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Abstract

The rapid expansion of educational technology, driven by initiatives like the GIGA School
program, has made digital tools such as online quizzes and digital textbooks indispens-
able in modern classrooms. However, while these tools are useful for verifying correct
answers, they often fail to capture students’ thought processes or identify where they
encounter difficulties. To effectively support students, it is crucial to understand their
learning journeys and detect the points where they struggle. Research has shown that self-
explanation—a process where students verbalize their reasoning—deepens understanding
and enhances problem-solving abilities. Systems like i-START have successfully applied
self-explanation to improve reading comprehension, fostering deep learning and providing
insights into students’ cognitive processes. Despite these benefits, accurately detecting
where students face difficulties remains a challenge, particularly in mathematics, where
the analysis of self-explanations is labor-intensive for teachers, limiting the practical use

of such activities in classrooms.

To address these challenges, this doctoral thesis proposes a novel system that integrates
self-explanation with pen-stroke data analysis, enabling the automatic detection of student
difficulties and the provision of personalized feedback. Unlike traditional systems, this
approach goes beyond simply evaluating correctness; it analyzes students’ handwritten
responses and self-explanations to uncover thought processes and identify specific points
of cognitive difficulty. The system also leverages real-time data from classmates and

historical datasets to improve the accuracy of difficulty detection.

This doctoral thesis investigates the development and evaluation of a self-explanation-
based system designed to enhance mathematics education through personalized feedback
and adaptive learning techniques. The research is structured around four interrelated
studies, each tackling key challenges in detecting learning impasses, generating model
answers, scoring self-explanations, and delivering real-time feedback to improve learning

outcomes.

1. Impasse Detection with Self-Explanation: The first study established a
framework for identifying learning impasses by analyzing students’ problem-solving se-
quences using self-explanations, model answers, and pen-stroke data. The system achieved
an 80% accuracy rate, laying the foundation for targeted feedback. However, relying solely

on self-explanations limited accuracy due to variability in student responses. Incorporat-
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ing additional features, such as textbook model answers, was identified as a potential
enhancement to improve consistency and detection accuracy.

2. Automatic Generation of Model Self-Explanations: The second study de-
veloped a model to generate exemplary answers based on self-explanations collected in
Study 1, achieving 72% coverage of essential knowledge components. However, only 64%
of the generated answers adhered to the correct rubric step order, highlighting significant
challenges in maintaining logical coherence and step-by-step reasoning. These results
emphasize the inherent difficulty of processing open-ended self-explanations, where vari-
ability in student responses complicates the alignment of knowledge components with
structured, sequential reasoning. This limitation underscores the need to explore hy-
brid approaches that integrate structured resources, such as textbook model answers or
predefined templates, to guide the generation process while preserving the flexibility of
self-explanations.

3. Data Augmentation and Scoring for Self-Explanation Analysis: The third
study introduced data augmentation techniques using mathematical texts and Large Lan-
guage Models (LLMs) to enhance scoring reliability. Models enriched with mathematical
text datasets achieved the highest accuracy, outperforming those using LLM-generated
data or mixed datasets. However, inconsistencies in LLM-generated data, particularly
without fine-tuning, often compromised test performance. This suggests that LLM out-
puts should be selectively used and carefully curated to avoid introducing noise.

4. Real-Time Feedback for Enhancing Self-Explanation Skills: The fourth
study presented the Self-Explanation-Based Automated Feedback (SEAF) system, pro-
viding immediate, personalized feedback to help students refine reasoning and sustain
motivation. While initially effective for students with lower self-explanation skills, feed-
back quality diminished over time. This emphasizes the need for adaptive mechanisms
that evolve with learners’ needs to maintain engagement and effectiveness over the long
term.

This thesis identifies critical limitations across the four studies: reliance on self-
explanations and pen-stroke data alone reduced accuracy in detection and model gen-
eration; LLM-generated data introduced inconsistencies; and long-term feedback showed
a decline in quality. Feedback systems must be carefully designed to suit specific use
cases and timeframes while maintaining their relevance over extended periods. The find-

ings underscore the need for feedback mechanisms that are both structured and adaptable,
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supported by fine-tuned data generation and self-explanation approaches tailored to the
learning context.

By addressing these limitations, this research highlights how educational technologies
can be refined to become more accurate, reliable, and flexible, meeting the diverse needs
of students in mathematics education. Future work will focus on enhancing these systems
to better support a wide range of learners while ensuring scalability, adaptability, and

sustained impact across varied educational contexts.
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Chapter 1

Introduction

1.1 Background of the Research

The rapid growth of digital education tools, along with initiatives like the Global and
Innovation Gateway for All (GIGA), has significantly changed classroom dynamics. The
widespread distribution of individual devices to students and the increasing use of online
quizzes and digital textbooks have made education more accessible, interactive, and data-
driven. However, despite their benefits, many of these tools focus primarily on whether
students’ answers are correct, without delving deeply into their thought processes or

identifying where they encounter difficulties during their learning process.

A promising area of research is learning analytics (LA), which leverages the data gen-
erated during students’ learning activities to offer insights into their cognitive processes.
By analyzing learning logs, predictive models can identify where students may need sup-
port and offer timely interventions to improve learning outcomes (Ferguson, 2012; Chen
et al., 2021; Siemens, 2012). However, many current systems remain limited by focusing
only on answer correctness, without capturing the reasoning or struggles behind students’

responses.

Understanding students’ cognitive processes is crucial for identifying learning im-
passes—moments when learners recognize gaps in their understanding, prompting deeper
engagement and problem-solving (J. S. Brown and VanLehn, 1980; VanLehn et al., 1992;
VanLehn et al., 2002). These impasses are critical for learning, as they trigger reflection
and correction, leading to more significant learning gains (VanLehn and Jones, 1993).
Identifying these moments of struggle can enable instructional interventions that effec-

tively address learning gaps.



Many educational tools, however, fail to capture these moments of cognitive struggle.
They primarily focus on verifying answers instead of understanding why students strug-
gle. Prior research has explored methods to detect impasses through indicators like time
intervals between actions or proficiency data from digital platforms (Iliyama et al., 2017;
Ochoa et al., 2013), but these approaches do not fully reveal the underlying cognitive
processes. A more sophisticated method is required to detect and address these impasses

effectively.

1.2 Issues and Proposal

Incorporating self-explanation into digital learning environments offers a potential solu-
tion to this challenge. Self-explanation, where students articulate their thought processes
while solving problems, has been shown to foster deeper reflection and understanding,
especially in subjects like mathematics (Rittle-Johnson et al., 2017; Bisra, Liu, Nesbit, et
al., 2018). For instance, systems like i-START have successfully employed self-explanation
to enhance reading comprehension by providing insights into students’ cognitive processes
(McNamara et al., 2004). Despite its proven effectiveness, self-explanation remains chal-
lenging in subjects like mathematics, where the cognitive difficulties that arise during

problem-solving are often complex and difficult to detect.

Additionally, guiding and assessing students’ self-explanations requires considerable
effort from educators, making it difficult to scale. Current systems are not equipped
to process the rich data students produce nor to integrate impasse detection with self-
explanation activities without imposing a significant burden on teachers. As a result, the

widespread adoption of self-explanation strategies remains limited.

To address these limitations, this thesis proposes an automated system that integrates
self-explanation with advanced learning analytics to better detect learning impasses and
provide real-time feedback. By analyzing students’ problem-solving processes and in-
corporating data such as pen-stroke logs, the system aims to offer personalized, timely
interventions that improve learning outcomes. The goal is not only to enhance impasse
detection but also to provide a scalable solution for the broader implementation of self-

explanation techniques in digital education.



1.3 Structure of This Thesis

This thesis is structured around four interconnected studies, each contributing to the
development of an Al-driven system that enhances the detection of learning impasses and
provides real-time feedback. The four studies are logically sequenced, with Study 1 and
Study 4 serving as the core objectives of the research, and Study 2 and Study 3 supporting
these goals by automating and scaling key tasks.

Study 1: Impasse Detection

The first study focuses on the primary goal of detecting learning impasses. By an-
alyzing both textual self-explanations and pen-stroke data, this study aims to identify
steps when students struggle during problem-solving. Detecting impasses early allows for
targeted interventions, laying the foundation for improving learning outcomes.

Study 2: Model Answer Generation for Self-Explanation

To support the implementation of Study 1, Study 2 addresses the challenge of gen-
erating model answers for self-explanation tasks. This study uses unsupervised learning
techniques to develop methods for automatically producing exemplary self-explanations
based on students’ prior learning logs.

Study 3: Automatic Scoring Model for Self-Explanations

To support the data collection of Study 2, Study 3 introduces an automatic scoring
model that evaluates self-explanations, leveraging Large Language Models (LLMs) to scale
up the data volume. This model addresses the scalability challenge by automating the
evaluation of self-explanations, ensuring that feedback can be provided more efficiently
and at scale.

Study 4: Real-Time Feedback System

The fourth study returns to the main objective of providing real-time feedback. Build-
ing on the results of the previous studies, this system continuously monitors students’
self-explanations and problem-solving behaviors to offer personalized, adaptive support.
This system enhances the learning process by offering timely interventions to help them
overcome cognitive barriers. Study 4 thus completes the research’s core goal of providing
automated, real-time feedback to improve learning outcomes.

As illustrated in Figure 1.1, this research tackles the core challenge of advancing be-
yond traditional digital tools, which often focus only on correctness, to a more compre-

hensive approach that captures and analyzes students’ cognitive processes. Figure 1.2
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provides a visual representation of the continuous cycle of data collection, analysis, im-
passe detection, and feedback that powers the proposed system. This cycle is integral to
the system’s success: as students engage in deeper self-explanation, they produce richer
data, which in turn leads to more accurate detection of cognitive struggles. This process
enables the delivery of more personalized and timely interventions, ultimately leading to
improved learning outcomes. Collectively, these studies form the basis of a comprehensive
Al-driven system designed to detect learning impasses, generate model self-explanations,

assess student responses, and deliver real-time feedback.



Chapter 2

Literature Review

2.1 Advancements in Educational Technology and Big
Data

Educational big data has started to play a significant role in enhancing learning processes.
This is particularly evident in web-based learning environments, where self-explanation
strategies are integrated to assist learners. The emergence of digital learning platforms
has significantly expanded the horizons of educational research, particularly in the realm

of learning behaviors.

In parallel, the field of educational technology has focused on understanding and sur-
mounting cognitive barriers known as "impasses" that obstruct the comprehension of
mathematical concepts. Education today seeks not only to deliver content but also to
foster deep cognitive engagement, holistic comprehension, and enduring curiosity among
learners (Hattie et al., 1996). Central to this endeavor is the concept of "impasse," where
learners encounter substantial barriers on their path to understanding. Extensive research
into cognitive skill acquisition, without direct tutor intervention, consistently reveals the
presence of impasses (J. S. Brown and VanLehn, 1980; Rubin, 1993; Siegler and Jenkins,
1989; VanLehn et al., 1992). An impasse arises when a student becomes acutely aware of
a gap or deficiency in their comprehension, leading to feelings of uncertainty, error detec-
tion, or doubts about the accuracy of their actions. The significance of impasse detection
lies in its direct relationship with the learning process. When students do not encounter
impasses, their learning tends to be fragmented, regardless of the quality or depth of
instructional explanations. Conversely, the emergence of an impasse serves as a catalyst

for learning. In such instances, instructional interventions have demonstrated a profound



impact on learning outcomes. An impasse, by highlighting a knowledge deficit, motivates
learners to actively bridge the gap through introspective reflection, consultation of re-
sources, or seeking insights from peers and instructors. However, detecting impasses in
unstructured tasks poses significant challenges, requiring substantial time and resources.

This presents a burden for educators and limits widespread implementation.

2.2 Self-Explanation in Math Learning

2.2.1 Theoretical Foundations

The theoretical underpinnings of self-explanation in mathematics education emerge from
the cognitive learning theories that emphasize the importance of metacognition and re-
flection in the learning process. Self-explanation has been consistently shown to facili-
tate mathematics learning, primarily through enhancing both conceptual and procedural
knowledge (Renkl, 2017; Rittle-Johnson et al., 2017). Conceptual knowledge pertains to
understanding mathematical principles such as equivalence, while procedural knowledge
develops through engaging in problem-solving practices (Rittle-Johnson et al., 2001; Star,
2005). The act of self-explanation supports comprehension by aiding knowledge inte-
gration and directs learners’ attention towards structural features of content, promoting
deeper learning (M. T. H. Chi, 2000; McEldoon et al., 2013). Self-explanation has been
shown to improve students’ conceptual and procedural knowledge in math by helping them
focus on important details (Bisra, Liu, Nesbit, et al., 2018; Renkl, 2017; Rittle-Johnson,
2017a). Conceptual knowledge refers to abstract ideas, while procedural knowledge is tied
to specific problem-solving practices(Rittle-Johnson and Schneider, 2015; Rittle-Johnson
et al., 2001, 2015; Star, 2005). Verschaffel et al. (1999) identified five steps for solving
math problems: drawing pictures, making lists, simplifying numbers, making calculations,
and evaluating the solution. While self-explanation is not directly tied to any specific step
in the problem-solving process, it focuses on the knowledge elements involved. Although
these steps provide a framework for problem-solving, self-explanation goes beyond the

procedural aspects and emphasizes the explanation of necessary knowledge components.

2.2.2 Research utilizing the Uniqueness of Self-explanations

The use of self-explanation in web-based learning has been explored through various meth-

ods. Some include designing interfaces that monitor and support self-explanation, devel-



oping models to assess understanding from self-explanation behavior, and using strategies
to encourage further self-explanation for improved comprehension (Conati and VanLehn,
2000). Crippen and Earl (2007) created a web-based learning tool that helps students
with structured problem-solving. iSTART, an interactive tutoring system developed by
McNamara et al. (2004), uses natural language processing techniques to evaluate and score
self-explanation in reading. The system extracts features from learners’ self-explanation
artifacts and compares them to the reading material, providing appropriate scaffolding
to improve comprehension. The results indicate that iSTART can effectively support

self-explanation in various disciplines (Jackson et al., 2010).

2.2.3 The Difficulty of Processing Self-explanations

Self-explanation writing is often incomplete and fragmented, with learners focusing on
what they don’t understand rather than writing for others (Chamberland et al., 2015).
As a result, unexpected answers are common in self-explanations (Panaite et al., 2018).
Factors such as training in self-explanation writing and writing skills can also affect the
quality of the writing (Hodds et al., 2014). Moreover, self-explanations do not typically
provide clear answers or an effective and simple way to use them. To address these
challenges, various methods have been proposed for processing self-explanations. For
example, Panaite et al. (2018) found that using the occurrence of fixed expressions and
word counts in English reading comprehension as a filter can improve the quality of
extracted sentences and the accuracy of subsequent automatic scoring. Panaite et al.
(2019) used rule-based automatic and machine learning methods to score accumulated

self-explanation data.

2.2.4 Self-Explanation and Handwriting Input Analysis in Math-
ematics Education

Self-explanations and handwriting logs were utilized in a lot of research in mathematics
education. Hodds et al. (2014) found that students who received the training generated
higher quality explanations and performed better on a comprehension test in math quizzes
(Hodds et al., 2014). Renkl (1997) stated that in mathematics quizzes solving, more
successful learners tended to self-explain by predicting the next steps and identifying the
overall goal structure and its subgoal objectives.

On the other hand, handwriting data analytics has been studied for detecting answer



stuck points (liyama et al., 2017). Kishi and Miura (2018) developed a system to detect
a learner’s weak points using time intervals of pen stroke data in a mathematics quiz,
and Ochoa et al. (2013) could discriminate between experts and non-experts in groups of
students solving mathematical problems with multi-modal learning analytics, including

pen stroke data (Kishi and Miura, 2018; Ochoa et al., 2013).

2.3 Challenges in Utilizing Self-Explanation for Impasse
Detection

Impasses in learning, particularly in mathematics, are crucial moments that prompt
deeper cognitive engagement and problem-solving (VanLehn et al., 1992). The detec-
tion of impasses is vital as it leads to the employment of various strategies by learners
to overcome these hurdles. The integration of intelligent tutoring systems (ITS), Mathia,
and [-START reveals a focus on self-explanation as a means to aid learners in overcoming
these impasses, each system offering unique approaches to incorporating this strategy.

While self-explanation is a valuable educational tool, its application in detecting learn-
ing impasses presents several challenges. Firstly, there is a need for well-established meth-
ods and technologies to effectively detect learners’ impasses. The existing literature rec-
ognizes the utility of self-explanation but falls short in offering concrete, reliable methods
for impasse detection, especially in complex subjects like mathematics. Also, the fragmen-
tary nature of self-explanation writings and the challenge of integrating self-explanation
prompts into web-based learning tools persist (Chamberland et al., 2015; Panaite et al.,
2018).

Secondly, the traditional approach to analyzing self-explanation often adopts a top-
down methodology, relying on predefined templates or model answers. This approach,
while structured, limits the flexibility and adaptability of self-explanation in diverse edu-
cational settings. It often does not account for the unique thought processes and learning
trajectories of individual students, thereby missing out on the nuanced understanding of
their learning impasses.

Thirdly, the act of self-explaining, especially in subjects requiring complex mathemat-
ical reasoning, can be quite demanding for students. It requires them to articulate their
thought processes and problem-solving steps in writing, a task that can be particularly

challenging for those with varying levels of academic proficiency. The process of gener-



ating explanations to oneself demands a deep level of cognitive engagement. Students
must not only recall information but also restructure it in their own words, a process that
involves critical thinking and reflection. This cognitive effort, while beneficial for deep
understanding, is time-consuming.The nature of self-explanation often requires students
to integrate new knowledge with their existing understanding. Making these connections
and constructing a coherent explanation is a complex task that cannot be rushed if it is
to be effective. This complexity is particularly pronounced in subjects like mathematics,
where concepts are often abstract and require detailed and thoughtful explanation.

Moreover, the implementation of self-explanation as a learning strategy also raises
concerns regarding its practicality and adoption in regular classroom settings. Teach-
ers are required to invest considerable effort in preparing and guiding students through
the process of self-explanation. This labor-intensive nature of self-explanation, coupled
with the need for specialized training and resources, poses significant challenges to its
widespread adoption and effectiveness as an educational tool.

In summary, while self-explanation holds potential for enhancing learning and detect-
ing impasses, its practical application in educational settings is hindered by methodologi-
cal limitations, the complexity of the task for learners, and the resource-intensive nature of
its implementation. Addressing these challenges is crucial for leveraging the full potential

of self-explanation in educational technology and pedagogy.
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Chapter 3

Preliminaries

3.1 Explanation of Data Collection and Analysis Meth-
ods

3.1.1 LEAF System

The Learning and Evidence Analytics Framework (LEAF) system (Flanagan and Ogata,
2018) stands at the forefront of this research, representing an innovative amalgamation
of data collection and analysis methodologies within an educational context. At its core,
LEAF utilizes the BookRoll digital reading system and the LAViEW learning analyt-
ics tool to gather and analyze detailed handwriting data and student interactions in a
Japanese secondary school setting. This system is instrumental in capturing pen strokes
and linking them with self-explanations, providing a detailed insight into the student’s
cognitive process during problem-solving. This research employs a diverse array of tech-
nologies to support Self-Directed Learning (SDL) in various contexts. These include a
Learning Management System (LMS) such as Moodle, the BookRoll e-Book reading sys-
tem, and a range of mobile and wearable health technologies. Each of these components
plays a vital role in creating a comprehensive and integrated learning environment, as

depicted in the figure 3.1.

In LEAF, Teaching-Learning Cases (TLCs) are formulated to generate evidence from
specific teaching-learning activities. TLCs follow a structured format including Context,
Problem, Indicator, Intervention, Control, and Results. This format provides a compre-
hensive framework for analyzing and understanding the nuances of various educational

scenarios, enabling educators to draw valuable insights for effective teaching strategies.

11



f - i . "
LA Dashboard Evidence Portal
LTI
LT LA Evidence
- \ } - .
! Indicator| gvigence] | INPUL & SEArCH |
[ Intelligent tutors J N LA engine m‘;‘;“‘" Evidence
[ MOOC platforms ] Describe-Predict-Prescribe J I eng e
. v A y
[ Other leamning tools ] _
| Leaming Behaviorsensors ) [ Leamner ] [ Content ] Indicators | [ Context
Learning Problem | Solution
Logs = . = s
Visualize data and models for 3 |
:nallysisand monitoring ) Result & Reflection
b Evidence Model

Teaching-learning
cases

Figure 3.1: Architecture of LEAF (Majumdar et al., 2019)

3.1.2 LEAF Framework

Expanding on the LMS-independent platform concept by Flanagan and Ogata (2018),
this research utilizes a framework that integrates a learning log database centered around
BookRoll. This framework employs Experience API (xAPI) statements to import logs
from various learning tools, encompassing a wide range of learning activities. The LMS
serves as an access point to a plethora of learning support tools, while BookRoll provides
in-depth log data crucial for analytics. The LEAF framework enhances this system by
incorporating the Evidence Record Store (ERS) and the Evidence Analytics Tool. The
ERS is a dedicated database for storing analytical findings, and the Evidence Analytics
Tool is used for aggregating and presenting these findings in a user-friendly manner. This
setup facilitates a structured approach to capturing and analyzing data from technology-

enhanced teaching-learning practices.

3.2 Data Collection and Labeling

3.2.1 Self-explanation and Penstroke Data Collection

We collected the data over the period of Jan. 2021 to June. 2023 using the LEAF and

a learning analytics tool LAVIEW where students and teachers can monitor and reflect

12



on their learning. The platform was deployed in a Japanese secondary school and has
been in use for several years. Firstly, students were asked to view the quiz and write
down their answers using a stylus and tablet computer with the handwriting input in
BookRoll as shown in Figure 3.2. BookRoll captures the handwriting data as a series
of vectors representing the coordinates and velocity of pen strokes, which allows realistic
playback of the handwritten answers and fine-grained analysis of the students’ answering
process. Preliminary analysis of such data has been examined by Yoshitake et al. (2020)
to support group learning. Secondly, when the students had finished answering the quiz,
they were asked to review their handwritten answers in LAVIiEW, and input explanations
of how they solved the quiz. The students input a sentence of explanation everytime they
think they have completed some step in their answers during the playback. Therefore,
the self-explanations are temporally associated with the pen stroke data.

The utilization of pen stroke log data yields several advantages over character recog-
nition. Firstly, pen stroke logs capture precise details such as movement and direction,
providing a comprehensive understanding of the writing process. This granularity allows
for a nuanced analysis of the data. Secondly, pen stroke data captures contextual infor-
mation beyond the characters themselves. It enables the observation of stroke sequences
and self-explanation timing, reconstructing the temporal aspect of writing. This time
series data offers valuable insights into stroke order, pauses, and handwriting patterns,
facilitating anomaly detection. The self-explanation of the answer in Figure 3.3 contained
the following steps from top to bottom: “If the area of triangle ABO is 1, the area of
triangle AOC is 4. Since the entire area is five and the line OP bisects the area of triangle
ABC, the area of quadrilateral ABPO and triangle POC is 2/5. The area of triangle APO
compared to triangle POC is 3:5, so the length of line AP compared to line PC is 3:5.”

13
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3.3 Self-explanation Quality Scoring

To build a good model, it’s important to have good quality input data. Therefore, the first
step was to evaluate the quality of the self-explanations. Self-explanations in our study
were assessed based on three main criteria: coherence, clarity, and relevance. Specifically,
‘coherence’ gauges the logical flow of the explanation, ‘clarity’ measures its understand-
ability, and ‘relevance’ ensures the inclusion of all pertinent knowledge concepts and pro-
cedural elements. For consistent evaluation, we adapted the rubric and scoring definitions
with varied solutions or strategies. Instead of a detailed sentence-by-sentence breakdown,
our approach evaluates explanations on a holistic, quiz-by-quiz basis, offering a compre-
hensive insight into the learner’s under-standing of the topic. The three studies conducted
in this research vary in terms of the timing of data collection. Therefore, in this chapter,
we define the quality of self-explanation, propose scoring methods, and present scoring
results for representative datasets, taking into account the differences in the datasets
collected at different timings. Additionally, the datasets used in the experiments in the

following chapters will be defined in each respective chapter.

3.3.1 Settings

A rubric is a set of guidelines used to evaluate students’work. General rubrics provide
an overview of performance levels, while task-specific rubrics specify the mathematical
aspects of a task that determine each level of performance. Rubrics can be used to
evaluate various tasks, and are well-suited for tasks with multiple solutions or strategies
(Thompson and Senk, 1998), but in this case, simplified rubrics were used to assess
whether or not students were able to solve math problems step-by-step, with the intention
of the rubric being system judgeable. These rubrics are designed to be system-judgeable,
focusing on task-specific mathematical aspects. Table 3.1 delineates the definitions of
key terms utilized in this chapter.Table 3.2 presents the rubrics and a sample answer of
self-explanation in a quiz. Also, the evaluators created an objective scoring index, which
focused on the inclusion of essential knowledge components and logical explanations that

are shown in Table 3.3.
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Table 3.1: Definition of words

Name

Definition

Knowledge Components

Step

Rubric

A Sample Answer
(of self-explanations)

solve this quiz.

Specific conceptual knowledge or unique unit elements required to

The procedure or order in which the knowledge components appear in

the quiz.

Can-do descriptors that clearly describe all the knowledge components
of the quiz by steps and are used to create labels and evaluations.

A single standard answer of self-explanations of a quiz with knowledge
components, which are prepared according to the step rubric number.

Table 3.2: Rubrics and a sample answer of self-explanation in a quiz

Number Rubric Sample answer of self-explanations
Step1  Be able to find the equation of a linear Substituting the y-coordinate of p into the
function from two points. equation of the line AC.
Step 2  Be able to find the equation of the line Find the area of triangle ABC, then find the
that bisects the area of a triangle. area of triangle OPC.
Step3 Be able to represent a point on a With the line OC as the base, find the
straight-line using letters (P-coordinates). y-coordinate of p, which is the height. P’s
coordinate is (t, -1/2t+4).
Step4  Be able to represent a point on a Since the coordinates of P are (3,5/2), the
straight-line using letters (Q-coordinate). line OP is y=%, and the coordinates of Q are
(t,5/6).
Step5 Be able to formulate an equation for area Finally, the area of AAQAC was found from

based on relationships among figures.

AAQO and AOQC, and the coordinates of
Q were found.

3.3.2 Self-explanation Quality Scoring with Rubric and Index

The evaluations were carried out by two scorers, who initially rated the self-explanations
individually with using rubrics and scoring index. After the initial round of evaluations,
the two scorers then compared their evaluations with each other, and if they differed, they
discussed the reasons why and together came to a final value for the evaluation. In using

this method there were no tiebreakers as the two scorers were able to come to agreement

through discussion.

16



Table 3.3: Self-explanation quality score grading definition

Graded score Description

1 (Unacceptable) The number of steps for which self-explanations are filled in for the steps
required for the solution is minimal, and/or there were fixed expressions in
the students’ self-explanations (e.g., mistaken patterns, boredom.)

2 (Poor) Self-explanations are mostly provided for the steps required for the solution.
Although, they are more like bullet points than explanations.

3 (Fair) Self-explanations are mostly provided for the steps required for the answer.
The average level of self-explanations among all respondents.

4 (Very Good) Self-explanations are provided for most of the steps required for the answer,
but there is room for improvement as an explanation (Logic, expressions).

5 (Excellent) Self-explanations are mostly provided for the steps required for the answer,
and the explanation is logical and well-written.

Table 3.4: Descriptive statistics of the collected self-explanations(Samples)

Sentence length
in Japanese characters
M SD M SD
25 1,434 117 62.0 536 291 142

Number of  Cumulative total Number of
quizzes of answers individuals

Quality score

3.4 Research Approach and Contribution

To overcome the inherent challenges of self-explanation in learning, as mentioned in Chap-
ter 2, this research introduces a novel approach that combines self-explanation with pen-
stroke data for the impasse detection in LEAF Framework. This method significantly
diverges from traditional systems like Mathia, which primarily focus on broader problem-
solving contexts. Our system automatically detects impasses in learning and generates
relevant feedback based on the collected data. This approach is predicated on the princi-
ple that increased learner engagement in self-explanation leads to more data availability,
thereby deepening the understanding of the learning process.

In our study, we examined the possibility of self-explanation by hypothesizing that
students follow these problem-solving steps and that self-explanation occurs in relation
to the knowledge elements, specifically tied to procedural knowledge. Our exploration

is supported by a rich tapestry of related works that bridge cognitive theories and data
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Table 3.5: Examples of Self-Explanations with High and Low quality scores

Quality score  Sentence length  Self-explanation Evaluation
5 138 The area of triangle AOC is @ when  Clearly describing the
triangle ABO has an area of @, the  relationships between
sum of the areas is @, line OP different elements in
divides triangle ABC into two equal the problem. Showing
parts so the areas of quadrilateral the use of specific

ABPO and triangle POC are 2/5, the mathematical concepts
length ratio of AP to PCis 3:5 because and formulas, such as
the area ratio of triangle APO to POC the area of a triangle

is 3:5, the length ratio of OP to PQis  and the length ratio.
4:1 because the area ratio of triangle

ACO to QAC is 4:1, and we obtained

the coordinates of point P from the

coordinates of points A and C, and

the coordinates of point Q from the

coordinates of points O and P.

2 39 To find the equation of line OP and Vague and lacks the
the coordinates of point Q, we first necessary information
assign Q as a variable and then to understand the

calculate the areas of triangles AOQ  process and reasoning
and QOC using the coordinates of Q.  behind the
calculations.

analytics, providing a theoretical bedrock for our approach to identifying learning impasses
through pen stroke data.

To the best of our knowledge, our study is the first to combine self-explanations and
pen stroke data in identifying stuck points, where the pen stroke data provides temporal
and spatial hints on “where” the students were stuck and self-explanations help to in-
fer specifically “what” knowledge the students were stuck on. Also, the integration of the
feedback system into educational platforms has the potential to revolutionize teaching and
student engagement. This advancement opens up opportunities for personalized learning
experiences, ultimately leading to improved educational outcomes. The system, with its
real-time analysis and bottom-up impasse detection, signifies a significant contribution to
educational technology, setting a new standard for personalized learning support. Its pos-
itive impact on self-explanation in subjects like mathematics highlights the transformative

potential of this technology in enhancing overall educational practices.
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Chapter 4

Experimental Study(1): Impasse
Detection Methods with
Self-explanation

The focus of this chapter is analyzing pen stroke data and self-explanations collected
from students while solving mathematical problems. The aim was to identify impasses
in learning processes by closely observing patterns and anomalies in pen stroke behaviors

and self-explanations.

4.1 Background and Motivation

The initial study of our study aims to uncover the underlying patterns within pen stroke
data that signal learning impasses. By analyzing the nuanced ways in which students
interact with digital writing surfaces, we intend to extrapolate meaningful insights into
their understanding and problem-solving processes. Self-explanation has been widely
recognized for its learning effects for a long time (Bisra, Liu, Nesbit, et al., 2018). It
is a good indicator of the students’ understanding towards solving a quiz because there
are cognitive factors behind explanation (Lombrozo, 2006). Self-explanation is defined
as explaining concepts, procedures, and solutions in order to deepen understanding of
material and to make sense of relatively new information (M. Chi, Leeuw, Chiu, and
LaVancher, 1994; Rittle-Johnson, 2006).

However, few research has been conducted on the use of self-explanations in learning
analytics to identify impasses, to examine intervention methods, and to use them to
recommend quizzes. Students who can well explain their solving processes possibly have

clear solution strategies and good understanding of necessary knowledge and skills to
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solve the quiz. On the other hand, students who cannot explain how they solved the quiz
may be stuck in some solving steps. If a system can automatically identify a student’s
impasses, the teacher can not only learn about the student’s level of understanding, but
the system can also support the student to overcome his or her difficulties.

McNamara et al. (2004) created an interactive tutoring system called iSTART to
support the development of self-explanation skills in reading comprehension . The system
guides learners through the exercise to support active reading and thinking by providing
automatic evaluation and scoring of self-explanations and appropriate scaffolding. Natural
language processing techniques, such as Latent Dirichlet Allocation (LDA) Analysis topic
modeling, were applied to extract the characteristics of student self-explanation artifacts,
and their similarity with reading materials are used to analyze the self-explanations for
automatic scoring. This system was modeled on an effective human-delivered intervention

called self-explanation reading training (SERT).

4.1.1 Learning Impasse

Learning impasses represent pivotal moments in a student’s educational journey, par-
ticularly in the field of mathematics (VanLehn et al., 2003). Warli and Rahayu (2020)
emphasize the cognitive challenges students face when understanding complex mathemati-
cal concepts, especially in group problem-solving contexts. These impasses often manifest
as feelings of being stuck, detecting errors, or experiencing doubt, even when students
are technically correct in their actions. In response to these difficulties, students may
review previous knowledge, consult external resources, or seek help from peers or instruc-
tors. These moments of struggle are pivotal in fostering genuine learning, as they lead
to a deeper grasp of the subject, the correction of misconceptions, and the enhancement
of problem-solving skills. This understanding aligns with our study’s focus on impasse
detection and resolution in mathematics education.

Extensive research on cognitive skill acquisition consistently underscores the preva-
lence of impasses in the learning process, particularly in the absence of tutors (VanLehn
and Jones, 1993; VanLehn et al., 1992). Therefore, the automated detection of these
mathematical impasses holds significant potential for advancing educational research.
This study delves deeper into the concept of learning impasses in the context of self-
explanation in mathematics learning. It aims to detect these impasses in automated

learning environments, contributing to the field by defining and identifying impasses and
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evaluating the role of self-explanations in overcoming these challenges.

4.1.2 Premise Conditions and the Definition of Impasse in Math
Learning

Our approach to detecting impasses aligns with the definition proposed by VanLehn et al.
(2003), where an impasse is seen as a point of cognitive struggle or uncertainty encoun-
tered by a student while trying to understand or apply a specific piece of knowledge in
mathematics. Such impasses can manifest in various forms, including being stuck, detect-
ing an error, or experiencing doubt, even when the action is technically correct. They
prompt students to delve into their memory, consult external resources like textbooks, or

seek assistance from others.

In line with this understanding, our research posits that the ability to produce de-
tailed self-explanations is a crucial indicator of a student’s comprehension of mathemati-
cal concepts. We find that difficulties in providing coherent self-explanations often signal
these underlying cognitive impasses. Therefore, we rigorously analyze the quality of self-
explanations, understanding that clear and thorough explanations indicate a solid grasp

of concepts, while vague or incomplete ones point to areas of weak comprehension.

We closely examine instances where self-explanations by students reveal significant
impasses in mathematics learning. A high-quality self-explanation is not only logically
structured but also elucidates the student’s pathway through the problem-solving process.
This type of explanation demonstrates a deep understanding of the mathematical con-
cept, showcasing the student’s ability to integrate and apply their knowledge effectively.
Conversely, an ineffective self-explanation, characterized by a lack of coherence and clar-
ity, points to potential learning impasses. These impasses might manifest as fragmented
thoughts, unclear connections between ideas, or an inability to express the underlying
mathematical reasoning. Such explanations often signal a superficial understanding or a
disconnect in cognitive processing, where the student might be able to perform certain
steps of the problem-solving process but fails to comprehend the overarching concepts or

principles.
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4.2 Proposed Method

4.2.1 Rubric-Based Evaluative Framework

This study introduces a rubric-based evaluative system for assessing students’ reasoning in
mathematics, particularly focusing on identifying learning impasses. Rubrics, as defined
by Andrade (2000) and Arter & Chappuis (2007), provide a structured method to assess
students’ work, classifying performance across a range from outstanding to deficient. Gen-
eral rubrics give an overview of performance levels, while task-specific rubrics are tailored
to specific mathematical elements (Thompson & Senk, 1998). The rubrics in this study
evaluate problem-solving processes step by step, facilitating systematic judgment by the
evaluative system.

Verschaffel et al. (1999) outlined five essential steps in mathematical problem-solving:
drawing representations, listing elements, simplifying figures, executing calculations, and
assessing solutions. Although self-explanation is not directly linked to any particular
step, it provides insight into the underlying knowledge components involved in these
steps. We hypothesize that students’ self-explanations reveal their procedural knowledge
during problem-solving.

As shown in Chapter 3, Table 3.1 delineates the definitions of key terms utilized in
this chapter and Table 3.2 presents the rubrics and a sample answer of self-explanation in

a quiz. These rubrics and samples serve as a foundation for detecting learning impasses.

4.2.2 Labeling Impasses through Human Assessment

The assessment process involves manual evaluation of students’ handwriting and self-
explanations, culminating in labeling problem-solving steps as either correct or incorrect.
This approach allows for a more nuanced understanding of students’ cognitive processes,
especially for those who rely on rote memorization or struggle to articulate their thought
processes. This method transcends simple correctness assessments, striving to uncover
the reasons behind students’ responses.

We focus on two outcomes:

e Correct Step: Self-explanations that are coherent and well-structured, indicating

comprehension, receive a score of ‘1’ (no detected impasse).

e Incorrect Step: Errors in solutions or weak self-explanations, especially in tackling
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geometric concepts, receive a score of ‘0’, signaling difficulty.

Figure 4.1 presents a typical handwritten answer and its associated self-explanation,

which evaluators use to classify parts as correct or incorrect.

e Stroke 34: Calculated the area of triangle ABC.

e Stroke 60: Calculated the area of triangle ABO.

e Stroke 182: Determined the coordinates of point P and derived the equation of line OP.
e  Stroke 201: Expressed the coordinates of point Q in terms of variables.

e  Stroke 291: Determine the value of k.

e  Stroke 316: Substituted the value of k and obtained the answer.

Hand Writing - Self-Explanation Gold Standard
el - = QEE%BH Stroke Order{ Stroke Count): Self-Explanation Texts

Step1 2 - .:‘\' P - 2 hO—% 34: AABCOEEE RO, | Correct or Incorrect
Step2 | A0~ ¥4 v A~O Correct or Incorrect
Step3 ; AkO EROPOIERDIC. I Correct or Incarrect

&L, b AkO Correct or Incorrect
Step4 I 5D o A hO—

Figure 4.1: Labeling Method

4.2.3 Feature Extraction from Handwriting Data Associated with
Each Self-Explanation

In our research, we employ a comprehensive approach that combines handwritten data
with self-explanation texts to gain a profound understanding of students’ learning pro-
cesses, building upon prior studies in handwriting detection (liyama et al., 2017; Kishi and
Miura, 2018; Nakamoto et al., 2021). Figure 4.2 provides an overview of feature extrac-
tion associated with each self-explanation of a student. This method involves analyzing
handwritten data, including pen strokes and inputs, to reveal the temporal and procedu-
ral aspects of problem-solving, which are crucial for identifying impasses by observing the
sequence and methodology students employ in tackling mathematical problems.
Integrating these insights with self-explanation data allows us to form a holistic view
of how students learn and pinpoint areas of difficulty. We adopt a methodology inspired
by Kishi and Miura (2018), preparing model solutions for each quiz that encapsulate
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essential steps and knowledge components for correct answers. We then compare stu-
dents’ self-explanations to these models and identify the most relevant self-explanation
sentences. Finally, we generated the handwriting data associated with the most rele-

vant self-explanation sentence. The detailed features for this key factor are outlined in
Table 4.1.
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Figure 4.2: Self-Explanation and Handwriting Example with Impasses High-
lighted

4.3 Hierarchical Logistic Regression Analysis

4.3.1 Hierarchical Logistic Regression Model

To identify significant predictors of learning impasses, we use a hierarchical logistic re-
gression model, which sequentially introduces features related to self-explanation quality,
handwriting data, and operational engagement. Table 4.2 summarizes the key feature

groups.

In this section, we analyze the efficacy of various predictors in identifying learning

impasses in middle school students’ mathematical comprehension through hierarchical
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Table 4.1: Hierarchical Logistic Regression Features

Feature Group _ Feature Name Description Mean SD
Self-Explanation Self-Explanation The count of strokes or actions taken 0.06 0.19
Quality Engagement Level associated with each self-explanation,
Indicators indicating the degree of user

engagement.

Self-Explanation Length The character count of each self- 0.08 0.22
explanation, serving as an indicator of
the explanation’s level of detail.

Self-Explanation Complexity The number of nodes (words) in each 0.09 0.22
self-explanation, determined through
morphological analysis using MeCab,
indicating the complexity of the
explanation.

Self-Explanation Sequence  The order of strokes (operations) ineach 0.25 0.24
self-explanation, important for
understanding user operation patterns.

Self-Explanation Similarity A score based on cosine similarity 0.08 0.22

Score between self-explanations and reference
sentences, indicating the similarity of the
text.

Self-Explanation Total Activity Duration The total sum of time intervals between  0.10 0.23
Related Action consecutive operations for each user,

(Generated reflecting the overall duration of user

Handwriting activity(Include time intervals).

Features) Generated Handwriting The total count of operations performed 030 0.25

Features Count by each user, indicating the level of user
activity.

Total Activity Duration The total sum of time intervals between 022 0.21
consecutive operations for each user,
reflecting the overall duration of user
activity.

Operation Segment A segment of time data associated with 0.23 0.23

Duration specific user operations, segmented
based on user interactions, indicating the
temporal aspects of user interactions.

Accurate Activity Duration  The total of calculated times, reflectinga 0.30 0.22
more accurate measure of user activity
duration({Exclude time intervals. only the
time for operations).

Rubric Step Number An ordinal scale (typically ranging from 250 1.12
1 to 4) that quantifies the number of
rubric steps.

Overall Level of ADD HW_MEMO Addition of hardware-related memo. 0.04 0.17
Action UNDO_HW_MEMO Undo hardware-related memo. 0.09 0.22
(Raw _ CLOSE Close an item or section. 021 0.38
Operational OPEN_RECOMMENDATION Open a recommended item. 0.05 0.18
Data) TIMER_PAUSE Pause a timer. 001 0.10

CLOSE_RECOMMENDATION Close a recommended item. 0.03 017

ADD MEMO Addition of a general memo. 0.02 013

QUIZ_ANSWER_CORRECT  Provide a correct answer in a quiz. 0.04 0.19

PAGE_JUMP Jump to a specific page. 008 0.24

QUIZ_ANSWER Provide an answer in a quiz. 0.01 0.09

CHANGE MEMO Modify an existing memao. 0.00 0.00

DELETE_MEMO Delete a memo. 0.04 0.17

CLEAR_HW_MEMO Clear hardware-related memos. 0.04 017

REDO_HW_MEMO Redo a hardware-related memo. 0.09 0.22

ADD_RECOMMENDATION  Add a recommendation. 021 038
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Table 4.2: Hierarchical Logistic Regression Model Groups

Feature Group / Model Name Ms Mg Ma Ms.g Mk (Final)
Self-Explanation Quality Indicators o o o
Self-Explanation Relf'at.ed Action o o o
(Generated Handwriting Features)

Overall Level of Action o o
(Raw Operational Data)

Total Features 5 6 15 11 26

logistic regression. The analysis is organized under three subheadings: (1) Analysis of
Self-Explanation Features, (2) Exploring General Learning Operations and the Impact of
Memo and Quiz Actions, and (3) Comprehensive Analysis in the Final Model. Each sub-
heading represents a distinct model or combination of models to examine different aspects
of student engagement and self-explanation features, offering a holistic understanding of

the factors influencing learning impasses.

4.3.2 Analysis of Self-Explanation Features (Mg, Mg.q, Mp)

In our study, examining the efficacy of various predictors in identifying impasses in middle
school students’ mathematical comprehension, we employed distinct models that focused
on self-explanation features and general learning activities. The analysis, segmented into
different models—Mg, Mg,g, and Mp—revealed insightful findings on the predictors’
influence on detecting comprehension difficulties, as indicated by their respective AUC
values.

Model Mg (AUC = 0.740): This model focused on self-explanation features. Four
self-explanation features demonstrated a statistically significant association with success-

ful impasse detection:
e Self-Explanation Length: Odds Ratio: 15.69
e Self-Explanation Similarity Score: Odds Ratio: 8.75
e Self-Explanation Engagement Level: Odds Ratio: 1.63

e Self-Explanation Sequence: Odds Ratio: 0.12
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Table 4.3: Logistic Regression Results (Significant Indicators)

Model Predictors Odds Ratio Coeff. Std Error tValue p-value
Ms AUC=0.740 Self-Explanation Length 15.69 2.75 0.21 13.09 <0.001
LogL=-2133.1 Self-Explanation Similarity 8.75 2.17 0.19 1150 <0.001
Score
AIC=4278.1  Self-Explanation Engagement 1.63 0.49 0.18 2.72 0.010
Level
BIC=4315.3  Self-Explanation Sequence 0.12 -2.10 0.15 -13.83 <0.001
Mg AUC=0.655 Generated Handwriting 3.43 1.23 0.15 838 <0.001
Features Count
LogL =-2360.8 Rubric_Step_Number 0.65 -0.42 0.03 -1346 <0.001
AIC=4731.7 Accurate Activity Duration 0.49 -0.71 0.24 -2.88 0.004
BIC=4762.6
M, AUC=0.603 QUIZ_ANSWER_CORRECT 2.18 0.78 0.21 3.71 <0.001
LoglL =-2433.0 ADD_MEMO 0.56 -0.58 0.11 -5.29 <0.001
AIC=4898.0 ADD_HW_MEMO 0.53 -0.64 0.15 -4.13  <0.001
BIC = 4997.0
Ms.c AUC=0.777 Self-Explanation Length 18.44 291 0.22 1343 <0.001
LoglL =-2027.7 Self-Explanation Similarity 10.11 2.31 0.20 11.79 <0.001
Score
AlIC=4075.4 Generated Handwriting 2.30 0.83 0.24 348 <0.001
Features Count
BIC=4137.2  Rubric_Step_Number 0.62 -0.48 0.04 -13.58 <0.001
Self-Explanation Sequence 0.13 -2.02 0.16 -12.86 <0.001
Mg  AUC=0.802 Self-Explanation Length 24,76 3.21 0.23 1394 <0.001
LogL =-1941.8 Generated Handwriting 15.98 2.77 0.31 882 <0.001
Features Count
AlC=3933.7 Self-Explanation Similarity 9.15 2.21 0.20 10.87 <0.001
Score
BIC=4088.4  Accurate Activity Duration 2.03 0.71 0.31 231 0.021
ADD_MEMO 0.75 -0.28 0.13 -2.15 0.031
Rubric_Step_Number 0.60 -0.51 0.04 -14.10 <0.001
OPEN 0.52 -0.65 0.28 -2.34 0.019
Self-Explanation Sequence 0.26 -1.34 0.18 -7.34  <0.001
ADD_HW_MEMO 0.06 -2.84 0.26 -10.88 <0.001
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These positive coefficients corroborate the hypothesis that a higher level of detail in
self-explanations aligns with better comprehension and course success.

Model Mg, (AUC = 0.777): This model integrated generated handwriting fea-
tures counts with self-explanation features, enhancing the predictive power of each feature

group. The significant predictors included:
e Self-Explanation Length: Odds Ratio: 18.44
e Self-Explanation Similarity Score: Odds Ratio: 10.11
e Generated Handwriting Features Count: Odds Ratio: 2.30
e Rubric Step Number: Odds Ratio: 0.62

This integration suggests that both qualitative aspects of self-explanation and quan-
titative measures of operational engagement are pivotal in identifying learning impasses.
Model Mr (AUC = 0.802): This model achieved the highest AUC among the self-

explanation focused models, underscoring the significance of combining various predictors:
e Self-Explanation Length: Odds Ratio: 24.76
e Self-Explanation Similarity Score: Odds Ratio: 9.15
e Generated Handwriting Features Count: Odds Ratio: 15.98

This model’s high AUC value reinforced the importance of a multifaceted approach,
combining both qualitative and quantitative elements of student engagement to predict

learning impasses effectively.

4.3.3 Exploring General Learning Operations and The Impact of
Memo and Quiz Actions (Mg, My)

The Mg model (AUC = 0.655) highlighted the role of operational factors such as:
e Generated Handwriting Features Count: Odds Ratio: 3.43

e Total Activity Duration: Odds Ratio: 1.37
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Although this model exhibited a lower AUC compared to self-explanation focused
models, it still underlined the relevance of general engagement levels in learning activi-
ties. The model’s findings align with the notion that higher operational engagement is
positively associated with mathematical comprehension and course success.

The M4 model (AUC = 0.603) centered on memo-related actions and quiz answers,

revealing a nuanced perspective on impasse detection:
e Quiz Answers Correct: Odds Ratio: 2.18
e Add Memo: Odds Ratio: 0.56

e Add HW Memo: Odds Ratio: 0.53

While quiz answers were significant predictors, memo actions had a lesser impact,

indicating a more complex relationship with learning comprehension.

4.3.4 Comprehensive Analysis in Final Model (Mp)

The final model, Mr (AUC = 0.802), gathered significant predictors from the previous
models, providing a holistic view of the factors influencing impasse detection. This model’s
high AUC value reinforced the importance of a multifaceted approach, combining both
qualitative and quantitative elements of student engagement to predict learning impasses

effectively.

4.4 Discussion

4.4.1 Identifying Learning Impasses

This study employed hierarchical logistic regression to better understand learning chal-
lenges in online secondary school mathematics education. Our results demonstrate that
combining various data types effectively identifies these challenges. Initially, a model fo-
cusing solely on self-explanation features, such as explanation length, achieved notable
accuracy (AUC = 0.740), highlighting that self-explanation traits are important indicators
of student understanding and potential learning barriers.

In contrast, models incorporating operational metrics, including the number of oper-
ations and total activity duration, achieved moderate accuracy (AUC = 0.655), under-

scoring the role of operational engagement in the learning process. While operational
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metrics alone yielded moderate accuracy, combining them with self-explanatory data sub-
stantially improved model precision (AUC = 0.777), demonstrating the advantages of
an integrated data approach. Most notably, our comprehensive model, combining self-
explanation and operational factors, achieved the highest accuracy (AUC = 0.802), con-
firming the effectiveness of a holistic approach that incorporates detailed operational,
engagement, and self-explanation data. These findings underscore the critical roles that
both self-explanatory attributes and operational engagement play in identifying learning

challenges in secondary school mathematics.

4.4.2 Learning Difficulties in Online Mathematics Education in
MF

The ’Self-Explanation Length’ emerged as a significant predictor, with an odds ratio
of 24.76, indicating that students who provide longer, more detailed explanations tend
to better understand complex mathematical concepts. Detailed self-explanations have
been shown to promote deeper cognitive processing, reinforcing learning (M. Chi, 2000;
Rittle-Johnson et al., 2017), thereby revealing thought processes and misunderstandings.
Additionally, the ’Self-Explanation Similarity Score’ had a substantial odds ratio of 9.15,
indicating a strong link between alignment to reference material and understanding. High-
quality self-explanations support knowledge transfer by focusing on content structure
(Rittle-Johnson, 2006), while self-explanation complexity and sequence did not correlate

strongly with accuracy, offering insights into less predictive aspects of learning difficulties.

The 'Rubric Step Number’ suggests that later, more complex stages in problem-solving
pose greater challenges, as indicated by a negative correlation coefficient of -0.2007. The
"Generated Handwriting Features Count,” with an odds ratio of 15.98, highlighted the
role of active engagement. Frequent handwriting operations suggest a higher level of
interaction with the learning material and emphasize the importance of active problem-
solving and information manipulation in understanding complex concepts (McNamara et
al., 2004). Handwriting features, such as stroke count and timing, also signify cognitive
effort and problem-solving, supporting the concept of impasse-driven learning (VanLehn
et al., 1992), while "Accurate Activity Duration’ showed a positive association, further
underscoring sustained effort and engagement in overcoming learning impasses and im-

proving comprehension.
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4.4.3 Limitations and Future Directions

This study established a framework for identifying learning impasses using self-explanations,
model answers, and pen-stroke data, achieving an 80% accuracy rate. However, several
limitations warrant consideration.

First, the reliance on self-explanation quality introduces inherent variability, as well-
written explanations are assumed to indicate an absence of learning barriers, while poorly
articulated responses may suggest underlying issues. This assumption may lead to mis-
judgments, as students with strong understanding might omit detailed explanations, or
those lacking training in self-explanation skills might produce subpar responses despite
grasping the material. Such variability can introduce biases, undermining the system’s
ability to accurately detect impasses.

Second, the model’s success is contingent on identifying consistent patterns in student
behavior, relying on the assumption that learners share similar problem-solving methods
and learning styles. This assumption may not hold universally, particularly in diverse
educational contexts where students exhibit varied reasoning approaches. Poorly articu-
lated or incomplete self-explanations further reduce the system’s accuracy, as the model
struggles to identify clear patterns from inconsistent input.

Additionally, the scope of this research was limited to middle school mathematics,
specifically linear equations and functions, within a structured four-step problem-solving
process. While this provided a focused environment for testing the framework, it re-
stricts the generalizability of the findings. The system’s applicability to other subjects,
educational levels, and more complex or open-ended problem-solving scenarios remains
unexplored.

Future research should address these limitations by incorporating additional features,
such as textbook model answers or structured prompts, to provide a more consistent ref-
erence for evaluating self-explanations. Expanding the system’s scope to include diverse
topics, grade levels, and problem-solving formats will enhance its adaptability and rele-
vance. Moreover, training students in effective self-explanation techniques could mitigate
the variability in input quality, improving the system’s accuracy. Longitudinal studies
across varied educational contexts are also essential to validate the framework’s robust-

ness and generalizability.
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Chapter 5

Experimental Study(2): Automatic
Generation of Exemplary
Self-Explanations

5.1 Introduction

5.1.1 Motivation

The first study of this research underscored the importance of self-explanation in educa-
tional settings and introduced a novel approach for detecting impasses in mathematics
learning. This approach integrates self-explanation texts, pen-stroke data, and model
answers for quizzes. A key challenge identified in this study is the creation of rubrics and
model answers, which are crucial for effectively detecting learning impasses. The manual
development of these educational tools is both labor-intensive and may not fully address
the varied needs of individual learners or the specific nuances of different mathematical

concepts.

To overcome this challenge, the development of an automated system for the generation
of rubrics and model answers is imperative. This next study of the research will focus
on creating such a system, aiming to streamline the process of generating sample answers
with accompanying rubrics. This advancement will not only enhance the efficiency of
impasse detection but also cater to a broader range of learning requirements, thereby

enriching the overall educational experience in mathematics learning.
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5.1.2 Previous Research

While self-explanation is recognized as a highly effective pedagogical method, its imple-
mentation often hinges on the preparation by instructors. This reliance has been iden-
tified as a limiting factor in its broader application (Bisra, Liu, Nesbit, et al., 2018).
Existing methods include designing system interfaces for monitoring and supporting self-
explanation, developing models to assess understanding from self-explanation behaviors,
and strategies to elicit further self-explanation for improved student case understanding
(Arne et al., 2021; Boonthum et al., 2007; Conati and VanLehn, 2000; McNamara et al.,
2004).

Self-explanation writing is often incomplete and fragmented, with learners focusing on
what they don’t understand rather than writing for others (Chamberland et al., 2015). As
a result, unexpected answers are common in self-explanations (Panaite et al., 2018). Fac-
tors such as training in self-explanation writing and writing skills can also affect the quality
of the writing (Hodds et al., 2014). Moreover, self-explanations do not typically provide
clear answers or an effective and simple way to use them. To address these challenges, var-
ious methods have been proposed for processing self-explanations. For example, Panaite
et al. (2018) found that using the occurrence of fixed expressions and word counts in En-
glish reading comprehension as a filter can improve the quality of extracted sentences and
the accuracy of subsequent automatic scoring. Panaite et al. (2019) used rule-based auto-
matic and machine learning methods to score accumulated self-explanation data. There
are several studies to utlize and analyze the self-explanations. However, an overview of
past studies shows a predominant top-down approach in Al-assisted analysis, necessitat-
ing fixed-structure model answers and annotated datasets (Jackson et al., 2010; Panaite
et al., 2018, 2019). This can limit the scalability in implementing these tools in practical
environments. Therefore, in this study, we propose a method using unsupervised learning
to automatically generate standard answers from collected self-explanations. Generating
model answers for self-explanations can be very difficult, especially when there is no prior
information on how to solve a specific problem. To overcome this challenge, our study
proposes a bottom-up approach that analyzes data collected from self-explanations. One
of the main advantages of this approach is its ability to be applied to previously unseen
problems that lack labeling, so long as there is input data available. While research in

this area in self-explanation analysis is still limited, the aim of this study is to investi-
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gate the potential for automatically generating standard self-explanation examples that
incorporate the necessary conceptual knowledge components required to solve a given
problem. This study explores the potential of self-explanations to generate standard sam-
ple answers in three different scenarios. In the first scenario, the study aims to identify
knowledge components missing from students’ self-explanations by comparing them to
model answers. It will also investigate whether the system can extract sentences from
high-quality self-explanations. In the second scenario, the standard sample answer will be
provided as a reference for learners who struggled with a particular quiz question. Finally,
in the third scenario, the study proposes a novel approach for automatically generating
self-explanation scaffold templates based on sample sentences. This approach utilizes a
glossary-based support system that encourages students to practice their self-explanation
skills by looking up concepts from a curated list and filling in blank templates (Berthold,
Eysink, and Renkl, 2009, 2009; Rittle-Johnson, 2017a, 2017b). Overall, the unique con-
tribution of this study is that it offers valuable insights into the potential of unsupervised
learning methods as a tool for generating sample self-explanation answers in different
learning scenarios.

To achieve this goal, the chapter presents a method for generating model responses
based on the analysis of collected self-explanations. We conducted evaluations of our
proposed approach using real data from three different perspectives to determine its ap-
propriateness; (1) the ability of the model to generate self-explanations that contain rele-
vant key component information for each quiz (Knowledge Components Extraction Grad-
ing), (2) the quality of the generated self-explanations compared to human-generated
self-explanations as measured by established metrics (The Quality Evaluation with Met-
rics), and (3) the clarity of the model’s responses for students (Readability Analysis).
Through these evaluations, the chapter aims to establish the fundamental methods for
creating automatic model responses that can be used to analyze self-explanations and

promote learning.

5.2 Goals of This Study

In this section, we introduce the proposed method and show how the system generates
sample answers of self-explanations. An overview of the inputs and outputs of the model

proposed in this research along with possible uses of the outputs. The input into the model
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of the proposed method includes the self-explanations of all students who explained the
questions and their accompanying handwriting data that was collected when the student
answered a question. The output is a single example response statement to the question.
This example response is then compared to a student’s self-explanation and can be used
as a template to prompt self-explanation, which has been identified as an important task

for supporting self-explanation (Bisra, Liu, Nesbit, et al., 2018).
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Figure 5.1: An overview of the process of our proposed model, and the inputs
and outputs

5.2.1 Datasets

The data was collected between January 1, 2020, and December 31, 2021, using the LEAF
platform. We conducted a study in 2021 using 1434 self-explanations from 25 quizzes to
evaluate the machine’s ability to generate sample self-explanations automatically. The de-
scriptive statistics of the self-explanations in the dataset and the evaluations given by the
scorers. The scoring results were rated on a scale of 1 to 5 and sorted into categories that
are shown in Table 3.4. The distribution of self-explanation quality scores was analyzed,

revealing a correlation between the length of self-explanations and their assigned scores.
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Figure 5.2: Histogram of the distribution of self-explanation responses over
the quizzes in the dataset

Longer self-explanations typically received higher scores, indicating a more comprehen-
sive understanding and explanation of the problem-solving process.Examples of evaluated
self-explanations are provided in Table 5.1 and Figure 5.3, illustrating the range of scores
and the corresponding quality of explanations. These examples highlight the importance
of logical structure and the inclusion of knowledge components in achieving higher scores.

A histogram of the distribution of self-explanation responses is shown in Figure 5.2,
where the y-axis represents the number of quizzes that have the number self-explanation
responses represented by in the same bin. For example, the bin on the left hand side

represents 3 quizzes have five or less self-explanation responses.

Table 5.1: Distribution of human graded quality scores

Quality score 1 2 3 4 5
Number of answers 350 231 303 292 258

Sentence length in
Japanese characters (Mean)

21.2 34.6 47.8 76.5 142.6
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Figure 5.3: A boxplot of the self-explanation quality score distribution
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5.2.2 Preprocessing

Generating sample self-explanations requires extracting good self-explanations from col-
lected data, which forms the basis of our proposed model. An overview of the process
that was used to filter and extract good self-explanations from the collected data and
how it was preprocessed is shown in Figure 5.4. Firstly, we employed two characteris-
tics to filter input data based on the quality and length distribution as shown in table
5.1. It was observed that the threshold for the sentence length of a self-explanation is
around 40 characters and can be used to filter low quality self-explanations from high
quality examples. Next, we excluded sentences that contained fixed expressions, such as:
"make", "error", "impossible", "unreasonable", "to be annoyed", "irritated", "worried",
"in difficulty", "strange", and "erased". Although these expressions are idiomatic, we
removed them as they are not appropriate as model self-expressions. Finally, we omitted
questions with less than five self-explanation responses as we determined that they did

not have adequate data for analysis.

5.3 Sample Answer Generation Model

Once a set of problems containing five or more responses had been collected, the pro-
posed self-explanation model was constructed. In this section, we outline the underlying
methodology used in constructing the proposed model and the output generated by this
approach.

5.3.1 Overall Architecture of the Proposed Model

Text summarization is a crucial area in the design of deep learning models for natu-
ral language processing (NLP), and automated scoring of summaries is preferred over
manual scoring (Crossley et al., 2019; Igbal and Qureshi, 2020). Previous studies have
used NLP tools like LSA and machine learning approaches (Leén et al., 2006; Ozsoy
et al., 2011). There are two main types of summarizations: extractive, which extracts
the essence from the entire text, and abstractive, which generates sentences. This study
focuses on a sample self-explanation for students, requiring textual correctness. Extrac-
tive summarization was chosen due to limited data, and semantic chunks were extracted
using unsupervised techniques. The proposed model consists of three main components:

vectorization, clustering, and extraction, as illustrated in Figure 5.5. The vectorization
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Figure 5.4: Workflow for the self-explanation processing

step involves transforming the textual data into numerical representations suitable for
analysis. Clustering techniques are then applied to group the semantic chunks based on
their similarities. Finally, the extraction component identifies the most representative
sentences within each semantic cluster. In order to determine the most representative
sentences for each semantic cluster, we implemented a method using the chronological
order from the pen stroke data. By analyzing the pen stroke log, we were able to reorder
the generated sentences based on their position in the problem. This allowed us to identify

and select the sentences that best captured the essence of each semantic cluster.

5.3.2 Vectorizing Component

We used Sentence BERT (SBERT; Reimers and Gurevych, 2019) and the BERT Japanese
pre-trained model (Suzuki, 2019) as the vectorizing component for the following reasons.

Firstly, BERT is a deep learning model based on the transformer architecture (Vaswani
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Figure 5.5: Overall of a proposed model architecture

et al., 2017) that outperforms existing models in natural language processing on various
tasks (Devlin et al., 2018). SBERT fine-tunes BERT and has significantly improved
sentence embedding methods (Reimers and Gurevych, 2019). Secondly, since students
are not well-trained in writing self-explanations, we expected a lack of uniformity in
their descriptions, expressions, and content. BERT’s versatility allows it to be applied to
various tasks without changing the model’s structure, which we thought was appropriate

for this research given the lack of uniformity in the self-explanations.

5.3.3 Clustering Component

As the clustering component, we employed an unsupervised learning model, K-means.
The purpose of creating meaning-intensive clusters through unsupervised learning is to
reproduce the mathematical steps taken to produce the solution. Math problems have
a method that often builds on previously learnt knowledge component units and often
has to be solved by combining several basic knowledge component units. The authors
assumed that a junior high school math problem would probably contain at least two
steps and at most six steps of unit knowledge components, but this varies from problem
to problem and requires a flexible model design. For example, when solving an equation,
if the problem can be solved by simply shifting x, it is not easy to describe it further in the

self-explanation. However, if it is a linear function, and students need to find the area of
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a triangle, find the formula of a straight line, or find the coordinates of a vertex, the steps
become much more complicated. These variations need to be handled in a data-driven
manner. In this study, the sum of squared errors was used to automatically determine
the number of clusters using the elbow method, and it was determined in the range of 2

to 6 is optimal.

5.3.4 Extracting Components

To extract components for each semantic cluster, we identified the most representative
sentences by sorting them according to their position in the problem, which was obtained
from the chronological data of pen strokes. We used the LexRank algorithm (Erkan
and Radev, 2004) to extract the most representative sentences from each cluster, based
on the frequency of occurrence of each sentence. LexRank is a graph-based method
that represents sentences in a graph structure and creates a summary by analyzing the
relationships between the nodes that represent each sentence or word. Table 5.2 provides
examples of self-explanations that were separated by the clustering model and extracted

by LexRank.

5.4 Experimental Setup

Our approach was evaluated using real data from three perspectives to determine its
suitability. Firstly, we tested the model’s ability to extract relevant key information
for each quiz (Grading Extracted Knowledge Components). Secondly, we compared the
quality of the self-explanations generated by the model to human-generated explanations
using established metrics (Quality Evaluation with Metrics). Finally, we assessed the
readability of the model’s responses for students (Readability Analysis). We assessed the
structure and readability of the sentences generated by the model and analyzed two out

of the 25 questions in detail.

5.4.1 Grading Extracted Knowledge Components

The authors evaluated the machine-generated self-explanations using an established eval-
uation index for each quiz. Table 3.2 shows the criteria and results of the evaluation,
which was based on the ability of evaluators to recall necessary knowledge components

(Fleiss, 1971). To ensure consistency, two authors and one assistant evaluated the answers
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Table 5.2: Explanatory notes to evaluators assessing the readability of human
and generated examples.

Items Description

Below are the model answers for each question self-explanation
generated by a human or Al. The model answers essentially describe the
required solution process and are based on the assumption that the
Explanations answers can be understood by reading them. Please read the model
answers to the following self-explanation sentences, answer whether the
Japanese are easy or difficult to read, and answer whether Al or a human
created it. There are 50 questions in total.

Can the student define the steps necessary to answer the questions and
explain them logically? Is it suitable for students to read as an example of
self-explanation answers in class?

Definition
of readability

and any discrepancies were resolved through consultation, resulting in an improved Fleiss’
kappa coefficient of 0.870 which indicates good reliability of agreement between the raters
(Fleiss, 1971). Additionally, the authors evaluated the extracted sentences using a quality

score to determine the appropriateness of the newly generated sentences.

5.4.2 Quality Evaluation with Metrics

Next, we evaluated the similarity of human-created and machine-generated sentences
using several metrics: BERTScore (Zhang et al., 2020), BLEU (BiLingual Evaluation Un-
derstudy) (Papineni et al., 2002), and ROUGE (Recall-Oriented Understudy for Gisting
Evaluation)(M. Chi, Leeuw, Chiu, and Lavancher, 1994). Compared to the other met-
rics, BERTScore is expected to capture the meaning of the whole sentence better and
be more robust for paraphrasing because it uses BERT embeddings which are generated
from words and their context (Zhang et al., 2020). BLEU is a widely used metric for
evaluating models such as machine translation. It evaluates how many N-grams in the
generated text are included in the correct text (Papineni et al., 2002). The same is for
ROUGE, a method based on an N-gram-based agreement (M. Chi, Leeuw, Chiu, and
Lavancher, 1994).

In addition, we conducted a Spearman correlation analysis to investigate the relation-
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ship between the summary index and human evaluation. The aim of this analysis was
to explore the possibility of using representative metrics as an alternative to the labor-
intensive process of scoring Human Evaluation Scores as defined in the formula below.
The Human Evaluation Score (HES) was scored according to how well machine-generated
answers met the knowledge components against evaluation index in the following form.

Root Mean Squared Error (RMSE) was also calculated to check the error variance.

Num of Rubrics — Missing knowledge components

Num of Rubrics

Human Evaluation Score = (5.1)

5.4.3 Readability Analysis

Additionally, the authors conducted a survey to assess the readability of the self-explanation
text generated by their system. Seven evaluators, including five students and two assis-
tants, were asked to review the generated self-explanation and judge its readability. The
questionnaire items and analytical methods used in the survey were based on a previous

study by Drori et al. (2021) on automatic question generation for mathematics.

5.5 Results

5.5.1 Knowledge Components Extraction Grading

The human evaluation results of the generated self-explanation examples are shown in
Table 5.3 and Table 5.4. In 72% of the quizzes, all five rubrics (knowledge components)
were successfully generated, while 16% were missing one and 8% were missing two rubrics.
However, achieving alignment between Knowledge Components and Rubric Step Order
proved challenging, with only 64% of the quizzes successfully maintaining coherence in
both aspects. This indicates that ensuring both accurate knowledge components and
logical step order requires further improvement.

Meanwhile, Table 5.4 shows that the quality score of the extracted sentences had an
average of 4.49, with the bottom 25% scoring 4.15, indicating that the proposed method
can effectively extract sentences. Most sentences were extracted from sentences with a

score of 4 or 5, demonstrating the high quality of the extracted sentences.
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Table 5.3: Missing knowledge components of each quiz by human evaluation.

Missing knowledge components | 0 1 >2

Num of quizzes 18 4 3
Probability Density 0.72 0.16 0.12

Table 5.4: Descriptive statistics of extracted self-explanations’ quality score.

Num of quizzes | Mean of quality score SD Min 25% 50% 75% Max

25 4.49 0.558 2.60 4.15 4.60 5.00 5.00

5.5.2 Quality Evaluation with Metrics

Table 5.5 and Table 5.6 demonstrated the degree of similarity between human-generated
and machine-generated sentences. The overall similarity was 0.715, with the best per-
forming generative model in BERTScore exhibiting a significant correlation of R = 0.48.
Table 5.5 provides F1 Metrics scores for various metrics, with BERTScore achieving the
highest similarity metric of 0.719 and ROUGE-1 following closely with an average of 0.443.
Correlations and RMSE were evaluated between HES and the different metrics, with tests
of no correlation conducted. The results revealed a moderate correlation between HES
and BERTScore r(23) = .48, p < .05, and between HES and BLEU r(23) = .46, p < .05.
RMSE analysis showed a minor error of 0.273 for BERTScore, while the other metrics
exhibited errors exceeding 0.5, indicating a significant difference.

Table 5.5: The similarity evaluation between human-generated and machine-
generated sentences: F1 metrics of BERTScore, BLEU, Rouge-1, Rouge-2,

Rouge-L

Metric | BERTScore | BLEU | ROUGE-1 | ROUGE-2 | ROUGE-L
M 0.719 0.300 0.443 0.235 0.384
SD 0.032 0.093 0.232 0.194 0.198

5.6 Readability Analysis

Table and figures illustrate the average difficulty ratings on a scale of 1 (most difficult)
to 5 (easiest). The survey participants rated human-generated sentences as easier to read
and slightly more appropriate than machine-generated sentences. The survey also asked
the examinees to identify whether a sentence was created by a human or a machine,

and the results showed that the opinions on the sentences created by machines were
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Table 5.6: RMSE and correlations between human evaluation score and the
similarity evaluation score of each metric

Metric BERTScore | BLEU | ROUGE-1 | ROUGE-2 | ROUGE-L
Correlations 0.48** 0.46** 0.11 0.34%* 0.23
RMSE 0.273 0.582 0.510 0.655 0.533

divided, while the human-created sentences were judged to be human in many cases.
However, there were many cases where human-created sentences were misidentified as
machine-created sentences, indicating that determining the creator of the self-explanation
remains difficult. Moreover, 65% of the machine-generated questions were rated as human-
generated, and 75% of the human-written questions were rated as human-generated in
Table 14. However, in both cases, the human-generated model answers scored higher than

the machine-generated ones.

Table 5.7: Readability of self-explanations

Label Means of Readability | SD

Machine-generated 3.006 0.276
Human-generated 3.823 0.200
Overall 3.415 0.404

Table 5.8: The average of ratings of human-generated or machine-generated

Label Rated as Human | Rated as Machine-generated
Machine-generated 0.65 0.35
Human Generated 0.75 0.25

Table 5.9 provides examples of instances where the machine was able to successfully
extract all the knowledge components, as well as cases where it could not. For linear func-
tion questions, the scoring was based on the rubric presented in Table 2. For the equation,
four rubrics were established: "matching all denominators", "making appropriate transi-
tions", "calculating a binary equation as a linear equation", and "deriving the answer by
approximating". The table compares the answers created by humans and those generated
by the machine. For the question involving a linear function, the human-created answer
provided a step-by-step explanation and solution, including finding the area of triangle
ABC, the coordinate of point P, and the coordinates of point Q. The machine-generated
answer, on the other hand, made an incorrect assumption and provided an incomplete

explanation.
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Figure 5.6: Student survey question: For each of 50 questions students are
asked to rate if the question is (i) Human or machine-generated and (ii) the

Difficulty level of each self-explanation on a scale between 5(easiest) and 1
(hardest)

For the equation question, the human-created answer showed a clear understanding
of the problem and applied the correct mathematical concepts to derive the solution.
In contrast, the machine-generated answer made a calculation error and provided an
incomplete explanation. In summary, the machine’s performance varied depending on
the complexity of the question and the level of knowledge components required for the
solution. While the machine was able to successfully extract all the knowledge components
for some questions, it struggled with others. Further improvements are needed to enhance

the machine’s performance in solving complex math problems.
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Figure 5.7: The evaluations of Machine Generated Self-Explanations and Hu-
man Generated Self-Explanations
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Table 5.9: Comparison of human-created answers and machine-generated an-

swers
Type Linear function Equation
Question Find the coordinates of the point Q  If (-a+b)/3 - (a+2b)/4 + (2a+b)/5 =0,
when the line OP bisects the find the value of (4a-3b)/(a-b).
triangle ABC.
Result in Missing knowledge components: 0 Missing knowledge components: 2

Human-created

Machine-generated

BERTScore: 0.74

Line OP bisects triangle ABC, so the
area of triangle OPC is 20/2, which
is 10. Find the area of triangle ABC
to get the area of triangle OPC. Let
the coordinate of point P be

(a, -1/2a+4). To express the area of
/AQAC using t, subtract the area of
/AOAC from the sum of the areas
of AAQO and AOQC. If the
x-coordinate of Qis t, the
y-coordinate can be put as 5/6t

Since the whole is five and, the line
OP hisects the area of triangle ABC,
the area of quadrilateral ABPO and
triangle POC is 2/5. Considering the
coordinates of points Aand C, |
found the coordinates of point P.
Substituting the Q value (p,q) into
the equation of OP, then g=5/6p,
so Q(p,5/6p). If the area of triangle
ABO is 1, then the area of triangle
AQC is 4. Considering the
coordinates of point O and point P,
| found the coordinates of point Q.

BERTScore: 0.706

To get rid of the denominator, |
multiplied both terms by 60, the least
common multiple of the denominator.
Since we paid the denominator, we are
calculating integers. The value of a is
expressed in terms of b so that the
two-way equation can be calculated as
a one-way equation. a=2/11bis
substituted for the value of an in the
calculation. Substitute a = 2/11b for
the value of a and calculate

Do calculations. First, multiply both
sides by 60. | rewrote the equation
with all the denominators in place and
moved 2b to the right of = to represent
abyb

Note. BERTScore represents the similarity between human-generated and machine-generated

sentences.
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5.7 Discussion and Limitations

Our study aimed to answer three research questions. Firstly, we found that the machine
generated sample answers that were 72% accurate in approximating human-generated
knowledge components. Secondly, we evaluated the similarity between human-generated
and machine-generated sentences using various metrics and found that BERTScore ex-
hibited the highest similarity metric of 0.719, followed by ROUGE-1 with an average
of 0.443. Furthermore, we found a moderate correlation between HES and BERTScore,
as well as between HES and BLEU. Thirdly, we found that there was a difference in the
readability of text, with the average human score being 3.8 and 3.0 for the machine. Inter-
estingly, 65% of the respondents thought that the sentences created by the machine were
human, while 25% of the human-created answers were mistaken as machine-generated.
This experiment has implications for various information system developments, such as
estimating user comprehension, automatically scoring self-explanations, and developing

tools to promote awareness through self-explanation on the web.

The 72% accuracy rate achieved in this study establishes a valuable benchmark for
future research, particularly given the lack of prior benchmarks for direct comparison.
While accuracy is undoubtedly important, the primary aim of this study was to facilitate
learners’ cognitive processes rather than to maximize accuracy alone. In this light, even
partially accurate or incorrect self-explanations can serve as catalysts for deeper under-
standing by encouraging learners to engage in critical reflection and actively evaluate their

own knowledge.

However, a notable challenge emerged in aligning Knowledge Components with Rubric
Step Order, with only 64% of cases achieving accurate alignment. This underscores the
inherent complexity of simultaneously ensuring the correctness of extracted knowledge
components and the logical coherence of their sequential order. Achieving consistency in
both dimensions is crucial, as misalignment may detract from the clarity and usefulness of
machine-generated self-explanations. Addressing this challenge will be a key focus for fu-
ture refinement and research, as improving this alignment has the potential to significantly
enhance the overall effectiveness of these explanations in supporting structured learning.
Our findings suggest that BERTScore may be a more accurate metric for evaluating the
similarity between human-generated and machine-generated sentences compared to other

commonly used metrics. These findings are in line with previous research (Zhang et al.,
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2020). BERTScore’s use of contextual embedding provides a more effective means of
capturing sentence meaning than relying on n-gram matching with BLEU. Furthermore,
we believe that BERTScore’s context-aware vectors mitigate the risk of unfairly inflating

scores for candidates with many overlapping words, which is a drawback of ROUGE-1.

5.7.1 Relationship between Knowledge Component Extraction
and Similarity

The BERTScore showed that machine-generated sentences were similar to human-generated
sentences semantically. However, the score for knowledge component extraction was still
low despite the high similarity. This paragraph explores why this is the case and con-
siders two factors that affect knowledge component extraction: mathematical units and

clustering components.

In the example of linear functions, mathematical units such as "triangle" and "line
segment" were frequently used and recognized as nodes, making it relatively easy to
extract step-by-step solutions. However, in the case of equations, the thought process of
solving was not extracted successfully. Many symbols such as “X” and “=" were used,

making it difficult to recognize them as chunks of meaning.

While 20% of the dataset was from linear functions and triangle formulas, 80% were
from factorization, square roots, and other equations. This affected the evaluation index,
and it may be necessary to examine the suitability of the target problems for "knowledge
component extraction" in the future. The second factor is some cases where extraction
does not work well when generating semantic clusters in the model. The clustering com-
ponent calculated the sum of squared errors and automatically set the number of clusters
at 2 to 6. However, in some quizzes, the sum of squared errors exceeded 3000, and the
semantic coherence was not well established. This is because the number of dimensions

of the sentences encoded by BERT is 768, so the number would inevitably be large.

While the score for knowledge component extraction is moderate, it is not enough
to replace human evaluation completely. The results suggest that the dependence on the
dataset may also affect the evaluation index. Therefore, it is essential to consider different
factors such as mathematical units, clustering components, and dataset dependence when

using BERTScore for evaluation.
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5.7.2 Readability Analysis

The study found that determining whether a text was human or machine-generated was
not straightforward, and some machine-generated texts were judged to be human. How-
ever, interpretation of the content was still necessary, as self-explanation sentences were
difficult to read and understand, regardless of whether they were made by humans or
machines. The study also suggested that some puzzling points in machine-made texts
may hinder comprehension compared to human-made texts that were generally easy to
read. These results are not extremely low compared to previous research. While there is
no research on automatic generation in the field of self-explanatory mathematics, there
are studies on text generation in mathematics.

Drori et al. (2021) found that when measuring whether automatically generated math
problems were created by humans or machines, students consistently rated human-created
questions as more readable. In other words, at this stage of research, further investigation
is needed to generate more human-like questions and texts in the complex domain of
mathematics.

The use of the extraction model may have made the sentences difficult to read due
to the prefixes connecting them to the original sentences. When combined with the
element extraction results, it is possible that the necessary elements for the problem were
extracted, but the sentences were not connected well, resulting in machine-like sentences
that were difficult to read. To improve the quality of the machine-generated sentences,
the study suggests post-processing the extracted sentences more smoothly or adding an

element of abstraction to the model.

5.7.3 Dataset Dependencies

The proposed model is designed to generate sentences from collected data using a bottom-
up approach. However, the model’s effectiveness is heavily reliant on the quality and
quantity of the data used in the process. The study found that missing components in
the data can significantly impact the model’s sentence generation quality. Additionally,
the type of problem being addressed can also influence the model’s performance. While
the model met the minimum requirements, it is evident that further improvements are
necessary to enhance its overall effectiveness. Despite these challenges, the model’s per-

formance in extracting information from data with a quality score of 4 or higher was
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impressive. Although lower quality data may have been omitted during preprocessing,
the model’s ability to extract valuable sentences from good data was evident. Moving
forward, the focus should be on developing strategies for collecting high-quality data and
refining the preprocessing model to differentiate between good and bad data. Ultimately,

this will lead to more accurate and effective sentence generation.

5.7.4 Conclusion

In this chapter we investigated the feasibility of generating standardized sample answers.
This method could be applied to three main tasks to support the use of self-explanation
in learning: (A) identifying knowledge gaps in students’ self-explanations, (B) providing
support to learners who struggle with a specific problem, and (C) creating self-explanation
scaffold templates using sample sentences. We proposed a new bottom-up approach to
analyzing self-explanation data to generate standard solution examples, which aims to
enhance learning through active thinking about mathematical concepts and procedures.
We ensured that the generated standard sample answers are readable and effective, and
further experiments are needed to assess its quality from a student’s perspective. To
expand on this research, future studies should consider increasing the sample size and
utilizing a variety of quizzes to facilitate deeper analysis and generalize the findings.
Additionally, it is recommended to investigate the suitability of the target problem for
knowledge component extraction and explore the generation of multiple solutions instead
of relying on a single model answer. A comprehensive understanding of the effectiveness
of this method can be gained by comparing it with template-based self-explanations,
as proposed by Berthold, Eysink, and Renkl (2009). Template-based self-explanations
involve providing students with predefined templates to assist them in constructing their
self-explanations. Conducting such a comparison would enable a thorough evaluation
of the advantages and limitations of each approach, thus identifying the most effective
instructional strategies.

As outlined in the Dataset Dependencies section, our methodology is heavily reliant
on the collected datasets, with a particular emphasis on the pivotal role of data cleansing
in achieving success. Obtaining higher-quality datasets necessitates a nuanced approach,
involving not only threshold-based processing but also the implementation of more adapt-
able scoring methods for Deep Learning models. The upcoming chapter will delve into

the process of constructing a learning model from a limited pool of self-explanation data.
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Additionally, it will scrutinize strategies for developing a more precise self-scoring classifier

specifically designed for evaluating the quality of self-explanations.
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Chapter 6

Experimental Study(3): Preprocessing
Proposal - Employing Data
Augmentation Techniques for
Self-Explanation Autoscoring

6.1 Introduction

This chapter focuses on the critical dependencies on datasets, as highlighted in the pre-
vious chapter. Data quality plays a pivotal role in the success of our methodology, par-
ticularly in the context of educational technology. Motivated by this, we aim to ex-
plore strategies to enhance the quality of collected datasets. Moving beyond conventional
threshold-based processing methods, this research delves into the implementation of more
flexible scoring techniques tailored for Deep Learning models.

The limited availability of self-explanation data poses a significant challenge in this
domain. This chapter outlines the process of constructing a learning model designed to
work effectively within these constraints. A key focus is the development of a more accu-
rate self-scoring classifier capable of evaluating the nuanced quality of self-explanations.
By addressing this challenge, we aim to contribute methodologies and insights that can
improve the efficacy of educational technologies and support personalized learning expe-
riences.

Our goal is to generate enriched self-explanation content and improve the accuracy
of automated grading systems for Japanese mathematics education. This research em-
phasizes careful alignment with the intricacies of the Japanese language and the specific

challenges of mathematical reasoning. Through this work, we strive to advance the ca-
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pabilities of automated systems in providing precise and meaningful feedback, fostering

deeper engagement and learning outcomes for students.

6.2 Related Work

6.2.1 Automated Scoring of Self-Explanations: The Imperative
for Rich Data

Self-explanation, widely recognized for amplifying learning outcomes in various fields,
notably mathematics, has found its stride in the digital learning environment (M. Chi,
Leeuw, Chiu, and LaVancher, 1994; Rittle-Johnson, 2006, 2017b).

The endeavor to automate the scoring of self-explanation quality has seen the integra-
tion of NLP tools and cutting-edge neural network architectures (Funayama et al., 2023).
Techniques like latent semantic analysis (LSA) and recurrent neural network (RNN) in-
terfaced with machine learning underscore the capabilities of automated systems, often
outshining traditional manual evaluation in both effectiveness and efficiency (Crossley et
al., 2019; Funayama et al., 2023; Leon et al., 2006; Ozsoy et al., 2011; Panaite et al., 2018,
2019). Furthermore, semi-supervised learning techniques, which capitalize on abundant
unlabeled data, have exhibited the potential to refine scoring accuracy (Cascante-Bonilla
et al., 2020). Yet, the quest for more repre-sentative samples of self-explanations, espe-

cially in languages other than English, re-mains a prevailing challenge.

6.2.2 Augmenting Mathematical Self -Explanations Using Large
Language Models

Consistent data shortages and imbalances have long impeded automated classifica-tion.
Techniques like the synthetic minority oversampling technique (SMOTE), adaptive syn-
thetic (ADASYN), and its derivatives aim to counteract these with synthetic data gen-
eration (Chawla et al., 2002; Han et al., 2005; He et al., 2008; Salazar et al., 2021), but
their effectiveness wanes for scant datasets. Although a variety of synthetic data tools
and research exist (Antulov-Fantulin et al., 2012; Berg et al., 2016; Dahmen and Cook,
2019; El Emam, 2020; Ping et al., 2017; Rubin, 1993), their applicability is often curtailed
when facing complex domain-specific data, particularly in predicting student outcomes
(Berg et al., 2016; Flanagan et al., 2022; Pena-Ayala, 2018). Navigating this landscape,

LLM have made a compelling case as tools for text data augmentation. For instance, Dai
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et al.’s AugLLM (Dai et al., 2023) capitalizes on ChatLLM (T. Brown et al., 2020) to
generate supplemental text, emphasizing the rising importance of LLMs in the realm of
mathematical content (Lightman et al., 2023). However, in the context of mathematical
education, the accurate auto-scoring of self-explanations presents stark challenges. Craft-
ing these self-explanations is not just labor-intensive but demands expertise in both the
subject and linguistic expression. Coupled with the lack of diverse and representative
self-explanation samples, particularly in languages other than English, the task becomes

even more daunting.

6.2.3 Proposal

Given these challenges, amassing a vast and diverse collection of self-explanation samples
is demanding. This predicament further complicates the development of systems designed
to aid learning through extensive sets of self-explanation examples. To address these chal-
lenges and enhance automated scoring of self-explanations, we propose a semi-supervised
approach that leverages the LLM. While popular LLMs such as OpenAl’'s GPT-3 (T.
Brown et al., 2020) are commonly employed in English language settings, due to the na-
ture of the target problem we specifically focus on the Japanese variant of the model devel-
oped by CyberAgent (CyberAgent, 2023), based on GPT-NeoX (Andonian et al., 2021).
This approach aims to explore the model’s potential for generating self-explanation sen-
tences, which will serve as the foundation for our regression models designed to predict
self-explanation scores. By incorporating the semi-supervised methodology and lever-
aging advanced language models, we aim to improve the accuracy and effectiveness of
auto-scoring in the self-explanation learning domain. Our research is anchored by two
pivotal questions:

RQ1: To what extent can the integration of self-explanations generated by the LLM
Japanese model and mathematical material be used to enhance the accuracy of the pre-
dictive regression model for self-explanation scores?

RQ2: What is the optimal quantity of artificially generated pseudo-self-explanation
data required to effectively improve the predictive performance of the model?

These research questions provide insights into maximizing the utility of the LLM
Japanese model and refining data augmentation techniques. The core findings from our
research are twofold. First, we propose a strategy for advancing automated scoring in math

education by synergizing LLM-generated content and mathematical material. Second, we
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highlight the ideal quantity of artificial self-explanation data for peak pre-dictive accuracy.

6.3 Problem Setting: The Learning Task

In this section, we primarily introduce the original human-labeled data, which serves as a
foundation for the subsequent pseudo-labeling of the unlabeled samples, thereby bolstering
the training process. Prior to delving into methodological details, it is pivotal to define the

distinct learning task under examination, which underpins our methodological foundation.

6.3.1 Assessment of Self-Explanation Quality

For the evaluation process, two independent evaluators employed these rubrics to rate the
collected 2205 self-explanations, scoring them on a scale ranging from 1 to 5. A quadratic
weighted Cohen’s kappa coefficient (Cohen, 1960) of 0.749 between the evaluators in-
dicated a significant level of agreement. The subsequent analysis used the mean score
derived from both evaluators, which categorized the self-explanation scores for a roughly
uniform distribution. Descriptive statistics of the collected self-explanations are presented
in Table 6.1. In anticipation of the machine learning methodologies outlined in the sub-
sequent chapters, our dataset was segmented into three distinct categories. The train
dataset, which incorporates 1420 self-explanations, forms the fundamental basis for both
training our models and for LLM data augmentation. Meanwhile, the valid dataset, com-
prising 355 self-explanations, is earmarked for the crucial tasks of fine-tuning our models’
parameters. It also plays a significant role in the evaluation of model accuracy and in en-
suring model robustness. Lastly, the test dataset, which consists of 431 self-explanations,

is designated to provide a measure of the performance of our finalized models.

Table 6.1: Descriptive Statistics of Graded Self-Explanations

Sentence Length

TDat: Nsm of \lfclnalt:%ns‘ in ATotal (Character Count) Quality Score
yp uiz at! nits nswers Mean SD Mean SD
Train 40 8 1420 67.8 56.8 294 1.34
Valid 37 8 355 67.3 59.3 292 1.31
Test 8 3 431 63.7 53.2 2.81 1.25
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6.3.2 The Text Regression Model Description

Inspired by the work of Wang et al. (Wang et al., 2019), we employ BERT (Vaswani et al.,
2017) and a pre-trained BERT Japanese model (Suzuki, 2019) as the backbone for our
regression models, which are intended to predict the quality scores of self-explanations.
Wang et al.’s methodology of injecting rubrics into the system influenced the architecture
of our model, making it specifically attuned to the grading of short responses. BERT’s
deep learning model, grounded on a transformer architecture, has been recognized for
surpassing most preceding models in diverse natural language processing tasks (Devlin
et al., 2018). Given its robust performance and compatibility with the Japanese language,
BERT is an ideal choice for our study. Our model takes as the input the preprocessed self-
explanation text and the corresponding quiz title and yields as the output the predicted

quality score for each self-explanation.

s N a M
Self- _,| Embedding
Explanation /Encoder
—_— N2 _/
f Regression Score
T R
e Concat
) _| Embedding
Title | /Encoder
e e

Figure 6.1: Workflow for the BERT regression models

6.4 The Proposed Method

In this section, we delve into our proposed method, building on the foundation. Our
approach, illustrated in Figure 6.2, seamlessly blends human-labeled mathematical text
data and LLM-generated data to enhance our machine-learning model. Drawing from
Cascante-Bonilla’s semi-supervised framework (Cascante-Bonilla et al., 2020), we utilize
pseudo-labeling as our primary technique. For human-labeled data, we lean on mathe-
matical self-explanations, while the LLM and mathematical content texts help in produc-
ing pseudo-labeled samples to complement them. We gathered over 1420 self-explanation

samples for the training model from undergraduate math students, which were further uti-
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lized in the Japanese LLM (Step 1). Figure 6.2 provides a comprehensive visual overview

of this pseudo-training mechanism and its integrated studies.

Human Labeled Samples  |nitial Model
[o Wi BTN Repeat steps (3) through (5) with a new model
Y - Tl /'C‘O —— Mt <4

.
= =3 o .
‘-h-‘ °e s.0° (2)Train

Train datasets Human labeled Samples

 2c@%,

Unlabeled Samples Pseudo labeled Samples % :

O C?/, O 5 .O .O. ‘e ° i 59 ;
e g IR
0£0° (3)Predict O g OO.Q. (4)Select %.O .O.oo. ' (5)Re-Train
; o; Re-trained
/ \ (1)Generated T iodel
|DHI Q labeled Samples
Math text LLM

Figure 6.2: The overview of the pseudo-training process.

The pseudo-labeling technique commences with the training of an initial model using
the labeled dataset (Step 2). This model then assigns labels to the unlabeled data,
producing what we term ‘pseudo’ labels (Step 3). These newly formed pseudo-labels are
then amalgamated with the original labeled dataset, initiating a cycle of continuous model
enhancement (Steps 4-5). As the model’s predictive prowess escalates, the caliber of the

pseudo-labels also elevates.

6.5 Pseudo-Labeling Training Algorithm

6.5.1 Dataset Categorization, Function Definitions, and Model
Learning

Using the pseudo-labeling training algorithm, we integrate human-labeled datasets, LLM,
and math texts and functions. The human-labeled datasets act as the primary foundation
for our machine learning training, and the pseudo-labeled datasets further refine and
expand it. A comprehensive breakdown and flow are described in detail in the following
sections as definitions and pseudo-code. Figure 6.3 offers an illustrative representation of
the training process, harmonizing with the methodology laid out in Figure 6.2.

Dataset categorization: Hereafter Dy, represents an unlabeled dataset pertaining

*

to a particular type, and Dy,

does a labeled dataset of the same category as Diype.
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Figure 6.3: The Detail of Pseudo Training Process

Table 6.2: Statistics for Original and Generated Datasets

Data Type Counts Mean Score Std
Original 2205 291 1.33
LLM 4096 3.39 1.44
Math 4096 3.87 1.77

Dyyrovidea is the composite dataset given to the model for training and evaluation, which

includes the labeled training set D} test dataset Di., and the generated unlabeled

train»

sample dataset Dgample-

Dprovided - D‘:(rain + Dtest + Dsample (1)
Function definitions:
Model(8,D*) =M (2 —-1)
Test(M, Dtest) = D:est (2 — 2)
Select(D, k) = Dy, (where Select(D,n(D)) = D) (2 —3)
Model learning and final test:

M, = Model(0, Dy;,,,,) (3—1)

train

M1 = Model(8, Dy, + Select(Test( My, Deample)s kt)) (3 —2)

train

D; . = Test(Mr, Diest) (where T is sufficient number of t) (3 — 3)
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Table 6.3: Algorithm 1: Semi-supervised learning with pseudo-labeling

Algorithm 1: Semi-supervised learning with pseudo-labeling

Input:
e Labeled dataset: D ;|
* Unlabeled dataset: ]Dsample

. Test dataset: Dyest

. Maximum number of iterations: T

o Confidence threshold for pseudo-labeling: con fidence

. Convergence threshold for change in consecutive scores: €
Output:

. Trained model: NLP model
. Final score of the model on Diest: s

Procedure:
Initialize model:
NLP model ¢« trained NLP model with D} .
Initialize values:
previous score < 0
iteration < 0
convergence achieved < False

While iteration < T and not convergence achieved do
a. Predict pseudo-labels:
predictions < predicted labels of Dg,ppe using NLP model
confidence < threshold when labeling of Dg,mp1e using NLP model
b. Filter high confidence predictions:
Dfmple < {sample | sample in Dgympie and confidence of the sample > con fidence}
c. Merge labeled and pseudo-labeled data:
rrain A D:rain +D;ample
d. Retrain the model:
NLP model < trained NLP model with D} .
e. Evaluate current model performance:
current score <— Evaluation metrics when labeling Dyegt using NLP model
f. Check for convergence:
If |current score — previous score|< €:
convergence achieved < True
previous score <— current score
g. Update iteration count:
iteration < iteration + 1
End Procedure

Parameter Setting in Our Study: Figure 6.3 provides a comprehensive outline of
our experimental approach. Our dataset consists of both human-annotated and unlabeled

samples. For the training process, we amassed 2205 self-explanation samples from student
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contributors. In our setting, # stands for a model built using logistic regression with text
representation acquired from BERT), a state-of-the-art transformer-based model renowned
for its superior performance on numerous NLP tasks. The iterative process continues for
3 timesteps; in other words, 7' is set to 3. The selection size at each timestep ¢, denoted
by ki, varies as follows: k; is equal to the total number of data points in Dgumple, Such as
1(Dsample), Whereas for the second time step, ky could be any one of the following: 128,
256, 512, 1024, 2048, or 4096. To distinguish them, we defined the (¢ + 1)th model, which
is the same as M, in Formula (3-2), which was learned with selected k; training data as
Mt(kt). The following formula represents the concrete model learning method in the study:

M; = Model(0, Dy .;,) (4—1)

train

My = Model(0, Dy, i, + Select(Test (M1, Dsampie), "( Dsample))) (4 —2)

train

M§<i+7> = Model (0, D}, + Select(Test (Mo, Dyample), 2°77))

train

6.5.2 Pseudo-Data Preparation: LLM Usage and Mathematical
Material

We employed a pseudo-labeling technique to enrich our dataset, sourcing additional self-
explanation data via the Japanese LLM and mathematical material. Given alternatives
such as OpenAl’s GPT-3 (T. Brown et al., 2020), our preference leaned towards Cyber-
agent’s LLM (CyberAgent, 2023) due to its open-source availability and its adeptness in
the Japanese language, perfectly complementing our dataset. To gather data, the LLM
tackled mathematical contexts and formulated pertinent explanations. Our methodology

was as follows:

e Random data selection: We began our process by randomly selecting 30% from
our human-labeled training dataset to capitalize on the rich diversity of student-

generated self-explanations.

e Keyword extraction: Ten keywords were extracted from each self-explanation, en-

capsulating its essence, guiding LLM to produce contextually relevant data.

e LLM generation: Armed with the extracted keywords, we then proceeded to prompt
the LLM, Specifically, each set of 10 keywords was used as seed input, directing the

LLM to generate contextually coherent pseudo-self-explanation data. The model
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was given a directive to ‘elaborate based on the provided keywords,” ensuring the

generated content maintained relevance to the original self-explanation context.

Approximately 19,000 entries were generated, with a random subset of 4096 used for
experiments. This combination of pseudo- and human-labeled data broadened our training
set, enhancing the automated scoring system’s performance without compromising quality.

We also leveraged the math quiz texts dataset, populated with standard mathematical
solutions. Its rich mathematical material and contextual problem-solving methods made

it invaluable for generating mathematical self-explanations.

6.5.3 Comparative Analysis of Original and LLM-Generated Dataset

In Table 6.4 and Figure 6.4, a detailed comparative analysis between the original and the
synthetically generated datasets is elucidated. Upon examination, it becomes evident that
the augmented datasets exhibit a modest augmentation in their average quality metrics
relative to the foundational dataset.

Table 6.5 showcases a range of these samples with their respective translations in
English, alongside the scores predicted by our automated system. It is evident from the
samples that as the complexity of the self-explanation increases, so does the predicted
score. For instance, the first sample, which delves into the relationship between solutions
and coefficients, is accorded a high score of 5.00 due to its comprehensive self-explanation.
Conversely, the final example, which is a brief reflection on an error and an attempt to
rectify it, receives a lower score of 1.23, reflecting its succinct nature.

Table 6.6 offers various math texts that were considered during our study. These texts,
extracted from educational resources, shed light on various mathematical principles and
theorems. The predicted self-explanation score gives an indication of the depth and com-
prehensiveness of the self-explanation provided in each math text. For instance, the math
text delving into the ‘angle bisector and ratio, using Ceva’s theorem’ provides a nuanced
exploration of the topic, earning it a top score of 5.00. In contrast, the examination of
the sizes of the three angles of a triangle is more straightforward, reflected in its score of
2.66. The varied scores underline the diverse complexity levels present in math texts.

The inherent variability in the complexity of mathematical texts and self-explanations,
as illustrated by Tables 5 and 6, underscores the importance of our automated scoring

system. It demonstrates the system’s capability to adaptively discern and quantify the
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nuances in self-explanation quality.

Boxplots of Self-explanation scores of datasets

Y

L]

Self-explanation Scores
a

—

original LM Math
data_type

Figure 6.4: Boxplots of self-explanation scores.

Table 6.4: Comparative metrics for original and generated datasets.

Data Type | Counts | Mean Score | Std
Original 2205 2.91 1.33
LLM 4096 3.39 1.44
Math 4096 3.87 1.77
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Table 6.5: LLM-generated samples

LLM-Generated Samples (Original)

LLM-Generated Samples (English Translation)

Predicted Self-
Explanation Score

ZTDE. a+tp=—a-2taf=2a
DGR 6 ff & FREOMGFEB 2 5.
wio, BEcEEshalfr O TREERL
WL, FUEOCTE. SsckE TRL TR
ABHREARTRIC 2. 2L T, BER
ax+pB=—a—-2& af=2a
#RCARAL THEEBLL . a2 +a—6=0
Eh B, CNENBAML TaDffe R 5 &
a=—3ta=2#»Fe6MN3%. D%, a=2
FRANT 2 LMEAEMBCZ 0, 2L h
b loMECEbEV. Lo T,
FELW&Zida=-3ThH3. ZDIE.
BREPEFLEVALALHEAMECHTE
THRET 22306 TECHAL T .

After that, x + p = —a—2 and af =2a can be
understood from the relationship between the
solutions and coefficients. Next, expand and
organize the expressions using the « and
mentioned in the problem, and set the right side
to 0. Further manipulate the equation to
transform it into a form that allows for
substitution. Then, substitute the relationship
«+ B =—a—2and «f = 2a into the equation and
simplify it, resulting in a2 + a—6 = 0. Factorize this
to find the solutions for a, which are a = —3 and
a=2. Afterward, when a = 2 is substituted, the
answer becomes a repeated root, which means
there is only one solution, making it inconsistent
with the problem. Therefore, the correct answer is
a = —3. Afterward, various calculations such as
product of roots and exponentiation may appear
in the solution, and it may be confusing, so I will
explain it carefully.

5.00

RALCAs, FHROPHFETE 2.
abPERD L. alz 2% MAL 2. fif %Ik
LT, BAlE-3>k. 20%.
a=—A7N+7E L CEEL EABRER D - 2.
ZTCHMO5% ERO4 B 2 £ EL O
MR SN (ELNAUTEZTNIET .
C ORI RO T H B A
FY HEETH o RAMTH S eATE LD
THAL 20,

Substituted it into the formula for solutions.
Calculated the value inside the square root.
Found « and . Substituted o = —2. Examined
the solution, and the answer was —3. Afterward,
calculated it as a = —4.7x"5 + 7, but there was an
error. So I rearranged the 5 on the right side to 4,
and the correct value was obtained (with the
decimal part truncated). This problem is beyond
the scope of high school mathematics, but it could
be solved using knowledge learned in middle and
high school, so I want to introduce it.

4.08

737 % B0 RMEEHA—ADYy=x"2
DEHERD . 2OE. BEERESEL
Mz fa bz AN 2 & [sin-cos)
EHfzDT, [COS1)) TRz, ZhT
DA e . —BEMEAZLL
ZLuhesXoThobBTZLDE!

Used the slope obtained from graphing to find the
tangent of y = x"2 with slope —4. Took the point
of tangency as the origin and substituted points a
and b on both sides. ‘Sin-cos’ was obtained, so [
calculated it using "“COS(1)". I think I understood
the meaning of the equation now. —5 does not
change the angle, so it must be nonzero!

3.02

x=32fA¥5. TEREFeED 2.
ROV} EE . gL TE, BIET 2.
REMNAELFHEL. 20K, BRICKEL.

Substituted x = 3. Proceeded to solve the equation.
Wrote the examination of the solutions. Noticed
the mistake and corrected it. Wrote the final
answer. Afterward, solve it recursively.

218

WOGHEA . 2HELE. T0%.
WL THlz,

Since the previous one was incorrect, I deleted
everything and then performed the common
denominator. Afterwards, something like this.

1.23
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Table 6.6: Math Texts samples

Math Texts Samples

Predicted Self-
Explanation Score

Angle bisector and ratio, using Ceva’s theorem: Revised version succeed
math A problem 349 A (Triangle), let A have the angle bisector of Z and
the point where it intersects the side, and the point that divides the side in
the ratio. When the line intersects at point, find the length of the side.

5.00

Using Menelaus’s theorem: Segment ratio and area ratio, revised version

succeed math A problem 350 A, let be the point where it divides the side

in the ratio, and the point where the segment is divided in the ratio, and

the point where the extension of the segment intersects the side. Find the
following segment ratios and area ratios A:A

493

Using the relationship between sides and angles: Range of values for side
length in a triangle, revised version succeed math A problem 355,
determine the range of values for so that a triangle with the following side
lengths exists.

3.84

Using the relationship between the sizes of three sides: Proving
inequalities related to segment lengths, revised version succeed math A
important example 66, take point inside A, and join and prove
that . Abbreviated.

3.13

Examining the sizes of the three angles of a triangle, revised version
succeed math A important example 64, examine the sizes of the three
interior angles of A.

2.66
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6.6 Experiments and Evaluations

6.6.1 Exploring the Influence of Self-Explanation Augmentation
on Model Efficiency

We embarked on an exploration to discern the influence of self-explanation augmentation
on the efficiency of an automated self-explanation scoring model across diverse datasets.
We used mean absolute error (MAE) metrics to evaluate model performance, giving in-
sights into the extent of error deviation and the efficacy for individual items. Tables 7
and 8 lay out the results of our experiments, contrasting performances across different
dataset permutations.

When we introduced augmented datasets into the mix, distinct variations in perfor-
mance emerged. Remarkably, our model, when nurtured with a blend of the ‘math’ and
‘original dataset’, consistently delivered the most desirable MAE results. This underlines
its superior predictive precision in assessing self-explanation quality. Such results lend
credence to the efficacy of the model when trained with this specific data amalgamation.

On another note, the ‘mixed” model-—which weaves together human-graded samples,
LLM-crafted pseudo-sentences, and mathematical content—also demonstrated notable
improvements. This outcome underscores the model’s robustness and flexibility when fed
with diverse data sources. Yet, the model named ‘only LLM math’, which exclusively
depended on LLM-created sentences, trailed behind the foundational model in terms of
performance. This observation underscores the criticality of harmonizing human-judged

and machine-produced data to achieve optimal results.

Table 6.7: Datasets Overview

Dataset Base_Line LLM Math Mixed Only_LLM_Math
Original . . . .
_____ (N=1420) e e—o___.
LLM-
generated ™ . ™
_____ (N=40%) o _______.
Math texts . . R
(N =4096)
Total Number of Data 1420 5516 5516 9612 8192
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Table 6.8: Model Performance for Various Datasets (MAE)

Data Type Base_Line LLM Math Mixed Only_LLM_Math
Test 0.749 0.699 0.646 0.692 1.135
Val 0.602 0.341 0.358 0.336 1.033

6.6.2 Evaluating Optimal Quantity of Pseudo-Self-Explanation
Data

The data from Tables, as well as the visual cues from Figures , underline the importance
of calibrating the amount of added pseudo-self-explanation data. While adding more
datasets often improves performance, there is a saturation point beyond which the re-
turns diminish. This trend underscores the need for a balanced approach, optimizing the
amount of data incorporated to ensure robust and generalizable results. It also emphasizes
the intricate interplay between different datasets, with ‘LLM’ and ‘mixed’ data offering
particularly promising outcomes. The ‘baseline’ row signifies the MAE when the model
is trained only on the original dataset, devoid of any pseudo-self-explanation data. Each
subsequent row shows the MAE when the model is trained with an increasing volume of
pseudo-self-explanation data, ranging from 128 to 4096 datasets.

Upon examining the LLM model, we note an enhancement in performance when the
added datasets increase from 128 to 256. Beyond this, the further addition of generated
data does not significantly reduce the MAE, suggesting an optimal balance between data
augmentation and model efficacy with an addition of 256 datasets. The math model
displays a similar trend, with the lowest MAE achieved when 1024 datasets are added.
Beyond this point, no substantial performance enhancement is observed with extra data.
For the mixed model, we see a consistent improvement in performance with increased data,
but this plateaus beyond 2048 datasets, where the MAE slightly increases. Conversely,
the only_LLM_math model shows erratic trends. Its performance varies noticeably with
the quantity of added data and consistently exceeds the baseline model’s MAE, regardless
of the added data volume. This reveals potential difficulties when exclusively relying on

generated pseudo-self-explanation data.
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Table 6.9: Validation MAE with varying amounts of added pseudo-self-
explanatory data

Number of Datasets Added

Dataset
atase 128 256 512 1024 2048 4096
o___baseline L ____ 060_ o ____.
o____ ™Mo 057 03 051 049 040 034
____math 040 05 043 035 = 040 = 036
I mixed __ ____ 059 _ __032 052 044 040 034
only_LLM_math 1.19 0.90 0.96 0.81 1.02 1.03
Validation MAE
== basg_ ling == LLM math == mixed == only_LLM_math
1.25
1.00 \/_/,\/-
0.75
0.50 v ——
]
0.25
0.00
128 256 512 1024 2048 4066
Added Quantity

Figure 6.5: Validation MAE plot
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Table 6.10: Test MAE with varying amounts of added pseudo-self-explanation
data

Number of Datasets Added

Dataset
128 256 512 1024 2048 4096
o o PRI e Bl o e e e
I . S iy = 2 v B Y
o —— . . NN N
se = g SR, s e T e B o P M
only_LLM_math 1.19 0.96 1.02 0.89 115 1.14
Test MAE
== hase |ine == LLM math == mixed == only_LLM_math
1.20
1.00
0.80
-_—_____——w -
0.860
0.40
128 256 512 1024 2048 4096

Added Quantity

Figure 6.6: Test MAE plot
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6.7 Discussion

6.7.1 Detailed Analysis of Results (RQ1)

Regarding Research Question 1, an in-depth analysis of the results reveals several notewor-
thy observations regarding the influence of self-explanation augmentation on the model’s
performance. In the test category, we observe an improvement in the model’s performance
when transitioning from the baseline to the LLM and math models. Notably, the math model
achieves the lowest MAE at 0.646, which aligns with Dai et al. (2023) proposition that data
augmentation at the semantic level improves robustness and consistency. However, the
performance slightly deteriorates in the mixed model and substantially plummets in the
only_LLM_math model. This suggests that an excessive concentration of LLM-generated
self-explanations could impair the model’s predictive proficiency.

A similar pattern emerges when examining individual topics within the ‘test’ category.
For instance, the model delivers optimal performance for ‘quadratic equations’ with the
LLM-generated model, but the performance markedly deteriorates when solely relying on
LLM-generated self-explanations. The validation category follows a similar trajectory,
with the LLM, math, and mixed models outshining the baseline model. Once again,
the mixed model achieves the smallest error. However, the ‘only LLM math’ model
experiences a decline in performance, further highlighting the advantages of using a diverse

dataset that encompasses both human-evaluated and machine-generated explanations.

6.7.2 Findings and Observations (RQ2)

Regarding Research Question 2, the results presented in Tables 6.10, and 6.9 provide valu-
able insights into determining the optimal quantity of generated pseudo-self-explanation
data that can enhance the model’s performance. For the ‘LLM‘ model, an initial im-
provement in model performance is observed as the number of added datasets increases
from 128 to 256. Beyond this point, further augmentation of the generated data does not
lead to a significant reduction in MAE, suggesting that adding 256 datasets strikes an
optimal balance between data augmentation and model performance. The ‘math‘ model
exhibits a similar pattern, with the lowest MAE observed when 1024 datasets are added,
and no significant performance improvements resulting from further data augmentation.
The ‘mixed’ model, on the other hand, shows a general trend of performance enhancement

with increased data augmentation, up to a threshold of 2048 datasets, beyond which the
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MAE slightly increases. In contrast, the ‘only LLM math‘ model does not present a
consistent trend. Its performance fluctuates significantly as the volume of added data
increases, and its MAE consistently surpasses that of the baseline model, regardless of
the amount of added data. This underscores the challenges of solely leveraging generated
pseudo-self-explanation data for augmentation, particularly when the model might lack
domain-specific expertise, echoing concerns raised by (Dai et al. (2023)).

Our study underscores that while weaving in generated pseudo-self-explanation data
offers potential advantages, there is a point of diminishing returns. Over-sampling meth-
ods, such as SMOTE and ADASYN, can expand small datasets and provide a broader
learning spectrum for models (Salazar et al., 2021). Although our focus has been on LLM
pseudo-labeling, merging this with oversampling could be a promising direction for future
research, aiming to further refine our models. Our study underscores the importance of
careful and context-aware adjustments when adopting data augmentation strategies in

developing self-explanation auto-scoring models.

6.7.3 Limitations

This study highlights several limitations that warrant careful consideration. The dataset
used for this research was restricted to mathematics, which may limit the generalizability
of the findings to other subjects. Mathematics, with its unique linguistic and conceptual
structures, may not fully represent the challenges present in other disciplines, where self-
explanations might differ in complexity and focus. Furthermore, the methodology relied
heavily on the ability of the LLM to generate pseudo-self-explanation data. While this
approach enhanced the dataset’s size and diversity, it also introduced noise and errors,
which impacted the overall system performance.

The quality and representativeness of the labeled data significantly influenced the
model’s effectiveness. Poorly labeled or biased datasets compromised the system’s effi-
cacy, highlighting the need for more precise and diverse training datasets. Additionally,
performance variability across mathematical topics was evident. For instance, the sys-
tem demonstrated higher prediction accuracy in topics such as the "property of a circle"
(0.242) compared to "quadratic functions" (0.419) within the validation dataset. These
disparities suggest that the effectiveness of self-explanation augmentation is closely linked
to the inherent complexity of the subject and the linguistic nuances of the explanations.

Another challenge was the limited size of the evaluation dataset in certain mathemat-
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ical categories. Small datasets for specific topics hindered the ability to draw definitive
conclusions, as the ease of inference varied significantly across topics like linear functions,
shapes, equations, and square roots. Some mathematical concepts are inherently more
challenging for machine learning due to their linguistic or conceptual intricacies, further

complicating system training and evaluation.

6.7.4 Conclusion

This study addressed the challenge of limited self-explanation data variety and quantity
for preprocessing in automated scoring systems. By employing a semi-supervised ap-
proach with a Japanese LLM, we enhanced the dataset used for scoring mathematical
self-explanations. The findings demonstrate that combining LLM-generated explanations
with mathematical content improves system effectiveness. Notably, the results revealed
an optimal threshold for the quantity of synthetic self-explanation data that benefits the
system; exceeding this threshold yielded no further improvement, underscoring the need
for balanced data augmentation strategies.

Despite these advancements, several challenges remain. The system’s effectiveness
depends heavily on the users’ writing style, academic level, and motivation. The time-
intensive nature of self-explanation poses a significant hurdle for large-scale data collec-
tion, complicating the practical application of feedback systems(McEldoon et al., 2013).
Additionally, producing high-quality self-explanations requires proficiency in both sub-
ject matter and writing skills, which not all learners possess(Hodds et al., 2014; Panaite
et al., 2018).. These challenges highlight the need for continued exploration of methods
to enhance feedback systems. Future research should focus on refining data augmen-
tation strategies, improving the adaptability of systems to diverse learner profiles, and
addressing the scalability of self-explanation-based methodologies. These efforts will be
critical in developing systems that are not only effective but also practical for widespread

educational use.
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Chapter 7

Experimental Study(4): Automatic
Feedback for Enhancing
Self-Explanation Skills

7.1 Introduction

The ability of students to articulate complex mathematical thought processes through
writing poses a significant challenge, particularly given the wide range of learning lev-
els in a typical classroom. Self-explanation, a critical component of effective learning,
encourages students to reflect on their reasoning, identify gaps in understanding, and so-
lidify their knowledge. However, previous studies have highlighted substantial barriers to
the widespread adoption of self-explanation as a learning tool. Two primary challenges
emerge: the time-intensive nature of self-explanation and the need for robust automated

feedback systems that can effectively support learners.

One of the primary challenges in promoting self-explanation is the significant time and
effort required for students to articulate their reasoning in writing. This time-intensive
process often discourages learners, limiting their engagement and reducing the broader
applicability of self-explanation methods. Addressing this challenge necessitates innova-
tive strategies that streamline the process and motivate students to actively participate.
By developing and implementing feedback systems that are both efficient and engaging,
this research seeks to lower the cognitive and temporal barriers associated with self-

explanation, making it a more accessible and effective learning strategy.

Crafting high-quality self-explanations poses an additional challenge, as it demands a

combination of subject matter expertise and writing proficiency—skills that many learners
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may lack. Automated feedback systems hold considerable potential to bridge this gap by
assessing the quality of self-explanations and providing personalized guidance. However,
existing systems often fail to deliver feedback that is constructive, actionable, and tailored
to individual learner needs. This research focuses on optimizing automated feedback
systems to support students more effectively, particularly those who struggle to articulate
their thought processes. The objective is to develop systems capable of evaluating self-
explanations with precision while offering tailored suggestions to help learners refine their
reasoning and communication skills.

To maximize effectiveness, it is crucial for feedback systems to deliver personalized
and specific guidance. Without targeted support, students may disengage from self-
explanation activities before they fully develop the skills needed to succeed (Arner et al.,
2021). However, generating such detailed feedback for unstructured tasks—particularly
in new or less conventional subject areas—requires significant time and resources. This
preparation, setup, and customization place a substantial burden on educators, posing
a challenge for widespread adoption in classrooms. Teachers aiming to incorporate self-
explanation prompts into their instruction must navigate the difficulty of crafting feedback
that is both accurate and actionable, which requires a comprehensive understanding of
the subject matter and significant investment of time.

By addressing these interconnected challenges, this research aims to advance the field
of educational technology by offering practical solutions that enhance student engagement,
streamline the self-explanation process, and optimize feedback delivery. These efforts are
designed to empower learners, foster deeper understanding, and promote the effective in-
tegration of self-explanation methodologies across diverse educational contexts, including
mathematics education and beyond.

We introduce the self-explanation-based automated feedback (SEAF) system—a unique
synthesis of established feedback principles and implementations. SEAF offers instanta-
neous feedback by harnessing real-time data analytics and machine learning techniques.
This allows for a feedback system that is not just tailored but is adaptively attuned
to learners’ evolving self-explanation patterns. Our study was designed to address two
primary research questions, as follows:

RQ1: Can a classmate’s self-explanations be presented and useful to the learner as
feedback?

RQ2: Which students benefit most from using the SEAF system?
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7.2 Previous Studies

7.2.1 Feedback System and Our Positioning

Learning interventions are implemented to augment normal teaching to enhance the cog-
nitive, metacognitive and affective aspects of learning, and improve motivation (Hattie
et al.,, 1996). One area of particular interest that has been found to be an effective
learning intervention is self-explanation, a cognitive process that involves generating ex-
planations to deepen one’s understanding of a concept or solution (Bisra, Liu, Nesbit, et
al., 2018; Rittle-Johnson, 2017b). Research has found that self-explanation can promote
both conceptual and procedural knowledge, directing attention to the structural features
of intellectual content (M. Chi, Leeuw, Chiu, and LaVancher, 1994; Rittle-Johnson, 2006).
While the self-explanation strategy has been found to be effective, it requires scaffolding
to encourage students to use it in effective ways. Reflection mechanisms demand higher
cognitive skills that students might not have yet acquired, also some students could be
reluctant or not be motivated to use their skills in the course of study, and as a result,
only a small percentage of students engage in generating explanations in the spontaneous
self-explanation condition (M. T. H. Chi et al., 1989; Renkl, 1997). In previous research,
instructors and researchers have often employed scripts to facilitate the self-explanation
task by manually creating prompts, chapter-based exercises and templates, and feedback
(Bisra, Liu, Nesbit, et al., 2018), including scaffold templates based on sample sentences
(Berthold, Eysink, and Renkl, 2009; Berthold and Renkl, 2009; Rittle-Johnson, 2017b).
However, it has also been suggested that research into computer-generated prompts and
feedback could improve the scalability of self-explanation while ensuring consistency in
the quality of the support that is required (Arner et al., 2021). Feedback is pivotal in aca-
demic improvement (Hattie, 2009) and aligns with SDG 4’s focus on sustainable, quality
education (Colglazier, 2015). Emerging educational systems, especially in STEM fields,
offer scalable, real-time feedback that enhances learning (Hwang et al., 2020; Lu et al.,
2020; Su et al., 2023). Prior studies on computer-aided feedback systems like iISTART
(Boonthum et al., 2007; Levinstein et al., 2007; McNamara et al., 2004) and StairStepper
(Arner et al., 2021) have focused on enhancing self-explanation skills in reading compre-
hension as well as in writing tasks like summarizing and paraphrasing. These systems
provide automated feedback to support learners. However, as pointed out by O’Neil et al.

(2014), the design of self-explanation prompts should strike a balance. They should en-
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courage cognitive processes that wouldn’t otherwise take place, without being so intricate
that they distract or hinder the learner. To achieve maximum effectiveness, personal-
ized and specific feedback for self-explanation is crucial. Lack of such targeted support
may cause students to disengage from self-explanation activities before they can fully
develop their skills in this area (Arne et al., 2021). However, generating feedback for
unstructured tasks in new or less common areas demands significant time and resources.
This level of preparation, setup, and customization is a burden for educators, making it
difficult to widely implement these strategies in classrooms. This presents a challenge
for teachers who are keen on incorporating self-explanation prompts into their instruc-
tion.Additionally, crafting feedback that is both accurate and actionable necessitates a

comprehensive understanding of the subject matter.

7.2.2 Consideration on Existing Intelligent Tutoring Systems

In the realm of ITS, several platforms have established a significant presence by catering
to various facets of educational needs. Table 7.1 offers a comprehensive overview of the
features and functionalities related to self-explanation across four distinguished I'TS plat-
forms: SEAF, Mathia(Learning, 2023; Ritter et al., 2007), Assessment’s (“Assessment’s,”
2023; Heffernan and Heffernan, 2014) and I-START(McNamara et al., 2004). The table
elucidates the varying degrees to which each system emphasizes self-explanation, shedding
light on the nuances of their approaches. At a glance, SEAF emerges as a leader in inte-
grating peer-based explanations, a feature relatively unexplored in other platforms. While
Mathia and Assessment’s subtly incorporate self-explanation as part of their broader
framework, I-START and SEAF prioritize it as a core instructional strategy.

While all platforms, including SEAF, exhibit personalization to varying extents, the
depth and nature of this personalization differ. For instance, while Mathia focuses on
real-time adjustments to student needs, I-START tailors its challenges based on text
complexity. Notably, SEAF and Assessment’s stand out for their adaptive nature, en-
suring the content and feedback are in sync with the learner’s evolving proficiency. The
central focus of our analysis, self-explanation, showcases varying levels of integration
across platforms. Both SEAF and [-START treat self-explanation as a core feature, with
SEAF uniquely offering peer-based explanations. In contrast, Mathia and Assessment’s
incorporate self-explanation more subtly, using it as a tool within a broader problem-

solving context. Another distinguishing facet is the integration of peer-based learning.
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SEAF’s emphasis on sharing 'pen strokes’ and peer explanations sets it apart from its

contemporaries, offering learners a unique, collaborative perspective.

Table 7.1: Comparative analysis of self-explanation features in prominent in-
telligent tutoring systems

Feature/Aspect SEAF (Ours) Mathia Assessment’s I-START
Main focus area Mathematics Mathematics Mathematics Reading comprehension
Personalization Yes, personalized message Real-time adjustments Adaptive learning Adaptive to text complexity
. : . Hints and : .
Feedback mechanism Peer-based explanations Immediate, step-by-step immediate feedback Immediate on self-explanations
- . . . Moderate (within Moderate (user responses to . .
Self-explanation emphasis High (core feature) problem-solving context) hints/questions) High (core training)
Yes (pen Collaborative
Peer-based learning P . No problem-solving (in No
strokes, explanations)
some cases)
Real-world application Not specified Contextual word problems Real-world problem sets Complex real-world texts
Customizability High (based on users’ data) Not specified Yes (teacher- Not specified

customizable content)

7.2.3 Conceptual Framework and Research Inspiration

The underpinning conceptual framework of this study intertwines the dynamic role of
self-explanation in learning with the challenges encountered at critical learning impasses.
Rooted in cognitive science, self-explanation is perceived as a catalyst that bridges the gap
between a learner’s current comprehension and their aspirational knowledge base. This
is particularly evident when learners actively articulate their thought processes (Renkl,
2017). The inception of this research stems from recognizing self-explanation’s diagnostic
potential in identifying and addressing learning impasses. This insight is coupled with
the ambition to harness the rich vein of educational big data, aiming to elevate the

customization of learning experiences in digital environments.

7.2.4 Positioning of the Research and Its Novelty

This research is strategically positioned at the confluence of cognitive science, educa-
tional technology, and data analytics, marking a novel intersection in academic inquiry.
Its unique contribution lies in elucidating the role of self-explanation within the context
of mathematics education, especially in online learning platforms. Employing an innova-
tive methodological approach, this study compares learner-generated explanations against
those of experts, thereby deepening our comprehension of effective self-explanation strate-
gies in educational settings. Moreover, it addresses a notable void in existing academic

discourse by exploring the processing and enhancement of the quality of self-explanations.
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This novel perspective not only enriches the literature but also provides practical insights
into the application of I'TS in mathematics education, paving the way for more informed

and effective pedagogical strategies.

7.3 The Architecture of the SEAF System

The proposed system architecture consists of three main components: data collection,
data processing, and feedback delivery as shown in Figure 7.1. In the data collection
component, self-explanations are collected into the main database using online platforms.
Secondly, the feedback delivery component monitors the database and instructs the data
processing component to analyze the data. The data processing component is responsible
for processing the raw data collected and generating insights to inform the feedback gen-
eration process. The feedback was delivered to the learner if requested through an online

platform and learners can then review and reflect on the feedback in real-time as a result.

7.3.1 Feedback Delivery

Data Collection Feedback Delivery
Classmates Main DB QI
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LAl | BJ' Feedback Agent
Answer with I - p inginstructions . e
. r ing instructi ;
Self-Explanations Request ocessing S_u: ons ~..-Request - 2
|D| :CJ
(. - e, A
Response® ; Feedback DB
Response
"

gl Data processing Q ‘
11

Tailored Messages Store
Self-explanation Score
. e C(lassmates’ Self-explanations

07 rPostisynchronous) Reference

Pre{Asynchronous)

Processed
i |

Data ||
I—1

Figure 7.1: The architecture of the SEAF system

The feedback delivery component is a critical component, as it provides personal-
ized and real-time feedback to each individual learner. The proposed architecture (Figure
7.1) comprises two modules: a synchronous module for sequential processing and an asyn-

chronous module for database monitoring. The asynchronous module (Node B) monitors
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the database for updates and changes, triggering the preprocessing component to process
the updated data (Node C). It then retrieves the updated data from the main database
(Node D and E), processes it, and saves the trained weight to the feedback database
(Node F). The synchronous module (Node 1) processes each user request in the order
received and requests the newest trained weight from the feedback database (Nodes 2 and
3). This allows for the efficient handling of multiple requests while maintaining their or-
der. Finally, the architecture adapts quickly to database changes and provides up-to-date
feedback to learners (Node 4).

7.3.2 Data Processing

The SEAF system’s data processing component involves analyzing the self-explanations of
learners, identifying key concepts, evaluating writing quality, and understanding learners’
thought processes (Node F in Figure 7.1). Its personalized feedback features use class-
mates’ learning processes as a reference for comparison, helping learners understand their
progress and identify improvement areas (Bisra, Liu, Nesbit, et al., 2018). Additionally,
communicating strategic messages of learning in an individualized and optimized way
may prevent mistakes and provide a deeper understanding (Dodeen, 2015; Hong et al.,
2006). Social cognitive theory (Bandura and of Mental Health, 1986; Schunk and Pajares,
2005) served as a common background for the development of the three effective learn-
ing support tools. The system’s comparative analysis of self-explanation writing promotes
healthy competition and collaboration among learners (Hall and Vance, 2010), potentially

leading to better learning outcomes.

7.3.3 Personalized Messages

Personalized Messages Descriptions

The personalized messages feature is a tool that offers personalized feedback to each
learner based on their self-explanation quality and learning progress. The system gen-
erates feedback messages automatically, using predefined templates that are partly cus-
tomized to each learner’s learning logs. The feature encourages students to continue
learning and improving their self-explanation writing skills by providing individualized
feedback. Previous research (Dodeen (2015) and Takallou et al. (2015)) suggests that

writing a good self-explanation will deepen students’ understanding, and taking time to
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learn will reduce errors and deepen learning.

The feature also includes a missing knowledge detection module that compares the
user’s self-explanation with the model answer to identify missing information, as illus-
trated in Figure 7.2. The system uses a summary model to derive the solution steps of
the problem (Nakamoto et al., 2024) and extracts missing knowledge elements from the
cosine similarity (Nakamoto et al., 2021). It presents the missing knowledge elements to
the student and advises them to solve related problems to enhance their learning and un-
derstanding of self-explanation. Figures 7.3 show an example of the feedback message that
the SEAF system generates for the student after analyzing their self-explanation writing.
The message congratulates the student for answering the question correctly and provides
positive reinforcement to encourage them to continue their learning journey. The system
recommends that the student refers to others’ self-explanation and relevant sections of
the textbook to try related problems and develop a habit of reflecting on their mistakes.
Additionally, the system highlights areas where the student struggled and offers guidance

on how to improve.

Generating Personalized Messages

To generate the personalized messages feature, we use a combination of NLP techniques
and pre-defined templates, which are customized based on each learner’s learning logs. We
begin by creating a model answer text from the collected data, which is then vectorized
using the BERT Japanese pre-trained model which has been shown to be effective in many
NLP tasks (Suzuki, 2019). These summarization sentences form the overall summary of
the answer texts. BERT (a) represents the distributed representation obtained by applying
the BERT algorithm to the text input a. We created a set of vectors V from a set
of student answer texts A = {aj,as,...,a,}, where n represents the total number of

students’ answer texts.

V = {vy,vy,...,v,},v; = BERT(q;) (1) (7.1)

We then perform k-means clustering on the vector set V to obtain k£ clusters. Each
cluster ¢; = {v;1, Via, ..., Vim, } consists of m; vector representations of answer texts, where

m; represents the total number of answer texts in the i-th cluster, and 1 <1 < k.

C={c,co,...,ckt,ci ={Vvi1,Vio, ..., Vim, } (2) (7.2)
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Figure 7.2: Personalized messages.

For each cluster ¢;, we used the LexRank algorithm (Erkan and Radev, 2004) to extract
the most representative sentences from each cluster. LexRank is a graph-based method
that represents sentences in a graph structure and creates a summary by analyzing the
relationships between the nodes that represent each sentence or word. The set of sum-
marization sentences S constitutes the overall summary of the answer texts. LexRank(c)
represents the extracted sentences obtained by applying the LexRank algorithm to the

cluster c.
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S ={s1,2,..., 8}, s = LexRank(c;) (3) (7.3)

For step 2, we compare the answer summary with the user’s response, taking into
account the stroke data associated with each sentence vector. We use this stroke data
to determine which self-explanation moments take longer and where the pen stops, and
then add this information to the comparison. We denote the set of model answer texts
as A = {ay,a9,...,a,}, and the user’s response text as u. We first obtain their vector

representations using BERT:

Va ={Va1,Va2,---,Van} (4) (7.4)

Where v,; describes the vector representation of each answer text in the set A, and
vy = BERT(w). In addition, Vs represents the set of vector representations of the
model answer texts. We then create a feature vector for each sentence in A and u
by incorporating stroke data strokey ;, stroke, and timing information timing, ;, timing,,,
where stroke 4 ; and stroke, represent the stroke data associated with the sentence in A and
u, respectively. And timing,; and timing, represent the timing information associated
with the i-th sentence in A and u, respectively.

For step 3, after extracting the self-explanations, stroke, and timing feature vectors, we
utilize them to train a random forest classification model. This model is used to predict

the overall feature, which indicates whether the user’s response is correct or incorrect.

7.3.4 Self-explanation Score

Self-explanation Score Descriptions

The Self-explanation Scoring feature in SEAF provides learners with an objective way
to measure the quality of their self-explanation writing. SEAF evaluates the quality of
self-explanation using a set of predefined criteria, based on the self-explanation summary
model developed by Nakamoto et al. (2024). The SEAF system also provides a way
for users to compare their scores with their classmates, which can be seen in Figure 7.4.
In the first section of the feedback message, the system presents the average amount of
writing done by classmates and advises users to write more if the number of words or
vocabulary used is low. It also informs the user of their Self-explanation Analysis Score

and how it compares to the class average. For example, if the user’s score was higher than
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the class average, the SEAF message congratulates the user on their well-written self-
explanation. Furthermore, the SEAF message also provides suggestions for improvement.
For instance, if the user’s self-explanation sentence was shorter than the class average,
the message suggests that writing more text could result in a higher score and a better

understanding of the unit.
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Figure 7.3: Missing knowledge detection.

Analyzing Self-explanation Score

The SEAF system compares the student’s self-explanation with the model answer and
assigns a score based on a set of predefined criteria. Let u represent the textual input
provided by the user and s represent a summarization sentence. The score is computed
using the ensuing formula, wherein erf denotes the error function, and p and o are the

mean and standard deviation, respectively, of a normal distribution having a mean of 50:

(5) (7.5)

score(u, s) = 50 + 50 x erf(
20

sim(u, s) — u)

where sim(x,y) = =& represents the cosine similarity between vectors x and y. To

'y
REIED
provide a more accurate assessment of the quality of the writing, the SEAF system adjusts
the score based on the length of the student’s self-explanation. The adjusted score (AS)

is calculated using the following formula:
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Figure 7.4: The scatter plot for the self-explanation analysis score.

AS =S x (1 + L > (6) (7.6)

mean length of class self-explanations

where S is the similarity score between the student’s self-explanation and the model
answer, and L is the length of the self-explanation. This adjustment is made to encourage
students to provide more specific explanations by requiring longer self-explanations and
because individuals who provide longer self-explanations tend to receive higher scores

according to the distributions of collected dataset.

7.3.5 Classmates’ Self-explanations Reference

Classmates’ Self-explanations Reference Descriptions

The third feature of the SEAF system is the provision of sample self-explanations that
are relevant to the learning process. These examples can serve as a reference for learners
to write their own self-explanations, and help them understand what makes a good self-

explanation. Bisra, Liu, Nesbit, et al. (2018) found that self-explanation was slightly
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less effective than reciprocal teaching, feedback, and interval learning (review effect),
but implementing both mutual teaching and feedback in self-explanation could enhance
learning. By viewing and analyzing other students’ high-quality self-explanation writing,
learners can gain a better understanding of what constitutes good self-explanation and
how to improve their own writing.

Additionally, the SEAF system selects these examples based on their quality and
relevance to the self-explanation writing task, which promotes collaboration and social
learning. Fyfe and Rittle-Johnson (2016) reported that feedback was effective in promot-
ing learning, particularly when it was immediate. Therefore, this feature not only serves
as a reference for learners to follow but also provides immediate feedback that can enhance
their learning experience.

This feature provides a visual representation of similar classmates’ self-explanations
and their corresponding pen strokes, as illustrated in Figure 7.5. Users can access two key
pieces of information: (1) similar self-explanation sentences related to the student’s re-
sponses, and (2) details about their pen strokes. By utilizing this feature, users can review
and compare their own self-explanations and pen strokes with those of their classmates,
allowing for a better understanding of their performance and potentially identifying areas
for improvement.

(DGeneral advice to learn from
classmates with similar solutions

—
1 fehedr s £ T TSI AL ARAT 5 (3) S TE.
lm,.vmsehmma 8 20 fo T L G 8 e i 1 N F PR —F DT ] ) .
R BT BLLMAGER. 1S ORITHE SEEIRD RT. AAETEERETAE 7= D= o 0
mICHiT T T AL, i # B A RY B EORSE E LT AL, .
™ Good self-explanations . @Similar
i
| HALDEZRA generated by the system T RERT AN G R classmates
M AD=DHEE - TAAHDOEME RS T, EAHDLEBCOUGTAADKBER /2= | | - solutions
EEABCDOMER TR S, | —— l_H: ¢ |
M | ACcoRaEfimt, DHOR2EReL, AAHDOTHERGT, DEFOEEER | | /(jjx:u!l}} T
B Bl |, -'.,g_','.,ef = 2Bl wneS B
| s
o

Figure 7.5: Reference examples of classmates’ self-explanation.

Extracting Example Sentences

The system uses a cosine similarity algorithm to calculate the similarity score between the
student’s self-explanation and the model answer. Firstly, as a preprocessing step, build
a text regression model that predicts 1 to 5 points, infer with the Text regression model

with collected data, and use only data above a threshold value. Secondly, for a given user
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input in the form of a Japanese sentence, the sentence is vectorized using BERT to obtain
a d-dimensional vector representation. The cosine similarity between this vector and all
vectors in each cluster is then calculated. The response closest to the user’s sentence is
chosen as the sentence corresponding to the cluster with the highest cosine similarity value.
Let S = {s1,592,...,8i,...,5,} be the set of all Japanese sentences, where s; represents
the i-th sentence and n is the total number of sentences. Using BERT, each sentence
s; is vectorized into a d-dimensional vector x;. The set of all vectors is represented as
X ={x1,X2,...,X;,...,X,}, where x; represents the vector representation of s;.

The system then uses a clustering algorithm to suggest high-quality self-explanation
examples to each student based on their previous writing and learning progress. Using
k-means clustering, the vectors in X are partitioned into k clusters, where k is a predeter-
mined number of clusters. Let the resulting clusters be represented as Cy, Cs, ..., Cy. For
a given user’s Japanese sentence u, which is also vectorized using BERT to form vector

Xy, we calculate the cosine similarity between x, and each vector v;; € C; as follows:

sim(u, C) = max sim(x, vis)  (7)

Finally, the response closest to the user’s sentence is chosen as the sentence corre-
sponding to the cluster with the highest cosine similarity value:

response(u) = argmaxCi (i = 1, 2, ..., k)sim(u, Ci) (8)

where argmax represents Ci with the index i of the maximum value in the set. To
ensure the privacy and anonymity of the student users, the system employs data masking

techniques.

7.4 Analytical Methods and Framework for Analysis

The framework for analyzing the effectiveness of SEAF in evaluating the quality of writing
self-explanations was based on a quasi-experimental design with purposeful sampling. As
junior high school is a part of compulsory education in Japan, it is not ethically feasible to
conduct a randomized experiment, and instead, participants were selected purposefully.
In the experiment, both groups received the treatment at the same conditions, and in the
analysis, they were divided based on their usage of the SEAF system. Additionally, we
divided participants into a low and a high self-explanation level group to identify those

who could benefit the most from the feedback. Lastly, we administered a questionnaire
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to the high engagement group at the conclusion of the investigation to gather additional

insights.

7.4.1 Experiment Methodology

To comprehensively investigate the influence of SEAF on students’ self-explanation writ-
ing, the study was structured in three distinct studies: Before Experiment, Preliminary
Experiment, and Actual Experiment. This structure allowed for capturing a holistic view
of participants’ evolution over time, factoring in both their natural state without the aid
of SEAF and their progression with consistent SEAF usage. All 50 participants, drawn
from the 3rd grade of junior high school, consistently partook in these three studies. Their
participation in each study is emphasized to ensure a continuous data trajectory for each
student and facilitate a clear understanding of SEAF’s impact over time.

Before Experiment: This served as the baseline data acquisition period, where
students wrote self-explanations without the intervention of SEAF, thereby capturing
their innate self-explanation abilities.

Preliminary Experiment: Here, students were introduced to the SEAF tool for the
first time. This study was conducted from November 2021 to March 2022. They were
directed to pen their self-explanations, checking their pen strokes, and upon completion,
press a button to garner feedback on their self-explanations. This study allowed for initial
observations on SEAF’s immediate effects on self-explanation quality.

Actual Experiment: Extending from April 2022 to June 2022, this study saw stu-
dents’ continued use of SEAF, reinforcing the habits developed during the Preliminary
Experiment and providing insights into the tool’s longer-term impact on students’ self-
explanation skills. During this study, the 49 questions were administered on a weekly
basis over the course of three months to gauge the students’ understanding and evolution
in self-explanation abilities.

The frequency of feedback content usage during the Actual Experiment, along with
the mean frequency of writings self-explanations, acted as pivotal metrics in gauging stu-
dent engagement and their dedication to the self-explanation tasks assigned weekly. By
organizing our study in these consecutive studies, we aim to capture not only the imme-
diate effects of SEAF on self-explanation but also its sustained impact over an extended
period. This structure, coupled with the consistent participation of all 50 students across

studies, offers robust insights into SEAF’s potential as a transformative educational tool.
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7.4.2 Analysis Preparations

Evaluation of Self-explanations Based on Three Principal Criteria

In our study, we assessed self-explanations with rigor, focusing on three central tenets:
coherence, clarity, and relevance. The ’coherence’ evaluates the logical sequence of the
explanation. ’Clarity’ measures its comprehensibility, and 'relevance’ ensures the capture
of all vital knowledge constructs and procedural details. For a consistent evaluation, we
adapted the rubric and scoring methodologies suggested as suggest in study 1. Thomp-
son and Senk (1998) have endorsed these rubrics, making them suitable for tasks with
multiple solution strategies. We crafted task-specific rubrics to ensure their precision and
applicability. Methodology for Self-explanations Evaluation are following, and the result
is shown in Table 4:

Scoring System: Two independent raters employed rubrics developed for this study
to assess the self-explanations. A scale ranging from 1 to 5 was utilized for scoring.

Rater Consistency: Quadratic Weighted Cohen’s kappa coefficient (Cohen, 1960)
was employed to determine the level of agreement between the raters. A coefficient value
of 0.749 indicates substantial agreement.

Data Processing: To maintain consistency in the evaluation, the mean score from
both raters was used for further analysis.

Categorization of Scores: For a clear distribution, the self-explanation scores were
categorized, aiming for uniformity. Participants were divided into two groups based on

average self-explanation quality scores:

Participant Categorization Based on Engagement

To examine the influence of SEAF usage on self-explanation quality, we divided partici-
pants into low and high engagement groups based on feedback utilization frequency and
the depth of self-explanation. Given educational constraints, a randomized experiment
wasn’t viable. Instead, we chose purposeful sampling to establish experimental groups.
Engagement is pivotal to cultivating conceptual understanding, as it bridges motivation
and learning (Blumenfeld et al., 2005; Sinha et al., 2015). This strategy, therefore, can be
an alternative to randomized experiments when exploring the ramifications of computer-
aided engagement on learning outcomes.

Out of 50 participants in the study, the provided SEAF usage metrics (mean, standard
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deviation, minimum, and maximum) aggregate the data from both "Preliminary" and
"Actual" experiment studies. Notably, participants recorded an average SEAF usage of
14.23, a standard deviation of 13.03, and a usage range between 1 and 52 times across
the two studies. Participants were bifurcated based on SEAF usage into two categories:
the high-engagement group, who accessed the feedback button at least four times during
the study, and the low-engagement group, who did so less often. This division was driven

by the imperative for a substantial statistical analysis.

SEAF Usage Metrics Analysis The study analyzed SEAF usage metrics to discern

patterns and trends in student engagement. This analysis included:
e Average Usage: The mean number of times students accessed the SEAF system.

e Engagement Range: The minimum and maximum usage frequencies, providing

insights into the range of student interaction with the system.

e Standard Deviation: To understand the variability in SEAF usage among stu-

dents.

e Group Classification: Participants were classified into high and low engagement
groups based on their interaction frequency with SEAF. This classification helped

in drawing comparative analyses between different levels of user engagement.
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7.5 Results of SEAF Learning Effects Experiments

7.5.1 Results of Statistical Analysis Based on Self-Explanation
Level

The goal of this statistical analysis was to discern significant differences in self-explanation
quality between different engagement groups during the actual experiment period. We
aimed to ascertain if there was a relationship between engagement level and self-explanation
quality, and if SEAF’s presence made a tangible difference within these groups. Table 7.2
presents the descriptive statistics concerning self-explanation characteristics, segmented
by group and level. The ‘N‘ in the table denotes the total count of self-explanation

descriptions for each respective group.

Table 7.2: Descriptive statistics of self-explanation features by group and level.

Low—EngaNgiment Group ngh-Eng;gfment Group Welch's £-Test
Self-Explanation (N =18) =28
Level A i 2 i
eve N Self-Explanation M SD N Self-Explanation M SD DF "
Answers Answers
High 9 29 3.034 0973 16 198 376 1.097 389  3.631**
Low 9 69 2.05 1.05 12 131 2.62 111 1446 3.520**

Note: *** p < 0.01.

7.5.2 Repeated Measures ANOVA

Since the experiment was repeated in this study, a repeated measures analysis was con-
ducted to determine whether the SEAF was effective for each experimental treatment
group. The subjects for the study were selected from those who had responded to the
three-time period group, and Table 7.3 shows the number of subjects and their correspond-
ing scores. N represents the number of unique users within the group. To test the null
hypothesis that the means of the groups were equal during the experimental period, a non-
parametric (rank-based) one-way repeated measures ANOVA, specifically the Friedman
test, was performed. The results of the Friedman test with the chi-square test showed that
the high self-explanation level group did not differ significantly from the students’ self-
explanation Quality based on the experimental period, x*(2, N = 25) = 0.375,p = 0.829.
However, it was found that the low self-explanation level group was significantly different,

X2(2,N = 21) = 8.77,p = 0.012.
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Table 7.3: The Friedman test results with repeated treatments at different
experimental periods

Self-Explanation Engagement M(SD) Statistics
Level 828 T1 T2 T3 DF W x2
High High 16 379(051) 374(0.60) 3.66(0.73) 2 00152 0375
Low High 12 250(0.73) 293(0.82) 2.64(045) 2 0337 877*

Note. T1: Before Experiment, T2: Preliminary Experiments, T3: Actual Experiment. ** p < 0.05.

Table 7.4: The result of Conover’s post hoc test (P-Values)

Experimental Period T1 T2 T3
T1 - 0.021 0.251
T2 - - 0.135

Note. T1: Before Experiment, T2: Preliminary Experiments, T3: Actual Experiment.

Low Self-Explanation level / High Engagement Group High Self-Explanation level / High Engagement Group
5 5 p— .‘
z* ¢ 24 | - '___i_"_l e
5 g || ¥ = - ] s
& &
§3 g3
g : ! ——
5 5
32 g2
x 3
g 4
5 o
[ vl
T T T 0 T T T
Before Experiment Preliminary Experiment Actual Experiment Before Experiment Preliminary Experiment Actual Experiment

Figure 7.6: Distribution of self-explanation Quality means in each experimental
period group.
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Table 7.5: Results of the SEAF usage survey

No. Question Self-Explanation Level N M(SD)
1 Did you try your best to write a good self-explanation after Low 12 2.92(0.76)
receiving Al advice? High 15 2.93 (0.85)
) Were you able to clarify your weak points and missing Low 12 2.83 (0.90)
knowledge by reading classmates’ self-explanations? High 15 3.07 (0.85)
3 Was the feedback you received helpful for your study (e.g., Low 12 3.00 (0.41)
did it help you to solve problems, learn new solutions, etc.)? High 15 2.87 (0.81)
. . . Low 12 3.08 (0.49)

7

4 Do you think the feedback feature is useful for learning? High 15 2.93 (0.85)

Figure 7.7: Results Plots of the SEAF usage survey

M 1: Strongly Disagree [l 2: Disagree 3: Agree [l 4: Strongly Agree

18
15 16

12 12

Did you try your besttowritea  Were you able to clarify your  Was the feedback you received Do you think the feedback

good self-explanation after weak paints and missing helpful for your study (e.g., did  feature is useful for learning?
receiving Al advice? knowledge by reading it help you to solve problems,
classmates’ self-explanations? learn new solutions, etc.}?

7.5.3 Perception Analysis

A survey was conducted after the actual experiments to test user satisfaction and the
learning effect of the SEAF. The decision to use a four-point scale was deliberate, con-
sidering the Japanese cultural tendency towards central tendency and previous research
on scale accuracy and reliability. The survey responses predominantly came from the
high engagement group, suggesting a connection between active SEAF interaction and
the willingness to provide post-experiment insights. Figure 7.7 shows how learners rated

the SEAF in terms of its interface, usefulness for learning, and future use.
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7.6 Discussion

7.6.1 RQ1:Can a classmate’s self-explanations be presented and
useful to the learner as feedback?

In line with Research Question 1 (RQ1), the study explored the utility of classmates’ self-
explanations as feedback within the SEAF system. Grounded in social cognitive theory,
SEAF aims to create a sustainable learning environment through the use of reciprocal
teaching and feedback (Bisra, Liu, Nesbit, et al., 2018; Hall and Vance, 2010). Our
analysis particularly focused on how this feedback model impacted learners with varying
levels of self-explanation skills.

The results demonstrated a significant impact for the low self-explanation group, val-
idating that peer-generated self-explanations can be a potent form of feedback for this
demographic. Notably, Conover’s post hoc test showed significant improvements for these
learners between the Before Experiment and Preliminary Experiment periods. This sug-
gests that the SEAF system is both impactful and valuable for enhancing the quality of
self-explanations among students who initially struggled.

However, the high self-explanation group did not show similar significant improve-
ments, indicating that the system may have limitations in its applicability across all skill
levels. This highlights the need for the careful curation of peer-generated self-explanations
to avoid misleading or confusing learners, emphasizing that quality over quantity is cru-
cial when selecting reference self-explanations. To sum up, the study supports SEAF’s
hypothesis that classmates’ well-crafted self-explanations can serve as effective feedback,
particularly for learners who are less adept at self-explanation. Future iterations of the
SEAF system should focus on fine-tuning the reference selection process to make this form

of peer feedback universally effective.

7.6.2 RQ2: Which students benefit most from using the SEAF
system?

The results showed that the SEAF was more effective for students with low levels of
self-explanation, suggesting that learners with low self-explanation skills may need more
support than learners with high self-explanation skills. One possible explanation for
this result is that the SEAF helped these students because they may have had difficulty

writing self-explanations without prior strategies or training. This finding is consistent
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with previous research suggesting that learners with low prior knowledge may need more
guidance and support than learners with high prior knowledge (Arner et al., 2021).

Furthermore, many respondents indicated that the Low self-explanation level group
was more useful the perceptual analysis, suggesting that the SEAF may have been a
useful learning tool for learners who could not self-explain. Conversely, the question No.
2 suggests that self-explanation is also an effective strategy for students who already
possess high self-explanation skills. Students who are accustomed to problem-solving
through self-explanation may compare their self-explanations with others and effectively
articulate the benefits they derive from the SEAF system.

Additionally, the results of the repeated measures analysis demonstrated a significant
difference in self-explanation quality between the Before Experiment period and the Pre-
liminary Experiment period for the low self-explanation group. The study suggests that
the initial experience with the SEAF system may have a significant impact on its effective-
ness. Participants exhibited positive responses and improvements in their self-explanation
quality during the preliminary experiment, likely due to the novelty of the system. How-
ever, over time, as users became more familiar with the system, the impact diminished in
the actual experiment. The Preliminary and Actual Experiments were conducted over a
period of 4 months and 3 months, respectively. To enhance the system’s effectiveness, it
may be necessary to determine an appropriate duration for the experiment and introduce
new stimuli when participants become accustomed to the intervention.

Finally, since this was Purposeful Sampling, more detailed experiments are needed
even if the results are significant. In particular, given previous research (Blumenfeld
et al., 2005) that has linked Engagement to learning, it is possible that students who
are more motivated to learn and have a more positive attitude actually embraced the
SEAF technology and used it more frequently, resulting in higher quality self-explanations.
Further research is needed on the mechanism of frequent use by all, and on the display

and messaging methods of Feedback according to learning motivation and personality.

7.6.3 Limitations

The implementation and evaluation of the SEAF system revealed several limitations that
must be addressed to enhance its effectiveness and applicability in diverse educational
contexts. While SEAF demonstrates significant potential in improving self-explanation

skills and providing personalized feedback, key challenges emerged during its evaluation.
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First, the system struggled to sustain feedback quality over time, leading to diminished
engagement and reduced impact in later stages. This decline suggests that the feedback
mechanisms lacked the adaptability needed to evolve alongside learners’ progress and
changing needs. Without dynamic updates to feedback strategies, the system’s effective-
ness may wane, particularly in long-term use.

Second, variability in the quality of self-explanations provided by learners posed a
significant challenge. Low-quality or inconsistent inputs limited the system’s ability to
generate precise and meaningful feedback. Addressing this issue requires strategies such
as scaffolding, guided prompts, or incentive systems to encourage learners to produce
more thoughtful and detailed self-explanations.

Third, the evaluation of SEAF was constrained by the sample size of 50 participants,
which, while sufficient for initial insights, restricts the generalizability of the findings.
A larger and more diverse sample would provide a more robust assessment of SEAF’s
effectiveness across varied learner demographics and educational settings.

Finally, disparities in learner engagement revealed challenges in ensuring equitable
participation. Most meaningful feedback originated from highly engaged learners, while
less-engaged participants contributed minimally, highlighting the intricate relationship
between motivation and effective self-explanation. Future efforts must explore personal-
ized interventions and alternative feedback mechanisms to involve less-engaged learners

and ensure equitable benefits across all student groups.

7.6.4 Main Findings

Despite these limitations, this study demonstrates the significant potential of the SEAF
system to transform self-explanation practices in mathematics education. By providing
immediate, personalized feedback, SEAF helps learners identify gaps in their understand-
ing and refine their reasoning processes, contributing to deeper learning and more effective
problem-solving.

A key strength of SEAF lies in its ability to balance personalization with scalabil-
ity. The system adapts feedback to individual needs, illustrating the promise of adaptive
learning technologies in educational environments. However, the decline in feedback qual-
ity over time highlights the need for mechanisms that sustain engagement and ensure
relevance throughout prolonged use. Additionally, its reliance on high-quality learner in-

puts and reduced effectiveness for less-engaged students suggest areas requiring further
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refinement. These findings suggest that future iterations of SEAF should integrate mech-
anisms to dynamically adjust feedback, maintain long-term engagement, and address the

diverse needs of learners.

7.6.5 Future Directions

To enhance the SEAF system’s long-term effectiveness and applicability, several future
directions are proposed. First, feedback mechanisms must be developed to dynamically
adjust to learners’ progress and task complexity. Sustaining feedback quality over time
is critical to maintaining engagement and relevance. Incorporating adaptive features,
such as gamified elements or scaffolded interventions, could further motivate learners,

particularly those who are less engaged.

Second, improving the quality of learner inputs is essential for maximizing SEAF’s po-
tential. Guided prompts, scaffolding, and incentive mechanisms, such as rewards or peer-
based collaboration, can encourage learners to produce higher-quality self-explanations.
Additionally, fine-tuning feedback algorithms to align more closely with domain-specific
challenges and cognitive demands will enhance the system’s overall precision and effec-

tiveness.

Third, the sample size and diversity should be expanded in future studies to validate
the system’s scalability and generalizability across different educational contexts. Rig-
orous evaluations, including randomized control trials (RCTs) and longitudinal studies,
will be critical for assessing SEAF’s long-term impact and refining its adaptive features.
These studies should explore how SEAF performs across various learning environments
and levels of complexity, ensuring that the system remains relevant and effective for a

broad range of learners.

Finally, SEAF’s design must address the issue of engagement over prolonged use.
Feedback systems should evolve with learners’ needs and task difficulties, ensuring they
remain targeted and effective. Ensuring that learners stay motivated to engage with the
feedback system is essential for long-term success, particularly for complex and extended

learning processes.
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7.6.6 Conclusion

The SEAF system offers a promising approach to improving self-explanation skills and en-
hancing learning outcomes in mathematics education. By identifying gaps in understand-
ing and providing personalized, real-time feedback, SEAF has demonstrated its potential
to foster deeper engagement and more effective problem-solving. However, its success de-
pends on addressing limitations related to adaptability, long-term feedback quality, and
learner input variability.

Through iterative refinement and the integration of adaptive, context-aware mecha-
nisms, SEAF can evolve into a robust and transformative educational tool. Its ability
to balance personalization with scalability positions it as a valuable resource for diverse
learners, paving the way for innovative applications in educational technology. Future re-
search will focus on overcoming current challenges to ensure that SEAF meets the evolving

needs of students and educators in varied educational settings.
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Chapter 8

Conclusion and Future work

To conclude, we first present the main findings and contribution of this research and end

by proposing directions for future research.

8.1 Main Findings of Each Study

This doctoral thesis presents a novel approach to enhancing mathematics education by
integrating self-explanation methodologies with pen-stroke data and computational tools.
The research focuses on building adaptive and personalized learning systems through
impasse detection, automated model answer generation, data augmentation, and self-
explanation-based automated feedback. These studies collectively highlight the potential
of self-explanation to transform traditional educational tools while addressing key chal-

lenges in their design and implementation.

8.1.1 Study 1: Impasse Detection

The first study developed a methodology for detecting learning impasses by comparing
learner-generated self-explanations with system-generated model answers, supplemented
by pen-stroke data analysis. This approach allowed the system to identify specific points
where learners struggled, providing a foundation for personalized feedback and targeted
interventions. However, the reliance on learner-generated self-explanations alone revealed
limitations due to the variability and open-ended nature of these responses. Unlike struc-
tured and standardized textbook model answers, self-explanations often lacked precision
and consistency, making accurate impasse detection more challenging. Integrating text-

book solutions as an additional reference could enhance the system’s accuracy and scala-
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bility across diverse learning contexts.

Future research should focus on hybrid approaches that combine learner-generated self-
explanations with curated resources, such as textbook solutions, to maximize the strengths
of both. Expanding datasets to include diverse sources, such as teacher-created materials
or peer-reviewed examples, could further improve the robustness and adaptability of the

system.

8.1.2 Study 2: Automated Model Answer Generation

The second study shifted its focus to automating the generation of self-explanation model
answers, reducing the reliance on manually curated solutions. By employing an unsuper-
vised learning approach, the system was able to generate accurate answers that preserved
essential knowledge components in mathematical solutions. This represents a significant
step toward scalability and efficiency in self-explanation-based learning systems.

Despite these advancements, a critical limitation emerged in aligning Knowledge Com-
ponents with the Rubric Step Order. Only 64% of the generated answers achieved accurate
alignment, reducing their clarity and pedagogical value. Misalignment between compo-
nents and logical sequences can confuse learners and hinder the effectiveness of automated
explanations. Addressing this issue requires the development of more sophisticated rea-
soning algorithms capable of capturing the causal and procedural relationships within
mathematical problem-solving. Additionally, integrating structured hints or rubrics could

serve as scaffolding to improve the coherence of generated answers.

8.1.3 Study 3: Data Augmentation with Math Texts and Large
Language Models

The third study explored data augmentation techniques by combining structured math-
ematical texts with LLMs to improve the quality of generated self-explanations. Math-
ematical texts provided a reliable and consistent source of structured knowledge, while
LLMs contributed context-aware and nuanced explanations to enrich the dataset.

The results revealed that while the mixed dataset (math texts + LLMs) achieved
strong validation performance, test accuracy was higher when using only mathematical
texts. This discrepancy suggests that LLM-generated data, introduced noise and in-
consistencies that negatively impacted generalizability. While LLMs offer the potential

to enrich datasets with diverse perspectives, their outputs require careful curation and
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post-processing to align with educational standards. Refining LLM-generated content
and employing selective data augmentation strategies could improve the effectiveness of

combining these resources.

8.1.4 Study 4: Self-Explanation-Based Automated Feedback (SEAF)

The fourth study introduced the Self-Explanation-Based Automated Feedback (SEAF)
system, a tool designed to deliver real-time, personalized guidance based on learners’ self-
explanations. Building on insights from previous studies, SEAF aimed to enhance self-
explanation skills and motivation by providing immediate feedback tailored to individual
needs. The system demonstrated its ability to engage learners, address misunderstandings
in real-time, and improve comprehension of complex problems.

However, SEAF faced challenges in maintaining its effectiveness over extended periods.
Feedback quality diminished as the system struggled to adapt to learners’ evolving needs,
leading to reduced engagement and a decline in long-term impact. Additionally, the
system did not fully address the diverse cognitive and motivational demands of different
learners, limiting its generalizability. These limitations were compounded by the absence
of rigorous evaluations, such as randomized control trials (RCTs), which restricted the
ability to comprehensively assess SEAF’s strengths and weaknesses.

Future research should focus on developing adaptive feedback mechanisms that dynam-
ically adjust to learners’ progress and changing needs. Incorporating gamified elements or
scaffolded feedback could help sustain motivation and engagement over extended periods.
Furthermore, conducting RCTs and longitudinal studies will be essential for evaluating

the system’s long-term efficacy and applicability across diverse educational contexts.

8.2 Overall Discussion and Limitations of the Study

This doctoral thesis investigates the integration of self-explanation methodologies into
adaptive learning systems, offering significant advancements to the field of educational
technology while identifying key areas for refinement. By synthesizing the findings across
four interrelated studies, the research evaluates the effectiveness of self-explanation-based
approaches, highlights their limitations, and outlines strategies to address these challenges.

Self-explanation fosters critical reflection, enabling learners to articulate their thought

processes, identify gaps in understanding, and deepen their engagement with learning ma-

101



terials. These benefits were evident across the studies, which collectively demonstrated
the potential of self-explanation systems to detect areas of difficulty, generate relevant
model answers, and provide personalized feedback. For example, the impasse detection
system (Study 1) effectively identified learning struggles by comparing self-explanations
with model answers and analyzing pen-stroke data. This capability enabled the delivery
of targeted and personalized interventions. Similarly, the automated generation of model
answers (Study 2) preserved essential knowledge components and achieved commend-
able accuracy, demonstrating the feasibility of scaling self-explanation-based systems for
broader educational applications.

Despite these successes, several limitations were identified. The open-ended nature
of self-explanations, while promoting creativity and critical thinking, introduces variabil-
ity and inconsistency that challenge automated systems. For instance, Study 2 revealed
that only 64% of generated answers aligned with rubric step order, indicating difficulties
in maintaining logical coherence and pedagogical clarity. In Study 3, the integration of
mathematical texts and LLMs showcased the benefits of combining structured knowledge
with advanced language models. However, inconsistencies in LLM-generated data, par-
ticularly without fine-tuning, compromised test accuracy. Study 4 further highlighted the
need for adaptive feedback mechanisms, as SEAF’s effectiveness diminished over time due
to its inability to evolve alongside learners’ changing needs and engagement levels.

To address these limitations, this thesis proposes several strategies. First, scaffolding
mechanisms, such as guided prompts or structured templates, can improve the quality and
consistency of learner-generated self-explanations, enabling systems to process them more
effectively. Second, incorporating curated external resources, such as textbook solutions
or domain-specific datasets, can enhance the reliability and scalability of these systems,
particularly in structured educational domains. Third, adaptive feedback mechanisms
are crucial to sustain engagement and relevance over extended periods. Incorporating
gamified or scaffolded approaches can help maintain learners’ motivation and ensure that
feedback evolves with their progress and needs.

Future research should prioritize hybrid approaches that balance the flexibility of self-
explanations with structured supports. Integrating causal reasoning algorithms, fine-
tuned LLMs, and dynamic feedback loops will be critical for addressing current limitations
and improving system robustness. Additionally, conducting randomized control trials and

longitudinal studies will be essential to validate the generalizability and long-term impact
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of self-explanation systems across diverse educational contexts.

By addressing these challenges, future iterations of self-explanation-based adaptive
systems can offer more robust, scalable, and inclusive solutions. These systems have
the potential to transform educational practices by providing deeper insights into learn-
ing processes, fostering critical thinking, and delivering personalized support tailored to

individual learner needs.

8.3 Implications and Future Work

This research offers valuable contributions to educational practice by enhancing adaptive
learning systems and improving classroom efficiency. A key application lies in developing
advanced adaptive learning environments. By detecting learning impasses and generating
personalized feedback, educational platforms can adjust instructional content in real-time,
ensuring students follow tailored learning pathways. For example, in mathematics educa-
tion, the system could dynamically modify problem sets or instructional materials based
on a student’s demonstrated understanding or struggles, fostering a more individualized
and effective learning experience.

Self-explanation itself represents a rich learning process, offering insights into how
students think and where they encounter difficulties. This study demonstrated that by
focusing on self-explanations alone, it is possible to capture students’ learning processes
and detect impasses in mathematics learning, albeit with limited accuracy. While this
bottom-up approach provides a foundation for understanding learners’ reasoning, achiev-
ing higher accuracy requires leveraging more diverse and comprehensive datasets. Ex-
panding beyond self-explanations to include additional datasets, such as curated model
answers or other structured resources, can significantly enhance detection accuracy. How-
ever, for the highly structured domain of education, where reliability and precision are
paramount, integrating control models or external datasets is essential to ensure the sys-
tem meets the accuracy standards required for practical use.

Additionally, this research has significant implications for reducing teacher workload.
The system’s capacity for automatic scoring and feedback generation allows teachers to
shift focus from repetitive tasks to interactive and personalized instruction. For instance,
the system could automatically assess lab reports or problem-solving exercises, providing

immediate, detailed feedback, enabling teachers to concentrate on mentoring and address-
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ing individual student needs.

Moreover, these methodologies can support specialized educational programs, such as
those for students with learning disabilities. Adaptive feedback systems are particularly
beneficial in special education contexts, where tailored interventions are crucial. For
example, a reading comprehension program for students with dyslexia could leverage
this system to offer immediate, context-aware corrective feedback, promoting sustained
engagement and learning.

Future work will focus on integrating Generative Al and Retrieval-Augmented Gen-
eration (RAG) technologies to develop domain-specific LLMs for educational contexts.
These advancements will enable systems to provide even more precise, personalized sup-
port by dynamically adjusting to evolving learner needs. However, challenges such as
dependency on external APIs and data privacy concerns must be addressed. Strategies
such as developing in-house AI models tailored to educational needs will mitigate risks,
ensuring the system’s reliability and security.

In summary, this research underscores the importance of balancing bottom-up ap-
proaches that explore diverse datasets with the need for highly accurate and structured
models to meet the rigorous demands of educational contexts. By refining these systems
and expanding their datasets and algorithms, future research can develop more robust,
reliable, and scalable educational technologies that cater to diverse learners and instruc-

tional needs.

8.4 Conclusion

This doctoral thesis makes significant contributions to the field of educational technol-
ogy by integrating self-explanation methodologies into adaptive learning systems. The
research addresses the intricate task of detecting learning impasses and providing per-
sonalized feedback, fostering deeper engagement and improved learning outcomes. The
systems developed in this thesis offer innovative solutions to long-standing challenges in
mathematics education and beyond.

Despite its limitations, this research lays a strong foundation for further exploration
and refinement. By addressing challenges such as variability in self-explanations, long-
term feedback sustainability, and data inconsistencies, future systems can become more

robust, scalable, and inclusive. This work paves the way for continued innovation, en-
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suring that educational technologies meet the diverse and evolving needs of learners and

educators in various contexts.
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