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Abstract

Spatio-temporal reasoning has acquired traction in recent decades owing to its use in
diverse application domains. It is an aspect of reasoning that involves drawing logical
conclusions about changes in objects or entities over space and time. Reasoning
technology has potential in various aspects of computer science, and the education
sector is no exception. In a conventional classroom, a teacher reasons and canvases
a student’s comprehension by analyzing exhibited cues (via body language, speech,
eye gaze, and facial emotions) and text-based feedback questions & answers (Q&A)
to estimate the learning affect experienced. However, the limited existing work
does not explore the usage of a combination of the above modalities in estimating
comprehension. To date, researchers have focused on using facial cues exhibited
by students to estimate learning affect, as existing research emphasizes that facial
cues hold and convey relevant and meaningful information concerning a student’s
experienced learning affect. We believe that supplementing the above framework
by incorporating reasoning based communication through question and answers has
the potential to enhance the existing e-learning platforms and assist both teachers
and students.

We propose a framework that includes affect analysis through facial emotion and
affective state estimation, mapping of above estimates to learning affect as experi-
enced by students, report generation for both students and teachers outlining the
analysis by the model on students’ comprehension of the lecture session and further
feedback through natural text-based question and answering module. The proposed
framework includes a Convolutional Neural Network-Bidirectional Long Short-Term
Memory (CNN-BiLSTM) cascade to extract facial features and classify basic facial
emotions and affective states. CNN-BiLSTM cascade handles and analyses video
streams that capture a student’s facial movements (temporal in nature) during a lec-
ture session. The emotion estimator trained and tested on samples from Extended
Denver Intensity of Spontaneous Facial Action (DISFA+) dataset annotated with
seven basic emotions (i.e., anger, disgust, fear, happy, neutral, surprised and sad-
ness) reported an accuracy of 92% and an average F1 score of 88% on a sample size
of 2274. The mapping module then mapped the estimated emotions onto learning
affects such as positive, negative, and neutral, based on mappings found in the litera-
ture. In similar lines, the affective state estimator trained and tested on the Dataset
for the Affective States in E-Environment (DAiSEE) annotated with four affective
states (i.e., boredom, confusion, engagement and frustration) reported an accuracy
of 86% and an average F1 score of 87% on a sample size of 4,305. The aim of the af-
fective state estimator was to classify emotion samples from DISFA+ and to use the
existing affective state to learning affect mappings in literature to verify and confirm
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the proposed emotion to learning affect mappings. The next stage of the proposed
framework involves narrative report generation and feedback via questions and an-
swers (Q&A). The narrative report generation module utilized lecture information
(i.e., length of the lecture session, video annotations) and the estimates (estimated
facial emotions, affective states, and learning affect) to generate comprehensive re-
ports. In this study, report generation modules were embedded for both students and
teachers (lecture report). An interactive and live environment was further enabled
using a Bidirectional Encoder Representation Transformer (BERT)-based Q&A lan-
guage model. BERT-based Q&A model takes in the generated narrative report and
a text input (pre-defined question from an existing database) either from a student
or a teacher and produces a text output (answer) by incorporating basic reasoning.
The BERT-based Q&A model helps provide relevant feedback based on the context
of the question. Live testing of the framework was carried out using student par-
ticipants, and survey feedback was used to test the narrative report generation and
Q&A module in a laboratory setting. 72.55% of the participants reported that their
own experience of the lecture (i.e. comprehension and learning affect experienced)
is in line with the model’s feedback.

This study found that when students are actively involved in learning, they
can exhibit a variety of emotions and affective states that are connected to their
learning, and when analysed, can serve as feedback to both teachers and students.
This study was based on recent studies in reasoning principles, experiments using
machine learning and natural language processing mechanisms, live testing, and
questionnaires. Additionally, research demonstrated the link between emotions, af-
fective states, and learning affect as well as how these factors can shed light on a
student’s learning affect. The examination of affect in e-learning through facial cues
estimates, mapping of estimates onto learning affects, generating narrative reports
and reasoning using narrative feedback and Q&A for teachers and students is an-
ticipated to facilitate the evaluation of students’ learning. We envisage that the
proposed framework and future work in this direction will enhance the e-learning
platforms and human-machine interaction.
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Chapter 1

Introduction

1.1 Introduction

The distinction between the real and the virtual world is increasingly diminishing.
A greater number of people are using computers to complete various tasks. Online
services are used for a variety of tasks, including banking [37], teaching and learning
[38], and buying [39]. One industry that has adjusted to the demands and challenges
brought on by the inability to conduct face-to-face sessions, which was required
because of the global pandemic, is the education sector [40]. Due to these challenges,
there are now more possibilities for online teaching and learning [41]. In the online
teaching and learning space, the ability to reason about the learning affect of a
learner is lacking due to the absence of face-to-face teacher-learner interactions unlike
in the traditional classroom settings whereby the teacher can observe and reason
about the learning affects experienced by learners through observing various physical
cues.

Reasoning is seen to be an intelligent behaviour demonstrated by animate ob-
jects. From birth through adulthood, humans have the capacity to consider the
connections between what they may visually perceive [42]. They can also draw log-
ical conclusions about the current state of the observed entities’ relationship [43].
Psychological studies on reasoning have shown that reasoning involves the forma-
tion of actual opinions about objects and their relationship with their environment,
based on known facts [43]. Reasoning is the ability to discern meaningful patterns
within an information stream, but the inability of humans to discern a meaningful
pattern in the stream of data that continuously flows through the senses would re-
sult in a world of isolated sights, smells, and sounds, incapable of comprehending or
building on experiences across time and space [44]. Reasoning, therefore, makes a
meaningful inference from patterns. Being able to recognize facts about objects and
actions performed on these objects is an intelligent behavior exhibited by humans
[45]. However, this intelligent behaviour by humans has proved difficult for machines
in the past decades [1].

Fortunately, recent studies have made a breakthrough in machine learning to
determine a meaningful pattern from an information stream. One such study applies
static images to a visual-textual relationship, asking questions about objects and
their environments that require thinking/reasoning by the machine. For example,
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given some static images containing objects of different sizes, colours and shapes,
the system is expected to reason and answer questions about the relative position,
colour, size, and shapes correctly and this concept was referred to as relational
reasoning by [1]. Relational reasoning questions require intelligent thinking about
the relationship that exists between objects, while a non-relational question describes
the attributes of the objects[1] as shown in Figure 1.1.

Figure 1.1: An image with relational and non-relational questions[1]
.

Although there is much progress in work related to reasoning using static images
and scenes, this area has not been fully exploited. Another emerging perspective on
reasoning is Video-based Visual Question Answer (VQA). This VQA reasoning cre-
ates video datasets that employ spatio-temporal reasoning applicable to answering
reasoning questions [9]. Spatio-temporal reasoning is a type of reasoning in which
logical conclusions are made about how objects or entities in videos change as they
move through space and time [46].

Over the past few years, the rapid emergence of spatio-temporal reasoning as
an important mechanism in deep learning has sparked a great deal of interest in
video-related image analytics [47]. Among related works, spatio-temporal-based
reasoning is being adopted in many facets of computer vision, such as relative object
recognition [9], activity recognition [10], counting and transition recognition [8].
Different architectures such as Temporal Relation Network(TRN) by Zhou et al.[45],
Gated spatio-temporal Graph (GSTG) by Tsai et al. [48] and Dual Layer LSTM
by Jang et al.[8] have been used for this purpose. The use of these architectures
has achieved remarkable state-of-the-art results in specific domain applications that
mimic human reasoning.

Consequently, frameworks were developed that show the possibility of a model
accepting video input and answering reasoning questions based on these video in-
puts. Therefore, the existing Visual Question Answering (VQA) was extended to
the video domain, giving a new direction to reasoning research. For example, a large
dataset for video VQA was developed using a dual approach based on LSTM with a
focus on spatial and temporal attention [8]. The research on video question answer-
ing was expanded by the investigation of multistep reasoning by the authors in [9].
In their work, a large dataset called Synthetic Video Question Answering (SVQA)
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dataset was developed. The dataset developed contained long and structured ques-
tions with spatial and temporal relationships between objects. Their system sought
to answer relational questions given a video clip relating to the questions. Fur-
thermore, a new attention module to handle spatial attention and a refined Gated
Recurrent Unit(GRU) called Temporal Attention Gated Recurrent Unit (ta-GRU)
for the attention module were designed. This is because traditional GRU is not
capable of capturing long-term temporal dependency.

A new VQA paradigm known as Multi-Question Learning (MQL) was proposed
by the authors in [10].The multi-task learning technique, which also gains informa-
tion from numerous questions and answers for a target video sequence, served as
the basis for the VQA. Then, to apply the learned representations of video-question
pairs to new questions, they are made more general. An effective VQA framework
was also proposed, as well as a training procedure for MQL that utilizes a specially
designed attention network that models the relationship between an input video and
corresponding questions, allowing multiple video-question pairs to be co-trained.

Amidst various observations and interest in reasoning, it will be of great benefit
if the concept can be imbibed in the educational domain, especially e-learning. E-
learning is described as the type of learning that is acquired over the internet with
the use of computers [49]. However, it was difficult to effectively evaluate the level
of learning comprehension on an e-learning platform. In a conventional classroom,
teachers estimate the learning outcome of learners by observing facial emotions, eye
gauges, body language, and other bodily features [50]. In order to gain feedback from
their students on their understanding, teachers also used Q&A sessions [51]. Using
physical cues and Q&A feedback, teachers reason and find (relational) reasoning for
learners both estimating learning affect and validating those estimates. This helps
teachers to obtain an intuitive understanding of the level of participation in the class
as a whole. The response is then formulated accordingly using various methods, such
as breaks or adjustments in style, pace, and difficult concepts in a lecture, to address
the issue [52]. However, this form of reasoning using Q&A sessions to get feedback
on learners’ understanding has not been explored in e-learning environments.

With the current work in e-learning, emotion is an aspect of the human attribute
that plays a significant role in learner learning [53]. With machine learning tools,
computers could automatically analyse the learning behaviour of each learner in the
e-learning domain. Scotti et al.[53] developed a tool to recognize emotions during the
e-learning process, in which they combined qualitative indices extracted from four
physical signals, namely: skin conductance, blood volume impulse, electrocardio-
gram, and electroencephalogram. Their tool was able to detect emotions of stress,
relaxation, and engagement during learning [53].

In the domain of e-learning, this study identified that one significant aspect
that can imbibe reasoning is in the evaluation of a learner’s learning affect. The
learning affect of learners was classified through a video using facial expressions by
Pan et al. in [12]. Five significant emotions could be identified by their learning
expression recognition system. These emotions identified include joyful, surprised,
confused, focused, and distracted; and used to auto-evaluate the learners’ learning
affect. Their work showed that emotions are significant in identifying how learners
learn. Facial expressions reflect not only emotions but also mental activities, social
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interactions, and physiological signals [14]. However, it was also shown that physical
observations in the classroom are not sufficient to correctly evaluate the learner’s
learning outcomes. Therefore, a learner emotion recognition system to detect the
emotions of a learner based on eye and head movements was devised in [14].

In the field of emotional state recognition, the evaluation of learners’ engage-
ment in the online environment using facial images was looked at in [54]. Their
study used the InceptionNet architecture to measure the level of learner engage-
ment during online learning and reported accuracy rates of 36.5% for boredom,
47.1% for engagement, 70.3 % for confusion, and 78.3 % for frustration. Deep learn-
ing methods using FaceNet embeddings and facial landmark points for academic
emotion recognition were tested using the DAiSEE dataset, which contains labels
for the affective states of engagement, boredom, impatience, and confusion in [55].
Their model was able to identify instances of boredom and frustration that learners
felt while taking an online course, with accuracy rates for each affective state of
52.1% and 70.67%, respectively.

Considering the critical role facial expressions and affective states play on ed-
ucation and learner comprehension, it would be beneficial to investigate whether
emotions and affective states are explicitly recognized and used for reasoning of a
learner’s comprehension level. Facial expression and affective states datasets, along
with relevant questions will be of enormous importance for the achievement of this
goal. Emotion and affective states are not static when it comes to learning [56].
There will be some instances where the learners agree with the content, and there
will also be times when they are confused, distracted, or lose interest. Therefore, to
effectively analyze the learner learning affects, the video samples containing expres-
sions and affective states will be useful because they contain visual information in
both spatial and temporal dimensions.

This dissertation focused on the aspect of generating narrative reports and an-
swering questions based on the exhibited facial expressions, affective states, and
learning affect analysis using spatio-temporal reasoning. Spatio-temporal reasoning
approach will allow estimations of a learner’s learning affect. The analysis of vari-
ous emotions and affective states plays a very important role in estimating learning
affect. Each of the facial cues carries some information that can be inferred as the
real state of the individual’s mind. This proposed system looked at the ability of
machine learning and reasoning principles to estimate a learner’s understanding and
the possibility of translating the learning affect of such a learner, through reasoning
questions and answers. So far, work done in e-learning has not adequately explored
an end-to-end pipeline of using estimates (eg; emotions, affective states, learning
affects) to devise narrative feedback (reports) and generate answers to queries from
learners/teachers by embedding reasoning based on the estimates and also lecture
information. Therefore, in this study, we tried to develop a system that covers this
aspect of reasoning in e-learning.

So far, in the e-learning domain, researchers have focused on using machine
learning tools to classify facial emotions and affective states exhibited by learners
and predict their learning affect [54, 55]. The fact that facial signals convey more
significant information about the learner’s learning affect than other input aspects
is the main driver behind the use of emotion and affective states to predict learner
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learning affects [14]. However, these studies did not incorporate reasoning through
Q&A. This study intends to extend the current setup in the e-learning domain
by incorporating the use of facial emotion recognition, affective state recognition,
learning affect estimation, feedback report generation for both teachers and learners
and reasoning through Question-Answers. Most existing systems of reasoning are
based on the use of static images and frames of videos of events that do not con-
sider the temporal understanding of facial expressions and affective states of people.
Involving video facial expressions and the affective states of learners in real-time
would be a significant contribution of artificial intelligence to the education domain
of e-learning. In the traditional classroom learning system, one of the assessment
procedures that helps improve the quality of teaching and learning is learning affect
evaluation [14, 52, 57]. Teachers evaluate learners’ learning attitudes by observing
their behaviours during learning and indirectly evaluating their learning affects [12].
This study observed that this form of evaluation is lacking in the e-learning domain.

1.2 Problem statement

Existing e-learning platforms embedded with modules to estimate learner under-
standing are still in their infancy stage and do not incorporate feedback based on
learner cues such as depicted facial expressions and affective states. Estimating
a learner’s level of comprehension by a combination of his or her estimated facial
expressions and affective states, supplemented with narrative and question-answer
feedback has the potential in improving existing e-learning systems. Specifically, the
following problems were identified:

1. Estimating the learner’s comprehension such as positive, negative and neutral
learning is a significant challenge in online learning.

2. To use a reasoning approach based on questions and answers phrases as a
way of estimating a learner’s level of comprehension, using his or her facial
expressions and affective states is under-explored and has been gaining traction
in e-learning.

3. Existing e-learning platforms are limited by their general feedback and are
limited in their ability to incorporate feedback based on depicted facial ex-
pressions and affective states of learners using narratives and Q&A feedback.

1.3 Hypothesis Testing

In view of the identified problems, this study formulates a null and an alternative
hypothesis as follows:

1.3.1 Null hypothesis

The application of deep learning architectures to process learners’ facial behavior
and generate feedback narratives and answers using reasoning principles for both

5



learners and teachers does not provide improvement to existing e-learning platforms
in assisting learners and teachers.

1.3.2 Alternative hypothesis

Applying deep learning architectures for processing learners’ facial behavior and gen-
erating feedback narratives and answers using reasoning principles for both learners
and teachers will provide an improvement to existing e-learning platforms in assist-
ing learners and teachers.

1.4 Research Questions

The questions to be answered in this study are given as follows:

1. To what extent can facial expressions and affective states help determine learn-
ers’ comprehension in e-learning by estimating their learning affect?

2. To what extent can a cascade of spatio-temporal models and their estimates
generate useful narrative feedback for both learners and teachers?

3. To what extent can a language model reason and answer questions based
on narrative feedback reports generated from estimates of facial expressions,
affective state, learning affect and lecture annotations?

1.5 Research aims

To respond to the research questions, this study aims to:

1. Adopt spatio-temporal model (CNN-BiLSTMs) to investigate its capacity to
handle facial video input.

2. Perform learning to affect analysis using estimated facial emotions and affective
states.

3. Generate a narrative feedback report for teachers and learners based on esti-
mates of facial emotions, affective states, and learning affects.

4. Investigate and explore the use of transfer learning by fine-tuning the pre-
trained BERT model to generate answer phrases in an educational context.

5. Generate feedback answers using fine-tuned BERT model for question texts
submitted by teachers or learners, using narrative feedback reports and lecture
video annotations.

6. Investigate the performance of the proposed pipeline using live testing while
adhering to ethical considerations.
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1.6 Objectives
The objectives are to:

1. train, validate and test a CNN-BiLSTM model that can recognize facial ex-
pressions of happy, disgust, anger, fear, neutral, surprise, and sadness, using
samples from DISFA+ dataset.

2. train, validate and test a CNN-BiLSTM model that can recognize affective
states of boredom, confusion, engagement, and frustration, using samples from
DAiSEE dataset.

3. map the estimated emotions and affective states to relevant learning affects
such as positive, negative and neutral categories based on literature survey,
and verify these mapping using a cross-model approach.

4. generate a narrative feedback report using a template-based approach and
incorporating estimates of emotions, affective states, and learning affect in-
cluding available lecture video annotations.

5. generate answer phrases using the BERT model to questions posed by both
teachers and learners.

6. test a cascade of the trained models (emotion estimator and affective state
estimator) integrated with the narrative feedback and question-and-answer
model on live sample data obtained from the University of the Witwatersrand
students.

1.7 Expected Impact of the Study
An improved learning affect detection has a significant impact on learning [58].
This study is expected to enhance e-learning platforms by automatically estimating
a learner’s learning affect using facial emotion and affective state recognition, and
mapping estimated emotions and affective states onto learning affect using CNN-
BiLSTM cascade for handling spatial and temporal video streams. Furthermore,
generating narrative feedback based on the estimated emotions and affective states,
learning affect mapping of the estimated emotions and affective states, and video
annotations. In addition, incorporating a BERT-Q&A language model by using the
generated narrative report along with reasoning questions based on estimated facial
cues with corresponding answers to reason about the learning outcomes, using this
to further improve learners’ understanding. The outcomes of this study are expected
to shed light on the successful use of existing state-of-the-art machine learning and
natural language processing architectures for improving e-learning platforms. The
study is expected to have some specific impact on, but is not limited to, the following
aspects of e-learning:

1. To help teachers who are aware of the affect of learning of learners better
deliver lessons [59].

2. To enhance quick and effective identification of learners with learning disabil-
ities [60].
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3. It is expected to provide an effective evaluation of teaching-learning processes
by teachers and learners.

4. Teachers can improve the effectiveness of their offerings (modules) by consid-
ering the affective domain [61].

5. An improved learning affect detection is expected to help teachers and learners
to know the stages of their learning at which a learner is struggling in a course
and provide solutions that can help prevent eventual dropout of learners. Un-
derstanding, predicting, and mitigating dropout behaviour among gifted learn-
ers may require the use of learner learning as a construct [62].

1.8 Novelty of the Study

Even though work has been carried out on affect analysis in e-learning, the analy-
sis through the combination of emotions and affective states, mapping of estimated
emotions and affective states onto learning affects such as positive, negative and
neutral, generating narrative feedback based on the estimated facial cues and video
annotations and reasoning using the narrative feedback and Q&A feedback for teach-
ers and learners has not been explored. Therefore, this study identifies the absence
of reasoning through the analysis of affect in e-learning using facial cues estimates,
mapping of estimates onto learning affects, along with video narratives to generate
a narrative report and further use the narrative feedback generated from the esti-
mated facial cues and learning affect mapping with Q&A feedback for teachers and
learners as the key gap. The study, therefore, explores the integration of narrative
feedback and Q&A module into a cascade model that estimates both facial emotions
and affective states of learners, mapping them onto learning affect for reasoning. We
expect that this study will serve as a foundation for advancement in the e-learning
domain, particularly in the understanding of learners’ learning affect and being able
to effectively evaluate learners’ learning responses and provide appropriate feedback
to both teachers and learners themselves.

1.9 Chapter Summary

Research on the estimation of emotions and affective states, mapping estimates onto
learning affects, and their use in generating feedback as both narrative reports and
Q&A were explored. The key gap that led to the work was identified, which in-
cluded the lack of a complete framework that includes narrative feedback based on
learner facial cue estimates, learning affect estimates, generative narrative reports for
teachers and learners, and reasoning through questions and answers in an e-learning
environment. Problems that needed to be addressed, the research questions, as well
as the research aims and objectives, were included in this chapter. The expected
impact of the study was also discussed. As feedback on a learner’s comprehension
is critical to a teacher during a teaching and learning session, a learner also de-
sires to understand his or her learning affect during learning; this work provides a
springboard for accomplishing this.
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The remainder of this dissertation is structured as follows: Chapter 2 presents a
review of related work. Existing literature on reasoning using static images, spatio-
temporal reasoning with video images, traditional classrooms, and e-learning is pre-
sented. Current techniques for analyzing affects and feedback mechanisms were also
discussed. Chapter 3 sheds light on background mechanisms and techniques, in-
cluding an overview of facial expressions, affective states, e-learning, and datasets
used for the proposed study. The state-of-the-art feature extraction, classification,
and natural language processing mechanisms, along with evaluation metrics, were
discussed. Chapter 4 presents the proposed research, including a detailed descrip-
tion of each of the components in the pipeline. Chapter 5 sheds light on the results
reported from the different experiments carried out in this study. Final mapping of
emotion and affective state onto learning affect, narrative report generation, Q&A
generation, and live test results are discussed. Chapter 6 concludes this dissertation.
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Chapter 2

Review of Related Work

2.1 Introduction

From chapter 1, it can be inferred that studies around reasoning has attracted a great
deal of attention in the past years. Part of the work in this area of study is reasoning
about static images and dynamic images, such as videos. The latter is known as
spatio-temporal reasoning. Spatio-temporal reasoning is reasoning that deals with
data with the characteristics of both space and time. This chapter discusses the
literature on spatio-temporal reasoning and its application to the e-learning domain.

The literature is divided into four main areas. These include reasoning using
static images, reasoning using video streams, and work carried out in the education
domain followed by work that has been carried out on the use of question-answer
systems to demonstrate reasoning. In this review chapter, existing work along with
areas of application have been thoroughly covered to establish the gap that necessi-
tated this study.

Section 2.2 examines the studies on reasoning, followed by 2.3 which establishes
the significance and use of spatio-temporal reasoning. Section 2.4 sheds some light
on the behaviour studies carried out around traditional classroom and e-learning
domains. Section 2.5 discusses the different techniques used for affect analysis, while
we discuss the feedback mechanism in 2.6. Section 2.7 then provides a motivation
for the current work, followed by 2.8 which provides a summary of the chapter.

2.2 Reasoning

Reasoning is an important, yet difficult task to understand interactions in visual
scenes [2, 3]. For example, “boy, climb, bicycle” is faced with a complex relation
of “climb” between “boy, bicycle”. Many studies have explored the domain of still
images, which involves the use of pictures of scenes or objects as input and reasoning
questions and answers are attached to give a reasoning output for the images. Ex-
amples of such questions are “what colour is the other object that is the same shape
as the large brown thing?” [4], “what size is the cylinder that is left of the brown
metal thing that is left of the big sphere?” [1]. While visual relationship detection
such as:“woman rides a bicycle”, “man kicks the ball,” “sky is above the water” [3]
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and many more reasoning questions were intelligently given reasoning answers by
the machine.

Some work in reasoning includes the use of a Relational Network (RN) that is
capable of solving reasoning puzzles in the field of artificial intelligence, to solve
reasoning problems as proposed by Raposo et al. in [2]. This RN module implemen-
tation is an architecture geared toward solving object-relation reasoning. RN was
used to classify a static scene and then combined with Memory Augmented Neural
Network (MANN) to show that neural networks could be supported by other archi-
tectures to reason efficiently given a new scene. The RN-MANN model was further
experimented with a chaotic scene by augmenting RN with an architecture that
will transform an unstructured scene directly into a representation that has a scene
description matrix. This was achieved by creating a dataset of scene descriptions
and their related images. The results were reported by using targets that explic-
itly describe the relations between objects and accuracy of 97% was reported [2].
Figure 2.1 shows the relational network with a memory-augmented neural network.

Figure 2.1: RN with Memory Augmented Neural Network[2]

Even though powerful Convolutional Neural Networks (CNN) do not have a
general ability to tackle reasoning questions, they can do so when combined with
RN [1]. The RN described in the work of [2], operates on objects, but does not
thoroughly operate on images or natural language. Therefore, the authors of [1]
applied a CNN to read the pixel of a set of objects. CNN is a deep learning algorithm
that can take an image as input, then assign weights and biases to the various parts
of the object in the image. CNN can distinguish each component of the image to
produce a set of feature for the RN [63]. Questions can be processed using LSTM, a
Recurrent Neural Network (RNN), which has been used in the deep learning domain
and is still widely used for solving classification, clustering, and data prediction
problems, especially time series and textual data [64].

Furthermore, a Compositional Language and Elementary Visual Reasoning Dataset
(CLEVR) was used to evaluate a variety of modern visual reasoning systems, provid-
ing different insights into what they can and what they cannot do in [65]. The model
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that experimented with three reasoning tasks includes VQA, text-based Q&A, and
dynamic physical systems. The RN takes into account relationships between every
pair of objects, subject to the embedding of a question, and integrates all of these
relationships to provide an answer to the question. RN module inclusion in rela-
tively simple CNN and LSTM-based VQA architectures increased performance of
the CLEVR data set from 68.5% to 95.5% and reported state-of-the-art superhuman
performance [1]. The VQA architecture is shown in Figure 2.2.

Figure 2.2: The Visual Question Answer Architecture [1]

Another related work in this area of reasoning is that of Dai et al. [3]. Their
research described a deep relational network model that takes into account the
statistical dependencies of objects and their relationships. This method was able to
recognize many types of relationships such as relative positions (e.g. behind, above)
actions (e.g. eat, sit), functional (e.g. part of), and comparison (taller than, etc.).
The primary task was to identify all visual relationships from a given image and to
draw conclusions about the triplet, i.e, subject, relationship, and object (e.g., man,
eat, apple) [3]. Their work comprises three stages, namely: object recognition using
a faster region CNN, pair filtering that produces the informative pair of objects, and
joint recognition that sends the filtered pair of an object into the recognition module,
which in turn produces a triplet as output [3]. Three tasks were also examined.
First was predicate recognition, which focuses on the recognition of subject and
object. Second, union box detection in which all three elements, i.e., the subject, the
relationship, and the object, are predicted. Lastly, the two-box detection task, which
predicts the subject and the object in the scene, but requires the Intersection Over
Union (IoU) was examined. The performance for both the subject and object was
above 0.5. When the model was tested in the Visual Relationship Detection (VRD)
and Subject Visual Genome (SVG) datasets, an accuracy of 81.90% was reported for
VRD and 91.26% for SVG [3]. Figure 2.3 illustrates the visual relationship detection
model framework.

Feature-Wise Linear Modulation (FiLM) approach was introduced in Perez et
al. [4]. FiLM layers were shown to achieve good results in answering image-related
questions in their work. The FiLM model consists of a FiLM generating linguistic
pipeline and a filmed visual pipeline using Gated Recurrent Unit (GRU), a type of
LSTM without an output gate, and a CNN to process questions and images. The
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Figure 2.3: A framework for visual relationship detection [3]
.

model was tested on visual reasoning with the CoCLEVR task and what the film
learns was analyzed using trained film models. The model was also tested with the
CLEVR human task to establish how well the model responds to challenging and
general questions. Both outputs applied on a FiLM network gave a state-of-the-
art result. The CLEVR accuracy reported was 96.9%, while that of the CLEVR-
Humans data was 75.9%. By and large, FiLM performed well in learning general
concepts [4]. Figure 2.4 gives the FiLM generator model framework.

Figure 2.4: The FiLM generator model [4]

Simple plug-in relational module proposed by [1] was too expensive, therefore
with this notion, the authors in [66] proposed DenseNet, a method that tries to avoid
the plug-in module simply by adding a dilated convolution to a robust architecture
of CNN. The experiment was carried out using the SORT-of-CLEVR dataset to test
the accuracy of relational and non-relational abilities of different models, of which the
Dilated Dense was also a part. This was achieved by first reproducing the work of [1]
and denoting it by CNN+ RN. Second, the same network was trained, but this time
the RN module was replaced by a 2-layer Multi-Layer Perceptron (MLP), which is
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a class of feed-forward artificial neural network, which was denoted by CNN+ MLP.
It was discovered that the network with a relation module CNN+RN reported a
higher accuracy than the one that does not, that is, CNN+ MLP. CNN+ RN gave an
accuracy of 87.7%, while CNN+ MLP gave an accuracy of 65.4%, indicating that the
relation module is an essential component of any reasoning network. In the second
part of their experiment, a dilated DenseConvolutional Neural Network (DenseNet)
and an ordinary DenseNet was used. The Dilated DenseNet was augmented with a
2-layer MLP, (Dilated DenseNet + MLP) and reported an accuracy of 83.7%, and a
DenseNet without dilation(DenseNet+ MLP) to observe the importance of dilation
in reasoning. It was observed that this network did not perform as the network with
dilation, and an accuracy of 66.7% was reported [66].

In another related work, a model for inferring relationships whose task was to
reason about the relationship between an object and a subject, distinguishing be-
tween the actions performed by the specified subject on the object and on other
subjects in the same scene was developed by Krishna et al. in [5]. CNN was uti-
lized in their model to extract the image feature, which was then used to construct
an initial feature vector for the subject and the object independently. These fea-
ture vectors were utilized to distract attention away from the subject and toward
where the item is meant to be. By concentrating on the redirected area, the visual
aspects of the new estimation of the item were modified. At the same time, an
inverse shift from the starting point to the subject was found. The two predicate
shift modules communicated with one another to localize the subject and object.
The performance of the model was evaluated using three datasets made up of visual
relationships, namely: CLEVR, Visual Relationship Detection (VRD) and Visual
Genome (VG). Each dataset presented distinctive features of 33%, 60.3% and 61%
of relationships respectively, and distinguished entities of the same type with many
occurrences. Second, the model was tested in the absence of one of the input refer-
ence relationships (subject, predicate, and object), and it was shown that the model
could still differentiate between entities and could locate entities from the new scene
[5]. Figure 2.5 shows the framework presented in [5].

Figure 2.5: The Referring relationships model [5]

RN is a general-purpose module that operates on a graph representation of ob-
jects [67]. Graphs are made up of vertices or nodes connected by edges. The module
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can assist any neural network model with the ability to perform many-step reason-
ing. A model to solve tasks that involve multi-step reasoning such as answering
complex questions about the relationship between many objects or solving puzzles
that require many steps of reasoning was developed by the authors in [67]. “Babi and
sort-of-CLEVR” datasets which require a few steps, “Pretty CLEVR” which requires
up to eight steps, and Sudoku which requires more than ten steps were adopted from
[1]. These methods were adopted to solve the Sudoku puzzle and an accuracy of 96.6
% was reported. Another work in reasoning that focused on the underlying reasoning
process and included a compositional model for VQA, which comprised a program
generator—a software program that allows individuals to create programs of their
own with little or no effort and programming knowledge, constructed the reason-
ing process to be performed using a standard LSTM. The compositional model for
VQA also consists of an execution engine that provides the answer by implementing
neural networks, which is the neural module network. The model receives an image
as input along with a visual question regarding the image, and selects its answer
from a predetermined range of options. The model was evaluated using the CLEVR
dataset, and it was established that standard VQA methods do not produce a good
result on this dataset. Therefore, it was proven that the combination of program
generators and execution engines works much better on CLEVR than other meth-
ods. An accuracy of 96.7% was reported on their program generator and execution
engine model using the CLEVR datasets [6]. Figure 2.6 shows an overview of the
program generator and the execution engine.

Figure 2.6: The program generator and the execution engine [6]

A Neural Module Network (NMN) architecture for VQA, which consists of jointly
trained neural modules, using End-to-End Module Networks (N2NMNs) was pro-
posed by Hu et al. in [68]. The NMN proposed learns to reason without a parser
(grammatical analysis of the text input). NMN directly predicts the instance-specific
network layout, which means that it takes textual inputs and applies them directly
to an image. The model was first analyzed using relatively small SHAPES datasets
as proposed by the authors in [69]. This dataset contains questions about simple
arrangements of shapes. An accuracy of 100% was reported. Subsequently, the
model was tested on two large-scale datasets, namely CLEVR and VQA. Analysing
the results on CLEVR dataset, the authors deduced that their neural module-based
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methods were able to reason about complex questions in large datasets and reported
an overall accuracy of 83.7%. On VQA, when tested using real images, compared
to other methods that used modular structures, the authors reported an accuracy
of 64.2% [68].

The works presented so far on reasoning have utilised static images. The utiliza-
tion of video input for reasoning has been identified as an extension of using static
images. The output result of a reasoning task that involves answering questions
on the various video inputs is referred to as spatio-temporal reasoning. Reasoning
questions in spatial and temporal scenes have been explored so far in the field of
machine learning. For example, in a dynamic scene, questions such as; “how many
times is an action carried out?”, “what does the bear do right after sitting?” [10],
were asked through video input, and reasoning answers were given by their system.
Moreover, different deep-learning approaches have been explored to achieve remark-
able results, and several authors have contributed to this task. The following section
reviews work on spatio-temporal reasoning.

2.3 Spatio-Temporal Reasoning

Spatio-temporal reasoning is an area of artificial intelligence that draws from other
related fields such as cognitive science and cognitive psychology. Spatio-temporal
reasoning involves a higher order of reasoning, which is used for operating and
comprehension of time and space [70]. Generally, spatio-temporal reasoning is the
ability to visualize the relationship between three-dimensional objects and to detect
their transformations over time. Spatio-temporal reasoning is therefore regarded
as the understanding ability that plays an essential role in many fields of learning
such as architecture, engineering, computer science, and mathematics. Invariably,
spatio-temporal reasoning is reasoning about the movement of objects through space
and time [70]. Chen et al.[71], also reiterated that spatial and temporal relations are
incorporated to represent expected dynamics in a scene. Wolter et al. [7] proposed a
theory stating that “space”, which is a spatial dimension, is always constant, although
regions may change from their present position at different times. Therefore, spatio-
temporal relations is described as a Cartesian product of space and time structures
[7]. Figure 2.7 illustrates the theory as proposed by Wolter et al.[7].

Figure 2.7: Spatial region moving with time [7]
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Due to the spatial-temporal nature of video data, understanding visual rela-
tionships in video scenes has received limited attention so far [10, 8]. The limited
attention was attributed to the fact that spatio-temporal reasoning involves mod-
elling a more comprehensive set of visual relationships [48]. Consequently, this led
to further studies in the area of spatio-temporal reasoning.

Video data is made up of visual information that is spatial and temporal. Three
tasks on video-based reasoning were proposed by Jang et al.[8]. One of these tasks
uses spatio-temporal reasoning from videos to appropriately answer questions. Sec-
ond, a new large-scale dataset for video VQA called Tumbir Graphics Interchange
Format-Question & Answer (TGIF-QA) was introduced, which is an extension of
the existing visual question-answering. A dual approach based on LSTM with spe-
cial and temporal attention was also used, and their work was compared with other
existing VQA techniques. Specifically, the video (VQA) was to determine the state
transition, detect a recurring action given its count, and count the repetitions in
a given action. This indicates what has happened before and after a specific ac-
tion using a short video caption Graphic Interchange Format (GIF). The method
of solving this task that requires spatial-temporal reasoning from videos was de-
scribed. Question-Answer pairs from the video captions were also generated. They
reported a different result in terms of visual question-answering tasks with accura-
cies of 46.44% for action reasoning, 63.79% for state transition and 47.79% for frame
reasoning, respectively. Figure 2.8 shows the framework for the ST-VQA model.

Figure 2.8: The ST-VQA model for spatio-temporal reasoning [8]

Work in the field of spatio-temporal reasoning was extended due to the fact
that the existing video VQA datasets are not suitable for multi-step reasoning [9].
These videos lacked logical structures and were language biased and as a result
of this, a large dataset known as SVQA was created by the authors of [9]. SVQA
dataset consists of long, structured questions with spatial and temporal relationships
between objects. Further more, a new video model called VideoQA (VQA) was
created by the authors of [9]. Synthetic video was chosen in their work because of
its particular spatial and temporal relations among objects, which the authors felt
was suitable for multi-step reasoning. Subsequently, a new attention module was
designed to handle spatial attention, and a refined GRU called a ta-GRU. This is
because traditional GRU cannot capture long-term temporal dependency. The result
of their experiment showed the effectiveness of this method compared to existing
models and reported 53.53% accuracy on QA frame. Their model framework is
shown in Figure 2.9
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Figure 2.9: The Synthetic Video Question Answer model [9]

Additionally, a multi-stream end-to-end trainable neural network for multimodal
video Q&A was introduced by Jei et al. [10]. One of their contributions to this field
of spatio-temporal reasoning is the development of an extensive dataset of videos
with a very long length of playing time. The features of the video frames were ex-
tracted and Faster Region-Based Convolutional Neural Network (R-CNN) was run
on the visual genome to detect the objects in the video frame and the attributes
in each of the frames. The use of the detected object label as input to an image
captioning system was found to provide performance comparable to that of directly
using the CNN features. Therefore, these authors used detected labels as input and
BiLSTM was used to encode textual, while visual sequences and Global Vectors for
Word Representations (GloVe) were used for word embedding. Test results reported
an accuracy of 68.48% using all available sources of subtitles, visuals, and questions
[10]. Figure 2.10 illustrates the multi-stream model for multi-modal video QA.

Figure 2.10: The multi-stream model for Multi-modal Video QA [10]
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The ability to link significant changes in objects or entities with respect to time
is known as temporal relational reasoning and is regarded as an intelligent behavior
[45]. As a result, a network module known as Temporal Relation Network (TRN),
which learns to justify the time dependency between video frames at various time
scales, was proposed by Zhou et al. in [45]. The authors focused on video activity
recognition to describe the steps of an event. Although they did not attach a Q&A
module to their work, it was inspired by the reasoning module for VQA and reported
94.78% accuracy using multi-scale TRN.

A fully connected spatial-temporal graph called the Gated Spatio-temporal En-
ergy Graph was proposed by Tsai et al. [48]. The Gated Spatio-temporal Energy
Graph was used to model the spatial and temporal structure of the relationship in
videos. Each node in this graph represents a distinct entity, and the edges show
their statistical relationships to one another. The system uses reasoning on a fully
linked spatio-temporal network with nodes S, P , and O representing the subject,
the predicate, and the object, respectively, to predict the output connection given
an input image of videos. They produced cutting-edge results using this methodol-
ogy for the three reasoning tasks of detection, tagging, and recognition. It has been
suggested that videos can assist in resolving issues with temporal correlation and
ambiguity in a set of relationships. On these three relationship tasks, a cutting-edge
performance was noted [48].

An Object Relation Network (ORN) that was described as a neural network
module which can reason between instances of objects detected through space and
time was proposed by Fabien et al. [72]. The ORN could reason between the pairwise
relationship between objects detected at a different moment in a given time thereby
identifying the movement of objects and their interactions. Objects and features
were detected and computed by the object head. Based on a study by Pickup et
al.[73], who reported that activities are completed over a period of time and that
their model had an accuracy of 40.89%, we deduce that the logic behind the activity
in the video is temporal.

A method for Human Activity Recognition (HAR) that collects information at
different resolutions using CNN with changing kernel dimensions and BiLSTM was
proposed by Nafea et al.[11]. The innovative aspect of their study is the effective
selection of the appropriate video representation as well as the effective extraction
of spatial and temporal information from sensor data using conventional CNN and
BiLSTM. Their proposed methodology makes use of wireless sensor data mining
(WISDM) and UCI datasets. The results show that the proposed framework im-
proves HAR effectively. It was discovered that, in contrast to other known methods,
their proposed method improved accuracy, achieving a better score in the WISDM
dataset than the UCI dataset. The CNN-BiLSTM model reported an accuracy
of 98.53% in WISDM and 97.05% in UCIHAR. In terms of spatial and temporal
features, this was an acceptable level of accuracy. Their framework is shown in
Figure 2.11.

Research carried out in spatio-temporal reasoning adopts the use of video datasets
instead of static image datasets for reasoning tasks. Video datasets are preferred
because videos possess the properties of spatial and temporal behaviour. Video data
comprises a series of still images that give the appearance of motion when viewed in
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Figure 2.11: HAR model using CNN-BiLSTM Framework [11]

a sequence of speed, giving the appearance of motion [74]. Reasoning in real-time
therefore requires a video input domain, dependent on space and time.

2.4 Behaviour Studies: Traditional Classroom and
E-Learning Domain

The education domain has incorporated artificial intelligence into its systems in sev-
eral ways. These include, among others, educational resources such as e-Libraries,
intelligent computer-assisted instruction, various databases for learners and instruc-
tional roles. The evolution of computers has significantly impacted on learning
platforms. Due to the continuous increase in virtual education systems worldwide,
computer-mediated education is indispensable for the future [75]. Jones et al. in
[76], also stated that the instructional role is the application that has received the
most attention of all the various uses of computers in education.

Even though e-learning as an aspect of computer application in education do-
main plays an important instructional role in education system, understanding the
comprehension of learners has not been much explored. E-learning is a computer-
based instructional tool that allows the learner to learn anywhere, anytime, on the
Internet [76]. Considering this aspect of education and exploring it to reason will
be of enormous benefit to both learners and teachers.

Learning is an emotionally charged event [29]. The learning process is pro-
gressively augmented by computers and the internet [53]. Therefore, integration
of emotion into the computer-augmented system can result in improved learning
behaviour. Academic emotions are defined as achievement feelings such as frustra-
tion and anxiety, social emotions such as pride and jealousy, topic emotions such
as empathy for a protagonist, and epistemic emotions such as confusion and sur-
prise [77, 78, 79]. Confusion, frustration, boredom, engagement, curiosity, anxiety,
delight, and surprise are some of the feelings learners communicate through their
facial expressions [80]. Generally, the attempt to accurately access learners’ impact
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has led to diverse machine learning and computer vision studies.
Assessment was described as the “unseen villain” in many educational discus-

sions [81]. Invariably, the education obtained is defined by the assessment. The
authors in [82, 83] pointed out that the assessment of learner learning outcomes
has become a key issue for various institutions of learning in terms of accreditation,
accountability, and performance indicators. Therefore, it is necessary for a teacher
to be able to quickly access the conditions of the learner so as to teach effectively
and to address the demands of learners during a class [52]. Teachers use a variety
of strategies to assess learner understanding in the classroom, including facial sig-
nals, body movements, gaze, and other methods [50]. Teachers continue to strive to
better understand the affect of learners during learning.

2.4.1 Learning Affect

Affect is a term used in psychology to describe how people express their emotions
and moods [84]. Affect is a broad concept that encompasses a variety of emotions
and moods. Affect is often used in the educational area to refer to a wide range of
non-cognitive variables, such as emotions, self-concepts, beliefs, and motivations [85].
When learners are learning, they feel a variety of cognitive and affective emotions.
Compared to a system that overlooks the affect of learners, a computer system that
is responsive to the affect of learners in a learning environment is projected to boost
learners’ motivation and learning gains [86]. Generally, as part of reasoning, the
assessment of a learner, to measure the success of teaching and learning, is one of
the most important tools used in the teaching and learning process. Both in the
classroom and online, affect is an important aspect of learning activities. learners’
affect is defined by the attitudes, interests, and values that they exhibit and absorb
in school[87]. Affect was referred to as emotions and moods by Pekrun et al. in
[78]. The learning affect of learners in a classroom setting was categorised through
their facial emotions and expressions by the authors in [12]. Classroom teaching and
learning affect were auto-evaluated and five significant learners’ emotions, based on
their learning expression recognition system were identified. These included joyful,
surprised, confused, focused, and distracted.

Figure 2.12: Five types of emotions when learning [12]

2.4.2 Importance of Detecting Learning Affect

The attitudes, values, and interests that learners demonstrate and learn in school
are referred to as learners’ learning affects according to Popham et al. [88] and have
been shown to have a significantly higher influence on learners’ post-secondary life
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than their academic performance. Learning affect detection is important for the
following reasons:

1. It allows teachers to make a conclusion about the learner, which aids them in
planning their lessons [89].

2. It supports the creation of affect-responsive learning environments, which help
students control their emotions and have more enjoyable learning experiences.
[90].

3. It helps improve learning outcomes by recognizing and responding to affective
states that are detrimental to learning, as well as inducing those that are
helpful [91].

4. It helps in enhancing one’s understanding of learning processes. This is achieved
by providing non-intrusive, moment-to-moment tracking of ephemeral affect-
cognitive interactions that are outside the radar of conventional self-reporting
measures [91].

5. It acts as a magnifying glass to get a closer look at the different learning
phenomena [91].

6. permits teachers to make a conclusion about the learner, which helps them
prepare their lessons [89].

7. It benefits learners, as teachers who are aware of their learners’ affective states
offer better-targeted instruction that leads to successful learning experiences
[92].

2.4.3 Affect Analysis: Approaches

The fundamental purpose of a system that can recognize and analyze affect is to
use input signals from several modalities to convey information about an interpreted
emotion. To carry out affect analysis in the online learning system, several methods
have been used. Methods such as basic emotions, affective states, positive emo-
tions, negative emotions, neutral emotions, engaged, not engaged, comprehended,
not comprehended, and a variety of different analyses have all been conducted. Fur-
thermore, input signals such as physiological signals, face, voice, text, body language
and multi-modal systems have been utilized. Various categorizations, databases, as
well as techniques and results, have been presented in the last few years to meet the
goal of improving learner learning. These are discussed in 2.4.4 to 2.5.3.

2.4.4 Affect Categorizations/Mappings

Human affects can be classified using two fundamental principles known as discrete
basic emotion categorization and dimension technique[93, 94, 95]. Emotions are
referred to as discrete because they can be distinguished fundamentally from one
another [96]. Several authors have presented their views concerning the discrete
categorization/mapping of affect. Some of these include Sauter et al. [97], who
presented an outline of a study on the expression of positive emotions. Their research
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classified emotions into clusters based on shared criteria. Happy, relief, awe, and
interest were identified as epistemologically positive emotions in the study.

In the dimension approach, emotions are classified into three dimensions, which
include valence, arousal, and dominance [94]. The term “valence” refers to the degree
to which a feeling is negative or positive [98]. Valence is divided into two categories
known as low valence or negative valence emotions (fear, tenseness, anger, sadness,
boredom, etc.) and high valence or positive valence emotions (joy, happiness, happy,
calm, delighted, excitement, etc.) [95, 99]. On the other hand, arousal is described
as the intensity of an emotional state, also reflecting the level of enthusiasm or
apathy [95, 100]. Arousal is further subdivided into two groups, which are the
negative or low-arousal emotions (relaxed, tired, bored, calm, depressed, etc.) and
the positive or high-arousal emotions (excited, angry, tense, frustrated, happy, etc.).
Action Units (AUs) were being matched to learners’ learning experiences in a study
by Kapoor et al. [26]. This is because the facial action units define how the face
deforms as a result of facial muscle movements [101] and the combinations of different
action units define different emotions [102]. Their findings show that a smile (Action
Unit (AU)6 + AU 12), tightening eyelids (AU 7), expanding eyes (AU 5) and rising
eyebrows (AU 1 + AU 2) show that the learner is engaged and enthusiastic about
the learning phase or activity. Their findings further showed that lowering eyebrows
(AU 1 + AU 4), wrinkling nose (AU 9), and lower lip corners (AU 15) indicate a
lack of motivation.

A mapping mechanism based on classroom observations and instructors’ re-
sponses to questionnaires where learners’ facial movements were mapped to their
comprehension levels was proposed in [25]. Wide-open eyes and raised brows de-
noted successful or positive learning, while closed eyelids, forehead lines, and curled
lips denoted unsuccessful or negative learning. A smile or neutral face denoted an
unclear learning status. The authors in [25] further categorized anger and sadness
as negative affect, while fear, surprise and happy were categorised as positive af-
fect. Students’ emotions of anger, happiness, surprise, and neutral were classified
as positive affect according to studies in [12], while disgust was ascribed to a neg-
ative affect. The changes in learners’ facial emotions were estimated and related
to learning affect in [27]. Negative learning affect was mapped to anger, disgust,
and sadness, whereas positive learning affect was linked to fear, happiness and sur-
prise. Neutral emotion was mapped to a neutral learning affect. These mappings
and categorisations are expected to assist researchers in better analyzing the affect
estimation results. Prior to the various mappings, several datasets have also been
applied by different authors for the analysis of affect. These are described in the
next section 2.4.5.

2.4.5 Existing datasets available for Affect Analysis

Various datasets have been used for the study of affect analysis by different authors,
using different modalities. Some authors have used uni-modal signals, while others
have used multi-modal signals to achieve the same purpose of analyzing affect. Some
of these works are described in the following paragraphs:
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Multi-modal datasets

Dataset for Emotion Analysis using Physiological Signal (DEAP), a multi-modal
dataset for the analysis of human affective states was presented in [81]. The dataset
included 32 participants’ electroencephalograms (EEGs) and peripheral physiologi-
cal signals, as well as 22 participants’ frontal face videos. As categorization modali-
ties, electroencephalogram signals, peripheral physiological data, and Multiple Cor-
respondence Analysis (MCA) were used. The participants watched a 40 minutes mu-
sic video. The three separate binary classification problems presented were low/high
arousal, low/high valence, and low/high liking. The test set was classified using a
Gaussian Naive Bayes classifier, and feature extraction was done using Fisher’s Lin-
ear Discriminant. Arousal, valence, and liking, respectively, reported 62%, 57%, and
55% accuracies for EEG signals. The peripheral signals had accuracies of 57%, 62%,
and 59%, while MCA signals had accuracies of 65%, 61%, and 67% respectively.
The authors concluded that overall classification using MCA features is significantly
better than EEG and peripherals.

Emotion recognition using electrocardiogram (ECG) and electroencephalogram
(EEG) signals from a wireless low-cost off-the-shelf device (DREAMER), which is a
multi-modal database made up of EEG and ECG signals recorded at the time of af-
fect elicitation by audio-visual stimuli, was presented in [103]. Twenty-three individ-
uals provided signals of valence, arousal, and dominance with their self-assessment
of affective states following each stimulation. Supervised affect recognition classi-
fication tests were carried out in order to use the characteristics acquired by the
two modalities, as well as their fusion, to provide baseline classification results for
the proposed database. Low/high arousal (calm/excited), low/high valence (un-
pleasant/pleasant), and low/high dominance (without control/empowered) were de-
scribed as three different binary classification schemes. The EEG-based features
offered the highest accuracy for valence classification, whereas the fusion of the EEG
and ECG features produced the highest accuracy for arousal classification (62.32%).
The maximum accuracy for dominance was 61.84% for both the EEG-based and
fused characteristics. In terms of F1 score, ECG-based features outperformed fused
features for valence and arousal (53.05% and 57.98% respectively) whereas fused fea-
tures outperformed ECG-based features for dominance (53.05% and 57.98%, 61.71%,
respectively).

An emotion of Face, Body gesture, Voice, and Physiological signal (emoF-BVP)
dataset for multi-modal affect detection was presented in [104]. The dataset includes
the face, body gestures, voice, and physiological signals (FBVP). The dataset was
made by recording actors exhibiting various emotional expressions. The dataset
comprises audio and visual sequences of different intensities of 23 different emo-
tional expressions. Feature learning extensions of well-known deep learning algo-
rithms were used to examine the performance accuracies for emotion recognition
in uni-modal, bi-modal, and multi-modal contexts in order to show the application
of the emoFBVP database. For multi-modal emotion recognition, the fundamental
emotional expressions such as anger, happiness, sadness, contempt, fear, surprise,
and neutrality were examined. Three categories of data were created using infor-
mation from the dataset’s metadata: ideal data (all three evaluators agreed on the
emotion label), non-ideal data (most evaluators agreed on the emotion label), and
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mixed data (a combination of ideal and non-ideal data).
MAHNOB-HCI, a dataset that was recorded in reaction to stimuli with the aim

of establishing emotion recognition and implicit tagging study, was presented in
[81]. Through the use of a multi-modal system setup, facial videos, audiovisuals,
eye-gaze data, and the physiological signals of the central nervous system were all
recorded. Twenty people from different cultural backgrounds, including 11 men
and 16 women, took part in the trials. A gaze tracker, cameras, and microphones
were utilized to record the participant’s movements throughout the experiment. A
Biosemi Active II device was also used to capture the participant’s physiological re-
actions. Many research laboratories all around the world have employed the Biosemi
active II system to capture physiological reactions. The system connects to the rest
of the system through a fibre optic (galvanic isolation) and is powered by a battery.
Before the experiment, the participant’s body was fitted with physiological signal
sensors such as EEG sensors, ECG sensors, sensors on the fingers, skin temperature
sensor, and a respiration belt around the chest. The participant was asked to cali-
brate the gaze tracker by following red circles on the screen. The videos and bodily
responses recorded were segmented and stored in a database, and made available to
the academic community.

Facial Signal Datasets

Another form of modality that was used in affect analysis is the facial database.
One of the most significant components in human communication that helps one
to grasp what the other person is attempting to communicate is facial cues. Only
one-third of the message is understood vocally, and the other two-thirds are commu-
nicated through non-verbal means [105]. AffectNet is a database of face emotions
gathered, annotated, and produced by Mollahosseini et al. in [106]. The AffectNet
database contains over 1,000,000 images gathered from the internet. To obtain the
information, three major search engines were queried in six different languages using
1,250 emotion-related terms. The presence of seven basic facial emotions, including
valence and arousal intensity, was manually annotated in a reasonable proportion
of the facial images. Twelve human experts annotated 450,000 photographs in di-
mensional (valence and arousal) and category models, and images with occlusion on
the face were tagged. The level of agreement among human labellers on a subset of
AffectNet revealed that it is difficult to recognize expressions and forecast valence
and arousal in the wild. The two annotators disagreed on the value of valence and
arousal (RMSE = 0.34 and 0.36, respectively), but they agreed on 60.7% of the
category of facial expressions.

Denver Intensity of Spontaneous Facial Action (DISFA) dataset which consists
of video clips that are intended to elicit spontaneous emotional expressions was
presented in [107]. Twenty-seven participants(12 women and 15 men) with ages
ranging from 18 to 50 years old took part in the study. Three Asians, twenty-one
Euro-Americans, two Hispanics, and one African-American were among the partici-
pants. Participants watched a 4-minute (242-second) video clip designed to generate
spontaneous AUs in reaction to videos eliciting a variety of facial expressions of emo-
tion. The video was made up of nine portions, most of which were obtained from
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YouTube. Participants watched the film while seated in front of a video screen and
stereo cameras. Their facial behavior was captured using a high-resolution (1,024
768 pixel) camera. A total of 4,845 video frames were recorded for each participant.
On a 0 (not present) to 5 (highest intensity) ordinal scale, AU intensity was coded
for each video frame. The number of events and frames at each intensity level for
each AU was recorded. An AU’s continuous occurrence from its onset (start frame)
until its offset is referred to as an event. Authors of DISFA also presented DISFA+
(extended DISFA) database in [18]. DISFA+ was introduced and discussed along
with its use to compare and analyze the temporal patterns and dynamic proper-
ties of posed and spontaneous facial expressions. DISFA+ contains the following
features:

1. a large collection of data on the posed and spontaneous facial expressions of a
group of people,

2. manually labelled frame-based annotations of the 5-level intensity of twelve
Facial Action Coding System (FACS), and

3. metadata (i.e. facial landmark points in addition to each individual’s self-
report for each posed facial expression).

DISFA+ dataset contains videos and AU annotations of the posed and natural
facial expressions of nine subjects from the DISFA dataset. The smallest detectable
change in facial movement is known as an “action unit” (AU) and can be displayed
singly or in groups to represent facial expressions [108]. A High Definition (HD)
camera with 1,280 × 720-pixel resolution with a frame rate of 20 frames per second,
was used to record the facial responses of the participants. Participants mimicked
each facial action a few times, and after each trial, participants scored each mimicked
facial expression on a scale of [0-10] by answering two questions: 1) How tough was
each facial expression for you to create? 2) Could you accurately imitate/pose the
facial expression? The authors selected the best trials from each person with the
greatest score. These trials were then FACS coded, with each frame’s intensity
designated. DISFA+ dataset is publicly available for research purposes.

A comprehensively labelled dataset of naturalistic and spontaneous facial ex-
pressions collected in the wild known as Affectiva-MIT Facial Expression Dataset
(AM-FED) was presented in [109]. The dataset consists of 242 facial videos of
168,359 sequence frames. The facial videos involved online viewers watching some
amusing commercials and being filmed in the course of watching using their web-
cam. The dataset was labeled by 1) frame-by-frame labels indicating the presence of
10 symmetrical FACS action units, 4 asymmetric (unilateral) FACS action units, 2
head movements, general expressiveness, and gender; 2) the location of 22 automat-
ically detected landmark points; 3) self-report responses indicating familiarity with,
liking, and desire to watch the stimuli videos again; and 4) baseline performance
of detection algorithms on this dataset. Extended Affectiva-MIT Facial Expression
Dataset (AMFED+), which was presented by the same authors in [110], is an ex-
panded dataset of naturalistic facial response videos that were gathered in common
contexts. One thousand and forty-four (1,044) videos totalling 263,705 sequence
frames were manually coded for facial action units in 545 of the 1,044 videos that
made up the dataset. The labels matched those in [110].
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Facial Emotion Recognition-2013 (FER-2013) was presented in [111]. The dataset
was created by looking for images of faces that matched a list of 184 emotion-related
keywords, including “blissful,” “enraged,” and other terms, using the Google image
search Application Programming Interface (API) [111]. In order to construct over
600 strings that were used as facial image search queries, these terms were com-
bined with terms like gender, age, and ethnicity. Using OpenCV face recognition
[112], bounding boxes were created around each face in the collected images. While
filtering out some duplicates, human labellers rejected photographs that were im-
properly classified. After being approved, the images were cropped, resized to 48x48
pixels, and made grayscale. The fine-grained emotion keywords were divided into
seven main categories by the authors after they developed a sample of the images.
The final dataset contains 4,953 “Anger” images, 547 “Disgust” images, 5,121 “Fear”
images, 8989 “Happiness” images, 6,077 “Sadness” images, 4,002 “Surprise” images,
and 6,198 “Neutral” images. Because of how images were collected, FER-2013 may
have contained label errors. However, human accuracy on FER-2013 reported was
65.5%.

DAiSEE was a dataset developed for the analysis of affective states [19]. Video
recordings of subjects in an e-learning environment were annotated with crowd-
sourced learning-related affective state labels for engagement, confusion, boredom,
and frustration. The dataset captures “in the wild” conditions that are common in
the real world. A full HD web camera (1920x1080, 30 fps, focal length 3.6mm, 78
fields of view) installed on a computer to replicate real-life conditions, focusing on
learner users watching movies was employed. A special program was built to deliver
a subject with two distinct videos, each lasting 20 minutes, that are both educational
and entertaining in order to establish a virtual e-learning environment. These were
used to record both concentrated and unfocused states, allowing for variations in
user involvement levels that occur naturally. Individuals were given the option
of scrolling through the movies to simulate unrestricted situations. The dataset
contains 112 participants between the ages of 18 and 30, all of whom were actively
enrolled learners. The subjects were Asian in race, with 32 females and 80 males.
A total of 12583 video samples, each lasting 10 seconds were gathered. The authors
experimented with both temporal and static models. CNNs were used in all the
models. The models used to benchmark each emotional state individually included
the InceptionNet frame level, InceptionNet video level, C3D training, C3D fine-
tuning and Long Term Recurrent Convolutional Neural Network (LRCN) models.
All the classification models were tested on Top-1 accuracy and each three times to
avoid any randomization bias. It was observed that LRCN outperforms all other
models in most cases, reporting accuracies of 53.7%, 57.9%,72.3%, and 73.5% on
boredom, engagement, confusion and frustration respectively. DAiSEE dataset is
also publicly available for research purposes.

Speech/Voice Datasets

Another form of modality through which affect can be analyzed is speech or voice.
Speech portrays affective information via the explicit linguistic message, that is,
what was said and the implicit features of the expression, that is, how it was said. A
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database for speech emotion known as Emotion Database (EMO-DB) was described
in [113]. EMO-DB contains utterances of 10 speakers, made up of 5 males and 5
females. joy/Happiness, anger/fury, neutral tone, sadness, fear/anxiety, boredom
and disgust are among the 804 data points in the Emo-DB collected from the 10
participants. The recordings were made with high-quality recording equipment in an
anechoic environment. Electro-glottograms were recorded in addition to the sound.
About 800 sentences made up the spoken material (seven emotions, ten performers,
ten sentences plus some alternate versions). A perception test was used to assess the
database’s overall recognizability and naturalness of emotions. Utterances that were
recognized by more than 80% of listeners and rated natural by more than 60% of
them were phonetically marked in a restricted transcription with particular markers
for voice quality, phonatory, and morphological features.

An annotated and standardized corpus in the Spoken Dialogue System (SDS)
area was introduced in [114]. The database includes non-acted American English
utterances that were acquired from the Let’s Go Bus information system (LEGO)
at Carnegie Mellon University. Nine thousand and eighty-three (9,083) system-user
label exchanges and 347 chats were included. The elements of Automatic Speech
Recognition (ASR), Spoken Language Understanding (SLU), and Dialogue Manager
(DM) have been combined to automatically and semi-automatically generate a total
of 46 parameters. Each spoken user utterance has been given a label from the
collection of emotions, including garbage, non-angry, slightly angry, and extremely
angry. Additionally, three raters manually annotated Interaction Quality (IQ) at
the level of exchanges, yielding a Kappa value of 0.54. The “IQ” value, which ranges
from 1 to 5, describes the level of involvement up until each user-system contact.
The corpus supplied here is intended to serve as a standardized basis for task success
prediction, dialogue quality estimate, and emotion identification tasks, allowing for
comparison between different approaches in these disciplines.

Utsunomiya University Spoken Dialogue Database for para-Linguistic Informa-
tion Studies (UUDB) database was presented by the authors in [115]. The UUDB
database contains spontaneous Japanese human-human dialogue. A total of 4,737
utterances were produced through task-oriented discussion between seven pairs of
speakers (12 females and 2 males). Three annotators assigned emotional labels
to each utterance based on a five-dimensional emotional scale (interest, credibility,
dominance, arousal and pleasantness). Only pleasantness (or assessment) and the
arousal axis were utilised in their work. The emotional labels were then allocated
to the respective quadrant (clockwise, starting in the positive quadrant, assuming
arousal as abscissa): happy-exciting, angry-anxious, sad-bored, and relaxed-serene.

Written Text Datasets

Written text is a modality that can be utilized to recognize affect-related emotions.
Written texts can be used to detect emotions. Semantic Evaluation (SemEval-
2020) dataset was proposed in [116]. The dataset comprised news headlines that
had been edited to make them humorous for the SemEval challenge. This dataset
was annotated using Amazon Mechanical Turk, where qualified human employees
modified headlines to make them humorous, and a separate group of qualified human
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judges judged the quality of humour in these headlines on a 0-3 funniness scale. This
method of quantifying humour paves the way for the creation of software that can
automatically estimate the level of humour in a text. Their task was divided into
two parts: Subtask 1: On a 0− 3 humour scale, rate the amusement of a modified
headline. Subtask 2: Determines which of the two altered versions of the identical
headline is funnier. Subtask 1 attracted 48 participants, while Subtask 2 attracted
31. The top performer in both subtasks reported an accuracy of 67.43 % (a 17.93%
improvement over BASELINE which was 49.5%) for Subtask 2, and an RMSE of
0.49725 (a gain of 0.2% over BASELINE) for Subtask 1.

EMOBANK [117] is one of the datasets for assessing written language’s emo-
tional content. The ten thousand (10,000) English sentences in this dataset were
taken from news headlines, essays, blogs, newspapers, fiction, letters, and travel
guides written by people of different genders and were annotated with dimensional
emotion data using the Valence- Arousal- Dominance (VAD) representation format
[117]. A rudimentary emotion model developed by Ekman was used to annotate
the dataset. EMOBANK’s bi-perspectival and bi-representational designs were ex-
ceptional [117]. In addition, a section of the corpus complements dimensional VAD
annotations with categorical ones based on basic emotions. The authors discrim-
inated between the writer’s and reader’s emotions. The reader’s perspective was
clearly superior in terms of IAA and rating intensity, and they were able to trans-
late between dimensional and category formats with almost human performance.

A dataset known as Workshop on Computational Approaches to Subjectivity
Sentiment, and Social Media Analysis (WASSA-2017) was designed to detect emo-
tions in tweets [118]. WASSA-2017 was labelled for four discrete emotions, which
include anger, fear, sadness, and joy. The aim of creating the dataset was to assist
in the understanding of the levels of emotions displayed in human language through
writing. Authors of [119] built a dataset called Daily Dialogue. The Daily Dia-
logue dataset was built from crawling dialogues from day-to-day conversations. The
dataset is made up of a total of 13,118 sentences labelled neutral, disgust, happiness,
surprise, fear, anger and sadness emotions.

Body Language Datasets

Posture can give some information that is sometimes not available from the usual
measures, such as the face and speech. The affective state of a person can be detected
over long distances with posture [120]. However, capturing features of the other
modalities at the same distance is difficult. This gave rise to more studies in affect
analysis using body language or posture over the last decade. An Unsupervised
Ranking using Magnetic Properties and Correlation Coefficient (URMC) dataset
for predicting affect from body language was proposed in [121]. The framework was
used to forecast mental health symptoms. The dataset contains 144 30-second video
segments cut from 12 20-minute videos. Each of the 14 body language labels, 24+1
emotion labels, and 24+1 symptom labels has numerous labels on it. Forty-eight
of the 144 movies were chosen for training and received frame-level body language
descriptions. In addition, 48 videos were chosen for validation and 48 videos for
testing. The split is based on a cross-subject setting.
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2.5 Techniques used for Affect Analysis

Like any other framework, affect analysis include stages such as pre-processing,
feature extraction, and classification. In sections 2.5.1, 2.5.2 and 2.5.3 we review the
methods and techniques used in literature as part of the above-listed stages.

2.5.1 Pre-processing Methods

To extract significant features for image recognition, image preprocessing is em-
ployed to improve the image data. To focus on the area of interest in the image,
image cropping is performed to remove the image’s unimportant sections. In some
circumstances, image morphological techniques can be used. The resulting image’s
additional intensity values are added via image filtering. To remove noise or other
little unnecessary data from the image, smoothing techniques are applied [122]. Pre-
processing is typically used to enhance, restore, and compress image data as well as
fix radiometric or geometric problems [123]. Data preprocessing is a phase in data
mining and data analysis that converts raw data into a format that computers and
machine learning can comprehend and evaluate. Data preprocessing is the process
of modifying or encoding data in order to make it rapidly and easily decoded by a
machine. In order to improve image features by removing unnecessary falsification,
attention to image pre-processing is necessary for the best computer vision results.
For a model to make an accurate prediction, the algorithm must be able to quickly
examine the data’s features. In our machine-learning approach, features serve as
discrete, independent variables that are input. These variables can be thought of
as representations or features that provide the data context and help models pre-
dict classification and labelling. Image preprocessing may enhance the accuracy of
feature extraction and the results of image analysis, as mentioned by [124]. The
following are a few image preprocessing techniques:

Face Detection and Localization

Face detection is a type of application that is part of computer vision technology.
Face detection makes use of a number of classifiers, which are algorithms that identify
whether an image contains a face. In the study by [125], the Haar Cascades approach
was used to determine whether the input image contained a face. Before using the
feature descriptors, the authors in [126] and [127] employed the Viola-Jones face
identification method to locate a face in an image. To extract the angled local
directed pattern for texture feature analysis, Sang, et al.[128] detected the face
using Haar-like features. The facial image preprocessing with a multi-task CNN
face detector for face detection, normalization, cropping, and scaling to 120 × 120
pixels was part of deep neural network emotion recognition framework proposed in
[129].

Facial Parts/ Landmark Detection

Another preprocessing step that could be applied to facial images before feature
extraction is to detect the facial parts or landmarks. Facial landmarks are the
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significant characteristics of a face, and these include, for example, the centre of
the eye and the tip of the nose [130]. Facial landmark detection is described in
computer vision as the task of finding and tracking important facial landmarks[130].
For example; let I be the input image, which is represented as a 3-dimensional
tensor with the dimensions W ×H × C, where W,H, and C are the width, height,
and a number of colour channels of an image, respectively. Three channels are
normally utilized for colour images, one for each of the red, green, and blue colours.
The challenge of face landmark detection is to find a function Φ : I −→ Y that
predicts a landmark matrix Ŷ ϵRNL×2 from the input image I. NL is the number of
facial landmarks, Ŷi1ϵ[0;W ] representing X coordinates and Ŷi2ϵ[0;H] representing
Y coordinate of the ith landmark [13].

The correct detection of the landmark points is the foundation of many face
analysis methods, and the localization of the fiducial facial key points is typically
a crucial step according to [13]. These key points are shown in Figure 2.13. Six
sub-regions were identified in [131] which include; the right cheek area, forehead,
left cheek area, nose, eyes and mouth. The authors in [132, 133] used the Viola-
Jones detection algorithm which used Haar features to locate the facial part. For
the purpose of an emotion recognition system, a Haar Cascades approach to detect
faces and crop the face into the important regions of the lips and eyes was presented
in [125].

Figure 2.13: 68 Facial landmark Point [13]

2.5.2 Feature Extraction Techniques

As it has been already noted, the human face is an informative representation such
that a facial image is represented by massive, intricate, and unintelligible numer-
ical data. The term “feature” refers to the subject information contained in the
image data, while “feature extraction” refers to the accurate extraction of usable
features from the image data. As feature extraction removes redundant variables
from the data to avoid computational complexity, overfitting, and non-generality of
the feature model, feature extraction typically results in a downsizing or dimensional
reduction of the dataset.

Feature extraction techniques are used to obtain features that can be used to cat-
egorize and identify images. Dimensionality reduction is useful as a pre-processing
step for machine learning because it decreases unneeded and redundant data, boosts
learning accuracy, and improves result interpretability. Dimensionality reduction is
a crucial pre-processing step that improves the accuracy and efficiency of data anal-
ysis computations. It also has various advantages, including removing irrelevant
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and redundant patterns from the dataset, which consequently reduces the time and
memory required to process such data. It is a crucial pre-processing step that im-
proves the accuracy and efficiency of data mining computations. Advantages of
dimensionality reduction include removing irrelevant and redundant patterns from
the dataset to reduce the time and memory required to process such data [134, 135].
An example of a dimensionality reduction process is feature extraction.

Feature extraction is a comprehensive approach, which entails attempting to
transform the input space into a low-dimensional subspace while retaining the ma-
jority of the crucial data [136]. The goal of feature extraction and selection ap-
proaches is to increase performance such as estimated accuracy, visualization, and
comprehensibility of learned knowledge [137]. The extraction of features is a critical
step in the emotion classification process. The accuracy of emotion categorization
is directly influenced by the quality of the feature extraction process [138].

Feature extraction is an important issue in machine learning and pattern recog-
nition, and various algorithms have been presented, especially for affect analysis.
The appearance-based, geometric-based, learning features-based, and hybrid-based
methods are some of the common feature extraction techniques for an affect analy-
sis task. Geometry-based and appearance-based methods of feature extraction are
categorized as handcrafted feature models. Different feature descriptor algorithms
are used in each of these techniques. Some of these techniques are highlighted and
described in the following subsections.

Hand Crafted Feature Extraction Technique: Appearance and Geometric
Based

Facial features may be categorized as either global or local features in appearance-
based models. This technique removes changes in the face image by combining an
image filter or filter bank with either the entire image or a specific area of interest in
the image [139]. Global feature descriptor approaches are used to translate the im-
age features into a single multidimensional feature vector of color, shape, or texture.
The N-dimensional feature vectors are created by the number of interest points, but
the local feature descriptor technique emphasizes interest points (key points) more.
The following are some examples of appearance-based feature extraction methods
for analyzing affective states.

Gabor Wavelet: This feature extraction method was named after Denis Gabor in
1946[140]. Image analysis using Gabor detects a region in an image with a given
frequency in a specific direction. Gabor was suitable for image texture representation
and discrimination due to the frequency and orientation descriptions. A Gabor filter
is a function that captures the appropriate frequency spectrum in a spatial domain
by amplitude modulating a sinusoid with a Gaussian function. Gabor Wavelet is
represented mathematically as:
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Assuming (x, y) to be the pixel position in the spatial domain, α to be the wave-
length in pixel, θ to be the orientation of the Gabor filter and Sx, Sy to be the
standard deviation along the x and y. X ′ = x cos θ+y sin θ and Y ′ = − sin θ+y cos θ

Histogram of Oriented Gradient (HOG): HOG is a feature descriptor used in a vari-
ety of domains, where object description is important through shape and appearance
[141]. The HOG descriptor was motivated by the distribution of intensity gradients
within an image, which can represent local object appearance and form as well as
related edge directions [142]. As a feature descriptor for image region description,
HOG is widely used in object detection. HOG begins by separating an image into
blocks, which are then further divided into cells. Because of the overlapping blocks,
the cell became a subcell of multiple blocks, and the vertical and horizontal gradi-
ents were produced for each cell’s pixel [143]. If the vertical gradient is Gy(Y,X)
and the horizontal gradient is Gx(Y,X), then the magnitudes of the gradients are
derived as indicated in 2.2 and 2.3, respectively.

G(X, Y ) =
√

Gx(Y,X)2 +Gy(X, Y )2 (2.2)

θ(Y,X) = arctan
Gy(Y,X)2

Gx(Y, Z)
(2.3)

HOG features is generated for each cell. The total number of bins containing the de-
scription is the sum of these histograms. As different images have varying contrast,
contrast normalisation is required to improve performance. This normalisation re-
sults in insensitivity to variations in lighting and shadows [144].

Principal Component Analysis (PCA): Image data is a high-dimensional dataset,
making pattern extraction difficult. PCA, on the other hand, can achieve pattern
recognition and a degree of data variability. PCA projects the relation between
variables in high-dimensional data into a more tractable lower-dimensional version
without losing much information [145]. PCA has a tendency to select an axis system
in data that points to the largest correlation in the given data. By using only the
relevant Eigenfaces responsible for apparent variability, image data reconstruction
results in substantial dimensionality reduction [146].

Learned Features

Convolutional Neural Networks: CNNs has revolutionized the approach to gather-
ing learned features [147]. Without using feature extraction mathematical models,
CNNs learned the direct representative features from the input. Breuer et al. [148]
used deep learning visualization tools to see what kind of feature CNN employed
for classification, and discovered that the features at the low level matched low-level
Gabor filters. The main issue with applying learned-based features to affect analysis
is a lack of sufficient data for a network to learn, which leads to overfitting.

Transfer learning: Transfer learning is another high-performing learning-based fea-
ture strategy, and it is especially effective in affect analysis, where there is minimal
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data for model training. Transfer learning refers to a model’s capacity to learn pat-
terns from data that it was not previously trained on [149]. Generally, there are two
forms of transfer learning applicable to deep learning for computer vision, that were
identified in [150, 20]. The first is to treat networks as feature extractors, and the
second is to remove fully connected layers from an existing network while placing a
new FC layer set on top of the CNN, to fine-tune the weights to recognize object
classes. over the last decade, researchers have proposed several pretrained CNN
models to enhance the system’s performance. Some of these include the Residual
Network (ResNet) [151], Xception [152], Visual Geometry Group (VGG)[153] which
includes VGG-16, VGG-19, Inception ResNetV2 [154], InceptionV3 [155], DensNet
[156], MobileNet [157]etc., all trained on Imagenet datasets. ImageNet is an im-
age database arranged according to the WordNet hierarchy (currently only nouns),
with thousands of images representing each node of the hierarchy [158]. The project
has made major contributions to the disciplines of deep learning and computer vi-
sion. Researchers can access the data for free and for academic purposes. Instead
of training a classifier from scratch, pre-trained networks have been used for both
feature extraction and classification and so far they have been proven to be more
efficient than training a classifier from scratch. Due to its resistance to illumination,
rotation, translation, and head pose learned features have demonstrated promising
outcomes, particularly in affects analysis and FER [144]. Transfer learning models
outperform typical machine learning models in terms of performance. This is be-
cause the models that employ knowledge (features, weights, etc.) from previously
trained models already know what the characteristics are. The process is faster than
training neural networks from the ground up.

Three pre-trained CNNs, namely, VGG-16, ResNet-50, and SE-ResNet50 was
presented in [159]. ResNet-50 reported the highest validation accuracy of 99.47%.
Rajpal et al.[160] explored the strength of transfer learning using ResNet-50 for
training a network on a set of preprocessed images to classify COVID-19 from chest
x-ray images. Their proposed model generated an overall classification accuracy of
97%. Work by Al-Haija et al. in [161] was used to train and classify the BreakHis
dataset using transfer learning technique of ResNet-50 CNN that was pretrained
on ImageNet. The simulation results showed that their model outperformed other
compared models trained on the same dataset with an exceptional classification ac-
curacy of 99%. Several deep learning models, including Inception-V3, VGG19, and
ResNet-50, were evaluated and compared to determine the best predictive classifi-
cation model for real-time engagement detection in [162]. This is accomplished by
analyzing the learners’ facial expressions throughout the online learning session to
classify their emotions. On benchmarked datasets, the proposed system reported
accuracies of 89.11%, 90.14%, and 92.32% for Inception-V3, VGG19, and ResNet-
50, respectively. In real-time learning scenarios, ResNet-50 outperforms all others
with an accuracy of 92.32% for facial emotion classification.

VGG-19 is another CNN-pretrained network that has been used for feature ex-
traction in various research studies and has recorded remarkable results. Some of
these include work by Smith et al in [163] who tested the effects of changes in various
design schemes and training parameters on prediction accuracy using both VGG19
and VGGFace pretrained models. Input standardization, data augmentation, and
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label distribution age encoding were all compared as training techniques. Finally,
a deep CNN hierarchy was tested, which first classified subjects by gender before
using separate male and female age models to predict age. The gender recognition
accuracy was 98.7%. A transfer learning solution for compound expression recogni-
tion using a fine-tuning structure combined with a VGG-19 pre-trained network for
facial expression recognition [164]. Deep facial expression features were extracted
using the VGG-19 pre-trained network, and the facial expression category was de-
termined using the fine-tuning network. According to the experimental findings,
using VGG-19 for feature extraction increased the accuracy of the most advanced
deep learning technique by 5.31%.

Hybrid-Based Features

The hybrid properties allow for the research question that aims to establish the best
approach to combine image features to attain maximum performance. An hybrid
method that used LBP and HOG characteristics derived from the CK+ and JAFFE
databases was proposed in [165]. PCA was used to minimize the dimension of the
extracted features. The fusion was permuted on various classifiers. It was noted
that a Softmax classifier’s features yielded 98.3% on the JAFFE database, and 90%
on CK+, which signified that proper hybrid features could vastly improve a system’s
performance.

2.5.3 Classification Methods

Despite the widespread success of affect analysis based on the extraction of hand-
made features, researchers have turned to deep learning for classification in the
last decade because of its automatic recognition capability. Some of the algorithms
used in deep learning are organized in a hierarchy of increasing complexity and ab-
straction. Each algorithm transforms its input nonlinearly and outputs a statistical
model based on the features it has learned. This procedure is iterative, up until a
discernible degree of accuracy is attained. CNNs and RNNs are the most widely
utilized deep learning neural networks in computer vision. Some others include
Capsule Networks, Cascaded Networks, Multitask Networks, and Generative Ad-
versarial Networks (GAN). In this regard, this study will describe some of the affect
analysis research that demonstrates proposed deep learning strategies for enhanced
detection.

Convolutional Neural Network

CNN, whose design originated from ANNs [166], is one of the most widely used
deep learning architectures for computer vision and image processing domains. It
uses end-to-end learning, which is carried out through a hierarchy of layers. Each
CNN layer generates representative features that range from the image’s basic el-
ements to a more abstract idea. There is no need for any pre-calculated feature
extraction techniques because CNN models can extract their representative features
on their own. Its outstanding performance contributes significantly to its popularity.
The convolution layer, pooling layer, dense layer, and fully connected layer are the
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four primary layers that make up CNN architecture [166]. With the advancement
of technology and a reduction in CNN limits to FER/affective state analysis, its
application continues to rise. There have been many studies on affect analysis using
CNN as a basic classifier in various configurations.

Song et al. [167] introduced a DGCNN-based multichannel EEG emotion clas-
sification method. The suggested EEG emotion recognition approach was based on
the premise of utilizing a graph to characterize multichannel EEG characteristics
and then using this model to perform EEG emotion categorization. The proposed
DGCNN method, in contrast to conventional GCN methods, uses a neural network
to dynamically learn the intrinsic relationship between various EEG channels. To
benefit from more discriminative EEG feature extraction, this is represented as an
adjacency matrix. Following that, more discriminative qualities are taught using the
learned adjacency matrix to improve EEG emotion recognition. With an average
recognition accuracy of 90.4% for subject-dependent experiments and 79.95% for
subject-independent cross-validation experiments on the SEED database, as well as
an average accuracy of 86.23%, 84.54%, and 85.02% for valence, arousal, and domi-
nance classifications on the DRE, the experimental results show that the proposed
method outperforms state-of-the-art methods.

Recurrent Neural Network

Feed-forward neural networks (FNNs) with hidden memory nodes are referred
to as Recurrent Neural Networks. The word “recurrent” comes from the way that
RNNs works, where the output of the current input is dependent on the outcomes
of processing the previous input(s). RNN is suited for a variety of sequence-related
applications, including joined handwriting, voice and speech recognition, Natural
Language Processing (NLP), and video processing owing to the hidden nodes. Since
RNN was introduced, effects analysis could be applied in dynamic or spatio-temporal
environments [168]. However, gradient vanishing and exploding is the fundamental
issue with RNN. The majority of studies that modelled effects analysis in a spa-
tiotemporal setting employed LSTM, a modified RNN that keeps track of previous
data in memory and circumvents gradient vanishing difficulties. LSTM has an ad-
vantage over RNN in that it can handle information in memory for a longer amount
of time than RNN (retaining information for an extended length of time) this is
because LSTM has a “memory cell” that can store information for extended periods
of time and so could learn longer-term dependencies.

Long-Short-Term Memory
Several researchers have used LSTMs for classification tasks using temporal data.

Manessi et al. in [169], for example, provided two techniques for learning long
short-term dependencies and graph structure. Waterfall Dynamic-Graph Convo-
lution Network (WD-GCN) and Concatenate Dynamic-Graph Convolution Neural
network (CD-GCN) were the two approaches used. These techniques were devel-
oped using a combination of LSTM networks and GCN. The model, which consists
of a semi-supervised classification of vertex sequences and a supervised classification
of graph sequences, was developed to classify dynamic graph-structured databases
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using a mix of graph convolutional GCunits and LSTM. In comparison with other
baselines like FC+FC, GC+GC, and LSTM-based, the LSTM-based baseline re-
ported the best performance on WD-GCN and CD-GCN, with reported accuracies
of 70.1% and 69.3%, respectively. Cheng et al. [170] proposed a deep forest-based
technique for multi-channel EEG-based emotion identification. Baseline removal was
used to pre-process the raw EEG data after artifact removal. This was done with the
baseline signal in mind. Second, 2D frame sequences were created by accounting for
the spatial link between channels. The 2D frame sequences were then loaded into a
deep forest classification algorithm, which uses the spatial and temporal data in the
signals to categorize EEG emotions.. Traditional methods require feature extrac-
tion, while the proposed method does not, and the classification model is unaffected
by hyper-parameter settings, which considerably reduce the complexity of emotion
recognition. Experiments were carried out on two public datasets, namely, DEAP
and DREAMER, to verify the practicality of the suggested approach. The average
accuracies for valence and arousal on the DEAP database were 97.69 % and 97.53 %,
respectively, on the DREAMER database. The average accuracies on DREAMER
datasets were 89.03%, 90.41% and 89.89 %, respectively. These findings suggest
that the proposed method outperforms existing methods in terms of accuracy. A
multi-modal technique for predicting human emotions in the continuous valence di-
mension based on a feature-level fusion of human facial expressions and EEG data
was proposed in [171]. A Recursive Neural Network with Long Short-Term Memory
units LSTM-RNN was developed for this purpose. The MAHNOB-HCI data set
used to test the performance of the suggested technique reported 0.041 RMSE. The
LSTM architecture is applicable in the following fields of artificial intelligence: robot
control [172], time series prediction [173], rhythm learning [174], music composition
[175], grammar learning [176], handwriting recognition [177], human action recogni-
tion [178], sign language translation [179], time series anomaly detection [180], etc.
Siami et al. [181, 182] opined that having LSTM in two directions will allow addi-
tional training by traversing the input data twice. For this reason, a bidirectional
LSTM was proposed in [182]. Experimental results noted that LSTM with BiLSTM
and reported that BiLSTM offered better predictions than regular models based on
LSTM.

Bidirectional Long Short Term Memory

Long-term dependencies can be learned with the aid of the BiLSTM struc-
ture, which also has the potential to improve model accuracy. [181, 182]. The
bi-directional LSTM is an advanced LSTM network made up of two LSTMs [183].
The input sequence data are applied to by the first LSTM in the forward direction,
while the input sequence’s reverse structure is used by the second LSTM. Long-term
dependencies can be learned with the help of this kind of LSTM structure. BiLSTM
has been used for classification and has reported state-of-the-art results. Joshi et al.
in [184] proposed the use of BiLSTM to classify a subject’s emotional state of mind
using EEG signal and compared the results with a baseline MLP. Their study used
both methodologies to analyze EEG data on 14 patients using Intelligent Database
for Emotion Analysis (IDEA) database. On IDEA database, subject dependent av-
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erage accuracy of 98.5% was reported, while the subject independent accuracy was
88.57%. The publicly accessible SJTU Emotion EEG Dataset (SEED) and DEAP
database were also subjected to a new method of modified differential entropy and
BiLSTM network to confirm improvement in the accuracy level. The average accu-
racy of emotion detection was shown to be higher utilizing the BiLSTM network for
classification and modified differential entropy (MD-DE) for feature extraction.

2.5.4 Emotion Analysis in E-learning

One of the tools that have been widely used to study the affect of learners in the
classroom is emotion. Tang et al.[185] opined that the teacher in a class could esti-
mate the level of comprehension of the lecture by their learners’ facial expressions.
They further iterated that learners usually smile after comprehending the lecture
but form negative expressions when they could not comprehend. Sathik et al.[25],
indicated that facial expression ranks high on the mode of nonverbal communication
among all the non-verbal modes of communication such as body language, gestures,
hands, and facial expressions. Furthermore, facial expression was expressed in their
work as playing a crucial role in identifying the emotions and comprehension level
of learners in virtual classrooms. Furthermore, they explained that the most mean-
ingful way humans show emotions is through facial expressions. As a result, they
proposed a technique for locating learners’ expressions in static images of human
faces to determine their comprehension level. Their study’s purpose was to catego-
rize facial expression states as comprehensible or incomprehensible. They concluded
that, along with words, facial expressions are the key source of knowledge, and their
findings were used as feedback to the learning management system [25].

In the e-learning-based classroom, one of the significant challenges was the in-
ability to effectively capture the emotions of the learners, which, if captured, would
have played an essential role in the teaching and learning activity [14]. The work in
[25] stated that capturing the learner’s emotions and improving their mood is miss-
ing in e-learning. Consequently, there is a need to build a more interactive system
that will remove boredom in learners and thereby improve learning outcomes in the
e-learning environment. Even though many available systems have emerged over
the years to solve this issue, none better analyzes emotions in real time. Therefore,
Krithika et al.[14], came up with the facial emotion recognition system. In their
work, they devised a learner emotion recognition system to detect learner emotions
based on eye and head movements. Their system was able to recognize learners’
emotions in real time, and a feedback mechanism was built into it to serve as a
source of information for the instructor. The framework of the system is shown in
Figure 2.14.

Further work in the e-learning domain by Mohri et al. [186] presented a learner
monitoring algorithm using statistical data acquired through tests, quizzes and as-
signments. John et al. [187], also presented a recommender system in the e-learning
domain. This system was developed to help overcome the challenge of learners
searching for useful materials for their learning needs. Another example in the
e-learning domain is the use of facial emotion recognition. The authors in [12] pro-
posed that it is possible to analyze the learning affect of all the learners in the
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Figure 2.14: Student Emotion Recognition System [14]

class and evaluate the effects of classroom teaching. This was achieved by adopting
a stimulus-response mechanism. The learning of facial expressions and attention
was used to categorize learners’ learning affects, which include curiosity/thinking,
comprehension, concern, disregard, and disgust. These facial expressions were used
to construct a Students’ Learning Affect (SLA) transfer model. Pan et al. [12]
described the use of SLA analysis results to auto-evaluate classroom teaching and
learning affect. Their study was regarded as a theoretical foundation for other stud-
ies on learning facial expressions and learning affects on classroom teaching and
learning auto-evaluation. Their work showed that emotions are very significant in
identifying how learners learn. Figure 2.15 shows the framework of their model for
a classroom automatic evaluation system based on expression recognition learning.

Figure 2.15: Learning Expression Recognition model [12]

A standardized mapping method between face emotions and learning affect was
investigated by Zakka et al. in [27]. Their research looked at physical changes
in a learner’s face to assess facial emotions and then used a mapping mechanism
to map emotional states to a learner’s learning affect. Using the Facial Emotion
Recognition-2013 (FER2013) dataset, a CNN was utilized to classify seven basic
face emotions. Their study reported an accuracy of 64.43% on the test dataset.

2.5.5 Affective State Analysis in E-learning

In the domain of e-learning, one significant aspect that can imbibe reasoning is the
evaluation of learners’ affective states. Analyzing various affective states has an
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important role in estimating the learning affect. Each of the affective states carries
some information that can be inferred from, as the real state of the individual’s
mind. Few studies in the area of e-learning have shown that basic emotions are not
the most frequent during a short learning session, especially during online learning
sessions. Instead of these basic emotions, affective states of happiness, engagement,
boredom, anxiety, confusion, frustration, and curiosity were identified to be more
prevalent during online learning [29]. The estimation of the engagement of learners
within the online environment using facial images was examined in [54]. The work
measured the state of engagement of learners during online learning, using the Incep-
tionNet architecture and achieved accuracies of 36.5%, 47.1%, 70.3%, and 78.3% of
engagement levels for boredom, engagement, confusion, and frustration respectively.

The application of a deep learning technique on FaceNet embeddings and facial
landmark points for academic emotion identification using the DAiSEE dataset was
described by Leong et al. in [55]. The emotional states of engagement, boredom,
frustration, and confusion were labeled on the dataset. Their work was able to detect
instances of boredom and frustration experienced by learners in an online class, with
an accuracy of 52.1% and 70.67% on both affective state expressions, respectively.

In an online learning environment, the idea of automatically detecting a learner’s
affective state was considered by Anne et al. in [188]. A model to identify affec-
tive states in texts written by learners was put forth. Machine learning methods
and the Kaggle data repository’s ISEAR and Twitter data were used. Tokenization,
noise removal, and segmentation are methods that were utilized for text preparation.
Count vectors and term frequency-inverse document frequency were used to extract
features. Various machine learning techniques for the classification of learners’ af-
fective states were compared. Their results indicated that the accuracy of Linear
SVM utilizing Count Vectors was 79%. They concluded that one might automati-
cally extract the learners’ affective states from a text when they are interacting with
an e-learning environment. They further concluded that this is expected to aid in
comprehending the wants of the learners and in improving adaptability.

Subsequently, a framework for monitoring learners’ learning states (LS) as they
view various pieces of knowledge-based content and the examination of learners’
affective states was introduced by Juan et al. in [189]. Four learning states: engaged,
disengaged, confused, and bored were identified. Their model was based on CNNs
and Inverted Residual structure. According to their findings, there were sudden
changes in the learners’ LS, which suggests that this information is closely tied to
how learners learn. On the Affectnet, CK+, and DAiSEE datasets, their model
reported test accuracy of 73%, 91%, and 61%, respectively.

Learners learning affect was categorised through a video that captured facial
expressions while learning by Pan et al. in [12]. Five significant emotions based
on the learners’ learning expression recognition system, which include joyful, sur-
prised, confused, focused, and distracted were identified. The identified emotions
were used to auto-evaluate the learners’ learning affect. The work showed that emo-
tions are very significant in identifying how learners learn. A method for locating
learners’ facial expressions in static images of human faces to identify their compre-
hension state was presented by Sathik et al. in [25]. The intention of their work
was to categorize facial expression states into comprehensible and incomprehensible
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categories. Aside from words, it was concluded that facial expression is the most
essential source of information. Therefore, facial expression information was used to
provide feedback to the learning management system. Using facial images, Dewan
et al. [54] also focused on estimating learners’ participation in an online context.
Using the InceptionNet architecture, these authors were able to accurately quantify
the state of learners’ engagement throughout online learning. Accuracies of 36.5%,
47.1%, 70.3%, and 78.3% were reported for boredom, engagement, confusion and
frustration emotions, respectively.

The use of a deep learning algorithm for FaceNet embeddings and facial landmark
points for academic emotion detection using the DAiSEE dataset was proposed
by Leong et al. [55]. Engagement, boredom, frustration, and confusion were all
identified as emotional states in the dataset. Their work was able to detect boredom
and frustration in an online class with an accuracy of 52.1% and 70.67%, respectively.

Table 2.1 provides a summary of some datasets, authors and the year of publi-
cation, the classification model used, the affect being modelled, and the accuracies
reported.

2.6 Feedback Mechanism

Feedback is a reaction or information that occurs as a result of an individual’s or
group’s actions or behaviour. Positive and negative feedback is essential in a learn-
ing and development context [190]. Feedback fosters engagement and interactivity
while allowing learners to take ownership of their learning. The support of learners
in meeting learning goals and increasing self-regulation skills are revealed through
feedback. Providing learners and teachers with information about their learning
outcomes is an important part of the teaching and learning process. The learning
process is incomplete without feedback as it allows learners or teachers to evaluate
their performance in relation to learning objectives to help them meet or exceed
their objectives. Any response to a learner’s performance or behaviour is referred
to as feedback and can be expressed verbally, in writing, or through gestures [191].
The goal of feedback in the assessment and learning process is to help learners im-
prove their grades and to help teachers improve their teaching approach. Feedback
is described as an important part of learning structure and learners’ support in ac-
complishing learning goals and increasing self-regulation abilities is revealed through
feedback [192]. Feedback can generally be provided for a variety of reasons and in a
variety of formats. Feedback can be given as a single entity, for example, informal
feedback in class on a learner’s understanding of a concept or as a collection of en-
tities, for example, formal, formative, peer feedback in stage one of an assessment
task [193]. Each has a role to play in promoting and maximizing learners’ learning.

Automatic feedback is a type of feedback generated by artificial intelligence-
based software and delivered to learners or teachers upon completion of a teaching
and learning task [194]. Automatic feedback offers process-related feedback, can
help learners better comprehend their present level of knowledge, and can make
recommendations for how and where to improve performance. [195]. It increases
learners’ performance in activities [192]. The use of automated feedback is a crucial
step in enhancing the teaching and learning process. This is because it provides
both the teacher and the learner a clear understanding of the issue that arose during
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Table 2.1: Recent databases, authors, models and accuracy reported on models for
affect analysis

Dataset
(Multi-modal)

Signals Authors and
year

Deep learning
models

Accuracy
reported

Affect modelling

DREAMER Electroencephalogram
(EEG)
and electrocardiogram
(ECG) signals

Song et al.
2020

DGCNN 86.23%, 84.54%
and 85.02%

Valence, arousal
and
dominance
classification

Cheng et al.
2021

Deep Forest 89.03%, 90.41%,
and 89.89%

Valence, arousal
and
dominance
classification

Tripathi et al.
2021

Capsule network 90.4%

High valence and
arousal
versus low valence
arousal

EmoF-BVP

Face, body gesture,
voice
and physiological
signals.

Ranganathan et al.
2017

Convolutional
Deep Belief Network
(CDBN)

83.10%

Anger, happy,
Sad,
disgust,
fear, surprise, and
neutral

MAHNOB-HCI
Electrocardiogram,
Galvanic
skin response,
skin temperature,
respiration volume
and EEG signals,

Ben et al.
2017

Support Vector
Machine

59.57%, 57.44% Arousal and Valence

Zhong et al.
2020

Dynamic Entropy-based
Pattern learning
(DEPL)

70.25%, 73.27% Valence and arousal

DEAP
Electroencephalogram
(EEG) and Peripheral
physiological signals

Verma et al.
2017

Descrete Wave-lenght
Transform for feature
extraction and
MLP, SVM, and KNN for
classification

V (51 % and
63 %),
A (62 % and
65 %) and
D (57 %
and 61%)

Valence, Arousal
and Dominance

Khateeb et al.
2021

Time frequency
wavelenght + SVM

65.95%

Happy, pleased,
relaxed, excited,
neutral, calm,
distressed, miserable
and depressed

Dhingra et al.
2021

ANN 85.6% and
87%

Valence and Arousal

Zhuang et al.
2017

SVM 69.1% and
71.99%

Valence and Arousal

Vaishali et al.
2020

BiLSTM 73% and 75% Valence and Arousal

You et al
2020

SAE + LSTM 81% and 74.38% Valence and Arousal

teaching and learning and how to resolve it. It also helps to understand both teacher
and learner performance. Early prediction methods of learner’s performance, can
be highly helpful to direct learner’s learning [196, 197]. Berland et al. in [197]
emphasized how crucial it might be to manage and control the problems from the
beginning. Automated feedback can be used to gauge a learner’s present level of
learning and to predict the outcome of that process at its early stages. This could
be achieved through effective feedback.

Effective feedback informs learners about their current level of performance and
what they need to do to improve [198]. Effective feedback allows the instructor to
tailor the learning content to the needs of the learners in this situation. Effective
feedback is provided in a suitable setting, focusing on performance rather than
an individual. Considering that instructors and learners are geographically and
physically separated in online courses, effective feedback is extremely important.
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Table 2.2: (Table 2.1 continuation)

Dataset
(Facial)

Signals Authors and
Year

Deep learning
model

Accuracy
reported

Affect
modelling

AffectNet
Facial data
annotated for
the seven basic
emotions, including
their intensity of
valence and arousal

Ichimura et al. 2019 Adaptive
DBN

87.4%

Neutral, happy,
sad, surprise,
fear, disgust, anger
and
contempt

Fei et al. 2020 AlexNet +FC6
+ KNN

59.8%

Angry, disgust,
fear,
happy, neutral,
sad and surprise

Hua et al. 2019
Ensemble deep
learning
model

62.11%
Happy, surprise,
neutral,
angry, and disgust

DISFA
Facial data, and
intensity of facial action
units

Akay et al 2021 Stacked CNNs 55% facial action unit
detection

Hernandez et al. 2021 DeepFN 69.7% Facial action unit
recognition

Corneanu . et al Deep Structured
Inference Network(DSIN)

56.7% Facial action unit
detection

DISFA+
Videos and action units
annotations of posed and
spontaneous facial expressions.

Hinduja et al. 2020 CNN 79% Action unit intensity
detection

Pise et al. 2020 SqueezeNet+TRN 92.7%

Basic emotions of
anger, happy,
sad, surprise,
neutral, disgust,
fear

AMFED Naturalistic and
spontaneous facial
expression

Vinola et al 2018 Fuzzy logics 86.54% Intensity of emotions

Nair et al 2018

Segmentation based
fractal texture
analysis
(SFTA)
+ Naive Bayes

88.5%

Basic emotions of
anger, happy, sad,
surprise, neutral,
disgust, fear

FER2013
Video dataset of facial
action unit, labelled with
seven basic emotions

Amal VS. et al. 2021 CNN 73.12%

Basic emotions of
the FAC;
happy, sad,
neutral, surprise,
and angry

Zaka et al. 2020 CNN 64.43%

Basic emotions
of anger, happy,
sad, surprise, fear,
neutral, disgust

Gowda et al 2021 CNN 65.05%
Basic emotions of fear, anger, neutral,
happy, sad, surprise,
disgust

DAiSEE
Video sequence of
facial emotion expression
with labels of four
learning related affective
states of boredom,
engagement, confusion and frustration

Liao et al. 2021

Deep facial
Spatiotemporal
Network
Network (DFSTN)

58.8% Engagement prediction

Boughida et al. 2021

ResNet + TCN
(Temporal
Convolutional
Network)

63.9%

Level of engagement
of students in an
online classroom
setting

The following sections review categories of feedback; narrative and Q&A feedback
and their significance.

2.6.1 Narrative Reports

A narrative is a written series of events which is a logical outline for a story [199].
The goal of a narrative report is to tell stories about some events that have taken
place. One of the advantages of data-to-text narrative report generation is that
texts may be easily adapted to certain audiences [200]. NLP tools have been used
for the generation of narrative reports of events. Some of these works include a
data-to-text module with a highly imbalanced dataset, and a reinforcement learning
method with a reconstructor to increase the clinical accuracy of the generated re-
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ports [15]. Furthermore, a data augmentation technique for reinforcement learning
to train the model on infrequent results was presented. In terms of practical appli-
cation, a Two-Stage Medical Report Generator (TS-MRGen) was used to generate
controllable reports from input photos. TS-MRGen is divided into two stages: pic-
ture diagnostic and data-to-text conversion. Radiologists can change the results of
the image diagnostic module to influence the reports generated by the data-to-text
module. The data-to-text module as well as the complete two-stage approach were
tested using two medical datasets. EfficientNet-B4 was employed as the network
architecture, which was pre-trained on ImageNet. Results on Japanese Computed
Tomography show the highest Clinical Reconstruction (CSR) score of 78.2 was re-
ported and that the reports generated by their model described the findings in the
input image correctly. Figure 2.16 presented the framework proposed in [15].

Figure 2.16: An Overview of a Two-Stage Medical Report generator [15]

A lesion-guided explainable few weak-shot medical report generation frameworks
that learn the connection between seen and novel classes through visual and seman-
tic feature alignment was presented by Sun et al. in [16]. This was with the goal of
generating medical reports for conditions not observed in training. Given a patient’s
photos, they first extracted global features from each image I using ResNet 101 pre-
trained on imageNet as the visual extractor of Faster R-CNN. The region proposal
network (RPN) then generates lesion region proposals and uses ROI pooling to ex-
tract regional visual characteristics. F vis · F vis are divided into three branches: 1.
the box regression branch (Freg) detects the location and size of lesion regions; 2. the
classification branch (Fcls) predicts the category of each region, and 3. the semantic
prediction branch (Fprj) projects visual features to semantic features (Fsem) and
learns the relationship between seen and novel diseases. Finally, the authors concate-
nate visual features with their matching word embeddings and feed the concatenated
features into Transformer to generate the report. Their framework reported a Bi-
Lingual Evaluation Understudy (BLEU) (1 TO 4-gram) result of 0.459,0.311, 0.222,
and 0.171, respectively. Their framework is shown in Figure 2.17.
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Figure 2.17: Lesion Guided Explainable Few Weak-shot Medical Report Generation
Framework [16]

PASS (Personal Automated Soccer test System), a data-to-text system that cre-
ates Dutch soccer reports from match information, was introduced by Van et al.
in [201]. One of the PASS’ innovative features is the way it generates corpus-based
texts that are specifically aimed at supporters of one team or the other. This is most
obviously seen in the tone of voice used in the reports. Additionally, the system is
modular and open source, making it relatively simple for users to use as a test bed
for their own. A template and a rule base approach were used in the design of PASS.

2.6.2 Question-Answering System as Feedback

Q&A system is a system designed to answer questions posed in natural language
[202]. Q&A systems are information retrieval systems that attempt to respond to
questions in natural language by offering answers rather than a simple list of links
to documents. It is critical for teachers to establish what they have communicated
to their learners during the teaching and learning process. learners exhibit a variety
of emotions/ affective states when learning, indicating a link between what they
are learning and their understanding of the subject. When there is comprehension
during the learning process, there is a connection with the teacher and some emo-
tions/affective states are expressed (voluntarily or involuntarily) by the learners to
show the teacher that they have grasped the content. This form of learner under-
standing is classified as a positive learning affect [32]. On the contrary, lessons can
become complex and difficult to comprehend, and learners can disengage from the
teacher and express some emotions/ affective states. Teachers may be unaware of
the circumstance and, as a result, no learning occurs. This type of result is clas-
sified as a negative learning affect [30]. Sometimes, it might be difficult to classify
the learning affect as either positive or negative, and this condition is regarded as a
neutral learning affect [203]. Unlike in a face-to-face setting, measuring these affect
in an e-learning setting is not straightforward. Apart from assessing learners’ learn-
ing impact through quizzes, tests, examinations, facial expressions, etc., acquiring a
real-time understanding of learners while learning in an e-learning setting must be
explored further.

For humans, Q&A can be a simple task, but not for a machine. Machines
must overcome a variety of obstacles, including lexical gaps, coreference resolution,
language ambiguity, and more, in order to answer any question. Machines must have
a large training data set and an intelligent architecture to comprehend and store
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the text’s vital information. [204]. Recent advancements in NLP have unlocked
the ability of machines to understand the text and perform different tasks. Some
question-answering systems extract data from a source, such as text or an image, to
answer specific questions. These sourced systems can be divided into two categories.
These are, the open domain, in which questions can be about anything, but are not
limited to a specific topic, and the closed domain, where questions can be about
anything, but are limited to a specific topic [205]. The closed domain is also called a
standard rule-based bot, in which the questions have specified limits, such as relating
to a preset source. The closed domain is also called chatbots[205].

Chatbot technology, which is known as a chat robot, is a piece of software that
can perform tasks in response to orders or responses given by users during an online
conversation [206]. Chatbots are used in a variety of applications, ranging from pure
amusement to learning support systems [207]. A chatbot can also be described as
a system that interacts with humans and provides solutions to a variety of human-
posed questions within its domain [208]. These chatbots operate according to a set
of conversational rules, sometimes known as a standard rule base [208]. This implies
that a chatbot is a service with which users can interact through an interface, which
is a browser dialogue box or an application. One can ask questions by employing
choices such as click-based chatbots or rule-based chatbots. One can also type
questions in the same way as one would ask a person. Also, a chatbot reacts in the
same way as a human would in a discussion [208].

Narekarai et al. in [209], proposed a chatbot system that helps determine the eli-
gibility of students for college admissions. This chatbot system works throughNatural
Language Processing (NLP). Front-end coding using Jquery HTML, and CSS was
used in the development of GUI and back-end coding was performed using the Java
language. The coding shows a rule-based chatbot through which users could inter-
act with the chatbot. A chatbot for university admission using a question-answer
system based on a sequence-to-sequence model was developed by Chandra et al.
[210]. The model was trained on a dataset consisting of conversations from univer-
sity admission. The evaluation of the model produced a BLEU score of 41.04 and
improved the model to a BLEU of 44.68 using attention mechanism techniques.

An ontology-based chatbot named COVID assistant was proposed in [211]. The
chatbot was designed to be a simple-to-use, domain-independent, scalable, dynamic,
and intelligent conversational agent. A NLP toolkit was utilized to extract and un-
derstand the input, the ontology as a knowledge base, while a finite state machine
was used as the chatbot engine. The COVID assistant chatbot, which offers impor-
tant information about the coronavirus, was created in Python.

From the perspective of conversation design, Illic et al. [212] investigated a
deep learning-based dialogue system that creates humorous and sarcastic responses.
The basis of their chatbot was a sequence-to-sequence model that was trained on a
selected dataset of 3000 question-answering pairs. Furthermore, they used a LSTM
based encoder-decoder model in the browser, which allowed users to interact with the
chatbot directly. Human rating agents evaluated the system, giving it high marks
for personality, sarcasm, and humour. Chatbot systems were examined by Binkis et
al. [207] as a technique to assist learners during educational video sessions. They
propose a rule-based chatbot system that uses speech recognition and synthesized

46



responses to enhance immersion and accommodate learners with varying sensory
perceptions. These authors explained the design technique they used to create a
chatbot system, explained chatbot behaviour from the perspectives of learners and
teachers, and defined the structure of the system. The System Usability Scales
(SUS) approach was used to validate their system.

A smart chatbot system that can communicate with people and provide them
with COVID-19 answers was presented by Amer et al. in [213]. Their model used
the pretrained Google Bidirectional Encoder Representation Transformer (BERT)
language model to tackle the popular role of Q&A. Two architectural phases for
the question-answering task were added on top of BERT. The first step is a text
classification technique that uses the BERT to classify text input based on the
meaning of the words themselves. The second step entails applying the BERT
model as well as the queried domain for answers. Their proposed system was trained
and tested on Stanford University’s SQuAD V2.0, a well-known question-answering
dataset.

2.7 Motivation for the Proposed Study
From the literature review, it is evident that learners’ facial expressions and affective
states play a crucial role in measuring learners’ learning affects. However, most of
the studies were limited in their use of estimated emotions and affective states
to devise feedback. Feedback in the form of narrative reports and/or answers to
the user’s (teachers/learners’) questions reporting on the learners’ behaviour during
a learning session and estimated comprehension of the material would be hugely
beneficial. Building this form of intelligence into the e-learning domain, particularly
in the assessment of learners, should be explored. Therefore, this study intends to
contribute to the existing work by proposing a framework to automatically recognize
facial emotions and affective states in estimating the learning affect experienced by
a learner, generate narratives reports and device Q&A based personalised feedback.

Research indicated that reasoning has been successful in the domain of recogniz-
ing objects and their relationship in given scenes [1, 2, 4, 5, 6, 10, 3, 65, 66, 67, 68, 69],
while work on spatio-temporal reasoning has focused on the recognition of actions
in videos [9, 10, 8, 45, 48, 72]. In the domain of e-learning, different works on the
emotional recognition of learners, which could be used to determine whether the
learner comprehends a lecture or not, have been discussed [214, 25, 12, 27, 215].

Due to the considerable successes reported in reasoning tasks by various studies
using static images and video data with question-answering, the current study recog-
nised that the potential to apply this form of reasoning to the educational domain,
especially in e-learning, would be a big step forward. To successfully carry out the
task of spatio-temporal reasoning in the domain of e-learning, this study intends
to use video samples from learners in an online setup, CNN-BiLSTMs to estimate
their facial emotion and affective states over a period of time, mapp the estimates to
positive, negative and neutral, and generates narrative reports, in addition to Q&A
and use these to reason about their comprehension about a lecture.

To the author’s knowledge, no existing work in the e-learning domain has ex-
plored the use of reasoning using a combination of learners’ estimated facial emotions
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and affective states, mapping their estimates of emotion and affective states onto
learning affects to generate narrative reports to be used for incorporating reason-
ing through Q&As. Q&A feedback through reasoning will assist teachers to adapt
their lecturing style/content whereas this feedback will assist learners to find gaps
in their comprehension of the material. The outcome of this feedback mechanism
is expected to be a paradigm shift to improve online teaching and learning delivery
systems, especially since e-learning is gaining popularity in the education arena.

Earlier work on reasoning that used video questions and answers focused mainly
on reasoning about different actions, activity recognition, counting and other general
human and animal behaviours. This study looks at diversifying the use of reasoning
principles in the education sector by incorporating the idea of reasoning into an e-
learning system. Learners’ evaluation during teaching and learning is crucial to both
teachers and learners and is therefore an area that needs much attention, especially
in the e-learning domain, which lacks direct contact with learners. Some present
e-learning systems concentrate on facial expression recognition and affective state
recognition for evaluating learning affect. However, reasoning through narratives
and question-and-answer phrases is not taken into account when estimating learn-
ers’ learning affect. This study uses facial cues, such as emotional expressions and
affective states from videos and extends it by incorporating reasoning through nar-
ratives and questions and answers feedback into existing e-learning systems. Such
a pipeline that includes capturing learners’ facial behaviour, processing and gener-
ating reasoning-based feedback has the potential to bring an online learning system
closer to traditional classroom learning.

This study aims to achieve the above by designing a CNN-BiLSTM model using
an existing video facial expression dataset for initial training and validation of the
framework and a question-and-answer system module, using a pre-trained BERT-
QA bot model. The proposed system of reasoning and its application to emotion
analysis was inspired by the existing work in spatio-temporal reasoning and emotion,
and affective states analysis on the e-learning platform.

To carry out the experiments for this dissertation and to test the proposed sys-
tem for further verification of results reported, existing datasets were adopted for
the training and testing experiments, while real-life data was acquired from learners.
DISFA+ which is an extension of DISFA dataset [107] and DAiSEE which are spon-
taneous expressions datasets were selected to carry out the experiments. DISFA+
consists of labels of basic expressions of anger, disgust, fear, happy, sadness, sur-
prise and neutral. DISFA+ dataset has been used for emotion-related experiments
by researchers and has reported remarkable results [216, 215, 217]. Dataset for the
Affective States in E-Environment (DAiSEE) datasets used for the affective states’
estimation, consists of labels of affective states, which include, boredom, confusion,
engagement and frustration. Authors in [218, 219, 220] have used the DAiSEE data
set for their affective states-related experiments and have reported remarkable re-
sults. This study chose DISFA+ and DAiSEE for emotion estimate and affective
state estimation because of the remarkable results provided through them.

CNN’s hierarchical structures and various filter sizes afford these networks the
ability to detect high, medium, and low-level features [221]. Using the concept
of transfer learning, which means using a pre-trained CNN, will allow us to build
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models in a time-saving manner [222]. This study adopted the concept of transfer
learning for the feature extraction of the emotion and affective state samples using
using a pre-trained CNN feature extractor: ResNet-50 and VGG-19. Because of the
quality of BiLSTM, this study considers it to be an appropriate tool for our video
sample classification for estimating learner’s learning affects. BiLSTM is a type of
LSTM structure that aids in learning long-term dependencies, which is suitable for
sequential data and has the potential to increase the accuracy of a model [223, 224].
Relevant feedback is provided through narrations and questions and answers phrases
using Bidirectional Encoder Representation Transformer (BERT) model. BERT is
a language model that has produced cutting-edge results in a wide range of NLP
tasks, including question-answering tasks, natural language inference, and others
[225]. Details of these models are provided in chapter 3 of this dissertation.

2.8 Chapter Summary
The use of facial emotion and affective state recognition in e-learning has received a
lot of attention, and various studies have sought to improve these existing systems.
One of such is this proposed study, which seeks to employ spatio-temporal reasoning
using facial emotion recognition, affective state recognition, and a NLP mechanisms
to perform reasoning of learners’ emotional states using Q&A phrases. To establish a
relationship between the facial emotion, affective states discussed and the e-learning
system, it was pertinent to discuss some research done in this area. A significant
change in recent times has been the advent of machine learning and its integration
into teaching and learning, which has resulted in the development of various models
that can mimic the human teacher and have the potential to enhance e-learning
platforms.

In this chapter, various literature that contributed to the study on reasoning
tasks using static images, spatio-temporal reasoning using video data, their methods
of approach, and their results have been examined. The chapter further discussed
the study of behaviour in the education domain, and the gaps that necessitated the
study were presented. Learning affect’s overview and the importance of detecting
the learning affects of learners were presented. The various approaches to affects
analysis, affects categorizations/mappings, and the different datasets available for
affects analysis have been discussed. Pre-processing methods, feature extraction
techniques, and classification methods, which are the techniques used in the anal-
ysis of affects were also discussed. The background to this study is presented and
discussed in chapter 3.
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Chapter 3

Background

3.1 Introduction

The background techniques and architectures employed for this research study are
explained in this chapter. Sections 3.2 discuss an overview of facial expression, 3.3
affective state, and 3.4 E-learning respectively. The video input of the datasets
utilized in this study, which includes DISFA+ and DAiSEE datasets, is described
in 3.5. The feature extraction using the transfer learning approach, which is the
ResNet-50 and VGG-19 pretrained CNN networks, are discussed in 3.6. while section
2.5.3 details the classification strategies used, including the BiLSTM classifier and
2.6 details the feedback mechanism that was utilised, which includes the BERT-
Q&A bot model architecture. Section 3.9 talks about the measurements used to
gauge performance and the chapter summary is given in section 3.10.

3.2 Facial Expression

Emotions are spontaneous movements that occur over time and space when one or
more facial muscles are activated [226]. Facial expressions are the most appropriate
form of non-verbal communication and offer a lot of information [227]. Facial ex-
pressions have been shown to be universal, which means that the expression in one
region is the same expression everywhere. Ekman set out to verify this further in
[96], utilizing people from different cultures and regions to see if the emotional ex-
pression is the same for the same stimulus. He noticed that people reacted to stimuli
in the same way, displaying the same facial expressions depending on their location.
As a result, he came to the conclusion that facial emotional expression is universal.
He further opined that there are seven basic emotions, which are happiness, sadness,
fear, disgust, anger, contempt, and surprise [228]. Figure 3.1 illustrates these basic
emotions.

Similarly, other studies in this field have revealed six basic emotions, which
include happiness, sadness, anger, fear, disgust, and surprise [229, 230]. Some of
these identified emotions can be attributed to the learning environment. Authors in
[125] also proposed a real-time model for understanding learners’ facial emotions and
detected six different kinds of emotion categories, namely: sad, surprised, happy,
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Figure 3.1: Six basic emotions.
Source: [228]

anger and disgust. These authors further explained that the learner’s emotional
data could be retrieved from a series of video frames. As a result, established that
accuracy and speed must be balanced to perform real-time facial emotion analysis,
especially in an e-learning environment.

3.3 Affective State

The experience of feeling the underlying emotional state is referred to as an affective
state [231]. Affective states are longer-lasting mode states and are the result of a
collection of experiences rather than a single stimulus [232]. Certain affective states
during learning may enhance or hinder learner learning [233]. Based on observa-
tions, the human face reveals that certain emotions, such as anger, surprise, disgust,
sadness, confusion, and joy, correspond to particular facial expressions. However, fa-
cial expressions can be very delicate, and some of them are unmistakably connected
to affective states that develop during learning [17]. Kort et al. in [17] sought to
identify those affective emotional states and axes that seem to be most relevant to
the learning processes — both for voluntary learning (the intrepid learner) and for
involuntary learning (the reluctant learner). They developed a slide to represent
these affective emotional states as shown in Figure 3.2. On this slide, they pre-
sented several affective states as well as some complex phrases for different levels of
intensity. For this study, boredom, engagement, frustration and confusion affective
emotion states are used for the experiments.

3.4 E-Learning

E-learning means instructions that are disseminated electronically through a web
browser, the internet, or any other medium. It is the organized, legitimate use of an
electronic machine to support the learning process and the web-based integration
of instructional practices and internet abilities to direct learners towards a specified
level of knowledge in a specified domain [234]. Generally, E-learning is education
that is received over the internet through smart devices like computers and other
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Figure 3.2: Affective emotion axis [17]

related devices. Previously, some related studies in the area of emotion expression
and with respect to e-learning have been discussed [234]. Therefore, it will be
important to elaborate more on the term “e-learning”. The authors of [235] explained
that it is pertinent that there be an evolution in the methods of approach to the
learning process. The internet had been a tool of choice for the realization of this
evolution because internet technologies have been of higher patronage in recent
years. These technologies, which in turn have brought about the stability of e-
learning, support many practices such as learning, collaboration, communication
and interaction, among others. E-learning has become an indispensable word in the
educational technology domain. At the advent of e-learning, it was called online
“learning”, and “virtual learning”, but the technology has remained the same since
then [236].

Among all these modalities examined, we selected facial cues for the research
in this study. Facial cues were selected because they are the most appropriate
source of nonverbal communication, and nonverbal communication accounts for up
to 93% of the impact of any verbal message [237, 238]. As a result, facial expression
and affective state detection have become active topics of research for e-learning
environments, which has triggered the use of facial expression and affective state
recognition for study in this dissertation.

3.5 Datasets
Spatio-temporal reasoning for estimating students’ learning affect is a sequence clas-
sification problem. Sequence classification is used to classify a predictive modelling
problem with a sequence of inputs over space and time. The task is to predict a
category for the sequence [239], which is video emotion and affective states classi-
fication. Thus, the proposed work inhere used video datasets as input data for the
Facial Emotion Recognition (FER) experiments. A fundamental part of affect-aware
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systems is automatic FER. Due to a lack of annotated spontaneous data, the ma-
jority of earlier automated FER systems were trained on posed facial expressions.
On the other hand, we deal with actual facial expressions in real-world applications.
This study, therefore, adopts DISFA+ and DAiSEE datasets, which were previously
released and well-accepted facial datasets.

3.5.1 DISFA+ dataset

DISFA+ datasets contain labels of basic emotions of anger, disgust, fear, happy,
surprise, sadness and neutral. DISFA+ dataset was requested for use for emotion
estimation in this dissertation. Figure 3.3 presents some samples from DISFA+
dataset.

Figure 3.3: Samples from DISFA+ Dataset [18]

3.5.2 DAiSEE dataset

DAiSEE was the dataset utilized for affective state estimation. It consists of labels
of affective states of boredom, frustration, engagement and confusion. DAiSEE is a
freely available dataset. Figure 3.4 shows some samples of DAiSEE dataset.

In light of the literature discussed, this makes the DISFA+ and DAiSEE datasets
appropriate sources for the proposed objectives of this study. DISFA+ and DAiSEE
datasets have been detailed in 2.4.5.

3.6 Feature Extraction Method used in this Work
One of the major steps towards effective emotion/affective state recognition is to
represent the facial data being used effectively. Representing an image in machine
learning is referred to as feature extraction [240]. CNN has been used by various
researchers for feature extraction over the past decades, and this has sparked a
lot of interest, both for image classification and feature representation [241, 149].
CNN networks have been trained using different datasets such as ImageNet, MNIST,
CIFAR-10, among others, to extract features from various images that are used for
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Figure 3.4: Sample video frames from DAiSEE [19]

classification purposes[135]. Further studies have brought about an improvement
on this conventional feature extraction method. The CNN is pretrained on some
datasets and subsequently, used to learn patterns from other datasets that it was
not originally trained on. This method is known as transfer learning.

For the experiments carried out in this study, we propose to use CNN pretrained
networks for feature extraction of the sequence data samples of the videos, and
a BiLSTM network approach for emotion and affective state classifications of the
extracted feature samples. The CNN pretrained networks that were proposed for use
for feature extraction of the sequence data samples are the ResNet-50 and VGG-19
that were pretrained on ImageNet.

3.6.1 ResNet-50 pretrained CNN

Deep CNN has produced a number of improvements in image identification and
classification over the years. It is becoming conventional to delve deeper to solve
more difficult problems and increase classification or recognition accuracy. However,
due to issues such as the vanishing gradient problem, training deeper neural networks
has been challenging [242]. The known vanishing gradient is one of the difficulties
that Residual Networks (ResNet) handle. This result on the weight never modified
its values, and no learning was done as a result because the gradients from which
the loss function is derived readily drop to zero after repeated applications of the
chain rule when the network is too deep. Gradients from later layers to the initial
filters can flow directly through the skip connections with the residual layer. As a
result, ResNet is employed to address the vanishing/exploding gradient issue. The
technique this network uses is called skip connections [243]. The skip connection
skips training from a few layers and connect directly to the output as illustrated in
Figure 3.5.

ResNet-50 is one of the CNN versions of ResNet [20], which has 50 layers. ResNet
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Figure 3.5: Residual Network [20]

was trained on the ImageNet database and could classify 1,000- categories of objects
[244]. ResNet-50 consists of 48 Convolution layers, 1 MaxPool layer, and 1 Average
Pool layer. Despite having 50 layers, ResNet-50 contains approximately 23 million
trainable parameters, which is significantly less than other architectures. Through
various literature surveys, ResNet-50 has been proven to perform more efficiently in
the extraction of features as observed and reported by some authors and discussed
in 2.5.2.

3.6.2 VGG-19 pretrained CNN

The Visual Geometry Group (VGG) at Oxford developed a pretrained CNN model
which is a successor of the AlexNet. The VGG has several variants, of which VGG-19
and VGG-16 are parts. VGG-19 has 19 layers consisting of 16 convolution layers, 3
fully connected layers, 5 Maxpool layers, and 1 SoftMax layer. Figure 3.6 illustrates
the architecture. It also consists of 19.6 trainable parameters, pretrained on over a
million images from the ImageNet database [21]. The architecture used a fixed-size
(224× 224) RGB image as the network’s input, therefore the matrix had that shape
(224,224,3). The main preprocessing carried out on VGG-19 involved calculating
the mean RGB value over the whole training set and subtracting it from each pixel.
The use of kernels of (3 × 3) size and a stride size of 1 pixel allowed them to
completely cover the image’s notion. To maintain the image’s spatial resolution,
spatial padding was applied. Stride 2 was used to conduct max pooling over a 2× 2
pixel window. Rectified linear unit (ReLu) was used to introduce non-linearity and
speed up computation after this to increase the model’s ability to categorize data.
This study fine-tunes the VGG-19 for the extraction of the affective state’s samples
feature using transferred learning.

3.7 Classification Method used in this Work

For the classification of extracted features, a bidirectional LSTM (BiLSTM) was
used and is discussed as follows.
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Figure 3.6: VGG-19 Architecture [21]

3.7.1 Architecture of LSTM

LSTM is a type of RNN designed for sequence problems [22]. With the adoption of
RNN to solve sequence problems, the network only remembers data content for a
short while, and when a high volume of data is fed into the network, the information
gets lost. This problem was tackled with this new version of the RNN called LSTM
[22, 245]. LSTM was first introduced by Hochreiter and Schmidhuber in 1997, and
since then, many researchers have improved on it, and it is widely used [64]. For
relation networks to add new information to a network, it changes the existing
information completely by implementing a function, thereby modifying the whole
information. This implies that no consideration is being made for ‘important’ and
‘not so important information. However, in the case of LSTM networks, it would
make a change to the new information by multiplication and addition actions. With
LSTM, information flows through a mechanism called a cell state, and this is why
LSTM can selectively remember or forget information.

The LSTM is made up of memory blocks called cells [22] where two states are
transferred to the next cell; the cell state and the hidden state. The memory blocks
remember information, and manipulations of this memory are done through 3 pri-
mary mechanisms, called gates. These are; the forget gate, the input gate and the
output gate as Figure 3.7.

Figure 3.7: The Architecture of LSTM [22]

The Forget gate: This gate is responsible for replacing or forgetting a subject
in a previous sentence or phrase with the new subject in the new sentence. The for-
get gate removes information from the cell state that is, the information that LSTM
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does not need to understand things. For example, assume that an LSTM is being
fed with the sentence: “Jerry is a good man. Fabian, on the contrary, is a bad guy”.
Immediately the full stop after “man” is encountered in the first sentence, and the
forget gate observes a change of context in the preceding sentence. Apparently, the
subject of the first sentence, which is “Jerry” is forgotten; the position of the subject
is emptied. When the next sentence is encountered, the position of the subject is
given to the new subject “Fabian”. This process of forgetting the subject in the first
sentence whenever a new sentence is encountered is carried out by the forget gate.
The forget gate is responsible for removing information from the cell state [22]. This
implies that information the LSTM does not need to understand is removed by the
forget gate.

The Input gate: The task of adding new information to the cell state is done
through the input gate. Only relevant information in a sentence is added to the cell
state through the input gate.

The Output gate: Some information that is passed along the cell state might
not be fit for being output. The output gate is responsible for selecting useful
information from the current cell state and sending it out. Authors in [64, 246]
proposed some LSTM equations with the forget gate given below:

Lowercase variables in this equation represent vectors. The matrices Wq and Uq

contain the weights of the input and recurrent connections, respectively, and the
subscript q can be either the input gate I output gate o, forget gate f, or memory
cellc, depending on the activation being calculated.

ft = σg(Wfxt + Ufht−1 + bf ) (3.1)

it = σg(Wixt + Uiht−1 + bi) (3.2)

ot = σg(Woxt + Uoht−1 + bo) (3.3)

ct = ft ◦ ct−1 + it ◦ σc(Wcxt + Ucht−1 + bc) (3.4)

ht = ot ◦ σh(ct) (3.5)

Here, the initial values are co = 0 and ho = 0 and the operator ◦ denotes the
Hadamard product (element-wise product). The subscript t indexes the time step
[64, 246]. The variables are given as :

xt ∈ Rd : Input vector to the LSTM Unit
ft ∈ Rh: Forget gate’s activation vector
it ∈ Rh : Input and update gate’s activation vector
ot ∈ Rh : Output gate activation vector
ht ∈ Rh : Hidden state vectors, also known as the output vector of the LSTM

unit.
ct ∈ Rh : cell state vector
w ∈ Rhxd, U ∈ Rhxh, andb ∈ Rh : Weight matrices and bias vector parameters

which need to be learned during training, the superscripts d and h are the number
of input features and the number of hidden units, respectively.

σg: Sigmoid Function
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σc : Hyperbolic tangent function. [64]

3.7.2 Architecture of BiLSTM

Bi-directional LSTM is an advanced form of the LSTM network, consisting of two
LSTMs. The first LSTM is applied to the data from the input sequence in the
forward direction, while the second LSTM takes the reverse structure of the input
sequence. This type of LSTM structure aids in learning long-term dependencies and
has the potential to increase the accuracy of a model as described by the authors in
[223, 224]. The hidden forward layer hf

t processes the input in ascending order, that
is, t = 1,2,3....T, while the backward hidden layer hb

t processes the input sequence
in descending order, that is, t = T,.....3,2,1. Lastly, both layers are combined to
generate the output Yt ([182]). A Bi-LSTM is implemented using the following
equations:

hf
t = tanh(W f

xhxt+W f
hhh

f
t−1 + bfh) (3.6)

hb
t = tanh(W b

xhxt+W b
hhh

b
t+1 + bbh) (3.7)

Yt = W f
hyh

f
t +W b

hyh
b
t + by (3.8)

W is a weight matrix, while tanh is a hidden layer activation function and Wxh

is a weight connecting input (x) to the hidden layer (h), and b is a bias vector for
both the forward and backward hidden layers hf

t and hb
t as shown in equations

(3.6) and (3.7). Figure 3.8 shows the architecture of BiLSTM.

Figure 3.8: The Architecture of BiLSTM [23]

3.8 Feedback Mechanism used in this Work: BERT
model

To provide feedback through questions and answers, showing reasoning on learning
experienced during teaching and learning based on estimated facial cues, estimation
of learning affect, and generated narrative reports, this study adopted the BERT-
Q&A-bot. BERT is a language model that has produced state-of-the-art results in
a wide variety of NLP tasks, including question-answering tasks, natural language
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inference, and more [225]. BERT is a language representation model that is de-
signed to extract pre-trained deep bidirectional representations [24]. BERT uses a
transformer. A transformer is an attention mechanism that learns the contextual
relationships between words in a text. Transformers use two separate mechanisms
namely, an encoder that reads the text input, and a decoder that produces a pre-
diction for the task. Only the encoder mechanism is required because BERT’s aim
is to produce a language model. The transformer encoder reads the entire sequence
of words at once. This is bidirectional, and this characteristic allows the model to
learn the context of words based on all of its surroundings [225].

The BERT framework comprises two stages: pre-training and fine-tuning [24].
Throughout the pre-training phase, the model is trained on unlabeled data using a
variety of pre-training tasks. The BERT model is initially initialized with the pre-
trained parameters, and then all of the parameters are fine-tuned using labelled data
from the downstream tasks. Each downstream task has its own set of fine-tuned
parameters. An example is the Question Answering BERT that is known to have a
unified architecture across different tasks, hence its distinctive features.

BERT Architecture

BERT’s model architecture is a multi-layer bidirectional transformer encoder as
described in [247]. In the model architecture, L is the number of layers, H is the
number of hidden layers, and A is the number of self-attention heads. Authors in
[24] reported that BERT has two sizes, these are:

BERTBase with L = 12, H = 768, A = 12, T otal Parameters = 110M
and
BERTLarge with L = 24, H = 1024, A = 16, T otal Parameters = 340M

BERT model was trained on 2.5 million words of data from Wikipedia and fine-
tuned on small data NLP tasks like question-answering. According to the authors
of [248], for question-answering tasks, an already trained model can be used and
produce reasonable results even when the text is from a completely different domain.
To achieve a good result, the BERT model, which has been fine-tuned on the SQuAD
can be used. Stanford Question Answering Dataset v1.1 benchmark (SQuAD) is a
reading comprehension dataset consisting of questions posed by crowd workers of
a set of Wikipedia articles, where the answer to every question is a segment of
text or span from the corresponding reading passage, or the question might be
unanswerable.

Pre-Training BERT

Before discussing the pre-training methodology, there is a need to have a quick
glance through the input/output representations used in BERT. For the input and
output representations, BERT is able to represent both a single sentence and a pair
of sentences. It can represent sentences such as a Q & A, in a single token sequence
to handle any task. A token is referred to as an instance of a sequence of characters
that are put together as a relevant semantic unit for processing in a certain document
[249]. In contrast to a real language sentence, a sentence is a length of continuous
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text. [24]. A sequence, therefore, is the input token sequence to BERT which is
either a sentence or two sentences packed together. The 30,000 token vocabularies
were used with WordPiece embeddings. WordPiece embeddings use a tokenization
technique that alternates between character-level encoding and full-word encoding
to boost coverage for the majority of vocabulary words while significantly reducing
the vocabulary size. The first token of each sequence is always a special classification
token ([CLS]). For classification tasks, the final hidden state corresponding to this
token is used as the aggregate sequence representation. A single sequence has several
combinations of sentences. There were two ways to differentiate the sentences. They
were first divided using a unique token ([SEP]). Second, each token was labelled with
a learnt embedding that designates whether it belongs to sentence A or sentence B
as shown in Figure 3.9

Figure 3.9: BERT Training and Fine-tuning [24]

The input embedding is denoted as E, the final hidden vector of the special
classification token [CLS], is denoted as C ∈ RH , and the final hidden vector for the
ith input token as Ti ∈ RH . To create the input representation for a given token,
the corresponding token, segment, and position embeddings are added together.
Figure 3.10 shows how this construction is visualized.

In Figure 3.10, [CLS] is known as the ‘classification’ token and is used at the
beginning of a sequence. [SEP] is a token that indicates the separation of 2 sequences.
[MASK] is used to indicate a masked token in the MLM task.

Segment embeddings: Segment embeddings are used to determine the sequence
to which the token belongs when there are many sequences in the input that are
divided by the token [SEP]. To determine the token’s sequence, these are combined
with the model’s initial Word embeddings. Using WordPiece embeddings, the tokens
provided to the BERT model are tokenized.

Figure 3.10: BERT input representation [24]
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BERT was pretrained using two unsupervised tasks. These include Masked Lan-
guage Model (MLM) and Next Sentence Prediction (NSP) tasks.
MLM means the training of a bidirectional representation in this task, 15% of each
sequence’s tokens are randomly masked (replaced with the token [MASK]). The
other tokens in the sequence are used to train the model to predict these masked
tokens [24].
NSP: Understanding the relationship between two sentences, which is not specifi-
cally represented by language modelling, is the foundation for several crucial down-
stream tasks, including Q&A and Natural Language Inference (NLI). To train a
model that understands sentence relationships, a binarized next-sentence prediction
task that can be generated from any monolingual corpus is pretrained. Two input
sequences are given (separated using the [SEP] token, and Segment Embeddings are
used). It is a binary classification task that predicts if the second sentence succeeds
the first sentence in the corpus. For each pre-training example, the sentences A and
B are randomly selected, with 50% of the time B being the sentence that really fol-
lows A (labeled [IsNext]) and 50% being a random sentence from the corpus (labeled
[NotNext]). In Figure 3.9, C is used for the next sentence prediction.

Fine-Tuning BERT

Modeling any downstream tasks by BERT was made possible by the self-attention
mechanism in the transformer. In order to unify two phrases, BERT uses a self-
attention method. A concatenated text pair with self-attention effectively contains
bidirectional cross-attention between two sentences. Each task’s input and output
are connected to BERT, and all of the parameters are adjusted from beginning to
end. At the input end, sentences A and B from pretraining are equivalent to (1)
sentences pairs in paraphrasing; (2) hypothesis-premise pairs in entailment; (3) a de-
generate text pair in text classification or sequence tagging, and (4) question-passage
pairs in Q & A [24]. At the output end, the token representation is fed into an out-
put layer for token-level tasks such as the question-answering task. The Stanford
Question Answering Dataset (SQuAD) is a collection of 100 thousand crowd-sourced
Q & A pairs [250]. The aim is to predict the answer text span in a paragraph from
Wikipedia when given a question and the passage that contains the answer. Passages
are described as articles, paragraphs, and sentences by the authors in [251].

In the Q & A and answering task, questions and passage is input as a single
package sequence, where ’question’ is the A embedding, and the ’passage’ is the
B embedding. A start vector S ∈ RH and an end vector E ∈ RH are introduced
during fine-tuning as shown in Figure 3.9. Dot products between Ti and S are used
to calculate the probability that words i will begin the answer span, which is then
multiplied by a softmax across each word in the paragraph:

Pi =
eS·Ti∑
j e

S·Tj
(3.9)

To compute the score of the answer span and the maximum scoring span from
position i to position j is given as S · Ti + E · Tj, x given that j ≥ i is used as a
prediction. The sum of the log-likelihoods of the correct start and end positions is
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the training objective.
To achieve the question-answering task in this proposed study, transfer learning

concept was used in the BERT model. The transfer learning approach was achieved
by replacing the input layer of the fine-tuned model with the question and passage
designed for this study. BERTLarge model that was fine-tuned on SQuAD v2.0 was
used. The model aimed to predict the answer to the question based on narrative
feedback. BERT is pretrained to accept 512 tokens as the maximum number of
tokens in the form of text. This implies that both the question and the passage are
a maximum of 512 tokens.

3.9 Metrics used for Performance Measurement

Evaluation is an important aspect of any research work. The most crucial question
that arises once a model has been trained is how good the model is. This trans-
lates into the most crucial work in machine learning, i.e., evaluating a model to
determine the accuracy of the predictions. In this study, two levels of evaluation
were considered. The first level considered the correctly estimated facial emotion,
affective states and learning affect, and the second level considered the correct esti-
mation of facial emotion, affective states and learning affect through live testing and
questionnaire. The evaluation metrics used for the first level of emotion and affec-
tive states experiments in this study are the confusion matrix, accuracy, precision,
recall, and the F-1 score. These are defined as follows:

• Confusion Matrix: A confusion matrix is a table used to describe the per-
formance of a classifier. It comprises rows and columns in which the row
represents the actual class of emotion, while the column represents the pre-
dicted values. All the correctly predicted values are shown in the diagonal of
the table. Prediction errors can be easily located because they will be values
outside the diagonal [252]. The confusion matrix is calculated as follows:

Mii∑
jMji

(3.10)

• Accuracy: The most intuitive performance metric is accuracy, which is de-
fined as the ratio of correctly predicted observations to all observations [252].
Accuracy is calculated as:

Accuracy(A) =
TP + TN

TP + FP + FN + TN
(3.11)

• Precision: The ratio of accurately predicted positive observations to total
expected positive observations are known as precision[252] and it is calculated
as:

Precision(P ) =
TP

TP + FP
(3.12)

• Recall: Recall is the fraction of cases where the algorithm correctly predicted
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i out of all cases, which are labelled as i [252]. Recall is calculated as:

Recall(R) =
TP

TP + FN
(3.13)

• F1- Score is the weighted average of precision and recall [252]. F1- Score is
calculated as:

F − 1 Score =
2 ∗ P ∗R
P +R

(3.14)

From the calculations, TN,FN,TP and FP can be established as: the correctly
predicted positive values are denoted by TP, and the correctly predicted negative
values are denoted by TN. When the actual class is “no” and the expected class is
“yes” the outcome is FP; when the actual class is “yes” but the projected class is
“no” the result is FN [252].

The second level of the evaluation was based on the live test results and output
statements from students during the live test, which was done through a survey
using questionnaires. The students were asked questions and each question tries to
evaluate the proposed system. The different responses were analysed and used to
evaluate the proposed system. The detailed analysis is presented in chapter 5.

3.10 Chapter Summary

This study considered facial cues such as emotions and affective states as providing
some basic information that a teacher needs to analyse the quality of his or her
teaching during e-learning. Getting appropriate deep learning mechanisms including
feature extraction methods with appropriate classification algorithms, to estimate
these cues is of crucial importance.

The background information that establishes the context for this study is pre-
sented in this chapter. Information such as the basic facial expressions provided by
researchers was discussed. Facial expressions including anger, disgust, fear, happi-
ness, surprise, sadness, and neutral, were highlighted. Affective states of boredom,
frustration, engagement, and confusion were presented based on literature, and E-
learning system was also discussed.

The datasets used for emotion and affective state experiments, which included
the DISFA+ and DAiSEE datasets, were highlighted in this chapter. A transfer
learning approach to feature extraction was presented, which included pretrained
CNNs such as ResNet-50 and VGG-19. The existing classification methods used
for the emotion and affective state estimators, which include BiLSTMs, were also
discussed. The BERT model fine-tuned for the question-and-answer output aspect
of this work was also presented. The metrics that were used for the measurements
of the performance of the models, which include the confusion matrix, accuracy,
precision, recall and F1 score were also presented.

This study expects that the datasets, feature extraction method, and classifica-
tion algorithm used will be suitable for training the model to provide the required
output when tested in real-world scenarios. Similarly, report generation and the
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inclusion of the BERT-Q&A bot model are expected to efficiently handle the feed-
back aspects of this study. Chapter 4 discusses the methodology used to achieve the
study’s objectives.
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Chapter 4

Research Methodology

4.1 Introduction

This chapter outlines the techniques used to establish a system that estimates the
learning affect of a student and incorporates questions and answers to provide feed-
back to teachers and students. The lack of reasoning in the e-learning system that
served as motivation for this study is discussed in section 4.2. Section 4.3 describes
the proposed framework. Components of the framework that include the teacher’s
input, the student’s input, CNN-BiLSTM to extract features and classify emotions
and affective state samples were described. The section also described the learning
affect estimation, and report generation modules of the framework. A BERT-Q&A
bot module that was used to accept predefined questions and generates answers
was described. The data and its format for the experiment set-up are presented in
section 4.4, while section 4.5 covered the discussion of emotion and affective state
classifiers, feature extraction techniques, training and validation experiments, and
results. Section 4.6 discussed the initial mapping based on the literature survey.
These mappings include Emotions to Learning Affect (ELA) mapping and Affec-
tive state to Learning Affect (ALA) mapping. The feedback mechanism, which
includes the narrative report generation and Q&A using the BERT-Q&A bot, was
discussed in section 4.7, while the live test experiment conducted on students using
the proposed model and the ethical considerations were discussed in section 4.8.
The chapter summary is found in section 4.9.

4.2 Problem Analysis

Including reasoning into the e-learning system to improve the estimation of student
comprehension, and be used as a means of feedback generation to teachers and
students using their facial emotions and affective state analysis, remains an open
problem. These problems are examined in this section. Previously, reasoning with
question-and-answer tasks had been explored using artificial intelligence but their
application to the education domain especially to e-learning was not fully explored.
In the e-learning setup, studies have used video facial cues datasets for emotion and
affective state recognition, but these studies lack NLP-based feedback mechanisms.
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Therefore, this study proposes to extend the current setup in the e-learning do-
main. This study aims to achieve this by incorporating facial emotion and affective
state recognition, learning affect estimation, reasoning through narrative feedback
generation, and Q&A, where students/teachers can pose questions. The set of ques-
tions will focus primarily on the student’s comprehension of the material. The goal
is to generate reasoning-based answers as output while considering the context of
the estimated emotion, affective state, learning affect, and metadata from the video
lecture (i.e., labels, length, etc.).

4.3 Proposed Model Framework

The framework for the proposed study is presented here. Video recordings depicting
a user’s facial expressions will form input to the framework. (either saved or live)
will be inputted into the framework. Input video streams will be fed into pre-trained
CNN, which will extract the discriminative features. The extracted feature from the
sequence of frames will be used as input for the emotion classifier BiLSTM and the
affective state classifier BiLSTM. The estimates of emotion and affective state will
be further mapped to positive, negative, and neutral learning affect as per exist-
ing literature. The mappings were further validated using cross-testing of trained
classifiers and existing mappings. As part of the feedback mechanisms, narrative
text reports were generated using templates, estimates of emotions, affective states,
learning affect, and metadata from the video lecture. Narrative feedback was gen-
erated for both students and teachers. To enhance the usability of the framework,
we also proposed the inclusion of a Q&A module. To handle questions which are
text-based, a BERT-Q&A bot model was integrated. A predefined set of questions
was formulated, on behalf of students and teachers. A user (teacher/student) then
selects a specific question to which an answer would be generated by the BERT-
Q&A bot model. The goal was to embed reasoning about the learning affect and
overall comprehension of a student. Figure 4.1 shows the proposed model framework
for spatio-temporal reasoning for estimating the student learning affect. This pro-
posed model is presumed to improve the current e-learning platforms. The proposed
framework’s components are described in 4.3.1.

4.3.1 Framework description

The proposed spatio-temporal reasoning framework consists of two parts: one is the
framework for a single student’s input and feedback, while the other is for a group
of students through which the teacher can have access to his or her feedback.

(i) Teacher: A teacher posts his lecture online for students during e-learning.
(ii) Students/Learners: The students/learners are the subjects who watch

the online video lecture, while their facial emotions/affective states are captured by
the system. The facial input was then split into a sequence of frames.

(iii) Emotion/ affective state feature extractors: In these modules, pre-
trained ResNet-50 extracts emotion features from the frame sequence, while the pre-
trained VGG-19 CNN extracts features of affective states from the frame sequence.
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This applies to both an individual student and a group of students as shown in the
framework.

(iv) Emotion estimator (using BiLSTM Classifier): This module esti-
mates the basic emotional states of the students during learning using the emotion
features extracted by the Resnet-50 feature extractor as input. This module is
applied to both the single and group of students’ frameworks.

(v) Affective state estimator (using BiLSTM Classifier): This module,
which is applicable in both single and group frameworks, estimates the affective
state shown during learning using the affective state feature extracted by VGG-19
as input.

(vi) Learning affect estimation: This module maps the various estimated
emotions and affective states to learning affects, including positive, negative, and
neutral, as verified in this study. A statistical module is utilized to produce ag-
gregates of the emotions and affective states that students have experienced on an
individual and group level.

(vii) Report generation: The report generation module generates a report
from the output of emotion and affective state estimators and the learning affect
module, along with the video topic and length, using templates. There are two
templates in this case, one for an individual student’s report and the other for the
report of a group of students.

(viii) BERT-Q&A module: In this module, predefined questions from the
teacher or students are captured and processed. Reasoning answers are generated
based on the question asked, using input from the report generated from the students
or the lecture’s analysis as a passage on which the context of the answers provided
is based. The answers provided serve as feedback to the student or the teacher.

This study carried out the baseline experimental work on an Intel Core i7, 8th
generation processor with 16 GB of RAM using the Linux operating system. The
algorithms were executed in a tensor-flow environment, and the training epoch and
loss were visualized using a tensor board. The experiments’ procedures are described
in subsequent sections.

4.4 Data

The data and its format for the experimental set-up proposed in this study are
described in this section. Video samples for baseline experiments were acquired
from DISFA+ [18] and DAiSEE [19]. The study used a total of 26,603 sequence
frames from DISFA+ video sequence, which were split for training, validation and
test experiments. For the second experiment, a total of 39,215 sequence frames from
the DAiSEE video sequences were acquired for training, validation, and testing of
the affective state classifier. To validate the framework, live tests were performed
that included a sample of 51 students from the University of the Witwatersrand.
Appropriate steps were taken to acquire the ethics clearance for the study. This
study summarizes the distribution of samples of datasets used for both classifications
in Table 4.1.

68



Table 4.1: Distribution of data samples for the experiments

Dataset Training Validation Test Total Sample Size
DISFA+ 18,247 6,083 2,274 26,603
DAiSEE 20,946 13,934 4,305 39,185

4.5 Classification Experiments

The following subsections provide in detail experimental setup for the task on hand.
Section 4.5.1 describes the training and validation of the emotion classifier using
emotion samples from DISFA+ followed by subsection 4.5.2, which describes the
training and validation of the affective state classifier using samples from DAiSEE
dataset.

4.5.1 Emotion Classifier

For the emotion classification experiment, the following steps were involved: (i) data
pre-processing and feature extraction using pre-trained ResNet-50; (ii) classification
of extracted features using BiLSTM classifier; (iii) Optimization using validation
dataset. The framework for emotion classification is shown in Figure 4.2.

Figure 4.2: Emotion classifier framework

(i) Data pre-processing and feature extraction: DISFA+

The DISFA+ video data, which comprises sequences of labelled images of anger,
disgust, fear, happy, sadness, neutral and surprise emotions, with 1280× 720 pixels,
was split into frames of sequence images. The sequence images were stored in HDF5
file formats, ensuring that the images were resized to 200 × 200 × 3 pixels. The
images were further pre-processed by expanding the dimensions and subtracting the
mean intensity of the pixel RGB from the imageNet dataset (the original dataset on
which the network was trained). In this study, a total of 26,603 sequence frames from
DISFA+ video sequence was used. 24,329 sequence frames were used for training
and validation with a split ratio of 75:25, while 2,274 sequence frames that were
not part of training and validation were used to test the model. The discriminative
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features were extracted using ResNet-50 pre-trained CNN. According to Algarni
et al.[253], features were extracted for two reasons: first, more relevant information
can still be recovered, contributing to accurate findings; and second, to minimize the
dimensions of the data, better prepare the data for classification, and thus increase
classification accuracy.

The CNN, which comprises 48 convolution layers, one maxPool and one average
pool layer, was first loaded with the input images. The CNN accepts image input
from the HDF5 file where the data was stored. The pre-trained ResNet-50 accepted
input video sequences that were split into different frames of images. The frames
reshaped to 200 × 200 × 3 each, which is the input size required by the ResNet-
50 networks, were added to a batch and passed through the ResNet-50 network
for extracting discriminate features from the input images. The images forward
propagated through the network until they reached the last max-pool layer, where
the output shape’s value of 2,048 was used as the feature vector for each sample.
Therefore, the network produced a 2D vector of size 24,329 x 2,048. The extracted
frame feature was passed as input to the BiLSTM network, which performed a facial
expression classification.

(ii) Training and validation of emotion classification model

Understanding human facial expression plays a significant role in understanding
emotions [254]. In this study, we adopted a BiLSTM network for emotion analysis.
The extracted discriminative features were reshaped to a 3D array comprising the
shape, sample size, sequence length, and input dimension. The input to the BiLSTM
classifier is a sequence of frames, which is a 24,329 × 2,048 number of features from
each frame. This was divided into training and validation datasets (18,247 and 6,083
samples) and then passed to the classifier using a batch size of 143 and a maximum
epoch set to 50. Binary cross-entropy was used to identify the loss function, while
the sigmoid function was used to compute the probability of the output labels.

(iii) Training and validation result: emotion classifcation

The BiLSTM network classifies the input feature, considering both the temporal
and spatial aspects of the sequence samples, and validates the classification using
validation datasets of 6,083 samples. An accuracy of 94.48% was reported on the
validation dataset. The training and validation accuracy graph and the training and
validation loss graph for the validation experiment results are shown in Figures 4.3
and 4.4, respectively.

The graph in Figure 4.3 shows the progress of the training as the number of
epochs increases. During training, the accuracy reached its maximum at the 46th
epoch, after which there was no improvement. Further training would cause an over-
fitting of the model, and therefore, the model was stopped from further training
at this point and the validation accuracy was reported. The emotions classified
were anger, disgust, fear, happiness, sadness, surprise, and neutral. The graph in
Figure 4.4 showed the training loss whereby the number of epochs increases as the
value of the training loss decreases until it reached the minimum value of 0.2069
when the accuracy of 94.48% was reported.
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Figure 4.3: Training and Validation Accuracy: Emotion Recognition Model

Figure 4.4: Training and Validation Loss: Emotion Recognition Model

As presented in the confusion matrix in Figure 4.5, 17 samples out of 424 samples
annotated as anger, were misclassified as other emotions, representing a 4% classifi-
cation error. Anger was highly misclassified as digust emotion, accounting for 2.6%
of the misclassified samples. This shows that anger and disgust might have been
mislabeled at some points. The model correctly classified 839 samples annotated
as disgust. However, 5 samples of disgust emotions were classified incorrectly, with
sadness being classified as disgust mostly, giving the model a 0.6% misclassification
rate. This shows a very minimal misclassification rate for disgust.

The model misclassified 78 out of 933 samples annotated as fear emotion, leading
to an approximate 8.4% misclassification rate for fear emotion. The misclassification
rate for fear emotions by the classifier is a bit high, compared to other misclassifi-
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Figure 4.5: Confusion matrix depicting validation results reported by Emotion
Recognition Model (values in %’s)

cations. This might be due to mislabelling of the datasets at some points, with fear
being highly misclassified as disgust emotion (4.93%).

Out of 933 samples annotated as happy emotions, the model misclassified 51 as
other emotions, leading to an approximate 5.5% misclassification rate. The classifi-
cation error of happy emotion samples is a bit minimal compared to anger and fear
emotions. The model further misclassified 74 neutral emotion samples from 929,
resulting in about 8% misclassification rate. Error reported on neutral samples was
also a bit high and might be due to similar features or mislabelling of samples, as it
was highly misclassified as happy emotion (5% of the total misclassifications). With
the 1076 samples annotated as sadness emotion, there was a misclassification of 10
samples, resulting in a 0.9% misclassification rate. This is an indication of a very
low misclassification rate for sadness samples, as a minimal number of samples from
the other emotions were misclassified as sadness emotions, this is an appreciable
result. 944 surprise emotion samples reported a misclassification of 101, resulting
in about 10.7% misclassification rate. The misclassification for surprise emotion is
high compared with fear, neutral emotions that were highly misclassified. We ob-
served that samples of surprise were highly misclassified as sadness (5.6%) and fear
accounting for 2% of the total misclassifications. This indicates that these samples
have similar features.

The overall results reported an approximately 5% average misclassification over
the entire test dataset. Given the minimal misclassification rate, this study suggests
that the proposed model has shown an appreciable accuracy when compared with
other similar studies [108, 255, 216, 256, 257]. Table 4.2 shows the validation results
of the baseline experiment.
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Table 4.2: Validation Results: Emotion Recognition Model

Emotions Number of Precision Recall F-1 Score
Samples

Anger 424 0.98 0.96 0.97
Disgust 844 0.90 0.99 0.94
Fear 933 0.96 0.92 0.94
Happy 933 0.93 0.95 0.94
Neutral 929 1.00 0.92 0.96
Sadness 1076 0.90 0.99 0.95
Surprise 944 0.98 0.93 0.93
Total 6083
Macro Average 0.95 0.95 0.95

4.5.2 Affective State Classifier

For the affective state classification experiment, the following stages were discussed:
(i) data pre-processing and feature extraction using pre-trained VGG-19, (ii) Classi-
fication of extracted features using BiLSTM classifier; and (iii) Optimization using
the validation set. The framework for affective states classification is as shown in
Figure 4.6.

Figure 4.6: Affective State Classification Framework

(i) Data Pre-processing and Feature Extraction: DAiSEE

The pre-trained VGG-19 CNN accepts the input video sequences from DAiSEE
dataset. The sample sequences were split into different frames of images. Of the
39,185 sample sequences used for the experiment, 34,880 samples were for training
and validation of the model. The original 480 × 640 × 3 frames were resized to
240× 320× 3 frames, which is the input size required for the VGG-19 network.

The images forward propagate through the network, and the propagation stops
at the last max-pool layer, in which the value of the output shape was 512, which
represents the discriminative feature vector. The network, therefore, produced a 2D
vector of size 34,880 x 512. The extracted features were passed into the Bi-LSTM
network, where the classification is done.
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(ii) Training and Validation of Affective State Classification Model

The extracted discriminative features were reshaped to a 3D array comprising the
shape, sample size, sequence length, and input dimension. The input to the BiLSTM
classifier is a sequence of frames comprising a 34,880 × 512 number of features from
each frame. These sequence frames were divided into 20,946 and 13,934 samples for
training and validation, which were further passed to the classifier using a batch size
of 143 and a maximum epoch set to 50. Binary cross-entropy was used to identify
the loss function, and the sigmoid function was used to compute the probability of
the output layer.

(iii) Validation result: Affective State Classification Model

This subsection presents the validation results reported during training and val-
idation of the affective state classifier using DAiSEE affective state samples. The
BiLSTM network classifies the input feature, considering both the temporal and
spatial aspects of the sequence samples, and validates the classification using val-
idation datasets of 13,934 samples. An accuracy of 89% and an F-1 score of 0.89
was reported on the validation dataset. Table 4.3 shows the average precision, recall
and the F-1 score that the model reported.

Table 4.3: The Results of the Validation Experiment on DAiSEE dataset

Emotions Number of Precision Recall F-1 Score
Samples

Boredom 3338 0.87 0.83 0.85
Confusion 3402 0.77 0.99 0.87
Engagement 3332 0.96 0.74 0.84
Frustrated 3862 0.99 0.99 0.99
Macro Average 0.89
Total Sample 13934

The training and validation accuracy graph, and the training and validation loss
graph, are shown in Figures 4.7 and 4.8, respectively. The graph in Figure 4.7
shows how the training progress related to the number of epochs. During training,
the accuracy reached its maximum at the 48th epoch, after which there was no
improvement. Further training would result in an over-fitting of the model, therefore
the training was stopped. Engagement, confusion, frustration and boredom were the
affective states classified. The graph in Figure 4.8 shows the training loss. As the
number of epochs increases, the value of the training loss decreases until it reaches
the minimum value of 0.2050. The training reported an accuracy of 89% on the
DAiSEE validation dataset, which we considered an appreciable level of accuracy.

Out of 3338 samples of DAiSEE validation set annotated as boredom, 584 bore-
dom feature samples were incorrectly classified as other affective states, resulting in a
17.5% misclassification rate. We observe that boredom samples were highly misclas-
sified as confused affective states, accounting for 14.1% of the total misclassification.
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Figure 4.7: Training and Validation Accuracy: Affective State Model

Figure 4.8: Training and Validation Loss : Affective State Model

This might be due to similar features in boredom and confusion samples. The model
reported a 0.6% misclassification rate while classifying 3402 samples annotated as
confused affective states. The misclassification was from frustrated affective state
samples being misclassified as a confused affective state, and these samples account
for the whole 0.6% misclassification reported by the model. This revealed that other
affective states were not at any point misclassified as confused, which is an apprecia-
ble report. Of the 3332 samples annotated as engagement affective state, the model
incorrectly classified 884 feature samples, resulting in a 25.6% misclassification rate.
This is a very high misclassification report by the model. This study observed that
boredom and confused affective state samples were the samples that were highly
misclassified as engagement affective states and accounted for the 25.7% reported.
This resulted in a recall report, which is the correctly predicted samples out of the
total samples of engagement affective state as 74% by the model.

The classifier also incorrectly classified 23 of the 3862 samples annotated as
frustrated affective states as other affective states, resulting in a 0.6% error. From
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Figure 4.9: Confusion Matrix: Validation Result on DAiSEE (values in %’s

the report, this study observed that confused affective state was the sample that was
misclassified as frustrated affective state, which is the only affective state that has
accounted for the misclassification reported. The error rate for frustrated affective
state was minimal from the report presented by the model and gave an appreciable
report of 99% recall and an F-1 score of 99%. The confusion matrix depicting
the correct and misclassifications on the validation set is presented in Figure 4.9.
Overall, the model reported an approximately 11% misclassification rate.

This study revealed that the classifier has shown a significant level of accuracy,
given the low misclassification rate and comparable with other work [19, 219, 218,
220].

4.6 Emotions/Affective States to Learning Affect:
Initial Mapping

Based on the literature review, the mapping of estimated emotion and affective states
to learning affect is presented in this section. Mapping estimated emotions and
affective states to relevant learning impacts aids in understanding the experiences of
students throughout a teaching and learning session. Based on the existing literature
in [25, 26, 12, 27], this study proposed an initial mapping between emotions and
learning affect and this is discussed in 4.6.1. The authors also mapped affective
states onto learning affect, and this is discussed in 4.6.2. The mapping between
affective states and learning affect was motivated by work presented in [28, 29, 30,
31, 32, 33, 34, 35, 36].

4.6.1 Emotions to Learning Affects

Following the classification, various sources were used to map the anger, disgust,
fear, happiness, sadness, surprise and neutral emotions into the positive, negative
and neutral learning affect. The mapping information provided by Sathik et al.[25],
Kapoor et al.[26], Pan et al.[12], and Zakka et al.[27] highlight some sources. Similar
to studies by [25, 26, 27, 12], this study considers anger, disgust and sadness as
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negative learning affect. Contrary to that, fear, happy and surprise are considered
to be positive learning affects [25, 26, 27]. Even though this study agrees with
happy and surprise as positive learning affect interpretations, this study considers
fear undefined until further verification. This study undefined neutral emotion as it
is considered not to be a positive or a negative learning affect. This deduction was
based on [258], where the authors explain that a person experiences neutral emotion
when they do not respond to situations but remain in their original state. Gasper et
al.[259] stated that neutral emotion is independent of positive and negative affect.
Gasper et al. [259] also defined neutral affect as a feeling of indifference to anything
in particular and a lack of strong preference. This literature served as a starting
point for the mapping performed in this study, and the experiments proposed in this
study were designed to consolidate the initial mappings. Table 4.4 summarizes the
initial mappings based on the literature.

Table 4.4: Mapping Emotions to Learning Affect based on [25, 26, 12, 27]
,

Anger Disgust Fear Happy Sadness Surprise Neutral
Sathik Negative - Positive - Negative Positive -
et al.[25]
Kapoor Negative Negative Positive Positive Negative Positive -
et al.[26]
Pan Positive Negative - - - Positive Positive
et al.[12]
Zakka Negative Negative Positive Positive Negative Positive Positive
et al.[27]

4.6.2 Affective States to Learning Affects

Students’ affective states might be mapped onto positive, negative, and neutral
learning effects [170]. Several studies have been carried out in this regard. To ob-
tain initial information about the categories into which the affective state is mapped,
existing literature was considered. These include Daschmann et al.[28], D’Mello et
al.[29, 30], Stein et al.[31], Nakamura et al.[32], Csikszentmihalyi et al.[34, 33], Sher-
noff et al.[35] and Guo et al.[36]. Boredom, confusion and frustration were mapped
as a negative affective state by some of these authors, while engagement was con-
sidered a positive learning affect. Students who are bored are more likely to have
negative outcomes such as poor grades, absenteeism, and finally dropping out of
school, indicating a negative affect on learning [28]. Similarly, students experience
boredom when the lecture does not interest them or when they cannot complete any
of the tasks that are part of the learning process, resulting in a negative learning
impact [29]. Confusion is frequently induced by a lack of understanding of an issue,
particularly when students face a problem during their learning activities or are un-
sure about the knowledge being disseminated. Therefore, confusion was considered
a sign of negative learning affect [30]. When students need clarification, especially
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when they need to understand or comprehend content, they can become frustrated
and make repeated mistakes. As a result, frustration was associated with negative
learning affect [29, 31]. An intense feeling of flow-like engagement can be linked with
a positive learning affect, especially when the learning outcomes are clear and the
lecture content is well comprehended [34, 260]. Table 4.5 summarizes the mapping
of affective states to learning affect based on literature.

Table 4.5: Mapping Affective states to Learning Affect based on [28, 29, 30, 31, 32,
33, 34, 35, 36]

Boredom Confused Frustration Engagement
Daschmann et al. [28] Negative - - -
D’Mello et al. [29, 30] Negative Negative Negative Positive

Stein et al. [31] - - Negative -
Nakamura et al. [32] - - - Positive

Csikszentmihalyi et al. [33, 34] - - - Positive
Shernoff et al. [35] - - - Positive

Guo et al. [36] - - - Positive

4.6.3 Validating Mappings

Due to disagreement between different authors with respect to the mappings between
emotions and learning affect, the current study proposed a two-stage experimental
setup where the existing mappings between affective states and learning affect can be
utilised to validate the mappings between emotions and learning affects (especially
the undefined ones). The first stage of this experimental setup includes passing each
sample from DAiSEE dataset (annotated with affective states) through the emotion
classifier to estimate the emotion label. Mapped learning affect based on the esti-
mated emotion label (utilizing emotion to LA mapping) will be cross-validated with
that of mapped learning affect based on the annotated affective state of the sample
(utilizing affective state to LA mapping). The framework for the experimental setup
is illustrated in Figure 4.10.

The emotion classifier model that was trained with DISFA+ dataset was tested
on 2,727 sequence samples from DAiSEE dataset labelled with affective states of
engaged, boredom, frustration and confusion. The DAiSEE sample sequence dataset
of size 480×640×3 was reshaped to 240×320×3 and passed through ResNet-50 pre-
trained network for feature extraction, producing a feature size of 2727× 2048. The
BiLSTM emotion estimator would then map the affective state samples of DAiSEE
with the basic emotion from DISFA+. The predicted emotion labels for the affective
state samples and the estimated learning affect were compared to the learning affect
estimate using basic emotion samples. The mapping results are provided in Table
4.6.

The trained emotion classifier, when tested on samples annotated with engaged
affective states, reported the presence of happy and surprise emotions. The affective
state of engagement according to Nakamura et al.[32], Csikszentmihalyi et al.[33, 34],
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Figure 4.10: Framework for Validating Mappings

Table 4.6: Mapping Emotions to Affective State to Cross-Validate Estimated Learn-
ing Affect

DAiSEE
Labels

Sample
size

Estimated
learning
affect by
literature

Mapping by
emotion esti-
mator

Estimated learn-
ing affect by cur-
rent study

Engaged 691 Positive Happy, Surprise Positive
Boredom 683 Negative Disgust Negative
Confused 923 Negative Fear, Sadness Negative
Frustrated 430 Negative Anger Negative
Total
Samples 2727

Shernoff et al.[35] and Guo et al.[36] were considered as positive states, which in
turn validates both happy and surprise emotions to be positive learning states. This
was in line with work by [26, 27] who mapped happy to be positive and work by
[214, 26, 12, 27] who mapped surprise to a positive state. This reaffirmed the initial
mapping of happy and surprise emotions as a positive learning effect. This study
therefore agrees and concludes that happy, surprise, and engaged affective states
shown during learning by students are indications of a positive learning affect.

Samples annotated with the confused affective state were reported to be de-
picting sadness and fear emotions by the emotion classifier. The affective state of
confused was considered a negative affective state by Graesser et al.[80] which in
turn maps sadness and fear as a negative learning affect. Mapping of sadness to
negative learning affect was in line with work by [25, 26, 27]. However, fear was
considered a positive learning affect by [25, 26, 27]. This prompted further investi-
gations to confirm the mapping of fear. This study, therefore, agrees that sadness
and confused affective states are negative learning affects, but still investigated fear
emotion further. Section 5.6 discussed the survey that was carried out along with
the specific questionnaires administered to the participants in this aspect.

79



Samples annotated with the boredom affective state, which was considered to be
a negative learning affect by [28, 29], were reported to be depicting disgust emotion.
This maps disgust emotion being a negative learning affect and this was in line with
the work by [26, 12, 27]. This study also agrees with this mapping of boredom and
disgust as depicting a negative learning affect. This implied that, when students are
showing a sign of boredom or a disgust emotion, there is no proper understanding
of the subject matter, and this should send a signal to the teacher, that the student
is not grasping what he or she is teaching.

Anger emotion was picked up when samples annotated as being frustrated affec-
tive states were passed through the emotion estimator. Affective states of frustrated
were considered as negative learning affect [29, 31], which in turn maps anger emo-
tion to be a negative learning affect. This was in line with the work by [25, 26, 12, 27],
where the authors reported anger emotion to be a negative learning affect. This
study agrees with this and concludes that anger and frustrated affective states are
indications of poor learning, and eventually, a negative learning affect. Negative
learning affect in turn might lead to eventual failure at the end of the session. The
second stage includes a survey with participants to re-evaluate the fear emotion and
its mapping to a learning affect.

4.7 Feedback Generation

Feedback is crucial for effective teaching and learning either in a traditional class-
room setting or in an e-learning setting. Feedback reveals how well students are
supporting themselves in achieving learning objectives and improving self-regulation
abilities[261]. Without feedback, the learning process would not be complete since
it would not be possible for teachers or students to assess how well they are doing
regarding the learning goals and to determine if they are being met or exceeded.This
study proposed two feedback mechanisms; narrative reports (on overall estimates for
a student or a lecturer) and Q&A (for individualised feedback). Narrative reports
using passage templates and estimates from emotion and affective states classifier
estimated learning affect, lecture video annotations (i.e., topic, length of the lec-
ture, etc) will be formulated. Whereas for Q&A-based feedback, this study adopted
a fine-tuned BERT-Q&A bot. The BERT-Q&A bot accepts reasoning questions and
passages (which are narrative reports in this study). The formulated questions will
be in line with and related to the teaching and learning aspects, which warrant an
answer with reasoning embedded by the BERT-Q&A bot. The details of the report
generation and the BERT-Q&A bot modules are described in subsections 4.7.1 and
4.7.2 respectively.

4.7.1 Narrative Report Generation

In the narrative report module, the task is to automatically generate a narrative
report from passage templates and estimates from emotion and affective states clas-
sifier, estimated learning affect, and lecture video annotations (i.e., topic, length of
the lecture, etc). The narrative report will act as the input to the next phase of
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feedback based on the BERT-Q&A bot. The narrative reports fall under two cate-
gories: single sample input (for students), and a group sample input (for teachers).
Group sample input will cater for teachers who want to get feedback based on the
learning experienced by all students during an e-learning session.

For the report, we manually curated a set of sentences as a template. The
template was built by examining the output generated from the classifiers and the
learning affect outcome. Two sets of templates were created. One is to accept input
from the single/individual sample model and the other one is to accept input from
the group samples model. Sentences that can reflect on the length of the video
lecture, lecture labels, the estimated emotion and affective state and learning affect
were curated for both single and group sample models. We adopt the PASS method
of data-to-text in [201] for template-based report generation. The template is cre-
ated to have empty slots that needed to be filled to complete the report. This is
carried out by the template filler module as described in [201]. Each empty slots has
a tag in the template database, e.g < happy >,< bored >, etc. The template filler
module uses these tags to find the corresponding information in the model output
data, and then fills the empty slots with the relevant data values. The filled-in
template is returned as the output of the report generation module.

Single report template sample: During the < video length >min video lecture
on < video label > that you watched, you have mostly expressed
< highest emotion type > emotion and < highest affective state type >
affective state. In addition to this, < second highest emotion type > emo-
tion and < second highest affective state type > affective state were exhib-
ited. Based on the emotions and affective states that were mostly expressed during
< video annotation >, the system predicts a < highest Learning Affect >
learning affect. You are advised to consider the above feedback and adapt your
learning session accordingly for future video lectures.

Group report template sample During the < video length >min video lecture
on < video label >, < highest class aggregate >% of learners expressed
< highest emotion type > emotion and < highest affective state > affec-
tive state. In addition to this, another < second highest class aggregate >%
of learners expressed < second highest emotion type >
emotion and < second highest affective state > affective state. Based on the
emotion expressed by most learners, the system predicts a
< highest Learning Affect > learning affect. The teacher is advised to con-
sider the above feedback for future video lectures.

The report generator outputs the completed template, which we label as nar-
rative feedback reports. This output is then forwarded to the BERT-Q&A bot as
the input passage to generate answers for the questions posed by either teacher or
student for further feedback.

The samples of the input questions that were formulated in this study are as
follows (This is just a sample of questions and it depends on the specific needs of
students/learner and teachers, more questions can be embedded into the list.):

81



Pre-defined Input Questions

Set of predefined questions to be used along with the narrative report generated
from the single report include:

1. Which emotion do I exhibit the most?

2. Which affective state do I exhibit the most?

3. During the first 2 minutes of the lecture, which emotion and affective state
did I exhibit?

4. During the first half of the lecture, which learning affect was estimated for me?

5. Which emotion did I exhibit towards the end of the lecture?

6. Did I understand the lecture?

7. Which topic do I seem to not comprehend well?

8. How can I improve?

9. What can the teacher do to help me improve?

10. Which learning affect do I experience?

Set of the predefined questions to be used along with the narrative report gen-
erated from the group report include:

1. What was the most frequent emotion exhibited by the class?

2. What was the most frequent affective state exhibited by the class?

3. During the first 5 minutes of the lecture, what were the highest emotion and
affective states exhibited by the students?

4. What was the overall learning affect?

5. What can the teacher do to assist the students?

6. Were the students distracted during the video lecture?

7. During the first half of the lecture, which learning affect was estimated for the
class?

8. Were the students frustrated during the lecture?

9. Did the students understand the lecture?

10. Which learning affect was estimated for the entire class?

11. How could the teacher rate the content of the lecture?

4.7.2 Question & Answer Module : BERT-Q&A bot

In the Q&A module, the user, who is either the teacher or the student, asks questions
through the BERT-Q&A bot. These questions were asked along with the passage
generated from the emotion and affective state estimator, learning affects mapping,
the video label, and its length to provide relevant answers to the questions posed.
The BERT-Q&A bot model receives the narrative report and a question from the
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user (teacher/student). The questions would be chosen from the pre-defined set
as described previously, and these questions are expected to help get reasoning-
based answers by the BERT-Q&A bot. The set of questions has the potential to
be expanded in the future. As the input level, questions and narrative report are
fed in as a single package sequence, with the question as the A embedding, and the
passage as the B embedding. A start vector S ∈ RH and an end vector E ∈ RH

are introduced during fine-tuning [24]. Dot products between Ti and S are used
to calculate the probability that, word i will begin the answer span, which is then
multiplied by a softmax across each word in the paragraph and outputted as answers:

Pi =
eS·Ti∑
j e

S·Tj
(4.1)

The Q&A module returns an answer along with the start/end token index for
the answer and the start/end token scores. The scores can be used to rank answers
if we are searching for answers to the same questions in multiple passages. The
value of the maximum length can not exceed 512. If the length of the question and
a passage with special tokens is larger than the maximum length, the function will
truncate the extra portion. The answers provided through the input are expected
to serve as feedback for teachers and students.

4.8 Live Testing

To evaluate and explore the feedback aspects of the proposed framework, a live
test was carried out with real-life samples from students in a laboratory setting.
Fifty-one students from the Department of Computer Science and Applied Math-
ematics (CSAM) at the University of the Witwatersrand volunteered to test the
proposed system. Each participants was made to watch a 10-minute lecture video
on a topic of interest in the area of computer science, using a computer system with
a webcam. The webcam was activated as soon as the learning session started in
order to collect the student’s facial images. Input sequences were pre-processed (re-
sized and reshaped) and forwarded to the trained CNN-BiLSTM model for emotion
and affective state classification. The highest estimated emotions and affective states
were displayed by the proposed model at the end of the lecture session. The learning
affects are estimated and passed to the template-based report generation module,
thereby populating the template. The template accepts estimated emotion and
affective state, estimated learning affect, and the video annotations (label/length
etc.). This process is carried out on a group basis at the teacher’s end, whereby
a group-level emotion, affective states and learning affect populate the template.
The populated templates and questions from the user (teacher/student)are then
forwarded to the BERT-Q&A bot.

4.8.1 Ethical Considerations

This study required human participants to evaluate the proposed framework. There-
fore, an application for ethical clearance was sent to the Wits University Human
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Research Ethics Committee (non-medical) for approval. Each participant would be
required to view a lecture video on a topic of interest in the area of computer science
and their emotions/affective states will be estimated and used to provide feedback
on the student experience.

Ethics application included a full explanation of what, why, and how the work
will be done, as well as a completed application form. A sample approval for this
study by the head of the school and the ethics clearance certificate are shown in
appendixes D and E, respectively. The researcher also prepared a set of documents
that participants are expected to fill out to complete a survey on the suggested
model. These documents are explained as follows.

1. Application form: The categories of work risks are listed in the application
form that the researcher filled out. This study was classified as having minimal
risks. The participants were not chosen as experts according to the form. The
researcher wrote to the committee that the study participants did not belong
to any vulnerable groups. The study goals and objectives were also indicated
in the application form, along with the mode of the survey to be conducted
and the categories of participants, which include all registered students of the
School of Computer Science and Applied Mathematics. The application also
includes other documents that were provided to the participants.

2. Participant’s information sheet: This document introduced the researchers
and explained the study to the participants in detail, including how they would
participate in the live testing of the proposed model. Participants were in-
formed that they were not under any obligation to participate and that partic-
ipation was entirely voluntary. The participants’ form is provided in Appendix
A.

3. Consent forms: This form provides information to a participant, as well
as his or her consent to participate or not participate in the survey and a
promise of anonymity. The participant’s signature is also included in the
form, indicating his or her willingness to participate in the survey. A consent
form is provided in Appendix B.

4. Questionnaire: The researcher prepared a questionnaire to conduct the sur-
vey to evaluate the proposed model in relation to the basic emotions and
affective states of the students. A qualitative analysis of the study was carried
out since the data used for the survey are qualitative. Wolter et al.[262] de-
scribed qualitative data as data from direct fieldwork observations, open-ended
in-depth interviews, and written documents. This is analyzed in a qualitative
research framework. Naturalistic inquiry is used by qualitative researchers who
explore real-world contexts inductively to provide rich narrative descriptions
and case studies. Patterns and themes emerge from inductive examination
across cases and the result of qualitative research.

The formulated questions were geared to extract information about the basic emo-
tions experienced and are divided into the following categories: Questions 1 to 3
were formulated to evaluate the proposed model. This is intended to compare the
responses of the participants with the output of the model in terms of reasoning.
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Question 1 tries to capture the emotion experienced by the participants during the
lecture session, apart from what the model has estimated. Question 2 tries to cap-
ture the learning affect experienced by the participant. This information is used to
compare the initial mappings proposed in this study. Question 3 is about the rating
of the lecture with respect to the mode of presentation. This is to compare the
learning affect and the presentation method of the lecture to see if the presentation
method has an effect on the learning effect of the students. Questions 4 to 9 were
formulated to capture the general view of the proposed research and its importance.
The potential responses included “yes”, “no”, or “I don’t know”. This is to estimate
the impact of the proposed study. Specifically, question 4 was formulated to find out
from the participants if facial emotion is an acceptable method to evaluate a student
during an online learning process. Question 5 was intended to confirm whether the
estimated learning affect of students using their facial emotions can improve the
e-learning domain. Question 6 tries capturing the feedback around the proposed
method around the level of comprehension experienced by a student. Question 7
tries to capture participants’ feedback with respect to their opinion on the proposed
study and its capability in helping teachers adequately in assessing students during
an online teaching session. Question 8 was intended to obtain suggestions for other
criteria that can be used to estimate the learning affect of students in an online
setting. Question 9 tries to establish whether there is room for improvement on
the proposed system followed by question 10, which tries to capture suggestions for
improving the study. As a way to determine whether the students’ learning experi-
ences align with the model’s predictions, Question 11 was asked. The questionnaire
is provided in Appendix C.

To perform statistical significance on the data collected from the survey, the
study adopted Stata statistical analysis software. This tool was used to conduct
Fisher’s exact test on the different variables that were observed. Fisher’s exact test
is employed to determine whether there is a significant relationship between two
categorical variables [263, 264].

4.9 Chapter Summary
Reasoning about the learning affects of students during e-learning using the students’
facial cues, narrative reports, and question-answers is considered a missing link that
this study seeks to solve. The solution to this problem is expected to increase
teachers’ information about their teaching and students’ information about their
possible learning performance. Feedback about the learning affect will not only
improve the academic performance of students but will also provide a solid learning
foundation. Therefore, the application of an appropriate deep-learning approach
will in no small way provide the required solution.

The general techniques for achieving the expected solutions were provided in this
chapter, with the goal of introducing a system that estimates a student’s learning
affect, with questions and answers incorporated to provide feedback to teachers and
students. The problems that necessitated this study were discussed. These issues
identified include the absence of reasoning using questions and answers to estimate
students’ learning affect as feedback generation for teachers and students.
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The proposed framework presented comprised lecture input from the teacher,
video facial input from students, feature extractors (ResNet-50 and VGG-19 pre-
trained CNN), emotion and affective state classifiers (BiLSTMs), the learning affect
module, report generation module, feedback templates, and the BERT modules for
feedback.

The data and its format for the experiments, as well as the different experi-
ments carried out towards the achievement of the proposed study, were described
in this chapter. These experiments include training the emotion and affective state
classifiers using an existing classifier model and initial mappings from estimated emo-
tions and affective states to learning affects. These mappings were further validated
through another experiment (mapping emotion to affective states).

The chapter also provided an overview of the feedback mechanism, including
both narrative reports and the Q&A module. The live test experiment and ethi-
cal considerations, including the various documents that were processed to obtain
clearance, were also discussed. Results obtained through these experiments carried
out are presented and discussed in chapter 5.

The estimation of students’ learning carried out using their facial emotions and
affective state analysis with narrative reports and question and answer to reason
about the learning affect of students is expected to improve the e-learning domain.
Getting feedback on students’ learning is crucial for both students and the teacher.
Therefore, we believe that providing a system to facilitate feedback is expected to
contribute to the e-learning sector since there are no physical contacts, unlike in the
classroom setting.
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Chapter 5

Results and Discussion

5.1 Introduction
The proposed spatio-temporal reasoning framework, as described in Chapter 4, was
evaluated for its correctness and effectiveness. The results obtained are presented
and analysed in this chapter. The chapter comprised eight sections. Section 5.2
reviews the data samples used for the test experiments, followed by Section 5.3,
which presents the test results obtained by the proposed emotion classifier and
affective state classifier. Experimental results from adaptive mapping are presented
in Section 5.4, while the overview of the feedback received by the learners/teacher
during the online session and after the lecture is discussed in Section 5.5. Live test
experimental results are presented in 5.6, followed by a discussion on the experiments
in Section 5.7. The summary of this chapter is presented in Section 5.8.

5.2 Data Samples for Testing the Proposed Frame-
work

For the inter-database test experiments, we used 2,274 data samples from DISFA+
that were not part of the training and validation experiments. A feature vector of
size 2, 274 × 2, 048 reshaped into a 3D array was used as the input to the emotion
classifier. On the other hand, a sample size of 4,305 sequences was used from DAiSEE
dataset to test the affective state classifier. A feature size of 4305×512 was reshaped
into a 3D array by the feature extractor before passing them to the affective state
classifier. For live test experiments, 51 video samples depicting learners’ facial data
during an e-learning session were captured in laboratory settings.

5.3 Experimental Results

5.3.1 Test Results: Emotion Classifier

The test experiments carried out on the trained emotion classifier reported classi-
fication accuracy of 92% on a sample size of 2,274 depicting seven basic emotions
i.e, anger, disgust, fear, happy, sadness, surprise, and neutral. An average F-1 score
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of 88% and an average precision of 89% were also reported. Table 5.1 provides the
emotion classifier test results, and Figure 5.1 depicts the confusion matrix.

Table 5.1: Emotion Classifier: Test Results on DISFA+

Emotions Number of Precision Recall F-1 Score
Samples

Anger 434 0.99 0.95 0.97
Disgust 267 0.99 0.95 0.97
Fear 204 0.71 0.62 0.66
Happy 470 0.92 0.95 0.93
Neutral 330 1.00 0.99 1.00
Sadness 253 0.80 0.81 0.81
Surprise 316 0.81 0.92 0.86

Total 2274

Average 0.89 0.88 0.88

Figure 5.1: Emotion Classifier: Confusion Matrix (values in %’s)

Based on the report provided through the confusion matrix, out of 434 samples
of anger emotion, 23 samples were misclassified as other emotions by the classifier,
accounting for a 5.3% error. Anger samples were misclassified as disgust, fear, happy
and surprise, with the highest misclassification as happy emotion (4.6%). This is a
minimal error by the classifier.

With disgust emotion samples, 15 out of 267 were misclassified as other emotions.
These emotions, which disgust was misclassified as, are fear, sadness, and surprise,
totaling 5.6% misclassification. It was observed that disgust emotion samples were
highly misclassified as sadness, which accounts for 4.8% of the total misclassification.
The misclassification was minimal in this case too.
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For fear emotion, out of 204 samples, 78 were misclassified as sadness, surprise,
and happy emotions. The total misclassification was reported to be 38%. Fear was
mostly misclassified as sadness and surprise, as depicted in the confusion matrix.
This is a very high misclassification rate compared to other reports. 25 samples
of happy emotions out of 470 were misclassified. The classifier reported a 5.3%
misclassification in this case. Happy emotion samples were misclassified as anger
and surprise emotions. The classifier has also reported a minimal error rate in this
case.

Two (2) samples of neutral emotion out of 330 were misclassified. Neutral emo-
tion was misclassified as anger emotion, which accounts for the 0.6% misclassification
reported. This error is very minimal, and we opined that the classifier has reported
an appreciable result on neutral emotion. Of 253 samples of sadness emotions, 48
were misclassified as fear, disgust, sadness, and surprise, reporting an 18.9% mis-
classification rate. This is a very high error rate reported by the classifier compared
to other emotions. Surprise emotion had 23 misclassifications out of 316 samples.
These emotions that surprise emotion samples were misclassified as fear, happy and
sadness, and this totals 7.2% misclassification. The average misclassification re-
ported during the test experiments by the emotion classifier is 11.5%, we noticed
that this error is minimal, and therefore opined that the accuracy of the classifier is
appreciable and in line with other literature [108, 255, 216, 256, 257].

5.3.2 Test Results: Affective State Classifier

The CNN-BiLSTM-based affective state classifier reported an accuracy of 86% and
an average F-1 score of 87% on a sample size of 4,305. The results were in line
with the state-of-the-art results reported by [19, 219, 218, 220]. Table 5.2 provides
a summary of the test results, and Figure 5.2 depicts the confusion matrix.

Table 5.2: Affetive State Classifier: Test Results on DAiSEE

Emotions Number of samples Precision Recall F1-Score
Boredom 782 0.98 0.91 0.94
Confusion 758 0.89 0.81 0.85
Engagement 1362 0.84 0.79 0.81
Frustrated 1403 0.81 0.94 0.87
Total 4305
Average 0.88 0.86 0.87

From the results presented by the confusion matrix, the classifier reported a mis-
classification rate of 9.3% for affective state samples of boredom, out of 782 samples
that were classified. 73 samples were misclassified as confusion, engagement, and
frustration. This error reported was considered minimal by this study. For the
classification of confusion samples totalling 758, 146 were misclassified as boredom,
engagement, and frustrated. The misclassification accounts for a 19.2% error. We
opined that this error was high compared with other affective states and therefore
affected the final accuracy of the classifier. Of 1362 samples of engagement affective
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Figure 5.2: Affective State Classifier: Confusion Matrix (values in %’s)

states, 292 were misclassified as boredom, confused and frustrated. This totals 21%
misclassification, which is higher than the misclassification reported by confusion
affective state. This report will also have some effect on the final accuracy of the
model. 1403 samples of frustrated affective states were classified, and 85 samples
were misclassified as boredom, confusion, and engagement. This accounts for a 6%
misclassification. This model has reported an appreciable error rate for frustrated
affective states. The average misclassification rate reported by the affective state
classifier during the test experiment was approximately 14%. This error was high
and was responsible for the accuracy of the model reported as 86%, but generally,
the result is comparable to other similar works.

5.3.3 Comparison of experimental results with related recent
studies

Generally, both the emotion and affective state classifiers have produced results
that were inline with and comparable to those in the literature. Table 5.3 and 5.4
provide a list of works and how our model compared to them. The comparison
metrics include the datasets used, the architecture used, the type of modality used,
the mapping criteria, the accuracy of the classification reported, and the availability
of the Q&A module.

According to this comparison, no previous study has formulated a complete end-
to-end framework for capturing facial cues to generate feedback that incorporates
narrative reports and Q&A modules.
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Table 5.3: Proposed Framework vs Existing Work using emotion data

Authors Dataset
used

Architecture Classified Actions Accuracy
Re-
ported

Mapping
Criteria

Q&A
Module

Hindujah
et
al.[216]

DISFA+ CNN Intensities of 12 AUs
including AU 1-6,9,
12,15,17,20, 25,26

79% None None

Akay
et al.
[108]

DISFA Stacked
CNN

Detection of twelve
AUs namely: AU1,
2, 4, 6, 9, 12, 25, 26

55% None None

Hernadez
et
al.[255]

DISFA DeepFN Facial Action unit 69.7% None None

Pise et
al.[215]

DISFA+ SqueezeNet
+ TRN

Anger, disgust, fear,
happy, sadness, sur-
prise and neutral

92.7% None None

Current
Study

DISFA+ CNN-
BiLSTM

Anger, disgust, fear,
happy, sadness, sur-
prise and neutral

92% Positive,
Nega-
tive,
Neutral

Yes

Table 5.4: Proposed Framework vs Existing Work using affective state data

Authors Dataset Architecture Classified Accuracy Mapping Q& A
Used Used Actions Reported criteria Module

Liao et
al.[218]

DAiSEE SENET
+LSTM+
GALN

Engagement predic-
tion:Very high, high,
low, very low engage-
ment

58.84% None None

Fwa et
al.[220]

DAiSEE STGAT Frustration,boredom,
engagement and con-
fusion

60.32% None None

Abedi
et
al,[219]

DAiSEE ResNet +
TCN

Engagement level:
very low, low, very
high, high

63.9% None None

Current
Study

DAiSEE CNN-
BiLSTM

Boredom,engagement,
frustration and con-
fusion

86% Positive,
Negative,
Neutral

Yes

5.4 Final Mappings

Based on the literature survey, initial mappings were verified. Further experiments
via survey questions answered by willing participants and initial mapping were
adopted. Based on the experimental results, this study adapts these mappings and
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concludes that sadness, disgust, anger, frustration, boredom, and confusion were re-
garded as negative learning affect, while happy, surprise, fear, and engagement were
regarded as positive learning affect. When a learner shows an indifferent emotion
that is neither positive nor negative, this is regarded as a neutral learning affect.
Table 5.5 shows the mapping adapted as described in this work.

Table 5.5: Adaptive Mapping by this research

Affective states/Emotions Adaptive Mapping

Sadness, Disgust, Anger, Frustration, Confusion, Boredom Negative

Happy, Surprise, Fear, Engagement Positive

Neutral Neutral

5.5 Feedback Generation

An overview of the feedback received by the learner/teacher during the online session
and after the lecture is discussed in this section. During the lecture, the learner is
reported on the facial emotion/affective state expressed by him/her. This keeps the
learner engaged and provides real-time feedback on the cues expressed by them.

5.5.1 Emotion and Affective State Feedback

Sample frames with estimated emotions and affective states during an online lecture
session are shown in Figure 5.3 and Figure 5.4, respectively.

Figure 5.3: Live Testing: Estimated Facial Emotion as Feedback to User

Figure 5.4: Live Testing: Estimated Affective State as Feedback to User

To generate individual and group-level aggregates of emotions and affective states
experienced by learners, a statistical module is used, as discussed in the following
section.
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5.5.2 Individual and Group Aggregates Generation

Highest occurring emotions and affective state estimates were passed to a statis-
tical module (STAT encoding) to evaluate the aggregates. Statistical encoding is
an entropy-based compression approach that recognises statistical patterns in the
data to be compressed and uses these patterns to perform compression [265]. The
statistical module aggregates the estimates of emotions and affective states for a
single learner and outputs the learning affect (positive, negative, or neutral) [266]
in textual form. For the group level, estimates of emotion and affective state labels
are concatenated and aggregated.

5.5.3 Narrative Report Generation Module

To create narrative reports for individual learners and teachers, this study used two
sets of templates, which are to be populated using estimates of emotions, affective
states, aggregates, estimated learning affect, and video labels. This study adopted
the PASS method of data-to-text as in [201] for template-based report generation.
In the PASS method, the template is created, having empty slots that must be filled
to complete the report. The template filler module carried out this, as described
in [201]. Each empty slot has a tag in the template database, e.g., < happy >,<
bored >, etc. The template filler module uses these tags to find the corresponding
information in the model output data and then fills the empty slots with these data.
The filled-in template is returned to the report generation module. The empty slots
of the template were filled out as a narrative report that serves as the passage for
the BERT-Q&A bot. Figure 5.5 shows a sample of the generated report for a single
sample, and Figure 5.6 shows a sample of the generated group sample. Both versions
will act as input to the BERT-Q&A bot, as explained in 4.7.1.

Figure 5.5: Narrative Report: Single Sample Report

5.5.4 Question-Answer generation: BERT-Q&A bot

For the Q&A task, the narrative report generated as described in 5.5.3 is plugged
into the BERT Q&A module.
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Figure 5.6: Narrative Report: Group Sample Report

Feedback to learner

For a learner’s feedback, the BERT-Q&A accepts the single passage template
that has been completed with the single sample details. This passage is input along
with questions designed for a single input, and reasoning answers are output by the
BERT-Q&A bot. The output of the BERT Q&A bot is shown in Figure 5.7.

Figure 5.7: BERT-Q & A Bot Output for Single sample QA
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Feedback to teacher

For the teacher’s feedback, the BERT-Q&A accepts the report from the group
sample as the input passage, which was filled with the group sample details. This
passage is input along with questions designed for a group, and reasoning answers
are produced by the BERT-Q&A bot. The output of the BERT Q&A bot for one
group reasoning sample is shown in Figure 5.8.

Figure 5.8: BERT-Q & A Bot Output for group Q&A

5.6 Live Test Results

The results of the live test experiment using data samples from learners are reported
in this section. The proposed model consisted of a cascade of emotion and affective
state classifiers, the learning affect module, the narrative report generation module,
and the BERT-QA bot module. The questionnaire provided to the learners was
used to validate the estimates at all levels of the framework.

5.6.1 Data Management

All responses provided by respondents on paper questionnaires were captured in
Microsoft Excel. The data were exported to Stata version 14 for analysis.
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Quantitative Data Analysis

Descriptive statistics were computed for all the quantitative variables. Descrip-
tive statistics are statistics that summarize or describe the characteristics of a data
set [267]. Descriptive statistics are made up of three types of measures: measures
of central tendency, measures of variability (or spread), and measures of frequency
distribution. Measures of central tendency describe the data set’s centre (mean, me-
dian, and mode). Variability measures describe the data set’s dispersion (variance,
standard deviation). The frequency distribution measures describe the occurrence
of data within the data set (count) [267]. Most variables were categorical and de-
scribed using frequency distributions and percentages. Tables were used to present
visual summaries of the findings. Fisher’s exact test was used for bivariate analysis
to determine associations between key outcome variables. A significance level of 0.05
(95% level of confidence) was used. P-values of less than 0.05 reflect statistically
significant differences.

The study initially used 22 participants for the experiment. By cross-tabulating,
the model’s emotion estimate with the learners’ feelings, a p-value of 0.02 was re-
ported, which is statistically significant and shows that there is an association be-
tween the model and the learners’ feelings. Therefore, more data samples were col-
lected to confirm the observed significance from the previous samples. The updated
sample reports are presented as follows.

5.6.2 Findings

The findings of the proposed model through the live test based on the demographic
profiles of the participants and the learner’s emotions and affective states experi-
enced during the live test are discussed in this subsection.

Demographic profile of the participants: The demographic profiles of the 51
participants who volunteered to participate in this study ranged between 25 and 50
years of age and consisted of 45% (23) females and 55% (28) males.

learner’s emotions and affective states: The different emotions and affective
states expressed by participants at different times during the live test of the proposed
model were attributed to the dynamic nature of emotions and affective states. This
means that emotions and affective states vary over time and space. According to the
observations, some emotions and affective states were shown more frequently dur-
ing learning than others. During the experiment, this study observed that most of
the learners frequently expressed fear emotion and an affective state of engagement,
although the study agrees that there might be a possibility of misclassification er-
rors at some points. Although emotions and affective states such as happy, neutral,
sadness, surprise, frustration, and confusion were expressed less frequently, others,
such as anger, disgust, and boredom, were not estimated at any time. With a mis-
classification rate at 11.5%, it might be beneficial to test the model with a larger
number of participants which might bring in all the diverse emotions and affective
states.

The proposed model estimated that fear emotion was prevalent in 62.75% (equiv-
alent to 32) of the participants, and the baseline experiment revealed that the pro-
posed model misclassified the samples of fear emotions. During the second exper-
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iment conducted to verify the initial mapping, the emotion estimator labelled fear
a confused affective state of learning. Authors suspected this to be because the
baseline model had a high rate of fear misclassification, as shown in Table 4.2. The
previous literature that was surveyed in this study opined that fear is a positive
emotion. Participants verified this through the questionnaire as a positive learning
affect. Therefore, we agree based on these facts that fear shown during learning
could be a sign of positive learning. Interested readers are referred to Appendix G,
Tables 1 to 11, which provides feedback samples from the participants.

The proposed model estimated that sadness emotion was prevalent for 21.57%
(equivalent to 11) of the participants, and the mapping experiment conducted mapped
sadness emotion with a confused affective state. Therefore, this study suspects that
there is a possibility that the lecture confused the learners. Based on previous stud-
ies and the initial mapping experiment conducted, sadness emotion is estimated as
a negative learning affect. This research confirmed this through a survey that these
participants were not clear with the lecture. Therefore, this study concludes that
sadness emotion and confused affective states shown during learning are negative
learning affect.

Four of the participants (7.84%) were estimated by the model to have predomi-
nantly shown surprise emotions. The emotion estimator and the literature mapped
surprise emotion to the affective state of engagement. Therefore, surprise emotion
is estimated as a positive learning affect. Through a questionnaire given to the par-
ticipants, surprise emotion was verified as a positive learning affect. Anger, disgust,
and surprise were not estimated for any of the participants as prevalent during the
lecture, although these emotions were displayed at some points during the lecture.
The summary of the analysis of the different emotions of the participants is shown
in Table 5.6.

Table 5.6: Live Testing : Emotion Estimates

Emotion No. of Percentage (%)
Participants

Fear 32 62.75
Happy 4 7.84
Sadness 11 21.57
Surprise 4 7.84
Total 51 100

Thirty-eight of the 51 participants (74.51%) were estimated to be predominantly
exhibiting engaged affective states during the lecture. This shows a state of positive
learning by the learner during the lecture and shows that the content is clear to the
learners during that time frame of the lecture. However, 21.57% of 51 participants
were also estimated to be exhibiting confusion affective state at some point during
the live test. This suggests that there were time frames where the learners were
potentially confused during specific times. More analysis can be performed to gather
those exact times. In addition to the above, 2 of the 51 participants were estimated
to be exhibiting a frustrated affective state. These results emphasise that, during
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learning, the rate of assimilation is different for different learners. This may be due
to external factors eg., the background of the learner. Table 5.7 provides the results
of live testing.

Table 5.7: Live Testing: Affective State Estimates

Affective State No. of Percentage(%)
Participants

Confusion 11 21.57
Engagement 38 74.51
Frustration 2 3.92
Total 51 100

This study further performed a cross-tabulation between the model’s estimates
of basic emotion and affective states to determine if there is an association between
these variables and the following observations were reported. 81.58% of 51 partic-
ipants, whose emotions were estimated as fear, were also estimated as engagement
affective state. This outcome further verifies our previous mappings of fear and
engagement, which is a positive learning affect. 10.53% of the participants, whose
emotions were estimated as happy, also had an estimate of their affective state as
engagement. Happy and engagement have been mapped as positive learning af-
fects, and this also verifies the mappings. Sadness was associated with confusion
by cross-tabulation, and 81.82% of the participants whose emotions were estimated
as sadness were also estimated as confusion. This also shows that sadness and con-
fusion are negative learning affects, as verified. Some participants (7.89% ) whose
affective states were estimated to be engagement were also estimated to be surprised
emotions; this mapping is also verified through this live test. Live test estimates
showed that there is an association between the learner’s facial emotion and affective
states, given a p-value of 0.000. Cross-tabulation details are tabled in Table 5.8.

5.6.3 Questionnaries: Analysis of the responses obtained

After the participants watched the video, questionnaires were provided to assess
the mapping carried out by this study. The responses to the participant question-
naires are given in the following subsections, using different themes for each group
of questions.

Participants’ perception, learning affect and rating of the lecture

The purpose of the questions in this section is to determine how participants felt
about the lecture they had watched and what learning affect they may recommend
based on their observations. The questions include a suggested rating of the lecture
in terms of its presentation. This study compares the learning affect indicated by the
participants with the estimate made by the proposed framework, as well as confirms
the various mappings. This study used Stata version 14.0 software for analysis. The
responses to the questions were analysed and included in the appendix. Question
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Table 5.8: Cross-tabulation between Emotion and Affective state Estimates

Affective State Estimate

Emotion Estimate Confusion Engagement Frustration Total

Fear 1
9.09

31
81.58

0
0.00

32
62.75

Happy 0
0.00

4
10.53

0
0.00

4
7.84

Sadness 9
81.82

0
0.00

2
100.00

11
21.57

Surprise 1
9.09

3
7.89

0
0.00

4
7.84

Total 11
100.00

38
100.00

2
100.00

51
100.00

Fisher’s exact= 0.000

1 was included to gather the participants’ feelings regarding the lecture. 50.98% of
the respondents were happy with the lecture, 31.37% felt neutral about the class,
while 11.76% depicted a surprise emotion as their response. 5.88% of the respon-
dents remarked they were not happy (sad) with the lecture. This study observed
that a higher percentage of respondents were happy, neutral, or surprised with the
lecture. These same respondents were those whose facial expression was estimated
as fear emotion by the proposed framework. Through verbal questions with these
participants, it was observed that participants who had fear as an estimated emotion
by the proposed framework and whose responses were happy, neutral, or surprised
understood the video lecture they had watched. Contrary to that, respondents who
commented they were not happy with the lecture and whose facial expressions were
estimated as sadness emotion by the proposed model did not understand the lecture.
Details of the analysis are provided in Table 1 of Appendix G.

This study further investigated the estimates reported by the framework and
the estimates that the participants identified as their feelings about the lecture
they had watched. We achieved this by a cross-tabulation of the two observations.
Analysis revealed that 62.75% of the participants whose emotions were estimated as
fear by the model estimated their own emotions during learning as happy, neutral,
or surprised. From the previous mapping of basic emotions, based on a literature
survey by Kapoor et al. [26] and Zakka et al. [27], a test carried out using DAiSEE
dataset, fear was considered a positive emotion. The proposed model also mapped
it with affective states of engagement, which is positive learning affect according to
the authors in [32, 33, 34, 35, 36].

The authors in [12, 27] considered neutral a positive emotion, and the authors
in [25, 26, 12, 27] considered surprised a positive emotion. The emotion estimator
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mapped surprised emotion with affective states of engagement, which is also a pos-
itive learning affect, aligning with the initial mapping. Therefore, the study would
like to reiterate that surprise emotion is a positive learning affect. Fisher’s exact
was also calculated as part of the work using stata analysis software. This software
compares the association and the statistical significance of the model’s estimate with
the participants’ estimates [263] [264]. Fisher’s exact result gave a p-value of 0.006
in this case. This shows that the predictions of the emotion estimator and what the
participants have assessed as emotion throughout the learning are related, and the
difference is statistically significant[268]. Table 5.9 provides the details.

Table 5.9: Cross-tabulation: Model Estimates vs Participants Estimates of Emotions

Participants’ estimation of their emotions
Model estimation
of participants’
emotion

Happy Neutral Sadness Surprise Total

Fear 19
73.08

9
56.25

0
0.00

4
66.67

32
62.75

Happy 4
15.38

0
0.00

0
0.00

0
0.00

4
7.84

Sadness 1
3.85

6
37.50

3
100.00

1
16.67

11
21.57

Surprise 2
7.69

1
6.25

0
0.00

1
16.67

4
7.84

Total 26
100.00

16
100.00

3
100.00

6
100.00

51
100.00

Fisher’s exact= 0.006

Question 2 tries to explore the category of learning affect that the learner would
like to suggest based on their estimated emotions. According to the responses, 38
(74.51%) of the 51 respondents remarked that they had a positive learning affect.
These comprised respondents whose facial emotions were estimated as fear, happy,
and surprise. Taking into account the mappings from the literature, and the re-
sults of the survey, the mapping of fear emotion as a positive learning affect was
finalised.11 (21.57%) of the 51 respondents whose facial emotions were estimated as
sadness confirm that they were not clear about the content of the lecture. In the
literature, sadness emotion was considered a negative emotion. Therefore, the study
validates sadness as a negative learning affect. 2 (3.92%) of the 51 respondents felt
neutral about the lecture, which they also classified as their learning affect. The
details of the analysis are shown in Table 2 of appendix G.

Question 3 tries to explore the aspects around the presentation of the lecture and
whether the presentation influenced the learning affect. 3.92% of the respondents
rated the presentation at 40%, 9.80% rated the presentation at 50%, 11.76% rated
the presentation at 60%, 29.41% rated it 70%, 25.49% rated at 80%, 15.69% rated
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at 90%, while 3.92% rated at 100% effective. From the observation of the ratings,
it was revealed that the highest rating was between 60 and 80%, indicating a well-
presented lecture based on the high response to the learning affect as positive in
question 2. This emphasises the correlation between the presentation method of the
lecture content and the learning affect experienced by learners. Complete results on
this aspect are presented in Table 3 of appendix G.

Participants’ perceptions about facial expression as an evaluation method
in e-learning

The questions in this category consist of yes and no responses. The questions
posed in this section are intended to verify whether facial emotion is a good method
to use in the evaluation of learners in online learning and whether the method
could improve the e-learning platform and possibly provide insight into the learner’s
learning.

From the responses to question 4, 38 participants agreed that facial emotions has
the potential in evaluating learners in online learning, representing 74.51% of the
total participants. 17.65% did not agree with this theory as shown in Table 4 in the
appendix section. On the other hand, 43 of the 51 participants, representing 84.31%
of the total responses, responded to Question 5 of the questionnaire, indicating
that the learning affect of the learners could be assessed by their facial expressions.
Even though only 6 respondents (3.92%) of the total participants disagreed with
this notion while one participant did not give any response. However, most of
the participants agreed, resulting in a significant outcome as tabled in Table 5 in
Appendix G.

According to 45 respondents (88.24% of the total participants) for question 6,
estimating a learner’s learning affect using his or her facial emotions as a method
could provide insight into a learner’s comprehension level. Only three respondents
(5.88%) disagreed with this statement, as shown in Table 6. The authors observed
that the majority of responses were positive, indicating that most of the participants
agreed that estimating the learner’s learning affect using their facial emotions is a
method that could provide insight into the level of comprehension of the learners.

Responses from question 7, which seeks to verify if teachers could benefit from
this method in terms of learner evaluation, 41 (80.39%) of the respondents agreed
with this notion, while 4 (7.89%) of the participants gave negative responses, thereby
disagreeing as shown in Table 7 in Appendix G. In conclusion, the highly positive
responses from this study, confirm that facial emotions are a good metric for evaluat-
ing learners during e-learning. This could also help teachers better understand their
learners during online teaching sessions to a reasonable extent. Consequently, the
outcome of this study is expected to generally contribute to improving e-learning.

Participants’ comments regarding the proposed model

The questions in this category are designed to elicit comments from the partici-
pants on how the proposed system could be improved. The questions specifically ask
for suggested criteria other than the ones explored in the proposed framework and
could be used to estimate learning affect during online learning. The respondents
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were also asked if there is room for improvement. The participants’ opinions on the
model’s feedback and their own feelings were also sought with the questions.

Twenty-two (22) responses were collected for question 8. Based on the responses
collected from the participants for this question, 5 respondents suggested that the
learner’s attention spans could be used to measure the learning affect during online
sessions. This is an area that has been considered before by Rahul et al. [269, 270]
and could also be improved on. Another proposal offered by 4 of the respondents was
that learner engagement levels should be evaluated while learning. Our experiment
found that one of the affect emotions that was correlated with happy and surprise
emotions was an affective state of engagement. Some authors have also examined
the level of learner engagement to determine the learning affect during the learning
process. These authors include Adebi et al. [219], Mohamad et al. [271] and
Bhardwaj et al. [272] among others. Three (3) of the 22 respondents suggested
that verbal discussions can be held after lectures to further estimate the learning
effect. They also suggested that asking learners questions in the form of a quiz
could augment the estimation of their learning affect. Two (2) of the respondents
stated that blinking or eye contact can be used as a modality, which is also a feasible
option as shown by Sharma et al. [273]. Therefore, this study agrees that it could be
developed further. According to 1 of the respondents, the detection of stress levels
was another means for measuring learner’s learning affect. This study would like to
propose the use of multi-modal biometrics in the e-learning framework as an area of
future work to contribute to the assessment of the learning affect of learners in the
education domain. The details of the analysis are provided in Table 8 of Appendix
G.

Based on the responses collected for question 9, 44 of the 51 participants, repre-
senting 86.2% of the total participants, agreed that the system could be improved
in the future, while 6 did not know what to say and none of the participants dis-
agreed with this notion. As a result, the researcher concluded that the system has
the potential for improvement in the future. The report of this analysis is shown in
Appendix G ( Table 9).

The survey showed that 26 respondents (50.98%) responded to question 10. Out
of these 26, 2 of the respondents gave similar responses, suggesting that an oral
examination be conducted as a way by which the system could be improved. Another
set of 2 respondents gave a similar response which suggested that the stress level
of the learners could be detected. 2 responses did not know what to say, while
none of the remaining 20 responses was the same. Some of the suggestions made
by the remaining respondents (39.21%) include the body movement of learners, the
mood of learners, and making observations at different times. Physical examination,
sitting position, body gesticulations, the content of the lecture, and engagement with
the monitor, among others, were suggested. Details of this aspect are provided in
Table 10 in Appendix G.

Thirty-six (72.55%) of the total participants responded to question 11 by stat-
ing that their learning experience correlates with the feedback from the proposed
model. The remaining 27.45% did not respond to the question about the relation-
ship between their experience and what the model predicted. Based on the opinion
expressed by the majority, the proposed framework is performing reasonably well
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in terms of the estimations. The report of the analysis to question 11 is shown in
Table 11 in Appendix G.

Cross-tabulation between observations

A cross-tabulation between observations from the survey was undertaken to de-
termine the associations between the various observations from the survey. The
work selected the association between the categorization of participants’ learning
affects and other variables of interest in the survey using the stata analysis tools,
given earning affect experienced by the learners is the core aspect.

Association between Q1 (participant’s feeling about the lecture and Q2
(learning affect categorisation)

Based on Fisher’s exact test, there is a statistically significant association (p-
value = 0.000) between the participant’s feelings about the lecture and their learning
affect. More than half of the participants with positive learning expressed happy
(68.42%) and surprise (18.8%) emotions. The feeling of sadness (27.27%) was also
predominant among the participants who indicated a negative learning affect dur-
ing the live test. Table 5.10 shows the results of the analysis performed on cross-
tabulation between questions 1 and 2. These results enabled the author to verify
that emotions have a significant effect on the learning affect experienced by the
learner.

Table 5.10: Cross tabulation of questions 1 and 2

Q2
Q1 Negative Neutral Positive Total

Happy 0
0.00

0
0.00

26
68.42

26
50.98

Neutral 6
54.55

2
100.00

8
21.05

16
31.37

Sadness 3
27.27

0
0.00

0
0.00

3
5.88

Surprise 1
9.09

0
0.00

4
10.53

5
9.80

Total 11
100.00

2
100.00

38
100.00

51
100.00

Fisher’s Exact= 0.000

Association between Q4 (participant’s perception about facial emotion
expression as an evaluation method in online learning and Q2 (partici-
pant’s learning affect categorisation)

The Fisher’s test was performed, as an evaluation to find the association between
the perception of facial expression by participants as an evaluation method in online
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learning and the categorisation of learning affect as shown in Table 5.11.

Table 5.11: Cross-tabulation of questions 2 and 4

Q2
Q4 Negative Neutral Positive Total

DN 0
00.00

1
50.00

3
7.89

4
7.84

No 4
36.36

0
0.00

5
13.16

9
17.65

Yes 7
63.64

1
50.00

30
78.95

38
74.51

Total 11
100.00

2
100.00

38
100.00

18
100.00

Fisher’s Exact= 0.129

A total of 78.95% of the participants who indicated a positive learning affect
during the live test thought that facial emotion expression could be used as an eval-
uation method in online learning as opposed to 13.6% with a negative affect with
similar views, while the remaining 7.89% did not know what to say. When the anal-
ysis was carried out, this study observed that the differences were not statistically
significant (p-value = 0.129). This suggests that there was no significant association
between the learning affect categorization and their perception of facial expression
as an evaluation method in e-learning.

5.7 Discussion
Estimating a learner’s learning affect, using their facial emotion and affective state
estimates, learning affect estimate and feedback using both narrative reports and
Q&A for teachers and learners is an important strategy in e-learning. The author of
this study expects that this strategy will improve e-learning platforms that currently
lack direct and appropriate feedback during online learning sessions. This study
proposed a spatio-temporal reasoning framework to tackle this problem.

The proposed framework in this study could classify seven basic emotions of
anger, fear, disgust, happy, neutral, sadness, and surprise from DISFA+ dataset,
reporting an accuracy of 92%, an F-1 score of 88% on 2,274 sequence samples. While
for the affective state classification, an accuracy of 86% and an average F1 score of
87% on 4,305 sequence samples were reported. Classified emotions and affective
states were mapped further onto learning affect ie., positive, negative, and neutral
categories based on a survey of relevant literature. This revealed that emotions
and affective states shown by learners during learning could indicate some levels
of learning impact. These emotions and affective states shown during learning will
assist the teacher in either changing his or her style of teaching or building on the
style to achieve better results. The outcomes will also assist the learners in realizing
their weak and strong points and therefore considering ways of improvement.
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This study tested the trained emotion estimator with affective state samples
(DAiSEE dataset) that were not part of the training and testing to investigate the
previous mappings. The testing revealed that emotions and affective states are
related and are relevant to revealing the learning affect. Upon successful mapping,
narrative feedback reports were generated. The input for feedback reports included a
template along with estimated emotion and affective affect, mapped learning affect,
and video metadata (length of the video, video labels etc.). The narrative feedback
will provide information on the learning achievement of both teachers and learners.
Further feedback to both teachers and learners was available through the BERT
Q&A model which processed the narrative report, and a user’s question to generate
an answer (with reasoning embedded). The question and answer is a further way
of obtaining feedback from the system. The study explored further verification of
the framework through a live test and survey questionnaires administered to willing
participants. Results of the study on the estimated learning affect by the system
based on the questions and answers were compared with the responses obtained from
the learner survey. This shows that the proposed model produced a remarkable result
when tested with a real-life sample.

During the live test, 32 of the 51 participants showed fear emotions as the most
frequent emotion, while 38 showed engagement as the most frequent affective state,
as classified by the proposed framework. The exhibition of fear emotion connoting
a positive learning affect through various experiments shows that fear shown during
learning means positive learning. Engagement and fear were mapped through the
various experiments as positive learning, which shows that fear and engagement are
both indications that the learner understood the lesson. The survey responses enable
the author to verify and validate the initial mapping between emotions/affective
states and the learning affect. The work concluded with cross-tabulation between
the participants’ responses and the general perception of the proposed fared along
with future suggestions.

5.8 Chapter Summary
The results reported from various experiments carried out to test the proposed e-
learning framework were presented in this chapter. The results presented include
test experiments with DISFA+ and DAiSEE datasets whose goal was to evaluate
the model. These results were comparable to those reported in the literature. The
result of the mapping experiment using another set of DAiSEE dataset, which aims
at verifying the mapping of basic emotions to learning affects and basic emotions
to the corresponding affective states, were presented. The experiment was able to
show that emotions and affective states correlate and provide some information.

The chapter also discussed the integration feedback module, which includes nar-
rative report generation and Q&A BERT-based module for individual learners and
a group of learners. This was followed by live experiments to test the efficacy of
the proposed framework. Live test results revealed that, when learners are learning,
they exhibit some emotions and affective states that depict their comprehension of
the lecture. The proposed system is expected to provide relevant feedback through
the estimation of facial emotions and affective states, the mapping of estimated
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emotions and affective states onto learning affect, and feedback mechanisms. Feed-
back throughout the assessment and learning process is intended to help learners
and teachers become better learners and teachers. E-learning sessions are like blind
teaching and learning sessions, in which teachers and learners do not have any phys-
ical connection to each other during learning.

This study, therefore, envisaged that the results reflected in this chapter will
provide insight into understanding the level of comprehension of the learner using
a diverse set of cues and feedback. Based on the participants’ feedback, we believe
that the proposed framework is effective and has the potential to be improved in the
future, thus enhancing the e-learning platforms. Chapter 6 provides the conclusion
to this study.
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Chapter 6

Conclusion

6.1 Introduction

Computers and the internet in learning have brought about a significant improve-
ment in education. Including these digital systems has been the key driver of this
fundamental change in education, especially with e-learning. Although e-learning
provides several benefits, including flexible learning from any geographical location,
self-paced learning, and access to an interactive medium, these systems come with
some pedagogical challenges. One of the significant shortcomings of e-learning plat-
forms is the lack of reasoning with questions and answers to estimate the learner’s
learning affect. This study has presented a work to address this lack of reasoning.
This chapter concludes the study. We divided the chapter into four sections. These
sections include 6.2 which provides a summary of the work done in this study, 6.3
discusses the various observations from the experiments and results reported and
6.4 provides the conclusion of the study. Section 6.5 suggests some areas for future
works.

6.2 Summary

Works that applied various machine learning algorithms to reasoning tasks were
identified in this study. We considered work that used video samples as input,
including relational reasoning using static images and spatio-temporal reasoning.
This study also evaluated the work done in education using machine learning tools
that focused on the recognition of the facial emotions of learners to determine their
learning affect. However, these studies did not address the reasoning within the
e-learning system.

In addressing the challenge of reasoning in e-learning systems, and achieving
the objectives of this study, this study sought to combine facial emotion, affective
states, learning affect estimation, and reasoning through question answers format.
An approach was adopted that uses a CNN-BiLSTM that accepts a video of facial
cues, and a BERT-Q&A bot that takes text input to provide the answer. These
answers could reflect or estimate the learning affect of these learners. Consequently,
an e-learning system that could estimate the learning affect of a learner and provide
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real-time feedback was presented in this study. To reason about the learning affect of
learners in an e-learning session, the system uses facial expression detection, affective
state detection, mapping of estimated emotion and affective state to learning affects,
and reasoning questions and answers. This was achieved using CNN-BiLSTM on
the DISFA+ dataset and the DAiSEE dataset and a BERT-Q&A bot for questions
and answers, with live tests to evaluate the proposed system further. The study
proposed a spatio-temporal model.

Anger, disgust, fear, happy, sadness, surprise, and neutral were the seven basic
emotions depicted in the test experiments carried out on the trained emotion clas-
sifier, using DISFA+ dataset and a sample size of 2,274. The classification accuracy
was reported to be 91%. Reported were an average F-1 score of 88% and an average
precision of 89%. For the affective state classification, boredom, confusion, engage-
ment, and frustrated were the four affective states depicted in the test experiments
conducted on the trained affective state classifier using DAISEE dataset. An ac-
curacy of 86%, an average precision of 88% and an average F1 score of 87% were
reported on 4,305 sequence samples. Based on these results, this study reiterates
that the approach adopted to train the model produced a result that is comparable
to those of similar studies.

Based on the mappings found in the literature, the estimated emotions and
affective states were then mapped to learning affects such as positive, negative, and
neutral. Mapping experiments, which map basic emotions with affective states,
were further carried out, and the results show that emotions and affective states are
related and present during learning.

For the feedback aspects, in the first phase, a narrative text (report) embed-
ding reasoning was generated based on the estimates (i.e., emotion, affective state,
learning affect) and video annotations (i.e., title, labels, etc.). The second phase
of feedback involved using generated narrative feedback text, a question posed by
a user (a teacher or a learner), and a pre-trained BERT-based language model to
process and produce reasoning-based answers reflecting on a learner’s understanding
and/or acceptability of a lecture session.

To confirm the accuracy of the mappings and feedback mechanisms, the final
framework was also tested on live samples that were collected in a lab environment.
During the live test experiment performed on the proposed model, this study ob-
served that the most frequent and predominant facial cues estimated by the model
during a lecture were fear, sadness, engagement, and confusion. Based on the map-
ping of basic emotions with affective states, fear and sadness were mapped with
affective states of confusion, which were considered learning emotions, and confu-
sion is a negative learning affect. In contrast, this study confirmed that fear is a
positive emotion based on the responses to the survey questions. This confirmation
was related to the results, where 31 of the 51 participants exhibited fear emotion and
an affective state of engagement. The results of the survey questions showed that
these participants understood the video lecture well. Through these responses, this
study could conclude that fear and engagement are positive learning affect. These
results were also attributed to the literature survey findings, which highlighted that
fear was considered a positive affect. Overall, 72.55% of the participants reported
that their understanding of the lecture and learning-affect experience corresponded
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with the model’s feedback.

6.3 Observations

Consequently, the analysis of the live test showed through the estimates that there is
an association between the learners’ facial emotion and affective states, as shown in
Table 5.8. The predictions of emotions by the proposed model and the participants’
assessments of their own emotions throughout learning are related, and the analysis
provided a statistically significant value as shown in Table 5.9, while Table 5.10 also
revealed that emotions have a significant effect on the learning affects of learners.
We, also, observed that the learning emotions/affective states shown while learners
were learning during the live experiment were fear, sadness, engagement, and con-
fusion. Could this, therefore, indicate that, when learners are learning, they mostly
show these emotions and affective states? This is an area that could be further re-
searched. Some emotions and affective states were not shown during learning, which
could suggest that there are learning emotions/affective states and out-of-classroom
emotions/affective states. This could also be further researched. The outcomes of
the live testing demonstrated the viability of the proposed e-learning platform frame-
work. The general results of the analyses showed that there is a correlation between
the facial cues shown during learning and the learning affect and; our results show
that including reasoning through Q&A to estimate the learning affect gives a deeper
understanding of the learner’s learning affect, especially during online learning that
does not involve physical contact. Therefore, the research questions were answered.
Reasoning about the learning effects of learners in an e-learning setting is therefore
crucial.

6.4 Conclusion

This study establishes the foundation for a reasoning system that estimates learn-
ers’ learning affects based on their facial cues and questions and answers as feedback.
This demonstrates that, with the right deep learning framework, such a system is
indeed possible, and its realization is imminent. It is hoped that this work will
eventually lead to the development of useful tools to improve teaching and learning
in e-learning, which has been difficult due to a lack of physical contact. The sys-
tem is intended to produce better teachers, benefit learners, and ultimately improve
e-learning. Therefore, we conclude based on the results of these experiments that
applying deep learning architecture through facial emotional expression and affec-
tive state recognition, mapping estimated emotions and affective states into learning
affect, and incorporating relational questions and producing answers will yield im-
proved results for estimating the learners’ comprehension state. This implies that
the objectives stated have been achieved to a reasonable extent. The current work
hypothesizes that reasoning can be useful in the e-learning domain and has the
potential to improve existing platforms by incorporating feedback mechanisms as
reasoning answers to relational questions. Therefore, we reject the null hypothesis
in 1.3.1 and support the alternative hypothesis in 1.3.2.
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6.5 Future Works
In future studies, modalities such as gaze at the eyes, head pose, physiological

signals, body posture, and many other modalities with reasoning questions and
answers could be examined to assess the learning affect of learners on an e-learning
platform. Various surveys conducted in this work underpin the proposed future
work. A model that could identify a learner’s stress level while learning could also
be developed. The learner’s attention span is also an area that could be further
examined. Including voice activation input to pose questions and reasoning answers
to estimate the learning affect of learners is another area that could be explored.
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.1 Appendix A: Participants Information sheet

Spatio-Temporal Reasoning for Estimating Student’s 

Learning Affect: An Approach to Strengthen E- 

learning. 

 
Participant Information Sheet 

 

Dear Sir / Madam, 

 
My name is Christine Asaju and I am a Ph.D. student in the school of Computer Science and Applied 

Mathematics at the University of the Witwatersrand, Johannesburg. The title of my research is 

“Spatio-Temporal reasoning for Estimating a Student Learning Affect: An Approach to strengthen E- 

learning. As part of the studies, I am investigating the emotional changes in students during an E- 

learning class under the supervision of Prof. Hima Vadapalli. This study intends to improve the e- 

learning domain by incorporating reasoning into the existing system through the analysis of facial 

emotions, and questions regarding student’s understanding and learning affects estimation. Estimation 

of learning affects means having an understanding of the attitudes, the interests and values that the 

learners has achieved during learning. Learning affect estimation is also a strategy adopted by 

educators which involves understanding a learner’s emotional influence and intervening with the right 

method that will manage and guide the learners rightly. The study presume that by incorporating the 

use of facial emotion recognition, learning affect estimation and reasoning through questions answers 

regarding a student’s understanding, it will give a better feedback to teachers, and eventually, cause 

an improvement on the platform. The researcher trained, validated and tested the model that was 

developed, by using the DISFA+ dataset. 

 

The live testing phase of this work involves, facial emotion detection, and classification of the 

emotions expressions which will be acquired from live participants. The work considers mapping of 

the emotions that is being classified during learning into positive, negative and neutral learning affects 

and reasoning questions answers based on the emotions that is being detected. Positive learning 

affects will potentially indicate that the learners have achieved positive values from the teaching, 

negative learning affects will potentially indicate negative values achieved from the lecture. Neutral 

learning affect means neither positive or negative values was achieved from the lecture. It is expected 

that the proposed system will be able to provide relevant feedback by encoding text, video and 

reasoning, in order to interpret learning affects and provide an insight into a learner’s comprehension 

level. 

 

As part of this project, I would like to invite you to take part in a data collection process and 

answering a questionnaire. This activity will take place in the 3rd floor, Msc and PhD. computer 

laboratory of the school of Computer Science and applied Mathematics, T.W Kambule Mathematical 

Sciences building of the University of the Witwatersrand. The process involves watching a video of 

lecture of a topic in machine learning course and will take around 10 minutes. The content of the 

video will not in any way be disturbing, or emotionally manipulative and no potential triggering 

effects. While you watch the lecture, your facial emotion expressions will be detected by the model 

and the highest occurring emotion will be used to estimate the learning affects through reasoning 

questions answers provided by the system. With your permission, I would also video record your 

facial emotion changes during the data collection process using a digital device. This recording will be 

stored in an external hard drive and only the researchers will have access to this recording. It will be 

deleted at the end of the study and publications. 

 

There will be no personal costs to you if you participate in this project, You will not receive any direct 

benefits from participation but there are no disadvantages or penalties if you do not choose to 

Figure 1: Participants’ Information Sheet
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participate or if you withdraw from the study. You may withdraw at any time or not answer any 

question if you do not want to. The questionnaire will be completely confidential and anonymous as I 

will not be asking for your name or any identifying information, and the information you give to me 

will be held securely and not disclosed to anyone else. I will be using a pseudonym (false name) to 

represent your participation in my final research report. If you experience any distress or discomfort 

at any point in this process, we will stop the recording process or resume another time. 

 
If you have any questions during or afterwards about this research, feel free to contact me on the 

details listed below. This study will be written up as a dissertation which will be available online 

through the university library website. If you wish to receive a summary of this report, I will be happy 

to send it to you (optional). With your permission the data collected from this research project may be 

used by other researchers in an anonymized format. If you have any concerns or complaints regarding 

the ethical procedures of this study, you are welcome to contact the University Human Research Ethics 

Committee (Non-Medical), telephone +27(0) 11 717 1408, email hrecnon-medical@wits.ac.za 
 

Yours sincerely, 

Christine Asaju 

 
Researcher: Christine Bukola Asaju, 1990591@students.wits.ac.za, 0632064007 

Supervisor: Prof. Hima Vadapalli, hima.vadapalli@wits.ac.za, 0117176186 

Figure 2: Participants’ Information Sheet (continued)
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.2 Appendix B: Consent Form

Consent Form

Title of project: Spatio-Temporal Reasoning for Estimating Student’s learning outcome: An 
Approach to strengthen E-learning

Name of researcher : Christine Bukola Asaju

I, ……………………………………….., agree to participate in this research project. The research
has been explained to me and I understand what my participation will involve. I agree to the
following:

(Please circle the relevant options below).

I agree that my participation will remain
anonymous

YES NO

I agree that the researcher may use anonymous
quotes in his / her research report

YES NO

I agree that my participation in the data collection
process may be video recorded YES NO

…..……………………(signature)......................................................................(name of participant)
………………………… (date)
……………………… (signature)....................................................................(name of person seeking
consent)............................(date)

Figure 3: Consent form
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.3 Appendix C: Questionnaire

 Spatio-Temporal  Reasoning  for  Estimating  Student’s  Learning  Affect:  An  Approach  to
Strengthen E-learning. 

Questionnaire

This study intends to improve upon the current set-up in the e-learning environment by the analysis of
facial  emotion  recognition,  learning  affect  estimations  and  reasoning  through  questions  answers
regarding  a  student’s  understanding.   The  title  of  this   research  is  “Spatio-Temporal  reasoning  for
Estimating a Student Learning Affect: An Approach to strengthen E-learning.  As part of the studies, I
am investigating the emotional changes in students during an E-learning class under the supervision of
Prof. Hima Vadapalli. This study proposed to improve the e-learning domain by incorporating reasoning
into  the  existing  system through  the  analysis  of  facial  emotions,  and  questions  regarding  student’s
understanding  and  learning  affects  estimation.  Estimation  of  learning  affects  means  having  an
understanding of the attitudes, the interests and values that the learners has achieved during learning.
Learning  affect  estimation  is  also  a  strategy  adopted  by  educators  which  involves  understanding  a
learner’s emotional  influence and intervening with the right method that will  manage and guide the
learners rightly.  The work developed a spatio-temporal model to handle video and text input. 

In the study after conducting a live test, which includes detection and classification of the emotions,will
map the  emotions  that  is  being  expressed  into  positive,  negative,  and neutral  learning  affects.  The
intention is to apply this system to the e-learning domain in order to estimate the learning affects of
students.It is presumed that the incorporation of facial emotion recognition, learning affect estimation
and reasoning through questions answers will improve the current set up in the e-learning domain.

As part of the work, the researcher would like you to answer the following questions in attempt to carry out a
survey to get a further understanding of the accuracy of the system that was trained, validated, tested and which a
live testing is being conducted.

Please answer the following questions which is based on the tutoring video, the emotion and the 
learning affect estimation. Please note that your answers will be kept anonymous.
Thank you.

Questions Answers

1. How do you feel about the lecture? 
Please respond to this question by picking
from the list of emotions given.

Anger Disgust Fear Happy Neutral Sadness Surprise

2. What category of learning affect will you
classify your learning outcomes from the 
lecture?

Positive Negative Neutral

3. Give a  rating of the lecture you have 
watched. For example, how well it was 
presented.

30% 40% 50% 60% 70% 80% 90% 100%

4. Is facial emotion expression a good 
method to evaluate a student in an online
learning?

YES NO I don’t
know

Comment

5. Do you think it is a good measure to 
improve upon the e-learning environment
by estimating the learning affects of 
students through their facial emotion 
expression?

YES NO I don't
know

Comment

6. Can this method provide an insight to
learner's comprehension level.

YES NO I don’t
know

Comment

Figure 4: Questionnaire page 1
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7. Can this study help teachers to 
adequately evaluate the students during
online teaching sessions?

YES NO I don’t
know

Comment

8.Suggest other criteria that could be used
to estimate learning affect in online 
learning platform.

9. Can this system be improved upon in 
the future?

YES NO I don't
Know

Comments

10. If yes for question(9)Suggest ways by
which it can be improved upon.

It can be improved upon 
by……………………………………………………………………………………
……………………………………………………………………………………...

11.  Do you think that your  learning 
experience is inline with the model’s 
predictions?

YES NO

Figure 5: Questionnaire page 2
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.4 Appendix D: Approval Letter from head of
School

  

  

 

 

 
To  
The Ethics Committee 
Wits University 
      

14 July 2021 

 

Dear committee members, 

Letter of Support for Ms Christine Asaju 

 

 

I, Prof. Hima Vadapalli, Acting Head of CSAM, would like to take this opportunity to support Ms. Asaju’s 
application requesting for ethics clearance for her project titled “Spatio-Temporal Reasoning for Estimating 
Student’s Learning Affects: An Approach to Strengthen E-learning “, clearance number: H21/05/02. 

I am hopeful that allowing Ms. Asaju to collect data required for her project will lead to the fulfilment of 
some of the objectives of her doctoral studies and publication of results thereafter. 

Kind regards, 

 

______________________________ 

Prof. Hima B. Vadapalli, 
Associate Professor and Deputy Head of School 
School of Computer Science and Applied Mathematics, 
Room UG 13, Upper Ground Floor MSB, West Campus, 
University of the Witwatersrand 
Tel: +27(0) 11 717 6188.  

School of Computer Science 

and Applied Mathematics 

Figure 6: Letter of approval from the head of school
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.5 Appendix E: Ethics clearance

Figure 7: Ethics clearance certificate
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.6 Appendix F: Result output interface

Figure 8: Training/validation result output interface for emotion sample

Figure 9: Emotion estimation output interface
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Figure 10: Training/validation result output interface for affective state sample

Figure 11: Affective state estimation output interface
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.7 Appendix G: Analysis of Paticipants’ Responses
to questionnaire

Table 1: Question 1: How do you feel about the lecture?

Analysis of responses

Responses Frequency Percentage(%)
Happy 26 50.98
Neutral 16 31.37
Sadness 3 5.88
Surprise 6 11.76

Total 51 100.00

Table 2: Question 2: What category of learning affect
will you classify your learning outcomes from the lecture?

Category of learning affects

Responses Frequency Percentage (%)

Negative 11 21.57
Neutral 2 3.92
Positive 38 74.51

Total 51 100.00

Table 3: Question 3: Give a rating of the lecture you have watched

Rating of lecture presentation

Rating(%) Frequency Percentage (%)

40 2 3.92
50 5 9.80
60 6 11.76
70 15 29.41
80 13 25.49
90 8 15.69
100 2 3.92

Total 51 100
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Table 4: Question 4: Is facial emotion expression a good method to evaluate a
learner in online learning?

Participants’ opinion regarding the use
of facial emotion to evaluate students’
learning affect in online learning

Response Frequency Percentage (%)

No response 4 7.84
No 9 17.65
Yes 38 74.51

Total 51 100

Table 5: Question 5: Do you think it is a good measure to improve upon the
e-learning environment by estimating the learning affect of learners through their
facial emotional expressions?

Participants’ opinion regarding the use
of students’ facial emotion estimation
to improve the e-learning domain

Response(%) Frequency Percentage (%)

No 6 3.92
Yes 43 84.31

Total 49 100

Table 6: Question 6: Can this method provide insight to learner’s comprehension
level?

Analysis of participants’ responses

Response(%) Frequency Percentage (%)
No 3 5.88
Yes 45 88.24

Total 48 100
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Table 7: Question 7: Can this study help teachers evaluate students adequately
during online teaching sessions?

Analysis of participants’ responses

Response(%) Frequency Percentage (%)

No 4 7.84
Yes 41 80.39

Total 45 100

Table 8: Question 8: Suggest other criteria that could be used to estimate the
learning affect in an online platform.

Participants’ responses

Suggestions Frequency Percentage (%)

Verbal discussions after the lecture 3 13.63
stress level detection 1 4.54%
Blinking of the eye/eye contact 2 9.09%
Attention span 5 22.72%
Questions and answers 3 13.63%
Engagement level 4 18.18%
Don’t know 4 18.18%

Total =22 100

Table 9: Question 9: Can this system be improved in the future?

Participants’ responses

Response(%) Frequency Percentage (%)
Yes 44 86.2

Total 44 100
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Table 10: Question 10: Suggest ways in which the system could be improved.

Responses Frequency Percentage

Body movement 1 3.85

Mood of student 1 3.85

Movement detection 1 3.85

Observing at different times 1 3.85

Oral examination 2 7.69

Physical observation 1 3.85

Question answering 1 3.85

Sitting position 1 3.85

To focus on cummulative emotion 1 3.85

Audio features 1 3.85

Body gesticulations 1 3.85

Content of the lecture 1 3.85

don’t know 2 7.69

Engagement with the monitor 1 3.85

Engagement level 1 3.85

Include questions 1 3.85

More facial features 1 3.85

Physical class 1 3.85

Physical observations 1 3.85

Reactions to lecture 1 3.85

Stress level 2 7.69

don’t know 1 3.85

student’s mood 1 3.85

Total 26 100.00
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Table 11: Question 11: Do you think that your learning experience is in line with
the model predictions?

Participants’ responses

Response(%) Frequency Percentage (%)

No response 14 27.45
Yes 37 72.55

Total 44 100
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