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Preface

Affective computing is a research field focusing on understanding human emo-
tions and incorporating such knowledge in artificial intelligent agents. It is a
rapidly evolving field since the concept was proposed more than two decades ago.
Great advancements have been achieved in affective computing, for example, auto-
matic emotion recognition has reached human-level performance in some tasks.
With the maturing of affective computing technologies, today the affective comput-
ing community is facing a major transformation, with research outcomes leaving
the controlled lab environments and being adopted in real-world applications.
This book attempts to capture this transformation by proposing a novel concept
called applied affective computing.

We define applied affective computing as “research and application efforts that
focus on understanding the effectiveness, outcomes, and personal and societal
impact of affective computing technologies in real-life usage.” This brings atten-
tion to the challenges of applying research findings to real-life scenarios. We first
offer readers an overview to the state of the art and emerging themes in the field
using comprehensive review of existing approaches to affective computing systems
and social signal processing. We then provide in-depth case studies of applied
affective computing in various domains, such as social robotics and mental well-
being, to help readers emplace the discussed affective computing technologies in
contexts. Furthermore, we discuss ethical concerns related to affective computing
and how to prevent misuse of the technology to encourage responsible research
and application. Finally, we identify future directions of the field and summarize a
set of guidelines for developing next-generation affective computing systems that
are effective, safe, and human-centered.

To researchers and practitioners new to affective computing, we hope that this
book will serve as an introduction to the field to support them in identifying new
research topics or developing novel applications. To more experienced researchers
and practitioners, we hope that the discussions in this book will guide them in



xxvi Preface

improving the validity and generalizability of their study, as well as adopting a
human-centered design and development approach.

Acknowledgments
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book.

Leimin Tian
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1.1

Introduction to Applied
Affective Computing

Affective computing is a nascent field that sits at the cross-section between artifi-
cial intelligence and social and behavioral science. It studies how human emotions
are perceived and expressed, which informs the design of intelligent agents and
systems that can either mimic this to improve their intelligence or incorporate
such knowledge to effectively understand and communicate with their human col-
laborators. Affective computing research has enjoyed significant advancements
recently and is facing a critical transformation from exploratory studies to real-
world applications. This leads to an emerging research topic, which we name as
applied affective computing. In this chapter, we will give our definition of applied
affective computing and outline the unique challenges that differentiate applied
affective computing from traditional affective computing research. We will also
provide an overview of this book and its contributions.

Affective Computing

The concept of affective computing was first proposed more than two decades
ago by Prof. Rosalind Picard in her paper [Picard 1995] and book [Picard 2000]
published under the same name. She defined affective computing as “comput-
ing that relates to, arises from, or influences emotions.” Affective computing
research can have a theory-focused perspective, aiming at understanding how
people perceive and express emotions. For example, Marsella et al. [2010] reviewed
computational models of emotions and how such models can be used to test a cog-
nitive science theory, to implement artificial emotions in intelligent agents, or to
establish a mental model of people interacting with an intelligent agent. Affective
computing research can also have an application-focused perspective, aiming at
designing intelligent systems that are capable of understanding and influencing
people’s behaviors and/or mental states—for example, machine learning
approaches to automatic emotion recognition [Swain et al. 2018, Sharma and
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Table 1.1

Dhall 2021], engineering approaches to synthesizing expressive emotional dis-
plays [Rosenthal-von der Piitten et al. 2018, Aneja et al. 2019], and human-
computer/robot interaction studies involving social communications [Burgoon
et al. 2017, Belpaeme et al. 2018].

Compared to when the concept of affective computing was first proposed in
1995, significant breakthroughs have been achieved in the field [Schuller and
Schuller 2018]. For example, it is becoming increasingly common for data-driven
automatic emotion recognition models to achieve human-level performance, espe-
cially for facial expression-based analysis [Sharma and Dhall 2021]. Beard et al.
[2018] compared human and machine performance when classifying eight emotion
categories, namely, anger, calm, disgust, fear, happiness, neutral, sadness, and sur-
prise. They conducted experiments on three datasets, the CREMA-D dataset con-
taining clips of actors portraying each emotion category as a short sentence with
accompanying facial and vocal expressions[Cao et al. 2014], the RAVDESS dataset of
actors portraying each emotion category as speech or song [Livingstone and Russo
2018], and the CMU-MOSEI dataset of YouTube opinion videos annotated with emo-
tion labels [Zadeh et al. 2018]. Using a temporal dependent deep learning model
and low-level features extracted from the raw signals on the CREMA-D dataset, the
automatic emotion recognizer achieved higher accuracy than humans in audio-
based emotion classification as well as in audio-visual emotion classification, as
shown in Table 1.1.

In addition to improved performance in affective computing technologies, for
instance, automatic emotion recognition, functional components based on affec-
tive computing studies have been continuously integrated into designs of inter-
active systems, for instance, in conversational agents [Poria et al. 2019] or social
robots [Tsiourti et al. 2019]. In these affective computing systems, the intelligent
agent interprets a user’s behaviors and other information to inform its decisions
in order to perform actions that achieve certain outcomes, as shown in Figure 1.1.
For example, robots with the capability of interpreting patients’ emotions and

Human versus machine’s accuracy in the emotion classification experiments of Beard
et al. [2018]

Modality Human Machine

Audio 40.9% 41.5%
Visual 58.2% 52.5%
Audio-Visual 63.6% 65.0%

This table shows that automatic emotion recognition achieved higher accuracy than human per-
formance for audio-based and audio-visual emotion recognition, but not for visual-based emotion
recognition. Based on Beard et al. [2018].
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engaging in social interactions with patients have been used in psychosocial health
interventions [Robinson et al. 2019] and have shown promising health benefits,
especially in autism treatment [Ismail et al. 2019] and elderly care [Abdi et al. 2018].

Today, affective computing is rapidly growing as a research field and attracts
both research and application interests from various disciplines, as shown
in Figure 1.2. The Association for the Advancement of Affective Computing
(AAAC, previously known as HUMAINE) was established for affective computing
researchers worldwide, with its flagship biannual International Conference on
Affective Computing and Intelligent Interaction (ACII) and the high impact IEEE
Transactions on Affective Computing for researchers to share their work. Because of
her invaluable contribution to the affective computing research community, Prof.
Picard was awarded as one of the first AAAC Fellows at ACII 2019. With technical
development rapidly maturing, we begin to see real-life applications of affective
computing. For example, Affectiva [2020], a company founded in 2009, provides
software that enables emotion analysis for clients in various domains, including
the gaming industry, education, media, and healthcare. Thus, it is now the crucial
moment to translate affective computing research advancement to intelligent sys-
tems that are capable of understanding and incorporating emotions in order to
benefit individual users and society as a whole.

We capture this process of affective computing transformation from a con-
trolled lab environment to in-the-wild application scenarios by proposing a novel
research topic we call applied affective computing. We bring attention to the affec-
tive computing community to the pressuring challenges of applying research find-
ings in real-life scenarios. In this book, we conduct extensive reviews on existing
approaches for social signal processing, including machine learning, data collec-
tion, and signal processing. This provides references for researchers working on
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Figure 1.2 Publication data on affective computing according to Web of Science.

1.2

relevant topics on the state of the art and major challenges in the field. Moreover,
we cover in-depth case studies in various application fields of affective comput-
ing, such as social robotics, healthcare, and education. We also summarize a set
of guidelines for developing applied affective computing studies and systems for
these different domains with a human-centered perspective. For affective comput-
ing researchers or researchers and practitioners who would like to apply affec-
tive computing to their fields, our book provides guidance for developing new
generation human-centered artificial intelligence systems.

Applied Affective Computing
We define applied affective computing as research and application efforts that
focus on understanding the effectiveness, outcomes, and personal and societal
impact of affective computing technologies in real-life usage. Compared to affec-
tive computing, applied affective computing addresses the challenge of a holistic
evaluation of computational models of emotions situated in context. In addition,
applied affective computing maintains a human-centered perspective rather than
a technology-centered perspective, and focuses on how affective computing sys-
tems influence their users’ mental and physical states. The goal of applied affective
computing research is to develop affective computing systems that are ethical and
capable of achieving their intended outcomes in real-world applications emplaced
in natural, unstructured, and complex environments.

Here we provide an example that illustrates our definition of applied affec-
tive computing: Automatic emotion recognition from speech has been a widely
studied topic in affective computing. There has been significant improvement in
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the performance of speech-based emotion recognition as evaluated on various
datasets of emotional speech [Akcay and Oguz 2020]. For applied affective comput-
ing research on speech emotion recognition, we shift the focus from identifying
effective emotion recognition approaches benchmarked on a dataset to under-
standing how a model’s performance may be influenced by contextual factors,
for instance, user traits (e.g., age or personality), or type of speech (e.g., task-
oriented dialogue or chit-chat). The main contextual factors are identified based
on the analysis of the application goal of the speech emotion recognition model.
In an example of a system aimed at identifying frustrated customers at a call cen-
ter, the emotion recognition model would need to accommodate noises over the
line among other factors. Moreover, beyond evaluating the accuracy of the speech
emotion recognition model at identifying a frustrated customer from their calls,
this model needs to be incorporated with other components of the system, for
instance, a dialogue manager that selects the appropriate mitigation strategies
or a knowledge base of available services specific to the call center. By assess-
ing this integrated system on metrics, for example, the satisfaction of callers,
the speech emotion recognition system’s outcome is measured in a situated
manner.

Challenges of Applied Affective Computing

Applied affective computing research is in its infancy. In order to develop an effec-
tive and ethical affective computing system, researchers face challenges that we
will discuss below:

e Having a good understanding of the users and their expectations.
e Having functions that maintain their performance in varied environments.
e Having the capability to learn from accumulated observations.

e Having an integrated system that combines affect with other communicative
and cognitive processes and with insights from related domains.

e Having a good understanding of the societal impacts of affective computing
technologies to develop ethical research protocols and regulated applica-
tions.

Developing a Human-centered Affective Computing System

Affective computing systems address human emotion, cognition, and commu-
nication. Applied affective computing systems are often designed to monitor
or influence the behaviors and/or mental states of their users. Therefore, they
require a human-centered perspective during the design and evaluation processes
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1.2.1.2

to address the needs and variances in the users and to adjust to the specific
application scenarios [Norman and Draper 1986]. The new research area of behav-
ioral analytics [Oviatt et al. 2018] has shed light on the recent development of
human-centered multimodal interfaces and their applications in various domains,
such as healthcare or education. To develop a human-centered affective comput-
ing system, the users should be involved in the design and evaluation processes so
as to incorporate their expectations and needs. The system should address individ-
ual variances and preferences and be inclusive of different user traits. For example,
emotional expressions generated by a system designed for dementia care purposes
should utilize more pronounced, multimodal expressions to address the possi-
ble decline in emotional perception of dementia patients [Smiljanic and Gilbert
2017, Yatsuda et al. 2018]. To address individual variances and preferences, there
have been increasing efforts in realizing personalization in interactive systems
[Augstein et al. 2019, Irfan et al. 2019]. In Chapters 8 and 9, we provide case stud-
ies of applied affective computing for human-robot interaction and well-being
to illustrate the design and evaluation of human-centered affective computing
systems.

Developing a Reliable Affective Computing System

For an affective computing system to leave controlled lab environments and
achieve its designed outcomes when applied in real-life settings, it is critical that
its functionalities continue to deliver reliable performance. The topic of in-the-wild
emotion recognition has received increasing interest from the affective computing
community, which addresses one aspect of developing reliable affective comput-
ing systems [Picard 2011]. There have been benchmarking efforts, for example, the
Emotion recognition in the wild challenges (Emotiw) [Dhall et al. 2020], in the
research community to develop robust and accurate emotion recognition mod-
els that are resistant to noise and variance. To ensure the reliability of emotion
recognition approaches, more rigorous evaluation methodologies are adopted in
recent studies, for example, cross-corpora analysis [Eyben et al. 2015]. In addition,
researchers have benefited from the advancement in crowd-sourcing platforms
and vast online contents to generate high-fidelity datasets of in-the-wild affective
interaction and experiences, for example, the CMU-MOSEI dataset [Zadeh et al.
2018]. To ensure the quality of data annotation, various measures are in place
to account for subjectivity and uncertainty during emotion annotation and data
processing and modeling, for instance, retaining distribution of labels for a data
instance rather than one aggregated label per instance and modeling such distri-
bution [Rizos and Schuller 2020]. In Chapters 3 and 4, we will provide a review
on current machine learning and data processing approaches that benefit the
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advancement of applied affective computing. Moreover, we offer case studies on
in-the-wild emotion recognition in Chapter 6 to further discuss the reliability and
robustness of affective computing systems.

Developing an Adaptive Affective Computing System

Many applied affective computing systems are designed to establish or maintain
a social relationship with the users to achieve their intended goals. For example,
intelligent tutoring systems able to build a good rapport with the tutees can lead
to increased trust, learning experience, and learning outcomes [Zhao et al. 2016,
Pan and Hamilton 2018]. To develop a social relationship with users, longitudinal
interactions are required. Long-term interactions are also common in application
scenarios, for instance, mental and physical healthcare, where a treatment pro-
gram can contain multiple sessions over the span of months or even years. In such
longitudinal interactions, it is necessary for an applied affective computing system
to learn from and adapt to the shifting interaction dynamics and contexts. In addi-
tion, the capability to adapt and provide longitudinal services will help address
attrition in use, which has been a major issue in commercialized affective comput-
ing systems, for example, social robots [Hoffman 2019]. More discussion and case
studies on how reinforcement learning and other adaptation methods are adopted
in applied affective computing can be found in Chapter 6.

Developing an Integrated Affective Computing System

In applied affective computing, emotion is not modeled in isolation. Instead, it
is embedded in an integrated framework that includes other components that
monitor or simulate mental states, cognition, and communicative functions. For
instance, a social conversational agent requires dialogue capabilities, a knowl-
edge base of potential topics, and the ability to address context, for instance,
users’ intentions, in addition to affective capabilities and social skills [Cohen
2018]. Similarly, the design of emotional expressions of a social robot needs to
address the physical appearance and hardware capabilities of the robot [Song and
Yamada 2017]. Applied affective computing is also an interdisciplinary research
topic where collaborative efforts from domains including, but not limited to, psy-
chology, AI, human-computer interaction (HCI), robotics, engineering, social sci-
ence, and medical science are critical to developing meaningful hypotheses and
solid methodologies. For example, therapists’ insights are critical during the iter-
ative design and improvement of mental well-being applications [Fitzgerald and
McClelland 2017]. In Chapters 8, 9, and 10 we offer case studies of applied affective
computing for social robots, for healthcare, and for built environments to illustrate
the design and evaluation of integrated and interdisciplinary affective computing
systems.
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1.2.1.5

1.2.2

Developing an Ethical Affective Computing System

With the increasing application of affective computing technologies, there have
been growing concerns on potential misuse of the technology and biases in the
system [Zuboff 2019], for example, the ban on facial recognition and analysis tech-
nologies [Conger et al. 2019]. Thus, it is critical to understand the societal impact
of applied affective computing and establish appropriate measures that ensure
researchers are guided toward responsible research and practitioners are regulated
toward ethical applications with societal benefits. As an emerging field with a short
history, affective computing can learn from closely related fields that are more
established, for example, HCI. The HCI field faces similar challenges in ensuring
an ethical future of intelligent interactive systems, and have identified that collabo-
ration between stakeholders, such as researchers, designers, users, and policymak-
ers, is key to addressing the increasing concerns around fairness, accountability,
and transparency of intelligent systems [Abdul et al. 2018]. In Chapter 11 we will fur-
ther discuss ethical considerations and guidelines to responsible applied affective
computing.

A Living Ontology of Affective Computing

Addressing the above challenges and facilitating the transformation from affective
computing to applied affective computing require collaborative efforts. Therefore,
during the 29th International Joint Conference on Artificial Intelligence and the
17th Pacific Rim International Conference on Artificial Intelligence (IJCAI-PRICAI
2020), as part of the 4th I[JCAI workshop on Artificial Intelligence in Affective Com-
puting (AffComp 2020) [Healey et al. 2020], we organized an open discussion on the
scope and directions of affective computing. This hour-long discussion by work-
shop participants from various domains and both academia and industry back-
grounds resulted in a mindmap of affective computing, as shown in Figure 1.3.
To continuously develop a shared vocabulary of affective computing, we welcome
contributions to a living concept board of this mindmap.?

In this book, we will expand on the multifaceted concept of applied affective
computing through a review of state-of-the-art approaches, as well as an in-depth
discussion of case studies from different domains. To support a better understand-
ing of affective computing that can be adopted in future studies or applications, as
readers follow the book we invite them to create their version of this mindmap

1. Concept board of applied affective computing: https://usulaep.conceptboard.com/board/fyic-
x76t-ha3m-tt2n-442u. History replay of how this ontology was developed during the workshop
can be reviewed here: https://usulaep.conceptboard.com/history/c03473b9-c18c-45¢4-9147-25258f
cb1dof.
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by growing the nodes with guidelines and challenges specific to their research or
application context.

Book Overview and Highlights

In Chapters 2, 3, and 4 of this book we will provide reviews on state-of-the-art
approaches to affective computing. After these comprehensive reviews, we will pro-
vide case studies in Chapters 5, 6, 7, 8, 9, and 10 to allow the readers to have a
better understanding of the various aspects and challenges of applied affective
computing. In Chapter 11, we further discuss the general issues of ethical affec-
tive computing. Finally, we summarize general guidelines and open questions of
applied affective computing in Chapter 12. In this section, we offer an overview of
the highlights in each chapter.

Chapter 2 reviews the theoretical background of emotion research. As affective
computing researchers are often consumers of social science and behavioral sci-
ence theories, it is important to base the design of an affective computing study on
verified findings of human emotion and communication. What emotions are and
how they function concerning other cognitive functions are actively researched in
current psychology and cognitive science studies. For example, the evolutionary
approach to emotion studies how it enables humans and other animals to gener-
ate adaptive behaviors in response to stimuli. Such theories can then be adopted to
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design an adaptive intelligent agent capable of achieving its goals in a shifting envi-
ronment. In addition, studies of emotion as a social-communicative function shed
light on the design of interactive systems aimed at understanding and/or influ-
encing human behaviors and mental states. Because of the context dependency
in emotion perception and expression, affective computing researchers are also
encouraged to tailor the emotion theory adopted to their specific study contexts,
such as target user groups or task locations.

Chapter 3 gives an overview of machine learning approaches used in state-of-the-
art affective computing studies with a focus on building an emotion-aware system.
For supervised learning approaches, multimodal data of emotions are collected
and labeled to allow machine learning models to infer the relationship between
emotional labels and characteristics of the data. Among the various modalities
that affect can be perceived and expressed: (1) studies in the visual modality often
focus on facial expressions and body gestures, (2) studies in the audio modality
often focus on speech intonation, (3) studies in the lexical modality often focus on
speech transcription and written text, and (4) studies in the physiological modality
often adopt data collected through wearable sensors that measure brain activi-
ties, heart activities, muscle activities, skin electrical conductivity, and gaze pat-
terns. While identifying affective features in each of these modalities is crucial
for developing accurate emotion recognition models, it is equally important to
develop model structures that fuse these modalities effectively. Due to the limited
availability of labeled emotional data, transfer learning approaches are commonly
adopted to improve the performance of emotion recognition using knowledge
from related domains, for example, sentiment analysis of lexical information. Cur-
rent breakthroughs in deep neural networks also benefit affective computing by
presenting end-to-end approaches to automatic emotion recognition and synthe-
sis. In current machine learning studies of affective computing, beyond developing
effective features and models for improving the accuracy of emotion recognition
models, researchers are investing increasing efforts in incorporating contextual
information in these models to improve their robustness.

Chapter 4 reviews the data collection and processing technologies used in
existing emotion databases. As Chapter 3 illustrates, the quality of a computa-
tional model of emotions is directly dependent on the quality of the emotional
data this model has been trained on. Therefore, affective computing researchers
have focused on collecting high-quality datasets that are multimodal and natu-
ralist in current studies. In these datasets, the audio and visual modalities are
the most commonly recorded. In addition, physiological data have been a recent
addition with wearable sensors becoming increasingly available. Compared to por-
trayed emotions often collected in earlier datasets, recent datasets have favored
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naturalist data that are either collected by using stimuli verified by psychologi-
cal studies or by gathering in-the-wild contents on social media platforms. When
collecting data in naturalist settings, noises are inevitable, and data and fea-
ture engineering techniques, for example, feature normalization, can benefit the
affective computing models to distill relevant information and to become more
robust.

Chapter 5 provides a case study of emotion perception in the wild, which is
the foundation of many affective computing systems. We investigated existing
approaches to how emotions are represented in the wild, how data-driven deep
learning models can be applied to learn the emotion representations, and how
these models are evaluated. In particular, we highlighted the importance of con-
textual information for emotion recognition in the wild. For example, for emotion
recognition models aimed at monitoring a person’s mental health states to pro-
vide timely support, they need to take into account the person’s mood and life
events. Similarly, while many emotion recognition models are trained on data with
a single participant exposed to emotional stimuli, in an application they may need
to adapt to group interaction scenarios, for example, a cocktail party. Therefore,
while it is essential to continue advancing computational approaches to improve
the accuracy and robustness of emotion recognition, researchers are encouraged to
explore learning-based approaches that allow a trained emotion recognition model
to adapt to the complexity in real-world situations and to maintain its effectiveness
in long-term deployment.

Chapter 6 extends on the learning-based approaches identified in Chapter 5 and
focuses on case studies of reinforcement learning for affective computing. This
includes both how artificial emotions can benefit an intelligent agent in adapting
to the environment and how an interactive system can adopt user emotions as a
reward signal to realize personalization through accumulated experiences. The key
challenges for intelligent agents with artificial emotions are how they can improve
sample efficiency, that is, being able to distill knowledge from fewer trials, and how
they can transfer the knowledge acquired to similar tasks or environments.

Chapter 7 investigates the expression aspect of emotions and how an affec-
tive computing system can synthesize natural and believable emotional displays
to convey its intentions in a human-understandable manner. As human commu-
nications are multimodal, it is also beneficial for an intelligent agent to express
emotions through modalities, such as facial expressions, gaze patterns, and expres-
sive speech synthesis. Because of the differences in the appearances of artificial
agents, such as virtual characters or robots, simply mimicking human expressions
in the design of artificial emotional expressions may either be less convincing or
may fall into the “uncanny valley.” Thus, researchers may learn from principles
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in performance art and animation design when generating synthesized emotional
expressions and creating a sense of agency. Similar to emotion recognition, emo-
tion expression is also context dependent, and expressive nuances, for instance,
cultural differences, should be considered.

Chapter 8 provides a case study of affective computing in human-robot inter-
action and social robotics. In particular, it discusses challenges in incorporating
social intelligence in a robot, and how errors observed in human-robot interaction
can become opportunities for a robot to improve its social intelligence. An exam-
ple study of human-robot collaboration demonstrates the benefits of artificial
emotions and emotional expressions in allowing a robot to convey its intentions
clearly and to motivate actions in human observers in alignment with the robot’s
goals. Another example study exploring how the general public perceives social
robots in public spaces highlights the importance of context-awareness in affective
computing systems, moreover, the benefits of multidisciplinary collaborations in
developing effective methodologies for understanding the societal impacts of such
systems.

Chapter 9 focuses on affective computing applications for enhancing people’s
physical and mental well-being. Affective computing research on well-being is
closely related to the concept of positive computing and is centered around eight
pro-social positive emotions, namely love, gratitude, hope, joy, forgiveness, com-
passion, faith, and awe. Because well-being is a long-term goal, affective computing
systems designed to improve users’ well-being require the ability of longitudinal
interaction and adaption enabled by data collected in a ubiquitous, non-invasive
manner, as well as the incorporation of expert knowledge from healthcare pro-
fessionals. Several example systems were reviewed, for example, mobile phone
applications that help young adults regulate their emotional states in daily life.
Beyond active sensing, passive sensing in a home environment and in vehicles
provides a contextualized perception of users’ physical and mental states. Beyond
sensing, an affective computing system needs to choose appropriate actions and
interventions for realizing well-being-related goals, such as through conversations,
recommendations, and behavioral modification.

Chapter 10 presents a case study of affective computing in built environments,
which investigates people’s emotional perception and experience of buildings and
landscapes. In an example study, how urban infrastructure, such as greenery area
or street lighting, influences the physical and mental health of people was inves-
tigated. By leveraging machine learning approaches and cross-platform sensing
capabilities, multimodal data on participants’ activities and affective responses
were collected during their walk through the areas of interest. Compared to tradi-
tional analytic approaches, affective computing provides additional insights into
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people’s experience of a space, which can inform the planning of urban spaces that
are both functional and enjoyable to the occupants.

Chapter 11 discusses ethical considerations of affective computing research and
applications, including biases in data and models of affective computing, privacy
concerns of invasive surveillance involved in some affective computing systems,
consequences of a system capable of influencing a user’s behaviors and mental
states, and societal impacts of affective computing technologies. We also discuss
approaches to fair, transparent, and responsible affective computing application.

Chapter 12 summarizes a set of guidelines for best practices in affective com-
puting research and application. To illustrate how the guidelines and topics cov-
ered in this book can yield benefits, we provide a scenario-based discussion of
how affective computing researchers and practitioners may acquire an overview of
the field, refine their study design, and iterate their applications. In addition, we
discuss the open challenge of improving the validity and generalizability of affec-
tive computing research methodologies. We also identify future directions of the
field.

Contributions

Our book is not the first one on affective computing, and certainly not the last. The
most closely related titles to this book are The Oxford Handbook of Affective Com-
puting [Calvo et al. 2015], Emotion-Oriented Systems: the HUMAINE Handbook [Petta
et al. 2011], A Blueprint for Affective Computing: A Sourcebook and Manual [Scherer et
al. 2010], and Handbook of Research on Synthetic Emotions and Sociable Robotics: New
Applications in Affective Computing and Artificial Intelligence [Vallverdu 2009].

Calvo et al. [2015] presents a thorough overview of affective computing, covering
its theories, methodologies, and applications. It was designed to be a compre-
hensive textbook to introduce students and researchers to affective computing. It
contains a collection of chapters by top researchers in the field on a wide scope
of topics, and individual chapters can be read independently of other chapters
to deepen a reader’s understanding of that specific topic of interest. Similar to
Calvo et al. [2015], Petta et al. [2011] is a collection of affective computing studies
with a focus on presenting a broad overview of the field. It was an initiative by the
HUMAINE community (currently known as AAAC) to bring together distinguished
researchers from affective computing and other related fields to offer newcomers
to the area a systematic introduction to affective computing. Compared to Calvo
et al. [2015], Petta et al. [2011] focuses on emotions in interaction and communica-
tion. We recommend readers interested in obtaining a systematic understanding
of the affective computing research area to read Calvo et al. [2015] and Petta et al.
[2011]. Compared to Calvo et al. [2015] and Petta et al. [2011], our book focuses on
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the challenges of incorporating affective computing research findings in real-world
applications and complex interaction systems or intelligent agents. Our review of
affective computing studies focuses on recent efforts, which provides additions to
the studies presented in Calvo et al. [2015] and Petta et al. [2011].

Scherer et al. [2010] explores the multidisciplinary root of affective computing
and grounds affective computing with psychology, affective neuroscience, and phi-
losophy research. It also highlights the benefits of interdisciplinary collaboration
between these fields and the computer science and engineering fields in advancing
affective computing. Scherer et al. [2010] provides a rich source for affective com-
puting researchers to improve the theoretical soundness of their study design and
system design. Thus, it is a great extension to Chapter 2 of our book. Compared
to Scherer et al. [2010], our book has a more computer science-focused perspective
and addresses technical approaches that researchers and practitioners may adopt
to improve their affective computing systems.

Vallverdt[2009] investigates one aspect of affective computing, namely incorpo-
rating emotion perception and expression in social robots. For readers interested
in this particular topic, Vallverda [2009] provides in-depth discussion of theories
and approaches that they can adopt. Thus, Vallverda [2009] is a great extension
to Chapter 8 of our book. Compared to Vallverdu [2009], our book investigates a
wider scope of affective computing research and applications, for instance, affec-
tive computing for understanding people’s experience of urban spaces or affective
computing for adaptive in-vehicle environments.

In summary, compared to these related work, Applied Affective Computing
focuses on the challenges in the real-life application of affective computing. It pro-
vides an up-to-date review of affective computing research. In addition to providing
a general introduction to applied affective computing, in-depth case studies in our
book deepen the discussion and summarize tangible guidelines for conducting
applied affective computing research in different domains. Thus, it benefits both
researchers and practitioners new to the field and those more experienced. We
hope that affective computing researchers and practitioners can benefit from our
book by directing their attention to address the various challenges in conducting
contextualized, in-the-wild research and evaluations. For researchers and practi-
tioners in related fields, such as artificial intelligence, human-computer/robot
interaction, psychology, and social science, we hope that this book will provide a
comprehensive overview of affective computing and encourage conversations and
collaborations across the disciplines. Major contributions of this book include:
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e We propose the concept applied affective computing, which addresses the
challenges in applying current advancements in affective computing
research to real-life scenarios.

e We provide a thorough and up-to-date review on various aspects of affective
computing research and application, painting the landscape of the field that
inspires innovations.

e We provide detailed case studies of various applied affective computing
domains to illustrate practices and potentials of applied affective computing.

e We provide comprehensive guidelines on conducting applied affective com-
puting research and designing applied affective computing systems.

What is applied affective computing

1. Definition of applied affective computing: research and application
efforts that focus on understanding the effectiveness, outcomes, and
personal and societal impact of affective computing technologies in
real-life usage.

2. Applied affective computing versus affective computing: applied
affective computing performs a holistic evaluation of computational
models relating to emotions situated in context. It focuses on how
affective computing systems influence their users and the interac-
tion context. It aims to develop affective computing systems that are
ethical and capable of achieving their intended outcomes in natural,
unstructured, and complex environments.







2.1

2.1.1

Emotions as Studied in
Psychology and Cognitive
Science

Theories of Emotion

The definition of human emotions remains an open question [Adolphs and Ander-
son 2018]. A commonly used categorization classifies existing emotion theories as
evolutionary approach, appraisal approach, and constructionism, which empha-
sizes the biological givens of emotions, the cause of emotions, and the components
of emotions, respectively [Niedenthal and Ric 2017]. In particular, the evolution-
ary approach and the appraisal approach have been commonly used in current
affective computing research [Poria et al. 2017].

The Evolutionary Approach

The evolutionary approach to emotion theories considers emotions as products
of evolution—for example, emotion theories that model disgust as the adaptive
function for avoiding toxins [Tybur et al. 2013] or fear as the adaptive function for
evading predators [Mobbs et al. 2015]. Emotion theories following the evolution-
ary approach attempt to identify a set of basic, distinct, and universal emotion
categories, that is, the Basic Emotion Theory (BET). One representative is the Big-
6 emotion categorization [Ekman et al. 1972] based on studies of human facial
expressions, which identifies anger, disgust, fear, happiness, sadness, and sur-
prise as the six basic emotions. Beyond the Big-6 emotion categorization, other
sets of basic emotion categories have also been proposed. For example, Cordaro
et al. [2018] proposed a set of 22 emotions based on analyses of emotional expres-
sions across five cultures. In addition, the development of neuroscience and neu-
roimaging has provided novel approaches to identifying and verifying basic emo-
tions through evidence such as brain activities captured by fMRI [Panksepp and
Watt 2011, Celeghin et al. 2017]. In Figure 2.1, we illustrate overlaps between three
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Figure 2.1
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Overlaps between the Big-6 model [Based on Ekman et al. 1972], the cross-cultural
expressions model [Based on Cordaro et al. 2018], and the affective neuroscience
model [Based on Panksepp and Watt 2011].

common BET models, including the Big-6 model [Ekman et al. 1972], the cross-
cultural expressions model [Cordaro et al. 2018], and the affective neuroscience
model [Panksepp and Watt 2011].

In the recent progress of BET, there has been increasing attention on social func-
tionalism approaches, which aim to explain the social functions of emotions and
the fact that emotional experiences are personal and context-specific rather than
universal, that is, “variation is the norm” [Barrett 2017]. In particular, the same
event or stimulus can evoke a spectrum of emotional responses in different people
and can be perceived differently, as demonstrated in existing studies of emotion
induction and annotation tasks [Poria et al. 2017]. Behaviors and physiological
responses across individuals also differ when they experience the same emotion.
One example is fear, which was considered one of the basic emotions with an evo-
lutionary root. A previous study identified that people can have varied actions in
response to fear, such as freeze or flee, with different neural circuits involved [Gross
and Canteras 2012]. Social functionalism BET argues that as humans are social
animals, emotions evolved to address social activities and to serve as incentives
for social behaviors, in addition to an individual’s need of surviving and adapt-
ing to the environment [Keltner et al. 2019]. The basic emotion categories are thus
extended beyond the Big-6 to include interpersonal and social emotions such as
sympathy or jealousy. In addition, emotional expressions developed as a result of
coordination between individual and social behaviors, allowing people to provide
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information to others regarding their internal states or to evoke specific responses
in observers.

The subjective emotional experiences can be captured as a self-report of feel-
ings. Existing studies following this approach have largely focused on verbal
description-based approaches for measuring feelings,—for example, the Emotion
Twenty Questions [Kazemzadeh et al. 2011] or the Positive and Negative Affect
Schedule questionnaire [Watson and Clark 1999]. However, verbal-based measure-
ment of feelings is less effective for non-verbal populations or across different
languages and cultures. Measuring physiological or neural activation patterns pro-
vides an alternative to distinguishing different emotional feelings [Barrett 2017,
Siegel et al. 2018]. As a limited understanding of the human brain may limit
the emotion theories derived from neuroscience studies, affective neuroscience
remains an active research area [Schore 2015, Watt 2018]. Furthermore, it is diffi-
cult to capture the functional aspects of emotions in relation to the environmental
and temporal contexts with such physiological or neural approaches. Beyond indi-
vidual variances, emotions are cultural-specific in their definition and expression.
For instance, some languages do not make a clear distinction between anger and
sadness [Russell 1991], while some emotional lexicons are “untranslatable” across
languages [Ogarkova 2016]. In addition, a previous cross-cultural study found that
norms in smiling, laughter, and expressions of positive emotions were related to
the historical heterogeneity of the population in a country or a state [Niedenthal
et al. 2018].

To balance between universality and variations, current BET research inves-
tigates complex emotion taxonomies placed in social and cultural contexts, and
the boundaries and gradients of each emotion category [Cowen and Keltner 2017].
Although the Big-6 emotion categorization [Ekman et al. 1972] has been widely
used in the current design of affective applications, researchers are encouraged
to develop advanced emotion taxonomies that address the specific social and user
context of the application to ensure its efficacy and to allow personalization and
adaption.

The Appraisal Approach

The appraisal approach to emotion theories focuses on defining and distin-
guishing emotions through cause-effect relationships. These emotion theories
consider emotions as reactions to stimuli in the environment and argue that
emotions are products of factual and evaluative cognitions. Emotion theories fol-
lowing the appraisal approach attempt to identify a set of dimensions from which
span complex and compound emotions. With a focus on the causes of emotions,
appraisal theories address the differentiated nature of emotional responses, such
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Figure 2.2
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as individual, temporal, and cultural variations in emotional responses to the
same stimuli, and how the same emotion can be evoked by a range of events and
scenarios [Scherer et al. 2001].

One representative of appraisal-based emotion theory is the circumplex model
of emotion [Russell 1980], which describes emotions with two dimensions, namely
Arousal (level of excitement caused by a stimulus) and Valence (level of liking
toward a stimulus) (Figure 2.2). Other than arousal and valence, the power or dom-
inance dimension is often added to the emotional space to describe the level of
control a person feels [Marsella et al. 2010]. These dimensions capture a one-to-one
relationship between an appraisal combination (evaluation of events) that evokes
the same emotion, invariant to specific events or situations [Smith and Lazarus
1990].

Beyond the circumplex model of emotion, other appraisal-based emotion the-
ories with different sets of dimensions have been proposed. For example, Adolphs
and Andler [2018] identified scalability (intensity, arousal), valence (pleasantness/
unpleasantness, appetitive/aversive), persistence (temporal scale), generalization
(generalized over stimuli and behavior), global coordination (engaging the whole
organism), automaticity (having priority on behavioral control and requires voli-
tional effort to regulate), and social communication (social-communicative sig-
nals) as fundamental characteristics of emotions. They argued that these attributes
are capable of distinguishing emotion from other cognitive processes and can
individualize different emotions.

A major constraint of appraisal emotion theories is that they assume emotions
are temporally dependent and are elicited by current appraisals. Thus, appraisal
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emotion theories often overlook long-term factors and their influence on short-
term emotional changes such as moods or personality traits [Marsella and Gratch
2009]. The relation between emotions and stimuli has a complex “fan-in, fan-out”
structure, that is, a stimulus can cause multiple emotions and the same emotion
can be induced by various stimuli [Tappolet 2016]. Therefore, emotion theory alone
is not sufficient to explain the causal relationship between stimuli and behaviors.
Emotions interact with all other cognitive states. Thus, other cognitive processes,
such as memory or attention, need to be included for a system-level view [Pessoa
2018].

The appraisal emotion theories are commonly used by affective computing
researchers to design subtle or compound emotional expressions in response to
specific events during interaction [Bartneck and Lyons 2009]. When defining emo-
tions in the dimensional space, the emotion values can either be annotated as
continuous real values, as discrete classes (e.g., high/low), or on Likert scales
(e.g., 1 to 5 integer scores). In order to address individual variations in emotion
perception, recent work has also employed ordinal rankings instead of abso-
lute values to annotate emotions in the dimensional space [Yannakakis et al.
2017].

2.1.3 The Constructionism Approach

The constructionism approach to emotions assumes that emotions are cre-
ated in the mind of a perceiver and are constructed of core affective changes
situated with conceptual knowledge and exteroceptive sensation, as shown in
Figure 2.3 [Lindquist 2013]. Such situated conceptualization allows researchers to
take social and individual variances into account and analyze emotions from a
social-psychological perspective.

Following the constructionism approach, researchers attempt to identify core
affects and how the situated conceptualization process unfolds. In particular, core

Situated conceptualization

Conceptual \—» Physiology

knowledge
A
Feeling

Exteroceptive
sensation
) 4 /
) Expression

Figure 2.3 The constructionism approach to emotions. Based on Lindquist [2013].
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affect can be described as a combination of interoceptive information, including
homeostatic status, muscle activities, nervous system, neurochemical system, and
hormonal system [Barrett and Bliss-Moreau 2009]. While interoceptive informa-
tion represents the internal state of a person, exteroceptive sensation represents
information from the external environment such as vision, audition, tactile, or
olfactory sensations [Barrett 2009]. Specific emotional experiences or perceptions
of oneself or other individuals can form conceptual knowledge, which shapes our
understanding and predictions of new sensations and actions [Vigliocco et al.
2009].

To study the social and cultural perspective of emotions, researchers follow-
ing the constructionism approach are especially interested in understanding how
language interplays with emotional perception and experiences [Lindquist et al.
2015]. Studies in developmental psychology have shown that language allows the
acquisition of emotional concepts in infants and children [Widen and Russell 2008,
Halberstadt and Lozada 2011]. People continue to update and acquire conceptual
knowledge throughout their lives, and language was also shown to help adults
learn novel emotion concepts [Fugate et al. 2010]. Beyond knowledge acquisition,
language can influence the situated conceptualization of emotions. For example,
multilingual speakers are reported to have different emotional reactivity toward
affective words in their dominant and non-dominant languages, or when recalling
emotional events in different languages [Pavlenko 2014].

In affective computing research, the constructionism approach to emo-
tion enables computational modeling of context, which can be combined with
appraisal-based emotion models to enable context-aware inference [Ortony and
Clore 2015]. Similar to the evolutionary and appraisal approaches, the construc-
tionism approach to emotion is subject to its own limitations. In particular, it
remains an open question whether the emotional context should be drawn at an
individual’s level or a collective level [Lyon 1995, Beatty 2010].

Emotion as an Adaptive Function
Psychology and neuroscience studies identified three main intrapersonal func-
tions of emotions:

1. the attention-directing function, that is, emotions allow better allocation of
limited cognitive resources [Simon 1967];

2. the informational function, that is, emotions provide high-level evaluation
of events based on their relationship with the internal beliefs and desires
[Slovic et al. 2005];
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3. the motivational function, that is, emotions serve as a reward function that
motivates us to strategize our behaviors based on emotional feedback [Oatley
and Johnson-Laird 1987].

Following the basic emotion theories discussed in Section 2.1.1, emotions
emerged to allow the most efficacious behavior in a given biological or social envi-
ronment and enables flexible responses to complex or subtle living conditions
[Lazarus and Lazarus 1991]. Following the appraisal emotion theories discussed in
Section 2.1.2, people perceive the environment in relation to their goals as motiva-
tional relevance and congruence [Smith and Ellsworth 1985], and emotions reveal
the appropriate actions to take given such evaluations. Following the social con-
structionism emotion theories discussed in Section 2.1.3, emotions lead to learning
perceptions and actions that are considered normative in a given sociocultural
context [Sarbin 2014].

A concept often discussed together with the adaptive function of emotion is cop-
ing, which refers to efforts to manage a threatening or harmful situation to reduce
its adverse impact on the person [Smith and Kirby 2011]. In particular, coping leads
to behaviors that either change the situation to bring it closer to one’s goals or
modifies one’s goals to better align with the situation. When a situation is beyond
one’s ability to cope with it, psychological stress may be induced [Folkman and
Lazarus 1984]. Thus, beyond strategizing behaviors, the adaptive functions of emo-
tion are also critical to a person’s well-being. The relationship between emotions
and physical and mental well-being will be further discussed in Chapter 9.

The intrapersonal functions of emotion motivated affective computing
researchers to implement artificial emotions in a robot or a virtual agent to
improve its ability to generate adaptive behaviors. For example, the belief-desire-
intention agent framework often integrates emotions to increase the believability
of simulations or the efficiency of an agent [Adam and Gaudou 2016]. Furthermore,
a computational model of emotion can benefit reinforcement learning agents in
their decision-making [Moerland et al. 2018]. The use of emotions in reinforcement
learning will be further discussed in Chapter 6.

Emotion as a Social Communicative Function

During interpersonal communications, emotions have been identified as cues that
allow people to observe and perceive the latent cognitive states of their interaction
partners and to express their own internal states [Vinciarelli et al. 2012]. Emo-
tional expressions and reactions to other’s emotions were found to be essential
for establishing social relationships [Lewis 2008]. Emotional experiences navigate
us through the complexities of the social world [FeldmanHall and Chang 2018].
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In particular, while monitoring our progress toward achieving a specific social
goal (e.g., the desire to affiliate with someone), negative emotions can function
as an error signal that motivates us to adjust our decision policies and action
strategies during the social interaction, while positive emotions can function as a
reward signal and social incentive. In this section, we review emotions in the social-
communicative context. In particular, we investigate the function of emotions in
empathy, social intelligence, and social norms.

Empathy

One particular interpersonal emotional phenomenon that has attracted growing
attention in recent affective computing studies is the computational analysis and
simulation of empathy [Xiao et al. 2016]. Similar to emotions, various definitions of
empathy have been adopted in current research on interpersonal communications
[Batson 2009]. Cuff et al. [2016] reviewed 43 distinct definitions of empathy across
various viewpoints and summarized empathy as an emotional response that “is
similar to one’s perception and understanding of the stimulus emotion, with the
recognition that the source of the emotion is not one’s own.” Decety and Meyer
[2008] also found that the shared anchor of different definitions of empathy is the
matching relation between the emotions of two people.

Empathy allows the development of shared representations, engagement, and
simulation of the subjectivity of others. It is also important for the formation and
maintenance of social relationships [Decety and Jackson 2004]. It often leads to
behavioral and relational outcomes. For example, in psychotherapy sessions, the
empathy of a therapist is a key behavioral marker for the quality and constructive
outcomes of the therapy [Burke et al. 2004]. On the contrary, a lack of empathy is a
major trait for socially aversive personality disorders [Paulhus and Williams 2002,
Furnham et al. 2013] such as psychopathy [Hare 2003]. Therefore, an applied affec-
tive computing system with empathic functions leads to socially acceptable inter-
action designs and is required for establishing social relationships between the
system and its users. An example is the development of affective grounding [Jung
2017] in current research, which refers to the coordination of affects in interaction
with the purpose of building shared understanding on how behaviors should be
interpreted emotionally and what counts as “appropriate.”

From the cognitive science perspective, empathy can be decoupled into two pro-
cesses: an automatic process that captures the feelings of others (i.e., emotional
contagion) and a controlled process that interprets those feelings (i.e., empathic
understanding) [Heyes 2018]. The automatic process develops early in humans and
has been found in a wide range of other animals [de Waal and Preston 2017], while
the controlled process develops later and may be unique to humans. Previous work
suggested that empathy is an associative learning process that is implemented by
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the mirror neurons and constructed through social interaction [Gallese et al. 2004,
Cook etal.2014]. These learned matchings can be enhanced or broken by new expe-
riences [Heyes 2018]. From the social science perspective, empathy promotes life-
enhancing personal relationships, prosocial behaviors, and social justice [Batson
2011, Zaki 2018]. However, empathy might lead to biased perceptions and favoritism
at the same time [Bloom 2017].

Other than empathy, the matching of emotion between people has also been
studied in emotional contagion. Emotional contagion is “the tendency to auto-
matically mimic and synchronize expressions, vocalizations, postures, and move-
ments with those of another person’s and, consequently, to converge emotionally”
[Hatfield et al. 1993]. Compared to empathy, emotional contagion focuses on the
convergence of verbal and non-verbal behaviors in interpersonal communications,
or entrainment [Narayanan and Georgiou 2013]. Co-occurrence in behavioral pat-
terns of emotional expressions between conversational dyads has been shown to
be a predictor of rapport in collaborative problem solving [Madaio et al. 2017].
The degree of convergence in human dyadic interaction has also been found to
be positively correlated with the overall success of collaboration and positive atti-
tudes of the participants [Levitan et al. 2012]. In educational scenarios, entrain-
ment has been identified as an indicator for better learning outcomes and mutual
understanding [Oviatt 2013].

In affective systems, empathy and entrainment are both implemented as an
interactive strategy as well as a behavioral indicator of the users. For example,
lexical and gestural entrainment has been observed in various human-robot inter-
action studies and can serve as an assessment of a user’s empathy and trust toward
a robot, or to evoke certain behaviors in the users [Breazeal 2002a, Iio et al. 2015,
Benus et al. 2018].

Social Intelligence and Socio-affective Competence

The ability to successfully conduct social interactions, that is, socio-affective com-
petence, depends on the awareness and identification of social-emotional cues,
the ability to process such cues, and the ability to decide on and express a norma-
tive response to these cues [Eisenberg 2001, Halberstadt et al. 2001]. One type of
socio-affective competence studied extensively in human social communication is
the Theory of Mind (ToM), which includes Cognitive ToM, referring to the ability to
make inferences about the beliefs and motivations of other people, and Affective
ToM, referring to the ability to make inferences about the emotions and feelings
of other people [Premack and Woodruff 1978, Kalbe et al. 2010, Baksh et al. 2018].
A person’s performance in ToM tasks is often measured to evaluate their capability
in social interactions, especially in the mental health context.
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