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2 Chapter 1 General Introduction

1.1 Social connectedness

Social connectedness (i.e., the sense of belonging based on the appraisal of having

sufficient close or intimate social contacts; Van Bel, IJsselsteijn, & De Kort, 2008) is de-

clining in Western societies, with people becoming increasingly physically and emo-

tionally isolated (Putnam, 2000). For instance, in a sociological study comparing re-

ports on social isolation from 1984 and 2004, the number of people reporting having

no one to discuss important matters with tripled during these 20 years (McPherson,

Smith-Lovin, & Brashears, 2006). Another study reported that, in Western societies,

about twenty percent of the population feels socially isolated (Steffick, 2000). More-

over, in the United States, the number of people living entirely alone has increased by

thirty percent since 1980 (Hobbs & Stoops, 2002). Finally, the number of single parent

households has risen from one in five to one in three over the last 20 years (Hobbs &

Stoops, 2002). Taken together, these statistics show a clear decrease in social connect-

edness over the last decades.

The decrease in social connectedness is echoed by the claims of other authors that

recent changes in technology and media are impoverishing our social lives (Lanier,

2010; Turkle, 2011). For instance, Jaron Lanier, a pioneer in the field of virtual re-

ality, argues that “anonymous blog comments, vapid video pranks, and lightweight

mashups might seem trivial and harmless, but as a whole, this widespread practice of

fragmentary, impersonal communication has demeaned interpersonal interaction”

(p. 4, Lanier, 2010). In the same vein, Sherry Turkle argues that what was meant

to facilitate communication has instead pushed people closer to machines and fur-

ther away from each other (Turkle, 2011). These claims suggest that our current ap-

proaches to developing technologies to facilitate and enrich social connectedness are

flawed. Therefore, this dissertation aims investigate novel technologies that can en-

hance social connectedness.

Social connectedness has strong influences on many aspects of our lives (Cacioppo &

Patrick, 2008). First of all, social connectedness positively affects our mental well-

being (Baumeister & Leary, 1995). For instance, DeLongis, Folkman, and Lazarus

(1988) showed that happily married couples were less likely to suffer from psycholog-

ical health problems. Similarly, posttraumatic stress disorder is less likely for veterans

with strong perceived social support than for those without (Solomon, Waysman, &

Mikulincer, 1990). Moreover, being part of a group reduces stress (S. Cohen & Wills,

1985). In general, social connectedness increases happiness (Argyle, 1987) and re-

duces the risk of depression (Cacioppo, Hughes, Waite, Hawkley, & Thisted, 2006;

McAdams & Bryant, 1987). Indeed, a lack of social connectedness and physical pain

are closely related, as confirmed by fMRI studies that show similar brain activity dur-
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ing physical and social pain (Eisenberger, Lieberman, & Williams, 2003).

Social connectedness not only has many beneficial effects on our mental well being,

but is also important for our physical health (Lynch, 1979). For instance, immune

system function is better for married people (Kiecolt-Glaser et al., 1987) and systolic

blood pressure is higher in individuals who feel lonely (Hawkley, Masi, Berry, & Ca-

cioppo, 2006). Furthermore, higher social connectedness positively influences neu-

roendocrine and cardiovascular systems (Steptoe, Owen, Kunz-Ebrecht, & Brydon,

2004). Moreover, although individuals feeling lonely get the same amount of sleep

as others, they get less benefit from that sleep than people feeling socially well con-

nected (Cacioppo et al., 2002). A final study of note is the Harvard Study of Adult

Development (Vaillant, 2003). Likely one of the most extensive psychological studies

ever conducted, since the 1920s the study has followed over 800 people from differ-

ent social backgrounds during their entire life. Its current director, George Vaillant,

concludes after 35 years of following participants that, of all the predictors of health

and well-being such as eating habits, exercise, education, background, and career, so-

cial connectedness is the single most important predictor for a happy and healthy life

(Vaillant, 2003).

The importance of social connectedness is reflected by a strong motivation of humans

to create and maintain social bonds. This motivation is captured by theories includ-

ing the hierarchy of needs by Maslow (1968), attachment theory by Bowlby (1969),

the need to belong by Baumeister and Leary (1995), and self-determination theory by

Ryan and Deci (2000). To satisfy such social needs, not only the quantity of our social

encounters but also the quality of our social relationships is important (Clark, 1984;

Prager, 1995; Reis & Patrick, 1996). In other words, loneliness does not arise from a

lack of social contact per se, but rather from a lack of close or intimate connections

(Reis, 1990; Wheeler, Reis, & Nezlek, 1983). People need close intimate relationships

that signal care, mutual interest, and validation (Reis, Clark, & Holmes, 2004).

Research on closeness and intimacy has led to a myriad of definitions and opera-

tionalizations of intimacy (e.g., Argyle & Dean, 1965; Fisher & Sticker, 1982; Patterson,

1976; Schaefer & Olson, 1981; Waring, 1984). Excellent reviews of this research can

be found in Mashek and Aron (2004). I will describe the interpersonal process model

of intimacy (Reis & Shaver, 1988) because it is a useful operationalization that cap-

tures much of the current thinking on intimacy. According to this model, intimacy

is seen as the cumulative outcome of interpersonal intimacy processes that consist

of two principal components: self-disclosure and perceived partner responsiveness

(Clark & Reis, 1988). An intimacy process starts with self-disclosure; i.e., the commu-

nication of personally relevant and revealing information to another person (Jourard,
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1971; Prager & Roberts, 2004). Subsequently, the intimacy process continues with a

partner’s empathic response that shows caring (i.e., showing you are about the other’s

feelings), validation (i.e., showing similar feelings as the other is experiencing), and/or

understanding (i.e., showing your understanding for the others feelings; Reis et al.,

2004). Increases in the number of self-disclosures and partner responses are directly

coupled to increases in intimacy (Laurenceau, Barrett, & Pietromonaco, 1998). Fi-

nally, the more emotional the self-disclosures and self-revealing behaviors are, the

larger the increases in intimacy generated by these processes become (Johnson &

Greenberg, 1994; Laurenceau, Rivera, Schaffer, & Pietromonaco, 2004). In sum, we

need intimate connections in which we can share emotions and feelings, and to which

our interaction partners can react with caring and understanding.

1.2 Emotions

Emotions are central to social interactions (e.g., Frijda & Mesquita, 1994; Keltner &

Haidt, 1999; Keltner & Kring, 1998). Emotional displays promote trust and reconcil-

iation (Keltner, 1995), facilitate attachment (Bowlby, 1969), and elicit social contact

(Schachter, 1959). Emotions also help to create common ground in social interac-

tions by eliciting the expressed emotions in the receiver of those emotions (Hatfield,

Cacioppo, & Rapson, 1994; Shortt & Pennebaker, 1992). Furthermore, emotion dis-

closure often elicits reciprocal sharing of emotions (Rimé, 2009). Hence, emotions

propagate through social networks and often diminish slowly (Rimé, Philippot, Boca,

& Mesquita, 1992). These properties of emotions can be useful for, for instance, ob-

taining help, support, or advice, arouse empathy, gain attention, receive comfort, or

letting off steam (Rimé, 2007).

Converging evidence shows that emotions are not only important in social interac-

tions in general, but are central to intimate relationships in particular. Diary studies

of adolescents and married couples have consistently shown that emotional self-dis-

closures have a stronger impact on intimacy than factual self-disclosures (Laurenceau

et al., 1998; Laurenceau, Barrett, & Rovine, 2005). In line with this, Butler et al. (2003)

showed that emotion suppression decreases one’s chances of forming new relation-

ships. Furthermore, increased emotion recognition accuracy between partners can

also lead to increased marital satisfaction and relationship quality (Ickes, 1997). Fi-

nally, the negative effects of separation from loved ones can be ameliorated by shar-

ing affective experiences (e.g., by using telephone calls; Diamond, Hicks, & Otter-

Henderson, 2008). Hence, disclosing emotions can lead to profound increases inti-

macy and closeness.

Beside emotional self-disclosure, emotional partner responses also constitute a pos-
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itive influence on intimacy and closeness. For instance, automatic mimicking of an-

other person’s emotions serves as a sign of validation and can improve liking of and

attraction to the mimicker (Chartrand & Bargh, 1999; Lakin, Jefferis, Cheng, & Char-

trand, 2003). Similarly, partners’ emotional convergence leads to increased relation-

ship quality (Anderson, Keltner, & John, 2003). This is in line with research that shows

that increases in empathy facilitate bonding and connectedness (Hoffman, 2000).

Empathy constitutes three components: cognitive empathy, emotional convergence,

and empathic responding (Decety & Jackson, 2004; see also Chapter 7). Cognitive

empathy is the cognitive ability to infer what another is feeling. As such, cognitive

empathy can be seen as a prerequisite to signal understanding (which is one of the

components of the partner responsiveness component of the interpersonal process

model of intimacy; Reis et al., 2004). Emotional convergence can be described as the

ability to experience another person’s emotions. As such, emotional convergence can

signal validation, another component of partner responsiveness. Finally, empathic

responding consists of a response to another person’s distress consisting of sympathy

or personal distress. As such, it can show caring, the third component of partner re-

sponsiveness. In sum, improvements in one or more of these components of empathy

can improve partner responsiveness, and thereby improve intimacy (Reis et al., 2004).

Discussions about the definitions of emotions pervade the literature of emotion re-

search. The James-Lange theory focuses on the bottom up processes involved in emo-

tion generation, by claiming that "our feeling of the [bodily] changes as they occur is

the emotion" (James, 1884, p. 190). Later theories inspired by James-Lange include

the behavioral theory by Ryle (1949), the somatic marker hypothesis (Damasio, 1994),

the perceptual theory of emotions by Prinz (2004), and the notion that affect precedes

cognition (Zajonc, 1980, 1984). Although these theories differ in some aspects, they all

argue for a bottom-up approach to emotion generation, starting from bodily states. In

contrast, theories inspired by the Cannon-Bard theory (Cannon, 1927) argue for top-

down (or cognitive) influences in emotion generation. Here, dimensional appraisal

theories like the ones by Arnold (1960) and Lazarus (1991) have received a lot of at-

tention. According to dimensional appraisal theories, all emotions include appraisal

judgments (i.e., judgments to the effect that one is facing a situation or predicament

that matters). These theories treat bodily states as the result of appraisal judgments

constituting a top-down view of emotion generation.

Recently, the top-down view and the bottom-up view have become integrated into

a synthetic perspective in which both processes play a role in emotion generation

(K. R. Scherer, Schorr, & Johnstone, 2001). In line with this, neuroscientists have iden-

tified pathways for bottom-up processes (LeDoux, 2000; Phelps, 2006) and top-down

processes (Phelps et al., 2001; Teasdale et al., 1999). In a recent paper, Ochsner et
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al. (2009) explicitly compared bottom-up and top-down processes in emotion gen-

eration. They found preliminary evidence for two pathways that can work in paral-

lel. Their findings show that bottom-up processes primarily activate the amygdala

and top-down processes activate prefrontal regions that represent high level cogni-

tive interpretations. Moreover, they found connections between the amygdala and

prefrontal regions that can help to integrate both parallel processes (Ochsner et al.,

2004). This research further confirms the highly interconnected nature of bodily ex-

pressions and cognitive processes, emphasizing that both play a significant role in

emotion generation.

Emotions are strongly coupled to facial expressions, posture, speech prosody, and

physiological responses. Findings from research on facial expressions show that spe-

cific emotions relate to specific facial expressions (also called basic emotions; Ekman,

1992a; Ekman, 1999; Izard, 1971). Moreover, many of these expressions seem to be

universally similar (Ekman, 2009; Ekman & Friesen, 1971, 1986; Matsumoto & Will-

ingham, 2009). In addition, facial expressions are thought to mostly signal the pleas-

antness (or valence) of an emotion as opposed to the arousal of the emotion. More

recently, posture has been studied as a strong way of expressing and communicat-

ing emotions (Gelder, 2009; Gelder et al., 2010; Kleinsmith, Bianchi-Berthouze, &

Steed, 2011; Hoogen, IJsselsteijn, & Kort, 2008). Besides muscular emotion expres-

sions, emotions are also related to the activity of the sympathetic and parasympa-

thetic nervous systems. These systems connect to our internal organs and their activ-

ity can be inferred from markers such as heart rhythm, respiration, skin conductance

and temperature, and blood volume pulse. Ekman, Levenson, and Friesen (1983)

were among the first to show that different emotions lead to different physiologi-

cal patterns, and their research was replicated and expanded by many others (see

Cacioppo, Berntson, Larsen, Poehlmann, & Ito, 2000, and Kreibig, 2010, for meta-

analyses). Physiological signals are thought to mostly signal the arousal of an emotion

as opposed to the pleasantness of an emotion. Finally, emotions are also expressed

through speech prosody and nonlinguistic vocalizations (Bachorowski & Owren, 2008;

Banse & Scherer, 1996; K. R. Scherer, 1986). Taken together, emotions can be opera-

tionalized as affective processes consisting of physiological components, behavioral

components, and conscious feelings. Hence, emotions contain many measurable ex-

pressions, including physiological, facial, and vocal signals.

1.3 Affective communication technology

The importance of emotions in social interactions and other behavioral processes has

inspired computer scientists and engineers to research and develop technologies that
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take emotions into account. Historically, Artificial Intelligence pioneer Herbert Si-

mon was one of the first to empahsize the role of emotions in technology (Simon,

1967). Nonetheless, decades of research on intelligent machines and human com-

puter interaction systems have not considered the use of emotions as a part of these

machines (Russell & Norvig, 1995). One of the first to note this flaw was Minsky (1985),

by stating: “The question is not whether intelligent machines can have any emotions,

but whether machines can be intelligent without emotions” (p. 163). This way, the im-

portance of emotions for machines was emphasized again. Twelve years later, Picard

(1997) laid the foundation for a field she baptized affective computing. This led to a

field that now has it’s own journal, handbooks, and conferences.

Affective computing deals with the design of machines and devices that can recog-

nize, process, adapt to, or experience emotions. Numerous examples of useful appli-

cations of affective computing include detecting user frustration (Scheirer, Fernan-

dez, Klein, & Picard, 2002), affective tutoring systems (Sarrafzadeh, Alexander, Dad-

gostar, Fan, & Bigdeli, 2008), affective game adaptation (Tijs, Brokken, & IJsselsteijn,

2008), autism-related computing (Picard, 2009), enhancing affective entertainment

(Lemmens, Crompvoets, Brokken, Van den Eerenbeemd, & De Vries, 2009), and affect-

based surveillance systems, to name a few. Furthermore, because of the importance

of emotions for social connectedness, affective computing forms a promising starting

point for possible technologies that could increase intimacy and closeness between

people.

Some researchers have ventured into the use of affective computing technologies in

social interaction. The work of Pentland (2005, 2008) shows how speech parameters

can be used to extract several interaction parameters like mimicry and overall arousal

in the interaction. Sundström, Stahl, and Höök (2007) developed eMoto, a closed-loop

emotion system for mobile messaging based. eMoto translates gestures made with a

stylus to a color and communicates this as background color on a text messages writ-

ten with the stylus (Sundström et al., 2007). Additionally, Balaam, Fitzpatrick, Good,

and Harris (2011) showed that subtle feedback about interaction behavior can en-

hance interactional synchrony and rapport. An early example of haptic emotional

communication was the inTouch device by Brave, Ishii, and Dahley (1998). Following

up on that line of research, Bailenson, Yee, Brave, Merget, and Koslow (2007) inves-

tigated mediated emotional touches and showed how handshakes can be communi-

cated and transformed to signal different emotions. Finally, some research groups are

focusing on specific patient groups, like those suffering from autism spectrum disor-

der who have great difficulty engaging in affective interactions (Kaliouby, Picard, &

Baron-Cohen, 2006). In sum, these wide-ranging examples demonstrate the possibil-

ities of affective technology enhancing communication and social interaction.
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Affective communication technologies can either be applied in face-to-face (FtF) or

computer-mediated communication (CMC). On the one hand, some have considered

FtF as the golden standard as opposed to CMC, which was often portrayed as a cold

and impersonal medium in which emotions where difficult to share (Rice & Love,

1987; Culnan & Markus, 1987). These claims suggest that affective technologies could

have a bigger impact on improving CMC than FtF. On the other hand, others have ar-

gued that CMC can be perceived as being just as intimate as FtF interaction, and that

differences between CMC and FtF can dissolve over time (Walther & Burgoon, 1992;

Walther, 1995). More recent empirical efforts have shown that CMC can be even more

beneficial for closeness and intimacy than FtF interaction (Joinson, 2001; Tidwell &

Walther, 2002). These findings are supported by Walther (1996), whose hyperpersonal

communication theory assumes that the fewer nonverbal cues in CMC make people

feel more comfortable in disclosing their feelings. In line with this, the internet is very

popular as a tool for relationship formation (Parks & Floyd, 1996). The effects emo-

tions have in FtF communication can be just as intimate in virtual interaction. There-

fore, instead of portraying FtF or CMC as better or worse for relationships, it might be

more useful to consider their strengths and weaknesses. By analyzing the costs and

benefits of different affective technologies (IJsselsteijn, Baren, Markopoulos, Romero,

& De Ruyter, 2009), it may be possible to predict if a particular technology is better

suited for FtF or CMC communication.

1.4 Dissertation outline

In this dissertation, I investigate the potential of affective computing to improve so-

cial connectedness. As outlined above, affective computing can likely have a strong

influence on social connectedness in CMC and FtF communication. There are many

ways in which affective computing might be developed and applied in devices and

applications that can augment social connectedness. This dissertation focuses on the

use of physiological signals to augment social connectedness. I take this approach for

several reasons. First, as already discussed, physiological signals are strongly linked

to emotions, forming an effective input for affective technology. Second, sharing or

communication of physiological signals is largely lacking in current communication

practices. Hence, as opposed to facial expression or speech, physiological signals

might provide information that is not yet available in face-to-face communication.

Third, physiological signals have been effective in machine emotion recognition tech-

nologies (e.g., Picard, Vyzas, & Healey, 2001). Finally, it is possible to continuously

and relatively unobtrusively assess physiological signals in daily life (Westerink et al.,

2009), a task more difficult with facial expressions and speech. Therefore, physiologi-

cal signals are likely to be more suitable for practical applications. For these reasons,
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this thesis explores the use of physiological signals for affective communication tech-

nology. Hence, the question under investigation in this thesis is: How can we use

physiological signals in affective technology to improve social connectedness?

To start this investigation, the following two chapters of this dissertation report on the

effects of computer interpretations of physiological signals on improving closeness

between people. By automatically recognizing emotions, emotions can be commu-

nicated more frequently than when the user would have to initiate the communica-

tion manually. Therefore, the first experiment in Chapter 2 investigates if increases in

emotion communication in computer-mediated communication increases feelings

of closeness between interacting users. Although automatic emotion communica-

tion might increase the number of communicated emotions, automatically commu-

nicating emotions also changes the perceived intentionality of the communication.

User-initiated communication of emotions may have a different impact than auto-

matically communicated emotions. Therefore, in a second experiment, we compare

closeness after communication sessions with automatic or user-initiated communi-

cation of emotions. In sum, this chapter investigates two possible effects of computer

interpretations of physiological signals on closeness between users.

Applying affective computing, as explored in Chapter 2, requires technologies that

can reliably measure human emotion. In Chapter 3, we compare these technologies

to human emotion recognition to provide a benchmark for such technologies. This

allows us to investigate whether or not a machine could have the capabilities to re-

place human emotion recognition (as was applied in Chapter 2) or even improve hu-

man emotion recognition (i.e., if the machine is better at emotion recognition than

humans are). Machine emotion recognition is especially relevant for communication

applications that normally rely on human emotion recognition skills. Therefore, to

further investigate the power of physiology, we compare human and machine emo-

tion recognition on three modalities: facial, speech, and physiological signals. This

comparison allows us to see which of these modalities is most important for machine

and human emotion recognition, and provides the best basis for developing affective

communication technology.

The two chapters introduced before focus on affective communication technology

based on machine interpretations of physiological signals. However, affective com-

munication technology can also entail communicating physiological signals directly

and relying on human interpretation of these communicated signals. As physiology

likely contains emotional information, we investigate in Chapter 4 how people inter-

pret the emotional intensity of cardiac activity. As heart rate and heart rate variability

are strongly related to emotional intensity, it is likely that people can extract emotional
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information from heartbeat patterns.

If heart rate has strong emotional connotations (Chapter 4), physiological signals such

as heart rate might also be used to improve closeness and intimacy. The effect of heart

rate on closeness is investigated in Chapter 5 and 6. In Chapter 5, two studies in im-

mersive virtual environments are presented to test the intimacy of sharing heartbeats.

As heartbeat information is strongly related to emotions, and sharing emotions in-

creases intimacy, we expect that heartbeat communication also increases intimacy.

To investigate this hypothesis, we compare effects of other intimate nonverbal cues

such as mutual gaze and interpersonal distance to the effects of heartbeat perception

on closeness ratings and kept interpersonal distance. In Chapter 6, we further explore

the power of heartbeat communication through a qualitative field study, to see how

people respond to heart rate sharing in real-life situations.

Physiological signals can be used as emotional self-disclosures to improve closeness.

However, in addition to focussing on self-disclosures, physiological signals might also

play a role in helping to form appropriate partner responses to emotional disclo-

sures. The interpersonal process model of intimacy suggests that such partner re-

sponses can also improve closeness and intimacy through improvements in partner

responses. Partner responses that improve closeness include understanding, valida-

tion, and caring. As discussed earlier, these responses are in line with different com-

ponents of empathy. Therefore, training empathy could also improve closeness be-

tween people (Hoffman, 2000). Hence, in Chapter 7, I present a framework for em-

pathic computing technology, a technology that could be physiology-based and train

the empathic abilities of its users, thereby improving closeness.

In Chapter 8, we bring the empathy framework developed in Chapter 7 into prac-

tice. In the framework, I explain that empathy can potentially be measured through

physiological synchronization. Therefore, in the first part of Chapter 8, we test if feed-

back based on physiological synchronization improves empathy. In the second part

of the chapter, we compare different physiological signals and synchronization algo-

rithms to see which combination correlates best with experienced empathy. These

experiments investigate the potential of empathy training through biosignal synchro-

nization feedback. If this feedback improves empathy, it could also aid increasing

closeness and social connectedness. Finally, the dissertation ends with a general dis-

cussion in Chapter 9, consisting of future work, a case study for applications, and

ethical considerations.



chapter two

Effects of number and attribution of shared emotions on
social connectedness

Abstract. Affective computing holds the promise of creating effortless, inte-
grated, and automatic ways of communicating emotions within our intimate so-
cial network. This could augment awareness systems and connectedness de-
vices, reducing loneliness and improving health and well-being. Through two
experiments, we investigate the effects of quantity and automaticity of emotion
communication on experienced intimacy in mediated settings. In the first ex-
periment (N = 48), we manipulated the number of communicated emoticons.
Results show that increases in communicated emoticon quantity lead to strong
increases in experienced intimacy. In the second experiment (N = 34), we com-
pare automatic and user-initiated communication of emoticons. Results show
that user-initiated communication of emoticons is experienced as more intimate
than automatic communication. These results are discussed in light of the in-
terpersonal process model of intimacy and can help the design of applications
aimed at improving social interactions through affective communication tech-
nology.

This chapter is (partly) based on:
Janssen, J.H., Westerink, J.H.D.M., IJsselsteijn, W.A. (Submitted). How affective technologies can influ-
ence intimate interactions and improve social connectedness.

11
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2.1 Introduction

The importance of social connectedness for improving health and well-being has in-

spired many researchers in HCI and related disciplines to investigate technologies

that can augment relationship formation and maintenance (Markopoulos, De Ruyter,

& Mackay, 2009). There are now many examples of awareness systems and connect-

edness devices that augment our social interaction with our intimate social network.

For example, Vetere et al. (2005) implemented the Hug Over a Distance, which is an

air-inflatable vest that can be remotely triggered to create a sensation resembling a

hug. Other examples of intimate technology come from (Garnaes, Grünberger, Kjeld-

skov, & Skov, 2007) who designed the Cube and the Picture Frame. The Cube is a

virtual three-dimensional cube on which intimate couples can place symbols for the

other to see. The authors argue that combining several symbols can create complex

and expressive messages. The Picture Frame provides a way of dynamically adding

graphical symbols to shared photos. After selection of a symbol it appears as a thought

bubble on the other’s Photo Frame. These design examples as well as similar re-

search and design efforts (e.g., Dey & De Guzman, 2006; Hindus, Mainwaring, Leduc,

Hagström, & Bayley, 2001; Markopoulos et al., 2004; Mynatt, Rowan, Craighill, & Ja-

cobs, 2001; Thieme et al., 2010) have led to new design spaces and research agendas

for social connectedness systems. Important aspects, concerns, and challenges in-

clude privacy, seamless integration with the environment, effort reduction, system

autonomy, accuracy, and user control (Markopoulos, 2009).

Research on awareness systems and connectedness devices started around the same

time as the emergence of affective computing (Picard, 1997). Affective computing

deals with the design of machines and devices that can recognize, process, adapt

to, or even experience emotions (Picard, 2003; Picard & Klein, 2002). Although a lot

of research on affective computing is focused on human-computer interaction, the

same technologies and principles can also be applied to human-human interaction,

in both mediated (e.g., computer-mediated communication or CMC) and unmedi-

ated situations (Janssen, Bailenson, IJsselsteijn, & Westerink, 2010). Many research

efforts have been directed towards the automatic recognition of emotions from facial

expressions, speech, or biosignals (Van den Broek, Janssen, Van der Zwaag, Westerink,

& Healey, 2011; Zeng, Pantic, Roisman, & Huang, 2009). Although the accuracy of

these algorithms is not perfect, there are already successful applications that have em-

ployed these techniques (Janssen, Van den Broek, & Westerink, 2011; Neviarouskaya,

Prendinger, & Ishizuka, 2010). For instance, Janssen et al. (2011) developed a music

player that was able to measure emotional responses to music, and use this informa-

tion to create playlists to direct mood. Nonetheless, to the best of our knowledge, no-
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body has so far applied automated emotion recognition to communication devices.

Because there are already successful applications of automated emotion sensing in

other domains, it is interesting to investigate how automated emotion recognition

can be used in communication devices. In combination with wearable wireless sen-

sor platforms (Westerink et al., 2009; Hanson et al., 2009) this has the potential to cre-

ate an unobtrusive, integrated, and effortless way of providing emotional input into

interaction settings. This is promising as minimizing procedural effort is central to

any interaction design, and, hence, also to awareness systems (Markopoulos, 2009;

IJsselsteijn et al., 2009).

The present studies investigate the possible effects of applying affective computing to

connectedness devices. Combining affective computing with connectedness devices

allows for the automated capture, transformation, and delivery of emotional informa-

tion, either as a stand-alone communication signal, or as an augmentation to existing

communication signals. Hence, introducing affective technology in connectedness

devices could automate emotion communication. In turn, automated emotion com-

munication could allow for more emotions to be communicated. In this chapter, we

describe two experiments that investigate if this could improve closeness and inti-

macy. On the one hand, increases in the amount of emotion disclosure might im-

prove intimacy, as self-disclosure is strongly related to intimacy (Laurenceau et al.,

2004; Reis & Shaver, 1988). However, on the other hand, automatically compared to

manually communicated emotions might have a lower impact on intimacy because

the automated disclosure is not attributed to the person the emotions are coming

from but to the machine that sent them (L. C. Jiang, Bazarova, & Hancock, 2011). To

be able to provide more specific hypotheses for these ideas, we review the literature

on the link between disclosure and intimacy in both face-to-face communication and

CMC. Subsequently, we discuss the role of emotions as intimate self-disclosures, and

review the use of emoticons as emotion representations in CMC. Finally, we discuss

literature on the attribution of such self-disclosures and its impact on intimacy.

Self-disclosure and intimacy

Several definitions of intimacy have emphasized that the quantity of communica-

tion is an essential ingredient for the feeling of connectedness or intimacy (Mashek

& Aron, 2004). More specifically, increases in intimacy are elicited by increases in self-

disclosure (Laurenceau et al., 2004; Altman & Taylor, 1973; Reis & Shaver, 1988; Stern-

berg, 1988). Self-disclosure is the revealing of personal information to others (Jourard,

1971; Archer, 1980). The strong relation between self-disclosure and intimacy devel-

opment is related to the fact that people consider self-disclosures to contain valuable



14 Chapter 2 Effects of number and attribution of shared emotions

information, thoughts, and feelings. Therefore, self-disclosure improves understand-

ing and liking (Altman & Taylor, 1973; Ickes, 1997). Moreover, it elicits reciprocation,

often leading to more self-disclosure of other persons, which forms a self-reinforcing

circle.

Evidence for the link between self-disclosure and intimacy comes mainly from di-

ary studies that show that perceived increases in self-disclosure are related to feelings

of intimacy (Laurenceau et al., 1998, 2005). Other evidence comes from studies that

showed a positive relation between self-disclosure in CMC and intimacy development

(Baker, 2002; Wilkins, 1991). Moreover, the importance of self-disclosure is incorpo-

rated in different models and theories on communication and intimacy; e.g., the in-

terpersonal process model of intimacy (Reis & Patrick, 1996), uncertainty reduction

theory (Valkenburg & Peter, 2009), and social penetration theory (Altman & Taylor,

1973). In sum, the amount of self-disclosure is considered to be an important elicitor

of intimacy.

Although some researchers have suggested that CMC is less intimate than face-to-face

interaction (see Walther & Parks, 2002, for a review), several empirical efforts have

shown that this is incorrect (Joinson, 2001; Tidwell & Walther, 2002). In fact, it is often

suggested that CMC interactions tend to be more intimate than face-to-face interac-

tions (Parks & Floyd, 1996; Walther, 1997). This is in line with the finding that self-

disclosure is a widespread phenomenon in different CMC channels like dating sites,

blogs, message forums, and social networks (Joinson & Paine, 2007). Moreover, dif-

ferent studies have shown that online dating sites and social network sites can play a

key role in romantic relationship development (Gibbs, Ellison, & Heino, 2006; Whitty,

2008). This suggests that self-disclosure is not only important for intimacy develop-

ment in face-to-face communication, but also in CMC.

The nature of self-disclosure in CMC has several benefits for relationship formation

and intimacy, captured by Walther’s Hyperpersonal Communication theory (Walther,

1996). For one thing, people are more comfortable sharing personal information in

CMC (McKenna & Bargh, 1998). This is likely due to anonymity and a lower number of

nonverbal cues (Tidwell & Walther, 2002; Joinson, 2001; Andersen, Guerrero, Buller,

& Jorgensen, 1998). Second, people have more control over their self-presentation

in CMC than in face-to-face communication. Therefore, they can optimize the im-

pression they make by putting effort in message composition (Walther, Slovacek, &

Tidwell, 2001; Walther, 2007). For instance, photos can be edited to omit less desir-

able features (Hancock & Toma, 2009). Third, because of the limited number of cues

people receive in CMC, they tend to interpret the cues they do receive more strongly

(Boucher, Hancock, & Dunham, 2008; Lea & Spears, 1991; Hancock & Dunham, 2001).
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Therefore, self-disclosure leads to stronger intimacy increases in CMC than in face-to-

face interaction (L. C. Jiang et al., 2011).

Emotions and emoticons

A special case of self-disclosure is the sharing of emotions. There is an array of con-

verging psychological research that shows that our emotions form an essential part

of intimate communication. Diary studies of adolescents and married couples have

consistently shown that emotional self-disclosures have a stronger impact on inti-

macy than factual self-disclosures (Laurenceau et al., 1998, 2005). In line with this,

Butler et al. (2003) have shown that emotion suppression leads to a decrease in one’s

chances of forming new relationships. Moreover, mimicking of other’s emotions im-

proves their liking of and attraction to the mimicker, as it is perceived as a sign of

validation (Chartrand & Bargh, 1999; Lakin et al., 2003). In addition, partners’ emo-

tional convergence (e.g., similarity in emotional responses during positive and neg-

ative discussion tasks) leads to increased relationship quality (Anderson et al., 2003).

Furthermore, increased emotion recognition accuracy between partners will also lead

to increased marital satisfaction and relationship quality (Ickes, 1993). Finally, the

negative effects of separation from one’s loved ones can be lowered by sharing affec-

tive experiences during the day to become more emotionally in touch (Diamond et

al., 2008; Hicks & Diamond, 2008). Taken together, we can say that self-disclosure of

emotions plays a significant role in intimacy, through various mechanisms.

Emotions seem to be as abundant in CMC as in face-to-face interaction (Derks, Fis-

cher, & Bos, 2008). Evidence for this comes, for example, from online therapy treat-

ments in which people share their emotions with a virtual therapist (Lange, Van De

Ven, Schrieken, & Emmelkamp, 2003). Another example comes from research show-

ing that gender differences in emotion sharing are similar in face-to-face interaction

and CMC (Savicki & Kelley, 2000). Moreover, Sasaki and Ohbuchi (1999) showed that

emotional displays in vocal conversations elicited the same intensity of emotions as

emotional displays in CMC. These are some of the examples that led Derks et al. (2008)

to conclude that “emotions can be found as frequently online as offline” (p. 780).

Although emotions appear very often in CMC, the way they are expressed is differ-

ent in CMC than in face-to-face interaction. In face-to-face interaction emotions are

mainly expressed through speech (K. R. Scherer, 1986), facial expressions (Ekman &

Friesen, 1971), or posture (Coulson, 2004). The absence of these nonverbal signals in

CMC, has led to the creation of other emotion communication means. A popular way

of sharing emotions in CMC is through the use of emoticons, created with symbols

that are abstractions of facial expressions (Walther & D’Addario, 2001). Emoticons
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help to communicate emotions or mood (Constantin, Kalyanaraman, Stavrositu, &

Wagoner, 2002). Moreover, emoticons can serve to clarify textual messages (Walther

& D’Addario, 2001). Emoticons are used very often in social networks, blogs, or chat

devices (Huffaker & Calvert, 2005). Moreover, when given the option, their users al-

most always prefer the use of emoticons over not using them (Rivera, Cooke, & Bauhs,

1996).

For the current research, we apply the literature on self-disclosure and intimacy to the

possibilities of increased emotion communication enabled by developments in affec-

tive technology. Due to the strong link between self-disclosure and intimacy, we ex-

pect that increases in self-disclosure of emotions lead to increases in intimacy. How-

ever, as we are particularly interested in investigating the effects of emotions in CMC

and not in face-to-face settings, we use emoticons to investigate this. To guarantee

ecological validity and allow control over the communicated messages, we take two

very simple emoticon icons (i.e., a happy emoticon and a sad emoticon) to constitute

the communication medium. This is close to the every-day practice in computer-

mediated communication and captures the problems associated with reduced com-

munication bandwidth. Hence, our hypothesis is that increases in the number of

shared emoticons enhances intimacy, just as increases in self-disclosure during face-

to-face interactions enhance intimacy.

H1: Increases in the number of emoticons shared between two interacting individuals

lead to increases in intimacy between those individuals.

Attribution of self-disclosure

Although there is a strong relationship between self-disclosure and intimacy (as noted

above), this relationship also depends on other factors. In line with this, Reis (2007)

argues that “although self-disclosure often triggers intimate interaction, in itself self-

disclosure is insufficient to instill a sense of intimacy between two people” (p. 10).

More specifically, the effect of a self-disclosure depends on the receiver’s interpreta-

tion of the self-disclosure (Reis & Shaver, 1988). In general, it can be stated that peo-

ple try to make sense of events by attributing causes to the events (Kelley & Michela,

1980). Applying this to self-disclosures means that people not only try to understand

what is disclosed but also why this is disclosed (Derlega & Berg, 1987; L. C. Miller,

Cooke, Tsang, & Morgan, 1992). These attributions as to why a self-disclosure is made

can influence the impact a self-disclosure has on intimacy.

Different types of attributions of self-disclosures have been identified (Jones & Archer,

1976; Taylor, Gould, & Brounstein, 1981; Town & Harvey, 1981). First, a dispositional
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attribution is made when the self-disclosure is thought to be due to the sender’s per-

sonality. Second, a situational attribution is made when the self-disclosure is thought

to be due to a situational factor, like the medium. Third, an interpersonal attribu-

tion is made when the sender thinks he or she is specially chosen for this message

because of the relationship between the sender and receiver. Interpersonal attribu-

tions of self-disclosures are more likely to improve intimacy than the other types of

attributions, as being specifically chosen for the disclosure communicates trust and

liking (see Collins & Miller, 1994 and Derlega, Metts, Petronio, & Margulis, 1993 for

reviews). A recent study has shown that these effects can be even more pronounced

in CMC than in face-to-face settings (L. C. Jiang et al., 2011).

Applying this attribution theory of self-disclosures to the possibilities of affective com-

puting technology for intimacy brings us to our second hypothesis. Although affective

computing technology might increase intimacy by communicating more emotions

(see Hypothesis 1), the attributions about the disclosed emotions of the sender may

also change because of the affective computing technology. When the emotions are

communicated automatically using affective computing technology the attributions

are probably situational. This means that the receiver thinks the reason for disclosing

the emoticon is not because the sender wants to disclose this as a special message to

the receiver, but rather because of the situation (i.e., the affective computing technol-

ogy in this case). Hence, we expect that the influence of self-disclosure of emoticons

on intimacy is lower when they are communicated automatically then when they are

communicated at the initiative of the sender.

H2: Communicating emoticons automatically has a smaller effect on intimacy than

communicating emoticons at the initiative of the sender.

The current studies

Through two experiments we test the impact affective technologies can have on our

emotion communication and levels of experienced intimacy. In the first experiment,

we investigate the effects of increases in the number of communicated emoticons, as

automated communication can increase the number of communicated emotions. We

expect that increases in emotion communication will increase the feeling of intimacy

(Hypothesis 1). In the second experiment, we investigate the difference between user-

initiated and automatic communication, as affective technologies can automate the

communication of emotions. We expect that automated communication will be ex-

perienced as less intimate than manually controlled communication (Hypothesis 2).

We test these effects using emoticons to create an ecologically valid scenario, as this
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is close to the every-day practice in CMC and captures the problems associated with

reduced communication bandwidth.

2.2 Experiment 1: Number of emoticons

Method

Participants and Design

Forty-eight undergraduates participated in groups of four men and four women and

received 15 euro for their participation. Two participants failed to show up and were

replaced by a confederate, leaving a sample of N = 46 (23 males, 23 females). In-

formed consent was obtained from all participants before the start of the experiment.

The participants did not know the others they believed they were interacting with.

Every participant received all four conditions of emoticon quantity ( 2 / 4 / 8 / 16

emoticons per movie). For every condition, they watched a different movie and be-

lieved they were interacting with a different individual. The order of emoticon quan-

tity and movie was balanced over the participants and gender. That is, each male

participant received a different order and each female participant received a differ-

ent order of emoticon quantity conditions. This way, 23 of the 24 possible different

orders of emoticon quantity and 23 of the 24 different orders for movie were used for

the male participants and for the female participants. The two orders that were not

used were the ones that were selected for the two participants that did not show up.

In addition, the four different levels of emoticon quantity were also balanced over the

four different movies (which gives 24 different combinations). That is, all combina-

tions of emoticon quantity and movie were used twice (with the exception of the two

for which the participants did not show up, they were used once). The balancing of

the movie and quantity combinations were done independent of each other.

Movies

We used a movie watching setting as movies have the power to elicit different emo-

tions and are often watched in social contexts (Luminet, Bouts, Delie, Manstead, &

Rime, 2000). Four 8-minute excerpts from a nature documentary were selected. This

documentary was chosen because it was considered to contain ambiguously valenced

emotions. Such ambiguity is expected to increase effects of emoticon communication

(Fischer, Rotteveel, Evers, & Manstead, 2003). Furthermore, the documentary did not

contain a storyline, allowing us to change the order of the different excerpts.

The four excerpts were pretested by nine women and eleven men (N = 20) in a within-

participant design (i.e., all participants watched all four movies). Participants were
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asked to indicate whenever the movie elicited a happy or a sad emotion in them.

The participants did this by pressing the up (for happy) or down (for sad) key on

the keyboard. Each time the participants did this, their key press was confirmed

through a short message on the screen. All movies elicited both happy and sad emo-

tions, and the differences in the number of elicited emotions between the movies were

never larger than four elicited emotions (as assessed by comparing the number of key

presses between the movies for each participant).

Based on the data generated during the pretest, we selected the moments that con-

tained ambiguous emotions. We did this by selecting ten second intervals that con-

tained at least one happy and one sad emoticon. From these, the sixteen intervals

with the most emotion messages were selected. The emoticon communication acts

(either 2, 4, 8, or 16) were randomly selected from these sixteen moments, with the

constraint that the first and second half of the movies both contained at least one

message. In other words, in the conditions with 16 emoticon communication acts, all

of the intervals were selected, whereas in the conditions with only 2, 4, or 8 emoticon

communication acts, respectively 2, 4, or 8 of the intervals were selected randomly.

Independent of the number of emoticons communication acts, the type of emoticons

were sad and happy emoticons. These were distributed randomly over the communi-

cation acts in such a way that sad and happy emoticons appeared equally often during

each movie.

Questionnaires

Intimacy between participants was measured with the Inclusion of Other in Self scale

(IOS; Aron, Aron, Tudor, & Nelson, 1991) and the Subjective Closeness Index (SCI;

Berscheid, Snyder, & Omoto, 2004). The IOS is a single item pictorial measure which

asks the participant to "select the image that best describes your relationship with the

other participant" on a 7-point scale consisting of pairs of circles overlapping to dif-

ferent extents. The SCI is a two-item scale asking the participant to indicate how he or

she would describe the relationship with the other participant on 7-point Likert scales

ranging from “not at all close” to “very close”. The wording for the items was “Relative

to all your other relationships (both same and opposite-sex), how would you charac-

terize your relationship with the other participant?” and “Relative to what you know

about other people’s close relationships, how would you characterize your relation-

ship with the other participant?”. The score on the SCI was calculated by averaging

the two items (Cronbach’s α= .92).

Manipulation checks included ratings for the items “I disclosed ...” and “The other

disclosed ...” on a 5 point scale ranging from “very little” to “a whole lot” (taken from
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Laurenceau et al., 1998).

Procedure

Groups of eight participants were briefly introduced to each other and led to eight

separate experimentation closed experimentation booths. Subsequently, participants

received on-screen instructions that they would be watching four parts of a movie.

During each part, they were told they would be interacting with a different partici-

pant, all of opposite gender. The instruction stated for everyone that they were in

condition B and their interaction partners were in condition A. This implied that the

other participant could send happy or sad emoticons during the movie. The partic-

ipants themselves could, after receiving an emoticon, reply with an emoticon if they

wanted to, by pressing the up (happy) or down (sad) arrow. Hence, in all cases, the

participants did not initiate the communication but could reply to messages they be-

lieved to be disclosed by the other participant. To make sure participants engaged

with the experiment, the instruction stated that after the four trials were finished there

would be a group debriefing in which the participants would learn with whom they

were interacting during each of the movies. After all participants had indicated they

understood the instructions the actual experiment started.

After instructions, participants were told to relax while watching a relaxing aquatic

movie (Piferi, Kline, Younger, & Lawler, 2000), to make sure everyone was in the same

state before the treatment started. After the baseline video, the first of four movies

started. Before each of the movies started, a fake connection screen was shown for

a random amount of time somewhere between fifteen and 40 seconds, telling the

participant to wait until the other participant was ready and the connection was es-

tablished. During the movies the participants received emoticons at the preselected

moments based on the pretests. After an emoticon was received, participants had

10 seconds to respond to it by pressing the up (happy) or down (sad) key. Moreover,

they used the left (sad) and right (happy) arrow keys to continuously indicate their

own emotional valence on a horizontal on-screen slider ranging from sad to happy via

neutral. After each movie, the participants filled out the IOS and SCI. When all movies

were finished, participants were probed for suspicion and debriefed. One participant

suspected the interaction to be fake and was excluded from the analyses.

Results

Self and other’s disclosure

To check if the participants did perceive the differences in communicated emoticons

(i.e., the manipulation of the experiment), we analyzed their ratings of the items on
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the amount of self-disclosure and the other’s disclosure. These ratings were submitted

to a 4 (Emoticon quantity) × 2 (Gender) repeated measures MANOVA, with repeated

measures on the first factor. The multivariate test showed an effect for Emoticon

quantity (F (6,38) = 9.13, p < .001, partial η2 = .18). No effect for Gender (F (6,42) =
0.03, n.s., partial η2 = .00) or Emoticon quantity × Gender (F (6,38) = 1.08, n.s., par-

tial η2 = .02) was found. Subsequent univariate tests (Huyn Feldt) showed effects of

Emoticon quantity for both measures: self-disclosure (F (3,100) = 17.2, p < .001, par-

tial η2 = .29) and other’s disclosure (F (3,103) = 15.4, p < .001, partial η2 = .26). Linear

trend analyses further confirmed the linear increases of the self disclosure (F (1,43) =
29.4, p < .001, partial η2 = .41) and other disclosure (F (1,43) = 25.2, p < .001, partial

η2 = .37) with increases in emoticon quantity. Means (SEs) for self disclosure were

2.2 (0.21), 2.4 (0.17), 3.1 (0.19), and 3.4 (0.21) for the 2, 4, 8, and 16 emoticon quan-

tity conditions respectively. Means (SEs) for the other’s disclosure were 2.0 (0.23), 2.4

(0.20), 3.2 (0.14), and 3.6 (0.22) for the 2, 4, 8, and 16 emoticon quantity conditions re-

spectively. This confirms that the participants indeed noticed changes in the received

disclosures and their own disclosures.

Intimacy questionnaires

To check whether intimacy indeed increased with more emotion communication,

the IOS and SCI were submitted to a 4 (Emoticon quantity) × 2 (Gender) repeated

measures MANOVA, with repeated measures on the first factor. The multivariate test

showed an effect for Emoticon quantity (F (6,38) = 6.80, p < .001, partial η2 = .52). No

effect for Gender (F (6,42) = 0.13, n.s., partial η2 = .01) or Emoticon quantity × Gender

(F (6,38) = 0.76, ns, partial η2 = .11) was found. Subsequent univariate tests (Huyn

Feldt) showed effects of Emoticon quantity for both measures: the IOS (F (3,111) =
14.5, p < .001, partial η2 = .25) and the SCI (F (3,103) = 13.6, p < .001, partial η2 = .24).

Linear trend analyses further confirmed the linear increases of the IOS (F (1,43) = 25.2,

p < .001, partial η2 = .37) and SCI (F (1,43) = 24.5, p < .001, partial η2 = .36) with in-

creases in emoticon quantity. Means and standard errors (SEs) are presented in Figure

2.1.

These results confirm Hypothesis 1 that increases in emotion communication lead

to increases in intimacy. Effect sizes for this effect are large and found across two

different measures.

Response behavior

To test if the effects on intimacy could have been confounded with the effects partic-

ipants’ behavior in response to receiving increased numbers of emoticons, we ana-

lyzed three characteristics of the response behavior. We calculated the response ratio
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by dividing the number of responses by the number of received emoticons (per partic-

ipant). In addition, we calculated the ratio of responses with the same valence as the

received emoticon (i.e., response congruency), which indicates for how many of the

responses the valence was congruent with the valence of the received emoticon. Also,

we calculated the ratio of responses with the same valence as the slider value that the

participants used to indicate their own emotional state (i.e., response honesty), which

indicates for how many of the responses were in line with what the participant was

feeling at that moment. Means and SEs over all conditions are M = .93 (SE = .02) for

response ratio, M = .76 (SE = .02) for response congruency, and M = .79 (SE = .02)

for response honesty. We submitted the response ratio, response congruency, and re-

sponse honesty to a 4 (Emoticon quantity) × 2 (Gender) repeated measures MANOVA,

with repeated measures on the first factor. No effects were found on any of the mul-

tivariate or univariate tests (p-values > .10). Hence, the effects of emoticon quantity

on intimacy are unlikely to be due to changes in response behavior between the four

conditions.

To see if the response behavior did have an effect on intimacy ratings (independent

of the emoticon quantity), we ran a linear regression analysis on the IOS ratings with

response ratio, response congruency, and response honourary as predictors. The re-

sult showed a significant regression (F (3,175) = 7.58, p < .001, R2 = .12). Predictor

weights were significant for response ratio (B = 1.7, p < .03) and response congru-

ency (B = 2.6, p < .01), but not for response honesty (B = 0.1, p > .10). In line with the

interpersonal process model of intimacy, this showed that increases in response ratio

(i.e., increases in self-disclosure) and increases in response congruency (i.e., valida-

tion through partner responses) both increased self-reported intimacy.

Slider behavior

To check if the participants indeed engaged with the experiment by using the slider,

we extracted the means and standard deviations of the slider values (ranging from 0

to 100) of all participants. The mean of the average slider values of all participants

is 60.3. Furthermore, the mean standard deviation of all participants is 14.4. This

showed that participants did engage in using the slider.

Subsequently, we checked if slider behavior was the same over all conditions by sub-

mitting the standard deviation and mean values of the slider to a 4 (Emoticon quan-

tity) × 2 (Gender) repeated measures MANOVA, with repeated measures on the first

factor. The multivariate test showed no significant effects and very small effect sizes

for Emoticon quantity (F (6,38) = 0.67, n.s., partial η2 = .02), Gender (F (6,38) = 0.03,

n.s., partial η2 = .02) or Emoticon quantity × Gender (F (6,38) = 0.75, n.s., partial
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Figure 2.1 Self-reported ratings on the Inclusion of Other in Self scale (IOS) and Subjective Close-
ness Index (SCI) after each of the four emotion quantity conditions. Error bars depict +/- 1 SE.

η2 = .02). Follow-up univariate tests were also not significant (all p-values > .10).

Hence, there were no differences in slider behavior between the four conditions of

Emoticon quantity.

Summary

In sum, manipulation checks confirmed that participants perceived differences in

number of emoticons. Furthermore, as expected, the intimacy ratings confirm H1:

increases in the number of communicated emoticons result in higher levels of self-

reported intimacy. Moreover, this effect cannot be attributed to changes in response

behavior or to participants’ feelings as indicated by a slider, as these did not differ

between the four conditions.

2.3 Experiment 2: Attribution of emoticons

In the second experiment, we investigated the effect of automated emotion commu-

nication as opposed to user-initiated emotion communication. We expected that au-

tomated communication would be experienced as less intimate than user-initiated

communication (Hypothesis 2). We tested this by exposing half of the participants to

communication in which emoticons were shared with someone else at random times

selected by the computer (automatic communication), and exposing the other half
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of the participants to communication in which emotions were only shared at times

indicated by the participants (manual communication). In both cases, participants

themselves manually express how they are feeling. Hence, the difference between the

conditions is not the detection or recognition of emotions, but only the selection of

moments at which the emotions are communicated.

Method

Participants and design

Thirty-four participants (17 female, 17 male; age M = 23.1, SD = 8.3) took part in the

experiment. Most participants were undergraduates of a Dutch university. Informed

consent was obtained from all participants before the start of the experiment. Partici-

pants were randomly assigned over the two levels of Communication Type (Automatic

/ Manual) so that there was an equal amount of participants in each condition. Each

participant received 7.50 Euro for their participation.

Materials

As with Experiment 1, the current experiment was also performed in a movie watching

context. This proved to be a good setting in Experiment 1 because of the emotion

eliciting properties of movies and because movies are often watched in social contexts

(Luminet et al., 2000). For this experiment we used one of the 8-minute excerpts of the

nature documentary that was also used in Experiment 1. All participants saw the same

movie and received exactly the same stimuli. The treatment from study 1 in which 16

emoticons were received by the participant during the 8-minute movie excerpt was

used.

Confederates

All participants thought they were interacting with another participant of the oppo-

site sex during the experiment. The other participant was actually one of our con-

federates. This was done instead of using eight participants in parallel (as done in

Experiment 1) because of scheduling convenience.

We had one male and one female confederate, so that each participant could be cou-

pled to a confederate of the opposite sex. We pretested the attractiveness of the con-

federates through an online questionnaire that showed a passport-type photo of the

two confederates and twelve other individuals. Seventeen volunteers rated the attrac-

tiveness of the person on each photo on a seven point scale ranging from “Extremely

unattractive” to “Extremely attractive”. Paired samples t-tests showed no significant
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difference between the attractiveness of the two confederates. Nonetheless, both the

male and the female confederates’ faces did differ significantly from six of the other

faces. This confirms that the faces of the two confederates were relatively similar in

attractiveness compared to the other faces. Means were 4.9 for the female confederate

and 4.2 for the male confederate.

Procedure

The experimenter met the participant and confederate at a waiting area, introduced

them to each other, and led them to the lab space in which the experiment would be

conducted. The confederate and experimenter acted as if the confederate was a reg-

ular participant. Both the confederate and participant signed an informed consent

form and were then led to different experimentation rooms. The experimenter left

the participant alone to go through the experiment at his/her own pace. As soon as

the participant was in the separate experimentation room and had started the exper-

iment, the confederate left.

The entire experiment was presented on a computer screen, including instructions

stating that participants would be watching an eight minute movie and that during

the movie they would communicate with the other participant by sharing emoticons.

Participants in the user-initiated condition were instructed that they could send each

other emoticons by pressing the up (happy) or down (sad) key on the keyboard. Par-

ticipants in the automatic condition were instructed to continuously keep track of

their emotional state on a three point slider ranging from sad to happy via neutral.

They could move the slider to the left by pressing the left key and to the right by press-

ing the right key. In addition, they were told that, at random moments, the state on

the slider would be shared with the other participant in the form of an emoticon.

As a cover story for the fact that the participants were never sending but always re-

plying to the other’s emoticons, the participants were told that one of them would be

in “Condition A” and the other would be in “Condition B”. For the user-initiated con-

dition, the participant in “Condition A” could initiate sending an emoticon and the

participant in “Condition B” could respond each time an emoticon was sent by the

other. For the automatic condition, emoticons would be shared when the participant

in “Condition A” had indicated a non-neutral feeling. After that explanation, all par-

ticipants were told that they were in “Condition B”. Hence, none of the participants

could initiate the communication, but instead, they could only reply to messages dis-

closed by the other.

A two minute practice session ensured that participants understood the study pro-

cedure. When the practice session was finished, a fake connection screen appeared,
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telling the participant to wait for the other to be ready to start. After about 40 sec-

onds, the eight minute movie excerpt started. During the movie, 16 emoticons were

communicated at the same moments as in the previous experiment (see Section 2.1).

In the user-initiated condition, the emoticon appeared in the bottom of the screen

with the text: “The other sent:” and “You can respond by pressing the up (happy) or

down (sad) key”, in the same way as in Experiment 1. In the automatic condition,

the text accompanying the emoticon said “The other feels:” and “This was sent to the

other:”, with the accompanying emoticons. In other words, in the user-initiated con-

dition both the sending and receiving of emoticons was done manually, and in the

automatic condition both the sending and receiving of emoticons was done automat-

ically.

After the movie finished, the participants filled out the IOS and the SCI. In addition,

as a manipulation check we included 3 items in the survey that assessed how partici-

pants perceived the method of interaction. For this, participants answered the ques-

tion “What did you think of the method of interaction? The method for interaction

was ...” on a 7-point scale ranging from unsociable to sociable (item 1), very cold to

very warm (item 2), and impersonal to personal (item 3). Finally, they were probed

for suspicion, debriefed, and paid. Two participants had doubts about the interac-

tion and were excluded from further analyses. The entire experiment took about 35

minutes.

Results

Method of interaction

To check if the method of interaction was perceived differently in the user-initiated

or automatic condition, we analyzed the three items about the method of interaction

(i.e., answers to “The method of interaction was...” on scales ranging from/to: unso-

ciable/sociable, very cold/very warm, and impersonal/personal). Ratings of these

items were averaged (Cronbach’s α= .81) and submitted to an ANOVA with Commu-

nication Type (Automatic / User-initiated) and Gender (Male / Female) as between-

subject factors. As expected, results showed a significant effect of Communication

Type (F (1,36) = 6.68, p < .05, partial η2 = .12), but not of Gender (F (1,36) = 0.37,

n.s., partial η2 = .01) or Communication Type × Gender (F (1,36) = 0.37, n.s., partial

η2 = .01). Means show that ratings were higher (i.e., more personal, warm, and socia-

ble) in the user-initiated condition (M = 3.9, SE = 0.29) than in the automatic condi-

tion (M = 3.2, SE = 0.29). This confirms that participants did perceive differences in

the method of interaction.
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Intimacy questionnaires

The scores on the two items of the SCI were averaged (Cronbach’s α = .86). Subse-

quently, the IOS and the SCI were submitted to a MANOVA with Communication Type

(Automatic / Manual) and Gender (Male / Female) as between-subject factors. Results

of the multivariate test show a significant effect of Communication Type (F (2,27) =
7.73, p < .002, partial η2 = .36) but not of Gender (F (2,27) = 0.95, n.s., partial η2 = .07)

or Communication Type × Gender (F (2,27) = 0.61, n.s., partial η2 = .04). Subsequent

univariate tests showed effects of Communication Type on both the IOS (F (1,31) =
6.09, p < .02, partial η2 = .18) and the SCI (F (1,31) = 15.97, p < .001, partial η2 = .36).

Means and SEs are depicted in Figure 2.2.

These results confirm Hypothesis 2 that automated communication is experienced as

less intimate than user-initiated communication. Effect sizes for this effect were large

and found across two different measures.

Response and slider behavior

In the automatic condition, each of the 16 messages was answered with an automatic

response. In the user-initiated condition, the number of responses was influenced by

the participant. So, as manipulation check, we also analyzed the response behavior

in the user-initiated condition to make sure it was similar to the automatic condition.

The average number of responses was 15.7 in the user-initiated condition. An inde-

pendent samples t-test confirmed that this was not significantly different from 16 in

the automatic condition (t (16) =−1.10; p > .10). Hence, the effects of the communi-

cation type on the intimacy ratings cannot be attributed to changes in the quantity

of the response behavior. Moreover, this shows that the persons in the user-initiated

condition did engage in communication.

In the automatic condition, participants could change their emotional state on a sli-

der (ranging from 0 to 100), as input for the communication. We analyzed the slider

values to see if participants indeed engaged in changing the slider. The mean of the

average slider values of all participants is 54.9. Furthermore, the mean standard devi-

ation of all participants was 41.3. This confirms that participants did engage in using

the slider to indicate how they felt.

2.4 General discussion

Affective computing provides ways to communicate emotions within our intimate so-

cial network in an effortless and automatic fashion (Cowie et al., 2001; Picard, 1997).

This could help us create deep intimate connections and reduce loneliness. Our goal
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Figure 2.2 Self reported ratings on the (a) Inclusion of Other in Self scale (IOS) and (b) Subjective
Closeness Index (SCI) after automatic or user-initiated communication. Error bars depict +/- 1
SE.

was to investigate the effects of two parameters that are likely to influence the inti-

macy of our interactions through affective technology. First of all, affective technology

would allow communication devices to keep partners emotionally in touch by making

it easier to communicate emotions in an effortless manner. Following the strong link

between self-disclosure and intimacy (e.g., Laurenceau et al., 2004), we expected that

communicating more emotions would increase intimacy between the users (Hypoth-

esis 1). Second, affective technology can capture, transform, and transmit affective

signals in an automatic or semi-automatic fashion. Although this can have several

advantages, it discards the intention that is associated with an individual’s decision to

communicate (or not), which can be regarded as a meaningful part of that communi-

cation act (Romero et al., 2007). In other words, attributing the self-disclosure to in-

terpersonal or situational factors depends on the way the technology is implemented.

If the affective computing technology selects the moments at which the emotions are

communicated, these forms of self-disclosure are likely to be attributed to situational

factors. Therefore, we expected that automatic communication of emotions would

be experienced as less intimate than user-initiated communication of emotions (Hy-

pothesis 2).

The first experiment tested Hypothesis 1, and shows that increases in the number of

communicated emotions do indeed result in more intimacy. This was true despite

the fact that only two very simple emoticon representations were used. Manipula-

tion checks further confirmed that our experimental manipulations were successful.
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These findings are in line with the findings that increases in emotional self-disclosure

lead to increases in intimacy (Laurenceau et al., 2004; Reis & Shaver, 1988) and are in

line with Walther’s hyperpersonal communication theory (Walther, 1996). Most of all,

these results show the power of sharing emotions mediated by technology for creating

a feeling of intimacy.

The second experiment confirms Hypothesis 2 and shows that automatic emotion

communication results in less intimacy than user-initiated communication. User-

initiated communication is more intimate than automated communication, because

user-initiated communication not only communicates the emotional information,

but also that the sender intends the receiver to have this information. Hence, with

user-initiated communication, the communication is attributed to interpersonal fac-

tors instead of situational factors.

Our results have a few limitations. First of all, we used a sample of undergraduate

students because they are easily accessible and this group is most likely to be the first

to adopt new technologies like the ones investigated here. Thus, it is unclear how

these results translate to older or younger people. Furthermore, we used only two

types of emoticons in our experiments to allow control over the communicated mes-

sages. However, it might be interesting for future research to investigate other types of

emoticons or more extensive sets of emoticons, to see if there are differences in expe-

rienced intimacy with different types of shared emotions. Second, in our experiment

we choose not to differentiate between effects due to sending or receiving emoticons

to create stronger effects. Nonetheless, future research might separate these effects

by allowing participants to only send or only receive emoticons. Finally, we chose a

movie watching setting as this corresponds to a social activity that is often done to-

gether and generates emotions. It offered a relatively controlled and ecologically valid

environment for our investigations. Congruent with diary studies and because of the

large effect sizes we found, we expect these effects can also be found in settings other

than movie watching, although that remains a topic for further research as well.

In this study, we focused on relationship formation. Although our manipulations have

clear effects on relationship formation, it needs to be seen if these findings are also ap-

plicable to relationship maintenance. Congruent with diary studies we would expect

similar effects for relationship maintenance regarding emotion quantity (Laurenceau

et al., 2005). Furthermore, the difference between automatic and user-initiated com-

munication might be less prevalent when the users are very familiar with each other

(i.e., share more common ground), in which case their communications might be as-

sumed to be for interpersonal reasons also when automatically communicated (Reis

et al., 2004). In addition, our results illustrate the effect of full automation versus full
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control, but more subtle distinctions can be made along the control-automation di-

mension (Parasuraman, Sheridan, & Wickens, 2000). Further research should inves-

tigate the effects of the range of semi-automatic modes of communication that lay

between full automation and full user control, on perceived intentionality and inti-

macy.

Implications and applications

We have shown that automated emotion communication could augment intimacy,

but that automation of the communication might limit the benefits of increased emo-

tion communication. On the one hand, benefits of automated emotion communica-

tion include the fact that more emotions can be communicated because of automated

processes. This makes the communication effortless and integrates it with our day-to-

day activities (Markopoulos et al., 2009). It can make the communication technology

more autonomous so that it requires less user input and forms a first step to keep

partners and close friends more emotionally in touch. In turn, increases in emotion

communication will increase intimacy experienced between the communicators and,

subsequently, may improve health and well-being (Cacioppo & Patrick, 2008).

Automated emotion communication can also result in a loss of attributed intention-

ality. This loss of intentionality results in lower feelings of intimacy due to a shift in

attribution of the emotion disclosures from interpersonal factors to situational fac-

tors. Note that this creates a trade off between more emoticons but automatically

communicated, or less emoticons but manually communicated. Therefore, it will be

important for applications using automated emotion communication to incorporate

different levels of automation. For instance, a manual communication mechanism

could be incorporated in addition to the automated communication. Another way of

dealing with this could be to give the user control over when the emotions are com-

municated, while the system detects the emotions and makes suggestions to the user

of when to send them. This implies a certain level of intentionality to the receiver, if

the receiver is aware of this. Hence, making the receiver aware of implied intention-

ality could potentially increase intimacy as well. Also, including a manual response

system for the receiver of the emotions can leverage the power of partner responses.

In sum, there are different possibilities for creating hybrid systems using both auto-

matic and manual communication. Such hybrid affective communication systems

may have a promising future as connectedness devices.

Affective technology could be incorporated in communication applications in many

different ways. First of all, automatically measured emotions can be communicated

as a stand-alone communication tool. This is similar to the way we applied it in our
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studies and can be used as an awareness system. An example of this is the Affective

Diary by (Stahl, Höök, Svensson, Taylor, & Combretto, 2009), when used as a commu-

nication tool. In the Affective Diary, users can track their emotional state throughout

the day with bodily measurements and personal annotations. Such systems have the

advantage that it can be used both synchronously and asynchronously between the

communicators. As this offers novel ways of interaction, it is likely to have a large

impact on intimacy through increases in self-disclosure. Second, affective technol-

ogy can be added to current communication devices, such as a phone, to improve

emotion recognition (Ickes, 1997) and increase intimacy. As humans are not so good

at recognizing others’ emotions, especially in mediated settings with limited infor-

mation (Zaki, Bolger, & Ochsner, 2009), affective communication technologies could

also focus on sharing emoticons to improve emotion recognition. Following the in-

terpersonal process model of intimacy, this likely increases intimacy as it improves

understanding. This topic will be further investigated in Chapter 3.

Conclusion

This research has provided a step in the study of the advantages and disadvantages

of using affective technology in communication devices, namely that the experienced

intimacy of mediated emotion communication increases with the number of shared

emotions and perceived intentions of the sender. These insights can help develop-

ers and practitioners to make a more informed choice between the different effects

affective technologies have to offer. Through well informed design choices, affective

technology can play an important role in the future of connectedness devices and

awareness systems. Once this comes to fruition, affective technology has the power to

enhance our social connectedness and, thereby, improve our health and well-being.
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chapter three

Machines outperform human emotion recognition
through audio, visual, and physiological modalities

Abstract. Over the last decade, an increasing number of studies have focused
on automated recognition of human emotions by machines. However, perfor-
mances of machine emotion recognition studies are difficult to interpret because
benchmarks have not been established. In order to provide such a benchmark,
we compared machine with human emotion recognition. We gathered facial ex-
pressions, speech, and physiological signals were gathered from 17 individuals
expressing 5 different emotional states. Support vector machines achieved an
82% recognition accuracy based on a physiological and facial features. In exper-
iments with 75 humans on the same data, a maximum recognition accuracy of
62.8% was obtained. As machines outperformed humans, automated emotion
recognition is likely to be ready to be put into practice, enabling many new appli-
cations of human computer interaction.

This chapter is (partly) based on:
Janssen, J.H., Tacken, P., de Vries, J.J.G., van den Broek, E.L., Westerink, J.H.D.M., IJsselsteijn, W.A.,
Haselager, W.F.G. (Submitted). Machine beats human emotion recognition through audio, visual, and
physiological modalities.
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3.1 Introduction

Although science has been interested in emotions for a long time (Darwin, 1872; James,

1884), only relatively recently have the engineering and computer sciences developed

an interest in emotion research. This increased interest is often attributed to Picard’s

book Affective Computing (Picard, 1997), in which she baptizes a field that studies

artificial systems that are able to detect and recognize user’s emotions, can appro-

priately express emotions, and may even feel emotions. As a truly interdisciplinary

field, the challenges Affective Computing faces require the integration of work from

many different disciplines (Calvo & D’Mello, 2010; Kappas, 2010). Hence, since the

launch of Picard’s book, there has been work by computer scientists on developing

emotion algorithms (Zeng et al., 2009), by engineers on developing (wearable) sen-

sors (Westerink et al., 2009), and by psychologists on improving methodologies to take

their research out of the lab and into the real life (Wilhelm & Grossman, 2010).

All these efforts are warranted by the seemingly endless possibilities for innovations

and applications of affective technology. From a traditional human-computer inter-

action (HCI) perspective, affective computing examples involve, for instance, com-

puters detecting and adapting to user frustration (Scheirer et al., 2002) to make com-

puter use more pleasant and satisfying (Whang, 2008). Other domains that can ben-

efit from affective technologies include, for instance, cars that could track the driver’s

emotional state. This could improve safety by reducing music volume, activating

the cell phone silencer, or even take over driving functionality in difficult situations

(Healey & Picard, 2005; Katsis, Katertsidis, Ganiatsas, & Fotiadis, 2008). Tutoring sys-

tems could adapt to a student’s affective state to make education more effective (Sar-

rafzadeh et al., 2008). Communication between humans could be improved by adding

affective channels, like physiological signals, which can make the communication

more intimate (Janssen et al., 2010). In another vein, relaxation systems using affec-

tive computing can enable personalized strategies to help people cope with stress.

In this light, music could be selected to relax or energize someone (Janssen et al.,

2011) and movies could be enhanced by using, for instance, affective haptic feedback

(Lemmens et al., 2009). These examples are only a few of the innovations based on

affective computing technology that may be awaiting us.

For all the proposed applications, some form of machine emotion recognition is nec-

essary. This requirement has not gone unnoticed during the last decade, with ma-

chine emotion recognition often being treated as the holy grail of affective computing

(Cowie, 2009; Picard, 2003; Picard & Klein, 2002). A large number of studies have tried

to recognize human emotions from facial expressions, posture, speech, and physio-

logical indices (see the Background section for a review). Despite all these studies and



3.1 Introduction 35

several extensive surveys (Cowie et al., 2001; Van den Broek, Lisý, et al., 2010; Zeng et

al., 2009), researchers seem to agree that automated emotion recognition is not yet

mature enough to be put into practice (Calvo & D’Mello, 2010; Kappas, 2010).

We challenge the claim that the current state-of-the-art of machine emotion recog-

nition is not good enough for practical application. Instead, we suggest that we do

not know if machine emotion is currently sufficiently developed to be put into prac-

tice. There may be several reasons for this. First, we do not know what level of per-

formance is necessary for successful affective computing applications. The precision

and accuracy with which an affective state has to be identified depends on the specific

system or product in which the affective technology is applied. For a music player as

mentioned above, distinguishing between relaxed and energetic (which could be rel-

atively easy to do) can already be useful. However, simply distinguishing relaxed and

energetic states might not be sufficient for affective technology that can train people

in their social interaction (see also Chapter 7 and 8). Hence, as the necessary perfor-

mance depends on the application, applications for which the current state-of-the-art

is sufficient may exist.

Second, interpreting performance of different machine emotion recognition approa-

ches is problematic because there is a lack of real-world testing. Machine emotion

recognition is often tested solely in the lab (e.g., J. Kim & André, 2008; Lisetti & Nasoz,

2004; Zhai & Barreto, 2006). Therefore, it is unclear how these systems perform in

the real world. Real world validation is necessary to see if the system can deal with

complexities apparent outside the lab.

Third, it is difficult to compare different machine emotion recognition approaches be-

cause there is a lack of benchmarks. Benchmarks help in assessing the effectiveness

of different techniques by comparing them on the same data or in the same settings.

Hence, benchmarks could be obtained by either testing different machine emotion

recognition approaches in (the same) practical applications, or by comparing them

against a common standard in emotion recognition. However, most machine emo-

tion recognition approaches test systems that are disconnected from actual applica-

tions (e.g., Picard et al., 2001; Rani, Liu, Sarkar, & Vanman, 2006; Van den Broek, 2010).

In other words, only the emotion recognition component is tested, instead of testing

an entire application in which the emotion recognition component is supposed to

be embedded. Such tests are useful when developing generic emotion recognition

components that can be used in different applications. Furthermore, there are no

common standards against which to compare machine emotion recognition. Such

standards could include datasets or procedures to induce emotions. Therefore, it is

very difficult, if not impossible, to compare different machine emotion recognition
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approaches. As a result, progress in machine emotion recognition is limited.

We propose to use human performance as a starting point for benchmarking machine

emotion recognition. First, humans can recognize emotions and report what they rec-

ognized in an understandable way. Second, other applications of artificial intelligence

(including machine learning) are also benchmarked against human performance; for

instance, playing chess (Hsu, 2002) and recognizing characters (Chellapilla, Larson,

Simard, & Czerwinski, 2005). Third, humans are generally recognized as the most

superior natural systems performing mental tasks (Roth & Dicke, 2005). Moreover,

artificially intelligent applications are traditionally seen as successful if they are able

to beat human performance (Turing, 1950). A recent example of this phenomenon

is Watson, a machine that was able to beat expert humans in a question and answer

game show (Ferucci et al., 2010). Hence, human performance seems like a good start-

ing point as a benchmark for machine emotion recognition. Moreover, it allows for

comparison of different modalities, as humans use both visual and aural modalities

to recognize emotions (Zaki, Weber, Bolger, & Ochsner, 2009).

In the current work, we set out to investigate how well machine emotion recognition

performs by comparing it to human emotion recognition. Furthermore, we inves-

tigate what the relative performances are of emotion recognition based on (combi-

nations of) different sources of emotional information (i.e., modalities). In this way,

we hope to quantify where current state-of-the-art of machine emotion recognition

stands and what fruitful directions for future research and technologies might be.

The rest of this chapter is organized as follows. In the background section, we dis-

cuss how emotions could be measured and automatically recognized by machines.

Furthermore, we review studies that have investigated machine emotion recognition.

Following the background section, we describe how we gathered the data that we

used for our machine learning algorithms and our human benchmark. Thereafter,

we present the human benchmark and its results. This is followed by a section on ma-

chine learning, in which we describe our feature extraction and classification proce-

dures together with the results, and compare them to the human benchmark. Finally,

the findings, limitations, and future directions are discussed.

3.2 Background

Machine learning of affect is essentially a pattern recognition problem. The goal of

pattern recognition is to develop an artificial system that is able to recognize (com-

plex) patterns, in our case emotions, through statistical learning techniques. Machine

emotion recognition follows the typical pattern recognition processing pipeline (see
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Figure 3.1 The pattern recognition processing pipeline, inspired by the work of Meissel (1972).
Signals are collected from sensors and subsequently processed resulting in a pattern space. This
pattern space forms the input for the classification algorithm. The gray box is utilized with su-
pervised classification, as it determines the error and the adaptation of the classification process.
With unsupervised learning the decision algorithm is fixed, as no a priori knowledge is available
on which the error detection can be based.

also Figure 3.1 and Meisel, 1972). First, a signal is captured and, subsequently, pro-

cessed by a physical system (e.g., a webcam, a PC’s audio card, or a physiological

recording device). This system provides us with the raw signals (e.g., an image, audio

track, or physiological signal) on which preprocessing (e.g., noise reduction) and/or

feature extraction (and selection) is applied. This results in a pattern space. The pat-

tern space, which incorporates the selected features, is used for the pattern classifica-

tion process. This classification process can either be the development of the classify-

ing system or the execution of an already developed classifier on a new set of data. In

the former case, the decision rule for the classifier is developed; in the latter case, the

classification process provides a label for a novel signal that was captured. Classify-

ing systems can apply either template matching, syntactic or structural matching, or

statistical classification (e.g., artificial neural networks). In affective computing, the

former two are not or seldom used. Regarding the statistical classification, based on a

label or category to which the measurement space belongs, a classification error can

be determined and the classification process can be adapted (i.e., supervised learn-

ing). This labeled set of data is often denoted as the training data. Statistical pattern

recognition uses input features, a discriminant function (or network function for ar-

tificial neural networks) that takes the input features to recognize the classes, and an

error criterion in its classification process. Figure 3.1 visualizes this machine learning
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pipeline.

Tables 3.2-3.5 review 48 different studies that have employed pattern recognition tech-

niques to classify different emotional states from facial/video, speech/audio, and/or

physiological signals. The machine learning pipeline can be employed for each data

source (i.e., modality) separately or, when the features from all data sources are ex-

tracted, they can be merged into one set. Both approaches are applied frequently.

Tables 3.2-3.5 illustrate both differences and similarities in research on affective com-

puting that utilized distinct modalities. All studies comply with the typical pattern

recognition processing pipeline. However, many differences can be identified be-

tween and within the tables. In the following paragraphs, we will discuss the most

important common characteristics of studies depicted in the tables.

To enable processing of the signals that are expected to reflect emotions, in most cases

comprehensive sets of features have to be identified for each affective signal. To ex-

tract these features, the affective signals are processed in the time (e.g., statistical mo-

ments), frequency (e.g., Fourier), time-frequency (e.g., wavelets), or power domain

(e.g., periodogram and autoregression; Van den Broek, Janssen, Westerink, & Healey,

2009). In Tables 3.2-3.5, we indicated what signals were recorded in the reported stud-

ies and what features were derived from them. Inspecting Tables 3.2-3.5 shows that

the number of features extracted is very different for the different studies. Scheirer

et al. (2002) report the use of only five features and Van den Broek (2011) used only

four features. In contrast, Littlewort, Bartlett, Fasel, Susskind, and Movellan (2006)

report 900 features, Chanel, Kierkels, Soleymani, and Pun (2009) report using more

than 2000 features, and Xiao, Zhao, Zhang, and Shi (2011) even report using 4320

features. Only half of the studies applied feature selection/reduction, where feature

selection/reduction would be advisable in general. Feature selection/reduction iden-

tifies the most important features and discards features that merely generate noise for

the classification systems. The need for feature selection/reduction is lower when a

small set of features is explored.

Not only do the number of features differ considerably between studies, but also the

number of participants ranges from 1 (Busso et al., 2004; Picard et al., 2001) up to

100 or even more (K. H. Kim, Bang, & Kim, 2004; Lien, Kanade, Cohn, & Li, 2000;

Littlewort et al., 2006; Xiao et al., 2011). The number of participants is an important

parameter, as it gives information as to how reliable the findings are when applied to

a larger population. Studies including more than 30 participants are relatively rare,

which makes the results obtained so far difficult to generalize to other populations.

For affective computing, a plethora of classifiers has been used, as illustrated by Ta-

bles 3.2-3.5. Classification in affective computing is hard as the emotion classes used
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are typically ill defined. This lack of definitions makes it difficult to compare studies.

Moreover, the number of emotion categories to be discriminated in the different stud-

ies ranges considerably: from two to four in most studies up to around twelve in oth-

ers (Banse & Scherer, 1996; Gunes & Piccardi, 2009). These are relatively small num-

bers of classes in terms of pattern recognition and machine learning (e.g., compare

this with 26 letters plus ten digits in handwriting recognition). It is notable that the

recognition rates of affective classifications are typically lower than recognition rates

in other classification problems. In affective computing, correct recognition rates of

60%−80% are common (see Tables 3.2-3.5). In contrast, in most other pattern recog-

nition problems, recognition rates of over 90% (and often over 95%) are achieved (Jain,

Duin, & Mao, 2000); for example, multimedia analysis (Jung, Kim, & Jain, 2004), opti-

cal character recognition (OCR; Mori, Suen, & Yamamoto, 1992), handwriting recog-

nition (Lorigo & Govindaraju, 2006), and face recognition (Bowyer, Chang, & Flynn,

2004) all reach recognition accuracies over 90%. The fact that such high recognition

accuracies are not reached in affective computing research illustrates the complex na-

ture of affective computing.

To further review previous work on affective computing, we discuss three modalities

that have frequently been employed for machine emotion recognition: vision/image,

audio/speech, and physiological signals. These three modalities can be used to an-

alyze facial expressions, speech utterances, and physiological processes. In the next

sections we will first discuss each of these three modalities separately. Subsequently,

we will discuss work on the combination of these three modalities.

Vision-based emotion recognition

Vision-based emotion recognition is mostly done based on facial expression analy-

sis. Facial expression analysis is complex, at least in part because physiognomies of

faces vary considerably among individuals due to age, ethnicity, gender, facial hair,

cosmetic products, and occluding objects (e.g., glasses and hair). Furthermore, a face

can appear differently due to pose or lighting changes, or other forms of environmen-

tal noise. For a more elaborate discussion on these issues, we refer to the surveys of

Fasel and Luettin (2003) and Tian, Kanade, and Cohn (2005).

Despite its complexity, emotion recognition based on facial expression remains pop-

ular within the scientific community. This popularity is likely because it is among the

dominant modalities for human emotion recognition, and it can be applied to stim-

uli of different types (e.g., still images and video). Furthermore, Ekman and Friesen’s

FACS (Ekman & Friesen, 1978) provides an excellent set of markers that can be em-

ployed for vision-based emotion recognition. FACS provides a rather solid theoretical
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Table 3.1 Explanations for the abbreviations used in Tables 3.2-3.5.

Abbreviation Explanation

AdaBoost Adaptive Boosting

ANFIS Adaptive-Network-based Fuzzy Inference Systems

ANOVA Analysis of Variance

BN Bayesian Network

C Cardiovascular activity (e.g., ECG and BVP)

CTKF Continuous Time Kalman Filter

DT Decision Ttree

E Electrodermal activity

EMDC A tailored ensemble of binary classifiers

FACS Facial Action Coding System markers

Feats Number of features

GA Genetic Algorithm

GMM Gaussian Mixture Models

GP Gaussian Process classification

GWF Gabor Wavelet Filters

HMM Hidden Markov Models

K* Instance-based classifier, with a distance measure based on entropy

LDA Fisher’s Linear Discriminant Analysis

LRM Linear Regression Model

LPP Locality Preserving Projection

kNN k-Nearest Neighbors

Mo Movement

M Electromyogram

NB Naïve-Bayes

PCA Principal Component Analysis

Pr Pressure

R Respiration

RT Regression Tree

Perf Performance

SBS Sequential Backward Selection

SFS Sequential Forward Selection

Sp Speech

Ss Subjects

SUD Subjective Unit of Distress

SVM Support Vector Machines

T Skin temperature

Vi Vision

VFI Voted Features Interval
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Table 3.2 Review of twelve machine learning studies employing computer vision to recognize
emotions.

References Input Ss Feats Functions Targets Perf

Cottrell & Metcalfe

(1991)

Face 20 4096 NN 8 emotions 20%

Essa & Pentland (1995;

1997)

FACS 8 5 emotions 98%

Yacoob & Davis (1996) Mouth 32 16 7 emotions 65%

Lien et al. (2000) FACS 100 38 LDA, HMM 9 action units 80%

Cohen et al. (2003) Motion

Units

53 12 BN 7 emotions 83%

Zhang & Ji (2005) FACS 24 BN 6 emotions 72%

Pantic & Patras (2006) FACS 19 24 30 action units 87%

Littlewort et al. (2006) Face 100 900 LDA, SVM 7 emotions 93%

Gunes & Piccardi (2007) Head 4 148 BN 6 emotions 75%

Body 140 90%

Head,

body

288 94%

Gunes & Piccardi (2009) Head,

hands,

body

10 172 DT, BN,

SVM, ANN,

AdaBoost

12 emotions 85%

Sanchez et al. (2010) Face 52 84 SVM 6 emotions 95%

Xiao et al. (2011) Face 210 4320 ANN, SVM 6 emotions 97%

Notes. Abbreviations are explained in Table 3.1.

foundation and, consequently, FACS is often used as a basic starting point for facial

expression analysis. Third, vision-based facial analysis is very well possible in con-

trolled conditions. Par excellence, this is illustrated by the inclusion of face recog-

nition in the biometrics portfolio (Van den Broek, 2010). Most affective computing

research is still conducted within a controlled environment (e.g., a laboratory) and,

hence, vision-based emotion recognition can be applied conveniently.

Xiao et al. (2011) showed that thousands of features can be derived from human faces.

These features can be characterized along several dimensions (Fasel & Luettin, 2003).

First, local features versus the face as a whole can be distinguished. In both cases

segmentation of the image is required, often augmented by a priori knowledge of hu-

man observers. Second, deformation analysis versus motion extraction can be dis-

tinguished. With deformation analysis, a neutral image or a face model is compared

with the image of interest. Motion extraction directly compares image sequences with

each other.
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Table 3.3 Review of twelve machine learning studies employing speech to recognize emotions.

Reference Ss Feats Functions Targets Perf

Lieberman & Michaels (1962) 3 10 humans 8 utterances 85%

Banse & Scherer (1996) 12 12 humans 14 emotions 48%

18 LRM, LDA 14 emotions 25%

Nwe et al. (2003) 12 3 humans 6 emotions 66%

64 HMM 78%

Oudeyer (2003) 6 8 humans 5 emotions 77%

4 emotions 89%

200 kNN, DT, ANN,

K*, LRM, SVM,

VFI, DT, NB

4 emotions 96%

Morrison et al. (2007) 11 38 SVM, kNN, ANN,

NB, K*, DT

6 emotions 73%

Scherer et al. (2009) 10 200 kNN 7 emotions 70%

20 humans 85%

Luengo et al. (2010) 10 383 SVM,GMM 7 emotions 78%

Tawari & Trivedi (2010) 10 1054 SVM 7 emotions 83%

4 1054 SVM 3 emotions 88%

Sobol-Shikler & Robinson (2010) 10 173 DT,SVM 8 emotions 75%

Van den Broek et al. (2011) 25 65 LRM SUD scale 83%

Wu et al. (2011) 10 442 SVM 7 emotions 92%

Notes. Abbreviations are explained in Table 3.1.

As is shown in Table 3.2, in practice, the number of features extracted varies consider-

ably: from 16 (Yacoob & Davis, 2006) to 4320 (Xiao et al., 2011). In all studies, except

two, feature selection/reduction was applied. The number of subjects that partici-

pated in the studies also varies considerably, from 4 to 210. In contrast, the number

of emotion classes that are to be discriminated is relatively similar among the studies

(range: 5-8) with only one study that discriminates among 12 emotional states (Gunes

& Piccardi, 2009). The reported recognition rates range from 72% to 98%. The early

work of Cottrell and Metcalfe (1991) is an exception to this, with their 20% correct

classification among 8 emotions (chance level: 12.5%). Taken together, classification

performance varies strongly among different studies.

Audio-based emotion recognition

Audio-based emotion recognition mainly focuses on speech-based emotion recog-

nition. In addition to speech-based emotion recognition, studies have focused on

non-linguistic utterances such as coughing, crying, laughing, and specific utterances
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such as ‘uuuuh’ (Petridis & Pantic, 2011). However, not all of these studies employed

machine learning techniques. Moreover, the specific techniques employed for classi-

fying these non-linguistic utterances results have not been adopted in speech-based

emotion recognition in general.

Similar to vision-based approaches, audio-based emotion recognition suffers from

environmental noise (e.g., from a radio or conversations in the background). Although,

ubiquitous recording of sound could also cancel out some of the noise, such an ap-

proach is challenging. Therefore, similar to vision-based emotion recognition, audio-

based emotion recognition is difficult when conducted outside a controlled setting as

the measured signals contain more noise.

For decades audio-based emotion recognition has been conducted with a limited set

of features (≤ 64), without the use of any feature selection or reduction; see Table

3.3. For representative reviews, we refer to K. R. Scherer (2003) and Ververidis and

Kotropoulos (2006). An earlier review that should be mentioned is that of K. R. Scherer

(1986), in which he discusses 39 earlier studies and 12 emotions and identified 18

features. During the last decade, the number of used features increased. Oudeyer

(2003) used 200 features, which was at that time a huge number. During the last three

years, more often a brute force strategy was employed (Schuller, Batliner, Steidl, &

Seppi, 2011), using hundreds or even thousands of features (Tawari & Trivedi, 2010;

Wu, Falk, & Chan, 2011; see also Table 3.3). In parallel with the increase of the number

of features used, feature selection/reduction strategies started to be applied in order

to overcome overfitting and help selecting the most useful features.

Schuller et al. (2011) present a taxonomy of features for acoustic and linguistic emo-

tion recognition, including intonation (i.e., F0 or pitch), formants, intensity, Cep-

stral coefficients, spectrum, time-frequency transforms, harmonicity, perturbation,

linguistics (e.g., phonemes and words), para-linguistics (e.g., laughter), and disflu-

encies (e.g., pauses). Ayadi, Kamel, and Karray (2011) provide a useful taxonomy as

well, which shows significant resemblance with that of Schuller et al. (2011). These

taxonomies provide a representative sample of features used in audio-based emotion

recognition research, such as those presented in Table 3.3. From each of these fea-

tures a range of parameters can be determined, which make up the complete feature-

parameter space. For an introduction on the speech emotion recognition processing

pipeline, we refer to Ayadi et al. (2011).

It is noteworthy that in several studies professional actors participated who perhaps

expressed emotions in a rather prototypical, not necessarily natural, manner. More-

over, it should also be noted that in speech-based emotion recognition, next to artifi-

cial classifiers, humans sometimes served as classifier. Speech-based human emotion
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Table 3.4 Review of twelve machine learning studies employing different physiological signals
to recognize emotions.

Reference Signals Ss Feats Function Targets Perf

Sinha & Parsons (1996) M 27 18 LDA 2 emotions 86%

Picard et al. (2001) C,E,R,M 1 40 LDA 8 emotions 81%

Scheirer et al. (2002) C,E 36 5 HMM frustration 67%

Kim et al. (2004) C,E,S 175 SVM 3 emotions 73%

Lisetti & Nasoz (2004) C,E,S 29 kNN, LDA,

ANN

6 emotions 86%

Healey & Picard (2005) C,E,R,M 9 22 LDA 3 stress levels 97%

Rani et al. (2006) C,E,S,M,P 15 46 kNN, SVM,

RT, BN

3 emotions 86%

Kim & André (2008) C,E,M,R 3 110 LDA,

EMDC

4 emotions 79%

Katsis et al. (2008) C,E,M,R 10 15 SVM, AN-

FIS

4 affect states 79%

Chanel et al. (2009) C,E,R 11 18 3/2 emotions 66%

EEG 18720 3/2 emotions 73%

C,E,R,EEG 18738 3 emotions 70%

Hosseini et al. (2010) C,E,R 15 38 SVM 2 arousal 77%

EEG 15 21 LDA, SVM 2 arousal 85%

Van den Broek et al.

(2010)

E,M 21 10 kNN, SVM,

ANN

4 emotions 61%

Notes. Abbreviations are explained in Table 3.1.

recognition rates range from 48% to 89% (see also Table 3.3). Machine recognition

rates vary considerably with Banse and Scherer (1996), who report up to 40% correct

classification on 14 emotions, and Wu et al. (2011), who report 92% correct classifica-

tion on seven emotions, and in between the results reported by Schuller et al. (2011)

on the InterSpeech 2009 emotion challenge: 71% (2 classes) and 44% (5 classes).

Physiological emotion recognition

A broad range of physiological signals have been used for emotion recognition; for ex-

ample, cardiovascular activity (i.e., electrocardiogram, ECG and blood volume pulse,

BVP), respiration, electrodermal activity (EDA), skin temperature, and facial muscle

activity (i.e., fEMG), see also Table 3.4. The choice of the physiological signal(s) to be

used depends on both the area of application (e.g., depending on which sensors can

be unobtrusively incorporated in a device) and on the information that needs to be

extracted from them. In addition, a delay between the actual emotional change and



3.2 Background 45

the resulting change in the recorded physiological signal has to be taken into account

(Van den Broek, Janssen, et al., 2009). Moreover, physiological signals differ signifi-

cantly between individuals, which is why personalized approaches have been shown

to provide the best performance (J. Kim & André, 2008). Furthermore, measurements

with physiological sensors can be unreliable due to movement artifacts and differ-

ences in bodily position. More problematic, people’s physiology is influenced by a

variety of factors unrelated to emotions (Cacioppo & Tassinary, 1990), some with an

internal (e.g., cognitive effort) and some with an external origin (e.g., a sound). Nev-

ertheless, physiological recordings are gaining in popularity as the sensors become

more and more sophisticated and their integration in other products can now easily

be realized. Physiological signal recording systems are now integrated in artifacts like

helmets, beds, music players, gaming consoles, or clothes (Amft & Lukowicz, 2009;

M. Chen, Gonzalez, Vasilakos, Cao, & Leung, 2011).

Few reviews have appeared on affective computing using physiological signals for

emotion recognition, in particular when compared with the other modalities. The

low number of reviews also illustrates that research on affective computing using this

modality is rather new. The publication of Picard’s book Affective Computing in 1997

is often considered to be the start of the field of Affective Computing (Picard, 1997). In

1997, audio-based emotion recognition, in particular speech-based emotion recogni-

tion was already employed for decades. Recently, a concise review appeared (Knapp,

Kim, & André, 2011), which briefly wraps up some key notions of physiological sig-

nals in affective computing. They report 92% correct classification rate as best result,

using 4 signals and discriminating between 4 emotions.

Table 3.4 presents a review of key articles in this area of affective computing pub-

lished throughout the last decade. In 2001, Picard et al. (2001) published their pio-

neering study with 81% correct classification on 8 emotions, using linear discriminant

analysis. Their study included multiple physiological signals but only one subject to

which the complete classification processing pipeline was tailored. In the decade that

followed this study, the robustness of classification across participants has been ad-

dressed. J. Kim and André (2008) reported 70% correct classification on 4 emotions

using a generic classifier and 95% correct classification when employing a personal-

ized classifier. Most recent studies address generic classifiers that are applied using

multiple participants; see Table 3.4. Most studies discriminated between 2 to 4 (cat-

egories of) emotions and achieved a correct classification in the range of 60% to over

90%.
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Table 3.5 Review of twelve machine learning studies employing multiple modalities to recog-
nize emotions.

Reference Signals Ss Feats Functions Targets Perf

Tartter (1980) Vi, Sp 6 12 humans 2 emo 71%

De Silva et al. (1997) Vi 2 18 humans 2 emo 75%

Sp 60%

Vi, Sp 6 emo 21%

Chen et al. (1998) Vi 2 15 kNN, GMM 6 emo 69%

Sp 16 75%

Vi, Sp 31 97%

Busso et al. (2004) Vi, Sp 1 15 kNN, SVM 4 emo 89%

Kim et al. (2005) C, E, R, M 3 26 LDA 4 emo 53%

Sp 1280 52%

C, E, R, M, Sp 1306 66%

Kim & André (2006) C, E, R, M, S 3 77 LDA 4 emo 51%

Sp 61 54%

C, E, R, M, S, Sp 138 55%

Kapoor et al. (2007) Mo, Vi, Pre, E 24 14 kNN, SVM,

GP

2 emo 79%

Wang & Guan (2008) Vi, Sp 8 153 GMM,

kNN, ANN,

LDA

6 emo 82%

Chang et al. (2009) C, E, T, Vi 15 ANN 4 emo 95%

Petridis & Pantic (2011) Vi, Sp 15 61 ANN 2 emo 98%

Van den Broek (2011) C, Sp 32 4 ANOVA 6 emo 90%

Notes. Abbreviations are explained in Table 3.1.

Multimodal emotion recognition

As is illustrated in Table 3.5, to our knowledge the three modalities have not been com-

bined for emotion recognition purposes. Vision and audio-based emotion recogni-

tion have been combined several times and even several review papers exist that take

together both modalities, which illustrate their relation (Cowie et al., 2001; Lisetti &

Nasoz, 2004; Pantic et al., 2011; Pantic & Rothkrantz, 2003; Zeng et al., 2009). Nonethe-

less, physiological signals are hardly combined with other modalities. Only two groups

have published on the combination of audio, in both cases it concerned speech, and

physiological signals (J. Kim, André, Rehm, Vogt, & Wagner, 2005; Van den Broek,

2011; see Table 3.5). To our knowledge, only two publications exist on the combi-

nation of vision and physiological signals (Bailenson et al., 2008; Kapoor, Burleson, &

Picard, 2007).
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The papers that do report on multimodal affective computing incorporated few sub-

jects. Exceptions are the works of Kapoor et al. (2007) and Van den Broek (2011) who

included respectively 24 and 32 subjects, which is more in line with the studies on uni-

modal affect recognition (cf. Tables 3.2-3.4). The number of features extracted from

the multiple signals differs significantly, ranging from 4 (Van den Broek, 2011) to more

than 1000 (J. Kim et al., 2005). Surprisingly, the number of features seems to have little

effect on the classification performance. Also, the number of emotions among which

is discriminated is small, ranging from 2 to 6; see Table 3.5. This all suggests that work

on multimodal affective computing is still in a beginning stage.

The classification results on multimodal affective computing are ranging between

21% and 98%. Most studies report recognition accuraries between 50% and 70% cor-

rect classification, which is slightly lower than the unimodal studies (cf. Table 3.5 with

Tables 3.2-3.4). Most studies that do report higher classification rates have some lim-

itations. For example, Petridis and Pantic (2011) report high classification rates, but

they only discriminate between regular speech and laughter. An exception to this is

L. S. Chen, Tao, Huang, Miyasato, and Nakatsu (1998) who report 97% correct classi-

fication among 6 emotion classes, using a combination of speech- and vision-based

emotion recognition.

Conclusion

Despite the large body of work on machine emotion recognition (see Tables 3.2-3.5),

the main conclusion of this review on affective computing has to be that it is very diffi-

cult to compare results of the different studies. This difficulty stems from the fact that

the studies differ in many aspects, including the number of participants and features

used, the type and number of target emotions they try to recognize, and modalities

they use. Therefore, studies with the highest recognition rates do not necessarily em-

ploy the best machine emotion recognition approaches.

Easier comparison between studies could be realized by creating a benchmark. A

benchmark could help by identifying approaches to machine emotion recognition

that work and approaches that do not work well. In turn, this would improve per-

formance over time. Hence, the lack of standards and benchmarks (at least) partly ex-

plains the somewhat disappointing classification performances, when compared to

other application areas of machine learning such as handwriting recognition, speech

recognition, and image classification (in which there are standards and benchmarks).

There, recognition performance shows a recognition rate of more than 90% and most

often over 95%. Based on these results, it seems that we do not yet understand suffi-

ciently how emotion recognition should be tackled.
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Perhaps due to the complexity of unimodal emotion recognition, multimodal expres-

sion of emotions has been hardly touched upon. Few studies employed multimodal

emotion recognition and some of the studies that did employ multimodal emotion

recognition did not focus on a machine learning component (Van den Broek, Schut,

Westerink, & Tuinenbreijer, 2009). For the case of unimodal emotion recognition, ex-

cellent review papers have been published that have drawn some conclusions on the

progress of the field. In contrast, multimodal emotion recognition has not yet re-

ceived similar attention. In order to keep the field of affective computing moving

forward, we stress the importance of benchmarking the techniques employed and

combining multiple modalities. Against this background, this chapter will present a

series of studies that create a fundamental benchmark, a direct comparison between

man and machine using and combining the three modalities of speech, vision, and

physiological signals.

3.3 Data gathering

Stimuli are necessary to test how well humans and machines are able to recognize

emotions. Therefore, the first step of this research was a trial in which we collected

self-reports of experienced emotions, physiological recordings, speech, and facial ex-

pressions from several people in various emotional states. As discussed before, it is

key to generate ecologically valid emotional responses so that our results can be gen-

eralized to situations outside the lab. For this, we employed autobiographical recol-

lection because (i) it is a very strong emotion inducer (Levenson, Carstensen, Friesen,

& Ekman, 1991; Zaki, Weber, et al., 2009; Van den Broek, Van der Sluis, & Dijkstra,

2011), (ii) it is likely to generate more ecologically valid emotional responses com-

pared to acted emotions that are sometimes used for emotion recognition research

(e.g., Picard et al., 2001), and (iii) it involves speech whereas many passive induction

techniques do not involve the participants having to speak (e.g., emotion induction

through the presentation of emotionally charged pictures).

Experimental setup

Participants and Design

Participants were eight women and nine men aged 18 to 26 (M = 21.1), who received

25 Euro for their participation. All participants were undergraduates at a Dutch uni-

versity and were native Dutch speakers. None of the participants reported any cardio-

vascular problems. The within-participant factor Emotion type (Happy, Sad, Angry,

Relaxed, and Neutral) was counterbalanced over the participants.
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Materials

Physiological recordings were done with a Mobi-8 of TMS International. Electroder-

mal activity (EDA) was measured with two Velcro strips with dry electrodes strapped

around the distal phalanx of the index and ring finger of the non-dominant hand. The

EDA signal was sampled at 128 Hz. Skin temperature (ST) was measured with a ther-

mistor strapped with medical adhesive tape to the distal phalanx of the little finger

of the non-dominant hand. The ST signal was sampled at 128 Hz. Respiration was

measured with a gauge band positioned over the clothes around the chest at a sam-

pling frequency of 128 Hz. An electrocardiogram was taken at 1024 Hz using Ag/AgCl

electrodes in the standard Lead-II placement.

Facial expressions were recorded using a Logitec Quickcam webcam at 25 fps with a

resolution of 640 × 480 pixels. The webcam was positioned at the top of the computer

screen that the participants were facing. Audio was recorded using a Sennheiser MZT

100 microphone positioned on the desk the participants were sitting at.

The entire experiment was done on a computer with the participants sitting behind a

desk that held the computer screen, keyboard and mouse, microphone, and webcam.

The experimenter was in a control room next to the room the participants were in.

Procedure

After arriving in the lab, participants signed an informed consent form. In this in-

formed consent, we explicitly told them that their data would not be shown to other

people to make sure this would not limit their emotional expressions. Only at the end

of the experiment did we debrief them about the true intentions we had for using this

data and then we asked them permission to show the recordings we made to other

people. One participant did not consent to this and his data was therefore excluded

from the human emotion recognition experiments described later on.

In the first phase of the experiment, participants were asked to recall two events from

their personal experience that made them feel extremely happy, relaxed, sad, or angry.

They were also asked to recall getting up this morning and going home last evening

to provide two possibly neutral events. Subsequently, they were asked to write one

paragraph about each of the ten events, shortly describing the event and their feelings

during the event. Participants provided a title and rated each event on their own emo-

tional intensity (very weak to very intense), valence (very unpleasant to very pleasant),

and arousal (very relaxed to very aroused) on nine point Likert type scales during the

event. This took 30 to 45 minutes.

In the second phase, the experimenter attached the physiological sensors and checked
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the signals visually. Subsequently, two individual difference measures were adminis-

tered. First, the participant filled out the Berkeley Emotional Expressivity Question-

naire (Cronbach’s α = .88), a 16-item questionnaire assessing emotional expressivity

(Gross & John, 1997). Second, we assessed participants’ cardiac awareness (which is

an objective index of emotional expressivity; Herbert, Pollatos, Flor, Enck, & Schandry,

2010) by having them count their number of heart beats without moving and with

their hands side by side on the desk. Participants counted their heart beats over 25,

35, and 45 seconds without knowing the duration of these periods. Cardiac awareness

was defined as

1

3

∑
(1− (|HBr −HBc |/HBr )) (3.1)

where HBr were the number of recorded heartbeats and HBc were the number of

counted heartbeats. The sum was taken over the three periods of counting. In the

meantime, the experimenter selected one event for each of the five emotion types,

based on the ratings of the participants and their description of the event.

In the third phase, we used autobiographical recollection to induce the five emotions

in the participants. For each of the five emotions, the participants first watched a

five minute aquatic movie to make sure they started each condition in the same neu-

tral state (Piferi et al., 2000). After the baseline video, the participant turned over a

piece of paper with the title of one of the events they described earlier. They were in-

structed to take a minute to recall the events and try to relive their feelings during the

event. When they felt they were ready, they pressed a continue button and described

the event and their feelings during the event in two to three minutes. After each de-

scription they were told to rate their feelings during the event disclosure on emotional

intensity (very weak to very intense), valence (very unpleasant to very pleasant), and

arousal (very relaxed to very aroused) on nine point Likert type scales. Instructions

explicitly stated that they had to rate their feelings during the disclosure of the event

and not during the event itself. This process was repeated for all five emotions.

In the final phase, after all five events were described, participants were presented

with (both audio and video of) each of the recordings we made of their disclosure.

While watching the recording, participants had to continuously rate how they felt

during the recording on a 9 point Likert type scale using the left and right arrow key.

This is a validated method of emotional state assessment (Levenson & Ruef, 1992).

Half of the participants first rated their arousal on all five movies and then their va-

lence, whereas this was done vice versa for the other half of the participants. Valence

and arousal are the two most commonly used dimensions for self-reported emotions
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Figure 3.2 Mean arousal and valence ratings by the disclosers for each of the five emotion types.
Error bars depict +/- 1 SE.

(Lang, Greenwald, Bradley, & Hamm, 1993; Bradley & Lang, 1994).

Results

Duration

Duration of the disclosures of one of the participants was discarded because it was

only 39 seconds. The mean duration of the remaining disclosures was 141 seconds

(SE = 18s). A repeated measures ANOVA (Huyn Feldt corrected to compensate for

violation of the sphericity assumption) showed differences in duration between the

five emotion types (F (4,32) = 4.664, p < .02, η2 = .250). Post hoc comparisons showed

that relaxed (M = 100s) and neutral (M = 85s) emotion disclosures were shorter than

angry (M = 180s) and sad (M = 159s) disclosures (p-values < .05). The duration of

happy disclosures (M = 102s) did not significantly differ from the other durations (all

p-values > .05). Furthermore, the duration of relaxed and neutral and the duration of

angry and sad did not significantly differ (p-values > .10).

Self report ratings

To check if the emotion induction was successful we analyzed the self report ratings

taken directly after each disclosure. Figure 3.2 presents the aggregated self-report rat-

ings of emotional intensity, arousal, and valence, for each of the elicited emotions.
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A repeated measures ANOVA (Huyn Feldt) confirmed effects of Emotion type on Va-

lence (F (3,46) = 24.847, p < .001, η2 = .62), Arousal (F (4,54) = 14.935, p < .001, η2 =
.50), and Emotional Intensity (F (4,60) = 7.975, p < .001, η2 = .35). Pairwise compar-

isons showed that Emotional Intensity was lower in the neutral condition than in all

the other conditions (all p-values < .05), whereas all the other conditions did not sig-

nificantly differ in Emotional Intensity (all p-values > .10). Valence was higher in the

Happy and Relaxed conditions than in all the other conditions (p-values < .05) and

Valence was lower in the Sad and Angry conditions than in the other conditions (p-

values< .05). Happy and Relaxed, and Sad and Angry respectively did not significantly

differ on self-reported Valence (p-values > .05). Arousal was higher in the Angry con-

dition compared to Happy, Relaxed, and Neutral (all p-values < .05) and there was a

trend with Sad (p < .07). Happy and Sad where both higher in Arousal than Neutral

and Relaxed (all p-values < .05) but did not differ from each other (p > .10). Neutral

and Relaxed did not differ in Arousal (p > .10).

As an extra manipulation check, we also analyzed the means of the continuous ratings

while participants reviewed the recordings of their own disclosures. These showed

the same patterns as the overall ratings. A repeated measures ANOVA (Huyn Feldt)

confirmed effects of Emotion type on Valence (F (3,45) = 30.383, p < .001, η2 = .69)

and Arousal (F (4,56) = 8.972, p < .001, η2 = .40). Pairwise comparisons show that

Valence was higher in the Happy (M = 5.8) and Relaxed (M = 5.7) compared to all

other conditions (p-values < .05). Valence was higher in the Neutral (M = 4.0) con-

dition than in the Angry and Sad conditions (p-values < .05). The Angry (M = 2.9)

and Sad (M = 2.2) conditions did not differ in valence (p > .10). Arousal was lower in

the Relaxed (M = 2.6) and Neutral (M = 3.3) conditions compared to all other condi-

tions (p-values < .05). There was trend between Angry (M = 5.1) and Happy (M = 4.3)

showing that Arousal in the Happy condition might be lower than Arousal in the An-

gry condition. Arousal in the Sad (M = 4.6) condition did not differ from the Angry

and Happy conditions.

Individual differences

The results of the Berkeley Emotional Expressivity Questionnaire were calculated by

averaging the positive items with the reverse coded negative items. The resulting ex-

pressivity scores had M = 4.9 and SE = 0.24 (N = 17). Because of the very limited

range of expressivity scores it was not further used to analyze individual differences.

Cardiac awareness was calculated according to specifications given in the Procedure

Section. With one exception score of .20, all the cardiac awareness scores were rela-

tively high (all scores > .60) with M = .76 and SE = 0.05 (N = 16). Again, because of
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this limited range the cardiac awareness was not further used to analyze individual

differences.

Conclusion

The employed emotion elicitation was successful. Participants disclosed around two

minutes per emotion type, which we aimed for. Furthermore, the self-reported va-

lence and arousal were congruent with the disclosed emotion, except for sadness. We

expected sadness to be lower in arousal. The durations of the angry and sad disclo-

sures were slightly larger than those of the other emotion types. Nonetheless, self-

reported emotional intensity showed only a lower intensity for neutral. In sum, all

four emotions were successfully elicited, with sadness being more arousing than was

expected.

3.4 Human benchmark

To test how well humans are able to detect other’s emotions, we ran two experiments

in which humans watched the recordings of the disclosers and rated how they thought

the disclosers felt. In both experiments, we compared all three combinations of the

audio and video modalities (i.e., audio only, video only, and audio plus video) in the

recordings to see how the communication modality influences emotion recognition

performance. To allow for a fair comparison between human emotion recognition

and machine emotion recognition we wanted to take out the semantic information

in the recordings, as our computer algorithms also do not use semantic information

contained in the speech. To that end, in the first experiment, we used participants that

could not understand Dutch, but that did speak a language similar to Dutch so that

the emotional prosody in the language was comparable. Therefore, we used American

participants, as English is related to Dutch and therefore unlikely to contain strong

differences in vocal affect expressions (K. R. Scherer & Zentner, 2001). Furthermore,

we ran a second experiment in which we used Dutch participants, to also test how well

they perform on the emotion recognition task with the semantic information avail-

able in addition to the non-verbal and para-linguistic features.

Non-Dutch Experiment: Experimental setup

Participants and Design

Participants were 22 female and 20 male undergraduates (N = 42) aged between 19

and 23 (M = 20.4) from an American west coast university. None of the participants
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knew any of the participants in the data gathering session and none of them spoke

any Dutch. Participants received course credit for their participation.

Modality (audio / video / audio and video) was administered as a between-participant

condition. Each participant received two blocks of five recordings. In one block they

rated valence and in the other block arousal of the discloser. The order of the blocks

was counterbalanced over the participants. Within each block there was a recording

of each of the five emotion types (happy / relaxed / angry / sad / neutral). The order

of the emotion types within each block was digram balanced (Wagenaar, 1969). For

every participant, each of the ten recordings came from a different discloser.

Materials

Out of the 85 recordings made during the data gathering experiment, we selected a

set of 40 recordings that had a variety of disclosers, relatively similar durations, con-

tained each emotion type equally often, and had self-reported ratings of the discloser

that were congruent with the emotion type. These constraints left 50 recordings from

which we randomly selected a subset of 40. A subset was selected so that we would

have the opportunity to collect multiple datapoints for one video while maintaining

the emotional variety in the data that we gathered. In other words, each video would

be presented to a number of different participants. We tried to select recordings with

similar durations to limit the possible confound of different durations between the

five emotion types.

Procedure

After consent for the experiment was obtained, depending on the condition, partici-

pants were instructed that they would see and/or hear ten recordings of persons talk-

ing about an event from their own lives in Dutch. During the playback, it was the par-

ticipants’ task to pay careful attention to the recording. They also continuously rated

either the valence or the arousal of the person in the recording using keyboard arrow

keys. For the sake of clarity and brevity this data is not further reported. Directly af-

ter each movie we asked the participants to select the emotion that they thought was

expressed in the recording. They could choose from five categories corresponding to

the five categories used for the data gathering: happy, relaxed, sad, angry, and neu-

tral. To make sure the participants did not understand the disclosers and did not use

any semantic information for their judgments, we also asked them to describe what

they thought the discloser was talking about. One participant sometimes understood

what the discloser was talking about and was therefore removed from the sample. The

entire experiment took about 30 minutes.
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Table 3.6 Confusion matrices for human emotion recognition of the American
samples for Audio only. Average correct recognition rate is 22.7%.

Predicted emotion

Disclosed emotion Happy Relaxed Sad Angry Neutral

Happy 25.9% 47.4% 10.4% 15.6% 0.0%

Relaxed 14.1% 25.1% 28.6% 17.6% 14.1%

Sad 24.4% 12.0% 24.4% 9.0% 30.3%

Angry 50.0% 0.0% 0.0% 0.0% 50.0%

Neutral 16.4% 12.8% 20.0% 29.0% 21.8%

Table 3.7 Confusion matrices for human emotion recognition of the American
samples for Video only. Average correct recognition rate is 26.1%.

Predicted emotion

Disclosed emotion Happy Relaxed Sad Angry Neutral

Happy 32.0% 28.2% 0.0% 32.0% 7.7%

Relaxed 28.0% 25.0% 18.5% 12.5% 15.5%

Sad 13.2% 13.2% 34.7% 17.4% 21.6%

Angry 0.0% 16.1% 25.3% 16.1% 41.4%

Neutral 17.4% 17.4% 21.6% 21.6% 21.6%

Results

To assess the emotion recognition performance we compared the emotions selected

by the participants with the disclosed emotions. An ANOVA was run on the average

percentage of correct recognition per participant run with Modality (Video only / Au-

dio only / Video and audio) as between-participant factor. Results did not show a sig-

nificant effect of Modality (F (2,39) = 1.18; p = .32; partial η2 = 0.06). Correct selection

accuracy was 31.0% (SE = 4.7%) in the Video and audio condition, 22.7% (SE = 4.3%)

in the Audio only condition, and 26.1% (SE = 4.5%) in the video only condition.

Confusion matrices can be found in Tables 3.6, 3.7, and 3.8. From those confusion ma-

trices, it can be seen that, in all conditions, Angry had the lowest correct predictions.

In the audio-only condition, angry was mostly confused with happy and neutral. In

the other two conditions, angry was mostly confused neutral and sad. In addition,

happy was mostly confused with relaxed. Relaxed was mostly confused with happy

and sad. Moreover, sad emotions were mostly confused with neutral, and neutral was
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Table 3.8 Confusion matrices for human emotion recognition of the American
samples for Audio and video. Average correct recognition rate is 31.0%.

Predicted emotion

Disclosed emotion Happy Relaxed Sad Angry Neutral

Happy 28.0% 34.4% 9.2% 12.4% 15.6%

Relaxed 28.2% 32.3% 24.1% 8.2% 8.2%

Sad 19.2% 7.9% 31.0% 15.3% 27.1%

Angry 20.5% 10.3% 39.7% 20.5% 10.3%

Neutral 5.9% 11.4% 14.3% 37.4% 31.5%

mostly confused with angry.

We also compared the result of each condition against the 20% a priori probabil-

ity of randomly guessing the correct emotion class using one sample one tailed t-

tests. Recognition in the Video and audio condition is significantly higher than chance

(t (12) = 1.97; p < .05). Recognition in the Video only condition is marginally higher

than chance (t (12) = 1.53; p = .075). Recognition in the Audio only condition was not

significantly higher than chance (p > .20).

Dutch Experiment: Experimental setup

Participants and Design

Participants were 12 female and 15 male undergraduates (N = 27) aged between 19

and 25 (M = 22.3) from a Dutch university. None of the participants knew any of the

participants in the data gathering session and all of them were native Dutch speakers.

Participants received 5 Euro for participation. The materials and procedure were the

same as in the Non-Dutch experiment. Participants were equally divided over the

three modality conditions: video only, audio only, video and audio.

Results

To assess the emotion recognition performance we compared the emotions selected

by the participants with the disclosed emotions. An ANOVA was run on the average

correct percentage per participant with Modality as between-participant factor. Re-

sults showed a significant main effect of Modality (F (2,25) = 8.29; p < .002; partial

η2 = 0.43). Correct selection was highest in the Audio only condition, with an accu-

racy of 58.2% (SE = 4.9%). The correct selection in the Video and audio condition was

47.9% (SE = 4.4%). Correct selection was lowest in the Video only condition, with an
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Table 3.9 Confusion matrices for human emotion recognition of the Dutch par-
ticipants for Audio and video. Average correct recognition rate is 47.9%.

Predicted emotion

Disclosed emotion Happy Relaxed Sad Angry Neutral

Happy 46.7% 33.3% 13.3% 0.0% 6.7%

Relaxed 14.3% 64.3% 0.0% 7.1% 14.3%

Sad 10.0% 0.0% 90.0% 0.0% 0.0%

Angry 16.7% 0.0% 33.3% 25.0% 25.0%

Neutral 7.7% 38.5% 23.1% 7.7% 23.1%

Table 3.10 Confusion matrices for human emotion recognition of the Dutch
participants for Video only. Average correct recognition rate is 35.7%.

Predicted emotion

Disclosed emotion Happy Relaxed Sad Angry Neutral

Happy 39.1% 21.7% 8.7% 4.3% 26.1%

Relaxed 8.7% 34.8% 21.7% 0.0% 34.8%

Sad 0.0% 6.3% 50.0% 12.5% 31.3%

Angry 10.0% 10.0% 40.0% 30.0% 10.0%

Neutral 21.1% 10.5% 15.8% 26.3% 26.3%

accuracy of 35.7% (SE = 5.2%). Pairwise comparisons show a significant effect when

comparing the audio only with the video only condition (p < .006). Marginally signif-

icant effects for the comparison of the Video and audio condition with the Video only

condition (p = .09) and with the Audio only condition (p = .06) were found.

Confusion matrices can be found in Table 3.9, 3.10, 3.11. Across all three conditions

neutral and angry had the lowest prediction rates. Neutral was least often confused

with happy, but was confused with all other emotion classes. Angry was mostly con-

fused with sadness. Happy was mostly confused with relaxed, and relaxed was mostly

confused with neutral.

We also compared the result of each condition against the 20% a priori probability

of randomly guessing the correct emotion class using one sample one tailed t-tests.

Video and audio condition (t (7) = 12.78; p < .001), Video only condition (t (9) = 2.60;

p < .02), and Audio only condition (t (7) = 11.61; p < .001) all result in significant dif-

ferences with 20% a priori probability. Finally, we also compared the Video only con-
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Table 3.11 Confusion matrices for human emotion recognition of the Dutch
participants for Audio only. Average correct recognition rate is 62.8%.

Predicted emotion

Disclosed emotion Happy Relaxed Sad Angry Neutral

Happy 68.4% 15.8% 5.3% 5.3% 5.3%

Relaxed 16.7% 61.1% 5.6% 0.0% 26.7%

Sad 0.0% 0.0% 91.7% 7.1% 0%

Angry 5.9% 0.0% 29.4% 55.6% 5.9%

Neutral 6.7% 6.7% 26.7% 29.4% 33.3%

dition of the Dutch sample with the Video only condition of the Non-Dutch sample,

as these were expected to lead to similar results. As expected, no significant difference

was found on a one sample t-test with a reference value of 26.1% (t (9) = 1.61; p > .10).

Discussion

From the analyses of the Non-Dutch sample it becomes clear that the Audio and video

condition results in the best human emotion recognition performance, followed by

the video-only conditions, and with the worst performance for the audio-only con-

ditions. This makes sense, considering that audio and video together contains the

most information and is also a more common way of emotion communication than

communication through either visual or audio modalities only. Nonetheless, it is also

clear from these findings that the recognition performances are only slightly higher

than random guessing. The Audio-only condition does not even show significant dif-

ferences with random guessing. Hence, this suggests that emotion recognition is a

difficult task when no semantic or context information is present.

In the Dutch sample a different pattern emerges: as expected, the audio is much

more valuable because for this sample it also contains semantic information about

the emotions described by the disclosers. Hence, it makes sense that the Audio-only

condition leads to a much higher performance than the Video-only condition. In-

terestingly, the audio and video condition results in a lower performance than the

audio-only condition. This suggests that more information does not necessarily lead

to a better performance. Instead, it might be the case that participants were less fo-

cused on the speech or were thrown off by a perceived mismatch between the video

and audio channels.

In previous work that compared audio and video recordings of emotions, participants
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spoke the same language as used in the recordings (Zaki, Bolger, & Ochsner, 2009).

Therefore, audio conditions contained not only emotional prosody information but

also semantic information because of what was told in the recording. We removed

the effects of semantic information in the speech by using participants that did not

speak the language used in the recordings. This way, the participants got the emo-

tional information from the speech but not the semantic information of the stories

that were told in the recordings. This allowed for a more direct comparison between

human and machine recognition. Furthermore, it investigated emotional speech in-

dependent of the semantic information, which might, in practice, be more realistic as

people can have emotions while not talking about those emotions but about some-

thing else (e.g., in case they want to hide their emotion). Taking the results of the

Dutch and American samples together, it is seen that the value of the audio channel is

mainly because of its semantic information. However, when audio is purely used for

the emotional prosody, facial expressions are more informative emotion recognition

channels for humans than speech.

There are some limitations to our approach. First of all, differences between the two

samples might also be due to cultural effects. This explanation is unlikely for the

effects of the facial expressions as these tend to be universally the same (Ekman &

Friesen, 1971). Moreover, there have also been researchers that have suggested that

affective speech in related language like Dutch and English is very similar (K. R. Scherer

& Zentner, 2001). In addition, we are unaware of other methods for separating the

emotional prosody of speech from the semantic information. Moreover, this is also

one of the reasons why we added the Dutch sample as an extra comparison group

with machine emotion recognition.

Second, the emotional expressiveness of the participants in the data gathering ses-

sion might have been limited because they were not in a regular social context. When

interacting directly with others, they might show more of their emotions through fa-

cial expressions or speech intonations (Fridlund, 1991; Fischer, Manstead, & Zaalberg,

2004). Moreover, because we used movies, the participant who had to recognize the

emotions could not influence or interact with the recorded persons. This might have

limited their capability of recognizing the emotions. We had, however, two reasons to

take this approach. First, we aimed to create a fair comparison with machine emotion

recognition. Machine emotion recognition is often done in a non-social context with

no interaction between the machine and the human. Moreover, we used a relatively

controlled experimental setup to be able to induce similar emotions in all participants

and to be able to show the same stimuli to participants in different recognition con-

ditions. This is an approach taken by other emotion recognition studies as well (Ickes

& Aronson, 2003; Ickes, 1997; Zaki, Weber, et al., 2009). Finally, video has limitations
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(e.g., in terms of resolution and depth perception) compared to face-to-face interac-

tion, that might have decreased emotion recognition performance. However, we used

video for the human emotion recognition experiments as we aimed to create a fair

comparison with machine emotion recognition, which would also only have video

recordings to recognize emotions from.

Given the limitations discussed above, it is clear that human emotion recognition per-

formance is not very high in absence of semantic or context information. In such

cases, it seems that people make a correct prediction of how someone else is feeling

in less than one third of the cases if they have to select from five emotions. This low

performance shows that the task of emotion recognition solely from facial and vo-

cal expressions is difficult. In situations with semantic information, humans perform

much better. Hence, it might be worthwhile for future studies to include semantic

information (and context) as an important factor for both human and machine emo-

tion recognition. Nonetheless, the resulting recognition accuracy of 62.8% for a five

class problem is still relatively low when comparing it to other tasks in which humans

perform much better. In sum, these findings suggest that emotion recognition is a

difficult problem compared to other pattern recognition domains.

3.5 Machine emotion recognition

In this section, we describe the results of training a machine on the data that we gath-

ered and see how well the trained machine performs on the emotion recognition task.

We extracted features from the video, audio, and physiological modalities as input for

the training from the same dataset as was used to test human emotion recognition.

Subsequently, we let the machine predict the class of emotions from which the fea-

tures were extracted using two different statistical machine learning techniques. We

first describe the method in detail and will then present the classification results.

Method

The machine emotion recognition was investigated using video, audio, and physi-

ological data from the participants in the data gathering experiment to investigate

whether the machine could classify this data into the five classes of emotions induced

in the data gathering session. First, features were extracted for each modality sepa-

rately. Second, for the physiology features baseline correction was applied, as their

baselines can change over time. Third, modalities were fused using feature-level fu-

sion (i.e., by concatenating feature vectors of the different modalities). Fourth, feature



3.5 Machine emotion recognition 61

selection was applied in order to find the most useful features for separating the emo-

tion classes. Finally, classification was done for each modality separately and for every

combination of the three different modalities, using a support vector machine (SVM)

and a multilayer perceptron (MLP).

Feature extraction

For feature extraction, a running window of 10 seconds was used, over which features

were extracted. Each step, the window was shifted 10 seconds, preventing subsequent

time windows from overlapping. A 10-second window was chosen as this relates to the

speed with which emotional expressions can change (Cowie et al., 2001).

Facial expressions were analyzed using the OKAO Vision software package from OM-

RON Corporation (Ahn, Bailenson, Fox, & Jabon, 2010). This software tracks 37 points

on the face, primarily around the mouth and eyes and general features of the head like

mouth and eye openness, and the yaw, pitch, and roll of the head. From the extracted

features, motion features were generated by computing the difference between two

sequential feature values (Fasel & Luettin, 2003). These values were extracted at 15

frames per second and then averaged for every 10 seconds of data. This gave 42 facial

feature values for each ten seconds of data.

Audio was obtained from the recorded videos. For extracting audio features, the soft-

ware PRAAT (Boersma & Weenink, 2011) was used. The features we extracted were

based on features that have often been used in the literature. First of all, we extracted

pitch, which is often referred to as fundamental frequency F0 and represents vocal-

cord vibration as a function of time (Boersma & Weenink, 2011). Pitch can, for exam-

ple, be used to distinguish happiness or sadness from a neutral state (Cowie & Cor-

nelius, 2003). We also extracted intensity, which represents the speech signal inten-

sity in dB (Boersma & Weenink, 2011). Third, formants describe vocal resonances

at specific frequencies in the frequency spectrum. Each formant has its own fre-

quency range. The use of formants has also been found useful for emotion classifi-

cation (Ververidis & Kotropoulos, 2006). Nygaard and Lunders (2002) linked sadness

to increased jitter and shimmer values, which we extracted as well: jitter is a term

for the frequency variability of the pitch signal and shimmer describes the amplitude

variability of the pitch signal (Boersma & Weenink, 2011). The fraction of unvoiced

frames in the pitch signal was also used as a feature value (Busso et al., 2004), in

which each frame has a duration of 0.01 seconds. Finally, we used the degree of voice

breaks, which is the relative duration of breaks between the voiced frames (Boersma

& Weenink, 2011). This resulted in 12 audio features, namely: mean and standard

deviation of pitch, mean and standard deviation of intensity, formants F1 to F4, jit-
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ter, shimmer, the fraction unvoiced frames, and the degree of voice breaks. These are

features that are commonly used in machine emotion recognition studies (Schuller et

al., 2011).

The physiological signals from which features were extracted were electrodermal ac-

tivity (EDA), skin temperature (ST), respiration (RSP), and electrocardiogram (ECG).

EDA and ST were preprocessed with a 0.5 Hz low pass filter and downsampled to 2 Hz.

Subsequently, mean, standard deviation, and slope were calculated over each 10 sec-

ond window. For the EDA signal, we also extracted the number of skin conductance

responses using the SCRGauge algorithm (Boucsein, 1992). The respiration signal was

filtered with a low pass filter (cut-off frequency: 0.5 Hz) before individual breaths were

extracted using a local min/max filter based on the method of Lemire (2006), from

which the respiration rate was derived. From the ECG signal, first the inter-beat in-

tervals (IBIs) were detected using pattern matching. Subsequently, mean, standard

deviation, and root mean squared successive differences were calculated as time do-

main heart rate variability measures (Berntson et al., 1997). The IBIs were also trans-

formed to the frequency domain from which the power in the low frequency (0.05 Hz

- 0.15 Hz), high frequency range (0.15 Hz - 0.40 Hz), and the ratio between low fre-

quency and high frequency power were calculated (Berntson et al., 1997). For these

calculations we used 30-second windows instead of 10-second windows as the lower

frequency components have cycle times over 10 seconds. Thirty seconds is thought to

be the minimum duration to get reliable heart rate variability (HRV) estimates (Porges

et al., 1997). In total we derived 14 physiological features.

This resulted in 715 feature vectors. Of all the feature vectors, 135 (19%) had a happy

class, 110 (15%) had a relaxed class, 179 (25%) had a sad class, 195 (27%) had a angry

class, and 96 (13%) had a neutral class.

Preprocessing and normalization

Baseline correction was applied to physiological signals as physiological baseline val-

ues may change over time (e.g., between the different disclosures we had). During the

data gathering, each emotion recording was preceded by a 5 minute baseline. We ex-

tracted the mean and standard deviation from the last 90 seconds of this baseline pe-

riod, to make sure effects of the previous emotion disclosure were not included in the

baseline values. The features from the subsequent emotion recording were baseline

corrected using a standard z transformation, by subtracting the baseline mean from

each datapoint and dividing each point by the baseline standard deviation (Boucsein,

1992).

Finally, all the features from audio, video, and physiological data were scaled in [−1,1],
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by subtracting the minimum value and dividing by the difference between the max-

imum and minimum value of each feature. This was done to prevent features with

large numeric values from dominating smaller numeric values (C.-C. Chang & Lin,

2011).

Feature selection

Not all features contribute equally to dividing the different emotion classes. In order

to find the features that best separate the five emotion classes, we applied feature

selection. Two feature selection methods were used. The first method was to select

(combinations of) the different modalities by hand. In this case, all features from a

modality were either included or excluded in the classification process. This way, we

compared all different modalities and all combinations of modalities with each other,

leading to seven different combinations.

The second feature selection method was an automated method using a wrapper ap-

proach for finding the best feature subset out of the features of all modalities com-

bined. A wrapper is constructed from a search algorithm for finding the optimal sub-

set and a classification algorithm for evaluating the quality of each subset (Kohavi &

John, 1997). The type of classification algorithms were the same alorithms used in the

final evaluation (see next section). Moreover, as in the final evaluation, the classifica-

tion algorithms employed fivefold cross validation (see next section). The search algo-

rithms that were selected were best first search and genetic search (Russell & Norvig,

1995). In short, best first search adapts the feature set by adding or removing a fea-

ture of the feature set that performed best up to that moment and evaluates the new

set. Genetic search makes random adjustments (mutations) to the feature set, evalu-

ates those adjustments against the non-adjusted set to, and continuous with the best

performing set of features.

Classification

Two classifiers were used: a support vector machine (SVM), with the radial basis func-

tion (RBF) kernel, and a multilayer perceptron (MLP). These two techniques were se-

lected based on their successful application in a wide variety of applications (Bishop,

1995, 2006). Furthermore, as shown in Tables 3.2 to 3.5, they constitute two of the

most popular techniques used for classification of emotions. For the SVM, the LIB-

SVM implementation (C.-C. Chang & Lin, 2011) was used, with parameters cost and

gamma values set to 100 and 0.1 respectively. For the MLP, the WEKA implementa-

tion with its default settings was used (Witten & Frank, 2005). The number of hidden

layers was one. The number of neurons in the hidden layer was determined by round-

ing down the result of (N f +Nc )/2 where N f depicts the number of features and Nc
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Figure 3.3 Recognition accuracy for the different methods of machine learning techniques. The
x-axis depicts the different combinations of features and modalities. The y-axis depicts the recog-
nition accuracy as obtained by using fivefold cross-validation. Bars for the support vector ma-
chine results are black and bars for the multi layer perceptron results are white.

depicts the number of classes. In addition, a sigmoid activation function was used.

Learning rate was set to 0.3, momentum was set to 0.2, and 500 epochs were used for

training.

Cross-validation was done using five folds. Hence, the data was randomly split into

five equally sized parts. Five runs were done and in each run a different part was

selected for testing while the classifier was trained on the data in the other four parts.

Finally, the results of testing recognition accuracies were averaged.

Results and Discussion

We trained the classifiers over the data of all participants, using SVM and MLP clas-

sifiers with fivefold cross-validation. Different feature subsets were selected in two

ways: 1) based on different sets of the modalities (i.e., video, audio, and physiology)

that we used and 2) based on wrapper selection techniques using genetic search, and

best first search. The overall results of the recognition accuracies of all these different

methods are presented in Figure 3.3.

Comparing the different modalities shows that audio alone performs worst with 39%

(SVM) and 37% (MLP) recognition accuracies. Video performs better with 59% (SVM)

and 54% (MLP) recognition accuracies. Combining audio and video features results
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Table 3.12 Classification results by leaving out dif-
ferent physiological sub-modalities using support
vector machines. Leaving out RSP performs the
best whereas leaving out ECG performs the worst.

SC ST RSP ECG Recognition rate

× × × 60%

× × × 78%

× × × 66%

× × × 67%

× × × × 76%

SC: Skin Conductance; ST: Skin temperature;
RSP: Respiration; ECG: Electrocardiogram.

in 65% (SVM) and 54% (MLP) recognition accuracies. Based on the SVM, the physi-

ological features outperform the audio and video features with 76% (SVM) and 53%

(MLP). Combining physiological and audio features results in 72% (SVM) and 56%

(MLP). For the SVM, this is lower than using the physiological features alone, sug-

gesting that the audio features actually introduce noise, making it more difficult to

train the classifier. Combining physiological features with video features shows an in-

crease in recognition performance to 79% (SVM) and 74% (MLP). This indicates that

physiological information has potential for improving machine emotion recognition

of emotion. Moreover, adding speech does not increase the performance. Instead, it

may be worthwhile to think about systems that can combine both physiological and

facial expression information as this yields the highest emotion recognition perfor-

mance.

We further investigated the contribution of different physiological modalities by clas-

sifying emotions using SVMs and selecting specific sets of features of the four physi-

ological modalities. The results of this are depicted in Table 3.12. Classification with

all features gives a classification performance of 76% whereas classification with the

respiration features left out gives a performance of 78%. This suggests that respira-

tion features are the least useful, as including them actually decreases classification

performance. This might be because they are confounded by the speaking of the

participants, which influences the respiration rate. Hence, the respiration features

mainly add more noise to the data. The ECG features contribute the most to the per-

formance. Leaving them out decreases the recognition accuracy to 60%. Leaving out

the skin temperature or the skin conductance features also decreases the recognition

accuracy, but not as much as leaving out the ECG features.
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Table 3.13 The features selected for the best classification perfor-
mance. The features were selected using best first search. Audio fea-
tures were included in the search space but not selected in the best
performing set.

Physiological features Video features

Mean SC Confidence

Number of SC responses Standard deviation of face

Mean ST Right eye ratio

Standard deviation of ST Mouth ratio

Slope ST Yaw

Mean HR Right pupil y-value

LF power HRV Left pupil y-value

HF power HRV Lower lip center y-value

RMSSD HRV Right mouth corner x-value

SDNN HRV Right mouth corner y-value

Left mouth corner x-value

Left mouth corner y-value

Left outer eye corner y-value

Right outer eye corner x-value

Left lower lip y-value

Gaze tilt

Gaze pan

Left eye openness

Mouth openness

SC: Skin Conductance; ST: Skin temperature; HR: Heart rate; HRV:
Heart rate variability; LF: Low frequency (0.05-0.15Hz); HF: High
frequency (0.15Hz-0.40Hz); RMSSD: Root mean squared succes-
sive differences; SDNN: Standard deviation IBI intervals.
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Table 3.14 Confusion matrix for the classification results of the support vec-
tor machine with the best first search, which was the best classification
method with 82% recognition accuracy. Rows depict the emotion predicted
by the computer and columns depict the actual disclosed emotion.

Disclosed emotion

Predicted emotion Happy Relaxed Sad Angry Neutral

Happy 79% 7% 2% 4% 9%

Relaxed 7% 79% 2% 2% 2%

Sad 7% 5% 89% 4% 8%

Angry 6% 7% 4% 87% 10%

Neutral 2% 1% 8% 3% 70%

We also analyzed the results of the second method for feature selection: a wrapper

method with genetic search and best first search. This turned out to lead to a slightly

higher recognition accuracy compared to previous analysis (see Figure 3.3). The best

first search in combination with an SVM led to the highest classification performance

of 82%. The final set of selected features is presented in Table 3.13. A confusion ma-

trix of the resulting classification can be found in Table 3.14. In line with the other

findings, no audio features were selected. Moreover, also no respiration features were

selected. The physiological set consists mostly of cardiac features. This is in line with

the psychological literature that has identified heart rate and heart rate variability as

an important measure of emotions (Berntson, Cacioppo, & Quickley, 1993; Butler,

Wilhelm, & Gross, 2006; Grossman & Taylor, 2007; Kreibig, 2010). The facial feature

set consists mainly of features around the eye and mouth. In sum, the results of both

feature selection techniques we applied are clearly aligned. They both show that au-

dio is the least useful, and that the best performance is obtained when combining

physiological and facial signals. Finally, the SVM outperforms the MLP on all feature

sets. To our knowledge, we are the first to compare all three modalities, so it remains

to be seen how these results generalize to other datasets.

These results illustrate the advantages of combining different modalities for machine

emotion recognition. As expected, machine emotion recognition was better when

combinations of modalities were used. Although we used a controlled laboratory en-

vironment, the benefits of modality fusing might be even more pronounced in real-

world settings. In such contexts, measurements are less reliable and audio or video

signals could be degraded due to sensor or bandwidth limitations making multimodal

verification more important (Van den Broek, Janssen, et al., 2009). Therefore, we think

it may be worthwhile to further investigate multimodal emotion recognition by, for
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instance, comparing different fusion and synchronization techniques.

Another point that could further improve the machine emotion recognition is to in-

clude temporal dynamics in the model (Van den Broek, Janssen, Healey, & Van der

Zwaag, 2010). In our analyses, we have dealt with this by taking short time windows

that are related to the temporal resolution of emotions (Cowie et al., 2001). How-

ever, subsequent time windows are unlikely to be completely independent from each

other. For instance, the law of initial values (Wilder, 1967) suggests that physiologi-

cal changes are based on the current physiological level (e.g., heart rate is more likely

to decrease than increase when it is very high). Moreover, emotions influence longer

term moods. In turn, moods influence emotions. This way, specific emotions can also

have longer term affective influences, and subsequent emotions might be related.

Possible models to account for such temporal relationships are dynamic Bayesian

networks (Bishop, 2006) or time series analyses like autoregressive or moving aver-

age models (Box & Jenkins, 1976).

3.6 General discussion

It was our goal to compare human and machine emotion recognition on the same

dataset using facial expressions, speech, and physiological signals. For this, using au-

tobiographical recollection, we elicited five emotional states in participants while we

recorded their speech, facial expressions, and physiological signals. These recordings

were shown to others who had to estimate which of five emotions had been induced

in the participant in the recording. Subsequently, we used the same data to conduct

machine emotion recognition experiments with different statistical learning meth-

ods. The detailed results have been discussed in the previous sections, so we will limit

ourselves here to the key findings of our studies.

Machines outperform humans

When comparing the results of human and machine emotion recognition studies, we

can see that the machines performed better than humans did. Although we have seen

many studies attempting to train machines to recognize emotions, the recognition

performances of these studies have been difficult to interpret and compare. We show

that machines perform much better than humans in situations where they are given

access to the same signals. Across all modalities and the two samples we used to test

human performance, the machines outperformed the human recognition accuracy.

This provides a way to start interpreting machine emotion recognition performance.
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There are several potential reasons for the fact that the machines outperform human

emotion recognition. First, the machines have different information at their disposi-

tion. Machines have access to physiological signals that humans are not able to per-

ceive (without the use of devices). Moreover, the features extracted from the modal-

ities for the machines might be more useful for emotion recognition than the fea-

tures that humans use. This difference could originate from the fact that machines

have more time to detect the features, whereas humans might have evolved to opti-

mize the speed with which they can detect emotions, as emotions are often used as a

warning system (Damasio, 1994). Furthermore, the machines might outperform hu-

mans because humans are geared to detecting emotions expressed in a social context

(Fridlund, 1991). However, many affective computing applications are done outside a

social context, which led us to use data that was not gathered in a social context. The

machines might be better at handling such data, as they are trained specifically to do

so. Finally, a lack of motivation for accurately recognizing the emotions might have

led the humans to perform less accurately (Ickes, Gesn, & Graham, 2000). In contrast,

for machines a lack of motivation is not an important issue. In sum, machines have

several benefits over humans for recognizing emotions that can explain their perfor-

mance differences.

A few other studies have also made comparisons between human and machine clas-

sification. For instance, Lien et al. (2000) showed that vision based classification is

comparable to the inter rater agreement of two human facial action coding special-

ists. However, they focused on comparisons between computer and human experts

and not on emotion recognition by lay people as we did. In addition, Nwe, Foo, and

Silva (2003) report that machine classification algorithms outperform human classi-

fiers using speech based emotion recognition. However, they relied on an acted emo-

tion corpus and used only three humans for recognition. Although those studies were

different from ours and focused on comparisons of only one modality, their findings

are in line with our results. All in all, this further confirms that machine emotion

recognition outperforms human emotion recognition for various modalities.

Other studies have focused specifically on recognizing human facial expressions. The

studies of Ekman and Friesen (1971) and Ekman and Friesen (1986), in which the au-

thors demonstrate that specific facial expressions can be recognized universally with

very high accuracy, can be considered such an example. This research was, however,

based on very clear static photos, instead of the more ecologically valid, ambiguous,

dynamic disclosure recordings that we used. Other studies that have used record-

ings similar to ours have also shown that humans are far from perfect at recognizing

other’s emotional states (Ickes, 1997; Zaki, Weber, et al., 2009; Zaki, Bolger, & Ochsner,

2008). Hence, those results suggest that emotion recognition is a challenging task for
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humans.

One should note that it is very difficult to create a precise one-to-one comparison be-

tween the human and machine emotion recognition conditions. Differences between

the human and machine recognition are outlined below. First, the human recognizers

did not know the participants in the dataset and did not get the chance to get to know

them. In contrast, the machines were trained to learn to recognize the emotions from

these specific persons. Second, the humans in our experiment have emotion recog-

nition skills that generalize to a larger population than those of the machines that are

specifically tailored to the set of persons used in our experiment. Third, the humans

have had much more time and data to train their skills compared to the machines.

Therefore, in the future, it may be worthwhile to see how our methods and findings

hold for other corpora. All in all, we tried to create ecologically valid conditions to

have a fair comparison between human and machine emotion recognition.

To create a fair comparison, some people who expressed the emotions spoke a dif-

ferent language from the ones that did the emotion recognition. We established this

condition on purpose, as machines cannot easily benefit from understanding the se-

mantics and context of spoken language. Moreover, we want to be able to generalize

our emotion recognition to the many situations in which semantic information from

speech is absent. Therefore, as an extra experimental control, we also included a sec-

ond sample that did speak Dutch. Those participants performed better when they

had the semantic information of the speech, but did still worse than the machine

emotion recognition. Second, we used Dutch disclosers and English recognizers as

Dutch and English are related languages and emotional prosody is similar in those

languages (K. R. Scherer, Banse, & Wallbott, 2001). Hence, a cultural difference in the

interpretation of prosody would have been unlikely. This is also confirmed by similar

recognition performances for the video-only condition between the two samples. Fi-

nally, the three conditions (audio, video, and audio plus video) show the same recog-

nition pattern for the non-Dutch as well as for the machine recognition. This finding

suggests that the two modalities had similar relative value for the humans as for the

machines.

We have explored person-independent classification of emotions instead of person-

specific classification. We choose this approach because it relates to the wide range of

applications in which emotion recognition has to be used without calibration to a spe-

cific user. Moreover, it was in line with the human emotion recognition as the human

recognizers also did not know the disclosers. Nonetheless, we know from psycholog-

ical studies that humans become better at recognizing other’s emotions when they

become more familiar with those (Ickes, 1997). Moreover, machine emotion recog-
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nition studies have confirmed these findings by showing that person-specific models

improve recognition accuracy (J. Kim & André, 2008; Bailenson et al., 2008). Hence, it

might be worthwhile to further investigate the combinations of different modalities,

and compare human and machine recognition in settings where both are allowed to

become familiar with the discloser.

The fact that machine emotion recognition outperformed human emotion recogni-

tion leads to a few interesting points for future research. First of all, it suggests that

the models for machine emotion recognition we currently use are promising for real-

world applications. Although most researchers motivate their research with affective

computing applications, only few researchers actually develop and validate such ap-

plications. Now that we know that machine emotion recognition is at a high level

compared to human performance, we believe that it is important to start transfer-

ring the successful emotion recognition models into applications and see how well

they perform in practice. Moreover, this also includes testing how well the machine

learning algorithms perform out of the lab. Currently, only very few studies are con-

ducted in real-world contexts. However, the real-world contexts contain more noise

than laboratory environments and actual real-world performance is therefore likely to

be lower in practice for the machine emotion recognition. In contrast, humans might

perform better in real-world contexts because in those cases they can directly interact

with the persons they are trying to recognize the emotions from. In sum, real-world

experiments should be conducted to further validate the machine’s performance for

actual applications. The performance of the machine emotion recognition can then

be based on the performance of the application. For instance, a music player aimed to

direct mood could be evaluated against its success in directing mood. A car signaling

stressful moments to the driver could be evaluated based on the number of accidents

that it can avoid.

Humans get a lot of information from context and semantics of speech. Hence, to fur-

ther improve machine emotion recognition performance, it might be worthwhile to

start including semantics and context in emotion recognition models. This could, for

instance, be done by employing speech recognition to analyze the semantic context

of the speech. The potential usefulness of considering the context becomes apparent

when one views emotion detection as a form of abductive reasoning (Peirce, 1933).

Basically, an observer of another person generates a hypothesis to explain all incom-

ing information in the most coherent way possible. Abduction in realistic circum-

stances is a notoriously difficult computational process (Fodor, 1983; Pylyshyn, 1987;

Haselager, 1997). In principle, many different hypotheses can be generated to explain

the behavior (including physiological measurements) of a person, e.g., a specific rais-

ing of an eyebrow could be taken as a simple muscle twitch, a sign of exasperation,
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surprise, or increased attention, etc. Normally, the context can provide cues to direct

the generation of hypotheses (as well as the selection of the best) about what par-

ticular emotion a person is experiencing. Particularly, aspects of the (wider) current

environment, previous interactions, the purpose of the particular meeting, and even

the goals of the observer may help to limit the set of potentially relevant hypotheses.

Considering the importance of context, a useful approach might be to extract emotion

from stimuli that a person encounters (e.g., movies) to better predict how someone

reacts to that stimulus. Similarly, using information about the main purpose of the

interaction with the other person could substantially facilitate emotion recognition.

The reason why you are interacting may help to focus on a subset of emotions and

their intensities, give clues as to what people might try to show or hide, and to know

what kind of cues would be (in)appropriate for the situation. Incorporating these ap-

proaches could further improve machine emotion recognition.

Physiology is a promising modality

Our second key finding is related to the comparison of different modalities. Our re-

sults show that physiological signals are the most useful for recognizing emotions.

Within the physiological modalities, electrocardiogram is the most valuable signal

and respiration is the least valuable signal. Facial expression analysis improves recog-

nition performance when added to the physiological data. This was also confirmed

by automated feature selection, which gave the same results as comparing the modal-

ities one by one. Now that all kinds of wireless unobtrusive physiological sensors are

being developed, this opens up a lot of possibilities for applications that employ phys-

iological signals as their main emotion measure.

The finding that physiological signals are useful for inferring emotions is not surpris-

ing, as there have been many theories on emotion that have emphasized the role of

physiological processes for emotions (James, 1884; Prinz, 2004). The low recogni-

tion performances for speech and facial expressions might be explained by the fact

that our results come from data gathered in a non-social context. In a social context

people might be more expressive and speech and facial expressions might be more

valuable (Bucy & Bradley, 2004; Fridlund, 1991; Fischer et al., 2004). Moreover, when

machines would be able to extract semantic information from speech, the speech sig-

nal would also become more valuable. Nevertheless, there are many applications of

affective computing in non-social contexts and it seems that physiological signals are

at least most valuable there.

Because physiological signals are valuable for machine emotion recognition, these
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signals might also be useful for humans trying to recognize emotions. In the light of

the poor human emotion recognition performance we found in our studies, it may

be worthwhile to look at technologies that could assist humans in recognizing oth-

ers’ emotions (Picard, 2009). Based on the role of physiological signals for machine

performance, it seems that presenting physiological signals as emotional information

about others might benefit humans as well (Janssen et al., 2010). Further research

is necessary to test this idea and answer questions surrounding what information is

most useful, how such information should be presented to the user, and what the

influence is of human learning on the information that someone can extract from

physiological signals (see also Chapter 4). Moreover, a more nuanced distinction be-

tween emotions might be necessary in communication applications. For instance,

distinctions between happy and sad might not be as relevant as distinctions between

frustration, anger, or insecurity (Scheirer et al., 2002).

Conclusion

Comparing machine emotion recognition with human emotion recognition shows

that machine emotion recognition is likely to be mature enough to be incorporated in

applications. Improving the recognition further could potentially be done by incorpo-

rating semantic and context information, as humans also benefit from such informa-

tion. A necessary next step will be to develop applications that employ these emotion

recognition techniques and validate them in the real world. For this, the emotion

recognition techniques must be implemented in real-time, and unobtrusive sensors

are necessary. Our results show that using physiological signals is very promising for

this, especially now that there are increasingly more wireless unobtrusive sensor plat-

forms being developed.

For long, computers have been seen as unempathic artifacts that we, nonetheless,

treat like other humans (Reeves & Nass, 1996). Incorporating machine emotion recog-

nition into computers can help them better understand us and respond more appro-

priately to us. This is likely to improve both current human computer interaction and

enable new applications. An important new application area might turn out to be

mediated human-human interaction. If machines are better at recognizing emotions,

such machines can be employed to assist human-human interaction to improve emo-

tion communication.

Now that our study shows that machine emotion recognition is quite far developed

already, it becomes increasingly important to identify what applications can bene-

fit from such technology and what applications cannot benefit from it. Application
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domains for which machine emotion recognition can be useful include games, me-

dia and entertainment, (mediated) human communication, relaxation devices, trans-

port, education, and augmented decision making, among others. Subsequently, it can

be investigated what the benefits and costs are of incorporating affective technologies

into these application areas. In the end, we foresee a future in which machines can

be emotionally in touch with us, improving existing user experiences and opening up

opportunities for a myriad of new technologies and tools that can dramatically im-

prove our happiness, health, and well-being.



chapter four

The tell-tale heart: Perceived emotional intensity of
heartbeats

Abstract. Heartbeats are strongly related to emotions, and people are known to
interpret their own heartbeat as emotional information. To explore how people
interpret other’s cardiac activity, we conducted four experiments. In the first ex-
periment, we aurally present ten different levels of heart rate to participants and
compare emotional intensity ratings. In the second experiment, we compare the
effects of nine levels of heart rate variability around 0.10 Hz and 0.30 Hz on emo-
tional intensity ratings. In the third experiment, we combine manipulations of
heart rate and heart rate variability to compare their effects. Finally, in the fourth
experiment, we compare effects of heart rate to effects of angry versus neutral fa-
cial expressions, again on emotional intensity ratings. Overall, results show that
people relate increases in heart rate to increases in emotional intensity. These ef-
fects were similar to effects of the facial expressions. This shows possibilities for
using human interpretations of heart rate in communication applications.

This chapter is (partly) based on:
Janssen, J.H., IJsselsteijn, W.A., Westerink, J.H.D.M., Tacken, P., & de Vries, J.J.G. (2012). The tell-tale
heart: Perceived emotional intensity of heartbeats. International Journal of Synthetic Emotions. In
press.
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4.1 Introduction

Perceiving someone’s heartbeat can be a powerful experience. One would normally

perceive only one’s own heartbeat, or the heartbeat of someone (physically) very close,

by putting one’s ear the other person’s chest. This is clearly an intimate experience.

Also, heartbeats are used in different media. For instance, in movies, playing the

sound of the heartbeat of a character can enhance the excitement or tension in the

movie. Similar effects are sometimes used in games by giving, for instance, haptic

feedback through a game controller at the rhythm of a heartbeat (e.g., in Metal Gear

Solid). Furthermore, J. Werner, Wettach, and Hornecker (2008) showed that feeling

someone else’s heartbeat is a very intimate experience (see also Chapter 5). This sug-

gests that perceiving someone else’s heartbeat can create strong social experiences.

Perceiving another person’s heartbeats might create a strong social experience be-

cause heartbeats are strongly related to emotions (Kreibig, 2010), and emotions are

an important component of many social interactions (e.g., Frijda & Mesquita, 1994;

Keltner & Haidt, 1999; Keltner & Kring, 1998). To give a few examples, emotional dis-

plays promote trust and reconciliation (Keltner, 1995), facilitate attachment (Bowlby,

1969), and elicit social contact (Schachter, 1959). Emotions also help to create com-

mon ground in social interactions by eliciting expressed emotions in a perceiver of

those emotions (Hatfield et al., 1994; Shortt & Pennebaker, 1992). Furthermore, emo-

tions have the property that they elicit the sharing of emotions (Rimé, 2009). Hence,

emotions propagate through social networks (Rimé et al., 1992), which can be useful

for, for instance, obtaining help, support, or advice, arousing empathy, gaining atten-

tion, receiving comfort, or letting off steam (Rimé, 2007). Hence, emotions are at the

core of many social and intimate interactions.

The relation between emotion and heart rate (HR) and heart rate variability (HRV)

has been widely investigated. In fact, HR is the most often adopted physiological

measure of emotion (Kreibig, 2010). After a review of 134 studies, Kreibig (2010) con-

cluded that HR increases with both negative and positive emotions (e.g., Hess, Kap-

pas, McHugo, Lanzetta, & Kleck, 1992; Adsett, Schottstaedt, & Wolf, 1962; Khalfa, Roy,

Rainville, Dalla Bella, & Peretz, 2008; Gehricke & Fridlund, 2002; Boiten, 1996; Tugade

& Fredrickson, 2004; Robin, Alaoui-Ismaili, Dittmar, & Vernet-Maury, 1998; Murakami

& Ohira, 2007). This can be explained by the fact that emotions trigger a behavioral

reaction (sometimes called a fight-or-flight response; Cannon, 1927), which requires

increased blood flow to the muscles. A few exceptions included emotions comprising

an element of passivity (e.g., contentment, non-crying sadness, affection), which may

result in decreases in HR (e.g., Christie & Friedman, 2004; Hess et al., 1992; Nyklícek,

Thayer, & Van Doornen, 1997) as they do not trigger a behavioral reaction.
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Beside HR, HRV has also been shown to relate to emotions. HRV is often separated

into low frequency HRV (LF; 0.05 - 0.15 Hz) and high frequency HRV (HF; 0.15 - 0.40

Hz; Berntson et al., 1997). The LF component is mostly related to activity of sympa-

thetic branches of the nervous system (Malik et al., 1996). As shown by Kreibig (2010),

the LF component has not been consistently associated with emotions. In contrast,

the HF component has been related to emotions. The HF component is mostly related

to vagal tone (or parasympathetic activity) and is also referred to as respiratory sinus

arrhtymia (RSA; Grossman & Taylor, 2007). Higher levels of tonic HF HRV have been

associated with higher emotional reactivity (Butler et al., 2006; Beauchaine, 2001).

Moreover, more acute HF HRV decreases are likely to be due to increases in emo-

tion regulation with a fight-or-flight activation pattern, which involves vagal with-

drawal and increased sympathetic activation (Butler et al., 2006; Porges, 1995). In

other words, HF HRV decreases can signal a change due to a stressor or emotional

stimulus (Beauchaine, 2001). Hence, the HF component of HRV is associated with

emotional reactivity and regulation.

People are likely to be able to interpret the HR of others. Evidence for this comes from

Valins (1966), who gave participants false feedback on their own heart rate. His re-

sults showed that false HR feedback influenced participants’ perceptions of their own

emotional state. In Valins’ view, the perception of a heightened HR triggers a cognitive

process that tells the perceiver that an emotional process is going on. Several other

researchers have repeated and confirmed Valins’ findings under different conditions

(Detweiler & Zanna, 1976; Goldstein, Fink, & Mettee, 1972). Although there are dis-

cussions about the exact processes underlying the effects found in Valins’ study (see

Parkinson (1985) for a discussion), it is clear that people do relate cardiac activity to

emotions.

The interpretation of someone else’s heartbeat could be based on cultural notions of

the relation between heartbeat and emotions. Often, increases in HR are associated

with increased emotional intensity. This is illustrated by sayings such as “his heart

was racing”, when someone is feeling nervous. Another example is “his heart was

pounding when he saw the girl”, which relates an increase in HR to a special feeling

the person has for the girl. This shows that there are cultural notions relating increases

in HR to increases in emotional intensity.

The interpretation of someone else’s heartbeat could also be based on the relation be-

tween our own bodily cardiac activity and accompanying emotional experiences. This

is because our experiences are often grounded in our bodies (Barsalou, 1999). Sup-

port for this comes from many different examples (see Niedenthal, Barsalou, Krauth-

Gruber, & Ric, 2005 for an overview). For instance, Wells and Petty (1980) showed that
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head nodding while hearing a message leads to more positive attitudes to that mes-

sage. Furthermore, Cacioppo, Priester, and Berntson (1993) showed that arm flexion

(associated with approach) led to more positive evaluation of novel symbols than arm

extension (associated with avoidance). Strack, Martin, and Stepper (1988) induced

smiles by giving participants a pen to hold in their mouth. Participants that were

smiling more judged cartoons to be funnier. These are just a few examples that illus-

trate the influence of embodiment on our behavior and experiences. This is in line

with the James-Lange theory of emotion (James, 1884), which posits that emotions

are self-perceptions of bodily responses. In that light, we know that awareness of our

own heartbeat has a strong influence on our emotional experience (Hantas, Katkin,

& Blascovich, 1982; Herbert et al., 2010; Ferguson & Katkin, 1996). For instance, bet-

ter heartbeat perception, or cardiac awareness, has been associated with improved

memory of emotional experiences (N. S. Werner, Peres, Duschek, & Schandry, 2010).

Moreover, heartbeat perception has been related to neurological activity while pro-

cessing emotional stimuli (Pollatos, Kirsch, & Schandry, 2005; Critchley, Wiens, Roth-

stein, Ohman, & Dolan, 2004). Therefore, one possible way of interpreting someone

else’s heartbeat might be by grounding it in the perception of one’s own body. This

way, people might be able to associate another person’s HR and HRV to their own

emotions.

Note that the bodily and cultural interpretations presented above are not mutually

exclusive and could both contribute to the interpretation of heartbeats. Moreover, it

might be difficult to separate them because they both suggest that increases in HR

lead to increases in emotional intensity (i.e., they make similar predictions on how

people would interpret heartbeat stimuli). Nonetheless, it is so far unclear how people

interpret other’s heartbeats. Investigating how people interpret heartbeats might give

insights in the processes underlying heartbeat perception. For instance, by showing

that heartbeat interpretation is not in line with heartbeat changes due to emotions,

the involvement of bodily processes becomes unlikely. Furthermore, by investigat-

ing interpersonal HR interpretations, the potential for enhanced emotion recognition

based on heartbeat communication systems can be investigated. Such communi-

cation systems can enhance communication of emotions and thereby bring people

closer together (Laurenceau et al., 1998). Finally, different media that use heartbeat

stimuli can be better informed on how to design such stimuli.

To explore how people interpret other’s cardiac activity, we conducted four experi-

ments. In line with the actual relation between emotions and HR, we expected that

increases in HR would lead to increases in rated emotional intensity. This hypothe-

sis is tested in Experiment 1, where we compare ten different HR levels and measure

ratings of emotional intensity about the person whose heartbeat is portrayed. This
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way, we can see how people interpret different HRs. Furthermore, in line with the re-

lation between emotions and HRV, we expected that higher levels of HF HRV lead to

lower perceived emotional intensity. Additionally, we expected that LF HRV did not

relate to rated emotional intensity. This is tested in the second experiment, in which

we compare nine different HRV levels, keeping HR constant. In addition, we expected

that HRV might interact with HR, as their effects are related: decreases in HR and in-

creases in HRV are related to lower emotional intensity. To investigate this, in the third

experiment, we combine HR (2 levels) and HRV (4 levels) manipulations to explicitly

compare their effects. Finally, in the fourth experiment, we compare the effects of

HR with that of the interpretation of facial expressions, as facial expressions are often

used to signal emotions in communicative contexts (Ekman, 1992b; Izard, 1971).

In all these experiments, we focus specifically on perceived emotional intensity and

not on specific emotions or valence. The most important reason for this is that HR

and HRV are both unrelated to specific emotions. Instead, they change with increased

emotional activity of a wide range of emotions (Kreibig, 2010; Butler et al., 2006).

Therefore, emotional intensity could possibly better capture the interpretation of HR

and HRV than other dependent measures like valence or the presence of specific emo-

tions.

4.2 Experiment 1: Heart rate

Method

Participants and design

Participants were 16 male and 8 female undergraduate students aged 18 to 24 (M =

21.1, SD = 1.6). All participants signed an informed consent and received 5 Euro as a

compensation for their time.

Heart rate feedback was manipulated within-participant with 10 levels: 40 bpm, 50

bpm, 55 bpm, 60 bpm, 65 bpm, 70 bpm, 75 bpm, 80 bpm, 85 bpm, and 90 bpm. We

took this range because it is in line with actual resting HR when seated. Moreover,

a pilot experiment showed that above 90 bpm differences of 5bpm become hard to

notice. Each participant received every HR condition five times, which resulted in 50

trials. The order of the 50 trials was randomized over participants.

Heartbeat stimuli

Heartbeat stimuli were based on the sound of one heartbeat, similar to the sound per-

ceived through a stethoscope and sometimes heard in games and movies. This heart-

beat sound had a duration of 0.50 s. A thirty second heartbeat stimulus consisted of
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concatenated heartbeat sounds, with different durations between the beats which re-

sulted in different HRs. To create some realistic variability in the heart rate, we added

a variation around 0.10 Hz ( f0) and around 0.30 Hz ( f1). These frequencies are the two

main frequencies that generate HRV (Malik et al., 1996). Thus, a signal generated of

the form

si n(
2πtr

60
)+w0si n(2πt f0)+w1si n(2πt f1) (4.1)

with t being the time in s, r the HR in bpm, f0 and f1 the two frequencies, and w0 and

w1 two weights to scale the influence of the two variability frequencies. The inter beat

intervals (IBIs) were calculated by taking the peaks of the signal. At these moments,

the heartbeat sound was presented. The weights were set so that the resulting vari-

ability matched an ecologically valid heartbeat. This led to w0 = 3 and w1 = 1, which

gives an SDNN (i.e., the standard deviation of the IBIs) of 44.1 ms and an RMSSD (i.e.,

the root mean square of successive differences in the IBIs) of 32.0 ms at an average

interbeat interval of 882 ms. SDNN and RMSSD are common measures of time do-

main HRV; see Malik et al. (1996) for more information. These values were in line with

Pitzalis et al. (1996), who investigated reproducibility of HRV over time.

Emotional intensity ratings

Emotional intensity was rated on a horizontal Visual Analogue Scale (VAS) ranging

from “Very low emotional intensity”to “Very high emotional intensity” via “Neutral”.

The scale had a width of 30 cm. Participants could mark their rating by clicking with

the mouse on the scale. The participant could then either change the position of the

mark by clicking another point on the scale, or click a continue button to finalize the

rating. The clicked point was saved in a range from 1 to 1000 with a resolution of 1.

Procedure

Upon arrival, each participant signed an informed consent form and sat down be-

hind a desk holding a desktop computer and monitor, keyboard, mouse, and head-

phones. Subsequently, the experimenter started the experiment, told the participant

to put on the headphones, and left the room. Participants received instructions on

the screen that they would hear different heartbeat recordings from different persons.

The recordings were said to be made when the persons were in different emotional

states while seated. The participants were told that they would hear 50 of these 30

second heartbeat recordings and that after each recording they should indicate the

emotional intensity they thought the recorded person was experiencing. Pressing a

continue button would result in proceeding to the next recording.
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After instructions, participants were told a practice trial started to clarify the task. The

practice trial consisted of a regular trial with a 70 bpm heart rate. At the end of the

practice trial, participants were instructed that the actual experiment would start with

the next trial and that if they had any questions regarding the experimental procedure

they should indicate this to the experimenter now. None of the participants indicated

to have questions about the experiment at this time. The rest of the procedure con-

sisted of the 50 trials of playing heartbeat recordings and rating the emotional inten-

sity afterwards. The entire experiment took about 35 minutes per participant.

Data analysis

To maximally leverage the power of the repeated measurements in our data we used

hierarchical linear models (or mixed models) for analyses. Hierarchical linear mod-

els allow for multiple stochastic components at multiple levels whereas traditional

regression analyses only contain a single stochastic component (i.e., the error term;

Snijders & Bosker, 1999). This way, variability at different levels in the data can be ex-

plicitly modeled and investigated. In our data, at one level we have the individual par-

ticipants and at a second level we have ratings within each participant. Models were

fit using the lmer() function in the lme4 package in R using restricted maximum like-

lihood. Following Gelman and Hill (2006), we fitted increasingly complex models and

compared them using the Akaike information criterion (AIC) and Bayesian informa-

tion criterion (BIC). When those did not lead to a consistent conclusion, chi-square

tests of the maximum likelihood deviance scores were conducted. This allowed us to

find the most parsimonious model with a good fit to the data. Finding this model was

followed with detailed parameter inspections.

Results

The results of the different models that were fitted are summarized in Table 4.1. First,

data were centered around a HR of 75 (i.e., the intercept indicates the rating for a HR

of 75). We started by fitting the random intercept model (i.e., model A) to be able to

compare more complex models to this model. This model contained only an average

rating per participant, and a grand mean (i.e., the fixed intercept). The resulting pa-

rameters of this model can be found in Table 4.1. Subsequently, we added HR r as

a level 1 fixed and random effect (model B). In other words, model B contained the

intercepts of model A, but also included parameters for a linear relationship between

HR and rated emotional intensity. This improved the fit (both AIC and BIC). To see if

we could further improve the model we added quadratic r 2 and cubic r 3 HR predic-

tors in model C and D. The quadratic predictors improved the fit, but cubic predictors
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Table 4.1 Parameter values for the models fitted based on the data
obtained in Experiment 1. HR r was centered around 75. 1320 data
points were measured from 24 participants.

Type A B C D E

Fixed effects

Intercept 478.0 539.0 528.4 528.0 550.0

r 11.3 11.9 11.8 12.6

r 2 0.05 0.05

r 3 0.00

Random effects

Intercept 1511 3220 5546 6795 5853

r 26.4 16.6 31.0 16.9

r 2 0.011 0.030 0.013

r 3 0.000

Residual (·102) 597.3 173.1 163.8 160.8 163.8

pars 3 6 10 15 9

AIC (·102) 182.8 167.6 167.1 167.2 167.1

BIC (·102) 183.0 167.9 167.7 167.9 167.6

L -9138 -8372 -8347 -8343 -8346

Notes. r = heartrate; pars = Number of parameters in the model;
AIC = Akaike information criterion; BIC = Bayesian information
criterion; L = log likelihood.

did not further improve the fit as both the AIC and the BIC were higher for model D

than for model C. Therefore, we continued the analysis based on the quadratic model

and discarded the cubic model. The fixed effects show similar intercept and linear

parameters for model B and C.

The quadratic parameter in Model C is close to zero, suggesting that it might not be

necessary to include the fixed quadratic effect in the model. To test this, we fitted

another model (model E), which contained the same random effects as model C, but

did not include the quadratic fixed effect. This resulted in the best fit, with both the

BIC being lower than model C and the AIC being the same for both models. This

showed that the effect of HR over all individuals is mostly linear. However, as allow-

ing a quadratic component to differ between individuals led to a better fit, there are

likely to be individuals in our sample for whom there was a quadratic relationship be-

tween HR and emotional intensity. In Figure 4.1, we plotted the fixed effects model

and the fit based on model E for each individual. This shows that three individuals
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Figure 4.1 Fixed and random effects of the relationship between heart rate and emotional inten-
sity. The fixed effects model is plotted in black. The grey lines depict the fits for the individual
participants.

rated emotional intensity as higher not only for the higher heart rates but also for the

lower heart rates (i.e., r < 60). Furthermore, fixed effects over all participants show a

linear increase with increases in HR.

Discussion

We compared perceived emotional intensity of heartbeats at different heart rates (from

40 bpm to 90 bpm). The results suggest that HR increases relate linearly to perceived

emotional intensity, especially in the range from 60 to 90 bpm. In the range from 40

bpm to 50 bpm, some people might associate these with higher intensity than those

around 60 bpm. This is likely to be the case because they differed from a normal

range. Most people do not have heart rates that are lower than 50 bpm (Malik et al.,

1996). Therefore, the participants might have had difficulty judging the 40 bpm heart-

beat, as something abnormal might have been going on with the person’s heartbeat.
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Therefore, a few people might have rated the lower heartbeat as more emotional.

For most people a linearly increasing relationship between HR and emotional inten-

sity was found. This is compatible with a recent review (Kreibig, 2010) that shows

that HR increases when experiencing emotions. In the review, this was the case for

almost all emotions, except for a few emotions that contained an element of passiv-

ity: e.g., non-crying sadness, affection, contentment, visual anticipatory pleasure, and

suspense (Kreibig, 2010). Therefore, it makes sense that people relate increases in HR

to increases in emotional intensity.

4.3 Experiment 2: Heart rate variability

HR is not the only cardiac parameter that has been related to emotional activity, as

HRV is also related to emotional responding (Beauchaine, 2001). HF HRV decreases

can signal a change due to a stressor or emotional stimulus that triggers a fight-or-

flight response (Beauchaine, 2001; Porges, 2001). Therefore, in this experiment, we

explored how people rate the emotional intensity of a person when hearing variations

in HRV. We tested both the influence of variability around 0.10 Hz (LF HRV) and 0.30

Hz (HF HRV). Variability around 0.30 Hz has most often been associated with emo-

tional changes (Butler et al., 2006). Therefore, we expected this would have a larger

influence on perceived emotional intensity than HRV around 0.10 Hz.

Experimental setup

Participants and design

Participants were 12 male and 12 female undergraduate students aged 18 to 23 (M =
20.9, SD = 1.4). All participants signed an informed consent and received 5 Euro as a

compensation for their time.

Heart rate variability was manipulated by changing the weights w0 and w1 of equation

4.1. This way, we could change the level of variability around 0.10 Hz and 0.30 Hz

independent of each other. We created three levels of variability for each frequency

by taking the weights used in Experiment 1 as the medium level. Subsequently, we

created a level with lower variability by setting the weight to zero, and a level with

higher variability by doubling the weight of Experiment 1. This resulted in 3×3 levels

of variability that were tested. All levels were presented with a HR of 70 bpm. Resulting

HRV values of RMSSD and SDNN are presented in Table 4.2. Each level of variability

was presented five times, resulting in 45 different trials. The order of the trials was

randomized over participants.
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Table 4.2 RMSSD and SDNN values (in s) of the different weight settings used to manipulate
HRV in experiment 2 and 3.

w0 0 0 0 1 1 1 2 2 2

w1 0 3 9 0 3 9 0 3 9

RMSSD 0.000 0.007 0.016 0.035 0.032 0.060 0.061 0.068 0.119

SDNN 0.000 0.015 0.050 0.040 0.044 0.367 0.083 0.088 0.394

Notes. HRV: Heart rate variability; RMSSD: Root mean squared successive differences;
SDNN: Standard deviation of interbeat intervals; w0: weight of 0.10 Hz frequency compo-
nent; w1: weight of 0.30 Hz frequency component.

Materials and procedure

The same materials and procedure were used as in Experiment 1. The only difference

was that HRV was manipulated instead of HR.

Results

Analysis of the results was done by fitting different, increasingly complex, models to

the data and exploring their fits as in Experiment 1. The results of these fits, and the

parameters of the resulting models, are presented in Table 4.3. Both weights w0 and

w1 were factorized as we did not know how the levels would be related (e.g., whether

or not they show a transitive relation). Therefore, two variables were created for each

weight: one where the medium level was coded as one and the other levels as zero

(depicted by parameters named w0,1 and w1,3) and one where the highest level was

coded as one and the others as zero (depicted by parameters named w0,2 and w1,9).

We started by comparing the random intercept model (Model A) with a model that

contained fixed and random effects for the differences in variability around 0.10 hz

(w0,1 and w0,2; Model B). In other words, the value of w0,1 depicts the change in rat-

ing from no variability to variability generated by weight w0 set to 1. Additionally, w0,2

depicts the change in rating from no variability to variability generated by weight w0

set to 2. Adding effects for these parameters improved the fit (see Table 4.3 for the re-

sulting parameter values). However, the resulting parameters for the two fixed effects

were relatively close to zero. Therefore, we excluded the fixed effects from the model

which resulted in a better fit (AIC value Model C). Hence, there was no population ef-

fect of the variability around 0.10 Hz but there were significant differences among the

different participants, judging from the relatively high values of the random effects

parameters.
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Table 4.3 Parameter values for the models fitted based on the data obtained in ex-
periment 2. 1080 data points were measured from 24 participants. Random effects
variances were divided by 100 for readability.

Effects A B C D E F G

Fixed

Intercept 497.1 495.9 496.8 476.5 490.69 476.3 477.6

w0,1 4.773

w0,2 -1.32

w1,3 28.5 28.2 25.9

w1,9 33.3 33.4 30.4

Random

Intercept 34.2 48.9 47.9 45.7 46.7 129.0 82.2

w0,1 64.8 61.7 66.1 39.6

w0,2 145.3 138.4 145.2 124.3

w1,3 2.0 8.2 4.7 29.7

w1,9 187.3 189.7 185.2 40.3

w0,1 ×w1,3 61.3

w0,2 ×w1,3 93.2

w0,1 ×w1,9 365.3

w0,2 ×w1,9 432.4

Residual 232.1 207.7 207.5 192.6 192.7 165.6 138.4

pars 3 10 8 10 8 19 49

AIC (·102) 146.2 145.4 145.3 144.6 144.8 143.3 142.6

BIC (·102) 146.3 145.8 145.8 145.1 145.2 144.3 145.0

L -7304 -7257 -7264 -7221 -7232 -7148 -7079

Notes. pars = Number of parameters in the model; AIC = Akaike information
criterion; BIC = Bayesian information criterion; L = log likelihood.
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We also compared the random intercept model (Model A) with a model that contained

fixed and random effects for the differences in variability around 0.30 Hz (Model D).

This showed an improved fit as well. The fixed effects still appeared relatively small,

but when leaving them out (Model E) the fit decreases. Hence, there was a significant

population effect of the variability around 0.30 Hz, albeit small. Moreover, judging

from the fixed effects (Model D) there was mainly a difference between no variability

and the other two levels denoted by w1,3 and w1,9. This is seen by the fact that the

parameter values of w1,3 and w1,9 were similar, so the difference between the other

two levels was small. However, the variance around the highest (w1,9) level was much

higher than around the variance around the middle level (w1,3). This showed that the

ratings of the participants did not differ much for the middle level of variability but

did for the highest level of variability.

We combined Model C and Model D by adding their parameters in one model (Model

F). This showed an improved fit over Model C and D. Finally, we also added an in-

teraction component for the random effects of w0 and w1 (Model G). This showed a

decrease in the AIC but and increase in the BIC. This difference can be explained by

the fact that the BIC puts a higher penalty on the number of parameters in the model,

which increased dramatically between Model F and Model G. To deal with the dis-

crepancy between the AIC and BIC, we conducted a deviance test. This test showed

a significant difference between the two models (χ2(30) = 306; p < .001). Hence, we

adopted Model G as our final model with the best fit.

Examining the parameters of Model G shows population (fixed) effects of the vari-

ability around 0.30 Hz. However, these are only small (25.9 and 30.4) considering the

range of the rating scale from 0 to 1000. We can also see that there was a large amount

of variance between participants. To further analyze this variance we plotted the pa-

rameter values for the individual participants in Figure 4.2. Here, it is clear that par-

ticipants differ considerably in their ratings between the different levels of variability.

Especially for the levels where w1 = 9 and w0 6= 0 there is a wide range around the

ratings.

Discussion

We compared the perceived emotional intensity of different levels of HRV around 0.10

Hz and 0.30 Hz. The results indicate relatively small effects of the variability around

0.30 Hz and no effects around the variability of 0.10 Hz on perceived emotional in-

tensity. This is in line with the fact that the 0.30 Hz component is mostly related to

emotional changes as opposed to the 0.10 Hz component. The results show that, on

average, perceived emotional intensity increases with increases in 0.30 Hz variability.
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Figure 4.2 Kernel density plots of the nine random effects. Actual individual parameter values
are depicted by gray dots. The gray line depicts the probability density function (pdf) based on
the kernel density estimation and the black line depicts the normal distribution fitted to the data.
Horizontal axis depicts the values of the parameters and vertical axis the density.
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There are large inter-individual differences over all conditions. This was especially

the case for the conditions with high 0.30 Hz variability. This suggests that people do

relate the differences in HRV to emotional differences, but differ on exactly how these

are related. Some people relate increases in HRV to increases in emotional intensity

whereas others relate decreases in HRV to increases in emotional intensity. Implica-

tions of these findings will be further discussed in Section 4.6 General discussion (see

below).

4.4 Experiment 3: The interaction of heart rate and heart rate
variability

The results of Experiments 1 and 2 suggest that the effects of HR on perceived emo-

tional intensity are much stronger than those of HRV. However, because these effects

were tested in two separate experiments it is problematic to explicitly compare them.

Therefore, we conducted a third experiment in which we manipulate both HR and

HRV.

Participants and design

Participants were 27 male and 23 female volunteers aged 18 to 40 (M = 22.5, SD = 4.4).

All participants signed an informed consent and received 5 euro as a compensation

for their time.

HR was manipulated at two levels: 50 bpm and 90 bpm. As in experiment 2, HRV

was manipulated by changing the weights of equation 4.1. Variability around both

0.10 Hz and 0.30 Hz were manipulated on two levels. The low variability was zero for

both components. The high variability was created with w0 = 2 and w1 = 9, in line

with the weights in experiment 2. This resulted in 2×2×2 = 8 different experimental

conditions. Each condition was presented five times, resulting in 40 different trials.

The order of the trials was randomized over participants.

Materials and procedure

The same materials and procedure were used as in Experiment 1 and 2.

Results

Parameters values of the different models are depicted in Table 4.4. Values of all three

factors were coded as zero for the low level and one for the high level. Analysis started

by fitting the random intercept model (Model A) and comparing it to a model with
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fixed and random effects for the HR r manipulation (Model B). This showed an im-

proved fit. In line with Experiment 1, there was a large fixed effect of heart rate. Sub-

sequently, we added fixed and random effects for the weight of the 0.10 Hz compo-

nent w0 (Model C). This showed an improved fit, but the fixed effect was very small.

Therefore, we tested the same model without a fixed effect of w0 (Model D). This fur-

ther improved the fit based on AIC and BIC values and was in line with Experiment

2. Next, we added parameters for the weight of the 0.30 Hz component w1 (Model

E). This resulted in the model with the best fit so far. To further improve the model,

we added interaction effects between the three parameters. We started by adding the

interaction r ×w1 as these both showed fixed effects (Model F). This showed an im-

proved fit over Model E. Finally, we added interactions between r ×w0 (Model G) and

w0 × w1 (Model H), but neither of these improved the fit, judging from the AIC and

BIC values. Hence, the model with the best fit was Model F.

Model F most clearly showed effects of increases of the ratings with HR increases.

These effects are similar in size as in Experiment 1, with increases of about 10 rating

points per bpm (on a scale of 1 to 1000). There was a decrease of perceived emotional

intensity with an increase in w1, but only in the cases where r was low (i.e., r = 0).

When r was high (i.e, r = 1), the increase of w1 led to a slight increase in perceived

emotional intensity (i.e., summing the parameter values for w1 and w1 × r ). This is in

line with the findings of Experiment 2. Random effects of Model F are plotted in Figure

4.3. Inter-individual variance around the fixed effects seems to be mostly normally

distributed, with same direction of effects for all participants. Clear exceptions are

three participants that seem to have opposite effects for both w1 and w1 × r .

Discussion

As expected, the effects of HR were larger than the effects of HRV. As in Experiment

1, there were increases in perceived emotional intensity with increases in HR. As in

Experiment 2, there are no population effects of the 0.10 Hz component on perceived

emotional intensity. There are, however, effects of variability around 0.30 Hz.

In line with Experiment 2, in the higher HR condition increased HRV around 0.30 Hz

leads to slightly higher perceived emotional intensity. In contrast, when HR is low, in-

creased HRV around 0.30 Hz reduces perceived emotional intensity. This interaction

effect can be explained by the fact that reduced rated emotion intensity is related to

increases in HRV (Beauchaine, 2001). This occurs mostly in situations where HR is

also low (due to low emotional intensity; Kreibig, 2010). Therefore, the situation of

low HR and high HRV is congruent with possible interoceptive experiences, whereas
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Table 4.4 Parameter values for the models fitted based on the data obtained in experiment 3.
2000 data points were measured from 50 participants. Random effects variances were divided by
100 for readability.

Effect A B C D E F G H

Fixed

Intercept 500.4 271.5 267.0 270.3 292.1 325.8 321.6 318.6

r 457.9 457.9 463.4 463.4 395.8 385.2 394.8

w0 8.8 -0.76 5.34

w1 -43.6 -110.9 -99.6 -103.0

r ×w0 19.19

r ×w1 135.1 126.2 126.2

w0 ×w1 6.978

Random

Intercept 19.8 80.0 80.1 80.1 100.0 133.8 124.4 141.0

r 169.8 170.2 170.3 171.7 156.1 158.4 156.4

w0 17.6 17.7 19.4 21.5 15.0 36.3

w1 42.5 138.8 138.7 159.0

r ×w0 16.7

r ×w1 102.9 104.7 103.4

w0 ×w1 21.7

Residual 759.8 173.1 179.5 174.9 160.0 141.4 140.2 140.0

pars 3 6 10 9 14 20 28 28

AIC (·102) 281.9 254.9 254.7 254.7 253.5 251.6 251.9 251.9

BIC (·102) 282.0 255.2 255.2 255.2 254.3 252.7 253.0 253.1

L (·102) -140.9 -127.4 -127.2 -127.3 -126.6 -125.6 -125.5 -125.5

Notes. r = heart rate; w0 = weight of the 0.10 Hz component (Eq. 1); w1 = weight of the 0.30
Hz component (Eq. 1); pars = Number of parameters in the model; AIC = Akaike information
criterion; BIC = Bayesian information criterion; L = log likelihood.
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the high HRV with high HR combination might not be congruent with possible in-

teroceptive experiences (Kreibig, 2010). This might explain differences in perceived

emotional intensity of HRV, when HR is low versus when it is high.

Another explanation is that the lower HR made the differences in HRV more salient.

When HR is high, differences in HRV might not be as pronounced as when HR is slow.

For both explanations, the findings are in line with actual cardiac activity during emo-

tions (Kreibig, 2010). Finally, the effects of HR are stronger than those of HRV over the

ranges tested in this experiment.

4.5 Experiment 4: Heart rate and facial expressions

So far, we showed that there are strong effects of HR on perceived emotional intensity.

In this final experiment, we wanted to compare the effects of HR with facial expres-

sions, as facial expressions are normally strongly related to emotions (Ekman, 1992b;

see also Chapter 3).

Experimental setup

Participants and design

Participants were 10 men and 32 women, aged 18 to 30 years. They received course

credit or 5 Euro for participation. Before the start of the experiment, participants

signed an informed consent form. We manipulated HR at two levels: neutral (67.5

- 72 bpm) and emotional (80 - 84.5 bpm). We manipulated facial expression of emo-

tion by showing videos of people disclosing an event in which they were very angry or

in which they felt neutral. Both manipulations were within-participant factors.

Every participant received ten trials consisting of two videos and accompanying heart-

beat sound. Hence, each participant saw 20 videos, coming from 10 different persons.

The two videos from one person never occurred in the same pair. The order of the 2×2

conditions was counterbalanced over participants, in such a way that each combina-

tion of two conditions appeared equally often.

Videos

The videos were a selection of those used for the investigation on automated emotion

recognition, described in Chapter 3. The emotions displayed in the videos were either

high intensity emotions or no emotion (neutral). The reason for comparing these

two conditions is that they appeared to be the most clearly separable by both video

(almost no facial expressiveness vs strong facial expressiveness), and heartbeat (slow
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Figure 4.3 Kernel density plots of the five random effects. Actual individual parameter values are
depicted by gray dots. The gray lines depict pdfs based on the kernel density estimation and the
black lines depict the normal distributions fitted to the data. Horizontal axes depict the values of
the parameters and vertical axes depict the density.
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vs fast). For the high intensity emotion, videos of persons being angry were selected,

since the arousal ratings were highest for this emotion. The selection of the videos was

made based on the continuous self-rated arousal values of the persons in the videos.

The videos of the persons with the greatest absolute arousal difference between the

neutral and the angry video were selected. In total, the neutral and angry videos of

10 persons were selected. Of those videos, the 10 seconds during which the arousal

ratings were the lowest (for neutral) or the highest (for angry) were selected for the

experiment. The resolution of the videos was 640 x 480 pixels and recordings were

made at a distance of about 60 cm from the face of the person in the video. The video

contained an image of the discloser from the shoulders upwards to above the head.

Audio was removed from the videos.

Heartbeats

The heartbeat displayed during the video was either neutral [67.5 - 72 bpm] or emo-

tional [80 - 84.5 bpm]. Because we found an interaction between HR and HRV in the

previous experiment, we did not add HRV to these heartbeats. We wanted to focus

on HR effects and avoid more noise in the data. To make the sounds more credible,

10 heartbeat stimuli were created, with a slightly different HR for each stimulus. The

lowest HR stimulus was 67.5 bpm for the neutral and 80 bpm for the fast condition.

The other 9 stimuli were constructed by cumulative increases of 0.5 bpm per stimulus.

Procedure

Participants were given instructions on the screen about the experiment and had the

opportunity to ask questions if anything was unclear. They were told that the goal of

the experiment was to investigate how people judge emotional intensity. The instruc-

tions read that the experiment consisted of 10 trials, in which they would see 2 videos

(sequentially) of 2 different persons telling about an emotional event from their life.

Each pair of videos would be repeated 3 times. The participants were informed that

audio would be turned off and participants would hear the heartbeat of the person in

the video. Finally, they would be asked to give a judgment of the intensity of the emo-

tion that was felt by both persons. This was done on a double visual analogue scale,

which used a combination of two of the scales from the other experiments. Scales

were clearly marked with the person they corresponded to.

Before the actual start of the experiment, a practice trial was done, in which the partic-

ipants could get familiar with the video and heartbeat combination. The videos that

were shown in the practice session were the same for all participants. These videos

were not used in the actual experiment. After the practice session, the experimenter
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Table 4.5 Parameters values of models fit based on the data of experiment 4.
420 data points were measured from 42 participants.

Effects A B C D E F

Fixed

Intercept 524.3 491.8 496.8 496.8 464.3 462.3

HR 65.0 65.0 69.0

Face 54.9 54.9 54.9 58.9

HR × Face -8.1

Random

Intercept 4772 6754 5325 4810 6835 6833

HR 6553 6715 6710

Face 52.2

Residual (·102) 250.7 173.1 163.8 243.1 214.7 215.2

pars 3 6 6 4 7 8

AIC (·102) 109.6 109.0 109.3 109.3 108.7 108.6

BIC (·102) 109.7 109.3 109.6 109.5 109.0 109.0

L -5475 -5443 -5459 -5459 -5426 -5422

Notes. pars = Number of parameters in the model; AIC = Akaike informa-
tion criterion; BIC = Bayesian information criterion; L = log likelihood.

left the room and the experiment started. The experiment took about 30 minutes per

participant.

Results and discussion

Parameter values of the different models are depicted in Table 4.5. Values of the two

factors were coded as 0 for the neutral conditions and 1 for the emotional conditions

(i.e., the higher HR and the angry facial expressions). We started by comparing the

random intercept model (Model A) with a model with fixed and random effects for

HR (Model B). This showed an improved fit, with the higher HR leading to 65.0 rat-

ing points higher perceived emotional intensity. Subsequently, we fitted a model with

fixed and random effects for the two levels of facial expression (Model C). This showed

an improved fit over the random intercept model. However, the random effect pa-

rameter is very small, suggesting that it might not be necessary. Hence, in Model D

we removed the random effect, which further improved the fit. Next, we combined

the effects of Model B and D into Model E, which showed the best fit so far. Finally, we

also added a fixed interaction effect (Model F) which led to the model with the best fit.
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Figure 4.4 Kernel density plots of the two random effects of Model F (experiment 4). Actual indi-
vidual parameter values are depicted by gray dots. The gray line depicts pdf based on the kernel
density estimation and the black line depicts the normal distribution fitted to the data. Horizon-
tal axis depicts the values of the parameters and vertical axis the density.

Model F showed that higher HR and emotional facial expressions lead to higher per-

ceived emotional intensity compared to lower HR and neutral facial expressions. The

strength of these effects are very similar, with a slightly stronger effect for the HR.

However, there is more variability between individuals in the effect of the HR, com-

pared to the effect of the facial expression, which was approximately zero (see also

Figure 4.4 for the random effects of HR and the intercept). There is only a very small

interaction effect, such that when HR and facial expressions are both emotional the

perceived emotional intensity is 8.1 points less then the sum of their main effects. All

in all, these findings showed that in this experiment HR had similar effects on per-

ceived emotional intensity as facial expressions.

4.6 General discussion

Through four studies we investigated the effects of HR and HRV on perceived emo-

tional intensity. In the first experiment, we compared ten different HR levels. In the

second experiment, we compared nine different HRV levels, three levels of LF HRV

and three levels of HF HRV. The third experiment was conducted to compare combi-

nations of two levels of HR, two levels of LF HRV, and two levels of HF HRV. Finally,

in the fourth experiment, we compared the effects of HR with those of neutral versus

angry facial expressions.
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When looking at effects over all participants, we consistently found that people per-

ceive faster HR as higher emotional intensity. The results of the first experiment showed

that this is a mostly linear relationship. The effect of 10 bpm was about 100 points on

a 1000-point scale. In Experiment 4, this effect size was very similar to the effect of

angry versus neutral facial expressions that were shown to the participants. Effects of

LF HRV on perceived emotional intensity seem to be very small, if existing at all. In

contrast, increases in HF HRV also resulted in slight increases in perceived emotional

intensity (Experiment 2). However, the effects of HF HRV were not as strong as those

of HR. Finally, HR and HF HRV seem to interact. When HR was low (i.e., 50 bpm), in-

creases in HRV led to considerably lower perceived emotional intensity whereas when

HR was high (i.e., 90 bpm), increases in HRV led to slightly higher perceived emotional

intensity.

By using mixed models we were able to explicitly analyze individual differences in the

HR and HRV effects. Most participants showed a linear relationship between HR and

perceived emotional intensity. However, there were three participants for whom the

perceived emotional intensity also increased when the HR got very low (i.e., under 60

bpm). This might have been the case because those participants found the very low

heartbeats also different from a neutral level. Hence, those participants might relate

this deviance from neutral to increased emotional intensity.

Random effects of HF HRV showed relatively small variances (Figure 4.2). This sug-

gests that individuals do not vary much in their emotional interpretation of HF HRV.

In interaction with HR, there is some more variance (Figure 4.3). This is mostly due

to three participants who show effects exactly opposite to the effects of the other par-

ticipants. For these participants, when HR is low (i.e., 50 bpm), increases in HRV lead

to higher perceived emotional intensity whereas when HR is high (i.e., 90 bpm), in-

creases in HRV lead to lower perceived emotional intensity. Further research could

try to find factors that correlate or explain these individual differences, to see what

causes the differences.

Based on the notion that people ground their perceptions in their bodies (Barsalou,

1999), and the fact that emotional experiences are related to cardiac perception, it

could be that the interpretation of other’s heartbeats is based on one’s own actual

heartbeat changes during emotions. In other words, people interpret the emotional

intensity related to other’s heartbeats based on past experiences with their own heart-

beats. Our findings are largely in line with one’s own actual cardiac activity associ-

ated with changes in emotional intensity. From a recent review (Kreibig, 2010), it is

clear that HR increases in the presence of most emotions. This is also found consis-

tently throughout the results of the experiments we conducted. Furthermore, the fact
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that we did not find effects of HRV LF on perceived emotional intensity is also in line

with the lack of consistent results between the presence of emotions and LF activity

(Kreibig, 2010).

The effects of HRV HF can also be explained from what would be expected from its

actual relation to emotions. In general, emotional intensity is known to decrease with

increases in HRV HF (Beauchaine, 2001). This occurs mostly in situations with low

HR, and is therefore congruent with our finding that such an effect was only found for

HRs of 50 bpm. With higher HRs (i.e., 90bpm), there were no clear effects of HRV HF.

This suggests that participants interpreted the HRV HF in the context of the HR. This

is in line with the work of Schachter and Singer (1962) and Dutton and Aron (1974)

who showed that effects of increases in arousal are due to context. With the lack of

any other context, participants might have taken HR as a reference to the context.

This is one possible explanation that is in line with actual cardiac activity related to

emotions (Kreibig, 2010). However, there might be alternative explanations that are

discussed in the next section.

Limitations and further research

A first limitation of our studies is that larger samples are necessary to see if the indi-

vidual differences that we found are merely based on outliers or constitute an actual

different group of people. Furthermore, to see if these differences are stable over time,

future experiments could measure participants repeatedly over different days.

Second, we did not find effects of HRV LF. Although this is in line with the fact that LF

HRV has not been consistently associated with emotional activity, there might also be

other explanations for this. One explanation might be that this variability is difficult

to perceive, as it is slower. We purposely used 30-second stimuli, to make sure that

there were about three cycles of the LF component present. Nonetheless, it might

have been difficult for the participants to perceive these cycles.

Third, because we focused on stable HRV patterns that did not change during the 30-

second stimuli, participants could not have differentiated between acute HRV changes

and tonic HRV levels. This might, however, be an important difference for future stud-

ies to take into account. Tonic HRV levels are mostly related to individual differences

in emotional reactivity (Beauchaine, 2001). In contrast, phasic HRV changes are re-

lated to changes in emotion regulation, especially during social interaction (Butler et

al., 2006). Further research could investigate interpretation of tonic and phasic HRV

changes. For this, it would be necessary to use longer stimuli that can differentiate

between tonic and phasic HRV changes.
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Fourth, a limitation of the way we manipulated HRV, is the fact that it might be per-

ceived differently for different levels of HR. When HR is fast, the variability is also

perceived in shorter time periods as compared to slower HR. This might have caused

or influenced the interaction effect we found between HR and HRV. Obviously, this

is also the case in actual cardiac activity, so we decided to keep it in our manipula-

tions for ecological validity. Nonetheless, it might be interesting for future research

to investigate whether HRV is in fact perceived differently and not only interpreted

differently.

Finally, we focused only on perceived emotional intensity, as this is the most likely

emotional parameter related to HR (Kreibig, 2010). In one of our experiments, we

tested whether HR was interpreted differently in a context of neutral or angry facial

expressions. Although we did not find (interaction) effects there, it was only a lim-

ited test not intended to investigate effects of HR interpretation related to other emo-

tional parameters. Hence, it might be interesting for future studies to test this more

extensively. This could, for instance, be done by including different specific emotions

(e.g., comparisons between anger, happy, and sad states). Alternatively, valence rat-

ings could be included as another dependent measure, next to emotional intensity.

This could shed light on the relative influence of HR and HRV on valence and inten-

sity.

Implications and applications

Taking the results together, the bodily explanation of heartbeat interpretation as pre-

sented in the Introduction is supported. Nonetheless, cultural or cognitive interpre-

tations are also likely to play a role, as can be inferred from the interaction effects

of the HR and HRV HF. A possible explanation we offered for this, was that partic-

ipants take HR as a context in which they interpret HRV. This points to a cognitive

effect. Hence, it is likely that there is an interplay between cognitive processes and

bodily processes that influence the interpretation of the perception of another per-

son’s heartbeat. Nonetheless, we did not (and did not intend to) explicitly compare

the underlying processes that generate the different emotional intensity ratings.

There are likely to be different underlying processes that influence the rating of other’s

cardiac activity. First, there can be an influence of one’s own bodily state. This state

might change based on hearing the other’s heart rate, due to entrainment processes

(Anishchenko, Balanov, Janson, Igosheva, & Bordyugov, 2000). In turn, changes in

bodily state might result in changes in experience of a perceived stimulus (Schachter

& Singer, 1962). Second, as elaborated before, there could be processes that make

use of associations between cardiac activity and emotional experiences a person has
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had before. Based on these existing associative links, perceptions of someone else’s

cardiac activity might activate the same emotions as perceptions of one’s own cardiac

activity. Third, there could cognitive processes that try to interpret the other’s cardiac

activity based on knowledge one may have about cardiac activity during emotions.

This knowledge could for instance come from cultural influences.

Our findings can be used for different applications. First of all, our findings can in-

form media designers to create more powerful stimuli. Movies and games sometimes

contain sounds of heartbeats to create a specific atmosphere. Our findings show that,

to reflect more intense emotions, HR should be increased. Second, our findings show

that communication devices could maybe be enhanced with heartbeat information

to facilitate emotional communication. Such applications could communicate HR or

HRV or both. To make HRV more effective, representations that make it easier to per-

ceive changes in HRV might be used. For instance, instead of representing HRV as a

sequence of beats with different IBIs (as we did in this chapter), one might calculate

the HF HRV power and provide this information to a user. Although more research is

necessary to test if sharing actual HR or HRV can improve emotion recognition, our

results suggest that heartbeat communication could improve emotion recognition.

This could, for instance, create stronger bonds between people and increase close-

ness (see Chapter 5).



chapter five

Heartbeats as intimate nonverbal cues

Abstract. Despite a variety of new communication technologies, loneliness
is prevalent in Western countries. Boosting emotional communication through
intimate connections has the potential to reduce loneliness. New technologies
might exploit biosignals as intimate emotional cues because of their strong re-
lationship to emotions. Through two studies, we investigate the possibilities of
heartbeat communication as an intimate cue. In the first study (N = 32), we
demonstrated, using self-report and behavioral tracking in an immersive virtual
environment, that heartbeat perception influences social behavior in a similar
manner as traditional intimate signals like gaze and interpersonal distance. In a
second study (N = 34), we demonstrated that a sound of the heartbeat is not suf-
ficient to cause the effect; the stimulus must be attributed to the conversational
partner in order to have influence. Together, these results show that heartbeat
communication is a promising way to increase intimacy. Implications and possi-
bilities for applications are discussed.

This chapter is (partly) based on:
Janssen, J.H., Bailenson, J.N., IJsselsteijn, W.A., & Westerink, J.H.D.M. (2010). Intimate heartbeats: Op-
portunities for affective communication technology. IEEE Transactions on Affective Computing 1(2),
pp. 72-80.
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5.1 Introduction

Converging evidence shows that one of the essential elements for improving a sense of

connectedness or intimacy is the communication of emotions. Diary studies of ado-

lescents and married couples have consistently shown that emotional self-disclosures

have a stronger impact on intimacy than factual self-disclosures (Laurenceau et al.,

1998, 2005). In line with this, Butler et al. (2003) have shown that emotion suppression

decreases one’s chances of forming new relationships. Moreover, automatic mimick-

ing of other’s emotions improves liking of and attraction to the mimicker as it is a

sign of validation (Chartrand & Bargh, 1999; Lakin et al., 2003). In addition, part-

ners’ emotional convergence leads to increased relationship quality (Anderson et al.,

2003). Furthermore, increased emotion recognition accuracy between partners will

also lead to increased marital satisfaction and relationship quality (Ickes, 1997). Fi-

nally, the negative effects of separation from one’s loved ones can be ameliorated by

sharing affective experiences to become more emotionally in touch (Diamond et al.,

2008).

Because emotions play such a central role in closeness and intimacy, it is important

to look at potential ways of improving and expanding the range of signals through

which we communicate our feelings when interacting from remote physical locations.

Currently, communication of emotions relies heavily on facial and vocal expressions

(Banse & Scherer, 1996; Darwin, 1872). However, these signals are absent in many

new communication applications. For example, in online chatting we rely on emo-

tion representations called emoticons (Derks et al., 2008). There is compelling evi-

dence that computer-mediated communication (CMC) need not be less intimate than

face-to-face (F2F) interaction (e.g., Walther, 1992; Tidwell & Walther, 2002). Walther

(1996) even argues in his hyperpersonal communication theory that communication

in CMC can be more intimate than in F2F because of increased control and increased

self-disclosure due to a reduction of nonverbal signals. Because communication of

emotion through artificial means can be just as powerful as F2F communication, it

might be valuable to look at other emotional signals that can be tracked and commu-

nicated by technologies and that can possibly serve as intimate cues. One such a po-

tential intimate emotion communication mechanism might be the sharing of heart-

beat information between individuals.

Evidence for the possible effects of heartbeat sharing comes from studies investigat-

ing the perception of one’s own heartbeat (Damasio, 1994; James, 1884; Schachter

& Singer, 1962; Blascovich, Seery, Mugridge, Kyle Norris, & Weisbuch, 2004). One of

the first heartbeat perception studies was done by Valins (1966) and gave participants

false feedback on their own heart rate. The results showed that false heart rate feed-
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back influenced participants’ perceptions of their own emotional state (see Parkinson,

1985 for a review). Furthermore, there is ample evidence that cardiac awareness (i.e.,

how well individuals can perceive their own heartbeats) is associated with the inten-

sity of emotional experience (e.g., Cameron, 2001; Critchley et al., 2004; Ferguson

& Katkin, 1996; Hantas et al., 1982). Often, heartbeat perception tasks are used to

measure cardiac awareness and relate this to emotional experience (Herbert et al.,

2010). For instance, Wiens, Mezzacappa, and Katkin (2000) reported that good per-

ceivers of their own heartbeat reported more intense emotions to film stimuli than

poor heartbeat perceivers. Taken together, this shows that heartbeat perception is re-

lated to emotional experience. Nonetheless, it is important to note these studies are

concerned with the awareness and presentation of one’s own heartbeat. In addition,

we have shown in Chapter 4 that these effects carry over to interpersonal heartbeat

sharing.

Because heartbeat perception affects emotion perception, and because the commu-

nication of emotions increases intimacy, we expect that perceiving someone else’s

heartbeat will be experienced as an intimate nonverbal cue. Applications for such

heartbeat communication have been suggested before (J. Werner et al., 2008), but

have not been empirically evaluated. Hence, this chapter investigates the power of

heartbeat communication as an intimate nonverbal cue.

The systematic study of cues that signal nonverbal intimacy started about four decades

ago with the seminal work of Argyle and Dean (1965) and Mehrabian (1972). They

showed that people compensate for inappropriate increases in intimacy. For instance,

when stepping into an elevator with a group of people, interpersonal distance might

suddenly be inappropriately close. As a consequence, people might look at the walls,

floor, or ceiling instead of at each other, reduce their smiling, and turn sideways or

away from each other. These effects have been replicated many times (Burgoon, Stern,

& Dillman, 1995; Andersen et al., 1998), providing a good behavioral paradigm for in-

vestigating the intimacy of other nonverbal cues.

To investigate the effects of heartbeat communication, we implemented a dual ap-

proach. First, we examined self-reported intimacy ratings during situations that dif-

fered in interpersonal distance, mutual gaze, and heartbeat communication. Con-

sequently, we compared the strength of the known effects of interpersonal distance

and mutual gaze on intimacy, with that of the new effect of heartbeat communica-

tion. Second, to bolster the self report measures, we investigated if the new heartbeat

cue interacts with traditional nonverbal cues. We chose the relationship between in-

terpersonal distance and heart-beat, as interpersonal distance tends to increase in

the presence of other intimate nonverbal behavior as a compensation mechanism
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Figure 5.1 The setup of the Immersive Virtual Environment (IVE) used in the study. Cameras in
the corners (A) of the room track the location of an infrared light (B). Accelerometers (C) located
at the back of the head mounted display (HMD) track the yaw, pitch, and roll of the head. This
information is processed by a computer that renders the virtual image on the stereoscopic display
of the HMD (D) and the sound through the headphones (E).

(Argyle & Dean, 1965; Andersen et al., 1998; Bailenson, Blascovich, Beall, & Loomis,

2002). Specifically, we examined whether or not presence of heartbeat communica-

tion would cause participants to adjust their interpersonal distance.

We examined these effects in an Immersive Virtual Environment (IVE). Such environ-

ments are methodological tools that have been used to investigate social psycholog-

ical effects (Blascovich et al., 2002; Fox, Arena, & Bailenson, 2009), including inter-

personal distance (Bailenson, Blascovich, Beall, & Loomis, 2001) and gaze behaviors

(Bailenson et al., 2002). The use of IVEs allow us to control a confederate’s displayed

behavior, which might otherwise cause confounds in the research paradigm. Further-

more, it gives us a very precise measurement of the interpersonal distance at the level

of millimeters between the interactants, as the IVE employs accurate location tracking

equipment.

5.2 Experiment 1

In the first experiment, we tested the effects of the sound of a human heartbeat on self

reported intimacy and interpersonal distance. In this study we manipulated distance,

gaze, and heartbeat communication between a participant and a confederate. We

hypothesized that self-reported intimacy would be higher with low interpersonal dis-
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tance compared to high distance, with mutual gaze instead of averted gaze, and when

perceiving the other’s heartbeat as opposed to silence. Furthermore, we expected that

if heartbeat sound was experienced as an intimate nonverbal cue, participants would

keep a larger interpersonal distance to someone else when hearing the other’s heart-

beat as a compensation of the perceived increase in intimacy. Hence, we compared

the interpersonal distance interactants kept while hearing the other’s heartbeat to the

distance kept during silence.

Experimental setup

Participants and Design

Participants were 16 men and 16 women (Age: M = 25.3, SD = 11.9) who received 15

USD for participation. The experiment was run in two phases. For the first part of the

experiment, participants were assigned to a 2 (Sound: Heartbeat / Silence) ×2 (Gaze:

Eyes / Chin) ×2 (Interpersonal distance: 3ft / 9ft) design, with repeated measures on

all factors. For this, the participants were evenly divided over eight digram balanced

orders: i.e., the eight conditions appeared in each serial order the same number of

instances, and each condition was equally often preceded by each of the seven other

conditions. For the second part of the experiment, the participants were randomly

assigned to one of the two conditions of Sound (Heartbeat / Silence).

Materials and Confederates

Participants were placed in a fully immersive virtual environment. For this, they wore

a head mounted display (HMD) equipped with sensors to track their location and

head movements. This way, the stereoscopic image of the environment could be

updated constantly according to the participant’s movements. Detailed equipment

specifications can be found in Yee and Bailenson (2007); see also Fig 1.

During the experiment the participants were put in a virtual room together with a

same-sex confederate. The confederates were unknown to the participants. The con-

federates’ faces had been photographed to construct a 3D image of their face. In or-

der to ensure the confederate faces were of roughly the same attractiveness we ran

a pretest. Twenty volunteers rated these two faces together with twelve other faces

for attractiveness on a 7-point scale with the following labels: extremely unattractive,

moderately unattractive, slightly unattractive, average, slightly attractive, moderately

attractive, and extremely attractive. Paired samples t-tests confirmed that the confed-

erates’ faces did not differ in attractiveness from one another (p > .10; Mmal e = 3.25,

M f emal e = 3.75).
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(a) Female confederate at 3ft (b) Male confederate at 9ft

Figure 5.2 Participant view of the female confederate in the 3ft interpersonal distance condition
and of the male confederate in the 9ft interpersonal distance condition.

The heartbeat sound was preconstructed and re-sembled the sound of listening to

one’s heart through a stethoscope. The sound consisted of loops of 18 consecutive

heartbeats. Pilot testing indicated that no one recognized the repetition in the sound.

Moreover, none of the participants suspected the sound to be synthetic. The sound

displayed an average heart rate of 69.7 beats per minute (bpm). This was in line

with studies reporting average heart rates around 70 bpm during seated interpersonal

communication (Andersen et al., 1998). Natural fluctuation in the interbeat intervals

had a standard deviation of 2.3 bpm with a minimum of 65.4 bpm and a maximum of

72.8 bpm.

Procedure

Upon arrival, participants signed an informed consent form and filled out a biograph-

ical questionnaire. Next, they were taken to an adjacent room, where they were intro-

duced to a same-sex confederate. The experimenter explained that both the partic-

ipant and the confederate would be wearing a virtual reality helmet and, although

sitting in different physical rooms, would be in the same virtual room. Subsequently,

the participant was taken back to the experimentation room and put on the HMD.

After the participant got acquainted with the equipment, the experimenter told the

participant he would check if the other person was ready to be put in the virtual room

with the participant. When the experimenter returned and started the experiment,

the participants saw a prerecorded computer image of the confederate sitting oppo-
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site of them (see Fig. 2).

Participants were now instructed that the first part of the experiment would consist

of eight trials. Each trial started with a minute of rest to create separation between

trials. Instructions on the screen would then ask the participant to either look at the

eyes or the chin of the confederate during the next 30 second trial. This was recip-

rocated by the confederate by slightly tilting the confederates head downward when

gaze was at the chin. In addition, the participant was instructed that the distance to

the other person differed over trials and that in some trials they would be hearing the

other’s heartbeat. The heartbeat sound was prerecorded and the same over all con-

ditions. The sound was presented through the headphones integrated in the HMD.

After the eight trials, participants were put back in each trial for ten seconds and an-

swered two questions based on the often employed Inclusion of Other in Self Scale

(IOS) (Aron et al., 1991): “Which image best describes the situation during the previ-

ous trial?” and “Which image best describes how intimate you felt toward the other

person during the previous trial?”. Answers were given verbally on the same pictorial

scale as the IOS. After the eight trials finished, the participants filled out a six-item

social presence questionnaire, as previous studies demonstrated the importance of

taking social presence into account (Bailenson et al., 2001). In the current study, it

did not affect our analyses so it is not reported further. The participants also filled out

manipulation check questions asking them if they sometimes heard the other’s heart-

beat and at other times didn’t, sometimes were in closer proximity to the other than

at other times, and sometimes saw the other looking at their eyes whereas at other

times saw the other looking at their chin. All participants reported yes to the former

two questions. Five participants did not note the change in gaze direction of the con-

federate. The inclusion of their data did not change our results and were kept in the

final dataset for analyses.

During the second part of the experiment, participants stood up from their chair

wearing the HMD to get acquainted with walking around in the virtual room. Next,

they were put back in their original starting position. The experimenter instructed

them that the other person would be standing opposite of them. The participant was

asked to walk up to the other to as close as was comfortable for them and wait there

for 30 seconds. We introduced this 30 second period to discourage participants from

moving uncomfortably close to the confederate. We measured the kept interpersonal

distance. Half of the participants heard the heartbeat sound during this part and the

other half did not. Measurements were successful for 22 of the participants, as the

tracking data was lost for the first 10 participants due to technical difficulties. Finally,

the participants read a debriefing form, and received their payment. The experiment

took approximately 45 minutes.
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Figure 5.3 Intimacy ratings for sound (Silence / heartbeat), gaze (chin / eyes), and interpersonal
distance (9ft / 3ft). The error bars depict 1 SE.

Results and Discussion

Intimacy reports

The two items of the IOS self report scale were averaged (Cronbach’s α= .91). Result-

ing scores were submitted to a 2 (Sound: heartbeat / Silence) × 2 (Gaze: Eyes / Chin) ×
2 (Distance: 3ft / 9ft) × 2 (Sex: Male / Female) repeated measures ANOVA. Univariate

tests showed main effects for Sound (F (1,30) = 49.2, p < .001, partial η2 = .62), Gaze

(F (1,30) = 20.9, p < .001, partial η2 = .41), and Distance (F (1,30) = 43.9, p < .001,

partial η2 = .59). The interactions between the three different cues were not signif-

icant: Sound × Distance (F (1,30) = 0.42, p = .52, partial η2 = .01), Sound × Gaze

(F (1,30) = 3.10, p = .09, partial η2 = .09), Distance × Gaze (F (1,30) = 0.22, p = .65, par-

tial η2 = .01), and Sound × Distance × Gaze (F (1,30) = 0.92, p = .35, partial η2 = .03).

Means and SEs are depicted in Figure 3.

These results show that self-reported intimacy is higher when hearing someone’s heart-

beat compared to silence. Furthermore, the found effect size is similar to the well

established effects of interpersonal distance and gaze (Andersen et al., 1998), which

strengthens our hypothesis that heartbeat communication has a strong effect on inti-

macy.

Kept distance

The distance between the participant and the confederate was averaged over the first

ten seconds that the participants stood still after walking up to the confederate. This
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distance measure was submitted to an independent samples t-test with Sound (heart-

beat / Silence) as independent variable. Results showed an effect of Sound (t (20) =
3.0, p < .007, Cohen’s d = 1.32). More interpersonal distance was kept when hearing

the confederate’s heartbeat (M = 0.85m, SE = 0.10) than when in the silent condition

(M = 0.46m, SE = 0.07). Such an increase in interpersonal distance can typically be

observed in situations where participants want to compensate for an increase in in-

timacy, and therefore confirmed the findings of the self-reports that heartbeat is an

intimate cue.

To test the relation between self-reported intimacy and kept interpersonal distance,

we first averaged all intimacy ratings of each participant as obtained in the first part

of the experiment. Subsequently, between-subject pearson correlations of kept inter-

personal distance as measured in the second part, with the average intimacy rating

of each participant show a significant correlation (r (21) = .42; p < .05). This finding

further confirmed the relation between interpersonal distance and experienced inti-

macy, and possibly alleviated some of the concerns one might have with the within-

subject nature of the self-reports.

One of the limitations of this first experiment was that the meaning of the heartbeat

sound was confounded with the hearing the sound itself. Therefore, we ran a second

experiment in which we separated the sound of the heartbeat from the meaning the

heartbeat sound had for the participant.

5.3 Experiment 2

In Experiment 2, we further elaborated the findings of the first experiment, by sep-

arating the effects of the heartbeat sound itself and the meaning of the sound (i.e.,

attributing that sound to a specific person). We expected that merely hearing a heart-

beat sound would not change the interpersonal distance participants kept, but that it

was the knowledge that it was the confederate’s heartbeat that would make the par-

ticipant compensate their kept interpersonal distance.

Experimental setup

Participants and materials

Participants were 17 women and 15 men (Age: M = 22.8, SD = 5.5) who received 10

USD for participation. Participants were randomly assigned to one of three condi-

tions of heartbeat communication: Silence, Artificial heartbeat, Real heartbeat. The
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silence and real heartbeat conditions were the same as in Experiment 1. In the Ar-

tificial heartbeat condition, the same sound was displayed to the participants as in

the real heartbeat condition, but they were told that it was an artificially constructed

sound that we had downloaded from the Internet. Experiments were conducted with

the same materials as Experiment 1. Confederates were different from the ones in the

first experiment to show that the effect was independent of the confederates.

Procedure

Upon arrival, participants signed an informed consent and filled out a demograph-

ics questionnaire. Subsequently, they were taken to an adjacent room, in which they

were introduced to a same-sex confederate. The experimenter explained that both

the participant and the confederate would be wearing a virtual reality helmet and, al-

though in different physical rooms, would be in the same virtual room. Furthermore,

the experimenter pointed out to the participants in the Real heartbeat condition that

the confederate would be wearing sensors that would measure his heart rate, and that

the participant would be able to hear this heart rate when in the virtual environment.

When telling this, the confederate showed the participant a set of ECG sensors.

Subsequently, the participant was taken back to the experimentation room and put

on the HMD. After the participant got acquainted with the equipment, the experi-

menter told the participant he would check if the other person was ready to be put in

the virtual room with the participant. When the experimenter returned and started

the experiment, the participants saw a prerecorded computer image of the confeder-

ate standing opposite of them. In the Artificial heartbeat condition, the experimenter

told the participants that he would start a sound that the participant might recognize

as the sound of a heartbeat used in movies or games. The experimenter went on to say

that this was a prerecorded sound downloaded from the Internet. In the Real heart-

beat condition, the experimenter told the participants that he would now check if the

connection with the heartbeat signal was working and that the participant would be

hearing the other’s heartbeat. He then started the same prerecorded sound as in the

Artificial heartbeat condition. No sound was displayed to the participants in the Si-

lence condition.

To give the participants some exposure to the stimulus and make them feel more com-

fortable with their new environment, they were told to look at the other’s eyes while

the experiment would make some calibrations to the system. After 60 seconds, the

experimenter gave the participants to walk up to the other to as close as comfortable

for them. They were instructed they would have to stand there for 30 seconds. Af-

ter the participants confirmed to have understood the instructions, they walked up to
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the confederate, and waited there for 30 seconds. After 30 seconds, the experimenter

told them to take of the HMD and fill out the same presence questionnaire used in

Experiment 1, and two open-ended questions: “What did you hear when you were in

the virtual environment?” and “What do you think this experiment is about?” Finally,

participants were debriefed and paid.

Results

We averaged the kept distance during the 30 seconds the participants were standing

close to the confederate. Simple contrasts compared the Silence and Artificial heart-

beat condition to the Real heartbeat condition to test our hypotheses based on Ex-

periment 1 that Real heartbeat would lead to a larger kept distance (than Silence or

Artificial heartbeat). Kept distance was larger in the Real heartbeat (M = 82cm) con-

dition than in the Silence (M = 57cm; p < .05, Cohen’s d = 0.9) and Artificial heart-

beat Condition (M = 56cm; p < .05, Cohen’s d = 1.0). Means and SEs are depicted

in Fig. 4. Subsequently, we submitted kept distance to an ANOVA with heartbeat

communication (Silence / Artificial heartbeat / Real heartbeat) and Sex (Male / Fe-

male) as between-subject factors. This showed an effect of heartbeat communication

(F (2,34) = 3.35, p < .05, partial η2 = .19), but not of Sex (F (1,34) = 2.34, p = .14, partial

η2 = .08) or heartbeat Communication × Sex (F (2,34) = 1.23, p = .31, partial η2 = .08).

Finally, an ANOVA of heartbeat communication on Presence ratings showed no sig-

nificant effect (F (2,32) = 0.91, p = .41, partial η2 = .06).

5.4 Discussion

In this study, we investigated the effects of heartbeat on intimacy. In two experiments,

we manipulated heartbeat communication and measured self-reported intimacy and

kept interpersonal distance as a behavioral measure of intimacy. We expected that

in the conditions in which participants thought they were hearing the confederate’s

heartbeat, self-reported intimacy and kept interpersonal distance would be higher.

Manipulation checks confirmed that the manipulation was successful. In the first

study, everybody said they perceived differences in personal distances and sound.

Some people reported not seeing a clear difference between the two gaze conditions,

which might explain the somewhat lower effect size for gaze compared to interper-

sonal distance and heartbeat sound. In the second study, participants’ responses

when asked what they heard during the experiment were congruent with the condi-

tion they were in. Finally, both experiments confirmed that the effects of the heartbeat

sound were not due to increases in social presence.
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Figure 5.4 Birdseye view of (the end of) the paths the individual participants took for each of the
three conditions of cardiac communication. Grey crosses depict the path sampled at 15Hz. Black
dots represent the end point of each participant. The beginning position was at [0,0] for each
participant. The dotted lines depict the mean of each of the three conditions. The figure at the
top shows the position of the virtual confederate. Distances are depicted in meters.
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The results confirmed our hypothesis. In the first experiment, there was a large effect

of sound on self-reported intimacy. In addition, this effect was similar in size as that

of interpersonal distance and larger than the effect of gaze. This comparison is im-

portant as interpersonal distance and gaze are nonverbal cues that have been studied

widely and are uncontroversial as cues to intimacy (Andersen et al., 1998). The fact

that heartbeat sound had similar or stronger effects than these traditional nonverbal

cues strengthens our belief that heartbeat has a very strong effect on intimacy as well.

To test if this effect also had effects on behavior, we compared kept distance when

hearing a heartbeat sound or silence. Kept distance was almost twice as large when

hearing a heartbeat sound than when hearing silence. Taken together, these findings

show that heartbeat communication is similar to other nonverbal behavior cues in its

effects on both experience and behavior.

To further confirm that these effects were not merely due to hearing the sound of a

heartbeat, we ran a second experiment. The results of this experiment further sup-

ported the fact that heartbeat works as an intimate cue. Although the exact same

sound was used in all cases where participants heard a heartbeat sound, when the

participants thought they were hearing a representation of the confederate’s heart-

beat they kept a larger distance from this confederate compared to hearing a unre-

lated sound downloaded from the Internet or silence. The effect sizes and means of

experiment 1 and 2 were similar for the same conditions. Hence, the effects in experi-

ment 2 are not due to merely hearing the sound but because the sound was associated

with the confederate.

Because of the within-subject nature of experiment 1, there might have been a con-

firmation bias in the self-reported intimacy. We have tried to alleviate this concern by

showing a significant between-subject correlation of self-reported intimacy with kept

interpersonal distance. Nonetheless, for future work, it might be interesting to in-

clude self-reported and other behavioral measures (e.g., gaze) in a between-subjects

design to further investigate heartbeat communication effects.

One of the limitations of the current study is that the effects might have been caused

by the novelty of the heartbeat sound. We have tried to reduce this possible effect

by taking a quite well known and often aurally represented signal. Moreover, we have

parsed out the effects of the actual stimulus with the meaning of the stimulus. Nonethe-

less, compared to other nonverbal behavior, the perception of someone else’s heart-

beat is rather uncommon. Hence, as a direction for future studies it might be inter-

esting to see if these effects persist when people are subjected to repeated exposure of

heartbeat sounds. Furthermore, it could be interesting to compare other modalities

like the visual or haptic domain, to see if less common representations of the heart-
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beat signal lead to similar effects.

We chose to use the heartbeat signal for its familiarity. There exist common represen-

tations of heartbeat, like the sound we used, so it could be easily recognized. Addi-

tionally, heart rate is probably easily associated with emotions (Chapter 4). Nonethe-

less, beside heartbeat, the representation of other physiological signals may also be

suitable as intimate cues. Other physiological signals like skin conductance, respira-

tion, or skin temperature are also influenced by emotions. Hence, the same reasoning

of heartbeat communication as intimate cue can be applied to other signals. With

clear instructions or experiences people could learn to interpret these signals as inti-

mate emotional cues as well. Future research could focus on finding representations

of other physiological signals to see if they are also useful as intimate emotional cues.

Future research could also be directed at investigating possible mechanisms through

which the effects of heartbeat communication arise. The effects we found could for

instance be due to attentional differences between the conditions, which have been

shown to affect one’s own heartbeat perception (Parkinson & Manstead, 1981). They

could also be mediated by heartbeat entrainment (McGrath & Kelly, 1986), in which

one’s own heartbeat shifts towards the perceived rhythm. Such changes in heartbeat

could in turn change one’s experience. Hence, future research should incorporate

measures of such possible mediating factors to clarify what the active ingredients are

that make heartbeat communication an intimate experience.

Implications and applications

A lot of research has focused on the role of biosignals in emotions (Ekman et al., 1983;

Christie & Friedman, 2004). Converging evidence has shown that biosignals, and es-

pecially cardiac activity, play a central role in our own emotional experience (Valins,

1966). This knowledge has been employed in affective computing research, where

biosignals are often used as indicators of emotion (Fairclough, 2009; Van den Broek,

Lisý, et al., 2010). Many studies have tried to predict emotional state from biosignals

or have included biosignals in specific applications that deal with emotions (Van den

Broek, Lisý, et al., 2010; Janssen, Van den Broek, & Westerink, 2009).

Although biosignals are often employed in these human-computer interactions, this

is one of the first studies that shows the potential of biosignals in human-human

interaction. We have shown that heartbeats are experienced as intimate cues. Be-

cause heartbeat communication is an intimate experience, it could potentially help

establish and maintain closer connections between individuals, as sharing intimate

information improves closeness . This is an important mechanism, especially in a
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society in which individualism and loneliness are becoming more and more preva-

lent (Cacioppo & Patrick, 2008). Sharing heartbeats between partners might help to

reduce the impact being away from one’s loved ones has on health and well-being.

Future research is necessary to further clarify the long-term effects of heartbeat com-

munication on social connectedness and loneliness.

Our work shows that the effects of heartbeat communication are susceptible to com-

pensatory mechanisms of nonverbal behavior as suggested by Argyle and Dean (1965).

On the one hand, this might render practical application of heartbeat communica-

tion less useful, because intimacy effects can be compensated by reducing intimacy

in other channels. On the other hand, such compensatory changes are most likely to

happen only in cases where intimacy is experienced as too high, which is also the case

with traditional nonverbal signals. However, traditional nonverbal behavior allows

conscious control over what is displayed. Hence, one has the power to influence the

intimacy equilibrium through changing one’s nonverbal display. Therefore, to make

heartbeat communication useful in practice, it is probably necessary that users can

control what the display of their biosignals. In this sense, we can learn from expe-

riences in the domain of awareness systems, where the privacy considerations sur-

rounding automatic capture, processing, and display of personal information have

been a topic of study over recent years (Markopoulos et al., 2009). Taken together,

with the right technological implementation, it might be possible for heartbeat com-

munication to adhere to established communication dynamics and function as any

other nonverbal signal.

In addition, taking the central role that heartbeat plays in individuals’ emotions opens

up a window of other opportunities for the role of heartbeats in communication in

more general terms. For instance, communicating heartbeat information could im-

prove emotion recognition, which is a central aspect of social interaction (Levenson

& Ruef, 1992). By sharing heartbeat information in situations where other emotional

cues are lacking (like chat rooms), people are likely to understand each other better.

Furthermore, in face-to-face settings it is often problematic to correctly infer emo-

tional state as well (Zaki et al., 2008). Hence, in these settings adding extra emotional

information might be very beneficial. This might be especially beneficial for people

who have otherwise great difficulty in recognizing emotions, like autistic individu-

als. Cardiac communication could also play a central role in decision making, as our

emotions are essential to making fast decisions (Damasio, 1994). These often depend

on the people around us and the emotions they display. Biosignal communication

could enhance this decision making process by making emotions clearer and easier

to communicate.
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Applications of biosignal communication can benefit from recent work on wearable

technologies. Recently, a lot of work has been done on physiological sensors. Unob-

trusive wireless measurement of heart rate and other physiological signals is available

through several measurement platforms (Westerink et al., 2009; Hanson et al., 2009).

For applications of biosignal communication it is also important to have unobtrusive

actuators. These actuators will be domain dependent. If a mobile solution is nec-

essary, haptic representation of the heartbeat might be a good solution as it can be

integrated in existing devices that are worn on the body and does not interfere with

other perceptual modalities. In any case, more research is necessary to see what kind

of representations work well for the communication of biosignals. Future research

could for instance employ wearable technologies to track and display heartbeats in

more ecologically valid settings and over a longer time span. Such research is neces-

sary to establish the potential beneficial effects of heartbeat communication on social

connectedness, health, and well-being.

Conclusion

In this age of the Internet, in which people interact more and more with their com-

puters and less and less with each other, we need new ways to communicate emo-

tions and maintain close connections. Decades of research have shown the impor-

tance of physiological signals for our own emotional experiences. This study presents

evidence that physiological signals can be important communicative tools as well.

Heartbeats are shown to be a powerful intimate nonverbal cue. Because of the inti-

mate nature of heartbeat communication, it could potentially prove to be beneficial

for social connectedness. Similarly, heartbeat communication might also improve

emotion recognition and communication. This opens up a future in which we aug-

ment our natural emotion communication by new technologies that share the biosig-

nals carrying our emotions.



chapter six

Understanding heart rate sharing: Towards unpacking
physiosocial space

Abstract. Several studies have suggested that heart rate communication has
potential for improving social connectedness. Moreover, advances in biosens-
ing make it possible to include heart rate monitoring in applications. However,
it is unclear how people understand heart rate feedback, or what issues need to
be taken into account when designing technologies that include heart rate feed-
back. To explore this, we created a heart rate communication probe that was
used in two qualitative in-lab studies and a two-week field trial in participants’
homes. Results show that heart rate feedback is a strong connectedness cue that
affects the interaction in various ways, depending on a number of interrelated
factors. In particular, we found two distinct categories of effects: heart rate as in-
formation and heart rate as connection. We propose two mechanisms that could
explain these observations and draw out the implications they have for future use
of heartbeat communication to support social connectedness or other aspects of
social interaction.

This chapter is (partly) based on:
Slovak, P., Janssen, J.H., Fitzpatrick, G. (2012). Understanding heart rate sharing: Towards unpacking
physiosocial space. CHI’12 Proceedings of the SIGCHI conference on Human factors in computing
systems. In press.
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6.1 Introduction

Recent work has pointed towards the potential of heartbeat communication for in-

creasing social connectedness. Such studies are building on an increasing maturity

of biosensors (e.g., Mandryk, Inkpen, & Calvert, 2006; Fairclough, 2009). The imPulse

system by Lotan and Croft (2007) wirelessly transmits heartbeat rhythms to compan-

ion units, synchronizing light and vibrations with participants’ heartbeats. Similarly,

J. Werner et al. (2008) proposed the ’united-pulse’ system for sharing heartbeats, us-

ing pulsing rings to measure and present heartbeats. Interviews suggested that par-

ticipants from both studies expected that such systems can increase social connect-

edness. Finally, in Chapter 5, I showed that participants rate connectedness higher

after hearing another’s heartbeat. Moreover, participants adapted their nonverbal be-

havior towards the person they were hearing the heartbeat from in reaction to the felt

increases in connectedness. Together, these findings suggest that sharing heartbeats

could potentially be a powerful mechanism for awareness systems to increase social

connectedness.

Although previous work identifies the potential for heartbeat communication, it does

not investigate how people make sense of the heartbeat feedback or provide an un-

derstanding of why the observed effects take place (see also Chapter 5). It is important

to understand such mechanisms to aid design of potential systems for practical situa-

tions and to identify potential caveats and pitfalls of using heartbeat communication.

Furthermore, only relatively short studies in laboratory environments have been con-

ducted so far, and we have little understanding of how people might make sense of

heartbeat communication in more authentic social settings and over longer periods

of time.

In this chapter, we present the results of a qualitative study aimed at understanding

the effects of heartbeat communication in various contexts, using a technology probe

(Hutchinson et al., 2003). We first review HCI literature on social connectedness as

well as additional psychology literature supporting the idea that heartbeat feedback

might be a viable signal to support social connectedness. Next, we describe the tech-

nology probe and its deployment into the homes of couples, as well as the use of the

same system in two qualitative in-lab studies. Focusing on data from interviews, we

draw out the recurring patterns that appeared over both home deployment and labo-

ratory contexts. In particular, we discuss two core categories of HR sharing effects that

have emerged from our data: HR as information and HR as connection. We then pro-

pose a mechanism for each category, giving a plausible explanation for the observed

effects, and discuss their implications for future work.



6.2 Background 119

6.2 Background

Previous research has used several ways to support social connectedness (or a re-

lated concept, intimacy) between people, especially focusing on families and remote

couples (Brown et al., 2007; Dey & De Guzman, 2006; Markopoulos et al., 2009; Tsu-

jita, Tsukada, & Itiro, 2009; Garnaes et al., 2007; Vetere et al., 2005). Several studies

aimed to support the partners or family to get in touch with one another via vari-

ous kinds of messaging systems. In addition to using generally available technologies

such as videoconferencing (e.g., Ames, Go, Kaye, & Spasojevic, 2010) or exchange of

SMS messages, more elaborate concepts have been developed. For instance, Strong

and Gaver (1996) suggested systems that change the physical surrounding when a re-

mote partner interacts with another object. Similarly, Garnaes et al. (2007) designed

systems to allow the partners to send expressive and emotional messages using a per-

sonalized code language. Also, a number of systems have been developed to support

tangible communication with the partner, (e.g., Secret Touch by Vetere et al., 2005).

Other studies aimed at providing awareness of other’s everyday activities, either by

linking physical objects (e.g., pillows in the work of Scherini, Melo, Craenendonck,

Zou, & Kaptein, 2010), signalling happy coincidences (Tsujita et al., 2009), or sup-

porting sharing of background noises during empty moments (Lottridge, Masson, &

Mackay, 2009). Similarly, technologies such as the Whereabouts Clock (Brown et al.,

2007) increased the feelings of connectedness to other members of a family by provid-

ing coarse information about the other’s location (see also Dey & De Guzman, 2006).

People also often use tokens like an object linked to a shared experience, photo in

their wallet or picture in their office to reduce the felt interpersonal distance to peo-

ple they would like to be close to. This is in line with the large amount of evidence

from psychological research showing that closer interpersonal distance is strongly re-

lated to increased feelings of intimacy (Andersen et al., 1998; Argyle & Dean, 1965;

Mehrabian, 1972; Burgoon, 1978).

The work referenced above draws on several mechanisms to support social connect-

edness. For example, some of the work (e.g., Ames et al., 2010; Vetere et al., 2005;

Garnaes et al., 2007; Strong & Gaver, 1996) is building on the observation that inten-

tional exchange of messages with a loved one often increases feelings of connected-

ness (Markopoulos et al., 2009), as it implies we are being thought of and cared for.

Other work builds on the link between awareness (i.e., making the activities of a re-

mote other more visible in our life), and feelings of connectedness, as argued for ex-

ample by Dey and De Guzman (2006). In those cases, it is not the intentionality of the

act, but rather the background awareness of the other’s activities that matters.

As discussed in the Introduction, other work makes use of physiological sensors to
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communicate heart rate to increase social connectedness. For heart rate commu-

nication, it is unclear which mechanisms are behind the observed effects (Janssen

et al., 2010; Chapter 5). For example, one possible explanation might be that its ef-

fects are inherent to heartbeat itself, given that it is a well known bodily signal con-

nected in Western culture to love, life and emotions. Another possible explanation is

that the observed effects could stem from heart rate as a signal that provides back-

ground awareness of the existence of the other, which would correspond to a similar

mechanism as in the work of Dey and De Guzman (2006). There are, however, other

plausible explanations. For example, studies suggest that sharing heart rate could be

understood as an involuntary self-disclosure, which has been repeatedly linked to in-

creases in social connectedness (e.g., Dalsgaard, Skov, Stougaard, & Thomassen, 2006;

Laurenceau et al., 2004; Vetere et al., 2005). The underlying rationale comes in several

steps. In general, HR is strongly related to emotions. In a review of 134 studies, Kreibig

(2010) shows that HR changes during both negative and positive emotions. Related

literature also suggests that people tend to interpret (their own) heart rate informa-

tion in terms of emotions. Building on a seminal paper by Valins (1966), a number of

studies show how providing a false heart rate feedback influences participants’ per-

ceptions of the situation (see Parkinson, 1985, for a review). For example, when the

false heart rate was higher, participants judged themselves as being more aroused. In

line with this, I showed in Chapter 4 that people interpret heart rate information of

another person in a similar way.

Because people can interpret HR information as emotional, sharing heartbeats can

be seen as a form of self-disclosure. Self-disclosure is the revealing of personal infor-

mation to others (e.g., the revealing of emotions; Jourard, 1971; Archer, 1980). Many

authors have identified a strong relation between increases in self-disclosure and so-

cial connectedness (Laurenceau et al., 2004; Altman & Taylor, 1973; Reis & Shaver,

1988; Sternberg, 1988). The strong relation between self-disclosure and social con-

nectedness is related to the fact that people consider self-disclosures to contain valu-

able information, thoughts, and feelings. Therefore, self-disclosure also improves un-

derstanding and liking (Altman & Taylor, 1973; Ickes, 1997). In sum, heartbeat com-

munication might increase social connectedness as it can be seen as a form of self-

disclosure.

In summary, heart rate can play a role in social connectedness and controlled labora-

tory studies show that communicating heart rate can make people feel closer together

(Janssen et al., 2010). However, we do not understand the mechanisms underlying the

observed increases of closeness and if and how these play out in more authentic social

situations. A better understanding of these mechanisms will be useful for designers

in deciding which contexts HR sharing might be useful (e.g., synchronous communi-
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cation or background sharing), who might benefit most (e.g., couples, family, friends,

strangers), and what other effects it might bring.

6.3 Study method

To explore these issues we developed a technology probe for sharing HR and con-

ducted qualitative studies of its use in two different settings. In order to tap into the

initial reactions of a larger number of people, we set up two social interaction sce-

narios in the laboratory for 13 pairs of participants. To understand reactions based

on longer term use in a home setting, we also conducted 2 week deployments with 5

couples where they used the probe at home.

The technology for HR sharing

Following the suggestions of Hutchinson et al. (2003), we aimed to design a relatively

simple technology that would nevertheless give the participants a possibility to inter-

act with it freely, and, hopefully, use it in unexpected ways. The set-up for each par-

ticipant was based on a heartbeat belt (Zephyr HxM BT) and a standard laptop (HP

EliteBook 8440P), with the laptop connected to the heartbeat belts using Bluetooth

radio. Participants wore the belt on their body around their chest. The system logged

the HR and system status (e.g., receiving HR information or not) at 1.0 Hz. Further-

more, every time a setting was changed this was logged and the latest settings were

saved.

The laptop could present the HR information both visually and aurally. The two modes

of feedback ran independently, so the participants could choose if they wanted to use

both types of feedback at the same time, or select just one. The aural feedback was

implemented by increasing the volume of a sound linearly with increases in HR. We

provided the participants with two preselected sounds, namely soft rain and crackling

of campfire, aiming for sounds that could form a natural, unobtrusive background.

Furthermore, the system supported three types of visual feedback on the display of

the laptop. The first type used water ripples displayed over an image, either along the

horizon (where the position of the ripple indicated current HR), or at random loca-

tions (the number of ripples shown simultaneously corresponded to HR. The second

type consisted of an image that was linearly faded to black with decreases in HR. The

third possibility was a white number denoting the current HR on a black background,

with history over the last minutes on the bottom. Participants in the home study could

switch between the feedback modes at will, add and change the visualized pictures

and sounds, and also specify ranges in which the feedback would be active (see also
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Figure 6.1 The settings window depicts, from top to bottom, a status bar on top, the visualization
settings, and the sound settings. The status bar contains the system status, the HR, and battery
level of the heartbeat belt. The visualization settings contain buttons to select visualization type
or to turn it off. Specific options for each visualization type can be accessed by clicking its ‘op-
tions...’ button. The sound settings contain buttons to select the sound or turn it off and load
new sound files. For both the visualization and sound settings, the parameters of the HR range
can be adjusted.

Figure 6.1). The in-lab participants were provided with default settings, as mentioned

below.

Laboratory studies

In the two short-term in-lab studies, we wanted to tap into the initial impressions

of participants in two different contexts, specifically: watching a movie together and

doing a negotiation task. Participants got feedback using the same technology probe

system as in the home deployment. In the first in-lab study seven pairs of volunteers

participated. Participants (6 men and 8 women) knew each other mostly as colleagues

and friends, or in the case of one pair, romantic partners. All participants worked

at a large electronics company and were over 18 years old. When the participants

came into the laboratory, the system was explained to them. They put on the HR belts

and were asked to watch two videos together (when sitting on the couch next to each

other). Both videos were animated short pictures that have received various awards

at recent film festivals. The first was chosen to be slightly scary and the second funny,

to lighten the mood. Watching the movie took approximately 10 minutes. During this
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time, the participants could each perceive their own and other’s HR, first in the form

of the aural (5 minutes) and then visual feedback (5 minutes, ripples along the horizon

mode). After both movies, the researcher conducted a 20 to 30 minute interview with

the pair of participants about their experiences while watching the movies.

In the second in-lab study, six new pairs of volunteers participated (6 men and 6

women). The participants were recruited from the same population as in the first

laboratory study. In this study, the participants first watched an 8 minute long neutral

nature movie and were told that they can use the time to observe how their HR reacts.

The system presented HR feedback both in the visual (ripples on horizon) as well as

aural form. Afterwards, the participants played a task called the desert survival situ-

ation (as used by Bradner & Mark, 2002), in which they have to negotiate what items

are most useful for surviving in the desert. This took about 20 minutes. During this

task they could again see and hear their own and other’s HR feedback (on two differ-

ent laptops). After the task, the researcher conducted a 20 to 30 minute interview with

the participants about their experiences during the tasks.

Home deployment study

Five couples participated in the home deployment studies. Household A consisted of

a married couple in their late 20s, both with a post-graduate education and working

at a university. Household B consisted of a couple in their late 20s, who have been

together for 2 years. Both have a PhD degree, John is a physicist and Maddie a medical

doctor. Household C consisted of a couple in their early 20s, who have been together

for 1 year. Both were post-graduate students at a university, on topics of HCI and

Design. Household D was a family of 4: the father works as a Senior Manager at a big

electronics company, the mother is a kindergarten teacher. They have two sons, aged

14 and 16. Household E consisted of a couple in their 20s, who have been together for

5 years. Stacy has just finished her master’s degree in Design, and Brad has a PhD in

Chemical engineering, working at a research department of a medium sized company.

This sample was selected partly for convenience reasons and partly for the idea that

highly educated relative young couples are likely among the first to adopt such novel

technologies under investigation in this chapter.

The home deployment started with an hour long session in which the researcher vis-

ited the home of the participants and explained the working of the system. Partici-

pants were told that they could use it in any way they wanted including changing the

feedback, to feel free to explore, and that we were interested in their experiences with

it. Apart from asking the participants to try out the system during the first two days, we

left the decision whether, when, and how long to use the system up to them. We also
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Figure 6.2 The diary probe package consisting of different stickers and colorful small objects to
subtly promote playful behavior.

did not tell them anything about the fact that we were interested in social interaction

and the effects of HR on this. Participants then tested the system and the researcher

left when everything was clear and setup properly. Participants also received a probe

package with a diary to stimulate them in thinking about possibilities of the system

and record experiences they had with it (see Figure 6.2). The diary contained various

stickers and colorful small objects to subtly promote the playful behavior we were in-

terested in. Participants were encouraged to write something in the diary once a day

regarding their experiences with, ideas about, or suggestions for the interaction with

the probe. They were told that there were no right or wrong answers and that all ideas

would be appreciated. They were encouraged to use any materials they wanted to use

in the diary. Finally, we told them that the diaries could be kept private if they did not

want to disclose them, but that we otherwise might use them as a guideline during

part of the interviews later on. All participants were ok with this.

After a week of use, the researcher conducted an interim interview with the partic-

ipants for about 30 to 40 minutes. We were interested in their initial experiences,

asked them to tell us notable stories from the last week and went through their di-

aries together. We were also interested in any changes to the system the participants

would like, and whenever possible, tried to provide them with it (see, e.g., the poker

game described in the next section). Finally, after two weeks of use, the researcher
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conducted a final interview with the participants lasting about one hour on average.

We were interested in the situations they used it in and whether it changed their inter-

action in any way. We tried to explore what the participants found important during

their experience with the system rather then strictly following a prepared interview

guide. The issue of social connectedness was often brought up by the participants in-

dependently, in which case we probed more deeply into it. In other cases, it was one

of the last questions, in order not to skew participants’ responses.

Analysis

We analyzed the data by first transcribing the interviews and then conducted the-

matic analysis of the data. Two of the researchers went through all the transcriptions,

diaries and recordings of the interviews independently and identified concepts and

issues that were present in the data. We used a bottom up approach, with the con-

cepts arising directly from the data, not from a predefined framework. The findings

were then compared and clustered. In case of disagreements, we went back to the au-

dio recordings to check our findings and resolved the issues. It turned out that there

was a large overlap between the statements of the home participants and the in-lab

participants. Therefore, we decided to combine them in a single analysis. Were there

were difference between them, this has been explicitly stated in the results.

6.4 Overall usage and reactions to the tech probe

This section presents an overview of the observations concerning the design and us-

age of the system. Due to the fact that the main concern of this chapter is with the

interpretation of HR feedback by the participants in social settings, rather than the

design of the feedback system, we will keep this section brief.

With regards to usage, our short-term in-lab participants were generally interested in

the HR feedback, often comparing their HR with their partner’s and doing little ex-

periments (e.g., “what happens when I stand up”). They had similar reactions to the

design as the home participants did initially. All of our home participants were ini-

tially very excited about the probe and were curious to see how their heart reacted

to various situations. This initial curiosity and engagement wore off after a few days

and all our couples reported that they quickly knew what to expect with their HR in

everyday activities and it became boring very quickly. As Annie put it in the final inter-

view, “It’s not very exciting to monitor your HR [in everyday situations] because it’s you

know always between seventy and hundred”. However, most of our participants still

tried various experiments throughout the test period to explore their HR changes: for
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Figure 6.3 Setup for the poker game consisting of six players each having their own laptop show-
ing their current HR. Names blurred to protect participants’ privacy.

instance, they tried emotionally intense movies (e.g., Clockwork Orange), darts, play-

ing computer games, physical activity etc. One couple in particular (Household A)

thought it would be interesting to use the system while playing poker and requested

4 additional laptops for one night when they had friends over for a poker game. They

enjoyed the game immensely, and considered it the highlight of the whole deploy-

ment.

With regard to feedback, most participants found that hearing the HR is not informa-

tive at most everyday moments, and continuous monitoring requires attention that

does not provide enough value. In this sense, continuous audio feedback provided the

needed information, but was often obtrusive in moments when nothing happened.

Instead, they would prefer notification of significant changes of HR in combination

with the possibility for more precise readings when paying attention. Similarly, the

visual display gave detailed information, but it required too much attention if mon-

itored continuously. Participants suggested notifications based, for instance, on a

short sound when reaching a given threshold, or changes in lighting in the room (i.e.,

in the background and unobtrusively). Participants also noted that the laptop was of-

ten too heavy and big to carry around easily, and would prefer tablet-like devices to

provide a more fluent movement of the feedback throughout the home.

We saw some differences in extent of usage of the system between households. House-

holds A, B and D used it quite often, with the system running on 9, 8, and 10 days

respectively (the average usage in minutes per participant was approximately 2200,

800 and 1200, respectively). The remaining Households C and E used the system less

often: Household C on 3 days, for approx 200 minutes altogether; Household E on

5 days, for approximately 600 minutes altogether. The differences in usage between

households A, B and D arose from various work related constraints, due to spending
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a few nights out of the apartment. The participants from households C and E were

all quite busy with work related activities during the evenings. This might be one of

the reasons they did not experiment with the system so much, never tried it out in

situations different from everyday routine, and did not use it much after the initial

curiosity wore off.

6.5 Effects of heart rate sharing

Our particular focus in the analysis was on how people used and interpreted HR data

in the various social situations. We present the data from both the shorter-term in-

lab studies and home deployments together as most of the concepts appeared con-

sistently over both contexts. We identified two main categories in our data: HR as

objective information about one’s own or someone else’s internal state and HR as a

direct connection to the other, without the need for HR to give any understandable

information about the others’ state.

HR as information

A large majority of participants from both the short-term in-lab and longer-term in-

home studies consistently related HR to emotions (or stress). They tended to interpret

both their own and others’ HR information accordingly. However, the ways in which

participants interpreted HR and the effects it could have on them were influenced by

several interrelated factors: availability of context (e.g., non-verbal cues; Schachter &

Singer, 1962), how relevant emotions were in the situation, and the type of relation

they had with the person they perceived the HR from. In the rest of this section, we

provide an overview of these recurring patterns in our interviews.

First of all, we found differences among our participants with regard to the extent of

interpretations they thought were possible from heart rate. Some participants were

optimistic, expecting that HR “actually shows what you’re thinking, what is going on

in your mind” (Erik, Lab 2). Others had lower expectations of HR interpretation. For

instance, Abby (Lab 2) thought that “you can’t draw direct conclusions from it, but it

is a measure of not being completely settled”. Even if the participants were unsure of

what information they could get out of HR, just the presence of the feedback made

them think about possible interpretations. For instance, Debbie (Lab 2) said: “I think

this is a bit distracting, because even if you can’t interpret much, you’ll start thinking

about it, just because you have the information”. Similarly, many participants thought

they would not be able to hold back on interpreting.



128 Chapter 6 Understanding heart rate sharing

Need for context

Although most participants thought HR could be interpreted to a certain extent, they

all acknowledged that there is a need for additional cues to guide the interpretation.

As Marianne (Lab 1) put it, “you also have to know what that person is doing because

otherwise [you’d think] oh he’s nervous but he’s just walking up the stairs.”

Similarly, the general understanding among our participants was that while you might

try to interpret HR even without sufficient additional cues, you will not get it right.

Mary (Lab 1) said: “without the context you cannot really interpret it, you can only

misinterpret it” (emphasis Mary’s). Having additional cues to interpret HR remained

important, even after two weeks of usage. For example, Annie (Home A) talked about

calling her parents on Skype while sharing HR: “In face-to-face I have the impression

that [the HR feedback] is natural and everything [is] clear, but here when I have the

video and the HR, then the interpretation might not be correct, they might think some-

thing else, they might misunderstand me ... I would expect such kind of effects ... Not

that much in face-to-face though.”

Emotional relevance of situation

Having enough context to make the interpretation of HR plausible did not necessarily

mean that the participants felt that HR is adding any new or interesting information.

Our participants generally expected that interpretation of HR feedback could provide

additional information only in situations that are emotionally relevant for them or

their partner. For example, Abby (Lab 2) says “[It was ok to show HR to a friend] it’s

nothing to be embarrassed about, it’s just a heart rate”. Nonetheless, a few minutes

later she continues to say that “but I guess that when you’re in the middle of a social

interaction that is not completely casual to you, you wouldn’t want the other person to

see”.

In particular, participants often mentioned that HR feedback would be most effective

in situations where there is something to conceal or, more generally, where one wants

to setup an impression. Participants usually added that they would not like to share

their HR during such moments; that it feels “too personal”. For example, Margit (Lab

2) was thinking about HR feedback during an interaction with her boss: “[I wouldn’t

like this] because sometimes, you can look like you’re not that stressed and in fact you

are”. Furthermore, participants remarked that they could not control the HR. For in-

stance, Mary (Lab 1) said “its weird. . . because it’s your own but you cannot control

it.” In contrast, participants were happy to share HR during less emotionally relevant

situations. As Margit (Lab 2) talks about the lab session, “we didn’t have any really per-

sonal things to do, it was just the movie and this task ... I think it’s not enough personal
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to use this information”. Similarly, Annie (Home A), said that she probably wouldn’t

mind having the HR feedback on the door of her office during casual work days, as

“I think it wouldn’t be very interesting for other people because it would be somehow

constant [. . . ] but if it were interesting, then I would mind.”

Effect of relationship type

Besides the emotional relevance of the situation, expectations of how informative HR

could be also depended on the relationship between the interacting individuals. In

particular, participants were often much more concerned about sharing their HR with

someone they did not know well. This was common to both in-lab as well as home

participants. For example, when we asked John (Home B) during the final interview

to tell us with whom he would not be comfortable sharing his HR, he said: “People

who you don’t want to tell every, all ins and outs immediately ... who you want to keep

distance sometimes.” Similarly, Annie (Home A), said “If they are a complete foreigner

to me and they are commenting on my physiological state ... I wouldn’t like that.”

Although participants would only want to share HR information with people they

know well, both the interviews from the in-lab studies as well as the home deployment

indicate that participants felt that HR does not bring new information when the other

person is well known. In particular, most participants felt that in a long term relation-

ship, the HR sharing usually does not add any new information into what you already

should be able to understand from other social cues. As Mary (Lab 1) commented:

“Its like sending text messages when you’re in the same room ... why not just talk to

each other.” In line with this, none of our home participants expressed any problems

or issues with sharing their heartbeat with their partner in everyday situations. The

only situations suggested by our home participants, where HR might reveal some-

thing new in a long-term relationship, were tied to emotionally relevant contexts, in

which one would like to conceal his/her internal state, such as during a fight or when

telling little white lies.

All in all, these findings suggest that for situations in which HR could be used as in-

formation, people would not want to share it. The only exception were games or gen-

erally fun activities that were more low-risk emotional contexts. An example was the

poker game at Annie’s and Michael’s place, where the HR feedback played a major role

in the experience. Michael (Home A) told us: “People were quite enthusiastic about it.

When we were receiving the new cards, everyone was looking there, just to check what’s

there ... because you know, you have the poker face, but there is everything”.
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HR as connection

HR as a connection came up as a different aspect of HR communication indepen-

dently for three of our home deployment couples and two pairs from the in-lab stud-

ies. In contrast to findings about HR as information, HR as connection seems to be

based on the feeling of being connected to the other just by the fact that the partner’s

HR is available. This was independent of the additional information the other’s HR

could provide.

The three couples felt that the HR can provide a particular form of a direct connec-

tion to the other person. For instance, Michael (Home A) came up with the idea of a

living picture frame, where you would have the photo or another link to the person,

together with his/her HR. Relating to this, Michael said: “I see it moving and it is some-

how connected ... you can see that something is happening there ... much more directly

connected to the other person. Always a bit different, when you see it, you don’t know

what the others are doing, but you know that they are doing something.” In response,

Annie, his wife, remarked: “[laughs] ... like that I’m existing, that I’m still alive”. Sim-

ilarly, Maddie (Home B) thought that such feedback could help her be closer to her

partner. “I think if you have something very important like an interview or something,

then the other can see”. John, her husband agrees and continues “It’s like that you can

feel what the other person feels .. ” Maddie: “That you sort of together you go through

something.” In the same vein, Adrian (Home D) remarked that “[HR] would help to

create a bond [...] If you are far away, and you can hear the other’s heartbeat, I can

imagine that would work. You have much less contact with someone overseas, so there

it could be beneficial ... it would create the feeling of being much closer to the other.”

All three couples noted that this HR as connection is most relevant in situations in

which they are physically apart (although the distance between them does not need

to be large). For example, John (Home B) said during the interim interview: “I like the

fireplace sound when Maddie is doing something in the kitchen. . . so then the computer

is here [living room] and I hear this firesound ... yeah, it’s a little bit like somebody is

present, that’s nice.” He again mentioned this in another interview a week later as one

of the highlights of the technology probe experience: “[And what I liked most was]

when I heard Maddie in the kitchen. It’s like communicating in a different way [...]

there is at least some link ... It would be nice if you had something [at your work] and I

would have it [at my work].” This could be also one of the reasons why this effect was

not mentioned often by our in-lab participants, who spend all of the time co-located.

The participants made it clear that for the effect of HR as connection to take place, less

context is better. They mentioned two types of reasons for this. First, to get context
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about the current activities of the other, you need to be already connected; either by

physically being together, or for example talking on the phone. In such cases, the HR

would not add to the feeling of connection that was already existing. Second, less

context also reduces privacy concerns as it would be more difficult, if not impossible,

to interpret HR without context. Michael (Home A) says: “ [just] HR is less intrusive, in

a sense. If you have video its like sort of surveillance ... if you just have HR it doesn’t tell

you anything ... just that someone is moving, or is agitated somehow”.

In sum, these findings show that although HR might be problematic to use as informa-

tion in practical applications, most of the couples from the home deployment agree

that HR communication could have value by providing a feeling of connection. As

suggested by our participants, this could be for instance implemented in a picture

frame or some other unobtrusive display that can be put in the background and does

not take a lot of attention. Especially because the viewers of such displays would not

know the context in which the HR is displayed, participants did not express privacy

concerns for this way of using HR communication, as long as only close family mem-

bers can see it.

6.6 Discussion

To gain insights into possible mechanisms underlying the effects of sharing HR, we

deployed a technology probe for sharing HR in two in-lab studies and in a two week

home deployment. Interviews with participants in the in-lab and home deployment

studies showed that HR can provide information about another and that HR can cre-

ate a connection to another. In this section, we propose two mechanisms that could

help in understanding our results. For HR as information, we suggest that the ob-

served effects could be explained in terms of impression management. Similarly, we

propose that the effects of HR as a connection can be understood based on the idea

that people perceive the source of HR feedback as a representation of a part of their

body, even if it is physically remote. Finally, we discuss the implications these mecha-

nisms have for future work.

HR as information

Our results show that participants tended to interpret HR in terms of emotional states.

In that light, participants often considered HR as an objective signal about one’s state

that cannot be voluntarily controlled. This corresponds with findings of studies that

gave participants false feedback on their own HR (Parkinson, 1985; Valins, 1966). These
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studies suggest that people tend to reappraise situations when there is a mismatch

between their understanding of the situation and a change in HR.

The results showed several interrelated factors that can influence the extent to which

HR is informative: participants thought that having context (e.g., other nonverbal

cues) could help by guiding the interpretation of the HR. This shows that our par-

ticipants acknowledged the multi-facetedness of HR, where its changes can have dif-

ferent meaning depending on the context (Fairclough, 2009; Kreibig, 2010). HR was

also thought to be more informative in situations in which emotions were relevant

to the interaction or to one of the interactors. Additionally, the type of relationship

between the interactors also influences if HR can be informative. Yet, in most of the

cases where people expected the HR to be informative, they were not willing to share

their HR. We think that it can prove useful to explain these findings by the idea that

HR sharing undermines impression management.

Impression management can be understood from the idea that social interaction can

be viewed as a form of role playing, as postulated in one of the most influential works

on impression management by Goffman (1959). In this role play, each individual tries

to set up an impression (e.g., that of an eager, hardworking, funny, or serious indi-

vidual) for those he or she interacts with. Goffman uses a theater-based metaphor to

explain the interplay between a presenter as well as his or her audience. The audience

is usually expected to play along, helping the individual to maintain the plausibility

of the situation (i.e., the role he or she tries to convey).

As HR was perceived by our participants as both uncontrollable and related to emo-

tions, it is plausible that participants could feel that their impression management

was undermined if others could use their HR to reappraise the impression they try to

present. We argue below that this would explain why HR sharing felt more informative

in situations where (hiding) emotions is relevant, as well as the changes in effects de-

pending on the relationship type. In situations where one wants to appear differently

from what one actually feels (e.g., confident during a presentation, while actually feel-

ing nervous), HR sharing might undermine this impression management. In contrast,

our participants were generally fine with sharing the HR in everyday situations that

were not emotionally relevant. In these situations, emotions are not important for

keeping up appearances.

Seeing HR as undermining impression management could also explain the fact that

the type of relationship participants had with the person they were sharing HR with

could influence how comfortable they felt about sharing HR. For instance, partici-

pants tended to feel more comfortable sharing their HR with their romantic partners

than with strangers. This can be explained by the observation that when relationships
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become closer, the amount of self disclosure increases (Laurenceau et al., 2004; Vet-

ere et al., 2005), lowering the need to keep up appearances. Furthermore, our inter-

views suggest that participants feel that sharing HR implies a willingness to disclose

emotional information, which might not be congruent with an impression one wants

to give when interacting with people one is less close with (e.g., Goffman, 1959). In

general, the described threat to impression management would also explain the con-

sistent uncomfortableness with sharing HR feedback in situations where it could add

new information, as HR sharing in this case precludes our ability to manage how oth-

ers view us. An exception was the poker game in which impressions management was

a playful element of the game.

It is also possible to link the assumed HR effects on impression management to the re-

ported increases in closeness. First, initiating the sharing of HR can be seen as a form

of emotional self-disclosure in situations where emotions are a part of impression

management. Emotional self-disclosures have been repeatedly shown to increase

feelings of connectedness (e.g., Laurenceau et al., 2004). This is in line with the idea

that people believe that HR can reveal emotional information which you would nor-

mally choose not to show and that it therefore undermines impression management.

Second, the psychological literature on intimacy builds on equilibrium theory, that

states that people try to keep a certain intimacy equilibrium with their interaction

partners (Argyle & Dean, 1965; Chapter 5). Whenever the interaction becomes too

intimate, people will start to feel uncomfortable and will try to reduce the intimacy

in the interaction (Andersen et al., 1998). Altogether, in situations in which sharing

HR can be regarded as a form of emotional self-disclosure (i.e., those where emotions

play a role in impression management), it seems that sharing HR leads to increases

in closeness. However, as people cannot control HR, the self-disclosure is not con-

trollable and may lead to interaction that feels too intimate. Moreover, people keep

different equilibria with different people, depending also on their relationship status

(Argyle & Dean, 1965). This is in line with the observations that the HR feedback did

not feel uncomfortable for long-term couples as opposed to strangers.

In sum, people seem to understand HR as a potential route to others’ feelings. We

think it can be useful to see this as a constraint on impression management in cases

where people want to manage their emotions. Exceptions to this are situations of low

self-risk, like a game, in which impression management is a part of the play.

HR as a connection

Beside the finding that HR can be informative, our findings also suggested that some

participants thought HR could be valuable as it provides a direct connection to an-
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other. It is important to separate this from HR as information, as there are some

fundamental differences between them. For example, with HR as information, par-

ticipants consistently said that there was a need for context in order for the HR to be

informative. In contrast, with HR as connection, participants suggested that less con-

text was better. Instead of being able to interpret the HR, participants remarked that

it was more important that the HR was available and coming from someone they feel

close to. This suggests that the results of HR as information and HR as connection are

based on separate mechanisms.

We suggest that the effects of HR as connection can be based on the idea that partici-

pants saw the HR as a part of the other. For example, participants used statements like

“someone is living there”, “she is present here with me”, “direct connection” to talk about

the HR feedback. This suggests that having the HR feedback can feel as if a part of the

other is (physically) closer. Such a physical connection can be compared to tokens of

loved ones that we sometimes keep close to us, like pictures or jewelry. If enhanced

with HR, the token might be more potent as it is not just a static representation of the

other, but it seems to create a continuous open connection with the other.

The idea of HR having value as a continuous open connection is in line with previous

work in HCI on supporting intimacy for remote couples or close family (e.g., Strong &

Gaver, 1996; Vetere et al., 2005; Lottridge et al., 2009). In that work, feelings of close-

ness were often created through explicit actions that express thinking of the other

(Strong & Gaver, 1996) or by facilitating the feeling of awareness (Dey & De Guzman,

2006). Both processes can lead to presence in absence. In this vein, sharing HR can

also be seen as a way of creating presence in absence, as it facilitates awareness and

might trigger actions that express thinking of the other. An advantage of using HR for

this might be that when there is no context, HR is difficult to interpret and partici-

pants might not be concerned with privacy issues of sharing their HR with their close

ones.

Implications and future work

We identified two core categories of effects appearing during HR sharing (i.e., HR as

information and HR as connection), and suggested two possible mechanisms, namely

HR as threat to impression management and understanding the source of HR as rep-

resentation of the body. One way of looking at these two mechanisms is to note that

HR as a threat to impression management has to do with HR from a sender perspec-

tive, whereas HR as a representation of another’s body has more to do with HR from

a receiver perspective. One could say that many people found sending out HR in-

formation more problematic from a privacy perspective, then receiving HR informa-



6.6 Discussion 135

tion. This mirrors many of the discussions on privacy in awareness systems, in which

sender-receiver asymmetries are seen as one of the most influential factors in privacy

issues (X. Jiang, Hong, & Landay, 2002; Markopoulos, 2009).

Our results suggest that, due to the effects on impression management, HR sharing

might not be a viable way to improve closeness in workplace related situations, or

everyday encounters of strangers, friends and collocated couples. However, our re-

sults do not imply that all HR sharing must be uncomfortable or ineffective. On the

contrary, when impression management is not an issue, HR as information could be

useful. For instance, in self-reflective situations in which people are learning or train-

ing their social skills (e.g., marital therapy), it could be important to understand the

differences between impressions one puts up and the underlying feelings one has.

Therefore, HR feedback could have useful effects in such situations. Another possi-

bility is to use HR as information based on composite signals (i.e., combining phys-

iological signals from different people together), which was also suggested by some

of our participants. For example, composite signal based on synchronization of HRs

can, for instance, indicate situational empathy (Levenson & Ruef, 1992). Using such

indicators and reflecting them back to people might improve their social interactions

(Balaam et al., 2011; see also Chapter 7 and 8). Moreover, if such feedback methods

use composite signals, they might not necessarily affect the impression management

in the same way. As such, sharing composite feedback of HR might be a viable alter-

native to using individual signals that could be explored further.

It seems that HR feedback might support feelings of closeness for remote couples.

Several of our participants from the longer-term in-home study found that it brought

them closer to another, without undermining impression management as the HR was

not interpreted. We suggest that this effect could be based on understanding HR feed-

back as a representation of the other person, directly connected to him/her. We ex-

pect that using haptics to represent the HR might increase closeness even more than

visual or aural presentations, as it further reduces physical distance to the feedback

source. Hence, HR sharing could serve as a basis for future systems enhancing social

connectedness for remote couples.

More generally, while many studies in HCI focus on interpreting physiological sig-

nals automatically by machines or researchers (e.g., Fairclough, 2009; Mandryk et al.,

2006), this work explores another approach for using physiological signals in HCI, by

focussing on what the people themselves make of the provided feedback, and apply-

ing it in a social context. The utility of such an approach is supported by recent work

of Sanches et al. (2010) on personal HR feedback, suggesting its usefulness for self-

reflection; as well as social psychological research showing that false HR feedback in-
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fluences one’s perception of a social situation (Wild, Clark, Ehlers, & McManus, 2008).

We recognize that this exploratory study is limited in several ways. For instance, we

tested only a particular form of feedback design. Other design decisions (e.g., tac-

tile or light-based feedback devices) might yield different effects. Additionally, this

study uses a combination of short-term in-lab explorations and a longer-term in-

home study with couples. Our results show that the core observations appeared con-

sistently in both these contexts. Further research would be desirable to verify and

replicate our findings with users interacting in different cultural and situational con-

texts, as well as with different relationship types (e.g., strangers). Finally, further work

is needed to test the suggested mechanisms behind the HR as information and HR as

connection, for example by experimental studies building on prior psychology work.

Future research could also investigate if our findings generalize to other bodily sig-

nals. For example, we suggest that the effects in the HR as information category are

based on the participant’s expectation that HR is interpretable in terms of emotions.

Therefore, we expect that these findings generalize to any bodily stimulus that par-

ticipants could interpret in term of emotions, like skin conductance or temperature.

Such signals are then just as likely to undermine expression management as HR is.

Conclusions

This work has explored the possibilities of HR communication, providing a first step

towards understanding the mechanisms behind physiosocial interaction. We sup-

ported the suggestion that heart rate communication can have strong effects on inti-

macy. Moreover, we advanced previous studies by describing how these effects change

in various contexts and identify two core categories of effects arising from HR shar-

ing in our data: HR as information and HR as connection. Finally, we proposed two

mechanisms, namely HR as a threat to impression management and as a connection

to the other’s body, that could help understanding the interplay between factors influ-

encing the effects HR sharing and draw out their implication for further work in this

space.

This work also connects to the recent interest on biofeedback technologies, suggest-

ing additional opportunities for applications based on physiological signals, applied

in social situations. We believe that such physiosocial technologies form promising

possibilities for future communication technologies, and we hope that this work pro-

vides a step towards unpacking the physiosocial design space.



chapter seven

Three categories of empathic computing to augment
human interaction

Abstract. Empathy can be considered one of our most important social pro-
cesses. In that light, empathic computing aims to develop technologies that can
augment empathy between two or more individuals. To provide a basis for such
technologies, a three component framework is presented based on psychology
and neuroscience, consisting of cognitive empathy, emotional convergence, and
empathic responding. These three components can be situated in affective com-
puting and social signal processing and pose different opportunities for empathic
technologies. To leverage these opportunities, automated measurement possi-
bilities for each component are identified using (combinations of) facial expres-
sions, speech, and physiological signals. Thereafter, methodological challenges
are discussed, including ground truth measurements and empathy induction. Fi-
nally, a research agenda is presented for empathic computing. This framework
can help to further research on empathic computing and ultimately bring it to
fruition in meaningful innovations. In turn, this could enhance empathic behav-
ior, thereby increasing altruism, trust, cooperation, and bonding.

This chapter is (partly) based on:
Janssen, J.H. (Submitted). A three component framework for empathic computing to augment human
interaction.
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7.1 Introduction

In the previous chapters, I identified different ways in which physiological signals can

be used to augment social interaction. The research in those chapters was largely

based on the notion that physiological activity is strongly related to emotions. There,

physiological signals were used to enhance communication of individual emotions.

Having assessed effects of individual emotions, I will now focus on the interplay be-

tween emotions of interacting individuals. Such interplay of emotions is often re-

ferred to as empathy (Batson, 2009). Empathy has an important role in bonding and

social connectedness and is therefore relevant for the research question in this dis-

sertation. Moreover, in Chapter 6, the interplay of physiological signals and emotions

between different users was mentioned by participants as an interesting area to ex-

plore. Combining such signals seemed especially useful as it can emphasize the con-

nection between individuals and possibly overcomes privacy issues associated with

displaying individual biosignals. Therefore, the following chapters shed light on the

possibilities of physiological computing for empathy enhancement. This starts with

a theoretical framework presented in this chapter. Subsequently, in Chapter 8, the

framework will be applied in two empirical studies.

Imagining a world without empathy paints a grim picture for humanity. Empathy is

at the basis of cooperation, bonding, altruism, morality, and trust (Batson, 1991; Hoff-

man, 2000; P. A. Miller & Eisenberg, 1988). Moreover, evolution of the human race has

strongly depended on empathy as a necessary process to facilitate social support and

enhance chances of survival (Preston & De Waal, 2001). In other words, the ability to

share our feelings with those around us is one of the most important social processes.

Although we are biologically wired to be empathic, several scholars have argued that

there is a need for more empathy. According to Rifkin (2009), the rise of Homo Em-

pathicus is the main force against the degeneration of our planet. Therefore, failing

to become more empathic might jeopardize the existence of the human race. In the

same vein, De Waal (2009) has argued that more emphasis on empathy instead of

competition and individualism can help to prevent future social and economic crises.

One way (among others) to improve empathy in human interaction could be through

technological innovations. Artificial systems could be used to tap into empathy pro-

cesses inherent in humans (Marci & Orr, 2006; Levenson & Ruef, 1992). Such systems

might make empathy a more salient and influential construct in human interaction.

Furthermore, they could help to signal empathic deficits and train people in empathic

responding. In turn, this might have a beneficial influence on our societies and revive

empathic values (De Waal, 2009; Rifkin, 2009). Research on such empathy-related

systems will be referred to as empathic computing throughout the rest of the disserta-
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tion. Hence, empathic computing systems are the class of systems that can measure

empathy between humans and respond appropriately.

Recent investigations in neuroscience and psychology provide insights in the pro-

cesses involved in empathy (Decety & Jackson, 2004; Decety & Ickes, 2009). As Decety

and Jackson (2004) argue, there is now considerable agreement among psychologists

and neuroscientists that empathy consists of three different aspects: recognizing some-

one else’s emotional state (i.e., cognitive empathy), the convergence of feelings be-

tween people (i.e., emotional convergence), and responding to those converging feel-

ings (i.e., empathic responding). Hence, although recognizing someone’s emotional

state is a part of empathy, empathic processes entail more than just knowing how

someone feels. Instead, one’s responses to others’ feelings are an inherent part of

empathy (Decety & Lamm, 2007). These three aspects form the core of the frame-

work that will be elaborated in the next section and provide the basis for empathy-

enhancing technologies. Furthermore, the three aspects highlight the importance of

considering empathy as a property of a social interaction, as opposed to a property

of an individual. This is underlined by the fact that all three aspects of empathy are

stated in terms of interactions between people.

Combining the empathy framework with advances in computer science provides a

strong basis for empathic computing. In that light, affective computing and social

signal processing are the most relevant fields to consider (Picard, 1997; Vinciarelli,

Pantic, & Bourlard, 2009). Affective computing is the field that tries to develop ma-

chines that can recognize emotions and respond appropriately to them (Picard, 1997;

Petta, Pelachaud, & Cowie, 2011; K. R. Scherer, Bänziger, & Roesch, 2010). Over the last

decade, research on all kinds of different aspects of affective computing has rapidly

increased. Computers are now able to automatically detect and recognize different

emotional states from facial expressions, speech, and physiological signals (Calvo &

D’Mello, 2010; Zeng et al., 2009). Moreover, other studies have focused on synthesiz-

ing emotions in (conversational) agents to improve social interactions with artificial

entities (Pelachaud, Badler, & Steedman, 1996; Gratch et al., 2002; Rosis, Pelachaud,

Poggi, Carofiglio, & Carolis, 2003; Turk & Schroder, 2010). This provides a useful

knowledge base for further inquiries specific to technologies focused on empathic

interactions between humans. In that light, empathic computing can be seen as a

part of affective computing. Where affective computing focuses on many different in-

teractions around emotions, empathic computing focusses specifically on empathy-

related systems and interactions.

The recent emergence of social signal processing is also of importance for empathic

computing. Social signal processing investigates machines that automatically iden-
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tify and track social signals that humans display during their interactions (Vinciarelli

et al., 2009). This research is mainly targeted at detecting the nonverbal behavior that

permeates our interactions (Burgoon et al., 1995). Examples of such nonverbal signals

are posture, facial expression, gestures, vocal characteristics, gaze direction, or inter-

personal distance. Note that these need not necessarily relate to emotions. However,

as I will show, many of these social signals are involved in empathic interactions. This

situates social signal processing at the core of empathic computing.

There have been some studies that have tried to measure or augment empathic as-

pects of human-human interaction. For instance, the work of Pentland (2005, 2008)

shows how speech parameters can be used to extract several interaction parameters

like mimicry and intensity. As shown below, these parameters can be related to em-

pathy. Furthermore, some studies have tried to measure empathy through synchro-

nization in physiological parameters (i.e., similarity in physiological changes between

two or more individuals). For instance, Marci, Ham, Moran, and Orr (2007) have

linked therapist empathy to physiological synchronization. Additionally, Gottman

and Levenson (1988) have related physiological synchronization to marital experi-

ences. Other research groups are focusing on specific patient groups, like those suf-

fering from autism spectrum disorder who have great difficulty engaging in affective

interactions (Kaliouby et al., 2006). Some more examples of empathic computing in-

clude the work of Sundström et al. (2007) who developed eMoto, a closed-loop emo-

tion system for mobile messaging based on gestures. Furthermore, in Chapter 5 and

6, we worked on using physiological signals as intimate cues. There we showed that

communicating a heartbeat signal can transform our experience of a social situation

and the behavior we display towards the person we are interacting with. Another ex-

ample comes from Balaam et al. (2011), who showed that subtle feedback about in-

teraction behavior can enhance interactional synchrony and rapport. Finally, medi-

ated empathic touches have been investigated by Bailenson et al. (2007), who showed

how mediated handshakes can be communicated and transformed to signal different

emotions.

This chapter aims to bring together psychology, neuroscience, affective computing,

and social signal processing to provide a general framework for research on empathic

computing. To reach this goal, I will first present a three component framework of

empathy that describes the different processes involved in empathic interaction. Sub-

sequently, existing research on affective computing and social signal processing is po-

sitioned within this framework. As will be shown, there are significant opportunities

for technologies to enhance empathy in human interaction. This will be elaborated

by describing different possible applications and application categories of empathic

computing. Thereafter, automated measurement of empathy will be discussed. Dif-
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ferent modalities, methods, and validation techniques will be addressed to provide a

useful starting point for further research in this field.

In this chapter, the focus is specifically on human-human interaction as opposed to

human-machine interaction. Although some empathic processes are likely to be sim-

ilar in human-human and human-machine interaction (Reeves & Nass, 1996), others

might work very differently. As I will describe, empathy is an inherently interpersonal

process and many of the methods and techniques presented require two or more hu-

mans to be interacting. Therefore, empathy is treated as a property of an interaction

and not as a property of an individual. Furthermore, the psychological framework

around empathy is based on research on human-human interaction and it is at this

moment unclear how the processes in the framework generalize to human-machine

interaction.

7.2 Three components of empathy

Within psychology and neuroscience (fields with strong interests in empathy) there

is considerable disagreement over the use of the word empathy (Batson, 2009). Al-

though the term empathy is relatively young (Ickes & Aronson, 2003), it is nowadays

used by many different authors and in many different ways. Nonetheless, “regardless

of the particular terminology that is used, there is broad agreement on three primary

components” (p. 73, Decety & Jackson, 2004):

1. Cognitive empathy (i.e., the cognitive ability to infer what another is feeling).

2. Emotional convergence (i.e., the ability to experience another person’s emo-

tions).

3. Empathic responding (i.e., a response to another person’s distress consisting of

sympathy or personal distress).

This definition is also in line with neuroscientific evidence that has recently identified

different affective and cognitive pathways in the brain related to empathy (Shamay-

Tsoory, 2011). It should be noted, however, that different researchers use different

terminologies in their discussions of empathy. Some focus specifically on emotional

convergence (Singer & Lamm, 2009), whereas others focus on cognitive empathy (Ickes,

1997) or empathic responding (Eisenberg & Eggum, 2009). It is beyond the scope

of this manuscript to review all the different uses of empathy. Instead, empathy is

approached as construct constituting three primary components over which agree-

ment exists. Moreover, I do not want to put focus on one of the components specifi-

cally, as all components might be relevant for empathic computing. In the following
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Figure 7.1 Graphical depiction of the three component empathy framework. The three differ-
ent components are depicted on three different rows. The first column indicates the name and
number of the empathy component. The second column contains related concepts. The third
column contains possibilities for automated measurement of that component of empathy. The
fourth column contains examples of possible applications around that component of empathy.
Explanations for the contents of the cells can be found in the text.

paragraphs, each of the three components of empathy will be presented in detail. A

schematic depiction of the three components of empathy can be found in Figure 7.1.

Note that it is at this moment largely unclear how the three components are related

to each other. In the subsequent sections, I will elaborate a little bit on the relations

between different components.

Cognitive empathy

Cognitive empathy is the process of inferring or reasoning about others’ internal states

(Zahn-Waxler, Robinson, & Emde, 1992; Eslinger, 2000). In other words, it is about the

detection of how someone is feeling. For instance, a successful cognitive empathic

inference entails an observer recognizing someone’s feeling as sad when that some-

one is in fact feeling sad. This is in line with the definition of Decety and Jackson

(2004), who describe this cognitive process as an important part of empathy. Cogni-

tive empathy has also been called internal state empathy (Preston & De Waal, 2001;

Wispé, 1986), mentalizing (Stone & Gerrans, 2006), and theory of mind (Shamay-

Tsoory, 2011). Empathic accuracy is the accuracy of cognitive empathic inferences

(Ickes, 1993), and therefore strongly related to cognitive empathy. In other words, it is

an indication of how accurate our inferences about others’ feelings are.

Considering the evidence for cognitive empathy, it becomes clear that cognitive em-

pathy consists of mainly higher order cognitive processes. This is supported by neuro-

science studies that have identified different regions of the neocortex to be involved

in cognitive empathy (Frith & Frith, 2006). For instance, studies have found that it
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activates regions including the medial prefrontal cortex, the superior temporal sul-

cus, and the temporal poles (Gallagher & Frith, 2003; Rowe, Bullock, Polkey, & Morris,

2001; Shamay-Tsoory, 2009). These studies have used both healthy individuals as well

as individuals with lesions. In contrast, affective empathic processes (see next sec-

tion) relate to structures typically involved in emotional processing like the amygdala

and the insula (Jackson, Brunet, Meltzoff, & Decety, 2006; Singer, 2006).

Cognitive empathy is related to a couple of noteworthy cognitive and social find-

ings. Research shows that cognitive empathy improves when people are more fa-

miliar with each other (Stinson & Ickes, 1992). This familiarity can increase rapidly

with high amounts of self-disclosure (i.e., the sharing of personally relevant informa-

tion; Marangoni, Garcia, Ickes, & Teng, 1995). Hence, regularly sharing feelings with a

certain individual will improve the individuals chances of correctly recognizing those

feelings. Furthermore, verbal information is the most important information channel

for cognitive empathy in humans, as Gesn and Ickes (1999) and Hall and Schmid Mast

(2007) showed in two studies that investigated the effect of different verbal and non-

verbal information channels on empathic accuracy. Facial expressions were found to

be the least important information channel in making empathically accurate judg-

ments. More recently, Zaki, Bolger, and Ochsner (2009) confirmed this result by com-

paring verbal and facial signals with continuous ratings. Their findings are also con-

firmed by our studies in Chapter 3. This information makes it easy to make cognitive

inferences about how someone is feeling. Hence, for the cognitive empathy compo-

nent this is a very important source of information. As we will see later, this might be

different for the other two components in the empathy framework.

Cognitive empathy, or a lack thereof, has strong effects on different aspects of our so-

cial interactions. For instance, maritally abusive men score lower on empathic accu-

racy than non-abusive men (Schweinle, Ickes, & Bernstein, 2002). This suggests that

enhancing empathic accuracy can potentially reduce marital abuse. Furthermore,

and perhaps unsurprisingly, a strong link has been found between autism and a lack

of cognitive empathy (Baron-Cohen, 1995, 2003). Hence, people suffering from disor-

ders like autism spectrum disorder are likely to benefit from empathy enhancing tech-

nologies. Additionally, Crosby (2002) suggests that mothers who are more accurate in

inferring their children’s feelings have children with the most positive self-concepts.

This is likely to be related to attachment theory as empathic accuracy can help moth-

ers to create more secure attachment (Bowlby, 1969). Finally, adolescents with lower

empathic accuracy are more likely to be the target of bullying and are more likely to

suffer from depression (Gleason, Jensen-Campbell, & Ickes, 2009). Although most of

these studies are correlational, all cases of low cognitive empathy suggest a clear ben-

efit of technology that can improve empathic accuracy.
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Emotional convergence

Emotional convergence is the second component of empathy, and is the process of

emotions of two (or more) interacting individuals becoming more similar (because

emotions of either one or both individuals adjust to another’s state). This process is

often thought to arise from implicit emotional contagion processes (Hatfield, Rap-

son, & Le, 2009). Emotional contagion is defined as “the tendency to automatically

mimic and synchronize facial expressions, vocalizations, postures, and movements

with those of another person and, consequently, to converge emotionally” (p. 5, Hat-

field et al., 1994). In other words, emotional contagion is a low level automatic pro-

cess constituted by mimicry and feedback. Other concepts that are strongly related

to emotional contagion are motor mimicry (Dimberg, Thunberg, & Grunedal, 2002;

Dimberg, Thunberg, & Elmehed, 2000; Hoffman, 2000), facial empathy (Gordon, 1995),

imitation (Meltzoff & Moore, 1997; Titchener, 1909), motor empathy (Blair & Per-

schardt, 2001; Blair, 2005), or emotion catching (Hatfield et al., 1994).

The first step in the emotional contagion process is the automatic mimicry of facial,

vocal, and/or postural information. For long, researchers have shown that people au-

tomatically mimic the expressions of those around them through facial (Smith, 1759;

Hurley & Chater, 2005; Hess & Blairy, 2001), vocal (Cappella & Planalp, 1981), and

postural (Bernieri, 1988; Bernieri, Reznick, & Rosenthal, 1988) expressions. Such au-

tomatic imitation behavior can already be observed in preverbal children (Meltzoff

& Moore, 1997). Neuroscience has suggested that mirror neurons could provide the

common ground through which mimicry might work (Singer, 2006; Williams, Whiten,

Suddendorf, & Perrett, 2001). Mirror neurons become active when a certain action is

performed as well as when that same action is perceived (Gallese & Goldman, 1998;

Rizzolatti, Fadiga, Fogassi, & Gallese, 2002). Hence, these neurons might provide a

mechanism for establishing a common ground between someone’s actions and per-

ceptions.

In the second step of emotional contagion, the bodily changes induced through mi-

micry provide feedback to the central nervous system and influence emotional expe-

riences (Darwin, 1872). Again, research has shown that facial (Laird & Bresler, 1992;

Ekman et al., 1983), vocal (Duclos et al., 1989; Zajonc, Murphy, & Inglehart, 1989),

and postural feedback (Adelmann & Zajonc, 1989; Hatfield et al., 1994) all influence

emotional experience. This is related to the James-Lange view on emotions, which

suggests that emotions are perceptions of one’s own bodily states (James, 1884; Prinz,

2004). Hence, these bodily expressions influence our emotional states. Taken to-

gether, through processes of mimicry and bodily feedback emotions between two or

more interactants can automatically converge.
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Although bottom-up emotional contagion processes are a possible mechanism to

generate emotional convergence, there are likely to be other processes involved in

emotional convergence. This idea stems from the fact that evidence for the second

part of the emotional convergence process, namely the feedback processes from the

body to the central nervous system, has sometimes been considered as unconvinc-

ing (Marinetti, Moore, Lucas, & Parkinson, 2011). Effect sizes from research on facial

feedback are small at best (Tourangeau & Ellsworth, 1979). Hence, it is unlikely that

emotional convergence proceeds completely unconsciously and automatically. In-

stead, emotional convergence could be understood as an interplay between bottom-

up and top-down processes. In a recent review, Singer and Lamm (2009) show that

the automatic bottom-up and cognitive top-down influences can be differentiated by

their temporal characteristics. There is evidence for an early automatic response and

a later cognitive response (Fan & Han, 2008). An example of such a cognitive influence

is whether or not we attend to others’ emotions, as attending to the other improves

emotional convergence (Gu & Han, 2007). Because emotional convergence is also

influenced by cognitive factors, it can be seen as (partly) building on the cognitive

empathy component.

Emotional convergence is likely to be moderated by environmental and social fac-

tors (Marinetti et al., 2011). First, environmental factors can influence emotional

convergence as emotional convergence can emerge because two persons are in the

same emotion-eliciting context. For example, simultaneously watching a scary movie

will, to a certain extend, elicit similar (and thus converged) emotions in its perceivers

(Lamm, Nusbaum, Meltzoff, & Decety, 2007). Second, recent work showed that emo-

tional convergence is stronger in persons that are more familiar with each other (Kon-

valinkaa et al., 2011). For instance, Cwir, Carr, Walton, and Spencer (2011) showed

that self-reported feelings and physiological arousal converge more when social con-

nectedness was induced among strangers. In sum, there are significant social and

environmental influences on emotional convergence as well.

Empathic responding

The third component of empathy consists of someone’s response to another persons

distress (Eisenberg, Shea, Carlo, & Knight, 1991). This response can consist of sym-

pathy, focusing on alleviating the other’s distress (Batson, 1991). Sympathy consists

of feelings of sorrow or concern for someone else (Hoffman, 2000). However, the re-

sponse can also be one of personal distress. Personal distress is an aversive reaction

to another’s distress, focused on alleviating one’s own distress (Batson, 1991). As such,

personal distress is focused on the self (Eisenberg & Eggum, 2009). The empathic re-
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sponding component is similar to the third part of the empathy definition of Decety

and Jackson (2004), which describes a response of sympathy or distress to another’s

distress. Hence, it requires a differentiation between self and other which makes it

different from emotional convergence (Eisenberg & Fabes, 1990). It has been argued

that there are other possible empathy responses (e.g., Rogers, 1975), but sympathy

and personal distress are the two that have received most attention and are widely

accepted in both psychology and neuroscience. Therefore, we focus specifically on

these two responses.

Whether someone’s empathic response consists of sympathy or personal distress is

mostly related to one’s ability to self-regulate emotions (Eisenberg et al., 1994, 1996).

On the one hand, low self-regulation capabilities when viewing another’s emotional

state likely result in overarousal when viewing another’s negative emotional state.

In turn, this overarousal leads to a a self-focused response of personal distress with

the goal to alleviate some of this negative emotional arousal (Eisenberg, Valiente, &

Champion, 2004). On the other hand, individuals who can self-regulate increases

in emotional arousal are more likely to respond with sympathy focused on reduc-

ing some of the others distress (Eisenberg & Eggum, 2009). Finally, it is also thought

that a certain minimal amount of arousal is necessary for any empathic response at

all. This comes from studies that have shown that a lack of arousal has been related

to difficulties in sympathizing and can result in increased psychopathic tendencies

(Blair, 1999). Neuroscientific evidence for the importance of self-regulation comes

from Spinella (2005), who showed that prefrontal dysfunction (which is related to self-

regulation) was positively related to expressed personal distress and negatively related

to expressed sympathy.

Differences between sympathy and personal distress have also been related to other

social and developmental phenomena. Sympathy is generally positively related to

prosocial behavior, whereas personal distress is negatively related to prosocial behav-

ior (Batson, 1991). For instance, altruistic behavior can be induced by sympathy. Fur-

thermore, abusive parents often report personal distress reactions towards distress

in infants (Milner, Halsey, & Fultz, 1995). In turn, this might negatively influence

children’s sympathetic abilities, as they are related to parents’ sympathetic abilities

(Eisenberg, Liew, & Pidada, 2001). In line with these findings, supportive parenting

has been related to higher levels of children’s self-regulation (Eisenberg et al., 2004).

This suggests that helping parents to regulate their emotions and react more sym-

pathetically will have strong beneficial effects for their children. Finally, in adoles-

cents, sympathy has been associated with self-efficacy and managing negative emo-

tions (Del Barrio, Aluja, & García, 2004; Bandura, Caprara, Barbaranelli, Gerbino, &

Pastorelli, 2003). Hence, individuals who are confident of their own capabilities (i.e.,



7.3 Empathic computing 147

high in self-efficacy), are likely to be better at self-regulating emotions. Nonetheless, it

should be noted that most of this research uses solely correlational methods, making

the causality of the effects difficult to judge at this time.

The precise interactions between empathic responding and the other two compo-

nents of empathy is not entirely clear. According to Eisenberg and Fabes (1990), sym-

pathy and personal distress may arise from both emotional convergence and cogni-

tive empathy. It is unclear if empathic responding can influence cognitive empathy or

emotional convergence. Hence, more experimental research is needed to shed light

on the exact interactions between these components.

7.3 Empathic computing

Having established a conceptual framework around different components of empa-

thy, the next step is to show how these components relate to current and possible

future practices in affective computing and social signal processing. In particular, I

will first argue that affective computing research has so far mainly been focusing on

the cognitive empathy component. From there, the next step would be to start taking

into account the other two components of empathy, which could be of great value for

affective computing and social signal processing applications.

A considerable part of affective computing research has focused on predicting mental

states, especially emotional states, from different modalities (Picard et al., 2001; Pan-

tic & Rothkrantz, 2003; Cowie et al., 2001). This research shows that computers can

reasonably accurately learn to recognize emotional states, often with recognition ac-

curacies of 80% or higher (Van den Broek, Lisý, et al., 2010; Zeng et al., 2009; Calvo &

D’Mello, 2010). Furthermore, in Chapter 3 we already showed that machine emotion

recognition accuracy is better than human emotion recognition accuracy. Recogni-

tion of emotional states is what the cognitive empathy component focuses on. Ideas

for applications of cognitive empathy systems are manifold: for instance, affective

music players (Janssen et al., 2011; J. Kim & André, 2008), emotionally intelligent cars

(Healey & Picard, 2005), or emotionally adaptive games (Yannakakis & Hallam, 2008).

Affective computing focused on cognitive empathy enables such applications.

A reason why cognitive empathy has received so much attention from the research

community to date might be because this particular form of empathy does not rely

heavily on analyzing interactions. Instead, cognitive empathy only needs to take into

account the individual from whom the emotional states are to be recognized. There-

fore, cognitive empathy is easier to investigate than the other empathy components

that do require dyadic processes. Moreover, it naturally links to popular machine
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learning techniques aimed at recognizing patterns in all kinds of signals (Bishop, 2006).

In contrast to cognitive empathy, the emotional convergence component of empathy

can, by definition, only be considered in social interaction. Understanding emotional

convergence requires integration of measurements of at least two interacting agents

(Zaki et al., 2008). Because of the role of mimicry, emotional convergence is directly

related to changes like postural, vocal, facial expressions, or physiological changes

(Hatfield et al., 1994; Hatfield et al., 2009). This is a great advantage for social sig-

nal processing as it provides a relatively accessible starting point from a measure-

ment perspective. By extracting different features of these modalities and seeing how

they converge between people, an index of emotional convergence can potentially be

computed. Such features are, for instance, facial expressions, gestures, or movement

patterns (Bailenson, Beall, Loomis, Blascovich, & Turk, 2005). Hence, recent advances

in social signal processing can be very beneficial to the detection of emotional con-

vergence (Vinciarelli et al., 2009). Moreover, a lot of studies have already focused on

automated extraction of facial, vocal, or physiological features of individuals (Banse &

Scherer, 1996; Pantic, 2009; Van den Broek, Lisý, et al., 2010). This could be the basis

of a method that can measure the influence of other’s emotional states on one’s own

emotional state. Note also that such an approach is typically multimodal, as integra-

tion of different modalities (face, movement, gestures, speech) often leads to better

performance (Bailenson et al., 2008).

The third component, empathic responding, can build on emotional convergence

and cognitive empathy. To understand a response it is important to know to what or

whom a response is being made. In particular, it will be of importance to know if the

other is in distress (cognitive empathy, Ickes, 1997) and if those feelings of distress

have also been transferred to the sender of the response (emotional convergence,

Hatfield et al., 1994). This is necessary because cognitive empathy and emotional

convergence provide the basis for empathic responding. In other words, they provide

the necessary context awareness for detecting empathic responses. From there, be-

ing able to track people’s empathic responses could help to train individuals in their

responses. Research on empathic responding could also inform the design of artifi-

cial agents that need to respond empathically to a user. Finally, empathic response

measurements could be used as input for machines that need to detect empathic re-

sponses to their behaviors. As such, insights from psychology on empathic respond-

ing can be very valuable for social signal processing.

Because there has already been a lot of research on cognitive empathy in affective

computing, the rest of this chapter focuses specifically on issues surrounding emo-

tional convergence and empathic responding. First, I will present different ideas for
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applications around those components of empathy that can motivate future research.

Second, I will go into different possibilities for automated measurement of emotional

convergence and empathic responding, which is necessary for many of the presented

applications. Finally, I will discuss some methodological issues that surround re-

search on empathy in social interactions.

7.4 Applications of empathic signal processing

Splitting the construct of empathy into three different components can help in think-

ing about different applications of empathic computing. As discussed, applications

on the cognitive empathy component have already been identified (e.g., Westerink,

Van den Broek, Schut, Van Herk, & Tuinenbreijer, 2008). Therefore, the focus in this

chapter will be on applications of emotional convergence and empathic responding.

The types of applications are split into applications passively quantifying human-

human interaction and actively supporting human-human interaction, both with the

goal to augment the interaction process. The goal of this chapter is not to fully de-

scribe possible applications. Instead, application ideas below are suggestions that can

motivate further research on two of the components of empathy described above.

Quantifying human-human interaction

In the following paragraphs, we present some applications for which empathic quan-

tification is an enabler. Note that these examples are targeted at measurement of in-

teraction and not necessarily at influencing or supporting these interactions.

First of all, empathy measurement can be used as a tool for personal performance

management. In many professions, relating empathically to one another is an im-

portant aspect of successful performance. Physicians have to relate empathically

to patients (West et al., 2006; Larson & Yao, 2005), teachers have to relate to stu-

dents (Morgan, 1984; McAllister & Irvine, 2002), or salesmen have to tune in to buyers

(Mayer & Greenberg, 1964; Tobolski & Kerr, 1952). In all these examples, more empa-

thy will likely improve the professional’s success in reaching his or her goal. Hence,

it is important that the feelings of the professional can quickly converge to the feel-

ings of their interaction partner. In addition, it is maybe even more important that

they respond to these interaction partners with sympathy in such a way that the emo-

tional convergence does not lead to personal distress (i.e., the empathic responding

component). Therefore, evaluating the empathic performance of such professionals

would benefit from an analysis of their empathic abilities. Nonetheless, this is still
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difficult to capture, with questionnaires often being used as proxies for actual behav-

ior (Zhou, Valiente, & Eisenberg, 2003). In those cases, empathy is often considered a

trait, while it can differ greatly between different situations and interaction partners

(Batson, 1991). With automated empathy quantification, it will become possible to

evaluate the empathy skills of professionals during their actual work, possibly giving

a more precise and continuous indication of their empathic performance.

Second, empathy can be used for interpersonal performance measurement. In those

applications, the relationship between two or more persons can be captured. Em-

pathy measurement can be used to determine how well two or more persons relate

to each other. In a professional setting, this information can be used to optimize

team performance. Henning, Boucsein, and Claudia Gil (2001) have shown that emo-

tional convergence is a significant predictor of group performance. Hence, based on

emotional convergence measurements, groups can be changed to get an ideal com-

position of the right people. In a more private setting, emotional convergence and

empathic responding indices can also be used to predict the success of romantic rela-

tionships. Gottman and Levenson (1988) have shown that indices of personal distress

and sympathy were able to predict if the partners would still be together 15 years later

with 80% accuracy. Hence, empathic measurements of emotional convergence and

empathic responses could be used for both private and professional interpersonal

performance management.

Third, empathy measurement can be used as an evaluative tool for new technologies

and products. Many of our current interactions with social partners are mediated by

some kind of technology, be it social media, a telephone, videophone, immersive vir-

tual reality (Fox et al., 2009; Blascovich et al., 2002), or complete telepresence installa-

tions (Blascovich & Bailenson, 2011). Many of these tools are aimed at providing the

social power of face-to-face interactions through shared virtual environments when

people are not co-located. To evaluate the success of these and future communication

tools, evaluating the level of empathy is an important aspect, as different communi-

cation channels are known to support different levels of empathy (Zaki, Weber, et al.,

2009). Hence, it is most important to see how a communication medium supports

emotional convergence, as this is the basis for empathic interaction and depends on

automatic processes that use low-level information that is often absent in mediated

communication. In sum, automated empathy measurement can help to test different

communication tools to optimize mediated communication.

Finally, automated empathy measurement could become an important scientific tool.

Many social science experiments are conducted in heavily controlled lab situations.

Such laboratory approaches are sometimes said to entail low ecological validity, may
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miss processes that occur in real-world interactions, and have trouble comparing ef-

fect sizes of different processes in the real-world (Wilhelm & Grossman, 2010; Oishi &

Graham, 2010). The recent advances in unobtrusive sensing platforms have focused

primarily on individual’s emotions (Westerink et al., 2009), instead of interindividual

empathy processes like emotional convergence and empathic responding. Hence, it

is currently not possible to continuously and unobtrusively measure empathic pro-

cesses in field studies. This is why most scientists use lab studies in which the con-

structs and processes that cannot be measured are controlled for. Reliable automated

empathy measurement could significantly enhance scientific inquiries into social pro-

cesses by enabling more sophisticated field studies.

Taken together, the above categories describe some powerful applications of empathic

computing for automated emotional convergence and empathic responding mea-

surement. These general categories are unlikely to be complete, let alone the fact that

the applications described in each category are merely a few examples from a rich set

of challenges and opportunities. This shows the wealth of possibilities for applying

empathy measurement in practical applications.

Supporting human-human interaction

Next to solely measuring empathic processes, there are also applications that can use

mechanisms that actively support human-human interaction. Such applications do

measure empathy, but also use such measurements in a control loop to influence em-

pathy. A similarity can be drawn to affective computing techniques in which users are

influenced based on measured emotions. In these closed-loop systems, emotional

signals are measured, interpreted, and an actuator setting (e.g., music) is selected to

direct the emotional signals to another state (Janssen et al., 2011). Such closed-loop

affective systems have proven to be powerful interactive tools that can create innova-

tive meaningful interactions (Höök, 2009; Fairclough, 2009). Systems that can influ-

ence empathy can be understood in a similar way, but measurement is done for two

(or more) individuals instead of a single individual (Figure 7.2). In that case, signals

from two different individuals are measured. Subsequently, interpretation is done by

calculating the similarity of the signals. This results in an empathy index that can be

communicated to one or more of the interacting individuals in order to influence the

level of empathy. This is a measure of empathy at the emotional convergence compo-

nent.

Research on empathic accuracy has shown that empathy can be trained in humans

(Barone et al., 2005; Marangoni et al., 1995). Such empathy training requires feedback

on the level of empathy during or after a certain interactions. An empathy training
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system could provide such feedback based on automated measurements of empathy.

Users could then try different strategies to improve empathy during the interaction

and get (immediate) feedback on these strategies. On the one hand, this process can

either be used to improve empathy in the short term, within one interaction. On the

other hand, this process can be used to improve long-term empathic abilities of a

user (i.e., over different interactions). It is likely that empathy training systems will

both enhance short-term and long-term interactions. Strategies to improve empa-

thy within one particular interaction might not generalize to all interactions. In sum,

empathy measurement could enable training and improvement of empathy-related

responses through feedback mechanisms.

The applications for such a mechanism are manifold. In the professional domain, we

could think of salesmen, teachers, or therapists that have to tune in to their interac-

tion partners to make their interactions more successful. Especially in the medical

domain, there has been a lot of research on the effects of empathy on the healing

process of patients (Larson & Yao, 2005; West et al., 2006). Moreover, all these pro-

fessions often already have some form of training for their specific interactions, in

which an empathic training system could be easily integrated. Another professional

application of empathy recognition could support call center agents in interactions

with callers. Emotions often play an important role in call center conversations, and

it might be helpful for human call center agents to get more in tune with the emotions

of the customer, so that the customer might better understand the call center agent’s

position and vice versa. These are typical applications in which people are trained

to empathize with many different people. There, the feedback could be useful within

each interaction, as each interaction is performed with a different human.

In the personal domain, the empathic feedback mechanisms could potentially be

used to enhance the interaction of close friends, family, or romantic partners. As dis-

cussed in the previous section, a lack of empathy can have serious consequences for

marital interaction, where increases in personal distress and decreases in sympathy

relating to lower relationship durations. Hence, in these situations, empathy feedback

systems could help people to better tune into a specific individual to which they are

close. This can significantly improve the quality and duration of the relationship. This

is especially important nowadays, as more and more people are reporting they have

no one to share important matters with and feel lonely (Cacioppo & Patrick, 2008). In

turn, this is likely to have severe consequences, as social connectedness is often said

to be the single most important thing for our health and well-being (Vaillant, 2003).

In sum, several examples above suggest that empathic measurements can also be ap-

plied to support and improve social interactions by creating feedback loops. These
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loops can help users to train their empathy skills, either towards a specific user or to

people in general. This can be applied in professional as well as personal domains.

7.5 Automated empathy measurement

This section describes approaches to detecting different levels of empathy between

humans. As in the previous section, we will focus here on emotional convergence

and empathic responding, rather than cognitive empathy that has largely been cov-

ered by affective computing research (see Calvo & D’Mello, 2010 and Zeng et al., 2009

for reviews). Automated empathy measurement is discussed based on three differ-

ent modalities that have so far received the most attention in affective computing and

social signal processing: facial expressions, speech, and physiological signals. Note

that measurement of emotional convergence and empathic responding has not re-

ceived much attention, so most of the discussion is based on a generalization of the

definitions of these constructs to these modalities.

Emotional convergence

It is widely acknowledged that emotions are closely related to facial expressions, phy-

siology, and speech (Ekman et al., 1983; Banse & Scherer, 1996; Ekman, 2009). Hence,

similarity of emotions also leads to similarity in emotional expression. Therefore,

emotional convergence can be potentially be assessed by analyzing the similarity be-

tween the facial expressions, physiology, and speech parameters of two or more inter-

acting individuals. From this perspective, measuring emotional convergence might

seem simple. Nonetheless, there are still a number of challenges that need to be re-

solved before emotional convergence can be measured automatically. In the follow-

ing paragraphs, I present a step by step approach to measuring emotional conver-

gence.

The first step to measuring emotional convergence is to track facial, speech, and/or

physiological signals from two or more users. With more and more wireless unobtru-

sive measurement platforms around this has become relatively simple. For instance,

the sociometer badge from Pentland (2005) can unobtrusively track speech. Physi-

ological signals can be measured through unobtrusively wearable sensors that com-

municate wirelessly (Westerink et al., 2009). Depending on the application, develop-

ers might choose which modalities are most useful. When users are mobile, tracking

facial expressions might be difficult and speech and physiological signals could be

more appropriate. On the other hand, in video conferencing applications, facial ex-

pressions can easily be tracked with the camera’s used for the video recordings.
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Figure 7.2 Schematic depiction of automated emotional convergence measurement system inte-
grated in a closed-loop system.
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Second, individual differences in expressivity and reactivity should be corrected for. It

is well-known that there are strong inter-individual differences in emotional expres-

sivity and baseline levels of physiological signals (Kappas, 2010; Llabre, Spitzer, Saab,

Ironson, & Schneiderman, 1991). Such differences might be corrected for by longer-

term measurement that can be used as baselines (Waele, Vries, & Jager, 2009). This

can be easy in lab situations where baseline measurements are often done, but can be

difficult in practical applications. Therefore, another way of dealing with individual

differences is by focusing on changes instead of using absolute values of the signals.

This could, for instance, be done by employing first-order differences:

∆xi = xi −xi−1 (7.1)

where xi is one sample of the signal at time i and xi−1 is the sample at time i − 1.

The difference in timing depends on the sample frequency of the signal, which can be

different for different modalities. For instance, skin conductance changes relatively

slowly and can be measured at, for instance 2Hz (Van den Broek, Janssen, et al., 2010),

whereas video signals are often recorded at 25Hz, which is necessary to deal with the

relatively fast changes in facial expressions. Hence, the temporal characteristics of

the empathy analysis depend on the type of modalities that are used. Finally, individ-

ual differences can be tackled by using a baseline matrix as employed by Picard et al.

(2001) and Van den Broek, Lisý, et al. (2010).

Third, different low-level features can be extracted that capture relevant properties

of the modalities. For facial expressions, features are often values of different points

on the face, for instance, from the facial action coding system (Pantic & Patras, 2006).

These can also be measured dynamically (Tong, Liao, & Ji, 2007). Speech features

might be intensity or pitch, which are often employed in affective computing research

(K. R. Scherer, 2003, 1986; Kessous, Castellano, & Caridakis, 2010; Eyben et al., 2010).

Physiological features that are likely to be coupled to emotional convergence are skin

conductance level and heart rate variability, as these are strongly coupled to emotions

(Boucsein, 1992; Berntson et al., 1993; Butler et al., 2006).

Fourth, the extracted features from the two individuals should be synchronized. Con-

sidering the temporal aspect of the signals is important, as similarity in the expres-

sions not only entails similarity at one point in time, but also similarity in change of

the signals. Therefore, it is necessary to take into account signals over time. Moreover,

there might be a time lag between the sender of an expression and a receiver respond-

ing to this the expression (Levenson, Ekman, Heider, & Friesen, 1992). Testing for time

lags can be done by comparing the signals at different lags (for instance in a range of
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-5 to +5 seconds) and seeing if similarity increases or decreases (Reidsma, Nijholt,

Tschacher, & Ramseyer, 2010). When typical time lags are known they can be applied

by shifting the signal in time. Hence, synchronization (at a certain lag) of the signals

is an important aspect of the emotional convergence measurements. This might be

easy to do in laboratory situations, but can be difficult in practical real-world appli-

cations as synchronization requires timestamp signals from all users and a method to

synchronize them (i.e., provide a handshake mechanism). Moreover, if different users

are using different systems the systems should use the same method for handshaking.

Finally, when the relevant features are extracted and synchronized, different algo-

rithms can be used to assess the similarity of the different values of two of the same

features extracted from different individuals. Table 7.1 presents four different classes

of algorithms that can be used to do this.

Correlation is for instance used for the synchrony detection algorithms used by Nijholt,

Reidsma, Welbergen, Akker, and Ruttkay (2008), Watanabe, Ogikubo, and Ishii (2004),

and Ramseyer and Tschacher (2008). Coherence has been used by Henning, Arm-

stead, and Ferris (2009). In these cases, it is important that appropriate corrections

for autocorrelations within a signal are made (Chatfield, 2004; Box & Newbold, 1971).

A simple way to do this is to use first-order differences of the calculated signals (Eq.

7.1). A more sophisticated way is to construct autoregressive moving average (ARMA)

models that explicitly model the autocorrelations (Gottman, 1981). Subsequently, it

can be tested how well the ARMA models of different individuals predict each other.

This is the approach that has been taken by, for instance, Levenson et al. (1992). A

third way of correcting for autocorrelations was proposed by Ramseyer and Tschacher

(2010) by shuffling the signal from one individual to see if it still correlates with the

other individuals signal. If the correlations are similar to those from the unshuffled

data, they are not due to synchronization. Finally, divergence measures can be used

to calculate (dis)similarity. These have, to my knowledge, not been applied in an

empathy-related context. Examples include Kullback-Leibner and Cauchy-Schwarz

divergences, among others (see Villmann & Haase, 2010 for a review).

Beside these relatively general classes of algorithms, the literature also contains some

ad hoc similarity scores that have seemed to work. A simple algorithm is to look at

similarity in the direction over time, with higher percentages of similar directions in

the data relating to higher amounts of similarity. This can be expressed as

1

N

N∑
i=1

δ(∆xi ·∆yi ≥ 0) (7.2)
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Table 7.1 Different algorithms that can be used to calculate similarity or dissimilarity between
two temporal signals.

Algorithm Description

Correlation

Chatfield, 2004 Time domain similarity measure giving a value in [0,

1]. For continuous signals a Pearson correlation can be

used, whereas Kendall and Spearman indices measure

correlations between ranked or ordinal data.

Coherence

Chatfield, 2004, Henning

et al., 2009

Frequency domain similarity measure giving a value

in [0, 1]. Sometimes, weighted coherence is used by

correcting for the total power within the spectrum.

ARMA models

Gottman, 1981, Levenson

et al., 1992

Model of individual time series using auto regressive

and moving average components. Predictions can be

made by regressing different people’s ARMA models

onto eachother.

Divergence

Villmann & Haase, 2010 Class of stochastic dissimilarity measures, including

for instance Kullback-Leibler and Cauchy Schwarz di-

vergences.

where δ() returns 1 if its argument is true, and 0 otherwise. Another way is to calculate

slopes of specific time windows and take the absolute value of differences between the

slopes of two different users (Henning et al., 2001, 2009). This can be expressed as

1

|S|
|S|∑

i=1
|Si −Ti | (7.3)

where S and T are two synchronized vectors of slopes of the signal and |S| indicates

the length of those vectors. Finally, calculating slopes over specific windows can also

be used as input for correlation scores over the time domain. Hence, instead of cal-

culating cross correlation over the signals themselves, they are calculated over sets of

slopes. This has been called the concordance score by Marci and colleagues (Marci &

Orr, 2006; Marci et al., 2007).

Using multiple modalities can significantly increase the performance of similarity

measurement. This is the case because many of the different modalities are not only
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responsive to affective changes, but also to cognitive and physical changes (Cacioppo

& Tassinary, 1990). For instance, it is well known that cognitive workload or exer-

cising influence heart rate and skin conductance. Another example is that it can be

problematic to track facial expressions when eating, because in that facial muscles

are activated as well. Therefore, combining measurements from multiple modalities

and seeing if they match up can give much more precise indications of synchroniza-

tion. Furthermore, physiological measures and speech parameters tend to tap into

arousal components of emotions, whereas facial expressions mostly relate to valence

(Bailenson et al., 2008). Hence, there is different information in different modalities,

so combining modalities can give a more complete picture of emotional convergence

as well.

In sum, I presented an empathy measurement pipeline based on measurement of

physiological signals. First, signals have to be preprocessed and normalized. Subse-

quently, they have to be coupled in time (with a possible lag). Then, relevant features

have to be extracted. Once, these features are extracted, there similarity has to be

established by a similarity algorithm.

Empathic responding

For the third component of empathy, empathic responding, it is most important to

measure whether a response is mostly related to sympathy or mostly related to per-

sonal distress. Unfortunately, there has not been a lot of research that has explicitly

examined the differences between such responses, so there is a clear need to iden-

tify specific behavioral and physiological responses accompanying either sympathy

or personal distress. Nonetheless, three different strategies can potentially be used

to track whether empathic responses are mainly based on sympathy or on personal

distress.

The first strategy is to track specific nonverbal behavior that is related to sympathy

or personal distress. Zhou et al. (2003) present a review of facial and vocal indices re-

lated to empathic responding based on studies of human-coded behavioral responses

to empathy invoking stimuli (e.g., videotapes of others in need or distress). They sug-

gest that specific sympathy-related behaviors are found in signals of concerned at-

tention. Typical examples of such behaviors are eyebrows pulled down and inward

over the nose, head forward leans, reassuring tone of voice and sad looks. A study by

Smith-Hanen (1977) reported arms-crossed position related to low sympathy. Behav-

iors related to personal distress are fearful or anxious expressions. Typical examples

of such expressions are lip-biting (Eisenberg et al., 1988), negative facial expressions,
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sobs, and cries. This is a very limited set of behaviors related to empathic respond-

ing, and I therefore agree with Zhou et al. (2003) who state that “more information on

empathy-related reactions in every-day life is needed” (p. 279).

Another way of approaching the measurement of empathic responding is to see to

what extent the individuals share the same emotional state. For personal distress, the

similarity in emotional state is likely to increase (as both interactants are truly dis-

tressed) whereas sympathy is likely to lead to less distress. This may be captured by

different levels of emotional convergence. With high emotional convergence, per-

sonal distress is more likely whereas low emotional convergence is more related to

sympathy. Hence, for automated measurements it may be sufficient to threshold

emotional convergence in order to see if a response is sympathy or personal distress.

Nonetheless, not responding at all would also lead to low emotional convergence,

which is also low sympathy. Hence, this strategy cannot be used on its own, but might

have value as an additional measurement of empathic responding.

The third strategy to measuring empathic responses is related to the notion that ef-

fortful control is involved in regulating emotional convergence. On the one hand,

when high levels of effortful control are applied, reactions are sympathic. On the other

hand, when effortful control is lacking, emotional convergence processes lead to per-

sonal distress. Hence, tracking regulation processes could give an indication of em-

pathic responding. A wide variety of studies has shown that respiratory sinus arrhyth-

mia (RSA; sometimes referred to as heart rate variability) is an indicator of emotion

regulation (Demaree & Everhart, 2004; Diamond & Hicks, 2005; Porges, Doussard-

Roosevelt, & Maiti, 1994, see also Chapter 4), especially during social interaction (But-

ler et al., 2006). RSA is an index of periodic changes in heart rate related to breathing

and provides an index of parasympathetic activity of the autonomous nervous system

(Grossman & Taylor, 2007; Berntson et al., 1993). Between-person differences in RSA

have been related to individual differences in emotional flexibility (i.e., the ease with

which one’s emotions can change; Beauchaine, 2001). Within-person changes in RSA

have been related to the activation of emotion regulation processes (Frazier, Strauss,

& Steinhauer, 2004; Rottenberg, Wilhelm, Gross, & Gotlib, 2003). Hence, RSA could

also be a useful index for tracking empathic responses.

RSA can be measured by transforming the interbeat intervals of an ECG signal to the

frequency domain. Subsequently, the power in the high frequency range (0.15 Hz -

0.40 Hz, Porges et al., 1997) can be calculated as an index of RSA. Because this power

can also be influenced by respiration rate and volume it is often corrected for respira-

tion parameters as well (Grossman & Taylor, 2007).

In sum, there can be different approaches to automated measurement of empathic
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Table 7.2 Empathy questionnaires that can be used to measure self-reported dispositional and
situational empathy. Questionnaires can be subdivided in the type of empathy that they measure.

Questionnaire Class Empathy type

Hogan’s empathy scale

Hogan, 1969 Dispositional Cognitive empathy

Mehrabian and Epsteins’s measure

Mehrabian & Epstein, 1972 Dispositional Affective empathy

Davis’ interpersonal reactivity index

Davis, 1994 Dispositional Affective and cognitive

empathy

Batson’s empathy measurement

Batson, Bolen, Cross, & Neuringer-

Benefiel, 1986

Situational Empathic responding

Barrett-Lennard Relationship Inventory

Barrett-Lennard, 1981 Situational Empathic responding

responses. It needs to be stressed that there has been (almost) no research on using

these approaches and their feasibility and performance are to be determined in future

studies. Finally, the three strategies are not mutually exclusive and combining them

would likely provide the best solution for automated measurement of sympathy and

personal distress.

7.6 Methodological issues

Empathy questionnaires

Questionnaires are often used in psychological studies to capture empathy. For social

signal processing and affective computing, they can be useful as ground truth mea-

sure against which automated techniques can be validated.

Empathy questionnaires can be separated in dispositional measures and situational

measures (see Table 7.2). On the one hand, dispositional measures tap into the in-

dividual differences between people in their susceptibility to different empathy pro-

cesses. On the other hand, situational measures of empathy are about experienced
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empathy at specific moments or during specific interactions. In general, situational

measures are most relevant as ground truth measures, as they capture the differences

between different interactions. Dispositional measures only capture the difference

between individuals.

There are different dispositional measures of empathy available that tap into one

or more of the different components of empathy described above (see Table 7.2).

Hogan’s scale is focused completely on cognitive empathy, whereas Mehrabian and

Epstein’s scale captures solely the affective components of empathy. Davis’ scale has

different subscales that capture both affective and cognitive phenomena associated

with empathy. Often these scales are completed by the individual under investiga-

tion, but sometimes (especially with children) observers fill out the questionnaire. A

combination of responses by both observers and individuals being tested might give

more reliable scores of empathy.

Batson’s empathy measurement (Batson et al., 1986; Batson, Fultz, & Schoenrade,

1987) is a situational empathy questionnaire that taps into empathic responding by

measuring both sympathy and personal distress. Responses are taken on a 7-point

Likert scale regarding the degree to which people experienced eight adjectives asso-

ciated with sympathy (i.e., Sympathetic, Moved, Kind, Compassionate, Softhearted,

Tender, Empathic, Warm) and twelve adjectives associated with personal distress (i.e.,

Worried, Upset, Grieved, Distressed, Uneasy, Concerned, Touched, Anxious, Alarmed,

Bothered, Troubled, Disturbed). Responses range from 1 (not at all) to 7 (extremely).

As with the dispositional scales, this scale can be completed both by individuals being

tested themselves, or by observers.

Another situational empathy questionnaire is the Barrett-Lennard Relationship In-

ventory which contains an Empathic Understanding Sub-scale (EUS). The EUS is val-

idated in clinical settings and contains 16 items to assess a patient’s perception of a

clinicians empathy during therapy sessions (Barrett-Lennard, 1981, 1986). A sample

question from the modified EUS is, “My therapist was interested in knowing what my

experiences meant to me”. Each question uses a scale ranging from +3 (strongly agree)

to -3 (strongly disagree). The questionnaire can easily be modified to be used in other

contexts (as done by Marci et al., 2007), but its validity in those other contexts has not

been tested.

It is important to note that there are limitations and downsides to the use of any

self-report measure, and these limitations are also relevant for empathy-related ques-

tionnaires. First of all, self-reports are subject to self-presentational biases. Further-

more, in experiments where the manipulation is clear to the participants, a confirma-

tion bias might play a role. In those situations, participants might be biased to (un-
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consciously) answer towards the result that researchers are hoping to achieve. Next

to these biases, it is also likely that the self-reported measurements tap into other

aspects of empathy than behavioral and physiological measures. Many empathy-

related processes are automatic low-level processes (e.g., emotional convergence) that

people might not even be aware of. Hence, those processes are unlikely to be reflected

in self-report questionnaires. Therefore, questionnaires are probably most relevant as

measurements for empathic responding. For empathic responding, it can also be im-

portant to ask not only the individual that generates the response but also the person

towards whom the response was directed to indicate the level of empathic respond-

ing.

Experimental setups and procedures

As with all social signal processing and affective computing studies, there is a need for

large amounts of varied and ecologically valid data on which to train and test differ-

ent systems (Douglas-Cowie, 2011). The following paragraphs describe a few method-

ological lessons relevant to obtaining empathic data and testing empathy-related sys-

tems.

On the one hand, it is important to take into account the fact that emotional conver-

gence is a partly automatic low-level process that is difficult to manipulate. More-

over, although data from acted behaviors is a very popular source for social signal

processing, it is unlikely to capture all the automatic processes involved in emotional

convergence between two individuals. On the other hand, getting some control over

interactions between two individuals is also difficult. As a compromise, movies of

people expressing certain strong emotions are often used as stimuli in psychological

studies (Zaki, Weber, et al., 2009). These movies are prerecorded, and therefore all

participants can get the same stimulus. This allows some control over what is per-

ceived by the participants. A downside of this approach is that there is no mutual

influence, as the stimulus can only influence the viewer. In contrast, in natural in-

teraction the viewer also influences the person in the stimulus (or, in other words,

interacting people are both perceiving and sending out empathic information to each

other). Nonetheless, videotaping is an often used and widely accepted method for

inducing empathy (Zaki, Weber, et al., 2009).

Different levels of empathy are sometimes induced by giving participants different

instructions (also referred to as perspective taking instructions; Batson, 1991). Such

instructions tell participants to pay close attention to either the feelings of the other

person or to the information that is disclosed by the other. Empathy is generally found

to be higher in situations in which participants are instructed to pay close attention
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to feelings of the other than when they are instructed to focus on the information

disclosed by the other (Batson, 1991). This is mostly a manipulation of cognitive em-

pathy and it is unclear how this influences the other two components of empathy.

Emotional convergence might be influenced by selectively leaving out communica-

tion channels that normally trigger emotional convergence (Zaki, Weber, et al., 2009).

For instance, masking the facial expressions in video stimuli should reduce emotional

convergence. A disadvantage of such an approach is that it is a rather crude manipu-

lation that might also influence other processes beside emotional convergence.

A final note on methods for social signal processing is that the different measurement

techniques should be evaluated in actual applications to provide some indication of

their performance (Picard, 2009). With many of the empathy measurements, espe-

cially with emotional convergence, it will be difficult to judge their validity, as ground

truth information and triangulation is even more difficult than in individual emotion

research (Van den Broek, Lisý, et al., 2010). From that perspective, it is essential to

test the techniques in practice and see how well they work for specific applications.

For many systems, it is not necessary that the measurements are flawless, as long as

the users can receive some benefits from the system. Moreover, iterations of test-

ing empathic computing evaluated in practical settings are also likely to improve the

measurement and recognition process by gaining new insights. In sum, there are still

many open questions, that need to be assessed with further research. This will be

discussed in the next section.

7.7 A research agenda for social signal processing

The framework and review presented above provide a starting point for further re-

search into empathic computing systems. As has become clear, such systems have

so far mainly been approached from a cognitive empathy point of view. Nonetheless,

there are many opportunities to integrate the emotional convergence and empathic

responding components in artificial systems to augment human interaction. In the

following paragraphs, I describe some directions for future research that have not ex-

plicitly been addressed yet.

Research focusing on detecting emotional convergence could focus on identifying the

different facial, speech, and physiological parameters that are helpful in detecting

emotional convergence. Moreover, different similarity algorithms can be compared

to investigate which algorithm is most successful in quantifying emotional conver-

gence. Several emotion recognition studies have shown that a multimodal approach

will give better results than unimodal approaches (Bailenson et al., 2008; Pantic et
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al., 2011; Kapoor et al., 2007). As different modalities have their own advantages and

disadvantages, combining them leads to more reliable measurements. To investigate

multimodal empathic computing, different signal fusion techniques should be com-

pared. Possibly the similarity algorithms can be extended to take into account differ-

ent signals. Otherwise, the outputs of individual similarity ratings for each signal can

be combined afterwards (for instance, using a weighted average). Such investigations

could lead to more reliable emotional convergence sensing systems that are better

able to handle environmental noise.

Further research on for empathic responding could be approached from three sides.

First of all, research could be focused on identifying specific nonverbal behavior as-

sociated with either personal distress or sympathy. Identifying and developing algo-

rithms that can detect such behaviors can serve as a proxy for sympathy and personal

distress. Second, systems could use emotional convergence scores to check if reac-

tions are based on sympathy or personal distress. As explained before, with sympathy

there is likely to be some emotional convergence, but there is much more emotional

convergence during personal distress. Hence, simply thresholding emotional conver-

gence might be sufficient for distinguishing sympathy and personal distress. Finally,

it should be investigated to what extent physiological signals, and especially RSA, dif-

fer between sympathy and personal distress reactions. A combination of the three

proposed approaches might even lead to better system performance, but these issues

first need to be addressed individually.

Beside empathy measurement, it is also important to investigate feedback mecha-

nisms to support empathy. Supporting empathy by giving users feedback on their

empathic abilities raises interesting questions. Emotional convergence and empathic

responding are partly subconscious processes (Singer, 2006). Therefore, providing ex-

plicit feedback about empathy might actually backfire, because consciously trying to

improve empathy might interfere with the automated processes. Therefore, design-

ing feedback mechanisms that work subconsciously and preferable in the background

might be better suited for empathy enhancement. An example of this is the peripheral

ambient display used by Balaam et al. (2011), which reinforced synchronization be-

tween interacting individuals using reinforcements in the form of water ripples when-

ever there was behavioral synchrony between participants. More such mechanisms

should be investigated to see what feedback modalities and temporal characteristics

are best to be used.

Evaluation of the mechanisms described above should mainly be done by testing their

performance in practice (Wilhelm & Grossman, 2010; Picard, 2009). Validation could

also be done with questionnaires, but these might not be able to tap into the exact
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processes in involved in empathy (especially in emotional convergence). Moreover, it

is unclear what the performance requirements are for empathic computing in prac-

tice. For these reasons, it is important to move out of the lab and into the real world to

test practical applications of empathic computing. It might well be that easily imple-

mentable systems are already sufficient for many applications and very sophisticated

recognition algorithms are not needed. Finally, real world testing is likely to lead into

many new insights that can further improve the systems. In sum, only by actually im-

plementing empathic computing applications as described before can we investigate

how well they work in practice.

An important issue when evaluating automated empathy measurement is the sepa-

ration of empathy measurement from other constructs (Cacioppo & Tassinary, 1990).

This has not received a lot of attention in the literature. Hence, it is unknown to what

extent the methods presented above are solely triggered by empathy, or are also re-

sponsive to other constructs. From a theoretical perspective, empathy, and especially

emotional convergence, is often considered a low level process that works automat-

ically and is not influenced by many other factors. Nonetheless, for instance, phys-

iological signals respond to other factors as well, like cognitive effort or physical ex-

ercise (Cacioppo, Tassinary, & Berntson, 2000). In that light, it is important to create

ecologically valid tests in which other responses might also occur, to be able to test if

empathy recognition would also work in practice.

In this chapter, I treated empathy as a temporary situated process. Nonetheless, many

psychological studies have also identified stable trait-level differences between peo-

ple on empathy. One example is the common finding that women tend to behave

more empathically than men (Ickes et al., 2000). Such individual differences might

not be directly relevant for applications of empathic computing. However, they might

be useful for improving the recognition accuracies of the different empathy-related

systems (Kappas, 2010). Future research could therefore focus on models that take

into account some of the well-known individual difference.

The focus of this review has been on improving human-human interaction. Nonethe-

less, the same principles might apply to human-machine interaction. As Reeves and

Nass (1996) have shown, humans treat computers the same way they treat other hu-

mans. In that light, empathy might be just as important in human-machine interac-

tion as in human-human interaction. Nonetheless, some of the empathy processes

probably work differently in these two different contexts. For one thing, emotional

convergence works based on stimuli that are largely absent in interactions with com-

puters (e.g., through facial expressions). One exception to this are interactions with

embodied agents. In those cases, emotional convergence could be tracked in the
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same way as done with human-human interaction. Furthermore, research on em-

pathic responses could also inform the design of behavior of artificial agents to be-

come more empathic. Hence, human-machine interaction could greatly benefit from

specific empathy research as well.

7.8 Conclusion

Empathy is an essential process in our social interactions. To make the construct of

empathy more useful, this chapter has presented a three-level framework of the dif-

ferent processes of empathy. The framework has been linked to current and possible

future practices in affective computing and social signal processing, and defines an

upcoming area of research and applications: empathic computing. Possible appli-

cations for empathic component have been identified and structured. Furthermore,

as these applications depend on measurement of empathy, measurement of empa-

thy has been discussed for each component in the framework. Specific gaps and a

concrete research approach on how to close these gaps have been identified.



chapter eight

Augmented empathy through physiological
synchronization feedback

Abstract. Empathy is essential for personal interaction and training empathy
might improve interpersonal skills. Different studies have related synchroniza-
tion of autonomic physiological activity between two individuals to empathy be-
tween those individuals. A training system could help improve empathy by pro-
viding feedback based on physiological synchronization. This way, people can
learn to become more empathic. In a first experiment (N = 66), we investigated if
empathy feedback, as compared to random and no feedback, can improve empa-
thy. As expected, there was higher self-reported empathy, physiological synchro-
nization, and understanding of the feedback in the empathy feedback condition
compared to the other two conditions. In a second experiment (N = 36), we com-
pared different feedback algorithms based on physiological synchronization, to
see if we could improve the feedback device. This showed we could further im-
prove the empathy feedback using a multimodal feedback algorithm fusing dif-
ferent physiological signals. All in all, this research is a first step toward empathic
computing technology that can improve empathy between people.

This chapter is (partly) based on:
Janssen, J.H., Westerink, J.H.D.M., IJsselsteijn, W.A. (Submitted). Augmented empathy through physio-
logical synchronization feedback.

167



168 Chapter 8 Physiological synchronization feedback augments empathy

8.1 Introduction

Empathy is an essential social process that helps people to understand and respond

to the feelings, thoughts, and actions of others. During the course of the evolution

of the human race, empathy has facilitated social support thereby enhancing sur-

vival chances (Preston & De Waal, 2001). Furthermore, empathy provides the funda-

ment for processes like cooperation, altruism, and trust (Batson, 1991; Hoffman, 2000;

P. A. Miller & Eisenberg, 1988). There are many examples of research that show the

importance of empathy. For instance, maritally abusive men score lower on empathic

accuracy than non-abusive men (Schweinle et al., 2002). Additionally, Crosby (2002)

suggests that mothers with better empathy skills have children with more positive

self-concepts. Furthermore, adolescents with lower empathic abilities are more likely

to be the target of bullying and are more likely to suffer from depression (Gleason et

al., 2009). Finally, in many professions, relating empathically to one another is an im-

portant aspect of successful performance. Physicians have to relate empathically to

patients (West et al., 2006; Larson & Yao, 2005), teachers have to relate empathically to

students (Morgan, 1984; McAllister & Irvine, 2002), and salesmen have to emotionally

tune in to potential buyers (Mayer & Greenberg, 1964; Tobolski & Kerr, 1952). In all

these examples, more empathy will likely improve the professional’s success in reach-

ing his or her goal. In other words, a lack of empathy can be devastating for many

social processes.

Despite the fact that we are biologically wired to be empathic, several scholars have

argued that there is a need for more empathy. For instance, Neumann et al. (2011)

show in a meta-analysis of 18 studies that empathy is declining among medical stu-

dents and residents over the years spend at the hospital. Furthermore, according to

Rifkin (2009), becoming more empathic (or the rise of Homo Empathicus, as he calls

it) is the main force against the degeneration of our planet. Therefore, failing to be-

come more empathic might have negative consequences for all of us. Similarly, De

Waal (2009) has argued for more emphasis on empathy instead of competition and

individualism. According to him, this can help to prevent future social and economic

crises. To conclude, looking for interventions that can help to improve empathy is

probably worthwhile and maybe even necessary.

To be able to understand how specific interventions could support empathy, it is im-

portant to first understand what empathy is. Empathy can be defined as an affective

response to a perceived or inferred affective state of another being (Singer & Lamm,

2009). There are, however, many different uses of the word empathy (see Batson, 2009

for a review) which comes with disagreement over the use of the word empathy. What

scientists do agree on is the fact that empathy is a construct consisting of both a cog-
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nitive and an affective component (Decety & Jackson, 2004). As Decety and Jackson

(2004) argue, most “empathy requires both the ability to share the emotional expe-

rience of the other person (affective component) and an understanding of the other

person’s experience (cognitive component)”. The main difference between the differ-

ent scholars comes from the fact that they put their emphasis on different (parts of)

the components. For instance, the work of Ickes (1997) on empathic accuracy focuses

mostly on the cognitive component, investigating how well people can infer other’s

affective states. In contrast, Hoffman (2000) and Hatfield et al. (2009) focus more on

the affective nature of empathy, investigating how emotions transfer from one person

to another. Again, others emphasize the self-regulation of emotions and the differ-

ent responses to other’s distress that require a differentiation of the self and the other

(e.g., Eisenberg & Fabes, 1990; Singer & Lamm, 2009). In sum, although there is dis-

agreement over the use of the word empathy, most researchers do agree that empathy

requires a cognitive understanding of how the other is feeling, and the ability to share

the affective experience of the other.

In the light of the previous definition, affective computing technology (Petta et al.,

2011) and social signal processing (Vinciarelli et al., 2009) could potentially support

empathy by either supporting the cognitive or the affective component of empathy

(or both). One way of supporting the cognitive component of empathy could be by

helping the user inferring the other’s affective state. Work has already be done on

technology that can automatically infer affective states (Calvo & D’Mello, 2010; Zeng

et al., 2009). Many studies have tried to create systems that can automatically mea-

sure affective states through the use of facial expressions (Pantic & Patras, 2006; Pan-

tic, 2009), speech (Schuller et al., 2011; Kessous et al., 2010; Eyben et al., 2010), or

physiological signals (Picard et al., 2001; Van den Broek, Lisý, et al., 2010; J. Kim &

André, 2008). As was shown in Chapter 3, such systems can already be better in rec-

ognizing others’ emotional states than humans are. Therefore, they are likely to be

able to support the cognitive component of empathy by informing the user on the

automatically inferred affective state of the other. As there is already a wide spread of

work on systems that can support the cognitive component of empathy, we focus on

supporting the affective component of empathy.

Supporting the affective component of empathy could be done by helping a user to

experience the same emotions as the other. A way to reach this goal could be based

on studies that have shown that giving feedback on empathy can help people to im-

prove empathy (Marangoni et al., 1995; Barone et al., 2005). For instance, Marangoni

et al. (1995) showed that, within a single one hour session, getting feedback on em-

pathy allowed participants to improve their empathy levels compared to others’ who

did not receive the feedback. Similarly, Barone et al. (2005) showed that over a period
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of a few months, giving people empathy feedback improved their empathy more than

that of people who received no such feedback. All in all, this suggests that giving peo-

ple empathy feedback could train and improve empathy. Although this mechanism

could also support the cognitive empathy component, it does not necessarily require

a cognitive understanding of how the other is feeling. Instead, a system for improv-

ing empathy could also work by giving feedback about the affective component of

empathy. This would not require the user to cognitively understand how the other is

feeling, but could enable empathy improvement on a more associative level. This is

in line with the principle of learning by conditioning during which people do not nec-

essarily have to be aware of what they should change in their behavior (Spence, 1956).

Nonetheless, with repeated reinforcement, people change their behavior in the di-

rection emphasized by the reinforcement (Mackintosh, 1983). Hence, by repeatedly

giving a user feedback on their affective empathy levels, they are likely to be able to

learn to improve this affective empathy.

A system that can give affective empathy feedback requires a method for automated

affective empathy measurement on which the feedback could be based. Several re-

searchers have used physiological similarity between two people as a measure of em-

pathy (Levenson & Ruef, 1992; Marci & Orr, 2006; Marci et al., 2007). For instance,

Levenson and Ruef (1992) correlate self-reported empathy with correlations of skin

conductance and heart rate between participants and persons in a video the partici-

pants are watching. Marci and Orr (2006) and Marci et al. (2007) show that a client’s

reported empathy experiences in therapy sessions correlates with skin conductance

synchronization between therapist and client. In line with these findings, some earlier

studies have also shown heart rate synchronization between therapists’ heart rate and

their clients (Stanek, Hahn, & Mayer, 1973; Coleman, Greenblatt, & Solomon, 1956).

Other examples of physiological synchronization measurements come from Henning

et al. (2001) and Henning et al. (2009) who linked physiological synchronization to ef-

fectiveness of social interaction. Although they did not assess empathy directly, it is

likely that the relation between physiological synchronization and social interaction

they found is mediated by empathy. In sum, there are several examples that show the

potential of physiological synchronization as a measure of empathy.

The fact that empathy and physiological synchronization are related can be explained

from the fact that physiological changes are strongly related to emotions (Ekman et

al., 1983). In fact, some theories of emotion emphasize that emotions are (in part)

perceptions of our bodily state (James, 1884; Prinz, 2004). Hence, because many phys-

iological changes are linked to emotions, physiological synchronization signals a syn-

chronization of emotional states (Levenson & Ruef, 1992). The synchronization of

emotional states is exactly what the affective component of empathy entails. There-
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fore, it makes sense that self-reported empathy and physiological synchronization are

strongly related.

The goal of the present studies is twofold. First, we want to investigate if we can use

real-time empathy feedback based on physiological synchronization to improve the

experience of empathy. Therefore, in the first study we measure peoples’ experiences

after receiving no, random, or real empathy feedback. In this first study, we use the

skin conductance synchronization algorithm successfully employed by Marci and Orr

(2006) and Marci et al. (2007) as a basis for the empathy feedback. Second, there

are different algorithms and modalities to calculate physiological synchronization. In

this light, the goal of the second experiment is to investigate which way of calculat-

ing physiological synchronization best reflects self-reported empathy. Therefore, in

the second study, we compare the correlation between empathy and six different syn-

chronization calculations on three different modalities (skin conductance, electrocar-

diogram, and skin temperature).

8.2 Experiment 1: Testing physiological feedback

In this experiment, the goal was to test if empathy feedback could improve feelings

of empathy. Therefore, we compared participants that received empathy feedback,

based on physiological synchronization, with two control conditions in which partic-

ipants received random feedback or no feedback.

Experimental setup

Participants and Design

Participants were 36 men and 30 women aged 18 to 31 (M = 22.7, SD = 1.9). All partici-

pants were students and native Dutch speakers. None had hearing impairments. Each

participant received 10 Euro for participation. Participants were randomly balanced

over three conditions of feedback: real feedback, random feedback, and no feedback.

Measurements

Physiological recordings were done with a Mobi-8 of TMS International b.v. Skin con-

ductance was measured with two Velcro strips with dry electrodes strapped around

the distal phalanx of the index and ring finger of the non-dominant hand. The skin

conductance signal was sampled with 128 Hz.

The entire experiment was done on a computer with the participants sitting behind a

desk that held the computer screen, keyboard and mouse, and webcam. The experi-

menter was in a control room next to the room the participants were in.



172 Chapter 8 Physiological synchronization feedback augments empathy

Questionnaires

The Batson Empathy and Distress Scale (Batson et al., 1986) is a self-report instru-

ment measuring empathy and distress. In our case, besides empathy, it was also rel-

evant to measure distress, as we were interested to see emotional convergence be-

tween a distressed person in a video and the participant watching that video. Hence,

higher distress scores would indicate more affective empathy. The self-report instru-

ment asked participants to respond on a 7-point Likert scale regarding the degree

to which they experienced eight adjectives associated with empathy (Sympathetic,

Moved, Kind, Compassionate, Softhearted, Tender, Empathic, and Warm) and twelve

adjectives associated with distress (Worried, Upset, Grieved, Distressed, Uneasy, Con-

cerned, Touched, Anxious, Alarmed, Bothered, Troubled, and Disturbed). Responses

range from 1 (not at all) to 7 (extremely). The responses to these adjectives were aver-

aged to produce a total empathy and a total distress score where a higher score indi-

cates a greater degree of empathy. Cronbach’s alpha was .80 for empathy and .82 for

distress.

We further tapped into the participants’ experience of the empathy feedback during

the experiment with four items at 7-point scales ranging from “Completely disagree”

to “Completely agree”. Two items measured participants understanding of the feed-

back: “I understood the empathy feedback” and “It was difficult to understand the

empathy feedback” (which was reverse coded). The other two items measured if par-

ticipants liked the feedback: “I liked the empathy feedback” and “I did not like the

empathy feedback” (which was reverse coded). Finally, manipulation checks at the

end of the experiment included the questions “What do you think this experiment

was about?” and “Do you have any other comments about this experiment?”.

Video stimulus

To create a relatively controlled emotional interaction that could generate empathy,

we created videos of persons displaying different emotions. The video stimulus used

in this experiment consisted of a recording of a young man disclosing very sad emo-

tional events from his life. This form of autobiographical recollection is known to elicit

strong emotional reactions (Zaki, Weber, et al., 2009).

The video stimulus was created by an experimenter who interviewed a participant he

was not familiar with. After the participant arrived in the lab, he was asked to recall

two sad events from his live and write a short paragraph about them. Subsequently,

physiological sensors similar to the ones reported above were attached. Next, an eight

minute aquatic baseline movie was shown to allow the physiological signals to return

to base levels.
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After the baseline session, the participant received instructions for the interview about

the emotional events. The experimenter told the participant he would get some time

to relive the past experiences he had written down. Meanwhile, the experimenter

setup two JVC HD cameras, positioned to film the face and upper torso of the partic-

ipant from the front and from the side. After approximately one minute, the experi-

menter sat down at a table opposite of the participant with about 1.5 meter between

him and the participant. Then, the participants talked about their sad experiences to

the experimenter. The experimenter reacted with empathy (by showing understand-

ing and validation of the others emotions) to their disclosures and sometimes asked

clarifying questions to keep the conversations going.

After both experiences had been discussed, the experimenter stopped the recordings

and transferred the frontal video recording to the computer. Finally, the recording was

replayed to the participant while the participant continuously indicated how positive

or negative he or she felt during disclosure of the event. This was done with a contin-

uous rating dial, which is a validated instrument for continuous recordings of emo-

tional state after autobiographical recollection (Gottman & Levenson, 1988; Levenson

& Ruef, 1992).

The resulting recording was 11:01 minutes. Judging the recording at face value showed

a range of emotions with the participant having to laugh and cry at different moments.

This was confirmed by the participant’s own ratings, which showed a minimum rating

of 1 and a maximum rating of 15 (on a fifteen point scale) for both movies. The mean

was 7.3 (SD = 2.8). To make sure that the video did contain enough emotional expres-

sions, we showed the video to 28 women and 32 men, who rated it on the amount

of positive emotion and negative emotion on 7-point Likert scales. Resulting means

(SDs) were 3.4 (1.6) for the positive emotion and 4.5 (2.0) for negative emotion.

Empathy feedback

To calculate a measure of empathy based on physiological synchronization we used

the skin conductance concordance score reported by Marci and Orr (2006) and Marci

et al. (2007). They showed that this measure correlates with self-reported empathy.

To calculate the concordance score, the skin conductance signal of the person in the

video and the participant was first downsampled to 2 Hz, filtered with a 1.5 second

Bartlett window (Oppenheim & Schafer, 1989), and differenced at order one to remove

any linear trends that might inflate the correlation (Chatfield, 2004). Next, slopes were

calculated over 5-second moving windows with 1-second increments. Subsequently,

similarity between the slopes of the two signals (i.e., from the participant and the per-

son in the video) was calculated by correlating the two sets of slopes over 15-second
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windows (thus, each set of slopes contained to 15 slope averages). From these cor-

relations, Marci et al. (2007) and Marci and Orr (2006) sum the positive and absolute

value of the negative correlations to get positive and negative concordance over the

entire session. Finally, the concordance score is defined as the ratio between positive

and negative concordance.

Our continuous empathy feedback was given in the form of a colored band around

the video window 4 cm in width. For the real feedback condition, every 20 seconds

the feedback was updated with the correlation of the most recent 15 second window.

When the correlation was positive, the band faded in and out into a green color. In

and out fading took nine seconds, after which their would be 11 seconds of neutral

gray color before the next empathy assessment was made. When the correlation was

negative the band faded in and out into a red color taking 9 seconds. The red color

(when the correlation was smaller than 0.0) was calculated as rgb value by

(
r, g ,b

)= (
bg , (1+ r ) ·bg , (1+ r ) ·bg

)
(8.1)

The green color (when the correlation was higher then or equal to 0.0) was calculated

in rgb values by

(
r, g ,b

)= (
(1− r ) ·bg ,bg , (1− r ) ·bg

)
(8.2)

In both equations, bg was set to 238, as (238,238,238) resembled the gray background

of the rest of the window.

For the random feedback condition, every 20 seconds a pseudo-random value was

generated in [−1,1] to which the correlation was set. Subsequently, feedback based

on this value was given in the same way as in the real feedback condition. In the no

feedback condition the color of the band remained gray during the entire video.

Procedure

Participants came into the lab and first signed an informed consent form. Subse-

quently, physiological sensors were attached and the experiment was started. The

participant put on the headphones and the experimenter left the room. All instruc-

tions were presented on the screen. The participants first watched an eight minute

aquatic baseline movie to make sure everyone started in the same physiological state

before the main part of the experiment started.
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After the baseline, participants received instructions for either a feedback condition

(same for real and random feedback) or for the no feedback condition. In the no feed-

back condition, participants were told to watch the movie and try to be as empathic as

possible. In the other two conditions, they also received these instructions, but now

these were extended with an explanation of the colored empathy feedback.

After the movie finished, the procedure was repeated, to see if participants had a

different experience the second time they saw the movie. Based on the empathy

feedback studies discussed in the introduction (Barone et al., 2005; Marangoni et al.,

1995), one would expect that participants would be more empathic the second time

they watched the video. The same instructions were presented to the participant and

the same movie was presented. After each of the movies, participants completed Bat-

son’s Empathy questionnaire. Participants who received the real or random feedback

also completed the understanding and liking items. At the end of the experiment,

manipulation checks and biographical questions were administered. The entire pro-

cedure took about 60 minutes per person.

Results

Self-reported empathy and distress

Self-reported empathy was expected to be higher in the real feedback condition as

opposed to the random and no feedback conditions. To test this, empathy and per-

sonal distress were first calculated by averaging over the individual items (Cronbach’s

α’s were .91 and .87 respectively). Subsequently, one-tailed simple contrasts were run

to see if, as expected, empathy and personal distress were higher in the real feedback

condition as opposed to the random and no feedback conditions. For empathy, there

were significant differences both between the real and no feedback condition (p < .05;

Cohen’s d = 0.37) and between the real and random feedback condition (p < .05; Co-

hen’s d = 0.37). Means and SEs are depicted in Figure 8.1. Empathy was higher in the

real feedback condition (M = 4.25) than in the random (M = 3.71) and no feedback

conditions (M = 3.72). For personal distress, there was also a difference between the

real and no feedback condition (p < .02; Cohen’s d = 0.46) and a marginally signifi-

cant difference between the real and random feedback condition (p = .083; Cohen’s

d = 0.30). Means and SEs are depicted in Figure 8.1. Personal distress was higher in

the real feedback condition (M = 3.33) than in the random (M = 2.94) and no feed-

back conditions (M = 2.73).

The contrasts were followed by a repeated measures ANOVAs on Empathy and Per-

sonal Distress with Trial (1/2) as within-subject factor and Condition (Real feedback /
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Random feedback / No feedback) as between subject factor. For Empathy, effects were

found for Trial (F (1,64) = 30.84; p < .001; partial η2 = .33) and Condition (F (2,64) =
2.09; p = .065; partial η2 = .06), but not for Trial × Condition (F (2,64) = 1.51; p > .10;

partial η2 = .05). Empathy ratings where higher in the first trial (M = 4.17) than in

the second trial (M = 3.61). For personal distress, effects were also found for Trial

(F (1,64) = 12.71; p < .001; partial η2 = .17) and Condition (F (2,64) = 2.44; p < .05;

partial η2 = .07), but not for Trial × Condition (F (2,64) = 0.14; p > .10; partial η2 =
.00). Distress ratings where higher in the first trial (M = 3.15) than in the second trial

(M = 2.85).

Experience of feedback

To further investigate the experience of the feedback, we analyzed the understanding

and liking ratings. The two items that measured liking (Cronbach’s α = .78) and the

two items that measured understanding (Cronbach’s α = .81) of the feedback were

averaged to create liking and understanding scores. The resulting scores were sub-

mitted to a repeated measures ANOVA with Condition (Real feedback / random feed-

back; note that the no feedback condition is ignored here as participants did not re-

ceive feedback in that condition so could not report on their experience of that feed-

back) as between subject factor and Trial (1/2) as within-subject factor. For liking,

there were effects of Trial (F (1,43) = 3.48; p = .07; partial η2 = .08) and Trial × Condi-

tion (F (1,43) = 6.26; p < .02; partial η2 = .13), but not for Condition (F (1,43) = 0.89;

p > .10; partial η2 = .02). Means and SEs depicted in Figure 8.2 show that in the first

trial participants liked the real feedback better than the random feedback. There was

no such difference in the second trial. For understanding, there were effects of Trial

(F (1,43) = 6.50; p < .02; partial η2 = .13) and Condition (F (1,43) = 4.61; p < .05; par-

tial η2 = 0.10), but not of Trial × Condition (F (1,43) = 0.61; p > .10; partial η2 = .01).

Means and SEs depicted in Figure 8.2 show that, as expected, understanding is higher

for the real feedback compared to the random feedback condition. Understanding

was also higher in the first trial than in the second trial.

Skin conductance concordance

Skin conductance concordance was expected to be higher in the real feedback con-

dition as opposed to the random and no feedback conditions. To test this, first, one-

tailed simple contrasts were run between the three conditions with skin conductance

concordance as depended measure. As expected, the real feedback condition led to

significantly higher skin conductance concordance (M = 1.67) than the no feedback

condition (M = 1.13, p < .005), and to marginally significantly higher skin conduc-

tance concordance than the random feedback condition (M = 1.37, p = .095). See
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Figure 8.1 Empathy and personal distress ratings and skin conductance concordance for the
three different conditions over the two trials. Error bars depict +/- 1 SE.
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Figure 8.2 Feedback understanding and liking ratings for the two feedback conditions over the
two trials. Error bars depict +/- 1 SE.

Figure 8.1 for means and SEs.

In a follow-up repeated measures ANOVA we split the skin conductance synchroniza-

tion signal in three parts of equal size to be able to analyze if there were changes

over time. The repeated measures ANOVA with Trial (1 or 2) and Time (1st, 2nd, or

3rd part) as repeated measures and Condition as between-subject factor only showed

significant effects of Trial (F (1,106) = 4.49; p < .05; partial η2 = .073) and Condition

(F (2,57) = 3.70; p < .05; partial η2 = .115). Skin conductance synchronization was

higher in the first trial (M = 1.51) than in the second trial (M = 1.24). Effects of Time

(F (2,106) = 0.08; p > .10; partial η2 = .001), Time × Condition(F (4,106) = 0.71; p > .10;

partial η2 = .024), Trial × Condition (F (2,106) = 1.50; p > .10; partial η2 = .033), Time

× Trial (F (2,106) = 2.53; p > .10; partial η2 = .022), and Time × Trial × Condition

(F (4,106) = 0.47; p > .10; partial η2 = .008) were all not significant.

Discussion

In this experiment, it was our goal to see if empathy feedback based on physiologi-

cal synchronization can improve the experience of empathy. For this, we compared

people receiving real empathy feedback based on skin conductance synchronization

with people receiving random or no feedback. As expected, the self-reported empa-

thy was higher in the real feedback condition than in the random or no feedback con-

dition. In the same vein, self-reported distress was also higher in the real feedback

condition than in the random or no feedback condition. This is also an indication

of higher affective empathy, as the person in the video was distressed (talking about
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sad events from his life). In line with this, people understood and liked the real feed-

back better than the random feedback. Finally, the skin conductance concordance

was also higher in the real feedback condition than in the random and no feedback

conditions. All in all, these results show the potential for enhancing empathy through

physiological synchronization feedback.

There were a few limitations to our results. First of all, empathy (as measured by rat-

ings and physiological synchronization) did not increase from trial 1 to trial 2 but

instead decreased. This is possibly due to the fact that participants were less moti-

vated for the task the second time they watched the video compared to the first time.

Previous research has shown that motivation has an influence on empathy (Klein &

Hodges, 2001). In line with this, liking of the feedback was much lower in the second

trial than in the first trial. In addition, many participants commented afterwards that

they felt bored when watching the movie for the second time. Furthermore, the de-

crease in empathy was the same for all three conditions and is therefore not due to

the feedback.

A second limitation is the fact that effect sizes were medium but not high, and some

differences between conditions were only marginally significant. However, there are

several factors that can positively influence the effects of the empathy feedback. First,

our participants had to learn to use and interpret the feedback over relatively short

periods of 10 minutes. Using the feedback for a longer time could potentially improve

its effectiveness (if motivation would be high enough of the participants). Second, the

form in which the feedback was given could potentially be improved. For instance,

more implicit feedback as used by Balaam et al. (2011) might work better as it does

not take up as much attention from the participants. Third, the algorithm that calcu-

lated the physiological synchronization could be investigated further, to see if there

are other algorithms that are more strongly related to empathy. Investigating these

three potential improvements might improve the effectiveness of the physiological

empathy feedback.

8.3 Experiment 2: Improving feedback

Experiment 1 showed that feedback based on physiological synchronization can help

to improve empathy. For this, we used a physiological synchronization algorithm that

had been correlated with empathy before (Marci et al., 2007). In Experiment 2, we set

out to compare different algorithms of physiological synchronization, to see which

one most strongly relates to empathy. By finding an algorithm that relates better to

self-reported empathy, the empathy feedback system could be further improved.
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Experimental setup

Participants and Design

Participants were 26 men and 10 women aged 18 to 26 (M = 21.4, SD = 1.6). All partici-

pants were students and native Dutch speakers. Each participant received 10 euro for

participation. During the experiment, participants watched two different videos of

people disclosing emotional memories (to overcome the boredom expressed by par-

ticipants in the first experiment). The order of the videos was counterbalanced over

participants.

Measurements and questionnaires

Physiological recordings were done in the same way as in the previous experiment.

In addition, a skin temperature (ST) sensor was taped to the distal phalanx of the lit-

tle finger of the non-dominant hand and electrocardiogram (ECG) electrodes were

placed in a standard lead-II placement. ST was sampled at 128 Hz and ECG was sam-

pled at 1024 HZ. Again, the Batson empathy questionnaire was used to tap into empa-

thy and personal distress. Furthermore, intimacy between the participants was mea-

sured with the Inclusion of Other in Self scale (IOS; Aron et al., 1991). The IOS is a

single item pictorial measure which asks the participant to "select the image that best

describes your relationship with the other participant" on a 7-point pictorial scale.

Video stimuli

For this experiment we used two different videos from two different persons (one

male, one female), to get results that generalize over different stimuli and create some

more variance in empathy levels. The first video was the same as the one used in the

previous experiment. The second video was created in the same way as the first video

(see previous experiment).

The resulting videos were 11:01 minutes and 10:52 minutes, differing only 9 seconds.

Judging the recordings at face value showed a range of emotions with both partici-

pants having to laugh and cry at different moments. This was confirmed by their own

ratings, which showed a minimum rating of 1 and a maximum rating of 15 (on a fif-

teen point scale) for both movies. In addition, means were 7.3 (SD = 2.8) and 7.9 (SD

= 3.9). To make sure that the videos did contain enough emotional expressions, we

showed the videos to 28 women and 32 men, who rated them on the amount of pos-

itive emotion and the amount of negative emotion on 7-point likert scales. Resulting

means (SDs) for the amount of positive emotion were 3.4 (1.6) and 4.2 (1.4). Means

(SDs) for the amount of negative emotion were 4.5 (2.0) and 4.4 (1.6). To see if the
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movies differed significantly on amount of positive or negative emotion, the ratings

were subjected to two independent samples t-tests. No significant differences were

found (all ps > .10).

Procedure

Participants came into the lab and first signed an informed consent form. Subse-

quently, physiological sensors were attached and the experiment was started. The

participant put on the headphones and the experimenter left the room. All instruc-

tions were presented on the screen. The participants first watched an eight minute

aquatic baseline movie to make sure all started in the same state before the main part

of the experiment started.

After the baseline, participants watched one of the video stimuli containing the emo-

tional disclosures. To create some variance in induced empathy levels, we instructed

half of the participants to try to be as empathic as possible. The other half only re-

ceived instructions to watch the movie. When the first movie finished, the same pro-

cedure was repeated for the second movie (including baseline session). After each

movie, participants completed Batson’s Empathy questionnaire and the Inclusion of

other in self scale. At the end of the experiment, manipulation checks and biograph-

ical questions were administered. The entire procedure took about 60 minutes per

person.

Physiological synchronization indices

Before calculating the synchronization indices, the three physiological signals (skin

conductance, electrocardiogram, and skin temperature) recorded from the persons in

the video and the participants were preprocessed as follows. First, skin conductance

and skin temperature were downsampled to 2 Hz, filtered with a Bartlett window of

1.5 sec, standardized as z-scores, and differenced at first order to remove linear trends

that might inflate synchronization indices. For the electrocardiogram, first, the inter-

beat intervals were extracted on which a cubic interpolation was applied with 10 Hz.

Second, similar to the other two signals, the signal was standardized as z-scores and

differenced at first order to remove linear trends that might inflate synchronization

indices.

The physiological synchronization between the participants and person in the video

was calculated with six different features for each of the three modalities, resulting in

18 different features. These features were selected because they have been used be-

fore by others. The concordance score as described in the previous experiment was

the first feature. We also included the positive and negative concordance as individual
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features. The fourth feature was the correlation coefficient between the preprocessed

signals of the participant and the person in the video. The fifth feature was the co-

herence between these signals. Coherence is a frequency domain similarity measure

(Chatfield, 2004), as opposed to correlation which is a time-domain measure. Coher-

ence was also applied by Henning et al. (2001) for similar purposes. Finally, for the

sixth feature we calculated the percentage of time the direction of the signals was the

same.

Results and discussion

Physiological synchronization

Coherence, correlation, direction similarity, and the three concordance metrics as de-

scribed previously, were calculated over each entire video the participants watched,

which thus resulted in two datapoints per participant per metric. Means (SEs) of these

metrics can be found in Table 8.1. To see which of these measures had the strongest

relationship to empathy and personal distress, they were correlated with participants’

empathy (M = 4.34, SD = 1.11) and personal distress ratings (M = 3.29, SD = 1.00).

Significant correlations with empathy were found for skin temperature and heart rate

synchronization indices. Significant correlations with personal distress were found

for skin conductance and heart rate synchronization indices. Results of this analysis

can be found in Table 8.1.

Subsequently, it was investigated how well empathy and personal distress could be

predicted from a combination of different modalities and synchronization indices.

For this, linear regression was used to combine the different synchronization indices.

The correlations of linear regression over the entire feature set were .55 for empathy

and .62 for personal distress when evaluated on the training set. However, when ap-

plying leave-one-out cross-validation (i.e., for each data point, building the model

on all other data points and evaluating on the left out data point), correlations were

.12 for empathy and .23 for personal distress. Hence, the linear regression results on

the training set likely suffered from overfitting, and we can probably improve the per-

formance by applying feature selection. For feature selection, evaluation of different

feature sets was done using best first search (termination after 500 cycles) in a linear

regression wrapper using leave-one-out cross-validation. This resulted in a list of fea-

tures, ranked by the percentage of folds (of the cross-validation) for which the feature

was selected. The resulting ranking can be found in Table 8.2 for empathy and Table

8.3 for personal distress. Finally, the top-n features were selected at different values

of n to assess the correlation of the linear combination of features with the empathy

and personal distress ratings.
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Table 8.1 Means and SDs of the physiological synchronization indices and their corre-
lations with empathy and personal distress. Only significant and marginally significant
correlations are reported.

Modality Measure Mean SD Empathy Distress

SCL Correlation .439 .251

Weighted coherence .393 .103

Concordance 1.148 0.471 .43*

Positive concordance 86.48 19.47 .28†

Negative concordance 81.51 18.37 -.43*

Same direction .507 0.025 .30*

TMP Correlation .684 .215

Weighted coherence .521 .074

Concordance 1.067 0.332

Positive concordance 101.94 19.08 .29*

Negative concordance 100.42 19.61

Same direction .501 .028

HR Correlation .012 .148 .25* .30*

Weighted coherence .124 .021

Concordance 1.126 0.620 .21† .21†

Positive concordance 75.91 17.64 .22†

Negative concordance 76.74 19.96

Same direction .480 .041

Notes. * p < .05, † p < .10, SCL = skin conductance level, TMP = skin temperature, HR
= heart rate.

For empathy, using the top 6 features led to the best result with a correlation of .340

(as compared to .12 before feature selection; see Table 8.4). The resulting regression

model had the following weight parameters B : 7.079 for the intercept, 0.0122 for the

HR negative concordance, 0.4536 for the HR concordance score, 1.826 for the HR cor-

relation, -0.0137 for the SCL negative concordance, -10.910 for the TMP same direc-

tion, and 0.023 for the TMP positive concordance. For personal distress, using the top

4 results led to the best results with a correlation of .442 (as compared to .23 before

feature selection). The resulting regression model had the following weight parame-

ters: 2.533 for the intercept, 2.080 for the HR correlation, -0.023 for the SCL negative

concordance, 8.364 for the TMP coherence, and -2.560 for the TMP correlation.

In sum, these analyses show that combinations of signals can be used to better mea-

sure empathy and personal distress. Judging from the results of the individual modal-
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Table 8.2 Ranking of features for empathy prediction.
The ranking was based on percentage of folds in which
the feature was selected during the feature selection
process.

Rank % folds Feature

1 93 TMP positive concordance

2 71 TMP same direction

3 71 HR correlation

4 31 HR concordance

5 26 SCL negative concordance

6 15 HR negative concordance

7 14 HR coherence

8 13 SCL concordance

9 9 HR positive concordance

10 9 TMP concordance

11 6 TMP coherence

12 6 SCL positive concordance

13 4 SCL same direction

14 4 SCL correlation

15 4 TMP negative concordance

16 4 TMP correlation

17 3 SCL coherence

18 0 HR same direction

Notes. SCL = skin conductance level, TMP = skin
temperature, HR = heart rate

ities as reported in Table 8.1, skin conductance best relates to personal distress and

heart rate and skin temperature best relate to empathy. Nonetheless, combining dif-

ferent modalities gives the best results. This is therefore likely to improve the effec-

tiveness of empathy feedback training.

Empathy and intimacy

In the introduction, we stated that empathy is important for bonding and close rela-

tionships. To see if increases in empathy are indeed related to increases in intimacy

we assessed correlations for the empathy and personal distress scales with the rat-

ings on the IOS scale (M = 3.33, SD = 0.26). Significant correlations were found for

both empathy (r (68) = .50; p < .001) and for personal distress (r (68) = .46; p < .001).

Hence, increases in empathy as well as personal distress indeed relate to increases in
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Table 8.3 Ranking of features for personal distress pre-
diction. The ranking was based on percentage of folds
in which the feature was selected during the feature se-
lection process.

Rank % folds Feature

1 79 SCL negative concordance

2 79 HR correlation

3 58 TMP coherence

4 51 TMP correlation

5 43 TMP negative concordance

6 39 SCL concordance

7 25 TMP positive concordance

8 19 HR positive concordance

9 13 TMP same direction

10 13 HR concordance

11 12 SCL positive concordance

12 12 SCL coherence

13 12 SCL correlation

14 10 TMP concordance

15 9 HR negative concordance

16 7 SCL same direction

17 1 HR coherence

18 0 HR same direction

Notes. SCL = skin conductance level, TMP = skin
temperature, HR = heart rate

intimacy. It should be noted that this correlation does not prove any causality. Al-

though it could be that increases in empathy led to increases in intimacy, it could also

be that increases in intimacy led to increases in empathy (Cwir et al., 2011). Never-

theless, both constructs are quite strongly related, as is shown by the relatively high

correlations.

8.4 General discussion

The goal of the studies was to investigate the potential of real-time feedback based on

physiological synchronization to improve intimacy. In the first experiment, we com-

pared groups that received real, random, and no feedback. As expected, real empathy

feedback led to higher levels of self-reported empathy, higher levels of physiologi-
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Table 8.4 Correlations between linear regression consisting of top-n features with
empathy and personal distress ratings for results over the entire training set and
after leave-one-out cross validation.

Empathy Personal distress

Top-n Training set Leave-one-out Training set Leave-one-out

7 .510 .339 .568 .397

6 .495 .340 .559 .404

5 .483 .338 .557 .426

4 .445 .322 .548 .442

3 .441 .331 .469 .369

cal synchronization, and better liking and understanding of the given feedback. This

showed that empathy can potentially be improved or trained by using physiological

feedback.

The effectiveness of empathy feedback could probably benefit from improvement of

the feedback system because effect sizes in the first experiment were relatively low.

Therefore, in the second experiment, we compared different algorithms to calculate

the physiological synchronization. This showed that combining different physiolog-

ical modalities improves the extent to which perceived empathy is relfected. Hence,

this probably also improves the effectiveness of an empathy feedback system.

Limitations and future research

The current studies have some limitations that might be worthwhile to tackle in fu-

ture research. First, to be able to get some experimental control over the generated

empathy levels and interaction we used videos in which persons expressed emotions.

This is a method that is used more often in empathy research (e.g., Levenson & Ruef,

1992; Zaki, Weber, et al., 2009). Nevertheless, it also limits the ecological validity of

the research. Effects might be different in real dyadic interactions. On the one hand,

with real interactions there could be mutual physiological adaptation to the interac-

tion, instead of only one person adapting to a prerecorded stimulus. Hence, this could

possibly result in larger effects. On the other hand, physiological signals might also re-

spond to other factors that are not available in lab situations, and therefore contain

more noise in the real-world (Cacioppo & Tassinary, 1990). Hence, future research

could investigate how our results transfer to the real world, to see if the effectiveness

of the feedback increases or decreases.
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For the current studies, we used participants that did not know the persons in the

videos. This was done to keep the history between all participants and the persons in

the videos the same. Nonetheless, it is known that familiarity with a person influences

empathy (Stinson & Ickes, 1992). When people become more familiar, their empathy

increases. Hence, the empathy feedback might have a different influence on people

that know each other well. Future research could investigate this by comparing people

with different levels of familiarity. For instance, by inviting two couples at the same

time and comparing effects of the empathy feedback when couples are crossed versus

when they are kept together.

In the first experiment, we could use both self-report and physiological measures to

investigate levels of empathy. In contrast, in the second experiment, the physiologi-

cal synchronization algorithms could only be validated against self-reported empathy

and personal distress. Although this is a fairly popular method (Batson, 1991; Marci

& Orr, 2006; Levenson & Ruef, 1992), it is unclear if people are always accurate at self-

reporting their empathy levels. Therefore, it might be interesting for future research

to try to develop other measures that can be used to triangulate the self-reported

data and physiological measurements. One possibility might be to see how accurate

the inferences are participants make about others’ emotional states (Zaki, Bolger, &

Ochsner, 2009; Ickes, 1997). This would put the focus on cognitive empathy. Triangu-

lating based on affective empathy might be done by using other affective signals like

speech or facial expressions. The synchronization between these signals could just as

well be related to empathy (Nijholt et al., 2008; Ramseyer & Tschacher, 2008).

We focused specifically on situated empathy, which changes over time. Nonetheless,

there can also be stable trait-level differences between people on empathy (Salovey &

Grewal, 2005). For example, a common finding is that women tend to be more em-

pathic than men (Ickes et al., 2000). Such individual differences might be important

to take into account when measuring empathy or when giving empathy feedback. It

might, for instance, be frustrating for someone to keep getting low empathy feedback,

although empathy is relatively high for that particular person. Hence, future research

could investigate how trait level differences between people influence physiological

synchronization, and how this could be taken into account in empathy-supporting

technology.

Implications and applications

Although we have shown that empathy feedback based on physiological synchroniza-

tion can be effective, the embodiment of an actual feedback system can take many

different forms. In this section, several parameters of that design space are discussed
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in the light of the mechanisms underlying the empathy improvement through feed-

back.

First, different modalities can be used to provide the empathy feedback. We used a

visual modality. However, this might distract participants from the natural emotional

cues that communicate the other’s state and thereby decrease the empathy (Zaki, Bol-

ger, & Ochsner, 2009). Hence, a modality that is less distracting might be better suited

for to transmit empathy feedback. Sound might interfere with speech and emotional

cues that are expressed through speech and is therefore not a good modality either.

Instead, the haptic modality is a possible candidate, as haptic feedback does not in-

terfere with any other modalities. Another benefit of haptic feedback is that it can only

be perceived by the wearer of the device, and is therefore more private. Nonetheless,

haptic feedback does require attention and might therefore distract a user from the

other as well. Moreover, it requires wearing a devices, making it more obtrusive.

Second, another way of dealing with the distraction or interference of the feedback

with the interaction is using implicit instead of explicit feedback (i.e., the stimulus

had a clear symbolic meaning). The feedback we used was explicit. Nonetheless,

physiological synchronization might also be reinforced by using implicit feedback.

This was done by Balaam et al. (2011), who showed that they could improve rapport

by showing water ripples during nonverbal synchronization on a peripheral display,

even when participants were not consciously aware of what the ripples meant. This

might be a method that does not distract the user much from the interaction with

the other. It might reinforce empathy if the water ripples are shown at the moments

physiological synchronization is high.

Third, the temporal dynamics of the feedback form another important part of the de-

sign space. Feedback can be given concurrently with the actual interaction, at a lag,

or possibly even beforehand using predictions. The feedback is probably most effec-

tive when given as close to the actual events as possible, as this creates the strongest

association with the event (Spence, 1956; Mackintosh, 1983). In that light, giving the

feedback in real-time with the smallest possible lag will probably work best. Moreover,

feedback can be given continuously or at discrete moments. Based on reinforcement

learning, the more feedback you get the faster you will improve your skills (Spence,

1956). However, we have given the feedback at discrete moments, as not to distract

the users too much. A balance that does not distract users too much needs to be

struck to create the best temporal resolution or the feedback. This will also depend

on the application domain of the feedback. For instance, in some situations only feed-

back given after the interaction might be feasible due to the fact that users also need

to perform other cognitively demanding tasks that require most of their attentional
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resources.

A remaining important question that arises out of our findings is if the effects of in-

creasing empathy through technology (e.g., increases in social support and intimacy)

are the same as the effects of naturally emerging empathy. People try to make sense

of events by attributing causes to the events (Kelley & Michela, 1980). Applying this

to empathy suggests that if users attribute empathy to the technology instead of to

the other person, the effects of the empathy feedback might be limited. These ef-

fects have, for instance, been shown to appear with self-disclosure being judged as

less intimate if the self-disclosures occur because of technology instead of interper-

sonal causes (L. C. Jiang et al., 2011, Chapter 2). Therefore, technologically mediated

empathy might have a smaller effect on bonding, intimacy, and feelings of care and

understanding than natural empathy.

There are several reasons to assume that attributing empathy to technology will only

sporadically occur in actual applications. First, empathy, and especially affective em-

pathy that we targeted in this work, is a largely unconscious automatic process (Hat-

field et al., 1994). Therefore, the empathy processes are unlikely to contain any con-

scious attributions of what generated the empathy at all. Second, using implicit feed-

back will create low awareness of the technology, and therefore attributions to the

technology become unlikely. The device can be integrated unobtrusively in all kinds

of artifacts in such a way that interacting individuals might not even notice it (Wester-

ink et al., 2009). Third, the empathy feedback device could potentially be used to train

the natural empathy skills of users. Therefore, after a period of training, natural em-

pathy can be higher even when the device is not being used anymore.

Taken together, depending on the specific implementation of the device, the effects

of natural empathy are likely to be replicated by technologically supported empathy.

This can have many beneficial social effects. For instance, it could help physicians,

teachers, and salesmen to better relate to their patients, students, and customers

(Morgan, 1984; Mayer & Greenberg, 1964; West et al., 2006). It can improve parents’ to

tune into the needs of their children (Crosby, 2002), and it can create closer relation-

ships between romantic partners (Laurenceau et al., 2004).

Conclusion

To conclude, empathy is an essential social process that has a strong influence on fac-

tors like trustworthiness, bonding, and social support. Creating technology that could

help to improve empathy can therefore have a huge impact on society. This research

has tried to take a first step towards such empathic technology. Our real-time empa-
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thy feedback system can improve feelings of empathy and affective synchronization

between users. Although these first results look promising, there are still many open

issues that need to be resolved before this technology can come to fruition in prac-

tical applications. In this light, we have tried to identify essential points for future

research, and hope that this can help to further empathic technology. Although there

are many challenges ahead, the opportunities for and promises of empathic technol-

ogy are manifold.
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9.1 Physiosocial technology

In this dissertation, I have tried to show that physiological signals can be of value

for communication technology. Physiological signals are tightly bound to emotions

(James, 1884; Prinz, 2004), and emotions are essential for successful communication

(Mehrabian & Epstein, 1972). Communication technologies have so far mostly em-

ployed modalities that can also be communicated in unmediated communication,

like facial expressions and speech, to share our emotions. The physiosocial technolo-

gies as studied in this dissertation might make it possible to transform social interac-

tion in ways that cannot be achieved with other communication modalities. As such

technologies can expand the communication of emotions, they might bring people

closer together and enhance social connectedness (Laurenceau et al., 2004).

Three levels of interpretation

As I have shown, bringing physiology into communication can be done in different

ways, each with its own costs and benefits. First, I showed that physiology can be

used to have a computer infer emotional states that can be communicated to another

person (Chapter 3). This approach is inspired by affective computing research that

tries to automate emotion detection and recognition (Petta et al., 2011; K. R. Scherer

et al., 2010; Calvo & D’Mello, 2010). Although such emotional states can be inferred

from many different signals (e.g., facial expressions, speech, posture), the results in

Chapter 3 showed that physiological signals are the most effective input for emotion

recognition systems. Such emotion recognition systems can communicate emotions

automatically to enhance closeness between people (Chapter 2). However, such au-

tomatically communicated states are experienced as less intimate than user-initiated

communicated states. This may limit the benefits of an emotion recognition system

for communication technology targeted at enhancing social connectedness.

A second approach to bringing physiology into communication is not by letting the

computer do the interpretation of the physiological signals, but by letting a human

do the interpretation. This can be achieved by communicating a physiological signal

directly (Chapters 4, 5, and 6). To investigate this, we were the first to explore heart-

beat representations as a direct communication signal in several studies. We used

heartbeat as an example physiological signal because people are likely to be famil-

iar with it and because they are likely to relate heartbeat changes to emotions. Our

studies showed that people can indeed interpret heartbeat signals in terms of emo-

tions (Chapter 4). Furthermore, perceiving someone’s heartbeat increases closeness

between the perceiver and sender of the signal (Chapter 5). Finally, we elaborated
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that heartbeat can provide both information about the emotional state of another

person and a direct connection to another person, and thereby improve connected-

ness (Chapter 6). All in all, these studies reveal that leaving the interpretation of the

physiological signals up to a human also has potential as physiosocial technology.

A third approach to bringing physiology into communication is a hybrid form of hu-

man interpretation and computer interpretation of physiological signals. This hybrid

form consists of letting a computer do processing on the raw physiological signals

and presenting this to a human who can than do the next step of interpretation. We

tested this by focusing on empathy, which is strongly related to social connectedness

and forms a promising platform for creating a hybrid of human and computer inter-

pretation (Hoffman, 2000; Levenson & Ruef, 1992). The goal of this work was to see

if we could train users to become more empathic, as this likely improves social con-

nectedness as well (Chapter 7). The computer interpretation of this system consisted

of calculating physiological synchronization between two users of the system. This

physiological synchronization is related to empathy (Levenson & Ruef, 1992; Marci &

Orr, 2006; Marci et al., 2007). Following that reasoning, we were able to show that pro-

viding the users with feedback on their physiological synchronization helped them to

improve their empathy (Chapter 8). In this case, interpreting the physiological syn-

chronization constituted the human interpretation part of the system.

Self-disclosure and understanding

All three levels described above are based on two overarching concepts that are essen-

tial in the process of improving social connectedness through physiological comput-

ing: self-disclosure and understanding. These factors were already emphasized in the

introduction (Chapter 1), when the interpersonal process model of intimacy was dis-

cussed. Furthermore, in essence, all the chapters in this thesis describe (sometimes

implicitly) ways of improving both self-disclosure and understanding. In the follow-

ing paragraphs, I will discuss how the chapters in this dissertation relate to these two

overarching concepts, and discuss some of my thoughts surrounding self-disclosure

and understanding that have not yet been presented.

Many scholars have emphasized the strong relationship between self-disclosure and

social connectedness (e.g., L. C. Jiang et al., 2011; Joinson, 2001; Walther, 1996; Lau-

renceau et al., 2004; Altman & Taylor, 1973; Reis & Shaver, 1988; Sternberg, 1988). In

this dissertation, I have shown that physiological signals can also be used to increase

self-disclosure of emotions, as physiology is strongly related to emotions (Ochsner et

al., 2009). In Chapter 2 and 3, the focus was on self-disclosure of computer interpreted
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physiological signals. In Chapter 4, 5, and 6, the focus was on self-disclosure of phys-

iological signals to other humans, which turned out to improve intimacy. Chapter 7

and 8 showed that the communication of computer interpreted physiological signals

can also be seen as a form of self-disclosure, as the receiver received personally rele-

vant information about the other. Hence, in all these chapters, self-disclosure has (in

different ways) been used to improve social connectedness.

Understanding has also been an important concept throughout all the chapters. Un-

derstanding is of importance for social connectedness as it can help someone to re-

spond more appropriately to another. Responses that signal caring, validation, and

understanding are likely to improve intimacy (Laurenceau et al., 2004). Furthermore,

understanding of someone else’s state can elicit sympathy and social support in the

other person (Batson, 1991; Ickes, 1997). In turn, improvements in social connected-

ness can improve understanding and empathy (Cwir et al., 2011; Konvalinkaa et al.,

2011), leading to even higher levels of social connectedness. Understanding was the

core of Chapter 2 and 3, in which computer algorithms were developed that could

better understand a human’s emotional state and communicate this. Furthermore,

the communication of heartbeats in Chapter 4, 5, and 6 turned out to influence the

perception of another’s emotional state. Finally, Chapter 7 and 8 explicitly focused on

understanding, by trying to train empathy which can improve understanding as well

as be improved by increases in understanding.

Self-disclosure and understanding are very closely related to each other. In fact, it

can be difficult to separate the two, as self-disclosures frequently increase under-

standing. In the same vein, if understanding is somehow increased, it is often due

to self-disclosures. In that light, it is clear that communication of emotions often en-

tails both self-disclosures and improvements in understanding. As we have seen in

Chapters 5 and 6, self-disclosures and understanding can also be valuable in and of

themselves, and need not always be combined to improve intimacy. Physiological

computing can be an effective method to further investigate this, as it might allow

to create self-disclosures that cannot be understood (e.g., by communicating physi-

ological signals) or create understanding without the need for self-disclosures (e.g.,

through computer interpretations).

All in all, physiological computing can be used to improve social connectedness. Al-

though this can be done in different ways, all these roads to improving social con-

nectedness are based on improving or enhancing self-disclosure and understanding.

Communicating physiological signals is self-disclosure. Furthermore, physiological

signals can improve understanding in machines and humans. This underlines the sig-

nificant potential physiological signals have in communication applications. Hence,
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it is likely to be worthwhile to further investigate the power of physiological signals.

9.2 Future scientific work

The different chapters in this thesis have all pointed to opportunities for further re-

search. This already shows that there are many directions for future research to fur-

ther the field of physiosocial technology. This dissertation hopefully provides a basis

and inspiration for further research on physiosocial technology in fields like affec-

tive computing, social psychology, psychophysiology, artificial intelligence, interac-

tion design, and human-computer interaction. In the next paragraphs, I will discuss

ideas for future work that have not been presented in the individual chapters as they

transcend chapter boundaries.

The ideas in several chapters can be combined in several ways to generate interesting

questions for further research. For instance, communicating heartbeat information

(Chapter 4, 5, 6) might enhance emotional convergence (Chapter 7) because of pos-

sible heartbeat entrainment (Anishchenko et al., 2000). In turn, this could improve

empathy and thereby improve social connectedness. Hence, it might be interesting

from a scientific and application perspective to study if heartbeat sharing influences

physiological synchronization. This could be another way of improving empathy, next

to giving explicit empathy feedback.

Another example would be to combine the algorithms developed in Chapter 3 and

investigate if they can help to improve empathy and physiological synchronization

(Chapter 8). In other words, future research might study if computer interpreted

emotions can be used during actual interactions to support cognitive empathy, and

improve understanding between interacting individuals. Moreover, it might be inter-

esting to see in which domains and under which conditions users might find such

interpretations most useful and acceptable.

Investigating the effects of empathy feedback (Chapter 8) in a setting like the movie

watching paradigm explored in Chapter 2 can shed more light on the effects of empa-

thy on intimacy. Although we know that empathy is strongly related to intimacy, many

of these studies were correlational. Now that we can manipulate empathy through

physiological feedback, it becomes possible to study the possibility of a causal rela-

tionship between empathy and intimacy.

Although the combination of these chapters results in interesting research questions,

there are also topics around augmenting interaction with physiological signals that

are important to address independently of the chapters in this dissertation. The dif-

ferent mechanisms described in this thesis are not mutually exclusive and might ac-
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tually be used to support each other. For instance, using computer interpretations of

heartbeat information and communicating the heartbeat information directly to the

user can be done in parallel. This way, the user can focus on the heartbeat informa-

tion and resort to the computer interpretations when the heartbeat information itself

becomes unclear. Similarly, the empathy feedback mechanism can be combined with

heartbeat feedback or computer interpretations of another’s emotional state. Future

research could investigate how these mechanisms can be combined to create a more

sophisticated communication platform that is better able to deal with the complexi-

ties of everyday use.

Future research can also focus on extending the research described in this disserta-

tion to other application areas. Although improving intimacy might not be relevant

in many professional settings, generating self-disclosure and understanding often is.

For instance, physicians, parents, salesmen, politicians, managers, or teachers are

but some of the roles that could benefit from a better understanding and more self-

disclosure of the people they interact with. Therefore, it is important to investigate

how the mechanisms for improving understanding and self-disclosure can be applied

to different settings.

9.3 Towards applications: A case study

Having successful technology does not mean having successful applications. Creat-

ing successful applications requires thorough consideration of how the technology

should be applied (Verganti, 2011). Hence, moving the results of physiosocial research

towards applications requires more research and development than the ideas for fu-

ture work that were just proposed. I will elaborate on this in the following paragraphs.

To do so, I will take the empathy enhancement technology introduced in Chapter 8 as

an example application. In Chapter 8, we have shown that we can measure empathy

levels based on physiological synchronization. Moreover, giving users feedback on

these measurements can help them improve empathy.

First of all, developing this technology into an application requires the identification

of a user group or domain in which the application will be used. As discussed in

Chapter 7, empathy enhancing technology can be applied in many different domains,

ranging from training of medical students, to helpdesks, to parenting, to romantic re-

lationships. It is important to consider the application area first, as this will shape

consideration for hardware, software, and design. Considering the wide range of op-

portunities to use this technology, one might start with user and market research to

see how users think of the technology, what kind of aspects they like and dislike about
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possible product propositions, and whether these products are likely to become a suc-

cess or not. For the empathy enhancement technology, it is likely to be a big draw on

privacy, as people are disclosing emotional information about themselves. Hence, I

would expect based on the results in Chapter 6, that users would not be willing to

use it with strangers or people they are not close too. Furthermore, based on the re-

sults in Chapter 6, it can also be expected that people will only be motivated to give

up this privacy if there are clear benefits to it. An application area that could satisfy

these constraints is marital counseling. People seeking counseling for their marriage

could benefit from empathy enhancement. This provides a clear benefit and is un-

likely to be considered too invasive to privacy. Moreover, there is supporting evidence

from Gottman and Levenson (1988), who showed that physiological synchronization

predicts marital success.

Having selected a domain, I will now consider what kind of steps are required to bring

the empathic computing technology into an application for marital counseling. I will

discuss open issues around hardware, software, and user testing. In terms of hard-

ware, the technology requires (1) sensors to measure physiological signals, (2) actua-

tors to provide the feedback, and (3) a mechanism for sharing data between devices of

both users. Specific user requirements for the hardware will need to be investigated,

but it is likely that users will want a device that can be worn unobtrusively and that

can be hidden from others (especially for use in daily life empathy training as part

of the marital counselling). Hence, both sensors and actuators should be somewhat

concealed. Moreover, as they are worn on the body, it is important to consider hy-

giene as well (especially as devices are probably used for only a short period of time

per user and are later maybe used by others).

The sensors that can be used depend on the signals that need to be measured. We

have shown that skin conductance synchronization provides enough information for

empathy measurement, but that this could be improved by additional heart rate and

skin temperature sensors. Hence, the obtrusiveness of these measurements needs to

be considered. In turn, it needs to be decided if this added obtrusiveness weighs up to

the added benefits of better empathy measurement. Skin conductance can be mea-

sured relatively accurately at the wrist (Westerink et al., 2009). However, skin temper-

ature needs to be measured at body extremities like the fingers or toes, which might

be impractical locations to integrate into wearable sensors. Nonetheless, future work

could examine to what extent skin temperature could also be measured at the wrist,

or if skin temperature sensors could be integrated into, for instance, a ring. Heart rate

is typically measured with a strap around the chest. From our results in Chapter 6, we

learned that some users found it a serious hurdle to put on the belt and wear it for the

whole day. Hence, future work on sensors could see if photoplethysmography could
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be integrated in sensors worn, for instance, on the wrist.

The actuator could be based on aural, visual, or haptic modalities. Further research

is needed to investigate which modalities work best for giving the feedback. How-

ever, aural and visual modalities do not seem appropriate for this application, as such

stimuli are difficult to keep private. Instead, haptic feedback can only be perceived

by the person wearing the device and is therefore very private. The way in which the

feedback is given also needs further research. Possibilities for this include continu-

ous feedback, based on an array of different stimulation points, or discrete feedback,

where a haptic trigger is given every time empathy is high or low. In the end, there has

to be a balance between informativeness and distraction, as the device should prob-

ably not distract too much from the actual interaction as this might lower empathy.

Moreover, when using haptic feedback the bodily position of the actuator needs to be

considered as body parts differ in their sensitivity to haptic stimulation. Such details

have to be sorted out with further user tests. Ideally, the sensors and actuators are

integrated into one device. This could, for instance, be accomplished by creating a

wristband which can provide haptic feedback and measure skin conductance.

The software needs to be developed and integrated with the hardware in such a way

that it can process the measured signals in real-time. As the processing for this is

already established by our research, it is unlikely that this will be a big challenge. Fu-

ture research can of course look at further improvement of the empathy measure-

ment, based on other signal processing techniques or machine learning algorithms.

Nonetheless, as we have shown that our system already works, it might not be a prior-

ity to investigate this. What will be important is to investigate how to securely transmit

the physiological information between devices. As this needs to happen in a wire-

less fashion, there is always the risk that someone else also picks up the information.

Hence, the information needs to be secured. Furthermore, it needs to be decided

where the processing of the synchronization takes place. One possibility is to do this

on each individual device, or on a central server that sends back the information. An

important consideration for this decision might be the draw on battery life of the de-

vice, as processing on each device individually might significantly reduce battery life

of the device. However, wireless communication with a central server also requires

energy. Hence, this needs to be compared in further research. Finally, it will be im-

portant to decide what the sampling frequency should be for the signals, and what the

update rate should be for the empathy feedback. This is important as higher sampling

frequencies and update rates will reduce battery life. In the same vein, it is important

to keep algorithm complexity low, to reduce energy consumption. Further research

should figure out what the ideal trade-off is in this respect.
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Having identified open issues for hardware and software, it has become clear that

there is a need for additional user tests that can test different details necessary to bring

the technology to fruition in actual applications. User tests are also necessary to fur-

ther validate the claim that empathic computing can actually be beneficial for marital

counseling (or other applications) in the way I proposed it. Hence, once the hard-

ware and software is further developed (up to a prototype status that can be used in

user tests), it should be tested in actual marital counseling settings, to see if our previ-

ous findings generalize to real-world interactions and the domain of marital therapy.

Moreover, the user tests can also be used to assess the user experience, and additional

features that users might like in the device. For instance, it might be that users would

like the device to be explicitly designed to allow for control over when communication

takes place and what kind of signals are communicated. In that case, users should be

able to control who they share their information with, what the other perceives, when

the information is communicated, and what information is communicated.

9.4 A future of communication: Ethical considerations

During the last decade, there have been numerous technological improvements that

have changed our way of communication. For instance, phones can now provide us

with the ability to contact anyone through face and voice. We can send electronic

text messages across the globe, and many online social networks allow us to share our

experiences with our friends and acquaintances in new and surprising ways. It has

often been suggested that such mediated communication is but a hollow shell of face-

to-face communication, lacking the nonverbal richness face-to-face communication

provides us with (Rice & Love, 1987). Others have shown that less nonverbal signals

and improved control over them can actually have beneficial effects (Walther, 1992;

Tidwell & Walther, 2002). For instance, Walther (1996) has argued that relationship

formation is actually easier in computer-mediated environments, exactly because of

a lower number of nonverbal signals. Hence, the modern changes to our commu-

nication technologies have already shown benefits for close relationships. However,

new innovations are around the corner that make an even greater impact on our way

of communication. Virtual worlds are becoming more sophisticated, now enabling

us to be completely immersed in worlds that can be just as real as the physical world

(Blascovich & Bailenson, 2011). These new technologies can transform social interac-

tions in ways that are much more powerful than face to face communication can ever

be. As Bailenson puts it, “In the future, [...] you will have communicative abilities that

dwarf the ones you have in physical space” (Bartz, 2011).

Physiosocial technology, as introduced in this dissertation, contributes to the list of
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future technological possibilities to transform social interaction. Empathy training

and improved emotion communication (whether it is through machine or human in-

terpretation) can have a huge impact on our social interaction. It can provide us with

a better understanding of the people around us, whether these are our romantic part-

ners, colleagues, clients or patients, kids, or strangers we meet. Having a better under-

standing of the feelings of those around us can help us many different ways. For one

thing, physiological communication could improve safety, for instance while driving

(Kuikkaniemi & Janssen, 2010). Furthermore, we could become more persuasive, see-

ing what persuasive strategies trigger the right emotions in our communication part-

ners. Or we could become more supportive, better able to see or feel the sadness of

others.

Although these changes might sound like wonderful new additions to our palette of

communication acts, they might also contain risks, caveats, and disadvantages. As

with any new technology, there is a need to not only assess its benefits, but also its

costs. Hence, a critical reflection on the impact physiosocial technology could have

on people, communication, and societies is warranted. In the following paragraphs, I

will discuss issues of privacy, undermining natural processes of communication, au-

tonomy, and expectation management. It is outside the scope of this dissertation to

provide an extensive ethical discussion. Hence, for more detailed discussions of ethi-

cal issues surrounding affective technology, I refer the reader to Petta et al. (2011) and

Picard and Klein (2002).

Probably one of the more obvious disadvantages of physiosocial technology is a cer-

tain need to give up physiological privacy. Therefore, users might not accept this tech-

nology. Occasionally, a physician or your romantic partner might be able to observe

physiological properties of your body. However, in most situations, your physiological

signals are yours to perceive, and yours only. In that light, attaching sensors to your

body and sharing their measurements with others might be considered an invasion

to one’s privacy. I distinguish two components of these measurements that can in-

vade one’s privacy: a physical and a mental component. First, physiological sensors

can track physical, health related, properties of the body. For instance, these sensors

might show increased blood pressure, which might be related to one’s health. It could

be that people are opposed to sharing such information, especially with others who

can use the information against them, like health insurance companies. Hence, the

measurement of physical body information forms a privacy concern. Second, as pre-

sented in this dissertation, physiological measurements can contain mental informa-

tion about one’s emotions and mood. As presented in Chapter 6, users have problems

sharing physiological information because it contains emotional information. Be-

cause physiological signals contain both physical and mental information, it should
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be carefully considered who can access the information, how it is transferred and se-

cured, and who has control over the devices that are used for the measurements. Ide-

ally, all the aspects are secured and controlled by the user. Moreover, users should be

educated about the information that is contained in the measurements, and the risks

and benefits associated with transferring the information. This way, people can make

an informed choice about the use of physiosocial technology.

Another problem of physiosocial technology is that it might undermine or negatively

influence natural communication processes. As we have shown, physiosocial tech-

nology can artificially enhance empathy and connectedness, which, in turn, could

improve persuasive ability, trustworthiness, or cooperation. Although such changes

might be considered advantages in certain situations (for instance, when interacting

with one’s romantic partner), they might also be considered disadvantages in other

situations (for instance, a salesman who becomes more persuasive). It is important

to recognize that artificially increasing such interpersonal processes like persuasion

or empathy might undermine the role or goal of these processes in natural commu-

nication. For instance, people that have more access to someone else’s feelings might

respond in such a way that they seem more trustworthy. This might undermine the

role of trust in social interaction, which, in turn, might reduce the importance of trust

in our interactions.

Related to the risk of undermining natural processes are questions focused on how

people will adapt to the new technology. On the one hand, one might hypothesize

that, as soon as users become aware of the negative effects of the new technology

(e.g., on persuasion and trustworthiness), the technology will backfire and the effects

of the system might actually reverse. I can imagine that, this way, physiosocial tech-

nology will devalue properties of communication that are prevalent and important in

our current communication processes. On the other hand, one might also hypothe-

size that, although users might become aware of the the negative effects of the new

technology, they will not be able to adapt to it or realize what is going on during com-

munication. We are, after all, evolutionary wired for many communication processes,

and these processes are not always under cognitive control. To conclude, it remains to

be seen if physiosocial technology will result in a shift of balance in communication

and devalue certain aspects of communication, or if it will only enhance our abili-

ties for certain communication processes and not influence the fundamentals of our

communication.

It is also important to consider how physiosocial technology will influence people’s

communication abilities. On the one hand, by relying on technology to help us com-

municate, it might be that our natural communication abilities will be reduced. We
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might not learn anymore how to be empathic, as there will be technology that can

help us to become empathic. In that light, we might come to depend on the technol-

ogy, more than we might want to. Physiosocial technology might reduce our auton-

omy and we need to consider whether or not we want to give up this autonomy. On

the other hand, physiosocial technology might help us develop our social skills to a

level where we do not need the technology anymore (e.g., by training empathy with

physiological feedback). In that case, we will not become dependent on the technol-

ogy, as it will help us learn new skills instead of continuously support our skills.

If physiosocial technology were ever to become commercially available, one also needs

to consider who may have access and who may have control over the physiosocial sys-

tem and the information contained in the system. For one thing, the company that

develops the technology could be the controlling entity of the physiosocial informa-

tion. If the technology becomes widely adopted, such a company might be in a very

powerful position, being able to influence the outcomes of many of our social inter-

actions. In another way, power hierarchies in various types of organizations could

also direct or mandate the use physiosocial technology on those with less power. In

that light, physiosocial technology might broaden the gap in power between differ-

ent levels in various organizations or communities. On the other hand, physiosocial

technology might also empower people socially less apt and therefore create a better

balance in social skills, reducing power gaps in organizations. These are issues for

future research. If necessary, the use of physiosocial technology could be regulated

through legislation that protects people from the misuse of physiosocial technology.

In sum, physiosocial technology still needs research before actual devices and appli-

cations can be used on a broad scale. Moreover, it will be important to realize that the

technology will not work flawlessly. Hence, expectations of users should be managed

appropriately to make sure they are not disappointed and they will not rely too heavily

of the technology. In the end, we should never blindly depend on social technology,

but we need to keep applying our own human judgment in social matters.

9.5 Conclusion

Based on the idea that physiological signals are strongly related to emotions and can

be measured with unobtrusive devices, I have developed a line of research that inves-

tigated the possibilities of physiological signals to enrich human interaction. I have

proposed, implemented, and tested different mechanisms on which such physioso-

cial technology could be based. The results of these tests show that physiosocial tech-

nology can have positive effects on intimacy and empathy. There are now many op-

portunities for further research to exploit the mechanisms I have proposed, as a way of
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better understanding human interaction and developing meaningful applications to

improve communication. I believe that physiosocial technology can form a counter-

force to the recent trends in communication technology that have been critiqued for

impoverishing human interaction (Lanier, 2010; Turkle, 2011). Instead, physiosocial

technology provides the opportunity to apply communication technology to enrich

human communication and improve peoples’ lives.

For some, physiosocial technology might seem like an unfeasible proposition that we

do not need. However, communication technologies, including smoke signals, postal

services, the phone, the television, the computer, or the internet have increased the

number of ways with which we communicate at an ever fastening pace. Moreover,

often, the promise of new ideas and inventions has been misjudged beforehand. As

Thomas Watson (IBM Chairman, 1943) once said “I think there is a world market for

maybe five computers”. The research in this dissertation provides a tip of the ice-

berg of what physiological signals can mean for social interaction. As development

towards application progresses, more and more opportunities for the use physiologi-

cal communication might be identified. As this science finds its way into technology

and applications, it will become more and more important to deal with ethical and

practical issues. Although it is hard to predict if physiosocial technology will ever be

used on a large scale, I hope the work in this dissertation shows that it certainly has

potential.
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Summary

Connecting people through physiosocial technology

Social connectedness is one of the most important predictors of health and well-

being. The goal of this dissertation is to investigate technologies that can support

social connectedness. Such technologies can build upon the notion that disclosing

emotional information has a strong positive influence on social connectedness. As

physiological signals are strongly related to emotions, they might provide a solid base

for emotion communication technologies. Moreover, physiological signals are largely

lacking in unmediated communication, have been used successfully by machines to

recognize emotions, and can be measured relatively unobtrusively with wearable sen-

sors. Therefore, this doctoral dissertation examines the following research question:

How can we use physiological signals in affective technology to improve social connect-

edness?

First, a series of experiments was conducted to investigate if computer interpreta-

tions of physiological signals can be used to automatically communicate emotions

and improve social connectedness (Chapters 2 and 3). The results of these experi-

ments showed that computers can be more accurate at recognizing emotions than

humans are. Physiological signals turned out to be the most effective information

source for machine emotion recognition. One advantage of machine based emotion

recognition for communication technology may be the increase in the rate at which

emotions can be communicated. As expected, experiments showed that increases

in the number of communicated emotions increased feelings of closeness between

interacting people. Nonetheless, these effects on feelings of closeness are limited if

users attribute the cause of the increases in communicated emotions to the technol-

ogy and not to their interaction partner. Therefore, I discuss several possibilities to in-

corporate emotion recognition technologies in applications in such a way that users

attribute the communication to their interaction partner.

Instead of using machines to interpret physiological signals, the signals can also be
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represented to a user directly. This way, the interpretation of the signal is left to be

done by the user. To explore this, I conducted several studies that employed heart-

beat representations as a direct physiological communication signal. These studies

showed that people can interpret such signals in terms of emotions (Chapter 4) and

that perceiving someone’s heartbeat increases feelings of closeness between the per-

ceiver and sender of the signal (Chapter 5). Finally, we used a field study (Chapter

6) to investigate the potential of heartbeat communication mechanisms in practice.

This again confirmed that heartbeat can provide an intimate connection to another

person, showing the potential for communicating physiological signals directly to im-

prove connectedness.

The last part of the dissertation builds upon the notion that empathy has positive in-

fluences on social connectedness. Therefore, I developed a framework for empathic

computing that employed automated empathy measurement based on physiological

signals (Chapter 7). This framework was applied in a system that can train empa-

thy (Chapter 8). The results showed that providing users frequent feedback about

their physiological synchronization with others can help them to improve empathy

as measured through self-report and physiological synchronization. In turn, this im-

proves understanding of the other and helps people to signal validation and caring,

which are types of communication that improve social connectedness.

Taking the results presented in this dissertation together, I argue that physiological

signals form a promising modality to apply in communication technology (Chapter

9). This dissertation provides a basis for future communication applications that aim

to improve social connectedness.



Samenvatting

Sociale verbondenheid is een van de belangrijkste voorspellers van gezondheid en

welbevinden. Het doel van dit proefschrift is dan ook om technologie te onderzoeken

die sociale verbondenheid kan ondersteunen of bevorderen. Zulke technologie kan

gebaseerd worden op het idee dat het delen van emoties een sterke positieve invloed

heeft op sociale verbondenheid. Omdat fysiologische signalen sterk gerelateerd zijn

aan emoties kunnen deze signalen een goed startpunt vormen voor technologie die

het communiceren van emoties bevordert. Daarnaast is het zo dat fysiologische sig-

nalen in ongemedieerde communicatie op dit moment bijna geen rol spelen, dat ze

succesvol toegepast worden in machines die emoties kunnen herkennen, en dat ze

relatief eenvoudig gemeten kunnen worden met onopvallende draagbare sensoren.

Daarom bestudeert dit proefschrift de volgende onderzoeksvraag: Hoe kunnen we fy-

siologische signalen toepassen in affectieve technologie om sociale verbondenheid te

verbeteren?

Om te beginnen is een serie experimenten uitgevoerd die onderzoeken of interpre-

taties van fysiologische signalen door een computer gebruikt kunnen worden om op

een automatische manier emoties te communiceren en daardoor sociale verbonden-

heid te vergroten (Hoofdstukken 2 en 3). De resultaten van deze experimenten laten

zien dat computers accurater en effectiever kunnen zijn in het herkennen van emoties

dan mensen. Daarbij bleken fysiologische signalen (vergeleken met gezichtsuitdruk-

kingen en spraak) de belangrijkste bron van informatie. Een voordeel van automa-

tische emotie herkenning door de computer zou het verhogen van de hoeveelheid

emoties die gecommuniceerd worden kunnen zijn. Zoals verwacht lieten de experi-

menten uit Hoofdstuk 2 zien dat een toename in de hoeveelheid gecommuniceerde

emoties leidt tot een sterker gevoel van verbondenheid. Niettemin bleek uit deze ex-

perimenten ook dat de effecten op sociale verbondenheid beperkt zijn als de toename

van de gedeelde emoties toegeschreven wordt aan de technologie en niet aan de per-

soon van wie de emoties afkomen. Daarom bediscussier ik verschillende mogelijkhe-

den om emotieherkenning toe te passen op een manier waarop gebruikers de com-

municatie toeschrijven aan de andere persoon en niet aan de technologie.
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In plaats van de fysiologische signalen te laten interpreteren door een machine, kun-

nen de signalen ook direct aan een gebruiker gerepresenteerd worden. Op die manier

is het de gebruiker die de interpretatie van de signalen kan doen. Om de effecten hi-

ervan te onderzoeken heb ik verschillende experimenten uitgevoerd die een hartslag

signaal gebruikten als direct fysiologisch communicatiesignaal. Deze experimenten

lieten zien dat mensen het hartslag signal interpreteren in termen van emotionele

intensiteit (Hoofdstuk 4) en dat het waarnemen van iemand anders zijn of haar hart-

slag het gevoel van verbondenheid met die persoon vergroot (Hoofdstuk 5). Uitein-

delijk hebben we in een veldstudie (Hoofdstuk 6) deze effecten ook nog in de praktijk

onderzocht. Dit onderzoek bevestigde wederom dat hartslag een sterke emotionele

verbinding naar een andere persoon kan vormen. Dit onderstreept het potentieel van

het communiceren van fysiologische signalen ter vergroting van sociale verbonden-

heid.

Het laatste gedeelte van dit proefschrift bouwt voort op het idee dat empathie posi-

tieve effecten heeft of sociale verbondenheid. Daarom heb ik een model voor em-

pathische informatica ontwikkeld dat mogelijkheden biedt voor het automatisch meten

van empathie op basis van fysiologische signalen (Hoofdstuk 7). Dit model is toegepast

in een systeem dat empathie kan trainen, wat in verschillende experimenten is getest

(Hoofdstuk 8). De resultaten van deze experimenten laten zien dat iemand’s empathie

kan worden vergroot door het aanbieden van regelmatige terugkoppeling op basis van

fysiologische synchronisatie met anderen. Dit zou er vervolgens voor kunnen zorgen

dat gebruikers de gevoelens van anderen beter kunnen begrijpen en makkelijker kun-

nen valideren, en daardoor kan sociale verbondenheid verbeterd worden.

Samengevat laat dit proefschrift zien dat fysiologische signalen een veelbelovende

modaliteit zijn om toe te passen in communicatietechnologie (Hoofdstuk 9). Daarmee

kan dit proefschrift een basis vormen voor toekomstige communicatie toepassingen

die het doel hebben om sociale verbondenheid te vergroten.
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