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ABSTRACT

Emotion modeling has always been intriguing to researchers, where detecting emotion is highly focused and
generating emotion is much less focused to date. Therefore, in this paper, we aim to exploring emotion
generation, particularly for general-purpose conversations. Based on the Cognitive Appraisal Theory and
focusing on audio and textual inputs, we propose a novel method to calculate informative variables to evaluate
a particular emotion-generating event and six primary emotions. Incorporating such a method of artificial
emotion generation, we implement an emotional chatbot, namely EmoBot. Accordingly, EmoBot analyzes
continuous audio and textual inputs, calculates the informative variables to evaluate the current situation,
generates appropriate emotions, and responds accordingly. An objective evaluation indicates that EmoBot could
generate more accurate emotional and semantic responses than a traditional chatbot that does not consider
emotion. Additionally, a subjective evaluation of EmoBot demonstrates the appreciation of users for EmoBot
over a traditional chatbot that does not consider emotion.

1. Introduction

There has been a long history of chatbots powered by various tech-
niques (Lasecki et al., 2013), for example, deep learning-based tech-
niques significantly outperform transitional rule-based models
(Sutskever, Vinyals, & Le, 2014). These deep learning-based chatbots
generate responses to user requests, showing their encouraging appli-
cation perspectives (Xu, Liu, Guo, Sinha, & Akkiraju, 2017). However,
most models in this regard are only simulated in some specific cases,
such as for customer care (Lasecki et al., 2013; Xu et al., 2017), e-
commerce (Cui et al., 2017), distance education (Heller, Proctor, Mah,
Jewell, & Cheung, 2005), etc., being far from acting in a natural
conversation context that subsumes the effect of emotion by default.
In this light, emotion is inherent, yet an elegant property for human
beings that varies from person to person and cannot be completely
bounded by logic (Frijda, 2009). This eventually makes it difficult
to compute emotion mathematically. Compared to emotion detec-
tion systems (Agrafioti, Hatzinakos, & Anderson, 2011; Garcia-Garcia,
Penichet, & Lozano, 2017; Majumder et al., 2019; Sailunaz, Dhaliwal,
Rokne, & Alhajj, 2018), an emotion generation model with substantial
accuracy is still far beyond the reach of the researchers. There exist
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a rich number of emotion generation theories (Frijda, 1986; Marks,
1982; Plutchik, 1980; Scherer, Schorr, & Johnstone, 2001) proposed by
researchers in Psychology, Physiology, Neurology, and other concerned
fields. However, each of these theories includes determining a large
set of unknown variables to evaluate an emotion-generating event,
making the theories hard to implement in a computational system. At
the same time, with the growing popularity of chatbots in industries
such as entertainment, customer care service, etc. Hu et al. (2018)
and Io and Lee (2017), it has become of utmost importance to make
the chatbots more emotionally responsive and more human-like. As
a result, artificial emotion generation has become necessary (Cano,
Gonzilez, Gil-Iranzo, & Albiol-Pérez, 2021; Hieida & Nagai, 2021),
and utilizing a psychological theory for such emotion generation has
the potential to generate human-like emotions (Kim & Kwon, 2010).
Over the years, psychologists have proposed several theories (Frijda,
1986; Marks, 1982; Plutchik, 1980; Scherer et al., 2001) related to
emotion. Among these theories, the Cognitive Appraisal Theory of
Emotion Generation (Frijda, 1986; Lazarus & Lazarus, 1994; Ortony,
Clore, & Collins, 1990; Scherer et al.,, 2001) is a popular one and
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has the potential to generate human-like emotions in natural con-
versations (Kim & Kwon, 2010; Scherer et al.,, 2001). In this light,
although the Cognitive Appraisal Theory (Ortony et al.,, 1990) has
provided a theoretical foundation for the computational modeling of
emotion generation, most of the existing models (Hudlicka, 2015a; Kim
& Kwon, 2010) based on this theory are yet to be implemented in
reality. Therefore, in our study, we explore implementing a method
for artificial emotion generation that can generate basic emotions —
namely joy, sadness, fear, anger, and surprise (Panksepp, 2004)-based
on Cognitive Appraisal Theory (Ortony et al., 1990).

In addition, most of the existing computational emotional mod-
els (Cui et al., 2017; Lasecki et al., 2013; Xu et al., 2017) are designed
only for limited specific scenarios, such as customer care, and do
not provide an implementation strategy focusing on real-life general-
purpose conversations perspective. Therefore, in our study, we focus
on implementing a method for artificial emotion generation for general-
purpose conversation. Here, general-purpose conversation means suit-
able to be used for natural or general conversation context, not being
limited to any particular type of conversation. Furthermore, with the
growing popularity of chatbots in industries such as entertainment,
customer care service, etc., Hu et al. (2018) and o and Lee (2017),
it has become of utmost importance to make the chatbots more emo-
tionally responsive and more human-like. Therefore, in our study,
we implement a chatbot- EmoBot- for general-purpose conversations,
utilizing our developed method for artificial emotion generation.

According to Cognitive Appraisal Theory (Ortony et al., 1990),
the generation of emotion in an individual is determined by the way
s/he evaluates the situation. This evaluation is achieved through mea-
surement criteria called appraisal variables (informative variables to
evaluate a particular emotion-generating event) (Hudlicka, 2015b).
Consequently, to calculate such informative variables to evaluate a par-
ticular emotion-generating event to generate basic emotions in EmoBot,
we focus on the audio and corresponding text and propose multiple ap-
proaches. In our calculations of emotion, we include the current mood
and personality traits of EmoBot. For instance, one cannot expect to get
a happy emotional response from a person immediately after making
him angry. In such cases, the response from the person will depend on
that specific person’s current emotion. We consider this phenomenon
emotion-awareness. We have implemented such emotional awareness
in EmoBot. Accordingly, we explore the following research questions in
this study.

* RQ1: Can we leverage a psychological theory for artificial emo-
tion generation during general-purpose conversations? How can
we implement a chatbot that maintains its own emotional state
and is responsive to the emotions of humans using a psychological
theory?

* RQ2: Do users appreciate such a chatbot that maintains its own
emotional state and is responsive to the emotions of humans?

In the process of answering the research questions, we make the
following set of contributions to this paper.

* From an interdisciplinary perspective — combining the knowl-
edge of Computer Science and Cognitive Psychology, we pro-
pose a novel methodology for artificial emotion generation based
on Cognitive Appraisal Theory (Hudlicka, 2015b; Ortony et al.,
1990). Incorporating our proposed methodology of artificial emo-
tion generation, we designed and developed a chatbot, namely
EmoBot, which generates proper responses to user requests or
comments — by identifying the emotions of the users and main-
taining its own emotional state — during general-purpose con-
versations. Therefore, we leverage the Cognitive Appraisal The-
ory (Ortony et al.,, 1990) for artificial emotion generation and
implementation of an emotional chatbot. This informs the re-
searchers of a method related to how an emotion-aware chatbot

can be implemented for general-purpose conversations based on
a psychological theory.

To investigate users’ appreciation for our implemented chatbot,
we perform both objective and subjective evaluations of EmoBot,
and compare it with a non-emotional chatbot, BotLibre (2013).
The evaluation reveals that EmoBot generates emotion-aware re-
sponses to user requests and can provide a satisfactory user
experience. The results indicate that emotionally motivated re-
sponses provide the user with a feeling of satisfaction during
interaction with an agent. Such user evaluation will assist re-
searchers to understand users’ appreciation for chatbots that are
responsive to human emotions and facilitate the development of
solutions in the realm of emotion generation in chatbots.

In this work, Section 2 represents the background of this study,
Section 3 covers the related work. After that, Section 4 highlights
method overview and setup, Section 5 describes the mapping and
evaluation of this study, Section 6 details the Emobot evaluation phase.
Finally, Section 7 highlights the discussion of this study and Section 8
summarizes the conclusion and future work.

2. Background

In this section, we look into the theory of emotion generation on
which our work is based. Then we will define the relevant terminolo-
gies.

2.1. Emotion

A key characteristic of emotions is their multimodal nature. The
cognitive modality is directly associated with the evaluation-based
working definition of emotions emphasized in the cognitive appraisal
theories of emotion generation. The emotions addressed by these the-
ories are typically the basic emotions: joy, sadness, fear, anger, and
disgust (Panksepp, 2004). These emotions are characterized by sta-
ble patterns of triggers, behavioral expression, and associated distinct
subjective experiences (Hudlicka, 2015b). The dimensional perspective
describes emotions in terms of two- or three dimensions. The most
frequent dimensional characterization of emotions uses two dimen-
sions: valence and arousal (Russell, 2003; Russell & Barrett, 1999).
Valence reflects a positive or negative evaluation and the associated
felt state of pleasure (versus displeasure). Arousal reflects a general
degree of intensity or activation of the organism. The degree of arousal
reflects a general readiness to act: low arousal is associated with less
energy and high arousal with more energy. Since this 2-dimensional
space cannot differentiate among emotions that share the same val-
ues of arousal and valence (e.g., anger and fear, both characterized
by high arousal and negative valence), a third dimension is often
added, termed dominance. The resulting 3-dimensional space is often
referred to as the PAD space (Mehrabian, 1996) (pleasure (synonymous
with valence), arousal, dominance). From this, the renowned PAD
Model (Zhou, 2018) defines mood states by three variables — Pleasure,
Arousal, and Dominance. Further, the generation of emotion is related
to personality traits (Baranczuk, 2019; Cervone & Little, 2019) and the
five-factor model of personality (Barariczuk, 2019) is defined by five
major traits: Openness, Conscientiousness, Extroversion, Agreeableness,
and Neuroticism.

2.2, An emotion-generating event (emotion-inducing situation)

Emotion-inducing situation refers to a particular event that influ-
ences the observer of that event to respond physiologically (heart rate,
blood pressure, etc.,) and change the state of their mood (Hudlicka,
2015b).
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2.3. The properties of input (stimuli)

A stimulus, whether real or imagined, is evaluated in terms of its
meaning and consequences for the agent, to determine the appropriate
reaction from an organism (Hudlicka, 2015b). Stimuli refer to a set
of properties to be given as input to an emotion generation system as
the conversational input (Abdul-Kader & Woods, 2015; Ciechanowski,
Przegalinska, Magnuski, & Gloor, 2019). Audio is an important part
of the conversation (Kim, Goh, & Jun, 2018; Roniotis & Tsiknakis,
2018; Zhu et al., 2022), therefore, we take audio as our primary
source of conversational input here. Using speech-to-text, we get textual
input properties, such as text sentiment and text emotion from con-
versations. Moreover, intensity, signal gap, the average gap between
words, average pitch, volume, and speech rate from the audio and text
sentiment are important properties of audio input for conversational
agents (Abdul-Kader & Woods, 2015; Ciechanowski et al., 2019; Kim
et al., 2018; Roniotis & Tsiknakis, 2018; Zhu et al., 2022). Therefore,
we also include such properties as inputs in our study and use them to
calculate appraisal variables.

2.4. Cognitive appraisal theory

Cognitive Appraisal Theory (Frijda, 1986; Lazarus & Lazarus, 1994;
Ortony et al., 1990; Scherer et al., 2001) is one of the most prominent
psychological theories and has been widely used for designing models
of emotion generation. It states that emotions are extracted based
on our evaluations (information or estimates) of events that cause
specific reactions in different people. It provides a set of domain-
independent evaluative criteria that capture the current interpretation
of the agent’s internal and external environments as they relate to the
agent’s current goals. Some approaches have been proposed over the
years to determine these evaluation criteria and model this evaluation
process. Among them, two approaches are the most popular — list and
hierarchical. In the list-approach (Scherer et al., 2001) the evaluation
criteria is defined by a list of appraisal variables there, a reaction is
evaluated in terms of its meaning and consequences for the agent. This
evaluation assigns specific values to the individual appraisal variables.
Once the values of these appraisal variables are determined by the
agent’s evaluation process, the resulting vector is then mapped onto a
particular emotion. A related and overlapping set of evaluation criteria
has been proposed by Ortony et al. (1990). They proposed a model,
called the OCC model, which provides rich taxonomy of triggers and
resulting emotions. This approach evaluates emotion primarily based
on three types of triggers — consequences of events, actions of agents,
and aspects of objects. The hierarchical (OCC) approach (Hudlicka,
2015b) can produce a rich number of emotions of different types.
Thus, the hierarchical approach (appraisal variables) is used most often
in designing emotion generation models. In our work, we also use
the appraisal variable (hierarchical) approach (Hudlicka, 2015b) to
generate emotion.

2.5. Informative variables to evaluate an emotion-generating event (ap-
praisal variables)

Appraisal variables are a way of mapping a particular event that
influences the observer of that event to respond physiologically to some
numerical values. Using this, we can mathematically calculate the emo-
tion of a person with the help of knowledge about the emotion-inducing
situations at that time. Thus, emotion-inducing situation to appraisal
variable mapping is the process of translating emotion-inducing situa-
tions to some numerical values which can be used in modeling emotion
generation. Conforming to the Cognitive Appraisal Theory (Hudlicka,
2015b; Ortony et al.,, 1990), the information of a specific functional
reaction is the principal task of emotion generation — which can be
classified into three different factors — Relevance, Implication, and

Coping Potential (Hudlicka, 2015b). These factors involve ten informa-
tive variables to evaluate an emotion-generating event (appraisal vari-
ables) (Hudlicka, 2015b). As a result, we are considering these ten in-
formative variables to evaluate an emotion-generating event (appraisal
variables) in this study for evaluating a particular situation.

2.5.1. Relevance

Given the constant barrage of stimulation, an organism must decide
which stimuli are sufficiently relevant to warrant deployment of atten-
tion and possibly adaptive reaction or whether the status quo can be
maintained and ongoing activity pursued.

+ Suddenness Any sudden stimulus (characterized by abrupt onset
and relatively high intensity) is likely to be registered as novel
and deserving of attention.

Familiarity The evaluation to determine the degree of familiarity
with the object or event.

Predictability Another important mechanism for relevance check
is based on complex estimates (based on an observation of regu-
larities in the world) of the probability and predictability of the
occurrence of a stimulus.

Valence The evaluation of whether a stimulus event is likely to
result in pleasure or pain.

2.5.2. Implication

This is a central appraisal objective since it determines to what
extent a stimulus or the situation is appraised as furthering or endan-
gering an organism’s survival and adaptation to a given environment,
as well as satisfying its needs and attaining its goals.

« Discrepancy from Expectation The situation created by the
event can be consistent or discrepant with the individual’s ex-
pectation concerning that point in time or position in the action
sequence leading up to a goal. For example, there would be some
discrepancy in expectation if the father of the failed student gave
him a present after learning of the exam results.

Conducive to goal Most important, the organism needs to check
the conduciveness of a stimulus event to help attain one or several
of the current goals/needs. The consequences of acts or events can
constitute the attainment of goals/needs, progress towards such
attainment, or facilitation of further goal-directed action.

Urgency Adaptive action in response to an event is particularly
urgent when high-priority goals or needs are endangered, and the
organism has to resort to specific responses when it is likely that
delaying a response will make matters worse.

2.5.3. Coping potential

Successful coping with a stimulus event implies that the individual’s
concern with the eliciting event disappears. The coping potential check
determines which types of responses to an event are available to the
organism and which consequences will affect the organism under each
option.

+ Control One important dimension is to what extent an event or
its outcomes can be influenced or controlled by natural agents
(i.e., people or animals). For example, while the behavior of a
friend or the direction of an automobile is generally controllable
up to a degree, the weather or the incidence of a terminal illness
is usually not.

« Power If control is possible, coping potential depends on the
power of the organism to exert control or to recruit others to help.
With the help of the power check, the organism evaluates the
resources at its disposal to change contingencies and outcomes
according to its interests.
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Fig. 1. Implementation steps of the emotion generation system.

+ Adjustment It is particularly important to check how well one
can adjust to the consequences of an event if the control and
power checks yield the conclusion that it is not within one’s
power to change the outcomes. For example, a failed student
might be able to live perfectly well with a terminal failing grade
if he was convinced that his future should in any case be sought
in the world of finance.

3. Related work

In this section, we discuss studies on emotion generation, the preva-
lence of chatbot systems, and emotion generation using chatbots.

3.1. Emotion generation

According to Damasio (2003), emotions are a series of physical
reactions and changes in internal states. An emotion generation model
was inspired by the theory of Cano et al. (2021) which has one module
called the controller, which internally has internal values and action
selection. The internal values of the controller are related to driving
values, such as fatigue, hunger, homesickness, and curiosity, which
are defined as primary states whereas, emotions such as fear, anger,
boredom, and happiness are considered to be secondary states. Another
study (fei Shi, liang Wang, Ping, & kun Zhang, 2011) proposed an
artificial emotional model based on neuroscience in which emotion
can be associated with past experiences. Velasquez (1997) introduced
a computational model for emotion generation and it was initially
designed for agent developers for providing enough functionality to
design emotional agents that can be used in a variety of applications.
Another study (Hieida & Nagai, 2021) acknowledged the implementa-
tion of social emotions in robots while considering their relationship
with basic emotions as a major issue in the field of robotics. Cano
et al. (2021) presented a study on designing social robots for children
with autism spectrum disorder (ASD). They identified that social robots
must be prepared to express and recognize emotions when interacting
with children with ASD because they do not tolerate surprises and
changes in the environment. Researchers have also worked on gener-
ating humorous text or jokes (Dybala et al., 2010; Yang, Lavie, Dyer,
& Hovy, 2015). The full statistical approach in response generation
has been introduced very recently (Candia-Rivera, Catrambone, Thayer,
Gentili, & Valenza, 2022; Du, Jin, Yan, & Yan, 2023; Jain & Rath, 2023;
Ritter, Cherry, & Dolan, 2011; Tu et al., 2022; Wang et al., 2022).
However, there is hardly any statistical response generation that depicts
the emotion of the user as per our knowledge. H-Cogg-Off (Tavakoli &
Palhang, 2016) architecture introduced emotion generation on multiple
levels. Using such architecture, Pudane, Lavendelis, and Radin (2017)
presented a detailed block diagram of multi-level emotion generation.
They adopted the BDI (Belief, Desire, and Intention) (Sloman & Chris-
ley, 2005) architecture in the routine level of the model. They showed
the distinction and interaction between emotions on multiple levels. In

addition, based on the Cognitive Appraisal Theory (Ortony et al., 1990),
Kim and Kwon (2010) proposed a computational model of emotion
generation. Designed for interactive tasks, it evaluates the current task-
based situation to generate emotion correspondingly. Their model is
for playing games of twenty questions. However, these studies did
not present any implementation methods or calculation procedures for
generating emotions during general-purpose conversations, whereas,
we implemented a method for artificial emotion generation based on
the Cognitive Appraisal Theory (Ortony et al., 1990). Moreover, our
research focuses on a broader scope and generates emotions for a
continuous audio input stream while adapting the state of the different
emotions during general-purpose conversations.

3.2. Chatbot systems

Chatbots are powered by various techniques. Rule-based (Ritter
et al., 2011) or retrieval based (Yu, Papangelis, & Rudnicky, 2015)
chatbots were used often in the early days. These techniques are
usually limited to small-scale data or closed application domains. An
alternative to using in free-form conversations is the Crowdsourcing
chatbot system (Huang, Chang, Swaminathan, & Bigham, 2017; Huang,
Lasecki, Azaria, & Bigham, 2016) which is human manual operations
dependent. Moreover, human evaluations are too time-consuming and
involve human labor that cannot be reused. Hence, evaluating chatbots
and natural language generation is an enormous challenge (Liu et al.,
2017). The study in Papineni, Roukos, Ward, and Zhu (2002) showed a
language-independent method of automatic machine translation evalu-
ation that matches the response from a human agent (Xu et al., 2017).
In addition, using deep learning, researchers have been able to work
on open-domain large-scale conversations (Li, Monroe et al., 2016).
The study in Xu, Szlam, and Weston (2021) released a long-term open-
domain communication entitled Multi-Session Chat (MSC) that gives
the opportunity for the conversation to develop and improve with time
as the model has more context and more understanding of that specific
user’s interests. Using the sequence-to-sequence (seq2seq) model (Ha,
Dai, & Le, 2016; Sutskever et al., 2014), researchers (Xu et al., 2017)
created a chatbot system for customer care and were able to achieve
good results. Researchers also reported a modified seq2seq model (Li,
Galley et al., 2016) for generating sentences matching certain personas.
The study in Adiwardana et al. (2020) introduced a generative chatbot
using a seq2seq model using data from public-domain social media
conversations. Huber, McDuff, Brockett, Galley, and Dolan (2018),
an image-grounded conversational agent investigated the relationships
between such image information and the generated language. However,
chatbots often do not meet users’ expectations (Jenneboer, Herrando,
& Constantinides, 2022; Koivunen, Ala-Luopa, Olsson, & Haapakorpi,
2022; Liu, Hu, Yan, & Lin, 2023; Luger & Sellen, 2016; Misischia,
Poecze, & Strauss, 2022; de Sa Siqueira, Miiller, & Bosse, 2023). Luger
and Sellen (2016) showed that there is a large gulf between peoples’
expectations about the capabilities of chatbots, and what such sys-
tems can actually deliver. The work reveals multiple design challenges
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arising from this gulf between user expectation and experience, such
as how a chatbot may reveal its current state. Similarly, researchers
have studied the perceived intelligence of agents in-depth (Cassell,
Bickmore, Campbell, Vilhjalmsson, & Yan, 2000). The work by Cassell
et al. (2000) studied how multi-modal interactions affect the experience
of using a chatbot. Whilst the focus of Cassell’s work had been multi-
modal representations of intelligence (physical gestures in addition to
voice), the central concept of the users’ need to locate intelligence, and
thereby the need to represent intelligence to the user is an important
concept in Conversation Agent research. As a result, it is necessary
to correctly use the emotional responses and behavior of an agent
to express, recognize, and understand emotion when interacting with
a user (Cano et al., 2021). Gratch, Wang, Gerten, Fast, and Duffy
(2007) show that in order to create rapport, agents should provide
more positive, emotional feedback from time to time. These create
opportunities to answer open questions: how can we add emotional
context into natural conversation generation in a chatbot to make the
responses more engaging and emotional? Therefore, in our study, we
focus on implementing an emotional chatbot to make the responses
more engaging and emotional for the users by generating artificial
emotions.

3.3. Emotion generation on chatbots

There has been a lot of work on the impact of emotional response
on the quality of customer service and some of these have been imple-
mented in customer service chatbots. Here, the user’s attitude (Martin,
1985) towards a company and satisfaction (McCollough, 2000) depend
on the correct emotional response. Over 40% of the user requests
for customer services on social media are mainly emotional as shown
by Xu et al. (2017). They have created a conversational system to
automatically generate responses for user requests. Being much like
human agents, their system shows empathy to help users cope with
emotional situations. Much like their work, Tianran Hu et al. (2018)
have worked on creating a tone-aware chatbot that is surprisingly more
empathetic than human agents. Being focused on mainly eight types of
tones — anxious, frustrated, impolite, passionate, polite, sad, satisfied,
and empathetic, their research has shown the impact of tones on users’
emotions, such as empathetic tone reduces users’ negative emotions
such as frustration and sadness. As their system is for customer care on
social media, they have worked on identifying the ones that are most
beneficial for that purpose. They have also shown that their tone-aware
chatbot generates an appropriate response to user requests as human
agents which shows how close a chatbot agent can get to humans.
The emotional text has an impact on customers’ perceptions of service
agents and generally, in a positive direction (Zhang, Erickson, & Webb,
2011). The user’s positive emotion is increased with the agent’s cheerful
emotion (Herzig et al.,, 2016) and customer stress is reduced with an
empathetic tone (Prendinger & Ishizuka, 2005). Most of these works on
emotion generation are focused on customer services and are not based
on any psychological theory for generating emotions, which creates an
open question: how we can implement an emotional chatbot using a
psychological theory for general-purpose communication? Therefore,
we have implemented a chatbot for everyday general-purpose commu-
nication. Whilst the goal of prior studies (Herzig et al., 2016; Hu et al.,
2018; Prendinger & Ishizuka, 2005; Zhang et al., 2011) is mainly on
establishing empathy with the user focusing fully on the users’ side,
our research focuses not only on the users’ speech but also adapting the
emotional state of the chatbot resulting in more natural conversation.

4. Method overview and setup
We have developed a chatbot named EmoBot which generates ap-

propriate emotional responses to a user’s speech. We deployed the
chatbot system online and made it open for use.

Table 1
Extracted properties of input.

Properties of audio input Properties of textual input

Text emotion
Text sentiment

Intensity

Signal Energy

Average Gap between Words
Average Pitch

Volume

Speech Rate

Table 2
Informative variables to evaluate an emotion-generating event.

Relevance Implication Coping potential
Suddenness Discrepancy from Expectation Control
familiarity Conducive to Goal Power
Predictability Urgency Adjustment
Valence

4.1. Overview of steps

Here, we split the implementation process into six steps. The steps
are shown in Fig. 1.

« Input capture: Taking audio as the main input, we convert it into
its corresponding text with the help of a speech-to-text system.
Properties of input extraction: From audio and text input, the
corresponding auditory and textual properties are extracted. A list
of the properties is presented in Table 1.

Informative variables to evaluate an event (appraisal vari-
ables): Conforming to the Cognitive Appraisal Theory (Ortony
et al.,, 1990), the information of a specific functional reaction is
the principal task of emotion generation. Based on this theory, 10
informative variables to evaluate an event (appraisal variables)
are considered (Hudlicka, 2015b; Scherer et al., 2001). These
variables can be found in Table 2 (Hudlicka, 2015b). In this
work, one of our main contributions is to find an unconventional
mapping between the captured input and informative variables
to evaluate an event. We evaluate multiple mappings to find
the most prominent one. The acquisition of the mappings and
corresponding evaluation is elaborated in the next section.
Emotion Generation: Emotions are generated according to the
informative variables to evaluate an event in the system. Here,
we generate primary emotions (Panksepp, 2004)- Joy, Sadness,
Fear, Anger, Surprise. If the value of emotion is less than a certain
threshold, 0.2 then the emotion is labeled as unclassified in our
system. Each emotion has arousal and decay rate as properties.
These emotions are assessed using different mapping procedures
between informative variables to evaluate an event and emotions.
Mapping and evaluation are presented in the following section.
We focus on finding a novel mapping that generates the most
accurate emotions. A particular emotion is updated using the
following equation proposed by the authors. The updated emotion
will be a proportion of the previous and current emotions.

emotion;(previous) = emotion,(previous) — emotion(previous)
X time X decayRate;

updated Emotion; = emotion;(previous)
+ (1 — emotion;(previous)) X emotion,(current)

emotion;(current) = upd ated Emotion,

Effect Generation: The effect of a generated emotion includes the
updated mood states, personality traits, and the previous emotion
of the system. We use the renowned PAD Model where mood
states are defined by three variables — Pleasure, Arousal, and
Dominance (Zhou, 2018). We also use personality traits in our
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Table 3
PAD model of mood states (Zhou, 2018).

Trait combination Mood type
+P +A +D Exuberant
-P -A -D Bored
+P +A -D Dependent
-P —-A +D Disdainful
+P —A +D Relaxed
—P +A -D Anxious
+P -A -D Docile
P +A +D Hostile
Table 4
Change in mood for different emotions (Zhou, 2018).
Emotion Pleasure Arousal Dominance
Joy 0.4 0.2 0.1
Surprise 0.4 0.5 -0.2
Fear —0.64 0.6 —0.43
Anger —-0.51 0.59 0.25
Sadness -0.3 0.1 —0.4
Unclassified 0 0 0

system. For modeling personality, we use the five-factor model
of personality (Baranczuk, 2019). In this model, personality is
defined by five major traits: Openness, Conscientiousness, Ex-
troversion, Agreeableness, and Neuroticism. Different values of
PAD variables determine different mood states. The combination
is shown in Table 3. Mood values are updated according to the
present emotion. If the value/arousal of the current emotion
of the system is x and the corresponding weights for pleasure,
arousal, dominance, openness, conscientiousness, extroversion,
agreeableness, and neuroticism are p,, a,.d,.0,,c,.e,, g, n,, then
new values of the mood and personality factors can be calculated
with the following equations-

pleasure(current) = pleasure(previous) + p, X x

arousal(current) = arousal(previous) + a, X x
dominance(current) = dominance(previous) + d, X x
openness(current) = openness(previous) + o, X x
conscientiousness(current) = conscientiousness(previous) + ¢, X x
extroversion(current) = extroversion(previous) + e, X x
agreeableness(current) = agreeableness(previous) + g, X x

neuroticism(current) = neuroticism(previous) + n, X x

Output Generation: The response is generated as the output
of the system and presented to the user in both audio and text
formats. (see Table 4).

4.2. Setup of EmoBot from BotLibre

BotLibre (2013) is a free open-source chatbot. It presents an arti-
ficial intelligence-enabled platform for the web, mobile, social media,
gaming, and the Metaverse. However, it does not consider the emo-
tional states of users. Even then, it is popular with its users having

a large community involved with it. BotLibre community has over
500000 registered users, over 100 000 bots, over 100 million conversa-
tions, and over 1 million downloads (BotLibre, 2013). Besides, BotLibre
has been used in several recent research studies (Easton et al., 2019;
Simomukay, 2018; Somasiri et al.,, 2016). Examples of such existing
research studies include developing a virtual agent to support individ-
uals living with physical and mental comorbidities (Easton et al., 2019),
a drug addiction recovery through mobile-based application (Somasiri
et al.,, 2016), and data collection (Fossi, Dzwonkowski, & Othman,
2021). Thus, it is regarded as a well-known open-source chatbot plat-
form in both research and use-case domains. Accordingly, we have
adopted this platform as a non-emotional chatbot (chatbot that does
not consider emotion) in our study and compared it with our developed
emotional chatbot, Emobot.

We modified BotLibre (2013) and used CakeChat (2018) to imple-
ment EmoBot. EmoBot does not require any command from the user to
perform. The user’s speech is captured automatically when a sentence
is finished based on a silence threshold. CakeChat (2018) produces an
output sentence by taking the correct emotional state as its input. Thus,
the response becomes more accurate that matches the correct emotional
context. We generate the emotion and give it as input to Cake Chat. The
generated response either comes from the modified (BotLibre, 2013)
or CakeChat (2018). VaderSentiment (Hutto & Gilbert, 2014) is used
to determine which response is to be accepted. The procedure of the
system is exhibited in Fig. 2.

5. Mapping and evaluation

We provide a calculation method for informative variables to eval-
uate a particular emotion-generating event (appraisal variables) from a
set of properties of audio input (stimuli). We present three qualitative
approaches to acquire the mapping and the evaluation to uncover the
best approach.

5.1. Mapping by the authors of this study

To begin with the task of emotion generation from the informative
variables to evaluate a particular emotion-generating event (appraisal
variables), we discreetly examine the dependent variables and address
the most suitable way of calculating the variables from the indepen-
dent factors-based on the understanding of the concept and personal
experiences of the authors of this study.

All three of the mappings — a set of properties of input to relevance-
implication, mood-personality traits to coping potential, and infor-
mative variables to evaluate a particular emotion-generating event
(appraisal variables) to emotions — are populated by the discussion
and verification among the authors of this study. The reasons behind
this approach were - (i) we are only considering primary emotions
rather than secondary emotions, (ii) we want to keep the calculations
as simple as possible and get started with a system to test the accu-
racy of the method, (iii) the number of unknowns is relatively high
and a learning model may make things complex at the initial stage.
The mapping proposed by the authors of this study can be found in
Tables 5, 6, and 7. For the mapping between informative variables
to evaluate a particular emotion-generating event (appraisal variables)
and emotions, we were inspired by Hudlicka (2015b). For example, in
the case of suddenness calculation from the volume, the most probable
emotion-generating event is that a higher value of volume increases
the probability of something happening suddenly. Therefore, in the
mapping between suddenness and volume, we put a value of 1 in 5.

If a variable x depends on independent variables y;,y,.....y, and
the corresponding mapping values for x in the mapping are w,, w,. ...,
w,, then -

L
x= ) wxy 1)
i=1
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Table 5
Properties of input to informative variables (appraisal variables) of a particular emotion-generating event mapping by authors of this study.
Rel-Imp Stimuli
Sentiment  Intensity  Signal Energy  Average Gap Average Pitch  Volume Speech Rate
between Words
Suddenness 0 1 0 -1 1 1 0
Familiarity 1 -1 -1 1] -1 -1 -1
Predictability 1 -1 -1 1] 1] -1 -1
Valence 1 -1 -1 0 -1 -1 -1
Discrepancy from Expectation -1 0 1 -1 1 1 1
Conducive to Goal 1 0 1 0 0 -1 0
Urgency 1 1 -1 1 1 1
Table 6
Mood-personality traits to coping potential mapping by authors of this study.
Coping potential Mood-personality traits
Pleasure Arousal Dominance Openness Conscientiousness Extroversion Agreeableness Neuroticism
Control 0.1 0.1 0.3 ] 0.5 0.30 1] -0.15
Power 0.5 0.25 0.25 ] 0 0.1 -0.2 0.15
Adjustment 0.2 0 0.2 0.25 0.1 0.1 1] -0.25
Table 7
Informative variables to evaluate a particular emotion-generating event (appraisal variable) to emotions mapping by authors of this study.
Emotion Appraisal Var
Suddenness Familiarity Predictability Valence Discrepancy Conducive to Goal Urgency Control Power Adjustment
from Expectation
Fear 1 -1 -1 -1 1 -1 1 -1 -1 -1
Joy 1 -1 -1 1] ] 1 -1 0 ] -1
Sadness -1 -1 0 1] ] 1 -1 -1 -1 1
Surprise 1 0 -1 1] 1 1 1 -1 ] 1]
Anger 1 -1 -1 1 1 -1 1 1 1 1
Table 8
Average correlation between the properties of audio input and relevance-implication for all participants.
Rel-Imp Stimuli
Sentiment Intensity Signal Energy Average Gap Average Pitch Volume Speech Rate
between Words
Suddenness —-0.2 0.95 0.6 —0.15 0.55 0.85 0.65
Familiarity 0.7 -0.3 0.2 0 0 -0.2 0.1
Predictability 0.1 1] 0.15 —0.05 —0.05 -0.2 —0.05
Valence 0.5 -0.15 0.5 -0.1 0.35 ] 0.1
Discrepancy from Expectation —0.65 0.25 0.1 0.15 0.1 0.35 0.45
Conducive to Goal 0.9 -0.25 0.15 —0.05 —0.15 -0.25 —0.15
Urgency -0.3 0.7 0.7 -0.2 0.25 0.65 0.75
Table 9
Average correlation between mood-personality traits and coping potential for all participants.
Coping potential Mood-personality traits
Pleasure Arousal Dominance Openness Conscientiousness Extroversion Agreeableness Neuroticism
Control 0.85 1 0.85 0.45 0.25 0.75 0.35 -0.7
Power 0.4 0.7 1 0.3 0.2 0.75 -0.35 —0.55
Adjustment 0.55 0.55 —0.15 0.65 0.05 0.2 0.65 -0.4

Using Eq. (1), firstly, we calculate all the informative variables to
evaluate a particular emotion-generating event (appraisal variables)
from the properties of input (stimuli), and secondly, we calculate all
the emotions except the emotions labeled as unclassified. The emotion
is considered to be unclassified only when the values of all the other
emotions are lower than a certain threshold (0.2 in our implementa-
tion). For each input, the emotion with the highest value (arousal) is
considered to be the current emotion of the system.

5.2. Correlation-based approach

Human beings can predict a situation by listening to a voice, such
as hearing the tone of someone over the phone (Latinus & Belin, 2011;
Park & Cameron, 2014). Therefore, here, we involved human partici-
pants to fill up the correlations between the properties of input (stimuli)

and informative variables to evaluate a particular emotion-generating
event (appraisal variables).

For the evaluation, we provided three Google sheets to the partici-
pants about the properties of audio input versus relevance-implication,
mood-personality traits versus coping potential, and informative vari-
ables to evaluate a particular emotion-generating event (appraisal vari-
ables) versus emotions (each one is represented as independent factors
versus dependent factors) respectively. The first two sheets are to
calculate the correlation between the properties of audio input and in-
formative variables to evaluate a particular emotion-generating event,
while the third one is to find the correlation between informative
variables to evaluate a particular emotion-generating event (appraisal
variables) and emotions. During the evaluation, each user was asked to
answer from their personal experience whether they think an escalation
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Table 10
Average correlation between informative variables to evaluate a particular emotion-generating event (appraisal variable) and emotions for all participants.
Emotion Appraisal Var
Suddenness Familiarity Predictability Valence Discrepancy Conducive to Goal Urgency Control Power Adjustment
from Expectation
Fear 0.95 —0.85 -0.8 —0.85 0.75 —0.65 0.7 —0.85 —-0.75 —0.6
Joy 0.15 0.65 0.45 0.95 —0.65 0.95 1] 0.85 0.75 0.55
Sadness —0.15 —0.65 —0.6 —0.95 0.7 -0.8 0.05 —0.65 —0.65 -0.2
Surprise 0.85 —0.85 0.7 0.1 0.75 -0.11 0.3 0 —-0.32 -0.16
Anger 0.35 —0.6 —0.45 -0.8 0.65 —0.65 0.15 —0.6 —0.45 -0.75
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Fig. 5. Average correlation between informative variables to evaluate a particular emotion-generating event (appraisal variable) and emotions with standard deviation for all

participants.

in the independent variable will increase (+1), decrease (—1), or no
change (0) (the value of the dependent variable in a probabilistic
sense). Therefore, the possible values are +1, —1, and 0, which signifies
a positive, a negative, or no correlation between the independent and
dependent variables.

The participants were instructed to consider a couple of things - (i)
as the system can only generate primary emotions, they should think
about the most probable examples for determining correlation, and (ii)
they should also keep in mind that the goal of the system is to sustain an
unclassified /happy state. A total of 20 participants provided data in this
correlation-based evaluation: 16 via online (zoom) interviews and four

in-person interviews. The demography of the participants is as follows:
male — 12, female — 8, age below 25 years — 13, age equal to or
above 25 years — 7. Each participant was given a brief overview for the
evaluation. Then we presented the Google sheets to them sequentially.
The participants were provided with a thorough explanation before
filling up the correlations in the sheets. We provided both verbal and
written descriptions of each of the variables to the participants for a
better understanding of the factors. Tables 8, 9, and 10 present the
average of the 20 correlations reported by the participants. We used
these average values as weights to calculate the dependent variables
using Eq. (1). Like before, unclassified emotion is shown when the
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Table 11
Sample audio clip with properties.
Clip No. Content Sentiment Intensity Signal Energy Average Gap Average Pitch Volume Speech Rate
between Words
1 I will not give your money back -0.7 0.6 0.7 -0.5 0.3 0.6 0.4
Table 12
Audio-based mapping of informative variables to evaluate a particular emotion-generating event (appraisal variable) and relevance-implication using linear regression.
Rel-Imp Stimuli
Sentiment Intensity Signal Energy Average Gap Average Pitch Volume Speech Rate
between Words
Suddenness —0.56 0.78 0.96 —0.96 1.06 1.35 1.17
Familiarity 0.50 —0.54 —0.69 0.76 —0.62 —-0.70 —0.64
Predictability 0.45 —0.69 —0.80 0.58 —0.68 —-0.73 —0.69
Valence 0.50 -0.28 —0.45 0.02 —0.38 —0.46 —0.25
Discrepancy from Expectation —0.50 0.70 0.88 —0.60 0.89 0.95 0.57
Conducive to Goal 0.66 -0.53 —0.61 0.34 —0.44 —0.53 —0.54
Urgency —0.59 0.58 0.75 —-0.94 0.93 1.15 0.89
Table 13
Audio-based mapping of mood-personality traits and coping potential using linear regression.
Coping potential Mood-personality traits
Pleasure Arousal Dominance Openness Conscientiousness Extroversion Agreeableness Neuroticism
Control 0.20 0.15 0.19 0.01 0.01 0.01 0.00 -0.01
Power -0.21 -0.11 0.08 0.00 -0.01 0.01 -0.01 0.01
Adjustment 0.14 0.07 —0.15 0.01 0.00 0.00 0.01 -0.01
Table 14
Audio-based mapping of informative variables (appraisal variables) of a particular emotion-generating event and emotions using linear regression.
Emotion Appraisal Var
Suddenness Familiarity Predictability Valence Discrepancy Conducive to Goal Urgency Control Power Adjustment
from Expectation
Fear 0.0166 —0.0168 —0.0160 —0.0162 0.0167 —0.0191 0.0146 -0.1305 0.0814 —0.0009
Joy —0.0054 0.0055 0.0068 0.0111 —0.0075 0.0100 —0.0084 0.0768 —0.0445 0.0217
Sadness 0.0022 —0.0044 —0.0033 —0.0068 0.0035 —0.0041 0.0025 -0.0303 0.0060 0.0109
Surprise 0.0156 —0.0160 —0.0163 —-0.0126 0.0148 —0.0142 0.0152 -0.1152 0.0528 0.0100
Anger 0.0009 —0.0066 —0.0054 —0.0084 0.0068 —0.0080 0.0026 —0.0530 0.0198 0.0193
Unclassified 0.0081 0.0123 0.0127 0.0074 —-0.0116 0.0106 -0.0082 0.0806 —0.0348 —0.0473

values of the other emotions are less than a specific threshold value
(0.2). The graphical representation of the averaged correlation-based
mappings, along with the standard deviations as error bars, are pre-
sented in Figs. 3, 4, and 5. It is important to understand that, as the
perception of emotion is a highly subjective matter, the correlations
reported by the participants will vary from person to person. This is
evident from the figures as the error bars signify large variations in the
data. To determine this variation, we suggest several mappings based
on the participants.

5.3. Audio-based approach

A total of eight people participated in the audio-based approach, 4
female and 4 male. Having participated in the correlation evaluation,
these participants were expected to provide accurate data because of
their prior understanding of the concept. The average time for this
evaluation is 56.3 min. The participants are aged between 20-25 years
and provided data via online (zoom) interviews. Short audio clips of
3-5 s containing a single sentence were provided to the users and
qualitative analysis of the collected data of the particular audio was
performed. Before the analysis began, the participants were presented
with three sample audio recordings and provided with qualitative
sound properties (agreed upon by the authors) for each sample. A
sample clip, with qualitative properties, is presented in Table 11. We
followed this format in order to make them familiar with the calculated
properties which helps a participant to understand the properties of
inputs (stimuli) better and enables them to evaluate each sentence
accordingly. Five separate audio clips were used as test audio clips

after explaining the sample clips. For each audio clip, a participant was
required to complete five tasks.

« Task 1: Report the qualitative audio properties (Content, Sen-
timent, Intensity, Signal Energy, Average Gap between Words,
Average Pitch, Volume, and Speech Rate) on a scale of -1 to 1.

« Task 2: Report the relevance and implication factors (Suddenness,
Familiarity, Predictability, Valence, Discrepancy from Expecta-
tion, Conducive to Goal, Urgency) on a scale of 0 to 100.

« Task 3: Report the coping potential considering two different
moods (Exuberant, Hostile) on a scale of 0 to 100

« Task 4: Report the coping potentials for five different personality
traits (Openness, Conscientiousness, Extroversion, Agreeableness,
and Neuroticism) with varying percentages on a scale of 0 to 100.

« Task 5: Report the probability of the generated emotions (Fear,
Joy, Sadness, Surprise, and Anger) on a scale of 0 to 100.

For mapping generation, we used Linear Regression and calculated the
slopes of the regression lines that can be used as weights. Mapping
of the properties of input to relevance-implication is determined by
the data from Task 1 and Task 2. For example, to find the weight of
sentiment (an input) for suddenness (a relevance factor), we calculate
the slope of the regression line that fits the (sentiment, suddenness)
data points for all audio clips. The mapping of mood and coping
potential is calculated from the data generated from Task - 1 and
Task - 3, and the mapping of personality traits and coping potential
from Task - 1 and Task - 4. The mapping of informative variables to
evaluate a particular emotion-generating event and emotions requires
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the aggregation of the data from Tasks - 2, 3, 4, and 5. However, the
calculation procedure is the same - finding the regression line that fits
the data points. These mappings are presented in Tables 12, 13, and
14. The calculation of the variables from the mapping is similar to
the previous approaches. Each dependent variable can be calculated
from the mapping using Eq. (1). Note the presence of the unclassified
emotion in Table 14. Unlike the previous methods, the unclassified state
is directly calculated using the mapping.

5.4. Choosing the best approach

We implemented each mapping in EmoBot and experimented with
a fixed set of sentences (Chen, Hsu, Kuo, Ku, et al., 2018) to find the
most efficient mapping. Our data set (Chen et al., 2018) consists of
conversations from the popular series “Friends”, where each sentence
is labeled with associated emotion. We chose 15 of these sentences
from the dataset and corresponding responses. We tried to choose
sentences such that each sentence can be used in a natural conversation
without prior context and the responses of the sentences can cover the
primary emotions considered in the paper. Some sentences required
prior context in the dataset. Therefore, we chose 7 extra sentences from
the real world to balance out the distribution of the response emotions.
The resulting 22 response emotions contain at least 3 of each type of
emotion except the unclassified emotion, which is the response emotion
for 7 sentences. We emphasized that the sentences chosen from the real
world are frequent sentences with an unambiguous response emotion in
most of the cases. These sentences are verified by three people so that
confusing sentences can be discarded. In summary, we get 22 sentences
(at least 3 of each primary emotion type) with two properties - (1) the
emotion of the sentence and (2) the emotion of the response.

For each approach, we experimented with EmoBot using these
sentences and recorded the output responses of EmoBot. To mitigate
the effect of one sentence on another, we avoided a single conversation
for all the sentences. Rather, we narrated each sentence separately and
tried to deliver the sentences in a way that supports the emotion of the
input sentence, so that the output emotions from EmoBot can match
the response emotions of the sentences. Table 15 shows each sentence,
and the generated output of EmoBot using different mappings.

The evaluation shows that the authors of this study’s Approach
provides the highest exact emotion match and lowest mismatch among
all three models. Besides, the adjacent emotion match is also substantial
for the authors of this study’s approach compared to the other ap-
proaches. The correlation-based approach provides better performance
in terms of adjacent emotion matching. The audio-based mapping
produces the highest incorrect emotions, although the exact match is
similar to that of the correlation-based approach. Possible explanations
of the results are -

+ A single emotion-generating event can be evaluated differently
by different people. The authors of this study’s discussion-based
approach may provide a unified mapping due to the discussion as
well as verification of all the components, and thus,d generated
the highest exact matches. For the audio-based and correlation-
based approaches, the perceptions of different users contribute to
the final mappings. Different people may have different judgmen-
tal views of the same situation. Therefore, the generalization leads
to a higher adjacent emotion match.

For the audio-based mapping, the situation to be evaluated by the
users was narrowed down, compared to the broad spectrum of ex-
amples the participants came up with from personal experiences.
As a result, the audio-based mappings were less generalized than
the correlation-based mapping, resulting in the highest mismatch.
From a different perspective, the audio-based approach is more
unified than the correlation-based mapping and produces at least
equal or better performance in terms of exact emotion match.

Therefore, in this paper, we consider the authors of this study’s
discussion-based mapping approach and implement this mapping for
the final evaluation of EmoBot.

6. EmoBot evaluation

We compare our implemented emotional chatbot EmoBot with a
non-emotional chatbot. Therefore, we have conducted both objective
and subjective evaluations on EmoBot (emotional chatbot) and BotLi-
bre (2013) (non-emotional chatbot). Accordingly, We compared the
evaluation results found from these two chatbots.

6.1. Objective evaluation

We used the Cornell Movie-Dialogs Corpus (Danescu-Niculescu-
Mizil & Lee, 2011) as our dataset for this evaluation. Sentences were
paired up as tuples (input sentence, response). We fed a large number of
input sentences from the tuples to both EmoBot and BotLibre to find the
responses from the chatbots. For a particular (input sentence, response)
tuple, we have three sources to get three separate responses - (i) the
actual response of the tuple, (ii) the response from EmoBot for the input
sentence, and (iii) the response from BotLibre for the input sentence.
We refer to them as sources (i), (ii), and (iii) for further discussion. We
analyzed the responses from sources (ii) and (iii) against source (i). We
ran three types of analysis — semantic similarity, sentiment difference,
and emotional accuracy - in a laptop with an intel core i5 processor,
8 GB RAM, and a 64-bit Ubuntu operating system.

6.1.1. Evaluation results

For semantic similarity, we converted the responses from source
(i), (ii), and (iii) to vectors using the conceptnet numberbatch (Speer,
Chin, & Havasi, 2017) semantic vectors. Then we calculated the cosine
similarity between the vectors from source (i) - (ii) and source (i) -
(iii). Fig. 6(a) exhibits the average similarity for different sample sizes
for both chatbots, where EmoBot scores higher than BotLibre.

For sentiment analysis, we calculated the sentiment for the re-
sponses from sources (i), (ii), and (iii). VaderSentiment (Hutto &
Gilbert, 2014) was used to calculate the sentiments. We then calculated
the numeric differences in sentiment between the source (i)-(ii), and
(i)-(iii). Fig. 6(b) shows the average sentiment difference for different
sample sizes for both the chatbots. It reveals that for a lower number
of samples, the difference is higher in EmoBot, but as sample size
increases, the difference goes lower for EmoBot than for BotLibre.

For emotion accuracy, we calculated the emotion of the responses
from all the sources using Paralleldots API. Then we compared the
response emotion of sources (ii) and (iii) against source (i). Fig. 6(c)
presents the accuracy of exact emotion matching and Fig. 6(d) presents
the accuracy of adjacent emotion matching for different sample sizes.
Adjacent emotions are shown in Table 16. The adjacency of the emo-
tions is defined by the position of the emotions in the valence-arousal
space (Jin X., 2005). The figures confirm that for both exact and
adjacent emotion matching, EmoBot has higher accuracy than BotLibre.

6.2. Subjective evaluation

82 human participants were selected through a snowball sampling
to use EmoBot and BotLibre. A total of 82 participants participated
in the evaluation process, ages ranging from 16 to 63 years, with an
average of 26.575 years. Among the 82 participants, 29 were female,
and the rest were male Fig. 7.

In the first phase, the participants could see the emotion and mood
state generated in the EmoBot. 70 participants participated in the first
phase. In the second phase, 52 participants engaged in the evaluation
where they could not see the emotion and mood state generated in
the EmoBot. Therefore, only the response was different between the
bots. 20 participants participated in the second phase. All data was
taken in a quiet room to mitigate the effects of noise. Participants were
encouraged to have a conversation with the bots in random order for
3-5 min.
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Table 15
Evaluation result of different mappings.

Serial Sentence Source Sentence emotion Response emotion Authors of this Correlation Audio approach
study’s approach approach
1 Hi. dataset unclassified unclassified surprise joy* anger
2 How do you feel? dataset unclassified unclassified unclassified” joy* unclassified”
3 What are you doing? dataset unclassified unclassified sadness® joy* unclassified”
4 Oh my God! Are you serious? dataset surprise unclassified surprise joy* fear®
5 Hil Nice to meet you! dataset joy unclassified joy® joy* fear®
6 I got no sleep last night! dataset anger unclassified sadness® anger fear®
7 So, are you ready to go? dataset unclassified unclassified joy® joy* fear®
8 I'm so proud of you. dataset joy joy joy® joy® fear
9 Great, I'll see you then. dataset joy joy sadness joy® fear
10 Glad to have you back. real-world joy joy surprise? joy® fear
11 I'm sorry. dataset sadness sadness sadness” joy unclassified®
12 Oh my God, What happened? dataset surprise sadness sadness” unclassi- fear®
fied®
13 Does it still hurt? dataset sadness sadness sadness” anger unclassified®
14 Man, I didn't think we were dataset surprise fear unclassified® anger fear”
gonna make it!
15 Look out! There is a snake. real-world fear fear surprise fear” fear”
16 You are going to be expelled. real-world anger fear fear” sadness® fear”
17 Go! dataset anger surprise surprise® anger fear
18 Oh, look at the little cat! dataset surprise surprise unclassified joy fear
19 You have won the first place real-world surprise surprise surprise® joy* fear
in the lottery!
20 You are so stupid anger real-world anger fear fear fear
21 I'll not give your money back. anger real-world anger surprise® fear fear
22 I will break the window of real-world anger anger surprise® sadness fear
you car.
Exact 8 4 5
Adjacent 8 9 7
Incorrect 6 9 10

* Adjacent match.
b Exact match.

Table 16
Adjacency list of emotions in valence-arousal space.

Emotion Adjacent Emotion(s)
Anger Disgust and Surprise
Disgust Fear, Surprise, and Anger
Fear Sadness, Disgust, and unclassified
Happiness Surprise and unclassified
Sadness Fear and unclassified
Surprise Happiness and Disgust
Table 17
Questionnaire for rating of EmoBot and BotLibre.
Metrics Questions
1. This chatbot can understand what I am trying to say just
Efficiency like a human
2. This chatbot can answer my questions efficiently
3. This chatbot can handle unexpected input
4. This chatbot can understand my personality
Effectiveness 5. This chatbot can understand my emotion
6. This chatbot can generate more realistic and appropriate
response
7. This chatbot can generate semantically correct response
8. I can converse with this chatbot easily
9. I prefer the responses of this chatbot
Satisfiction 10. I find this chatbot easy to use

11. I will use this chatbot often
12, I will recommend a friend to use this chatbot

After the conversation is over, we provided each participant with
a log of the conversation. The participants rated each response from
both bots on a scale of 1 to 5, 1 being very poor and 5 being excellent.
Also, participants evaluated the overall performance of the bots in
three metrics (Table 17) - Efficiency (question answering, handling
unexpected situations), Effectiveness (personality, emotion, realism),
and Satisfaction (ease of use, functionality). In the first phase, we took

scores for each response from the user after the whole conversation has
ended. In the second phase, with the 20 users, we took scores for each
response immediately after that response.

We define three metrics following the work of Pamungkas (2019)
as follows:

« Efficiency means that the chatbot is robust to manipulation and
unexpected input (Pamungkas, 2019). Apart from those, it also
means the chatbots’ ability to control damage and inappropriate
utterance.

Effectiveness indicates functionality and humanity. From a func-
tional point of view, a study by Eeuwen (2017) proposes to assess
how a chatbot can interpret commands accurately. Chatbots’
ability to execute the task as requested and the output linguistic
accuracy (Cohen & Lane, 2016) are some other criteria that
fall under this metric. Meanwhile, the human aspect means the
machine should pass the Turing test (Weizenbaum, 1966).
Satisfaction has three categories which are affect, ethics and
behavior, and accessibility. Affect indicates chatbots’ ability to
convey personality, provide conversational cues, provide emo-
tional information through tone, inflection, and expressivity, en-
tertain and/or enable the participant to enjoy the interaction,
and also read and respond to moods of human participant (Meira
& Canuto, 2015). The ethics and behavior category indicates
how a chatbot can protect and respect privacy (Eeuwen, 2017).
Accessibility focuses on assessing the chatbot’s ability to detect
meaning and, also respond to social cues (see Table 18).

6.2.1. Evaluation results

Score comparisons of different evaluation metrics for the two bots,
BotLibre, and EmoBot are shown in figure Fig. 8. Fig. 8(a) presents the
scores of the two bots. when users could see the emotions generated in
the EmoBot, and Fig. 8(b) shows the scores where the user could not.
When emotion is visible, the scores of EmoBot are higher than BotLibre.
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Table 18

Overall improvement of EmoBot over BotLibre.

Objective evaluations Subjective evaluations

Metric Improvement Metric Improvement
Sentiment difference 9% Efficiency 8%

Semantic similarity 247% Effectiveness 25%

Exact emotion accuracy 38% Satisfaction 17%

Adjacent emotion accuracy 92% Response scores 7%

This result indicates that the users appreciated seeing the emotions
of EmoBot. They found the expression of emotion more effective and
satisfying.

Without the emotions being visible, the scores are much closer. In
this case, users could not see the emotions generated by the bots, but
they received emotionally motivated responses from EmoBot, rather

than generic, non-emotional responses from BotLibre. Though the mar-
gin is smaller, users still appreciate EmoBot over Botlibre according to
the result. The efficiency scores for the bots are almost the same, but the
effectiveness and satisfaction scores of EmoBot are better than that of
BotLibre. Fig. 8(c) shows the average scores of each response generated
by the bots. The first set of bars shows the scores when they were taken
after the end of the whole conversation. The second set shows the scores
when they were taken immediately after each response. The scores
are a little higher when the scores were taken immediately after each
response, rather than after the whole conversation ended. However,
in both cases, EmoBot scored higher than BotLibre. As a result, users
appreciated the responses from EmoBot more than the responses from
BotLibre.

7. Discussion
In this section, we discuss how our study extends existing work done
on emotion generation on chatbots and answer the research questions

we set on to explore earlier in this paper.

7.1. Implementation of an emotional chatbot, EmoBot : Using a psycholog-
ical theory (RQ1):

Our work contributes to creating a chatbot that maintains its emo-
tional state so that the conversation feels as natural as possible. In this
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light, based on Cognitive Appraisal Theory (Ortony et al., 1990), we
implement an emotion-aware chatbot EmoBot by assessing a situation
where we interpret various aspects of an event and arrive at an emo-
tional response based on the interpretation. Our chatbot’s emotional
response not only reflects on a user’s emotion but also the system’s
current emotional state which will let the participants converse in
a more natural way. Here, our artificial emotion generation system
first converts the interpretation of an event to a numerical value. We
have used informative variables to evaluate an emotion-generating
event (Hudlicka, 2015b) for artificial emotion generation. For calculat-
ing such informative variables to evaluate an emotion-generating event
(appraisal variables), we propose three different approaches including
the authors of this study’s’ discussion-based, correlation-based, and
audio-based approaches. From all of these approaches, we generate
three mappings — input to relevance-implication, mood-personality
to coping potentials, and informative variables to evaluate an event
to emotions (appraisal variables). As we have proposed three novel
approaches for calculating the variables, we contribute to the prior
work (Hudlicka, 2015a) of mapping informative variables to evaluate
an emotion-generating event (appraisal variables). In addition, based
on the previous emotion, personality traits, and emotional state of our
chatbot, EmoBot generates a response inducing appropriate emotion. As
a result, the users of EmoBot do not get the same emotional response
every time for a specific speech, rather the generated responses will
be dependent upon the state of the emotion and personality trait of
the bot at the particular time of conversation, which is more natural.
For example, if the bot is currently in an angry emotion and the user
says 11 have had a fever for three days’, our bot’s emotional response
will depend upon how angry it was at that moment and the speech’s
sentimental value. In this context, one cannot expect to get a happy
emotional response from someone immediately after making him/her
angry. Thus, instead of focusing on what type of response the user will
like in general situations, we focused on creating a system as human-
centric as possible by focusing on the particular situation. In this way,
we introduce a novel way of implementing a chatbot that generates
emotion during the general-purpose conversation, while valuing the
specific temporal impact during the conversation. As a result, we not
only focus on establishing empathy with the user but also our chatbot
incorporates the emotional state of the system.

Our study builds upon Cognitive Appraisal Theory (Ortony et al.,
1990) for artificial emotion generation and this extends prior re-
search (Cano et al., 2021; Pudane et al.,, 2017; fei Shi et al., 2011;
Tavakoli & Palhang, 2016; Veldsquez, 1997) on artificial emotion gen-
eration model. We further implement our emotion generation model in
a chatbot for general-purpose communication. Thus, our work extends
previous research studies on emotion generation that are focused on
a specific use case, such as customer service on social media (Hu
et al., 2018; Lasecki et al., 2013; Xu et al., 2017), generating humorous
text or jokes (Dybala et al,, 2010; Yang et al., 2015), and system

creation to predict and generate specific emotions on the addressee’s
mind (Hasegawa, Kaji, Yoshinaga, & Toyoda, 2013). As we created an
emotion-aware chatbot for natural conversation, we also extend prior
research (Cano et al., 2021) that focused on recognizing emotions when
interacting with children with ASD. Our research further extends prior
study (Huber et al., 2018) on an image-grounded conversational agent
because we propose and implement an emotion-aware chatbot using
audio input.

7.2. Appreciation for a chatbot with emotion generation capability (RQ2)

The listener must respond to the reactive emotion in a way that
makes sense as per the speaker’s emotional state instead of playing
just a question-answer role performed by traditional chatbots (Li, Ishi,
Inoue, Nakamura, & Kawahara, 2019). This is particularly important
for specific types of people. For example, depressed people need a
human touch, and in the case of reducing depression, emotion-aware
chatbots can be of great use (Patel, Thakore, Nandwani, & Bharti,
2019). According to the human evaluation results, our chatbot can
embed human-perceivable emotions in responses. As such, emotional
tones used by chatbots in their responses could significantly affect
user experience, our work is of much practical value. Meanwhile, the
emotion-aware chatbot performs reasonably in terms of appropriate-
ness and helpfulness levels during our evaluation there. We summarize
and identify some major emotions that commonly occur in conver-
sations, and these emotions are of great value to users. The benefits
of using these emotions include reducing users’ negative emotions,
increasing their positive emotions, and eventually increasing user sat-
isfaction. Statistically, our evaluation indicates that the passionate
responses generated by EmoBot are appreciated by the users. Inter-
estingly, according to previous work on chatbot (Lasecki et al., 2013;
Xu et al., 2017), to a certain extent, human responses still outperform
chatbot-generated responses on appropriateness which is probably due
to the emotional tone embedded in the human responses. During
natural conversation, people tend to bring up emotional thoughts and
ideas. Thus, the emotional tone has a significant positive effect on
the user experience (Li et al., 2019). Similarly, from our subjective
evaluation, we can interpret that users appreciate an emotional chatbot
over a non-emotional one. This extends the previous research studies
on how emotion-aware chatbots are preferable among users (Hu et al.,
2018; Li et al,, 2019; Patel et al.,, 2019). Therefore, we predict that,
in the upcoming days, the use of emotional chatbots will continue to
grow and the usage of traditional question-answer chatbots will be very
limited. However, we also feel that an emotional chatbot that generates
inaccurate emotion might have potentially negative consequences.

8. Conclusion and future work

In this work, we propose a computational method of emotion gener-
ation following Cognitive Appraisal Theory and execute it in a chatbot
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for general-purpose conversations. We design our method of artificial
emotion generation by combining the knowledge of Computer Science
and Cognitive Psychology. Our goal in this work has been twofold —
discovering a path to generate primary emotions, and making the gen-
eration process computationally feasible so that it can be implemented
in systems such as chatbots. The main challenge with the Cognitive
Appraisal Theory is to determine a way to calculate the informative
variables to evaluate an emotion-generating event. In this regard, we
propose three different approaches to deal with this challenge — the
authors of this study’s discussion-based, correlation-based, and audio-
based approaches. To the best of our knowledge, we are the first to
implement and provide an artificial emotion generation method based
on a psychological theory in such a computationally feasible manner.

Furthermore, we demonstrate the computation by designing and
developing an emotional chatbot, namely EmoBot, based on our pro-
posed method. We carry out both subjective and objective evaluations
of our developed EmoBot and compare it with a classical chatbot
BotLibre, where, users appreciated our implemented emotional chatbot:
EmoBot. EmoBot offers a new opportunity to provide individualized
attention to users at scale and encourage interaction between humans
and computers. This will help in achieving social, information, and
economic benefits if we use the bot in corresponding places. In the
future, we plan to obtain complex emotions. We are also considering
emotion generation by exploring other psychological theories to find a
better mapping of emotion generation that can express emotions. We
intend to compare the EmoBot system with other currently available
emotion-considering chatbots in the future.
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