat glands,
however, these have remained relatively unstudied in respect to skin conductance
(Dawson et al. 2000). Changes in EDA have been the subject of study for well over
100 years, and they have been observed in response to a large and varied number
of stimuli. Importantly, EDA has been shown to be associated with activation of the
sympathetic nervous system (Wallin 1981), and has been widely used as an indicator
of sympathetic arousal (Dawson et al. 2000; Boucsein et al. 2012). For the study of
cyberemotions, this implies that physiological arousal can in principle be measured
continuously by means of attaching two small electrodes to a suitable place on the
skin. However, as we have already seen for the measurement of valence via facial
EMG, there are still a number of limitations to be considered.

One major limitation of EDA data is the fact that electrodermal activity cannot
tell us what precisely the participant is responding to at any given moment. Instead,
this information has to be inferred from the experimental design in which EDA
was elicited. Thus, a participant may show very similar responses when there is
a sudden noise in the environment, when she is reading an emotionally activating
online forum discussion, or when she suddenly remembers that she still has to make
an important phone call later in the afternoon. The use of control conditions can
reduce, but not eliminate, this problem.

Another characteristic of EDA is that changes can be both slow (tonic) and
fast (phasic), both of which can overlap substantially but should be considered
separately (Dawson et al. 2000; Boucsein 2012). For the study of emotions, the
phasic changes are often of particular interest because they may be tied to a specific
experimental event, e.g., the presentation of a particularly activating emotional
statement in an ongoing discussion. Such phasic electrodermal responses are called
skin conductance responses (SCRs), and they are typically assumed to be associated
with a significant experimental event if they occur within a specific time window,
such as 1–4 s after stimulus onset (Boucsein et al. 2012). This shift in time
between stimulus and response has to do with the physical properties of the relevant
sweat glands, and is discussed in more detail in the respective guideline literature
(Boucsein 2012; Boucsein et al. 2012). However, tonic changes of skin conductance
across a longer time window can likewise be informative about physiological
arousal.

While EDA can, in principle, be measured relatively easily and inexpensively
from a variety of different locations on the body, not all of these recording sites
are equally reliable (van Dooren et al. 2012). The most frequently recommended
placement for the EDA electrodes is on the distal phalanges of two fingers on
the non-dominant hand (Boucsein et al. 2012). However, for the study of cybere-
motions, this location is typically compromised by substantial movement artefacts
when participants require both hands to control input devices such as a keyboard.
Fortunately, official guidelines exist for an alternative, and comparably reliable
recording site at the arches of the feet (Boucsein et al. 2012; van Dooren et al. 2012).
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While this location might at first glance appear inconvenient when considering the
“sweaty feet”, the feet’s propensity to produce sweat that is comparable to the sweat
produced at the palms of the hands is precisely the reason why the feet are generally
suggested as the next best alternative to the hands (see van Dooren et al. 2012). In
our laboratory, we have repeatedly used specifically this recording site because it
maximizes the freedom of movement of the hands when participants have to type.
By resting their feet on a comfortable footstool, for example, most typing-induced
movement artefacts can be completely avoided.

Apart from the recording site, interindividual differences between subjects are
another important consideration. The potentially most worrisome issue relates to
the finding that up to about 25 % of subjects can be classified as electrodermal non-
responders (Venables and Mitchell 1996), i.e., people who never or only rarely show
significant skin conductance responses. This limitation naturally reduces cohesion
with subjective report or text-analyses that can be obtained for all subjects, if
only self-report and EDA are measured. Interindividual differences are furthermore
not limited to the case of non-responders. Thus, a substantial body of literature
has shown that there are significant effects of basic demographic factors such
as age, gender, and ethnicity on electrodermal activity (Boucsein 2012). One
illustrative example in this context is the observation that self-report of arousal and
electrodermal activity may increasingly diverge as people get older. Specifically,
Gavazzeni et al. (2008) found that older adults rated the intensity of negative
images higher than younger adults—whereas the level of electrodermal activity was
reduced for the older adults. In another example study, Ketterer and Smith (1977)
observed significant interactions between gender and electrodermal responses to
music vs. a series of advertisement paragraphs (verbal stimulus). In this study,
females responded more frequently than males to the verbal stimulus—whereas
the reverse was found for the musical stimulus. For the measurement of online
emotions, these findings imply that researchers should aim to obtain at least minimal
demographic data on participants’ age, gender, ethnicity, and handedness. None
of this means that the collection of EDA cannot contribute to an estimation, or
model of, subjects’ arousal. However, it serves to emphasize our point that EDA,
unfortunately, cannot serve as a simple objective gold standard because it is itself
known to be influenced by a large number of factors. Rather, additional measures
might be used to fill in the blanks and control some of the variance.

How then might EDA, despite its deficiencies, still contribute to the evaluation
of other measures? In an example related to the production of emotional texts
we could, e.g., aim to test the assumption that females, on the basis of gender-
based stereotypes about themselves, should care more about correctly and tactfully
responding to a controversial negative online topic than males. To address such a
question, a researcher might begin by repeatedly asking participants about their self-
perceived arousal while they are composing forum posts in an experiment. However,
as discussed above, self-report questions can only be asked at a limited frequency
without creating too much interference with the ongoing task. This means that there
will usually only be a few discrete points of measurement for self-report data. In
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Fig. 5.2 Self-reported emotional arousal of male and female participants across different stages
of composing online forum posts. Participants had to either reply to a positive vs. negative topic,
or write the first post of a topic. The figure distinguishes intervals where participants were thinking
about what to write and intervals where they were actually writing. Higher values on the 7-point
scale represent greater intensity of self-rated arousal. Error bars denote standard error of the means

many cases, researchers will even decide to have only a single moment of self-
report measurement to minimize distractions during the task. EDA, however, can be
measured continuously throughout the entire experiment.

At the same time, experimental design decisions can be used to make self-report
data more useful even for questions pertaining to emotion dynamics. We could,
for example, ask subjects about their emotional experience when they are starting
to think about what they are going to write—and then ask them again after they
have actually written it. This is, in fact, what we have done in a recent writing
study with 59 right-handed participants (30 female, 29 male) in our laboratory
(Küster et al. 2011). These participants were asked to write online forum posts while
physiological measures such as EDA and EMG were recorded, and they were asked
to intermittently report about their perceived emotional state (valence, arousal).

In our writing study (Fig. 5.2), it became evident that participants felt at least
moderately activated by the writing task, and that female participants tended to
report feeling slightly more excited than male participants—in particular when they
had to compose an opening forum post on a negatively valenced topic. Likewise,
when we showed the same group of participants a selection of emotional images
from a set of standardized pictures taken from the International Affective Picture
System (IAPS; Lang et al. 2008; Fig. 5.3), female participants generally reported
somewhat higher subjective arousal than males. In comparison to the writing task,
only the most extreme negative images used in this study reached roughly the same
level of arousal (see the rightmost three stimuli in Fig. 5.3: A duck dying from an
oil spill; a painful dental operation; a gun pointed at the subject). This suggests
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Fig. 5.3 Self-reported emotional arousal of male and female participants in response to a
standardized set of frequently used emotional images (IAPS; Lang et al. 2008). Higher values
on the 7-point scale represent greater intensity of self-rated arousal. Error bars denote standard
error of the means

that participants typically perceived the writing tasks as at least somewhat more
activating than watching emotional images, and that females appeared generally
more responsive to both tasks than male participants who may have “played it cool”.

Next, we turn to consider the electrodermal activity shown by the same group
of participants while looking at the images, and while engaging in the online
writing task (Fig. 5.4). Here, a rather complex pattern can be observed. On first
glance, engaging in the different stages of the writing task appears to have elicited a
generally higher level of arousal than looking at emotional images. This suggests
a certain level of cohesion that could also be observed when EDA at the feet
was correlated with self-reported arousal in response to the images. Depending on
gender (male vs. female) and location of measurement (left foot vs. right foot) these
correlations were of medium (r D 0:44; female left foot) to large (r D 0:60; male
right foot) magnitude, suggesting a substantial albeit not perfect level of cohesion
between both measures for a standard picture viewing task.

On closer inspection of the data of the writing study, however, it appears that
there was substantially more variance in the levels of EDA across the different
phases of the task—and between both genders. Thus, while female participants
appeared to have been subjectively more excited, this was not evident from the level
of electrodermal activity. We can interpret this result in the context of earlier findings
on gender differences in tonic EDA (Ketterer and Smith 1977) discussed above—
however, it cannot be taken at face value. Rather we should remind ourselves of
the issue of timing of episodic emotional self-reports discussed, among others,
by Mauss and Robinson (2009). In the case of standardized images presentation,
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Fig. 5.4 Electrodermal activity of 59 participants (30 female, 29 male) expressed as a difference
to the baseline activity level across different stages of composing online forum posts. Male and
female participants had to either reply to a positive vs. negative topic, or write the first post of
a topic. The figure distinguishes intervals where participants were thinking about what to write,
intervals where they were actually writing, and intervals where they were merely looking at a set
of widely used emotional images. Error bars denote standard error of the means

such as the intervals of 6 s per image that have been customary and time-tested in
a large volume of psychophysiological research, the object of the emotional self-
report is quite clearly defined in the mind of participants. For a complex writing
task spanning minutes, however, the precise object of the rating may have been
much less clear. At this point, we might wonder if participants actually report some
sort of mean of their emotional experience during the writing task that would be
equivalent to an averaged level of electrodermal activity—or if they rather focus on
a peak experiences at the beginning or end of a task. While research from other areas
of psychology suggests the latter, this is a question about the emotion dynamics
of emotional writing that would likely best be studied with the aid of continuous
measures.

In the writing study, thinking and writing phases were experimentally separated
even though they may usually take place nearly simultaneously in everyday life.
The advantage was that another point of self-report could be gained. In addition,
further tentative conclusions could be drawn. First, it appears that pondering what
to write online may often be associated with a greater intensity of emotional
excitement (arousal) than the actual act of writing itself. Second, some of the
results suggest that males may have benefitted less from the writing activity than
females. I.e., at least in some cases, females may have enjoyed a greater post-writing
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relaxation effect than males. Some of these theoretically more interesting findings
would require further research and replication. However, for the present purposes,
they serve as an illustration of both the potential and the limitations of adding
physiological measures such as EDA to the mix of measures of online emotions.
Psychophysiological measures provide the study of cyberemotions with tools to
address the complexity of dynamically unfolding online emotions—and at the same
time they force researchers to deal with a greater level of complexity that brings
along its own problems and potential confounds as part of the deal.

The interpretation of EDA as a sign of arousal is based on the notion that
relevant stimuli trigger a response of the sympathetic branch of the autonomic
nervous system. For completeness sake, it should be mentioned that here too there
is potentially an alternative to EDA assessment. For example, pupil dilation is
associated with arousal in a very similar way (Bradley et al. 2008). The problem
is that pupil dilation is also dependent of the brightness of the visual object the eye
is focusing on. This makes it very difficult to use this measure when the stimuli (e.g.,
web sites) are quite heterogeneous with regard to brightness and contrast. Cardiac
correlates of sympathetic arousal, such as the pre-ejection period of the heart require
rather complicated recording set-ups that mean that EDA, even if recorded at the
feet, is the best available measure for arousal in the context of the assessment of
arousal in cyberemotions (for a recent study employing both PEP and EDA, see,
Kreibig et al. 2013).

In the CYBEREMOTIONS project, as discussed above, data collected in the
laboratory has been used to validate sentiment classifiers, as well as for the
validation and development of models of emotion dynamics. To give a more
concrete example of how this kind of data might be used within a modeling context,
we will conclude this section with a brief look at the role of empirical data in an
agent-based framework such as the models for online emotions developed at ETH
Zurich (see Chap. 10). First, the validity of a model can be tested by simulations
of the behavior of agents driven by the parameters and equations used in a model.
For example, a simulation of 100,000 agents per type of thread was used at ETH
Zurich for comparison with the subjective report data collected at our laboratory
(Fig. 5.5). Even though certain differences between the empirical data and the model
simulations might still remain, this strategy can lead to a good level of agreement.
Second, validated models, such as the ETH framework, can be used to study emotion
dynamics such as those evident in the facial EMG and EDA. E.g., one of the central
assumptions of the ETH model has been that arousal drives user participation in
online discussions: Such assumptions can be tested at more than one level when data
from both subjective report and physiological response parameters are considered.
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Fig. 5.5 Comparative distributions of subjective report data from real participants reading threads
in our laboratory (light bars) vs. simulated agents based on the parameters and models developed
at ETH Zurich (dark bars). Valence distributions are shown in the top row, arousal distributions in
the bottom row

5.4 Conclusions

In this chapter, we have argued for a multi-level approach in the study of cyber-
emotions that combines self-report data with information from other levels of
emotional processing such as bodily responses. We have discussed strengths and
limitations of a selection of indicators, with a particular focus on emotional
self-report, facial electromyography, and electrodermal activity. Emotional self-
report remains an important corner stone in the study of online emotions that ties
directly into sentiment analysis and the computational treatment of expressions
of emotional states in written text (Chap. 6). However, neither self-report nor any
other individual measure has to date been identified that could reliably identify
one of the other components of the emotional response by a single criterion. In
some cases, computational sentiment analysis corresponds surprisingly well with
emotional self-report, and this is quite encouraging for further research that is based
on software such as SentiStrength (see also Chap. 6). However, self-report often
correlates only weakly with other emotion measures. From a psychophysiological
perspective, this is not very surprising because measures aiming at different levels of
emotional functioning are understood as in fact measuring different, albeit partially
overlapping, aspects of emotional processing.
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We have argued that psychophysiological measures such as facial EMG or EDA
can make a valuable contribution to research on cyberemotions. This applies to the
continued need for basic research in the laboratory as well as the future application
of large-scale remote measurement devices. It is tempting to think of these types
of objective measures as a solution to the problem of obtaining a simple and
continuous readout of the private emotional states of online participants. However,
while each of these measures can be informative about different aspects of emotions,
we emphasize that they cannot provide a readout of emotional feelings as such. That
said, some physiological measures, such as a relaxation of the Corrugator Supercilii
muscles associated with frowning, have been identified that correlate fairly reliably
with perceived emotional valence. Nevertheless, we argue that psychophysiological
measures can often be more useful if they are not primarily intended as physiological
markers for emotional feeling states. As we have discussed for the example of
electrodermal activity during the composition of online forum posts, an important
strength of physiological measures is that emotional responses can be recorded
continuously without participants having to pay special attention to their ongoing
emotional feeling states. This often allows a more meaningful interpretation of the
associated subjective data as well as conclusions about the dynamics of emotions
while participants are engaged with an emotional online task. In the context of
the interdisciplinary project from which this book emerged, we have seen how
physiological data and subjective report can be used to validate and improve agent-
based models (see Chap. 10).

The lack of cohesion that we have discussed throughout this chapter has, in
some ways, more complex implications than the technical limitations it appears to
impose upon the predictive value of any one measure of emotion. Is this entirely
a matter of imprecise measurement instruments, movement artefacts, placement of
electrodes, or social desirability? It appears likely that certain issues of cohesion can
be reduced, or even eliminated by technical improvements on the side of recording
sensors. However, we have to keep in mind that participants’ self-report about their
emotional feelings is itself likely to be influenced by bodily states (see Allen et al.
2001; Strack et al. 1988). Humans certainly do not perceive bodily responses such
as facial expressions, sweating, or heartbeats in quite the same way as electrodes
and amplifiers do. And yet, bodily sensations clearly play an important role in how
we experience, report, and think about them. For example, intercultural research has
shown that people from very different cultures like Belgium, Mexico, and Indonesia
associate emotions with bodily sensations, such as to feel the heart beating faster
(Breugelmans et al. 2005). Most people nevertheless have surprising difficulties to
correctly discriminate and monitor their own heartbeats, unless trained (Katkin et al.
1982; Wiens et al. 2000).

While our main focus in this chapter has been on measures of emotion that have
become established in experimental psychology and psychophysiology, it should
also be noted that sentiment analysis (Chap. 7), the emerging corner stone of such
a large proportion of research on cyberemotions, is still occupying a niche role in
conventional emotion research. This is surprising given the potential of this measure,
yet perhaps more understandable as an example of the interdisciplinary boundaries
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that have to be overcome in this field. An exception has been the recent development
of the LIWC (Linguistic Inquiry and Word Count) by Pennebaker and colleagues
(e.g., Pennebaker et al. 2007) and their previous work on therapeutic writing (e.g.,
Pennebaker 1993) that has captured sustained interest from clinical and social
psychologists. Thus, there has been a clinical interest in text-analyses involving
therapeutic essays and longitudinal studies (Danner et al. 2001) but surprisingly
little basic research involving these measures in the psychological laboratory. We,
by no means, intend to downplay the partially still untapped potential of automated
text-analyses for emotion research. However, this exciting new measure is presented
in more detail in the next chapter of this volume, and we will instead focus on a few
more general issues, as well as examples of widely used measures in psychology
laboratories.

Ideally, smart affective sensors and dynamic emotion models would be able
to on-the-fly interpret how emotional responses from different levels of measure-
ment interact to produce distinct emotional states. In addition, they would be
context-sensitive. Some progress on the context-sensitivity capabilities of automated
systems has already been made throughout the lifetime of the CYBEREMOTIONS
project (Thelwall et al. 2013; cf. Chap. 7). However, to truly understand intriguing
aspects of emotions, such as the interplay of subjective experience and bodily
responses, future models would have to develop and test further assumptions on
what aspects of bodily activation directly or indirectly influence other components,
such as subjective experience. While some of these questions have been of interest
to psychologists and psychophysiologists since the days of William James, it is
only since recently that some of the more complicated issues and their inherent
complexity can be addressed by computational modeling. Clearly, further research
is needed here. One outcome of this process may eventually be better physiological
markers for subjective emotional states. However, as we have argued throughout this
chapter, researchers have to be prepared for the complexity of this endeavor. For this
purpose, we have to be aware that there still is no gold standard, and that emotions
involve the entire body, rather than “just feelings”.
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