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Abstract

The rapid evolution of computer science education calls for innovative strategies to
support both students and teachers to ensure equitable learning opportunities and effective
teaching methodologies. This dissertation contributes to the broader goal of improving computer
science education by proposing novel data-driven approaches to identifying struggling students
while strengthening teacher preparedness.

The first contribution of this dissertation focuses on leveraging the granularity of
keystroke data to analyze students’ programming behaviors and identify early indicators of
struggle. Programming assignments play a crucial role in developing problem-solving skills and
computational thinking; however, students — especially in introductory level programming
courses — frequently struggle with grasping the syntax and logical structure of their code
leading to high dropout and failure rates. To address this challenge, this work introduces, From
Typing to Insights, a code visualization tool that reconstructs students’ coding processes from
keystroke logs and automatically generates execution logs against unit tests at different time
intervals, offering deep insights into students’ coding habits, debugging patterns and logical
progression in problem-solving.

Building upon this, the second contribution integrates keystroke analytics with self-
reported student experiences to propose Tracklt, a novel rule-based detection system that
analyzes students’ keystroke data to classify students into different struggle categories. Tracklt
features a copy-paste detection functionality, which flags students who paste large portions of
code, including those potentially from Al-generated tools. The tool enables a more precise

understanding of students’ learning difficulties. Additionally, Tracklt, combined with the



baseline reports, helps identify the most challenging concepts in introductory programming
courses, thereby providing instructors with valuable insights to refine instructional approaches.

The third contribution shifts focus to teacher development, addressing disparities in
computer science education, particularly in rural and underserved communities. Although CS
education has expanded in recent years, access remains uneven due in large part to a shortage of
qualified instructors. We investigate how participation in a structured teacher training program
influences teachers’ professional computing identities, commitment and overall confidence and
competence in teaching computer science. Following training, the findings show that rural
teachers reported positive changes in their identities and teaching competencies and are more
likely to advocate for more students to take computer science courses. Teachers in rural areas
also showed a marked improvement in confidence and commitment to teaching computer
science.

Finally, to further understand teachers’ learning perspectives, the fourth contribution of
this dissertation conducts in-depth study of teacher reflective journals, utilizing both human
annotations and Large Language Model (LLM)-based analysis. By examining teachers’ insights
into their learning experiences, instructional challenges and educational growth, this research
contributes to the broader discourse on teacher development. These contributions present a

comprehensive framework for advancing computer science education.
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Chapter 1 - Introduction

1.1 Background and Motivation

The world economies and societies have unarguably witnessed fundamental and
remarkable transformation over the past few decades. This transformation comes with the
evolution of technological advancements, which have become part and parcel of almost every
endeavor of human lives, evident from the way we approach problems, make decisions and
create interactions among ourselves. In fact, technological advancements have shaped the
trajectory of human civilization throughout history — from the early days of material
transformation in the Stone, Bronze and Iron Ages to industrial revolutions, leading to a dramatic
shift from less than 1% of the world’s stored information in digital format in the late 1980s to
over 99% by 2012 [1].

The role of technological innovation in economic development and overall human
progress cannot be overemphasized. According to economic theories (particularly the Solow-
Swan model [2] [3]) long-run economic growth characterized by capital accumulation, labor and
population growth, innovations in products, processes and businesses which brings about better
standards of living and increases in overall productivity are largely driven by technological
processes [4]. The technological advancements have also significantly shaped the dynamics of
social life with the rapid growth of the internet and mobile technologies which have replaced the
use of time-space constrained traditional approaches to global communication, thereby bringing
about vast amounts of data [1]. In addition to the economic and social impacts, technological
advancements play a crucial role in driving sustainable development. For instance, the 2030
Sustainable Development Agenda places a high emphasis on the role of digital transformation in

achieving global sustainability goals [5].



Computer science has become the backbone of these advancements. The reliance of the
society on technology has made the role of computer science education to evolve from a
specialized field of study to a critical and broader component of education and learning in
general as more emphasis on data-driven decision making and extensive adoption of Machine
Learning/Atrtificial Intelligence (ML/AI) have led to innovations across diverse sectors — ranging
from healthcare, finance, and entertainment to sports, security, and education.

With different aspects of computer science underpinning these advancements, there is a
growing demand for the workforce in these sectors to gain expertise and become proficient in
applying computer science skills, making computer science education a crucial part of today’s
academic programs.

In response to these demands, institutions of learning across the globe are deeply
embedding computer science education in their programs to prepare students for the future. The
introduction of computer science at an early stage is crucial for developing critical skills such as
creativity, logical reasoning and problem-solving, which are requisite skills needed in a
technology driven world [6]. These competencies have been demonstrated to have positive
influence in the cognitive development of students and helps them keep pace with the rapidly
changing teaching-learning process [7].

1.2 Problem Statement

Despite the significant advancement in computer science education, many students
continue to struggle with programming, often without immediate support or intervention.
Programming skills are critical skills needed to meet the demand of today’s global technological
advancements. In fact, programming skills are essential for understanding and applying complex

concepts in data structures, algorithms, software engineering, machine learning and artificial



intelligence. However, given the rigorous nature of programming which requires a strong
foundation of logical reasoning and problem-solving skills, there is a strong need to support
students who struggle while writing computer programs particularly those who may not have had
prior exposure in computer science or who have educational backgrounds that does not relate to
computer science. While some students quickly grasp fundamental concepts and develop
confidence in problem-solving within a short time, others face persistent difficulties that tend to
hinder their progress. Challenges such as lack of understanding syntaxes, inability to debug
errors, misunderstanding of control structures, amongst others, could create significant barriers to
student learning. Detecting students’ challenges early enough allows instructors to intervene in a
timely manner [8]. This early intervention is particularly important in fundamental programming
courses wWhere the basic concepts are important for succeeding in the course. Without early
support, students may continue to face difficulties grasping the keys concepts as many
programmers, especially novices have been studied to face difficulties in understanding these
fundamental concepts, debugging errors and developing efficient problem-solving strategies [9]
[10].

Traditional assessment methods primarily rely on final exam scores, which provide
limited insights into the iterative problem-solving processes students engage while coding their
programming assignments [11]. As a result of this, students who struggle with the logic of
coding, debugging or any time of compile-time or runtime errors may nor receive the necessary
support early enough, which may lead to high dropout rates especially in introductory
programming. Moreover, grades alone provide an incomplete picture of student learning as they
only reveal the outcome but not the process of how students arrive at their solutions. This makes

it difficult for educators to pinpoint specific areas where the students struggle and offer support.



For instance, a student who has regular attendance in classes and turns in assignments on
time may have struggled while writing their programs. Without early identification of these
students and providing the necessary support and intervention, students may lose confidence in
their abilities and eventually drop out of the program, an outcome which not only affect the
student, but also the institution as it will leads to a decline in student retention and overall
effectiveness of the program.

In addition to supporting students, another important factor in the success of computer
science education is the role of teachers. Teachers are instrumental in promoting an inclusive and
effective learning environment [12], yet many educators, particularly those in rural or
underserved areas, lack the necessary training and resources to teach computer science
effectively [13]. Computer science (CS) education gained a significant amount of attention after
the publication of a disturbing report titled “Running on Empty: The Failure to Teach Computer
Science in the Digital Age” by [14], which revealed outrageously low figures for women in
computing and highlighted that more than two-thirds of the country’s population were lacking
the standards for a comprehensive computer science program at the secondary school level [15].
Consequently, countries and academic scholars began to place high values and emphasis on the
need for children to develop a strong foundation and gain fundamental understanding of
computer science [16]. This includes the development of digital tools to aid computational
thinking (a problem-solving approach associated with the field of computer science [17]) and
collaborative learning from an early age to keep pace with the rapidly changing teaching-

learning process [7].



The expansion of computer science education promises feasible results, given that
computer programming has recorded profound positive effects on the meta-cognitive ability,
reflectivity, and divergent thinking in young children [18], and when given age-appropriate
technologies, curriculum and pedagogy, young children can actively engage in learning from
computer programming and take the first steps in developing computational thinking [19].

The National Center for Educational Statistics (NCES) defines locales by four categories
- Urban, Suburban, Town and Rural. Each of these categories are broken down further into sub-
groups [20]. Although each grouping by NCES are widely recognized and used for educational
research, each category presents unique challenges [21], specifically with respect to bringing
computer science education to the rural schools, which is seen as a persistent CS educational
challenge [22]. Access to computer science education is less pronounced in schools in the rural
areas compared to their more urbanized counterparts [23]. Although Broadening Participation in
Computing (BPC) education projects have been effectively implemented in some states in the
United States of America, such as Maryland [24], California [25], and Utah [26], rural schools
are not still within sufficient reach largely due to their geographical disadvantages [27]. An
attempt to identify the implementation challenges for a new computer science curriculum in rural
western regions of the United States also revealed that the concept of computational thinking and
coding were foreign to the teachers whom required a pedagogical shift to teach CS [28]. Thus,
computational thinking needs to be incorporated in rural education as it helps to build structural
thinking, critical power and creativity [29].

In addition, understanding teachers’ learning perspectives, identity confidence and
measuring their commitment to teaching is crucial in designing and implementing impactful

teacher training programs. Additionally, the disparities in computer science education between



the urban and rural regions highlight the need for specialized training initiatives that equip

teachers with the skills and confidence to deliver high quality computer science instructions.
1.3 Research Objectives

This dissertation investigates these interconnected aspects of computer science education
and seeks to advance computer science education by addressing the mentioned challenges
through the following research objectives:

1. To develop an interactive tool that visualizes students’ code progression and identifies
error patterns using keystroke data.

2. To propose a rule-based system for detecting struggling programmers using students’
reflective report as a baseline.

3. To assess the impact of teacher training on educators’ professional identity, confidence,
competence and commitment, particularly in rural areas and evaluate how structured
training programs influence teachers’ motivation and ability to effectively teach computer
science.

4. To conduct in-depth thematic analysis of teachers’ learning perspectives from teacher

training program.
1.4 Dissertation Structure

This dissertation is structured into seven chapters and addresses specific research
objectives while ensuring a cohesive discussion of findings and implications.

Chapter 2 presents a review of the key literature that informs the development of data-
driven tools and frameworks aimed at improving student learning and teacher development in

computer science education



Chapter 3 - explores the role of keystroke analytics in computer science education,
reviewing existing literature on learning analytics and its applications. It proposes an analytical
tool — From Typing to Insights — and presents the methodologies used in the study, including
data collection, processing and system development of the tool. Key features of From Typing to
Insights include code reconstruction, external code editor integration and error correction
analysis. The chapter concludes by discussing how these insights can improve programming and
student learning experiences, as well as how instructors can best provide early intervention to
prevent massive failures or early dropouts.

Chapter 4 - builds on Chapter 3 and proposes a Tracklt, a rule-based detection system for
identifying struggling programmers using keystroke data and incorporating students’ survey
reports as a baseline for validation. It details the engineering of key features constructed from
keystroke data that serve as indicators of struggle for students in introductory programming
courses, ultimately demonstrating how keystroke logs can provide instructors with early
warnings about students at risk of dropping out or failing.

Chapter 5 - evaluates the impact of teacher training programs on teachers’ identity,
confidence, competence and commitment to the teaching profession in rural centric areas. It
begins with an introduction and overview of related work on the scarcity of CS education in rural
areas, details a theoretical framework covering identity, confidence, competence and
commitment, and describes existing computer science teacher training programs. This is
followed by detailed discussion of the data collection, research design and data analysis. The
chapter concludes with presentation of results and highlighting the impact of the training

programs on the key aspects of the teaching profession.



Chapter 6 - focuses on computer science teacher education by analyzing reflections from
teacher training programs. By comparing human and automated analyses from Large Language
Models, it uncovers key insights into teachers’ challenges, motivations and strategies in teaching
computer science concepts.

Chapter 7 - synthesizes the key findings from the dissertation and offers actionable
recommendations for improving computer science education. It also outlines future research

directions.



Chapter 2 - Literature Review

As mentioned in Chapter 1, this dissertation responds to both needs of ensuring that
students receive timely support when they struggle, and equipping teachers with the tools,
mindsets and pedagogical strategies to teach computing effectively. This chapter presents a
review of the key literature that informs the development of data-driven tools and frameworks
aimed at improving student learning and teacher development in computer science education. It
explores core areas including learning analytics, keystroke dynamics, approaches to detecting
student struggles, rule-based systems, and the evolving elements of effective computer science
teaching — identity, commitment, confidence, and competence. The bodies of work reviewed
are not only foundational to understanding the current landscape but also align with the
overarching research objectives of this dissertation.

2.1 Overview of Learning Analytics

Learning Analytics is the measurement, collection, analysis, and reporting of data about
learners and their contexts, for the purposes of understanding and optimizing learning and the
environments in which it occurs [30]. Its emergence is a response to the need for a more data-
driven approach to education by integrating different disciplines such as machine learning,
cognitive psychology, data science and statistics [31]. The overall goal of learning analytics is to
gather educational data and utilize the insightful information obtained from the data to enhance
learning, provide actionable feedback to students and guide educators towards providing
intervention to struggling students [32]. It has developed into an essential tool used by
educational institutions to enhance both student learning and how educators provide intervention

through the use of data mining machine learning and visualizations [31]. Thus, by leveraging



data mining techniques, institutions of higher education can uncover patterns hidden in student
data to provide assistance to students at risk of underperforming [33].

Beyond data mining approaches, educational institutions can leverage the power of deep
learning techniques in learning analytics. Supervised machine learning algorithms such as
Support Vector Machines (SVM), Naive Bayes, Decision Trees as well as unsupervised machine
learning algorithms such as clustering are useful frameworks for predicting student performance
and improving students’ learning outcomes [33]. The data used for learning analytics goes
beyond just student grades and attendance. Different types of data can be used to improve
educational learning outcomes. According to [34], eye-tracking data is useful for evaluating
intersubjectivity in face-to-face collaboration, log data cand be used to predict student
performance and contrition in team work for project-based learning, automated dialog data can
be used to predict the coming of newcomers in online learning. Also, other forms of multiple
forms of data such as audio, student logs, video capturing can be utilized in building Multimodal
Learning Analytics (MMLA) which is useful for automating complex assessments and providing
real-time valuable feedback especially in project-based learning. This is applicable in text
mining, students’ gesture tracking and programming analysis [35].

Learning analytics has had significant impact in the ability to analyze students’ learning
outcomes by providing valuable insights into students’ behavior and learning processes but has
not yet been fully utilized beyond small-scale studies to cover larger and more complex
education-related issues — for example, improving educational policies [36]. Although existing
policies provide valuable supports for data privacy and ethical use as well as engagement of

students, a more comprehensive policies that have more pedagogical applications [37].

10



Within the context of learning analytics, the development of the interactive tool From
Typing to Insights —which aims to analyze students programming keystroke dynamics — aligns
well with the overall goal of learning analytics by aiming at providing insights into identifying
students who might be struggling with their programming assignments and enabling instructors
to provide early and proactive interventions to avoid dropouts and failures.

2.2 Keystroke Dynamics in Education Research

Keystroke dynamics also referred to as keystroke biometrics or typing dynamics, or
typing biometrics refer to the collection of biometric information generated by key-press-related
events that occur when a user types on a keyboard [38]. The main concept behind using
keystroke dynamics as an authenticator is to detect the unique patterns that exist when a user
types on a keyboard [39]. Thus, keystroke dynamics provides granular data that gives significant
insights into students’ keystroke actions — insertions, deletions, pauses, and so on. Keystroke
patterns can also be obtained through typing games and can be used to demonstrate the potential
of identifying students’ programming aptitude especially in the early stages of taking
programming courses [40].

Another application of keystroke dynamics is the identification of students who might be
struggling in programming courses. Typing speed, typing rhythms, pauses, insertions and
deletions are features that can be used as powerful indicators of students’ programming
proficiency and performance in coding [41]. In a similar fashion, Shrestha R. [42] explored the
use of keystroke data from students in detecting struggling students by analyzing the students’
thought processes, typing and programming patterns. The analysis of the pausing behavior,
pause-frequencies of different lengths and the last keystroke action before pausing correlated

with exam scores provided insight into identifying struggling students [42].
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Keystroke dynamics also provides effective ways of predicting student performance in
courses that involve programming. In educational data mining, predicting students’ academic
outcomes — such as exam scores, mid-term exam and final grades is made possible by identifying
struggling students early in the course for effective intervention with keystroke data that can be
collected without having to place unexpected burden on the instructor. This is done by analyzing
keystroke data comprising time-on-task, typing speed and pauses [43]. The correlation between
students’ pausing behavior and learning outcomes obtained through keystroke dynamics also
provides an understanding of students’ coding strategies [44]. While keystroke data can be
modeled to predict students’ success, the models may not generalize well across different
contexts and that it could be misleading to rely solely on a single semester data [45].

Keystroke dynamics transcends identifying struggling students and performance
prediction. It also provides insight into students’ emotional states while working on
programming tasks. Emotions such as being frustrated or stressed can have significant impacts
on students’ learning outcomes. Cowley et al. [46] used a combination of keystroke data with
survey collected on students’ perceptions of difficulty to identify when programmers are in a
state of flow — defined as the mental state occurring when a person is so much concentrated on
an activity that they lose track of time and awareness of the self which can occur when the
difficulty of a task matches or slightly exceeds the individual skills [47]. Keystroke data can
provide information that signals typing patterns that are induced by stress which can be used to
detect users’ emotional states [48]. Specifically, emotional states such as confidence, hesitance,
nervousness, relaxation, sadness and tiredness have been modeled using keystroke dynamics
with a potential of identifying anger and excitement [49]. In addition, keystroke has been found

to be useful in detecting engagement and boredom. Research conducted by Bixler and D’Mello
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[50] which used keystroke data obtained from students typing three different essays from topics
across academic, socially charged issues and personal emotional experiences, found that
keystroke latency which is defined as the time interval between key presses, can be used to

model students’ emotional states.

2.3 Existing Approaches to Struggle Detection in Programming Courses

2.3.1 Survey/Interview-Based Detection

Surveys are widely used in educational research and have played a significant role in
identifying struggling students in programming courses. By collecting self-reported data, surveys
provide valuable insights into students’ perceptions, challenges and learning behaviors. These
surveys are either used independently or as complementary methods of identifying struggling
students.

One of the earliest survey-based studies on programming struggles was conducted by
Bennedsen and Caspersen [51]. Their research aimed to quantify the failure rates in introductory
programming courses by collecting data through a web-based survey questionnaire where
institutions reported pass, fail and dropout numbers along with details about course structure and
evaluation methods. This study highlights the importance of survey-based struggle detection as it
establishes a baseline for measuring student difficulties across different institutions. Self-
reported factors such as prior academic background, self-perceived programming ability and
comfort level has been used to investigate student struggle with programming courses, and
students who rated their understanding of programming concepts were more likely to succeed
where those with low self-efficiency were at greater risk of struggling [52].

Semi-structured interviews has shown that students frequently experienced frustration,

anxiety and self-doubt while completing programming tasks, which significantly impacted their
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ability to persist and succeed [53]. Surveys have been used to identify the specific programming
concepts that students find most challenging — recursion, loops and object-oriented
programming, often leading to frustration and poor performance [54].

A combination of survey data and real-time tracking of students’ learning management
revealed that many students struggle with time management, procrastination and ineffective
help-seeking behaviors, all of which leads to poor performance [55]. Gorson et al. (2021) [56]
examined the relationship between student perceptions and programming struggles and found
that many students judged their abilities based on routine programming challenges such as
encountering syntax errors and debugging issues.

Survey-based approaches to identifying struggling students enable the instructor to
capture the psychological and emotional dimensions of struggle, providing a holistic view of
student struggle through cognitive and behavioral data. In addition, by tracking students’
experiences through longitudinal surveys, instructors can get valuable feedback on the
effectiveness of teaching approaches which in turn helps instructors to refine course design and
teaching methodologies. However, self-reporting bias is a significant concern, as students may
either under-report or exaggerate their struggles. Moreover, surveys rely on periodic data
collection, which may not provide the immediate insights that keystroke tracking or learning
analytics can offer. By combining survey-based methods with other forms of struggle detection
such as keystroke analysis or real-time feedback mechanisms, instructors can develop a more
comprehensive approach to identifying and addressing students that are struggling.

2.3.2 Detection Based on Coding Behavior and Error Analysis
Error analysis has been studied as an important approach for identifying struggling

students in programming courses. This method primarily focuses on compilation and runtime
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errors, debugging behaviors and error resolution patterns, in order to detect students that exhibit
struggling habits while writing their codes. Several studies have investigated different aspects of
error-based struggle detection, which reveal insights into how students encounter and resolve
errors in programming tasks.

Altadmri and Brown [57] conducted an intensive one-year study of 37 million
compilations from over 250,000 students all over the world. By utilizing data from a diverse
range of students and institutions, the study provided a perspective on error frequencies, time-to-
fix errors and the repetition of specific mistakes. They found that syntax errors (missing
semicolons, mismatched parenthesis, confusing the assignment and equality operators) were
more pronounced among the students. They also observed that while these syntax errors decline
over time, more complex errors from semantics emerged as the students made progress.

In a similar fashion, Lundberg [58] used data from 264 students in a programming class
to develop a predictive model that could identify students who were at risk of failing the course.
The study found that students who frequently encountered the same types of errors without
resolving them were more likely to struggle.

Geng et al. [59] categorized students into different learning groups based on their error
resolution patterns. Their study divided students into categories of “Quick Learners”,
“Hardworking”, “Satisficing” and “Struggling”. The found that the “Struggling” group exhibited
high frequencies of syntax and semantic errors and took longer time to resolve the errors and
concluded that clustering students based on their debugging efficiencies and error repetition
could provide valuable insights for early intervention.

James et al.. [60] leveraged the granularity of keystroke data to study students’

programming errors and time taken to fix errors by reconstructing their code snippets using the
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keystroke data and running them against unit tests at different intervals within the duration of
writing their programs. The study revealed that most introductory programming students struggle
with syntax errors and take longer time to fix the bugs in their codes.

Understanding how students debug their code can also reveal indicators of struggle.
Repeated failure of same unit tests for more than four consecutive submissions have been
revealed as indicators of students struggling [61], with findings revealing that struggling students
often engaged in trial-and-error debugging without fully understanding the underlying problems.
Oliveira et al. [61] further found that students who did not modify their unit tests to explore
different solutions were more likely to experience persistent struggles. These results highlight the
importance of incorporating debugging behavior analysis in addition to error tracking.

In a similar study, Tabarsi et al. [62] developed a model for detecting struggle moments
by analyzing students’ code traces in open-ended programming assignments. Their model
identified struggle indicators to include long periods of inactivity, frequent re-runs of unchanged
code and repeated deletions and rewriting of code segments. However, they opined that using
open-ended assignments are less effective ways of identifying struggling students and proposed
the use of Interactive Development Environments (IDEs) with built-in analytics tools to track
students’ problem-solving processes.

While coding behaviors and error analysis provides indicators of struggle in
programming courses, they are ladened with some limitations. McCall and Kolling [63] however
examined the limitations of using compiler error messages as indicators of struggle in
programming courses. They emphasized that compiler messages often fail to differentiate

between different logical errors, thereby leading to inaccurate interpretations of students’
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misconceptions. They further argued for a more detailed classification of errors that accounts for
underlying cognitive difficulties rather than merely relying on recorded compiler messages.
2.3.3 Data Mining and Machine Learning Approaches

The challenge of identifying struggling students in programming courses has led to the
adoption of machine learning approaches in an attempt to detect at-risk students early for the
purpose of providing interventions. Various machine learning models — ranging from neural
networks, decision trees to support vector machines (SVMs) and ensemble methods, have been
developed to analyze students’ data with the goal of prediction dropouts, low performance and
the need for assistance.

Castro-Wunsch et al. [64] employed a shallow neural network model to analyze source
code snapshots in CS1 programming courses, using the number of steps required to complete the
assignment and code correctness (defined as the proportion of tests passed). The researchers
found that the neural network models were pessimistic — they often over-identified students as
struggling but resulted in fewer false negatives, where struggling students were being
overlooked. They also explored a range of Bayesian, decision tree, rule learner, along with the
neural network models and found that the performance of most of the models was fairly stable
across contexts and, more importantly, across terms in the same course.

Lokhande [65] explored deep neural networks for predicting student performance by
classifying students as low, medium and high performers. The study claimed to outperform
traditional machine learning approaches, with an accuracy of 85.4%. However, the study does
not capture any meaningful information regarding the type or source of data and does not offer

clear reasons for grouping the students.
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Long Short-Term Memory (LSTM) neural networks have also been employed for early
identification of struggling students in programming courses. Vives et al. [66] utilized LSTM
approach to predict the academic performance of 677 students’ records during the seventh,
eighth, twelfth and sixteenth week of the academic semester in order to identify students at risk
of failing the course. Due to data class imbalance, Generative Adversarial Network (GAN) and
Synthetic Minority Over-sampling Technique (SMOTE) were used to balance the data. They
reported a classification accuracy of 98.3% and performed better than Deep Neural Network
(DNN), Decision Tree (DT), Random Forest (RF), Logistic Regression (LR), Support Vector
Classifier (SVM), and K-Nearest Neighbor (KNN).

A study combining word embeddings (a Natural Language Processing technique — NLP)
and LSTM recurrent neural networks based on the premise that students’ early-stage code
resembles natural language more than formal programming syntax was carried out to predict
whether students will need assistance based on the structure of their code [67]. The research
findings showed that deep learning models can achieve expert-level performance in predicting
student struggles. However, the researchers highlighted that hand-crafted feature engineering
models are more interpretable from a pedagogical point of view.

Research by Liao et al. [68] explored a data-driven linear regression methodology for
early identification of at-risk CS1 students using clicker-based student response in Peer
Instruction (PI) classrooms. The findings indicate that by analyzing clicker response data from
Peer Instruction classes, the model is capable of classifying 70% of students as at-risk or not at-
risk by the third week of the course with a false negative rate of 17%.

Despite significant advancements in the use of data mining and machine learning

approach to identifying struggling students in programming courses, a critical research gap
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remains in the ability to provide interpretable and adaptable struggle detection for students.
While these models have demonstrated high accuracies in forecasting struggles and classifying
students, they often act as black boxes, making it difficult for instructors to actually know why a
particular student is flagged as struggling. Also, many of the machine learning models are trained
on course-specific datasets and fail to effectively transfer their functionalities when applied to
new datasets. Moreover, machine learning and data mining techniques rely heavily on extensive
historical data for training. This may not always be available in new programming courses,
which limit their applicability. When data is not sufficiently large, especially in cases of data
imbalance, the researchers (for example [66]) would resort to the use of synthetically generated

data to make up for the imbalances in the data which may not conform to the real world data.
2.4 Rule-Based Systems in Education

Several studies have explored the use of rule-based systems in computer science to assess
students’ competency levels for the purpose of providing guided feedback. Ulla et al. [69]
developed a rule-based cognitive competency assessment system that evaluates students’
programming skills using Bloom’s Taxonomy — a guide for assessing learning objectives of a
particular field across cognitive, effective and psychomotor domains [70]. The research
automatically maps written codes to cognitive skills levels (such as analyzing, applying or
understanding) and uses the mapping to quantify students’ proficiency. They found that rule-
based competency assessment aligns well with manual evaluations.

A rule-based error classification system that categorizes common programming errors
across different experience levels was developed by Shirafuje et al. [71]. The study analyzed
95,631 code submissions from an online judge system and applied regular expressions and

structured rules to classify errors into syntax, semantic and logic errors, and revealed that novice
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programmers frequently made syntax-related errors while expert programmers made more logic
errors.

Rule-based Online Judge (OJ) recommender system was introduced by Rahman et al.
[72]. The system categorizes students based on submission correctness, efficiency and
complexity by applying association rule mining, thereby identifying clusters of students and
providing recommendations. Their findings reveal that rule-based clustering can effectively
group students based on skill level.

Associative classification models based on rules performs comparatively to traditional
machine learning classifiers, as revealed in a study that utilized associative classification model

to predict student academic performance based on students’ historical coursework [73].

2.5 Core Elements of Effective Computer Science Teachers

2.5.1 Teacher ldentity

Teacher identity stands at the core of the teaching profession [74]. It is broadly defined as
being recognized as a certain kind of teacher by self or by others [75] and can be perceived as a
multifaceted construct that covers the beliefs, values, and perceptions of an individual about their
role as an educator [76]. Teacher professional identity is dynamic and changes over time based
on internal factors, such as emotion, and external factors, such as life experiences and exposure
[77]. Not only does identity provide a great framework in understanding computer science
teacher preparation and professional development [78], it is also one of the factors of
consideration for entering into the profession of teaching computer science [79].

We can therefore conclude that teacher identity plays a key role in shaping the

pedagogical approaches and overall effectiveness of a teacher. It is thus imperative to evaluate
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the impact of the teacher training program on the unique identities of the teachers under study
and how they develop.
2.5.2 Commitment

Teachers’ commitment plays a central role in the expansion and, subsequently, the
sustenance of computer science education, both on a rural and urban scale. Teacher training
supports educators by boosting their commitment and confidence in their ability to teach
computer science as well as leading students in completing course capstone projects [80].
Mentoring experiences have also been shown to build teachers commitment to computer science
education [81]. Following an instructional coaching program, teachers in underserved rural areas
looked beyond infrastructural challenge, such as wireless access, to exhibit very keen interest in
the development of computer science master teachers [82]. Essentially, efforts to provide
comprehensive professional teacher training programs are critical for ensuring teachers’
commitment and motivation to delivering efficient computer science education to students.
2.5.3 Confidence and Competence

Many K-12 teachers are new to the teaching of computer science, which requires new
disciplinary knowledge and skills. Teachers’ confidence, or self-esteem, is one of the factors that
affect teaching, and it is imperative for teachers to feel confident in their ability to deliver
computer science education [83]. Understanding teachers’ confidence level is so essential that it
allows us for adjustment of the contents of the teacher professional development program in
order to meet teachers’ needs [84]. In addition, competence in teaching computer science plays a
significant role and must be bolstered if expansion of computer science education is to be
achieved. Studies reveal that insufficient number of trained and capable teachers is a common

barrier to the broad-based adoption of computer science in secondary schools [85]. All of these
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highlight the effectiveness of professional training on teachers’ confidence and competence

whilst preparing for a career in teaching computer science.
2.6 Teacher’s Perspectives and Attitudes Toward Computer Science

A growing body of research highlights that teachers’ learning perspectives during
professional development are shaped not only by the structure and content of the training, but
also by their pre-existing beliefs, attitudes and dispositions towards the subject matter — in this
case, computer science. These attitudes do not only influence teachers’ engagement with
professional development, but also how they reflect on what they have learned and ultimately
translate that learning into classroom practice.

Prior studies have shown that teachers’ perceptions can significantly impact both the
learning process, instructional outcomes as well as participation in the training programs [86].
Early research reveals that teachers often have concerns and anxieties regarding related to the
effects of computer science instruction, particularly regarding their ability to grasp unfamiliar
technologies and allocating time for learning and integrating them into their practice [87]. Many
teachers, particularly those without a formal background in computer science, approach the
subject with hesitations that may come from a perceived difficulty of the subject, a lack of
professional preparation or misconceptions about who can or should participate in computing
[88]. For example, findings from Margolis et al. [89] revealed that teachers often hold the belief
that success in computer science requires innate intellectual or technical aptitude. This
perception reinforces the limiting assumption about who belongs in the field and can indirectly
restrict inclusive teaching practices.

Studies have also highlighted how gendered and racialized perceptions of computer

science influence teacher attitudes. Goode [90] pointed out that some educators unconsciously
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reproduce systematic barriers by assuming that students from underrepresented backgrounds may
not be interested in or capable of excelling in computing. These assumptions, though often
implicitly reflected, can limit access for students from underrepresented backgrounds by
influencing classroom expectations and curriculum choices.

Positive attitudes, on the other hand, are associated with teacher participation in
professional development programs. When teachers receive scaffolded exposure to computer
science concepts — including participation in coding workshops and communities of practice —
their self-efficacy increases, leading to improved pedagogical confidence and a willingness to
experiment their knowledge in their classrooms [91]. Moreso, when teachers are supported
across multiple academic years, their attitudes tend to evolve over time. A longitudinal study
[92] reveals that prospective teachers’ attitudes towards computer technologies — particularly
comfort and perceived usefulness — improved significantly over time with structured training and
hands-on experience, highlighting the need for continuous and consistent teachers professional
development programs.

These studies underscore the importance of understanding how teachers perceive

computer science during and after professional development programs.
2.7 Thematic Analysis in Education Research

Thematic analysis is one of the most common forms of analysis within qualitative
research. It emphasizes identifying, analyzing, and interpreting patterns of meaning (or
"themes") within qualitative data [93]. This implies that it is a suitable and appropriate technique
for learning from student experiences, curriculum evaluation, and teacher reflections by
uncovering themes in textual data. In fact, Court et al. [12] emphasized the significance of

nurturing reflective abilities among teachers undergoing professional training as it would help
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the teachers reflect on their learning in a systematic manner [12]. Essentially, thematic analysis
can be done in six steps — familiarization with the data, generating initial codes, generating
themes, reviewing the themes, naming or defining the themes, and producing a final report [93].
In a similar study, the reflective practices of pre-service teachers were analyzed using thematic
analysis which led to the development of improved self-awareness and teaching competences
[94].

Thematic analysis of reflective feedback is applicable to Engineering education. Ghosh
and Verma utilized thematic analysis in examining feedback in courses that are programming-
heavy, the result which demonstrated the potential of thematic analysis in helping with course
design and enhancing the learning outcomes of students, especially in technical fields [95]. In a
similar manner, thematic analysis has been applied to students’ reflection on pair programming
in a CS1 course where affective, cognitive, and social dimensions of the experiences of the
students were identified [96].

The increase in the volume of datasets generated from educational research has brought
about the use and combination of computational methods with the traditional thematic analysis
methods. For example, Gauthier and Wallace introduced the Computational Thematic Analysis
Toolkit, which combines computational methods and conventional qualitative techniques to
analyze a large online dataset [97]. Similarly, in [98], a system that incorporates computational
tools with thematic analysis was designed to identify textual contents through thematic analysis
of large datasets, the result of which stresses the significance of thematic analysis in handling big
dataset in research on education.

Thematic analysis goes beyond analyzing reflective feedback and teacher reflections. It

has been utilized in curriculum evaluation by assessing how well the contents of educational
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programs prepare the students to become competent. Rahman et al. achieve this feat through the

use of natural language processing to analyze a software testing course curriculum [99].
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Chapter 3 - Leveraging Keystroke Data for Code Visualization

This section is adapted from a poster [8] presented in SIGCSE 2025 and [100] accepted

to ASEE 2025
3.1 Introduction

In the field of Computer Science Education (CS Ed), programming assignments and
projects play a crucial role in fostering students’ problem-solving skills, computational thinking,
and competence. However, for many students, particularly inexperienced ones, programming can
be a difficult journey that is characterized by trial and error, moments of confusion, and periods
of frustration [101]. The novice programmers when first exposed to the world of coding, often
face a series of challenges — understanding the logic of programming, problems with debugging
errors, problems with compiling errors and runtime errors and others [102] — all of which can
hinder their learning progress. These challenges are quite common, and without adequate
support, students become discouraged thereby leading to low engagement, and in extreme cases,
withdrawal from the course [103]. Computer science educators often resort to assignments and
examination scores to assess students’ level of understanding [104], which often results in late
and untimely intervention that could prevent early dropouts and high failure rates. Early
identification of when and why students are struggling during the process of coding is essential
for both timely intervention and effective teaching [105]. This is particularly important for large
classes, where individualized attention is practically impossible [106].

To address this problem, we develop and evaluate an analytical tool From Typing to
Insights that leverages keystroke data to identify struggling students by reconstructing and

visualizing their coding process. The basis for the functionality of the tool is the interaction of
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students with their programming assignments through keystroke dynamics, which will offer
significant insight into their thought process and general coding habits.

Keystroke data, which captures granular details about students’ coding processes such as
insertions and deletions, offers a great wealth of information for understanding how students
approach problem solving. The application also tests students’ code snippets against unit tests to
evaluate code correctness and functionality. This chapter therefore seeks to provide answers to
the following research questions:

1. How can keystroke data be effectively utilized to understand analyze students’
programming behaviors and identify indicators of struggling for early intervention?

2. How can code execution logs and error reports enhance teaching and learning experience
in programming courses?

By addressing these questions, this research aims to contribute to the broad issue of data-
driven interventions in CS education by providing actionable insights for both educators and

learners.
3.2 Comparison of From Typing to Insights with Existing Tools

Existing research studying programming behaviors has focused primarily on students’
compilation behaviors rather than the entire programming process. One notable study is the work
by Jadud [20], which introduced a compilation behavior analysis tool to track how novice
programmers interact with the compiler in the BlueJ Integrated Development Environment
(IDE). This tool collects data only when students compile their code, and provides insights into
students’ edit-compile cycles, focusing on the frequency of compilation attempts, time spent
between compilation errors and most common compilation error occurrences. The proposed

keystroke analytics tool differs by capturing every keystroke event rather than relying on
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compilation snapshots. It continuously collects records on insertions, deletions, monitors pauses
and error corrections, thereby showing how students progressively develop their code before
attempting to compile it. This makes it possible to detect when a student is struggling, even
before attempting to run their code.

One of the key contributions of Jadud’s study was the introduction of the Error Quotient
(EQ) — a metric for quantifying how much a student struggles based on the frequency of syntax
errors across multiple compilations [107]. However, students who hesitate, or delete and rewrite
their code multiple times without compiling, may not be flagged as struggling even though they
are experiencing difficulties. The proposed keystroke tool improves upon the Error Quotient
approach by providing more struggle indicators such as frequent deletions, erratic patterns of
code progression, and tracking the time students spend resolving specific errors.

The proposed keystroke analytics tool also builds on the capabilities of CodeBench - a
learning analytics system designed by Pereira et al. [31] to analyze students’ interaction with an
Online Judge system. CodeBench focuses on an automated assessment of students’ programming
assignments by collecting fine-grained data on keystrokes, number and correctness of
submissions and time spent in the IDE. While CodeBench provides valuable insights into
students’ submission behaviors and the effectiveness of their problem-solving approaches, it’s
focus on submission-based evaluation contrasts it from the keystroke analytic tool. The proposed
tool goes beyond submission-based analysis to reconstruct the entire coding process, thereby
providing deeper insights into students’ coding behaviors, point(s) of struggle and debugging
strategies.

Another fundamental difference between the CodeBench and the proposed tools is in

error analysis and debugging insights. CodeBench primarily evaluates final code correctness
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through automated test cases and employs machine learning and clustering techniques to classify
students into performance categories. This does not track the intermediate steps students take to
debug their programs, nor link error messages to specific keystroke events. The proposed tool
addresses this gap by tracking error correction timelines, which allows an in-depth analysis of
how students attempt to fix program errors over time.

The proposed keystroke analytics tool shares similarities with CodeProcess Charts [25] in
that both tools aim to provide insights into students’ programming behaviors by analyzing their
code processes rather than just final submissions. However, while CodeProcess focuses primarily
on visualizing the evolution over time, the proposed tool extends beyond visualization to provide

keystroke-based struggle detection, error analysis and debugging insights.

3.3 Methodology

3.3.1 Data Collection and Description

The data was collected from Codio [108], an online learning platform that is specifically
designed for programming and computer science courses. Codio provides an Integrated
Development Environment (IDE) where all actions of the students are logged while working on
coding problems. The platform provides a rich source of fine-grained data about the students
coding habits and strategies, behaviors and struggles for the entire duration of writing the
programs. Table 3.1 shows the attributes of the Codio data while Figure shows a sample of the

data along with skeletal starter code generated by Codio.
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Table 3.1. Keystroke Data Attributes

Column Description
Date Contains the exact timestamp in the 1ISO
8601 format (for example 2022-09-
05T00:13:53.6982) and records when an
event occurred.
Position Shows the cursor position where character
insertion or deletion happens.
Insert Defines the character or lines inserted at
the specified position.
Delete Defines the number of characters deleted
by the student at the specified position.
Version An integer value that represents the
version of the code at that timestamp.
User An identifier for each student that works
on the program. There is an
“internalReload” user that represents an
automatically generated action provided
by Codio.
date pogtion delete insert version  user .
2022-08-27T05:02:10.110Z 0 0 import sys 0 internal#reload import sys
2022-08-27T05:02:26.4002 96 1 Student 1 class HelloWorld:
2022-08-27T05:02:38 5102 105 P 2 Sudent 1
2022-08-27T05:02-38 57772 105 1 3 Student 1
2022-08-27T05:02-39. 6557 105 p 4 Sudent 1
2022-08-27T05:02:39.6557 106 r 4 Student 1 @staticmethod
2022-08-27T05:02-40.3647 107 i 5 Sudent 1
2022-08-27T05:02:40.364Z 108 n 5 Student 1 def main(args):
2022-08-27T05:02:40.364Z 109 t 5 Student 1 '
2022-08-27T05:02:42.003Z 110 0 6 Student 1 # Your code below
2022-08-27T05:02-42 5027 11 7 Student 1
2022-08-27T05:02-42 5807 112 H 8 Student 1
2022-08-27T05:02-42 6802 113 e 9 Student 1
2022-08-27T05:02:42. 7732 114 | 10 Student 1 BY d b
2022-08-27T05:02:43. 5427 115 | 11 Student 1 our code above
2022-08-27T05:02:43.5427 116 0 11 Student 1 , " -
2022-08-27T05:02-44 6437 117 12 Student 1 if __name__=="__main_"
2022-08-27T05:02-44 6432 118 w 12 Sudent 1 .
2022-08-27T05:02:44.6437 119 o} 12 Student 1 HelloWorld.main(sys.argv)
2022-08-27T05:02:44.643Z 120 r 12 Student 1
2022-08-27T05:02:45. 7327 120 1 13 Sudent 1
2022-08-27T05:02:45.7322 19 1 13 Student 1

Figure 3.1. Sample Keystroke Data and #InternalReload Skeletal Code
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3.3.2 Data Processing

Effective data processing is essential for the usability of the application. Data processing
involves two steps: file extraction and directory parsing implemented using Python programming
language using Visual Studio Code IDE.

Initially, instructors upload a ZIP file containing the students' keystroke logs, which is
then extracted and organized in a temporary directory to prevent conflict with existing files. The
application validates the data extracted to ensure that the supported file formats are included. The
directory parsing involves identification of the students' assignment folders and anonymizing the
student names. The application handles errors by flagging empty or unsupported file types,
which ensures that the data remains intact and usable for further analysis.

3.3.3 System Development and Design

The development of the From Typing to Insights analytical tool combines several
components — reconstruction of code progression, error detection, visualization and generation
of code execution logs, into a cohesive system. The components work together to transform the
raw keystroke data into interactive insights that help instructors analyze students’ coding
behaviors and challenges.
3.3.3.1 Reconstruction of Code Progression

Code reconstruction is the core functionality that transforms the students’ raw keystroke
data into code snippets at each recorded timestamp. As a student types and deletes characters,
each action is recorded with an associated timestamp, position index and the inserted or deleted
text. These events are chronologically applied in the order executed by the student to preserve

the natural flow of the code progression and stored in an empty code buffer.
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Q

T localhost 850

Select a student:
Student 1
Student 2
Student 3
Student 4
Student 5
Student 6

© Student?
Student 8
Student9
Student 10
Student 11
Student 12
Student 13
Student 14
Student 15

X

@ localhost:8501

Student Names

Select a student:

Student 1
Student 2
Student 3
Student 4
Student 5
Student &
© Student7
Student 8
Student 9
Student 10
Student 11
Student 12
Student 13
Student 14

Visualization of Students Coding
Processes

Upload a ZIP folder

Drag and drop file here
8 P Browse files
module-3-boolean-logic.zip 255.4 X
Selecta py.csvor java.csvfile
TwentyQuestions.py.csv v
Navigate through dates
[ ]
] 359
undefined

Send to Code Editor

Figure 3.2. Interface Showing File Upload and Slider

Visualization of Students Coding
Processes

Upload a ZIP folder of assignments

Drag and drop file here Browse files

module-1-hello-world.zip ¥ X

Upload a ZIP folder of unit tests

Drag and drop file here Browse files

helloWorldTest.zip : X

Files extracted successfully.
Select a.py.csv or java.csv file

HelloWorld.py.csv

Figure 3.3. Interface Showing Unit Test Upload Functionality

The reconstruction algorithm iterates through each event, modifies the code

h = & | -p O

Deploy

m = G

representation according to the inserted or deleted text, and saves the resulting state at each
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timestamp. This approach yields a complete timeline of the code evolution, thereby enabling the
instructors to examine the sequential and incremental development of students’ solutions and to
pinpoint the exact moments when the individual student encountered challenges or appeared to
be struggling.

The constructed code snippets are displayed using Prism.js for syntax highlighting,
providing a visually accessible representation of the code. Once the code snippet is
reconstructed, the application associates each state with its timestamp. The timestamps-to-code
snippet matching is stored in a list of (timestamps, code-snippet) tuples. A slider/progress bar is
constructed within the interface to allow the instructor to move seamlessly through the code
evolution, thereby offering the flexibility of jumping to any point in time, revealing changes line
by line and observing the students’ approaches and how it shifts throughout their entire problem-

solving process as shown in Figures 3.4 and 3.5.
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2022-09-01 19:44:06.041 2022-09-01 20:41:57.447

Student Names Code asof: 2022-09-01 19:49:47.765

Select a student:
Student 1 mport sys
Student 2
Student 3
Student 4 @sta
Student 5 jef main(args
Student 6 2 Eargs
© Student7
Student 8 z=x
Student 9 rant
Student 10
Student 11
Student 12
Student 13

Student 14 if __name__
Student 15 TwentyQuestions.main(sys.argv

lass TwentyQuestions

Figure 3.4. Interface Showing Slider Movements and Corresponding Code Snippets

3.3.3.2 Interfacing with External Code Editor

The application integrates error detection by interfacing with an external code editor
execution environment shown in Figure 3.5. The development of this interactive code editor
involves combining Flask and Flask-SocketlO to create a dynamic user-friendly platform for
writing and executing code in real time. The front-end is built with HTML and styled with CSS
and Bootstrap to ensure a responsive design. The back end uses Flask as the primary framework
for handling HTTP requests and responses, while Flask-SocketlO enables the bi-directional

communication.
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The user interface as shown in Figure 2.4 includes a dual-pane layout: one for the code
editor and another for displaying execution results. Additional fields are provided for entering
command-line arguments and simulated user-input. A “Run Code” button triggers the execution

of the code.

G O 1270015000
Interactive Python Code Editor

import sys
True

class TwentyQuestions:

@staticmethod
def main(args):
x = int(args[1])

1
2
3
4
5
6
7

9

10 Z =X ==

11 print(z)

12

13

14

15

16

17

18 - if __name__ == "__main__":
19 TwentyQuestions.main(sys.argv)
20

Arguments:

7

Input:

Enter simulated user input here

Figure 3.5. Interaction with Code Editor

3.3.3.3 Unit Test Integration and Code Execution Logs

In addition to merely detecting compilation or syntax errors by interfacing with the
external code editor, the application extends its functionality to provide a comprehensive and
interactive environment. This includes the integration of execution logs associated with a series
of unit tests, which helps to ensure that the students’ code performs as expected across various
conditions. These unit tests can be simple outputs or a combination of inputs and their expected

outputs, depending on the requirements of the assignment. These unit tests are loaded into the
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system (Figure 3.3) and are tailored towards verifying that the logic of the students’ code

behaves as expected. If input files are present, the application passes them as command-line

arguments and the outputs are captured and compared against the expected results, revealing any

discrepancies.

Also, as part of the process, the system continuously tracks the pass/fail status of each

test case and generates detailed execution logs that provides useful feedback as shown in Figure

3.6. Runtime errors, syntax errors or logical mismatches are detected during execution.

Choose timestamp for test run:

2022-08-27 05:10:58

Running Consolidated Tests...

Consolidated Results for All Unit Tests

Timestamp

2022-08-27 05:02:40
2022-08-27 05:02:40
2022-08-27 05:02:40
2022-08-27 05:02:42
2022-08-27 05:02:42
2022-08-27 05:02:42
2022-08-27 05:02:42
2022-08-27 05:02:42
2022-08-27 05:02:43

2022-08-27 05:02:43

Code Snippets
import sys clas
import sys clas
import sys clas
import sys clas
import sys clas
import sys clas
import sys clas
import sys clas
import sys clas

import sys clas

Pass Count

0

0

Fail Count

1

1

Execution Status

Error

Error

Successful Executi

Successful Executi

Successful Executi

Successful Executi

Successful Executi

Successful Executi

Successful Executi

Successful Executi

Figure 3.6. Execution Logs with Unit Tests
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3.3.3.4 Error Correction Times

The application includes a feature that tracks error correction times by recording when

each error occurs, when it is resolved, the type of error, and the duration taken to fix it —

offering a detailed time of the debugging process. For example, as shown in Figure 3.7, syntax

errors such as “unterminated string literal” were logged with their timestamps, and the

application automatically computed the time it took for the student to resolve the issue. This

feature was implemented by capturing error events during code execution, which were then

linked to students’ subsequent keystrokes to determine when the errors were corrected.

Error Correction Times

2

Error Timestamp

2022-08-27 05:02:10-

2022-08-27 05:02:52:

2022-08-27 05:02:54-

2022-08-27 05:11:16

2022-08-2705:11:18

2022-08-27 05:11:34

2022-08-27 05:12:29-

2022-08-27 05:13:26:

2022-08-27 05:13:42

2022-08-2705:15:13

& Q

Resolution Timestar Error Details Time to Fix
2022-08-27 05:02:40 File "C:\Users\frida\AppData'\Local\Temp\tmp4al 30.254
2022-08-27 05:02:52 Traceback (most recent call last): File "C:\Users\f 0
2022-08-27 05:02:54 File "C:\Users\frida\AppData'Local\Temp\tmpnw 0
2022-08-27 05:11:17 Traceback (most recent call last): File "C:\Users\f 1.095
2022-08-27 05:11:19 Traceback (most recent call last): File "C:\Users\f 0.464
2022-08-27 05:11:35 File "C:\Users\frida\AppData'Local\Temp\tmpaht 1.517
2022-08-27 05:12:29 Traceback (most recent call last): File "C:\Users\f 0.602
2022-08-2705:13:33 File
"C:\Users\frida\AppData\Local\Temp\tmpmayakze5\student_cod

2022-08-27 05:13:44 &Y line 11

print("And \"This Line\")
A

2022-08-27 05:21.4 SyntaxError: unterminated string literal (detected at line 11)

Figure 3.7. Error Correction Times
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3.4 Discussion of Results
3.4.1 Understanding Students’ Programming Behaviors and Potentially Identifying

Struggling Students

The analysis of students’ keystroke data provided a comprehensive understanding of
students’ programming behaviors by reconstruction of their coding processes. The tool provided
a clear progression of how the students’ code evolved over time. Instructors could observe
problem-solving approaches that led to final implemented solutions. Struggling students
demonstrated erratic patterns of coding with frequent rewrites and a seemingly uncoordinated
approach to writing their code.

The analysis revealed that extended pauses over time as well as frequent backtracking
were indicative of confusion or difficulty with the assignment. Students who struggled displayed
longer hesitations and tended to delete large portions of code before rewriting. These behaviors,
if detected early, can enhance timely intervention. The timeline slider enabled the instructors to
identify the students who consistently approached the programming problems in a well-
coordinated manner versus those who relied on a trial-and-error approach. This helps the
instructor make clear distinctions between high-performing and struggling students without
having to wait for final grades, which would make timely intervention practically impossible.
3.4.2 Enhancing Teaching and Learning Through Code Execution Logs and Error

Reports.

The integration of automatic code execution logs and unit tests provided critical insights.
The tool provided error tracking by capturing syntactical, logical, and runtime exceptions as they
occurred at intervals of five minutes. Based on this, instructors could pinpoint common

stumbling blocks and provide early intervention. In addition, keystroke execution logs revealed
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trends that informed instructional and pedagogical strategies. Instructors could identify recurring
issues such as common syntax errors, or a more widespread misunderstanding of specific areas
of the course materials since the analysis is done on a module-by-module basis. These provide a
basis for instructors to refine course content and teaching strategies to better align with the needs
of students. For example, if a significant proportion of students failed the same test case, it
suggests that the underlying concept required further explanation or a change of the teaching
method.

The tool also tracks the time that students spend correcting their errors. This provides
insights into how quickly students observe and resolve coding issues as they work on
programming tasks. Students with extended error resolution times are perceived by the tool as
displaying struggling behaviors. By tracking the duration and frequency of error corrections,
instructors can gain insight into students’ debugging strategies.

Furthermore, by integrating unit tests with keystroke analysis, the tool enables the
instructors to dynamically assess code correctness. The pass/fail rates of the unit tests are clear
measures of students’ progress.

3.5 Ethical Considerations

Given the focus of this research on student data collection and analysis, the study adheres
to established ethical guidelines in order to protect the students’ privacy and maintain data
security. This research has been approved by our University’s Institutional Review Board (IRB),
ensuring that all data collection and analysis comply with ethical standards for human subject
research. The tool operates locally, and no data processing or analysis is transmitted to external
servers or third-party platforms. This ensures data security and prevents unauthorized access to

student keystroke logs. To further protect the students’ privacy, all identifying information is
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fully anonymized before processing and analysis. The tool replaces the students’ user IDs with
generic identifiers (student 1, student 2, etc.). However, this anonymization is for research
purposes only. The instructors utilizing this tool will have access to student information to be

able to provide early intervention where necessary.
3.6 Scalability and Generalizability

This tool is currently designed to analyze keystroke data from the Codio learning
platform. The underlying methodology and data processing can be extended to other Integrated
Development Environments (IDEs). A key step in enhancing the tool’s scalability is the current
development of a plugin for Visual Studio Code (VS Code) which will allow keystroke tracking
of student data similar to that of Codio. The plugin will capture similar keystroke logs, including
insertions, deletions and timestamps. This integration will allow use of this tool beyond Codio.
The tool has the ability to scale effectively in large classroom settings. While the tool has been
primarily tested on Python and Java, it is designed to make it adaptable to any programming
language where keystroke logs can be obtained. Because the tool operates based on universal
keystroke actions which are not language-dependent, the tool can be utilized to visualize code

progression and generate automatic error reports across code snippets at specific timestamps.

3.7 Limitations

While From Typing to Insights provides valuable insights into students’ coding behavior
— inferring potential struggle through visual observation of patterns such as frequent deletions,
prolonged pauses, repeated errors or long error correction times — it does not, in isolation,
capture whether these struggles stem from external distractions or non-cognitive factors. To

address this limitation, the next phase of this dissertation, as detailed in Chapter 4, integrates
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keystroke data with self-reported reflections from students. This combined dataset serves as a

baseline for a rule-based detection system, offering a more holistic assessment of struggle.
3.8 Summary

This research introduces a keystroke analytics tool designed to enhance programming
education by tracking and analyzing students’ coding behaviors at a granular level. The tool
leverages keystroke dynamics to reconstruct students’ code evolution, providing instructors with
insights into problem-solving approaches, debugging strategies and potential points of struggle.
Unlike traditional assessment methods that rely on final code submissions or compilation logs,
the tool continuously captures keystrokes, insertions, deletions, pauses and error correction
times, allowing for detection of struggling students. The research is structured around two
primary research questions: The first explores how keystroke data can be effectively used to
understand students’ programming behaviors and identify struggling students for early
intervention. The second research question examines the role of code execution logs and error
reports in improving programming instruction. The tool integrates automated unit tests and
execution logs, tracking syntax, runtime and logical errors. The research compares the tool to
existing educational technologies such as BlueJ and CodeBench. The study acknowledges the
limitation of not accounting for possible external distractions that might make a student struggle
with programming code. Self-reported data is being collected to serve as a baseline performance
metric to refine the struggle detection mechanism.

The next chapter builds directly on this foundation by introducing Tracklt — a rule-based
system that leverages both keystroke analytics and self-reported reflections to more robustly

detect and understand student struggles.
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Chapter 4 - Tracklt: A Rule-Based System for Detecting Struggling

Programmers

4.1 Introduction

This chapter proposes a rule-based system, Tracklt, that integrates keystroke data with
self-reported student survey responses to identify struggling students. Keystroke data has
emerged as a powerful approach for capturing coding behaviors and identifying students who
have difficulties, based on the granular nature of the data. By examining the keystroke dynamics
such as typing speed, frequency of deletions, pauses and code reconstruction, it becomes possible
to make an inference of the level of confidence, frustration and hesitations students experience
during programming tasks. Nevertheless, while keystroke data can reveal insightful patterns, the
interpretation of the results is complex and requires complementary data sources to validate
inferences about the student struggles or confidence. The survey serves as a baseline to assess the
key dimensions of student experience, including the time taken to complete a programming
assignment, self-reported struggles, specific areas of difficulty and perceived confidence while
writing their codes. By combining these reports with keystroke-based indicators, the tool aims to
automatically identify struggling students and group them into meaningful categories.

This chapter therefore builds upon the interactive code visualization framework
introduced in Chapter 3 by focusing on struggle detection, thereby providing a more
comprehensive methodology for designing and implementing a struggle detection system. It
explores the interplay between keystroke dynamics and self-reported student experiences, the
development of rule-based criteria for struggle classification and the validation of the system’s

effectiveness in correctly identifying struggling students.
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This approach will equip the instructors with a data-driven tool for identifying and
supporting struggling students as the system proposes a holistic approach to improving the
learning outcomes in programming courses. This chapter therefore aims to provide answers to
the following research questions.

1. What patterns in keystroke behavior are the most significant indicators of struggling
students?

2. How does self-reported student feedback compare to keystroke-based indicators in
identifying struggling students?

3. What are the major areas/concepts in fundamental or introductory level programming

courses that are most challenging to students?
4.2 Rationale for Adopting Rule-Based System Over Machine Learning

Detecting struggling programmers using keystroke data requires a carefully selected
methodology that aligns with the nature of the available data. Although machine learning and
deep learning techniques have been widely applied in educational data and learning analytics in
general, these methods typically rely on large, well-structured and labelled datasets. In this work
however, the dataset is relatively small, making a rule-based system a preferred choice. Unlike
the machine learning models which depend on large amount of training data to identify patterns,
the rule-based approach can effectively work with limited data by leveraging domain expert
knowledge and related work to detect struggling behaviors in programming assignments.

An important advantage of using the rule-based approach is its adaptability across
different coding platforms. Keystroke behaviors such as frequent deletions, long pauses and
exhibition of repeated errors remain consistent indicators of struggle, irrespective of the

Integrated Development Environment (IDE) being used. If the keystroke data is available in a
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compatible format, the same rule-based logic can be applied across multiple platforms without
any major modifications. This ensures that the system can be expanded to other widely used

platforms such as Visual Studio Code, PyCharm, Jupyter Notebook etc.
4.3  Methodology

This section provides details on the research design, data collection methods,
implementation and analysis techniques employed in the design and evaluation of Tracklt. To
establish the reliability of the tool, its struggle detection and classification is compared with
student self-reported survey responses to understand its performance and limitations.

4.3.1 Research Design

This study uses a mixed-method approach that integrates quantitative analysis of the
keystroke data and both quantitative and qualitative analysis of the survey responses. The goal of
combining these two data sources is to provide a more holistic understanding of student struggles
and assess how well the system aligns with self-reported experiences. The study is therefore
designed to analyze survey responses of students in order to measure self-reported struggle as
well as develop a set of pre-defined rules to classify students into struggle levels by using a
weighted scoring system.

4.3.2 Participants and Course/Assignment Context

The study used an introductory programming course designed for students with little to
no prior programming experience in python, with about 40 students enrolled in the course. The
course focused on fundamental programming concepts, with the programming assignments
consisting of structured Lab-based activities where students wrote, tested and debugged Python
programs in Codio interactive coding environment, as well as and more detailed homework

assignments (Tables 4.1 and 4.2). Each Lab assignments consist of one or more exercises.
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Table 4.1. Lab Assignments and Coverage

Lab Assignment Description/Coverage

Lab 1: Basic Python Variables, printing and code tracing

Lab 2: Numbers and Math Data types and math operators

Lab 3: Strings and Input String operators, formatting, numerical and

string input, complex statements

Lab 4: Booleans and Conditionals Boolean operators, Boolean comparators, if,

if-else, general branching

Lab 5: Nested Conditionals Chaining and nested conditionals, block and
scope

Lab 6: Loops For and while loops

Lab 7: Nested Loops Nested For and While loops

Lab 8: Functions Basics of functions, parameters and

arguments, return statement

Lab 9: Lists Loops with list, lists slicing and strings as
lists

Lab 10: Dictionaries Loops with dictionaries, functions with
dictionaries
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Table 4.2. Homework Assignments and Coverage

Homework Assignment

Description/Coverage

Homework 1: A simple compound interest

calculator

Variables, Data Types, User Input, Math

Operators, String formatting and Output

Homework 2: A simple cash register
application to manage transactions, calculate

tax and make changes

Boolean Logic, Conditional Statements and

Mathematical Operators

Homework 3: Building a Finite State Machine

that simulates a real-life vending machine

Boolean Logic, Conditional Statements,

Loops, Nested Loops and User Input

Homework 4: Decision Tree — Identifying

creatures in a garden

Nested Conditional Statements, Handling
User Input, Functions, Parameters, Argument

and Return

Homework 5: Implementing a Shift Cipher to

encode and decode texts/messages

Lists, Nested Loops, User Input, Functions,

Parameters, Argument and Return

4.3.3 Data Collection and Description

4.3.3.1 Baseline Survey Data for Self-Reported Struggles

To establish a ground truth for struggle classification, a structured survey was

administered immediately after the students completed their assignments. The survey aimed to

capture the students’ experiences of difficulty, struggle, confidence and specific areas of

struggle, while also accounting for the time taken to complete their assignments. The survey

included both quantitative and qualitative quest

(Table 4.2).

ions to assess multiple dimensions of struggle
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Table 4.3 Survey Structure and Questions

Survey Section Description Scale/Format

Name Identifies the student Open-ended text entry

(anonymized for analysis)

Perceived Difficulty Rating How difficult was the 1(Very Easy) — 5 (Very
assignment? Difficult)
Completion Time Time taken to complete the Numeric Entry (in minutes)
assignment
Struggle Rating How much did you struggle? | 1(Not at all) —5 (Struggled a
lot
Most Struggled Area Which part of the assignment | Open-ended text entry

was most difficult?

Confidence Level How confident are you in 1(Not confident at all) — 5

completing the assignment? (Very confident)

Each survey question was designed to capture different aspects of student struggle. The
perceived difficulty rating serves as an indicator of the perceived cognitive load associated with
the programming task and aims to provide insights into whether the students experienced the
assignment as manageable or overwhelming. The struggle rating captures the actual engagement
and problem-solving efforts of the students and reports whether the students find themselves
stuck, making repeated errors or having to consult external resources and assistance. The
completion time measures the time commitment to solving the assignment and indicates whether
the students complete the assignment quickly with minimal struggle — suggesting understanding

and efficiency. The confidence level further provides insight into students’ self-efficacy.
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Comparing this with the struggle rating and completion times determines whether struggling
students tend to lack confidence in their work.

In addition to these quantitative measures, the survey included open-ended responses to
gather qualitative insights on the specific areas of the assignments that students found most
challenging. This allows for deeper thematic understanding and analysis of common
programming obstacles and is essential in identifying whether students struggle more with
syntax, logic, conceptual understanding or have trouble with the programming platforms. By
incorporating these diverse parameters into the survey, the study constructs a comprehensive
baseline for student struggles, which is used to validate the performance of Tracklt, ensuring that

the tool correctly identifies students who report high struggle levels

4.3.3.2 Keystroke Data

Keystroke data was collected from Codio, the learning platform where students write
their codes. Description of the attributes of the keystroke data is as discussed in Chapter 3,
Section 2.4.1. The data comprises a total of 547 student keystroke logs from Lab assignments
and 130 from homework assignments. Each Lab assignment includes at least one programming
exercise, and for every exercise attempted, the keystroke logs were collected.
4.3.4 Data Processing
4.3.4.1 Preprocessing of Keystroke Data

Before applying the rule-based classification, the raw keystroke data was preprocessed as
follows:

e Timestamp conversion, to ensure that all times are in a uniform format of Day, Hour,

Minutes, Seconds.
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e Anonymization of students usernames by creating pseudonyms to replace the student user
ids (except for the “internal#reload” events — which represents instructor-supplied starter
codes).

e The time differences between the keystrokes were also computed, with the aim of helping
to identify pauses while programming.
4.3.5 Features Extraction for Keystroke Data Analysis
In order to assess student struggles effectively, Tracklt extracts a range of keystroke
features that provide insight into students’ programming behaviors. These features are meant to
capture cognitive load, problem-solving efficiency, hesitation patterns and overall engagement
with the programming task. This enables the tool to infer how frequently a student is writing
codes, how often they pause, how frequently they correct errors and ultimately, whether they
exhibit any signs of struggle or complete disengagement from writing the programs. The features
extracted are grouped into time-based features, pause classification features and typing and
editing behavior features.
4.3.5.1 Time-Based Features
e Total Duration: This represents the entire period a student spends writing their code,
from the first recorded keystroke to the last. It includes active typing, pauses, debugging
efforts, deletion actions and all keystroke activities related to the completion of the
programming task.

Total Duration = Tepg — Tstart +-vvn--- Equation 4.1. Total Duration
Where:

Tstare 1S the timestamp of the first recorded keystroke

T.,q is the timestamp of the last recorded keystroke
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A short duration may indicate that a student completed the task quickly with confidence
but could also mean that the student turned in the assignment out of frustration from
struggling with it. In the same way, a long duration could suggest that the student spent
time hesitating, debugging difficulties or excessive trial-and-error attempts.

Total Pauses: This represents the cumulative time when no keystrokes were recorded.
That is, the student was either thinking, planning, debugging or disengaged from the
assignment.

Total Pauses = X(T, = Ti_1) -..... Equation 4.2. Total Pauses
Where:

T; and T;_, are consecutive keystroke timestamps
Here, only pauses greater than 2 seconds are considered, for the purpose of classifying
pauses. A high total pause time relative to the duration of completing the task could
suggest that the student is spending significant time deliberating or struggling.
Idle Time Ratio: This quantifies the proportion of the student’s total coding session
spent pausing rather than actively typing or making code modifications. It serves as an
indicator of struggle as excessive idle time may suggest that the student is encountering

difficulties in progressing through the coding task.

Total Pause Time

Idle Time Ratio (ITR) = ... Equation 4.3. Idle Time

Total Coding Session Duration

Ratio
Where:

Total Pause Time is the cumulative time during which no keystrokes were
recorded as defined in Equation 4.2
Total Coding Session Duration represents the total time from the first

keystroke to the last keystroke in the session as defined in Equation 4.1
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4.3.5.2 Pause Classification Features

To better understand student hesitation and engagement levels, Tracklt categorizes the

pauses into different ranges based on their duration. Each pause type reflects a different level of

problem-solving effort and struggle. This work draws from pause categorizations of [109], which

were based on studies by [110], [111], [112] to create five key pause categories:

Micro Pauses: Micro pauses represent brief interruptions in typing that might just be
small hesitations. This could be the student thinking about syntax, recalling function
names or planning their next step. The micro pauses are natural and are often expected in
programming.

Micro Pauses = }(T, —T;_1), 2 < (T; — T;_1) <15...Equation 4.4. Micro Pauses
Where:

T; and T;_, are consecutive keystroke timestamps

Only pauses between 2 and 15 seconds are counted
While a moderate number of micro pauses are expected in fluent programming, an
excessive number of micro pauses may indicate lack of familiarity with syntax or
uncertainty in writing the code.
Mild Pauses: Mild pauses occur when a student stops typing for longer than 15 seconds
but less than 2 minutes (120 seconds). These often happen when students are consulting
notes, reviewing instructions or debugging minor issues.

Mild Pauses = (T, —T;_1), 15 < (T; — T;_1) < 120... Equation 4.5. Mild Pauses
Where:

T; and T;_, are consecutive keystroke timestamps

Only pauses between 15 and 120 seconds are counted
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A few mild pauses are normal especially when debugging. However, a high frequency of
mild pauses may indicate lack of understanding or difficulty recalling programming
concepts.

e Short Pauses: Short pauses refer to gaps between 2 and 3 minutes, often resulting from
students strategizing or rethinking their approach to the problem.

Short Pauses = Y(T; —T;_1), 120 < (T; — T;_4) < 180...Equation 4.6. Short
Pauses

Where:
T; and T;_, are consecutive keystroke timestamps
Only pauses between 120 and 180 seconds are counted
A few short pauses may be beneficial as they indicate thoughtful coding. On the other
hand, too many short pauses may suggest difficulty in structuring the programming
solution.

e Mid Pauses: Mid pauses indicate longer hesitations lasting between 3 and 10 minutes.
This often results from the student being deeply stuck, debugging a complex issue or
searching for external resources (for example, searching through Stack Overflow, course
materials, referring to previous lab solutions etc).

Mid Pauses = Y.(T;— T;_1), 180 < (T; — T;_1) <600... Equation 4.7. Mid Pauses
Where:

T; and T;_, are consecutive keystroke timestamps
Only pauses between 180 and 600 seconds are counted
While a couple of mid pauses may indicate debugging efforts, frequent mid pauses are

strong indicators of struggle.
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Long Pauses: Long pauses occur when students stop interacting with the code editor for
over 10 minutes. This is an indication of total disengagement, suggesting that the student
may have abandoned the assignment, become frustrated or lost confidence and
motivation to continue with the programming task.

Long Pauses = Y(T, —T;_1), (T; — T;_1) 2600...Equation 4.8. Long Pauses
Where:

T; and T;_, are consecutive keystroke timestamps
Only pauses that last at least 600 seconds are counted
A single long pause is concerning, especially if it is not followed by any significant code

edits. Multiple long pauses indicate severe struggle or disengagement.

4.3.5.3 Typing and Editing Behavior Features

Typing and editing behavior features focus on how students interact with the code editor,

including how frequently they type, how often they delete characters and how efficiently they

make corrections.

Total Insertions: This indicates the number of characters added to the code during the
session and includes both the new code and rewritten code after deletions, not
considering characters that come from instructor-provided starter codes.

Total Insertions = ) C ... Equation 4.9. Total Insertions

Where:

insert

Cinsert 1S the number of characters inserted at each keystroke
While writing a short body of functional code might indicate a good and concise
programming habit, a dangerously low number of insertions suggests lack of

engagement, hesitation or attempting to copy and paste solutions from external sources.
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Also, a high number of insertions indicate active coding but nevertheless, excessive
insertions with frequent deletions may suggest trial-and-error behavior.

Total Deletions: Total deletions count the number of characters removed from the code.
Total Deletions = ),C
Where:

... Equation 4.10. Total Deletions

delete

Caerete 1S the number of characters deleted at each keystroke
A low deletion count may indicate fluency in coding while high deletion count might
suggest frequent trial-and-error attempts or uncertainty in coding decision. It could also
be an indication of frequent mistakes that are being corrected.

Deletion Ratio: The deletion ratio compares the number of deletions to insertions,
measuring how often students remove and rewrite their code. It measures the proportion

of the inserted characters that were deleted.

Total Deletions

Deletion Ratio (DR) =

... Equation 4.11. Deletion Ratio

Total Insertions+1

Where:
Total Deletions is the total number of characters removed from the code
(defined in 10)
Total Insertions represents the total number of characters added to the code
(defined in 9)

The addition of 1 to the Total Insertions is to avoid divition by zero

Insert-Delete Ratio: The Insert-Delete Ratio measures the proportion of the insertions to
deletions in a programming assignment. It provides insight into how efficiently a student

IS typing versus correcting mistakes.

Total Insertions
Total Deletions+1

Insert — Delete Ratio (IDR) =
Ratio

...Equation 4.12. Insert-Delete
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Where:
Total Deletions is the total number of characters removed from the code
(defined in 10)
Total Insertions represents the total number of characters added to the code
(defined in 9)
The addition of 1 to the total deletions is to avoid division by zero when no
deletions are recorded.
Correction Frequency/Speed: This measures how frequently a student corrects errors,
which could indicate debugging behavior or difficulty in making progress in writing the

code.

Total Deletions

Correction Speed = .. Equation 4.13.

Total Coding Session Duration(minutes)

Correction Speed
Where:

Total Deletions is the total number of characters removed from the code (defined
in Equation 4.10)
Total Coding Session Duration represents the total time from the first
keystroke to the last keystroke in the session as defined in Equation 4.1
Since the correction frequency measures how frequent the student makes corrections per
minute, it is expected to be low — indicating careful methodical coding. A high correction
frequency could be indicative of frequent mistakes and struggle.
Typing Speed: Typing speed measures how quickly a student is entering characters into

the code editor.

Total Insertions

Typing Speed = . Equation 4.14. Typing Speed

Total Coding Session Duration(minutes)

Where:
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4.3.6

Total Insertions is the total number of characters removed from the code
(defined in Equation 4.9)
Total Coding Session Duration represents the total time from the first
keystroke to the last keystroke in the session as defined in Equation 4.1
Typing speed itself is not a direct measure or indicator of struggle, but extreme variations
in typing speed can reveal some behavioral patterns. For example, as sudden spike in the
number of characters inserted could indicate a copy-paste event and the student did not
manually type in the code.
Active Typing Segment: An active typing segment represents the average number of

keystrokes a student makes before pausing.

Active Typing Segment = ZCZL;:” ... Equation 4.15. Active Typing Segment
Where:

% Ccore 18 the total number of characters inserted (defined in Equation 4.9)

2. P, represents a pause event
Short segments of active typing before a pause could indicate frequent hesitation and
struggle whereas long segments of active typing could suggest fluency and confidence.

Rule-Based Classification of Struggle

This study employs a rule-based classification system to quantify and categorize student

struggle levels based on keystroke data. The classification system computes a struggle score by

evaluating the features extracted from the keystroke data. The features used for the classification

contribute a specific number of points to the struggle score based on predefined threshold values

— with higher scores indicating more struggle. This struggle score is computed as a weighted

sum of contributions from multiple keystroke features. The final score is then used to categorize
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students into five struggle levels. Below are the rules set to govern the assignment of struggle
scores:
4.3.6.1 Idle Time Ratio Contribution

The Idle Time Ratio contributes to the struggle level classification, as it measures the
proportion of total time that the student spent pausing rather than actively typing. Table 4.3
shows the threshold values for the Idle Time Ratio:

Table 4.4. Idle Time Thresholds

Idle Time Ratio Struggle Score Struggle Level
<03 0 No struggle

0.3-05 +2 Slight struggle
05-0.7 +4 Some struggle

>0.7 +6 Moderate/High struggle

An Idle Time Ratio less than 0.3 indicates that the student spends at least 70% of the
session actively coding, indicating a period of rare hesitation, hence no struggle points are added.
An Idle Time Ratio between 0.3 and 0.5 indicates that the student spends between 30% and 50%
of the session pausing, which is suggestive of occasional hesitation but not enough to indicate
major struggle hence a slight struggle score of +2 is assigned. An Idle Time Ratio between 0.5
and 0.7 means that the student spends more than half of the session pausing, indicating a more
frequent hesitation possibly due to lack of confidence, debugging difficulties or challenges in
planning the code structure. A struggle score of +4 is assigned. If the Idle Time Ratio is at least
0.7, the student spends more time (at least 70%) pausing than coding. This suggests that the
student is struggling significantly or disengaged. A moderate to high struggle score of +6 is

assigned.
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4.3.6.2 Pause-Based Struggle Contribution

A student with frequent long pauses is likely to struggle significantly, whereas mid-

length pauses may indicate uncertainty but not complete disengagement from writing the

program.

Table 4.5. Pause-Based Struggle Thresholds

Pause Type Struggle Score Struggle Level
Micro Pauses (2 — 15 seconds) |0 No impact
Mild Pauses (15 — 120 seconds) | O No impact

Short Pauses (120 — 180

seconds)

+3 if > 5 occurrences

+6 if > 10 occurrences

Slight Struggle

Moderate Struggle

Mid Pauses (1800 — 600

seconds)

+3 if > 5 occurrences

Moderate Struggle

Long Pauses (> 10 minutes)

+6 if > 2 occurrences

High Struggle and
Complete
disengagement from

coding

4.3.6.3 Insert-Delete Ratio Contribution

The relationship between inserted characters and those deleted could determine the

struggling status of the students.
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Table 4.6. Insert-Delete Ratio Thresholds

Insert — Delete Ratio Struggle Score Struggle Level
>3.0 0 Confident typing
15-3.0 +2 Slight struggle
1.0-15 +4 Some struggle

<10 +6 Moderate/High struggle

If the Insert — Delete Ratio > 3.0, the student types three times more than they delete,
meaning they are confident in their code structure. This suggests confidence and minimal
struggle; hence zero points are added. If the Insert — Delete Ratio is between 1.5 — 3.0, the
student deletes a moderate portion of their code but still types significantly more than they
delete. This suggests minor hesitations but does not strongly indicate struggle; hence a struggle
score of +2 is assigned. An Insert — Delete Ratio between 1.0 and 1.5 means that the student is
deleting nearly as much as they are typing, suggesting continuous correction, revisions or trial-
and-error coding. This is a strong indicator of struggle and therefore a struggle score of +4 is
assigned. If an Insert — Delete Ratio is less than 1.0, the student deletes more than they insert,
meaning they are constantly deleting and making corrections — a very strong indicator of severe
struggle leading to an assignment of +6 struggle score.
4.3.6.4 Deletion Ratio Contribution

The Deletion Ratio is another measure of editing struggle — measuring how much what

was typed was later removed.
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Table 4.7. Deletion Ratio Thresholds

Deletion Ratio Struggle Score Interpretation

<0.3 0 Few corrections

0.3-0.7 +3 Slight struggle

>0.7 +6 Excessive backspacing
(Moderate/High struggle)

A Deletion Ratio less than 0.3 indicates that the student only deletes a small portion of
their code and most of the codes remain intact, suggesting confidence and fluency — leading to a
zero-struggle point. If Deletion Ratio is between 0.3 and 0.7, the student is deleting a moderate
portion of their code, which may indicate editing and debugging but not necessarily a strong
struggle, hence a struggle score of +3 is assigned. A Deletion Ratio that is greater than 0.7
indicates that the student deletes more than 70% of their inserted codes, meaning they are erasing
continuously. This is a strong indicator of severe struggle leading to a struggle score of +6.
4.3.6.5 Correction Frequency Contribution

How frequently does a student tend to delete the codes they already typed within one

minute? This could define struggle levels, with the following threshold values:
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Table 4.8. Correction Frequency Thresholds

Correction Frequency Struggle Score Struggle Level

< 10 deletions per minute 0 Confident typing

10 — 30 deletions per +2 Some struggle

minute

> 30 deletions per minute +5 Frequent mistakes
(Moderate to High struggle)

If the Correction Frequency is less than 10 deletions per minute, the student makes very
few mistakes, leading to no struggle points. A Correction Frequency between 10 and 30
deletions per minute means that the student is making corrections at a reasonable rate, suggesting
some debugging activity but no extreme struggle, leading to the assignment of +2 struggle score.
A Correction Frequency that is greater than 30 deletions per minute indicates that the student is
frequently deleting their code, suggesting that they struggle with code structures or uncertainty.
A struggle score of +5 is therefore assigned.
4.3.6.6 Active Typing Segment Contribution

The average length of keystrokes entered before a significant pause also contribute to

identifying struggling students.
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Table 4.9. Active Typing Segment Thresholds

Average length Active Typing Segment Struggle Score Struggle Level
> 10 keystrokes 0 Confident coding with
no struggle
5 — 10 keystrokes +3 Some Struggle
<5 +6 Frequent hesitations,
leading to Moderate to
High Struggle

If the student has an average code segment greater than 10 keystrokes before a major
pause, the student tends to type in long uninterrupted bursts therefore no struggle points are
added. An average code segment between 5 and 10 keystrokes before a major pause indicates
that the student is pausing intermittently, suggesting moderate hesitation, leading to a struggle
score of +3. A student is pausing extremely frequently if the average keystroke segment entered
before a significant pause is less than 5 keystrokes. This is suggestive of severe hesitation and
difficulty, leading to an assignment of +6 struggle score.
4.3.6.7 Copy-Paste Struggle Contribution

In programming assignments, students tend to copy and paste codes from various
sources. While minor pasting can be part of normal coding behavior (especially if copied within
already written codes), unusually large pasting from external sources may indicate struggle, lack

of understanding or an external dependency.
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Table 4.10. Copy-Paste Struggle Thresholds

Paste Type Struggle Score Struggle Level
Any Large Paste (50 + characters +2 Slight Struggle
Any Very Large Paste (100 + characters) +4 Moderate Struggle
Frequent Large Pasting (50+ characters, +6 High Struggle
greater than 3 times)

If a student pastes a moderately large chunk of code (more than 50 characters), it might
indicate slight struggle, leading to a struggle point of +2. A very large paste of code from an
external source greater than 100 characters may suggest copying an entire function or multiple
lines from an external source, leading to a moderate struggle score of +4. Frequent large pasting
of codes greater than 50 characters more than 3 times signifies a high dependency on external
help, which might indicate a high-level struggle in writing the code, hence a struggle score of +6
is assigned.
4.3.6.8 Struggle Classification Based on Struggle Score

Once the struggle score is computed, students are classified into one of five categories.

Table 4.10 shows the range of values of the struggle score and the struggle categories.
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Table 4.11. Struggle Classification

Struggle Score Struggle Category
0-4 Not at all

5-8 Slight Struggle
9-12 Some Struggle
13-16 Moderate Struggle
> 16 Struggled a lot

4.4 Analysis and Results

4.4.1 General Survey Data Analysis
4.4.1.1 Descriptive Statistics

Tables 4.11 and 4.12 show the summary statistics of the perceived difficulty, struggle and
confidence levels as well as their associated completion times across the lab and homework
assignments. In terms of difficulty level, the mean difficulty for lab assignments is 3.34, whereas
homework assignments have a slightly higher mean of 3.62. This suggests that students generally
perceived homework as more difficult than lab work. The completion time presents a more
pronounced difference — while the average time taken to complete the Labs is 129.48 minutes,
that of the homework assignment is 152.09 minutes. As expected, the median struggle rating for
labs is 3 while it is 4 for the homework assignments — a majority of the students found the
homework more difficult than Lab assignments. Confidence levels remain consistent across both
assignment types, with an average of 2.74, suggesting that the level of self-assurance students

felt while completing the assignments did not change significantly. However, the standard
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deviation is slightly higher for homework tasks, indicating a greater spread in confidence levels
among the students.
Overall, the results show that students struggle more with homework assignments and

generally find them more difficult and time-consuming than lab assignments.

Table 4.12. Summary Statistics for Lab Assignments

Difficulty Completion Time Struggle Confidence
Level (Minutes) Rating Level
count 292 279 292 292
mean 3.34 129.48 3.35 2.74
std 0.98 110.95 1.14 1.10
min 1 10 1 1
25% 3 60 3 2
50% 3 100 3 3
75% 4 180 4 3
max 5 900 5 5
Table 4.13. Summary Statistics for Homework Assignments
Difficulty | Completion Time | Struggle | Confidence
Level (Minutes) Rating Level

count 129 129 129 129

mean 3.62 152.09 3.60 2.74

std 0.97 121.69 1.17 1.20

min 1 30 1 1

25% 3 70 3 2

50% 4 120 4 3

75% 4 180 5 4

max 5 840 5 5

4.4.1.2 Correlations Across Quantitative Measures
The correlation heatmaps (Figures 4.1 and 4.2) for both lab and homework assignments
reveal both similarities and subtle differences in how difficulty, struggle, confidence and

completion times interact across these two types of homework. One of the most consistent
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patterns between the two is the strong positive correlation between the difficulty level and

struggle rating, which is 0.87 for both lab and homework.

Correlation Heatmap Showing Relationships among Quantitative Variables
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Figure 4.1. Correlation Heatmap: Lab Assignment

This indicates that regardless of the type of assignment, students tend to struggle more as
the difficulty increases. However, differences emerge in the relationship between difficulty level
and confidence. In the lab assignments, the negative correlation between difficulty level and
confidence level is -0.75, whereas in the homework, it is slightly weaker at -0.65. This suggests
that while confidence declines as difficulty increases, the impact is more pronounced in lab
assignments. In a similar way, struggle rating and confidence level show a strong negative
correlation in both cases, with -0.71 for labs and -0.7 for homework. This consistency implies
that increased struggle leads to lower confidence regardless of whether the task is a lab or

homework assignment.
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Correlation Heatmap Showing Relationships among Quantitative Variables
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Figure 4.2. Correlation Heatmap: Homework Assignments

Completion time exhibits notable differences between labs and homework. In lab
assignments, difficulty level and completion times have a moderate positive correlation of 0.51,
while in homework, this relationship is weaker at 0.42. A similar pattern occurs between struggle
rating and completion time, which is 0.51 for labs but drops to 0.39 for homework. This indicates
that while harder and more challenging tasks take longer to complete in both cases, the effect is
more pronounced in lab assignments. This could be because students tend to start the homework
assignments late and had to work within a short time frame to get them done. Confidence level
and completion time also show differences between the two assignment categories. In lab
assignments, the correlation is -0.36 suggesting that students with higher confidence tend to
complete the tasks more quickly. However, in homework, this correlation weakens to -0.21,

implying that confidence plays a smaller role in determining how long it takes to finish their
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homework compared to lab assignments. This may be as a result of the more flexibility in the
pacing of the homework assignments, making the students feel more confident and comfortable
completing them.
4.4.1.3 Identifying the Most Challenging Assignments

The lab assignment analysis chart (Figure 4.3), reveals that Lab 5, covering Nested

Conditionals, is the most challenging of all lab assignments.
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Figure 4.3. Lab Assignments Chart

This is evidenced by the highest struggle rating and difficulty level, while the confidence
level is significantly lower than in other lab tasks. Lab 7 and Lab 10 also stand out as difficult
assignments, as both exhibit relatively high struggle ratings and difficulty levels while

maintaining lower confidence levels compared to other labs. On the other hand, Lab 1, Lab 2 and
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Lab 3 appear to be among the least challenging, with lower struggle ratings and moderate
difficulty levels, while confidence remains higher in the more difficult labs.

The homework assignments chart (Figure 4.4) reveals that Homework 3, which required
building a Finite State Machine that simulates a real-life vending machine by demonstrating
familiarity with Boolean Logic, Conditional Statements, Loops, Nested Loops and User Input,
stands out as the most challenging assignment.
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Figure 4.4. Homework Assignments Chart

This is indicative of the highest average struggle rating among all homework tasks,
coupled with a relatively lower confidence level. Homework 5 also presents some challenges,
with a relatively high struggle rating and difficulty level while confidence level remains lower
compared to other homework assignments. Although the struggle ratings for Homework 1 and

Homework 2 appear moderately high, the confidence levels are relatively higher.
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4.4.2 Keystroke Data Analysis and Tracklt Features
4.4.2.1 Features of Tracklt

Tracklt was developed with a range of practical features that make it a powerful tool for
analyzing students’ programming behavior and identifying occurrences of struggle. One of the
keys functionalities is the ability to upload and analyze programming assignments one Lab or
Homework at a time, allowing instructors to isolate specific tasks and provide contextual
evaluation of students’ performance. Once a ZIP file — containing keystroke logs from each
student for an assignment — is uploaded, Tracklt processes the raw keystroke logs and computes
the time differences between each keystroke timestamp per student, in order to identity pauses
while programming. Instructors can select individual students and inspect their keystrokes and
behavioral features and the associated struggle scores and predicted struggle ratings. In addition,
the system provides a summary view of each student’s struggle score that offers instructors a
searchable table that helps quickly identify students who may need support.

Another core feature of Tracklt is copy-paste detection discussed in more detail in the
following section. This is important as the differentiation between students’ keystroke and pasted
code from external sources is crucial in flagging behaviors associated with struggle.
4.4.2.2 Copy-Past Detection Functionality

One of the standout features of Tracklt is its ability to detect copy-paste behavior, thereby
offering powerful insights into students’ dependency on external resources. For example, in our
analysis, the tool flagged a student who had directly pasted texts from Gemini — a popular Al
assistant (Figure 4.5) and another student who pasted texts from reddit — an online interactive
platform (Figure 4.6). The keystroke tracked and revealed a sudden influx of well-structured

code block with no prior incremental typing or editing activity, which is a clear indicator of
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external sourcing. These behaviors were captured by Tracklt, and the pasted segment

automatically displayed. This feature not only helps in identifying potential academic dishonesty

but also serves as a marker of struggle as students who resort to such methods are often

perceived to do so out of frustration, or lack of confidence. As such, Tracklt appropriately

penalizes such situations by flagging them as struggling, providing instructors with early signs

for timely intervention.
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4.4.2.3 ldentifying Most Difficult Assignments (Versus Survey Report)

A striking observation from the comparison of struggle ratings (Figures 4.7 and 4.8)
between Tracklt’s automated analysis and student self-reported surveys is the strong alignment
in identifying the most difficult assignments. For example, in the Lab comparison, Lab 5 stands
out as the most difficult task in both the survey and Tracklt analysis. Similarly, the homework
comparison shows that both the survey and Tracklt consistently rate Homework 3 as the most
challenging, thereby validating the accuracy of Tracklt’s detection methods. This is particularly
fascinating because it aligns with the results from section 4.4.1.3 (Figures 4.3 and 4.4) where
confidence level, struggle rating and difficulty rating combined to identify the most challenging
assignments. Across all the assignments, Tracklt tends to slightly overestimate the level of
students’ struggle compared to self-reports, which could be due to its sensitivity to behavioral

indicators like frequent deletions, long pauses and copy-paste events.
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45 Performance Evaluation of Tracklt

4.5.1 Collapsing Struggle Ratings

The five-point struggle rating scale used in this study was collapsed into three broader
categories — Low Struggle (1), Medium Struggle (2 & 3) and High Struggle (4 & 5). This is to
enhance interpretability and maintain the integrity of the result. According to Allen and Seaman
[113], while collecting data on a more granular Likert-scale can be valuable, collapsing the
categories during analysis is acceptable when it aids clearer reporting, provided the original scale
has sufficient range.
Furthermore, traditional agreement indices such as Cohen’s Kappa [114] are known to penalize
even small discrepancies in ordinal ratings. A marginal difference between adjacent ratings such
as 3 versus 4, is treated as a disagreement. Although weighted variants of Kappa such as linear
and quadratic weighting, attempt to account for these marginal differences, they still remain
sensitive to rating distribution and category boundaries. This has been studied in inter-rater
reliability research, especially in the work of Marasin et al. [115], who highlighted that small
rating differences can artificially deflate agreement statistics. Initial analysis for this study
suffered from this artificial deflation effect due to Track It’s slight overestimation of struggle.
Collapsing the scale mitigated this problem.
4.5.2 Agreement Between Student Reported Survey and Tracklt

The effectiveness of Tracklt in identifying students’ struggle was examined by
comparing its automated outputs against students’ self-reported ratings collected through post-
assignment surveys. This comparison was conducted across both Lab and Homework

assignments, and the results measured using Cohen’s Kappa (unweighted and weighted) as well
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as raw percentage agreement. These metrics were analyzed before and after collapsing the
original 5-point struggle rating scale into broader categories of Low, Medium and High struggle.
Across the lab assignments, the agreement between Tracklt and student surveys was
generally low when 5-point scale was maintained. As shown in Figure 4.9 and Figure 4.10,
before collapsing, unweighted Kappa values hovered near zero, with occasional negative
coefficients in the homework assignments. Weighted Kappa values performed slightly better but
still suffered from the strictness of Kappa’s interpretation that even a small one-point deviation is

considered disagreement.
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Figure 4.9. Lab Agreement Indices Before Collapsing Struggle Ratings
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Figure 4.10. Homework Agreement Indices Before Collapsing Struggle Ratings

However, once the ratings were collapsed into three broader struggle levels, the

agreement between Tracklt and student surveys improved markedly across both types of
assignments (Figures 4.11 and 4.12). In the Labs, unweighted Kappa values rose in several
instances — notably in Lab 8 and Lab 10 — reaching over 30% and 40% respectively. Weighted

Kappa values also increased, reflecting that many of the original disagreements were marginal in

and became more aligned after scale collapsing. The percentage agreement after

collapsing consistently improved across all Labs, with values peaking around 71%. The
homework assignments mirrored this trend with the percentage agreements consistently high
across all tasks — above 55% in most cases with homework 3 peaking above 60%. Even where
unweighted Kappa remained low, the rise in percentage agreement suggests that Tracklt often
correctly captured the general direction of perceived struggle even if it didn’t match the exact

numerical rating.
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4.6 Addressing the Research Questions

The keystroke data analysis revealed a rich and time-stamped trail of student interactions
during coding assignments. Several recurring patterns emerged as strong indicators of student
struggle. Most notably were prolonged idle time or inactive periods — revealed by the frequency
of pauses, frequent deletions relative to the insertion of keystrokes leading to high deletion ratio
or low insert-delete ratio and copy-paste behaviors.

Periods of long pauses without keystrokes were often captured prior to a sudden surge of
pasted codes. These pauses likely reflect moments of cognitive struggle or students seeking
external help. Copy-paste events were particularly important. When not followed by typing
patterns that depict finding solution to the problem, copy-paste events, especially large pastes
can be signs of unresolved struggle. Frequent deletions, including removal of large blocks of
codes, further emphasized the struggling nature of the students. Unlike simple corrections, large
deletions often indicated that the student had a fundamental misunderstanding of the concepts
having moments of confusion or frustration.

A core goal of this chapter was to evaluate the alignment of Trackit’s behavioral
indicators and students’ self-reported struggle. Section 4.5.2 provides detailed breakdown of the
agreement scores between Tracklt and the survey responses from the students.

Analysis of both the keystroke behaviors and the self-reported surveys revealed patterns
about which programming concepts were most difficult for the students. From both the survey
data and Tracklt’s analysis, students’ assignments involving nested structures, multi-conditionals
statements and loops had higher levels of flagged struggle. From Figures 4.3 and 4.4, it can be
observed that the students’ level of confidence was relatively low in the assignments that covered

these concepts, hence their high average struggle rating. This is also in agreement with Tracklt’s
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capability to identify the most challenging problem. Moreso, we see that the agreement indices
between the survey analysis and that of Tracklt were highest in these assignments — Lab 5 and

Homework 3.
4.7 Pedagogical Implications

The findings from this study highlight the promising pedagogical value of Tracklt as an
analytical tool for identifying struggling students in programming courses. Although, the current
implementation of Tracklt operates on a post-hoc basis — analyzes keystroke data after an
assignment has been completed — it still provides instructors with powerful insights into the
unseen dimensions of the learning process. Its ability to align with student-reported struggle
through behavioral indicator validates its potential to enhance timely intervention. By this,
instructors are not limited to interpreting students’ learning through final grades, rather, they can
have a process-oriented view of how students arrived at their solutions, where they paused and
probably hesitated, how the patterns of their interactions in the coding environment changed as
they progressed with the assignments.

In addition, Tracklt potentially enables proactive teaching, where instructors can analyze
struggle between class sessions or before the next assignment in order to channel supports
accordingly. For example, if several students displayed patterns of struggle in a lab assignment
involving loops or conditions, the next class could begin with a targeted review or an interactive
activity that focuses on those concepts. This data-driven pedagogy offers a greater response to
students’ learning needs.

Looking ahead, the pedagogical implications of Tracklt would be amplified through real-

time integration. While its current form offers post-hoc assignment analysis, its foundational

79



capabilities lay the groundwork for a future in which students could receive right-on-the-spot

feedback, and instructors could be alerted as struggle unfolds.
4.8 Discussion

This study highlights the promising capabilities of Tracklt as a behavioral analytics tool
for detecting struggling students in programming assignments. By comparing Tracklt’s outputs
with students’ self-reported struggle surveys, the system was able to identify the same
assignments that students rated as the most challenging. This agreement suggests that Tracklt can
meaningfully reflect the perceived difficulty of tasks. While student surveys provided insights
into personal experiences such as confidence, task difficulty and completion times, Tracklt offers
perspective based on user interaction patterns. These two sources offer complementary scenarios
in student learning challenges.

A particularly insightful component of Tracklt was its ability to flag copy-paste behavior,
which often occurs among high struggling students. Students who face prolonged difficulty tend
to stop attempting their own solutions and rather copy code into the environment. Although it is
not always a problem to paste codes while coding — Tracklt is sensitive in detecting codes that
are pasted from external ssources and those copied from already created block of codes by the
student — repeated or untimely copy-paste behavior often signaled disengagement.

4.9 Limitations

Despite its strengths, Tracklt is not without limitations. One major concern is that
students often choose to write their code in external environments — probably Visual Studio
Code, PyCharm and only paste the completed solution into Codio. This behavior leads Tracklt to

record a long delay followed by a paste action, which is then interpreted as a copy-paste
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triggered by struggle. In such cases, Tracklt may falsely flag confident or well-prepared students
as struggling simply because they worked outside the Codio environment.

Another limitation stems from the lack of contextual awareness. Tracklt interprets
behaviors such as long pauses without understanding the reason behind them. A pause could
result from distraction, or external interruptions that don’t necessarily emanate from struggle.
Because Tracklt relies purely on keystroke data, it cannot capture emotional states such as
anxiety, frustration or boredom that students may capture in self-reported surveys. The current
version of Tracklt also processes data only after an assignment has been completed. As such, it

cannot provide real time immediate intervention.
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Chapter 5 - Building Rural Computer Science Capacity Through

Teacher Development

This chapter is adapted from [116] accepted by ASEE 2025
5.1 Introduction

In the previous chapters, we explored the development and application of tools designed
to detect and support struggling students as they engage in programming tasks. An important
insight from that works was the role of timely guidance and knowledgeable mentorship in
reversing the route of struggle and frustration, particularly for novice programmers. However,
the effectiveness of such interventions ultimately hinges on the presence of well-prepared
teachers who can interpret students’ needs and leverage support systems appropriately. This
realization draws attention to the broader issue of teacher capacity, especially in underserved
areas such as rural areas — where access to computing education and qualified mentors are
limited. This chapter shifts focus to understanding how teacher training programs can empower
rural teachers by enhancing their identity, commitment, confidence, and competence in computer
science instruction.

If a significant expansion of CS education is to be equitably achieved; it becomes highly
imperative to understand the inequalities in access to computing tools and human resources.
Despite a notable increase in enrollment in CS majors since 2009 [117], there is still a marked
disparity between rural and urban areas with respect to access to computer science education. A
study of 1,537,073 students in Texas showed an under-representation disparity index (which is
measured by the quotient of the rate or proportion for the target group over the rate or proportion

for the comparison group) of 0.84 for rural areas and an over-representation disparity index of
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1.19 for their urban-suburban counterparts [118]. In fact, only 57.5% of public high schools in
the United States offer foundational computer science.

Although this is an increase from 53% in the previous year, there are still disparities as
rural and smaller schools are less likely to offer computer science foundation [119]. These
disparities pose a systematic and national challenge and are created largely by patterns of
residential segregation and socioeconomic disadvantage [120]. The integration of computer
science into almost every discipline creates lucrative jobs and promising career opportunities.
However, the field is still underpopulated and under- represented [121]. Specifically, one of the
significant challenges and bottlenecks in the expansion of computer science education is the
inaccessibility of highly qualified teachers in rural areas [82]. To help address the CS teacher
deficit, Morrissey and Koballa et al. [82] developed a preservice CS certification pathway, a
testing option for CS professionals who want to transition from industry into teaching, and a CS
endorsement for teachers who are certified in other teaching areas to obtain CS certification but
very few of the CS endorsement program providers target rural, high-need school systems. The
remoteness of rural areas often leads to unique challenges in expanding access to CS education,
including limited technological infrastructure such as the high-speed Internet, fewer
opportunities for professional development, and difficulties in recruiting and retaining qualified
teachers [122]. Teacher preparation programs in under-resourced institutions of learning in the
United States will need to inculcate CS education in order to foster their teacher preparation and
professional development efforts [123]. We therefore seek to provide answers to the following
research questions, in order to assess the impact of teacher training on educators’ professional

identity, confidence, competence and commitment, particularly in rural areas and evaluate how
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structured training programs influence teachers’ motivation and ability to effectively teach
computer science:
1. How does participation in the computer science training program influence rural
teachers’ professional computing identities?
2. How does the training program affect teachers’ commitment to teaching computer
science?
3. How does participation in the teacher training program affect confidence and teaching

competence of rural teachers?

5.2 Background

5.2.1 Computer Science Teacher Training Programs

The lack of access and implementation of computer science education in rural areas has
led to increased efforts to broaden the participation in CS education through various teacher
training programs. Computer science is seen as one of the most segregated disciplines in the
United States, highlighting the necessity of teacher training in developing the knowledge and
practices that would broaden participation in computing [124]. Well-designed teacher training
programs help build computational thinking skills in teachers. An online STEM-based activity
Computer Science Teacher Training (CSTT) was put in place to develop pre-service teachers’
Computational Thinking (CT) skills measuring problem decomposition, algorithms, pattern
recognition and abstraction, and revealed a 13.58% improvement in the CT test mean scores
[125].

Quality teacher training programs targeting K-12 teachers have the tendency of reaching
more students [126]. For example, WeTeach CS designed a teacher training program to certify

teachers to teach high school CS in Texas, leading to an increase in the number of certified
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teachers in rural areas [13]. A comprehensive study on the computer science K-12 outreach
teacher training programs of eleven universities demonstrated the effectiveness of these training
programs in making computer science accessible to teachers [126].

Professional development has been shown to be among the key factors that contribute to
the turnover and retention of STEM teachers in rural areas [127]. Susie and Thomas et al.. [82]
developed a project that highlights a mechanism that has the potential of increasing computer
science learning opportunities for students in rural, high-need school systems by using well-
trained set of teachers. Rural teachers are able to exhibit creative ways of incorporating
Computational Thinking into their subjects, following teacher workshops [128]. There are
several tools and techniques used in expanding computer science in rural areas. These include
Modeling and Simulation [129] as well as robotics, game design and culturally responsive

teaching models [130]

5.3 Methodology

We engaged 64 participants, primarily high school teachers and a few others in a
comprehensive teacher training program was conducted by the computer science department of a
Midwest university in the United States. The program aimed at equipping teachers with the
requisite skills needed to deliver effective computer science education particularly focusing on
participants from rural and under-represented areas, with the overall goal of integrating computer
science into high school curriculum.

5.3.1 Research Design

A mixed-method design was employed, combining both quantitative and qualitative

approaches. The rationale behind the use of both approaches is to provide a comprehensive

evaluation of the impact of the teacher training on teachers’ identities, perceptions and
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commitments. The quantitative approach utilizes pre- and post-surveys measured on a 5 -point
Likert scale, while the qualitative method integrates teachers’ self-reflective journals to gather
information regarding teachers’ motivation, years of teaching experience, and prior computer
science knowledge.

5.3.2 Research Participants

To recruit teachers into the program, we emailed multiple teachers and lists of schools
managed by our university and the state Department of Education, with the aim of reaching a
wide range of participants. Teachers were invited to complete a brief survey to enter into the
program. All teachers who signed up were accepted as long as they were involved in education
in some capacity - this included elementary teachers, a librarian, a substitute teacher, an
unemployed teacher, and two recent graduates who showed interest in advancing careers in
education.

We had a total of 64 participants join our professional development program. These were
primarily high school teachers, though we also had two middle school teachers, one junior high
teacher, a librarian, and one pre-professional. This mix of participants ensured that exposure to
computer science education is extended beyond high school to middle and elementary school
levels. The program covered a wide geographic area by involving 34 unique school districts, out
of which 27 were classified as rural. This 79.41% representation of rural teachers reflects the
program’s success in targeting under-served areas. A total of 24 teachers completed both the pre
and post surveys, and comprised 13 teachers from town, 8 from rural areas and 3 from suburban

locales
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5.3.3 Data Collection

The participants were asked to complete pre- and post-training surveys built into the
program at the beginning and ending of each course, respectively. The surveys cut across three
major areas — teacher and computing identity; rural identity and teacher mindset; and teaching
perceptions and computational thinking. The data used for the research covered Spring 2023 to
Fall 2023 semesters.
5.3.3.1 Survey Instruments

The survey instruments used for this research were constructed using frameworks in
existing literature, all of which were targeted towards evaluating the impact of a teacher training
program on teachers’ identities, perceptions and sense of belonging amongst other related
parameters.

The survey instrument includes items from Computing Identity Framework/Model [131],
which reflects interests in computing topics and practices, recognition in computer science with
respect to being computer savvy, and performance/competence that highlights how people feel
they could perform or understand computing topics and practices.

We adopted a survey construct from Ni et al.’s Teachers’ Professional Identity in
Computer Science [78], covering self-identification, community/sense of belonging, interest and
value of teaching computer science, learning/striving to teach well, confidence in teaching
computer science, and commitment to teaching computer science.

We utilized the Rural Identity Scale (RIS) [132] which proved essential for understanding
the unique identities of the teachers in rural areas. It measures teachers’ perceptions about rural
life, activities and behaviors as well as relationships with people in the rural community. The

RIS showed an acceptable internal reliability of a = 0.72—0.83 which boasts of its effectiveness
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in capturing rural identity. The teacher mindset survey, carved out of [133] and [134], was a vital
instrument in supplying the valuable insights into diverse aspects of teachers’ mindsets. It
measures parameters such as concerns on social comparison, self-efficacy, comfort being
oneself, measurement of task value, as well as the perceived costs of participating in the training
program. Each survey item was measured on a 5-point Likert scale, with 1 being “strongly
disagree” to 5 being “strongly agree,” which eventually helped in measuring teachers’ attitudes
in the role of being computer science teachers.

Lastly, the survey incorporated items from Teachers’ Self-Efficacy in Computational
Thinking (TSECT), which is meant to capture a sense of students’ self-efficacy in utilizing
programming and computational thinking [17]. All these instruments were put together to
provide a comprehensive evaluation of the impact of the teacher training program in expanding
Computer Science Education.
5.3.3.2 Teachers’ Autobiographies

We analyzed the teachers’ autobiographies which provided qualitative data on their
personal experiences, challenges and aspirations related to CS education. Each of the teachers
reflected on their early exposure to technology, professional growth and their motivations for
incorporating CS into their teaching practices. They represented different educational
backgrounds and levels of teaching, from elementary to high school and included both STEM-

focused and general teachers.
5.4 Ethical Consideration

Participants in the study were informed prior to the commencement of the program about
the purpose of the study, what it entails and their right to opt out at any time. Identifiable

information was collected for the purpose of merging the pre-survey and the post-survey
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responses. This was stipulated on the Institutional Review Board (IRB) document approved prior
to the commencement of this research. All responses were anonymized during the data analysis
to protect the identity of the participants. Participation in the research was voluntary and had no

intended penalties for non-participation.

5,5 Training Programs

5.5.1 Content and Delivery Method
The teacher training program covered foundational computer science courses packaged
into 3 graduate-level courses delivered by our College of Engineering. An additional 3-credit
hour graduate course focused only on CS pedagogy was delivered by the College of Education;
however, the focus in this paper will be on the CS courses, and also align with the content in
typical CS0 and CS1 courses aligned with AP CS Principles and AP CSA, with the addition of
pedagogical content, activities to create lesson plans, reflective journals and discussions. The
following is an overview of the curriculum coverage:
1. Introduction to Computing for Educators (2 credit hours)
o Overview of history of computing and modern impact on the society
o Theories of Computational Thinking
o Pre K-12 Standards
2. Computer Education Programming Fundamentals (1 credit hour)
o Concept knowledge crucial for developing and teaching programming
o Practice reading and writing basic program codes
o Basic concepts of conditionals and looping constructs
3. Computer Programming for Educators (4 credit hours)

o Basic concepts of programming (variables, control flow, functions, objects)
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o Interactive lessons and engaging projects reinforce new skills
o Exploring pedagogical strategies for teaching programming
The training was delivered through a hybrid model that combined online modules and in-
person workshops. The online modules leverage the power of digital learning by incorporating
learning and content delivery through Codio learning platform [135]. This was particularly
impactful, as it allowed for a wider range of access, especially for participants residing in rural
areas.
5.5.2 Teacher Training Workshop
We conducted two-day in-person workshops, which were a blend of theoretical learning
and hands-on activities that allowed for interaction with the participants. They included sessions
on problem-solving, where teachers were partitioned into groups to discuss how problem-solving
fits into their respective content areas and how it is being incorporated into their pedagogical
styles. Participants were also engaged in coding sessions using block coding for elementary
levels. The workshop also included collaborative learning through discussions and joint problem-
solving activities, which brings about synergy among the participants thereby enhancing their

professional development.

5.6 Data Analysis

5.6.1 Quantitative Data Analysis

A statistical paired t-test was used to determine the significance of the difference in the
mean pre- and post-survey responses. Beyond statistical significance represented by p-values, the
expression of results with effect sizes and confidence intervals provides a more comprehensive
method of statistical results [136]. We therefore computed the effect sizes and confidence bounds

to complement the p-values in measuring the effect of the training program. Hedge’s g [137]was
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calculated as a variation of Cohen’s d [138]. This is because Hedge’s g includes a correction
factor that reduces the bias on small sizes, the results from Cohen’s d.
5.6.2 4.6.2 Qualitative Data Analysis

A thematic analysis approach was used to identify recurring patterns and themes within
the teachers’ autobiographies. Each autobiography was read by multiple researchers to capture
key narratives. Key phrases such as early exposure, student-centered goals, apprehension about
CS, self-taught, desire to help students learn CS, no background in CS, etc. were identified and

coded. The themes were cross-referenced to ensure consistency.
5.7 Results

The impact of the teacher training program on rural, town and suburban populations is
shown in Table 4.1. A total of 24 teachers completed both the pre and post surveys, and
comprised 13 teachers from town, 8 from rural and 3 from suburban locales. The data was
filtered such that only the teachers that completed both the pre and post surveys were included in
the analysis. Also, the results provide an understanding of the teachers’ experiences, challenges
and aspirations as revealed through their autobiographies. Key themes emerged from the
thematic analysis that captured the diverse journeys of the teachers as they navigate the learning
and teaching of computer science, which goes a long way to support the role of professional
development in equipping teachers to prepare the next generation of CS education professionals.
The following subsections provide specific details of the impact of the teacher training program.
5.7.1 Thematic Results from Teachers’ Autobiography

The teachers’ initial interactions with technology varied widely and are reflective of the
state of technological development during their times. Early exposures ranged from using TRS

80s and Commodore 64 to working with gaming tools like Atari and Nintendo. Early exposures
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Table 5.1. Data Analysis Results

Item Locale Effect P Lower | Upper
Size Value Bound | Bound
Teacher Identity
Rural 0.4954 0.1704 0.2044 0.7956
| truly enjoy teaching Computer Science Suburban 0.0000 | 0.0000 0.0000 | 0.0000
Town -0.0712 | 0.8078 -0.1099 | -0.0441
Rural 0.1824 0.5630 0.1022 0.3978
| see myself as a computer science teacher Suburban 0.2469 | 0.4226 -0.2522 | 0.9189
Town 0.3755 0.0532 0.2643 0.6588
| have actively looked for opportunities to Rural 04322 00331 0.2044 0.7956
o uté’r o PP Suburban | -02066 | 04226 | -0.9188 | 0.2522
P Town 03574 | 01511 | 0.3084 | 0.7685
Commitment/Striving to Teach Computer Science
Rural 0.7221 0.1705 0.2044 0.7956
lg’l";nrl‘ehtzgiﬁirb;];ﬁ 2:ztg:mp”ter Suburban | 0.6532 | 0.4226 | -0.2521 | 0.9189
Town 0.1878 0.5345 0.1322 0.3294
| attend professional development to help Rural 0.3383 0.3506 0.1533 0.5967
me keep up with the latest developments in Suburban 0.9237 0.1835 -0.5044 1.8377
[CS] teaching Town 0.0000 1.0000 0.0000 0.0000
| advocate for more students to take Rural 0.2832 04512 0.1022 0.3978
COUTSes in computer science Suburban 0.6532 0.4226 -0.2522 | 0.9189
P Town 01758 | 05845 | 0.0881 | 0.219
Confidence in Teaching Computer Science

How well can you implement alternative Rural 0.8092 | 0.1114 0.3066 1.1934
strategies in your computer science Suburban 0.4131 | 0.1835 -0.5044 | 1.8377
classroom? Town 0.0642 0.8193 0.0441 0.1098
To what extent can vou gaude student Rural 0.5970 0.2443 0.3066 1.1934
o anensi o of it vou have (auGht? Suburban | 03939 | 01835 | -0.5044 | 18377
P y gnt: Town 01399 | 07112 | 0.0881 | 0.2196
How much can vou do to adiust vour Rural 0.3611 0.4869 0.2044 0.7956
lessons to the r):) er level fér iné/ividual Suburban 0.2066 04226 0.2522 0.9189
prop Town 0.0000 | 1.0000 | 0.0000 | 0.0000

students?
How much can you do to get students to Rural 0.7221 0.0062 0.3577 1.3923
believe they can do well in computer Suburban 0.0000 1.000 0.0000 0.0000
science? Town 0.3273 0.3905 0.2203 0.5490
How much can vou do to helo vour Rural 0.7649 | 0.0.0062 0.3577 1.3923
students value Iélarnin com F1)1'[)</ar science? Suburban 0.0000 1.0000 0.0000 0.0000
g comp ' Town 02006 | 03665 | 0.1762 | 0.4392
Rural 0.3708 0.0331 0.2044 0.7956
('jr‘;‘;‘;“'z‘:C?ncggni'oztgfstgggie; student Suburban | 0.0000 | 1.0000 | 0.0000 | 0.0000
y P ' Town 0.1869 0.5696 0.1322 0.3294
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were limited to basic tasks, leaving gaps in foundational knowledge of programming and
problem-solving skills. Educators frequently encounter challenges when learning or teaching CS,
including limited prior knowledge, fear of failure, and difficulty adapting to new tools and
programming concepts.

These challenges highlight and importance of providing structured learning opportunities
and support system to build educators’ confidence and teaching capabilities. A recurring them
was the teachers’ motivation to grow professionally by learning computer science. Many of the
teachers viewed professional development as an opportunity to enhance their teaching practices
and prepare students for careers in technology. The teachers consistently emphasized their desire
to inspire and empower students through CS education. A particular teacher shared success using
Code.org and Scratch to engage students in collaborative problem solving.

Many of the teachers highlighted enthusiasm for applying computer science concepts to
real-world problems such as robotics, web development and practical coding projects.

5.7.2 Bolstered Professional Identity

The training program impacted rural teachers’ professional identity, evident from the
moderate effect size of 0.4954 in Table 5.1 where teachers report enjoyment of teaching
computer science. Although the p-value of 0.1704 suggests a statistically insignificant change,
the 95% confidence bound ranged from 0.2044 to 0.7956, indicating the true effect size lies
within that range — signifying a meaningful effect. Similarly, the training gave the teachers
strong motivation to actively engage in activities that provide opportunities to teach computer

science, thereby bolstering their professional identity.
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5.7.3 Commitment to Professional Growth

The program instilled a sense of commitment to advancing the teaching of computer
science among rural teachers, indicated by an effect size of 0.7221 for striving hard to be the best
computer science teacher. In addition, the training led to a positive shift in teachers’ willingness
to participate in professional development programs to keep pace with current developments in
computer science teaching as shown in Table 5.1.
5.7.4 Increased Confidence and Competence

Table 5.1 shows that the rural teachers demonstrate increased confidence — they are
more able to gauge students’ level of comprehension as indicated by an effect size of 0.5970.
Moreso, an effect size of 0.8092 for implementing alternative teaching strategies highlights a
boost in the confidence of the teachers and enhance competence in teaching computer science.
Trailing closely behind the ability to measure students’ level of comprehension and building
alternative teaching strategies is the rural teachers’ confidence in their ability to adjust lessons
for individual students and foster students’ belief in their ability to become successful computer
science students, evident by effect sizes of 0.3611 and 0.7221, respectively. Rural educators are
more ready to engage students in activities that foster creative thinking after the program than

they were before the program.
5.8 Discussion

The findings from the teacher training program highlights the potential for professional
development programs to transform rural educators and equip them for advancing computer
science education. Given the unique challenges faced by rural teachers, which includes a
shortage of qualified teachers and limited access to resources, the outcome of the program is

significant.
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A profound impact of the program is on teachers’ identities with a moderate effect size
which indicates meaningful impact despite a statistical insignificance. Teachers reported greater
enjoyment in teaching computer science after the program and are more motivated to seek out
opportunities to teach computer science.

The program also had a positive impact on teachers’ commitment to professional growth,
evident by willingness to participate in professional development programs that would keep them
up to date with advancements in computer science education.

The teachers’ demonstration of increased ability to gauge students’ level of
understanding, adjust lessons to meet students’ needs and implement alternative teaching
strategies is an indication that the program effectively equipped the teachers with the requisite
skills and confidence in teaching computer science in rural areas.

5.8.1 Broader Impact of The Teacher Training Program

With the goal of achieving a broad impact, we initially attempted to reach at least 50
teachers in 50 different schools. However, while this target was not met, we successfully reached
34 unique school districts - out of which 27 were rural.

About 18 of the school districts reached by our program have committed to offering
either AP CS Principles-aligned course or our AP CS A-aligned course, with 8 of those districts
planning on offering the associated AP exam (see Table 5.2). More schools reported that they
were going to integrate at least parts of this curriculum into their classrooms. Roughly 363
students will be taking a CS course designed by our program, and around 2,000 students will be
reached through teachers who completed at least some part of the professional development

provided as a result of this program.
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Table 5.2. Impact by Numbers

Group Total
Teachers who completed at least 1 course 51
Teachers who completed 10 credit hours* 22
School Districts Reached 34
Rural 27
Urban 7
Schools offering the Courses Fall 2023 18
Schools integrating some part of the Courses 25
Number of new AP CS A courses offered 3
Number of new AP CS Principles courses offered 7
Est. Students Reached By Our Curriculum Fall
2023 363
Est. Students Reached By a Teacher Trained by this
Program 2052

* 12 actively working to finish

5.9 Limitation of the Study

The findings of this study are limited by small sample sizes, which reduces the ability to
generalize the results to the rural populations. This reduces the statistical power of the study and

in turn makes it difficult to obtain significant effects and draw solid conclusions.
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More so, the sample has a lack of diversity which makes it difficult to represent a wide
range of experiences and viewpoints found in rural areas, thereby missing out on important
points. As a result of this, it is essential for future research to involve larger and more diverse
samples in order to guarantee their applicability across rural areas.

Currently, there are about 120 teachers in the program and there are plans to recruit more
later this year. This will create room for additional data to be collected more quickly, especially
as we will be using similar survey instruments to explore how rural students are impacted by our

curriculum.
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Chapter 6 - Evaluating Learning Perspectives in Teacher Training

Programs

6.1 Introduction

The increasing evolution of computer science education has prompted urgent calls for its
inclusion across all levels of K-12 education [6], [15]. As computational thinking and
programming become foundational skills in computer science education, preparing teachers to
deliver high quality computer science education has emerged as a critical challenge. Teacher
professional development programs play a crucial role in shaping the pedagogical practices and
learning attitudes of the teachers. These programs are not merely means through which teachers
acquire skills in theory and practice but also serve as spaces where teachers reflect on their
beliefs, develop new understanding with the goal of reshaping their professional roles as teachers
[139].

The learning perspectives of teachers enrolled in computer science training programs
offer a valuable lens for understanding how educators interpret, internalize and apply new
knowledge within their various unique teaching domains [139]. Unlike traditional content
delivery models, effective teacher training especially in evolving discipline like computer
science relies heavily on learner-centered and reflective approaches that help to empower
teachers to express their understanding through experience, collaboration and critical reflection
[140]. Consequently, exploring how teachers perceive their learning through professional
development programs provide key insights into their evolving identities, motivations and
teaching practices [141].

Computer science teacher training is particularly complex because it demands both

cognitive and emotional shifts to the teachers. Teachers may not only acquire new knowledge of
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the contents being taught, such as programming, data structures and algorithms, but also adopt
new ways of thinking - thinking computationally [15]. In addition to this, many teachers
encounter challenges in aligning their established teaching philosophies with the open-ended,
problem-solving nature of computer science. This difficulty often emerges from the contrast
between traditional instructional methods and the exploratory, inquiry-based approaches that
computer science demands. For instance, Yadav et al. [142] found that teachers often face
difficulties when incorporating computational thinking into their teaching practice, as it requires
a shift from traditional teaching methods to more problem-solving approaches. Professional
development programs must therefore address not only conceptual learning but also teachers’
confidence, self-efficacy and pedagogical beliefs, if the teachers must be at their best to deliver
high quality computer science teaching.

Several studies have evaluated the outcomes of computer science training programs by
examining not only the content knowledge teachers acquire — such as programming concepts,
computational thinking and computer science pedagogies — but also how effectively they transfer
that knowledge into classroom practices [143]. However, few of these studies have focused on
the qualitative dimensions of teacher learning, especially how teachers articulate their
experiences, struggles, growth and identities during the learning process. By investigating
teachers’ own words through reflective feedback, this study aims to illuminate the complexity of
teacher learning in computer science professional development and contribute to a deeper
understanding of what supports meaningful and sustained professional growth in this rapidly
expanding field.

This chapter therefore presents a thematic analysis of reflective journals collected from

participants in computer science focused professional development courses, with goals:
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1. To identify core themes in how teachers perceive and articulate their learning journeys
2. To explore the emotional and cognitive dimensions of teacher development
3. To inform the design of future professional development programs that are responsive to

the challenges and aspirations of computer science teachers

6.2 Background

Understanding teachers’ learning perspectives is essential for designing and
implementing effective professional development. By examining the benefits of understanding
these learning perspectives, we can gain valuable insights into enhancing professional
development programs.

6.2.1 Benefits of Understanding Teachers’ Learning Perspectives

Understanding teachers’ learning perspectives plays a crucial role in the design,
implementation and evaluation of professional development programs. The experiences,
challenges and reflections of teachers are useful in providing insights into how teacher training
and professional development programs can be improved in order to meet their needs and by
extension, enhance students’ learning outcomes. According to Avalos [139], as much as
professional development programs play vital roles in equipping teachers, the unique learning
needs of the teachers must be put into consideration. This is because learning in a professional
context is most effective when the teachers are involved in emotional and cognitive engagements
which encourage them to reflect on their learning journeys [139]. Moreso, when reflective
conversations are combined with feedback from teacher training programs, if promotes a deeper
understanding of the teaching practices [144] while intensive reflection in teacher training
promotes critical thinking among the teachers and improve their self-awareness [145]. Teachers

have reported that reflection along learning journey allowed them to identify the areas where
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they need to make improvements and informed decisions regarding their learning strategies [146]
and influence how they eventually apply the knowledge and practices they acquire in their
classrooms [141].

Professional development initiatives are more successful when teachers are motivated
internally to participate and apply what they learn. Research shows that understanding intrinsic
motivators such as curiosity, sense of accomplishment or relevance to students can help
professional development program designers to create more meaningful experiences for the
teachers [147]. For instance, professional development that aligns with teachers’ values and
classroom goals can promote a stronger commitment to instructional adjustments for further
benefits of the teachers [140].

Another significant benefit of understanding teachers’ learning perspectives is the
feedback it provides for iterative refinement of professional development programs. Qualitative
insights obtained from teacher reflective journals, surveys and interviews can help researchers
identify which components of the professional development programs are effective, confusing or
misaligned with the teachers’ needs [148]. Specifically, teachers’ reflections on challenges with
computational thinking can guide the development of targeted workshops or online learning
modules that address specific misconceptions [15].

Understanding the learning perspective of teachers also serves as a bridge between
theoretical frameworks and classroom realities. Teachers often interpret professional
development contents through the lens of their own classroom experiences, cultures and student
populations [149]. Therefore, without incorporating teachers’ perspectives, there is a risk that
professional development will remain abstract and devoid of practical challenges that the

teachers face.
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6.3 Methodology

6.3.1 Research Design

This study employs a qualitative research design to investigate the learning perspectives
of teachers engaged in a computer science professional development program. The core
objective is to examine the content of these reflective narratives to uncover themes that are
related to cognitive, emotional and pedagogical transformations during the teacher training
programs. To enhance the robustness of the thematic analysis, this study adopts a dual analytic
framework involving manual human annotation and automated thematic tagging using a Large
Language Model (LLM), specially OpenAl’s ChatGPT. A comparison of human tagging versus
LLM-based tagging is performed, both visually and using ROUGE metric. This allows the study
to remain grounded in qualitative educational research while exploring the potential automated
methods for future use in professional development evaluation and feedback systems.
6.3.2 Data Collection and Description

The data used for this study was collected from 50 teachers who participated in
professional development courses with a focus on a course titled “Introduction to Programming
for Educators” — the first in a sequence of computer science professional development courses
designed specifically for K-12 teachers. This course serves as a foundational introduction to
programming concepts, pedagogical strategies and computational thinking. It is modeled after
the CSO curriculum, focusing on basic programming constructs such as variables, loops,
conditionals, functions, and simple data structures. The course content also aligns conceptually
with introductory modules of AP computer science principles, emphasizing problem-solving,

algorithmic thinking and the relevance of computing in educational contexts.
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The teachers were required to provide reflective journals of no more than two pages on their

experiences. Each journal entry requirement correlates with the modules that were being covered

at that point in time, with a focus on exploring their experiences with computing and their

general thoughts on teaching computer science. The journal entry reflection questions include:

Computing Autobiography: Teachers were required to reflect on their early encounters
with computing, their attitudes towards computer science over time, the way they
currently utilize computer science in their daily lives both personally and professionally
as well as the classes they have taken. They were also required to discuss their goals and
expectations from the course.

Navigating the Beginning: Teachers were asked to reflect on their experiences after
completing the initial phase of the course which included an introduction to the field of
computer science and their first few programming assignments. They were encouraged to
share how they currently feel about their learning journey — where they excited,
confident, overwhelmed, or uncertain — and to describe specific experiences that have
contributed to these emotions. Teachers were also asked to reflect on the challenges and
breakthroughs they have encountered, the strategies they have found helpful and how
these early experiences have shaped their perceptions of teaching computer science.
Learning Theories: Teachers were asked to reflect on learning theories they had come
across in the course and how they might apply these theories in their respective teaching.
They were also required to discuss how to engage with a diverse audience of students and
strategies for equitable participation in computer science education.

Learning Ecologies: The teachers were asked to describe the learning opportunities that

are available to their students as well as the disparities in computer science education.
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6.3.3

They were also required to identify potential strategies that would enable students to
learn computer science effectively.

Finding Your Teaching Style/Approaches in Computer Science: The teachers were
asked to reflect on the various approaches to teaching computer science introduced
throughout the course, both in reading and content lessons. They were encouraged to
consider which methods resonated with them most as learners, and which they envision
using in their own teaching practices. Teachers were also invited to reflect on the
strategies they currently use in their classrooms that could be adapted to effectively teach
computer science.

Human Annotation Procedure

The study employed a manual thematic coding procedure using the Taguette qualitative

research tool. Taguette is an open-source, web-based platform designed specifically for

researchers conducting qualitative text analysis. It enables users to upload textual documents,

highlight relevant excerpts and assign user-defined thematic tags to each segment, thereby

facilitating systematic and traceable coding. It also facilitates the generation of structured outputs

for further analysis or comparison with other annotators or LLM-generated tags in the case of

this research.

6.3.4

Large Language Model-Based Thematic Tagging

To examine the reliability of the thematic analysis, the same set of teacher journal entries

was subjected to thematic tagging using OpenAl’s ChatGPT. Each journal was submitted to the

model with a structured prompt designed to simulate the role of a qualitative researcher. The

prompt formulated are shown below:
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Prompt: | “You are an expert in qualitative research. The following text consists of
reflective journal entries written by teachers participating in a computer
science professional development program. Conduct a thematic analysis by
identifying all the main themes emerging from the reflections. Use concise,
meaningful descriptions that capture emotional, cognitive and pedagogical
dimensions of the teachers’ experiences. Include the frequencies of how

many individual highlights support that theme.

6.3.5 ROUGE

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a widely used metric for
evaluating the quality of generated texts by comparing it to a set of reference summaries or
keywords. It is originally developed for summarization tasks [150], useful for assessing overlap
between automatic and human-generated texts.
ROUGE-1 refers to the overlap of unigrams (single words) between the generated and reference
texts, indicating basic word-level similarity. ROUGE-2 measures bigram (two-word sequence)
overlap, capturing more contextual agreement while ROUGE-L evaluates the longest common
subsequence, reflecting the overall alignment between two sets of texts. In this study, ROUGE was
used to compare the thematic labels generated by ChatGPT (LLM-based) with those generated by
human coder.
The interpretation of ROUGE scores varies based on the task but generally, a ROUGE-1 score
above 0.5 is considered high, indicating strong lexical similarity; scores between 0.3 and 0.5
suggest moderate similarity while scores below 0.3 reflect low similarity. ROUGE-2 scores are

typically lower than ROUGE-1 because bigram matches are harder to achieve; values above 0.3
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are strong, between 0.1 and 0.3 are moderate and below 0.1 are considered low. ROUGE-L,

which captures sequential structure often lie between ROUGE-1 and ROUGE-2.

6.4 Analysis and Results

6.4.1 Teachers’ Autobiography

From Figures 6.1 and 6.2, the human-coded analysis places strong emphasis on broader terms

like “Attitude Towards CS”, “K-12 Experience”, and “Care for Students”, with particularly high

counts for institutional elements such as “Programming Expectations” and “Occupation.

Attitude Towards CS

K-12 Experience

Care for Students
Programming Expectations
Occupation

Colleg CS Courses
Programming Languages
Video Games

Home Experience with Computers
Aftitude towards Program
Attitude towards Learning
Worry

Problem Solving

Women in STEM/CS

First Generation Graduate

Low Cenfidence

Teachers' Autobiography: Human-Coded Thematic Analysis
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Figure 6.1. Teachers' Autobiography: Human Coded

On the other hand, the LLM-coded themes center heavily around personal and emotional

journeys into computing, such as “Early Encounters with Computers”, “Teaching Aspirations

and Integration”, and “Growth Mindset and Learning Attitudes”. These themes capture
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motivational factors in teachers’ learning trajectories. Themes such as “Video Games” and
“Home Experience with Computers” appear in both analyses, though with differing emphasis
because LLM focuses on Gaming and Educational Software, while human highlights Video

Games more generally.

Teachers' Autobiography: LMM-Coded Thematic Analysis

Early Encounters with Computers 15

Teaching Aspirations and Integration 14

Growth Mindset and Learning Attitudes 13

Technology Literacy and Skill Development 12

Gaming and Educational Software 12

Confidence and Persistence 11

Desire to Be a Better Teacher 10

Struggles and Frustration with Programming 10

Connection to Family and Students 9

Career Transitions and Lifelong Learning 8

Interest in Computer Science Careers 8

Gender Barriers and Equity Concerns 6

0 2 3 6 8 10 12 14
Count of Highlights

Figure 6.2. Teachers' Autobiography: LLM-Coded

Despite some conceptual alignments such as learning attitudes, confidence and technology
experience, the thematic analysis differ substantially, as reflected in the relatively low ROUGE
scores: ROUGE-1 at 0.143, ROUGE-2 at 0.022 and ROUGE-L at 0.130. These low overlap
scores suggest that while both approaches captured relevant themes, the LLM and human coders
often presented them in different ways. This underscores the need for complementary insight

when combining both coding approaches.
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6.4.2 Navigating the Beginning

The comparison between the human-coded themes (Figure 6.3) and the ChatGPT-generated

themes (Figure 6.4) reveals a strong alignment in the overall focal areas of teacher reflections,

though differences in granularity and phrasing are apparent.

Overwhelmed
Self-Confidence

Excited to learn more
Angry/Frustrated

Like of History

Desire to be a better teacher

Navigating The Beginning: Human-Coded Thematic Analysis

31
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Fast Pacing 8
Growth Mindset 7
More work than expected &
Struggle with pseudocode 5
Shared struggle 5
Techonology trouble
Lack of Confidence
Struggle with Labs
Comfortable format
Lack of Feedback
Regret
Worry about perception
Assignments were difficult
Missing prior knowledge
Concerned about completion
Trouble with History 2
Feeling Stuck 2
Struggle with terminclogy 2
Lack of learning
Wants to quit
Extended focus
Abstract
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Figure 6.3. Navigating The Beginning (Human Coded)

Both analysis highlight “Overwhelm” or “Overwhelm and Time Pressure” as the most dominant
theme, which reflects the intensive demands of the course. Themes such as “Excited to Learn
More” (human) and “Excitement and Curiosity” (ChatGPT), along with “Growth Mindset”
(Human) and “Growth Mindset and Perseverance” (ChatGPT), show semantic and conceptual
overlap, suggesting that the Al captured key emotional and motivational patterns expressed by

teachers. Similarly, ChatGPT’s “Empathy Toward Student Struggles” echoes the human-coded
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“Shared struggle” and “Struggle with Labs/Pseudocodes”, capturing the dual role of teachers as

learners and future facilitators of computer science instruction.

Overwhelm and Time Pressure
Frustration and Self-Doubt

Growth Mindset and Perseverance
Empathy Toward Student Struggles

Excitement and Curiosity

Navigating The Beginning: LLM-Coded Thematic Analysis

36
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Fear and Anxiety 28
Interest in Classroom Application 27
Cognitive Overload and Mental Fatigue 5
Need for Clearer Instructional Design 24
Awareness of Learning Process 2
Relief and Small Victories 21

Confusion Between Pseudocode and Python 20

Peer Learning and Community Value 18
Transfer and Connection to Prior Knowledge 17

Historical Context Appreciation 14
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Figure 6.4. Navigating The Beginning (Al Coded)

However, the divergence in labeling specificity, with human coding using narrower codes like
“Fast Pacing” or “Trouble with History” while ChatGPT uses broader, synthesized themes
contributes to a moderate ROUGE-1 and ROUGE-L scores of 0.2623 and a low ROUGE-2 score
of 0.0794. This indicates that while the AI’s wording overlaps with the human-coded content at
the word and concept level, its phrasing and structure differ. Overall, LLM-generated analysis
reasonably aligns with human thematic analysis of the initial teachers’ learning experiences,

particularly in emotional and cognitive dimensions.
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6.4.3 Learning Theories
The human-coded and LLM-coded thematic analysis reveals a marked contrast in the

teachers’ reflections on learning theories.

Learning Theories: Human-Coded Thematic Analysis

Fixed andfor Growth Mindset 36
Accomodation and Assimilation 18
Vygotsky's Proximal Development 18
Cognitive Load Theory 17
Piaget's Stages 15
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Women in STEM/CS 2
Preoperational 1
Sensorimotor 1
Constructivism 1
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Imposter Syndrome 1
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Figure 6.5. Learning Theories: Human Coded
The LLM-coded graph (Figure 5.4) shows a broader, more abstract categorization of themes. For

example, it identifies high-level pedagogical and emotional constructs such as “Growth Mindset
and Perseverance”, “Overwhelm and Cognitive Load” while integrating theoretical anchors like
Bloom’s Taxonomy, Piaget/Cognitive Development and Vygotsky’s ZPD, presenting them as
structured conceptual frameworks that emerged meaningfully from the reflections.

In contrast, the human-coded graph (Figure 5.3) presents a more granular and literal
interpretation. The themes are often smaller conceptual units or phrases taken directly from the

text, such as “Yet”, “Neuron connections” or “Women in STEM/CS”. This suggests that the
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human coder was guided by a close reading of the text, capturing the nuance and terminology

specific to the course content.

Growth Mindset and Perseverance

Bloom's Taxonomy

Challenges in Programming

Piaget / Cognitive Development

Overwhelm and Cognitive Load

Information Processing Theory
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Figure 6.6. Learning Theories: LLM-Coded

There is a moderate degree of overlap in the individual word usage and longest common

subsequence between the LLM and human themes — evident by the ROUGE-1 and ROUGE-L

scores of 0.44 and 0.41 respectively. This suggests that many of the same concepts were

recognized, although with different levels of abstraction or phrasing. However, the ROUGE-2

score is low at 0.07, reflecting that the two sets of themes diverged significantly in how those

concepts were expressed in multi-word phrases.

111




6.4.4 Learning Ecologies

Figure 6.7 and Figure 6.8 show the human-coded and LLM-coded charts of the thematic analysis
respectively. The comparison of the two approaches reveals both overlapping insights and
distinct focal points. The LLM-coded analysis emphasizes themes such as “Limited Access and
Opportunities”, “Gender and Racial Disparities”, and “Teacher Training and CS Integration”,

with high frequencies of 18, 16 and 14 respectively.

Learning Ecologies: Human-Coded Thematic Analysis

Marginalized Groups/Diversity 31
Lack of C5 Exposure 20
Rural comnmunity 15
Video Games 1
Career Connection 1
One to One Technology 1
Lack of Resources/Funding 10
SmartPhones 8
Lack of Internet Access &
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Lack of Parential Guidance 5
Community Resources 4
School Clubs 4
Lack of Interest 3
Innovational Equity 2
Social Media 2
concerns with Status Quo 2
Lack of Curriculum 2
Dual Citizen 1

Legal Issues 1
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Figure 6.7. Learning Ecologies: Human Coded

These reflect a view of structural and instructional challenges in equitable access to computer
science education. In contrast, the human-coded themes focus heavily on “Marginalized
Groups/Diversity” (31 highlights) and “Lack of CS Exposure (20 highlights), which resonate

with similar concerns but use different wording and granularity.
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A notable area of comparison is technology use. The LLM-coded theme “Device Access

vs Productive Use (13 highlights) aligns with the human-coded entries “One-to-One Technology

(11) and “Smartphones (8). However, the human coders also identified Video Games (11) as a

theme, suggesting a more nuanced attention to specific student behaviors and their influence on

learning ecologies, a detail not captured by the LLM.

Limited Access and Opportunities
Gender and Racial Disparities
Teacher Training and CS Integration
Device Access vs Productive Use
Parental and Community Disconnect
Curriculum Gaps and Inconsistency
Student Motivation and Interest

Lack of Qualified CS Teachers
Promising but Underutilized Resources
Importance of Early Exposure

Desire for Real-World Connections
Isolation in Rural Communities
Positive Impact of Summer Programs
Equity and Advocacy for Change

Representation and Role Models

0.0

Learning Ecologies:

LLM-Coded Thematic Analysis

1z

11

10

10

18

16

14

13

10.0 125

Count of Highlights

Figure 6.8. Learning Ecologies: LMM-Coded

15.0 175

Additionally, “Lack of Qualified CS Teachers” in the LLM-coded results (10 highlights) aligns

with “Teacher Shortage (6) from the human-coded side, although it is less prominent in the

human data. Other themes like “Parental and Community Disconnect” in the LLM-based results

roughly correspond to “Lack of Parental Guidance” and “Community Resources” in the human-

coded data, although with less frequency (5 and 4 respectively).
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The overall ROUGE scores — ROUGE-1: 0.31, ROUGE-2: 0.056, and ROUGE-L: 0.31
suggest moderate lexical overlap but highlight semantic differences. This indicates that while
LLM is capturing many of the same concerns at the top level, the human analysis includes a
wider range of context-specific themes. While LLM offers breadth and generalization, human
coded analysis captures fine-grained, context sensitive nuances.

6.4.5 Teaching Approaches in Computer Science

The comparison between the LLM-based and human-coded thematic analysis of teacher

reflections on teaching approaches in computer science reveals both alignment and divergence

(Figure M and Figure N)

Teaching Approaches: Human-Coded Thematic Analysis

Scratch/Block Coding 30

Pair Programming 27

Parson's Problems
Live Coding

Code Tracing
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Figure 6.9. Teaching Approaches: Human-Coded
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The LLM-coded chart emphasizes themes such as “Peer Programming and Collaboration” (22
highlights), “Live Coding and Modeling (20 highlights), and “Code Tracing and Debugging” (18
highlights) as dominant strategies recognized by teachers, closely followed by “Coaching and
Guided Support” and “Parsons Problems”. These themes reflect a strong emphasis on interactive,

student-centered approaches that support learning.

Teaching Approaches: LLM-Coded Thematic Analysis

Peer Programming and Collaboration 22
Live Coding and Modeling 20
Code Tracing and Debugging 18
Coaching and Guided Support 17
Parsons Problems 16
Block-Based Programming (e g, Scratch) 14
Scaffolded Instruction 11
Growth Mindset and Productive Struggle 9
CS Unplugged Activities 9
Differentiated Instruction and Flexibility 8
Flipped and Video-Based Learning 7
Cognitive Load Reduction Strategies 7
Use of Examples and Demonstrations 6
Pseudocode Confusion &
Assessment and Peer Review 5
Reflection on Personal Learning 5
Equity and Inclusion in CS Learning 4
Hesitation Due to Lack of Confidence 3

Connection to Math Teaching Practices 3
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Figure 6.10. Teaching Approaches: LLM-Coded
On the other hand, the human-coded chart presents “Scratch/Block Coding” (30

highlights) and “Pair Programming (27 highlights) as the most prominent strategies followed by
“Parson’s Problems”, “Live Coding”, and “Code Tracing” (all with 19 highlights each). While
both analysis capture core pedagogical strategies like block-based programming, pair work and
modeling, the human-coded analysis appears to be more granular in tool-specific coding (by

mentions of Code.org, Python Tutor and Berkeley’s Snap), while the Al-coded version
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aggregates strategies into broader concepts like “CS Unplugged Activities” and “Cognitive Load
Reduction Strategies”.

The ROUGE scores further underscore this pattern of partial alignment, The ROUGE-1
and ROUGE-L scores both stand at 0.241, indicating a fair lexical overlap between the two sets
of themes. However, the ROUGE-2 score is 0.0, suggesting limited phrase-level alignment. This
could be due to the AI’s compound phrasing compared to the shorter and tool-specific labels

used by the human code.
6.5 Discussion and Pedagogical Implications

The thematic analysis of teacher reflections conducted in this study reveals important
insights into the learning journeys of educators in computer science professional development
programs. These findings demonstrate that teacher learning is not merely a technical process of
acquiring programming skills or content knowledge but a multi-dimensional experience that
includes cognitive, emotional and pedagogical growth. Teachers described moments of both
struggle and victory, with themes such as “Overwhelm and Cognitive Load”, “Confidence and
Persistence”, “Growth Mindset and Learning Attitudes”, suggesting that emotions play a crucial
role in the learning process. Professional development must therefore be designed to provide
emotional support and foster resilience beyond technical instruction.

The teachers’ autobiography reflections supports the diverse trajectories that teachers
bring into the learning process. Some shared stories of early exposure to technology and strong
motivation, while others conveyed anxiety, self-doubt and identity issues. For teacher training
programs to be effective and efficient, they must acknowledge and support these diverse

experiences and aspirations.
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The cognitive dimension of teacher professional development was seen in the reflections
that engaged with foundational learning theories such as Bloom’s Taxonomy, Vygotsky’s Zone
of Proximal Development and Piaget’s Cognitive Development. The presence of these theories
in both human and LLM coded data indicates that teachers are meaningfully engaging with
conceptual frameworks and seeking to integrate them into practice. Pedagogically, teachers
expressed a desire to adopt and adapt active, student-centered strategies such as Peer
Programming, Live Coding and Scratch Programming. All of these reflect a shift from traditional
approaches to a more interactive classroom teaching.

6.6 Limitations

This study, while informative, is not without its limitations. The sample size of 50 teachers,
though sufficient for exploratory thematic analysis, constrains the generalizability of the findings
to broader populations. The human-coded analysis was conducted by a single researcher,
introducing the possibility of subjective interpretation and limiting inter-rater reliability. ROUGE
as a metric provides insight into textual overlap but does not fully capture conceptual or semantic

equivalence. As a result, some valid thematic similarities may be undervalued.
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Chapter 7 - Conclusion

7.1  Summary and Review of Contributions

This dissertation explored strategies to advance computer science education by
addressing two crucial challenges: Identifying and supporting struggling students and equipping
teachers, especially those in underserved communities, with the knowledge, confidence and
identity needed to teach computer science effectively. Drawing from empirical data, innovative
tools and teacher narratives, the work presents a comprehensive, data-driven framework that
bridges the technical and pedagogical dimensions of CS education.

The work introduced a novel keystroke analytics tool — From Typing to Insights — which
reconstructed students’ code progression from raw keystroke logs and visualized the evolution of
their programming attempts. It further integrates automatic code execution and error detection
mechanisms using unit tests. This has the potential to allow instructors to view the coding
process, detect common patterns of errors, identify excessive backtracking or confusion and
make timely, and informed intervention decisions. The tool shifts the focus from final
submissions to the process-oriented view of student learning, emphasizing the journey of code
development over its static end product.

Building this foundation, Tracklt, a rule-based detection system that classifies students’
programming behaviors into varying levels of struggle by combining keystroke analytics with
self-reported survey data was developed. Tracklt introduced multiple behavioral indicators such
as pause time analysis, deletion frequency, correction patterns and copy-paste behaviors, to flag
students at risk of struggling. The tool’s validation against self-reported struggle surveys

revealed important correlations and gaps between perceived and observed struggle, thereby
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offering instructors actionable insights. Moreso, Tracktlt identified difficult assignments and
modules, enabling curriculum refinement and targeted pedagogical support.

While the first two chapters addressed student support, the dissertation switched gears
into teacher development, focusing on teachers from rural and underserved communities where
disparities in computer science education are most pronounced. Through structured training
programs, this work examined how participation influenced teachers’ professional identity,
confidence, competence and commitment. The results show significant gains in self-efficacy,
clearer computing identity formation, and increased dedication to implementing computer
science concepts in classrooms. The study illuminated how well-designed professional
development programs could bridge the gap in access and readiness to teach computer science.

Extending that line of study, the dissertation provided a deeper understanding of teachers’
learning experiences by conducting a thematic analysis of reflective journals. Using both human
coding and Large Language Model (LLM) tagging, the study uncovered emotional, cognitive
and pedagogical themes, ranging from fear and motivation to instructional challenges and
evolving teaching approaches. The findings emphasized that understanding teacher’s reflections
can yield nuanced perspectives on their growth and reveal insights not easily captured by surveys
alone. It validated those qualitative feedback/reflections if rigorously analyzed, proves
indispensable for computer science education.

In sum, the four core areas of research provide a coherent narrative, starting from
identifying struggling students through their programming interactions, progressing to building
intelligent tools for classification and then expanding to empower teachers who are crucial to

students’ success. Each chapter builds upon the insights of the previous, transitioning from the
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level of students to the level of teachers, thus forming a holistic strategy for advancing computer

science education.
7.2 Recommendation

To maximize the potential of keystroke data in computer science education, institutions
should actively embrace the use of data-driven strategies. This is because integration of tools that
utilize keystroke data and error reports allows educators to adopt a more proactive approach to
identifying struggling students and providing early interventions, thereby preventing academic
setbacks and improving student retention rates. Given that the success of the tool relies on the
ability of educators to interpret and apply data effectively, it is important to provide instructors
with training programs that would equip them with the skills to analyze keystroke patterns,
interpret error logs and identify actionable insights.

Furthermore, institutions should explore ways to integrate the tool with existing
educational technologies such as embedding keystroke analysis and error reporting features into
commonly used learning management systems like Canvas.

7.3 Future Directions

Future enhancements to the keystroke analytics tools (From Typing to Insights and
Trackit) will center around deepening their ability to support students by identifying when they
are struggling and offering timely interventions. A key area of development will involve
gathering massive datasets (including online courses) and integration of machine learning
models that can automatically detect behavioral patterns indicative of struggle. Since the
machine learning models rely on extensive feature engineering to build predictive systems that
not only detect current difficulty but also anticipate when a student is likely to experience

problems, challenges such as false positives and computational efficiency will be addressed in
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the development process to ensure the system is both accurate and scalable. Real-time analytics
is another major frontier, allowing students and instructors to receive alerts as soon as struggle
begins to surface during a programming session. For instance, if a student pauses for a long
period, frequently pasting code without prior typing, or shows inconsistent editing behaviors, the
system could offer automated feedback or notify instructors for just-in-time interventions.

As the capabilities of Tracklt expand, future versions may function more like a virtual
coach, offering supportive messages, reflective prompts or encouragement during moments of
hesitation. This would transform TrackIt from a retrospective assessment tool to a proactive
learning companion. Beyond individualized feedback, connecting the system to broader learning
analytics dashboards would allow instructors to examine class-wide trends and determining
which assessments or concepts are most challenging. Future multi-modal data sources — such as
audio, video, or eye-tracking — could be incorporated to improve the accuracy of struggle
detection and offer a more holistic view of student engagement. Broader platform integration is
also a crucial direction, particularly embedding the tool within popular development
environments like Visual Studio Code, Jupyter Notebooks, and learning management systems
such as Canvas. These integrations will make real-time analytics more accessible and actionable
for instructors managing large-scale programming courses.

In parallel with student support, future work will continue to build on the success of the
teacher development initiatives. The thematic analysis of teachers’ reflective journals has already
provided meaningful insights into emotional, cognitive and pedagogical dimensions. Teachers
have also shared their excitement and fears. Future efforts will build on this to focus on scaling
these insights by analyzing larger datasets across broader teacher populations, thereby validating

emerging patterns and ensuring their generalizability.
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A crucial direction will involve linking these rich reflections to actual classroom practices
and student learning outcomes. Doing so will help determine how shifts in teacher identity,
confidence, and pedagogical strategies translate into real-world impacts. Longitudinal studies
that follow teachers beyond the initial training — tracking how their perspectives, practices, and
challenges evolve — could shed light on the sustainability of professional development efforts.
Moreover, involving multiple human coders in the thematic analysis will enhance the reliability
of findings and establish a stronger benchmark for comparing the outputs from large language
models. To optimize LLM-based analysis, future work may experiment with varied prompt
strategies to reduce potential bias and deepen thematic consistency.

In sum, by bridging keystroke-based learning analytics with in-depth teacher reflections,
this dissertation offers a dual approach to improving computer science education: supporting
students in real-time as they learn, and empowering teachers as they grow in their teaching

journey.
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Appendix A - Assignment Feedback Survey

1. Onascale of 1to 5, how would you rate the difficulty level of this assignment?
(1 = Very Easy, 5 = Very Difficult)

@1
2
3
4

T 5

2. Approximately how much time in total did you spend working on this assignment?
(Include all time spent thinking, coding, and revising)

3. Did you struggle with this assignment?

T Yes

" No
4. If you answered "Yes" to the previous question, please specify what part of the assignment you struggled

with the most.

5. Onascale of 1to 5, how confident did you feel while completing this assignment?
(1 = Not Confident at All, 5 = Very Confident)

@1
2
3
4

5
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Appendix B - Tracklt Features/Functionalities

Tracklt: File Upload

Select a student:

oxnoni  Tracklt: A Rule-Based Detection

) ahANONtz
) amANON41 ‘f . S l-
System for Identifying Struggling
) arANON12
) bIANONer :
e Programmers Using Keystroke Data
) bsANONot
Upload a ZIP folder
) cbANONum
) chANONan Drag and drop file here Browse files
) cmANONO8 Limit 200MB per file » ZIP
) ebANONT1
GOl lab-1-basic-python.zip 0.5MB X
) jcANONId
) jcANON35 , i
Select a.py.csv or .java.csv file
) jdANON18
) jKANON29 exercisel.py.csv v
) jnNANON43
_) JpANONce View Raw Data
) KhANON76
) krANONak date position delete insert wversion user
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Tracklt: Raw Keystroke Data Display and Total Coding Time

~

[ View Raw Data ‘

vy

Select a student:

O agANONff

) ahANONtz date position delete insert version user

) amANON41 0 2024-10-24 19:10:58 0 0 Noi 0 internaltreload
) arANON12

) bIANONer 1 2024-10-2419:10:58 0 None #WRIT| 0 internalfreload
) bmANONT0 2 2024-10-24 19:11:09 1 None print(" 1 agANONff
() bsANONot

O cbANONuUM 3 2024-10-2419:11:18 53 1 Non 2 agANONff
_) chANONan 4 2024-10-2419:11:18 52 1 None 2 agANONff
) cmANONO8

® i 5 2024-10-2419:11:18 51 1 None 2 agANONff
\ e

) ebANON40 6 2024-10-2419:11:18 50 1 Non 2 agANONff
() jcANONId _

O ICANON3S 7 2024-10-2419:11:18 49 1 ne 2 agANONff
( jc

() jdANON18 8  2024-10-2419:11:18 48 1 Nor 2 agANONff
j IKANORRY 9 2024-10-2419:11:19 47 1 N 3 agANONff
() jnANON43

() jpANONce

) khANON76

) krANONak Task Completion Time: 596 sec | 9 min | 0.17 hours
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Tracklt: Copy-Paste Functionality and Code Progress Visualization

Detected Paste Events:

Select a student:

o agANON(f Pasted Code Source
_) ahANONtz
) amANON41 0 :40 defcalculate_weighted_average(examl, exam2, exam3, homework): # Calculate th New External Paste
_) arANON12 1 :17 def calculate_weighted_average(exam1, exam2, exam3, homework): # Calculate wi New External Paste
) bIANONer
J_ EmANOHZO Select a timestamp:
) bsANONot 2024-11-25 15:44:40
_) cbANONum ®
) chANONan 2024-11-25 15:02:40 2024-11-25 15:47:17
) cmANONO8
) ebANON71
) ebANON40 def calculate_weighted_average(examl, exam2, exam3, homework):
i # Calculate the weighted average
) JCANONld return (examl * 0.2) + (exam2 * 0.2) + (exam3 * 0.2) + (homework * 0.4)
) jcANON35
_) jdANON18
D jkANON29 def determine_letter_grade(score):
i # Determine the letter grade based on the score
J JnANON43 if score >= 90:
QO JPANONce return "A"
J khANON76 elif score >= 80:
O KrANONak return "B"

alif crcore - 70-
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Select a student:

© agANONSf
) ahANONtz
) amANON41
) arANON12
) bIANONer
_) bmANON70
) bsANONot
_) cbANONum
) chANONan
_) cmANONOS
) ebANONT1
) ebANON40
_) jcANONId
) jcANON35
) jdANON18
) jkANON29
) jnANON43
) jpANONCce
) khANON76
) krANONak

Tracklt: Struggle Identification Metrics

Struggle Identification Metrics

Feature Value
Total Duration (seconds) 2677.38
Total Pauses (count) 13

Total Pauses(in seconds) 152.71

Idle Time Ratio 0.06
Micro Pauses (count) 10
Mild Pauses (count) 3
Short Pauses (count) 0
Mid Pauses (count) 0
Long Pauses (count) 0

Micro Pauses (2-15 sec) 69.71

Struggle Category for agANON(ff: Struggled a lot
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Complete Struggle Identification Metrics — Download

Feature Value
0 Total Duration (seconds) 2677.38
1 Total Pauses (count) 13
2 Total Pauses(in seconds) 152.71
3 Idle Time Ratio 0.06
4 Micro Pauses (count) 10
5 Mild Pauses (count) 3
6 ShortPauses (count) 0
7 Mid Pauses (count) 0
8 Long Pauses (count) 0
9 Micro Pauses (2-15sec) 69.71
10 Mild Pauses (15-120 sec) 83
11 ShortPauses (120-180 sec) 0
12 Mid Pauses (180-600 sec) 0
13 Long Pauses (>10 min) 0
14 Totallnsertions 17
15 Total Deletions 1946
16 Insert-Delete Ratio 0.01
17 Deletion Ratio 108.11
18 Correction Speed (deletions/min) 43.61
19 Typing Speed (characters/min) 0.38
20 Active Segment Length (Avg Keystrokes before Pause) 24
21 Large Pastes (50+ chars) 2
22 VerylLarge Pastes (100+ chars) 2
23 Struggle Score 31
24 Struggle Category Struggled a lot
25 Struggle Rating 5
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Tracklt: Struggle Features/Metrics for All Students

[ Show All Students' Struggle Features J

Ll Struggle Features for All Students

Total Duration (seconds) Total Pauses (count) Total Pauses(in seconds) Idle Time Ratio  Micro PaL

agANON(f 2,677.38 13 152.71 0.06
ahANONtz 4,927.73 14 4,833.13 0.98
amANON41 9,691.33 33 5,339.54 0.55
bIANONer 308.88 40 218.21 0.71
bmANONT70 10,783.23 1 6.97 0
bsANONot 12,142.41 3 9,442.75 0.78
cbANONum 295.63 24 222,71 0.75
chANONan 475.41 24 325.76 0.69
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