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Adaptive Formative Assessment Based on Enhanced Bayesian Knowledge
Tracing Model

Abstract:

This doctoral thesis utilised enhanced Bayesian Knowledge Tracing (BKT) models to as-
sess student knowledge adaptively and to extend the standard functionalities of widely used
Learning Management Systems (LMS). It was hypothesised that incorporating time spent on
task and the number of code evaluations in the introductory programming domain would en-
hance student performance’s predictive accuracy and knowledge mastery estimation within
the vanilla BKT model. Empirical research employing in situ quasi-experimental design
was conducted during an Introduction to Programming in Python course, involving a sub-
stantial sample of 174 undergraduate students. The weekly course topics were structured into
granular Domain Knowledge Components (DKC) and Controlled Environment formative as-
sessments (CE). The study examined 18 BKT models incorporating various combinations of
Prior knowledge, Guess, Slip, Learn and Forgets parameter probabilities, implemented using
the Python library for cognitive modelling, pyBKT. In general, the enhanced BKT models
outperformed the baseline vanilla model in predicting student performance across multiple
DKCs. Also, the enhanced BKT models outperformed the vanilla model in estimating stu-
dents’ knowledge mastery. Regarding the model convergence, the enhanced BKT models
provided more effective and reliable paths to knowledge mastery than the vanilla model.
The previous results supported the proposal of a framework for ranking BKT models based
on their capacity to predict student performance, estimate knowledge mastery, and model
efficient learning paths. This framework identified the most effective BKT models, offering

a systematic approach to selecting models that outperformed the vanilla BKT model.

Keywords:
Bayesian knowledge tracing, student modelling, educational data mining, intelligent tutoring

systems
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Prilagodljivo formativno vrednovanje temeljeno na poboljSanom modelu
Bayesovog pracenja znanja

Sazetak:

Ne temelju prethodnih poboljSanja osnovnog Bayesovog modela za pracenje znanja ucenika
(eng. Bayesian Knowledge Tracing, BKT), u radu se istrazuju BKT modeli za prilagodljivu
procjenu znanja, proSirujuci pritom standardne funkcionalnosti sustava za e-ucenje. Postavl-
jena je hipoteza da uvodenje znacajki vremena provedenog na pitanju i broja evaluacija koda
u podrucju pocetnog programiranja poboljSava prediktivnu toénost uenikovih odgovora te
procjenu razine usvojenog znanja. Empirijsko istrazivanje provedeno je koriStenjem in situ
kvazi-eksperimentalnog dizajna tijekom kolegija Uvod u programiranje u kojem je sudjelo-
valo 174 studenta prijediplomskog studija. Tjedni nastavni sadrZaji strukturirani su u granu-
larne komponente znanja (eng. Domain Knowledge Components, DKC) uz pripadajuca for-
mativna vrednovanja (eng. Controlled Environment assessments, CE). KoriStenjem pyBKT
Python biblioteke za kognitivno modeliranje, istrazeno je 18 BKT modela koji ukljucuju
razliCite kombinacije parametara predznanja (eng. Prior), pogadanja (eng. Guess), sluca-
jne pogreske (eng. Slip), ucenja (eng. Learn) i zaboravljanja (eng. Forgets). PredloZeni
BKT modeli nadmasili su osnovni model u predvidanju uspjeha ucenika u viSe DKC-ova.
Takoder, nadmasili su osnovni model u procjeni razine usvojenog znanja. U kontekstu kon-
vergencije modela, predloZzeni BKT modeli pruZili su u¢inkovitije i pouzdanije modeliranje
individualnih pristupa u€enju. Rezultati istraZivanja rezultirali su prijedlogom okvira za ran-
giranje BKT modela s obzirom na njihovu sposobnost predvidanja ucenikovih odgovora,
procjene razine usvojenog znanja i modeliranje individualnih pristupa ucenju. PredloZeni
okvir identificirao je najucinkovitije BKT modele, nudeéi sustavan pristup odabiru modela

koji nadmasuju rezultate osnovnog BKT modela.

Klju¢ne rijeci:
Bayesov model praenja znanja, modeliranje ucenikovog znanja, rudarenje podataka u obra-

zovanju, inteligentni tutorski sustavi
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1 INTRODUCTION

Educational Data Mining (EDM) is a progressive area of scientific research focused on de-
veloping methodologies for analysing unique data collected from educational environments
to gain deeper insights into students and their learning contexts [7]. While closely related to
Learning Analytics (LA), EDM emphasises automated methods over human interpretation
of data and visualisation [8]. Researchers in EDM employ various techniques, including
data mining to identify patterns, machine learning to glean insights from training data and
predict future outcomes, and statistical analysis to quantify data from samples and estimate
population behaviour. A key moment in the evolution of the EDM field was the publication
by Corbett and Anderson on the Bayesian Knowledge Tracing (BKT) model [8, 9], which
marked the first significant milestone.

Although educational data is not exclusively sourced from digital platforms, e-learning
systems represent a broad testing ground. Commonly referred to as Learning Management
Systems (LMS) [10], these systems are designed to manage, document, track, report, au-
tomate, and deliver courses, materials and learning experiences. However, the scope of
e-learning systems extends beyond LMS, encompassing any educational system that em-
ploys formalised teaching supplemented by electronic resources such as computers and the
Internet. Additionally, another significant application of e-learning systems is the delivery of
Massive Open Online Courses (MOOC). Despite their widespread use, neither educational
environment was originally designed to provide adaptive and intelligent functionalities.

Since the 1960s, researchers in the interdisciplinary field of cognitive science, artifi-
cial intelligence, and educational technology have computerised teaching and learning by
developing various types of adaptive educational environments, e.g. Computer Assisted In-
struction (CAI) systems [11], Intelligent Tutoring Systems (ITS) [12], Intelligent Learning
Environments (ILE) [13], Adaptive Instructional Systems (AIS) [14], etc. One of the pri-
mary strengths of these environments is their ability to track and analyse student knowledge
and behaviour, thereby enabling them to identify each student’s individual needs. The effec-
tiveness of other components within these platforms heavily depends on the student model’s
capacity to represent student knowledge accurately. The extensive research conducted in the
field of ITSs over the past few decades represents a valuable resource, showcasing various
approaches to student modelling. While the precise taxonomy of these approaches remains

a subject of ongoing debate, Machine Learning (ML) techniques have gradually emerged as
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the cornerstone for categorising student modelling approaches [1].

According to previous review studies on student modelling [15, 16, 17, 18, 19, 20, 21, 22,
23, 24,25, 1, 26, 27], one of the earliest and most extensively investigated ML approaches is
the BKT model [9]. This model, founded on Hidden Markov Models, exemplifies the current
state of the art in the field. A significant advantage of the BKT approach is its flexibility in
accommodating the limited data sets often encountered in typical class sizes.

The vanilla BKT model refers to the original and basic version of the model that emerged
from the development efforts of the ACT Programming Tutor and the cognitive theory re-
ferred to as ACT-R (Adaptive Control of Thought—Rational) [28]. According to the ACT-R
theory, mastering a complex skill requires the mastery of its individual components. The
vanilla BKT model also adopts Bayesian computation principles from Atkinson’s work [29].
It conceptualises the student’s knowledge mastery as a latent variable using the Hidden
Markov Model (HMM) as a specific type of Bayesian network. The HMM has nodes rep-
resenting knowledge states (learned or unlearned) and performance states (correct or in-
correct). Transitions between these nodes are determined by probability parameters—such
as prior knowledge, guessing, slipping, and learning—specified by experts for each skill.
Specifically, the transition from a learned to an unlearned state is absent in the vanilla BKT
model, aligning with the “no forgetting” paradigm. Additionally, the model considers in-
dependent knowledge components, comprising sets of questions that are of equal difficulty.
This approach also accommodates a student’s initial attempts, allowing for multiple tries at
answering a question.

Since its introduction, researchers have explored numerous enhancements to the vanilla
BKT model. These enhancements have been evaluated based on architectural features, edu-
cational context, and extensions not accounted for in the vanilla BKT model. The most exten-
sively investigated enhancements include student characteristics and tutor interventions [1].
Typically, researchers have explored the application of BKT within educational settings such
as ITS, which incorporate both instructional and assessment components. However, the use
of BKT in MOOC or simulated environments has been comparatively rare. Enhanced BKT
models have primarily been evaluated based on their predictive capabilities regarding the
accuracy of students’ answers. In contrast, only a limited number of studies have focused on
their effectiveness in estimating knowledge mastery [30, 31, 32, 33, 34, 35]. Enhanced BKT
models have been extensively studied in mathematics education, while comparatively fewer
approaches have been applied in programming and language learning contexts.

In the programming domain, the educational environment explored in the vanilla BKT
research was centred around the ACT Programming Tutor, which facilitated the practice of
short programs in languages such as Lisp, Prolog, and Pascal. Gonzadlez-Brenes et al. [36]
introduced the Feature-aware Student Knowledge Tracing method and proposed an enhanced
BKT architecture, which incorporates performance node features such as subskills, item dif-

ficulty, and the number of answer opportunities. Similarly, Khajah et al. [37] investigated the
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QuizJET Java Programming Tutor and proposed a model enhanced by the Item Response
Theory, which enabled the modelling of various student abilities and problem difficulties.
Huang et al. [38, 39] used the SQL-KNOT and JavaGuide platforms to investigate skill com-
binations that might involve additional specific knowledge. Wang et al. [40] employed a
platform for teaching the C programming language and introduced an enhanced model that
integrates the 2PL Item Response Theory, which estimates students’ prior knowledge and
combines it with the discrimination and difficulty levels of each assessed skill.

Since the 1960s, the Association for Computing Machinery (ACM) and the wider com-
munity have collaborated to formulate standards and guidelines for Computer Science (CS)
curricula [41, 42]. Their recent work on the curricular guidelines for the upcoming decade
resulted in the initial draft of the Future of CS educational materials [42]. In light of pre-
vailing trends, educators, administrators, authors, and practitioners have highlighted the sig-
nificance of educational environments such as ITS and LMS and the system’s capacity for
auto-graded assessment. They have acknowledged the pioneering role of CS education in
creating interactive learning content, which includes algorithm animations and program vi-
sualisations [43], programming problems with auto-grading [44] and ITS [45]. Furthermore,
they have emphasized that utilising a pool of auto-graded questions enables students to en-
gage in regular self-assessment at various stages of the learning process—when they en-
counter new information (e.g. through reading), apply it (e.g. by completing homework
or in-class activities), and review it (e.g. during summative assessments). The objective is
to minimise the gap between students’ willingness to practice and their actual ability to do
so, thereby enhancing the efficiency of each learning hour spent on a task [42]. Overall,
auto-grading increases the adaptability of educational platforms by reducing the number of
questions assigned to students who answer correctly.

Pelanek [46] presented an overview of the terminology typically used in the literature
to define three levels of adaptivity prevalent in educational environments. The first level
pertains to adaptation within a single item (also referred to as a task, problem, or question),
which typically entails tailoring various types of learning support—such as hints, scaffold-
ings, feedback, and explanations—to meet students’ individual needs. In the literature, this
level is also known as the inner loop [47], micro-adaptation [48], or step loop [49]. The
second level involves adaptation within broader instructional steps, such as selecting or rec-
ommending exercises and topics for study. This level is also known as the outer loop [47],
macro-adaptation [48], or task loop [49]. The third level involves adapting the educational
system itself, such as adding or removing items or modifying algorithmic settings, with the
adaptation process being either automated or supervised by a human. This level is commonly
known as the design loop [49], closing-the-loop [50] or human-in-the-loop [23]. This thesis
investigates assessment as a dynamic and personalised approach to evaluating a student’s
knowledge, aligning with the first adaptivity level. In the educational setting, assessments

serve multiple purposes, including feedback, fostering learning through practical application
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and acting as external motivators [42]. Research has indicated that frequent assessments can
improve student performance and alleviate test anxiety [51, 42, 52], as well as allow students
to retake exams if they have not fully mastered the material [42, 53, 54, 55]. Formative as-
sessment primarily targets student learning, focusing on three key components: productive
time spent on tasks, feedback, and spaced repetition [42].

The primary motivation behind this thesis is to enhance the BKT model for the adaptive
assessment of student knowledge. Although this functionality is typically a key feature of
student modelling in adaptive educational systems such as ITSs, the approach here extends
beyond the standard functionalities of LMSs. The approach focuses on formative assess-
ments, utilizing auto-graded tasks to allow teachers to determine the minimum time and
number of questions required to achieve knowledge mastery. The flexibility of BKT, espe-
cially in managing the limited data sets typical of standard class sizes, represents a signifi-
cant advantage, particularly in larger-scale educational environments where time efficiency
is critical. The empirical research employed an in situ quasi-experimental design within an
introductory programming course involving a sample of 174 students. To ensure the ac-
quisition of the fine-grained domain knowledge required for applying the BKT model, the
approach was designed around formative assessments aligned with weekly course topics. In
addition to the time spent on each programming question, the approach considers how often a
student checks the question’s correctness using pre-defined test cases. By classifying student
answers based on these features, a more targeted assessment framework that defines specific
BKT parameter probabilities tailored to the context of this research is proposed. Enhanced
BKT modelling was prioritized for adaptive assessment of student knowledge, with mini-
mized influence from other factors by using questions of equal difficulty and randomising

question sequences.

1.1 Research hypotheses

In response to the identified motivational challenges, this thesis aims to explore the enhanced

BKT modelling for adaptive assessment. Accordingly, it addresses two primary hypotheses:

Hypothesis 1

It is feasible to trace student knowledge using Bayesian modelling and leveraging the time
spent on task and the number of code evaluations.
The proposed hypothesis is investigated through a series of research tasks, including data

collection, data pre-processing, BKT parameter fitting, and evaluation of the BKT models.
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Hypothesis 2

Extending the modeling of student knowledge with features such as the time spent on task
and the number of code evaluations enhances the vanilla BKT model.
This thesis presents the framework for the BKT model ranking based on its effectiveness

in predicting student performance and accurately estimating knowledge mastery.

1.2 Dissertation outline

This doctoral thesis comprises six chapters. Chapter 1 introduces the research motivation
and outlines the study’s hypotheses. Chapter 2 presents an overview of the theoretical foun-
dations of the vanilla BKT model and systematically reviews its enhancements.

Chapter 3 describes the research methodology in detail, encompassing data collection,
data preprocessing, BKT parameter fitting and BKT model evaluation. It also outlines
the methodological instruments employed to address the research hypotheses. Chapter 4
presents and discusses the results, including an analysis of formative assessment data, clas-
sification of student answers based on time on task and the number of code evaluations,
BKT model parameters, student performance predictions, knowledge mastery estimations
and student learning paths. This chapter also ranks the examined BKT models and provides
a general discussion of the findings. Chapter 5 demonstrates the BKT-based adaptive forma-
tive assessment by detailing the BKT Quiz Report prototype module, BKT API, BKT Quiz
prototype module and the experimental guidelines.

Finally, Chapter 6 concludes the thesis by summarizing the findings, emphasizing the

scientific contributions and discussing potential directions for future research.



2 RELATED WORK

This chapter draws extensively from the systematic review of enhanced BKT modelling ap-
proaches [1]. Section 2.1 reviews previous studies on student modelling, while Section 2.2
presents a brief theoretical overview of the BKT model. Finally, Section 2.3 details a system-
atic review of enhanced BKT modelling approaches, employing the PRISMA methodology

to rigorously select and analyze relevant studies.

2.1 Student modelling

The aim is to present (i) the application of BKT in the previous review studies on student
modelling, (ii) an overview of ML techniques used for student modelling, and (iii) a compar-
ison of the Bayesian Network-based BKT model with Logistic Regression-based and Neural
Network-based models [1].

The summary of previous literature on student modelling draws from overviews [16,
18, 19, 20, 26], reviews [15, 21, 22, 25, 27, 23] and systematic literature reviews [17, 24].
Table 2.1 provides a comprehensive list of proposed taxonomies of student modelling ap-
proaches in descending chronological order, including references, research focus and the
proposed taxonomy. The BKT-related student modelling approaches are indicated in italics.

Previous research on student modelling approaches primarily originated within the ITS
and adaptive instruction research communities. Acknowledgement is given to the extensive
body of work in cognitive diagnostic modelling and psychometrics stemming from other
research fields, including Item Response Theory, the DINA model family and related frame-
works [56]. However, these approaches are not included in the present review of ML meth-
ods for student modelling.

Each study in Table 2.1 provides an overview of student modelling approaches related to
specific educational platforms, adaptive behaviour and techniques used. In the early reviews,
ML techniques were already the basis for different student modelling approaches. Over time,
new techniques complemented the previous student modelling taxonomies. However, the
new taxonomies of student modelling approaches are still adopted, and there is no consensus
on the correct taxonomy.

As the subfield of artificial intelligence, ML works on algorithms that enable machines

to learn through experience and data [57]. ML techniques used for student modelling en-
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Table 2.1. Proposed taxonomies of student modelling approaches [1].

Reference

Research focus

Proposed taxonomy of student modelling approaches

Liu et al. (2021)

The review from the technical point of view

Probabilistic models; Logistic models: Deep learning-based
models

Ramirez Luelmo et
al. (2021)

The systematic review of machine learning
techniques (2015-2020)

Bayesian Knowledge Tracing; Deep Knowledge Tracing:; Long-
Short Term Neural Networks; Bayesian Networks: Support
Vector Machines; Dynamic Key-Value Memory Network:
Performance Vector Analysis

Pelanck (2017)

The review focused on the macro adaptive
behaviour (curriculum sequencing) (2014-
2020)

Bayesian Knowledge Tracing; Logistic models

Anouar Tadlaoui et
al. (2016)

The review focused on Adaptive
Educational Systems

Overlay: Stereotype: Machine Leamning, Plan Recognition:
Differential; Perturbation; Bayesian Networks

Sani et al. (2016)

The review focused on Intelligent Tutoring
Systems (2010-2015)

Bayesian Knowledge Tracing; Fuzzy Logie: Overlay;
Differential: Perturbation: Constraint-based: Machine Leaming:
Stereotype

Kurup et al. (2016)

The overview focused on Intelligent
Tutoring Systems

Overlay: Bayesian Network: Correct First Attempt Rate:
Performance Factor Analysis: Tabling: Bayesian Knowledge
Tracing

Zafar & Ahmad
(2013)

The review of the student modelling
approaches under uncertain conditions

Student modelling using statistical reasoning (Bayesian
Networks. Reasoning using Certainty Factors): Fuzzy Modelling

Pavlik et al. (2013)

The review focused on Intelligent Tutoring
Systems

Overlay models (Rule Space models, Model Tracing models,
Constraint-based models): Knowledge Space models; Dialogue
models: Programmed Branching: State and Trait

Chrysafiadi &
Virvou (2013)

The systematic review focused on Adaptive
Educational Systems (2002-2012)

Overlay: Stereotypes: Perturbation; Machine Learning:
Cognitive Theories: Constraint-based Model: Fuzzy Modelling:
Bayesian Networks: Ontology-based Modelling

Harrison & Roberts
(2012)

The overview of student modelling
techniques for application in serious games

Knowledge Tracing; Performance Factor Analysis: Matrix
Factorization

Desmarais & Baker
(2012)

The overview of the most successful and
widely used approaches focused on the
macro adaptive behaviour (curriculum
sequencing)

Tutors for problem-solving and solution analysis (Cognitive
tutors and Constraint-based modelling): Content sequencing
tutors (Models of skills - Bayesian Networks and graphical
models, IRT and Latent Trait models, Latent cousins DINA.
NIDA, DINO, NIDO, Bayesian Knowledge Tracing, Models
without hidden nodes)

Vandewaetere et al.
(2011)

The overview of the parameters that are
included in the student model when
developing adaptive learning environments

Stereotypes: Feature-based modelling: Combination of
stereotypes and feature-based modelling: Other approaches
(Constraint-based modelling and Modelling of misconeeptions)

Brusilovsky & Milan
(2007)

The overview focused on Adaptive
Hypermedia and Adaptive Educational
Systems

Overlay: Uncertainty-based modelling

Table 2.2.

ML techniques identified in the research on student modelling [1].

R . Bayesian Logistic Neural S]fplm” Fuzzy Matrix
esearch study _ A - Vector X .
: Networks Regression Networks Machines Logic Factorization
Liu et al. (2021) + + + - - R
Ramirez Luelmo et al. (2021) + + + + - R
Pelanek (2017) + + - - - B
Anouar Tadlaoui et al. (2016) + - - - - -
Sani et al. (2016) + - - - + -
Kurup et al. (2016) + + - - - -
Zafar & Ahmad (2013) + - - - - -
Pavlik et al. (2013) + - - - - -
Chrysafiadi & Virvou (2013) + - - - + -
Harrison & Roberts (2012) + + - - - +
Desmarais & Baker (2012) + + - - - -
Vandewaetere et al. (2011) - - - - - -
Brusilovsky & Milan (2007) + - - - + R

hance the adaptiveness and intelligence of educational platforms. Those identified in the

already mentioned research studies include Bayesian Networks, Logistic Regression, Neural

Networks, Support Vector Machines, Fuzzy Logic, and Matrix Factorization (Table 2.2).

Moreover, Liu et al. [21] classified the student modelling approaches as Probabilistic,

Logistic, and Deep Learning-based models. Probabilistic models, such as BKT, are based on
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Bayesian Networks and assume that the learning process follows a Markov process, which
uses the observed states to estimate the student’s hidden knowledge states. Logistic models,
such as Learning Factor Analysis [58] and Performance Factor Analysis [59], predict the
probability of student performance by learning function, typically a logistic function. The
last group of knowledge tracing approaches are Deep Learning models based on Neural
Networks [60]. The shortest high-level classification of student modelling approaches is
supported, though it presents some inconsistency, as logistic models may also be considered
probabilistic.

Ramirez Luelmo et al. [24] investigated ML techniques employed in student modelling
from 2015 to 2020. Their research results indicate the most common ML techniques as BKT
(18 applications), Deep Knowledge Tracing (13 app.), Long-Short Term Neural Networks
(12 app.), Bayesian Networks (11 app.), Support Vector Machines (7 app.), Dynamic Key-
Value Memory Networks (7 app.), and Performance Factor Analysis (6 app.).

Overall, Bayesian Networks are the continuously investigated ML technique used for
student modelling. The vanilla BKT based on the Hidden Markov Model is the most repre-
sentative and unique student modelling approach researchers consider a baseline.

As for the preference between the probabilistic Bayesian Network-based and Logistic
Regression-based models, researchers often prefer one model but provide no rationale behind
their choices [23]. On the other side, the apparent accuracy improvement of Deep Learning-
based models over BKT was due to the high dimensional hidden space and ability to observe
interleaved skills in a single model [61]. The comparison between Neural Network-based
research and the vanilla BKT model revealed that simply enabling the forgetting parame-
ter of the vanilla model led to a performance close to Deep Knowledge Tracing on several
datasets [62, 63]. Based on Bayesian statistics, the BKT model assumes nodes with binary

states and is more interpretable than the Neural Network-based model.

2.2 Bayesian Knowledge Tracing (BKT) model

A Bayesian Network is a probabilistic graphical model for representing knowledge about
an uncertain domain, where each node represents a random variable and directed edges be-
tween nodes indicate probabilistic dependencies between these variables. A Hidden Markov
Model (HMM) is a special Bayesian Network for tracing not directly observable (hidden)
nodes using the observable node states. In BKT, hidden nodes represent student knowledge,
and observable nodes represent student performance. Both nodes are assumed to be binary,
including the unlearned and learned knowledge states and the correct and incorrect perfor-
mance states.

Figure 2.1 (based on Zhang and Yao [1, 2]) shows the hidden student knowledge;,t €
{1,2,...T} and observable student per formance;nodes,t € {1,2,...T} of the vanilla HMM.
While P(Lg) is the initial probability of knowledge before any opportunity to apply it (Prior),
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knowledge, pF——>{ knowledge, f--------2 knowledge ,

student performance ] [ student performance , ] [ student performance,]
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[unlearned [ learned ]

[ correct ] [ incorrect ]

Figure 2.1. The vanilla BKT model and its instantiation process - based on Zhang and

knowledge ,

P(G)
P(s)

Yao [2, 1].
Priors Transitions | Observations
learned P(Lg) | tolearned | tounlearned | correct | incorrect
unlearned | 1- P(L,) from learned | 1 0 learned 1-P(S) | P(S)
from unlearned P(T) 1- P(T) unlearned | P(G) 1- P{G)

Figure 2.2. BKT parameters in a matrix form [3].

there are also transition and emission probabilities. The transition probabilities refer to the
probability P(T) of knowledge transitioning from an unlearned state to a learned state (Learn)
and to the probability P(F) of forgetting a previously known knowledge, which is assumed
to equal zero in the vanilla model (Forgets). The model defines emission probabilities by
guessing the probability of correctly answering unlearned knowledge P(G) (Guess) and the
slip probability of making a mistake when answering a learned knowledge P(S) (Slip). Fig-
ure 2.2 shows the complete set of vanilla model parameters consisting of Prior P(Lg), Learn
P(T), Guess P(G), and Slip P(S) in a matrix form.

The main task of the vanilla model is to estimate the probability that a student has mas-
tered the knowledge at time step ¢, denoted by a learning parameter P(Lt),t > 0. The model
updates the probability P(Lt) after each opportunity to apply knowledge given an observed

correct or incorrect response as follows:

P(Li—1)(1-P(S))
P(Li—1)(1=P(S)) + (1 = P(Li-1))P(G)

P(L;_y|Correct;) =

P(L—1)P(S)
P(Li—1)P(S) + (1 = P(Li—1))(1 = P(G))

If evidence, € {Correct;,Incorrect, } represents the observable correctness of a student’s

P(L;—1|Incorrect;) =

answer after an opportunity t to apply knowledge, the updated probability for the following
time step is defined as:
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P(L;) = P(L,—1|evidence;) 4+ (1 — P(L,—1|evidence,))P(T)

Using the evidence from the current step, the model first calculates the probability that
the student knew the answer before making an attempt. Then, taking this into account, it
computes the likelihood that the student learned it after making the attempt. The previous
equations are based on the original BKT publication [9], and a similar notation appears in
the work by Zhang and Yao [2].

Regarding the BKT parameter estimation procedure, Corbett and Anderson [9] discussed
individualisation per skill and individualisation per student of all four BKT parameters. The
individualised BKT model resulted in a better correlation between actual and expected ac-
curacy across student results than the non-individualized BKT model, whose accuracy of
predicting student test scores (after working with a tutoring system) did not improve tan-
gibly [3]. Finally, the vanilla model’s parameter fitting procedure involves expert-based

estimations of the four BKT parameters per skill.

2.3 Systematic review of enhanced BKT modelling

This work differs from other literature reviews on several accounts since it focuses on the
probabilistic BKT models, systematically covers the research works published since the in-
troduction of BKT in 1995 up to the most recent research in 2022, and reviews the BKT
enhancements and evaluation approaches, including datasets from educational platforms and
the performance measures found in the literature. It is built upon the framework of ITS and
the vanilla BKT model, which is recognized as one of the first ML and most representative
approaches. We aim to discuss two Research Questions (RQ):

RQ1: What has been proposed in the literature to enhance the vanilla BKT model since its
emergence in 19957

RQ2: Which evaluation approaches, including data collected from educational platforms and

performance measures, were part of the research on the BKT enhancements?

2.3.1 Methodology

The methodology used in this work is in line with the PRISMA guidelines [64] consisting of
(i) Rationale, objectives and research questions, (ii) Eligibility criteria, information sources,
and a search strategy, (iii) Screening process and study selection and (iv) Data collection and
features. Since we have elaborated on the rationale and objectives in the previous sections,
we proceed with the criteria, sources, and search strategy for works that fall under the scope
of this review.

The main eligibility criterion referred to scientific works on the vanilla BKT model en-

hancements published in the relevant scientific databases until 2022. The implementations

10
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Table 2.3. Database search details [1].

Database Search query (- 2022) #
Web of Science “knowledge tracing” (Abstract) AND (bayes* OR probab*) (Abstract) 89
Scopus ABS ( “knowledge tracing” ) AND ABS ( ( bayes* OR probab* ) ) 200
ACM [Abstract: “knowledge tracing™] AND [[Abstract: bayes*] OR [Abstract: probab*]] 25
IEEE Xplore (“Abstraet™:"knowledge tracing™) AND (*Abstract:bayes* OR “Abstract”:probab™*) 20
Google Scholar allintitle: “bayesian knowledge tracing” 75

of the BKT enhancements could proceed in two directions, including the Bayesian network
architecture/educational context and new computational methods.

We searched the scientific databases indexing quality-proven journals and conference
proceedings, including the Web of Science (Core Collection), Scopus, ACM (Full-Text Col-
lection), IEEE Xplore, and Google Scholar (the final refinements made in March 2023).
The search strategy included the expression knowledge tracing and versions of Bayes and
probabilistic words contained in the publication abstracts. Due to the extensiveness of the
Google Scholar database, we searched the publication titles using the expression Bayesian
knowledge tracing. Table 2.3 shows the search details with the number of publications.

Figure 2.3 shows the PRISMA flow diagram of the publication identification and screen-
ing process, a widely accepted method for conducting systematic reviews. It visually rep-
resents the steps taken to identify and screen publications, ensuring transparency and repro-
ducibility in the review process.

Out of 409 results from the five academic databases, we compiled 223 publications (177
duplicates and nine conference proceedings removed).

The screening of abstracts resulted in 84 excluded publications, which were off-topic and
written in languages other than English or as a programming code.

In the second phase of screening 139 full-text manuscripts, we excluded 83 publications
due to the eligibility criteria, not retrieval, or the language other than English.

The full-text reading phase included the remaining 56 publications in which we found 17
references and cited in this review. Those publications were part of specific events (e.g. [65])
presented at the 21st Annual meeting of the American Association for Artificial Intelligence),
conferences not indexed in scientific databases for the given year (e.g. International Con-
ference on Educational Data Mining in 2014) or works indexed using different keywords
(e.g. [66]). Finally, this systematic review includes 73 publications and the original BKT
publication.

To get a closer insight into the publications included in the review, we provided the yearly
heatmap of the most frequent sources of BKT research in Table 2.4, in which ‘Other’ denotes
sources that contributed to the review study with a single publication. The most common
sources were scientific conferences, including the International Conference on Educational
Data Mining (EDM), the International Conference of Intelligent Tutoring Systems (ITS),
the International Conference of Artificial Intelligence in Education (AIED), the International

Conference on User Modelling, Adaptation, and Personalization (UMAP), ACM Conference
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Figure 2.3. PRISMA flow diagram of the publication identification and screening
process [1].

Table 2.4. Heatmap of the most frequent publication sources in the research of BKT
enhancements [1].

Cont./ 19 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20
Journal | 95 04 06 07 08 09 10 11 12 13 14 15 16 17 18 20 21 22
IC EDM 1 1 2 1 1 5l 3
IC ITS 1 2 2 2 2

IC AIED 1 2 1 11
Ic

UMAP
ACMC
L@s
IC

LA&K
IEEE
BigData
UMUAI | 1 1

Other 1 1 3
Total(T) | 1 1 1
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73

on Learning at Scale (L@S), International Conference on Learning Analytics & Knowledge
(LA&K), IEEE Conference on Big Data (IEEE BigData) and the User Modelling and User-
Adapted Interaction (UMUALI) Journal. There was an increase in publications in 2008, 2010,
and between 2013 and 2018.

To address RQ1 and elaborate on various enhancements of the BKT, we found the vanilla
model assumptions to be appropriate review criteria. The vanilla assumptions derive from

the architectural and educational context-based properties of the vanilla BKT model pro-
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posed by Corbett and Anderson in 1995 [9]. The architectural properties refer to the Hidden
Markov model elements, including the nodes with corresponding states and the relationships
between nodes (assumptions AO1-A07 in the following text). The educational context-based
properties include the vanilla assumptions on the knowledge component dependence, ques-
tion difficulty and answer attempts (A08-A10).

The theory of knowledge inference in the vanilla model consists of the knowledge node
with the binary learned and unlearned state (AO1) and the performance node with the binary
correct and incorrect state (A02). The prior knowledge, guessing, slipping, and learning
parameters refer to expert-based probabilities estimated per skill (A03-A06). The model
follows the no-forgetting paradigm by omitting the transition from learned to unlearned state
(A07). The independent knowledge components (A08) refer to equally difficult questions
used during the knowledge inference process (A09). Although a student may have multiple
attempts to answer the question in the educational platform, the vanilla model counts only
the first attempt (A10).

To address RQ1, we reviewed the computational methods used in the enhanced BKT
models and architectural and educational context-based enhancements.

Regarding RQ2, each publication that proposed enhancements evaluated the approaches
using datasets from specific educational platforms. Although the diversity and specificity
of these studies did not allow a direct comparison of the reported results, this review study

provides more insights into the evaluation approaches.

2.3.2 Results

This systematic overview of BKT enhancement aspects encompassed the identified research
studies, which resulted in 62 enhanced BKT models. We noted some publications as mul-
tiple sources of the single enhanced BKT model (e.g. [67, 65]). For more than one source
publication per model, we considered the year of the earlier publication as a model source
year.

While some BKT models addressed the architectural and educational context-based prop-
erties of the vanilla BKT model (A01-A10), some enhancements extended its characteristics.
Both types of enhancement aspects could also propose new computational methods. There-
fore, we found it important to analyse architectural and educational context-based enhance-
ments and computational methods separately.

The review of architectural and educational context-based properties, the overview of
computational methods generally used for parameter estimation, and the evaluation ap-

proaches of enhanced BKT models are presented in the following subsections.
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Table 2.5. Enhancement criteria used to review BKT models [1].

BKT Enhancement Aspects (EA) Vanilla BKT model Assumptions (A)
EAOL | Knowledge states A01 Knowledge component node in the Bayesian network includes the binary learned and
N unlearned state
EAQ2 | Performance states A02 | Performance node in the Bayesian network includes the binary correct and incorrect state
EA03 | Prior knowledge A03 | The prior knowledge probability is defined by experts and per skill
EA04 | Guessing A04 | There is a probability of guessing defined by experts per skill
EA05 | Slipping A05 | There is a probability of slipping defined by experts per skill
EA06 | Leaming A06 | The learning transition probability is defined by experts per skill
EA07 | Forgetting paradigm AOT The no-forgerting paradigm is followed meaning that there is no transition from a learned

to an unleamned state

Domain knowledge

EA08 propertics A08 | Domain knowledge fractionates into independent knowledge components
EA09 | Question difficulty A09 | Questions of each knowledge component are of equal difficulty

EA10 | Multiple attempts A10 | The first attempt to answer the question counts during the modelling process
EAIll | Student characteristics Not included

EAlL2 | Tutor interventions Not included

EA13 | Noise in data Not included

Table 2.6. The heatmap of the research on BKT enhancements [1].

- 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20

BKT Enhancements (E) 04 06 08 10 11 12 13 14 15 16 17 18 19 20 21 21| ©
EA0l  Knowledge states 1 1 2 1 5
EAQ2 Performance states 1 1 1 1 6
EA03  Prior knowledge 1 2 1 2 1 1 8
EA04  Guessing 1 1 1 1 1 5
EA05  Slipping 1 1 1 1 6
EA06  Leaming 3 1 4
EA07  Forgetting paradigm 1 1 1 1 1 1 6
EA08  Domain know. prop. 1 3 1 3 1 1 2 12
EA09  Question difficulty 1 1 3 1 1 1 1 9
EA10  Multiple attempts 1 1 1 1 1 1 1 7
EA1l  Student charact. 1 1 3 - 1 N En 1 1 [EN
EA12  Tutor interventions 1 2 2 1 2 1 1 10
EA13  Noiscin data 1 1 1 3
Total (T) 1 209 8 5 3 sl - 1 3 4|1

The architectural and context-based enhancements

To review the enhanced BKT models, we proposed the enhancement criteria in line with
the vanilla BKT model assumptions. The enhancement criteria resulted from an iterative
analysis of the identified research studies and represented a unique way of classifying the
BKT enhancements. Besides those criteria found in the vanilla BKT model (enhancement
aspects EAO1-EA10 in Table 2.5), some enhancements extended the vanilla BKT model
with new aspects. Additional vanilla BKT enhancement aspects included Student character-
istics (EA11), Tutor interventions (EA12), and Noise in data (EA13). Table 2.5 shows the
complete list of BKT enhancements and the related vanilla model assumptions.

Although each change in the Bayesian network architecture directly implied the update
of BKT parameters, EAO3-EAQ6 criteria encompassed BKT models focusing on the prior
knowledge, guessing, slipping and learning BKT parameters, e.g. Contextual Guess and
Slip method [68]. A yearly heatmap (Table 2.6) reviews BKT enhancements. The sum-
marizations per year are presented in the last table row and per each enhancement in the
last table column. Overall, fifty-four enhanced BKT models addressed 101 architectural and
educational context-based properties of the vanilla BKT model.

The first enhanced BKT model emerged in 2004, a decade after the vanilla model. There
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Table 2.7. The variations of investigated BKT enhancements [1].

BKT Enhancement Aspects (EA) # Enhanced BKT models
EA11 Student characteristics 9
EAO08 Domain knowledge properties
EA03 Prior knowledge
EA04 Guessing, EAOS Slipping. EA11 Student characteristies. EA12 Tutor interventions
EA09 Question difficulty. EA11 Student characteristics
EAII Student characteristics, EA12 Tutor mterventions
EA13 Noise in data
1 | Other
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was a decrease in the research after 2018, probably due to the COVID-19 pandemic. Much
research work focused on enhancements to the vanilla model as Student characteristics (20
research studies), Domain knowledge properties (12 research studies), Tutor interventions
(10 research studies), and Question difficulty (9 research studies). The most investigated
enhancements extended the vanilla BKT model, precisely Student characteristics and Tutor
interventions. The most investigated educational context-based enhancements referred to
Domain knowledge properties and Question difficulty, while the most frequently investigated
architectural enhancement included Prior knowledge.

Since each examined research study could enhance one or more of the proposed crite-
ria, we analysed the most frequent variations of the investigated BKT enhancements. It is
worth noting that a single criterion represents the most straightforward enhancement varia-
tion. The results are presented in Table 2.7, and variations found in a single research study
are summarised as ‘Other’.

The results indicate that the single criteria of Student characteristics, Prior knowledge,
and Domain knowledge properties were the most frequently investigated among 31 enhance-
ment variations. The most frequent combination of enhancements found in 3 research stud-
ies included Guessing, Slipping, Student characteristics and Tutor intervention criteria. Ta-
ble 2.8 shows the research related to each BKT Enhancement Aspect (EA).
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Table 2.8. Enhanced BKT models per proposed Enhanced Aspect (EA) [1].

BKT EA | BKT models

EAO1 Halpern et al., 2018 [69]; F. Liu et al., 2021 [70]; Schodde et al., 2017 [34]; Yudelson et al., 2008 [35];
Zhang & Yao, 2018 [2]

EAO02 David et al., 2016 [71]; F. Liu et al., 2021 [70]; Ostrow et al., 2015 [72]; Y. Wang et al., 2010 [73]; Y. Wang
& Heffernan, 2013 [74]; Z. Wang et al., 2016 [75]; Yudelson et al., 2008 [35]

EAO03 Eagle, Corbett, Stamper, McLaren, Baker, et al., 2016 [76]; Eagle, Corbett, Stamper, McLaren, Wagner, et
al., 2016 [77]; Eagle et al., 2017 [78]; Nedungadi & Remya, 2014 [79], 2015 [80]; Pardos & Heffernan,
2010 [81]; Song et al., 2015 [82]; S. Wang et al., 2017 [83]; Xu & Mostow, 2013 [84]; Yudelson et al.,
2013 [3]

EA04 Agarwal et al., 2018 [85]; Baker et al., 2008a [66], 2008b [68], 2010 [30]; Pardos & Heffernan, 2011 [86];
Zhou et al., 2017 [87]

EAO05 Agarwal et al., 2018 [85]; Baker et al., 2008a [66], 2008b [68], 2010 [30]; Pardos & Heffernan, 2011 [86];
Qiu et al., 2011 [88]; Zhou et al., 2017 [87]

EA06 Adjei et al., 2013 [89]; Baker et al., 2018 [90]; Sao Pedro et al., 2013 [91]; Yudelson et al., 2013 [3]

EAQ7 Beck et al., 2008 [67]; Chang et al., 2006 [65]; Halpern et al., 2018 [69]; Khajah et al., 2016 [63]; Nedungadi
& Remya, 2015 [80]; Qiu et al., 2011 [88]; Yudelson et al., 2008 [35]

EA08 Chan et al., 2022 [92]; Gonzdlez-Brenes et al., 2014 [36]; Hawkins & Heffernan, 2014 [93]; Huang et al.,
2016 [38]; Huang & Brusilovsky, 2016 [94]; Khajah et al., 2016 [63]; MacHardy, 2013 [95]; MacHardy &
Pardos, 2015 [96]; Meng et al., 2019 [97]; Sao Pedro et al., 2013 [91]; Sun et al., 2022 [98]; Z. Wang et al.,
2016 [75]

EA09 Baker et al., 2018 [90]; David et al., 2016 [71]; Gonzédlez-Brenes et al., 2014 [36]; Khajah, Huang, et al.,
2014 [99]; Khajah, Wing, et al., 2014 [37]; Ostrow et al., 2015 [72]; Pardos et al., 2013 [100]; Pardos &
Heffernan, 2011 [86]; Zhou et al., 2017 [87]

EA10 Bhatt et al., 2020 [101]; Gonzilez-Brenes et al., 2014 [36]; Pardos et al., 2013 [100]; Yudelson et al.,
2008 [35]

EAll Agarwal et al., 2018 [85]; Baker et al., 2008a [66], 2008b [90], 2010 [30]; Corrigan et al., 2015 [102];
Eagle et al., 2018 [103]; Gorgun & Bulut, 2022 [104]; Halpern et al., 2018 [69]; Khajah et al., 2016 [63];
Khajah, Huang, et al., 2014 [99]; Khajah, Wing, et al., 2014 [37]; Lee & Brunskill, 2012 [105]; Lin et al.,
2016 [32]; Lin & Chi, 2016 [33]; Nedungadi & Remya, 2014 [79]; Pardos et al., 2012 [106]; Rau & Pardos,
2016 [107]; Spaulding et al., 2016 [108]; Y. Wang & Heffernan, 2012 [109]; Xu et al., 2013 [84]; Yudelson
et al., 2008 [35]

EA12 Agarwal et al., 2018 [85]; Baker et al., 2008a [66], 2008b [68], 2010 [30]; Beck et al., 2008 [67]; Chang
et al., 2006 [65]; Lin et al., 2016 [32]; Lin & Chi, 2016 [33]; Ostrow et al., 2015 [72]; Rau & Pardos,
2016 [107]; Schodde et al., 2017 [34]; Y. Wang et al., 2010 [73]; Y. Wang & Heffernan, 2013 [74]; Yudelson
et al., 2008 [35]

EA13 Beck & Sison, 2004 [31]; Falakmasir et al., 2015 [110]; Gorgun & Bulut, 2022 [104]

Computational methods

Computational methods used in the proposed BKT approaches generally referred to the es-
timation of BKT parameters. Some models did not have to interfere with the vanilla model
assumptions but primarily addressed the computational challenges, e.g., the Dirichlet priors
method [111, 112]. Overall, 56 enhanced BKT models reported the use of computational
methods.

Table 2.9 presents the results of reviewing computational methods for researching BKT

enhancements with over two applications.
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Table 2.9. Computational methods used in the research of BKT enhancements [1].

# Computational methods with over two applications # Enhanced BKT models
1 Expectation-Maximization method 24
2 Markov Chain Monte Carlo (MCMC) method 5
3 Brute force method 4
4 K-means clustering 4
5 Contextual Guess and Slip method 3
6 Knowledge Heuristics and Empirical probabilities method 3
7-31 Other 32

Computational methods enhanced the skill-based estimations of BKT parameters used
in the vanilla model. The Expectation-Maximization method, first used in 2006, practi-
cally became the standard (24 research studies). The other computational methods included
the Monte Carlo method (5 research studies), the Brute force method (4 research studies),
K-means clustering (4 research studies), the Contextual Guess and Slip method (3 research
studies), and the Knowledge Heuristics with Empirical Probabilities method (3 research stud-
ies).

Evaluation approaches

Concerning the evaluation approaches, we reviewed educational platforms and performance
measures used in researching BKT enhancements. Table 2.10 shows a yearly heatmap of
the educational platforms used in the reviewed publications (Other denotes platforms with a

single application).

Table 2.10. The datasets collected from educational platforms and used in the BKT
research [1].

Educational 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 200 20 20 T
platforms 04 06 07 08 09 10 11 12 13 14 15 16 17 18 19 200 21 22
Assistments 2 2 2 1.3 3 1 1 1 2 .
Cognitive Tutor 1 1 1 2 1 2 2 2 2 1 1 2 1
Simulated data 1 2 1 2 1 7
MOOC 1 1 2 1 5
JavaGuide 1 1 1 3
Reading Tutor 1 1 1 3
Andes Tutor 2 2
Ing-ITS 1 1 2
Robot Tutor 1 1 2
Other 1 1 2 1 . 2 311 F
Total (T) 1 1 1 2 1 4 4 3 8 12 7 4 8 3 1 3 3 80

Besides ITSs, we found the application of the BKT model enhancements in Massive
Open Online Courses (MOOCs), game-based platforms, and online learning platforms in
human resources training. The research on the BKT enhancements typically included the
Cognitive Tutor (19 research studies) and the ASSISTments (19 research studies). Other ed-
ucational platforms with over two applications were MOOC:s (5 research studies) and simu-
lated datasets (7 research studies). The MOOC environments included edX, Coursera, Khan
Academy and Junyi Academy.

As for the domain, the examined datasets related to Math (38 research studies), Language

learning and Programming (per 7 research studies), Genetics, Physics and Engineering (per
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Table 2.11. Performance measures used in the research of BKT enhancements [1].

# Performance measures with over two applications # Enhanced BKT models
1 RMSE 28
2 AUC 23
3 Accuracy 20
4 MAE g
5 Correlation 3
6-14 | Other 13

3 research studies), Science (per 2 research studies), and Medicine and Chemistry (per single

research study).

Regarding the performance measures used, Table 2.11 shows the most frequent measures

in the research of BKT enhancements with over two applications.

The most frequently used performance measures included the RMSE measure (Root

Mean Square Error, 28 research studies), the AUC (Area Under Curve, Receiver Operat-

ing Characteristics curve, 23 research studies) and the Accuracy measure (20 research stud-

ies). These performance measures are frequently used metrics for classification tasks in the

machine learning field.
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3 METHODOLOGY

The thesis encompassed several tasks to investigate the proposed hypotheses (Figure 3.1).
Initially, data was collected within an authentic educational setting (in situ) for each for-
mative assessment, student and question. In addition to capturing the binary correctness of
student answers, data on time spent on the tasks and the number of code evaluations was
extracted. This process resulted in the Initial BKT report, which included Quiz ID, Student
ID, Question ID, Student Performance, Time on Task (sec), Cumulative time (sec), Response
evals and Cumulative evals.

Next, the Initial BKT report was used to classify student answers into multiple classes.
The classification models complemented the report with features based on time on task
(Multiclasses_time) and a combination of time on task and the number of code evaluations
(Multiclasses_time_evals).

Subsequently, the student-level training subset from the previous output was used to fit
the BKT parameters, including Prior, Guess, Slip, Learn, and Forget. The testing subset
then evaluated the proposed BKT models, addressing Hypothesis 1 on the feasibility of the
approach. Finally, a framework for ranking BKT models was introduced to improve the
vanilla BKT model, addressing Hypothesis 2.

The results of the previously mentioned research tasks facilitated the BKT-based forma-
tive assessment in the widely used Modular Object-Oriented Dynamic Learning Environ-
ment (Moodle) LMS [113] through the development of the BKT Application Programming
Interface (API) and the prototype modules.

Data collection —»  Datapre-processing ¥  BKT parameter fitting —% BKT model evaluation

Figure 3.1. Research tasks conducted to investigate the hypotheses.

3.1 Data collection

Data collection in educational settings typically involves conducting in situ experiments that
do not disrupt the natural behaviour of students and teachers. Educational interventions
and phenomena are often evaluated using quasi-experimental designs that do not rely on

random assignment. This empirical research employed an in situ experiment conducted
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Table 3.1. The domain knowledge components used in the formative assessments.

# Topic Domain Knowledge Component # Subtopic(s)
DEKC 01 Basic data types
DEKC 02 Variables

DE.C 03 Operators and expressions - Arithmetic

1

DE.C 04 Operators and expressions - Relational

2 DEC 05 Operators and expressions - Logic

DE.C 06 Operators and expressions - Other

DE.C 07 Operators and expressions - Priority
DEC 08 User mput

DEC 09 User output

4 DEC 10 Conditions (if-elif-else)
DEC 11 Loops (for) - Basic
DKC 12 Loops (for)

DEC 13 Loops (while) - Basic

6 DEKC 14 Loops (while)

DKC 15 Loops - Basic algorithms
DEC 16 Functions - Basic

DEC 17 Funetions

DEKC 18 Lists - Basic 22/23
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g DEC 19 Lists - Basic 1.2.3.4.5.6
DEC 20 Sorting algorithm
DEKC 21 Lists 1.2.3.4.5.6.7
DEC 22 Files - Basie 22/23 1.2.3.4.5.6
DEKC 23 Files (including Functions) 1.2,3.4.5.6.7

DEC 24 Files (including Lists)

DEC 25 Files (including Sorting algorithm)

in the natural environment of a one-semester undergraduate course, “Introduction to Pro-
gramming in Python”. The course at the Faculty of Science, University of Split, enrolled
174 students, representing a non-random experimental sample. Formative assessment data
collected through the open-source Moodle LMS (version 4.1.5+) [113] was used alongside
student performance on standard summative evaluations, such as midterm and final exams.
Students provided informed consent for their participation in the study, permitting the use of
formative assessment data for research purposes.

The research investigated the granularity of the BKT Domain Knowledge Components
(DKC) associated with that higher education course. A DKC was defined as a concept taught
weekly, with a single week potentially encompassing multiple DKCs, each corresponding to
a question pool that assessed the associated concept. Table 3.1 presents the DKCs examined
in our experiment.

Following the weekly lectures and laboratory exercises, students were expected to master
the knowledge individually. A day before the laboratory exercises, they had a single oppor-
tunity to assess their knowledge through a formative assessment designed for Self-Practice
(SP). Then, a Controlled Environment (CE) formative assessment was conducted at the be-
ginning of the laboratory exercises. SP and CE formative assessments together foster inde-
pendent learning and self-reflection. While SP helps students build problem-solving skills
and autonomy, CE assessments provide feedback that guides both teachers and students in

addressing learning gaps, promoting continuous improvement. This research proposed en-
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w0102 | wo3 | wos | wos | woe | wor | wos| woo |wio | wu | w12 | w13 | w4 | wis

DKC | DKC | DKEC | DKC DKC | DKC | DKC | DKC | DKC | DKC
01-07 | 08-10 | 11-12 | 13-14 15 | 16-17 | 18-19 | 20-21 | 22-23 | 24-25
Informed P SP P SP Midterm sP P SP P SP P Usability | Final
consent | ppe | pre | DRC | DRC | ™ | Dke | DRC | DRC | DKC | DKC | Dre | Stdy | exam
01-07 | 08-10 | 11-12 | 13-14 15 | 16-17 | 18-19 | 20-21 | 22-23 | 24-25
CE CE CE CE CE CE CE CE CE CE

Figure 3.2. Research protocol — course timeline.

Mon Tue Wed Thu Fri | Sat Sun Mon Tue Wed Thu
Lab. exercises
. . G3-G5
Lab. exercises Lab. exercises G3-G
13-G5 G2
Lab. exercises G3-G3 DKC SP G1-G2 DKC SP DKC CE
-G2 G2 i 13-G5 3-GS
GI-G Lectures G1-G DKC CE G3-G3 G3-G
G1-G3 G1-G2
Lectures
G1-G5

Figure 3.3. Research protocol — DKC timeline.

hanced BKT modelling of student knowledge based on CE assessments. The collected SP
data was discussed in the context of in situ experiment guidelines.

Each formative assessment comprised 20 questions, all of equal difficulty, and presented
in a randomised order. The duration of the formative tests varied: DKCs 01-07 were allotted
10 minutes, DKCs 08-10 were given 15 minutes, and DKCs 11-25 had a duration of 20
minutes.

Figure 3.2 illustrates the research protocol for the course over 15 weeks (W). During
the initial two weeks, students were asked to provide informed consent. Assessments were
conducted for one or more DKCs taught in the preceding week. The course included typical
summative assessments such as a midterm exam during the 7th week and a final exam at the
end of the semester (15th week). Students participated in an anonymous usability study one
week before the final exam.

Figure 3.3 outlines the weekly research protocol. In addition to two-hour lectures, stu-
dents engaged in two-hour laboratory exercises, with the class divided into five groups (G1-
G5). Each DKC was introduced during the regular lectures and corresponding laboratory
exercises. The following week, students completed SP formative assessments followed by

CE formative assessments.

3.1.1 Formative assessment using Virtual Programming Lab

The questions included in the formative assessments consisted of short programming tasks
presented using Virtual Programming Lab (VPL) activity modules [114]. The core VPL
(version 4.1.1) serves as an activity module type of Moodle extension, facilitating the man-

agement of programming tasks. In contrast, the VPL Question (version 1.7.0) is a specific
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Virtual programming lab Settings Test cases Execution options Requested files More v

= Description i= Submissions list i Similarity & Test activity

® Requested files: file.py (& Download)

(© Maximum number of files: 30000

Type of work: & Individual work

@ Grade settings: Maximum grade: 100

o Run: Yes, Run script: PYTHON-3, Debug script: PYTHON-3. (4] Evaluate: Yes
Automatic grade: Yes.

Execution files
pre_vpl_run.sh

1 for gvplfile in "1s -1
do
file=%{gv

test "$qvpl
chmod +x "§f

(=T RSV

done

Figure 3.4. The VPL activity creation.

question type within Moodle that incorporates VPL-based tasks into quizzes. To facilitate
student code execution and evaluation within our experimental environment, 6 VPL servers,
each equipped with 2vCPUs and 4GB of RAM were utilized.

Since its emergence in 2012, the use of VPL modules has continuously grown worldwide,
with over 2,000 sites reported in January 2023 [5]. Initial studies indicated that the module
was both flexible and robust, enabling advanced methods for assessing student programming
submissions [115, 116, 117]. Although automatic grading required considerable prepara-
tion time, the process required minimal effort once this phase was complete. Regarding
interpreting increased code evaluations—whether they indicate deeper student engagement
or disengaged behaviour (student clickers)—the VPL functionality that counted new evalu-
ations only when students modified their code was found particularly useful. An example
of configuring a VPL-based question within the Moodle LMS environment is presented in
Figures 3.4- 3.8.

Initially, the teacher created a VPL activity to process questions and define the execution
files (Figure 3.4). Run and evaluation options are set at this point, and the optional test scripts
are added to test student programs. The VPL activities remain available for use by the VPL
questions but are not visible to students in the Moodle course.

Then, a teacher creates a new VPL question in the question bank by configuring general
information, question templates, answer templates, and settings for teacher correction and
evaluation (Figures 3.5- 3.7). At this point, linking the question to the unique VPL activity
is important to ensure the proper count of student code evaluations (Figure 3.5). Besides
question text, the presented test cases reflect additional details to consider when answer-
ing a question. VPL Question Template refers to the linked unique VPL activity, and the
ANSWER placeholder represents the student code to be executed. The Answer Template
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Editing a VPL Questione

Expand all

v General
Current category Primjeri (9)
Version Version 4 )
Created by /nes Sari¢-Grgic on Wednesday, 6 November 2024, 9:51 AM
Question name 0 DKC10_Q01
Question text o Edit View Insert Format Tools Table Help
B I EHDIMN®BMur &£ II === 1 T = = = B\
Complete the following program to input a string and check whether it is a palindrome (i.e., it reads the same
forwards and backwards).
Input 1:
kavaK
Qutput 1:
String is not palindrome
Input 2:
rotor
Qutput 2:
String is palindrome =
p> strong 40words @ tiny
Question status Ready #
Default mark (1] 1

Figure 3.5. The VPL question creation — Question text.

represents the optional code presented to students, and the Teacher Correction presents the
correct answer to be evaluated and presented to students as feedback. Figure 3.7 shows the
test cases to be used during the evaluation.

From a student’s point of view, VPL facilitated the modification and execution of the
provided code and preliminary validation through pre-prepared test cases. While executing
the code allowed for arbitrary input, the pre-check function assessed student programs using
a set of predefined test cases (Figure 3.8).

In 21 out of 25 CE formative assessments, data was collected to fit BKT models. The four
CE assessments (DKC 18 Lists - Basic 22/23, DKC 20 Sorting algorithm, DKC 22 Files -
Basic 22/23, and DKC 24 Files including Lists) were used for testing the Moodle LMS
prototype modules. From the student’s perspective, the latter assessments were designed to
demonstrate the idea of potential time efficiency in adaptive assessment. Following this in-
troduction to adaptive assessment and their overall learning experience, students participated

in the usability study before the final exam.

3.2 Data preprocessing

The data mining methodology in the context of data pre-processing, BKT parameter fitting

and evaluation was implemented using a hosted Jupyter Notebook service (Google Colab)
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v VPL Question template
Template VPL 00 VPL DKC10_Q01 3
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Figure 3.6. The VPL question creation — the VPL activity link (Template VPL), answer
template and teacher correction.

v Execution files and evaluate settings
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Pre-check preference (2] Pre-check uses the same execution files as Check #

Grading (2] All or nothing #

Figure 3.7. The VPL question creation — Execution and evaluation.

and Python libraries, including pandas (version 1.4.1), numpy (version 2.0.1), scikit-learn
(version 1.5.1), scipy (version 1.14.0) and pyBKT (version 1.4.1).

In the data pre-processing phase, outliers were identified and removed based on the cu-
mulative time spent on each task. The cumulative time spent on a task was defined as the
duration from the start of the assessment to the moment a student completes a specific ques-
tion. If a student deviated from the standard learning trajectory—such as skipping questions
or using the browser’s back button—the cumulative time might not have aligned with ex-

pected norms. Consequently, any assessment attempts exhibiting a cumulative time that
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DKC10_QO1

Question 1 Complete the following program to input a string and check whether it is a palindrome (i.e., it reads the same forwards and
Not yet backwards).

answered

Marked out of Input 1:

kaYAK
Output 1:
String is not palindrome

Input 2:
rotor
Output 2:
String is palindrome
Correction | Reset | £x

g=input ("Input:")

nt("String is palindrome")

1
2
3- if a
5

print("String is mot palindrome")

Run Pre-check

Figure 3.8. An example of the VPL-based "complete the given code” question.

significantly diverged from the total assessment duration, exceeding an arbitrary threshold
of 10 seconds, were excluded from the dataset.

An answer opportunity refers to a single question in a formative assessment. During
the pre-processing, instances where not all answer opportunities were completed by students
were designated as incorrect answers. For these instances, the last recorded time spent on
the task and the number of evaluation attempts were retained.

The pre-processed datasets were divided into training (70%) and testing (30%) subsets
to investigate multiple classes of student answers. The classification of student answers
relied on several key features: time spent on the task, cumulative time spent on the task,
the number of student code evaluations, and cumulative code evaluations. Here, time spent
on the task denoted the total seconds allocated to each answer opportunity (question), while
the number of code evaluations referred to the number of code checks using pre-defined test
cases. The cumulative values of these features represented the accumulated time and number
of evaluations from the start of the assessment up to the current question.

The Decision Tree method was employed for student answer classification due to its
high interpretability and widespread application. The default Decision Tree method was
based on the CART (Classification and Regression Trees) algorithm from the scikit-learn
Python library. Information gain and entropy were utilized as the splitting criterion mea-
sures. Based on experimental results indicating the minimal depth required for all examined
DKCs to achieve multiple classes, a maximum tree depth of 5 was established. Standard
performance metrics—AUC, F1, Precision, Recall, and Accuracy—assessed classification

model outcomes.
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Moreover, to validate and evaluate the enhanced BKT models, the pre-processed datasets
were divided into student-level training (70%) and testing (30%) subsets. The student data
was shuffled to ensure that different students appear in the training and testing sets randomly.
However, individual answer opportunities were kept intact and placed entirely in either the
training or testing set based on the subset they belong to.

The BKT models were fitted and cross-validated using the student-level training subset,

while their performance was assessed using the unseen data from the testing subset.

3.3 BKT parameter fitting

Cognitive modelling creates computational simulations of human thought processes to repli-
cate how the brain handles information, decision-making, and problem-solving. These mod-
els provide insights into human behaviour and improve predictions of cognitive functions.
The pyBKT is an open-source, accessible and computationally efficient Python library for
cognitive modelling [62]. It encompasses the BKT model and its potential variants, provid-
ing a means of estimating students’ cognitive mastery from sequences of problem-solving
activities. Experiments conducted with the library examined the accuracy of synthetic model
fitting. The results indicated that increasing the number of students had a greater impact on
reducing fit error than extending the length of the task sequences assigned to students. A
sample size of 50 was found to be sufficient for achieving convergence to canonical param-
eter values, regardless of the average sequence length per student. Additionally, a sequence
length of 15 was found sufficient for minimizing inaccuracies in worst-case mastery estima-
tion [62].

PyBKT was utilized to fit, cross-validate and evaluate proposed BKT models. It incorpo-
rated the widely used Expectation-Maximization (EM) method for model fitting. Although
this method has practically become the standard in the field, increased research interest has
highlighted potential challenges. Doroudi and Brunskill [118] identified that the BKT model
was susceptible to the local optima problem under mild conditions on the parameters. Addi-
tionally, it was revealed that the EM method was prone to semantic model degeneracy, which
could render the BKT model inconsistent with its underlying conceptual assumptions [113].
Model degeneracy was characterized by Guess and Slip parameter probabilities exceeding
0.5. The literature suggests limiting the parameter space by bounding these parameters to
a maximum of 0.5 to reduce degeneracy caused by excessive answer opportunities, often
interpreted as under- or over-practice.

Also, using multiple EM algorithm iterations with different initialisations helps to ensure
more robust and stable BKT parameters. Setting numfits pyBKT parameter to a higher value
provides multiple EM initializations enabling the best-fitting parameters less influenced by
the randomness inherent in the EM algorithm.

Using the training data subset, the 18 BKT models were fit for adaptive assessments (Ta-
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Table 3.2. The BKT models for adaptive assessment.

BKT model pyBKT parameters (# parameters to model)
£01 vanilla Prior. Guess. Slip. Learn. Forgets=0 4
#02 vanillatforgets Prior. Guess. Slip, Leam, Forgets 5
#03 multigs T Prior. Guess_Class0. Guess Classl. Slip_Class0. Slip_Classl. Learn. Forgets=0 6
#04 multigs+forgets T Prior, Guess Class0. Guess Classl, Slip Class0, Slip Classl, Learn, Forgets 7
#05 multilearn T Prior. Guess. Slip, Leamn_Class0. Learn_Class1. Forgets_Class0=0. Forgets_Class1=0 5
#06 multilearnt+forgets T Prior. Guess. Slip, Learn_Class0. Learn_Class1., Forgets Class0, Forgets Classl 7
207 multiestmultileam T Prior, Guess Class0, Guess Classl, Slip Class0, Slip Classl, Learn Class0, Learn Classl, -
i = i Forgets Class0=0. Forgets Class1=0
208 multigs+multileam-+foreets T Prior, Ciuc.ss_C‘lassO. Gues.s_C‘Ia ssl. Slip_Class0. Slip_Classl, Learn_Class0. Leam_Classl. 9
= N Forgets_Class0. Forgets Classl
£00 multiprior T Prior=0, Guess, Slip. Learn Class], Learn Class2. Learn Default, Forgets Class1=0, 5
Forgets Class2=0. Forgets Default=0
. . Prior=0. Guess. Slip. Learn_Classl, Learn_Class2. Learn_Default. Forgets Classl,
£10 multiprior+forgets T Forgets Class o g
orgets_Class2. Forgets_Default
#11 multigs TE Prior. Guess_Class0. Guess Classl. Slip_Class0. Slip_Classl. Learn. Forgets=0 6
#12 multigs+forgets TE Prior, Guess Class0. Guess Classl, Slip Class0, Slip Classl, Learn, Forgets 7
#13 multilearn TE Prior. Guess. Slip, Learn_Class0. Learn_Classl. Forgets_Class0=0. Forgets_Class1=0 5
#14 multilearnt+forgets TE Prior. Guess. Slip, Learn_Class0. Learn_Class1. Forgets_Class0, Forgets_Classl 7
. . . Prior. Guess_Class0. Guess_Classl. Slip_Class0. Slip_Classl. Learn_Class0. Leamn_Classl. -
#15 multigstmultilearn TE ! . 7
= Forgets Class0=0. Forgets Class1=0
£16 multies+multileam*+foracts TE Prior. Guess_Class0, Guess_Classl, Slip_Class0, Slip_Classl, Learn_Class0, Leam_Classl. 9
= = Forgets_Class0. Forgets Classl
£17 multiprior TE Prior=0. Guess. Slip. Leamn_Class], Learn_Class2. Learn_Default, Forgets Class1=0, 5
T Forgets_Class2=0. Forgets_Default=0 i
#18 multiprior+forests TE El'it:)l':li). G‘ue?s. S]ip‘. Lfm‘nﬁ('lassl. Learn Class2, Learn Default, Forgets Classl, g
orgets Class2, Forgets Default

ble 3.2). While the time aspect could be applied to any question type, such as multiple-choice
or essay questions, the number of code evaluations was specific to the Python programming.
Table 3.2 presents the originally defined pyBKT parameters for each BKT model. When the
forgetting mechanism was not enabled, the Forgets parameter was set to zero. The multigs
and multilearn models utilised ClassO and Class1 parameter probabilities. In this research,
‘multi classes’ refers to an assessment environment centred on the binary correctness of stu-
dent answers. In the multiprior models, the Prior parameter probabilities were set to zero,
while different Learn probabilities were defined as Class1, Class2 and Default. Additionally,
Class1 and Class2 represented parameter probabilities related to the binary correctness at
the first answer opportunity, whereas the Default class probabilities applied to subsequent
answer opportunities.

The vanilla model is the baseline BKT model, referred to as #01 vanilla in Table 3.2. The
first enhancement included the addition of the forgetting parameter (#02 vanilla+forgets).
Both models considered a single parameter class based on the correctness of the answer to
model knowledge mastery.

Two groups of BKT models were examined based on the features they considered when
modelling knowledge mastery. In addition to answer correctness, the first group of models
(#03 - #10) incorporated the features of time spent on task and cumulative time. These time-
feature-based models include T tag in the model names. The #03 multigs T model included
different Guess and Slip parameter probabilities (ClassO and Class1), while its enhanced ver-
sion incorporated forgetting (#04 multigs+forgets T). The #05 multilearn T model introduced

different Learn parameter probabilities (ClassO and Class1), with its enhanced version allow-
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ing multi class forgetting (#06 multilearn+forgets T). The #07 multigs+multilearn T model
combined multi class Guess, Slip, and Learn parameter probabilities (ClassO and Classl),
and its enhanced version included multi class forgetting (#08 multigs+multilearn+forgets
T). The #09 multiprior T model defined multi-class Learn parameter probabilities for the
first answer opportunity (Class] and Class2), interpreting it as a different level of student
pre-knowledge (Prior). The multiprior model also had an enhanced forgetting version (#10
multiprior+forgets T).

The second group of enhanced BKT models (#11 - #18) further considered the number
and cumulative number of code evaluations during classification. The time- and evaluation-
feature-based models include TE tags in the model names. Similar to the previous group,
models #11 multigs TE, #12 multigs+forgets TE, #13 multilearn TE, #14 multilearn+forgets
TE, #15 multigs+multilearn TE, #16 multigs+multilearn+forgets TE, #17 multiprior TE and
#18 multiprior+forgets TE were proposed.

3.4 BKT model evaluation

Finally, the performance of BKT models was assessed in terms of their ability to predict stu-
dent performance and estimate knowledge mastery. The power of the BKT models to predict
student performance was cross-validated using the training subset and evaluated with the
testing subset. The ability to estimate knowledge mastery was analysed using the complete
and the testing subsets. The complete dataset was also used to examine the average and ideal
number of answer opportunities (model convergence).

Standard metrics, including RMSE, AUC, and Accuracy, were used to evaluate predictive
power. The 5-fold cross-validation combined the fitting and evaluation of BKT models,
while the evaluation encompassed unseen data. The nonparametric Wilcoxon Signed Rank
Test was also applied to determine statistically significant differences between the baseline
vanilla BKT model and each BKT model across DKCs.

The relationship between adaptive BKT probabilities and student performance in forma-
tive and summative assessments was analysed for knowledge mastery estimation. Formative
assessments referred to complete student answer sequences, while summative assessments
referred to student performance on typical midterm and final exams. These relationships
were measured using a BKT mastery threshold of 0.95, correlation measure, corresponding
p-values of statistical significance, and the F1 score.

The framework for ranking the BKT model relied on composite scores, which were based
on the model’s capacity to predict student performance and estimate knowledge mastery in
a timely manner.

The composite scores included several research metrics presented in the study. RMSE
and AUC metrics were used for prediction, whereas correlation and F1 scores were em-

ployed for formative and summative assessments to assess knowledge mastery. In evaluating
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model performance, the BKT ranking incorporated information on model convergence based
on the learning path, represented as the sequence of binary correctness in student answers
within the assessment. Model convergence was measured by the average number of answer
opportunities across the dataset, as well as the ideal number of answer opportunities needed
to reach knowledge mastery. The ideal learning path, in this context, reflects a scenario
in which a student consistently responds correctly within a motivational framework aligned
with the BKT parameter probabilities.

The aforementioned metrics were normalised using min-max scaling, and for metrics
where lower values are preferable (such as RMSE and answer opportunity metrics), the
values were inverted. Two types of composite scores were reported, including balanced
weights. The first composite score considered data from formative and summative assess-
ments (midterm and final exams), while the second score was based solely on formative

assessment data.

3.5 Methodological instruments

The first hypothesis posited the feasibility of tracing student knowledge through Bayesian
modelling by leveraging the features of time spent on the task and the number of code evalua-
tions. The feasible BKT model is successfully fit and evaluated by considering each research
task’s requirements and potential limitations. In the Data collection task, within specific ex-
perimental settings, the features of time spent on the task and the number of code evaluations
are successfully extracted. The Data pre-processing task ensures the utilisation of appropri-
ate data and the classification of student answers. Subsequent BKT parameter fitting and
model evaluation tasks confirm the feasibility of the BKT model.

Moreover, the extended BKT modelling enhancing the vanilla BKT model was observed
to address the second hypothesis. A framework for BKT model ranking based on the research
results was proposed.

The feasible BKT model that overperforms the vanilla model per each DKC takes into
account the following research results:

* regarding the prediction of student performance: lower and statistically significant
RMSE across DKCs; higher and statistically significant AUC across DKCs

* for the estimation of knowledge mastery: higher and statistically significant Pearson

correlation; higher F1 score

* student learning paths: lower average number of answer opportunities; lower number

of answer opportunities in the ideal student learning path.

The following Results and discussion section systematically addresses each of the pro-

posed hypotheses, presenting findings in a structured manner across successive subsections.
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4 RESULTS AND DISCUSSION

This section presents the research findings, progressively addressing the proposed hypothe-
ses, including the feasibility of tracing student knowledge using enhanced Bayesian mod-
elling and improving the vanilla BKT model performance results. Sections 4.1 through 4.7
provide the data and analysis required to examine the hypotheses. Subsection 4.1 outlines
the data collection, followed by the classification of student answers in subsection 4.2. Sub-
section 4.3 details the fitted BKT model parameters for each DKC, with Subsection 4.4
presenting student performance prediction results, subsection 4.5 covering knowledge mas-
tery estimation and subsection 4.6 focusing on student learning path outcomes. Subsection
4.7 presents the BKT model ranking results. Discussion on the hypotheses is presented in
Subsection 4.8.

4.1 Formative assessment data

Formative assessment data for Self-Practice (SP) and the Controlled Environment (CE) were
analysed for each DKC using descriptive statistics, including central tendency, dispersion
and reliability measures. The mean, Standard Deviation (SD), and median were used to rep-
resent central tendency and dispersion, while reliability was assessed through the Coefficient
of Internal Consistency (CIC), Error Ratio (ER), and Standard Error (SE). Table 4.1 pro-
vides an overview of the dataset, including the number of students, the mean and standard
deviation of percentage scores (0-100%), the median percentage score, and the coefficient of
internal consistency, error ratio, and standard error measures.

Cronbach’s alpha (CIC) was used to assess the consistency of test questions in evaluating
the same concept (DKC). The results are presented on a percentage scale, with values above
75% considered satisfactory. Since each test was designed around a specific DKC, the high
average coefficient of internal consistency value of 93.09% confirmed the reliability of this
approach.

The error ratio, derived from a coefficient of internal consistency, indicates the proportion
of the SD likely attributable to random factors rather than differences in knowledge mastery.
The error ratio values exceeding 50% are considered unsatisfactory. The average error ratio
of 25.47%, with a maximum of 42.64% for DKC 05 (Logic operators & expressions SP),

suggested satisfactory results.
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Table 4.1. Formative test statistics — the central tendency, dispersion and reliability

measures.
Domain Knowledge Component # Students Mean % |SD % | Median % | CIC % |ER % |SE %

DKC 01 Basic data types SP 152 16.74 22.80 5.00 91.34 29.43 | 6.71
DKC 01 Basic data types CE 107 37.52 32.22 30.00 93.94 24.62 | 793
DKC 02 Variables SP 145 32.10 26.19 30.00 89.82 3191 | 836
DKC 02 Variables CE 105 51.81 31.48 50.00 92.89 26.67 | 8.40
DKC 03 Arithmetic oper. & expr. SP 141 17.80 17.27 15.00 82.01 4241 | 7.33
DKC 03 Arithmetic oper. & expr. CE 92 31.30 22.87 30.00 87.24 35.73 | 8.17
DKC 04 Relational oper. & expr. SP 138 26.85 32.49 7.50 95.75 20.62 | 6.70
DKC 04 Relational oper. & expr. CE 80 44.75 36.48 50.00 95.91 20.21 | 7.37
DKC 05 Logic oper. & expr. SP 136 11.62 14.78 5.00 81.82 42.64 | 6.30
DKC 05 Logic oper. & expr. CE 79 18.42 17.59 15.00 83.77 40.29 | 7.09
DKC 06 Other oper. & expr. SP 135 25.33 29.37 15.00 94.25 2398 | 7.04
DKC 06 Other oper. & expr. CE 77 29.87 33.55 10.00 95.92 20.19 | 6.78
DKC 07 Priority of oper. & expr. SP 132 9.51 21.05 0.00 95.10 22.14 | 4.66
DKC 07 Priority of oper. & expr. CE 73 8.97 20.00 0.00 94.60 23.23 | 4.65
DKC 08 User input SP 137 37.30 28.28 35.00 91.00 30.00 | 8.48
DKC 08 User input CE 139 60.54 30.88 70.00 93.06 26.35 | 8.14
DKC 09 User output SP 134 13.40 18.46 5.00 88.29 34.22 | 6.32
DKC 09 User output CE 139 22.37 23.13 15.00 89.62 3221 | 745
DKC 10 Conditions SP 133 22.48 24.34 15.00 91.44 29.26 | 7.12
DKC 10 Conditions CE 138 33.70 25.80 35.00 90.46 30.89 | 7.97
DKC 11 Loops (for) — Basic SP 131 44.62 35.00 45.00 95.24 21.82 | 7.64
DKC 11 Loops (for) — Basic CE 127 62.24 33.28 70.00 94.95 22.46 | 748
DKC 12 Loops (for) SP 129 20.93 30.13 0.00 95.80 20.50 | 6.18
DKC 12 Loops (for) CE 127 29.37 33.44 15.00 95.76 20.59 | 6.89
DKC 13 Loops (while) — Basic SP 128 20.43 24.39 10.00 91.44 29.26 | 7.14
DKC 13 Loops (while) — Basic CE 125 35.52 31.90 25.00 94.12 2424 | 7.73
DKC 14 Loops (while) SP 126 14.37 22.32 5.00 92.43 27.51 | 6.14
DKC 14 Loops (while) CE 124 30.56 30.57 20.00 94.03 24.43 | 747
DKC 15 Loops — Basic algorithms SP 108 31.11 31.11 22.50 94.10 24.28 | 7.56
DKC 15 Loops — Basic algorithms CE 115 43.30 33.20 40.00 94.15 24.18 | 8.03
DKC 16 Functions — Basic SP 109 31.79 34.74 15.00 96.01 19.98 | 6.94
DKC 16 Functions — Basic CE 121 54.17 39.16 60.00 96.91 17.59 | 6.89
DKC 17 Functions SP 107 10.98 21.45 0.00 94.32 23.83 | 5.11
DKC 17 Functions CE 121 19.63 28.10 10.00 95.13 22.07 | 6.20
DKC 19 Lists — Basic SP 115 38.57 36.73 30.00 96.31 19.20 | 7.05
DKC 19 Lists — Basic CE 107 64.44 34.31 80.00 95.35 21.56 | 7.40
DKC 21 Lists SP 111 14.14 23.53 0.00 93.83 2485 | 5.85
DKC 21 Lists CE 120 24.63 30.67 10.00 95.07 22.21 | 6.81
DKC 23 Files (including Functions) SP 111 27.75 37.63 0.00 97.78 14.90 | 5.61
DKC 23 Files (including Functions) CE 113 55.66 41.23 70.00 97.73 15.07 | 6.21
DKC 25 Files (including Sorting alg.) SP 92 24.08 30.64 5.00 95.56 21.06 | 6.45
DKC 25 Files (including Sorting alg.) CE 95 46.95 35.58 50.00 95.47 21.28 | 7.57
Mean 118.43 30.90 28.77 24.29 93.09 2547 | 6.98

SD 19.44 14.85 6.44 22.25 3.78 6.50 | 0.93

The standard error was used to determine the range within which a student’s score would
likely fall on repeated attempts of a similar test. Lower standard error values indicate more

precise tests, though reducing standard error below 5- 6% is challenging. A standard error
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of 8% corresponds to roughly a half-grade difference, with higher values indicating a risk of
misgrading [119]. The results were satisfactory, with an average standard error of 6.98% and
a maximum of 8.40% for DKC 02 (Variables CE).

Furthermore, data distribution was analysed using the Kolmogorov-Smirnov (KS) test
for normality, as well as skewness (SDS) and kurtosis (SDK) (Table 4.2). The Kolmogorov-
Smirnov test statistic (D) was calculated using an online tool [120], while Moodle LMS
provided the skewness and kurtosis. Table 15 categorized data distribution as either Normally
distributed (ND) or Not Normally Distributed (NND).

The Kolmogorov-Smirnov D statistic measures the degree of deviation of the sample
distribution from a normal distribution. A higher D value indicates a lower likelihood that
the data follows a normal distribution. The associated p-value quantifies this likelihood,
where a low p-value suggests that the sample deviates from normality beyond what could be
expected by chance.

The skewness and kurtosis provide further insights into the distribution’s shape. The
skewness assesses asymmetry, with negative values indicating a greater frequency of larger
values and positive values reflecting a prevalence of smaller values. A general rule is that a
skewness value beyond the range —2 to 2 indicates significant non-normality. The kurtosis
measures the thickness of distribution tails, with positive values indicating a more peaked
distribution and negative values suggesting a flatter distribution. As with skewness, kurtosis
values outside the range —2 to 2 are considered abnormal, with values above 2 suggesting a
distribution that is too peaked and values below —2 suggesting a distribution that is too flat.

Normal distribution was observed in 6 CE tests, including those on DKC 01 (Basic data
types CE), DKC 02 (Variables CE), DKC 03 (Arithmetic operators & expressions CE), DKC
04 (Relational operators & expressions CE), DKC 10 (Conditions CE), and DKC 15 (Loops
— Basic algorithms CE). Among these, five tests exhibited positive skewness and negative
kurtosis, while the DKC 02 (Variables CE) had negative skewness.

Out of the 21 CE tests analysed, 15 deviated from the assumption of normal distribution
(71.42%). These deviations included both positive skewness and negative kurtosis values,
indicating a higher frequency of low test scores and a distribution characterized by a long
tail without pronounced peaks. The marked non-normality was particularly evident in the
DKC 07 (Priority of operators & expressions CE). In Table 4.2, the skewness and kurtosis
values exceeding the thresholds of —2 and 2 were underlined, while instances of untypical
negative skewness and positive kurtosis values were highlighted using italics.

The experimental data is publicly available at [121]. Furthermore, CE assessments of

student knowledge served as the input for BKT-based cognitive modelling.
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Table 4.2. Formative test statistics — data distribution measures.

Domain Knowledge Component # Students KSD p-value SDS SDK
DKC 01 Basic data types SP 152 0.23058 <0.00001 NND 1.6098 2.1340
DKC 01 Basic data types CE 107 0.12819 0.0542 ND 04811 | -1.0942
DKC 02 Variables SP 145 0.11832 0.03166 NND 0.5903 | -0.4777
DKC 02 Variables CE 105 0.10217 0.20832 ND -0.1120 | -1.2768
DKC 03 Arithmetic oper. & expr. SP 141 0.1505 0.00297 NND 0.8837 0.2588
DKC 03 Arithmetic oper. & expr. CE 92 0.08935 0.42984 ND 0.4039 | -0.6622
DKC 04 Relational oper. & expr. SP 138 0.25014 <0.00001 NND 0.8697 | -0.6384
DKC 04 Relational oper. & expr. CE 80 0.14147 0.07361 ND 0.0791 -1.5171
DKC 05 Logic oper. & expr. SP 136 0.26165 <0.00001 NND 1.3929 1.0127
DKC 05 Logic oper. & expr. CE 79 0.18376 0.00829 NND 0.8830 0.5309
DKC 06 Other oper. & expr. SP 135 0.21573 <0.00001 NND 0.9086 | -0.3685
DKC 06 Other oper. & expr. CE 77 0.23974 0.00022 NND 0.7249 | -0.8328
DKC 07 Priority of oper. & expr. SP 132 0. 38055 <0.00001 NND 2.5264 | 5.5827
DKC 07 Priority of oper. & expr. CE 73 0.4003 <0.00001 NND 2.6885 | 7.2342
DKC 08 User input SP 137 0. 13293 0.01428 NND 0.3343 | -1.0796
DKC 08 User input CE 139 0.14841 0.00388 NND -0.4024 | -1.1124
DKC 09 User output SP 134 0.23567 <0.00001 NND 1.8892 | 3.6751
DKC 09 User output CE 139 0.19386 0.00005 NND 1.2665 1.1325
DKC 10 Conditions SP 133 0. 17698 0.00041 NND 1.1570 1.1233
DKC 10 Conditions CE 138 0.10791 0.07458 ND 0.3393 | -0.5613
DKC 11 Loops (for) — Basic SP 131 0.12397 0.0326 NND 0.1230 | -1.3820
DKC 11 Loops (for) — Basic CE 127 0.13695 0.01539 NND -0.5853 | -0.9383
DKC 12 Loops (for) SP 129 0.28358 <0.00001 NND 1.3054 0.4287
DKC 12 Loops (for) CE 127 0.18895 0.00019 NND 0.9023 | -0.4955
DKC 13 Loops (while) — Basic SP 128 0.2002 0.00006 NND 1.3661 1.1091
DKC 13 Loops (while) — Basic CE 125 0.15296 0.00509 NND 0.7039 | -0.6802
DKC 14 Loops (while) SP 126 0.27623 <0.00001 NND 1.8365 2.7440
DKC 14 Loops (while) CE 124 0.16317 0.00236 NND 0.8681 | -0.3958
DKC 15 Loops — Basic algorithms SP 108 0.15753 0.00829 NND 0.6774 | -0.7662
DKC 15 Loops — Basic algorithms CE 115 0.12143 0.06178 ND 0.1355 | -1.3294
DKC 16 Functions — Basic SP 109 0.23942 <0.00001 NND 0.5506 | -1.2554
DKC 16 Functions — Basic CE 121 0.17377 0.00115 NND -0.2265 | -1.5824
DKC 17 Functions SP 107 0.33929 <0.00001 NND 26475 | 7.0302
DKC 17 Functions CE 121 0.24153 <0.00001 NND 1.7970 2.2656
DKC 19 Lists — Basic SP 115 0.21742 0.00003 NND 0.5033 | -1.4027
DKC 19 Lists — Basic CE 107 0.18968 0.00076 NND -0.5421 | -1.1978
DKC 21 Lists SP 111 0.31855 <0.00001 NND 1.7391 2.1057
DKC 21 Lists CE 120 0.21733 0.00002 NND 1.1002 | -0.0796
DKC 23 Files (including Functions) SP 111 0.33816 <0.00001 NND 0.8716 | -0.9737
DKC 23 Files (including Functions) CE 113 0.18739 0.0006 NND -0.3069 | -1.6070
DKC 25 Files (including Sorting alg.) SP 92 0.33215 <0.00001 NND 1.1751 | -0.0617
DKC 25 Files (including Sorting alg.) CE 95 0.17804 0.00417 NND 0.0134 | -1.5326

4.2 Classification of student answers based on time on task

and the number of code evaluations

During the Data pre-processing, outliers were addressed by examining the cumulative time

spent on each task. Unanswered questions were categorized as incorrect to account for
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Table 4.3. The number of students, outliers and not-reached answer opportunities per each

DKC.

Domain Knowledge Component # Students # Students without outliers Not-reached AO
DKC 01 Basic data types CE 107 99 259/1980 (13%)
DEC 02 Variables CE 105 104 133/2080 (6%)
DEC 03 Arithmetic oper. & expr. CE 92 87 238/1740 (13%)
DEC 04 Relational oper. & expr. CE 80 77 67/1540 (4%)
DKC 05 Logic oper. & expr. CE 79 73 145/1460 (9%)
DKC 06 Other oper. & expr. CE 77 76 110/1520 (7%)
DKC 07 Priority of oper. & expr. CE 73 71 224/1420 (15%)
DEC 08 User mput CE 139 137 90/2740 (3%)
DEC 09 User output CE 139 129 534/2580 (20%)
DKC 10 Conditions CE 138 138 354/2760 (12%)
DEKC 11 Loops (for) — Basic CE 127 127 71/2540 (3%)
DKC 12 Loops (for) CE 127 127 252/2540 (10%)
DEKC 13 Loops (while) — Basic CE 125 120 333/2400 (13%)
DKC 14 Loops (while) CE 124 122 210/2440 (8%)
DEKC 15 Loops — Basic algorithms CE 115 115 214/2300 (9%)
DEKC 16 Functions — Basic CE 121 121 123/2420 (5%)
DKC 17 Functions CE 121 121 342/2420 (14%)
DEC 19 Lists — Basic CE 107 107 90/2140 (4%)
DEC 21 Lists CE 120 112 336/2240 (15%)
DKC 23 Files (including Functions) CE 113 113 145/2260 (6%)
DEC 25 Files (including Sorting alg.) CE 95 95 138/1900 (7%)

missed opportunities. Table 4.3 summarises the final number of students across each DKC.

In addition to student performance, features such as time on task, cumulative time on
task, the number of code evaluations and the cumulative number of code evaluations were
extracted for each question in the DKC test. The cumulative values represented the time
interval up to the observed question (answer opportunity). It was expected that multi-class
classification based on these additional features would further refine the binary evaluation of
a student’s answer accuracy.

The descriptive statistics for the time on task and cumulative time on task features for
each DKC are presented in Table 4.4 and Figures 4.1- 4.2, including the mean, standard

deviation, median, and maximum values for each feature.
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Table 4.4. Descriptive test statistics related to the time on task and cumulative time on task

features.
Domain Knowledee Component Time on task Cumulative time on task
< P Mean SD Median Maximum Mean SD Median Maximum
DKC 01 Basic data types CE 25.18 24.53 18.00 269.00 316.93 171.78 321.00 601.00
DKC 02 Vanables CE 22.96 21.49 18.00 317.00 26941 158.71 261.50 600.00
DKC 03 Arithmetic oper. & exp. CE 25.72 25.03 19.00 197.00 332.05 184.27 343.50 601.00
DEC 04 Relational oper. & exp. CE 19.88 18.73 15.00 202.00 236.98 160.40 216.00 600.00
DKC 05 Logic oper. & exp. CE 22.57 23.89 16.00 245.00 283.06 184.20 264.00 601.00
DEKC 06 Other oper. & exp. CE 15.73 20.17 11.00 417.00 186.88 142.35 156.00 601.00
DEKC 07 Priority of oper. & exp. CE 14.82 22.05 6.00 240.00 177.37 158.63 132.00 599.00
DEKC 08 User wnput CE 32.78 27.10 26.00 371.00 384.15 235.62 358.00 901.00
DEKC 09 User output CE 40.27 42.65 27.00 337.00 552.63 276.55 588.00 901.00
DEC 10 Conditions CE 39.52 43.54 23.00 340.00 526.58 281.09 544.50 901.00
DKC 11 Loops (for) —Basic CE 41.11 37.62 31.00 349.00 481.56 | 316.68 432.00 1201.00
DEKC 12 Loops (for) CE 48.71 52.54 34.00 742.00 633.24 | 375.71 625.50 1201.00
DKC 13 Loops (while) — Basic CE 51.28 52.48 37.00 436.00 672.05 389.05 685.00 1201.00
DKC 14 Loops (while) CE 48.36 48.68 36.00 531.00 620.78 368.51 597.00 1201.00
DKC 15 Loops — Basic alg. CE 50.82 52.73 37.00 565.00 644.62 371.81 636.00 1201.00
DEC 16 Functions — Basic CE 37.10 46.58 26.00 1019.00 446.62 31749 388.00 1201.00
DKC 17 Functions CE 42.95 61.56 18.00 1028.00 596.49 398.88 563.00 1201.00
DEC 19 Lists — Basic CE 39.08 40.56 27.00 657.00 462.35 316.19 420.50 1201.00
DKC 21 Lists CE 43.04 55.77 23.00 707.00 574.74 | 391.75 527.50 1201.00
DEKC 23 Files (incl. Func.) CE 35.96 35.09 30.00 544.00 430.95 30121 399.50 1200.00
DEKC 25 Files (incl. Sorting alg.) CE 42.95 53.56 32.00 1182.00 518.22 356.56 489.00 1201.00
70
60
T I T e R I
40 1y
30 PRI S . | el occailleeer cecssfllocccs o
20 (T s o Mgl N T [P
. L
C)é\/ Q& C)SD ng C)Q(o C)éo Oé\ C)éb C)g) O's O'\'? Q'S/ C)'i/b ()'\y CJ':) C)'s} ()'Q O'S) C)(V qu? C)ql?
T T T T T T T T T T T T T T IFT T T T 9 99

Time on task Mean B Time on task SD B Time on task Median

Figure 4.1. The trendline for the time on task feature.
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Figure 4.2. The trendline for the cumulative time on task feature.

The total time allocated for each formative assessment (10 minutes for DKC 01-07, 15
minutes for DKC 08-10, and 20 minutes for DKC 11-25) influenced the time on task and

Both features showed a noticeable increase as students

cumulative time on task features.

progressed through the DKCs, indicating that later topics were more cognitively demand-

ing. The growing standard deviations further highlighted an increasing variability in student

performance over time, which may be attributed to differences in learning pace, prior knowl-

edge, or levels of engagement. The frequent discrepancy between the median and mean

values suggested skewed distributions. Descriptive statistics for the number and cumulative

number of code evaluations for each DKC are presented in Table 4.5 and Figures 4.3- 4.4,

including the mean, standard deviation, median and maximum values for each feature.

Table 4.5. Descriptive test statistics related to the number and cumulative number of code

evaluation features.
D . . The number of code evaluations Cumulative number of code evaluations
omain Knowledge Component Mean SD Median Maximum Mean SD Median Maximum
DEKC 01 Basic data types CE 0.15 0.53 0.00 6.00 1.92 3.53 0.00 18.00
DKC 02 Variables CE 0.15 0.54 0.00 6.00 1.76 3.13 0.00 15.00
DKC 03 Arithmetic oper. & exp. CE 0.27 0.75 0.00 7.00 3.78 5.76 0.00 31.00
DKC 04 Relational oper. & exp. CE 0.35 0.73 0.00 8.00 4.25 6.27 1.00 31.00
DKC 05 Logic oper. & exp. CE 0.19 0.67 0.00 7.00 2.65 4.30 0.00 23.00
DKC 06 Other oper. & exp. CE 0.13 0.54 0.00 6.00 1.77 3.38 0.00 18.00
DKC 07 Priority of oper. & exp. CE 0.03 0.23 0.00 3.00 0.49 1.16 0.00 6.00
DKC 08 User input CE 0.32 0.82 0.00 8.00 3.76 5.30 1.00 29.00
DKC 09 User output CE 0.38 0.89 0.00 8.00 5.37 6.64 2.00 32.00
DEKC 10 Conditions CE 0.44 0.86 0.00 8.00 5.88 6.74 3.00 30.00
DKC 11 Loops (for) — Basic CE 0.96 1.30 1.00 13.00 10.91 11.46 8.00 61.00
DK.C 12 Loops (for) CE 0.64 1.15 0.00 13.00 8.26 9.10 5.00 44.00
DKC 13 Loops (while) — Basic CE 0.89 1.33 0.00 11.00 11.42 11.00 9.00 50.00
DEKC 14 Loops (while) CE 0.73 1.13 0.00 13.00 9.13 9.36 7.00 39.00
DKC 15 Loops — Basic alg. CE 0.69 1.03 0.00 10.00 8.23 8.13 6.00 39.00
DKC 16 Functions — Basic CE 0.75 0.96 1.00 13.00 8.31 8.75 6.00 40.00
DEKC 17 Functions CE 0.59 1.17 0.00 10.00 8.40 9.12 5.00 41.00
DKC 19 Lists — Basic CE 0.83 0.96 1.00 9.00 9.14 8.81 7.00 46.00
DKC 21 Lists CE 0.66 1.20 0.00 12.00 8.57 9.45 5.00 41.00
DEKC 23 Files (incl. Func.) CE 0.70 0.85 1.00 8.00 7.93 8.83 5.00 45.00
DEKC 25 Files (incl. Sorting alg.) CE 0.85 1.14 1.00 9.00 9.84 10.43 6.00 48.00
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Figure 4.3. The trendline for the number of code evaluation feature.
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Figure 4.4. The trendline for the cumulative number of code evaluations feature.

The number of code evaluations increased as students advanced through the DKCs, sug-
gesting that these topics were more challenging and required frequent testing and debugging.
The growing SDs reflected increasing variability in student behaviour throughout the curricu-
lum. The median cumulative number of code evaluations also rose across DKCs, indicating
that students likely evaluated their code more frequently as they progressed. However, the
median number of code evaluations for certain DKCs showed that many students did not
evaluate their code, particularly during the first week of assessment (DKC 01-07).

Student answers were classified using the Decision tree method, with classification based
on extracted features such as time spent on task, cumulative time spent on task, the number
of code evaluations and cumulative code evaluations. In addition to arbitrary information
gain and entropy criteria, a maximum tree depth was iteratively defined as the minimal depth
that effectively differentiated multiple classes across all DKCs. While most DKCs required a

depth of 3 to differentiate between multiple classes, a generalized approach of using a depth
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of 5 proved effective for all DKCs. The example of the resulting decision trees is presented

in Figure 4.5.

--- time <= 16.5@ --- response_evals <= @.58

[--- time > 9.50@

|--- weights: [45.00, 8.00] class: @ | | |--- weights: [32.00, 5.80] class: @
[--- time > 11.50

| |--- weights: [58.00, ©.00] class: @

-- time > 17.58

--- cumulative_time <= 201.8@

|--- time <= 1.00@ |--- time <= 17.5@
| |--- weights: [163.0@, ©.00] class: @ |--- time <= 1.00
|--- time > 1.00@ | |--- weights: [1@3.00, ©.0@] class: @
| --- cumulative time <= 60@.58 |--- time > 1.00
|--- time <= 9.50 | |--- time <= 11.50
| |--- time <= 7.50 | | |--- time <= 9.5@
| | |--- weights: [137.0@, 5.88] class: @ | | | |--- weights: [204.00, 8.00] class: @
| |--- time > 7.5@ | | |--- time > 9.5@
I |
|
|

| |--- cumulative_time <= 10.58
| | |--- weights: [0.88, 1.88] class: 1
| |--- cumulative time > 10.50

| | |--- weights: [76.00, 7.0@] class: @ |--- cumulative_evals <= 2.50

| |--- time <= 82.00

| | |--- weights: [42.00, 1.80] class: @
| |--- time > 82.00

| | |--- weights: [4.8@, 2.88] class: @

--- cumulative_time > 600.5@

|--- cumulative time <= 835.00

| --- time <= 10.50

| |--- weights: [12.00, 2.8@] class: @

| --- time > 10.50

| |--- weights: [2.8@, 5.88] class: 1

|--- cumulative_time > 835.00

| |--- time <= 8.5@

| |--- weights: [10.00, 2.0@] class: @

|--- time > 8.50

|
|
|
|
I |
I |
| | |--- cumulative_evals > 2.50
| | | |--- weights: [0.9@, 1.80] class: 1
|--- cumulative_time > 201.0@
| |- time < 104.00
| | |--- cumulative time <= 215.50
| | | |--- weights: [P.0@, 4.00] class: 1
| | |--- cumulative_time > 215.50
| | | |--- weights: [108.0@, 51.00] class: @
| |-—- time > 104.90
| | |--- weights: [17.60, ©.00] class: @
--- response_evals > ©.5@
|--- time <= 61.5@
--- cumulative_time <= 1199.08
|--- time <= 42.50

I
I
I
--- time > 16.50
|--- time <= 61.50
--- cumulative_time <= 187.8@
|--- time <= 24.50
| --- time <= 19.50
| |--- weights: [5.8@, ©.80] class: @
| --- time > 19.5@

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| |--- weights: [8.0@, 3.80] class: @ |
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

| |--- weights: [11.60, 8.00] class: @

I
I
I
| | |--- cumulative_evals <= 14.50
[--- time > 24.50 | | |--- weights: [16.00, 121.8@] class: 1

--- cumulative_time <= 37.5@ | |--- cumulative_evals > 14.50
| | |--- weights: [5.80@, 179.60] class: 1

|
|
|
|
I |
| |--- weights: [8.0@, 3.80] class: @ |
| | |--- time > 42.5@
|
|
|
|
|
|

I
| --- cumulative time > 37.5@
| | |--- weights: [24.00, 43.00] class: 1 | |--- cumulative evals <= 40.50
--- cumulative time > 187.88 | | |--- weights: [23.00, 130.8@] class: 1
| |--- cumulative_evals > 40.50
| | |--- weights: [1.00, ©.00] class: @
--- cumulative_time > 1199.8@
|--- weights: [2.6@, ©.0@] class: &
--- time > 6l1.5@
--- time <= 77.58
|--- response_evals <= 2.5@
| |--- cumulative_time <= 770.50
| | |--- weights: [11.00, 29.00] class: 1
| |--- cumulative_time > 770.50
| | |--- weights: [11.00, 6.00] class: @
|--- response_evals > 2.5@
| |--- cumulative time <= 565.00
| | |--- weights: [1.80, 5.88] class: 1
| |--- cumulative time > 565.00
| | |--- weights: [0.00, 8.00] class: 1
--- time > 77.50
|--- cumulative evals <= 13.5@

|--- time <= 21.50
I

--- cumulative time <= 740.5@

I
| | |--- weights: [17.80, 10.88] class: @
| |--- cumulative time > 740.5@

I

| |--- weights: [3.80, 13.0@] class: 1
[--- time > 21.50

I
I
I
| |--- weights: [4.88, ©.88] class: @

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|--- time > 61.5@
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

--- cumulative_time <= 1196.58
|--- weights: [95.80, 390.00] class: 1
--- cumulative time > 1196.58

--- time <= 123.58
[--- time <= 75.50
| |--- time <= 64.50

| | |--- weights: [9.8@, 4.00] class: @

[ ]--- time » 64.50

| | |--- weights: [28.09, 46.80] class: 1

|-~ time > 75.5@

--- cumulative_time <= 1877.50 | |--- response_evals <= 4.50

| | |--- weights: [46.00, 29.00] class: @
| | --- response_evals > 4.50

| | |--- weights: [7.8@, ©.80] class: @
|--- cumulative_evals > 13.58

| |--- time <= 249.00

| | |--- weights: [28.80, 29.80] class: 1
| |--- time > 249.00

| | |--- weights: [0.0@, 3.00] class: 1

|

|

|

|

|

|

|

| I
| | | - weights: [74.0@, 53.00] class: @
|| |--- cumulative time > 1077.56
| | | |--- weights: [1.88, 6.88] class: 1
|--- time > 123.5@

| |--- cumulative time <= 549.08

|

|

|

|

|

|

|

|

|

--- cumulative_time <= 157.5@

|--- weights: [2.0@, 3.80] class: 1
| --- cumulative time > 157.50@

| |--- weights: [24.00, 2.00] class: @
|--- cumulative_time > 549.00

|--- time <- 133.0@
| |--- weights: [4.8@8, ©.88] class: @
|--- time » 133.00

| |--- weights: [17.88, 13.00] class: @

Figure 4.5. The example of Decision trees for DKC 25 CE.
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The left Decision tree on Figure 4.5 primarily splits on time on task as its root feature,
with a key threshold at 16.50. If time < 1.00, the classifications belong to Class 0 (103
versus 0), making this a strong model boundary. On the other hand, further divisions are
made based on cumulative_time, and one of the most significant differences occurs at 21.5 <
time < 61.50 and 187.00 < cumulative_time < 1196.50, where Class 1 dominates (95 versus
390). This classification suggests that shorter time on task and lower cumulative time tend to
classify instances as Class 0, whereas longer time on task and higher cumulative time shift
towards Class 1.

The right Decision tree on Figure 4.5 is structured around the number of code evaluations
(response_evals feature), with an initial split at 0.50, suggesting its binary use. If time < 1.00,
the majority of cases belong to Class 0 (103 versus 0). A major differentiation in the number
of cases also occurs at time < 9.50, where weights strongly support Class 0 (204 versus 8).
On the other hand, if response_evals > 0.50, time < 42.50 and cumulative_time < 1199.00,
weights significantly bias the classification towards Class 1 (21 versus 300). For longer
response time > 42.50, if cumulative_evals < 40.50, weights make a strong case for Class
1 (5 versus 179). This classification indicates that a lower number of code evaluations and a
shorter time on task lead to Class 0, while more evaluations and a longer time on task shift
towards Class 1 classification.

The resulting classification models were cross-validated using training subsets (70%) and
evaluated on testing subsets (30%). The Decision tree approach analysed the classification
of each answer opportunity (question) in the assessment based on the extracted features.

Standard performance metrics—AUC, F1, Precision, Recall, and Accuracy—assessed
classification model outcomes. The AUC metric evaluated the model’s ability to distinguish
between classes, while the F1 Score balanced Precision and Recall, providing an overall
measure of accuracy. Precision reflected the proportion of true positive predictions among
all positive predictions, while Recall represented the proportion of true positives identified
among all actual positives. Accuracy measured the proportion of correct predictions among
all predictions. All metrics ranged from O to 1, with higher values indicating better perfor-
mance.

Two classification approaches were used based on the features extracted. The first clas-
sification model considered time on task features (time on a task and the cumulative time on
a task), while the second classification additionally considered code evaluation features (the
number of code evaluations and cumulative code evaluations). The results for each DKC
are presented in Tables 4.6 and 4.7. A heatmap was used for each metric to facilitate vi-
sual comparison. Italicized values indicate improvements in cross-validation results, while
bolded values in Table 4.7 reflect improvements in time-based classification results compared
to those in Table 4.6.
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Table 4.6. The classifications based on time on task features.

DKC

Cross-validation

Evaluation

AUC

DKC 01 CE

0.69379

DKEC 02 CE
DKC 03 CE
DKEC 04 CE
DKEC 05 CE
DKC 06 CE
DKC 07 CE
DEC 08 CE
DKC 09 CE
DEC 10 CE
DKC 11 CE
DEC 12 CE
DKC 13 CE
DKC 14 CE
DKC 15 CE
DEKC 16 CE
DEC 17 CE
DKC 19 CE
DEC 21 CE
DKC 23 CE
DKC 25 CE

0.70827

0.69790 | 0.27381

F1 ATUC

0.64679
0.62886
0.68323

0.66353

Precision Recall
0.53853

0.52872
0.01000 0.10000
0.53417

0.09582 0.13857
0.43270 0.49127

Accuracy
0.63780
0.65796
0.69451
0.66990

0.00526

0.57500 | 0.72754

0.08889

0.70123
0.77357

0.67910
0.64403

0.39774

0.70240

F1 Recall

Accuracy
0.69024
0.62500
0.67050
0.65584
0.78995
0.73684

Precision

0.70316

0.45045 0.76357

0.54520 0.68794
0.72611
0.74577
0.70238
0.66570

0.73043

0.74794

0.58243
0.69284
0.71291
0.71161
0.49906

0.58516
0.59133
0.34778

0.57799
0.59402
0.23274

0.80376

0.49372 0.79652 0.69201
0.76015

0.38515 0.67995
0.73228
0.74409
0.73750
0.72678
0.73333

0.73416

0.00000

0.79167
0.80088
0.76140

Table 4.7. The classifications based on time on task and code evaluation features.

DKC

Cross-validation

Evaluation

AUC

F1 Precision Recall Accuracy AUC

DKC 01 CE

0.73437

0.49512 0.63596 | 0.41938 0.67244 0.66427

DEC 02 CE
DKC 03 CE
DEC 04 CE
DEC 05 CE
DEC 06 CE
DEC 07 CE
DEC 08 CE
DEC 09 CE
DKC 10 CE
DEC 11 CE
DKC 12 CE
DEC 13 CE
DEC 14 CE
DEC 15 CE
DEC 16 CE
DEC 17 CE
DEC 19 CE
DEC2ICE
DEC 23 CE
DEC 25 CE

0.71332

0.65475

0.66207
0.70938
0.72280

0.62142
0.59634
0.73693

0.38449

0.13187

0.43458 0.75474 0.69926

0.12222

0.17028
0.50387
0.14941

0.30598
0.64498
0.28524

0.561

0.79193

Accuracy
0.67003

Precision Recall

0.73563
0.72511

| 0.60133 | 0.75459 |

The average evaluation metrics for classifications based solely on time on task features
were 0.66654 for AUC, 0.55917 for the F1 score, 0.79177 for Precision, 0.74600 for Recall,
and 0.74476 for Accuracy. In contrast, when incorporating code evaluation features, the av-
erage results improved to 0.73969 for AUC, 0.66386 for the F1 score, 0.81437 for Precision,
0.83100 for Recall, and 0.80229 for Accuracy.

The later DKCs in the course showed more consistent student performance, indicating

that the classification models were more effective at capturing the underlying patterns in both

cross-validation and evaluation phases. For these DKCs, including code evaluation features

led to most metrics improvements. This suggests that the significance of code evaluations

may vary depending on the complexity of the DKC and the underlying data.
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However, a decline in performance from cross-validation to evaluation results indicates
neither approach generalised effectively. This highlights a potential issue of overfitting to the
training data. Additionally, the requirement for extensive student engagement across eight
weekly tests may have influenced performance outcomes.

Both classification models were further used for the BKT-based cognitive modelling.

4.3 BKT model parameters

Eighteen BKT models were analyzed, including the vanilla model (#01), its forgetting-
enhanced version (#02), eight models based on time on task features (#03-#10) and eight
models that incorporate both time on task and code evaluations features (#11-#18). The BKT
models are described using the probabilities of prior knowledge parameter (Prior), guessing
parameter (Guess), slipping parameter (Slip), transitioning to the learned knowledge state
parameter (Learn) and forgetting parameter (Forgets). The pyBKT models based on mul-
tiple classes include the multiple guess and slip model (multigs), the multiple learn model
(multilearn) and the multiple prior knowledge model (multiprior).

Regarding the number of parameters fitted for each BKT model, the vanilla model re-
quired four parameters: Prior, Guess, Slip, and Learn. The forgetting-enhanced version of
the vanilla model and the multilearn and multiprior models required five parameters. The
multigs models considered a total of six parameters. Most models utilized seven parameters
(multigs+forgets, multilearn+forgets, multigs+multilearn). The multiprior+forgets models
accounted for eight parameters, however, experimental results indicated that only the De-
fault class of the Forget parameter as Class1 and Class2 of the Forget parameter consistently
equalled zero. The maximum number of parameters considered was nine, as seen in the
multigs+multilearn+forgets models.

The BKT models were fitted using the training subsets and 5 initializations of the EM
algorithm. The models were seeded to preserve the replicability and the Guess and Slip
parameter probabilities were bounded to 0.5.

The resulting parameter probabilities for each DKC are presented in Tables Al- A21
(Appendix A).

To analyse the resulting BKT parameters, the dispersion metrics were calculated for each
model across DKCs 01-25. The results include Minimum (Min), Maximum (Max), Mean,
Standard Deviation (SD) and the 75% Median (Med 75%) for each parameter, as detailed in
Tables 4.8- 4.12.
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Table 4.8. BKT model parameter probabilities — Dispersion metrics for DKCs 01-25

(Prior).
BKT parameter
- Prior
BKT model Default
Min Max Mean SD Med 75%
#01 vanilla 0.12939 0.65433 0.42214 0.14711 0.53430
#02 vanillat+forgets 0.14437 0.76249 0.49795 0.12661 0.53672
#03 multigs T 0.13579 0.84200 0.55522 0.19523 0.66825
#04 multigs+forgets T 0.15644 0.96975 0.62492 0.20268 0.77104
#05 multilearn T 0.12925 0.65197 0.41928 0.14429 0.54326
#06 multilearn+forgets T 0.13624 0.74252 0.49829 0.13043 0.55069
#07 multigstmultileamn T 0.13575 0.84225 0.54882 0.19607 0.66910
#08 multigs+multileamn+forgets T 0.15541 0.99931 0.66054 0.19277 0.76980
#09 multiprior T
#10 multiprior+forgets T
#11 multigs TE 0.13438 0.84072 0.55192 0.18466 0.66916
#12 multigs+forgets TE 0.16066 0.88373 0.64066 0.15766 0.74222
#13 multilearn TE 0.12937 0.65188 0.41984 0.14448 0.53583
#14 multilearn+forgets TE 0.13681 0.76894 0.50421 0.13127 0.54639
#15 multigstmultilearn TE 0.13786 0.84297 0.55412 0.18488 0.66952
#16 multigstmultileamn+forgets TE 0.15886 0.95733 0.65077 0.18161 0.75921
#17 multiprior TE
#18 multipriortforgets TE

Depending on the BKT model, the Guess parameter reflects either a single class proba-
bility (Default) or a multi-class probability (ClassO and Class1). The vanilla model yielded a
Default probability of 0.10643 (SD 0.07253), which increased to 0.14355 (SD 0.08840, #09
and #17) for multiprior models. This baseline result represented a moderate value compared
to the multi-class probabilities. In the multi- class BKT models, ClassO values ranged from
0.01021 (SD 0.01350, #08) to 0.03162 (SD 0.02165, #11), while Class 1 values ranged from
0.08545 (SD 0.09698, #12) to 0.20002 (SD 0.11332, #11).

Similarly, the Slip parameter resulted in either single- or multi-class probabilities. The
baseline vanilla model produced a moderate value of 0.30264 (SD 0.13332), with other
single-class models reaching the lowest value of 0.19513 (SD 0.10895, #10 and #18). In the
multi-class BKT models, ClassO values ranged from 0.45721 (SD 07395, #04) to 0.49914
(SD 0.00329, #15), while Classl values from 0.15725 (SD 0.07672, #16) to 0.23151 (SD
0.11313, #07).

The baseline vanilla model resulted in a Learn parameter value of 0.00699 (SD 0.00901).
Other models also had low values of the Default class, with the highest being 0.04381 (SD
0.02206, #10 and #18). In addition, the multiprior models, which specifically considered
student answers at the first opportunity (Class 1 and Class 2), produced higher Learn param-
eter values, ranging from 0.09026 (SD 0.06764, Class1 of the #17 model) to 0.63626 (SD
0.21095, Class2 of the #18 model).

The Forgets parameter in the baseline vanilla model yielded a value of 0.04263 (SD
0.02697), representing a moderate value compared to both single and multi-class models. In
the multi-class models, this parameter ranged from 0.03906 (SD 0.02125, Class1 of the #14
model) to 0.07714 (SD 0.07693, ClassO of the #16).

To further discuss the probabilities of the BKT parameters, dispersion metrics were pre-
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Chapter 4: Results and discussion

sented for specific model groups based on parameter usage. These groups included the
multigs model group (#03, #04, #07, #08, #11, #12, #15, #16), the multilearn group (#05,
#006, #07, #08, #13, #14, #15, #16) and the multiprior group (#9, #10, #17, #18).

Additionally, model groups were analysed based on the features used in student answer
classification, comprising the time-on-task group (#03 - #10) and the time- and evaluation-
based group (#11 - #18).

The results from these model groups were compared to the baseline vanilla BKT model
(#01) and its forgetting-enhanced version (#02). The analysis included Minimum (Min),
Maximum (Max), Mean, Standard Deviation (SD) and the 75% Median (Med 75%) metrics.
The results for each model group across DKCs 01-25 are presented in Tables 4.13- 4.17.

Table 4.13. BKT model parameter probabilities — Dispersion metrics for BKT model groups

(Prior).
BKT parameter
BKT model Prior
Default

Min Max Mean SD Med 75%
#01 vanilla 0.12939 0.65433 0.42214 0.14711 0.53430
#02 vanillat+forgets 0.14437 (0.76249 0.49795 0.12661 0.53672
Multigs models 0.13438 0.99931 0.59837 0.18933 0.73695
Multilearn models 0.12925 0.99931 0.53198 0.18319 0.65052
Multiprior models
Time-based m. 0.12925 0.99931 0.55118 0.19272 0.67093
Time- and evals-based m. 0.12937 0.95733 0.55359 0.18042 0.65903

Compared to the baseline vanilla model, which exhibited the lowest Prior parame-
ter value, the multigs model group showed the highest mean Prior value of 0.59837 (SD
0.18933). The time-based and time- and evaluation-based model groups yielded a similar
moderate mean of 0.55118 (SD 0.19272) and 0.55359 (SD 0.18042). The Prior parameter
varied significantly, especially across the two feature-based model groups.

While the baseline vanilla model produced a moderate Guess parameter value, the multi-
prior model group showed slightly higher values. The multigs and multilearn model groups
distinguished ClassO with a lower Guess probability (0.02127 and 0.02065, SD 0.02135 and
SD 0.02069) and Class1 with a significantly higher Guess probability (0.13600, SD 0.14155
and SD 0.14107). The feature-based model groups followed a similar pattern of lower Class0
and higher Class1 probabilities as seen in the multigs and multilearn group models.

For the Slip parameter, the multi-class model groups and the feature-based model group
defined Class0 as significantly higher and Class1 as lower than the baseline vanilla model.
The Slip parameter reached a maximum value of 0.5 across all model groups.

The Learn parameter probabilities were generally low across all model groups, often
below 0.04, reflecting knowledge acquisition’s slow and incremental nature. While the base-
line vanilla model showed the lowest value of 0.00699 (SD 0.00859), other models pro-
duced Default probabilities ranging from 0.01674 (multigs model group, SD 0.02164) to
0.03305 (multiprior model group, SD 0.02150). In the multi-class models, ClassO ranged
from 0.01313 (multilearn model group, SD 0.01750) to 0.14507 (multiprior model group,
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SD 0.08519), while Classl ranged from 0.02206 (multigs model group, SD 0.03093) to
0.55233 (multiprior model group, SD 0.26696).

The Forgets parameter probability averaged up to 0.06434 (SD 0.06000) for ClassO of
the multigs model group.

The analysis of eighteen enhanced BKT models revealed that more complex models,
incorporating features such as time spent on the task and the number of code evaluations,
captured finer details in student learning behaviours. These advanced models effectively
differentiated students’ patterns of prior knowledge, guessing, slipping, learning, and forget-
ting, providing clearer insights into the process of knowledge acquisition. Both feature-based
model groups (time-based group and time- and evals-based group) effectively distinguished
between the educational contexts in which students completed tasks. Students classified in
ClassO were generally less likely to guess correctly compared to those in Class1. Similarly,
students in ClassO were more prone to making errors despite knowing the material, in con-
trast to their counterparts in Class1. The Learn parameter for ClassO was consistently lower

than that for Class], indicating a more gradual learning progression for students in Class0.

4.4 Prediction of student performance

Regarding student performance prediction, the BKT models were cross-validated using a
training subset consisting of 70% of student-level data and evaluated on a testing subset
comprising the remaining 30%. These student-level subsets ensured that each student’s data
were utilized for training or testing purposes.

The 5-fold cross-validation, which involved combinations of BKT parameter fittings and
model evaluations, was applied to the training subset to explore the potential parameter
space. The evaluation of models based on the BKT parameters and the unseen data in the
testing subset ensured that the models could generalize effectively.

The results for each DKC were reported using RMSE, AUC, and Accuracy metrics and
can be found in Tables B1- B21 (Appendix B).

To discuss the prediction results, the average values across DKCs for each BKT model
are presented in Table 4.18. The metrics include RMSE Average (SD), AUC Average (SD)
and Accuracy Average (SD), and are visualized using heatmaps.

Furthermore, the average prediction results across DKCs are presented for parameter-
based and feature-based model groups, including multigs, multilearn, multiprior, time-based
group and time- and evaluation-based group in Table 4.19. Heatmaps were used for each
metric, with baseline results repeated for comparison.

The enhanced multigs+forgets (#12) and multigs+multilearn+forgets (#16) showed the
best average performance across DKCs. The evaluation results for model #12 included an
RMSE of 0.35456 (SD 0.04347), AUC of 0.88248 (SD 0.04830), and Accuracy of 0.82999
(SD 0.05266). Similarly, model #16 achieved an RMSE of 0.35160 (SD 0.04329), AUC of
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Chapter 4: Results and discussion

0.88108 (SD 0.04899), and Accuracy of 0.83048 (SD 0.05037).

Among the broader model groups, the multigs group yielded the best average perfor-
mance, with an RMSE of 0.37060 (SD 0.04031), AUC of 0.86023 (SD 0.05246) and Accu-
racy of 0.81478 (SD 0.04599). Also, both time- and evaluation-based groups overperformed
the baseline vanilla BKT model.

The slightly lower performance observed during evaluation compared to cross-validation
indicated potential overfitting in the models, suggesting that further tuning or additional data
was necessary to improve generalization. While the trend was consistent across DKCs, some
topics appeared to benefit more from including time on task and code evaluation features.
This variation may reflect differences in the nature of the content or patterns of student
interaction specific to these DKCs.

To quantify the statistical significance of the differences in RMSE and AUC prediction
results across DKCs, the nonparametric Wilcoxon Signed Rank Test is employed [122]. This
test evaluates whether the two paired groups differ significantly in their medians and assumes
the null hypothesis that both groups have identical distributions. The W-value denotes the
range in magnitude, and a p-value below 0.05 indicates a statistically significant difference,
as presented in bold in Tables 4.20 and 4.21.

Table 4.20. Prediction of student performance (RMSE) — Wilcoxon Signed Rank Test results.

BKT model W-value p-value
#01 vanilla and #02 vanilla+forgets 6 SS (p < 0.05)
#01 vanilla and #03 multigs T 64 NSS atp <0.05
#01 vanilla and #04 multigs+forgets T 4 SS (p < 0.05)
#01 vanilla and #05 multilear T 62 NSS at p < 0.05
#01 vanilla and #06 multileamn+forgets T 3 SS (p < 0.08)
#01 vanilla and #07 multigstmultilearn T 57 NSSatp<0.05
#01 vanilla and #08 multigs+multilearn+forgets T 4 SS (p < 0.05)
#01 vanilla and #09 multiprior T 19 SS (p < 0.05)
#01 vanilla and £10 multiprior+forgets T 60 NSS at p < 0.05
#01 vanilla and #11 multigs TE 3 SS (p < 0.05)
#01 vanilla and #12 multigs+forgets TE 1 SS (p < 0.05)
£01 vanilla and #13 multilearn TE 64 NSS atp < 0.05
#01 vanilla and #14 multileam+forgets TE 5 SS (p < 0.05)
#01 vanilla and #15 multigs+multilearn TE 3 SS (p < 0.05)
#01 vanilla and #16 multigs+multilearntforgets TE 0 SS (p < 0.05)
#01 vanilla and #17 multiprior TE 26 SS (p = 0.05)
#01 vanilla and #18 multiprior+forgets TE 43 SS (p < 0.05)
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Chapter 4: Results and discussion

Table 4.21. Prediction of student performance (AUC) — Wilcoxon Signed Rank Test results.

BKT model ‘W-value p-value
#01 vanilla and #02 vanilla+forgets 4 SS (p < 0.05)
#01 vanilla and #03 multigs T 25 SS (p < 0.05)
#01 vanilla and £#04 multigs+forgets T 1 SS (p < 0.05)
#01 vanilla and #05 multilearn T 67 NSS atp<0.05
#01 vanilla and #06 multilearn+forgets T 7 SS (p < 0.05)
#01 vanilla and #07 multigstmultileam T 16 SS (p < 0.05)
#01 vanilla and #08 multigs+multilearn+forgets T 1 SS (p < 0.05)
#01 vanilla and #09 multiprior T 19 SS (p < 0.05)
#01 vanilla and £10 multiprior+forgets T 96 NSS atp <0.05
#01 vanilla and #11 multigs TE 0 SS (p < 0.05)
#01 vanilla and #12 multigs+forgets TE 1 SS (p < 0.05)
#01 vanilla and £13 multilearn TE 70 NSS atp<0.05
#01 vanilla and £14 multilearn+forgets TE 3 SS (p < 0.05)
#01 vanilla and #15 multigstmultilearn TE 1] SS (p < 0.05)
#01 vanilla and £16 multigstmultilearn+forgets TE 1 SS (p < 0.05)
#01 vanilla and £17 multiprior TE 24 SS (p < 0.05)
#01 vanilla and £18 multiprior+forgets TE 82 NSS atp<0.05

The Wilcoxon Signed Rank Test results indicated a statistically significant difference in
RMSE for 12 out of 17 BKT models and AUC for 13 out of 17 models compared to the
baseline vanilla BKT model. Specifically:

- For RMSE, four time-based BKT models (#03, #05, #07, #10) and one time- and
evaluation-based model (#13) showed no significant difference.

- For AUC, two time-based BKT models (#05 and #10) and two time- and evaluation-based
models (#13 and #18) showed no significant difference.

This demonstrated that the enhanced BKT models overperformed the vanilla BKT model
in predicting student performance. The reduction in RMSE and improvements in AUC and
Accuracy metrics indicated that additional features enhanced the model’s ability to capture
important aspects of student learning and performance trends across different DKSs. This
suggested that the added features were relevant to understanding the nuances of student be-

haviour and knowledge mastery.

4.5 Estimation of knowledge mastery

In the context of BKT-based adaptive assessment, knowledge mastery is estimated using the
final mastery probability on a 0-1 scale. In contrast, in traditional assessment contexts, mas-
tery is typically observed as a percentage-based student performance in both formative and
summative assessments (midterm and final exams). The relationship between the final adap-
tive BKT probability and the student performance in formative and summative assessments
was analysed using the Pearson correlation (r) and the related p-value. The model’s ability
to classify students with positive performance (over 50% overall) was additionally evaluated
using the F1 score. The mastery estimation was performed using the testing subset and the
complete dataset.

The results for each DKC based on the testing subsets are presented in Tables C1- C21
(Appendix C), while the complete dataset results for each DKC are shown in Tables C22-
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C42 (Appendix C).

To summarize, average estimations for the testing subsets across DKCs for each BKT
model are presented in Table 4.22, which includes a heatmap for the following metrics:
Pearson r Average (SD), p-value Average (SD) and the F1 Average (SD).

The average estimation results across DKCs per parameter-based and feature-based
model groups were compared to the baseline vanilla BKT model (#01) and its forgetting
enhanced version (#02), with these comparisons displayed in a heatmap (Table 4.23).

Based on the average estimation results, the baseline vanilla model yielded a statisti-
cally significant Pearson correlation r of 0.83883 (SD 0.02751) for formative assessments,
0.46968 (SD 0.11314) for the midterm exam and 0.40604 (SD 0.09694) for the final exam.
Several models overperformed the baseline vanilla model, including multilearn and multi-
prior models (#05, #09, #13 and #17) in formative correlations and classification, and multi-
prior models (#09 and #17) in midterm exam correlations. Models with p-values below 0.05
indicated statistically significant correlations.

The results from the BKT model groups showed that neither parameter- nor feature-based
generalizations outperformed the baseline vanilla model.

Most BKT models exhibited strong positive correlations with student performance in
formative assessments, often with Pearson r values and F1 scores exceeding 0.7. However,
there was a noticeable decline in correlation and classification performance for the sum-
mative midterm exam, with further drops for the final exam, reflecting reduced estimation

accuracy as the assessments become more temporally distant from the learning sessions.
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Chapter 4: Results and discussion

4.6 Student learning paths

Based on the learning path, which represents the sequence of binary correctness of student
answers in the assessed tasks, model convergence information was also included into the
BKT ranking. Student learning paths were analysed for each BKT model using the average
number of answer opportunities in each examined dataset, along with the corresponding
SD. The ideal learning path for each model referred to the minimum number of answer

opportunities needed to achieve knowledge mastery, which included a mastery threshold of

95%.

The results regarding student learning paths are presented in Tables D1- D21 (Appendix

D).

To facilitate discussion of the results, average values across DKCs 01-25 were calculated
for each BKT model (Table 4.24) and model group (Table 4.25).

Table 4.24. Student learning paths — Average results (DKCs 01-25) per BKT model.

BKT model

Average #A0

(complete dataset)

SD

Average #A0
(testing subset)

SD Ideal learning path (FAO)

#01 vanilla

11.54843

7.79935

11.81783

7.80907

#02 vanillat+forgets

15.21051

#03 multigs T

#04 multigs+forgets T

12.59674

4.06086

4.07538

15.39569

12.64268

4.08333
7.7722
4.06020

10.76190

9.19048

#05 multilearn T

11.63014

7.84188

11.87795

7.84466

#06 multilearn+forgets T

14.39143

#07 multigs+multilearn T

#08 multigstmultileam+forgets T

11.56967

5.27958

4.79902

14.58729

11.68482

5.29373 10.80952

4.78424 9.14286

#09 multiprior T

14.03280

6.44230

14.21627

6.43479 447619

#10 multiprior+forgets T

16.78059

£11 multigs TE

#12 multigs+forgets TE

12.35836

2.95059

4.72084

16.84412

12.52390

298169 13.14286

4.76114 8.28571

#13 multilearn TE

11.61371

7.83221

11.86249

7.83709

#14 multilearn+forgets TE 1495756 472959 15.18154 4.74058 10.80952
#15 multigstmultileamn TE

#16 multigs+multileam+forgets TE 11.60050 5.44042 11.77345 5.44988 7.38005
#17 multiprior TE 14.03280 6.44230 14.21627 6.43479 447619
#18 multipriort+forgets TE 16.78059 2.95059 16.84412 2.98169 13.14286

Table 4.25. Student learning paths — Average results (DKCs 01-25) per BKT model group.

BKT model Average 7A0 sD Average zAO SD Ideal learning path (2A0)
(complete dataset) (testing subset)
£01 vanilla 11.54843 7.79035 11.81783 750007 |
£02 vanilla+forgets 15.21051 4.06086 15.39569 4.08333 10.76190
Multigs models 6.28893 486905
Multileam models 11.53938 5.43668 11.74203 6.47270 5.59375
Multiprior models 15.40669 4.69645 1553019 4.70824 8.80952
Time-based m. 1231146 5.86084 12.47459 5.86990 6.43452
Time- and evals-based m. 12.35590 5.96245 12.55360 5.98765 6.10119

For the baseline vanilla BKT model, the average number of answer opportunities in the

testing subset was 11.81783 (SD 7.80907), while in the ideal context, students achieved
mastery with an average of 2.28571 answer opportunities. The multigs, multigs+multilearn
and multigs+multilearn+forgets models (#03, #07, #08, #11, #15, #16) overperformed the
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baseline vanilla model, yielding the lowest average of 8.97177 answer opportunities (SD
7.77224 for #03) and 1.23810 opportunities in the ideal context.

In addition to the model’s ability to predict student performance and estimate knowledge
mastery, it was important to include the average and ideal number of answer opportunities
for the BKT models. Considering the mastery threshold of 0.95, the earliest possible model

convergence was crucial for drawing conclusions about student knowledge.

4.7 BKT model ranking

For each DKC, the BKT models were ranked using Composite scores derived from the nor-
malised features. Two sets of equal feature weights were applied, depending on the avail-
ability of summative assessment data (midterm and final exams).

Composite score A incorporated the following features: student performance prediction
(RMSE, AUC), knowledge mastery estimation (Correlation and F1-Formative, Correlation
and F1-Midterm, Correlation and F1-Final), and adaptive answer opportunities (Average,
Ideal). In this approach, ten features were assigned an arbitrary equal weight, with each
receiving a value of 0.1.

Composite score B, in contrast, was based on student performance prediction (RMSE,
AUC), knowledge mastery estimation (Correlation and F1-Formative), and adaptive answer
opportunities (Average, Ideal). In total, six features were assigned arbitrary equal weight,
with each receiving a value of 1/6 0.166.

The BKT model ranking results, based on normalised features for each DKC, are pre-
sented in Tables E1- E21 (Appendix E).

Table 4.26 provides the average values across DKCs for each BKT model, including
metrics such as RMSE (SD), AUC (SD), Correlation and F1 scores (for Formative, Midterm
and Final assessments). Additionally, the table includes the Average learning paths and Ideal
Average learning paths. The results are visualized using heatmaps.

Based on the average results for each BKT model and considering the summative assess-
ment data (Composite score A), two enhanced BKT models outperformed the vanilla model.
The #01 vanilla model had an average rank of 5.57143 (SD 2.73551), while the #05 multi-
learn T model ranked at 5.14286 (SD 2.45504) and the #13 mutilearn TE model at 5.47619
(SD 3.03345).

For Composite score B, eight enhanced BKT models outperformed the vanilla BKT
model (Mean 8.71429, SD 3.28261). The #11 multigs TE model achieved the best aver-
age rank of 3.80952 (SD 2.34255).
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Chapter 4: Results and discussion

4.8 Discussion

Hypothesis 1, regarding the feasibility of the BKT model, was addressed by considering the
requirements, results, and limitations identified in the previous research tasks.

For Data collection, empirical research was conducted using an in situ quasi-
experimental design within the Introductory Programming course, involving a sample of
150 students. Weekly course topics represented granulated Domain Knowledge Components
(DKC) used to evaluate student knowledge through Controlled Environment (CE) formative
assessments. Each test comprised 20 randomised Virtual Programming Lab (VPL)-based
questions of equal difficulty and was administered at the beginning of the laboratory ex-
ercises. The in situ experimental settings were recognized as a potential limitation of this
research task. Despite its limitations, the benefits of in situ experiments often outweigh the
challenges, such as less controlled real-world environment and variability, especially when
the goal is to provide realistic, hands-on learning experiences.

Regarding Data pre-processing, features related to the time spent on tasks and the number
of code evaluations were successfully extracted for each collected CE test dataset. A clas-
sification model was developed based on time and cumulative time on task features along-
side the model that additionally incorporated the number and cumulative number of student
code evaluations. Although the latter classification model was tailored for the programming
domain, the performance results prompted the use of both models in further research on
BKT-based cognitive modelling. A potential limitation of this research task included the
approximation of time per question.

Based on the pre-processed data, fitting the BKT parameters and evaluating models en-
sured the feasibility of the BKT model. A total of 18 BKT models were fitted, including the
vanilla model, its forgetting-enhanced version, and two feature-based model groups, includ-
ing time-based group and time- and evaluation-based group. The randomness was controlled
using the seed parameter, the Guess and Slip parameters were bounded to 0.5, while the EM
algorithm included 5 initializations. For each DKC, the BKT model that balanced student
performance prediction, estimation of knowledge mastery, and timely model convergence
was identified. Consequently, the evaluation results of all enhanced BKT models confirm
their feasibility. The nuances in their capabilities facilitated the proposal of the Compos-
ite scores that encompassed various evaluation aspects. As a result, an additional hypothesis
was proposed to establish a framework for ranking BKT models to identify the most effective
model that overperformed the baseline vanilla model (Hypothesis 2).

To address Hypothesis 2, an analysis of BKT ranking results was conducted by sum-
marizing the top-performing models along with the comment on the related not statistically
significant (NSS) data (Table 4.27). This summary comprehensively evaluated model per-
formance and highlighted which models demonstrated the most statistically significant im-

provements.
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Table 4.27. The best performing BKT models per DKC - Composite scores A and B.

Composite score A Composite score B

DKC
The best model ranking Statistical significance The best model ranking

NSS (Estimation-Correlation-Final

DKC 01 | #06 multilearnt+forgets T #06 multilearnt+forgets T

cxam)
DEC 02 | #06 multilearn+forgets T #14 multilearn+forgets TE
DKC 03 | #05 multilearn T NSS (Prediction-RMSE) #11 multigs TE
DKC 04 | #14 multilearnt+forgets TE #16 multigstmultilearn+forgets TE
DEC 05 | #15 multigstmultileam TE #06 multilearn+forgets T
DKC 06 | #15 multigs+multilearn TE #11 multigs TE
DEC 07 | #12 multigs+forgets TE #02 vanillatforgets
DEC 08 | #13 multilearn TE NSS (Prediction-RMSE) 207 multigstmultilearn T
DEC 09 | #11 multigs TE #15 multigstmultilearn TE
DEC 10 | #15 multigstmultilearn TE #15 multigstmultilearn TE
DEKC 11 | #14 multilearn+forgets TE #16 multigstmultilearn+forgets TE
DKC 12 | #17 multiprior TE #16 multigs+multileam+forgets TE
DEC 13 | #15 multigstmultileam TE #16 multigstmultilearn+forgets TE
DKC 14 | #16 multigstmultilearn+forgets TE #16 multigstmultilearn+forgets TE
DEC 15 | #14 multilearn+forgets TE #16 multigstmultilearn+forgets TE

NSS (Prediction-RMSE. Estimation-

DKC 16 | #05 multilearn T - ) .
uitieam Correlation-Final exam)

#16 multigstmultilearn+forgets TE

DKC 17 | #15 multigstmultilearn TE #11 multigs TE

. , . . NSS (Estimation-Correlation-Final L . . -
DKC 19 | #16 multigstmultileam+forgets TE emm() stnation-L-oeiahion-tina #16 multigstmultilearn+forgets TE
DKC 21 | #16 multigstmultilearn+forgets TE #16 multigs+tmultilearn+forgets TE
DKC 23 | #16 multigstmultilearn+forgets TE #16 multigstmultilearn+forgets TE
DEC 25 | #14 multilearn+forgets TE #16 multigs+tmultilearn+forgets TE

For Composite score A, which accounted for both formative and summative assessments,
the enhanced BKT models (#02-#18) outperformed the baseline vanilla model in all DKCs.
Among the enhanced models, the multilearn+forgets TE (#14), the multigs+multilearn TE
(#15) and the multigs+multilearn+forgets TE (#16) models most frequently achieved the best
performance, with 13 out of 21 DKCs. The statistical significance for differences with the
baseline vanilla model was not established in five DKCs. Specifically, DKC 01, DKC 16 and
DKC 19 lacked significance in correlation results with the Final exam, while DKC 03, DKC
08 and DKC 16 for the prediction results of the RMSE metric.

For Composite score B, which focused solely on formative results, the enhanced mod-
els (#02-#18) consistently outperformed the baseline vanilla model across all DKCs. The
multigs+multilearn+forgets (#16) BKT model was the most frequent top performer, appear-
ing as best in 11 out of 21 DKCs. Statistical significance was established across all DKCs.

Although the vanilla BKT model demonstrated strong average performance, it was con-
sistently surpassed by the enhanced BKT models across all DKCs. The variation in model
performance, particularly the repeated prominence of the multigs+multilearn+forgets (#16)
BKT model in the later DKCs, indicated a more robust fit for more complex learning tasks.

Overall, the enhanced BKT models provided a more nuanced understanding of student

learning processes, making them the more effective choice for modelling student knowledge.
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S DEMONSTRATION OF THE BKT-BASED
ADAPTIVE FORMATIVE ASSESSMENT

To address the hypotheses, a data mining approach encompassing the research tasks of Data
collection, Data pre-processing, BKT parameter fitting and BKT model evaluation was pro-
posed. Furthermore, BKT-based adaptive formative assessment was implemented in the
widely used Moodle LMS, which does not provide adaptive assessment. Although the as-
sessment aimed to include any type of question, VPL-based questions were set as research
prerequisites. In general, the adaptive assessment implementation integrated the Moodle
VPL activity module, the VPL Question type, and the pyBKT library for cognitive mod-
elling. Two types of Moodle modules were developed, including quiz report and activity
module types.

Regarding the Data collection task, the BKT Quiz Report (BKT-QR) prototype module
builds on the typical Moodle quiz (Initial assessment) and provides the report for each quiz
question (Initial BKT report). The BKT Quiz (BKT-Q) prototype module uses the Initial
BKT report and provides the fitting and evaluation of BKT models. It builds on the BKT
API, which implements the functionalities of Data pre-processing, BKT parameter fitting,
and model evaluation tasks. Based on the selected BKT model, the Moodle LMS provides
adaptive assessment. The relationships between the research tasks, the BKT API, and the

prototype modules are presented in Figure 5.1.

. VPL BKT API
Data collection

| Data pre-processing

Initial assessment BKT-Q prototype module |
i BKT parameter fittin
BKT-QR prototype module Adaptive assessment | p Itting
Initial BKT report — )
BKT report BKT model evaluation

Figure 5.1. Research tasks and Moodle LMS prototype modules.

In the furter subsections, the prototype modules and the BKT API are described. For the
BKT-QR prototype module, the use cases, database tables used to extract data, the prototype

structure, and related classes and methods are described (Section 5.1). The BKT API’s struc-
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ture, data handling, and related endpoints for data retrieval and submission are presented in
Section 5.2. For the BKT-Q module, the dependencies and the high-level prototype architec-
ture are presented (Section 5.3). While the dependencies include the standard Moodle quiz
engine and VPL modules, the prototype architecture illustrates interactions between a user,
Moodle LMS, BKT-Q prototype module and BKT API.

Also, in situ experimental guidelines are presented, including the Self-practice and adap-

tive assessments (Section 5.4.1), and the usability study (Section 5.4.2).

5.1 BKT Quiz Report prototype module

The BKT-QR prototype module generates a report for a typical Moodle quiz with ques-
tions presented on a single page and sequential navigation. Along with standard question
data, it presents the time spent on a task and the number of code evaluations for the VPL-
based questions. The resulting Initial BKT report is primarily designed for use by the BKT-
Q prototype module. The development environment included the Moodle LMS (v4.1.5+)
and the XAMPP package consisting of Apache HTTP Server (v2.4.58), MariaDB database
(v10.4.32) and PHP (v8.0.30).

The use case scenario for the BKT-QR prototype module refers to a teacher who gener-
ates a report and the sub-scenario of setting the report option to include not-reached answer
opportunities. Once presented, a teacher can download the report in a selected format (e.g.,
Coma separated values, Microsoft Excel, etc.).

The server-sided reporting relies on the standard and extensive Moodle LMS
database [123]. The BKT-QR prototype module bridges the unique student quiz attempt
and related question data. Figure 5.2 shows the data model utilised by the BKT-QR proto-
type module, referring to the core tables of course, quiz, user and question. More specific
tables on the quiz and question attempts provide details such as time spent on the task and
the number of code evaluations.

Regarding the time aspect, the t imecreated attribute of the question_attempt_steps
table is leveraged, as well as the question’s complete state attribute or the submitted student
answer. The time spent on a task is calculated as a difference between the previous and
current question timestamps.

The question_attempt_step_data table provides the number of student code evalua-
tions. The VPL question evaluation results in the _evaldata name attribute and the related
JSON-formatted value containing the number of evaluations (nevaluations in Figure 5.3).
The number of evaluations per question is calculated based on the iteration over question
steps. Time and evaluation features are set to -1 for not-presented or not-reached questions.

The BKT-QR prototype module follows the standard Moodle architecture, includ-
ing the default classes’ extensions, the default file and folder structure and the target

mod/quiz/report path. It consists of the components presented in Table 5.1.
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course quiz quiz_attempts
id (PK) L id (PK) —|_< id (PK)
fullname course (FK) quiz (FK)
visible timelimit —& userid (FK)
timecreated attempts attempt
timemodified navmethod r& uniqueid (FK)
- sumgrades state
grade timestart
timecreated timefinish
timemaodified sumgrades
user
id (PK) ~
username
password
firstname
lastname
email
question_usages
id (PK) |
contextid (FK)
question question_attempts question_attempt_steps question_attempt_step_data
id (PK) id (FK) _LidWK] id (PK
parent (FK) slot questionattemptid (FK) —L attemptsstepid (FK)
name behaviour state name
questiontext questionusageid (FK) timecreated value.
defaultmark questionid (FK)
penalty questionsummary
qtype rightanswer
createdby (FK) responsesummary
modifiedby (FK) timemodified
timecreated

Figure 5.2. Moodle LMS database tables utilised by the BKT-QR prototype module.

Figure 5.3. The example of the evaluation data in the question_attempt_step_data table.

{
"compilation": ™",
"evaluation": "-Test 1: testl (-100.e00
)Y\nRjesenje nije tocno -Summary of tests
Smmmm e +\n>] 1 test
run/ @ tests passed |
D e + ",
"execution": ""
"grade": "Proposed grade: @ / 1@0",
"nevaluations": 6,
"freeevaluations™: "@",
"reductionbyevaluation": "@"
}
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Table 5.1. The BKT-QR prototype module components.

Component Description

settings.php Mandatory file that defines the administrative settings
version.php Mandatory file that manages the version mformation
lang/en/quiz_bkt.php Mandatory file that manages the language support
bkt_options.php Additional file that manages options for the Initial BKT report

The quiz_bkt_options class extends the default mod_quiz_attempts report options class and adds
new functionality to handle multiple quiz attempts and set up teacher preferences.

bkt_form.php Additional file that manages form-related BKT functionalities

The quiz_bkt form class extends the default mod quiz attempts report form class and provides
new functionality that allows teachers to mclude not-reached answer opportunities.

question_bkt table.php | Additional file that handles the display and processing of question data in the Initial BKT report
The quiz_question_bkt_table class extends the default quiz_attempts_report_table class and adds
new functionalities such as tracking time on a task, counting student code evaluations, handling
not-reached answer opportunities and building the report table.

report.php Mandatory file that handles the generation and display of the Initial BKT report

The quiz_bkt_report class extends the default quiz_attempts report class and integrates the
custom functionalities into Moodle's quiz reporting framework. including displaying standard
question data, adding the response times and evaluation counts and handling teacher preferences
for display and download formats.

mod_quiz_attempts_report_form ‘ ‘ quiz_attempts_report | | quiz_attempts_report_table
M ) ~
quiz_bkt_settings_form — quiz_bkt_report — quiz_question_bkt_table
+ other_attempt_fields(Moodle QuickForm + display($quiz, $cm, Scourse) + __construct{$quiz, Scontext,
Smform) +i5_vpl_report() Sgmsubselect, Sgroupstudents, $reporturl,
Sdisplayoptions, Scangrade, $studentsstr)

| + build_table(Satiempts)
+ data_col{Ecolname, Sattempt)
+ field_from_exira_data(Sattempt,

quiz_bkt_options

- Sfieldname)
+ get_initial_form_data() + other_cols{Scolname, 3attempt)
+ get_url_params() + requires_extra_dataf)
+ setup_from_form_data($fromform) + find_complete_step(Ssteps, Sdesiredstate)
+ setup_from_params() + find_all_evals_count($steps)
+ setup_from_user_preferences() + load_exira_data(Sattempts)
+ update_user_preferences() + get_guestion_attempi(Saitempt, $slot)
+ resolve_dependencies() + get_quiz_attempt(Sattemptid)

T + find_response_time(3steps, §state)

v
mod_quiz_attempts_repori_options ‘

Figure 5.4. Class diagram of the BKT-QR prototype module.

Figure 5.4 presents the Unified Modelling Language (UML) class diagram of the BKT-
QR prototype module. All classes extending standard Moodle classes are presented as de-
pendency relationships. The quiz_bkt_report class uses the quiz_bkt_options class to
manage the report’s settings and options, the quiz_bkt_settings_formclass to present and
handle form elements and the quiz_question_bkt_table class to manage how the table
is displayed (all presented as association relationships). The quiz_bkt_settings_form
class allows teachers to include not-reached answer opportunities in the report. The
quiz_bkt_options class independently encapsulates the configurable settings for the Initial
BKT report, while the quiz_question_bkt_table renders table data.

The UML sequence diagram is presented in Figure 5.5. The sequence begins
with the display() method in quiz_bkt_report, which manages the entire re-

port generation process. The teacher requests the report, which triggers the init ()
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method. During this initialization, the quiz_bkt_options object is created. Next, the
process_settings_from_form() method processes the settings submitted via the form,
applying them to the options object. Afterward, setup_from_form_data () is called to re-
fine the options further, ensuring the settings are accurately initialized. The set_data()
method then updates the form with the prepared options and configuration for render-
ing. Finally, get_initial_form_data() retrieves the initial settings, prepopulating the
form fields with the default or previously saved values. These methods, as part of the
quiz_bkt_report class, ensure the form is correctly processed, validated, and preloaded.

Once the form is set up, several internal methods within quiz_question_bkt_table
are called to process the data and manage the table columns. First, the constructor initializes
the table with necessary parameters, such as quiz details, context, and display options. Then,
build_table ($attempts) is called to begin generating the table, processing the attempt
data and preparing it for rendering. The data_col ($Scolname, S$Sattempt) method formats
and returns the data for each column based on the attempt details. If additional data is needed
for specific columns, field_from extra_data (Sattempt, $fieldname) retrieves the re-
quired field data from extra data linked to the attempt. For custom columns like responses
or right answers, other_cols ($Scolname, S$attempt) calls data_col () to handle the data
for those columns.

As the table is populated, requires_extra_data () is called to check whether extra
data, such as response times or evaluations, is needed for the table. If extra data is re-
quired, load_extra_data($attempts) is invoked to interact with the Moodle database
and fetch the supplementary information. Methods like find_complete_step ($steps,
Sdesiredstate) and find_response_time ($steps, $state) are used during this pro-
cess to calculate response times and identify the completion status of each question attempt.
Additionally, get_question_attempt (Sattempt, $slot) retrieves specific question at-
tempt data, while get_quiz_attempt (Sattemptid) is used to fetch the quiz attempt data.
Once all the data is processed and formatted, the completed report is ready to be presented
to the teacher, concluding the sequence.

The resulting Initial BKT report provides the following information: Quiz ID, Student
ID, First name / Last name, Answer opportunity, Question ID, Grade, Quiz max grade, Quiz
grade %, Student performance, Time taken (sec), Cumulative time, Response evals, Cumu-

lative evals, Student answer and Right answer.

5.2 BKT API

The BKT Application Programming Interface (API) links the pyBKT Python library for
cognitive modelling (described in 3.3.) and the Moodle LMS. Its primary functions include
reading Moodle quiz data (the Initial BKT report), fitting and evaluating the proposed BKT
models, and updating students’ knowledge mastery levels. The BKT API was developed
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Web browser report bit_options bkt_form question_bkt_table Moodle database
% | requests report | i i i i
Teacher | | Ioads report settings | i ! !
E ' process_settings() ! E i i
' —-— ' | |
: ! setup() : : ! :
i i initializes and |0;3d8 user options i i i
i i get_initial_form data() | i i
: : get_datal) ! ! |
H ! process_settings() H ! !
i i"' other_attempt_fields() i | |
i i i processes quiz data i i i
E E E sstup_sql_gusries() E " load_extra_data() i
i i i i i get_quiz_attempt() i
E presents report i i build_table() E i i
|— [ ' [ [
1 out() | | generates report | |
3 | T dem0 | | |
Figure 5.5. Sequence diagram of the BKT-QR prototype module.
Table 5.2. The BKT API components.
Component Description
qUiZ_processor.py Flask BKT API file
requirements. txt File including Python dependencies, used by the Dockerfile
Dockerfile Docker file type used to containerise the BKT API
storage Folder used to store the resulting data
readme.md Documentation file

using the Flask Python web framework (version 2.3.2) and Docker service (version 7.1.0)
to facilitate containerisation, thereby ensuring consistent environmental settings. Libraries
integrated within this environment include pandas (version 1.4.1), numpy (version 2.0.1),
scikit-learn (version 1.5.1), scipy (version 1.14.0) and pyBKT (version 1.4.1). The API’s
functionality was tested with the Postman tool.

The specific components of the BKT API are presented in Table 5.2.

The BKT API uses Python’s Pickle module to manage data processing, enabling serial-
ization and storage of BKT and classification models in pickle files (.pkl). Upon retrieval,
data is deserialised and returned in a structured JSON object format. The data components

stored within the API’s storage folder include:

classification models: Decision tree-based models

classification model evaluation metrics: AUC, F1 score, Precision, Recall, Accuracy

BKT models: pyBKT models defined by Prior, Guess, Slip, Learn and Forgets param-
eter probabilities

BKT model evaluation metrics
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Table 5.3. BKT API endpoints.

Endpoint path Description Parameters (GET) Response

Request data (POST)
/train_models_from_ data BKT model fitting and data, bktquizid Returns a JSON array of the
(POST request) evaluation classification model fitting and

evaluation results and the BKT
model fitting and evaluation
results

/calculate mastery (POST
request)

Calculates the current
knowledge mastery

bktquizid, trainedquizid,
student id, correct,

Returns the current
classification data and the

(POST request)

a specific quiz

bktquizid, trainedquizid

probability based on modelid, template_id student's knowledge mastery
classification results and probability
using the pyBKT Roster
/get_bkt model (GET Retrieves data for the modelid, bktquizid Returns a JSON object
request) selected BKT model containing the classification
models, BKT model
parameters, cross-validation
results, evaluation metrics and
answer opportunity metric
/save_model for quiz Saves the BKT model for | courseid, modelid, Returns a success message with

the save key of the BKT model

/remove_model (POST
request)

Removes a specific BKT
model

quiz_id. courseid.
modelid

Returns a success message

/get_models (GET request)

Retrieves a list of all
available BKT models

Returns a JSON array of BKT
models

* student performance prediction metrics: cross-validation metrics based on the training
subset (RMSE, AUC, Accuracy) and evaluation metrics based on the testing subset
(RMSE, AUC, Accuracy)

* knowledge mastery estimation metrics: correlation metrics of Pearson r and p-value

and prediction metric of F1 score

* answer opportunity metrics: the average and ideal number of answer opportunities.

Regarding knowledge mastery estimation, it is important to note that the BKT API does
not consider summative assessment (midterm or final exam) data. Since this data may not
be directly related to the Moodle database, including it could be explored as part of future
research.

The BKT API is constructed using a standardized Flask framework, which includes key
functionalities such as data preprocessing, model fitting and evaluation, knowledge mastery
calculation, file path generation for data storage, and helper methods for data storage and
retrieval.

The BKT API endpoints, listed in Table 5.3, define specific pathways for handling re-

quests related to data retrieval and submission.

5.3 BKT Quiz prototype module

The BKT-Q prototype module utilizes the Initial BKT report from the BKT-QR module to

enhance the adaptive assessment. It allows for fitting and evaluating BKT models while
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continuously updating student knowledge mastery by integrating the pyBKT cognitive mod-
elling library of the BKT APL.

The BKT-Q prototype module leverages Moodle’s standard question engine, the com-
plex underlying system responsible for managing questions, student answers, grading, and
feedback. One of its central components, Question Usage By Activity (QUBA), manages
question instances in activities by tracking their usage, states, and outcomes. When a student
interacts with a question, QUBA creates an attempt, logs each answer in a sequence of steps,
and records every transition from an initial answer to final grading. More specifically, the
question_attempt class consists of a list of question_attempt_steps and is responsible
for the complete history of question states. Although limitedly documented, the question en-
gine was described using sequence UML diagrams for displaying a quiz page and processing
student answers (Figure 5.6) [4].

When a student accesses a quiz page in Moodle (e.g. by visiting
modquizattempt.php?id=123), the system initiates the data retrieval process by ex-
ecuting load_usage (123) to access the quiz attempt data. The question_engine
component then creates a new quiz attempt instance($quba with ID 123) and begins the
rendering process by invoking render_question(l, S$qopt), where S$qopt specifies
display options for each question. During rendering, the engine generates various output
components such as $goutput and $gimoutput, responsible for assembling different parts
of each question’s content. These output components collaborate to construct the HTML
structure, integrating text, images, and interactive elements. The final HTML content is then
sent to the student’s browser, enabling them to view and interact with the quiz questions
directly.

When a student submits quiz answers via a POST request to
/mod/quiz/processattempt.php, Moodle’s backend processes the submission,
including details such as the quiz attempt=123 and individual answers (e.g.
ql23_1_answer=frog). Initially, load_usage(123) retrieves the relevant quiz attempt
data, and process_all_actions() manages the processing of each submitted an-
swer. For each question, Moodle calls set_submitted_data () to record the response,
get_expected_data () to retrieve the required data, and validates the input. The interac-
tion component evaluates each answer using process_action () and assigns a grade with
set_fraction() based on response accuracy. Each grading instance is temporarily stored
in pendingstep, documenting each part of the submission. After processing all responses,
Moodle calls save_usage ($Squba) to store the updated attempt data, then redirects the
student to a page displaying their updated quiz status or feedback.

Moreover, the VPL activity module is a prerequisite for the proposed BKT-based assess-
ment, functioning as an intermediary that enables clients to submit and monitor programming
tasks. These tasks are executed on specialized servers that process the code and provide feed-
back to both Moodle and the client (Figure 5.7).
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Moodle with VPL plugin
f-’ Manages/save the data
am| | *+ Accepts client requests
1 .
3 am Sends tasks to the execution
Client at web browser / bl
* Reqguests to Moodle i, i /
* Monitors and Interacts r—
with running Tasks
\ewers running execution service
\‘\ « T e ~
%
\\?f' o : * Accepts execution tasks
o : * Accepts clients request of
A

maonitoring and interaction

Figure 5.7. Moodle VPL activity module [5].

The VPL Question module enables continuous integration of the VPL activity module
within Moodle quizzes (Figure 5.8). In this workflow, when a student submits code (e.g.
print ("Hello World")), it is inserted into a pre-configured file template set up by the
teacher, which includes a ANSWER placeholder. This placeholder is dynamically replaced
with the student’s code submission, resulting in a fully executable file. Additionally, sup-
plementary files and scripts are integrated to facilitate testing and configure the required
environment. The VPL then executes these files within a controlled environment, allowing
for automated code evaluation and providing immediate feedback to the student.

The BKT-Q prototype module is built on Moodle’s standard activity module framework,
integrating the CAT (Computer-Adaptive Testing) implementation for the Moodle activity
module [124]. This module allows teachers to design assessments that evaluate student
abilities using the CAT algorithm [125], as discussed in [126]. Initially created through a
collaborative effort between Middlebury College and Remote Learner, the original reposi-
tory was archived in 2022 [127]. Due to its wide application, with over 677 active sites as
of May 2024, further development has continued through other forks of the project [127].
Moreover, the CAT activity module has been recognized and used as a base for new Moodle
plugins focused on adaptive testing [128]. The development environment for the BKT-Q
prototype included Moodle LMS (v4.1.5+) and the XAMPP package, consisting of Apache
HTTP Server (v2.4.58), MariaDB database (v10.4.32) and PHP (v8.0.30).

The use case scenario for the BK'T-Q prototype module involves a teacher who configures
an adaptive assessment by specifying a mastery threshold probability (e.g. a default value
of 0.95) and a question pool, uploading a CSV file to fit and evaluate the proposed BKT
models, and selecting the BKT model to be used for the adaptive assessment. Based on
student quiz attempts, a teacher downloads a BKT report containing knowledge mastery
probabilities for each quiz question. From the student’s perspective, the use case scenario of
the adaptive assessment begins with the quiz attempt, dynamically updating the knowledge
mastery probability, and concluding the assessment when the probability exceeds the set
threshold. The architecture of the BKT-Q prototype module, illustrating the interactions
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VPL Question

Required file

Student answer

<some code

print (Hello World) I Execution files

<some code

Required file

<some code>
print (Hello World)

<some codex

Grade

Virtual Programming Lab
(VPL)

Required file Execution files Execution scripts

Figure 5.8. Moodle VPL Question module [6].

between the user, Moodle, the BKT-Q prototype module and the BKT API, is presented in
Figure 5.9. The user, representing a teacher or student within the Moodle LMS environment,
interacts with the BKT-Q prototype module. The API Interface acts as an intermediary,
forwarding requests between the Moodle BKT-Q prototype module and the BKT API. The
BKT API processes these requests and stores relevant data, such as classification results and
BKT model parameters, in its internal storage/ folder.

In BKT-based assessment, both client-side and server-side components collaborate to
provide an adaptive quiz experience. Users interact with the quizzes on the client side,
which comprises the User Interface within Moodle, submit their answers, and view feedback.
User actions on the client side trigger HTTP POST and GET requests sent to the server. The
server side includes Moodle’s backend, the BKT-Q prototype module and the BKT API.
The BKT-Q prototype module manages quiz attempts, handles HTTP requests directed to
the BKT API and uses returned knowledge mastery data to update the student model and
adapt the quiz dynamically. The BKT API, which runs on a separate server, handles specific
requests that update student models. The Database Layer in Moodle stores user data related
to quiz attempts, while the BKT API accesses its storage folder containing classification and
BKT model data. This architecture ensures that user actions on the client side are captured
while the server side processes the data and adjusts quiz questions according to the student’s
evolving mastery, facilitating a personalized and adaptive learning experience.

The BKT-Q prototype module leverages three additional database tables and introduces

new fields to support the BKT-based assessment functionality. The main configuration table,
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Figure 5.9. BKT-based assessment architecture.

BKT API

bktquiz table, stores settings for each adaptive quiz instance, including the quiz name,
the allowed number of attempts, mastery requirements and selected BKT model. The
bktquiz_question table manages quiz-to-question associations, linking each quiz to rel-
evant question categories within the question bank for adaptive selection. Meanwhile, the
bktquiz_attempt table logs each user’s quiz attempt, tracking the student’s progress, in-
cluding the number of questions attempted, the current knowledge mastery probability and
any conditions prompting quiz termination. This table contains specific fields for BKT data,
such as masterydata, which stores detailed information on mastery progression across at-
tempts. The key fields introduced and used by the BKT-Q prototype module are presented in
Table 5.4.

In the initial use case scenario, a teacher creates an adaptive assessment as a new activity
(Figure 5.10) and sets the mastery threshold and the question pool for adaptive selection
(Figure 5.11). Then, the teacher uploads a CSV file to fit and evaluate the BKT models
(Figure 5.12). Following an analysis of the model information presented, the teacher selects
the appropriate BKT model for the adaptive assessment (Figure 5.13). Upon this selection,
the system displays the BKT parameters (Figure 5.14) along with classification model data
(Figure 5.15). Once the assessment is underway, the teacher has the option to download
a detailed report of the assessment results, which includes the probability of knowledge

mastery for each individual question (Figure 5.16).
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Table 5.4. Key fields in the BKT-Q prototype module database tables.

Table Field Type Description
bktquiz id Integer | Primary key. unique identifier for each BKT-enabled quiz mstance
course Integer | Foreign key linking the quiz to a specific course
name String Name of the quiz instance
attempts Integer | Number of attempts allowed for the quiz
mastervrequired Float Required mastery level to complete the quiz
modeldara JSON Data associated with the BKT model for adaptive learning
selectedmodelid Integer | Identifier for the specific BKT model used in the quiz
bktquiz_question | id Integer | Primary key, unique identifier for each question-category
association
stance Integer | Foreign key linking to bktquiz, representing the quiz mnstance
questioncategory Integer | Foreign key linking to question_categories, specifying the
questions used in the quiz
bktquiz_attempt id Integer | Primary key. unique identifier for each quiz attempt
userid Integer | Foreign key linking to user, identifying the student making the
attempt
questionsattempted | Integer | Total number of questions attempted by the user in this session
mastervdata JSON JSON-formatted field for tracking responses, mastery progress,
and updates through each attempt
attemptstoperiteria | String Indicates the reason for stopping the attempt. such as mastery
achieved or max questions reached

Add an activity or resource X
= \
All Activities Resources
Adaptive BKT
Quiz Assignment Book. Chat Choice Database
v 0 <o : } w8 <A ] w @ < :
External tool Feedback File Folder Forum Glossary
e w @ w 8 “ @ w @ w @
@ E
IMS content
H5P package Lesson Page Quiz SCORM package
v 0 <o : } w8 <A ] w @ < :
Text and media Virtual
Survey area URL programming... Wiki Workshop
v 0 w0 w 0 w0 w @ w0

Figure 5.10. Adaptive BKT Quiz.
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Figure 5.12. Upload CSV data.
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Figure 5.13. Choose BKT model.
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Figure 5.14. Selected BKT model data.
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Figure 5.15. Classification model data.
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userid bktquizid attemptid firstname lastname email questionsattempted masteryacheived questionid mastery timetaken
558 22 6628 5 1 12637 0.208929154 151
558 22 6628 5 1 12636 0.942288432 137
558 22 6628 5 1 12662 0.796995669 313
558 22 6628 5 1 12635 0.942544638 94
558 22 6628 5 1 12626 0.957768982 45

Figure 5.16. BKT Report example.

When a student initiates the adaptive assessment, a question is randomly selected from
the question pool. For assessment using enhanced BKT models, the student’s answer is
classified based on time spent on the task and the number of code evaluations. By considering
both the answer correctness and the classification result, the BKT API calculates the updated
knowledge mastery probability, which is then reflected in the BKT-Q prototype module.
The assessment concludes once the student’s knowledge mastery probability reaches the
predefined threshold.

The Moodle LMS prototype modules and the BKT API are available upon request.

5.4 In situ experimental guidelines

Subsection 5.4.1 provides insights into SP and adaptive formative assessments, while sub-
section 5.4.2 presents the results of a usability study on the student learning experience and

the programming environments used in formative assessments.

5.4.1 Self-practice and adaptive formative assessment

The enhanced BKT models for cognitive modelling proposed in this thesis were developed
using data from a large sample of undergraduate students. This subsection further explored
the relationship between the CE and SP assessments completed a day before the labora-
tory exercises. Understanding this relationship provided insights that could inform future
research on formative assessment strategies.

The correlation between CE and SP assessment results was examined using the Pearson

r correlation measure and the corresponding p-value (Table 5.5).
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Table 5.5. The relationship between SP and CE formative assessments.

CE Column SP Column | Correlation | p-value 1\‘Ie.'m CE ‘SD CE, }IE“D SP . SDsP ) y
Grade (%) Grade (%) Grade (%) Grade (%) | Students
DKC CE 01 | DKC _SP 01 0.63507 0.00000 41.13636 31.98174 20.00000 24.97125 88
DKC CE 02 | DKC_SP_02 0.62022 0.00000 55.70588 30.78490 34.00000 26.56752 85
DEC CE 03 | DKC_SP_03 0.74357 0.00000 3528169 23.17461 16.69014 17.13275 71
DKC _CE 04 | DKC_SP_04 0.64470 0.00000 49.91667 35.68330 21.41667 31.55694 60
DKC CE 05 | DKEC SP 05 0.70521 0.00000 2042373 18.50648 9.91525 13.97324 59
DKC CE 06 | DEC SP 06 0.78791 0.00000 32.15517 35.04523 19.39655 27.14609 58
DEKC CE 07 | DKC SP 07 0.86473 0.00000 9.90566 21.93720 6.41509 17.46913 53
DKC CE 08 | DKC_SP_08 0.72436 0.00000 63.15574 30.46608 38.93443 28.14682 122
DKC CE 09 | DKC_SP_09 0.70902 0.00000 23.96694 23.66359 13.84298 18.24327 121
DKC CE_10 | DKC_SP_10 0.64575 0.00000 35.66667 25.60145 22.79167 23.92913 120
DKC CE 11 | DKC SP 11 0.72700 0.00000 65.28302 32.62945 48.06604 34.63119 106
DKC CE 12 | DKC SP_12 0.72100 0.00000 32.42857 34.90450 22.23810 30.93092 105
DKC CE 13 | DKC SP 13 0.69708 0.00000 40.45455 32.35715 21.91919 25.35168 99
DEC CE_14 | DKC_SP_14 0.66804 0.00000 34.38144 31.74818 15.30928 22.60179 97
DKC CE_15 | DKC_SP_15 0.76036 0.00000 49.59770 33.02763 31.55172 30.55029 87
DKC CE_16 | DKC_SP_16 0.70000 0.00000 62.87356 38.06842 32.06897 34.98797 87
DKC CE 17 | DKC SP 17 0.80590 0.00000 23.10345 30.54963 11.83908 22.82536 87
DKC CE_19 | DKC_SP_19 0.63159 0.00000 67.27273 33.14813 36.98864 36.78565 88
DKC CE 21 | DKC SP_21 0.54663 0.00000 27.81250 31.97707 14.63542 23.45483 96
DKC CE 23 | DKC_SP_23 0.55242 0.00000 61.35870 39.92509 29.72826 38.01876 92
DKC CE 25 | DKC_SP_25 0.66605 0.00000 52.28571 35.38285 27.21429 32.74446 70

The results demonstrated positive correlations between CE and SP grades across all
DKCs. Several DKCs exhibited moderately strong correlations (e.g., DKC_21 and DKC_23)
and very strong correlations (e.g., DKC_07 and DKC_17), while other DKCs showed strong
correlations.

The average grades for CE assessments were consistently higher than those for SP as-
sessments, suggesting that the SP assessments were generally more challenging.

A potential limitation in addressing the cold start problem of BKT model fitting using
SP assessments lies in the contextual differences between SP and CE environments. The
practice strategies specific to the SP context may not directly apply to the CE. However, the
SP data can serve as a valuable proxy for assessing students’ prior knowledge within the
CE framework. Future research should consider hybrid models that integrate data from both
contexts to improve model accuracy and student performance predictions.

In addition, the results of the adaptive formative assessments used to test the Moodle
LMS prototype modules were observed. The four CE adaptive assessments (DKC 18 Lists -
Basic 22/23 CE, DKC 20 Sorting algorithm CE, DKC 22 Files - Basic 22/23 CE, and DKC 24
Files including Lists CE) were fitted using data from the earlier experimenting or the related
SP assessments. The vanilla BKT model and the enhanced BKT modelling were examined.
Table 5.6 presents the descriptive statistics of the results related to the number of answer
opportunities each student reached in the adaptive assessment. The statistics included the
mean (%), Standard Deviation (SD), median (%), minimum (%) and maximum (%) values
of answer opportunities, and the number of students that achieved knowledge mastery (#
Mastery achieved).
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Table 5.6. Adaptive formative assessments — the central tendency and dispersion measures.

Students Answer opportunities BKT KM probability
Domain Knowledge Component

# | # KM achieved Mean % | SD % | Median % Mean %o SD %
DKC 18 Lists - Basiec 22/23 CE 82 55 (67%) 11.61 5.31 9 0.65 043
DEKC 20 Sorting algorithm CE G1-G2 44 36 (81%) 9.14 5.20 6.5 0.78 0.28
DKC 20 Sorting algorithm CE G3-G5 57 33 (57%) 10.58 7.74 10 0.60 0.44
DKC 22 Files - Basic 22/23 CE 99 42 (42%) 14.61 3.81 14 0.67 0.36
DEKC 24 Files including Lists CE G1-G2 29 18 (62%) 1241 3.26 11 0.81 0.26
DEKC 24 Files including Lists CE G3-GS5 46 15 (32%) 16.37 3.53 19 0.52 0.40

DKC 20 Sorting Algorithm CE G1-G2 resulted in the highest number of students reach-
ing knowledge mastery at 81%, while DKC 24 Files CE G3-GS5 referred to the lowest 32%.
Median answer opportunities ranged from 6.5 to 19, with the highest variability in DKC 20
Sorting Algorithm CE G3-GS5. The BKT probabilities align with these trends, with the high-
est mean of the knowledge mastery probability in DKC 24 Files including Lists CE G1-G2
(0.81) and the lowest in the G3-G5 (0.52).

From the student’s perspective, the adaptive assessments primarily demonstrated the idea
of time efficiency in the adaptive assessment. Based on the overall learning experience,

students participated in the usability study.

5.4.2 Usability study

At the end of the semester, a usability study was conducted to assess students’ experiences
with formative assessments and the related environment. The study employed an anonymous
questionnaire via Google Forms, consisting of various questions and responses on a 7-point
Likert scale. The questionnaire gathered general student information, experiences with SP
and CE assessments (Appendix F), and feedback on using the VPL-based assessment envi-
ronment within Moodle LMS (Appendix G). For the latter case, the System Usability Scale
(SUS) [129, 130] was applied, a widely recognized instrument for assessing software prod-
uct usability [131]. The SUS score was derived from responses to a ten-item questionnaire
based on a 5-point Likert scale.

A total of 91 students participated in the usability study. Regarding self-evaluation com-
puter skills, 66% of students reported above-average digital literacy, and 89% indicated
above-average experience with e-learning systems like Moodle LMS. However, 47% of
students reported no prior experience with basic programming concepts, and 60% had no
experience with Python.

In terms of learning materials used for self-study, 65% of students reported using weekly
assessments, 64% relied on presentations from laboratory exercises, 56% watched lecture
videos, 56% watched videos from laboratory exercises, 48% referred to the course book,
449% used lecture presentations, 33% utilized personal notes from laboratory exercises, 25%

referred to personal lecture notes and 22% reported using other sources.
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Regarding weekly self-study time, 14.3% of students reported spending more than 6
hours per week, 39.6% indicated they did not study on their own, and 46.1% reported study-
ing less than 6 hours per week.

The percentage of over-average answers on the 5-point Likert scale (points 3 to 5) was
analysed for the SP formative assessments. Overall, 90% of students reported feeling com-
fortable during the assessments, 85% acknowledged a positive impact on their learning per-
formance, and 78% indicated that the assessments helped them improve their knowledge of
basic programming concepts. Additionally, 90% of students recommended the continued use
of these assessments in the course, while 69% suggested using shorter adaptive assessments.
Furthermore, 93% of students supported using bonus points based on assessment results, and
74% favoured scheduling assessments one day before laboratory exercises.

In response to the timing of the SP assessments, 49.4% of students preferred not to limit
the time for completing the tests, suggesting an entire week until the following laboratory
exercises. Meanwhile, 28.6% of students chose a day before the laboratory exercises and
22% preferred two days before.

A similar analysis was conducted for the CE assessments, showing that 86% of students
(a -4% decrease compared to SP assessments) reported feeling comfortable during the as-
sessments. Additionally, 87% of students (a +2% increase) agreed on the positive impact
on their learning performance, and 84% (a +6% increase) reported improved knowledge of
basic programming concepts. 91% of students (a +1% increase) recommended using the
assessments in the course, while 76% of students (a +7% increase) suggested using shorter
adaptive assessments. Furthermore, 95% of students (a +2% increase) supported using bonus
points based on CE assessment performance.

Regarding the VPL-based assessment environment within Moodle LMS, the SUS score
of 77.17033 significantly exceeded the industry standard threshold of 68. This result con-
firmed the robust usability of the approach and highlighted its user-centric design.
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6 CONCLUSION

While enhanced BKT models demonstrated strong predictive capabilities, further research
was needed to fully understand their potential in estimating knowledge mastery across a
broader range of educational domains. This gap was particularly evident in areas like intro-
ductory programming, where studies remained scarce. This doctoral thesis proposed a novel
approach for adaptive formative assessment through enhanced BKT modelling and intro-
duced a framework for model ranking based on student performance prediction, knowledge
mastery estimation, and model convergence.

The study successfully demonstrated the feasibility of using BKT models to track stu-
dent knowledge by incorporating the features of time spent on task and the number of code
evaluations. These features proved significant for student modelling in the introductory pro-
gramming course and were effectively integrated into BKT-based cognitive models.

Student performance prediction was improved by using the enhanced BKT models,
which included time and evaluation data. These models outperformed the baseline vanilla
BKT model in predicting student performance across multiple Domain Knowledge Compo-
nents (DKCs). The enhanced models achieved lower RMSE and higher AUC scores, both of
which were statistically significant, indicating more accurate predictions of student perfor-
mance.

The study also showed that enhanced BKT models outperformed the vanilla BKT model
in estimating students’ knowledge mastery. This was evident from higher Pearson correla-
tion coefficients and F1 scores, showing that the enhanced models provided a more precise
assessment of how well students had mastered the concept.

The enhanced BKT models, particularly those incorporating features such as time spent
on task and the number of code evaluations, provided more effective and reliable paths to
knowledge mastery than the baseline BKT model. Faster model convergence indicated a
reduced number of answer opportunities were required for students to achieve knowledge
mastery. This efficiency underscored the practical advantages of enhanced BKT models in
adaptive learning systems, their applicability to real-time formative assessments, and their
ability to enhance student engagement and educational outcomes.

The research results supported the development of a framework for ranking BKT models
based on their capacity to predict student performance, estimate knowledge mastery, and

model efficient learning paths.
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Chapter 6: CONCLUSION

This thesis made the following scientific contributions:

* A novel approach for adaptive formative assessment in the programming domain, en-
hancing the baseline Bayesian Knowledge Tracing model by incorporating time spent

on task and the number of code evaluations

The integration of the proposed features provided a more fine-grained understanding
of a student’s progress and engagement. The enhanced BKT models improved the

performance results of the vanilla BKT model.

* A framework for ranking BKT model variants based on their ability to predict student

performance and estimate knowledge mastery effectively

This framework offered a systematic approach to identifying and selecting the most
effective BKT models, ensuring more accurate assessments compared to the vanilla
BKT model.

An additional result of this research, though not considered a scientific contribution, is:

* A publicly available dataset developed for formative assessment within the Introduc-
tory Programming course, encompassing features related to the time spent on task and

the number of code evaluations.

Future research should address certain limitations of in situ experimental settings and ex-
plore extensions to the proposed approach. Specifically, the accuracy of the time on task fea-
ture requires improvement and additional features, such as the number of code runs, should
be investigated. Moreover, incorporating new data sources, such as self-practice assessments,
could further enhance model accuracy and robustness. Regarding the proposed model eval-
uation approach, the slightly lower performance compared to cross-validation suggests po-
tential overfitting, highlighting the need for further model tuning and a more diverse dataset
to improve generalization. Additionally, alternative evaluation methods for limited datasets
should be explored (e.g., bootstrapping, a resampling technique that leverages the original
dataset).

In conclusion, both the BKT model ranking framework and usability study results in-
dicated that the enhanced BKT models provided a more refined understanding of student
knowledge mastery. These models showed improved cognitive modelling capabilities and
represented more effective choices for predicting student performance and mastery. Addi-
tionally, integrating these advanced BKT models into LMS can enhance their adaptive and
predictive functionalities and provide more personalized learning experiences. The publicly
available dataset for formative assessment in the programming domain, encompassing fea-
tures such as time spent on task and the number of code evaluations, represents a valuable

contribution to the field, supporting further advancements in educational data science.
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N Cross-validation Evaluation
BKT model RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.41583 0.80246 0.74923 042352 0.80859 0.75667
#02 vanilla+forgets 0.40881 0.81246 0.76154 042125 0.81739 0.76833
#03 multigs T 0.40832 0.81508 0.73308 0.43204 0.80924 0.69667
#04 multigs+forgets T 0.40786 0.82715 0.73692 041446 0.82022 0.74333
#05 multilearn T 0.41546 0.80360 0.75308 042385 0.80843 0.75667
#06 multilearn+forgets T 0.40836 0.81396 0.75846 041953 0.81551 0.76333
#07 multigstmultileam T 0.40806 0.81578 0.73385 0.43198 0.81050 0.69833
#08 multigstmultileamn+forgets T 0.40345 0.83262 0.74462 0.41935 0.82290 0.75000
#09 multiprior T 0.42643 0.78720 0.73117 0.44084 0.77283 0.72105
#10 multiprior+forgets T 0.41593 0.79921 0.75385 0.43384 0.78356 0.74211
#11 multigs TE 0.40444 0.82743 0.76538 0.42892 0.82696 0.73833
#12 multigs+orgets TE 0.40124 0.83633 0.76308 0.42401 0.83338 0.72833
#13 multilearn TE 0.41548 0.80483 0.75308 042382 0.80906 0.75667
#14 multilearn+forgets TE 0.40864 0.81471 0.76308 042036 0.81804 0.75833
#15 multigs+tmultileam TE 0.40428 0.82696 0.76231 042893 0.82821 0.73833
#16 multigstmultileam+forgets TE 0.40060 0.83645 0.76000 0.41856 0.82708 0.72500
#17 multiprior TE 0.42642 0.78778 0.73117 0.44025 0.77395 0.72105
#18 multiprior+forgets TE 0.41595 0.79881 0.7538% 043315 0.78462 0.74211

Table Bl. Student performance prediction — DKC 01.

BEKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.43965 0.74415 0.72500 0.42346 0.80291 0.74375
#02 vanilla+forgets 0.43047 0.76816 0.73071 0.41328 0.82858 0.75938
#03 multigs T 0.44662 0.77650 0.72643 0.43229 0.81895 0.77812
#04 multigs+Horgets T 044173 0.78790 0.72286 0.43220 0.84290 0.77500
#05 multilearn T 0.43959 0.74379 0.72714 0.42209 0.80350 0.74688
#06 multilearntforgets T 0.43216 0.77004 0.73286 0.41459 0.83241 0.76406
#07 multigs+tmultilearn T 0.44658 0.77578 0.72500 0.43217 0.81884 0.77812
#08 multigstmultileam+forgets T 0.43679 0.78195 0.72571 0.42837 0.83516 0.75781
£09 multiprior T 0.45503 0.72895 0.69023 0.44032 0.79345 0.68586
#10 multiprior+forgets T 0.44439 0.74750 0.71579 042922 0.80346 0.72039
#11 multigs TE 0.44354 0.77388 0.72357 0.42248 0.84471 0.80469
#12 multigs+Horgets TE 0.43915 0.77991 0.71143 0.42208 0.85319 0.77500
#13 multilearn TE 0.43967 0.74266 0.72500 0.42314 0.80373 0.74688
#14 multilearn+forgets TE 0.43173 0.76963 0.73500 0.41436 0.83264 0.76094
#15 multigstmultileam TE 0.44490 0.77338 0.72143 0.42335 0.84369 0.80156
#16 multigstmultileam+forgets TE 0.43392 0.77349 0.71357 0.41645 0.84887 0.77812
#17 multiprior TE 0.45503 0.72895 0.69023 0.44032 0.79345 0.68586
#18 multiprior+forgets TE 0.44439 0.74750 0.71579 0.42922 0.80346 0.72039

Table B2. Student performance prediction — DKC 02.

BKT model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.43939 0.69843 0.67417 0.46192 0.62911 0.68148
#02 vanilla+forgets 0.42848 0.75087 0.71167 0.43664 0.71779 0.66111
#03 multigs T 043655 0.76087 0.75167 0.46390 0.70699 0.74444
#04 multigs+forgets T 0.42296 0.77861 0.73917 0.42845 0.76242 0.72778
#05 multilearn T 0.43914 0.69759 0.67417 0.46005 0.62938 0.68148
#06 multilearntforgets T 0.42839 0.75327 0.71333 0.43614 0.71854 0.65926
#07 multigs+tmultilearn T 0.43655 0.76007 0.75167 0.46397 0.70693 0.74444
#08 multigstmultileam+forgets T 0.41906 0.77967 0.73917 0.42442 0.76496 0.72778
£09 multiprior T 0.44942 0.68488 0.68047 0.45262 0.65762 0.68421
#10 multiprior+forgets T 043173 0.72634 0.71140 0.43014 0.69929 0.68421
#11 multigs TE 042739 0.73403 0.71750 044715 0.71854 0.75370
#12 multigs+Horgets TE 0.41340 0.78470 0.70750 0.41025 0.79011 0.73704
#13 multilearn TE 0.43924 0.69761 0.67417 0.46141 0.62928 0.68148
#14 multilearn+forgets TE 042831 0.75310 0.71583 0.43616 0.72114 0.66296
#15 multigstmultileam TE 0.42790 0.73409 0.71750 0.44815 0.71828 0.75370
#16 multigstmultileam+forgets TE 0.41503 0.78242 0.71250 0.41200 0.78868 0.74630
#17 multiprior TE 0.44920 0.68539 0.69035 045313 0.65079 0.68421
#18 multiprior+forgets TE 0.43300 0.72417 0.71228 0.44140 0.69585 0.68421

Table B3. Student performance prediction — DKC 03.
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BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.37710 0.84376 0.80800 0.40384 0.84169 0.77708
#02 vanillat+orgets 0.37314 0.86067 0.81500 0.39645 0.85400 0.78750
#03 multigs T 0.37506 0.85977 0.79400 0.39515 0.86730 0.78958
#04 multigs+forgets T 0.37968 0.86906 0.77600 0.38067 0.88419 0.78750
#0535 multilearn T 0.37737 0.84282 0.80900 0.40291 0.84287 0.78125
#06 multilearmn+forgets T 0.37324 0.85713 0.81700 0.39582 0.84069 0.78750
#07 multigstmultilearn T 0.37533 0.86095 0.79700 0.39582 0.86704 0.79375
#08 multigs+tmultileam+forgets T 0.37024 0.87105 0.79100 0.38372 0.87956 0.76667
#09 multiprior T 0.38933 0.82712 0.78737 0.41257 0.83696 0.76316
£10 multiprior+forgets T 0.38563 0.84368 0.79579 040752 0.84451 0.75658
#11 multigs TE 0.36661 0.87088 0.80700 0.39257 0.86442 0.80000
#12 multigs+forgets TE 0.36430 0.88305 0.81500 0.38387 0.88160 0.80417
#13 multilearn TE 0.37727 0.84121 0.81000 0.40371 0.84235 0.77917
#14 multilearn+forgets TE 0.37413 0.85679 0.81500 0.39609 0.85398 0.78125
#15 multigstmultileamm TE 0.36747 0.87173 0.80500 0.39283 0.86343 0.80208
#16 multigstmultileam+forgets TE 0.36234 0.87985 0.81300 0.37978 0.87932 0.79583
#17 multiprior TE 0.38295 0.83160 (0.70780 0.40084 0.83760 0.77412
#18 multiprior+forgets TE 0.37888 0.84789 0.80632 0.40493 0.84492 0.76754

Table B4. Student performance prediction — DKC 04.

_ Cross-validation Evaluation
BKT model RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.38261 0.70629 0.80200 0.37578 0.67754 0.83182
#02 vanillatforgets 0.37666 0.71632 0.80200 0.35310 0.74322 0.83182
#03 multigs T 0.38127 0.72323 0.80900 0.37797 0.68223 0.83409
#04 multigs+forgets T 0.37326 0.73104 0.80900 0.35240 0.74843 0.834009
#05 multilearn T 0.38258 0.70709 0.80200 0.37579 0.67780 0.83182
#06 multilearn+forgets T 0.37654 0.71762 0.80200 0.35304 0.74304 0.83182
#07 multigs+multilearn T 0.38117 0.72406 0.80900 0.37772 0.68400 0.83409
#08 multigstmultileam+forgets T 0.37325 0.73186 0.80900 0.35239 0.74876 0.83409
£09 multiprior T 0.38276 0.66608 0.80316 0.37208 0.67767 0.83732
#10 multipriortforgets T 0.38141 0.67476 0.80105 0.35783 0.70889 0.83732
#11 multigs TE 0.37838 0.73265 0.82200 0.36882 0.71893 0.84545
#12 multigs+orgets TE 0.36964 0.74111 0.82200 0.34577 0.77066 0.84545
#13 multilearn TE 0.38256 0.70756 0.80200 0.37578 0.67830 0.83182
#14 multilearn+forgets TE 0.37643 0.71853 0.80200 0.35304 0.74214 0.83182
#15 multigstmultileam TE 0.37804 0.73338 0.82200 0.36816 0.72103 0.84545
#16 multigs+tmultilearn+forgets TE 0.36859 0.74356 0.82300 0.34472 0.77073 0.84318
#17 multiprior TE 0.38276 0.66608 0.80316 0.37208 0.67767 0.83732
#18 multiprior+forgets TE 0.38141 0.67476 0.80105 0.35783 0.70889 0.83732

Table BS. Student performance prediction — DKC 05.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vamlla 0.36151 0.86778 0.79600 0.37534 0.86704 0.78478
#02 vanilla+forgets 0.35752 0.87665 0.80000 0.37706 0.87666 0.77391
#03 multigs T 0.35240 0.87858 0.79500 0.36783 0.87670 0.80870
#04 multigs+forgets T 0.34945 0.88740 0.70800 0.36837 0.87979 0.78043
#05 multilearn T 0.36176 0.86813 0.79600 0.37405 0.86858 0.78696
#06 multilearn+forgets T 0.35816 0.87294 0.80300 0.37435 0.87140 0.78261
#07 multigstmultileam T 0.35626 0.87993 0.78500 0.36697 0.87520 0.78913
#08 multigstmultileam+forgets T 0.34756 0.88779 0.80100 0.37106 0.88113 0.80217
#09 multiprior T 0.36678 0.83801 0.70789 0.37743 0.85352 0.78261
#10 multiprior+forgets T 0.35803 0.84890 0.80316 0.37259 0.86268 0.78719
#11 multigs TE 0.35529 0.87845 0.77800 0.35356 0.88240 0.79348
#12 multigs+orgets TE 0.35025 (.88826 0.80200 0.35846 0.88338 0.78261
#13 multilearn TE 0.36164 0.86777 0.79600 0.37533 0.86712 0.78478
#14 multilearn+forgets TE 0.35767 0.86931 0.80100 0.37666 0.87682 0.77391
#15 multigs+tmultileam TE 0.35507 0.87958 0.77500 0.35428 0.88190 0.79130
#16 multigstmultileam+forgets TE 0.35039 0.88381 0.79800 0.88178 0.78261
#17 multiprior TE 0.36639 0.83802 0.79789 £ 0.85352 0.78261
#18 multiprior+forgets TE 0.35720 0.84813 0.80316 0.37259 0.86268 0.78719

Table B6. Student performance prediction — DKC 06.
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BKT model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.21166 0.83492 091333 0.28182 0.87037 0.85000
#02 vanilla+forgets 0.21193 0.82837 091222 0.27597 0.86294 0.86818
#03 multigs T 0.20052 0.84718 094333 0.28316 0.87056 0.85227
#04 multigsHorgets T 0.20109 0.84851 0.94556 0.27680 0.86644 0.86591
#05 multilearn T 0.21661 0.83350 0.91000 0.28111 0.87222 0.85000
#06 multilearn+forgets T 0.21301 0.82470 0.91333 0.27790 0.86481 0.86364
#07 multigstmultileam T 0.20055 0.84702 0.94333 0.28307 0.87056 0.85227
#08 multigstmultileamn+forgets T 0.20107 0.84797 0.94333 0.27710 0.86681 0.86136
#09 multiprior T 0.21113 0.79187 0.91345 0.27826 0.82358 0.86364
#10 multiprior+forgets T 0.20949 0.79272 091579 0.27408 0.82379 0.88517
#11 multigs TE 0.21254 0.83469 091333 0.28019 0.87056 0.86364
#12 multigs+orgets TE 0.21352 0.82813 091222 0.27315 0.86656 0.88864
#13 multilearn TE 0.21661 0.83382 0.91000 0.28111 0.87219 0.85000
#14 multilearn+forgets TE 0.21267 0.82934 091556 0.27788 0.86312 0.86364
#15 multigstmultilearn TE 0.21244 0.83437 0.91222 0.27977 0.87075 0.87500
#16 multigstmultilearn+forgets TE 0.21288 0.82876 0.91667 0.27367 0.86669 0.88636
#17 multiprior TE 0.21113 0.79187 091345 0.27826 0.82358 0.86364
#18 multiprior+forgets TE 0.20949 0.79272 091579 0.27408 0.82379 0.88517

Table B7. Student performance prediction — DKC 07.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.41772 0.80673 0.75105 0.43582 0.78758 0.72738
#02 vanillatforgets 0.41800 0.80718 0.75158 0.43636 0.78253 0.72262
#03 multigs T 0.42201 0.80781 0.73211 0.40661 0.83528 0.76786
#04 multigs+forgets T 0.42386 0.82564 0.73105 0.41473 0.83168 0.75357
#035 multilearn T 0.41757 0.80407 0.75316 0.43712 0.78651 0.72076
#06 multilearntforgets T 0.42071 0.80131 0.74579 0.43663 0.78260 0.71548
#07 multigs+multileam T 0.42259 0.80805 0.73263 0.40631 0.83514 0.76786
#08 multigstmultilearn+forgets T 0.41849 0.82150 0.73474 0.40938 0.83319 0.76190
#09 multiprior T 0.42624 0.79207 0.72521 0.44690 0.77425 0.70050
#10 multiprior+forgets T 0.42532 0.79296 0.71967 0.44563 0.77157 0.69048
#11 multigs TE 0.41813 0.81479 0.74632 0.40773 0.83536 0.76905
#12 multigs+forgets TE 0.42137 0.83271 0.74158 0.41439 0.83421 0.74286
#13 multilearn TE 0.41767 0.80697 0.75053 0.43703 0.78809 0.72976
#14 multilearn+orgets TE 0.41946 0.80457 0.74474 0.43637 0.78396 0.71786
#15 multigstmultilearn TE 0.41789 0.81544 0.74789 0.40745 0.83481 0.76786
#16 multigstmultilearn+forgets TE 0.41116 0.83305 0.75053 0.40791 0.83326 0.76190
#17 multiprior TE 0.42571 0.79339 0.72742 0.44705 0.77367 0.70050
#18 multiprior+forgets TE 0.42464 0.79438 0.72022 0.44577 0.77122 0.69048

Table BS. Student performance prediction — DKC 08.

_ Cross-validation Evaluation
BKT model RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.37660 0.74622 0.78556 0.40262 0.75545 0.74872
#02 vanilla+forgets 0.36063 0.77813 0.81056 0.36754 0.83745 0.80769
#03 multigs T 0.37166 0.78234 0.82044 0.39333 0.80042 0.82821
#04 multigs+forgets T 0.36469 0.78503 0.82000 0.36911 0.85191 0.80769
#05 multilearn T 0.37654 0.74627 0.78556 0.40257 0.75530 0.74872
#06 multilearn+forgets T 0.36036 0.77627 0.81222 0.36764 0.83646 0.80769
#07 multigs+tmultilearn T 0.37167 0.78222 0.82944 0.39333 0.80045 0.82821
#08 multigstmultileam+forgets T 0.35327 0.80595 0.82167 0.35450 0.86381 0.81795
209 multiprior T 0.37943 0.69329 0.79942 041524 0.74679 0.73819
#10 multiprior+forgets T 0.36490 0.71566 0.81813 0.37392 0.80815 0.80027
#11 multigs TE 0.36193 0.70223 0.84833 0.38083 0.83183 0.84615
#12 multigs+forgets TE 0.33872 0.81857 0.85611 0.33832 0.88142 0.85769
#13 multilearn TE 0.37654 0.74659 0.78556 0.40257 0.75549 0.74872
#14 multilearn+{orgets TE 0.36012 0.77884 0.81444 0.36710 0.83598 0.80769
#15 multigs+multilearn TE 0.36190 0.70233 0.84833 0.38080 0.83186 0.84615
#16 multigstmultileam+forgets TE 0.34582 0.80610 0.84667 0.34368 0.87771 0.84103
#17 multiprior TE 0.37807 0.69719 0.79942 0.41403 0.75066 0.73819
#18 multiprior+forgets TE 0.36256 0.71930 0.81813 0.37075 0.81169 0.80027

Table B9. Student performance prediction — DKC 09.
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BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.44427 0.68172 0.66842 0.43204 0.74487 0.65000
#02 vanilla+forgets 0.42325 0.76789 0.69789 0.42530 0.77407 0.68690
#03 multigs T 0.44160 0.70276 0.71316 0.42239 0.77525 0.73452
204 multigs+forgets T 0.41858 0.77961 0.70105 0.41456 0.80290 0.71310
#05 multilearn T 0.44422 0.68171 0.66842 0.43203 0.74481 0.65000
#06 multilearn+forgets T 0.42396 0.76389 0.69000 0.42413 0.77355 0.68810
#07 multigstmultileam T 0.44162 0.70233 0.71263 0.42293 0.77523 0.73452
#08 multigs+multileam+forgets T 0.41944 0.78365 0.70842 0.41396 0.80812 0.71905
209 multiprior T 0.45421 0.68596 0.68144 0.44802 0.74228 0.68922
£10 multiprior+forgets T 0.43325 0.73382 0.70637 0.43464 0.75248 0.69424
#11 multigs TE 0.39993 0.82721 0.84158 0.38519 0.84825 0.81310
#12 multigs+forgets TE 0.37322 0.85723 0.83789 0.37557 0.85991 0.80714
#13 multilearn TE 0.44421 0.68188 0.66842 0.43202 0.74504 0.65000
#14 multilearn+forgets TE 0.42308 0.76972 0.69789 0.42594 0.77533 0.68690
#15 multigstmultilearn TE 0.39993 0.82715 0.84158 0.38520 0.84827 0.81310
#16 multigs+multileam+forgets TE 0.37498 0.85015 0.81684 0.38308 0.85208 0.80476
#17 multiprior TE 0.45299 0.69332 0.68144 0.44816 0.74493 0.68797
#18 multiprior+forgets TE 0.42999 0.74197 0.71080 0.43411 0.75479 0.69298

Table B10. Student performance prediction — DKC 10.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.40086 0.81448 0.76824 0.39840 0.83525 0.77821
#02 vanillat+forgets 0.40693 0.82844 0.76647 0.39893 0.84100 0.77436
#03 multigs T 0.40370 0.82334 0.76176 0.40350 0.83160 0.77051
#04 multigsHorgets T 0.39577 0.85339 0.78941 0.39197 0.86059 0.79615
#05 multilearn T 0.40039 0.81463 0.76941 0.39770 0.83465 0.77821
#06 multilearntforgets T 0.40785 0.82897 0.76176 0.39926 0.84045 0.76795
#07 multigstmultilearn T 0.39773 0.84297 0.78765 0.39545 0.85312 0.78718
#08 multigstmultileamn+forgets T 0.39123 0.85163 0.78941 0.38723 0.85305 0.79615
#09 multiprior T 0.42562 0.80355 0.74118 041231 0.82222 0.74224
#10 multiprior+forgets T 041721 0.81478 0.73808 041171 0.82580 0.75169
#11 multigs TE 0.38159 0.86719 0.80941 0.37560 0.87037 0.81538
#12 multigs+forgets TE 0.38119 0.87503 0.81412 0.37498 0.87873 0.81667
#13 multilearn TE 0.40036 0.81358 0.76824 0.39754 0.83549 0.77821
#14 multilearn+forgets TE 0.40721 0.82427 0.76412 0.39820 0.84354 0.77436
#15 multigstmultileamm TE 0.38152 0.86710 0.80941 0.37551 0.87045 0.81538
#16 multigstmultilearn+forgets TE 0.37878 0.86871 0.81588 0.37188 0.87779 0.81795
#17 multiprior TE 0.42362 0.80662 0.75666 0.40952 0.82440 0.76248
#18 multiprior+forgets TE 0.41468 0.81910 0.75604 0.40885 0.82855 0.75574

Table Bl1. Student performance prediction — DKC 11.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.36904 0.85398 0.78647 0.36968 0.87817 0.80897
#02 vanilla+forgets (.34057 0.87895 0.81471 0.35443 0.00427 0.82821
#03 multigs T 0.34898 (.88184 0.85706 0.36818 0.88301 0.82564
#04 multigs+{orgets T 0.32732 0.90555 0.85412 0.34689 0.91067 0.81795
#05 multilearn T 0.36859 0.85416 0.78765 0.36936 0.87831 0.80897
#06 multilearn+forgets T 0.35016 0.87422 0.81529 0.35503 0.89795 0.82821
#07 multigs+multileam T 0.34962 0.88143 0.85765 0.36900 0.88349 0.82821
#08 multigstmultilearn+forgets T 0.32681 0.90573 0.85412 0.34621 0.90991 0.81795
#09 multiprior T 0.37885 0.81773 0.78700 0.37745 0.84998 0.81107
#10 multiprior+forgets T 0.35475 0.84203 0.81424 0.35833 0.87194 0.82726
#11 multigs TE 0.34548 0.88807 0.86000 0.33919 091722 0.88974
#12 multigs+forgets TE 0.32198 0.90882 0.86235 0.31583 0.93466 0.80487
#13 multilearn TE 0.36864 0.85401 0.78765 0.36938 0.87816 0.80897
#14 multilearn+forgets TE 0.34975 0.87605 0.81353 0.35464 0.90307 0.82821
#15 multigs+multilearn TE 0.34566 0.88803 0.86059 0.33933 091719 0.88846
#16 multigstmultileamn+forgets TE 0.32167 0.90730 0.86176 0.31491 0.93389 0.89231
#17 multiprior TE 0.37814 0.81819 0.78700 0.37489 0.85102 0.81107
#18 multipriort+forgets TE 0.35392 0.84339 0.81610 0.35485 0.87416 0.83401

Table B12. Student performance prediction — DKC 12.
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. Cross-validation Evaluation
BKT model RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.42138 0.80291 0.73312 0.39488 0.85265 0.78611
#02 vanilla+forgets 0.40478 0.82717 0.76438 0.38355 0.86394 0.80694
#03 multigs T 0.41434 0.80974 0.77375 0.40120 0.85872 0.79722
#04 multigs+forgets T 0.39595 0.84989 0.76688 0.38456 0.88440 0.78056
#05 multilearn T 0.42194 0.80221 0.73562 0.39461 0.85397 0.78472
#06 multilearmn+forgets T 0.40516 0.82604 0.76312 0.38260 0.86175 0.80694
#07 multigstmultilearn T 0.41424 0.80961 0.77500 0.40096 0.85907 0.79861
#08 multigs+multilearm+forgets T 0.39469 0.84560 0.76688 0.38360 0.88114 0.77778
#09 multiprior T 0.42449 0.79579 0.74605 0.40704 0.83041 0.76754
210 multiprior+forgets T 0.40595 0.81008 0.76447 0.39413 0.83665 0.78216
#11 multigs TE 0.39090 0.86140 0.83562 0.38188 0.90391 0.84028
#12 multigs+orgets TE 0.37077 0.88191 0.83438 0.36038 0.90456 0.84583
#13 multilearn TE 0.42147 0.80462 0.73562 0.39466 0.85353 0.78750
#14 multilearn+forgets TE 0.40464 0.82670 0.76688 0.38403 0.86405 0.80417
#15 multigstmultileam TE 0.38961 0.86136 0.83438 0.37962 0.90518 0.84306
#16 multigstmultileam+forgets TE 0.36421 0.87915 0.83375 0.35370 0.90554 0.84444
#17 multiprior TE 0.42274 0.80223 0.74605 0.40473 0.83297 0.76754
#18 multiprior+forgets TE 0.40342 0.8513068 0.76447 0.39033 0.84032 0.79094

Table B13. Student performance prediction — DKC 13.

BET model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.39137 0.81420 0.77000 0.41582 0.80775 0.74459
#02 vanilla+forgets 0.37109 0.84601 0.80471 0.40114 0.83275 0.76757
#03 multigs T 0.38851 0.81325 0.77235 0.41927 0.80419 0.74054
#04 multigs+orgets T 0.36936 0.84764 0.80529 0.40237 0.83117 0.76757
#05 multileamn T 0.39084 0.81464 0.77118 0.41581 0.80608 0.74459
#06 multilearn+forgets T 0.37141 0.84579 0.80353 0.40103 0.83330 0.76757
#07 multigstmultileam T 0.38765 0.81367 0.77529 041718 0.80642 0.74459
#08 multigstmultileam+forgets T 0.36929 0.84742 0.80471 0.40227 0.83176 0.76757
#09 multiprior T 0.40237 0.79318 0.76842 0.42899 0.77602 0.72262
#10 multiprior+forgets T 0.37683 0.82062 0.80433 0.40650 0.80603 0.76102
#11 multigs TE 0.36342 0.87240 0.85529 0.38920 0.85660 0.83378
#12 multigs+forgets TE 0.35057 0.89295 0.85059 0.37920 0.87700 0.82432
#13 multilearn TE 0.39086 0.81431 0.77118 0.41592 0.80639 0.74459
#14 multilearn+forgets TE 0.37077 0.84707 0.80647 0.40033 0.83336 0.77297
#15 multigstmultilearm TE 0.36331 0.87216 0.85471 0.38906 0.85671 0.83378
#16 multigstmultilearmn+forgets TE 0.34303 0.89466 0.86204 0.37129 0.87744 0.83784
#17 multiprior TE 0.39925 0.79804 0.76842 0.42703 0.78088 0.72262
#18 multiprior+forgets TE 0.37224 0.82632 0.80743 0.40401 0.80962 0.76102

Table B14. Student performance prediction — DKC 14.

BKT model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.42461 0.78888 0.72250 041951 0.79930 0.74143
#02 vanilla+forgets 0.40030 0.83277 0.76938 0.39353 0.84879 0.78571
#03 multigs T 0.40653 0.84067 0.78188 0.40132 0.85890 0.78571
#04 multigs+forgets T 0.39173 0.86804 0.79875 0.38564 0.88788 0.81143
#05 multilearn T 0.42354 0.78085 0.72562 0.41858 0.80064 0.75000
#06 multilearn+forgets T 0.40029 0.83199 0.77188 0.39389 0.84615 0.78571
#07 multigs+multilearn T 0.40672 0.84718 0.78812 0.40152 0.86413 0.79000
#08 multigstmultileam+forgets T 0.38936 0.86375 0.79812 0.38240 0.88775 0.81429
£09 multiprior T 0.43288 0.77459 0.721058 0.43647 0.78876 0.71579
#10 multiprior+forgets T 0.40761 0.81600 0.75000 0.40433 0.83935 0.76391
#11 multigs TE 0.38062 0.86947 0.80188 0.36903 0.88807 0.83571
#12 multigs+forgets TE 0.36838 0.88880 0.81500 0.35093 0.91383 0.85000
#13 multilearn TE 0.42416 0.78942 0.72438 0.41857 0.80147 0.75000
#14 multilearn+forgets TE 0.40101 0.83545 0.76000 0.39463 0.84736 0.78571
#1535 multigstmultilearn TE 0.38086 0.86889 0.80125 0.36922 0.88768 0.83286
#16 multigstmultilearn+forgets TE 0.36570 0.88354 0.81438 0.34617 0.90999 0.85000
#17 multiprior TE 0.43055 0.77693 0.73026 0.43435 0.79027 0.71579
#18 multiprior+forgets TE 0.40441 0.81883 0.76382 040151 0.84061 0.78045

Table B15. Student performance prediction — DKC 15.
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BKT model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.36693 0.88152 0.81750 0.39103 0.86347 0.78243
#02 vanilla+forgets 0.36369 0.89147 0.81500 0.37707 0.87951 0.79459
#03 multigs T 0.35771 0.89746 0.83375 0.36828 0.80017 0.84189
204 multigs+forgets T 0.35466 0.91109 0.82750 0.36258 0.90702 0.82162
#05 multilearn T 0.36640 0.88032 0.81875 0.38677 0.86886 0.78784
#06 multilearn+forgets T 0.36315 0.88882 0.81750 0.37841 0.87710 0.79189
#07 multigstmultileam T 0.35782 0.89733 0.83375 0.36863 0.89027 0.84189
#08 multigs+tmultileam+forgets T 0.35026 0.90734 0.82687 0.35777 0.90318 0.82297
209 multiprior T 0.38011 0.87547 0.79868 0.40001 0.85421 0.76956
#10 multiprior+forgets T 0.36853 0.88699 0.81842 0.38214 0.86554 0.80228
#11 multigs TE 0.31436 0.93542 0.88250 0.32648 0.93103 0.88649
#12 multigs+forgets TE 0.31233 0.94020 0.88188 0.32170 0.93661 0.87162
#13 multilearn TE 0.36627 0.88135 0.81688 0.38685 0.86892 0.78649
#14 multileam+forgets TE 0.36299 0.89115 0.81687 0.37670 0.87692 0.79595
#15 multigstmultileam TE 0.31522 0.93386 0.87875 0.32754 0.92082 0.88649
#16 multigs+tmultileam+forgets TE 0.30062 0.93702 0.87875 0.31721 0.92036 0.87297
#17 multiprior TE 0.37543 0.87762 0.81776 0.39430 0.85881 0.78947
#18 multiprior+forgets TE 0.36359 0.89060 0.82237 0.37551 0.87006 0.82219

Table B16. Student performance prediction — DKC 16.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.33157 0.88507 0.85375 0.35756 0.86421 0.82973
#02 vanilla+forgets 0.30980 0.89896 0.87188 0.32813 0.88650 0.84459
#03 multigs T 0.32836 0.87715 0.87500 0.35259 0.85339 0.84595
204 multigs+forgets T 0.30442 0.90925 0.87063 0.31742 0.89977 0.84865
#0585 multileamn T 0.32889 0.88756 0.86000 0.35728 0.86291 0.83243
#06 multilearn+forgets T 0.31074 0.89869 0.87188 0.32583 0.88503 0.85541
#07 multigstmultileam T 0.32791 0.87731 0.87500 0.35229 0.85374 0.84459
#08 multigs+tmultilearn+forgets T 0.30109 0.91039 0.87188 0.32165 0.89534 0.85135
#09 multiprior T 0.32043 0.85130 0.87500 0.35276 0.84789 0.84068
#10 multiprior+forgets T 0.30514 0.86181 0.87566 0.33013 0.86059 0.85064
#11 multigs TE 0.32144 0.90187 0.90500 0.33870 0.89167 0.87973
#12 multigs+orgets TE 0.29648 0.91748 0.90250 0.31432 0.91175 0.88378
#13 multilearn TE 0.32890 0.88770 0.86000 0.35732 0.85980 0.83243
#14 multilearn+orgets TE 0.31165 0.89893 0.87250 0.32689 0.88817 0.85405
#15 multigstmultilearn TE 0.32138 0.90177 0.90500 0.33865 0.89160 0.87973
#16 multigstmultileam+forgets TE 0.29133 0.92126 0.90250 0.30963 0.91690 0.88243
#17 multiprior TE 0.31838 0.85640 0.87500 0.34832 0.85343 0.84068
#18 multiprior+forgets TE 0.30102 0.86560 0.87632 0.32553 0.86349 0.850064

Table B17. Student performance prediction — DKC 17.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.38899 0.82836 0.80786 0.37133 0.85356 0.81818
#02 vamlla+forgets 0.37917 0.84892 0.81571 0.35537 0.87700 0.82879
203 multigs T 0.39306 0.86245 0.82071 0.37285 0.86681 0.84697
#04 multigsHorgets T 0.38155 0.87815 0.83286 0.36258 0.89508 0.85000
#05 multilearn T 0.38904 0.82846 0.80786 0.37178 0.85377 0.81667
#06 multilearn+forgets T 0.38283 0.85158 0.80143 0.35731 0.87874 0.83030
#07 multigstmultilear T 0.39281 0.86200 0.81857 0.37274 0.86673 0.84545
#08 multigstmultileam+forgets T 0.37775 0.86003 0.83429 0.35508 0.87118 0.85152
#09 multiprior T 0.41394 0.81471 0.75489 0.38720 0.85320 0.77831
#10 multiprior+forgets T 0.40523 0.82386 0.76391 0.37486 0.86352 0.80702
#11 multigs TE 0.34926 0.89690 0.86714 0.33672 0.90751 0.87576
#12 multigs+forgets TE 0.34451 0.90930 0.86786 0.32701 0.93133 0.87576
#13 multilearn TE 0.38898 0.82858 0.80929 0.37154 0.85373 0.81667
#14 nultilearn+forgets TE 0.38820 0.85003 0.79357 0.35537 0.87748 0.83485
#15 multigstmultilearn TE 0.34917 0.89693 0.86714 0.33665 0.90747 0.87576
#16 multigstmultilearmn+forgets TE 0.33826 0.91246 0.86643 0.31762 0.93412 0.87727
#17 multiprior TE 0.41136 0.81883 0.76617 0.38446 0.85723 0.78309
#18 multiprior+forgets TE 0.40124 0.82640 0.76992 0.37112 0.86871 0.81180

Table B18. Student performance prediction — DKC 19.
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BKT model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.36717 0.84659 0.80200 0.35975 0.87743 0.80294
#02 vanilla+forgets 0.32135 0.89613 0.85667 0.31127 0.92909 0.87059
#03 nultigs T 0.35391 0.85684 0.83133 0.35618 0.87234 0.80294
#04 multigs+forgets T 0.31893 091181 0.83200 0.30550 0.93578 0.88382
#05 multilearn T 0.36717 0.84846 0.80000 0.35054 0.87746 0.80294
#06 multilearn+forgets T 0.32168 0.89800 0.86200 0.31167 0.92895 0.86912
#07 multigstmultileamn T 0.35402 0.85691 0.83133 0.35625 0.87235 0.80294
#08 multigs+multilearn+forgets T 0.31842 0.91111 0.84533 0.31433 0.93483 0.88088
#09 multiprior T 0.36901 0.84043 0.80842 0.36887 0.86914 0.81424
#10 multiprior+forgets T (.32000 0.87283 0.84070 0.31566 0.91206 0.84830
#11 multigs TE 0.32525 0.89113 0.88600 0.31827 091896 0.87647
#12 multigs+{orgets TE 0.28504 0.93336 0.90533 0.27292 0.96009 0.90294
#13 multilearn TE 0.36718 0.84681 0.80000 0.35055 0.87748 0.80294
#14 multilearn+forgets TE 0.32140 0.89644 0.85133 0.31042 093212 0.86618
#15 multigsTmultilearn TE 0.32538 0.80104 0.88400 0.31842 0.91880 0.87059
#16 multigstmultilearn+forgets TE 0.28260 0.93170 0.90400 0.26901 096121 0.90441
#17 multiprior TE 0.36655 0.84274 0.80842 0.36494 0.87528 0.81424
#18 multiprior+forgets TE 0.32698 0.87651 0.84491 0.30855 091422 0.85913

Table B19. Student performance prediction — DKC 21.

BKT model Cross-validation Evaluation
RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.34348 0.88215 0.85200 0.37297 0.89395 0.81471
#02 vanilla+forgets 0.32469 0.92676 0.86200 0.36013 0.91169 0.82500
#03 multigs T 0.30720 0.93876 0.87867 0.35304 0.90114 0.85588
204 multigs+forgets T 0.30375 0.94991 0.88600 0.34327 0.91481 0.84265
#05 multileamn T 0.34363 0.88230 0.85133 0.37451 0.89462 0.81029
#06 multilearmn+forgets T 0.32652 0.92683 0.85467 0.36207 0.90821 0.81912
#07 multigstmultilearn T 0.30720 0.93874 0.87867 0.35304 0.90106 0.85588
#08 multigs+tmultilearn+forgets T 0.29685 0.94578 0.88533 0.33301 0.90875 0.84706
#09 multiprior T 0.36498 0.87654 0.83789 0.38497 0.87724 0.80495
#10 multiprior+forgets T 0.34642 0.91312 0.83649 0.37303 0.89178 0.80960
#11 multigs TE 0.29898 0.93863 0.88133 0.33590 0.91739 0.86618
#12 multigs+orgets TE 0.29597 0.94908 0.89467 0.32716 0.93409 0.85882
#13 multilearn TE 0.34351 0.88196 0.85267 0.37471 0.89199 0.81176
#14 multilearn+forgets TE 0.32617 0.92677 0.85733 0.36238 0.91210 0.82353
#15 multigstmultileam TE 0.29898 0.93861 0.88133 0.33590 091733 0.86618
#16 multigstmultileam+forgets TE 0.29088 0.94639 0.89133 0.32242 0.93208 0.85735
#17 multiprior TE 0.36040 0.87835 0.84211 0.38348 0.88081 0.80650
#18 multiprior+forgets TE 0.34177 0.91003 0.84070 0.37143 0.89596 0.81115

Table B20. Student performance prediction — DKC 23.

BKT model Cross-validation Evaluation

RMSE AUC Accuracy RMSE AUC Accuracy
#01 vanilla 0.39917 0.82490 0.78154 0.40703 0.81877 0.76552
#02 vanilla+forgets 0.39504 (0.84393 0.78308 0.38342 0.85563 0.79483
203 multigs T 0.36304 0.88809 0.83923 0.39186 0.85649 0.78793
#04 multigs+forgets T 0.35805 0.89983 0.84385 0.38081 0.87341 0.79310
#05 multilearn T 0.39904 0.82501 0.78231 0.40698 0.81989 0.76724
#06 multilearntforgets T 0.39468 0.84363 0.77923 0.38311 0.85270 0.79483
#07 multigstmultileam T 0.36285 0.88832 0.84000 0.39174 0.85663 0.78793
#08 multigstmultilearn+forgets T 0.35570 0.90214 0.84692 0.37525 0.87434 0.80000
#09 multiprior T 0.41038 0.80857 0.76113 0.41507 0.80425 0.75681
#10 multiprior+forgets T 0.40390 0.82671 0.77166 0.39440 0.83605 0.78766
#11 multigs TE 0.34890 0.89283 0.85769 0.36413 0.88406 0.82414
#12 multigs+forgets TE 0.34433 0.90393 0.86308 0.35555 0.89501 0.83621
#13 multilearn TE 0.39920 0.82490 0.78231 0.40705 0.81715 0.76552
#14 multilearn+forgets TE 0.39504 0.84130 0.78385 0.38269 0.85902 0.79483
#15 multigstmultileam TE 0.34892 0.89281 0.85769 0.36420 0.88432 0.82414
#16 multigs+tmultilearn+forgets TE 0.34098 0.90526 0.86462 0.35113 0.89811 0.83793
#17 multiprior TE 0.40825 0.80979 0.77004 0.41364 0.80624 0.76407
#18 multiprior+forgets TE 0.40156 0.82812 0.77976 0.39278 0.83729 0.79492

Table B21. Student performance prediction — DKC 25.
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APPENDIX C

The adaptive BKT mastery probability and the overall student performance in formative and
summative testing (testing subset) — DKC 01-DKC 25

The adaptive BKT mastery probability and the overall student performance in formative
and summative testing (complete dataset) — DKC 01-DKC 25
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BKT model Average A0 SD Average ZA0 SD Ideal learning path (2A0)
(complete dataset) (testing subset) =
#01 vanilla 13.32000 7.59702 13.75714 746088 3
#02 vanilla+forgets 13.68000 7.53963 14.21429 7.36402 3
#03 multigs T 8.95000 8£.41040 9.50000 8.61537 1
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 13.01000 8.07352 13.47143 7.93948 2
#06 multilearn+forgets T 13.97000 744604 14.52857 7.28453 3
#07 multigstmultileam T 8.95000 8.41040 9.50000 8.61537 1
#08 multigs+tmultilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#09 multiprior T 14.28000 6.88444 14.82857 6.72864 4
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 8.95000 8.41040 9.50000 8.601537 1
#12 multigs+forgets TE 8.93000 8.41266 9.50000 8.61537 1
#13 multilearn TE 13.01000 8.07352 13.47143 7.03948 2
#14 multilearn+forgets TE 14.13000 7.39732 14.71429 7.24147 3
#15 multigs+tmultilearn TE 8.95000 8.41040 9.50000 8.61537 1
#16 multigstmultileam+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#17 multiprior TE 14.28000 6.88444 14.82857 6.72864 4
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table DI1. Answer opportunities analysis — DKC 01.

- Average #A0 Average #AO . .
BKT model (completge dataset) SD (testing subsef) SD Ideal learning path (£A0)
#01 vanilla 11.07619 7.78274 11.60274 7.73473 3
#02 vanilla+forgets 11.37143 7.86821 11.95890 7.80569 3
#03 multigs T 520952 0.69773 5.39726 6.76950 1
#04 multigs+forgets T 4.40052 6.02350 4.34247 5.83147 1
#05 multilearn T 11.42857 7.91403 12.04110 7.86596 3
#06 multileamn+forgets T 13.07619 7.26252 13.63014 7.20244 4
#07 multigstmultileam T 5.20052 6.69773 5.39726 6.76950 1
#08 multigstmultileam+forgets T 5.09524 6.63256 5.19178 6.54611 1
£09 multiprior T 1416190 6.11763 14.47945 5.93041 6
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 5.26667 6.76852 547945 6.86802 1
#12 multigs+iorgets TE 4.40052 6.02350 4.34247 5.83147 1
#13 multilearn TE 11.29524 7.82614 11.89041 7.78275 3
#14 multilearn+forgets TE 11.89524 7.77190 12.50685 7.74081 3
#15 multigs+tmultilearn TE 5.20052 6.69773 5.39726 6.76950 1
#16 multigstmultileam+forgets TE 5.02857 6.54196 5.16438 6.54687 1
#17 multiprior TE 1416190 6.11763 14.47945 5.93041 6
#18 multipriortforgets TE 20.00000 0.00000 20.00000 | 0.00000 20
Table D2. Answer opportunities analysis — DKC 02.
BKT model Average A0 SD Average 2AO SD | Ideal learning path (*AO)
(complete dataset) (testing subset)

#01 vanilla 980682 7.71751 10.27869 7.74840 2
#02 vanillat+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 6.68182 7.36963 7.32787 7.57787 1
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 9.87500 7.78270 10.37705 7.83616 2
#06 multilearmn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#07 multigstmultileam T 6.68182 7.36963 7.32787 7.57787 1
#08 multigstmultileam+forgets T 20.00000 0.00000 20.00000 0.00000 20
209 multiprior T 16.76136 5.15059 16.59016 5.20377

#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 6.76136 7.45561 7.44262 7.68879

#12 multigs+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 9.80682 7.71751 10.27869 7.74840 2
#14 multilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigstmultileam TE 6.72727 7.43976 7.39344 7.67089 1
#16 multigstmultileam+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#17 multiprior TE 16.76136 5.15059 16.59016 5.20377 [
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D3. Answer opportunities analysis — DKC 03.
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- Average 2A0 Average #A0 . .
BKT model (completge dataset) sD (testing subset) SD Ideal learning path (£A0)
#01 vanilla 10.21795 8.18241 11.50000 §.21354 2
#02 vanilla+forgets 10.20513 8.17878 11.50000 8.21354 2
#03 multigs T 8.10256 8.32550 942503 8.50882 1
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 10.29487 8.21166 11.61111 8.23801 2
#06 multilearn+forgets T 10.42308 8.14562 11.77778 8.12326 2
#07 multigstmultileam T 8.03846 8.28305 9.33333 8.46302 1
#08 multigs+multileam+forgets T 8.03846 8.28305 9.33333 8.46302 1
#09 multiprior T 11.20513 7.66206 12.40741 7.66398 3
#10 multiprior+forgets T 11.53846 7.67809 12.66667 7.61825 3
#11 multigs TE 8.03846 8.2830% 0.33333 8.46302 1
#12 multigs+orgets TE 7.98718 8.30974 9.27778 8.49954 1
#13 multilearn TE 10.24359 8.19437 11.53704 §.22403 2
#14 multilearn+forgets TE 10.84615 8.17833 12.07407 8.11672 2
#15 multigs+multileam TE 8.03846 8.28305 9.33333 8.46302 1
#16 multigs+tmultileam+forgets TE 7.98718 8.30974 9.27778 8.49954 1
#17 multiprior TE 11.20513 7.66906 12.40741 7.66398 3
#18 multiprior+forgets TE 11.53846 7.67809 12.66667 7.61825 3

Table D4. Answer opportunities analysis — DKC 04.

BKT model Average A0 SD Average A0 SD Ideal learning path (#A0)

(complete dataset) (testing subset) =
#01 vanilla 15.24324 6.45492 1519231 6.33397 3
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 13.52703 7.38607 13.38462 7.39145 2
#04 multigs+Horgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 15.24324 6.45492 15.19231 6.33397 3
#06 multileamn+forgets T 18.87838 4.06439 18.73077 4.26162 2
#07 multigstmultileam T 13.50000 7.38427 13.34615 7.38808 2
#08 multigstmultileam+forgets T 20.00000 0.00000 20.00000 0.00000 20
#09 multiprior T 16.22973 5.68957 16.25000 5.54438 4
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 1410811 6.98642 14.07692 6.81649 2
#12 multigs+Horgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 15.24324 6.45492 15.19231 6.33397 3
#14 multilearn+orgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigs+tmultilearn TE 14.10811 6.98642 14.07692 6.81649 2
#16 multigstmultilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#17 multiprior TE 16.22073 5.68957 16.25000 5.54438 4
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D5. Answer opportunities analysis — DKC 05.

BKT model Average #A0 SD Average A0 SD | Ideal learning path (£A0)
(complete dataset) (testing subset)
#01 vanilla 10.33766 8.94076 10.48148 §.89295 1
#02 vanilla+forgets 10.33766 8.94076 10.48148 §.80205 1
#03 multigs T 10.31169 8.94907 10.46296 8.89077 1
#04 multigstorgets T 983117 8.88731 10.07407 §.99654 1
#05 multilearn T 10.75325 8.95479 10.55556 8.83746 1
#06 multilearn+forgets T 10.35065 8.93804 10.50000 8.88873 1
#07 multigstmultileam T 10.33766 8.94076 10.48148 8.89205 1
#08 multigstmultileamn+forgets T 9.83117 8.88731 10.07407 8.99654 1
#09 multiprior T 11.97403 8.01310 11.79630 7.92745 2
#10 multiprior+forgets T 11.80519 8.18059 11.59259 8.12524 2
#11 multigs TE 10.63636 8.80546 10.53704 8.84182 1
#12 multigs+orgets TE 10.31169 8.94907 10.46296 8.89077 1
#13 multilearn TE 10.63636 8.89546 10.53704 8.84182 1
#14 nultilearntforgets TE 10.33766 8.94076 10.48148 8.89295 1
#15 multigstmultileam TE 10.33766 8.94076 10.48148 8.89205 1
#16 multigstmultileam+forgets TE 10.25974 8.97863 10.38889 8.93460 1
#17 multiprior TE 11.97403 8.01310 11.79630 7.92745 2
#18 multiprior+forgets TE 11.80519 8.18059 11.59259 §.12524 2

Table D6. Answer opportunities analysis — DKC 06.
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. Average 2A0 Average #A0 . o
BKT model (completﬁ dataset) sD (testing subset) sD Ideal learning path (£A0)
#01 vanilla 17.13889 6.09850 17.42000 6.08139 2
#02 vanilla+forgets 17.19444 6.05989 17.50000 6.02122 2
#03 multigs T 17.06944 6.15830 17.40000 6.07437 2
#04 multigs+forgets T 17.08333 6.16384 17.42000 6.08139 2
#05 multilearn T 17.13889 6.09850 17.42000 6.08139 2
#06 multilearn+forgets T 17.44444 5.78947 17.86000 5.59887 20
#07 multigs+multilearn T 17.06944 6.15830 17.40000 6.07437 2
#08 multigsmultilearn+forgets T 17.27778 5.96049 17.76000 5.66248 20
#09 multiprior T 17.91667 5.00352 18.06000 5.16033 3
#10 multiprior+forgets T 17.98611 492334 18.06000 5.16033 3
#11 multigs TE 17.06944 6.15830 17.40000 6.07437 2
#12 multigs+forgets TE 17.02778 6.21668 17.40000 6.07437 2
#13 multilearn TE 17.13889 6.09850 17.42000 6.08139 2
#14 multilearn+forgets TE 17.44444 5.78947 17.86000 5.50887 20
#15 multigstmultilearn TE 17.06944 6.15830 17.40000 6.07437 2
#16 multigstmultilearn+forgets TE 17.27778 5.96049 17.76000 5.66248 20
#17 multiprior TE 17.91667 5.00352 18.06000 5.16033 3
#18 multiprior+forgets TE 17.98611 4.92334 18.06000 5.16033 3

Table D7. Answer opportunities analysis — DKC 07.

BKT model Average #AQ SD Average 7AO SD Ideal learning path (#A0)
(complete dataset) (testing subset)
#01 vanilla 11.72464 7.43023 11.85417 7.58528 3
#02 vanilla+forgets 12,29710 7.07871 12.26042 7.17928 4
#03 multigs T 4.57246 6.22555 4.07292 5.68515 1
#04 multigs+orgets T 3.07971 4.63573 2.54167 3.64740 1
#05 multilearn T 12.02174 7.47108 11.94792 7.57888 3
#06 multilearn+forgets T 12.49275 7.05375 12.40625 7.16362 4
#07 multigstmultileam T 4.71014 6.38338 4.23958 5.93428 1
#08 multigstmultileamn+forgets T 3.20290 4.78007 2.66667 3.82421 1
209 multiprior T 13.92754 5.85022 13.70833 6.02961 6
#10 multiprior+forgets T 14.44203 5.91549 14.08333 6.07266 6
#11 multigs TE 4.15217 6.11436 3.80208 5.68585 1
#12 multigs+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 12,10145 7.49140 12.01042 7.60816 3
#14 nmultilearntforgets TE 12.17391 7.43135 12.07292 7.55227 3
#15 multigs+tmultilearn TE 4.15217 6.11436 3.80208 5.68585 1
#16 multigstmultilearn+forgets TE 3.20290 4.78007 2.66667 3.82421 1
#17 multiprior TE 13.92754 5.85022 13.70833 6.02961 6
#18 multiprior+forgets TE 14.44203 591549 14.08333 6.07266 6

Table DS. Answer opportunities analysis — DKC 08.

BKT model Average #AO SD Average #AO SD Ideal learning path (2A0)
(complete dataset) (testing subset)

#01 vanilla 14.31538 7.45013 14.70330 7.34922 3
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 12.70769 8.19098 13.20879 §.08224 2
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 2

%05 multilearn T 14.31538 7.45013 14.70330 7.34922 3
#06 multilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#07 multigs+multileamn T 12.70769 8.19098 13.20879 8.08224 2
#08 multigstmultileamn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#09 multiprior T 17.35385 5.05013 17.67033 4.81446 6
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 13.31538 8.00197 13.76923 7.96810 2
#12 multigs+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 14.31538 7.45013 14.70330 7.34922 3
#14 multilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigstmultilearn TE 13.31538 8.00197 13.76923 7.96810 2
#16 multigs+multileam+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#17 multiprior TE 17.35385 5.05913 17.67033 4.81446 6
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D9. Answer opportunities analysis — DKC 09.
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_ Average #A0 Average #A0 . .
BKT model (completge dataset) sD (testing subset) SD Ideal learning path (¥*AQO)
#01 vanilla 8.55396 7.78253 8.38144 7.69530 2
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 6.89928 §.03281 6.78351 7.92047 1
#04 multigs+Horgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 8.55396 7.78253 838144 7.69530 2
#06 multilearn+forgets T 9.46043 8.02195 9.45361 8.02862 20
#07 multigstmultileam T 6.89209 8.02865 6.77320 7.91426 1
#08 multigstmultileam+forgets T 9.83453 7.97332 9.78351 7.93886 20
#09 multiprior T 17.35971 449478 17.38144 4.60173 7
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 7.12230 8.18222 7.10309 £.14003 1
#12 multigs+Horgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 8.55396 7.78253 8.38144 7.69530 2
#14 multilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigstmultileam TE 7.12230 8.18222 7.10309 8.14003 1
#16 multigs+tmultileamn+forgets TE 20.00000 0.00000 20.00000 0.00000 2
#17 multiprior TE 17.35971 4.49478 17.38144 4.60173 7
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20
Table D10. Answer opportunities analysis — DKC 10.
BKT model Average 2A0 SD Average 2AO SD Ideal learning path (#A0)
(complete dataset) (testing subset)
#01 vanilla 8.33594 7.60571 8.29213 7.46538 2
#02 vanillat+forgets 9.60938 7.21791 9.51685 7.01640 3
#03 multigs T 4.03906 5.75812 3.07753 5.69086 1
#04 multigs+forgets T 4.03906 5.75812 3.97753 5.69086 1
#05 multilearn T 8.65625 7.75657 8.55056 7.56789 2
#06 multilearnt+forgets T 10.03125 7.29679 10.07865 7.11948 3
#07 multigstmultileam T 4.16406 5.98131 4.07865 5.86830 1
#08 multigstmultileam+forgets T 4.03906 5.75812 3.97753 5.69086 1
209 multiprior T 10.42969 6.60009 10.30337 6.37539 4
#10 multiprior+forgets T 12.12500 6.53398 12.08989 6.39183 5
#11 multigs TE 4.48438 6.38031 4.35955 6.19979 1
#12 multigs+forgets TE 4.33594 6.18135 4.15730 5.92548 1
#13 multilearn TE 8.63281 7.75002 8.51685 7.55003 2
#14 multilearnt+forgets TE 10.01563 7.31301 10.06742 7.13633 3
#15 multigs+tmultilearn TE 4.48438 6.38031 4.35955 6.19979 1
#16 multigstmultleam+forgets TE 4.31250 6.17175 4.14607 5.92098 1
#17 multiprior TE 10.42969 6.60909 10.30337 6.37539 4
#18 multiprior+forgets TE 12.12500 6.53398 12.08989 6.39183 5

Table D11. Answer opportunities analysis — DKC 11.

BKT model Average A0 SD Average 2AO SD Ideal learning path (A0)
(complete dataset) (testing subset)
#01 vanilla 12.30844 8.54938 12.33708 8.546509 2
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 10.08594 9.00658 10.17978 9.07990 1
#04 multigs+forgets T 9.71094 8.97780 9.77528 9.03372 1
#05 multilearn T 12.39844 8.54938 12.33708 8.54659 2
#06 multilearn+forgets T 13.64844 7.78004 13.68539 7.77904 20
#07 multigs+tmultileam T 9.88281 8.96065 9.98876 9.03339 1
#08 multigs+tmultileam+forgets T 0.82813 8.99878 9.91011 9.08875 1
209 multiprior T 14.27344 7.13836 14,19101 7.12371 4
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 9.87500 8.96186 997753 9.03526 1
#12 multigs+Horgets TE 9.71094 8.97780 9.77528 9.03372 1
#13 multilearn TE 12.39844 8.54938 12.33708 8.54659 2
#14 multilearn+forgets TE 16.13281 6.73032 16.31461 6.04625 20
#15 multigs+multileam TE 9.87500 8.96186 9.97753 9.03526 1
#16 multigstmultileam+forgets TE 9.71094 8.97780 9.77528 9.03372 1
#17 multiprior TE 1427344 7.13836 1419101 7.12371 4
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D12. Answer opportunities analysis — DKC 12.
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. Average 2A0 Average #A0 . .
BKT model (completge dataset) SD (testing subset) SD Ideal learning path (#A0)
#01 vanilla 13.73554 7.46075 13.74118 7.39233 3
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 8.18182 8.31064 7.98824 8.45928 1
#04 multigs+forgets T 7.30579 8.02895 7.17647 8.19578 1
#05 multilearn T 13.79339 7.47542 13.75294 7.39193 3
#06 multilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#07 nultigs+multileam T 8.18182 8.31064 7.98824 8.45028 1
#08 multigs+tmultileam+forgets T 7.49587 8.07684 7.35294 8.29186 1
#09 multiprior T 16.55372 5.61687 16.51765 5.64128 6
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 8.04132 8.22638 7.94118 8.45345 1
#12 multigs+forgets TE 6.70248 7.80240 6.05882 7.88240 1
#13 multilearn TE 13.73554 7.46075 13.74118 7.39233 3
#14 multilearnt+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigs+multilearn TE 8.09091 8.26942 7.94118 8.45345 1
#16 multigstmultileam+forgets TE 8.52066 8.22304 8.56471 8.25551 1
#17 multiprior TE 16.55372 5.601687 16.51765 5.64128 [
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D13. Answer opportunities analysis — DKC 13.
BKT model Average 2A0 SD Average 7A0 sD Ideal learning path (A 0)
(complete dataset) (testing subset)
#01 vanilla 13.04065 8.21973 13.45349 8.15678 2
#02 vamlla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 12.94309 8.18866 13.38372 8.14309 2
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 13.04065 §.21973 13.45349 8.15678 2
#06 multilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#07 multigstmultilearmn T 13.02439 8.20782 13.43023 8.14073 2
#08 multigs+multilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#09 multiprior T 14.56911 6.97429 14.77907 6.96952 4
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 11.00813 8.22481 11.55814 8.29827 2
#12 multigs+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 13.04065 §.21973 13.45349 8.15678 2
#14 multilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigs+multilearn TE 11.00813 8.22481 11.55814 8.20827 2
#16 multigstmultilearmn+forgets TE 12.62602 8.07384 12.97674 8.08481 2
#17 multiprior TE 14.56911 6.97429 14.77907 6.96952 4
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D14. Answer opportunities analysis — DKC 14.

BKT model Average #AO SD Average #A0 SD Ideal learning path (£A0)
(complete dataset) (testing subset)
#01 vanilla 10.12069 8.18817 10.62963 8.24840 2
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 6.46552 7.80795 6.64198 7.91250 1
#04 multigs+Horgets T 5.73276 7.37016 5.95062 7.50317 1
#05 multilearn T 10.17241 8.21587 10.70370 8.28318 2
#06 multilearn+forgets T 16.18966 6.34914 16.55556 6.16036 20
#07 multigstmultileam T 6.46552 7.80795 6.64198 7.91250 1
#08 multigs+tmultilearmn+forgets T 6.03448 7.63736 6.20988 7.69532 1
£09 multiprior T 11.87931 7.10561 12,38272 7.19473 4
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 6.46552 7.80795 6.64198 7.91250 1
#12 multigsHorgets TE 5.73276 7.37016 5.95062 7.50317 1
#13 multilearn TE 10.18103 8.21938 10.70370 8.28318 2
#14 multilearn+forgets TE 15.50862 6.30320 15.82716 6.28250 5
#15 multigs+multileam TE 6.46552 7.80795 6.64198 7.91250 1
#16 multigstmultilearn+forgets TE 5.89655 7.50116 6.12346 7.64425 1
#17 multiprior TE 11.87931 7.10561 12,38272 7.19473 4
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D15. Answer opportunities analysis — DKC 15.
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Average #AO

Average #A0

BKT model (complete dataset) sD (testing subsef) sD Ideal learning path (£ZA0)
%01 vanilla 9.00000 8.20804 9.70588 8.462356 2
#02 vanillatforgets 9.31148 8.07514 9.78824 8.28811 2
#03 multigs T 6.29508 7.99244 6.85882 8.18558 1
#04 multigs+forgets T 6.01639 7.78533 6.64706 8.05739 1
%05 multilearn T 0.37705 8.14063 10.09412 8.41289 2
#06 multilearn+forgets T 9.61475 8.05708 10.07059 8.30345 2
#07 multigs+multileam T 6.29508 7.99244 6.85882 8.18558 1
#08 multigstmultileam+forgets T 6.15574 7.89499 6.82353 8.18997 1
#09 multiprior T 10.03279 7.62655 10.48235 7.85677 3
#10 multiprior+forgets T 9.70492 7.54676 10.17647 7.74163 3
#11 multigs TE 6.37705 8.00860 6.05204 8.20555 1
#12 multigs+forgets TE 6.29508 7.99244 6.85882 8.18558 1
#13 multilearn TE 9.37705 8.14063 10.09412 8.41289 2
#14 multilearn+forgets TE 9.60656 8.17531 10.11765 8.43379 2
#15 multigstmultilearn TE 6.36885 §.00331 6.94118 8.10894 1
#16 multigstmultileam+forgets TE 6.17213 7.89151 6.84706 8.18318 1
#17 multiprior TE 10.03279 7.62655 1048235 7.85677 3
#18 multiprior+forgets TE 9.70492 7.54676 10.17647 7.74163 3

Table D16. Answer opportunities analysis — DKC 16.

BKT model Average 2A0 SD Average FA0 SD Ideal learning path (2A0)
(complete dataset) (testing subset)
#01 vanilla 15.86885 7.13269 16.15294 6.99065 3
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 13.360066 8.15862 13.60000 8.06698 2
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 15.86885 7.13269 16.15294 6.99065 3
#06 multilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#07 multigstmultileam T 13.36066 8.15862 13.60000 8.06698 2
#08 multigstmultileam+forgets T 20.00000 0.00000 20.00000 0.00000 20
#09 multiprior T 17.16393 5.65007 17.52941 5.40632 5
210 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 13.09836 8.20140 13.38824 8.15781 2
#12 multigs+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 15.86885 7.13269 16.15204 6.99065 3
#14 multilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigstmultilearn TE 13.09836 8.20140 13.38824 8.15781 2
#16 multigstmultileam+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#17 multiprior TE 17.16393 5.65007 17.52941 5.40632 5
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D17. Answer opportunities analysis — DKC 17.

BKT model Average 2A0 SD Average 240 SD Ideal learning path (A0)
(complete dataset) (testing subset)
#01 vanilla 8.39815 7.53551 §.72000 7.72598 3
#02 vanilla+forgets 7.29630 7.80637 7.80000 8.05890 2
#03 multigs T 3.32407 5.74022 3.44000 5.87307 1
#04 multigs+forgets T 3.00000 5.25072 2.98667 5.17659 1
#0585 multilearn T 8.39815 7.53551 8.72000 7.72598 3
#06 multilearn+forgets T 9.06481 7.77039 9.30667 7.95252 3
#07 multigs+multilearn T 3.32407 5.74022 3.44000 5.87307 1
#08 multigs+tmultileam+forgets T 1.71296 311178 1.69333 3.03125 1
#09 multiprior T 12.25000 6.41424 12.46667 6.49809 0
#10 multiprior+forgets T 11.90741 6.47286 12.18667 6.54649 6
#11 multigs TE 4.30556 6.69141 4.74667 7.13024 1
#12 multigs+forgets TE 3.75026 6.20050 4.01333 6.49219 1
#13 multilearn TE 8.39815 7.53551 8.72000 7.72598 3
#14 multilearn+forgets TE 7.97222 8.06684 8.70667 8.35815 2
#15 multigs+tmultileam TE 4.30556 6.69141 4.74667 7.13024 1
#16 multigstmultileam+forgets TE 4.77778 7.00512 5.42667 7.51606 1
£17 multiprior TE 12.25 6.41424 12.46667 6.49809 6
#18 multiprior+forgets TE 11.90741 6.47286 12.18667 6.54649 6

Table D18. Answer opportunities analysis — DKC 19.
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BKT model (“i:;;:tf_"d;:‘n?e N SD [;:‘s;';gg;l;tg) SD Ideal learning path (3A0)
#01 vanilla 12.72566 847396 12,70886 8.55323 2
#02 vanilla+forgets 20.00000 0.00000 20.00000 0.00000 20
#03 multigs T 10.35398 9.05826 10.50633 9.09053 1
#04 multigs+forgets T 20.00000 0.00000 20.00000 0.00000 20
#05 multilearn T 12.72566 8.47396 12.70886 8.55323 2
#06 multilearn+forgets T 20.00000 0.00000 20.00000 0.00000 20
#07 multigstmultileam T 10.35398 9.05826 10.50633 9.09053 1
#08 multigs+multileam+forgets T 20.00000 0.00000 20.00000 0.00000 20
#09 multiprior T 14.69912 7.14503 14.83544 7.09718 4
#10 multiprior+forgets T 20.00000 0.00000 20.00000 0.00000 20
#11 multigs TE 10.35398 9.05826 10.50633 9.09053 1
#12 multigs+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#13 multilearn TE 12.72566 8.47396 12,70886 8.55323 2
#14 multilearn+forgets TE 20.00000 0.00000 20.00000 0.00000 20
#15 multigs+tmultilearn TE 10.35398 9.05826 10.50633 9.00053 1
#16 multigstmultilearn+forgets TE 12.49558 8.78119 12.43038 8.89783 1
#17 multiprior TE 14.69912 7.14503 14.83544 7.09718 4
#18 multiprior+forgets TE 20.00000 0.00000 20.00000 0.00000 20

Table D19. Answer opportunities analysis — DKC 21.

BKT model Average A0 SD Average A0 SD Ideal learning path (£A0)
(complete dataset) (testing subset)
#01 vamlla 7.54386 8.73417 7.65000 8.94300 1
#02 vanillatforgets 8.48246 8.26254 8.66250 8.48221 2
#03 multigs T 6.54386 8.36781 6.76250 8.57025 1
#04 multigsHorgets T 6.33333 §.25658 6.50000 8.42089 1
#05 multilearn T 7.55263 8.74424 7.65000 8.94300 1
#06 multilearn+forgets T 7.87719 8.67520 8.06250 8.89509 1
#07 nultigstmultileam T 6.54386 8.36781 6.76250 8.57025 1
#08 multigstmultileamn+forgets T 6.33333 8.25658 6.50000 8.42089 1
#09 multiprior T 10.77193 7.43828 10.76250 7.58453 4
#10 multiprior+forgets T 11.28947 7.55947 11.05000 7.63553 4
#11 multigs TE 6.54386 8.36781 6.76250 8.57025 1
#12 multigs+forgets TE 6.33333 8.25658 6.50000 8.42089 1
#13 multileamm TE 7.57018 8.76737 7.65000 §.94300 1
#14 multilearntforgets TE 8.36842 8.98697 8.41250 9.12320 1
#15 multigstmultilearn TE 6.54386 8.36781 6.76250 8.57025 1
#16 multigstmultileam+forgets TE 7.34211 8.59700 7.57500 8.79985 1
#17 multiprior TE 10.77193 7.43828 10.76250 7.58453 4
#18 multiprior+forgets TE 11.28947 7.55947 11.05000 7.63553 4

Table D20. Answer opportunities analysis — DKC 23.

BKT model Average #AO SD Average #A0 SD Ideal learning path (#A0)
(complete dataset) (testing subset)
#01 vanilla 9.61458 8.24158 9.61194 8.40987 2
#02 vanilla+forgets 9.63542 8.25019 9.62687 8.42765 2
#03 multigs T 7.98958 8.44486 8.10448 8.62894 1
#04 multigs+forgets T 7.98958 8.44486 8.10448 8.62894 1
#05 multilearn T 9.61458 8.24158 9.61194 8.40987 2
#06 multilearn+forgets T 9.69792 8.22079 9.68657 8.40672 2
#07 multigstmultileam T 7.98958 §.44486 8.10448 8.62894 1
#08 multigstmultileam+forgets T 8.08333 8.52818 8.10448 8.62894 1
#09 multiprior T 10.89583 7.62886 11.11940 7.77822 3
#10 multiprior+forgets T 11.59375 7.15185 11.82090 7.32353 4
#11 multigs TE 7.98058 8.44486 £.10448 8.62804 1
#12 multigs+orgets TE 7.98958 8.44486 8.10448 8.62894 1
#13 multilearn TE 9.61458 8.24158 9.61194 8.40987 2
#14 multilearn+forgets TE 9.67708 8.23663 9.65672 §.42894 2
#15 multigstmultilearn TE 7.98058 8.44486 8.10448 8.62894 1
#16 multigstmultileam+forgets TE §.00000 8.45546 8.11940 8.64366 1
#17 multiprior TE 10.89583 7.62886 11.11940 7.77822 3
#18 multiprior+forgets TE 11.59375 7.15185 11.82090 7.32353 4

Table D21. Answer opportunities analysis — DKC 25.
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BKT model ranking (normalised features, KM estimation based on the testing subset) - DKC
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APPENDIX F

Learning experience questionnaire used for Self-Practice and Controlled Environment for-

mative assessments

Please evaluate your learning experience using a scale from 1 to 7:

1. T do not feel comfortable during

the formative assessments.

2. 1 feel that the formative assess-
ments had a negative impact on my

learning performance.

3. I feel that the formative assess-
ments have not helped me to im-
prove my knowledge of basic pro-

gramming concepts.

4. I would not recommend using for-

mative assessments in the course.

5. I would not recommend using
adaptive formative assessments that

last shorter.

6. I would not recommend using
bonus points in the course based on

formative assessments.

7. 1 would not recommend using
self-practice formative assessments

one day before laboratory exercises.

1

2 345 6 7

157

I feel comfortable during the forma-

tive assessments.

I feel that the formative assessments
had a positive impact on my learning

performance.

I feel that the formative assess-
ments have helped me to improve
my knowledge of basic program-

ming concepts.

I would recommend using formative

assessments in the course.

I would recommend using adap-
tive formative assessments that last

shorter.

I would recommend using bonus
points in the course based on forma-

tive assessments.

I would recommend using self-
practice formative assessments one

day before laboratory exercises.



APPENDIX G

System Usability Scale (SUS) questionnaire

Please evaluate the formative assessment programming environment using a scale from 1 to
5:
1. I think that I would like to use the formative assessment programmingenvi- 1 2 3 4 5

ronment frequently.

2. I found the formative assessment programming environment unnecessarily 1 2 3 4 5

complex.

3. I thought the formative assessment programming environment was easyto 1 2 3 4 5

use.

4. 1 think I would need a technical person’s support to use this formativeas- 1 2 3 4 5

sessment programming environment.

5. I found the various functions in this formative assessment programming 1 2 3 4 5

environment were well integrated.

6. I thought there was too much inconsistency in this formative assessment 1 2 3 4 5

programming environment.

7. I would imagine that most people would learn to use this formative assess- 1 2 3 4 5

ment programming environment very quickly.

8. I found the formative assessment programming environment very cumber- 1 2 3 4 5

some to use.

9. I felt very confident using the formative assessment programming environ- 1 2 3 4 5

ment.

10. I needed to learn many things before I could get going with this formative 1 2 3 4 5

assessment programming environment.
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