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OVERCOMING FOREIGN LANGUAGE ANXIETY IN AN

EMOTIONALLY INTELLIGENT TUTORING SYSTEM

Abstract

Learning a foreign language entails cognitive and emotional obstacles. It in-

volves complicated mental processes that affect learning and emotions. Pos-

itive emotions such as motivation, encouragement, and satisfaction increase

learning achievement, while negative emotions like anxiety, frustration, and

confusion may reduce performance. Foreign Language Anxiety (FLA) is a

specific type of anxiety accompanying learning a foreign language. It is con-

sidered a main impediment that hinders learning, reduces achievements, and

diminishes interest in learning.

Detecting FLA is the first step toward reducing and eventually over-

coming it. Previously, researchers have been detecting FLA using physical

measurements and self-reports. Using physical measures is direct and less reg-

ulated by the learner, but it is uncomfortable and requires the learner to be

in the lab. Employing self-reports is scalable because it is easy to administer

in the lab and online. However, it interrupts the learning flow, and people

sometimes respond inaccurately. Using sensor-free human behavioral metrics

is a scalable and practical measurement because it is feasible online or in class

with minimum adjustments.
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To overcome FLA, researchers have studied the use of robots, games,

or intelligent tutoring systems (ITS). Within these technologies, they applied

soothing music, difficulty reduction, or storytelling. These methods lessened

FLA but had limitations such as distracting the learner, not improving perfor-

mance, and producing cognitive overload. Using an animated agent that pro-

vides motivational supportive feedback could reduce FLA and increase learn-

ing.

It is necessary to measure FLA effectively with minimal interruption

and then successfully reduce it. In the context of an e-learning system, I

investigated ways to detect FLA using sensor-free human behavioral metrics.

This scalable and practical method allows us to recognize FLA without being

obtrusive. To reduce FLA, I studied applying emotionally adaptive feedback

that offers motivational supportive feedback by an animated agent.
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Chapter 1

Introduction

1.1 Overview

Learning can be significantly affected by emotions. If the learner has

positive emotions, that can encourage learning and enhance interest in study-

ing, while if the learner has negative emotions, that can reduce achievement

and lessen self-confidence. Foreign language learners especially encounter cog-

nitive and emotional challenges, such as anxiety, that influence their learning

success.

Foreign Language Anxiety (FLA) is a feeling of tension, stress, or worry

when learning a foreign language (Hayasaki & Ryan, 2022; Horwitz et al.,

1986; MacIntyre & Gardner, 1994). It is a situation-specific anxiety with sim-

ilar manifestations to test or math anxiety, but it appears when learning a

foreign language. As will be detailed in Section 2.2.2, FLA affects learners’

physical, psychological, and learning performance. It also interferes with moti-

14



vation and interest in learning a foreign language. Significantly, FLA obstructs

cognition and attention. Furthermore, it hinders foreign language proficiency

development and the ability to master the language. Therefore, there is a need

to study methods to detect and overcome FLA.

Accurately detecting FLA is the first step to recognizing it and, even-

tually, reducing and overcoming it. Identifying FLA from user behavior would

be an advance that would allow us to detect FLA with minimal interruptions.

Once best measuring techniques have been identified, finding approaches to

alleviate FLA and defeat it is an important contribution that would produce a

positive learning environment and improve learning. Moreover, it would boost

interest to learn, raise motivation, increase confidence in communicating in a

foreign language, and improve mental and physical health.

1.2 Problem Statement

Learning a foreign language is challenging because there are cognitive

and emotional obstacles. Therefore, understanding learners’ behaviors and

emotional states is essential to enhance foreign language learning. Discovering

techniques to identify and reduce FLA would allow us to build an effective

learning environment full of positive emotions and educational achievements.

To detect FLA, researchers have used various methods such as physical

measures (see Section 2.3.1), self-reports (see Section 2.3.2), and facial recog-

nition (see Section 2.3.4). The benefits and limitations of these approaches

will also be discussed in Section 2.3. In general, physical metrics, also called
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sensor-full metrics, can provide more reliable results because they are more

direct. However, such techniques can bother the learners and make them un-

comfortable (see Section 2.3.1). Self-reports are practical because they are

easy to administer and it can be easy to analyze the results. However, they

can also be unreliable because some people provide inaccurate answers, hiding

their feelings, whether intentionally or not (see Section 2.3.2). Finally, existing

facial recognition applications reliably detect only basic emotions, not anxiety,

which may result in inaccurate interpretation (see Section 2.3.4). To better

capture FLA in the context of an e-learning system, this study investigated

using sensor-free human behavioral measures, which detect FLA with minimal

user interruption and without obstructing the learning process.

To reduce FLA, several approaches have been used, such as intelli-

gent tutoring systems (Section 2.4.1), games (Section 2.4.2), or robots (Sec-

tion 2.4.3). These interventions sometimes, but not always, reduce anxiety.

They can also produce side effects that reduce learning. Full details of these in-

terventions, their advantages, and drawbacks are also described in Section 2.4.

Furthermore, adaptive difficulty could lower anxiety, but it is insufficient for

high learning gain (see Section 2.4.1.1). Animated agents that provide coping

messages have been shown to reduce math anxiety (see Section 2.4.4.2). My

research transferred that approach to alleviating FLA, focusing on an adaptive

animated agent that provides motivational supportive feedback. This method

is not disruptive to learning and is scalable because it can be deployed in a

web-based system.

The main objectives of this research are:
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• To investigate different approaches for detecting FLA using sensor-free

human behavioral measures.

• To determine effective ways to alleviate FLA.

• To establish the effectiveness of an adaptive, emotionally intelligent tu-

toring system for reducing FLA.

Measuring FLA within an e-learning system is essential because online

educational platforms have become a prime source for knowledge acquisition.

Reducing FLA is beneficial for increasing learning and positive emotion.

1.3 Research Questions

The ultimate outcome of this research is to find ways to detect and

alleviate FLA in the context of an e-learning system. The research questions

are described below.

1.3.1 Detecting FLA

Research Question 1: Can FLA be detected using sensor-free human be-

havioral metrics in an e-learning context?

Sensor-free human behavioral metrics detect emotions without using

any physical sensor. I created three sub-questions to address research ques-

tion 1. The first sub-question is focused on understanding the relationship

between in-class and online FLA. As will be discussed in Section 2.2.2, there

are interrelationships among anxiety-producing situations, and investigating
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these relationships would help researchers detect and reduce anxiety. So, the

first question is:

RQ 1.1: Do metrics for classroom FLA help predict FLA in an online system?

As will be discussed in Section 2.2.2, task complexity is one of the

main factors that affect FLA. However, there are some researchers who did

not find a significant interaction between task complexity and anxiety (Kim &

Tracy-Ventura, 2011). To understand the relationship between FLA and task

complexity I created the following Research Question:

RQ 1.2: What is the relationship between FLA and the difficulty of the ex-

ercise?

Using sensor-free human behavioral metrics to detect FLA has poten-

tial benefits because they are practical and scalable measurements. It has been

successfully used to detect emotions like motivation, frustration, and confu-

sion, but not yet FLA (see Section 2.3.5). To find out how to detect FLA

using sensor-free human behavioral metrics I created the following Research

Question:

RQ 1.3: Can FLA be identified by the learner’s interaction with the system?

1.3.2 Interventions to Reduce FLA

Research Question 2: Can FLA be effectively reduced by different types of

feedback, different modalities of feedback presentation, or a combination

of the two?
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This research compared two types of feedback: explanatory feedback

alone and explanatory feedback with motivational support. In addition, it

examined three modalities of feedback presentation: text only, voice with text,

and animated agent with text and voice. Because the answer to this research

question might depend on the learner and their context, there are four sub-

questions. The first sub-question asked whether user answers could impact the

effectiveness of the motivational supportive feedback. Getting benefits from

motivational supportive feedback is subject to various factors, such as the

learner’s academic achievement (see Section 2.4.5). Considering these facts,

Research Question 2.1 is:

RQ 2.1: Does the correctness of the learner’s answer impact the effectiveness

of motivational, supportive feedback?

Reducing FLA will increase learning, boost positive emotion, improve

grittiness, and promote a growth mindset (see Section 2.2.2). An animated

agent can reduce shyness and worry and improve the willingness to commu-

nicate in a foreign language, which alleviates anxiety. Moreover, animated

agents that provide coping motivational feedback have been shown to reduce

anxiety in a math context. Similarly, using conversational agents that provide

empathetic feedback could reduce FLA (see Section 2.4.4.2). To understand

the effectiveness of an animated agent that provides motivational supportive

feedback to reduce FLA, I created the following Research Question:

RQ 2.2: Are there interactions between feedback type and modality when

reducing FLA?
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Learners’ anxiety levels and performance differ by gender. Gender dif-

ferences impact individual emotions and learning achievements. Males and

females react differently in class (see Section 2.2.2). Understanding gender

differences is essential for learning success (see Section 2.4.5). To find whether

there is an interaction effect between gender, feedback type, and modality I

created the following Research Question:

RQ 2.3: Are there interactions between gender, feedback type, and modality

when reducing FLA?

FLA is affected by various situational variables such as teacher behavior

or course difficulty and learner variables like gender or age. Also, the learner’s

academic achievement and performance affect their FLA (see Section 2.2.2).

Understanding the relationship among anxiety variables would help to reduce

it and eventually overcome it. To address these factors, I created the following

Research Question:

RQ 2.4: Are there interactions between gender, performance, feedback type,

and modality for reducing FLA?

1.3.3 Adaptive Feedback

Research Question 3: Is an adaptive motivational feedback strategy more

effective than a fixed feedback strategy?

To find whether an adaptive feedback approach sensitive to the learner’s

emotion is more effective than a fixed feedback approach, I created the follow-

ing four sub-questions. Studying the effectiveness of an emotionally adaptive
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system — i.e., one that responds to the learner’s anxiety level — could help

provide better FLA reduction. It is beneficial to offer adaptive emotional

support because it helps alleviate negative emotions when learning (see Sec-

tion 2.4.5). As will be discussed in Section 2.4.1, adaptive systems can increase

learning gain. To figure out how effective adaptive feedback is for reducing

FLA, and for increasing learning, I created Research Questions 3.1 and 3.2:

RQ 3.1: How effective is an adaptive feedback approach relative to a fixed

feedback approach for reducing FLA?

RQ 3.2: How effective is an adaptive feedback approach relative to a fixed

feedback approach for increasing learning?

Prior-knowledge could affect the learner’s anxiety levels (see Section 2.2.2).

Low-knowledge learners often benefit from the cognitive adaptive feedback

more than high-knowledge learners (see Section 2.4.1). To find out if adap-

tive motivational supportive feedback is effective for low-knowledge learners,

I created the following Research Question:

RQ 3.3: Is there a difference between the effectiveness of adaptive emotionally

supportive feedback on low vs. high knowledge learners?

Anxious and non-anxious learners behave differently in foreign language

learning classes (see Section 2.2.2). To understand whether adaptive motiva-

tional supportive feedback is effective for anxious and non-anxious learners, I

created the following Research Question:

RQ 3.4: Is there a difference between the effectiveness of adaptive emotionally

supportive feedback on anxious vs. non-anxious learners?
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1.4 Contributions of this Work

This work attempts to identify effective means of detecting learners’

FLA from their behaviors; it further attempts to identify effective means of

lessening learners’ FLA. Through this study, I investigated the effectiveness

of detecting FLA using human behavioral metrics. I studied multiple inter-

ventions that could reduce and eventually overcome FLA within an e-learning

system. To my knowledge, this is the first study to detect FLA using sensor-

free human behavioral measures. Also, I examined interventions to reduce FLA

when learning English as a second language, using a combination of various

feedback types and modalities. Finally, I studied the effectiveness of adaptive

feedback in reducing FLA.

1.5 Potential Applications

The system detects FLA using sensor-free human behavioral metrics.

The features I used to recognize FLA can be applied to any e-learning sys-

tem. Developers can incorporate the emotionally intelligent tutoring system

into any foreign language education system to help detect FLA. It can help

teachers/researchers to recognize learners’ emotional state and provide support

when needed in addition to assisting the learners in reducing their FLA.

Another potential application of the emotionally intelligent tutoring

system is to reduce FLA. The system uses adaptive feedback varied between

motivational supportive, and explanatory feedback presented by text, voice,
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or agent. This can assist learners in learning a foreign language without expe-

riencing negative emotions, and can improve their learning.
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Chapter 2

Related Work

The three research questions offered in the previous chapter address

the identification and reduction of foreign language anxiety within an adap-

tive system. In this chapter, I will discuss the previous literature on emotions

in learning environments by examining the relationships between emotions

and cognition and discussing the impact of emotions on learners’ behavior. I

will focus on anxiety as a special case of negative emotions, specifically foreign

language anxiety. I will describe how to measure emotions using physical mea-

sures, self-reports, expert observers, facial expressions, and human behavioral

metrics. Also, I will examine how to reduce foreign language anxiety using

intelligent tutoring systems, games, robots, animated agents, and emotional

support.
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2.1 Emotions and Learning

Emotions play a critical role in forming human cognition, actions, and

decisions (Lopatovska & Arapakis, 2011), affecting physiological, psychologi-

cal, behavioral, expressive, and motivational functions (Plass & Kaplan, 2016;

Solomon, 2004). There is an interrelation between emotion and cognition,

which affects learning (C.-M. Chen & Wang, 2011; Lopatovska & Arapakis,

2011; Trigwell et al., 2012). This relationship is bidirectional. Students who

experience positive emotions are more likely to succeed. High achiever stu-

dents mostly tend to encounter positive emotions. Conversely, learners who

experience negative emotions would be more likely to fail. Students with

trouble learning tend to have negative emotions (Trigwell et al., 2012). Moti-

vation, engagement, and pride enhance learning, while frustration, confusion,

and anxiety may reduce it (Harley et al., 2016; Trigwell et al., 2012).

Various aspects such as the topic, difficulty of the material, or medium

for content delivery affect emotional status. For example, extremely easy ma-

terial could produce boredom, while challenging elements could result in frus-

tration and anxiety (Chaffar & Frasson, 2010). E-learning systems that are

difficult to use and access can induce negative emotions (Ismail & Hastings,

2019).

Defining emotions as simple “negative” and “positive” emotions does

not help us to identify the root of the problem or to find effective solutions.

Researchers have classified emotions into families based on their characteristics

and the nature in which emotions occur (Ekman, 1992).
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2.1.1 Emotion Theories

There are various emotion theories based on manifestation and the

structure of how emotion appears. Cognitive theories of emotions, a man-

ifestation sub-group, explain how the mind organizes conscious and uncon-

scious information to perceive emotions (Oatley & Johnson-Laird, 2014). It

expresses how beliefs, judgments, desires, and behavior affect emotional expe-

rience (Ortony et al., 2022; Reisenzein, 2020).

Psychologists developed variants of cognitive emotion theories, such

as appraisal theory, action readiness theory, or communicative theory of emo-

tion. Appraisal theory, first proposed by Arnold (1960), explains how emotions

are directed by events and situations. This state depends on factual beliefs

and evaluation (Reisenzein, 2020). According to Arnold (1960), emotions are

driven to or from the object appraised based upon whether an individual has

had positive or negative past experiences with the object. The improved ver-

sions of the appraisal theory include appraisal plus additional assumptions

or components (Reisenzein, 2020). The causal interpretation considers emo-

tions as a separate noncognitive state like feeling pleasure (Ortony et al., 1988;

Reisenzein, 2020).

Action readiness theory of emotions refers to the states behind the ac-

tions that prioritize a specific goal, emotional feeling, and expressive behavior

(Frijda & Parrott, 2011; Oatley & Johnson-Laird, 2014). Specifically, it de-

scribes the motive behind action tendencies and emotional responses, either

with physiological or psychological indicators. Emotion-relevant appraisals
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generate the goals of these actions by influencing an integrated structure based

on the intensity of the emotions through desirability, praiseworthiness, and ap-

pealingness (Frijda & Parrott, 2011; Ortony et al., 2022).

The communicative theory of emotion assumes a connection between

emotion and cognition in the nervous system, which affects actions and be-

haviors (Oatley & Johnson-Laird, 1987). Particularly, it provides explanations

about emotional developments and their role in cognition, reasoning, and re-

lationships (Oatley & Johnson-Laird, 1987, 2011).

Emotions are feelings that explain individual emotional responses based

on action dispositions (Frijda & Parrott, 2011; Kallinen & Ravaja, 2006).

These responses can communicate to others through facial and vocal expres-

sions, gestures, and postures (Oatley & Johnson-Laird, 2014).

Some researchers categorize emotions based on the structure as discrete

or continuous. The discrete approach is divided into basic emotions or combi-

nations of basic emotions. The basic emotions are happiness, surprise, disgust,

sadness, fear, and anger (Du et al., 2014; Ekman, 1992; Imani & Montazer,

2019; Johnson-Laird & Oatley, 1989; Levenson, 2011). The combination of

emotions (Ekman, 1992; Imani & Montazer, 2019) includes anxiety, a variant

of fear.

Some researchers argued that categorizing emotions as basic emotions is

vague and limited because Ekman (1992) theory could not explain emotion dis-

orders, behavioral genetics, or temperament psychology (Posner et al., 2005).

Also, Ekman (1992) only identified these six basic emotions while all emotions

are distinct, equally important, and researchers can recognize them (Frijda

27



& Parrott, 2011; Hume, 2012; Ortony et al., 2022; Russell, 2009; Wehrle &

Kaiser, 1999). Given this evidence, researchers suggest classifying emotions

not as discrete but as continuous along two or more dimensions (Frijda &

Parrott, 2011; Imani & Montazer, 2019; Russell, 2009).

One of the suggestions proposes the circumplex model of emotion,

which is a two-dimensional circular space with valence (pleasantness) and

arousal (activation) dimensions (Imani & Montazer, 2019; Posner et al., 2005;

Russell, 1980). This model can represent any emotion at all levels, from low

to neutral to high activation and pleasant. Psychologists use it to assess emo-

tional self-report and cognitive structure (Russell, 1980). Other researchers

represent emotions as groups that have similar characteristics and form iden-

tical reactions to events, agents, and objects. These reactions generate three

classes of emotions: pleased vs. displeased, approving vs. disapproving, and

liking vs. disliking (Ortony et al., 2022).

Other researchers define emotions as combinations of cognition- and

learning-centered emotions that learners may encounter in a learning context.

They include positive and negative emotions such as motivation, engagement,

boredom, confusion, and frustration (D’Mello & Graesser, 2013; A. Graesser

& D’Mello, 2012; Tettegah & Gartmeier, 2016). These usually happen dur-

ing problem-solving contexts. Some researchers count anxiety as a learning-

centered emotion because it often fluctuates from moment-to-moment while

learning. However, since anxiety mainly occurs in high-stakes situations, such

as testing (A. Graesser & D’Mello, 2012) or starting a new job, it is often

viewed as a separate category.
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2.1.2 Emotions and Cognition

Emotion, cognition, and learning interact in many ways. In this section,

I will describe how important it is to understand learners’ emotional states to

provide an effective learning environment. Also, I will elucidate the integration

between emotions and cognition in the brain, especially when people feel fear

or anxiety. Finally, I will highlight emotional intelligence and how it helps to

reduce negative emotions such as anxiety.

2.1.2.1 Relationship Between Emotion and Mind

Researchers have studied the psycho-physiological state, which involves

understanding the relationship between emotion, body, and mind. The psycho-

physiological state of learners influences their behavior and performance. An

imbalance of the psycho-physiological state negatively affects the learner’s

body and mind. For example, when a person is feeling anxious, it will re-

flect on their heart rate and cognitive processes. Understanding learners’

psycho-physiological state can help provide an effective learning environment.

If teachers recognize learners’ mental and emotional status, they can react ac-

cording to their needs (Bigdeli, 2010). Experiencing an emotion arouses the

mind, which may react by producing physical actions. The environment, of

course, also can affect the body (Bigdeli, 2010).

From a psychological perspective, these workings of the mind are gen-

erally categorized into what Kahneman (2011) referred to as System One and

System Two. System One is the unconscious part that is responsible for per-
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ception and behavior. It helps in deciding if a situation is good or bad. Sys-

tem Two is the rational mind, the conscious part that monitors operations

with self-awareness, solves problems, and analyzes an event. Both systems

work tightly together and guide each other to react to certain behaviors and

environments. An equilibrium between the two systems helps the mind make

wise decisions, while their imbalance may produce irrational behaviors such as

anxiety and fear (Eagleman, 2011; J. Johnson, 2020; Kahneman, 2011; Oatley

& Johnson-Laird, 2011).

From a neuroscience perspective, specifically neurophysiology, there are

complex interactions between emotion and cognition (Izard, 1984; Oatley &

Johnson-Laird, 2014; Scult & Hariri, 2018). The brain’s architecture works in

integration across the neural networks (Bolls et al., 2019). Each brain region is

sensitive to a wide spectrum of signals. Each of them affects and is affected by

another (Pessoa et al., 2019). This connection creates a comprehensive com-

munication between emotions and cognition, which impacts behavior (Oatley

& Johnson-Laird, 2014).

Neurophysiology is the domain that studies this brain process (Tyng

et al., 2017). Different emotions spark distinct neural circuits in the brain that

are reflected in expression, behavior, and feeling. There would be no cognition

as we know it if no neurophysiological processes boost emotion (Izard, 1984).

Some brain structures and neural activities are more connected to emotional

and cognitive behavior (Izard, 1984).

There are activation and inhibition of specific areas in the brain when

experiencing FLA. For instance, the “limbic system” mainly manages this emo-
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tional and cognitive process. It consists of the “hippocampus” and the “amyg-

dala”. The hippocampus is the brain structure that processes learning and

memory. Also, it is the key element for the motivational basis for selective

attention (Izard, 1984; Tyng et al., 2017), which makes learners focus on spe-

cific tasks. The amygdala is part of the brain that is responsible for emotional

activities and interoceptive awareness (Eagleman, 2011; Knight et al., 2019;

Oatley & Johnson-Laird, 2011; Okon-Singer et al., 2015; Tyng et al., 2017),

which helps people to be mindful and aware of what they are experiencing

or feeling. It reacts to strong emotions like fear (Eagleman, 2011; Oatley &

Johnson-Laird, 2011) and anxiety (H. Jeong et al., 2015) by sending alarm sig-

nals to various parts of the brain, which reflect in the activation of hormones,

the cardiovascular system, or immobilization of muscles.

This reaction causes an effect called amygdala hijacking. In other words,

when people experience fear, they act rashly, unexpectedly, and sometimes

negatively. This behavior can impact daily activities like learning (Goleman,

2011, 2012), including learning a foreign language (H. Jeong et al., 2015). To

prevent amygdala hijacking, researchers suggest using emotional intelligence

techniques such as empathy, self-awareness, and self-management (Goleman,

2011, 2012).

For example, foreign language anxiety causes hyper-activation in the in-

sular cortex, especially during communication or interpersonal tasks (H. Jeong

et al., 2015). At the same time, there was deactivation in the left insula and

orbitofrontal cortex (H. Jeong et al., 2015). The “insular cortex” is another

part of the brain that also connects the emotional and cognitive processes
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(Berntson et al., 2011). There is a reciprocal connection between the insular

cortex and the limbic system (Berntson et al., 2011; Gogolla, 2017), defined

as processual and structural relationships (Gogolla, 2017). Within the insular

cortex, specifically, the “anterior insula” serves as the basic node in the brain,

which is responsible for cognitive-emotional interactions (Gu et al., 2013). It

is associated with valence/arousal activation, recognition, attention, decision-

making, perception, and processing (Berntson et al., 2011; Gu et al., 2013).

When looking at brain activation using FMRI techniques while process-

ing a foreign language task, researchers found high activation in the right insula

(Tai et al., 2020). This activation is connected to anxiety and risk-taking, also

linked to cognitive overload (Tai et al., 2020). Specifically, students with high

foreign language anxiety had high activation of the left superior temporal gyrus

and left precentral gyrus (Weekes, 2020). While the low anxious group had

high activation of the ventral anterior cingulate cortex (Weekes, 2020).

2.1.2.2 Emotional Intelligence

Emotional intelligence refers to perceiving and recognizing emotions

(one’s own or another’s) to facilitate thoughts (Berenson et al., 2008; Brackett

et al., 2004; Gkonou et al., 2017; Law et al., 2020; Matthews, 2005) and

ultimately regulate them to assist problem-solving and reasoning (Brackett

et al., 2004). Emotional intelligence’s main role is to balance cognition and

emotions (Brackett et al., 2004).

Emotionally intelligent learners have self-perceptions which allow them

to regulate, control, and express their emotions. They know how to show em-
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pathy and adaptability and manage stress (Berenson et al., 2008; Dewaele et

al., 2008; Goleman, 2012; Law et al., 2020; Matthews, 2005). Being aware of

self and others’ emotions promotes positive reactions. Individual differences in

emotional intelligence positively correlate with success, while negativity cor-

relates with failure. In particular, higher emotional intelligence is associated

with calmness and negatively correlated with anxiety. In short, high levels of

emotional intelligence promote healthy well-being and a successful life (Brack-

ett et al., 2004; Gkonou et al., 2017; Goleman, 2012; Mohanan et al., 2017;

Pishghadam, 2009).

Teaching students social-emotional skills provides them with the tools

to be emotionally intelligent, helping them to develop their learning achieve-

ments and future success. The fostering of learners’ soial-emotional skills al-

lows them to regulate their negative emotions and to improve their academic

performance (Berenson et al., 2008; MacCann et al., 2020; Matthews, 2005).

Moreover, it increases the learner’s self- and social awareness, which results in

understanding oneself’s and others’ emotions (MacCann et al., 2020). Finally,

it improves self-control, self-efficacy, and resilience, which results in higher

achievement (Berenson et al., 2008; MacCann et al., 2020; Pishghadam, 2009).

Educators should also be interested in teaching social and emotional learning

because it promotes equity and tolerance by inducing acceptance and diversity

(Matthews, 2005).

Some researchers have used emotional intelligence to predict learner

achievement (Berenson et al., 2008; Pishghadam, 2009). Regarding foreign

language learning, they have found that emotional intelligence plays a critical
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role in achievement (Pishghadam, 2009), especially when looking at the intrap-

ersonal and stress management factors. The intrapersonal dimension includes

self-awareness, self-regard, self-actualization, assertiveness, and independence.

Stress management provides stress tolerance and self-control (Pishghadam,

2009). The ability to practice emotional intelligence may reduce anxiety and

stress because the learner will focus on the task and practice recognition and

control. Indeed, students who lack emotional intelligence tend to have high for-

eign language anxiety (Dewaele et al., 2008). Therefore, researchers suggest

teaching foreign language learners emotional competence to reduce anxiety

(Pishghadam, 2009).

Since emotional intelligence is beneficial within and outside learning,

researchers have attempted to simulate it in robots and animated agents to pro-

vide an affective, responsive, real-time learning experience. Researchers used

emotional intelligence to support learning performance, learners’ emotional

states, and perception (Romero-Hall et al., 2016). Their system can show

emotional intelligence by perceiving and understanding learners’ emotional

state, then communicating in empathic ways (Law et al., 2020; Romero-Hall

et al., 2016). Robots with high emotional intelligence are more favorably ac-

cepted and trusted by learners (Law et al., 2020). Emotional intelligence has

been coded into animated agents; these agents increase the interest to learn,

encourage the learners to do more exercises, and improve their confidence

(Karumbaiah et al., 2017). Therefore, systems that provide emotional intelli-

gence and empathetic feedback to the learner improve the system interaction

and learning performance (Karumbaiah et al., 2017).
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2.1.3 Impact of Emotions on Learning

2.1.3.1 Impact of Positive Emotions on Learning

Emotions affect attention, cognition, perception, and memory recall

(Izard, 1984; Tyng et al., 2017). Sometimes, experiencing positive emotions

could distract learners’ attention, hinder working memory resources, and re-

duce their enthusiasm to work hard (Pekrun et al., 2002). For example, relief

impairs learning because sometimes, when learners feel a lack of concern they

do not work hard which decreases their performance (Pekrun et al., 2002). On

the other hand, experiencing joy or pride induces learning and improves the

emotional state. Experiencing positive emotions increases long-term memory

performance and organizes working memory activities (Ammar & Neji, 2007;

C.-M. Chen & Wang, 2011; Tyng et al., 2017).

Specifically, positive moods, such as enjoyment or pride, enhance self-

regulation, which fosters problem-solving, encourages creative thinking, and

facilitates performance (Pekrun et al., 2002). Other positive emotions such

as delight, excitement, and eureka improve cognitive processes and increase

learning performance (Shute et al., 2015). Moreover, some positive emotions,

such as motivation, engagement, and interest, promote cognition and motivate

research and investigation(Izard, 1984). Precisely, a learner’s affective state is

associated with motivation. When learners become interested in learning, they

also become motivated. That stimulates cognition and promotes exploring and

active engagement (Craig et al., 2004; Izard, 1984).
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Highly motivated learners receive boosts in their self-efficacy to learn

(Van der Meij et al., 2015; N. Wang & Johnson, 2008). Experiencing enjoyment

or pride fosters effort, motivation to learn, and achievement (Pekrun et al.,

2002).

In conclusion, while some positive emotions can have negative impacts

on learners, overall, they tend to promote learning achievements and produce a

successful learning environment (Craig et al., 2004; Harley et al., 2016; Küçük

et al., 2014). Activating positive emotions improves recognition (Tyng et al.,

2017), induces critical thinking, promotes an enjoyable learning environment,

and supports elaboration and organization (Pekrun et al., 2002).

2.1.3.2 Impact of Negative Emotions on Learning

There are conflicting opinions about the impact of negative emotions in

learning environments. Negative emotions, like confusion, may motivate learn-

ers to seek help, search, and investigate to obtain clarification (Petrovica &

Ekene, 2016; Tyng et al., 2017; Wixon et al., 2014). Although moderate nega-

tive emotions, such as anxiety and stress, might promote attentive, dedicated

learning, having too many negative emotions might produce an opposite effect

(C.-M. Chen & Wang, 2011; Tyng et al., 2017). However, other researchers

claim that all negative emotions in learning can limit the learned information,

hinder memory recall, and reduce retention (Tyng et al., 2017).

Negative emotions affect cognition and perception negatively (Ammar

& Neji, 2007). For example, anger reduces confidence and productivity (Izard,

1984). Anxiety impairs learning and memory, which can cause negative conse-
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quences such as mental insufficiencies, attention deficit, and lack of enthusiasm

(Tyng et al., 2017). A negative emotion reduces motivation and confidence

(Lai & Wen, 2012). Students who face confusion may consequently experience

frustration when they cannot solve problems, follow up, or tackle challenging

material, which produces a desire to give up on learning and thus reduces their

learning achievement (Y.-M. Huang & Huang, 2015).

Researchers have found that a negative emotional state reduces learning

performance and cognitive processes (C.-M. Chen & Wang, 2011; Wixon et al.,

2014). Therefore, reducing negative emotions can increase cognition, learning

acquisition, and training (C.-M. Chen & Lee, 2011).

2.2 Anxiety

2.2.1 Anxiety in General

This dissertation focuses on anxiety because of its significant effect on

foreign language learning. Anxiety is considered a special case of negative emo-

tions associated with worry, discomfort, fear, nervousness, or stress (Bigdeli,

2010; Bletzer, 1986; Horwitz et al., 1986; Kazdin, 2000). Based on the Yerkes-

Dodson law, experiencing moderate anxiety or stress could improve perfor-

mance, while encountering high anxiety is disruptive. Having minimal anxiety

would block enthusiasm to learn and work hard because it eliminates the stim-

ulus to improve, pay attention, and maintain interest. Previous research has

suggested that high anxiety hinders learning and cognitive activities because it

blocks memory recall, shifts focus and hinders basic brain functions (Gkonou
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et al., 2017; M. Liu, 2006; Tyng et al., 2017). Thus, while moderate anxiety

is beneficial because it motivates the learner to focus and endeavor, neither

low nor high anxiety is sufficient or encouraged (Bigdeli, 2010; Hayasaki, 2018;

Hayasaki & Ryan, 2022; Levitt, 2015; Marlow, 2021).

High levels of anxiety can evolve to become a psychiatric disorder, which

affects mental health and causes speech dysfunction and immobilization (Blet-

zer, 1986). Some researchers consider anxiety an emotional disorder (Ekman,

1992) because it causes a behavioral disturbance (American Psychiatric Asso-

ciation, 2014). It affects various physiological and psychological components

(Jansen et al., 2018) by increasing activity in the autonomic nervous system,

which can cause sweating, difficulty in breathing, heart palpitations (Bigdeli,

2010), muscle tension, or fatigue (Barlow et al., 2020; Jansen et al., 2018).

Other cognitive and behavioral elements associated with anxiety include insuf-

ficient inductive reasoning, hindered recall, impaired attention, and situation

avoidance (Bigdeli, 2010; Jansen et al., 2018; MacIntyre & Gardner, 1994).

Unlike some emotions, anxiety does not go away when the stressor is removed

and lasts for an extended time, depending on the stressor’s impact (Bigdeli,

2010).

Physical impacts of high anxiety in humans are headaches, fatigue,

tension (Kralova & Petrova, 2017), chest pain, abdominal pain, and heart

palpitations (Bigdeli, 2010). Anxiety can also produce physical illness and

emotional disturbance (Bigdeli, 2010). It affects human well-being and health,

manifesting in increased heart rate, blood pressure, and respiration (Bigdeli,

2010; Kazdin, 2000; Weekes, 2020). Furthermore, it activates hormones such as
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noradrenaline, steroids, and adrenaline, which affect the brain and the nervous

system (Bigdeli, 2010).

There are internal factors that can cause anxiety: physiological (Bigdeli,

2010; Levitt, 2015), psychological (Bigdeli, 2010), genetic (Bigdeli, 2010; Blet-

zer, 1986; Hettema et al., 2001; Scult & Hariri, 2018), and neurobiological

etiologies (Barlow et al., 2020). Biological problems such as disease, pain, or

medications’ side effects can cause anxiety; likewise, fear combined with anger,

guilt, or shame can lead to anxiety (Bletzer, 1986; Levitt, 2015). Some genetic

factors can make someone more vulnerable to anxiety (Barlow et al., 2020;

Bigdeli, 2010; Bletzer, 1986; Hettema et al., 2001; Scult & Hariri, 2018). Also,

external factors such as negative life experiences, stressors, and uncontrollable

events, can impact anxiety (Bletzer, 1986; Levitt, 2015).

According to Kazdin (2000), anxiety can be studied from three ap-

proaches: trait anxiety, state anxiety, and situational-specific anxiety. Trait

anxiety is habitual, reoccurring (Harley et al., 2016), and long-lasting (Spiel-

berger, 1983). State anxiety is temporary (Spielberger, 1983) and occurs in

response to a particularly threatening event (H. T. D. Huang, 2018; Quigley

et al., 2012). Situational-specific anxiety is a kind of trait anxiety that only

happens for a specific reason (Kazdin, 2000) and influences specific factors

(H. T. D. Huang, 2018), such as test anxiety (Gopang et al., 2015; H. T. D.

Huang, 2018), math anxiety (Ashcraft, 2002; H. T. D. Huang, 2018; X. Huang

& Mayer, 2019; Im, 2012), and foreign language anxiety (Dewaele et al., 2008;

Horwitz et al., 1986; H. T. D. Huang, 2018; Ismail & Hastings, 2019; MacIntyre

& Gardner, 1994).
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The general impact of high anxiety levels on cognition is similar for

all approaches. Anxiety interferes with cognitive processes such as problem-

solving, verbal communication, and incidental learning. It hinders the total

capacity of the working memory (Eysenck et al., 2007; Levitt, 2015; Okon-

Singer et al., 2015; Woolf et al., 2007), distracts the goal-directed attentional

system, and produces inhibition (Eysenck et al., 2007). Also, it minimizes

the attention towards the goal and directs it toward the threatening stimuli

(Eysenck et al., 2007; Okon-Singer et al., 2015). It promotes task shifting

(Eysenck et al., 2007; Quigley et al., 2012), produces insufficient inductive

reasoning (Ammar & Neji, 2007; Gower, 2004), reduces the attentional con-

trol (Ammar & Neji, 2007; Eysenck et al., 2007; Gower, 2004), and decreases

storage capacity (Ammar & Neji, 2007). Moreover, it impairs learning per-

formance (X. Huang & Mayer, 2016; J. C. Yang & Quadir, 2018), especially

when there is a dual task or there is a need for task switching (Eysenck et al.,

2007). Because of these adverse effects, reducing anxiety would increase learn-

ing self-efficacy; correspondingly, it is likely to increase learning performance

(X. Huang & Mayer, 2019).

2.2.2 Foreign Language Anxiety (FLA)

As mentioned above, situational-specific anxiety includes foreign lan-

guage anxiety, which is also known as Xenoglossophobia. It is a combina-

tion of feelings, behaviors, self-perceptions, and beliefs about learning a new

non-native language (Hayasaki & Ryan, 2022; Horwitz et al., 1986; H. T. D.

Huang, 2018; Park, 2014). Specifically, it is a feeling of worry, tension, stress,
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nervousness, or apprehension (Hasan & Fatimah, 2014; Hashemi, 2011; Ismail

& Hastings, 2019; MacIntyre & Gardner, 1994; J. C. Yang & Quadir, 2018).

People who experience FLA tend to avoid speaking and studying a foreign lan-

guage, which could limit daily life activities and cause severe anxiety (Böttger

& Költzsch, 2020). FLA is a continuous feeling changeable within a short

period to the degree that we can measure moment-to-moment fluctuations

(Gregersen et al., 2014).

Different factors affect FLA, such as task complexity (C.-M. Chen &

Lee, 2011; Hashemi, 2011; Levitt, 2015; Robinson, 2007), self-perception (Al

Mamun, 2021; Hashemi, 2011; Onwuegbuzie et al., 1999), socio-cultural el-

ements (Al Mamun, 2021; Hashemi, 2011; J. C. Yang & Quadir, 2018), ex-

perience with the foreign language (Latif & Binti, 2015), lack of emotional

intelligence (Shao et al., 2013), and native language proficiency (Dewaele et

al., 2008; Gregersen, 2006; H.-j. Liu, 2013). The dominant components that

influence FLA are:

• Communication apprehension: Many situational and personality

factors can induce communication apprehension, such as being unpre-

pared, afraid, or shy about speaking a foreign language. It mainly oc-

curs with interpersonal interactions such as oral communication, public

speaking, or listening to messages because of the need for more vocab-

ulary or difficulty understanding others. (Al Mamun, 2021; Dewaele et

al., 2008; Gopang et al., 2015; Horwitz et al., 1986; Latif & Binti, 2015;

Szyszka & Szyszka, 2017).
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• Test anxiety: Many factors also affect test anxiety, such as being aware

of the consequences of the test, self-deprecating thoughts, or concerns

about inadequate competence. It appears with performance evaluations

such as quizzes or tests because the learners put themselves under pres-

sure by setting a high standard, and when they do not reach it, they feel

like failures (Al Mamun, 2021; Horwitz et al., 1986; Latif & Binti, 2015;

Szyszka & Szyszka, 2017).

• Fear of negative evaluation: Among the variables associated with

the reasons that produce fear of negative evaluation are fear of a teacher

or peers’ judgments, bad pronunciation, or incapability to express ideas.

It mostly appears with speaking and social interaction. (Al Mamun,

2021; Alemi et al., 2014; Gopang et al., 2015; Gregersen & Horwitz,

2002; Hayasaki & Ryan, 2022; Horwitz et al., 1986; Latif & Binti, 2015;

Szyszka & Szyszka, 2017).

There is an interpersonal interaction among these: learners who are scared

of peers’ or teachers’ negative assessments may also feel shy or worried about

speaking a foreign language. This could produce test anxiety, especially for

oral exams (Horwitz et al., 1986). Based on the DASS-21, Depression Anxiety

and Stress Scale questionnaire, the ’Scared without any good reason’ variable

is the most important on the anxiety scale (Priya et al., 2020).

Multiple situational and learner variables impact FLA. Examples of

situational variables are course difficulty, teachers’ behaviors, or peer interac-

tions (Al Mamun, 2021; Genç, 2016; Hashemi, 2011; Ismail & Hastings, 2019;

Kralova & Petrova, 2017; Williams & Andrade, 2008). Learner’s variables are
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age, gender, culture, and attitude (Genç, 2016; Hashemi, 2011; Kralova &

Petrova, 2017; Williams & Andrade, 2008). Interaction among these variables

affects foreign language anxiety (Williams & Andrade, 2008). Unsuccessful

learners are likely to feel more anxious than successful students (Genç, 2016;

Gkonou et al., 2017). Accomplished students may need different treatment

than underachievers to ensure low anxiety for all students. Also, in a com-

plex task, learners with low anxiety may perform better than highly anxious

learners (Kim & Tracy-Ventura, 2011).

There are mixed results about the impact of gender on FLA. Some re-

searchers found that females are more anxious (Genç, 2016); other researchers

found that males are more anxious (Fariadian et al., 2014); while others found

no significant differences (Taghinezhad et al., 2016). Some possible explana-

tions for the contradictory results are: Females apply different strategies and

approaches during foreign language classes than males. For instance, females

tend to be more socially oriented, while males are more analytic (Skelton et

al., 2006). Females answer short, more frequent questions, while males an-

swer fewer questions in more detail (Chavez, 2000). Therefore, applying dif-

ferent strategies affects learners’ social-emotional status, which impacts their

vulnerability to foreign language anxiety, with gender serving as a possible

intervening variable.

Anxious and non-anxious learners differ in their reaction in foreign lan-

guage class. Anxious learners get disturbed by their errors, while non-anxious

learners stay calm even when they make mistakes. Also, anxious learners may
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feel unsatisfied with their performance, while non-anxious learners celebrate

small achievements (Gkonou et al., 2017; Gregersen & Horwitz, 2002).

The impact of FLA extends beyond the classroom. It has a long-term

effect on willingness to communicate in a foreign language (Ayedoun et al.,

2019; Gkonou et al., 2017; M. Liu, 2006; M. Liu & Jackson, 2008), which re-

sults in the avoidance of social activities (Ayedoun et al., 2015; Horwitz et al.,

1986) and employment (Horwitz et al., 1986). FLA inhibits language acqui-

sition, especially by increasing the learner’s reluctance to practice (Dewaele

et al., 2008; Hasan & Fatimah, 2014; M. Liu, 2006; M. Liu & Huang, 2011). It

splits attention (Kralova & Petrova, 2017), interferes with retention (Rafada,

Madini, et al., 2017), and blocks recall (M. Liu, 2006). Moreover, it decreases

motivation to learn (M. Liu & Huang, 2011; Lu et al., 2007; Marlow, 2021),

reduces engagement (Alemi et al., 2014; Lu et al., 2007), and impairs both

confidence (Gkonou et al., 2017; Lai & Wen, 2012; Lu et al., 2007), grittiness

(Y. Liu, 2022). Also, it hinders performance (Bigdeli, 2010; H. T. D. Huang,

2018; M. Liu, 2006; M. Liu & Huang, 2011; Marlow, 2021; Salehi & Marefat,

2014; Sparks et al., 2018; J. C. Yang & Quadir, 2018), production (Rafada,

Madini, et al., 2017), and achievement (Farid, 2021; Gkonou et al., 2017; Y.-M.

Huang & Huang, 2015; Shao et al., 2013) because anxious learners procras-

tinate fearing of making errors or getting negative evaluations (Gregersen &

Horwitz, 2002). Furthermore, it affects physiological behavior such as pound-

ing heart, rapid breathing, and stomach distress (Böttger & Költzsch, 2020;

Gkonou et al., 2017).
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2.3 Measuring Emotions

Detecting the learner’s emotions is essential to provide an adaptive

learning environment, which can improve the learner’s achievement (Gkonou

et al., 2017; Henderson et al., 2020). There are multiple ways to measure

emotions. The selection of tools is based on the study objectives, although

some researchers suggest using a combination of measuring techniques to pro-

vide accurate results (Dzedzickis et al., 2020; Henderson et al., 2020; Ismail

& Hastings, 2019; Kazdin, 2000; Lopatovska & Arapakis, 2011). In this sec-

tion, I will discuss ways to measure emotions in general and some methods

to detect FLA. Specifically, I will elaborate on direct physical measures, self-

reports, expert observers, facial expressions, and human behavioral metrics.

Each measure has advantages and limitations, which I will discuss in detail in

the following sections.

2.3.1 Direct (Physical) Measures

Direct physical measures, also referred to as sensor-full measures, use

sensor-based metrics such as physiological data (Paquette et al., 2016) to indi-

cate the emotional state (Dzedzickis et al., 2020). Some direct methods used

to measure anxiety are blood pressure, heart rate, eye fixation, respiration,

muscle tone, and brain activity (Kazdin, 2000).

Using physical measures to detect emotions is direct, reliable, and less

regulated by the learner, which provides an accurate reading of anxiety (Dzedz-
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ickis et al., 2020; Kazdin, 2000). These measurements are precise, especially

when combined with other techniques (Imani & Montazer, 2019).

However, using physical measurements to detect emotions has limita-

tions, like requiring the participants to be available at the lab and not in their

normal environment (Imani & Montazer, 2019). Moreover, using a physical

tool requires special hardware, which may not be available for the learner

(Dzedzickis et al., 2020; Imani & Montazer, 2019). Wearing these devices may

also make the learner uncomfortable and induce more anxiety (Imani & Mon-

tazer, 2019; Picard, 2008). Using physical measures to detect biological signals

could also be affected by age, gender, physical activity, or culture, which don’t

relate to emotion (Dzedzickis et al., 2020).

Anxiety has been measured using blood pressure, heart rate, and eye

fixation. Unfortunately, there aren’t many conclusive results. Some researchers

found that blood pressure is positively correlated with anxiety (Bigdeli, 2010;

Ismail & Hastings, 2019; Kelly, 1980; Levitt, 2015; Z. Zhang et al., 2011),

while others found no significant relationship between anxiety and blood pres-

sure (Howell et al., 2007; Shinn et al., 2001).

Heart rate could be used to identify anxiety, but researchers found

variability in the relationship between anxiety and heart rate (Chalmers et al.,

2014). Some researchers found that heart rate is positively correlated with

anxiety (Bigdeli, 2010; Gotardi et al., 2018; Gregersen et al., 2014; Ismail &

Hastings, 2019; Kantor et al., 2001; Kelly, 1980; Levitt, 2015; Weekes, 2020;

Z. Zhang et al., 2011), while others found a reduction in heart rate variability

for general anxiety disorder (Chalmers et al., 2014).
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Eye fixation has also been used to measure anxiety. For example, eye

fixation duration and saccadic eye movement have been used to give the teacher

an indication of the learner’s emotional state, whether the learner is focused,

anxious, or tired (Ivanović et al., 2017). People with trait anxiety have a

longer average fixation duration when looking at threatening images (Quigley

et al., 2012). Similarly, subjects with social anxiety disorder have shorter first

fixation latency and shorter first fixation duration compared to healthy people

(Keil et al., 2018). Socially anxious individuals experience gaze avoidance

(Weeks et al., 2013) and dwell longer on threatening faces (Lazarov et al.,

2016). Some researchers found a significant positive correlation between FLA

and the number of fixations (Ismail & Hastings, 2019). On the other hand,

others found no significant correlation between anxiety levels and saccadic eye

movement (Gotardi et al., 2018), eye fixation (Fernandes et al., 2018; Lazarov

et al., 2016), and dwell time (Fernandes et al., 2018). Therefore, there is

no evidence for constructive effectiveness in measuring anxiety through eye

fixation, generally physical measures.

2.3.2 Self-Report Measures

Emotion self-report is used to detect learners’ affective states by ask-

ing them about their emotional state (Bigdeli, 2010; A. Graesser et al., 2007;

Imani & Montazer, 2019; Lopatovska & Arapakis, 2011). The self-report mea-

sure has been used for clinical and research purposes to assess anxiety (Jansen

et al., 2018). Reporting emotions can be retrospective, current, or prospec-

tive, depending on whether the learner is reporting on experiential knowledge,
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episodic memory, situational-specific beliefs, or identity-related beliefs (Ortony

et al., 2022).

The validity of self-reports has been proven by comparing them against

physical measures (Gogolla, 2017; Ismail & Hastings, 2019; Kantor et al., 2001;

Picard, 2008). There are several advantages and benefits. For example, self-

reporting to measure emotion is easy to administer, and there is no need for

additional tools (Imani & Montazer, 2019). Retrospective self-report is un-

likely to disturb the learning flow (Baker et al., 2015). There is a lesser chance

of misinterpretation because the participants express their feelings (Baker et

al., 2015).

While some researchers argue that self-report is unreliable because peo-

ple may unintentionally tend to hide their emotions (American Psychiatric As-

sociation, 2014; Dzedzickis et al., 2020; Imani & Montazer, 2019), within the

context of an e-learning system, self-report is more effective than other mea-

surements (Cunha-Perez et al., 2018; Imani & Montazer, 2019; Lopatovska &

Arapakis, 2011). On the other hand, learners may not recognize their own

emotions or might not be willing to share them (Dzedzickis et al., 2020). It

may be annoying to ask the learner multiple times (Baker et al., 2015), but

emotions can change during the session (Imani & Montazer, 2019). Further-

more, some cultural differences affect the expression of emotions (Baker et al.,

2015).

There are various types of self-reports to measure emotions (Imani &

Montazer, 2019). Researchers have used Likert scales to assess learners’ mo-

tivation (Carlotto & Jaques, 2016), anxiety (Horwitz et al., 1986), and will-
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ingness to communicate (Ayedoun et al., 2015, 2019). Other researchers used

the Self-Assessment Manikin (SAM) test, a pictorial questionnaire to express

arousal, valence, and dominance (Cunha-Perez et al., 2018). Another form of

pictorial questionnaire is a slider with emojis, which measures foreign language

anxiety (Ismail & Hastings, 2019), arousal, and pleasure (Betella & Verschure,

2016). Other researchers used self-explanation by using journals or log data

to express the affective state (Bilal & Kirby, 2002; H.-C. K. Lin et al., 2015;

Lopatovska & Arapakis, 2011).

The Foreign Language Classroom Anxiety Scale (FLCAS) see Appendix D

was designed for measuring foreign language anxiety in a classroom context.

It was initially developed and validated by Horwitz et al. (1986) for English

speakers studying Spanish as a foreign language. Subsequently, it was trans-

lated into a number of different languages, primarily for learners of English

as a second language (Alrabai, 2014; Ismail & Hastings, 2019; Shao et al.,

2013). The self-report has 33 questions with a 5-point Likert scale ranging

from strongly agree to strongly disagree. The questions about negative be-

havior attributes gave 5 points to the “strongly agree” answers. Questions

about positive attributes were reverse-scored. Each of the 33 questions was

related to one of the three main components of FLA: communication appre-

hension, fear of negative evaluation, and test anxiety (Horwitz et al., 1986).

Researchers classify FLCAS scores into three levels: below 90: “not anxious”;

90-110: “mildly anxious”, and above 110: “anxious” (Al Mamun, 2021; Guo

et al., 2018). The FLCAS has been used as a pre-test in some experiments

(Alemi et al., 2014; C.-M. Chen & Lee, 2011; Ismail & Hastings, 2019, 2020;
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H.-C. K. Lin et al., 2015) or as a standalone measure (Rafada & Madini, 2017;

Shao et al., 2013).

2.3.3 Expert Observers

Expert observers are trained coders who observe learners to detect their

emotions. They look for holistic physical and verbal cues based on consistent

evidence rather than a single occurrence (Baker et al., 2015). Researchers sug-

gest observing learners for abnormal anxiety levels to provide support when

needed (Bigdeli, 2010). Some observers have identified emotions such as bore-

dom, frustration, confusion, engagement, and off-task behavior while learners

use an e-learning system (Craig et al., 2004; Jiang et al., 2018).

Trained judges are reliable in coding those learners’ emotions based

on facial expressions and tutorial dialogue (D’Mello et al., 2008). Although

expert observers may be an expensive measuring tool, they are least obtrusive

to learners (Lopatovska & Arapakis, 2011). The benefit of detecting affect

using expert field observers is using the results to build a sensor-free affect

detector (Jiang et al., 2018; Paquette et al., 2014).

Employing expert observers to detect emotions has some disadvantages,

such as requiring the learners to be in the lab, which does not simulate the ex-

act emotional state that occurs in a normal situation (Lopatovska & Arapakis,

2011). As mentioned before, using human experts is expensive. Also, depend-

ing on the human could be biased and misleading because some observed

behavior may not be emotional (Lopatovska & Arapakis, 2011). Learners may

feel uncomfortable because they know they are being observed. There could

50



also be cross-cultural differences (Imani & Montazer, 2019; Lopatovska & Ara-

pakis, 2011) which affect learners’ behavior, which results in incompatibility

between learner, teacher, and trained judge emotion detector (D’Mello et al.,

2008).

2.3.4 Facial Expression

Facial expression has been used to identify emotions. Some researchers

used a combination of facial recognition, posture, and conversational cues to

detect boredom, confusion, frustration, and engagement (D’Mello & Graesser,

2013).

Facial expression is used with biological signals such as heart pulse,

respiration, and temperature to classify emotions on dimensions of boring–

interesting, confused–comprehending, and tired–concentrating (Nosu & Kurokawa,

2006). Speech and face recognition have been used to detect emotions such

as fatigue, interest, or understanding (Z. Wang et al., 2010). Other emo-

tions, such as joy, surprise, fear, disgust, anger, and sadness, were recognized

from facial expressions within a tutoring system(Ammar & Neji, 2007). For

detecting foreign language anxiety, Guo et al. (2018) suggested focusing on

facial expressions, voice, gesture, learner performance, and diary journal feed-

back. Similarly, facial recognition and self-reporting are used to recognize

FLA (H.-C. K. Lin et al., 2015). Facial recognition applications could help

researchers detect basic emotions through a built-in web camera (Imani &

Montazer, 2019).
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There are some disadvantages of using facial expressions. Subtle facial

changes can be challenging to track (Imani & Montazer, 2019). Moreover,

sometimes emotions do not manifest as visible facial expressions. Felt emotion

could be different from expressed emotions. People sometimes exhibit signs

of emotion while experiencing something else (Hume, 2012). Finally, existing

facial recognition applications best operate on basic emotions and struggle to

detect complex ones. Some researchers used applications that detect basic

emotions such as sad and fear in an attempt to track non-basic emotions such

as anxiety (H.-C. K. Lin et al., 2015), but it resulted in inaccurate recognition.

2.3.5 Human Behavior

Various studies have shown that behavioral metrics can be used to

identify emotions. Imani and Montazer (2019) showed that using human be-

havioral measures to feed the internet of things, deep learning, and information

fusion technology with essential data to create an affective application like Cog-

nitive Tutor Algebra (Baker et al., 2012), Inq-ITS (Paquette et al., 2014), and

Affective AutoTutor (D’Mello & Graesser, 2014). Human behavioral measures

incorporate sensor-lite and sensor-free metrics. Sensor-lite metrics measure

emotions with minimal physical tools, such as a computer’s built-in camera

or microphone (D’Mello & Graesser, 2014). Sensor-free emotion detectors

measure emotions using user interactions with the system without additional

physical tools (D’Mello & Graesser, 2014; Ismail & Hastings, 2020; Lan et

al., 2020). Examples of sensor-free behavioral metrics are typing speed (Her-

nandez et al., 2014), mouse movements (Macaulay, 2004), correct/ incorrect
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answers, time on task, or the number of times pressing a hint button (Baker

et al., 2012).

Using sensor-free metrics could allow ultimate benefits of affect de-

tection (Baker et al., 2012) because there is a minimum interruption, dis-

turbance, or distraction to the participants (Dzedzickis et al., 2020; Lan et

al., 2020). Sensor-free behavioral metrics are cost-effective and scalable be-

cause they could be expanded to a large environment without additional tools

(D’Mello & Graesser, 2014; Imani & Montazer, 2019; T.-Y. Yang et al., 2019).

Researchers can avoid accidental failure or mistracking of the physical tools

(Henderson et al., 2020). There are no privacy invasions because the data is

anonymized, unlike with facial expression (T.-Y. Yang et al., 2019). Moreover,

it is practical because the learner can be in their own environment without

the need to be in a lab (D’Mello & Graesser, 2014; Dzedzickis et al., 2020).

Furthermore, using a sensor-free interaction detector to detect learner affect

can be more effective than physical detection (Paquette et al., 2016).

It is still a new field that needs more studies to provide more accurate

predictions (Imani & Montazer, 2019). Because there are no physical sensors,

there could be a lack of precision (Imani & Montazer, 2019), accuracy, and

latency (Dzedzickis et al., 2020). Furthermore, there is a need to record a

large amount of data to get accurate predictions (Imani & Montazer, 2019).

2.3.5.1 Features for Detecting Emotion

To measure emotions using sensor-free metrics, researchers have used

various features and machine-learning approaches to reach accurate detection.
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Multiple features have been used by researchers to detect emotions. An ex-

ample of using sensor-free behavioral metrics is keyboard typing pressure to

detect stress. Researchers studied the relationship between stress and typ-

ing pressure. While using a pressure-sensitive keyboard and self-report as the

ground truth, they found that about 92% of the participants had more key-

board pressure when feeling stressed (Hernandez et al., 2014). However, there

were no significant relation between stress and task duration or typing speed

(Hernandez et al., 2014).

Also, prior research studied the relationship between mouse capaci-

tance and work stress; they found a significant contact between the partici-

pant and the mouse surface when the stressor was present (Hernandez et al.,

2014). Other researchers studied mouse tracking and anxiety when searching

for medical symptoms online. They found a significant correlation between the

severity of the symptom, which affects the anxiety level, and the search be-

havior (Youngmann & Yom-Tov, 2018). Contrarily, other researchers found no

correlation between state anxiety and the speed of the mouse click (Macaulay,

2004).

Other researchers detected emotions such as confusion, frustration,

boredom, and engagement using sensor-free metrics because it overcame the

limitation of the self-report, expert observer, and physical measures in addition

to providing accurate detection Baker et al. (2012). For example, to detect

confusion while using Cognitive Tutor Algebra, Baker et al. (2012) used the

following features: the percentage of actions that took more than five seconds

after two incorrect answers, the percentage of hints requested, the minimum
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number of incorrect answers, and the average time spent on task unitized by

the time spent by all the participants within sequences of five correct answers.

Other researchers used 47 features, such as calculating the average,

max, min, median, standard deviation, and the sum of the time spent on each

task to detect the emotional state of boredom, concentration, confusion, and

frustration while using Inq-ITS (Paquette et al., 2014).

To detect the same emotions, Wixon et al. (2014) used a combination

of features to build a sensor-free affect detection that uses mathematics ap-

plication based on three main components: pre-test responses, other students’

responses, and the student’s responses. Each component had several asso-

ciated features, such as total hint requests, total incorrect answers over the

last three questions, and the logarithm of the time spent. The ground truth

for accuracy comparison was emotional self-report. Jiang et al. (2018) used

another approach to detect these emotions while learning science. They used

three main features: Basic features, for example, the percentage of correct or

incorrect answers; sequence features, which indicate student actions over time;

and threshold features, which are determined by choosing the best threshold.

Other research used sensor-free approaches to detect pleasure, arousal,

and dominance. Arevalillo-Herráez et al. (2017) propose an interaction be-

tween self-report and sensor-free metrics to increase the results’ prediction,

accuracy, and reliability.

Regarding FLA in particular, Onwuegbuzie et al. (1999) found seven

factors that account for 40% of the variance: “age, academic achievement,

number of times visiting foreign countries, high school experience with for-
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eign languages, expected average for the current language course, perceived

scholastic competence, and perceived self-worth (Onwuegbuzie et al., 1999,

p. 217).” These, however, were used as general indicators to consider pre-

or post-evaluation, not moment-to-moment predictors for measuring overall

FLA.

2.3.5.2 Machine Learning Methods

Machine learning has been used to predict emotions such as anxiety,

stress (Priya et al., 2020), confusion, frustration (Jiang et al., 2018), sadness,

and anger (Balamurali et al., 2022). It uses computational methods to im-

prove the system’s performance (Zhou, 2021). Researchers choose between

regression or classification methods (Kyriakides & Margaritis, 2019) based on

the targeted value. Regression is used for continuous independent value, while

classification is used for categorical targets (Kyriakides & Margaritis, 2019).

Both methods consider multiple factors and learn through experience to pro-

vide predictions (Jordan & Mitchell, 2015; Kyriakides & Margaritis, 2019).

Ensemble learning is a procedure that uses multiple machine learning algo-

rithms to improve prediction accuracy and reduce overfitting (Brown et al.,

2010; Kyriakides & Margaritis, 2019).

One effective ensemble method is Random Forest, which uses bagging

to create sets of trees to produce the final prediction. It is used for classifi-

cation and regression to reduce bias and variance (Breiman, 2001; Kyriakides

& Margaritis, 2019). Also, the algorithm works parallel between the training

and testing data, requiring less hyperparameter fine-tuning (Breiman, 2001;
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Kyriakides & Margaritis, 2019). XGBoost is a highly efficient ensemble model

that uses boosting with parallel trees to generate a prediction. In addition

to providing a flexible, stable, and portable model, XGBoost avoids overfit-

ting (Breiman, 2001; Hueniken et al., 2021; Kyriakides & Margaritis, 2019).

Another ensemble method, Gradient Boosting Regressors, provides an agile

prediction helpful for clean or imperfect data (Friedman, 2001). Support Vec-

tor Machines (SVMs) separate the training data by two hyperplanes with

maximum distance to generate the prediction (Kyriakides & Margaritis, 2019;

Priya et al., 2020). They deliver high accuracy and generalization (Awad &

Khanna, 2015). Bayesian Ridge Regression estimates the prediction based

on the probability of the distribution. It can overcome poorly distributed

datasets by estimating a probabilistic model with common variance coefficients

(Da Silva et al., 2021). Linear Regression is the most widely used regression

method because it is a simple, easy, parametric method that generally pro-

vides satisfactory predictions (Montgomery et al., 2021). Also, it is practical

and applicable to various fields, such as psychology, science, and economics

(Montgomery et al., 2021).

Bayesian Ridge Regression has produced modest results in predicting

emotions such as anxiety, contentment, and sadness (Hutt et al., 2019). Ran-

dom Forest, XGBoost, and SVMs have been used to predict General Anxiety

Disorder (GAD) (Byeon, 2021; Hueniken et al., 2021; Priya et al., 2020). Also,

Gradient Boosting Trees, Random Forests, and SVMs have been used to clas-

sify Public Speaking Anxiety (PSA) and Foreign Language Anxiety (FLA)

using electrodermal activity features (H. Lee et al., 2020). Linear Regression
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provided a low level of prediction of FLA using sensor-free metrics (Ismail &

Hastings, 2020). Some researchers used Random Forest Tree (RFT), the Sup-

port Vector Machine (SVM), and the Convolution Neural Network (CNN) to

predict anxiety (Priya et al., 2020). Other researchers predicted public speak-

ing anxiety and Foreign Language Anxiety (FLA) using Decision Tree, Auto

Multilayer Perceptron, Gradient Boosted Tree, Random Forest, and Support

Vector Machine (H. Lee et al., 2020). They used features from physiological

arousal of electrodermal activity (EDA).

When comparing Random forest with other machine learning methods,

it produced the best accuracy among Bayesian Network (BN), logistic, multiple

layer perceptron (MLP), Naïve Bayes (NB), random tree (RT), J48, sequential

minimal optimization (SMO), random sub-space (RS), and K Star (KS) to

predict anxiety and depression among the older people using medical factors

and demographic information (Sau & Bhakta, 2017). Some researchers also

showed that Random forest performs well in real-life applications (Zhou, 2021).

Often, ensemble models offer better predictions, but sometimes, single models

can outperform them. Ultimately, choosing the machine learning model is

based on the dataset size, features, and quality (Kyriakides & Margaritis,

2019).

To model a machine learning application, Python is mainly used (Priya

et al., 2020). Some researchers used R programming language to model Deci-

sion Trees, Random Forest Trees, Naïve Bayes, Support Vector Machine, and

KNN to detect anxiety. They found that random forest is the best model to

predict Anxiety (Priya et al., 2020).
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There are contradictory views about the best affect prediction method.

Botelho et al. (2017) found that deep learning methods such as Recurrent

Neural Networks (RNN), Gated Recurrent Unit networks (GRU), and Long

Short-Term Memory networks (LSTM) are more effective than machine learn-

ing approaches in predicting affect states. Similarly, when Lan et al. (2020)

compared Logistic Regression (LR), Random Forest (RF), Fully-Connected

Neural networks, and Monotonic Neural Networks, they found that both neu-

ral networks outperformed LR and RF. While Jiang et al. (2018) compared

feature engineering and deep learning approaches to detect affect when learn-

ing, they found that feature engineering, such as Logistic Regression and Step

Regression, was better than deep learning methods, such as GRU and LSTM.

Therefore, there is no consensus on the best affect prediction method.

2.4 Decreasing FLA

Recognizing students’ emotional state and providing interventions to re-

duce negative emotions could help overcome their effects (Elliott et al., 1999).

Providing interventions to reduce anxiety is essential to ensure academic suc-

cess (X. Huang & Mayer, 2016) and to build a positive learning environment

(H.-C. K. Lin et al., 2015). Moreover, reducing anxiety can increase self-

efficacy (Im, 2012), motivation (M. Liu & Huang, 2011; Lu et al., 2007; On-

wuegbuzie et al., 1999; Z. Wang et al., 2010), and interest in learning (M. Liu,

2006; Lu et al., 2007). To improve foreign language reading, writing, speaking,

and listening, researchers have used different technologies such as intelligent
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tutoring systems (H.-C. K. Lin et al., 2015), games (Vallejo Balduque, 2018),

or robots (Alemi et al., 2014). Within these technologies, researchers have em-

ployed music (H.-C. K. Lin et al., 2015), adaptive difficulty (Abu Ghali et al.,

2018; Alhabbash et al., 2016; C.-M. Chen & Lee, 2011; H.-C. K. Lin et al.,

2015), gamification (Vallejo Balduque, 2018),storytelling (Lu et al., 2007), and

motivational support (Deloatch et al., 2017; Hayasaki & Ryan, 2022; Heilmann

et al., 2016; Jin & Dewaele, 2018) to improve learning and reduce FLA. Also,

they used an animated agent to increase learners’ willingness to communicate

in the foreign language (Ayedoun et al., 2019). For my research, I have also

considered using animated agents, emotional support, and shifting emotional

attention as viable methods to overcome FLA.

2.4.1 Intelligent Tutoring Systems

An Intelligent Tutoring System (ITS) is an e-learning platform that

provides individualized teaching, adaptive emotional, and/or cognitive sup-

port using artificial intelligence (Arroyo et al., 2014; H.-C. K. Lin et al., 2015;

Phobun & Vicheanpanya, 2010). ITS provides customized instruction or direct

feedback for students by being able to adapt to the learner’s knowledge or emo-

tional state. It uses learners’ information to provide a high level of adaptability

and personalization to guide them (Erümit & Çetin, 2020). Also, it determines

teaching content and offers personalized instruction based on learners’ traits

(Alhabbash et al., 2016; D’Mello & Graesser, 2013). Many ITSs have been

built for STEM-related topics (Cunha-Perez et al., 2018; D’Mello & Graesser,

2013; A. C. Graesser et al., 2014), but some are language-related (Abu Ghali
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et al., 2018; Alhabbash et al., 2016; Kaur et al., 2019). Specifically, ITSs have

been developed to improve math (Arroyo et al., 2014; Harley et al., 2016),

programming (Latham et al., 2014; Latham et al., 2012), and foreign language

learning (Bradac & Walek, 2017; Gutierrez & Atkinson, 2011; Heift, 2015),

by providing pedagogical support (Arroyo et al., 2014), personalized learning

styles (Latham et al., 2014), or adaptive multi-strategy feedback (Gutierrez &

Atkinson, 2011).

Using an adaptive system increases learning achievements, facilitates

learning, and raises productivity (Bimba et al., 2021; Faivre et al., 2002; Harley

et al., 2016). Specifically, using an adaptive tutor within a math e-learning

system improves the learners’ performance (Arroyo et al., 2014; S. Wang et al.,

2023; Yu et al., 2023). Also, adaptive systems increase learners’ motivation and

enjoyment, reducing anxiety when learning math (Hwang et al., 2020; Jebur

et al., 2022). Moreover, ITSs help to boost confidence and induce positive

learning experience (Hwang et al., 2020; Latham et al., 2012; Yu et al., 2023).

However, it should be noted that low achievers’ confidence and performance

increased more than high achievers because they benefited from the adaptive

encouraging motivational support (Arroyo et al., 2014).

On the other hand, high achievers got engaged with a math adaptive

tutoring system and became interested in learning, while low achievers stayed

neutral or, worse, became bored. Specifically, high achievers benefited more

from the metacognitive adaptive feedback (Arroyo et al., 2014).
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2.4.1.1 ITSs for FLA

Researchers have built ITSs for foreign language learning to serve sev-

eral purposes, such as adaptive ITSs to classify the text complexity (Kurdi,

2020), overcome FLA (H.-C. K. Lin et al., 2015), or analyze the cognitive

thinking level (Kaur et al., 2019).

To overcome FLA within an ITS, some researchers analyzed the learner’s

mental model, then provided relevant feedback, guided the learner to the ap-

propriate learning level, and played soothing music (H.-C. K. Lin et al., 2015).

Other researchers developed an ITS that uses politeness strategies to induce a

positive learning environment and reduce adverse affects (N. Wang & Johnson,

2008).

Using ITS increases learning achievement (Z. Wang et al., 2010), im-

proves performance (Kulik & Fletcher, 2016), and reduces anxiety (H.-C. K.

Lin et al., 2015). An ITS can provide an individualized learning environment

that suits the learners’ knowledge level and emotions at a convenient time and

place (Latham et al., 2014).

Building an ITS is relatively expensive (Corbett et al., 1997) because

researchers need to design and implement ITSs expertly and carefully to foster

a significant increase in learning performance (Kulik & Fletcher, 2016). The

interventions used to reduce anxiety within some ITSs do not decrease FLA

permanently and can have some side effects. For instance, H.-C. K. Lin et

al. (2015) used soothing music, which can produce a peaceful environment

but may generate a cognitive overload (Clark & Mayer, 2016) because the

extraneous audio may cause a working memory overload which distracts the
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learner. Also, H.-C. K. Lin et al. (2015) used lower difficulty, which may reduce

anxiety but prevent teaching challenging materials.

2.4.1.2 Affective User Modeling

Affective user models, or as some people call them, learning models,

are emotionally intelligent tutoring systems that recognize learners’ emotional

states and act adaptively to facilitate and enhance learners’ affective states

(Elliott et al., 1999; Hudlicka, 2020; Martinho et al., 1999). It simulates a

human tutor, which helps the learner to perform better and reach a positive

emotional state (Mohanan et al., 2017). Through an affective user model,

the interaction between the learner and the e-learning system is empowered

by the affective component. An adaptive system, which considers the current

anxiety level can and reduces it (Kim et al., 2017). Adapting to a learner’s

emotional state is as important as accurately detecting a learner’s emotions.

A successful learning environment is built on cognitive and affective support

because all individuals are different and adapt to various emotional support,

needs, and personalities (Petrovica & Ekene, 2016).

To build an emotionally responsive system, some researchers incorpo-

rated animated agents with an affective reasoning system (Elliott et al., 1999).

This system appraises the environment and provides feedback based on the

student’s emotions. For example, if the students are anxious, the agent will

express sympathy (Elliott et al., 1999). It is essential to build an ongoing rela-

tionship between the agent/system and the student (Elliott et al., 1997; K. Lee

et al., 2020; Picard, 2008). Such a relationship would convince the learners
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about the agent’s responses and make them more believable, which would help

regulate their emotions. An accurate affective user model can help to provide

practical, emotional support that regulates emotions (Hudlicka, 2020; Picard,

2008).

To build an affective user model, researchers used multiple methods, in-

cluding written programs (Elliott et al., 1997), or machine learning approaches

such as Bayesian network or Hidden Markov models (Grawemeyer et al., 2017;

Woolf et al., 2007). Others used rule-based expert systems to build the models

(D’Mello & Graesser, 2013; Qianli et al., 2011; L. Zhang et al., 2007). They

provide these models from various input sources such as behavioral character-

istics (Katsionis & Virvou, 2004), facial expression recognition (Elliott et al.,

1997; Wehrle & Kaiser, 1999), mouse pressure, posture sensing devices, or skin

conductance wristband (Woolf et al., 2007).

Microsoft Clippit ("Clippy") was retired because of the many com-

plaints to the effect that it was ineffective and even irritating (Picard, 2008).

Clippy was an intelligent agent that provided hints for learning and intended

to reduce users’ frustration while using Windows. However, it did not support

emotions and was worse when displaying inappropriate emotions. Instead of

supporting the user’s emotions, it annoyed and frustrated them because it ig-

nored the users’ emotional state and provided unnecessary advice (Bahr et al.,

2007; K. Lee et al., 2020; Picard, 2008).
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2.4.2 Games

Games are designed for entertainment and non-entertainment purposes,

such as education and emotional support, to improve language proficiency and

increase positive emotions (H.-J. H. Chen & Yang, 2013; Gaetan et al., 2016;

Isbister et al., 2012; Rankin, 2016). Games have advantages in dealing with

anxiety, but there are some drawbacks.

Overall, educational games improve foreign language learning acqui-

sition (Y.-M. Huang & Huang, 2015; J. C. Yang & Quadir, 2018), and pro-

mote positive emotions such as motivation, confidence, and interest in learning

(H.-J. H. Chen & Yang, 2013; Lai & Wen, 2012; Sampayo-Vargas et al., 2013).

From learners’ perspectives, using games to learn a foreign language makes

learning easy, helpful, and attractive (Lai & Wen, 2012). Furthermore, gam-

ification elevates self-competence, engagement, and enjoyment (Vallejo Bal-

duque, 2018). Using gamification provides a fun (Lyu, 2019), encouraging,

and relaxed atmosphere that reduces FLA (Vallejo Balduque, 2018). The

environment created by educational games is friendly and free of criticism

(Vallejo Balduque, 2018), which helps defeat negative emotions like anxiety

(Lai & Wen, 2012; Vallejo Balduque, 2018; J. C. Yang & Quadir, 2018).

To improve learning English as a foreign language and reduce FLA,

some researchers have also used augmented reality (AR), which helps to lower

the cognitive load and promotes effective learning (Küçük et al., 2014). Re-

searchers also used virtual reality (VR) to reduce anxiety, such as general

anxiety disorder or public speaking anxiety. These games reduce the risk of
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children’s anxiety disorder (Van Rooij et al., 2016) and can treat generalized

anxiety disorder (Repetto et al., 2013). Using virtual reality cognitive behav-

ioral therapy decreases public speaking anxiety (Anderson et al., 2005; Kahlon

et al., 2019) and, when used as a distraction tool, reduces anxiety and pain

(Schwartz et al., 2020).

Some drawbacks of using games to reduce anxiety include shifting sub-

jects’ focus from learning to winning the games (H.-J. H. Chen & Yang, 2013),

addiction, and worsened eyesight (Lai & Wen, 2012). Also, some games could

help retrieve vocabulary from short-term memory, but not long-term memory

(Y.-M. Huang & Huang, 2015). Even though the experiment’s results by Lyu

(2019) increased the learner’s motivation, there was no obvious evidence for re-

ducing anxiety and improving confidence. Also, online role-playing games did

not reduce anxiety for learners with low English proficiency levels (J. C. Yang

& Quadir, 2018). Furthermore, using augmented reality requires high skill to

gain learning and benefit from application support (Küçük et al., 2014).

2.4.3 Robots

Robots are used for various emotion-related purposes, especially to im-

prove human well-being (Breazeal, 2003; S. Jeong et al., 2020). Some re-

searchers used robots to interact with learners and reduce their FLA (Alemi

et al., 2014; Alemi et al., 2017; Lu et al., 2007). There are both advantages

and limitations to using robots.

Using robots to support learning increases cognition (Alemi et al.,

2014), which could boost performance (Lu et al., 2007). Interacting with
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a robot to learn a foreign language could reduce anxiety (Alemi et al., 2014;

Alemi et al., 2017; Hong et al., 2016; Lu et al., 2007) because learners are

aware that it is an object, not a human (Tafazoli & Gómez Parra, 2017).

Also, a robot enhances motivation to learn and self-esteem, which improves

confidence (Hong et al., 2016). A survey about using a robot as an assistant

in a foreign language classroom found that a robot could reduce anxiety and

increase engagement (Randall, 2019).

Robots that use a synthetic voice decrease a learner’s trust and accep-

tance of a robot’s emotional intelligence (Law et al., 2020). Also, using robots

may frighten and upset young learners, although the teacher’s emotional sup-

port could help (Alemi et al., 2017). Moreover, robots perform similarly to

human teachers in reducing anxiety but lack social ability (Wallbridge et al.,

2018). Integrating an ITS with a robot to teach English vocabulary as a for-

eign language did not support the learning process (De Wit et al., 2019). Even

though theoretically, robots could reduce anxiety, further research is required

to investigate the effect of robots on anxiety levels in real life (Randall, 2019).

2.4.4 Animated Agents

Animated agents are used to facilitate learning (Al-Kaisi et al., 2020;

Clark & Mayer, 2016; Romero-Hall, 2016) and provide emotional support (Van

der Meij et al., 2015). Animated agents can be voice assistants or animated

characters with bodies and voices (Al-Kaisi et al., 2020). To facilitate learning,

animated agents should consider the student’s emotional state (Elliott et al.,

1997).
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2.4.4.1 Animated Agents and Learning

Animated pedagogical agents promote information processing and can

reduce cognitive load (Beege & Schneider, 2023; Dunsworth & Atkinson, 2007;

L. Lin et al., 2013). They help the learner focus, pay attention, and engage

in cognitive processes (Dunsworth & Atkinson, 2007). Using animated agents

with narration can also improve communication skills when learning a for-

eign language (Al-Kaisi et al., 2020). Similarly, using conversational agents,

communicating strategies, and expressing interest or sympathy could increase

the willingness to communicate in the foreign language (Ayedoun et al., 2015,

2019). Therefore, applying animated agents that provide narrated elaborated

feedback could enhance learning (L. Lin et al., 2013).

There are mixed results, however, from studies using animated agents

for learning. While some researchers found that animated agents positively

led to learning gain (Al-Kaisi et al., 2020; Carlotto & Jaques, 2016; D’Mello &

Graesser, 2013; Lippert et al., 2019; Schroeder et al., 2013), others found no

difference between the presence of the agent or its absence (L. Lin et al., 2013;

N. Wang & Johnson, 2008). If the agent produces high levels of interactivity,

then it may shift attention and generate cognitive overload (Carlotto & Jaques,

2016; Sweller & Chandler, 1994). On the other hand, Craig et al. (2002)

found no split attention when using an animated pedagogical agent but instead

found that it helped improve performance. Also, L. Lin et al. (2013) found no

difference in the cognitive load when using the agent or not.
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2.4.4.2 Animated Agents and Emotions

Animated agents that understand the learner’s emotions can effectively

help in teaching (Elliott et al., 1997) because they increase positive emotions

and learners’ self-perceptions (Lane, 2016). Animated agents that provide pos-

itive feedback increase the learner’s interest in learning and their self-efficacy

(Kim et al., 2007; Romero-Hall, 2016). Coping messages that provide social-

emotional support through animated agents reduced math anxiety, (X. Huang

& Mayer, 2019; Im, 2012), which lowered the cognitive load (X. Huang &

Mayer, 2016). Similarly, simulating a caring persona can improve physiolog-

ical, cognitive, and psychological states (Bickmore & Picard, 2004; Romero-

Hall, 2016), and encourage learning (Elliott et al., 1997). Verbal signals from

animated agents can help convey emotions (Lane, 2016). Social agency theory

suggests using social cues to encourage learners to interact with the system

(Lane, 2016).

Adaptive emotional agents that communicate with the learner using

voice and an animated character influence the learner’s emotional state (Faivre

et al., 2002). Also, emotive animated agents could induce enthusiasm to learn

(Beege & Schneider, 2023; Hubal, 2008; W. L. Johnson et al., 2000; Romero-

Hall, 2016). Animated agents that express emotions can encourage and moti-

vate learners and create an enjoyable learning experience (W. L. Johnson et al.,

2000; Romero-Hall, 2016). Expressive animated agents that promote engage-

ment, encourage motivation, and attract the learner’s attention can increase

learning gain (Romero-Hall, 2016; Veletsianos, 2009). Animated pedagogical

agents can also enhance students’ self-efficacy and reduce anxiety (Arroyo et
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al., 2014; Beege & Schneider, 2023; Lester et al., 1997; Romero-Hall, 2016;

Van der Meij et al., 2015).

Within a foreign language learning environment, using animated agents

reduces language barriers and improves communication skills, while having no

animated agents increases shyness and worries(Al-Kaisi et al., 2020). In a

study that taught Arabic as a foreign language, a pedagogical agent increased

motivation regardless of whether they provided polite or direct feedback (N.

Wang & Johnson, 2008). An example of polite feedback is “It’s usually hard

to get answers to this question right, but that means ‘This is a sergeant.’

How about we try it again?” An example of direct feedback is, “No, that

means ‘This is a sergeant.’ Try again” (N. Wang & Johnson, 2008). Also,

a conversational agent can lower anxiety and enhance self-confidence, which

increases willingness to communicate in a foreign language (Ayedoun et al.,

2015, 2019).

Even though there are many positive effects of using animated agents to

reduce negative emotions and increase learning, the research needs to be more

conclusive about the long-term effects because most previous studies measured

emotions within a short-term controlled experimental setting. Researchers

suggest using the animated agent for a more extended period to expand the

positive effect than using it for a short-period (X. Huang & Mayer, 2019; Lester

et al., 1997).
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2.4.5 Emotional Support

Emotional support involves providing sympathy, encouragement, empa-

thy, and reassurance to the learner (Ayedoun et al., 2019; Deloatch et al., 2017;

Mohanan et al., 2017). Within classrooms and e-learning systems, researchers

have tried to offer emotional support to enhance learners’ performance (De-

loatch et al., 2017) and reduce negative emotions (Im, 2012; Joseph et al.,

2016). Using a pedagogical agent with coping motivational support effectively

reduces math anxiety (Im, 2012). However, some researchers recommend pro-

viding emotional support only when needed (D’Mello & Graesser, 2013).

Providing understanding and motivational support to learners improves

the effectiveness of a learning environment (Bigdeli, 2010; Chaffar & Frasson,

2010; Y. Liu, 2022; Marlow, 2021; Mohanan et al., 2017) because it reduces

anxiety (Deloatch et al., 2017; Hayasaki & Ryan, 2022; Heilmann et al., 2016;

Jin & Dewaele, 2018). Adaptive emotional support helps to alleviate nega-

tive emotions when learning (Chaffar & Frasson, 2010). Adequate emotional

support can produce positive effects that last for a prolonged time, while mod-

erate support can generate a beneficial effect for short periods, and the greater

the emotional support, the fewer people think about the stressor (Joseph et

al., 2016). However, short-term emotional support is also acknowledged to

reduce anxiety (Heilmann et al., 2016). Teacher support can increase student

enjoyment, while a teacher with a negative attitude may increase anxiety (De

Ruiter et al., 2019). In particular, a supportive conversation can help avoid

FLA (Dewaele et al., 2008; Horwitz, 2010).
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A conversational agent that provides empathetic support by encour-

aging, congratulating, and reassuring the learner could alleviate anxiety and

increase confidence (Ayedoun et al., 2019). Similarly, empathetic messages

can increase confidence, learning interest, and self-persistence (Karumbaiah

et al., 2017). Lack of supportive, motivational, and encouraging feedback can

increase FLA (Al Mamun, 2021; Rafada & Madini, 2017; Shao et al., 2013).

Some researchers suggest using constructive motivational feedback to improve

speaking English as a second language (Sallang & Ling, 2019). More support-

ive feedback can be needed to produce competent communicators (Ayedoun

et al., 2019).

Even though motivational feedback has various advantages, some re-

searchers used direct feedback, including corrective feedback and an explana-

tion. They found no difference between using polite or direct feedback (N.

Wang & Johnson, 2008); however, the latter tends to decrease achievements

and produce confusion (Karumbaiah et al., 2017). At the same time, some high

achievers experience high anxiety levels (Gkonou et al., 2017), so adaptive sup-

port can also help them. There are gender differences in accepting and getting

the benefits of the affective animated agent. For example, male-gendered high

achievers got better scores without the presence of motivational support from

the animated agent, while female-gendered learners acquired more confidence

with its presence (Arroyo et al., 2011; Burleson & Picard, 2007).

Given these mixed findings, researchers investigated different types

of feedback to produce the best positive foreign language learning environ-

ment. They found that providing positive support is an effective way to
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moderate FLA and increase self-esteem (Rafada, Madini, et al., 2017). Us-

ing indirect correctness and positive feedback could reduce FLA (Al Mamun,

2021; Ansari, 2015; Marlow, 2021; Rafada, Madini, et al., 2017). Other re-

searchers found that motivational assistance encouraging the learner achieved

a similar result while increasing self-confidence (Shao et al., 2013). Teach-

ing stress management, and providing empathy improves learners’ emotional

competencies, which in turn reduces FLA (Al Mamun, 2021; Gkonou et al.,

2017; Pishghadam, 2009). Other successful techniques are encouraging self-

confidence, praising learners’ efforts, and enhancing their self-confidence in

class (Ansari, 2015; H.-j. Liu, 2013; M. Liu & Huang, 2011; M. Liu & Jackson,

2008; Salehi & Marefat, 2014).

2.4.6 Shifting Emotional Attention

Shifting emotional attention is used to help learners cope with their neg-

ative emotions. According to inattentional blindness theory, when the mind

focuses on an emotion or specific goal, it may not capture prominent events or

things in the environment beyond what is occupying it (J. Johnson, 2020). It

often occurs in the classroom when students focus too much on their anxiety

and overlook the lecture. Therefore, researchers used mindfulness and shifting

attention to switch the focus from anxiety to the present moment (Mortimore

et al., 2017; Wehrenberg, 2018). Others directed attention to relaxing posi-

tions (Han et al., 2014; D. R. Johnson, 2009; Wehrenberg, 2018). Specifically

for overcoming FLA, Onwuegbuzie et al. (1999) suggested shifting learners’ at-

tention from self-worry to the learning material. Some researchers found that
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as long as the eyes are open, any technique could help change the attention

from anxiety and direct it to a calm situation (Wehrenberg, 2018). Using emo-

tional intelligence techniques could reduce anxiety (Brackett et al., 2004), and

the more frequently people apply such mechanisms, the calmer they become

(Wehrenberg, 2018).

To shift learners’ attention, psychologists studied mindset theories such

as fixed and growth mindsets. People with a fixed mindset believe that per-

sonality and intellectual ability are immutable, while people with a growth

mindset believe these skills can be improved and developed (Y. Liu, 2022;

Yeager & Dweck, 2020). For example, students with a growth mindset at-

tempt challenging exercises to enhance their learning, while learners with a

fixed mindset avoid challenging activities to avert failures (Lou & Noels, 2020;

Marlow, 2021). In return, a growth mindset can reduce negative emotions

such as anxiety and depression (Marlow, 2021; Schleider & Weisz, 2016).

Within foreign language learning, researchers found that a fixed mind-

set positively correlated with learning avoidance and negative emotions (Ciac-

cio, 2019; Lou & Noels, 2020; Marlow, 2021). A growth mindset is helpful

for learners’ communication, reduces their fear of negative evaluations, and

minimizes their maladaptive outcomes (Y. Liu, 2022; Lou & Noels, 2020).

Moreover, a growth mindset increases learners’ motivation to learn and inter-

act with their peers (Lou & Noels, 2020) because people with a growth mindset

see their mistakes as a learning opportunity rather than an obstacle to learning

(Lou & Noels, 2020; Marlow, 2021). In particular, to reduce FLA, researchers

suggest using a growth mindset (Lou & Noels, 2020; Marlow, 2021), while
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a fixed mindset could increase FLA and reduce performance (Y. Liu, 2022;

Marlow, 2021).

It is beneficial to shift learners’ mindset from fixed to growth to reduce

anxiety and improve learning achievement (Lou & Noels, 2020; Marlow, 2021).

One way to build a growth mindset is to motivate the learners and assure

them that mistakes help them learn (Lou & Noels, 2020; Marlow, 2021). Also,

encouraging the learners and emphasizing the correct answer rather than the

learner’s performance can help to improve the growth mindset (Lou & Noels,

2020; Marlow, 2021).

2.5 Summary

The literature reviews about emotions and learning, especially foreign

language anxiety implications, detection, and reduction, are summarized:

• Emotion affects daily life experiences, and it is affected by it. Specif-

ically, emotions and cognition have an intertwined relationship, which

affects learning (C.-M. Chen & Wang, 2011; Lopatovska & Arapakis,

2011; Trigwell et al., 2012). Negative emotions such as anxiety obstruct

learning acquisition (Bigdeli, 2010; C.-M. Chen & Wang, 2011; Levitt,

2015; Tyng et al., 2017).

• Foreign language learners face emotional and pedagogical challenges.

One of the main impediments is foreign language anxiety because it

has a long-term effect on willingness to communicate (Ayedoun et al.,

2019; M. Liu, 2006; M. Liu & Jackson, 2008). It inhibits language acqui-
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sition by increasing learners’ reluctance to practice (Ismail & Hastings,

2019, 2020; M. Liu, 2006; M. Liu & Huang, 2011). Moreover, it hinders

performance (M. Liu, 2006; M. Liu & Huang, 2011) and achievements

(Farid, 2021).

• To detect emotions, physical measures, self-reporting, expert observers,

facial expressions, and human behaviors were used. Each of these meth-

ods has its pros and cons. Researchers chose the approach that suits

their study objectives (Dzedzickis et al., 2020; Henderson et al., 2020;

Ismail & Hastings, 2019; Kazdin, 2000; Lopatovska & Arapakis, 2011).

• To reduce foreign language anxiety, researchers used ITSs, games, robots,

animated agents, emotional support, shifting emotional attention, and

adaptive systems (Alemi et al., 2014; Alhabbash et al., 2016; C.-M. Chen

& Lee, 2011; Deloatch et al., 2017; Hayasaki & Ryan, 2022; Heilmann

et al., 2016; Jin & Dewaele, 2018; H.-C. K. Lin et al., 2015; Vallejo

Balduque, 2018).

2.5.1 Implications

As mentioned above, the relationship between emotions and learning is

a complicated one (C.-M. Chen & Wang, 2011; Lopatovska & Arapakis, 2011;

Trigwell et al., 2012). Especially, learning a foreign language is accompanied

by complex emotions (H. Jeong et al., 2015). In this research, I focused on

foreign language anxiety (FLA) as a special case of anxiety accompanying

learning a foreign language.
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Using physical measures, expert observers, facial expressions, and self-

reports is intrusive, expensive, and still unreliable (Imani & Montazer, 2019;

Lopatovska & Arapakis, 2011; Picard, 2008). Using sensor-free human behav-

ioral methods is practical, discreet, and cost-effective (Dzedzickis et al., 2020;

Lan et al., 2020). For my research, I studied the effectiveness of sensor-free

human behavioral metrics in detecting FLA.

To reduce FLA, researchers used games, robots, or intelligent tutoring

systems. However, these methods had limitations, such as addiction, inaccessi-

bility, and a temporary effect on reducing anxiety (Lai & Wen, 2012; H.-C. K.

Lin et al., 2015; Randall, 2019). Using affective user models can facilitate and

enhance learners’ affective states (Elliott et al., 1999; Hudlicka, 2020; Mart-

inho et al., 1999). Using animated agents can reduce the language barrier and

improve willingness to communicate in a foreign language, which can lower

anxiety (Al-Kaisi et al., 2020; Ayedoun et al., 2015, 2019). Providing em-

pathy and motivational support can reduce anxiety (Ayedoun et al., 2019).

Shifting the learners’ attention away from the anxious state to the learning

material or a calming situation can lower their anxiety (Onwuegbuzie et al.,

1999; Wehrenberg, 2018). Directing the learners to use a growth mindset can

also reduce their anxiety and depression (Marlow, 2021; Schleider & Weisz,

2016). Using an adaptive system improves learners’ affective states (Arroyo

et al., 2014; Elliott et al., 1999; Hudlicka, 2020; Martinho et al., 1999). For my

research, I studied the effectiveness of adaptive, motivationally supportive an-

imated agents to reduce FLA. I designed the feedback to focus on the growth
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mindset and shift learners’ attention from their performance to a motivational

encouraging situation.

2.5.2 Conclusion

Emotions and learning are interrelated; therefore, ensuring a posi-

tive learning environment could improve performance and learning acquisition

(Shute et al., 2015). Negative emotions hinder learning (Bigdeli, 2010; C.-M.

Chen & Wang, 2011; Levitt, 2015; Tyng et al., 2017) and affect learners’ well-

being (Bigdeli, 2010; Kazdin, 2000). Researchers investigated emotions ac-

companying learning, like motivation, confusion, frustration, and boredom, to

improve education (D’Mello & Graesser, 2013; Tettegah & Gartmeier, 2016).

Others studied emotions that occur in specific situations, such as foreign lan-

guage anxiety because it disturbs learning (Castillejo, 2018), diminishes con-

fidence (Lai & Wen, 2012; Lu et al., 2007), and impairs performance (Bigdeli,

2010; H. T. D. Huang, 2018; M. Liu, 2006; M. Liu & Huang, 2011; Salehi &

Marefat, 2014; Sparks et al., 2018). Therefore, by reducing foreign language

anxiety, we can reasonably predict there will be a positive learning environ-

ment, which enhances motivation to learn (Lai & Wen, 2012; Onwuegbuzie et

al., 1999) and increases the learner’s performance (C.-M. Chen & Lee, 2011;

X. Huang & Mayer, 2016).

Detecting FLA is the first step to reducing and eventually defeating it.

Researchers used physical metrics, self-reports, expert observers, and human

behavioral measures to recognize FLA and other emotions. Each of these

metrics has pros and cons that must be addressed to choose the tool that
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suits a study. While for detecting FLA in particular, researchers mainly used

self-reports. Ultimately, I investigated sensor-free human behavior detectors,

as researchers in this era recommend, because it is the least intrusive to the

learning process (Baker et al., 2015; Imani & Montazer, 2019).

To reduce FLA, researchers suggest using ITS (H.-C. K. Lin et al.,

2015), conversational agents (Ayedoun et al., 2015, 2019), or emotional support

(Jin & Dewaele, 2018). After evaluating the benefits and disadvantages of

these methods, for my study, I investigated the efficacy of an emotionally

adaptive intelligent tutoring system that provides an animated agent equipped

with motivational supportive feedback.
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Chapter 3

Detecting FLA

Research Question 1 focuses on whether detecting FLA using sensor-

free human behavioral metrics is effective 1.

RQ1: Can FLA be detected using sensor-free human behavioral metrics in an

e-learning context?

To summarize the main relevant points from Chapter 2, it is essential

to understand learners’ emotional state to provide a beneficial learning envi-

ronment (C.-M. Chen & Lee, 2011). Recognizing FLA is important because

anxiety impedes learning and blocks the cognitive process (C.-M. Chen & Lee,

2011; Horwitz et al., 1986; X. Huang & Mayer, 2016; Onwuegbuzie et al.,

1999; Shao et al., 2013). Detecting anxiety is the first step to reducing it

and overcoming it in the future (Farid, 2021; Horwitz et al., 1986; Ismail &

Hastings, 2019). It is essential to measure anxiety efficiently so that help can
1Portions of the content of this chapter have been published in (Ismail & Hastings, 2019,

2020, 2022).
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be provided when needed (Onwuegbuzie et al., 1999). Identifying FLA us-

ing sensor-free behavioral measures would grant maximum utility of emotion

detection (Baker et al., 2012).

The previous research presented in Section 2.3 discussed the pros and

cons of existing emotion detectors. To detect FLA, previous research used

self-reporting, physical measures, and facial expressions, which proved to be

suboptimal. On the other hand, sensor-free human behavioral metrics can

provide accurate predictions and enhance learning (Arevalillo-Herráez et al.,

2017; T.-Y. Yang et al., 2019). Researchers have used sensor-free metrics

to detect emotions such as confusion, frustration, boredom, or motivation

(Baker et al., 2012), but not FLA. These sensor-free metrics recognize learners’

emotions in their environments without disturbing the learning processes and

provide maximum utility (Baker et al., 2012; Dzedzickis et al., 2020; Lan et

al., 2020). In general, the use of sensor-free human behavioral metrics is a

relatively new area of research, so there is a need for more research about the

applicability and effectiveness of these metrics.

It is unknown to science the best way to detect foreign language anx-

iety, especially within an e-learning system when there is no interaction with

a human tutor. Also, existing approaches to detecting foreign language anxi-

ety showed some limitations that prevented researchers from detecting foreign

language anxiety effectively. To address them and Research Question 1, I did

exploratory research to identify which physical and sensor-free metrics allow

us to determine when the learner feels anxious. Because it is exploratory, I am

testing two sets of metrics to see which are predictive. Two different versions
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of e-learning systems were developed and tested. The versions were related,

but each version used somewhat different pedagogical content, metrics, and

evaluations.

Experiment 1 used a non-adaptive e-learning system and tested using

physical metrics and self-reports in a lab-based setting. Section 3.2 describes

the Experiment 1 e-learning system, design, and method.

Experiment 2 converted the approach to an online system for the pur-

pose of identifying FLA with human behavioral metrics. It included more

challenging questions as well as videos and a wider range of question types.

Section 3.5 describes the Experiment 2 e-learning system, design, and machine

learning method.

3.1 Hypotheses for Research Question 1

To find the best method for detecting FLA without using any sensors,

I addressed the following sub-questions:

3.1.1 Usefulness of Classroom Anxiety Metrics

RQ 1.1: Do metrics for classroom FLA help predict FLA in an online system?

As mentioned in Section 2.2, when learners are anxious in one situation, they

would likely be anxious in a similar context. Understanding the interaction

between different anxiety-producing situations could help to overcome anxiety

(H. T. D. Huang, 2018; MacIntyre & Gardner, 1994).
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Hypothesis 1.1: I hypothesized that learners who are anxious in a foreign

language classroom would also experience anxiety while using an e-

learning system.

3.1.2 Exercise Difficulty

RQ 1.2: What is the relationship between FLA and the difficulty of the ex-

ercise?

As cited in Section 2.2.2, there is conflicting evidence about the relationship

between FLA and language difficulty. Some research found a positive corre-

lation between language complexity and anxiety (Robinson, 2007). However,

other researchers found no significant interaction between task complexity and

language anxiety because of the repeated practice. They hypothesized that

the learners’ familiarity with the exercises reduced their anxiety and led to a

lack of a significant interaction between task complexity and anxiety (Kim &

Tracy-Ventura, 2011).

Hypothesis 1.2: I hypothesized that more difficult exercises would increase

FLA.

3.1.3 Effectiveness of Behavioral Metrics

RQ 1.3: Can FLA be identified by the learner’s interaction with the system?

The goal of answering RQ 1 is to investigate different FLA-measuring tech-

niques that can effectively identify FLA with minimal user interruptions. As
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mentioned in Section 2.3.5, ideal detectors should be convenient for the learner.

Students should be able to access the system in their comfortable environ-

ments instead of artificial lab settings (Imani & Montazer, 2019). Previous

researchers have found that measuring emotions using sensor-free metrics can

be beneficial because there is no interruption to the learning process (Baker

et al., 2015). Also, they are scalable, interpretable, and non-invasive (Lan

et al., 2020).

Hypothesis 1.3: I hypothesized that sensor-free human behavioral metrics

could effectively detect FLA within an e-learning system.

To test these hypotheses, I developed two somewhat different e-learning sys-

tems. The first e-learning system had listening, speaking, vocabulary, gram-

mar, and conversation exercises. The description of this system is described

in Section 3.2.1. The second e-learning system, described in Section 3.5.1,

addressed some limitations of the first system, such as evaluating all exercises

without needing a human grader.

3.2 Method for Experiment 1

To answer Research Question 1 about detecting FLA, I first conducted

an observational study in the lab. Below is a description of Experiment 1’s

e-learning system, design, and measures, along with the data analyses.
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3.2.1 E-Learning System 1

I built an e-learning system that teaches English as a foreign language.

It was implemented as a browser-based application using HTML, PHP, and

JavaScript and included animated agents from Media Semantics. I used the fol-

lowing principles from the Cognitive Theory of Multimedia Learning (CTML,

Clark & Mayer, 2016; Mayer, 2005) to provide an effective e-learning system:

Figure 3.1: Multimedia in e-learning system 1.

Multimedia: The multimedia principle states that using visual illustrations

to explain and elucidate the learning material. I applied multimedia by

illustrating the vocabulary exercise instances for example pictures related

to the text, as shown in Figure 3.1.

Redundancy: The redundancy principle states that on-screen text which

mirrors spoken text will interfere with learning, except in certain circum-

stances including when the learner is learning a new language (Clark &
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Figure 3.2: Redundancy in e-learning system 1.

Mayer, 2016). I added speech bubbles for the listening exercises that

included spoken words. (See Figure 3.2.)

Coherence: The coherence principle states that eliminating non-essential

sounds and graphics that do not add helpful information. I applied the

coherence principle by only using graphics and sound that help to convey

the learning material. For example, there are no extraneous graphics.

The graphics are used only to illustrate the vocabulary items. There is

no background music.

Segmentation: The segmentation principle states that dividing the lesson

into multiple small chunks so the learners can access it at their own
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pace. I applied the segmentation principle by dividing each lesson into

multiple exercises.

Figure 3.3: Leveraging examples in e-learning system 1.

Examples: The Leveraging of Examples Principle suggests adding examples

to explain the learning material. I applied this principle by providing

examples of answers similar to the exercises as shown in Figure 3.3.
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The content of the e-learning system consisted of 27 exercises focused

on greeting, transportation, and emotions (see Appendix F.) These topics were

presented within the following tasks:

Figure 3.4: Listening in e-learning system 1.

• Listening: There were conversations between two people, and the agent

asked the learner questions about them. (See Figure 3.4.)

• Speaking: The learner read a conversation written on the screen and

then recorded it, as shown in Figure 3.5.

• Vocabulary: The learner matched the sentence with the appropriate

picture. (See Figure 3.6.)
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Figure 3.5: Speaking in e-learning system 1.

Figure 3.6: Vocabulary in e-learning system 1.
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Figure 3.7: Grammar in e-learning system 1.
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• Grammar: The learner should choose the correct answer from multiple

choice options to complete the sentence in the proper grammatical form

as shown in Figure 3.7.

Figure 3.8: Conversation in e-learning system 1.

• Conversation: The learner rearranged sentences to produce the correct

conversation order (see Figure 3.8).

3.2.2 Design

Three rounds of pilot tests were performed to validate the system’s

usability, self-reports, and physical measures. Each pilot test round consisted

of 2 participants.

An observational study was performed in the lab. All the sessions were

audio/video recorded. A log sheet documented any unusual occurrences. The

participants took an average of 43 minutes to complete the self-reports and

exercises. Each participant received a $20 Amazon gift card.
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3.2.3 Participants

Thirty adult non-native English speakers were recruited. Ages were

between 18 and 54 years old; 77% (N=23) female and 23% (N=7) male. There

were 40% (N=12) native Arabic speakers, 37% (N=11) native Chinese speak-

ers, 13% (N=4) native Spanish speakers, and 10% (N=3) native Thai speakers.

The education level was 7% (N=2) high school, 80% (N=24) bachelor’s degree,

and 13% (N=4) master’s degree. Their English level was 17% (N=5) beginner,

53% (N=16) intermediate, and 30% (N=9) advanced.

3.2.4 Measures

Before the study, the participants answered the FLCAS, which assesses

their anxiety level in the context of an English as a second language class. (See

Section 2.3.2.) The FLCAS score classified the participants into anxious (score

90 or above) or non-anxious (score below 90) (Al Mamun, 2021; Guo et al.,

2018). Participants’ FLCAS answers were divided into its main components:

communication apprehension, fear of negative evaluation, and test anxiety

(Horwitz et al., 1986). The responses within each component were averaged

and then used as predictors for FLA.

During the study, the anxiety was measured using self-report, heart

rate, blood pressure, and eye fixation. To avoid misunderstandings, the self-

report was translated into the learner’s native language (Arabic, Chinese,

Japanese, Korean, Spanish, and Thai). It included three components: lan-

guage difficulty, system difficulty, and current level of anxiety see Figure 3.9.
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The language difficulty and system difficulty metrics came from the partici-

pants’ Likert scale responses. The level of anxiety self-report was coded from

the participants’ continuous-valued slider response as a value from 0 to 100.

The participants answered the self-report after each exercise to measure their

anxiety level.

Figure 3.9: Self-report.

As mentioned in Section 2.3.1, blood pressure is positively correlated

with anxiety, so I measured the learner’s blood pressure to determine its use-

fulness for detecting FLA. Blood pressure was measured while the participant

answered the FLCAS to get a baseline, then again during each exercise. How-

ever, the varying amount of time spent on each exercise affected the frequency

of readings. In some activities, there were three readings, while there were
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none in others that were completed faster. To calculate the blood pressure

during the exercise, I compared the change in systolic and diastolic pressure

readings with the baseline blood pressure, providing a more robust metric than

the absolute blood pressure values.

Some researchers found a relationship between anxiety and heart rate

variability (see Section 2.3.1). For my study, I measured the learner’s heart rate

to evaluate its usefulness for detecting FLA. The participants wore a fitness

tracker on the left wrist to measure heart rate. The fitness tracker provided

continuous reading for the whole session. This information was exported from

the fitness tracker to a log file. Based on the timestamp, heart rate was paired

with the exercise. The difference between the maximum and minimum heart

rate per activity was measured to capture changes that might occur during the

exercise because different people have different base rates. I also explored the

use of average, maximum, and minimum heart rates, but they did not provide

an accurate reading of change in anxiety; the difference did.

Eye fixation can help to detect anxiety (see Section 2.3.1). In this study,

I used a Tobii eye tracker, which was connected to the screen’s bottom frame.

This eye tracker provided the number of fixations, as well as the time on task

and the number of mouse clicks.

Each participant’s score for each exercise was calculated as the percent-

age of correct answers for that exercise. Also, I calculated the percentage of

the correct answers across all participants to measure the aggregate exercise

difficulty. Then, I classified the exercises into three levels (easy, medium, and

hard).
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3.3 Data Analysis and Results for Experiment 1

3.3.1 RQ 1.1: Relationship Between In-Class and Online

FLA

RQ 1.1 asked whether metrics for in-class FLA help predict FLA in

an e-learning system. More specifically, I used a Mann-Whitney U-Test,

a nonparametric statistical analysis for comparing two independent samples

(Corder, 2014), to determine whether classroom FLA (as determined by the

FLCAS) was significantly related to metrics collected during Experiment 1.

The FLCAS was used as described above to classify the participants as anx-

ious or non-anxious in classroom settings. The online anxiety was measured

while using e-learning system 1 using the following measures: level of anxiety

self-report, language difficulty self-report, the change rate of systolic (SYS) and

diastolic (DIA) blood pressure, exercise score, number of fixations, the change

in heart rate, system difficulty self-report, time on task, and the number of

mouse clicks.

There was a significant difference between the two groups (anxious

and non-anxious) in the level of anxiety self-report, language difficulty self-

report, the change rate of systolic (SYS), and diastolic (DIA) blood pressure

measurement. On the other hand, there was no significant difference between

the two groups in the exercise score, number of fixations, difference in heart

rate, system difficulty self-report, time on task, or the number of mouse clicks

as shown in Table 3.1.
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Table 3.1: Differences between anxious and non-anxious learners.

Anxious Non-anxious Mann-Whitney p

Variable Median Median U value

Level of anxiety self-report 14 2 57404.5 <0.001

Language difficulty self-report 2 1 67585.0 <0.001

Change rate of SYS -5 -8 49766.5 <0.001

Change rate of DIA -2.667 -5.2 51734.0 <0.001

Difference in heart rate 10 10 74523.0 0.067

System difficulty self-report 1 1 76941.0 0.193

Exercise score 100 95 43037.5 0.554

Time on task 62.61 61.17 78668.5 0.641

Number of mouse clicks 9 9 78570.5 0.679

Fixations 164 161 80458.5 0.977

3.3.2 RQ 1.2: Relationship Between FLA and Exercise

Difficulty

To answer RQ 1.2 about the relationship between FLA and the dif-

ficulty of the exercise, I performed a Spearman correlation. The FLA was

measured based on the level of anxiety self-report. The exercise difficulty was

measured in two distinct ways: the learner’s self-report of language difficulty

and aggregate exercise difficulty. The latter was calculated based on all par-

ticipants’ scores as described in Section 3.2.4.
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The results showed a significant, moderate positive correlation between

the level of anxiety self-report and language difficulty self-report r = 0.582, p <

0.001.

There was a significant, weak positive correlation between the aggregate

exercise difficulty and the level of anxiety self-report r = 0.086, p = 0.036.

It is worth mentioning that there was a significant weak positive correlation

between the language difficulty self-report and aggregate exercise difficulty

r = 0.144, p < .001.

3.3.3 RQ 1.3: Identifying FLA Using Learner Interaction

A Pearson correlation was done to understand the relationship between

FLA as measured by the level of anxiety self-report and the physical measure-

ments. The results showed a weak but significant positive correlation between

the level of anxiety self-report and the number of fixations r = 0.171, p < 0.001,

heart rate r = 0.166, p < 0.001, the change rate of SYS r = 0.174, p < 0.001

and DIA r = 0.149, p < 0.001.

For the following analyses, the ground truth for FLA is the self-reported

anxiety level after each exercise. The goal is to accurately predict FLA based

on the learner’s interaction with the e-learning system. Multiple regression

analysis was conducted to predict FLA using language difficulty self-report,

system difficulty self-report, score, aggregate exercise difficulty, time on task,

and the number of mouse clicks as independent variables. The dependent

variable was the level of anxiety self-report. The model’s overall prediction

was not improving with the addition of more predictors. All possible models
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were compared to find the best fit based on the R2, adjusted R2, and predicted

R2.

To answer RQ 1.3 on identifying FLA based on the learner’s interac-

tion with the system, I did a multiple regression to examine how the metrics

collected while using the system could predict FLA. The best predictors for

FLA were language difficulty self-report, system difficulty self-report, and ex-

ercise scores. The other variables did not improve the accuracy of prediction.

The combination of the three predictors accounted for about 30% of the vari-

ation in FLA, R2 = 30.79%, R2(adj) = 30.45%, and R2(pred) = 29.10%. The

regression equation indicated that the model was a significant predictor of

anxiety (F3, 599) = 88.40, p < 0.001 see Table 3.2. As mentioned earlier, I did

regression to predict FLA, not to describe or fit data. Thus, to evaluate if the

model is overfitting and the generalizability to new data, I did a 10-fold cross-

validation. The three predictors accounted for about 30% of the variation in

FLA, R2 = 29.5%.

Table 3.2: Multiple regression coefficients.

Term Coef SE Coef t-value p-value

Constant 15.305 0.663 23.07 <0.001

Language difficulty self-report 9.659 0.781 12.37 <0.001

System difficulty self-report 1.772 0.769 2.30 0.022

Exercise Score -0.580 0.683 -0.85 0.396

To predict FLA based on the exercise type (listening, grammar, speak-

ing, or vocabulary), multiple regression analysis was performed. For each
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regression, the self-reported level of anxiety was the dependent variable, and

the relevant component of the FLCAS score, as described in Section 3.2.4, was

the independent variable.

For listening exercises, the independent variable was average communi-

cation apprehension from the FLCAS, and the dependent variable was the level

of anxiety self-report. The predictors accounted for 13% of the variation in

anxiety, R2 = 12.6%, and R2(adj) = 12.1%. The regression equation indicated

that the model significantly predicted anxiety, F (1, 179) = 25.647, p < 0.001. I

did a 10-fold cross-validation to evaluate how well this prediction would gener-

alize to new data. The average communication apprehension from the FLCAS

accounted for 5% of the variation in FLA, R2 = 5.2%.

For grammar exercises, the independent variable was average test anx-

iety scores from the FLCAS, and the dependent variable was the level of anx-

iety self-report. The predictors accounted for 18% of the variation in anxiety,

R2 = 17.9%, and R2(adj) = 17.3%. The regression equation indicated that the

model significantly predicted anxiety, F (1, 149) = 32.278, p < 0.001. Then, I

did a 10-fold cross-validation to evaluate the generalization of this prediction.

The average test anxiety scores from the FLCAS accounted for 2% of the

variation in FLA, R2 = 1.8%.

For speaking exercises, the independent variables were the average fear

of negative evaluation, and the average communication apprehensions, and

the dependent variable was the level of anxiety self-report. The predictors ac-

counted for 21% of the variation in anxiety, R2 = 21.1%, and R2(adj) = 20.3%.

The regression equation indicated that the model significantly predicted anx-
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iety, F (2, 209) = 27.682, p < 0.001. After doing a 10-fold cross-validation, I

found the two predictors accounted for about 11% of the variation in FLA,

R2 = 11%.

For vocabulary exercises, the independent variables were average test

anxiety and average fear of negative evaluation, and the dependent variable

was the level of anxiety self-report. The predictors accounted for 25% of

the variation in anxiety, R2 = 25.2%, and R2(adj) = 22.6%. The regres-

sion equation indicated that the model was a significant predictor of anxiety,

F (2, 59) = 9.595, p < 0.001. Then I did a 10-fold cross-validation to check and

evaluate the generalization of this prediction. The two predictors accounted

for about 7% of the variation in FLA, R2 = 7.3%.

To predict FLA using sensor-free measures regardless of the type of ex-

ercise, I used each of the FLCAS components mentioned above as independent

variables. The dependent variable was the level of anxiety self-report. These

predictors accounted for about 18% of the variation in anxiety, R2 = 18.1%,

and R2(adj) = 17.9%. The regression equation indicated that the model was

a significant predictor of anxiety, F (2, 807) = 88.99, p < 0.001. Then I did a

10-fold cross-validation to check and evaluate the generalization of this pre-

diction. The predictors accounted for about 15% of the variation in FLA,

R2 = 15%.

The prediction of FLA can be improved by combining the FLCAS com-

ponent scores with sensor-lite metrics. In particular, as Table 3.3 shows, I used

the independent variables of language difficulty self-report, system difficulty

self-report, and exercise score along with the FLCAS component scores to
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predict the dependent variable of the level of anxiety self-report. These pre-

dictors accounted for about 43% of the variation in anxiety, R2 = 42.7%, and

R2(adj) = 42.2%. The regression equation indicated that the model was a

significant predictor of anxiety F (5, 599) = 88.404, p < 0.001. Average test

anxiety, the third component of FLCAS, was dropped from the analysis be-

cause the tolerance was zero; the variance in the predictive level of test anxiety

for anxiety self-report was redundant with the other predictors. To evaluate

the generalization of this prediction, I did a 10-fold cross-validation. The

model achieved an estimated of 40% of the variation in FLA, R2 = 40.4%.

Table 3.3: Predicting FLA using sensor-lite metrics.

Term Coef SE Coef t-value p-value

Constant -30.746 3.476 -8.844 <0.001

Fear of negative evaluation 7.853 1.102 7.125 <0.001

Communication apprehension 0.899 1.43 0.629 0.53

Language difficulty self-report 11.331 1.01 11.223 <0.001

System difficulty self-report 3.959 1.168 3.388 <0.001

Exercise Score -0.453 0.232 -1.956 0.051
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3.4 Discussion of Results for Experiment 1

3.4.1 RQ 1.1: Relationship Between In-Class and Online

FLA

RQ 1.1 asked whether metrics for classroom FLA help in predicting

FLA when using an online system. When looking at metrics collected using the

system to see if they significantly differentiated the groups (anxious versus non-

anxious), there was a significant difference in the anxiety self-report, language

difficulty self-report, and average diastolic (DIA) and systolic (SYS) blood

pressure level. My hypothesis was supported because students who suffer

from FLA in a classroom situation were also anxious while using an e-learning

system as measured by these metrics.

Importantly, as I expected, students who were more anxious in the

classroom, as determined by the FLCAS, reported more anxiety while they

were using the system. This finding replicates MacIntyre and Gardner (1994),

who emphasized that when learners are anxious in a situation, they are likely

to be anxious in a similar context. Also, it would indicate that the level of

anxiety self-report is a valid tool to measure language anxiety. Moreover, the

median and average of the level of anxiety self-report were both higher for the

anxious group. This result means that the level of anxiety self-report provided

accurate information about the current learner’s emotional status.

The median value of the language difficulty self-report item (“I knew

the answers to the questions.”) for anxious learners was 2 “Agree” on the 5-
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point Likert scale. For the non-anxious learners, the median corresponded to

“Strongly Agree.” This finding means the anxious learners felt the questions

were more challenging than the non-anxious learners. The anxious learners

believed the exercises were slightly more difficult than the non-anxious learn-

ers.

Average diastolic (DIA) and systolic (SYS) blood pressure was higher

for anxious than non-anxious learners, replicating previous research (Mucci et

al., 2016; Z. Zhang et al., 2011). Although both median and average readings

for both groups were in the normal DIA and SYS according to (Whelton et

al., 2018), there was a slight increase in the average and median readings for

anxious learners.

I expected to get a significant difference in the exercise score between

the two groups. The results showed no significant difference, similar to Tanielian

and English (2014). It could be because I did not show the exercise score to

the participants after the activities, so there was no significant impact of the

score on anxiety.

I assumed there would be a difference between anxious and non-anxious

learners in the time spent on task and the number of mouse clicks because

FLA affects self-confidence and self-esteem (M. Wang, 2014); however, there

was no difference. Anxious learners spent slightly more time on the exercises

apparently because the exercises were not challenging. The number of mouse

clicks was the same for both groups, which reflects clicking the target button

only once when needed.
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3.4.2 RQ 1.2: Relationship Between FLA and Exercise

Difficulty

RQ 1.2 asked whether there is a relationship between FLA and the diffi-

culty of the exercise. I measured the difficulty of the language using self-report

and based on all the participants’ scores. The language difficulty self-report

represents the user’s impression of the exercise. In contrast, the exercise diffi-

culty describes the overall difficulty; in some situations, exercises were easy for

some participants while hard for others. I found that both measurements for

the difficulty of the language are positively correlated with the level of anxiety

self-report. This finding allows us to accept the hypothesis that language diffi-

culty affects FLA. I assumed that the learners become more anxious when the

exercise is challenging. Similar to Robinson (2007), I found evidence that the

difficulty of the exercise affects the learners’ anxiety level. When the learners

face an easy exercise, they become calm; when they face a challenging exercise,

they become anxious. This result reinforced I.-J. Chen and Chang (2009) who

also found that when the difficulty increases, the anxiety rises too.

3.4.3 RQ 1.3: Identifying FLA Using Learner Interaction

To be able to predict FLA, I measured FLA using physical metrics and

self-reports. Some physical measurements had a low correlation, while others

did not correlate with the level of anxiety self-report. My results confirmed

Kazdin (2000) with a low correlation between self-reporting and physical tools.

My findings showed that anxious learners had more eye fixations than calm
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learners. This result means anxious foreign language learners tend to have

more eye fixation (Runswick et al., 2017).

The main reason for finding the correlation between the level of anxiety

self-report and the difference in heart rate was because the difference gave me

the amount of change in heart rate. The average heart rate did not provide

an accurate indication. The results showed that increasing the anxiety level

would increase the difference between the highest and lowest heart rate per

exercise. If the learners were calm before the exercise, their heart rates would

be relatively low. Then, through the exercise, if the learners become anxious,

their heart rate increases. Based on the level of anxiety, the change in heart

rate occurs (Gotardi et al., 2018; Kantor et al., 2001; Z. Zhang et al., 2011).

Similar to (Mucci et al., 2016; Z. Zhang et al., 2011), the results showed

a significant positive correlation between the level of anxiety self-report and

blood pressure. However, the correlation was weak. One possible explanation

for the weak correlation was that the exercises were too easy to provoke high

anxiety. Based on the FLCAS, 87% of the participants have mentioned that

fear of the consequences of failure is the biggest anxiety producer. Study

participation was voluntary and did not affect the participants’ grades, which

means a cause of anxiety was absent. This result suggests that there could

be better tools to identify FLA within an e-learning system than physical

measurements.

RQ 1.3 asked whether we can identify FLA from user interaction with

the system. The factors that were the most effective predictors for FLA were

language difficulty, system difficulty, and exercise scores. Students consistently
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reported their feelings; they felt anxious when they believed they did not know

how to answer the question and vice versa. There is a relationship between

the complexity of the task and anxiety (Robinson, 2007). This relationship led

to having a language difficulty self-report as the most precise FLA predictor.

The second predictor was the self-report system difficulty. I assumed

this predictor would affect language anxiety because the lack of technical

knowledge would confuse the learner, which could lead to frustration and anx-

iety. The inability to solve the activity due to the system difficulty enhanced

the language anxiety. The system difficulty would reduce self-efficacy, which

induces anxiety (Saadé & Kira, 2009). These two predictors replicate using

the self-report by Wixon et al. (2014) as a sensor-free emotion detector.

The third predictor was the learner’s exercise score because FLA af-

fects students’ language achievement (MacIntyre & Gardner, 1994). The score

represents how well the student did in the exercise. Although the score was

not shown to the students in the e-learning system, it affected their anxiety

levels.

The other predictors were less significant than expected. One of the

predictors used by Wixon et al. (2014) was time on task. I assumed that

anxiety would affect the time spent on a task. For example, if the learners

were anxious, they would tend to take a longer time to answer a question.

However, taking the time on task into account when detecting FLA plays did

not help the model. The power of the prediction was not highly affected by

the time on task.
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I assumed using aggregated language difficulties would add power to

the anxiety predictor. Based on Robinson (2007), task difficulty is affected

by anxiety, but task complexity is another dimension affected by individual

differences. What could be easy for one learner could be challenging for another

one. Adding the aggregated exercise difficulty would not improve the power

of prediction.

I predicted anxious learners would click the mouse more than non-

anxious learners, based on the assumption that anxious learners would not

be sure about their answers, so they would change their answers. However,

this assumption was wrong. The number of mouse clicks is not an efficient

predictor for language anxiety.

To identify FLA, I studied the relationship between anxiety and exercise

types. I used the FLCAS as the primary medium for predicting the learner’s

anxiety level. The FLCAS is a reliable measure for foreign language in the

classroom (Horwitz et al., 1986). The current study is designed to demonstrate

that it can also predict anxiety in an e-learning context. The e-learning system

I used in the study involved listening, grammar, vocabulary, and speaking

exercises.

For the listening exercises, previous research indicated that listening is

a factor of communication apprehension (Atasheneh & Izadi, 2012; Horwitz

et al., 1986); thus, I assumed that the communication apprehension ques-

tions of the FLCAS would predict the learner’s anxiety level. Regardless of

the medium for learning — in a classroom or through an e-learning system

— anxiety production would be the same. People are less apprehensive when
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communicating in an interpersonal situation and become more anxious in pub-

lic (Bodie & Villaume, 2003). The listening exercise is within an e-learning

system, so the learner interacts with a computer without contact with peo-

ple. The effect of communication apprehension is based on the habituation of

previous listening exercises in class. That explains the weak prediction, which

accounted for about 5% of the variation in FLA.

Using grammar in a foreign language is a complex task, which fre-

quently causes frustration for the learner in a foreign language classroom (Mu-

fidah, 2016). Research has identified grammar as the most challenging aspect

of the English proficiency test (Mufidah, 2016). I hypothesized that average

test anxiety from the FLCAS would predict the anxiety level in a grammar

exercise. The average test anxiety accounted for about 18% of the variation

in FLA. However, after doing cross-validation, the accuracy dropped to 2%.

I used only one predictor, whereas more features may be required to increase

the prediction. The questions in the FLCAS test anxiety section focused on

worrying about the consequences of failure, forgetting known material, and

getting more confused with studying. These items do not apply to the gram-

mar exercises within the e-learning system because the study does not affect

failure in any test, class, or social setting. There are two directions to predict

the FLA within a grammar exercise: get more data, then check the prediction,

or add more predictors.

Foreign language speaking anxiety is produced by communication ap-

prehension and fear of negative evaluation (Rafada & Madini, 2017). The pri-

mary source of FLA is the need for automaticity, which requires the learners
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to remember the word and use it in speaking instantly (Balemir, 2009). Other

aspects that affect speaking anxiety are communication and sociolinguistic

competence (Balemir, 2009). Negative feedback from the teacher or the peer

induces anxiety and prevents the learner from speaking in class (Rafada & Ma-

dini, 2017). I hypothesized that fear of negative evaluation and communication

apprehension could predict foreign language speaking anxiety in the context of

an e-learning system. Feeling worried about negative feedback would produce

an unwillingness to communicate (Rafada & Madini, 2017), which could pre-

vent the learner from engaging in social activities. Even though the prediction

after doing cross-validation was only around 11% of the variation in FLA, it

aligned with Balemir (2009), Horwitz et al. (1986), and Rafada and Madini

(2017) about the relationship among foreign language speaking anxiety, fear

of negative evaluation, and communication apprehension.

To measure the anxiety level within a vocabulary exercise, I hypothe-

sized that average test anxiety and fear of negative evaluation would be effec-

tive predictors. Vocabulary anxiety correlates significantly with test anxiety

and fear of negative evaluation (X. Chen, 2015). The accuracy after cross-

validating the dataset dropped from 18% to 15% of the variation in FLA. This

result may be due to the small size of the dataset. There are only two vocab-

ulary exercises and 30 participants, so the total size of the dataset may need

to increase to get an accurate prediction. This analysis needs further investi-

gation to determine if the amount of data is the problem or if the predictors

are ineffective.
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To predict FLA regardless of the type of exercise, I used a combination

of FLCAS and self-report. Specifically, I hypothesized that a combination

of average fear of negative evaluation, average communication apprehension,

language difficulty self-report, system difficulty self-report, and exercise score

would predict FLA. FLCAS average test anxiety was excluded because the

tolerance was 0, which means that the variance in predictor level of anxiety

self-report was already contained in, or redundant with, the other predictors.

As mentioned before, when participants are anxious in one situation, they

are likely to be anxious in a similar context (MacIntyre & Gardner, 1994).

Language difficulty self-report, system difficulty self-report, and exercise score

effectively measured anxiety in an e-learning system (Ismail & Hastings, 2019).

The e-learning system 1, which I used in this analysis, had some lim-

itations, such as the small range of difficulties of the exercises. Also, I could

not evaluate the speaking exercises due to technical issues, which reduced the

number of available exercise scores and kept me from using the previous exer-

cise score as a predictor for FLA. Using regression and the suggested predictors

did not provide a high prediction. I only got moderate predictiveness when

including self-reports. To address these limitations from Experiment 1, I de-

veloped and evaluated e-learning system 2 of the system, which included more

challenging materials and a complete set of exercises that could be evaluated

online.
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3.5 Method for Machine Learning

Based on the results of Section 3.3.3, the predictions of FLA were up to

40%, which is not very high. Also, to reach my optimum goal of this research,

which is identifying and overcoming FLA using an emotionally adaptive intel-

ligent tutoring system, I decided to build a machine learning model to predict

FLA. Machine learning could allow us to predict FLA accurately and provide

personalized interventions to reduce FLA.

I built a machine learning model using the data from Experiment 1

and compared it with the data from Experiment 2 to examine its reliability.

Below is a description of Experiment 2 e-learning system, design, and mea-

sures along with the extracted features and machine learning methods for both

experiments.

3.5.1 E-Learning System 2

I developed the second e-learning system to overcome the limitations

of the first e-learning system and to study identifying and reducing FLA. In e-

learning system 2, the difficulty of the language was increased to be in line with

the TOEFL and IELTS English language standardized tests. The system could

also evaluate all the exercises without requiring a human grader. Moreover,

a feedback about the learner’s answers was provided to give the learner an

indication of the correct answer.

I implemented the e-learning system 2 using MYSQL, PHP, HTML,

and JavaScript. The animated agent was created using Media Semantics. In
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this version of the system, the application of these CTML principles (Clark &

Mayer, 2016; Mayer, 2005) described in Section 3.2.1 was modified or extended

as described below:

Figure 3.10: Multimedia in e-learning system 2.

Multimedia: I applied the multimedia principle by making a video for each

lesson. The video included pictures and narration to explain the mate-

rial. Also, the reading material included graphics with the text to help

the learner visualize and understand the article. (See Figure 3.10.)

Redundancy: In the listening exercises, I added audio captions. Also, for

the vocabulary, grammar, and writing exercises, I added audio narration

plus text to explain the learning material as shown in Figure 3.11.
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Figure 3.11: Redundancy in e-learning system 2.
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Coherence: I applied the coherence principle by adding graphics and sound

that helped to convey the material.

Figure 3.12: Segmentation in e-learning system 2.

Segmentation: I applied the segmentation principle by placing one exercise

per page. (See Figure 3.12.)

Leveraging examples: I applied this principle by adding examples to ex-

plain the vocabulary, grammar rules, and writing principles as shown in

Figure 3.13.

These CTML principles (Clark & Mayer, 2016; Mayer, 2005), which were not

applied in e-learning system 1, were also included:

Modality: The Modality Principle states that using audio narration instead

of text to deliver the learning material. I used videos that included audio,

text, and graphics to explain the lessons.
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Figure 3.13: Leveraging examples in e-learning system 2.
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Figure 3.14: Contiguity in e-learning system 2.
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Contiguity: The contiguity principle states that graphics and their associ-

ated text should be placed next to each other with no scrolling required.

I applied this principle in the video tutorials and the reading material.

As seen in Figure 3.14, the picture is placed next to the related text.

Figure 3.15: Personalization in e-learning system 2.

Personalization: The personalization principle states that learning is im-

proved when the text uses a conversational style rather than a formal
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style. All the video narration and reading material in e-learning system

2 used conversational style. (See Figure 3.15.)

The system had 26 exercises and was built to match TOEFL and IELTS

English language standardized tests by including challenging material like the

vocabulary word, “Pathogen” (see Appendix G.) It focuses on the following

topics:

Figure 3.16: Vocabulary in e-learning system 2.
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• Vocabulary: Each vocabulary exercise included a video and several

multiple choice questions about words in the video. Then, the learner

answered various questions with multiple choices as shown in Figure 3.16.

Figure 3.17: Listening in e-learning system 2.

• Listening: Each exercise included a descriptive video. Then, the learner

answered a question about the topic. Six questions about the same topic

were separated into multiple pages. (See Figure 3.17.)
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Figure 3.18: Grammar in e-learning system 2.
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• Grammar: A video explained how to convert direct to indirect speech.

Then, the learner answered multiple choice questions about converting

direct to indirect speech using the correct grammar tense as shown in

Figure 3.18.

Figure 3.19: Reading in e-learning system 2.

• Reading: The students read an eight-page article about mimicry and

answered questions about it. Each question was designed to be on a

separate page. (See Figure 3.19.)
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Figure 3.20: Writing in e-learning system 2.
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• Writing: There was a video describing using punctuation. Then, the

learner had to put the correct punctuation in the plain text. (See Fig-

ure 3.20.)

3.5.2 Design

Three rounds of pilot tests were performed to validate the system. Each

round consisted of two participants.

In the online experiment, the participants spent around 30 minutes

within the e-learning system, watching video tutorials, completing the exer-

cises, and self-reports. After each exercise, they received feedback that ex-

plained the correct answer (Ismail & Hastings, 2021). Participants received a

$15 Amazon gift card.

3.5.3 Participants

Twenty-nine adult non-native English speakers were recruited. The av-

erage age was 28 years old; 59% (N= 17) female and 41% (N= 12) male. There

were various native languages, 3.45% (N=1) Polish, 13.79% (N=4) Spanish,

48.28% (N=14) Chinese, 13.79% (N=2) Japanese, 6.90% (N=2) Korean, 3.45%

(N=1) Russian, 3.45% (N=1) French, 3.45% (N=1) Mongolian and, 3.45%

(N=1) Turkish. The education level was 11% (N= 3) Less than a high school

diploma, 3% (N= 1) high school degree or equivalent, 59% (N= 17) associate

degree, 24% (N= 7) bachelor’s degree, and 3% (N= 1) master’s degree. Their

English level was 4% (N= 1) foundations, 31% (N= 9) intermediate, 17%
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(N= 5) high intermediate, 41% (N= 12) advanced, and 7% (N= 2) university

bridge.

3.5.4 Measures

Before the experiment, the participants reported their demographic in-

formation (age, gender, English level, educational level, and the number of

years studying English). Also, they completed the FLCAS. (See Section 2.3.2.)

After each exercise the participants completed a self-report, evaluating the

language/system difficulty and their level of anxiety (see Figure 3.9). The

self-report level of anxiety after each exercise was counted as the ground truth

FLA.

3.5.5 Feature Extraction and Selection

As mentioned in Section 3.3.3, using regression to identify FLA reached

up to 40% when using self-report with FLCAS components and exercise score.

This prediction is not high, interrupting the learning process with self-report.

In this section, I describe how I extracted and selected features for predicting

FLA using machine learning methods. To guarantee the reliability of the

machine learning models, I built two models using two distinct data from

the two experiments and compared their performance and accuracy. When a

model performs the same or better on a second dataset than on the one it was

developed, that provides evidence of its reliability. I built a machine learning

model using the data from Experiment 1 (see Section 3.2.4), then compared it
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with another machine learning model using the data from Experiment 2 (see

Section 3.5.4) which used the same features and procedure.

To build the machine learning model, I extracted 16 features from Ex-

periment 1 using user pre-defined data and system interaction based on Ismail

and Hastings (2020) and Onwuegbuzie et al. (1999). Then I did the same pro-

cedure with data from Experiment 2. Both studies started with demographic

information and the Foreign Language Classroom Anxiety Scale (FLCAS). I

separated FLCAS for each participant into its three main components: fear

of negative evaluations, communication apprehension, and test anxiety, then

used the average of these three components as features (Ismail & Hastings,

2020). Also, from the pre-defined data, I extracted the following features:

overall FLCAS score and participant’s age, gender, education level, and En-

glish level. I extracted these features from the current exercise interaction:

exercise score, duration, and topic. These additional features were related to

previous exercises: score on the preceding exercise, percentage of previous in-

correct scores, percentage of previous correct scores, the average percentage

of all previous exercises, and average duration of exercises of the same topic

(e.g., vocabulary, grammar).

I did a correlation analysis and set an absolute threshold value of 0.5 to

eliminate multicollinearity (Tsagris & Pandis, 2021) and exclude highly corre-

lated features. Then, I used the Gini importance feature selection algorithm

(Nembrini et al., 2018) to distill the features that could cause overfitting and

added features that improve the model’s goodness2. I selected the features
2Initially, I used forward feature selection to select the features that improved the re-

gression model, but I found that Linear Regression had lower performance than ensemble
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sequentially by adding them to support the model until no more features

improved its goodness. Nine features emerged that provided an acceptable

accuracy with negligible bias.

3.5.6 Model Selection and Evaluation

To predict FLA using sensor-free human behavioral metrics, I built a

machine-learning model instead of multiple regression because machine learn-

ing helps solve complex logic in addition to scalability, personalization, and

responsiveness. Moreover, it helps to get better predictions.

I evaluated the ability of six different regression methods to predict

participants’ anxiety levels from these nine sensor-free human behavioral met-

rics. I performed regression instead of classification because I used continuous-

valued self-report to measure anxiety, because it can measure moment-to-

moment emotion fluctuation (Lottridge et al., 2011) and provide more ac-

curate high-resolution measurements than the Likert classification scale. Also,

regression prediction would allow me to provide interventions to reduce anxi-

ety adaptively because regression gives exact measurements, which would allow

me to provide accurate intervention. The methods I evaluated were Random

Forests, XGBoost, Gradient Boosting Regressor, Linear Regression, Bayesian

Ridge Regression, and Support Vector Regression (SVR). These six methods

had previously been used successfully to detect emotions, including FLA as

discussed in Section 2.3.5.2. I implemented these machine learning models in

the scikit-learn library in Python (Pedregosa et al., 2011).

algorithms. Thus, I used the Gini importance algorithm to find the features that best
improved the ensemble methods.
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I evaluated each detector using 10-fold cross-validation, using 90% of

the data as training and the other tenth as the test set. The models’ goodness

of fit was selected as the optimal model based on R2 value, Mean Absolute

Error (MAE), and Root Mean Square Error (RMSE).

3.6 Data Analysis and Results for Machine Learn-

ing

3.6.1 Features for Detecting FLA

First, I looked for features that best detect FLA without interrupting

the learner. To address this, I used the multicollinearity analysis mentioned

above to filter out features that did not help predict FLA. I found that the

FLCAS score was highly correlated with FLCAS components: fear of negative

evaluation r = 0.83, p < .001, communication apprehension r = 0.92, p < .001,

and test anxiety r = 0.83, p < .001. Also, I found that the average percentage

of all previous exercises is highly correlated with the percentage of previous

correct scores r = 0.98, p < .001, and the score on the preceding exercise r =

0.57, p < .001. Therefore, to avoid overfitting, I excluded these five features.

I used Gini importance feature selection and found that the least important

features were educational level (Importance: 0.01) and gender (Importance:

0.02). These did not improve model performance, so I removed them.

The selected features for detecting FLA were exercise score, percentage

of all previous exercise scores, percentage of previous incorrect scores, exercise
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duration, relevant exercise duration (the time spent on exercises with the same

topic), FLCAS score, English level, exercise topic, and age. Within the data

from Experiment 1, these features accounted for up to 47% of variance in

FLA. When I repeated the analysis with the data from Experiment 2, which

included more difficult material, the prediction was increased to 66%. The

predictors that accounted for the highest Gini importance were the FLCAS

score, followed by the average percentage of all previous exercises. Table 3.4

shows the Gini feature importance.

Table 3.4: Gini importance.

Variable Data from Experiment 1 Data from Experiment 2

FLCAS 0.4 0.23
All Pre-score 0.13 0.13
Exercise Score 0.07 0.13
English Level 0.02 0.11
Duration 0.11 0.11
Pre-incorrect 0.1 0.1
Relevant Exercise Duration 0.08 0.07
Age 0.05 0.06
Exercise type 0.04 0.06

3.6.2 Machine Learning Methods

To find out which machine learning method could best detect FLA, I

compared the performance of six machine learning models: Random Forest,

XGBoost, Gradient Boosting Regressor, Linear Regression, Bayesian Ridge,

and SVR based on R2 value, Mean Absolute Error (MAE), and Root Mean

Square Error (RMSE) on the two datasets, as shown in Table 3.5. The results
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for data from Experiment 1 show that Random Forest outperformed all mod-

els. XGboost performed a comparable performance to Random Forest. The

Gradient Boosting Regressor performed slightly lower than Random Forest

and XGboost. In comparison, Linear Regression, Bayesian Ridge Regression,

and SVR provided much worse predictions of FLA.

I compared the performance of the features and models on data from

two Experiments that used somewhat different systems, namely Experiment 1

and Experiment 2. I found that the performance of the model trained on

data from Experiment 2 was better overall than the performance of the model

trained on data from Experiment 1. Random Forest and XGBoost produced

similar accuracy concerning R2 and almost identical MAE and RMSE. For

Gradient Boosting Regressor, Linear Regression, Bayesian Ridge, and SVR,

the models perform analogously to data from Experiment 1.

Table 3.5: Predictive performance of the six machine learning models.

Model Context MAE RMSE R2

Random Forest Dataset 1 10.281 15.433 0.47
Dataset 2 12.14 17.564 0.66

XGBoost Dataset 1 10.604 15.732 0.45
Dataset 2 11.999 17.370 0.66

Gradient Boosting Regressor Dataset 1 11.187 15.887 0.41
Dataset 2 14.515 19.371 0.53

Linear Regression Dataset 1 14.947 19.080 0.19
Dataset 2 21.173 26.694 0.21

Bayesian Ridge Dataset 1 15.094 19.176 0.19
Dataset 2 21.378 26.753 0.21

Support Vector Regressor Dataset 1 14.638 21.349 0.004
Dataset 2 24.784 29.195 0.06
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3.7 Discussion for Machine Learning

RQ 1.3 was whether FLA could be detected in an English for Speak-

ers of Other Languages (ESOL) system without interrupting the learner. To

answer this question, I searched for the best features to detect FLA and the

most effective machine learning methods to use them. I compared 16 features

to predict FLA using sensor-free human behavioral metrics within an ESOL

learning system. Prior research used FLCAS components and exercise scores

as sensor-free metrics to predict FLA (Ismail & Hastings, 2020). I extended

this finding by uncovering features that produce better predictions using ma-

chine learning without interrupting the learning process.

Concerning the validity of our features for predicting FLA, the most

important feature is the FLCAS score, a well-validated measure for anxiety

within a classroom environment (Horwitz et al., 1986; Shao et al., 2013). Hav-

ing the FLCAS score as a significant predictor supports the validity of our

model. The second significant predictor is the average percentage of all previ-

ous exercises, which measures student achievement. This finding is consistent

with previous research showing a correlation between student achievement and

FLA (Shao et al., 2013). The data from experiment 1 and experiment 2 had

equal highest feature importance. This result implies that the features could

be generalized to any e-learning system that teaches English as a foreign lan-

guage, primarily because these features can be extracted from any e-learning

system (Ismail & Hastings, 2022).
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Other features that contribute to predicting FLA were the current ex-

ercise score and percentage of previous incorrect scores, which are also linked

to student achievement and task fulfillment, which have also been linked with

FLA in previous research (Horwitz et al., 1986; Onwuegbuzie et al., 1999; Shao

et al., 2013). Other important features are the duration spent on the exercise

and the average duration of exercises in the same section. Previous research

showed that anxious learners spend more time on a task due to interference

with the cognitive processes (Shao et al., 2013). Also, I found that age, En-

glish level, and the exercise topic are important features for predicting FLA.

This finding is consistent with the prior research, which found that multiple

learner and situational variables affect learners’ vulnerability to anxiety, such

as age, experience with the foreign language, and the subject (Gkonou et al.,

2017; Hashemi, 2011; Ismail & Hastings, 2022; Onwuegbuzie et al., 1999).

This evidence supports the validity of our features for measuring FLA.

These sensor-free human behavioral metrics capture up to 66% of the

variability in anxiety, which is imperfect yet satisfactory since affect detection

is challenging because it is not directly accessible (Baker et al., 2012). Detect-

ing emotions using human behaviors is usually less than 50% accurate because

it is much harder to predict than physical measurements (Qorbani et al., 2020;

Westfall & Arias, 2020). Based on our results, using these features to predict

FLA within data from Experiment 2 provided better performance than data

from Experiment 1. The reasons for this finding may include: e-learning sys-

tem 2 (see Section 3.5.1), which was used in Experiment 2, had exercises similar

to the English language standardized test, which induced comparable anxiety
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levels. Furthermore, e-learning system 2 provided explanatory feedback about

the answers, which gave the learners indications about the correctness of their

work, which could also affect their anxiety levels. Moreover, the participants

were in their environment, not at the lab, producing anxiety similar to real

situations. Replicating the same features to predict FLA using two distinct

datasets and getting better predictions suggests reliable progress toward FLA

detection.

I found earlier that using sensor-free metrics to predict FLA accounted

for an 18% variation in anxiety when using Linear Regression. In contrast,

machine learning models achieved better prediction than Linear Regression.

Ensemble learning models (Random Forest, XGBoost, Gradient Boosting Re-

gressor) outperform Linear models (Linear Regression, Bayesian Ridge) and

SVR. The high performance of the ensemble learning models is not surpris-

ing given the robustness, reliability, and stability of the models (Hueniken et

al., 2021). Also, the ensemble learning models achieved consistently higher

accuracy than Linear models and SVR. The relatively high performance and

accuracy of the ensemble learning models prove their validity and effectiveness

in predicting FLA using sensor-free human behavioral metrics, which can al-

low a system to adaptively intervene when learners are anxious. (See Ismail

and Hastings (2022) and Chapter 5).

My ensemble learning models achieved a good prediction, especially

given the difficulty of predicting emotion. When the performance of a model

on a second dataset is the same or better than on the one for which it was devel-

oped, that provides evidence for the model’s reliability (Bosnić & Kononenko,
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2009; Ismail & Hastings, 2022). This study demonstrates that machine learn-

ing methods can provide reliable and valid predictions of FLA from sensor-

free behavioral metrics. Furthermore, my approach can be generalized to any

ESOL system because I used features that can be extracted from any system.

3.8 Research Question 1: Summary

This section discussed ways to identify FLA using physical measures,

self-report, and sensor-free metrics. Specifically, I addressed the first research

question with two ESOL systems, one using physical metrics and the other

using human behavioral metrics. Here I summarize the important conclusions

about the RQs from these studies:

• The metrics used to measure FLA within a classroom helped to predict

FLA when using an online system. Notably, the self-report, used to

detect FLA within an online system, proved to be a valid measure of

FLA. Learners who are anxious in class reported high levels of anxiety

when using the online system. The level of anxiety self-report can be an

effective measure of anxiety when using an online system.

• The difficulty of the exercise affects FLA. Learners who knew how to

answer the questions felt less anxious than learners who felt the exercises

were challenging and vice versa.

• FLA can be identified from the learner’s interaction with the system.

Specifically, FLA can be detected using sensor-free human behavioral
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metrics and machine learning. Using the FLCAS score, all pre-exercise

scores, the current exercise score, pre-incorrect answer, exercise dura-

tion, relevant exercise duration, exercise type, age, and English level as

features in the machine learning model can predict FLA. The model I

built reached up to 66% accuracy in predicting FLA, which is considered

good for predicting emotions.

As mentioned in Chapter 2, detecting FLA is the first step to reduce it. This

chapter discussed answering Research Question 1 about detecting FLA using

sensor-free human behavioral metrics. In Chapter 4, I will discuss ways to

reduce FLA.
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Chapter 4

Reducing FLA

Research Question 2 centered on finding ways to alleviate FLA in the

context of an e-learning system 1.

RQ2: Can FLA be effectively reduced by different types of feedback, different

modalities of feedback presentation, or a combination of the two?

As discussed in Chapter 2, reducing FLA can improve learning and in-

crease positive emotions (X. Huang & Mayer, 2016; Küçük et al., 2014). Two

important dimensions of emotionally effective feedback are motivational sup-

portive feedback and the medium for delivering it (Van der Meij et al., 2015).

As mentioned in Section 2.4, previous research has used various methods for

reducing anxiety, like ITSs, animated agents, emotional support, and shifting

attention from negative to positive emotions. This has been applied in various

domains, such as science and linguistics. The impact of motivational support

on decreasing FLA is still unknown. Also, no research has yet addressed using
1Portions of the content of this chapter have been published in (Ismail & Hastings, 2021).
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an animated agent that provides emotionally supportive feedback to reduce

FLA. Therefore, through this study, I investigated this methodology.

4.1 Hypotheses for Research Question 2

To find the best methods for reducing FLA in the context of an ESOL

system, I focused on both the type of feedback and method of its delivery. I

generated the following sub-questions:

4.1.1 Effectiveness of Feedback Type on FLA Based on

Learner’s Performance

RQ 2.1: Does the correctness of the learner’s answer impact the effectiveness

of motivational, supportive feedback?

High-knowledge learners prefer direct feedback and do not need emotional

support, while low-knowledge learners benefit from supportive feedback when

they receive it as needed (D’Mello & Graesser, 2013). Also, providing moti-

vational support judiciously is beneficial because it can reduce anxiety when

the learner gives an incorrect answer, but it increases anxiety when the learner

answers correctly, perhaps by implying that they’re not doing as well as they

thought (Ismail & Hastings, 2021).

Hypothesis 2.1: I hypothesized that motivational supportive feedback is

only effective when the learner answers incorrectly.
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4.1.2 Effectiveness of Feedback Type and Modality on

FLA

RQ 2.2: Are there interactions between feedback type and modality when

reducing FLA?

As cited in Section 2.4, the ideal interventions should shift the learner’s at-

tention from negative to positive emotion while studying foreign language

(Onwuegbuzie et al., 1999). Researchers proved that providing emotionally

supportive feedback by an animated agent effectively reduces math anxiety

(X. Huang & Mayer, 2019; Im, 2012), and empathetic agents that encourage

and reassure the learners have proven to reduce FLA (Ayedoun et al., 2019).

Hypothesis 2.2: I hypothesized that motivational supportive animated agents

could help reduce FLA.

4.1.3 Effectiveness of Feedback Type and Modality on

FLA by Gender

RQ 2.3: Are there interactions between gender, feedback type, and modality

when reducing FLA?

As mentioned in Section 2.2.2, there are inconsistent results about foreign

language anxiety levels between genders. Gender is one of the learner variables

that affect FLA. Also, there are interactions between situational and learner

variables (Williams & Andrade, 2008).
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Hypothesis 2.3: I hypothesized that each gender would benefit from differ-

ent combinations of feedback types and modalities.

4.1.4 Effectiveness of Feedback Type on FLA by Gender

and Performance

RQ 2.4: Are there interactions between gender, performance, feedback type,

and modality for reducing FLA?

As discussed in Section 2.2.2, different learner’s and situational variables affect

FLA. In addition to gender differences, learners’ performance also affects FLA

(I.-J. Chen & Chang, 2009; Fariadian et al., 2014; Ismail & Hastings, 2019).

Hypothesis 2.4: I hypothesized that based on gender and performance, dif-

ferent combinations of feedback type and modality would decrease FLA.

Previous research showed that interventions within experimental set-

tings may not eliminate the bad effect completely. They could reduce negative

emotions and increase learning for the short-term but not long-term (X. Huang

& Mayer, 2019; Lester et al., 1997). For example, when using a treatment in

an experiment, it could produce a temporally good effect, but it will not fully

treat it. Therefore, my interventions could reduce FLA in the short term

within the experiment.
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4.2 Method for Reducing FLA

To answer Research Question 2 about reducing FLA, I conducted an

experimental study online. The e-learning system that I used for this experi-

ment is a mod to e-learning system 2 (see Section 3.5.1). Below is a description

of the design, interventions, and measures, along with the data analyses.

4.2.1 Design

A 2x3 factorial experimental compared FLA when receiving various

interventions (feedback type X feedback modality) as will be described in Sec-

tion 4.2.2. The experiment was a between-subject. The Institutional Review

Board of DePaul University approved the study (see Appendix A), and all

participants agreed to the informed consent (see Appendix C).

4.2.2 Interventions

A factorial design was used. One factor was feedback type with

two levels: Explanatory (see Figure 4.1) vs. Motivational Supportive (see Fig-

ure 4.2). The other was feedback modality with three levels: Text only (see

Figure 4.3), Voice and Text, and Animated Agent with Voice and Text (see Fig-

ure 4.4). Based on previous research, female agents help reduce frustration;

thus, I used a female agent to present the feedback (Hone, 2006). Addition-

ally, a human voice was used for the agent to provide a realistic and acceptable

feel because a synthetic voice reduces acceptance (Clark & Mayer, 2016; Law

et al., 2020).
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Figure 4.1: Explanatory feedback.

Figure 4.2: Motivational supportive feedback.

Figure 4.3: Text feedback.
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Figure 4.4: Text and animated agent feedback.
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In all conditions, textual feedback was shown on the screen. In the voice

modality condition, the text is accompanied by narration. Both voice and

agent conditions use recordings provided by a female actor, not synthesized

speech. The speech aligns with the text provided on the screen. After the

learners answer a question, the system evaluates their answer, highlighting it

green if correct and gray otherwise. Then, the system provided its feedback

depending on the condition. In every case, an explanation like this one will be

given:

“Decreased is the right answer for the first choice because we need a

word that means fewer. Wary of is the right answer for the second

choice because we need a word that means cautious or careful.”

Additional feedback was given depending on the feedback type factor. In the

explanatory feedback condition, if the learner’s answer was correct, the feed-

back was “Yes,” followed by the explanation (see Figure 4.1). If the answer

was incorrect or partially correct, only the explanation was given. The motiva-

tional supportive feedback conditions used a sandwich feedback model, which

puts the explanatory feedback between two positive comments (Prochazka et

al., 2020). Figure 4.5 shows how the explanation is embedded in the motiva-

tional supportive feedback, depending on evaluating the learner’s answer. The

first statement motivates the learner, followed by explanatory feedback; then

the last comment provides support and more motivation. Each exercise has

unique motivational supportive feedback to give the learners a personalization

effect. Figure 4.2 shows motivational supportive feedback within the system.

Appendix H includes motivational supportive feedback for each exercise.
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Exercise

Super job. Keep it 
up!

You're almost there, 
keep going!

Don’t worry, you will 
get the hang of this!

Yes,

You tried really hard, so stay relaxed 
and do the best you can!

You did amazing work. Continue the 
remarkable effort!

Explanation

Correct Partially Correct IncorrectTransition: 

Figure 4.5: Motivational supportive feedback flow chart.
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4.2.3 Participants

The participants were randomly assigned to six different groups (Text

Explanatory N=25, Text Supportive N=22, Voice Explanatory N=28, Voice

Supportive N=25, Agent Explanatory N=20, Agent Supportive N=27). One

hundred sixty-eight participants finished all the exercises and self-reports. I

excluded 21 participants because they finished both doing the exercises and

reading/listening to the feedback so quickly (in less than 30 minutes) that they

must have moved on to the “next” items without really reading the question

and/or the feedback. The participants should spend around 30 minutes an-

swering the demographics information, FLCAS, exercises, and self-reports. All

participants who finished the study around 30 minutes in good faith received

$15 Amazon gift card.

The average age was 27 years old. Gender was 61% (N= 87) female,

37% (N= 53) male, 1% (N= 1) other, and 1% (N= 1) prefer not to say. There

were a variety of native languages: 3% (N= 4) Arabic, 1% (N= 1) Bengali, 45%

(N= 64) Chinese, 1% (N= 1) Farsi, 2% (N= 3) French,1% (N= 1) Gujarati,

1% (N= 1) Hindi, 1% (N= 1) Indonesia, 1% (N= 1) Italian, 7% (N= 10)

Japanese, 7% (N= 10) Korean, 3% (N= 4) Mongolian, 1% (N= 1) Polish, 4%

(N= 5) Portuguese, 2% (N= 3) Russian, 15% (N= 21) Spanish, 1% (N= 1)

Taiwanese, 1% (N= 1) Thai, 2% (N= 3) Turkish, 1% (N= 1) Venezuelan, and

4% (N= 5) Vietnamese. The education level was 12% (N= 17) less than a

high school diploma, 3% (N= 4) high school degree, 3% (N= 4) some college,

39% (N= 56) associate degree, 37% (N= 52) bachelor’s degree, 6% (N= 9)
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master’s degree Their English level was 3% (N= 4) foundations, 29% (N= 41)

intermediate, 18% (N= 25) high Intermediate, 47% (N= 67) advanced, and

4% (N= 5) university bridge.

4.2.4 Measures

After the learners answered the demographic information, they did

FLCAS to measure their anxiety level during foreign language classes. After

each exercise, the participants answered a self-report consisting of language

difficulty, system difficulty, and level of anxiety. The ground truth FLA was

the self-report level of anxiety after each exercise.

4.3 Data Analysis and Results for Reducing FLA

4.3.1 RQ 2.1: Effect of Learner Performance and Feed-

back Type on FLA

RQ 2.1 asked whether the correctness of the learner’s answer impacts

the effectiveness of motivational supportive feedback. To measure the learner’s

performance on each exercise, their score on that exercise was segmented

into one of three groups: correct (completely), partially correct (10–90%),

and incorrect. To answer this question, I conducted a two-way ANOVA

with the performance group and type of feedback as factors. The depen-

dent variable was FLA. The test revealed a significant effect of feedback type

F (5, 3422) = 10.445, p < .001 as shown in Table 4.1. To further investi-
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Table 4.1: Mean FLA (with SD) for learner’s performance and feedback type.

Explanatory Supportive

Correct 19.92 (25.45) 20.73 (22.07)
Partially Correct 34.67 (29.22) 33 (27.45)
Incorrect 46.09 (30.73) 37.28 (27.93)

gate the effect of the feedback type for each performance group, I did a

post-hoc test with a Bonferroni adjustment; I found only a significant dif-

ference between explanatory and supportive feedback for incorrect answers,

t(900) = 19.942, p < .001. However, there were no significant differences for

the feedback type within the correct group, t(1971) = .573, p = .449, or par-

tially correct group t(551) = 0.478, p = 0.49.

4.3.2 RQ 2.2: Effect of Feedback Type and Modality on

FLA

RQ 2.2 asked whether there are interactions between feedback type

and modality when reducing FLA. I did a two-way ANOVA with feedback

type (explanatory vs. motivational supportive) and feedback modality (text

vs. voice vs. agent) as between-subjects factors. The results revealed no main

effect of feedback modality, F (2, 3429) = .018, p = .982. There was, however,

a main effect of feedback type, F (1, 3429) = 13.314, p < .001, and a crossover

interaction between feedback type and modality, F (2, 3429) = 22.78, p < .001

see Table 4.2.

Using a post-hoc test with a Bonferroni adjustment, I found no sig-

nificant difference between motivational supportive feedback present by text
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Table 4.2: Mean FLA (with SD) for feedback modality and type.

Explanatory Supportive

Text 33.57 (31.15) 23.27 (25.04)
Voice 25.73 (31.16) 30.67 (26.23)
Agent 30.87 (26.13) 25.81 (24.96)

and by agent, t(1151) = 2.937, p = .366. Also, there was no significant dif-

ference between explanatory feedback presented by text or agent, t(1070) =

1.511, p = .302. There was no significant difference between explanatory feed-

back given by voice and motivational supportive feedback given by the text,

t(1140) = 2.095, p = .148. There was no significant difference between ex-

planatory feedback given by voice and motivational supportive feedback given

by the agent, t(1269) = .002, p = .961. There was no significant difference

between explanatory feedback given by the agent and motivational supportive

feedback presented by voice, t(1045) = .014, p = .906.

4.3.3 RQ 2.3: Effect of Feedback Type and Modality on

FLA by Gender

First, I did a one-way ANOVA to understand whether there are gender

differences in FLA when using the e-learning system. The results revealed a

significant effect of gender on FLA, F (3, 3434) = 24.601, p < .001. Males re-

ported higher overall anxiety (M=33.07, SD=31.16) than females (M=25.164,
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Table 4.3: Mean FLA (with SD) for feedback type and modality between
gender.

Male Female

Explanatory Supportive Explanatory Supportive

Text 44.41(37.87) 29.38 (21.76) 27.39(24.57) 21.43(25.69)
Voice 29.65 (34.71) 33.97(26.88) 20.22(24.37) 27.25(26.63)
Agent 42.69 (27.73) 24.37(23.06) 27.12(24.47) 26.67 (26.04)

SD=25.456). Only one participant chose “Other” as gender (M= 45.95, SD=

12.6), and one chose “Prefer not to specify” (M=26.96, SD=11.95) 2.

RQ 2.3 asked whether there are interactions between gender, feedback

type, and modality when reducing FLA. A factorial ANOVA was done with

gender, feedback type (explanatory vs. motivational supportive), and feedback

modality (text vs. voice vs. agent) as the factors. Afterward, to understand

the effectiveness of the interaction between feedback type and modality in each

group, I split the data based on gender.

The results revealed a main effect of gender, F (3, 3388) = 77.826, p <

.001. This finding was qualified by interactions between gender and feedback

type F (1, 3388) = 23.117, p < .001. However, the interaction between gender

and feedback modality did not reach the α < 0.05 threshold: F (2, 3388) =

2.753, p = .064. The predicted interaction among gender, feedback type, and

feedback modality was significant F (2, 3388) = 4.717, p = .009 see Table 4.3.

There was no main effect of feedback type for females t(2088) = 0.197, p =

.657. The impact of feedback modality for females did not reach the α < 0.05

2I excluded (“Others” and “Preferred not to say”) from the following analysis because
there was only one participant in each group.
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threshold: F (2, 2088) = 2.745, p = .064. However, there was a significant inter-

action effect of feedback type and modality in females F (2, 2088) = 10.644, p <

.001. Using a post-hoc test with a Bonferroni adjustment, I found no signifi-

cant difference between supportive feedback presented by text and explanatory

feedback presented by voice, t(655) = .368, p = .545.

There was no main effect of feedback modality in males F (2, 1299) =

2.809, p = .061. There was a main effect of feedback type in males F (1, 1299) =

27.603, p < .001. Moreover, there was a significant difference in the interaction

between feedback type and modality in males F (2, 1299) = 17.994, p < .001.

Using a post-hoc test with a Bonferroni adjustment, I found no significant

difference between motivational supportive feedback presented by text and

explanatory feedback presented by voice, t(485) = .006, p = .937. There was a

significant difference between motivational supportive feedback given by text

and by agent t(358) = 3.883, p = .05.

4.3.4 RQ 2.4: Effect of Feedback Type and Modality on

FLA by Gender and Performance

RQ 2.4 asked whether there are interactions between gender, perfor-

mance, feedback type, and modality. An ANOVA revealed no interaction ef-

fect among feedback type, modality, gender, and performance F (4, 3381) =

0.981, p = 0.417. Also, there was no interaction effect between feedback

type, modality, and performance F (4, 3381) = 0.211, p = 0.933. However,

there was an interaction between feedback type, gender, and performance

F (2, 3381) = 3.644, p = 0.026 see Table 4.4.
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Table 4.4: Mean anxiety (with SD) for learner’s performance and feedback
type between gender.

Male Female

Explanatory Supportive Explanatory Supportive

Correct 23.93(31.17) 24.46(22.83) 17.42(20.75) 17.82(21.27)
Partially 39.28(34.28) 32.59(25.09) 31.41(24.63) 33.49(29.22)
Incorrect 54.33(34.16) 38.32(26.24) 39.06(25.51) 36.72(29.02)

Using a post-hoc test with a Bonferroni adjustment, I found no signif-

icant difference for female and performance between motivational supportive

and explanatory feedback, incorrect answer F (2, 3370) = 1.081, p = .299, par-

tially correct answer F (2, 3370) = .532, p = .466, correct answer F (2, 3370) =

.075, p = .784. I found no significant difference in the correct answers for males

between motivational supportive and explanatory feedback, F (2, 3370) = .075, p =

.784. However, there was a significant difference in incorrect answers between

motivational supportive and explanatory feedback, F (2, 3370) = 33.616, p <

.001. Also, there was a significant difference for partially correct answers be-

tween motivational supportive and explanatory feedback, F (2, 3370) = 3.63, p =

.057.
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4.4 Research Question 2: Discussion for Reduc-

ing FLA

4.4.1 RQ 2.1: Effect of Learner Performance and Feed-

back Type on FLA

My second research question was how different types of feedback and

methods for presenting that feedback reduce learners’ anxiety levels while

learning a foreign language. I used a 2x3 factorial design with two types of

feedback (explanatory and motivational supportive) and three delivery modal-

ities: text, voice, and an animated agent.

RQ 2.1 examined the relationship between the learner’s performance

and the effectiveness of the different types of feedback in reducing FLA. In

other words, does the impact of the feedback differ based on whether the

learner answers correctly or not? Following D’Mello and Graesser (2013), I

hypothesized that motivational supportive feedback would only be effective

when learners answered incorrectly. As shown in Table 4.1, there was a clear

pattern of anxiety levels by performance, with the lowest levels of anxiety re-

lated to correct answers, the highest with incorrect answers, and the partially

correct in between. That held for both types of feedback. The highest level

of anxiety was reported by students giving incorrect answers and getting ex-

planatory feedback. It should be noted, however, that the results reported

by D’Mello and Graesser (2013) were based on a median split into high- and
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low-prior knowledge learners based on the pre-test. I analyzed the data on an

exercise-by-exercise basis.

My results did show that the lowest anxiety level was reported by learn-

ers who answered correctly and received explanatory feedback; however, this

was not significantly lower than the level of anxiety for correct answers when

receiving motivational supportive feedback. Conversely, the highest anxiety

level was reported by learners answering incorrectly and receiving explanatory

feedback. This finding indicates that when the learners answered correctly,

they felt less anxious when receiving explanatory feedback. However, they

reacted more positively to motivational, supportive feedback when they an-

swered incorrectly. Thus, my hypothesis was supported.

My findings align with those in D’Mello and Graesser (2013), which

indicate that it is important to be supportive only when needed. In the study

presented in this chapter, the type of feedback the participants received was

based not on their knowledge level or their answers’ correctness but on their

assigned condition. Motivational supportive feedback that is provided adap-

tively — only when needed — could show a more substantial effect on reducing

anxiety, which I will discuss in Chapter 5.

4.4.2 RQ 2.2: Effect of Feedback Type and Modality on

FLA

RQ 2.2 asked whether there would be a difference in FLA based on feed-

back type and modality. I hypothesized that motivational supportive feedback

provided by an animated agent would be most successful at reducing FLA. Fo-
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cusing first on feedback type alone, I found a main effect across modalities.

Both explanatory and motivational supportive feedback types included expla-

nations that focused on the correct answers. Such explanations have been

shown to help learners build accurate mental models that increase learning

(Clark & Mayer, 2016). The motivational supportive feedback helps in low-

ering learners’ anxiety level (Deloatch et al., 2017; Hayasaki & Ryan, 2022;

Heilmann et al., 2016; Jin & Dewaele, 2018) when presented as text or agent.

It is worth mentioning that agent feedback consists of an animated

agent accompanied by voice and text, which means there is an interaction

between the modalities that could explain the lack of a significant difference

between modalities. There may also be other factors that influence the modal-

ity results.

When I looked more closely and analyzed the interactions between the

feedback type, and feedback modality, I found some significant and somewhat

surprising differences. I found that the modality for providing feedback did

not have an overall effect in reducing FLA. As shown in Table 4.2, anxiety

levels differed across the modalities, but not uniformly.

I found a more interesting, nuanced picture of the interactions between

feedback type and modality. Learners who received motivational supportive

feedback presented by text reported the lowest anxiety level, followed by a mo-

tivational supportive agent and explanatory feedback presented by voice, but

there was no significant difference between these three groups. Overall, motiva-

tional supportive feedback helped in lowering the anxiety level. This is consis-

tent with Hayasaki and Ryan (2022) who urge the use of a supportive learning
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environment to reduce FLA. As expected, learners receiving explanatory text-

only feedback reported the highest anxiety level, so my hypothesis, which was

motivational supportive agent reduces FLA, was partially supported.

4.4.3 RQ 2.3: Effect of Feedback Type and Modality on

FLA by Gender

RQ 2.3 asked if there were gender differences concerning anxiety when

using an e-learning system for learning a foreign language. Equity, in an ed-

ucational context, requires optimizing learners’ outcomes regardless of gender

or learning style (Hasan & Fatimah, 2014). Because prior research on gender

and FLA showed conflicting results, I did not have strong expectations of how

my results would turn out, only that there might be differences based on gen-

der. My results showed that males experienced a higher level of anxiety than

females. It could be, however, that different types of interactions were more

effective for females than for males.

I addressed the interactions between gender and feedback type and

modality. I did not find gender-based differences between different feedback

modalities. However, I found gender differences based on the feedback type

and the combination of feedback type and modality.

Females’ anxiety levels were lowest when receiving voice-based explana-

tory feedback followed by motivational supportive text; however, there was no

significant difference between these two treatments. This implies that females

feel calmer when hearing the explanation of the correct answer. Also, they feel

relaxed when reading motivational supportive feedback. Since there was no
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significant difference in feedback type or modality for females and no significant

difference between explanatory feedback presented by text and motivational

supportive feedback presented by the text, I will investigate the effectiveness

of the explanatory feedback presented by voice in Chapter 5.

Males’ anxiety levels were significantly lowest when receiving agent-

based motivational supportive feedback. There was a significant difference

for males between feedback types. Overall, males’ anxiety was lower when

receiving motivational supportive feedback regardless of the modality. This

result aligns with Beege and Schneider (2023), who found that enthusiastic

animated agents promote a positive emotion activation for males. An interac-

tion between the feedback type and modality affects the males’ anxiety levels.

My hypothesis was partially supported that each gender benefits from different

feedback types and modalities.

4.4.4 RQ 2.4: Effect of Feedback Type and Modality on

FLA by Gender and Performance

I wanted to determine if there are interactions between gender, perfor-

mance, and feedback type and modalities. My results echo previous research

that males benefit from motivational support when answering incorrectly (Ar-

royo et al., 2011). However, it must be noted that in my study, the motiva-

tional supportive feedback was not provided adaptively; it was offered either

all the time or never, depending on the condition. This could explain why

the learners did not get the maximum benefits from the motivational support-

ive feedback. However, there is a clear pattern that supports Hypothesis 2.1;
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males’ anxiety level was lower when they answered incorrectly and received

motivational supportive feedback. There was no clear pattern when learners’

answers were correct; both males’ and females’ anxiety levels were insignifi-

cant across feedback types. My hypothesis was not supported; the interaction

between gender, performance, and feedback type still needs further analysis,

which could be done in future work.

4.5 Research Question 2: Summary

This chapter studied ways to reduce FLA using varied feedback types

and modalities. I used motivational supportive feedback, and explanatory

feedback presented by text, voice, and agent. The summary of the important

conclusions is as follows:

• The correctness of the learner’s answer impacts the effectiveness of mo-

tivational supportive feedback in reducing FLA. Particularly, when the

learners answer incorrectly, their anxiety level is reduced more when re-

ceiving motivational supportive feedback.

• Feedback type affects learners’ anxiety levels. Specifically, learners’ anxi-

ety was lower when receiving motivational supportive feedback from text

or an agent.

• Overall, males’ anxiety levels were higher than females. In particular,

male anxiety was high when receiving explanatory feedback presented by

text, while it was low when receiving motivational supportive feedback
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presented by agent. Also, males’ anxiety levels were lower when they

answered incorrectly and received motivational supportive feedback.

This chapter discussed answering Research Question 2 about ways to reduce

FLA. I incorporated these methods within an adaptive system to detect and

reduce FLA within an emotionally intelligent tutoring system. Chapter 5

will discuss answering Research Question 3 about the effectiveness of adaptive

motivational feedback.
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Chapter 5

Emotionally Adaptive ITS

Research Question 3 focuses on whether using an adaptive feedback

approach sensitive to the learner’s emotion is more effective at reducing FLA

than using a fixed feedback approach1.

RQ3: Is an adaptive motivational feedback strategy more effective than a

fixed feedback strategy?

The general objectives of answering this research question are:

• To understand the effectiveness of an adaptive feedback strategy com-

pared to a fixed feedback strategy in reducing FLA.

• To understand the effectiveness of adaptive feedback strategy compared

to fixed feedback strategy in increasing learning gain.

As detailed in Chapter 2, prior research on this has been equivocal.

An emotionally adaptive system measures the learners’ emotional state and
1Portions of the content of this chapter have been published in (Ismail & Hastings, 2023).
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bases feedback on that state. The goal of assessing when to provide emotional

support when teaching English as a second language is to improve positive

emotions, reduce negative emotions, and enhance achievements. An adaptive

system that determines the type of feedback based on the learner’s emotional

state can benefit learning (Harley et al., 2016). However, the literature does

not offer us a clear assessment of the overall effectiveness of an emotionally

adaptive system for detecting and reducing FLA. Through my study, I as-

sessed its effectiveness within a foreign language system. I compared adaptive

feedback with fixed feedback to enhance learning and reduce FLA.

5.1 Hypotheses for Research Question 3

To answer Research Question 3 about the effectiveness of an emotion-

ally adaptive system in reducing foreign language anxiety, I created the fol-

lowing sub-questions:

5.1.1 Effectiveness of Adaptive Feedback for Reducing

FLA

RQ 3.1: How effective is an adaptive feedback approach relative to a fixed

feedback approach for reducing FLA?

Previous research has shown that emotionally intelligent tutoring systems in

different domains can improve learners’ emotional states, for example, ( Arroyo

et al., 2014; Mohanan et al., 2017). Specifically, adaptive system can reduce
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anxiety and increase confidence when learning math (Hwang et al., 2020; Jebur

et al., 2022; Yu et al., 2023). This led me to hypothesize:

Hypothesis 3.1: Providing emotionally adaptive feedback would reduce FLA.

5.1.2 Effectiveness of Adaptive Feedback to Increase Learn-

ing Gain

RQ 3.2: How effective is an adaptive feedback approach relative to a fixed

feedback approach for increasing learning?

Adaptive learning system helped to increase learning gain (S. Wang et al.,

2023). Specifically, using an adaptive tutor within a math e-learning system

improves the learners’ performance (Arroyo et al., 2014; Hwang et al., 2020;

S. Wang et al., 2023; Yu et al., 2023). Other researchers found that both

adaptive and fixed feedback could help increase learning gain, but the adap-

tive feedback helped the learners to get superior learning gain than the fixed

feedback (Bimba et al., 2021).

Hypothesis 3.2: I hypothesized that using an adaptive feedback strategy is

an effective method to increase foreign language learning.

5.1.3 Effectiveness of Interventions Based on Prior Knowl-

edge

RQ 3.3: Is there a difference between the effectiveness of adaptive emotionally

supportive feedback on low vs. high knowledge learners?
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An adaptive affective e-learning system helped high achievers to maintain high

knowledge acquisition and at the same time helped low achievers to improve

their performance (Hwang et al., 2020). It is worth mentioning that high prior

knowledge learners could feel less anxious than low prior knowledge learners

(J. C. Yang & Quadir, 2018), which affects their benefits from the emotional

support. Adaptive motivational supportive feedback helps low prior knowl-

edge learners to achieve high learning gain (D’Mello & Graesser, 2013), which

indicates that low prior knowledge learners can benefit more from the adaptive

feedback.

Hypothesis 3.3: I hypothesized that learners with low prior knowledge would

feel calmed down more easily by the adaptive emotionally supportive sys-

tem.

5.1.4 Effectiveness of Adaptive Feedback on Anxious/Non-

anxious Learners

RQ 3.4: Is there a difference between the effectiveness of adaptive emotionally

supportive feedback on anxious vs. non-anxious learners?

Anxious and non-anxious learners react differently in the language learning en-

vironment. Anxious learners get disturbed by their errors, while non-anxious

learners are not bothered (Gregersen & Horwitz, 2002), which could affect

their overall emotional state. Moreover, Guo et al. (2018) found that anx-

ious learners are less likely to use self-regulatory strategies to cope with their
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anxiety; thus, they suggested using adaptive feedback to reduce FLA to help

anxious learners.

Hypothesis 3.4: I hypothesized that an emotionally adaptive system would

help anxious more than non-anxious learners.

5.2 Method for Emotionally Adaptive ITS

This section describes the methodology used to test these hypotheses.

First, I will describe the tutoring system structure from a pedagogical and

technical point of view. I will also describe the system architecture, experi-

mental design, participants, measures, and data analysis.

5.2.1 E-Learning System 3

To create an emotionally intelligent tutoring system, I modified the

e-learning system 2 to measure anxiety levels in real time with a machine

learning model, and to provide intervention adaptively. I also added a pre-test

(see Appendix E) and post-test (see Appendix I) to measure the learning gain.

The new e-learning system was constructed using Python, MYSQL,

PHP, HTML, and JavaScript. The animated agent was created using Media

Semantics. The system architecture has two aspects: pedagogical and machine

learning. The pedagogical aspect is similar to that used in e-learning system

2 (see Section 3.5.1), adding the pre- and post-tests to measure learning. The

machine learning aspect was designed to detect FLA using sensor-free human

behavioral metrics and provide the appropriate intervention.
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Before designing the pre-post tests, I created learning objectives. These

objectives followed Bloom’s Revised Taxonomy (Krathwohl, 2002). This Tax-

onomy has two dimensions: The Cognitive Process dimension (CPD) and the

Knowledge dimension (KD). Each of these categories has subcategories. The

Cognitive Process dimension includes: Remember, Understand, Apply, An-

alyze, Evaluate, and Create. The Knowledge dimension includes: Factual,

Conceptual, Procedural, and Metacognitive knowledge.

Following is a description of the learning objectives and their connection

with Bloom’s Revised Taxonomy:

1. Select the appropriate vocabularies:

The first learning objective is categorized as 4. Analyze for the Cogni-

tive Process, specifically 4.1 Differentiating because the learner needs

to analyze the sentences and select the vocabulary that suits the context.

The learners must detect the sentences’ meaning to choose the correct

vocabulary. They should build an interrelationship between the sentence

fragments to generate the proper structure. Therefore, it is under the

umbrella of Bc. Knowledge of theories, models, and structures

a subcategory of B. Conceptual Knowledge.

2. Recognize the key facts of the listening material:

This learning objective is classified as 1. Remember, specifically 1.1

Recognizing for the Cognitive Process because it focuses on remem-

bering the main idea and recognizing the key facts. Overall, the learners

will make logical connections and conclusions between different parts.

By performing the listening exercise, they should make a conceptual
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generalization under the B. Conceptual Knowledge specifically Bb.

Knowledge of principles and generalizations.

3. Apply the correct grammar rule

This learning objective is categorized as 3. Apply for the Cognitive Pro-

cess, precisely 3.1 Execute because the learners should perform a famil-

iar task. They must convert direct to indirect speech, allowing them to

apply the same concepts in real-life situations by restating what someone

said. Learners should execute the same concepts in a similar procedure,

which is C. Procedural Knowledge, explicitly Cc. Knowledge of

criteria for determining when to use appropriate procedures.

4. Understand the content and be able to summarize it:

This learning objective is classified into 2. Understand, clearly 2.4

Summarizing for Cognitive Process because the learners must read, un-

derstand, and summarize the passage. They should know how to retrieve

information about a specific topic, teaching them to focus, pay attention

to specific details, and summarize what they learned. These learning ob-

jectives fall under A. Factual Knowledge because the learner should

pay attention to specific elements which consider Ab. Knowledge of

specific details and elements.

5. Apply the correct punctuation:

This learning objective is categorized as 3. Apply, exactly 3.2: Im-

plementing for the Cognitive Process because the learners should im-

plement techniques learned before in a new situation. They must put
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Table 5.1: Bloom’s revised classification of learning outcomes.

Cognitive Process Dimension

Knowledge
Dimension

Remember Understand Apply Analyze

Factual
Knowledge

LO 4:
Summarize
content

Conceptual
Knowledge

LO 2:
Recognize
key facts

LO 5:
Apply
punctuation

LO 1:
Select
appropriate
vocabularies

Procedural
Knowledge

LO 3:
Apply
grammar
rules

punctuation on any piece of text. By doing so, they should make in-

terrelationships among the text elements that enable them to produce

a correct structure, requiring the use of B. Conceptual Knowledge.

They should place the appropriate punctuation in the contextual text,

considered as Ba. Knowledge of classifications and categories.

Table 5.1 shows Bloom’s Revised Classification matrix of learning out-

comes.

5.2.2 Design

I did pilot testing with six participants to verify the system’s effective-

ness in providing adaptive feedback and ensuring that the system works on all
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standardized browsers and devices. I modified the system based on the par-

ticipants’ feedback and interaction to ensure no interruption. I also calculated

the average time spent on the system. Importantly, I compared the pre-test

and the post-test to ensure the reliability and validity of the measurements.

The pre-test and post-test were equivalent but not identical to avoid bias and

confounding effects. To ensure no difference between the two tests, I did a par-

allel forms reliability evaluation, assessing that the two tests are equivalent.

Using the pilot test data, I did a correlation analysis between the pre-test and

post-test. I found a significant positive strong correlation between pre-test and

post-test r = 0.504, p = 0.01.

5.2.3 Conditions

A four-group design was used: In the adaptive condition, the partici-

pants received adaptive feedback, either explanatory or motivational support-

ive feedback presented in text, voice, or animated agent as decided by the

machine learning algorithm. In the explanatory-text condition, the partici-

pants always received static explanatory feedback in text and voice. In the

motivational supportive agent condition, the participants always received mo-

tivational supportive feedback from an agent. In the explanatory-voice condi-

tion, the participants always received text-only explanatory feedback.

I used 3 fixed instead of six because, based on the results presented

in Chapter 4, there was no significant difference between some groups. The

adaptive feedback provided explanatory or motivational supportive feedback

presented by the text, voice with text, or agent with voice and text. The
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machine learning model decided which intervention would better reduce the

learner’s anxiety.

As discussed in Chapter 4 and based on Ismail and Hastings (2021),

I knew that motivational supportive feedback presented by the agent could

reduce FLA the most, followed by explanatory text feedback. Thus, I used a

motivational supportive agent and explanatory text as a fixed strategy con-

dition. Following research supporting the use of recorded voice along with

text for foreign language learners (Clark & Mayer, 2016), the voice explana-

tory condition added recorded voice to the feedback in the text explanatory

condition.

I detected FLA using machine learning to build an emotionally in-

telligent tutoring system. Based on the results of Research Question 1.3 (see

Section 3.6), I implemented a Random Forest Chain Regressor model in scikit-

learn Python machine learning library (Pedregosa et al., 2011) to predict FLA,

change in FLA, and intervention. The predicted FLA measures the learner’s

current anxiety level. The change in FLA measures the difference between the

current FLA and the anxiety level after receiving the intervention (Ismail &

Hastings, 2023).

5.2.4 Participants

One hundred and eight participants did the study (Adaptive N=26,

Voice Explanatory N=21, Agent Supportive N=30, Text Explanatory N=31).

All participants who finished the study in good faith received $15 Amazon gift

card. I discarded the data from participants who spent less than 30 minutes
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doing the exercises because, based on the pilot testing, the exercises should

take at least 30 minutes to do in good faith, as opposed to just clicking without

reading.

5.2.5 Model for Selecting Intervention

First, I divided the data, which was extracted from the study that

was described in Section 4.2, into six groups based on the type and modality

used. I applied a Random Forest Chain Regressor algorithm for each group

to calculate FLA and change in FLA after using the intervention. I used 10-

fold cross-validation and 100 random generations for each model for the chain

order. There were nine independent features: FLCAS score, all pre-exercise

scores, the current exercise score, pre-incorrect answer, exercise duration, rele-

vant exercise duration, exercise type, age, and English level (see Section 3.5.5)

and two dependent variables (FLA and change in FLA)2. To provide adaptive

intervention, I predicted the intervention based on the Random Forest algo-

rithm, which chose the intervention that caused the maximum reduction in

FLA.

5.2.6 Measures

First, the participants provided demographic information (age, gender,

English level, educational degree, native language, marital status, employment

status, and number of years studying English). After that, they completed

the FLCAS questionnaire to measure their anxiety during English class. Then
2I used Joblib library for the pipeline jobs.
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they answered the pre-test, which consists of five sections (vocabulary, listen-

ing, grammar, reading, and writing) described in Section 5.2.1. After that,

they did 26 exercises, the same exercises used in e-learning system 2. (See

Section 3.5.1.) After each exercise, the machine learning algorithm calculated

the anxiety level reduction and gave feedback according to the assigned condi-

tion. If the participant was in the adaptive condition, they received feedback

based on their anxiety level. After each exercise, the participants gave a self-

report about their current anxiety level, which consists of a slider from calm

(0) to anxious (100). (See Figure 5.1.) After completing all the exercises,

the participants answered post-test questions similar to the pre-test but not

identical to avoid the confounding effect as described in Section 5.2.1.

Figure 5.1: Level of anxiety self-report.
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5.3 Data Analysis and Results for Emotionally

Adaptive ITS

5.3.1 Comparing Machine Learning Models

The original machine learning model used in this study was built based

on all the data from Section 4.2.3 before removing data from participants who

rushed through the study. To demonstrate that the machine learning model

used in the study was still valid, I built a new model after removing data from

the rushing participants and compared the two models.

I did a paired samples t-test analysis to compare the intervention used

in the adaptive system with the intervention predicted from the new model.

I found no significant difference between the intervention suggested by the

original and modified model for the feedback type x2 = .13, df = 1, p = .719.

Table 5.2 shows the number and percentages of the different types of feedback

that the two models suggested for most effectively reducing FLA for the 5982

instances of feedback from the system.

Table 5.2: Occurrences and percentages of feedback type.

Original Model Modified Model

Explanatory 2566 (43%) 1994 (34%)

Supportive 3416 (57%) 3988 (66%)

For feedback modality, however, there was a significant difference x2 =

10.107, df = 4, p = .039. Table 5.3 shows the number and percentages of differ-

170



ent modalities of feedback that the two models suggested for most effectively

reducing FLA.

Table 5.3: Occurrences and percentages of feedback modalities.

Original Model Modified Model

Text 386 (6%) 3330 (56%)

Voice 2073 (35%) 1104 (18%)

Agent 3523 (59%) 1548 (26%)

5.3.2 RQ 3.1: Effect of Adaptive Feedback to Reduce

FLA

RQ 3.1 asked about the effectiveness of adaptive feedback for reducing

FLA. To address this, I did an ANOVA to compare the reduction of learners’

FLA when using adaptive feedback vs. fixed feedback. The reduction of FLA

is calculated as the level of anxiety before and after receiving the intervention,

I used the following formula:

Change in FLA = Predicted FLA− Self -reported FLA (5.1)

The independent variable was the difference between predicted anxiety

and self-reported anxiety. I found a significant reduction in anxiety in the

adaptive condition F (3, 2792) = 13.542, p < .001. Table 5.4 and Figure 5.2
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Table 5.4: Change in FLA between groups.

Mean SD SE

Adaptive 7.56 31.42 1.21

Voice explanatory 3.33 30.35 1.3

Agent supportive 6.18 31.44 1.13

Text explanatory -1.64 28.62 1.01

present the mean and standard deviation for the change in FLA after receiving

the feedback.

To investigate this more thoroughly, I did separate t-tests comparing

adaptive with other conditions; there was a significant difference between the

adaptive and explanatory text, t(1469) = 5.871, p < 0.001. Also, there was a

significant difference between the adaptive and voice explanatory, t(1214) =

2.371, p = .018. But there was no significant difference between the adaptive

and motivational supportive agents, t(1448) = .834, p = .404.

5.3.3 RQ 3.2: Effect of Adaptive Feedback for Increasing

Learning Gain

RQ 3.2 was about empowering learning with fixed or adaptive feedback.

First, to ensure no difference in the prior knowledge between the four groups,

I did an ANOVA with a pre-test as an independent variable. I found no

significant difference F (3, 539) = 1.181, p = .316.

To answer the second sub-question about the effectiveness of adaptive

feedback in increasing learning gain, I compared the pre-test and post-test

172



Figure 5.2: Change in FLA between groups.

results using paired samples t-test analysis. Overall, I found a significant

difference between pre-test and post-test scores, t(539) = −8.152, p < .001

with a higher score for post-test (M = 57.32, SD=34.25) than pre-test (M =

44.59, SD=29.18).

Then, I did paired samples t-tests for each condition. For the adap-

tive condition, I found that post-test scores were significantly higher (M =

61.12, SD = 34.8), than pre-test scores (M = 47.55, SD=30.25), t(129) =

−4.274, p < .001. The effect size for this learning gains (d = .4) is con-

sidered moderate. Also, I found that post-test scores were significantly higher

than the pre-test for the fixed groups: motivational supportive emotional feed-

back presented by agent t(149) = −3.695, p < .001, explanatory text feedback

t(154) = −3.099, p < .001, but the effect size was small (d= .33, and re-

spectively d= .39). The post test scores were also significantly higher for
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Table 5.5: Mean score (with SD) for pre-test and post-test.

Pre-test Post-test Effect size

Adaptive 47.55 (30.25) 61.12 (34.8) .4

Voice explanatory 45.08 (29.86) 60.43 (32.59) .49

Agent supportive 45.19 (28.69) 53.52 (33.94) .33

Text explanatory 41.18 (28.22) 53.52 (33.94) .39

explanatory voice feedback t(104) = −4.288, p < .001, however, the effect size

was moderate (d= .49) as shown in Table 5.5.

To find the difference between conditions, I calculated the normalized

change score using the following formulas (Marx & Cummings, 2007):

c =



post−pre
100−pre

post > pre

drop post = pre = 100 or 0

0 post = pre

post−pre
pre

post < pre

(5.2)

Then, I did an ANOVA using the normalized change as the dependent

variable and the four conditions themselves as the independent variable3. As

shown in Figure 5.3, overall, I found no significant difference between the

conditions F (3, 508) = .222, p = .881. Then I did separate t-tests comparing

adaptive with other conditions; there was no significant difference between
3I used the normalized change instead of the normalized gain because it eliminated the

bias associated with low pre-test scores and equal pre-post-test scores.
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adaptive and motivational supportive agent t(257) = .43, p = .667. Also, nor

was a significant difference between adaptive and explanatory voice t(216) =

−.243, p = .808. Also, there was no significant difference between adaptive

and explanatory text t(266) = .434, p = .665.

Figure 5.3: Learning gain between conditions.

5.3.4 RQ 3.3: Effect of Interventions Based on Prior

Knowledge

RQ 3.3 asked whether prior knowledge affects the effectiveness of the in-

terventions. Before understanding the effectiveness of the interventions based

on prior knowledge, a Shapiro-Wilk test was conducted for pre-test scores to

understand whether they were normally distributed. I found that the pre-test

scores were normally distributed among the conditions (adaptive p = .411,
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voice explanatory p = .443, agent supportive p = 0.077, text explanatory

p = 0.355) see Figure 5.4.

Then I did a median split for the prior knowledge to divide the partici-

pants into low (N= 54) and high (N= 54) knowledge (M= 43.81, SD= 13.9).

(a) Adaptive.

(b) Voice explanatory.
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(c) Agent supportive.

(d) Text explanatory.

Figure 5.4: Normal Q-Q plots of prior knowledge.
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Table 5.6: Mean FLA reduction (with SD) for low and high knowledge.

Low Prior Knowledge High Prior Knowledge

Adaptive 3.66 (33.66) 10.88 (29.02)

Voice explanatory 0.21 (32.34) 5.68 (28.58)

Agent supportive 10.39 (34.02) 2.97 (28.95)

Text explanatory -4.32 (28.93) 3.33 (27.43)

To answer this sub-research question, I did an ANOVA to compare the reduc-

tion of learners’ FLA when using adaptive feedback vs. fixed feedback based

on learners’ prior knowledge. As mentioned above, the reduction in FLA was

calculated using the equation 5.1. I found a significant main effect of prior

knowledge F (1, 2792) = 7.524, p = .006, and overall crossover interaction be-

tween prior knowledge and conditions F (7, 2792) = 11.15, p < .001. Table 5.6

shows the mean and standard deviation of the change in FLA.

5.3.5 RQ 3.4: Effect of Adaptive Feedback on Anxious/Non-

anxious Learners

RQ 3.4 asked whether there is a difference in the anxiety level between

anxious and non-anxious learners when receiving adaptive feedback. Anx-

ious and non-anxious learners react differently and have distinct emotional

responses (Gregersen & Horwitz, 2002). As mentioned before in Section 3.2.4,

the FLCAS score classified the participants into anxious (score 90 or above)

or non-anxious (score below 90). I conducted a t-test to compare the effect of

adaptive feedback on anxious (N=16) and non-anxious (N=10) learners with
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dependent variable change in anxiety level between predicted and reported

anxiety. I found no significant difference t(670) = −.603, p = .547. Table 5.7

show the change in FLA for anxious and non-anxious learners.

Table 5.7: Change in FLA for adaptive feedback on anxious and non-anxious.

Mean SD Median

Anxious 8.14 34.36 7.45

Non-anxious 6.64 26.1 16.96

5.4 Research Question 3: Discussion

5.4.1 Comparing Machine Learning Models

To evaluate the validity of the machine learning model, I compared

the original model, which I used in the study, and the model that I rebuilt

using data from participants who did not rush through the study. I found

no significant difference in feedback type. This result means the two models

provided motivational supportive, or explanatory feedback identically or close

enough. However, there was a significant difference in feedback modality,

but this was expected because, based on Section 4.3.2 about the effect of

feedback type and modality on FLA, there was a difference between feedback

types, but there was no difference in feedback modality. Also, there was no

difference in the interaction between the motivational supportive agent and

the explanatory voice. There was no difference between supportive text and

explanatory voice. Moreover, there was no difference between the explanatory
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agent and the supportive voice. This inconsistency explains the insignificance

of the feedback modality between the two models. This could be checked in

further research.

5.4.2 RQ 3.1: Effect of Adaptive Feedback to Reduce

FLA

I wanted to determine whether adaptive feedback could reduce FLA

or not. Thus, I compared adaptive feedback with different combinations of

feedback types and modalities. An adaptive emotionally intelligent tutoring

strategy reduced anxiety more than fixed strategies (Ismail & Hastings, 2023).

This is aligned with H.-C. K. Lin et al. (2015), who found that an affective in-

telligent tutoring system reduced anxiety for learners of Japanese as a foreign

language. However, the results did not reach the α < 0.05 threshold be-

tween the adaptive feedback and the fixed motivational supportive agent. The

presence of the emotionally supportive agent helped reduce FLA regardless of

whether the system is adaptive. This partially replicates previous research,

which found that emotionally supportive agents reduce FLA (Ayedoun et al.,

2019; Ismail & Hastings, 2021). The adaptive feedback significantly reduced

FLA compared to explanatory text and voice feedback. This supports previ-

ous research, which suggests providing adaptive feedback based on the learner’s

emotional state (Harley et al., 2016; Ismail & Hastings, 2023). Therefore, my

hypothesis was partially supported.
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5.4.3 RQ 3.2: Effect of Adaptive Feedback for Increasing

Learning Gain

RQ 3.2 asked whether an adaptive feedback approach is effective for

increasing learning gain. When looking at the pre-test to post-test results,

there was no significant change between adaptive and fixed feedback. This

may not be surprising considering that the tutoring system’s content is rela-

tively difficult, on par with TOEFL and IELTS English language standardized

tests. This may limit how much the learners’ anxiety levels would be reduced

throughout the study and determine the extent of their learning achievement.

It may take a while to pay off longer than a study, perhaps more comprehen-

sive interaction with others. The hypothesis was not supported because there

was no significant difference between the four conditions.

5.4.4 RQ 3.3: Effect of Interventions Based on Prior

Knowledge

RQ 3.3 asked whether there is a difference in FLA reduction between

conditions based on prior knowledge. First, it should be noted that the ma-

chine learning model did not take into account the learners’ prior knowledge,

which could affect its ability to appropriately adapt to high prior knowledge

or low prior knowledge learners. High achievers could need motivational sup-

portive feedback when they answer incorrectly, while they prefer explanatory

feedback when they answer correctly. They might even feel irritated by moti-

vational supportive feedback when they feel they do not need it. This finding
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is aligned with previous research, which found that high-domain knowledge

learners appreciate support but only when they need it (D’Mello & Graesser,

2013). These results explain the insignificant difference between adaptive and

motivational supportive feedback presented by the agent to reduce FLA pre-

sented in Section 5.3.2. Both interventions help different groups of people to

reduce their anxiety. The adaptive feedback helped the high-knowledge learn-

ers, while the motivational supportive feedback assisted the low-knowledge

learners.

It was clear that low-knowledge learners felt calmer during the study

when continuously receiving motivational supportive feedback presented by

the agent, which replicates previous research that found that low-domain

knowledge learners benefit from supportive more than explanatory feedback

(D’Mello & Graesser, 2013). The adaptive feedback made low-knowledge

learners calmed down but not as much as always receiving motivational sup-

portive feedback by the agent. Surprisingly, emotionally adaptive feedback

affected high-knowledge learners more positively than low-knowledge learners

because, as explained in Section 4.3, low achievers preferred to receive motiva-

tional supportive feedback. At the same time, there was inconsistency for high

achievers. My hypothesis was not supported because low-knowledge learners

did not benefit from the adaptive feedback.
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5.4.5 RQ 3.4: Effect of Adaptive Feedback on Anxious/Non-

anxious Learners

I wanted to determine if there is a difference between the effectiveness

of adaptive emotionally supportive feedback on anxious/non-anxious learners

in reducing FLA. There was no significant difference in FLA reduction between

anxious and non-anxious learners. It is worth mentioning that given the ran-

dom splitting between conditions, there were twenty-six participants in the

Adaptive condition; of these, ten were classified as non-anxious learners and

sixteen as anxious learners. Even though the difference in anxiety reduction

between anxious and non-anxious learners did not reach a significant level,

there was a trend for lower anxiety levels. Anxious learners’ anxiety levels

lowered more than non-anxious learners. Adaptive feedback helped both anx-

ious and non-anxious learners, reducing their anxiety levels. This is consistent

with previous research that mentioned anxious and non-anxious learners ap-

preciate the reminder to stay calm (Gregersen & Horwitz, 2002). Thus, my

hypothesis was not supported.

5.5 Research Question 3: Summary

This chapter studied the effectiveness of adaptive motivational sup-

portive feedback. To answer this Research Question, I built an emotionally

intelligent adaptive intelligent tutoring system. This system was built using

a machine learning model, specifically a Random Forest Chain Regressor. It
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used sensor-free human behavioral metrics as features to feed the model. A

combination of feedback types and modalities adaptively used to reduce FLA.

A pre-post test was used to measure the learning gain. To study the model’s

effectiveness, I compared adaptive and fixed feedback. The essential outcomes

are:

• Even though the originally used model included all previous data, I found

no difference in providing explanatory and motivational supportive feed-

back compared to the corrected model.

• When comparing the adaptive feedback approach with explanatory text

and voice, adaptive feedback significantly reduced FLA. Yet, there was

no significant difference between adaptive and motivational supportive

agent feedback.

• Learning gain was increased for adaptive feedback and fixed strategy.

Learners’ performance was improved when using the e-learning system

regardless of the feedback provided.

• Adaptive motivational supportive feedback helped reduce FLA for high-

prior knowledge learners, while the motivational supportive agent as-

sisted in reducing FLA for low-knowledge learners.

• Adaptive feedback helped both anxious and non-anxious learners to re-

duce their anxiety levels.

This chapter discussed Research Question 3 about the effectiveness of adaptive

motivational supportive feedback in reducing FLA and increasing learning
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gain. It was clear that adaptive feedback effectively reduced FLA more than

explanatory feedback. High-knowledge learners, in particular, benefited from

the adaptive feedback. Regarding learning gain, there was a small to moderate

increase in all conditions. Finally, adaptive feedback helped to decrease FLA

for both anxious and non-anxious learners with no significant difference.
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Chapter 6

Summary and Conclusion

For an emotionally intelligent language tutoring system to effectively

reduce FLA, it must be able to detect when the learner is anxious. Ideally,

this would be done with sensor-free human behavioral metrics because they

are scalable, practical, and not distracting. Once FLA is detected, different

methods can be used to reduce FLA effectively. In particular, I focused on

assessing animated agents and motivational supportive feedback, and the tim-

ing and adaptability of their intervention within the context of an e-learning

system. Learning about successful methods to reduce FLA is very important

because reducing FLA can increase interest in learning and motivation (M.

Liu, 2006; Lu et al., 2007).

As stated before, the impact of FLA goes beyond the class. It has a

long-lasting effect on emotions, health, and social activity. Moreover, FLA can

split the attention between emotion and cognition. Previous research proved

that while FLA reduces learners’ performance and achievements, it also affects
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their future selection of academic majors or career paths. Therefore, decreasing

FLA will improve learning achievements, and increase positive emotion, which

is important for mental health (see Section 2.2.2.)

Existing methods used to recognize FLA rely on either physical mea-

sures, self-reports, or facial expressions. These methods could provide accurate

results, but they could also annoy the learners, provoking more anxiety. In-

stead, measuring FLA using sensor-free human behavioral metrics can detect

FLA with minimal user interruption and without obstructing the learning pro-

cess (see Section 2.3.) In this dissertation, I have demonstrated how to detect

FLA using sensor-free human behavioral metrics. Also, I have shown that

using adaptive motivational supportive feedback presented by the agent can

reduce FLA and increase learning gain.

6.1 Summary

Through this study, three main research questions were investigated.

Research Question 1 addressed the effectiveness of human behavioral metrics

to detect FLA in the context of an e-learning system. Research Question 2 dis-

cussed the effectiveness of emotionally supportive feedback provided by various

modalities such as text, voice, and animated agents to reduce FLA. Finally,

Research Question 3 explored the efficacy of adaptive emotional supportive

feedback.
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6.1.1 Detecting FLA

To answer Research Question 1, I first (Experiment 1, Section 3.2)

compared FLA in the classroom and while using an e-learning system to un-

derstand the interaction between different anxiety-producing situations. The

results revealed that learner anxiety levels in a classroom corresponded with

those detected when using the e-learning system. I found several metrics that

can be used to determine when the learners are anxious: level of anxiety self-

report, language difficulty self-report, and change rate of blood pressure.

Also, through Experiment 1, I discovered that FLA can be identified by

learners’ interactions with the system. Language difficulty self-report, system

difficulty self-report, and exercise score account for about 30% of the variance

in predicting FLA, which is reasonable given that emotions (and anxiety in

particular) are notoriously difficult to identify. FLCAS consists of three com-

ponents that are considered dominant factors that affect FLA. During listening

exercises, the average communication apprehension part of FLCAS accounted

for 13% of the variance in anxiety. For speaking exercises, the average fear

of negative evaluation and the average communication apprehension parts of

FLCAS accounted for 21% of the variance in anxiety. For grammar exercises,

test anxiety scores from the FLCAS accounted for 18% of the variance in FLA.

For vocabulary exercises, test anxiety and fear of negative evaluation compo-

nents of FLCAS accounted for 25% of the variance in FLA. Overall, for any

exercise, all three components of the FLCAS accounted for 18% of the variance

in anxiety.
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I demonstrated that FLA can be detected using sensor-free human be-

havioral metrics in the context of an e-learning system. I discovered that FLA

can be detected without a direct sensor using FLCAS score, age, English level,

exercise topic, the average percentage of all previous exercises, the percentage

of previous incorrect scores, the current exercise score, the duration spent on

the exercise, and the average duration of exercises of the same section.

I evaluated the effectiveness of six machine learning methods. I found

that Random Forest, XGboost, and Gradient Boosting Regressor models out-

performed Linear Regression, Bayesian Ridge, and SVR. Random Forests cap-

tured up to 66% of the variability in anxiety. Although this variability is still

imperfect, it accounts for acceptable prediction of FLA because detecting emo-

tion is extremely difficult (Baker et al., 2012). I found that a Random Forest

model using sensor-free human behavioral metrics could effectively identify

FLA.

6.1.2 Reducing FLA

To reduce FLA, I examined the effectiveness of feedback type (ex-

planatory feedback vs. motivational supportive feedback) presented by various

modalities (text vs. voice and text vs. agent with voice and text). Overall,

this research demonstrates that FLA can be effectively reduced by different

combinations of feedback types and modalities.

I found that overall, motivational supportive feedback is effective in

lowering FLA, regardless of how it is delivered. Also, motivational supportive

feedback presented by text or agent reduced FLA.
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I also discovered, perhaps unsurprisingly, that the correctness of the

learner’s answer impacts the effectiveness of the motivational supportive feed-

back. Learners’ anxiety was lower when they received motivational supportive

feedback after answering incorrectly.

The study also revealed interactions between gender, feedback type, and

modality. Males’ anxiety levels were higher than female anxiety levels. The

interventions were more effective for males than females. Males’ anxiety levels

were the lowest when they received motivational supportive feedback presented

by the agent. Also, there was a gender interaction with feedback type and

performance, but the difference was only significant for males. Males’ anxiety

levels were reduced the most when they answered incorrectly and received

motivational supportive feedback.

6.1.3 Emotionally Adaptive ITS

Based on the results from Experiment 1 and Experiment 2, I built

an emotionally intelligent system that detected FLA and provided feedback

adaptively. To answer Research Question 3, I investigated the effectiveness

of the adaptive feedback strategy vs. fixed strategy for decreasing FLA and

increasing learning achievement. The adaptive feedback provided either ex-

planatory or motivational supportive feedback presented by text, voice, or

agent. I compared the adaptive feedback with three fixed strategies: motiva-

tional supportive feedback presented by the agent and explanatory feedback

presented by text or voice.
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I found that overall, adaptive feedback was effective, but there are some

factors that affect its effectiveness. For example, high-knowledge learners’ anx-

iety levels were reduced the most when they received adaptive feedback. With

respect to the learner’s prior anxiety levels, the adaptive feedback supported

both anxious and non-anxious learners. The learning gain was increased for

all conditions. Yet, there was no significant difference in the learning gain

between adaptive and fixed feedback.

6.2 Conclusions

Several conclusions can be drawn from this work that can apply to any

similar emotionally intelligent language tutoring system.

• Practical FLA detection: The main outcome from Research Ques-

tion 1 is that FLA can be detected, without any learning interruption, us-

ing sensor-free human behavioral metrics that can be extracted from any

e-learning system. In particular, these metrics provide features (FLCAS

score, all pre-exercise scores, the current exercise score, pre-incorrect an-

swer, exercise duration, relevant exercise duration, exercise type, age,

and English level) that can be used with a machine learning method like

Random Forest Regression, to effectively detect FLA.

• Interventions for reducing FLA: Overall, the outcome from Research

Question 2 is that motivational supportive feedback presented by an

agent or text assists in reducing learners’ anxiety levels. Anxiety lev-

els for males, in particular, were lower when they received motivational
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supportive feedback from an agent. Females’ anxiety levels were lower

when receiving explanatory feedback by voice or motivational supportive

feedback by text. When responding to the correctness of learners’ an-

swers, motivational supportive feedback helped reduce FLA, especially

when the answers were wrong.

• Emotionally intelligent adaptive tutoring for reducing FLA: The

outcome from Research Question 3 is that the adaptive feedback strat-

egy supports reducing FLA more than explanatory feedback by text or

voice. Yet, there was no significant difference between the motivational

supportive feedback presented by an agent and the adaptive feedback

strategy. The learning gain was moderate for both adaptive and fixed

strategies.

6.3 Limitations

In this dissertation, I showed that FLA could be detected using sensor-

free human behavioral metrics and reduced using adaptive motivational sup-

portive feedback. However, there are limitations to the conclusions that can

be drawn from this.

Most of the experimental studies in this dissertation were conducted

online. This was intentional because it allows the learners to do this in their

own environment, but from a scientific point of view it also can be seen as

a limitation. It enabled some participants to take shortcuts in completing

the tasks, presumably by paying little attention to the learning material and
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guessing the answers. After completing Experiment 3, I found that some of

the data (around 12.5%) from Experiment 2, which were used to create the

adaptive model, came from participants who had rushed through the exer-

cises. To determine how that affected my results for Experiment 3, I rebuilt

the model without the bad data and compared the results in terms of the type

and modality of feedback predicted. The comparison was done with a paired

statistical test, comparing what the models did for each particular instance.

I found a significant difference in providing feedback modalities — the origi-

nal model rarely offered text-only feedback, but the updated model suggested

providing more frequent text-only feedback and about an equal amount of

voice and agent feedback. However, I found no significant difference in pro-

viding feedback type, which means both models provided similar explanatory

or motivational supportive feedback.

Although the noisy data from the rushing participants could implicate

the scientific aspect, it might not be applicable to the voluntary online training

systems because allowing participants to complete the study in their own envi-

ronment could reduce anxiety. Also, when generalizing a system for people to

use voluntarily to help them learn a language and become less anxious about

it, the implications will be different in that situation because they are doing it

voluntarily, not for money, so the issue of rushing through the exercises should

not arise.

Another potential limitation is the high dropout rate by participants

in the experiments, which prevented me from comparing the traditional ma-

chine learning methods with deep learning approaches to predict FLA. I did

193



some analysis to detect FLA using Convolutional Neural Networks (CNN), Re-

current Neural Networks (RNNs), Long-Short Term Memory (LSTMs), and

Gated Recurrent Unit Networks (GRUs). Still, I did not include the compar-

ison between deep learning and machine learning in this thesis because the

dataset lacked sufficient data to generate an accurate deep learning model.

6.4 Future Work

As mentioned above, I built the model that detects FLA based on all

the data from an online experiment (Experiment 2), which included data from

participants who rushed through the exercises. In future work, we should

evaluate how the interventions suggested by an updated model affect anxiety

and learning.

In this research, I evaluated machine learning models for detecting FLA

and predicting the best type and modality of feedback for reducing it, but I

lacked enough data to generate an accurate deep learning model. Future re-

search should explore incorporating deep learning models within foreign lan-

guage tutoring systems to detect FLA. More data will allow researchers to

compare the effectiveness of traditional machine learning methods vs. deep

learning approaches. The precise prediction would help researchers to build

better models and eventually overcome FLA.

To answer Research Question 2, I applied motivational supportive feed-

back presented by the agent. Future research could investigate the effective-

ness of personalized feedback added to motivational supportive feedback. This
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feedback would thus be customized to each learner using the learner’s demo-

graphics or behavioral patterns. For example, the motivational supportive

feedback could be,

“Super job, Jack, keep it up!

Yes, Quiescent is the correct answer because we need a word that

means inactive.

You are on a streak by answering five correct answers; continue the

remarkable effort!”

In my research, I used a low embodiment animated agent that provides

feedback using a human voice with moving lips. Future research could inves-

tigate applying a high embodiment agent that uses gestures, body language,

and facial expressions. More human-like agents might make be more believable

to the learners and more effective for reducing FLA.

Future work could apply more user modeling features to investigate its

effectiveness in detecting and reducing FLA. Customizing the system based on

learners’ needs and emotional states could improve learning and reduce FLA.

Providing adaptive learning material based on the learners’ prior knowledge

and anxiety level could improve the learning environment. For example, the

difficulty level of the exercises could be changed based on learners’ emotional

and pedagogical state. Building an ongoing relationship between learners and

agents could increase the agent’s effectiveness in lowering FLA.

Also, future work could investigate the long-term effect of the interven-

tions by using emotionally intelligent tutoring over multiple sessions.
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Future work could study the effect of music on expressing emotion and

reducing FLA. Although, in some cases, music may cause cognitive overload

and reduce learning, soothing music carries a great deal of emotions that can

help people feel comfortable and relaxed. I suggest exploring the pros and

cons of music for reducing FLA.

6.5 Closing Remarks

Finally, using sensor-free human behavior metrics can help prevent

learners from focusing on negative emotions since they are indirect measure-

ments and allow students to focus on learning. It is an effective approach

because there is no obstruction to the learning flow. Specifically, an emotion-

ally adaptive intelligent tutoring system employing sensor-free human behavior

metrics can detect and reduce foreign language anxiety.
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Language Speaker at the 

Beginner or Intermediate Level 
and are 18 or older, please join 
us for the English-Speaking E-

Learning Research Study. 
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B.1 Experiment 1
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- Not a native English speaker? 
- 18 years old or older? 

- If so, please join us for an English 
e-learning research study

You will receive a $15 
Amazon gift card after 
completing the study

Contact us: 
 dismail1@depaul.edu

Scan the bar 
code or visit the 

website: flaits.org

B.2 Experiment 3
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DePaul University Institutional Review Board may review your information.  If they look at our 
records, they will keep your information confidential.  
 
Who should be contacted for more information about the research? 
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Hastings and peterh@cdm.depaul.edu. 
 
This research has been reviewed and approved by the DePaul Institutional Review Board (IRB). 
If you have questions about your rights as a research subject you may contact Jessica Bloom in the 
Office of Research Services at 312-362-6168 or via email at jbloom8@depaul.edu.  
 
You may also contact DePaul’s Office of Research Services if: 
 

• Your questions, concerns, or complaints are not being answered by the research team. 
• You cannot reach the research team. 
• You want to talk to someone besides the research team. 

 
Statement of Consent from the Subject:   
 
By agree below, registering and completing the activity you are indicating your agreement to be 
in the research. 
 
 
Do you consent to participate in the research? 
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Appendix H

Appendix: Motivational

Supportive Feedback

For each exercise, I provided distinguished motivational supported feed-

back based on the learner’s answer. The table below shows the feedback for

the right, some, and wrong answers.
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Exercise Right Some Wrong

1 Super job, keep it up!
You did amazing work,
continue the remarkable
effort!

You're almost there,
keep going!
You did amazing work,
continue the remarkable
effort!

Don’t worry, you will get the
hang of this.
You tried really hard, so
stay relaxed and do the
best you can.

2 Stunning work, keep
going!
You did an excellent job,
so stay calm and
continue the
outstanding effort!

Almost got it, continue
the good work!
You did an excellent job,
so stay calm and
continue the outstanding
effort!

Take it easy, you will figure
it out!
You did an excellent try,
stay calm and continue the
outstanding effort!

3 Wonderful job, keep up
the good work!
You made a
phenomenal effort,
continue like this and
never give up!

You're so close, keep
pushing!
You made a phenomenal
effort, continue like this
and never give up!

Calm down, you will reach
your goal soon!
You made a phenomenal
try, continue like this and
never give up!

4 Amazing job, you’re on
the right track!

Marvelous work. Relax
and continue the
exceptional effort!

Almost made it, keep
trying!
Marvelous work. Relax
and continue the
exceptional effort!

Be at ease, you will get it!
Marvelous try. Relax and
continue the exceptional
effort!

5 Outstanding work,
continue like this!

You made a
phenomenal effort, stay
cool and keep up the
stunning job!

Take it easy, you will work it
out!
You made a phenomenal
attempt, stay cool and keep
up the stunning job!

6 Excellent job, keep
going!

You did fabulous work,
stay relaxed and
continue the amazing
effort!

Stay cool, you will get it!
You made a fabulous try,
stay relaxed and continue
the amazing effort!

7 Great work, way to go! Don’t worry, you will find the
way!

316



You did an astonishing
job, stay calm and keep
it up!

You did an astonishing
attempt, stay calm and
keep it up!

8 Good job, keep up the
good work!

You do spectacular
work. Stay relaxed and
continue the
outstanding effort!

That's okay, you will figure it
out!
You did spectacular try, stay
relaxed and continue the
outstanding effort!

9 Wonderful job, keep up
the good work!

You made an
impressive effort. Take it
easy and continue to
succeed!

Stay calm, you will find the
solution!
You made an impressive
effort, take it easy and
continue to succeed!

10 Extraordinary job, keep
up the hard work!
You made an
exceptional effort,
Breathe deeply and
reach your goals!

Things will work out, you
will get it!
You made an exceptional
effort, Breathe deeply and
reach your goals!

11 Incredible job, keep up
the good work!
You did an excellent job,
stay calm and strong!

No problem, you will find
that out!
You made an excellent try,
stay calm and strong!

12 Marvelous effort,
continue getting better!
You did an extraordinary
job, keep calm and stay
focused!

Relax, everything will work
out!
You made an extraordinary
attempt, keep calm and
stay focused!

13 Remarkable
performance, you made
it look easy!
You made an
outstanding effort, take
it easy and continue like
this!

Nothing to worry about, you
will figure out the way!
You made an outstanding
effort, take it easy and
continue like this!

14 Fabulous attempt, way
to go!

It's going to be OK, you will
find the solution!
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You made a remarkable
effort, be calm and keep
it that way!

You made a remarkable
effort, be calm and keep it
that way!

15 Phenomenal work,
that’s the right way to do
it.
You did an incredible
job, relax and way to go!

Breathe a sigh of relief, you
will figure it out!
You made an incredible try,
relax and way to go!

16 Outstanding job, you
make it look easy!
You did an excellent job,
stay cool and keep this
up!

Keep cool, you will get this
straight!
You made an excellent
attempt, stay calm and
keep this up!

17 Exceptional effort, you
couldn’t be better!
You did fabulous work,
settle down and keep
going!

Keep calm, you will figure it
out!
You made a fabulous try,
settle down and keep
going!

18 Impressive
performance, you’ve got
the hang of it!
You made a great effort.
Stay cool and keep
going!

Almost got it, preserve
the momentum!
You made a great effort.
Stay cool and keep
going!

Take it easy, you will find
out all about this!
You made a great effort.
cool off and keep going!

19 Astonishing attempt,
continue learning
quickly!
You did an exceptional
job. Take a deep breath
and go on like this!

Become more relaxed, you
will find a way!
You made an exceptional
attempt. Take a deep
breath and go on like this!

20 Super job, keep it up!
You made a remarkable
effort. Stay strong and
keep up the good work!

Don’t worry, you will get the
hang of this!
You made a remarkable
effort. Stay strong and keep
up the good work!

21 Stunning work, keep
going!
You did an impressive
job, relax and keep it
up!

Take it easy, you will figure
it out!
You made an impressive
try, relax and keep it up!
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22 Wonderful job, keep up
the good work!
You did an outstanding
job, stay calm and never
give up.

Stay calm, you will find the
solution!
You made an outstanding
attempt, stay calm and
never give up.

23 Amazing job, you’re on
the right track!
You made an
exceptional effort. Stay
cool and keep up the
good work!

Be at ease, you will get it!
You made an exceptional
effort. Stay cool and keep
up the good work!

24 Great work, way to go!
You do impressive work.
Breathe deeply and
keep up the good job!

Chill out, you will find the
way!
You did an impressive try.
Breathe deeply and keep
up the good job!

25 Excellent job, keep
going!
You made a remarkable
effort. Stay strong and
keep up the good work.

Stay cool, you will know it!
You made a remarkable
effort. Stay strong and keep
up the good work.

26 Outstanding work,
continue like this!

You made a
phenomenal effort, stay
cool and keep up the
stunning job!

Take it easy, you will figure
it out!
You made a  phenomenal
attempt, stay cool and keep
up the stunning job!
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