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Abstract

Students in an introductory C programming course frequently struggle with code understand-
ing because achieving proficiency requires more than syntactic memorization; it demands a
gradual understanding of abstract code concepts. There exist specific learning models like the
Neo-Piaget framework, according to which novice programmers must base their learning on a
progression of distinct cognitive stages to develop a true programming understanding. This
framework guides student development across three stages of increasing complexity: senso-
rimotor, pre-operational, and concrete operational stages. Guiding students through these
stages typically requires personalized one-to-one interaction, which is often unfeasible in large
educational settings. To address this challenge, Large Language Models (LLMs) are an artifi-
cial intelligence (AI) system that could, in principle, simulate individual tutoring by using their
capabilities in tasks like code generation, debugging, and natural language explanation. How-
ever, the learning by stages proposed by the Neo-Piaget theory is not covered by traditional
AI tools, which are not oriented to identify specific cognitive barriers that prevent the correct
abstraction of student learning.

This thesis proposes an integrated architecture that leverages LLMs and knowledge tracing
(KT) to provide a precise cognitive diagnosis, adaptive remediation, and academic risk predic-
tion. Themethodology involves the sequential use of three components. First, aDiagnostic En-
gine driven by a fine-tuned open-weight LLM that identifies missing programming skills and
classifies student understanding within the Neo-Piagetian stages directly from exercise code
submissions. Second, a Remediation Engine utilizes few-shot prompting techniques to gener-
ate tailored, appropriate exercises based on the student’s actual cognitive level. Finally, a Pre-
dictive Engine uses these enriched diagnostics as inputs for a neural network to forecast the
probability of student exam failure. These three components are then integrated into a func-
tionalweb applicationdesigned toprovide actionable feedback to both instructors and learners.

The results demonstrate that the fine-tuned open-weights model achieved a diagnostic accu-
racyof 74% in cognitive-stage classification, outperforminggeneral-purpose commercialLLMs.
Furthermore, by forcing adherence to the learning framework through prompt engineering,
the system successfully generated stage-appropriate exercises. Consequently, integrating these
precise cognitive labels into the knowledge tracing system improved the prediction of student
outcomes for the first partial exam from a baseline of 67% to 76%. Finally, the proposed system
provides a solution for personalized C programming learning based on a pedagogical frame-
work, with the goal of future real-world classroom deployments to validate its impact on final
exam results.
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1
Introduction

Learning programming is one of the foundational pillars in computer science careers, and in-
troductory programming courses are part of all bachelor degrees. Although various languages
are used to introduce it, the C language is known for requiring students to understand the use
of low-level processes, such as memory allocation and array manipulation, making it a robust
language for a deep understanding of how software interacts with computer architecture. Con-
sequently, the complexity of learningC involvesmany difficulties for a novice programmers [2]
due to the high level of logical abstraction that it requires.
For that reason, learning programming is inherently a cognitive developmental process be-

cause students have to understand increasingly complex coding topics. To master them, stu-
dents are forced to go through distinct stages to acquire skills at different levels. Several learning
models have been proposed in the literature for learning programming, such as theNeo-Piaget
framework, which suggests that learning is achieved by stages of increasing complexity [3]. Ac-
cording to this framework, novice programmers must overcome different cognitive stages be-
fore they can successfully understand advanced and abstract programming concepts. These
stages guide their cognitive development from the sensorimotor stage, where code is perceived
as static text; to the pre-operational stage, where they canmanually trace execution but lack ab-
straction; and finally to the concrete operational stage, where they can understand and abstract
the code purpose [3]. In that way, learners do not stay only in syntax memorization; instead,
they are able to achieve deep conceptual understanding.
Because students progress through these cognitive stages at different paces, a standard class-
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room approach inwhich every student follows the same path is often insufficient. Overcoming
individual cognitive barriers requires highly personalized one-to-one tutoring to guide each stu-
dent through their specific stage, which is often unfeasible in large courses [4]. In order to ad-
dress this limitation, recently Large LanguageModels (LLMs) tools offer opportunities as per-
sonalized tutors for tasks like code generation or natural language explanation. However, their
default behavior often acts as problem solvers by providing students with a complete code solu-
tion rather than guiding them through explanations for true programming comprehension [5].
With the aim of overcoming this gap, this research proposes a tutoring system that integrates
the generative potential ofLLMs andKnowledgeTracing (KT)with the constraints of theNeo-
Piagetian learning framework to create a personalized system that helps students individually
advance beyond each cognitive stage.
For that reason, the main objective of this thesis is to design and implement an autonomous

tutoring system capable of diagnosing cognitive stages, generating tailored exercises, and pre-
dicting the final academic risk. To achieve this, the research is guided by the following research
questions.

• RQ1 (Diagnostic): How accurately can LLMs diagnose a student’s cognitive stage and
missing pre-defined programming skills, within the Neo-Piaget learning framework, di-
rectly from C code exercise submissions?

• RQ2 (Remediation): How effectively do LLMs adhere to the constraints of the Neo-
Piaget learning framework when generating complex and varied C programming exer-
cises?

• RQ3 (Prediction): How does the integration of LLM predicted information on Neo-
Piaget stages into traditional knowledge tracing improve the prediction of academic risk
in C programming courses?

To address these research questions, this project proposes a three-phase tutoring system con-
sisting of a Diagnostic Engine, a Remediation Engine, and a Predictive Engine. Through this
architecture, the research offers the following main contributions to the field of computer sci-
ence education:

• A Neo-Piagetian Skill Framework: The definition of a list of introductory C pro-
gramming topics, where each atomic skill is explicitly mapped to its correspondingNeo-
Piaget cognitive stage.
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• A Manually Annotated Cognitive Dataset: The creation of a dataset based on real
code submissions extracted fromMoodle logs of past programming courses. These his-
torical submissions were manually annotated with specific missing skills and their cor-
responding Neo-Piagetian cognitive stages, establishing the ground-truth data required
for the analysis process of the next engines.

• A Diagnostic Engine: The development of a diagnostic module that uses a fine-tuned
open-weight Large LanguageModel. This engine is able of extracting pedagogical infor-
mation like cognitive stages and missing skills directly from a student’s coding exercise
solution.

• A Remediation Engine: An instructional module that leverages few-shot prompting
to dynamically generate personalized programming exercises, which are strictly adapted
to the diagnosed cognitive stage of the student.

• A Predictive Engine: A Knowledge Tracing model that processes the sequential his-
tory of student interactions enriched with the Neo-Piaget cognitive labels to forecast
the probability of academic failure in final programming examinations.

• An Integrated Educational Platform: The consolidationof the three components into
a fully functional web application designed for practical deployment in real program-
ming classes.

The thesis is structured as follows. Chapter 2 examines the theoretical background, explain-
ing the Neo-Piaget learning framework and its application to this project, and the underlying
machine learning technologies.Chapter 3 presents the proposed integrated educational frame-
work together with the overall system architecture. Chapters 4, 5, and 6 describe the iterative
design, methodological implementation, and experimental results for the three core compo-
nents: theDiagnostic Engine, theRemediation Engine, and the Predictive Engine, respectively.
Chapter 7 reports on the pilot deployment of the integrated web application. Chapter 8 ex-
plains the results obtained and includes information about the pilot deployment of the web
application. Finally, Chapter 9 concludes and summarizes the main contributions, including
directions for future work.
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2
Background

2.1 RelatedWork

The integration of Generative AI, specifically Large LanguageModels (LLMs), into computer
science education has been extensively explored in recent literature [6] [4] [7]. Based on their
natural language generation capabilities, these models have evolved from simple auto complete
tools into interactive educational tutors [8]. Their current applications range from automated
syntaxdebugging and code generation to complete tutorswhocan solvedifferentprogramming
exercises. For that reason, researchers have been investigating the pedagogical potential and its
limitations in the task of guiding students through complex challenges.
One of the most important applications are LLM agents, a combination that leverages long-

term memory for foundational knowledge and short-term memory for real-time interactions
between students and the model [7]. These agents can be divided into pedagogical agents and
domain specific agents. Pedagogical agents automate learning recommendations for teachers
and support students in code generation and error detection; anddomain-specific agentswhich
offer solutions to help students learn very specific topics [7]. However, the use of LLMs in
education has a number of shortcomings, such as hallucinations that present inaccurate infor-
mation as factual, or the critical foundational problem of LLMs: the impediment of students
to generate in-depth learning due to their over-reliance on AI models [9].
A recent study presents an LLM-based chatbot as a platform for both students and profes-
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sors in higher computer science education [10]. Their approach uses Retrieval Augmented
Generation (RAG) to provide the necessary context to the LLM about the class materials, and
aims to generate exercises and solve students questions. In general, this study uses the chatbot
as a complementary material to traditional classes, demonstrating its efficacy with a 88% of ac-
curacy of aligned responses. As reported in the study, students asked themodel to generate the
answer to some exercises and asked for more explanations about it, which could also imply a
lack of deep learning understanding.
Another example of the use of AI as a programming tutor is AI-Lab [11], which is a frame-

work to guide students in tasks such as topic introductions, detailed examples, and debugging
assistance. This study is based on the concept that, by identifying and rectifying coding errors,
students can enhance their learning process. The authors conclude with 54.5% of students us-
ing the framework for homework, but highlight the risks of creating an over-dependence on
generative AI.
Despite these important technological advances, a significant part of current research uses

LLMs primarily as problem solvers rather than as pedagogical agents. Although these models
excel at correcting syntax or generating examples, they exhibit a limitation about the students
dependence of getting direct code solutions instead of a guidance through the learning process
without giving an explicit answer. For that reason, the lack of this tutor guiding constraint is a
gap this thesis aims to overcome: to improve learning understanding through a correct guiding
process based on cognitive barriers instead of just giving direct answers to students.
In order tomitigate the limitations of this unstructuredAI tutoring, several researchers have

attempted to include established educational paradigms in automatedAI systems. For instance,
Mudongo et al. [12] examined how the most common errors in java programming made by
first-year students can bemapped into specific cognitive stages of a well-defined learning frame-
work such as Piaget. The Piaget learning framework in general describes learning as different
cognitive stages that people need to overcome to obtain a complete understanding of a specific
topic [13]. The study proposed by Mudongo et al. [12] show how programming topics can
be successfully adapted to the Piaget framework; however, it does not use any other method to
include the use of generative AI within this framework.
Another example of the use of learning frameworks in programming education is described

by Gluga et al. [14], who mention that a framework can be used as a way to classify materials
used in learning and assessment, and proposes aweb tutorial to categorize assessment tasks into
cognitive labels. This study proves the feasibility of using cognitive stages as class materials to
improve programming learning; however, the authors do not propose a solution to integrate
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the learning framework for the materials of the students.
The authors in Zhang et al. [15] propose a model in which they use LLMs in order to cor-

rect student responses to programming questions based on the SOLOTaxonomy that aims to
classify student responses into four stages. This study shows that GPT-4o achieved high accu-
racy in classifying responses in the simpler stages, but struggled to classify in the upper stages.
Similarly, the study presented by Alidad et al. [16] use Bloom’s taxonomy to generate exercises
for novice programmers depending on each established stage, finding that, in general, LLMs
can generate adequate exercises on each level; however, they do not present a classification of
responses into the learning taxonomy; instead, they measure the alignment of LLMs into the
specified levels.
Although these studies represent a critical step in trying to alignGenerative AI into learning

frameworks, there remains a notable gap in the literature on generating a complete learning
flow constraint to a rigid framework based on real student responses. In particular, few studies
have analyzed the use of LLMs to improve programming learning based on the Neo-Piaget
learning framework which establishes cognitive barriers to understand abstract concepts.
However, identifying these cognitive barriers in the students learning trajectory is insuffi-

cient to guaranty long-term academic success. In order to achieve the complete learning flow
mentioned previously, an educational system should also track how a student evolves and over-
comes these stages across multiple interactions. This time tracking of the student mastery of
programming skills leads to the domain of Knowledge Tracing (KT). Within the field of fore-
casting student performance, the introductory topic of Knowledge Tracing based on deep neu-
ral networks was proposed by Piech et al.[17], who use recurrent neural networks tomodel the
non-linear trajectories of student learning over time.
Some studies have been conducted on the use of knowledge tracking to predict academic

performance. For instance, Amaya et al [18] present a state-of-the-art review on different ma-
chine learning models to implement the tracing of learning trajectories, concluding that the
LSTMmodels have the best accuracy. Going further, Li et al.[19] propose the Teacher Think-
ing Knowledge Tracing model (2T-KT), which uses LLMs to enrich the input of the knowl-
edge graph based on four elements: observation, guideline, interpretation and cognition. This
study concludes that the 2T-KT model can achieve excellent student knowledge tracing per-
formance, but it requires a larger amount of tokens to generate the augmented annotations.
Although this study uses LLMs to provide more information to the model for the prediction
task, these enriched labels are not based on a learning framework or taxonomy that defines
their meaning. Similarly, Scarlatos et al.[20] use the complete interactions between students
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and LLMs as part of the input to the knowledge tracking model to track student knowledge
labels throughout the dialog, concluding that the use of this context information outperforms
traditional binary predictive methods.
Even though the majority of existing Knowledge Tracing architectures still rely on tradi-

tional binary interactions, there exist some studies that try touse enriched labels basedonLLMs
demonstrating that this idea outperforms traditional methods. However, no one of them cre-
ates a structure label that encapsulates the student interactions as input for the model. For
that reason, this project addresses this limitation by integrating rich labels generated by a fine-
tuned LLM that is based on awell definedNeo-Piaget learning framework, thereby feeding the
predictive model with the reasoning behind a failure of a student response.

2.2 Learning Framework

In order to use Large LanguageModels as programming tutors with a pedagogical background,
their interactions must be strictly governed by a well-defined learning framework. This sec-
tion outlines the theoretical foundation that guides the basis of the proposed tutoring system.
First, it explores the Neo-Piagetian learning model, which focuses on categorizing novice pro-
grammers understanding into defined cognitive stages. Second, it studies the Block Model as
a framework for classifying code comprehension on distinct structural elements. Then, this
research proposes a novel integration of both theories to create a unified framework. Finally,
this section details how this integrated framework is translated into exercise typologies and pro-
gramming skills to be the basis for the learning framework that supports the AI models of the
proposed project.

2.2.1 Neo-Piaget Cognitive Stages for Programming Learning

The foundational theory of cognitive development was originally established by the Swiss psy-
chologist Jean Piaget, who proposed that human intelligence evolves through different stages;
especially in child pedagogy due to biological maturation of the brain [21]. In contrast, the
Neo-Piaget theory as mentioned by Lister et al. [13] is a variant of the Piaget theory that does
not focus only on children; instead, it establishes that people regardless of their age progress
through increasingly advanced stages of reasoning as they gain expertise in a specific problem
domain. Based on these theories,multiple studies have been conducted in the field of computer
science education, especially programming teaching, in which the focus is on understanding
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how novice programmers can achieve abstract concepts.
For instance, Lister et al. [3] mention that programming teaching is based mainly on prob-

lem solving, and students who perform poorly in final examinations are due to a lack of skills
prior to problem solving, such as code tracing. Furthermore, the author exposes previous ex-
periments in which another variable emerges: the explain in words task, creating a direct re-
lationship between tracing, explaining, and writing code. These are the premises on how the
Neo-Piaget theory is built.
The Neo-Piaget learning framework used in this project is based on the three-stage model

for mental development applied to programming learning [3] [13]. This model explains the
way novice programmers learn by describing the cognitive stages as follows:

1. Sensorimotor (Pre-Tracing): Students in this stage have a sparse understanding about
the code, without having enough expertise to trace the variables in the code. For that
reason, the author considers that students can perceive code in a different way than pro-
grammers. This means that students basically understand the code as static text and not
as executable code. According to the author, this is due to some reasons: first, students
have commonmisconceptions about simple programming concepts, most of which are
listed in Appendix A of the work presented by Sorva et al. [2]. Furthermore, they do
not understand how computers work, and consequently, they believe that computers
somehow understand what they want.

2. Pre-operational (Tracing): In this stage, students can reliable trace code but do not ab-
stract from it. Thismeans that students perceive the code as a set of variables that change
their values across some code lines. For that reason, when asked about the purpose of the
code, they generate a set of initial values, trace the behavior of those variables, and infer
the objective of the code by comparing the initial and final values of the variables. Con-
sequently, in this stage, students are not well positioned to write code independently.
Finally, the author mentions that the only way to overcome this stage is to trace many
code examples.

3. Concrete Operational (Post-Tracing): In this final stage, students can write well-
designed code because they start to abstract the code and the diagrams they can define.
Asmentioned by the author, themain difference between Pre-operational andConcrete
Operational stages is the way students trace the code, in this third stage, students do not
initialize values for variables when they do tracing, instead they mentally use multiple
possible values. In this stage, students can correctly answer the ”explain in words” ques-
tion in which instead of giving a line-by-line explanation of the code, they summarize
the global objective of it.
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As noted, Lister et al. [3] only present three stages, but the original Piaget and Neo-Piaget
models propose four stages. In this case, the fourth stage is the Formal Operational Stage; how-
ever, this is classified as an expert in the domain, which cannot be considered as a novice pro-
grammer of an introductory course and for that reason is not included in this classification.
Finally, table 2.1 presents a condensed summary with the main features of each of the Neo-
Piaget stages.

Table 2.1: Neo-Piagetian cognitive stages.

Stage Description
Sensorimotor Learners read code as static text anddonot trace its execution.
Pre-operational Learners cannot write code independently but can trace it by

assigning specific values to variables.
Concrete Operational Learners are able to write code as they can form abstractions.

2.2.2 The BlockModel for Programming Comprehension

TheNeo-Piaget framework outlines the stages a learner is expected to overcomewhen learning
programming skills. Based on this idea, a new approach called the Block Model is introduced,
which focuses on clarifying how the structure of the code canbe understood. TheBlockModel
was first introduced by Schulte et al. [1] as a model specialized in learning programming based
on reading code instead of writing it.
This model is structured as a matrix of 3 dimensions and 4 levels, in which each cell repre-

sents an aspect of the learning process [1], the table 2.2 shows the matrix organization.
As explained by Izu et al. [22], the vertical dimensions (A,B,R,M) go from simpler artifacts

in a code, such as atoms that represent basic elements of the code. Then, blocks are sequences
of related assignments; and relationships mean the relations between blocks. Finally, macro-
structure level that represents the complete comprehension of the overall structure of the pro-
gram text. In addition, the horizontal dimension of themodel represents a hierarchy of increas-
ingly complex programming structures. First, the text surface references the code as static text;
then, the program execution level uses code as a dynamic entity; and finally, the function level,
which represents the code as an overall purpose entity. Based on this representation, the block
model can be read upward and rightward with an increase in complexity in each direction [1].
The purpose of using this educational framework was to define learning activities that can

explicitly teach all components of programming comprehension [22]. For that reason, this
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Table 2.2: BlockModel Representation, taken from Schulte et al. [1].

Level Text Surface (T) Program Execution
(P)

Function/Purpose
(F)

(M) Macrostructure Understanding the
overall structure of the
program text.

Understanding the al-
gorithm underlying a
program.

Understanding the
goal/purpose of the
program (in context).

(R) Relationships Relations and refer-
ences between blocks
(e.g., method calls,
object creation, data
access).

Sequence of method
calls, object sequence
diagrams.

Understanding how
subgoals relate to goals
and how functionality
is achieved.

(B) Blocks (Chunks) Regions of Interest
(ROI) that syntacti-
cally or semantically
build a unit.

Operations of a block,
method, or ROI.

Understanding the
function of a block as
a subgoal.

(A) Atoms Language elements. Operation of a state-
ment.

Function of a state-
ment: its purpose is
understood only in
context.

Architecture / Structure Dimensions Relevance / Intention Dimension

multidimensional matrix that categorizes how a programmer reads and understands software
artifacts is a basic element in learning frameworks in computer science.

2.3 Machine Learning Technologies

The previous sections described the learning framework and the theoretical basis that the pro-
posed system will use; in this section, the focus is on describing the specific machine learning
algorithms and architectures used in the practical implementation of the system. Specifically,
it introduces the generative capabilities of Large Language Models, the use of Knowledge Dis-
tillation to increase reasoning abilities, and the predictive power of Long Short-TermMemory
(LSTM) networks. All of these models and where they were used are described in detail in the
methodology section.
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2.3.1 Large LanguageModels and Prompt Engineering

Large LanguageModels (LLMs) are a category of deep learningmodels capable of understand-
ing and generating natural language. They are based on a Transformer architecture which al-
lows them to analyze sequences of words and capture patterns in text. In essence, LLMs are
trained on millions of data and work as statistical prediction machines that continuously pre-
dict the next word in a sequence to generate text [23].
In order for a LLM to generate text, it needs an initial interaction that acts as a clue of what a

user needs; this is called a prompt. Prompt engineering is the practice to structure prompts to
effectively guide generative AI models such as LLMs; for that reason, good prompts generate
good responses [24]. It presentsmultiple techniques in order to improve prompts, one of them
is Few-shot prompting. It is based on providing the AI with some examples to illustrate what
the user final need is, so the LLM will learn from the examples by recognizing patterns that
improve responses [24].
In this project, LLMs are extensively used with prompt engineering to force the models to

follow the constraints of the learning framework; different techniques are applied to obtain the
best responses according to the learning task.

2.3.2 Fine-Tuning and Knowledge Distillation

In general, commercial LLMS have extensive knowledge aboutmultiple topics; however, there
exist some specific needs for which this general knowledge is not enough. This is the case of
specific tasks for a tutoring system constrained by a strict framework. For that reason, a specific
technique called Fine-Tuning is used. Fine tuning is a machine learning technique in which a
general-purpose LLM is trained over a smaller domain specific dataset to improve performance
on a specific task [25].
A limitation of this process is the need for an extensive amount of data for the training pro-

cess. To solve this, Knowledge Distillation is employed; it is a technique where a leadingmodel
with higher reasoning capabilities is used as a ”Teacher”model, to transfer their capabilities into
a smaller model called ”Student” [26]; this is done for example by generating part of the input
dataset from a powerful model.
In this project, fine-tuning was used to specialized an LLM for the learning framework spe-

cific task, and then knowledge distillationwas applied to complete the initial dataset withmore
examples that can improve the fine-tuned model.
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2.3.3 Knowledge Tracing and LSTMNetworks

Knowledge tracing is amodel in which student knowledge during a class is analyzed in order to
predict future overcomes. In this model, historical interactions are modeled using deep learn-
ing techniques such as Recurrent Neural Networks (RNN) because they represent data over
time [17]. Some of the recent techniques implement long- and Short-TermMemory (LSTM)
networks to forecast the final results of the students. LSTM is a model part of RNN designed
to learn over long sequences of data (in this case, students’ interactions) but dealing with the
traditional problem of short memory of RNN. LSTMmodels are based on a unique cell state
with three gates (input, output, and forget) that select which information is retained or forgot-
ten [27].
In this thesis, an LSTMmodel for knowledge tracing is used as part of the proposed tutoring

system to evaluate students’ interactions and predict a final outcome of the course.
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3
Proposed Framework and System

Architecture

This project proposes an architecture that integrates a cognitive diagnosis based on LLMswith
knowledge tracing models through enriched pedagogical labels derived from a Neo-Piagetian
learning framework. Its aim is to analyze how to diagnose the cognitive state of students in
C programming courses using Large Language Models (LLMs) and the Neo-Piagetian frame-
work, in order to generate tailored adaptive exercises that help studentsmaster C programming
skills. This approach creates a learning flow in which, based on coding exercises, the LLMs are
able to determine the most appropriate exercises for each student’s cognitive stage, generating
multiple student-model interactions. In addition, using Knowledge Tracing techniques, these
interactions are translated to neural network inputs with the objective of predicting the risk of
failure on the final exam. This entire learning workflow is finally translated to a web applica-
tion in which students can interact with specialized LLMs in order to master specific C skills
for their programming course.
This chapter details the two foundational pillars of the project: first, the integrated educa-

tional framework that maps programming topics to distinct cognitive stages; and second, the
high-level system architecture that orchestrates the interactions between theDiagnostic Engine,
theRemediation Engine, and the Predictive Engine.
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3.1 Integrated Learning Framework

Based on the theoretical foundations established in the previous chapter, this section intro-
duces the pedagogical core of the proposed system. Recognizing the complementary strengths
of both approaches: Neo-Piaget Model and Block Model, this project proposes an integrated
learning framework that combines the Neo-Piaget stages with the structural precision of the
Block Model. By intersecting these frameworks, it is possible to map exactly what structural
parts of the code a student is capable of understanding based on their current cognitive stage.
To this end, this project uses the analysis proposed by Izu et al. [22] in which the authors

mention that specificprogramming activities designed tomeasure comprehension canbemapped
into the dimensions of the Block Model. According to the authors, three foundational activi-
ties are indicators of a learner’s understanding:

• Tracing Task: defined as following the execution of a program atom by atom. To
successfully perform this task, the learnermust first perceive the code as static text before
understanding its execution. Consequently, mastering a tracing task indicates that the
student has overcome the Text Surface (T) dimension of the BlockModel.

• Explain in your own words Task: this task requires the student to explain in natural
language the purpose of the code, which can be mapped as the Program Execution (P)
and Function/Purpose (F) of the BlockModel.

• Parson Problems: in this task, the correct code is provided to the student but it is bro-
ken into blocks that are not in the correct position, and the task is to arrange the blocks
in the correct order to make the program run successfully. Successfully completing this
activity requires understanding the macro-structure and relations within the code, rep-
resenting the higher-level dimensions of the BlockModel.

As canbe seen, these three tasks canbe easilymapped to theNeo-Piaget stages: sensorimotor,
pre-operational, and concrete operational due to its shared emphasis on tracing, explaining,
and writing code tasks. For that reason, table 3.1 shows a mapping between the Neo-Piaget
stages and their corresponding horizontal dimension of the Block Model. By establishing this
integrated frameworkmainly based on the cognitive stages of Piaget, we are able tomap exactly
which activities and specific tasks a student should be able to do in each stage.
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Table 3.1: Mapping between Neo-Piagetian stages and the BlockModel.

Cognitive Stage Block Model Component
Sensorimotor (Pre-tracing) Text Surface (T)
Pre-operational (Tracing) Program Execution (P)
Concrete Operational (Post-tracing) Function/Purpose (F)

3.2 ExerciseTypologiesDerivedfromthe Integrated
Learning Framework

Once the learning programming model was defined as a combination between Neo Piaget’s
cognitive stages [3] and the horizontal dimension of the Block Model [22], this framework
will be used as part of the experiments with the LLMs in order to generate tailored exercises
according to anprogressive learningmodel forCprogramming. Theuse of themodel is not just
for thedefinitionof the learning stages, but also to generate a list of adequate exercises according
to each stage. For that reason, a list of exercise typologies was created for use, specifically in
5.4.1.
As mentioned in the last section, the foundation of this typology comes primarily from the

study of the Block Model that represents how programming learning can be mapped in hier-
archical steps of increasing complexity [22]. Each block corresponds to a group of cognitive
skills, which leads to a progressive transition from basic syntax to higher-level problem-solving
abstraction. To contextualize this Block structure within a cognitive development framework,
the model was mapped to the three Neo-Piagetian stages: Sensorimotor, Pre-operational, and
Concrete Operational, as defined in [3].
As part of this framework, some works ([28], [29]) were done to explore how learners ac-

quire programming thinking skills according to their cognitive stage. Lister et al. [28] and
López et al. [29] use Neo Piaget’s stages to prepare academic examinations to analyze the per-
formance of their students at the end of an introductory programming course. In these works,
the authors show examples of different exercises used in each stage to validate whether a stu-
dent has acquired a specific stage. For instance, Lister et al. [28] emphasize how a student in a
pre-operational stage will give a line-by-line code explanation instead of an abstraction of the
purpose of the code, as a concrete operational student would do. The authors use exercises
like:

• Trace the valueof a specific variable after the codehasbeen executed for thepre-operational
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stage.

• Explain the purpose of the code for the concrete operational stage.

On the other hand, López et al. [29] give a wider set of exercises for each stage. The work
proposes exercises of the type:

• Match terms with definitions or find syntax errors for the sensorimotor stage.

• Missing lines in the code, where the student is asked to reorder the lines of the code to
have a correct programming structure. This is part of the pre-operational stage.

• Parson problems, which refer to reorder lines of code, again in a pre-operational stage.

• Explain in plain Englishwhat a code does, which is part of the concrete operational stage.

Building on these theoretical foundations, a consolidated list of exercise types was developed
(see Table 3.2). This categorization allows each type of exercise to be explicitly associated with
a cognitive development phase, allowing them to be used as part of the LLMs prompt, with
the objective of generating exercises that are aligned to the intended complexity of the learning
framework.

Table 3.2: Exercise Types Mapped to Neo-Piagetian Cognitive Stages

Exercise Type Cognitive Stage

Identify the parts of a syntax Sensorimotor
Find syntax errors Sensorimotor
Match terms to definitions Sensorimotor

Parson Problems: reorder lines of code Pre-operational
Identify the missing lines in a code Pre-operational
Exception problems (scenarios with null values, memory leaks,
etc.)

Pre-operational

Describe the purpose of the code Concrete Operational
Explain in plain English Concrete Operational
Identify equivalent blocks / Refactor Concrete Operational
Determine redundant code Concrete Operational
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3.3 Topics and Skills

The final step in developing a foundational learning framework is to determine the specific do-
main knowledge required for the system to teach programming in C language. The existing
literature provides various curriculum standards that were used as a basis to create a final list of
topics the proposed system should teach. For instance, the work presented in [30] mentions
the main knowledge areas for computer science education, where the main areas for program-
ming are algorithms and programming languages. However, in order to obtain high precision
in what the system should teach, the general programming topics must be broken down into
atomic skills that can be measured by different exercises.
For that reason, the first task was to define the general topics, which were restricted to the

fundamental concepts typically covered in the first half of a university-level C programming
course (Conditionals, Loops, Arrays, etc.). Then, the atomic skills for each one of the topics
were obtained with the help of an LLM like Claude Sonnet 4.5 and then manually reviewed
together with a university professor teaching the C programming course in order to get a final
list of topics and skills the system will use.
The next step was to map all these skills into a specific Neo-Piaget cognitive stage (sensori-

motor, pre-operational, and concrete operational), with the aim of understanding the exercises
the systemmust propose to overcome each skill based on the previous defined list (see table 3.2).
With this process, the system will indicate to the students the current skill they are practicing
and in which specific cognitive stage they are currently in. In the same way, this process was
performedmanuallywith the review of the expert university professor, table 3.3 shows the final
list of topics and skills considered by the proposed system in this project.

Table 3.3: List of topics and skills, mapped to Neo-Piaget cognitive stages.

Cognitive Stage Skill

Expressions

Sensorimotor S1: Recognize symbols and syntax of an expression.
Sensorimotor S2: Distinguish between operators and operands.

Pre-operational P1: Trace the value and type of arithmetic expressions.
Pre-operational P2: Apply operator precedence and associativity when tracing.

Concrete Operational C1: Combine multiple operators intentionally (e.g., (x + y) / 2.0).
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Cognitive Stage Skill

Concrete Operational C2: Debug expression errors (e.g., wrong precedence, wrong type).
Concrete Operational C3: Refactor expressions for clarity and efficiency.

Logical Expressions

Sensorimotor S1: Recognize logical operators in C (
, ||, !).

Sensorimotor S2: Distinguish logical operators from relational (>, <, ==) and arithmetic
(+, -) operators.

Sensorimotor S3: Recognize that operators have an order of evaluation (precedence).

Pre-operational P1: Predict the Boolean result of logical expressions.
Pre-operational P2: Combine relational and logical operators in tracing.
Pre-operational P3: Trace expressions considering operator precedence.
Pre-operational P4: Compare the result of expressions with and without parentheses.

Concrete Operational C1: Combine multiple relational expressions with
and || correctly.

Concrete Operational C2: Refactor complex conditions into clearer logical expressions.
Concrete Operational C3: Write expressions that rely on correct precedence without unnecessary

parentheses.
Concrete Operational C4: Debug logic errors caused by a misunderstanding of precedence.

Variables

Sensorimotor S1: Identify variable names (identifiers) and basic syntax of declarations.
Sensorimotor S2: Recognize that different data types exist (int, float, char, etc.).
Sensorimotor S3: Identify simple assignment statements (x = 5;).
Sensorimotor S4: Understanding the lifespan of a variable

Pre-operational P1: Trace how variable values change through assignment statements.
Pre-operational P2: Understanding the “algorithm” executed by the C runtime for evaluat-

ing assignments (mostly related to the types of the result of the expression
changes depending on the type of the variable)

Pre-operational P3: Explain how data types affect value storage and type conversion.
Pre-operational P4: Predict program output based on variable value changes and conver-

sions.
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Cognitive Stage Skill

Concrete Operational C1: Write correct assignment statements that update program state mean-
ingfully.

Concrete Operational C2: Choose suitable data types and apply explicit conversions when neces-
sary.

Concrete Operational C3: Manage variable scope and lifetime to avoid conflicts ormemory issues.

Conditionals

Sensorimotor S1:Recognize the basic structure of an if statement.
Sensorimotor S2:Identify keywords related to conditionals: if, else if, else.
Sensorimotor S3:Identify the general syntax pattern of the ternary operator (condition ?

expression1 : expression2).

Pre-operational P1:Trace how a program decides which branch (if, else if, else or nested if)
executes.

Pre-operational P2:Trace how the ternary operator selects between two expressions.
Pre-operational P3:Recognize common logical patterns used in conditions (>, <, ==,

, ||).

Concrete Operational C1:Determine what we know about the state of a program in each branch
and after the execution of an IF statement. For example if(x>0) printf(“yes”)
else printf(¨no”); while we are in the else branch we know that x<=0. After
the if we know nothing about the value of x

Concrete Operational C2:Write syntactically correct conditional statements and nested condition-
als.

Concrete Operational C3:Use the ternary operator to simplify simple conditional expressions.
Concrete Operational C4:Design logical conditions that correctly represent a problem’s require-

ments.
Concrete Operational C5:Debug and refactor conditional statements for clarity and correctness.

Loops

Sensorimotor S1:Identify loop components: initialization, condition, update, and body.
Sensorimotor S2:Distinguish loop keywords (while, for) from other C syntax elements.

Pre-operational P1:Trace a loop step by step to follow variable changes and iteration flow.
Pre-operational P2:Predict the number of iterations for a given simple loop.
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Cognitive Stage Skill

Pre-operational P3:Compare the behavior of while and for loops in simple examples.
Pre-operational P4:Identify errors in simple loop logic (e.g., infinite loop, off-by-one).

Concrete Operational C1:What do we know about the state of the program before, during, and
after the loop?

Concrete Operational C2:Design and write loops that solve simple computational tasks.
Concrete Operational C3:Choose the appropriate loop type (while, for) for different situations.
Concrete Operational C4:Combinemultiple loops effectively (nested loops) to processmulti-level

data.
Concrete Operational C5:Optimize loop structure for clarity and efficiency.

Functions

Sensorimotor S1: Recognize the basic structure of a function in C (return_type
name(parameters) ).

Sensorimotor S2: Distinguish between a function definition and a function call.
Sensorimotor S3: Understand at a conceptual level that a function “does something” and

can “give back a value.”
Sensorimotor S4: Recognize that variables have a scope (inside or outside functions).

Pre-operational P1: Trace how control flows into and out of a function.
Pre-operational P2: Identify and follow parameter passing.
Pre-operational P3: Predictwhat valuewill be returned by a function based on the execution

path.
Pre-operational P4: Recognize and trace variable scope — which variables are visible inside

or outside the function.
Pre-operational P5: Observe the behavior of assert() in verifying conditions at runtime.

Concrete Operational C1: Write and design functions that perform specific, reusable tasks.
Concrete Operational C2: Select appropriate parameter types and return values for modular code

design.
Concrete Operational C3: Decompose complex problems into smaller, well-structured functions.
Concrete Operational C4: Debug and reason about function behavior.
Concrete Operational C5: Understand what a function computes

Pointers
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Cognitive Stage Skill

Sensorimotor S1: Recognize the syntax of pointer declarations.
Sensorimotor S2: Distinguish between a variable and a pointer to a variable in written

code.
Sensorimotor S3: Understanding the meaning of * and & operators.
Sensorimotor S4: Identify constant pointers and pointers to constants as different forms

of declarations.
Sensorimotor S5: Understanding pointer arithmetic.

Pre-operational P1: Trace the value of a pointer and the value pointed to across program
execution.

Pre-operational P2: Predict how& obtains an address and how * dereferences it.
Pre-operational P3: Follow changes in memory state when a pointer is assigned or derefer-

enced.
Pre-operational P4: Trace the value of a pointer when it is passed to a function.
Pre-operational P5: Trace situations involving operator precedence with pointers.
Pre-operational P6: Identify and trace type compatibility issues.

Concrete Operational C1: Write correct pointer declarationswith appropriate types andqualifiers.
Concrete Operational C2: Use &, *, and pointer arithmetic correctly, understanding operator

precedence.
Concrete Operational C3: Choose correct pointer types and ensure type compatibility in assign-

ments and function parameters.
Concrete Operational C4: Debugpointer-related issues such as invaliddereferencing, uninitialized

pointers, and type mismatches.

Arrays

Sensorimotor S1: Recognize the syntax of array declarations.
Sensorimotor S2: Identify that an array has a fixed size and cannot be resized.
Sensorimotor S3: Distinguish array indexing visually.
Sensorimotor S4: Recognize that strings in C are sequences of characters ending in ’\0’.
Sensorimotor S5: Notice that arrays andpointers share similar notation, without implying

equivalence.
Sensorimotor S6: Understand when arrays are cast to pointers (i.e. when used in expres-

sions)

21



Cognitive Stage Skill

Sensorimotor S7: Notice that matrices use multiple brackets indicating “multiple dimen-
sions”.

Pre-operational P1: Trace values inside an array using indices, including boundaries.
Pre-operational P2: Trace what happens when an array is passed to a function.
Pre-operational P3: Trace string operations in memory, including the null terminator.
Pre-operational P4: Trace how character arrays differ from pointers to characters (char s[]

vs char *s).
Pre-operational P5: Trace the layout of multidimensional arrays row-by-row in memory.
Pre-operational P6: Trace matrix access.
Pre-operational P7: Identify out-of-bounds access when tracing.

Concrete Operational C1: Declare and use arrays with correct boundaries and fixed sizes.
Concrete Operational C2: Write functions that correctly receive arrays (via pointers) and manage

length explicitly.
Concrete Operational C3: Use character arrays and string pointers appropriately in typical opera-

tions (copying, iteration, input).
Concrete Operational C4: Understand when arrays behave differently from pointers (sizeof, as-

signment, parameter passing).
Concrete Operational C5: Work with multidimensional arrays and matrices using nested loops

and/or pointer notation.
Concrete Operational C6: Choose between array-based and pointer-based representations de-

pending on the task.
Concrete Operational C7: Avoid common errors: out-of-bounds access, missing ’\0’, incorrect

function signatures.

3.4 System Architecture

The proposed autonomous system is designed to create a bridge between standard program-
ming code submissions and personalized cognitive tutoring. Rather than being just a software
interface, this system is an educational platform which combines three pillars: a data founda-
tion, a core artificial intelligence pipeline, and a scalableweb integration. Initially, a labeled data
set is created in order to train and evaluate AI models. Then, the AI pipeline combines three
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components: first, aDiagnostic Engine that uses specialized LLMs to analyze code submissions
and determine the actual cognitive stage based on a Neo-Piagetian learning framework, based
on predefined skills to each C programming topic. Second, a Remediation Engine that gener-
ates tailored exercises based on the previous cognitive diagnosis, with the aim of helping the
student complete mastery of C programming topics. Third, a Predictive Enginewhich uses all
the interactions between the student and the LLM to create a predictionmodel of the risk that
the student fails the final exam. Finally, all the components are merged into a web application
for future use.

Dataset Preparation: The first pillar of the architecture is the construction of a specialized
dataset. This process begins with the extraction of raw educational logs from theMoodle plat-
form of the introductory programming course of the Bachelor’s Degree in Computer Science
at the University of Padua. Specifically, logs from academic years 2020 to 2023 were utilized
for model training, while the 2023-2024 period was isolated to ensure unbiased evaluation.
To transform these raw XML logs into useful information, the data presents a three-stage

preparation process:

• ManualGroundTruthConstruction: Asubset of real student submissionswasmanu-
ally annotatedwithNeo-Piagetian cognitive stages and specificmissing skills to establish
a high-quality standard.

• Knowledge Distillation: To scale the labeling process to the thousands of remaining
submissions, a knowledgedistillation strategywas employedusing a teachermodel (Claude
4.5 Sonnet) to generate high-quality cognitive labels.

• Synthetic Data Augmentation: To address the inherent class imbalance in educational
logswhere correct submissions often exceedbeginner errors, Sensorimotor andPre-operational
misconceptions were generated to complete the dataset by using a powerful LLM such
as Claude Sonnet. After this process, the generated examples weremanually reviewed to
ensure consistency with the learning framework.

This resulting dataset provides the essential base that allows the system to recognize student
patterns. With this cognitive foundation established, the architecture transitions from static
data to the dynamic instructional workflow. The details of how the dataset was used are de-
scribed in the next chapters.
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The AI Pipeline: The central instructional workflow of the system presents an adaptive
learning loop that triggers the moment a student logs into the web application. As presented
in Figure 3.1, the student initially selects a specific C programming topic (see Section 3.3), and
automatically the system employs an LLM to present an initial global exercise, which is a com-
plete programming problem designed to evaluate all atomic skills of the selected topic. In that
moment, our specialized LLM is triggered in order to analyze the code and evaluate the Neo-
Piagetian stages, output the student current cognitive stage, and the skills the student has mas-
tered or needsmore practice. After that, using the diagnostic output of the last step, the system
calls an LLM again in order to generate personalized exercises for each of the skills that the stu-
dent needs to practice. This is the start of a learning loop in which the LLMgenerates multiple
exercises until the studentmasters the current skill. These exercises presented are based onNeo-
Piagetian techniques to evaluate the specific cognitive stage. Finally, the students will master
all the skills of a specificC programming topic, which represents themoment to continuewith
the next topic in their curricula.

Figure 3.1: General SystemWorkflow for Student interactions.

Beyond real-time exercise remediation and tutoring, the system is structured to continuously
monitor student trajectories. Every interaction within the adaptive exercises loop is stored as a
sequence of rich cognitive labels that contain the current Neo-Piaget stage, the mastered skills,
and the missing skills, which are subsequently fed into the Knowledge Tracing model for its
continuous risk prediction.
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This intelligent workflow represents the brain of the system; however, for it to be accessible
in a classroom environment, it requires a functional interface and a reliable infrastructure.

Web Application Integration: From an architectural perspective, the platform operates
through aweb application based on a client-servermodel that ensures real-time interaction, not
only for students but also for professors and tutors. It uses React to build the front end and
Python for the back end. As shown in Figure 3.2, the backend part uses FastAPI as a frame-
work to orchestrate the workflow requests from the client side. In addition, the application
uses Firebase Authentication and Firebase Database to store the users and their interactions in
the tutoring system. In the same way, this orchestration allows the system to connect with the
LLMs that are currently running in theUniversity of Padua’s cluster through the use of vLLM
as a fast library for model inference [31].

Figure 3.2: Proposed System Architecture

Thefinal systempresents twodashboards. The student dashboardpresents all topics that are
part of the programming course curriculum. In each topic, the system proposes an interactive
chat connected to the LLMs to generate practice exercises as described in the workflow section;
see Figure 3.3.
On the other hand, as shown in Figure 3.4, the professor dashboard presents the main statis-

tics on students’ interactions, as well as each student’s predicted risk. In addition, the professor
is able to see all the interactions made by the students.
Based on this architecture, the next sections present the technical implementation and the

artificial intelligence mechanisms used to create the three engines of the main system.
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Figure 3.3: Student Dashboard of the proposed System.

Figure 3.4: Professor Dashboard of the proposed System.
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4
The Diagnostic Engine: Iterative Design and

Evaluation

This chapter details the architecture and iterative development of theDiagnostic Engine, which
is responsible for identifying students’ missing skills based on their code submissions. Moving
beyond standard exercise grading likepass or fail, this engine leverages the integratedNeo-Piaget
learning framework discussed before to provide a complete diagnosis of a student’s current
understanding. This diagnosis is based on three main elements: the current cognitive stage,
the skills the student has mastered, and the ones that the student needs to improve.
To achieve an accurate diagnostic tool, the engine began by using a prompt engineering pro-

cess structured into iterative phases, starting from a foundational baseline prompt. Then, to
obtain more advanced reasoning, a fine-tuning strategy was proposed. During the iterative
phases, the architectures were analyzed using qualitative and quantitative metrics over differ-
ent commercial and open-weight models like: GPT-5, Gemini 2.5-Flash, Claude Sonnet 4.5,
GPT-OSS-20b, among others.
This chapter sequentially presents the methodological design and the corresponding experi-

mental results for each development phase. This structure is designed to demonstrate how the
quantitative limitations observed in early iterations motivated the architectural enhancements
of the subsequent models.
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4.1 Quantitative Evaluation Strategy

In order to evaluate the efficacy of Large Language Models in the diagnosis of missing and
mastered skills, as well as the cognitive stage, this strategy aims to determine if those models
could accurately diagnosewhy a student failed in a programming exercise, mapping their errors
to specific Neo-Piagetian stages, and if the models could determine the final cognitive stage in
which the student currently is. To achieve statistical validation, this evaluation follows a four-
step pipeline.

• Construction of the ground-truth dataset.

• Manual labeling of the skills evaluated for each exercise in the dataset.

• Construction of the hybrid ground-truth dataset.

• Evaluate the efficacy of LLMsby comparing their responses to those of the ground-truth
dataset.

Phase 1 - Construction of the ground-truth dataset: The first step of this large-scale evalu-
ation is the construction of the ground-truth dataset, which was built using a hybrid approach.
We began by analyzing theMoodle Logs of the Programming Course for the bachelor’s degree
in Computer Science at the University of Padua, which were provided by the faculty. These
logs have information on homework, VPL (Virtual Programming Laboratories) assignments,
and some tests taken from previous years (2020-2021, 2021-2022, 2022-2023, 2023-2024).
The logs contain data on real programming exercises in the C language and real students’

responses, which provided authentic information with the potential to reflect actual learning
curves. From this point on, a Python script was developed to read the XML files of the logs
and extract information about some of the exercises and answers. In this way, multiple files
with information about the exercise metadata (title, base code, among others) and multiple
answers with the following information were obtained: student ID, answer code, and grade.
Once we have the list of exercises, they were manually categorized according to the topic each
was evaluating.
This was done to get exercises for each of the topics defined in Section 3.3, obtaining a total

of 27 exercises and 229 students’ answers as described in Table 4.1, the topics not included in
the table were not present in the Moodle Logs exercises because the exercises were selected to
evaluate a single topic.
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Table 4.1: Exercises obtained byMoodle Log Analysis

Topic # Exercises # Answers

Expressions 0 0
Logical Expressions 0 0
Variables 2 17
Conditionals 3 23
Loops 9 72
Functions 2 18
Pointers 0 0
Arrays 11 99

Total 27 229

Phase 2 - Manual labeling of the skills evaluated: The second step was to manually label
the skills each exercise from theMoodle logs was evaluating, and then define the skills each an-
swerwasmastering ormissing; as therewas not amassive dataset, the skills labelwere performed
manually. The process was carried out using the topics and skills described in Section 3.3. At
the end of this process, two datasets were created: one defines the metadata for the exercises,
and the other defines the skills associated with each answer. The information of each one is
presented in Table 4.2.

Table 4.2: Ground-truth Datasets for Large-Scale Evaluation

Exercises
Metadata
Dataset

EXERCISE_ID
TOPIC
SOURCE
TITLE
BASE_CODE
EVALUATED_SKILLS

Students’
Answers
Dataset

EXERCISE_ID
USER_ID
GRADE
ANSWER_CODE
MASTERED_SKILLS
MISSING_SKILLS
COGNITIVE_STAGE
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Phase 3 - Construction of the hybrid ground-truth dataset: The third step of this evalu-
ation was to complete the current dataset with synthetic exercises generated by an LLM. This
process aimed to ensure the dataset was complete enough to evaluate every possible cognitive
stage and missing or mastered skill. This allowed us to simulate ”bad student” personas by ask-
ing the LLM to introduce logic errors. To do so, the model Claude Sonnet 4.5 was used to
generate 17 programming exercises and a total of 182 students’ answers, divided into the top-
ics explained before. As shown in Table 4.3, exercises for the Loops and Arrays topics were not
generated because there was enough with the ones obtained fromMoodle Logs.

Table 4.3: Exercises generated by Claude Sonnet 4.5

Topic # Exercises # Answers

Expressions 4 40
Logical Expressions 4 40
Variables 2 24
Conditionals 1 18
Loops 0 0
Functions 2 20
Pointers 4 40
Arrays 0 0

Total 17 182

Some research on using LLM-generated presents the use of simulated student profiles to
generate responses to multiple-choice questions by defining the list of knowledge components
that the student has mastered, has confusion about, or has no evidence of knowledge of [32].
This research paper found that the generative students proposed by the LLMproduced logical
responses that were aligned with their profiles. Using the same approach, multiple students’
simulations were used as part of the ground-truth dataset [32].
The process of generating synthetic exercises and answers was done using two prompts. The

first prompt (see figure 4.1) was used to ask the LLM to generate a certain number of exercises
on a specific topic; in this case, the prompt includes the Neo-Piaget stages, as well as the set of
skills for that topic. The prompt also asks the LLM to specify the set of skills the exercise is eval-
uating to be in agreement with the information required in the exercise’s dataset. The second
prompt (see figure 4.2) was aimed at generating customized responses for a specific exercise, as
well as themastered andmissing skills. In the sameway, this prompt uses theNeo-Piaget Stages
information and the list of skills evaluated by each exercise.
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Generate Exercises Prompt for Ground-Truth dataset

System Role: You are an expert programming tutor helping beginners understand C program-
ming. Your task is to create {num_exercises} new non-trivial C programming exercises aligned
with a specific topic, a set of skills, and a Piaget cognitive stage.

Input:
Topic: {topic}

Piaget Cognitive Model: The model follows three learning stages.
1. Sensorimotor – Students recognize syntax and structure but do not yet reason about how
program flow works.
2. Pre-operational – Students trace and interpret the code’s execution but struggle with abstrac-
tion.
3. Concrete-operational – Students understand the abstract logic and can apply the topic in
problem-solving.

Target Skills: You must use the following skills. {skills}

Task: Generate exercises that satisfy the following conditions.
- The exercise must be explicitly designed to evaluate all the target skills of the specific topic.
- Do not use other topics or skills outside the given list.
- Ensure the problem is non-trivial and requires understanding of the topic and skills.
- Evaluate all the skills in a balanced manner.
- Include a clear and short problem statement; do not be verbose and do not ask explanation
questions.
- The exercise type must be a programming problem that requires writing C code.
- Write the complete, syntactically correct C code for the optimal solution.

Output (Strict JSON Format for each generated exercise):
{
"exercise_id": "e.g. L1_01_POWER_FUNC",
"theme": "[Value from Input]",
"title": "[Value from Input]",
"problem_statement": "[The generated C programming problem statement]",
"base_code_template": "[Complete, correct C code with the main
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function]",
"skills_evaluated_ground_truth": "[Comma-separated list of REQUIRED
skill IDs (e.g., S1,P1,C2,C4), NO SPACES]"
}

Figure 4.1: Generate Exercises Prompt for Ground-Truth dataset.

Generate Answers Prompt for Ground-Truth dataset

System Role: You are an automated Cognitive Error Simulator for a C programming edu-
cational application. Your task is to generate simulated student responses based on a specific
exercise and a provided optimal solution. You must deliberately introduce programming flaws
that reflect a lack of specific cognitive skills following a Piaget stages model.

Piaget Cognitive Model: The model follows three learning stages.
1. Sensorimotor – Students recognize syntax and structure but do not yet reason about how
program flow works.
2. Pre-operational – Students trace and interpret the code’s execution but struggle with abstrac-
tion.
3. Concrete-operational – Students understand the abstract logic and can apply the topic in
problem-solving.

Input:
Exercise: {exercise}
Topic: {topic}
Skills to Evaluate: {skills}
Optimal Solution: {solution}

Objective: Generate 10 distinct student responses for the given exercise, divided into two failure
pools.
- Generate 4 answers where the student is missing a random subset of the pre-operational skills
and therefore the concrete-operational skills. In this pool the sensorimotor skills are mastered.
- Generate 4 answers where the student is missing a random subset of the concrete-operational
skills. In this pool the sensorimotor and pre-operational skills are mastered.
- Generate 2 answers where the student has mastered all skills.
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Task: For each answer perform the following.
- Produce a realistic student response.
- Ensure the mistakes directly reflect the missing skills.
- Mark all remaining skills as mastered.
- Vary the errors across answers; do not repeat patterns.
- For each response, randomly select a few unique skills from the designated pool to mark as
missing_skills.

Output Format (Strict JSON):
[

{
"exercise_id": "{exercise_id}",
"student": "1234",
"grade": "[Grade for the answer between 0-100]",
"answer_code": "<answer text>",
"mastered_skills": "[Comma-separated list of mastered skill IDs (e.g.,
S1,P1,C2,C4), NO SPACES]",
"missing_skills": "[Comma-separated list of missing skill IDs (e.g.,
S1,P1,C2,C4), NO SPACES]"
},
{
"exercise_id": "{exercise_id}",
"student": "1234",
"grade": "[Grade for the answer between 0-100]",
"answer_code": "<answer text>",
"mastered_skills": "[Comma-separated list of mastered skill IDs (e.g.,
S1,P1,C2,C4), NO SPACES]",
"missing_skills": "[Comma-separated list of missing skill IDs (e.g.,
S1,P1,C2,C4), NO SPACES]"
}
]

Figure 4.2: Generate Answers Prompt for Ground-Truth dataset.

After this hybrid process to generate the ground-truth dataset, it was made up of 44 program-
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ming exercises and 411 student submissions as described in Table 4.4. Finally, a CSV file was
obtained with the exercises and answers for each. This was then converted to a JSON file orga-
nized by exercise ID and its corresponding answers.

Table 4.4: Final number of Exercises for the Ground-Truth dataset

Topic # Exercises # Answers

Expressions 4 40
Logical Expressions 4 40
Variables 4 41
Conditionals 4 41
Loops 9 72
Functions 4 38
Pointers 4 40
Arrays 11 99

Total 44 411

Phase 4 - Evaluate the efficacy of the LLMs: The fourth step of this process is to apply the
evaluation strategy to all iterative methods of the Diagnostic Engine. To evaluate the efficacy
of the model and its architecture, the results presented by the LLMs must be compared to the
ground-truth dataset in order to determine how well the LLMs answered. This is done by
comparing the 411 students’ submissions diagnosis between those from the ground-truth and
those from the LLM responses. Specifically, the processmeasures the accuracy of themodels in
determining the cognitive stage, missing, and mastered skills, creating an analysis of the results
based in two areas: cognitive stage classification as general performance and skill granularity
evaluation.
To formalize this comparative analysis, a set of classification metrics was employed, computed
using the True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives
(FN) derived from a ConfusionMatrix:

• Confusion Matrix: Serves as the foundational tabular representation of the model’s
predictions versus the actual ground-truth labels. This metrics allows for a detailed visu-
alization of the correct and incorrect classifications across the different cognitive stages
of the Neo-Piaget framework.

• Accuracy: Measures the overall proportion of correct predictions out of the total sub-
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missions evaluated, establishing the baseline performance used to compare the models.

Accuracy =
TP+ TN

TP+ TN+ FP+ FN

• Precision: Evaluates the exactness of themodel, specifically the proportion of true posi-
tive diagnoses among all instances the model predicted as positive. This metric is crucial
because it ensures the model does not flag skills as mastered when they are not.

Precision =
TP

TP+ FP

• Recall (Sensitivity): Measures the completeness of the model, representing its ability
to correctly identify all actual positive instances. In this context, it is essential to ensure
that the model detects all the skills that are really missing.

Recall =
TP

TP+ FN

• F1-Score: Provides the harmonic mean of Precision and Recall. It offers a balanced
evaluationmetric that is useful for addressing the class imbalances present in the dataset.

F1-Score = 2× Precision× Recall
Precision+ Recall

This evaluation pipeline is the base for measuring the performance of the iterative design archi-
tecture of theDiagnostic Engine, and it is useful to compare howwell a model performs on the
specific diagnosis task using the Neo-Piaget learning framework.

4.2 Baseline Prompt forMissing Skills Diagnostic

This section explores the first iteration of the diagnostic component. The following subsec-
tions detail the methodological design of the baseline prompt and its experimental results,
which establish the initial performance evaluation of the system.

4.2.1 Methodology Design and Implementation

The initial phase of theDiagnostic Engine involved the development of a baseline prompt that
tries to explore the ability of Large Language Models (LLMs) to perform cognitive diagnosis.
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The primary objective of this baseline promptwas to evaluate howwell a general-purpose LLM
can identify the mastered and missing skills of a specific topic in C programming and their
corresponding Neo-Piagetian stages, based only on a code submission.
As a preliminary qualitative experiment to assess how well the models perform overall if used
”as is” for a complete tutoring session, a full interaction was tested. In this scenario, the model
is asked to generate a complete and complex exercise on a specific C programming topic, wait
for the student’s answer, and then identify the errors the student made. Those errors are then
mapped to each skill provided to the model, which also corresponds to a Neo-Piaget stage ac-
cording to the teaching cognitive model. In that way, the model can identify the missing and
mastered skills and the cognitive stage at which the student is currently at.
Based on this, the prompt presented in Figure 4.3 was designed with the following characteris-
tics:

• The model employs a concise description of the Neo-Piaget cognitive model.

• The model utilizes a list of skills for a specific topic in C programming, where each
atomic skill belongs to one Neo-Piaget stage, refer to section 3.3.

• The first task is to generate an exercise and determine the level of understanding of the
student through its submitted solution, so that it can evaluate the submission of the
code.

• When all skills are mastered, the LLM provides some recommendations for refactoring
or coding best practices.

However, to rigorously evaluate the diagnostic task and isolate it from the exercise generation
task, the specific quantitative evaluation is also described in the results section. This task was
done by directly providing the LLMwith predefined code solutions.

Baseline Prompt for Cognitive Framework Diagnostic

System Role: You are an expert programming tutor helping beginners understand {topic} in C
programming. Your goal is to help students master the topic of {topic} in C by assessing their
current skill level using Piaget’s cognitive development stages.

Cognitive Model (Piaget): Students may be at one of the following stages:
1. Sensorimotor – Students recognize syntax and structure but do not yet reason about how
program flow works.
2. Pre-operational – Students trace the code’s execution but struggle with abstraction.
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3. Concrete-operational – Students understand the abstract logic and can apply the topic in
problem-solving.

Skills for the Topic: Each skill is mapped to one of the Piaget’s three stages. {skills}

Instructions:
- Create a complex and comprehensive exercise involving {topic} in C.
- Use the Piaget model to analyze the student’s cognitive stage upon their response.
- Identify missing skills based on the student’s answer.
- After analyzing a student’s submission, validate your assessment in 1–2 lines.

Teaching Instructions:
- Begin with a friendly introduction, stating your goal and that you will assess their understand-
ing of {topic} using Piaget’s model.
- Present the exercise to the student and wait for the student’s answer.
- Analyze the answer and assess the student’s cognitive stage and any missing skills.
- Report the identifiedmastered skill(s), themissing skill(s), current cognitive stage, and a concise
explanation of your reasoning.
- If all the skills are mastered, offer the student recommendations about refactoring for efficiency
and best practices.

Figure 4.3: Baseline Prompt for Cognitive Framework Diagnostic.

4.2.2 Baseline Results

To evaluate the efficacy of the previously described architecture, the baseline promptwas tested
using fivemodels: ChatGPT (GPT-5), Gemini 2.5 Pro, Claude 4.5 Sonnet, Llama 4, andGPT-
OSS-20B. The evaluation process begins with a qualitative analysis of the reasoning capacity of
each LLM, which was divided into two distinct scenarios.

1. Error-Injected Submissions:Models were presented with flawed code answers to mea-
sure their ability to correctly identify missing skills and diagnose a lower cognitive stage.

2. Error-Free Submissions (Perfect exercise): The models were presented with optimal
code answers to assess their precision, specifically testing if they could recognize fully
mastered skills without hallucinating false positive errors.
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The qualitative observations for each model under these conditions are detailed below:

ChatGPT (GPT-5): GPT demonstrates a solid starting point by explaining the cognitive
model. However, the generated exercise is relatively simple compared to those produced by
other models, which indicates that this exercise is not good enough to measure all skills. In
terms of the result, its reasoning regarding missing skills is coherent and consistent; the overall
depth of explanation is not as detailed as in other systems. In the “perfect exercise” scenario,
GPTcorrectly recognizes that the student hasmastered all the target skills but does not propose
specific examples of code refactoring or good programming practices that could extend the
learning. 1

Gemini 2.5-Flash: Gemini provides an excellent introduction, clearly explaining the role of
the model and the learning framework. The initial exercise is well-constructed and cognitively
appropriate, with a large complexity, trying to use all the skills. In the results, the identification
of missing skills is both accurate and reasoned in a pedagogical way, with in-depth analysis of
each skill. In the “perfect exercise” case, Gemini stands out by not only confirming themastery
of all skills but also providing thoughtful recommendations and best practices that reinforce
the quality of the code. 2

Claude (Sonnet 4.5): Claudebeginswith a strong introduction, explainingwell the teaching
model and the corresponding skills. Its proposed exercise ismore comprehensive and integrates
all the skills. Additionally, the model accurately places the learner within the Neo-Piagetian
framework and offers a detailed explanation of missing skills. Claude clearly examines every
skill in the ”perfect exercise” scenario and makes specific suggestions that are pertinent to the
assignment. In general, Claude exhibits themost complete behavior among all testedmodels. 3

Llama 4 (llama-4-scout-17b-16e-instruct): AlthoughLlama 4has a strong start, it does not
provide a detailed explanationof the learningmodel’s cognitive phases. Its exercises remain very
basic, showing limited alignment with the cognitive progression of the learning framework.
On the positive side, the model provides an adequate analysis of mastered and missing skills,

1Complete interaction for the GPT-5 experiment can be accessed at https://drive.google.com/drive/
folders/1GZTDBvXiBLuoQlfA_5mAeJLtWnB06NIb?usp=sharing.

2Complete interaction for the Gemini2.5-Flash experiment can be accessed at https://drive.google.
com/drive/folders/1n3wn6NY5iq18-W2-R69w-gbxnyGxh12j?usp=sharing.

3Complete interaction for the Claude Sonnet 4.5 experiment can be accessed at https://drive.google.
com/drive/folders/1dOrKOcxLaZAV6uCKTeQDh5NZ3IKZ_0tm?usp=sharing.
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along with constructive recommendations at the end-of the task. Nevertheless, it incorrectly
concludes that the student still lacks certain skills from the concrete operational stage in the
”perfect exercise” scenario. 4

GPT-OSS (gpt-oss-120b): GPT-OSS starts with a clear and accurate explanation of the
teachingmodel and presents an exercise of higher complexity than othermodels. Its analysis of
missing skills is precise and supports learning by providing the correct final version of the code
requested. However, the learner’s cognitive stage is explained in less detail, and it could use
some additional clarification. GPT-OSS excels in the ”perfect exercise” scenario, specifically ac-
knowledging skill mastery and adding contextually relevant examples of code refactoring and
best practices to its feedback. 5

In conclusion, thequalitative analysis shows thatGemini 2.5-Flash andClaudeSonnet 4.5both
give the best performances and both give useful feedback. GPT-OSS also works very well, espe-
cially when it comes to taking technical feedback into account. GPT-5 does not havemuch ana-
lytical depth or flexibility. On the other hand, Llama 4 struggles in understanding the cognitive
model and complexity of the task. The strengths andweaknesses of themodels are summarized
in Table 4.5.
Although qualitative observations provided valuable information on the reasoning capabilities
of each LLM, this analysis is not sufficient to validate their Neo-Piaget diagnostic reliability.
To complement these findings, a quantitative analysis was conducted following the evaluation
methodology defined in Section 4.1. This evaluation process is based on, using the same ex-
ercises, comparing the responses of the LLM to the ground-truth diagnosis; thus, the models
were tested using metrics such as accuracy, precision, recall and F1-Score to analyze the overall
accuracy of the models to detect missing and mastered skills, as well as their classification accu-
racy of the Neo-Piaget cognitive stages. This evaluation process was performed for each one of
the tested models as presented subsequently.

Gemini 2.5 - Flash: Thismodel demonstrated amoderate ability to classify students into the
correct Neo-Piaget stage. It achieves an accuracy of 65.21% and a weighted F1-score of 63.47%
between all topics when detecting the final cognitive stage. The highest reliability was observed

4Complete interaction for the Llama 4 experiment can be accessed at https://drive.google.com/drive/
folders/1jARQrWGJoOZ301ev4cb--rXu0m9WGF_G?usp=sharing.

5Complete interaction for theGPT-OSS-120b experiment can be accessed at https://drive.google.com/
drive/folders/1jTY2-VsbBEEHuUn7FNhIT4eonXJa1y9U?usp=sharing.
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Table 4.5: Strengths andWeaknesses of the Models in Identifying Missing Skills Test

Model Strengths Weaknesses

GPT-5 Demonstrates coherent reasoning
about missing skills.

The proposed exercise is overly sim-
ple and lacks depth compared to
other models.

Gemini 2.5 Flash Exercises are complex, identifiesmiss-
ing skills accurately and provides rich
feedback.

-

Claude Sonnet 4.5 Provides the better output. Inte-
grates all skills coherently and pro-
vides detailed, context-relevant rec-
ommendations.

-

Llama 4 Scout 17B - Exercises are too basic and it incor-
rectly identifies missing skills in the
“perfect exercise” scenario.

GPT-OSS 120B Generates exercises of high complex-
ity and precise analysis of missing
skills.

-

in the Pointers topic with an accuracy of 75%. This suggests that the model is particularly
effective at isolating misconceptions and structural errors related to more complex memory
management concepts. The values are presented in Table 4.6 and Figure 4.4.

Table 4.6: Quantitative Evaluation for Gemini 2.5 Flash Model - Metrics by Cognitive Stage

Topic Accuracy F1-Score

Total All Topics 0.6521 0.6347
Expressions 0.5750 0.5333
Logical Expressions 0.6750 0.6192
Variables 0.6341 0.5919
Conditionals 0.6341 0.6740
Loops 0.6806 0.6550
Functions 0.4474 0.4301
Pointers 0.7500 0.6860
Arrays 0.7071 0.6975

By analyzing the confusionmatrix (see Figure 4.5) it is demonstrated that while the model gen-
erally avoids diagnosing higher stages for low-level errors, it tends to make more classifications

40



Figure 4.4: Accuracy for Baseline Prompt in Gemini 2.5-Flash Model

into the Pre-operational stage, which means it is underestimating the number of students at
the Concrete Operational level.

Figure 4.5: ConfusionMatrix for Baseline prompt in Gemini 2.5 Flash Model

In addition, a multi-label analysis of individual skills was performed in order to identify the
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concrete strengths and weaknesses of the model. Table 4.7 shows the metrics for each topic,
considering the analysis of identified missing and mastered skills.

Table 4.7: Quantitative Evaluation for Gemini 2.5 Flash Model - Metrics by Skill (MI: Missing Skills, MA: Mas-
tered Skills

Topic Accuracy Precision Recall F1

MI-Expressions 0.807 0.861 0.585 0.697
MA-Expressions 0.836 0.840 0.908 0.873
MI-Logical Expressions 0.748 0.690 0.301 0.419
MA-Logical Expressions 0.777 0.785 0.938 0.855
MI-Variables 0.803 0.673 0.343 0.454
MA-Variables 0.805 0.811 0.940 0.871
MI-Conditionals 0.840 0.758 0.595 0.667
MA-Conditionals 0.834 0.833 0.837 0.835
MI-Loops 0.874 0.628 0.623 0.626
MA-Loops 0.874 0.905 0.899 0.902
MI-Functions 0.729 0.544 0.439 0.486
MA-Functions 0.718 0.743 0.799 0.770
MI-Pointers 0.783 0.771 0.430 0.552
MA-Pointers 0.790 0.804 0.911 0.854
MI-Arrays 0.859 0.527 0.552 0.539
MA-Arrays 0.846 0.841 0.760 0.799

First, we analyzed the performance of identifying skills as missing skills, as shown in Figure
4.6, and the model has a precision of almost 100% in all skills of the sensorimotor stage. How-
ever, depending on the topic and the specific skill, the model presents some problems. For
instance, skill C2 of the Logical Expressions Topic has an accuracy of 57.5%, which indicates
that the model misses half of all real errors. This is also supported by the low recall percent-
age of the missing skills in this topic, which indicates that the LLM is not doing a good job of
recognizing the missing skills, i.e., the errors made by the students. In contrast, skills from the
Pre-operational stage (P #) have an accuracy of more than 70%, which means that the model
can correctly evaluate whether a tracking skill is missing in an answer.
Analysis of skill mastery revealed that this validation is generally greater thanmissing diagnoses.
For example, almost all skills of all topics have an accuracy greater than 60%, except for the skill
C5 of the function topic, which means that it is generally difficult to detect if it is mastered or
even present in the exercise (see Figure 4.7).
In conclusion, thismodel demonstrates significant potential as a programming tutor, achieving
a 65.21% of reliability in classifying the overall learning stage, with the Pre-operational stage as
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Figure 4.6: Accuracy and F1-score byMissing Skill for Baseline Prompt in Gemini 2.5 Flash Model.

Figure 4.7: Accuracy and F1-score byMastered Skill for Baseline Prompt in Gemini 2.5 Flash Model.

the best validation (see Figure 4.8). In general, themodel’s greatest strength is the basic pattern
recognitionof Sensorimotor Skills, but itsmajor flaw is indetermining correctlywhen a student
is effectively in an advanced skill, especially when this Concrete Operational skill is related to
debugging or refactoring tasks.
GPT-OSS (gpt-oss-120b): This model demonstrated a moderate ability to classify students
into the correct Neo-Piaget stage. It achieves an accuracy of 63.26% and a weighted F1-score
of 61.30% between all topics when detecting the final cognitive stage. The highest reliability
was observed in the conditionals topic with an accuracy of 70.73%, suggesting that this model
is better in this topic compared to the Gemini 2.5-Flash Model. The values are presented in
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Figure 4.8: Stage Distribution for Baseline Prompt in Gemini 2.5 - Flash Model.

Table 4.8 and Figure 4.9.

Table 4.8: Quantitative Evaluation for GPT-OSS-120bModel - Metrics by Cognitive Stage

Topic Accuracy F1-Score

Total All Topics 0.6326 0.6130
Expressions 0.5750 0.5810
Logical Expressions 0.6500 0.6039
Variables 0.6098 0.5589
Conditionals 0.7073 0.7236
Loops 0.6667 0.6169
Functions 0.6316 0.5617
Pointers 0.6500 0.6319
Arrays 0.5960 0.6111

By analyzing the confusion matrix (see Figure 4.10), it is demonstrated that the model tends
to do a good job diagnosing the higher stages (Concrete Operational Stage). Compared with
the Gemini 2.5-Flash model, it does not tend to estimate a higher number of students at the
Pre-operational level.
Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
Table 4.9 shows the metrics for each topic, considering the analysis of identified missing and
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Figure 4.9: Accuracy for Baseline Prompt in GPT-OSS-120bModel

Figure 4.10: ConfusionMatrix for Baseline Prompt in GPT-OSS-120bModel

mastered skills.
First, we analyzed the performance of identifying skills as missing skills, as shown in Figure
4.11. The table shows the metrics for each topic, considering the analysis of the identified
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Table 4.9: Quantitative Evaluation for GPT-OSS-120b Model - Metrics by Skill (MI: Missing Skills, MA: Mas-
tered Skills

Topic Accuracy Precision Recall F1

MI-Expressions 0.768 0.647 0.849 0.735
MA-Expressions 0.775 0.899 0.718 0.799
MI-Logical Expressions 0.668 0.469 0.737 0.573
MA-Logical Expressions 0.668 0.861 0.625 0.725
MI-Variables 0.716 0.436 0.630 0.515
MA-Variables 0.721 0.859 0.717 0.782
MI-Conditionals 0.825 0.652 0.744 0.695
MA-Conditionals 0.812 0.878 0.727 0.795
MI-Loops 0.724 0.366 0.861 0.513
MA-Loops 0.724 0.944 0.610 0.741
MI-Functions 0.795 0.838 0.368 0.511
MA-Functions 0.784 0.743 0.968 0.841
MI-Pointers 0.723 0.547 0.631 0.586
MA-Pointers 0.698 0.819 0.711 0.761
MI-Arrays 0.797 0.413 0.842 0.554
MA-Arrays 0.796 0.897 0.557 0.687

missing and mastered skills. This model also has an accuracy of almost 100% in all skills of
the Sensorimotor Stage. However, depending on the topic and the specific skill, the model
presents some problems. For instance, skills P1 and P2 of the Loops Topic have an accuracy
of 55.6% and 43.1%, respectively, which indicates that the model is not good at determining if
those skills are missing in a specific tracing exercise. This is also seen in the low precision of the
missing skills in this topic with a value of 36.6%. The same scenariowe havewith the skill C5 of
the Functions topic, which has an accuracy of 44.74%, demonstrates that the model does not
recognize well that the skill is missing in a programming code answer. In this model, the Pre-
operational and Concrete operational stages are more stable in comparison with the Gemini
2.5-Flash model, as all of them are not overestimated.
Analysis of skill mastery revealed that this validation is not as good as the one done by theGem-
ini model because, in this case, not all the skills have a higher accuracy. In this case, almost all
skills have an accuracy greater than 60%, but others have a lower accuracy, even close to 40%,
whichmeans that it is generally difficult to detect if it is mastered or even present in the exercise
(see Figure 4.12).
In conclusion, this model demonstrates a similar potential as a programming tutor compared
to Gemini due to its consistency in the Concrete Operational stage, achieving a reliability of
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Figure 4.11: Accuracy byMissing Skill for Baseline Prompt in GPT-OSS-120bModel

Figure 4.12: Accuracy byMastered Skill for Baseline Prompt in GPT-OSS-120bModel

63.26% in classifying the overall learning stage, with the Concrete Operational stage as the best
validation (see Figure 4.13). In general, the model’s greatest strength is the basic pattern recog-
nition of Sensorimotor Skills, but its major flaw is in determining correctly when a student is
between a Pre-operational or a Concrete-operational stage.
GPT-OSS (gpt-oss-20b): This model again demonstrated a moderate ability to classify stu-
dents into the correct Neo-Piaget stage. It achieves an accuracy of 64.48% and a weighted
F1-score of 62.49% between all topics when detecting the final cognitive stage. The highest
reliability was observed in the Pointers topic with an accuracy of 72.50%, suggesting that this
model is better at recognizing this specific ability. The values are presented in Table 4.10 and
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Figure 4.13: Stage Distribution of the Large-Scale Evaluation for GPT-0SS-120bModel.

Figure 4.14.

Table 4.10: Quantitative Evaluation for GPT-OSS-20bModel - Metrics by Cognitive Stage

Topic Accuracy F1-Score

Total All Topics 0.6448 0.6249
Expressions 0.5750 0.5810
Logical Expressions 0.6500 0.6039
Variables 0.6098 0.5589
Conditionals 0.7073 0.7236
Loops 0.6667 0.6169
Functions 0.6316 0.5617
Pointers 0.7250 0.7049
Arrays 0.6162 0.6319

By analyzing the confusionmatrix (see Figure 4.15), it is demonstrated that themodel tends to
do a good job diagnosing the higher stages (Concrete Operational Stage). Compared with the
Gemini 2.5-Flash model, it does not tend to estimate a higher number of students at the Pre-
operational level. This is almost the same evaluation as GPT-OSS-120b did, which indicates
that the models are very similar in terms of this evaluation.
Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
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Figure 4.14: Accuracy for Baseline Prompt in GPT-OSS-20bModel

Figure 4.15: ConfusionMatrix for Large-Scale Evaluation in GPT-OSS-20bModel

Table 4.11 shows the metrics for each topic, considering the analysis of identified missing and
mastered skills.
First, as in the other models, we analyzed the performance of identifying skills as missing skills,
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Table 4.11: Quantitative Evaluation for GPT-OSS-20b Model - Metrics by Skill (MI: Missing Skills, MA: Mas-
tered Skills

Topic Accuracy Precision Recall F1

MI-Expressions 0.768 0.647 0.849 0.735
MA-Expressions 0.775 0.899 0.718 0.799
MI-Logical Expressions 0.668 0.469 0.737 0.573
MA-Logical Expressions 0.668 0.861 0.625 0.725
MI-Variables 0.716 0.436 0.630 0.515
MA-Variables 0.721 0.859 0.717 0.782
MI-Conditionals 0.825 0.652 0.744 0.695
MA-Conditionals 0.812 0.878 0.727 0.795
MI-Loops 0.724 0.366 0.861 0.513
MA-Loops 0.724 0.944 0.610 0.741
MI-Functions 0.795 0.838 0.368 0.511
MA-Functions 0.784 0.743 0.968 0.841
MI-Pointers 0.704 0.526 0.470 0.496
MA-Pointers 0.690 0.777 0.760 0.768
MI-Arrays 0.811 0.434 0.865 0.578
MA-Arrays 0.801 0.943 0.536 0.684

as shown in Figure 4.16. This model also has an accuracy of almost 100% in all skills of the Sen-
sorimotor Stage. However, depending on the topic and the specific skill, the model presents
some problems. For instance, skill P4 of the Logical Expressions Topic has an accuracy of
42.50%, which indicates that the model is not good at determining if that skill is missing in
a tracing exercise. The same scenario we have with the skill C5 of the Functions topic, which
has an accuracy of 42.1%, complementedwith a low recall of 36.8%on that topic. In thismodel,
the Pre-operational andConcrete operational stages aremore stable in comparison to the other
two models, as most of the Concrete Operational skills have a higher accuracy.
Analysis ofmastered skills revealed that, similar to theGPT-OSS-120Bmodel, this validation is
not as good as the one performed by the Gemini model because. However, it is better than the
GPT-OSS-120b one because almost all skills have an accuracy greater than 60%; the exceptions
are skills related to Logical Expressions and Functions, which means that they are generally
difficult to detect if those skills are mastered or even present in the exercise (see Figure 4.17).
In conclusion, this model demonstrates a very similar potential as a programming tutor com-
pared to GPT-OSS-120b, which means they have basically the same reasoning abilities. This
model achieves a reliability of 64.48% in classifying the overall learning stage, with the Con-
crete Operational stage as the best validation (see Figure 4.18). In general, the model’s greatest
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Figure 4.16: Accuracy byMissing Skill for Baseline Prompt in GPT-OSS-20bModel

Figure 4.17: Accuracy byMastered Skill for Baseline Prompt in GPT-OSS-20bModel

strength is the basic pattern recognition of Sensorimotor Skills and the good performance in
recognizing a student in the Concrete Operational stage, but its major flaw is in determining
correctly when a student is just in the Pre-operational stage.

To finalize the experiments of the baseline prompt, Table 4.12 summarizes the accuracy and
weighted F1-score of the threemodels. All of them have an accuracy of nearly 65%, which indi-
cates that the baseline architecture described in section 4.2.1 has the potential to be a diagnostic
tool for programming skills; showing its strengths and limitations. Across all models, we could
identify a consistent diagnostic pattern, where the Precision measure was generally high, indi-
cating that the LLMs are excellent for identifying basic errors and highly reliable when they
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Figure 4.18: Stage Distribution for Baseline Prompt in GPT-0SS-20bModel.

indicate a student has a missing skill in their answer code. However, all models exhibited a
persistent tendency to have problems in identifying more complex skills in the Concrete Oper-
ational stage, resulting in lower Recall for complex mistakes. In conclusion, this suggests that
while the LLM is effective in diagnosing basic and intermediate atomic skills, more abstract
concepts such as debugging or refactoring skills are still a limitation of models.

Table 4.12: Accuracy and F1-score for all models in the Large-Scale Evaluation Prompt

Gemini 2.5
Flash

GPT-OSS
120b

GPT-OSS
20b

Acc F1 Acc F1 Acc F1

Total All Topics 0.65 0.63 0.63 0.61 0.64 0.62
Expressions 0.58 0.53 0.58 0.58 0.58 0.58
Logical Expr. 0.67 0.62 0.65 0.60 0.65 0.60
Variables 0.63 0.59 0.61 0.56 0.61 0.56
Conditionals 0.63 0.67 0.71 0.72 0.71 0.72
Loops 0.68 0.65 0.67 0.62 0.67 0.62
Functions 0.45 0.43 0.63 0.56 0.63 0.56
Pointers 0.75 0.69 0.65 0.63 0.73 0.70
Arrays 0.71 0.70 0.60 0.61 0.62 0.63

This approach demonstrated that LLMshave the potential to diagnose basic stages, but present
limitations on how models can effectively identify the correct stage of cognitive development.
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In particular, the model struggled to reliably deduce the deeper cognitive stages of the learning
framework. For that reason, it was necessary to create a more sophisticated prompt capable of
guiding the LLM through a structured reasoning process.

4.3 Improving Baseline Prompt through Enhanced
Prompt Engineering

This section explores the second iteration of the diagnostic component. The following subsec-
tions detail the methodological design of the enhanced prompt and its experimental results.

4.3.1 Methodology Design and Implementation

To address the reasoning shortcomings of the baseline prompt, the second iteration of theDi-
agnostic Engine incorporated advanced prompt engineering techniques. This improvement is
to have the most robust and reliable analysis of cognitive diagnosis.
Instead of simply instructing the model to output a final classification, the enhanced prompt
was redesigned to force the LLM to generate its analytical process step-by-step. The new
prompt shown in the figure4.19 introduces the following key architectural features:

• Tips on how to identify each cognitive stage according to the learning framework.

• Chain of thought: The prompt asks the model first to recognize the error in the code
answer and then assess the error to the correct skill, with the objective of having a step-
by-step analysis.

• Error Detection: Ask the model to identify the type of error, i.e. if the answer has a
syntax error probably the student is at Sensorimotor Stage; if the codehas a simple logical
error, the stage would be Pre-operational Stage; and if the student was able to create a
correct code but it has refactoring or optimization issues, the student is probably in the
Concrete Operational Stage.

Chain of Thought Strategy Prompt for Cognitive Framework Diagnostic

System Role: You are an expert C programming tutor for the topic {topic} who acts as an Au-
tomated Diagnostic System. Your goal is to assess a student’s C programming submission based
on Piaget’s cognitive stages and a specific set of skills.

53



Title: {title}
Topic: {topic}

Cognitive Model (Piaget Stages): Analyze the code bottom-up. The lowest level of error
determines the stage.
1. Sensorimotor:
Focus: Students recognize syntax and structure but do not yet reason about how program flow
works.
Indicators: Syntax errors, typos, misunderstanding of basic keywords, not tracing abilities.
2. Pre-operational:
Focus: Students trace and interpret the code’s execution but struggle with abstraction.
Indicators: Code compiles but logic is flaweddue topoorunderstandingof control flow, variable
updates, or tracing errors.
3. Concrete-operational:
Focus: Students understand the abstract logic and can apply the topic in problem-solving.
Indicators: The student uses the correct structures and logic to solve the problem; they may
still have refactoring or optimization issues.

Skills: Each skill maps to a cognitive stage. Use the IDs provided (e.g., S1).
{skills}

Instructions:
- The exercise description and context have already been provided in the conversation history.
- Use the skills list to evaluate each submission.
- Use the Piaget model to analyze the student’s cognitive stage upon their response.
- You must follow this algorithm strictly:
1. Detect Errors: Find the lowest level error (Syntax→ Logic→ Solution).
2. Identify Missing: Select the specific Skill IDs from the list above that caused the error.
3. Identify Mastered: All other skills from the provided list that are not missing are automati-
callyMASTERED.
- You must categorize every single skill from the list as either Missing or Mastered. No skill can
be left out of the final output JSON.
4. Determine Stage: Based on the lowest level error, determine the cognitive stage using the
skills list and its corresponding cognitive stage.
5. Format: Output a raw JSON object first, then your text response.
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Teaching Instructions:
- Begin with a friendly introduction.
- Report the identifiedmastered skill(s), themissing skill(s), current cognitive stage, and a concise
explanation of your reasoning based on the JSON above.
- If all the skills are mastered, offer the student recommendations about refactoring for efficiency
and best practices.

Output Format: First output the JSON object and then continue with the teaching instruc-
tions.
{
"cognitive_stage": "Sensorimotor" | "Pre-operational" | "Concrete
Operational",
"missing_skills": ["S1", "P2"] or ["None"],
"mastered_skills": ["S2", "C1"] or ["None"]
}

Figure 4.19: Chain of Thought Strategy Prompt for Cognitive Framework Diagnostic.

4.3.2 Enhanced Prompt Results

In order to improve the results obtained for the baseline prompt, this new experiment was
again tested in the models previously used, i.e., Gemini 2.5-Flash, GPT-OSS-120b and GPT-
OSS-20b using the same methodology for large-scale evaluation. As described in Section 4.1,
the evaluation is performed using a ground-truth dataset previously defined using the real ex-
ercises and students’ responses from the providedMoodle logs. This ground-truth dataset was
manually labeled with the learning framework information: missing skills, mastered skills, and
cognitive stage. Consequently, the work of the LLMs is to provide the same labels (missing
skills, mastered skills, and cognitive stage) for the exercises provided using the present prompt
techniques. Finally, a comparison was made between ground-truth and LLMs evaluation to
obtain a statistical analysis of performance.

Gemini 2.5-Flash: This model presents better performance compared to the test in section
4.2.2. Using this new prompt, themodel achieves a total accuracy of 71.78% and aweighted F1
score of 71%, which represents an improvement considering the accuracy of 65.21% obtained
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in the last test. Analyzing each topic, the evaluation of the ”Pointers” topic revealed the best
accuracy with 87.5%, these results are shown in Table 4.13.

Table 4.13: Quantitative Evaluation for Gemini 2.5-FlashModel using the enhanced prompt - Metrics by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.7178 0.7100
Expressions 0.8000 0.8000
Logical Expressions 0.7250 0.7016
Variables 0.6829 0.6558
Conditionals 0.7073 0.7218
Loops 0.7361 0.7147
Functions 0.4474 0.4149
Pointers 0.8750 0.8704
Arrays 0.7273 0.7201

Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
Table 4.14 shows the metrics for each topic, considering the analysis of identified missing and
mastered skills.

Table 4.14: Quantitative Evaluation for Gemini 2.5-Flash Model using the enhanced prompt - Metrics by Skill
(MI: Missing Skills, MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.807 0.861 0.585 0.697
MA-Expressions 0.836 0.840 0.908 0.873
MI-Logical Expressions 0.748 0.690 0.301 0.419
MA-Logical Expressions 0.777 0.785 0.938 0.855
MI-Variables 0.803 0.673 0.343 0.454
MA-Variables 0.805 0.811 0.940 0.871
MI-Conditionals 0.840 0.758 0.595 0.667
MA-Conditionals 0.834 0.833 0.837 0.835
MI-Loops 0.874 0.628 0.623 0.626
MA-Loops 0.874 0.905 0.899 0.902
MI-Functions 0.729 0.544 0.439 0.486
MA-Functions 0.718 0.743 0.799 0.770
MI-Pointers 0.783 0.771 0.430 0.552
MA-Pointers 0.790 0.804 0.911 0.854
MI-Arrays 0.859 0.527 0.552 0.539
MA-Arrays 0.846 0.841 0.760 0.799
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This analysis shows that in general the precision of the model in all the topics is higher than
in the last test. However, there are some recall values that could be improved; for instance, the
identification of missing skills in the Logical Expressions topic, which has a recall of 30.1%.
As shown in Figure 4.20, the confusion matrix of the results shows that the model is doing
a good job recognizing the Pre-operational and Concrete Operational stages, not assigning a
large number of students to these categories if they do not belong to them. In conclusion, the
improvements made in the prompt allow the Gemini 2.5-Flash model to achieve a better iden-
tification of the missing and mastered skills, obtaining a considerable increase in its accuracy,
compared to the baseline prompt used in the last test.

Figure 4.20: ConfusionMatrix for Enhanced Prompt in Gemini 2.5-Flash model.

GPT-OSS-120b: As with the Gemini model, this model also presents better performance
compared to the test in section 4.2.2. Using this enhanced prompt, the model achieves a total
accuracy of 68.61% and a weighted F1 score of 70.63%, which represents an improvement con-
sidering the accuracy of 63.26% obtained in the last test. Analyzing each topic, the evaluation
of the ”Expressions” topic revealed the best accuracywith 90%, these results are shown inTable
4.15.
Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
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Table 4.15: Quantitative Evaluation for GPT-OSS-120bModel using the enhanced prompt - Metrics by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.6861 0.7063
Expressions 0.9000 0.9003
Logical Expressions 0.8000 0.8088
Variables 0.6098 0.6243
Conditionals 0.6098 0.6375
Loops 0.7222 0.7293
Functions 0.7632 0.7627
Pointers 0.7000 0.7719
Arrays 0.5556 0.5982

Table 4.16 shows the metrics for each topic, considering the analysis of identified missing and
mastered skills.

Table 4.16: Quantitative Evaluation for GPT-OSS-120b Model using the enhanced prompt - Metrics by Skill
(MI: Missing Skills, MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.800 0.917 0.519 0.663
MA-Expressions 0.800 0.768 0.971 0.858
MI-Logical Expressions 0.768 0.667 0.466 0.549
MA-Logical Expressions 0.768 0.795 0.899 0.844
MI-Variables 0.747 0.474 0.509 0.491
MA-Variables 0.749 0.832 0.803 0.817
MI-Conditionals 0.818 0.705 0.554 0.620
MA-Conditionals 0.798 0.793 0.811 0.802
MI-Loops 0.800 0.430 0.557 0.486
MA-Loops 0.800 0.875 0.807 0.840
MI-Functions 0.803 0.784 0.445 0.568
MA-Functions 0.806 0.771 0.955 0.853
MI-Pointers 0.704 0.559 0.221 0.317
MA-Pointers 0.708 0.720 0.932 0.812
MI-Arrays 0.799 0.392 0.613 0.478
MA-Arrays 0.803 0.805 0.673 0.733

This analysis shows that in general the precision of the model in all the topics is higher than in
the last test. However, there are a few recall values that could be improved; for instance, the
identification of missing skills in the Pointers topic, which has a recall of 22.1%. As shown in
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Figure 4.21, the confusionmatrix of the results shows that themodel is doing a good job recog-
nizing the Pre-operational andConcreteOperational stages, even better thanGemini 2.5-Flash
due to is good recognizing of Pre-operational stages. In conclusion, the improvements made
in the prompt allow the model to achieve a better identification of the missing and mastered
skills, obtaining a considerable increase in its accuracy, compared to the baseline prompt used
in the last test; although these values could be improved, it has an overall good performance.

Figure 4.21: ConfusionMatrix for Enhanced Prompt in GPT-OSS-120b model.

GPT-OSS-20b: Although this model presents better performance compared to the test in
section 4.2.2, it does not have a significant increase in accuracy as the other models. Using
this enhanced prompt, the model achieves a total accuracy of 65.94% and a weighted F1 score
of 67.56%, which represents an improvement considering the accuracy of 64.48% obtained in
the last test. Analyzing each topic, the evaluation of the ”Expressions” topic revealed the best
accuracy with 85%, these results are shown in Table 4.17.
Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
Table 4.18 shows the metrics for each topic, considering the analysis of identified missing and
mastered skills.
This analysis shows that almost all the precision values are higher than in the last test, except
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Table 4.17: Quantitative Evaluation for GPT-OSS-20bModel using the enhanced prompt - Metrics by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.6594 0.6756
Expressions 0.8500 0.8500
Logical Expressions 0.8000 0.8040
Variables 0.5610 0.5802
Conditionals 0.6341 0.6604
Loops 0.6806 0.6878
Functions 0.7105 0.7088
Pointers 0.5750 0.6167
Arrays 0.5758 0.5978

Table 4.18: Quantitative Evaluation for GPT-OSS-20bModel using the enhanced prompt -Metrics by Skill (MI:
Missing Skills, MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.707 0.761 0.330 0.461
MA-Expressions 0.707 0.697 0.937 0.799
MI-Logical Expressions 0.745 0.627 0.391 0.481
MA-Logical Expressions 0.745 0.773 0.899 0.831
MI-Variables 0.758 0.496 0.528 0.511
MA-Variables 0.761 0.839 0.813 0.826
MI-Conditionals 0.818 0.689 0.587 0.634
MA-Conditionals 0.800 0.807 0.793 0.800
MI-Loops 0.853 0.565 0.574 0.569
MA-Loops 0.847 0.887 0.876 0.881
MI-Functions 0.805 0.807 0.432 0.563
MA-Functions 0.816 0.784 0.949 0.859
MI-Pointers 0.719 0.617 0.248 0.354
MA-Pointers 0.715 0.724 0.935 0.816
MI-Arrays 0.784 0.352 0.525 0.422
MA-Arrays 0.778 0.761 0.652 0.702

for the identification of missing skills of the topics Variables and Arrays. In addition, there
are some recall values that could be improved; for instance, the identification of missing skills
in the Expressions topic, which has a recall of 33%. As shown in Figure 4.22, the confusion
matrix of the results shows that themodel does a good job recognizing the Pre-operational and
ConcreteOperational stages, but it is not as good as the GPT-OSS-120bmodel. In conclusion,
the improvementsmade in the prompt allow themodel to achieve a better identification of the
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missing and mastered skills. Its results are not as good as the Gemini 2.5-Flash model due to
the reduced reasoning capacity this open-weight model has; however, in this test, the prompt
engineering strategy increases its performance.

Figure 4.22: ConfusionMatrix for Enhanced in GPT-OSS-20b model.

Finally, in this experiment, we analyzed how the overall performance of the models could in-
crease using chain of thought techniques. The complete comparison could be reviewed in Ta-
ble 4.19. In general, Gemini 2.5-Flash has considerably higher accuracy, showing good reason-
ing according to the learning framework. Furthermore, the GPT-OSS-120b model, thanks to
its higher number of parameters, increases its accuracy and results in a better job of recognizing
the evaluated cognitive stages. Although GPT-OSS-20b has also increased its accuracy, it did
not achieve the same level of evaluation compared to the other two models; this is due to the
limited number of parameters and its open-weight model condition.
In conclusion, although the Chain-of-Thought (CoT) strategy significantly improved the
recognition of basic syntax errors, qualitative and quantitative observations indicated persis-
tent challenges in differentiating complex errors at the highest cognitive stages. Consequently,
relying solely on prompt engineering techniques is insufficient. For that reason, a more sophis-
ticated architecture must be design in order for the model to learn specific information about
the learning framework.

61



Table 4.19: Accuracy and F1-score for all models in the Large-Scale Evaluation for the Enhanced Prompt

Gemini 2.5
Flash

GPT-OSS
120b

GPT-OSS
20b

Acc F1 Acc F1 Acc F1

Total All Topics 0.72 0.71 0.69 0.71 0.66 0.68
Expressions 0.80 0.80 0.90 0.90 0.85 0.85
Logical Expr. 0.73 0.70 0.80 0.81 0.80 0.80
Variables 0.68 0.66 0.61 0.62 0.56 0.58
Conditionals 0.71 0.72 0.61 0.64 0.63 0.66
Loops 0.74 0.71 0.72 0.73 0.68 0.69
Functions 0.45 0.41 0.76 0.76 0.71 0.71
Pointers 0.88 0.87 0.70 0.77 0.58 0.62
Arrays 0.73 0.72 0.56 0.60 0.58 0.60

4.4 Using Fine-Tuning for Improving Model Accu-
racy

This section explores the third iteration of the diagnostic component. The architecture defined
previously demonstrated that large commercial models, such as Gemini 2.5-Flash, have robust
diagnostic capabilities and an adequate identification of the skills and cognitive stage defined in
the learning framework; in addition, those models perform generally better than open-weight
models. However, commercial LLMs present significant challenges in terms of cost, limited
free tiers, and data privacy, which represent a challenge for a final real-time system. Conse-
quently, it becomes necessary to rely on an open-weights model architecture that can be run
locally.
To achieve this, the GPT-OSS-20bmodel was selected due to its optimal balance between com-
putational efficiency and advanced reasoning capacity, which makes it highly suitable to run
in a cluster environment. However, this base open-weight model exhibits limited accuracy in
the task of identifying missing skills in the learning framework. For that reason, a fine-tuning
strategy is used to increase its accuracy, trying to get values similar to or even better than the
Gemini 2.5-Flash model. This strategy follows a well-defined three-stage process:

• Dataset Construction: Use theMoodle Logs of the C Programming course to create a
dataset of real student information.

• Knowledge Distillation: Transfer the reasoning capabilities of a ”TeacherModel” into
a smaller ”Student Model”, specifically using a powerful model like Claude Sonnet 4.5

62



to generate high-quality labels to complete the dataset according to the learning frame-
work.

• Fine-Tuning: Training the Student model on this labeled dataset to achieve better ac-
curacy, evaluating its performance in identifying the missing skills task.

The general process following this architecture is summarized in Figure 4.23.

Figure 4.23: Fine-Tuning Process for theDiagnostic Engine.

4.4.1 Dataset Construction & Knowledge Distillation

Phase 1 - Dataset Construction: For the fine-tuning task, a dataset is needed for training.
In this case, we began by analyzing theMoodle Logs of the Programming Course for the bach-
elor’s degree in Computer Science at the University of Padua, which were provided by the fac-
ulty. These logs have information on homework, VPL (Virtual Programming Laboratories)
assignments, and some tests taken from previous years (2020-2021, 2021-2022, 2022-2023,
2023-2024). In order to have a strong dataset, we analyzed logs from years: 2020-2021, 2021-
2022, 2022-2023. First, a Python script was created to process the XML files into readable
Excel files to identify the exercises that are useful for the task; i.e., the exercises were categorized
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by the topic each is treating (refer to the topics list in Section 3.3). The output of this first task
is a list of exercises categorized by topic andmetadata information such as title, general descrip-
tion, and base code. After that, for each exercise, all student submissions were considered part
of the dataset.
In addition, a critical step was to validate these new datasets against the Ground Truth dataset
used for testing themodels. This is because both datasets use part of the sameMoodle logs. For
that reason, we implemented a filter to strictly exclude any submission that was already part of
the testing ground truth; this specification matches the same exercise id and the same student
id to identify a duplication in the datasets. This process ensures that the fine-tuningmodel will
never be trained on the same data used to validate it.
Secondly, the next step of this dataset constructionwas tomanually identify the skills each exer-
cise was evaluating to add them to the exercise information. This is because for the fine tuning
process, it will be necessary to teach the open-weights model which are the correct answers for
the learning framework.
Finally, the complete dataset ends with a total of 36 exercises and 3648 student submissions,
which represents a dataset of exercises with answers from a real programming course, but with-
out learning framework labels.

Phase 2 - Knowledge Distillation: In this step, we have a raw dataset ready with exercises,
real students’ answers, and their corresponding grades. Now the challenge is that these 3,648
submissions lacked specific labels for the learning framework (Missing Skills, Mastered skills,
andCognitive Stage), whichmake amanual labeling unfeasible; for that reason, theKnowledge
Distillation strategy was employed to obtain automatic labels.
As described by Shirgaonkar et al. [26], Knowledge Distillation is a process that can signif-
icantly improve the performance of smaller models with the help of teacher-generated high-
quality synthetic data. Based on this information, it was necessary to select a ”Teacher model”
capable of creating high-quality labels for the raw dataset; the selected model was Claude Son-
net 4.5 due to its good performance during the qualitative analysis of the baseline prompt
shown in Section 4.2.2.
In order to automate the labeling process, a Python script was created to read the raw dataset
and create batches of 100 exercises each. For each batch, the code snippet uses the same prompt
as in section 4.3.1 to ask the model to generate as output a JSON structure containing the
appropriate labels: missing skills, mastered skills, and cognitive stage. In addition, another field
was also asked to the ”Teacher Model”; it was the analysis section about why the code snippet
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has those missing skills; this was with the aim of using that information for the fine-tuning
process. In this way, Claude Sonnet 4.5 is exposed to the same tested prompt for analyzing the
missing skills, in which the Neo-Piaget Stages model is injected to let the model analyze the
skills according to the learning framework.
The final step is to join the answers generated by the ”Teacher Model” (Claude Sonnet 4.5) to
the existing raw dataset; this is possible because we have the key: exercise_id and student_id.
The result is a fully labeled dataset in which every student submission now has a detailed cogni-
tive diagnosis. This dataset is then ready to be fed into the ”Student Model” (GPT-OSS-20b),
which will run locally.

4.4.2 Baseline Fine-Tuning Architecture

This is the initial iteration of phase 3: fine-tuning training. In this section, the model was
trained using the final dataset produced in the previous section. This was then transformed
into a JSONL format due to its enhanced performance with the Hugging Face library, which,
instead of reading all the data in memory, reads them line by line to prevent out-of-memory
errors. This JSONL dataset has one line per each code submission with the following informa-
tion, an example of one of the values of the dataset is shown in the algorithm 4.1:

• Instruction, which refers to the prompt used previously.

• Chain of Thought is the analysis of missing skills.

• Input is the student’s submission (C code).

• Output, which represents the labels for that specific submission (missing skills, mastered
skills, and cognitive stage).

The GPT-OSS-20b model was then fine-tuned using a parameter-efficient fine-tuning (PEFT)
approach based on Low-RankAdaptation (LoRA). In this strategy, the basemodel was loaded
in half-precision (BF16) with numerical stability, while only the LoRA adapters were updated
during the training process, keeping the original weights of the basemodel frozen. This process
was performed using the cluster of theDepartment ofMathematics of theUniversity of Padua,
where the job was run on a node with an Nvidia RTX A6000 GPU with 48 GB of VRAM.
Although a Quantized LoRA was initially considered, it could not be used due to compatibil-
ity limitations between a 4-bit quantization and the GPT-OSS-20b model. This was caused
because the base model is a MoE (Mixture of Experts) model, with a combination of weights
stored in 4-bit MXFP4 format, which requires a special infrastructure [33].
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Algorithm 4.1 Structure of an instance of the dataset for the Fine Tuning Process
Initialize a messages array for a single interaction

// Turn 1: System Instructions
Set Role: system
Set Content: ”You are an expert C programming teacher...”
DefineCognitive Model (Piaget Stages)
Define Skills List (S1, S2, P1, C1, etc.)
Enforce strict JSON output format

// Turn 2: Student Submission
Set Role: user
Set Content: Raw student code string

Example: "#include <stdio.h> ... int main() { ... }"

// Turn 3: TeacherModel Diagnosis (Ground Truth)
Set Role: assistant
Set Thinking: Chain of Thought reasoning process

Example: "The student correctly implements integer arithmetic..."
Set Content: Final parsed JSON string

mastered_skills: [”C1”, ”C2”, ”P1”, ”P2”, ...]
missing_skills: [”None”]
cognitive_stage: ”Concrete-operational”

To perform the fine-tuning training of the model, some specific libraries were needed. It is
important to mention that, as GPT-OSS-20b is a relatively new model, some libraries require
specific versions to recognize the structure of the model. In that way, two conda environments
were created: one for the training process with a special requirement of Transformers v.4.55.0
library, and the second environment for the inference with the library vllm v.0.13.0. The spe-
cific versions for both environments are:

• Accelerate (1.12.0)

• BitesAndBytes (0.49.0)

• HuggingFace-hub (0.36.0)

• PEFT (0.18.0)

• Transformers (4.55.0)
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• Torch (2.9.1)

• Tokenizers (0.21.4)

• Triton (3.5.1)

• Vllm (0.13.0)

Before continuing with the fine-tuning training, one distinctive aspect of the GPT-OSSmodel
is its use of the Harmony prompt format [33]. This format structures conversations into a
sequence of messages with different roles, such as system, user, assistant, and tools; and it ex-
plicitly separates the assistant’s reasoning process from its final answer; i.e., the model supports
the use of a chain of thought as part of the assistant role. For that reason, it is essential to format
the dataset we created in this Harmony style for the GPT-OSS model to work correctly; oth-
erwise, the inference of the fine-tuned model substantially decreases. In general, the harmony
template defines the mentioned roles as follows [33]:

• System: instructions for the model (prompt).

• User: message from the final user.

• Assistant: answer provided by the model. It also provides a special analysis channel for
the model thoughts.

• Tool: outputs from external tools (not used in this case).

As described above, the tagged dataset created in the previous step must be processed in the
Harmony template to align with the GPT-OSS-20b model. In that way, algorithm 4.2 shows
an example of a formatted student submission part of the final dataset.
Once the environments were set up and the dataset was formatted, the next step was to split
the current dataset into training and test datasets, with a configuration of 80% and 20%. Fine-
tuningwas then performedwith γ = 8, α = 16, LoRAdropout of 0.05, and the training layers
were q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj and down_proj. The model was trained
for one epoch using the Adam optimizer with a learning rate of 1e − 5, saving evaluations
every 100 steps. With this configuration, only 0.019% of the model parameters were updated,
resulting in approximately 4 millions of parameters. After the training process, the result was
the adapters of the model, which can be used directly with LoRA configuration or merged
with the base model.
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Algorithm 4.2Harmony Template for Fine-Tuning Training in GPT-OSS-20b model.

{
"messages": [
{
"role": "system",
"content": "You are an Automated Diagnostic System for C programming..."

},
{
"role": "user",
"content": "Student Code:int main() { int x = 0;

while(x < 5) { printf(\"%d\\n\", x); } }"
},
{
"role": "assistant",
"content": "{\"cognitive_stage\": \"Pre-operational\",

\"missing_skills\": [\"P2\"],
\"mastered_skills\": [\"S1\", \"C1\"]}"

}
]

}

The next step was to evaluate the performance of the fine-tuned model using the vllm library
for inference, which provides a fast inference service for the model. The aim of this evaluation
is to determine what impact it has on the accuracy diagnosis the use of this baseline fine-tuned
modelwith specificNeo-Piaget labels in an open-weightmodel trained using historicalMoodle
logs.
In that way, this experiment starts using the enhanced prompt defined in the previous sections.
Regarding the training metrics, after one epoch, the model achieved a training loss of 0.3791
andan evaluation loss of 0.4264. These values indicate a stable learningprogression and suggest
that there are no likely signs of model overfitting; Figure 4.24 shows the corresponding loss
curve.
As in previous experiments, the evaluation of the fine-tuned model was performed using the
same methodology presented in Section 4.1. This experiment achieves a total accuracy of
67,64% and a weighted F1 score of 68.11%, which represents an improvement with respect
to the base model, which achieved an accuracy of 65.94% obtained in the last test. Analyzing
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Figure 4.24: Loss Curve for Fine-Tuning process.

each topic, the evaluation of the ”Loops” topic revealed the best accuracy with 76.39%, these
results are shown in Table 4.20.

Table 4.20: Quantitative Evaluation for Fine-Tuned GPT-OSS-20bModel - Metrics by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.6764 0.6811
Expressions 0.7000 0.7444
Logical Expressions 0.7250 0.7293
Variables 0.6585 0.6522
Conditionals 0.7073 0.7117
Loops 0.7639 0.7678
Functions 0.6316 0.5803
Pointers 0.7500 0.7566
Arrays 0.5657 0.5963

Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
Table 4.21 shows the metrics for each topic, considering the analysis of the missing and mas-
tered skills identified.
This analysis shows that almost all the precision values are high, except for the identification
of missing skills of the topic Arrays. However, the recall values can be improved because some
of them have very low values; for instance, the identification of missing skills in the topic ”Ex-
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Table 4.21: Quantitative Evaluation for Fine-Tuned GPT-OSS-20bModel - Metrics by Skill (MI: Missing Skills,
MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.671 0.733 0.208 0.324
MA-Expressions 0.639 0.661 0.862 0.748
MI-Logical Expressions 0.761 0.759 0.308 0.439
MA-Logical Expressions 0.777 0.774 0.961 0.858
MI-Variables 0.798 0.660 0.324 0.435
MA-Variables 0.803 0.809 0.940 0.869
MI-Conditionals 0.812 0.790 0.405 0.536
MA-Conditionals 0.800 0.758 0.885 0.817
MI-Loops 0.847 0.625 0.246 0.353
MA-Loops 0.822 0.824 0.923 0.871
MI-Functions 0.752 0.795 0.200 0.320
MA-Functions 0.746 0.711 0.962 0.817
MI-Pointers 0.744 0.810 0.228 0.356
MA-Pointers 0.754 0.752 0.951 0.840
MI-Arrays 0.833 0.428 0.330 0.373
MA-Arrays 0.818 0.756 0.807 0.781

pressions” and ”Logical Expressions” that do not exceed the 30%. As shown in Figure 4.25,
the confusion matrix of the results shows that the model does a good job recognizing the Pre-
operational andConcreteOperational stages, but it failed 50 times in recognizing theConcrete
Operational Stage. In addition, during the evaluation process, the model made some relevant
errors. For instance, the model identified a code snippet with all the skills as mastered, but it
categorized it as the Sensorimotor Stage. In other cases, themodel does not identify anymissing
or mastered skill but writes the cognitive Stage as Concrete Operational.
These failures let us conclude that the fine-tunedmodel could achieve a slightly higher accuracy
value compared to the base model, but it still has relevant errors when it follows the defined
learning framework. For that reason, it is necessary to not treat the model as just a classifier
for C programming; instead, it must keep its reasoning capabilities, which means that the fine-
tuning training should teach the model how to think and identify the missing skills correctly.

4.4.3 Fine-Tuning Architecture using Chain of Thought (CoT)

In this new strategy, the dataset will include the thoughts of the TeacherModel (refer to phase
2 - Knowledge Distillation) as part of the assistant’s thinking role of the Harmony template
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Figure 4.25: ConfusionMatrix in Fine-Tuned GPT-OSS-20b model.

described above. This is done with the aim of teaching the model why some skills are missing
in specific code snippets.
In this case, again, the dataset is first transformed into JSONL format for processing. Simi-
larly, the current dataset was divided into training and test datasets, with a configuration of
80% and 20%. The parameters used in this fine-tuning training were: γ = 8, α = 16, LoRA
dropout of 0.05, and the training layers were q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj
and down_proj. The model was trained for 1.5 epochs using the Adam optimizer with a learn-
ing rate of 2e− 5, saving evaluations every 100 steps. With this configuration, only 0.019% of
the model parameters were updated, resulting in approximately 4 millions of parameters.
After 1.5 epochs, themodel achieved a training loss of 0.2251 and an evaluation loss of 0.2598,
again showing no signs of model overfitting; figure 4.26 shows the loss curve.
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Figure 4.26: Loss Curve for Fine-Tuning process using CoT.

After the training process, the inference process was performed using the vllm library as in the
previous experiment. Subsequently, the evaluation of the fine-tuned model was performed
using the same methodology as in Section 4.1. This experiment achieves a total accuracy of
68.86% and aweighted F1 score of 65.25%,which represents an improvement over the previous
attempt, which achieved an accuracy of 67.64%. Analyzing each topic, the evaluation of the
”Logical Expressions” topic revealed the best accuracy with 80%, these results are shown in
Table 4.22.

Table 4.22: Quantitative Evaluation for Fine-Tuned GPT-OSS-20bModel with CoT -Metrics by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.6886 0.6525
Expressions 0.7000 0.6965
Logical Expressions 0.8000 0.7810
Variables 0.6341 0.5741
Conditionals 0.7317 0.7223
Loops 0.6528 0.5778
Functions 0.7105 0.6976
Pointers 0.7250 0.6980
Arrays 0.6465 0.5902

Themulti-label analysis of individual skills identifies the strengths andweaknesses of themodel.
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Table 4.23 shows the metrics for each topic, considering the analysis of identified missing and
mastered skills.

Table 4.23: Quantitative Evaluation for Fine-Tuned GPT-OSS-20b Model with CoT - Metrics by Skill (MI:
Missing Skills, MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.754 0.761 0.509 0.610
MA-Expressions 0.846 0.907 0.839 0.872
MI-Logical Expressions 0.816 0.964 0.406 0.571
MA-Logical Expressions 0.820 0.802 0.987 0.885
MI-Variables 0.834 0.811 0.398 0.534
MA-Variables 0.838 0.836 0.956 0.892
MI-Conditionals 0.814 0.761 0.446 0.562
MA-Conditionals 0.798 0.764 0.868 0.812
MI-Loops 0.839 0.537 0.352 0.426
MA-Loops 0.856 0.884 0.895 0.889
MI-Functions 0.782 0.767 0.361 0.491
MA-Functions 0.769 0.752 0.908 0.823
MI-Pointers 0.769 0.788 0.349 0.484
MA-Pointers 0.779 0.773 0.954 0.854
MI-Arrays 0.872 0.582 0.525 0.552
MA-Arrays 0.864 0.801 0.881 0.839

This analysis shows that all the precision values are high, except for the identification ofmissing
skills of the topic Arrays. However, the recall values can be improved because some of them
have very low values; for instance, the identification of missing skills in the topic ”Expressions”
and ”Logical Expressions” that do not exceed the 30%, whichmeans that themodel is skipping
to make correct validations on missing skills. In addition, with these results, we can conclude
that it is easier for the model to detect the mastered skills than the missing skills. As shown in
Figure 4.27, the confusion matrix of the results shows that the model does a good job recog-
nizing the Pre-operational stage. However, the model tends to predict more exercises as the
Pre-operational stage instead of the Concrete Operational stage.
In conclusion, besides the Chain of Thought technique increasing the general accuracy of the
fine-tunedmodel, it does not outperform the reasoning capabilities of commercial models like
Gemini-2.5-Flash. In this scenario, the fine-tuning process has not yet yielded the expected
results because although it has improved the accuracy of the base model, it is still not fully
comparable to the Gemini model.
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Figure 4.27: ConfusionMatrix in Fine-Tuned GPT-OSS-20b model with CoT.

4.4.4 Fine-Tuning AttemptUsingMore Aggressive Training Pa-
rameters

Taking into account the relative improvement of the last architecture, in this experiment, the
same Chain of Thought strategy was used, but this time it was trying to implement a more ag-
gressive hyperparameter tuning during the training process. The parameters used in this fine-
tuning training were: γ = 16, α = 32, LoRA dropout of 0.05, and the training layers were
q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj and down_proj. The model was trained for 3
epochs using theAdamoptimizer for 32-bit precisionwith a learning rate of 5e−5, saving eval-
uations every 100 steps and using a value of 8 steps for gradient accumulation. With this con-
figuration, the number of updated parameters increased to 0.038%, resulting in approximately
8 million parameters, i.e., twice the number of parameters compared to the last attempt.
After 3 epochs, the model achieved a training loss of 0.1094 and an evaluation loss of 0.1094,
which represents a more stable model learning, with no signs of overfitting; figure 4.28 shows
the loss curve.
After the training section, the inference process was performed using the vllm library as in the
previous experiment. In the same way, the evaluation of the fine-tuned model was performed

74



Figure 4.28: Loss Curve for Fine-Tuning process using CoT and a more aggressive parameter configuration.

using the same methodology as in Section 4.1. This experiment achieves a total accuracy of
70.32% and aweighted F1 score of 70.22%,which represents an improvement over the previous
attempt, which achieved an accuracy of 68.86%. Analyzing each topic, the evaluation of the
”Logical Expressions” and ”Pointers” topics revealed the best accuracy with 80%, these results
are shown in Table 4.24.

Table 4.24: Quantitative Evaluation for Fine-Tuned GPT-OSS-20b Model with CoT and a more aggressive pa-
rameter configuration - Metrics by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.7032 0.7022
Expressions 0.7750 0.7720
Logical Expressions 0.8000 0.8137
Variables 0.7805 0.7635
Conditionals 0.7317 0.7534
Loops 0.7083 0.6746
Functions 0.6316 0.6052
Pointers 0.8000 0.8106
Arrays 0.5758 0.5941

Table 4.25 shows the metrics for each topic, considering the analysis of the missing and mas-
tered skills identified.
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Table 4.25: Quantitative Evaluation for Fine-Tuned GPT-OSS-20b Model with CoT and a more aggressive pa-
rameter configuration - Metrics by Skill (MI: Missing Skills, MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.736 0.758 0.443 0.560
MA-Expressions 0.736 0.729 0.914 0.811
MI-Logical Expressions 0.800 0.800 0.451 0.577
MA-Logical Expressions 0.800 0.800 0.951 0.869
MI-Variables 0.845 0.797 0.472 0.593
MA-Variables 0.849 0.848 0.956 0.899
MI-Conditionals 0.785 0.636 0.463 0.536
MA-Conditionals 0.769 0.757 0.797 0.777
MI-Loops 0.861 0.667 0.361 0.468
MA-Loops 0.831 0.798 0.989 0.883
MI-Functions 0.825 0.970 0.413 0.579
MA-Functions 0.791 0.739 1.000 0.850
MI-Pointers 0.733 0.648 0.309 0.418
MA-Pointers 0.733 0.741 0.932 0.826
MI-Arrays 0.849 0.499 0.677 0.574
MA-Arrays 0.849 0.840 0.771 0.804

Similarly to the last attempt, in this case, almost all the precision values are high, except for the
identification of themissing skills of the ”Arrays” topic, which has a reduction compared to the
last experiment. In contrast, the recall values are slightly higher compared to the last results in
Table 4.23. However, there are still recall valueswith less than50%; for instance, the recognition
of themissing skills in the ”Pointers” topic. In addition, as shown in Figure 4.29, the confusion
matrix of the results shows that themodel is doing a better job of correctly recognizing between
Concrete Operation and Pre-operational stages. However, the Sensorimotor stage is demon-
strating a problem because the model tends to predict more Pre-operational stages instead of
the Sensorimotor stage.
In conclusion, the combination of the use ofChain of Thought in fine-tuning training and the
use ofmore aggressive hyper-parameters resulted in a better performance of themodel in its task
of detecting the learning programming framework. Even if a 70.32% accuracy is an improve-
ment of the base model, which obtained only 65.94%, it does not outperform the capabilities
of more powerful models like Gemini-2.5-Flash. Another important point is the difference
between the precision and recall values in the identification of missing skills, which lets us con-
clude that the model exhibits a more conservative diagnostic behavior, trying to prioritize high
precision inMissing Skills in order to minimize false positives. However, this makes the model
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Figure 4.29: ConfusionMatrix in Fine-Tuned GPT-OSS-20bmodel with CoT and a more aggressive parameter
configuration.

forget other important skills because it prefers not to mark skills as errors if the model is not
completely sure of them. In contrast, the diagnosis of mastered skills exhibits a different sce-
nario, since in this case the precision and recall values are both high. This means that for the
model, it is easier to detect what is correct in the programming code than to know if there is a
syntax or logical error.
With regard to these results, it is easy to see that themodel ismissing some reasoning capabilities.
It could be identified in the thinking steps the model performs before answering, which are
short and do not specify the evaluation of all the skills; an example is shown in Figure 4.30.
This is an indicator of some points of improvement on the dataset with which the model was
fine-tuned; for instance, it is necessary that the dataset has more relevant information on the
thinking label, so the fine-tuned model could learn how to think to generate a diagnosis. In
addition, as presented in themethodology section, the actual dataset has an imbalance between
the number of examples for each cognitive stage. As the majority of students did a good job
during the Moodle labs, their logs have more examples of students’ submissions with correct
implementations. For that reason, the model is struggling to detect those examples. Finally,
dealing with the dataset imbalance problem is a relevant point of improvement for the fine-
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tuning of the GPT-OSS-20b model.

Figure 4.30: Reasoning step of the Fine-tuned model using CoT training.

In conclusion, the evaluation of this strategy revealed that the model still struggled with rea-
soning depth and faced challenges due to dataset class imbalance, as it does not know how to
act for errors in the Sensorimotor and Pre-operational stages. This is because the majority of
students did a good job during the Moodle labs, their logs have more examples of students’
submissions with correct implementations. Tables 4.26 and 4.27 shows a comparison of the
total number of exercises divided by categories; as can be seen, the number of Sensorimotor
and Pre-operational stages is much lower than the number of submissions categorized as the
Concrete Operational stage.

4.4.5 Fine-Tuning Attempt Using an Augmented Dataset

Aspresented above, the imbalance dataset is themain improvement themodel needs in order to
outperform general purpose models. For that reason, it is fundamental to increase the number
of code submission examples to obtain a more balanced dataset for each stage.
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Table 4.26: Total Number of Submissions by Cognitive Stage of the dataset for the Fine-tuning process.

Cognitive Stage Number of Submissions

Sensorimotor 108
Pre-operational 726
Concrete Operational 2753

Table 4.27: Number of Submissions by Cognitive Stage for each topic of the dataset for the Fine-tuning process.

Topic Stage Count Percentage

Variables Concrete-operational 113 74.83%
Variables Sensorimotor 4 2.65%
Variables Pre-operational 34 22.52%

Conditionals Concrete-operational 161 61.92%
Conditionals Pre-operational 99 38.08%

Loops Concrete-operational 772 80.75%
Loops Pre-operational 166 17.36%
Loops Sensorimotor 18 1.88%

Functions Concrete-operational 259 87.21%
Functions Sensorimotor 16 5.39%
Functions Pre-operational 22 7.41%

Arrays Concrete-operational 1448 75.30%
Arrays Pre-operational 405 21.06%
Arrays Sensorimotor 70 3.64%

In order to do the augmentation, it is not possible to get real information about code sub-
missions fromMoodle Logs because real students’ interactions do not have basic errors in the
Sensorimotor or Pre-operational stages, especially during the early topics. Consequently, the
augmentation process needs to be done using artificial examples generated from an LLMwith
high reasoning capabilities; in this case, the selected model was Claude Sonnet 4.5.
The general purpose of augmenting the dataset with artificial code submissions is to get exam-
ples with specific errors in different topics; however, asking the LLM to generate examples with
any type of error does not guaranty that the model will generate the correct error, depending
on the specific stage. For that reason, a list of common errors defined by topic and stage was
used, using as a referenceAppendixA presented by Sorva et al. [2], inwhich the authors collect
a list of commonmisconceptions that students havewhen learning introductory programming
topics. This list of types of error is presented in Table 4.28, in which, depending on the topic,
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a few specific misunderstandings were selected and classified as errors in the Sensorimotor or
Pre-operational stage.

Table 4.28: Types of errors observed in generated code submissions for the augmented dataset during the fine-
tuning process.

Topic Type of Error Cognitive Stage

Expressions Limited understanding of expressions, lacking the concept of
evaluation.

Sensorimotor

Expressions Difference in data types (e.g., confusion between int and
float).

Pre-operational

Expressions Misinterpretation of variable declaration order affecting value as-
signment.

Sensorimotor

Variables Difficulty understanding the lifetime and scope of values. Pre-operational
Variables Belief that variables can hold multiple values simultaneously. Sensorimotor
Variables Syntax-related errors. Sensorimotor
Variables Logical errors involving operators. Sensorimotor

Conditionals Difficulties understanding the sequential execution of state-
ments.

Sensorimotor

Conditionals Belief that a false condition terminates the program when no
else branch is provided.

Pre-operational

Conditionals Syntax-related errors. Sensorimotor

Loops Difficulties understanding automatic updates of loop control
variables.

Pre-operational

Loops Misconception that while loops terminate immediately once
the condition becomes false.

Pre-operational

Loops Belief that return values do not need to be stored, even outside
loops.

Pre-operational

Functions Sensorimotor-level understanding of value flow between func-
tions.

Sensorimotor

Functions Difficulties understanding method invocation from other meth-
ods.

Pre-operational

Arrays Confusion between an array and its individual elements. Pre-operational
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Topic Type of Error Cognitive Stage

Arrays Difficulties handling subscripts and indices in two-dimensional
arrays.

Pre-operational

Arrays Difficulties with arrays that store indices as data. Pre-operational

Using the list of errors presented, a newpromptwas developed in Figure 4.31 in order to ask the
LLM(Claude Sonnet 4.5) to generate a specific number of responses for each of the exercises in
the original dataset. In this prompt, depending on the exercise, the types of errors were passed
as an argument.

Prompt for generating new code submissions for the Fine-tuned augmented
dataset.
System Role: You are an expert C programming tutor for the topic Arrays who acts as an
Automated Exercise Generator. Your goal is to generate exercises based on specific errors using
the Piaget cognitive model presented below.

Cognitive Model (Piaget Model):
1. Sensorimotor – Students recognize syntax and structure but do not yet reason about how
program flow works.
2. Pre-operational – Students trace and interpret the code’s execution but struggle with abstrac-
tion.
3. Concrete Operational – Students understand the abstract logic and can apply the topic in
problem-solving.

Instructions:
- Taking into account the cognitivemodel above, generate 60 code answers for the exercise below.
- The answers must contain mistakes for the Sensorimotor or Pre-operational stages.
- 30 for Sensorimotor stage.
- 30 for Pre-operational stage.
- The mistakes must be of the following types depending on the stage:

Sensorimotor Errors:
- Syntax errors.
- Confusion between an array and its cell.
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Pre-operational Errors:
- Difficulties with dealing with 2D array subscripts and dimensions.
- Difficulties with arrays containing indices as data.

Output Format: The outputmust be a JSONobject containing the answers using the following
format.
"ARR_21": {
"submissions": [
{
"stage": "Sensorimotor | Pre-operational",
"code": "answer code",
"error_type": "error type"
} ] }

Exercise:

Figure 4.31: Prompt for generating new code submissions for the Fine-tuned augmented dataset.

After this process, a newdatasetwas createdwith a total of 5 698 submissions, which represents
an increase of 35.97% with respect to the original dataset, which has a total of 3 648 submis-
sions. The augmented examples were manually reviewed to ensure their consistency with the
Neo-Piaget framework. Tables 4.29 and 4.30 show a comparison of the total number of exer-
cises divided by categories; as can be seen, the percentage of Sensorimotor and Pre-operational
examples increased significantly, to around 20% and 40% respectively. This represents a more
stable distribution of cognitive stages in the dataset. In addition to each of these new examples,
the tags of missing and mastered skills were added using the same LLM (Claude Sonnet 4.5),
including the reasoning steps the model used to get the list of skills.
Once the dataset was complete, the training process was performed using the same Chain of
Thought strategy, but this time it was completed with more detailed reasoning information in
order to teach the fine-tuned model why some skills are missing and others are mastered. The
parameters used in this fine-tuning training were the same as in the previous experiment: γ =
16, α = 32, LoRA dropout of 0.05, and the training layers were q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, and down_proj. The model was trained again for 2 epochs using the Adam
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Table 4.29: Total Number of Submissions by Cognitive Stage of the Augmented dataset for the Fine-tuning
process.

Cognitive Stage Number of Submissions

Sensorimotor 1083
Pre-operational 1862
Concrete Operational 2753

Table 4.30: Number of submissions by cognitive stage for each topic in the augmented dataset used for the fine-
tuning process.

Topic Cognitive Stage Count Percentage

Variables Concrete-operational 113 37.92%
Sensorimotor 77 25.84%
Pre-operational 108 36.24%

Conditionals Concrete-operational 161 37.01%
Pre-operational 214 49.20%
Sensorimotor 60 13.79%

Loops Concrete-operational 772 54.71%
Pre-operational 461 32.67%
Sensorimotor 178 12.62%

Functions Concrete-operational 259 62.11%
Sensorimotor 76 18.23%
Pre-operational 82 19.66%

Arrays Concrete-operational 1448 46.16%
Pre-operational 997 31.78%
Sensorimotor 692 22.06%

optimizer for 32-bit precision with a learning rate of 5e− 5, saving evaluations every 100 steps
and using a value of 8 steps for gradient accumulation. With this configuration, the number
of updated parameters increased to 0.038%, resulting in approximately 8 million parameters.
After 2 epochs, the model achieved a training loss of 0.085 and an evaluation loss of 0.096,
which represents a more stable model learning, with no signs of overfitting; figure 4.32 shows
the loss curve.
After the training section, the inference process was performed using the vllm library as in the
previous experiments. In the same way, the evaluation of the fine-tuned model was performed
using the same methodology as in Section 4.1. This experiment achieves a total accuracy of
73.72%and aweightedF1 score of 75.04%,which represents a significant improvement over the
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Figure 4.32: Loss Curve for Fine-Tuning process using the augmented dataset.

previous attempt, which achieved an accuracy of 70.32%. Analyzing each topic, the evaluation
of the ”Loops” topics revealed the best accuracy with 79.16%, these results are shown in Table
4.31.

Table 4.31: Quantitative Evaluation for Fine-TunedGPT-OSS-20bModel using the augmented dataset -Metrics
by Topic

Topic Accuracy F1-Weighted

Total All Topics 0.7372 0.7504
Expressions 0.7500 0.7904
Logical Expressions 0.7500 0.7747
Variables 0.7317 0.7545
Conditionals 0.7317 0.7503
Loops 0.7917 0.7905
Functions 0.7368 0.7247
Pointers 0.7000 0.7433
Arrays 0.7071 0.7308

Table 4.32 shows the metrics for each topic, considering the analysis of identified missing and
mastered skills.
In this experiment, we can notice that almost all skills have a higher accuracy, around 70%,
which is an improvement over the last experiment. Regarding the precision, there are some
values that are not high; for example, the identification of the missing skills of the ”Loops”
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Table 4.32: Quantitative Evaluation for Fine-TunedGPT-OSS-20bModel using the augmented dataset -Metrics
by Skill (MI: Missing Skills, MA:Mastered Skills)

Topic Accuracy Precision Recall F1

MI-Expressions 0.814 0.755 0.755 0.755
MA-Expressions 0.814 0.851 0.851 0.851
MI-Logical Expressions 0.834 0.711 0.759 0.735
MA-Logical Expressions 0.834 0.893 0.866 0.879
MI-Variables 0.874 0.695 0.843 0.762
MA-Variables 0.878 0.948 0.873 0.909
MI-Conditionals 0.867 0.740 0.777 0.758
MA-Conditionals 0.865 0.907 0.815 0.858
MI-Loops 0.864 0.587 0.664 0.623
MA-Loops 0.864 0.909 0.878 0.893
MI-Functions 0.765 0.703 0.335 0.454
MA-Functions 0.767 0.735 0.946 0.827
MI-Pointers 0.787 0.658 0.658 0.658
MA-Pointers 0.796 0.843 0.858 0.851
MI-Arrays 0.871 0.548 0.795 0.648
MA-Arrays 0.876 0.896 0.783 0.836

and ”Arrays” topic, which has a value around 55%. In contrast, the recall values are slightly
higher compared to the last results in Table 4.25. However, there are still recall values with less
than 50%; for instance, the recognition of the missing skills in the ”Functions” topic. In addi-
tion, as shown in Figure 4.33, the confusion matrix of the results shows that the model is do-
ing a good job of correctly recognizing between the Concrete Operational and Pre-operational
stages. However, the Sensorimotor stage is slightlymore problematic due to its confusionwith
the Pre-operational stage.
In addition, as occurred in the previous experiment, we can conclude that for the model, it is
easier to identify mastered skills than missing skills; this could be seen in Figures 4.34 and 4.35,
in which the heat map of the mastered skills is significantly higher than the heat map of the
missing skills. This is due to the complex task of identifying exact errors in C code submissions
and mapping them to specific skills based on a learning framework.
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Figure 4.33: ConfusionMatrix in Fine-Tuned GPT-OSS-20b model using the augmented dataset.

Figure 4.34: Heatmap of Missing Skills for Large-Scale Evaluation in Fine-Tuned GPT-OSS-20b model using
the augmented dataset.
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Figure 4.35: Heatmap of Mastered Skills for Large-Scale Evaluation in Fine-Tuned GPT-OSS-20b model using
the augmented dataset.

In conclusion, the augmenting process of the dataset is a success over previous experiments due
to its higher accuracy, which is even higher than the value obtained by Gemini 2.5-Flash, and
it is also performing even better than the GPT-OSS-120b model, which belongs to the same
family and has many more parameters. These results are shown in Table 4.33. This is because
the dataset is more balanced compared with the original one, which helps the model to learn
about errors in the Sensorimotor or Pre-operational stages.
In that way, themodel was able to identify more logical errors that make a difference between a
code answer from a Pre-operational Stage and aConcreteOperational stage. In order to obtain
these results, it was necessary to modify some rules of the prompt used during the inference;
those were focused on asking themodel to determine if the code submission provides a valid re-
sult or not, whichmakes the difference between the Pre-operational andConcreteOperational
stages.
Finally, the experimental evaluation of the Diagnostic Engine demonstrates a significant pro-
gression from the limitations of zero-shot prompting to the robust performance of a fine-tuned
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Table 4.33: Accuracy and F1-score comparison for all models after the fine-tuning process.

Gemini 2.5
Flash

GPT-OSS
120b

GPT-OSS
20b

Base Model

GPT-OSS
20b

Fine-TunedModel

Accuracy F1-
score

Accuracy F1-
score

Accuracy F1-
score

Accuracy F1-
score

Total All Topics 0.72 0.71 0.69 0.71 0.66 0.68 0.74 0.75
Expressions 0.80 0.80 0.90 0.90 0.85 0.85 0.75 0.79
Logical Expr. 0.73 0.70 0.80 0.81 0.80 0.80 0.75 0.77
Variables 0.68 0.66 0.61 0.62 0.56 0.58 0.73 0.75
Conditionals 0.71 0.72 0.61 0.64 0.63 0.66 0.73 0.75
Loops 0.74 0.71 0.72 0.73 0.68 0.69 0.79 0.79
Functions 0.45 0.41 0.76 0.76 0.71 0.71 0.74 0.72
Pointers 0.88 0.87 0.70 0.77 0.58 0.62 0.70 0.74
Arrays 0.73 0.72 0.56 0.60 0.58 0.60 0.71 0.73

architecture. This approach achieves an accuracy even better than commercial LLMs such as
Gemini 2.5-Flash, which represents a highly effective diagnosis method. Consequently, this
final fine-tuned model provides the essential foundation for the autonomous tutoring system
proposed in this project.

In general, the combination of advanced prompt engineering techniques and iterative data
refinement through the Knowledge Distillation, data augmentation, and fine tuning process
ended in a specializedDiagnostic Engine capable of diagnosing the cognitive stage of the Neo-
Piaget learning framework based only on code submission.
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5
The Remediation Engine: Iterative Design

and Evaluation

In this section we continue presenting the next step in the autonomous tutoring system. In
the previous section, the final fine-tunedmodel allows to diagnose the student’s cognitive gaps,
and now there is the need to transition from assessment to instruction. This section details the
architecture and iterative development of the Remediation Engine, which is the component
responsible for dynamically generating tailored programming exercises based on the previous
cognitive diagnostic. Unlike theDiagnostic Engine, which relies on a fine-tuned open-weights
architecture, the Remediation Engine uses advanced prompt engineering techniques to lever-
age the reasoning capabilities of Large Language Models to act as a programming tutor.
The main objective of this engine is to generate appropriate programming exercises based on
the skills the student needs to improve, adjusting the exercises according to the actual cognitive
Neo-Piaget stage. To achieve this, the development of this prompt follows an iterative refine-
ment process, starting from a baseline prompt to a highly detailed few-shot prompt strategy.
This was necessary to ensure that the LLM generates exercises that are calibrated to the stu-
dent’s learning stage as part of the learning framework.
This chapter sequentially presents the methodological design and the corresponding experi-
mental results for each development phase. This structure is designed to demonstrate how the
quantitative limitations observed in early iterations motivated the architectural enhancements
of the subsequent models.
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5.1 Qualitative and Quantitative Evaluation
Strategy

Despite the fact that themost common evaluation strategies use standard classificationmetrics
such as accuracy or F1-scores, the Remediation Engine requires a more qualitative analysis of
the responses of the LLMs in order to evaluate their efficacy. For that reason, this evaluation
process follows amix of qualitative heuristicmetrics and some specific quantitativemetrics. As
the qualitative metrics correspond to the analysis of one person, it is important to notice that
it could add some bias to the response’s analysis.
For this task, performance evaluationwas applied across a diverse suite of LLMs, encompassing
both commercial APIs (GPT-5, Gemini 2.5-Flash, Claude 4.5 Sonnet,Microsoft Copilot) and
open-weights models (Llama 4, Qwen 3, GPT-OSS 120B).

Qualitative Evaluation Criteria: This assessment focuses on the model’s behavior as an au-
tonomous tutor, bymanually reviewing theLLMs interactions against the followingheuristics:

• Stage and Skill Progression Flow: The ability to logically guide the student through
the Neo-Piagetian stages without erroneously skipping prerequisite skills.

• Feedback: The model’s capacity to provide constructive hints and step-by-step guid-
ance, and avoiding giving full answers to students.

• Context Retention: the ability to return to a previouslymissed fundamental skill if the
student fails a subsequent, more advanced exercise.

Quantitative Evaluation Criteria: To quantitatively measure the models’ adherence to the
theoretical learning framework, two specific metrics were defined:

• ExerciseDiversityRate:Measures theLLM’s capability to generate varied problems. It
is calculated as the ratio of uniquely structured exercises to the total number of exercises
generated during a session.

• Typology Alignment Rate: Measures how strictly the model follows the exercises ty-
pology constraints. It is calculated as the percentage of generated exercises that correctly
correspond to the explicit Neo-Piagetian exercise typology defined in Section 3.2.
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This evaluation strategy is applied to the different iterative phases of the Remediation Engine
presented in this chapter accordingly, with the objective of each one of them. It is the basis for
measuring iterative design architectures and determining the performance of LLMs to generate
exercises that follow the Neo-Piaget learning framework.

5.2 Baseline for Evaluating LLM Alignment with
the Learning Framework

This section explores the first iteration of the remediation component. The following subsec-
tions detail the methodological design of the baseline prompt and its experimental results.

5.2.1 Methodology Design and Implementation

This baseline prompt shown in Figure 5.1 aims to analyze how effectively LLMs can generate
appropriate exercises according to the Neo-Piaget cognitive theory, which represents the con-
ceptual framework for the progression of learning complexity. In this architecture the objective
is also to align with the Block Model discussed in previous chapters, in which the horizontal
dimension has a direct relationship with the Neo-Piaget stages. This is particularly useful in
determining which exercises can be considered appropriate for a specific point in the learning
trajectory.
Furthermore, to achieve this objective, a first prompt is proposed to try to explain the LLM
how to generate different exercises according to the learning framework. The prompt used has
the following characteristics:

• Definition of the role of a C programming tutor.

• Brief description of the 3 stages of the Neo-Piaget theory.

• List of skills for each specific stage according to a specific programming topic.

• Instructions for generating exercises with increasing complexity.
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Prompt for Evaluating LLM General Alignment with Learning Framework

System Role: You are an expert programming tutor helping students understand {topic} in C
programming (introductory level). Yourmain task is to generate exercises of increasing difficulty
about the topic of {topic} in C, starting from the most basic skills.

Teaching Model: Each exercise must follow Piaget’s cognitive stages.
1. Sensorimotor–Students recognize code syntax only (static reading, no execution understand-
ing).
2. Pre-operational – Students trace code and track variable values during execution.
3. Concrete-operational – Students interpret what the code does (abstract meaning and
purpose).

Skills for the Topic: Each skill is mapped to one of Piaget’s three stages. {skills}

Instructions: - For each skill, generate one or more exercises tailored to the developmental stage,
helping students progressively acquire each skill from basic to advanced.
- For each exercise, output the following format: ”context” and ”question/exercise”.
- Wait for the student’s answer.
- After each answer, evaluate the following question:
Has the student acquired the skill? If not, what recommendations do you have?
- After each student answer, validate their response against the skill in 1–2 lines and proceed, or
provide corrective feedback and additional, more basic exercises if needed.
- If the student does not yet understand the skill, provide additional, more basic exercises related
to that skill.
- Start automatically with a short greeting and the first exercise.

Figure 5.1: Prompt for Evaluating LLMGeneral Alignment with Learning Framework.

5.2.2 Baseline Results

The first experiment establishes a zero-shot baseline prompt that was tested across multiple
models, between commercial APIs and open-weight models, specifically: ChatGPT (GPT-5),
Gemini 2.5-Flash, Microsoft Copilot, Claude (Sonnet 4.5), Llama 4, Qwen 3, and GPT-OSS.
Qualitative analysis is performed using the metrics defined in section 5.1, specifically the stage
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and progression of the skills. The results for all models are detailed below:

ChatGPT (GPT-5): ChatGPT demonstrates a good flow between skills that guide the stu-
dent logically through the 3 stages. It provides exercises for each skill; however, these exercises
tend to be very simple andwould be better if they weremore challenging. When a student fails,
the model offers additional exercises, although these extra exercises are too similar to the pre-
vious ones. Moreover, if a student struggles in an advanced stage, the model does not return
to address the missing specific skill. On the positive side, ChatGPT is capable of explaining
doubts that arise between exercises and providing clarifications whenever needed. 1

Gemini 2.5-Flash: Gemini startswith a clear introductorymessage explaining its role, which
is an advantage overGPT. Themodelmaintains a coherent flow between skills and stages, grad-
ually increasing the complexity of the exercises. Its activities are more diverse and challenging
than those of ChatGPT. Gemini is also able to answer student questions and explain doubts
between exercises. However, similar to ChatGPT, it does not return to address a previous spe-
cific skill that the student is missing when an error in the posterior stages occurs. Despite that,
the way Gemini interacts with the student is more natural and friendly.

Microsoft Copilot: Microsoft Copilot follows a consistent progression across skills and
stages, showing a good flow that increases in complexity as the student progresses. It provides
exercises that are generally simple and often similar to those generated by GPT and Gemini.
When a student fails, Copilot tends to present a new exercise that is almost identical to the pre-
vious one. It also fails to recognize correct answers if they contain small typographical errors.

Claude (Sonnet 4.5): Claude begins the sessionwith awell-structured introduction, provid-
ing a brief explanation of the topic before each exercise, which is considerably better thanGPT
or Gemini. Maintain a coherent flow between skills, increasing the level of difficulty as the stu-
dent progresses. The explanations it gives when errors occur are detailed and the exercises are
more complex than those of the other models. However, similar to the other LLMs, it does
not return to a previous skill in the event the student fails at an advanced stage. In general, this
model offers slightly more advanced exercises and a better explanation of each skill. 2

1Complete interaction for the GPT-5 experiment can be accessed at
://drive.google.com/file/d/1nSb731oMuWJW8enykGYMci7U0x4Q− c/view?usp = sharing

2Complete interaction for the Claude Sonnet 4.5 experiment can be accessed at https://drive.google.
com/file/d/1UZ6-UgL6Xcw9NC1nMQYI0LbDF9FKe1lx/view?usp=sharing

93

https://drive.google.com/file/d/1UZ6-UgL6Xcw9NC1nMQYI0LbDF9FKe1lx/view?usp=sharing
https://drive.google.com/file/d/1UZ6-UgL6Xcw9NC1nMQYI0LbDF9FKe1lx/view?usp=sharing


Llama 4 (llama-4-scout-17b-16e-instruct): Llama 4 demonstrates a coherent flowbetween
skills, effectively guiding the student through the learning progression. This model provides
a clear introductory message and explains each exercise in detail. In addition, it responds co-
herently to student questions, providing clarifications as needed. However, the exercises are
simple and their complexity could be increased, similarly to the other models. It would also be
useful if the model indicates which skill is being practiced at each stage. 3

Qwen 3 (qwen3-32b): Qwen 3 shows some limitations in its presentation of responses.
Even when the reasoning format is set to hidden, parts of the original prompt are included
in the output (as part of the thinking process), which reduces the sense of a natural chat. This
issue affects the overall usability of the model. 4

GPT-OSS (gpt-oss-120b): GPT-OSS shows a good flow between the different skills. The
model provides good explanations for the exercises and questions given by the student. How-
ever, the exercises are relatively simple and similar to those presented by other models. When a
student fails an exercise, themodel presents an easier task correctly but does not return tomore
complex exercises within the same skill. In addition, the model would benefit from providing
brief explanations of the skill being practiced to contextualize the exercises. 5

In conclusion, with this first prompt, all models present a good flow between skills and Neo-
Piaget stages, but they create simple and repetitive exercises. Table 5.1 shows the strengths and
weaknesses of all LLMs tested.

Taking into account the results of this first test, models should be encouraged to producemore
complex and varied exercises. For that reason, a test was conducted in which the student re-
quested more difficult exercises on demand. This revealed common patterns and several lim-
itations between the models. Both Llama 4 and Gemini 2.5 Flash could increase difficulty
by creating new exercises within the same skill, such as incorporating nested logic. However,
both models showed some weaknesses in following the Neo-Piaget stages. For instance, Llama
4 tended to skip skills to move to a higher level rather than deepen the exercises within the
current skill, while Gemini, despite a better flow between skills, failed to offer varied types of

3Complete interaction for the Llama 4 experiment can be accessed at https://drive.google.com/file/
d/178w2naJeGD72wG6oQFSiwF4ljrvar713/view?usp=sharing

4Complete interaction for the Qwen 3 experiment can be accessed at https://drive.google.com/file/
d/1P8smUSwU9xWje6D4xDk-EGjQKtkrcv75/view?usp=sharing

5Complete interaction for theGPT-OSS-120b experiment can be accessed at https://drive.google.com/
file/d/1VRfZxnqdUmuGQy3gl0ndIPksSSsdmYPd/view?usp=sharing
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Table 5.1: Comparison of LLMs in Prompt 1 (single-column width)

Model Strengths Weaknesses

GPT-5 Smooth flow; clear explanations Exercises simple; does not always re-
visit missing skills

Gemini 2.5 Flash Clear introduction; engaging style Minor review inconsistencies; some-
times misses missing skills

Microsoft Copilot Consistent skill flow Simple/repetitive exercises; struggles
with typos

Claude Sonnet 4.5 Provides context; more complex exer-
cises

Can push advanced exercises unnec-
essarily

Llama 4 Scout 17B Good explanations and feedback Simple exercises; lacks skill indica-
tion

Qwen 3 - Includes prompt fragments; unnatu-
ral chat flow

GPT-OSS 120B Good flow; answers questions Simple exercises; poor recovery of
complex exercises

exercise. On the contrary, the GPT-OSS model struggled with the task; it began to pose illogi-
cal questions instead of producing meaningful exercises. This suggests that while some LLMs
can effectively scale the difficulty of a similar problem, it is still a challenge for them to create
new or varied problem formats.
In conclusion, several improvements can be identified in this first prompt design to improve
the effectiveness of themodels. First, themodel should explicitly indicate to the student which
skill is currently being practiced and a brief explanation for each skill with the intention of
providing context before each exercise is presented. Second, the prompt should begin with a
message that clearly explains the role and purpose of the model. Third, incorporating exercise
templates or examples could allow the generation of more varied and challenging tasks; this is
due to the general tendency of models to produce simple or repetitive exercises.

5.3 Evaluating the LLMs Ability to Generate Com-
plex and Varied Exercises

This section explores the second iteration of the remediation component. The following sub-
sections detail the methodological design of the baseline prompt and its experimental results.
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5.3.1 Methodology Design and Implementation

Referencing the improvements analyzed in the baseline prompt, a new prompt engineering
strategy (see Figure 5.2) is defined in order to incorporate the improvements identified, which
include the following aspects:

• Ask the model to generate complex and varied exercises without specifying which type
of exercises.

• Start with a description of the role of the model.

• An explanation of each skill is provided before presenting the exercise.

Prompt for Evaluating LLMs Ability to Generate Complex Exercises

System Role: You are an expert programming tutor helping students understand {topic} in C
programming (introductory level). Your main task is to generate complex and varied exercises of
increasing difficulty about the topic of {topic} in C, starting from the most basic skills.

Teaching Model: Each exercise must follow Piaget’s cognitive stages.
1. Sensorimotor–Students recognize code syntax only (static reading, no execution understand-
ing).
2. Pre-operational – Students trace code and track variable values during execution.
3. Concrete-operational – Students interpret what the code does (abstract meaning and
purpose).

Skills for the Topic: Each skill is mapped to one of Piaget’s three stages. {skills}

Instructions:
- Start with a greeting and a brief explanation about the model’s role.
- For each skill, present a brief explanation.
- For each skill, generate one or more exercises tailored to the developmental stage, helping
students progressively acquire each skill from basic to advanced.
- Ensure exercises are complex and varied, covering different aspects of the skill.
- Wait for the student’s answer after each exercise.
- After each student answer, evaluate the following question:
Has the student acquired the skill? If not, what recommendations do you have?
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- After each student answer, validate their response against the skill and proceed, or provide
corrective feedback.
- If the student does not yet understand the skill, provide additional, more basic and varied
exercises related to that skill.

Figure 5.2: Prompt for Evaluating LLMs Ability to Generate Complex Exercises.

5.3.2 LLMs Capabilities Results

In order to improve the results of the previous experiment, this enhanced promptwas tested on
the same LLMs as before: ChatGPT (GPT-5), Gemini 2.5-Flash, Claude (Sonnet 4.5), Llama
4 and GPT-OSS. The evaluation process is based on the methodology described in section 5.1
and uses qualitative and quantitative metrics such as skill progression flow, feedback, and exer-
cise diversity rate. The results obtained are presented below:

ChatGPT (GPT-5): Compared to the initial test, GPT offers a more detailed explanation
of every skill. Even though it can produce somewhat more difficult exercises, like recognizing
mistakes in more complex syntax, most of the exercises stick to the same format and lack orig-
inality. The concrete operational stage includes exercises that ask students to explain code in
words, showing the model understanding of the pedagogical stages. Furthermore, GPT tends
to give code solutions right away when a student asks for clarification, which restricts the stu-
dent’s ability to reason. In total, the model asks for 12 exercises, of which only 2 are different
from the others; for instance, themodel asks about syntax error detection and advanced real-life
problems, such as a discount calculator exercise. 6

Gemini 2.5-Flash: Gemini starts with a solid conceptual explanation of the learning stages,
although it omits descriptions of the topics for each skill. When requested to increase complex-
ity, it effectively introduces nested structures. One exercise, for instance, reinforces previous
learning by using a complete C program instead of a single conditional. In cases where direct
answers are asked, it helps to step-by-step without directly revealing answers, promoting stu-
dent reasoning. It also provides a mechanism for progression control by verifying whether the

6Complete interaction for the GPT-5 experiment can be accessed at https://drive.google.com/file/
d/1CM5-03vQNaXXhw367xc2oifVKBOry-cX/view?usp=sharing
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learner can advance to the next skill. Even though the exercises are complex overall, they are sim-
ilar to the last test and lack variety. This model generates 7 exercises, 2 of which are novel and
different from the others. It can be mentioned that a question about advanced identification
of nested conditional parts, or a questionwhere previous knowledge is also tested is included. 7

Claude (Sonnet 4.5): Claude presents a strong introduction with clear explanations of the
skill. When a student requests to move on to the next skill, the model maintains sequential
learning, preventingmistakes caused by skipping skills. Compared to othermodels, it produces
exercises that are more complex and varied, with very detailed writing assignments and high
complexity. However, like other models, it does not incorporate different types of exercise.
Similarly to Gemini, it offers guidance instead of full solutions, fostering student reasoning.
Claude stands out among other models by generating complex exercises; in concrete, 4 of the
10 exercises it generates are different and varied; for instance, it asks questions about various
conditions to identify, it generates very large exercises to do variable tracking or to write code
snippets, making the experience overall complex. 8

Llama 4 (llama-4-scout-17b-16e-instruct): Although Llama 4 begins the interaction with
a sufficient explanation of the skills, it starts with exercises that are extremely basic and some-
what incoherent. One good point is that this model introduces a distinctive type of activity
focused on identifying a bug in the code, distinguishing it from the other models. However,
when asked for an answer, it provides complete code solutions, which do not promote criti-
cal thinking. This model shows potential for variety, but the initial exercises do not align well
with the intended level of learning. In general, it generates 13 exercises, and just 1 can be con-
sidered complex (the one about the bug in the code), which indicates a lack of complexity of
the model. 9

GPT-OSS (gpt-oss-120b): GPT-OSS also gives a good initial explanation of the skills, but
does not follow the pedagogical flowbymoving to the next skill when asked, even if the current
skill has not been completed. In general, it does not generate distinct or varied exercise types

7Complete interaction for the Gemini 2.5-Flash experiment can be accessed at https://drive.google.
com/file/d/1C7OnP-Qxcced_MvWJTWWK443ME-FiRL5/view?usp=sharing

8Complete interaction for the Claude Sonnet 4.5 experiment can be accessed at https://drive.google.
com/file/d/1hCtkfsuNc-MSf8twUoMQ6CjP9D3Wys88/view?usp=sharing

9Complete interaction for the Llama 4 experiment can be accessed at https://drive.google.com/file/
d/1ja4foy1BkigbEc-gyd9vQsxB3F0YOf-Q/view?usp=sharing
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compared to the first test. In this experiment, the model generates a total of 5 exercises, none
of which can be considered different or varied. 10

Across all models, they all demonstrate the ability to produce coherent exercises aligned with
specific learning stages; however, none of them exhibits a substantial variety in exercise types,
Table 5.2 shows a summaryofhowmodels generate varied exerciseswhen asked. Inquantitative
terms, the models generated an average of 9.4 exercises per test, with an overall diversity rate of
18.6%. Among them, Claude 4.5 exhibited the highest proportion of diverse exercises (40%),
followed byGemini 2.5 Flash (28.6%). GPT-5 achievedmoderate results (16.7%), while Llama
4 and GPT-OSS showed very limited diversity, below 10%.

Table 5.2: Exercise Diversity per Model in Test 2 Prompt for Exercise Generation Task

Model Total Ex. Diverse Ex. % Diverse

GPT-5 (ChatGPT) 12 2 16.7%
Gemini 2.5 Flash 7 2 28.6%
Claude 4.5 Sonnet 10 4 40.0%
Llama 4 13 1 7.7%
GPT-OSS 120B 5 0 0.0%

In a qualitative analysis, one of the biggest disappointments of GPT is its tendency to reveal
complete answers rather than to let the student think. Claude stands out from other models
due to its ability to generatemore complex exercises and good flow between stages and answers,
whereas Llama 4 shows some originality through error-detection tasks, but lacks initial coher-
ence. GPT-OSS is the least adaptive and offers aminimal progression of complexity. In general,
all models still struggle to diversify exercise formats.
Besides, this prompt is trying to generate more complex exercises, the model does not know
what is considered complex and novel for the learning framework. Consequently, the model
must be instructed on how to generate exercises that are appropriate to the complexity of each
cognitive stage.

10Complete interaction for theGPT-OSS-120b experiment can be accessed at https://drive.google.com/
file/d/1lnRa1s1GbE8hSvZxB1-0Cmb5vNCmk_Gf/view?usp=sharing
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5.4 Evaluating LLMAdoption of Exercise Typology
Guidelines

This section explores the third iteration of the remediation component. The following subsec-
tions detail the methodological design of the baseline prompt and its experimental results.

5.4.1 Methodology Design and Implementation

This third proposed architecture focuses on presenting the LLM with various types of exer-
cises to consider when generating tasks for the student. These types of exercise were derived
from the work of Izu et al.[22], which used a block model to structure programming learning.
This model was mapped to the three Neo-Piaget stages to establish a framework for cognitive
progression, which allows generating a set of exercises tailored to each stage. This list was also
enriched with insights from Lister et al. [28] and Lopez et al. [29], who appliedNeo-Piagetian
principles to construct programming assessment activities. This integration between the Neo-
Piaget stages and the blockmodel provides a list of appropriate and varied exercises, whichwere
discussed in detail in section 3.2.
Taking into account this approach and the improvements observed in the last proposed archi-
tecture, a new prompt shown in Figure 5.3 was designed to include the following aspects:

• Prohibition for the LLM to skip a skill if the previous skills were not answered by the
student.

• Prohibition to show the complete answer to an exercise; instead, theLLMshould explain
the exercise step by step.

• Suggest the model to use a list of exercise types as part of the generated tasks.

Prompt for Evaluating LLM Adoption of Exercise Typology Guidelines

System Role: You are an expert programming tutor helping beginners understand {topic} in
C programming. Your goal is to help students master the topic of {topic} in C by generating
complex and novel exercises using a skill-based, adaptive teaching approach.

Teaching Model: Each exercise targets one cognitive stage from Piaget’s model.
1. Sensorimotor – Students recognize syntax and structure but do not yet reason about how
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program flow works.
2. Pre-operational – Students trace and interpret the code’s execution but struggle with abstrac-
tion.
3. Concrete-operational – Students understand the abstract logic and can apply the topic in
problem-solving.

Exercise Types:
Sensorimotor: Identify syntax components, find syntax errors, match terminology to defini-
tions.
Pre-operational: Reorder code lines (Parson puzzles), identify missing lines, trace code execu-
tion, exception problems (null, memory).
Concrete-operational: Describe code purpose, explain logic in plain English, refactor for
equivalence, find redundancies.

Skills for the Topic: Each skill is mapped to one of Piaget’s three stages. Youmust follow this
order. You cannot advance to a higher skill or a higher stage until the student demonstrates
mastery of the current skill. {skills}

Instructions:
- Follow the Piaget teaching model described above to present skills and structure exercises.
- For each skill presented, create exercises that are complex and novel, covering different aspects
of the skill.
- Prioritize the use of the exercise types presented to design exercises according to the skill and
learning stage.

Teaching Instructions:
- Start with a friendly introduction about your role and the learning model.
- Clearly explain the topic of the current target skill before presenting any exercise.
- For each skill, generate one or more exercises tailored to the developmental stage it belongs to,
helping students progressively acquire each skill from basic to advanced.
- Wait for the student’s answer after each exercise.
- Assess mastery upon each answer.
- If mastered, progress to the next skill.
- If not mastered, provide explanatory hints and additional, simpler exercises related to that skill.
- Give recommendations for further practice if needed.
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- Ensure no skill is skipped; progress only after demonstrating mastery of previous skills.
-Never show full solutions, even if asked. Use hints, step-by-step guidance, or conceptual cues
instead.

Figure 5.3: Prompt for Evaluating LLMAdoption of Exercise Typology Guidelines.

5.4.2 LLMAdoption for Exercise Typology Results

As presented before, models struggle with the generation of complex exercises without a guide-
line ofwhat is considered complex andnovel. For that reason, a list of defined exercises typology
based on theNeo-Piaget learning framework was defined in section 3.2. This will be the guide-
line for testing how the models can accurately adopt that list. This architecture was tested on
the same LLMs as before: ChatGPT (GPT-5), Gemini 2.5-Flash, Claude (Sonnet 4.5), Llama
4 and GPT-OSS. The evaluation process is based on the methodology described in section 5.1
and uses qualitative and quantitative metrics such as skill progression flow, feedback, exercise
diversity rate, and typology alignment rate. The results obtained are presented below:

ChatGPT (GPT-5): GPT begins by clearly outlining each skill and giving a solid introduc-
tion and explanation of the teaching model. However, when the student asks for complex
topics, the model frequently skips skills, which deviates from the learning progression’s struc-
ture. It does a good job of providing clear instructions for answering questions, but instead of
encouraging students to use their own reasoning, it provides them with the complete code if
they ask for the answer. Additionally, it does not follow the prompt’s exercise typology, which
does not demonstrate any improvement over the last test and suggests a lack of flexibility in pro-
ducing a variety of exercises. In a quantitative analysis, the model generates 13 exercises, where
3 of them use the list of types given to the prompt; for instance, it asks about fill-in-the-blank
exercises, identify equivalent blocks, and a refactoring exercise. In general, GPT demonstrates
a solid pedagogical base but lacks consistency in diversifying exercise formats. 11

Gemini 2.5-Flash: Gemini generates one of the most consistent and pedagogically rich per-
formances. It starts with a strong explanation of both the teaching model and the target skills.

11Complete interaction for the GPT-5 experiment can be accessed at https://drive.google.com/file/
d/1vGeVR3obueT6_LDNNpuaQ2jrdvtKeGaF/view?usp=sharing
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Specifically, although it only partially follows some of the recommended exercise types, it
presents new exercises that are different from those of the earlier tests. Gemini is notable for
its exceptional handling of feedback, which does not reveal complete answers but rather walks
the student through each step and occasionally offers partial answers to promote independent
thought. When asked to proceed, it explains why it is impossible to skip the current skill until
the topic is fully understood, frequently using more tasks to reinforce understanding. The ex-
ercises are well-sequenced, accompanied by detailed explanations when the student struggles.
In general, Gemini stands out for its instructional coherence, formative feedback, and mean-
ingful use of the exercise types list. In general, the model generates 11 exercises, and 5 of them
follow the list of exercise types, including questions like: match terms to definitions, fill in the
blank, ask for why reasoning, refactoring examples, bug detections, among others. 12

Claude (Sonnet 4.5): Claude clearly explains the teaching model and the individual skills.
In general, its exercises are more complex compared to other models, and as Gemini did, it
aligns partially with the exercise list, although it does not fully use the provided typology. In
quantitative terms, it generates 5 exercises out of 18, which were part of the provided list; some
of them are: match terms with the definitions, refactor code to find equivalent blocks, find the
bug examples, and one exercise about correcting the redundancy of a code snippet. Moreover,
it tends to generate more exercises in the concrete operational stage, which demonstrates that
the model has a good understanding of the learning framework. When a student asks for com-
plete answers, Claude also explains why it cannot provide them, and instead, it promotes richer
reasoning with step-by-step guidance. In particular, Claude combines pedagogical rigor with
good exercise complexity, resulting in one of the most balanced models. 13

Llama 4 (llama-4-scout-17b-16e-instruct): Llama 4, like the other models, begins with a
complete explanation of the teaching model, but quickly diverges from the established learn-
ing structure. It does not follow the provided exercise list; of the 10 generated exercises, none
of them follow the list. It offers answers immediately when the student asks for them, and
moves to the next skill even when the previous one has not been completed. These behaviors
suggest a poor alignment with the learning framework and do not provide any improvement
over previous tests. In general, Llama 4 fails to generate complex exercises using the proposed

12Complete interaction for the Gemini 2.5-Flash experiment can be accessed at https://drive.google.
com/file/d/1G9UOCxLQmbSjRj0K_qOWjC7gnhZrYUQT/view?usp=sharing

13Complete interaction for the Claude Sonnet 4.5 experiment can be accessed at https://drive.google.
com/file/d/1g65ZmAfjV-3XaO0ZjFOWN9ln1uDq939C/view?usp=sharing
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list and following the instruction not to show full answers and skipping skills, resulting in a
performance compared to the other models. 14

GPT-OSS (gpt-oss-120b): GPT-OSS opens with a clear explanation of the teaching model
and has a good flow progression by not advancing to new skills until at least one exercise per
skill is completed. It also provides constructive feedback through hints rather than direct an-
swers, which is a good adaptation to the prompt. While it introduces new exercises compared
to earlier tests, it still does not completely follow the list of exercise types provided; it generates
8 exercises, from which 3 are part of the list provided; for example, it shows exercises about
filling in the blanks or refactoring code snippets. Despite this limitation, the model shows a
good improvement considering previous tests. 15

In conclusion, Gemini and Claude exhibit the most relevant and notable behaviors, demon-
strating strict adherence to the learning progression model and providing formative feedback
that promotes student reasoning. ChatGPT and GPT-OSS show weaknesses in the variety of
exercises, and Llama 4 is negatively ranked due to its lack of instructional alignment and incon-
sistent behavior. It can be analyzed quantitatively in Table 5.3, where the models produced an
average of 12 exercises per test, and 24.28% of the total output was aligned with the list of exer-
cise types. Among all, Gemini 2.5 Flash achieved the highest alignment rate (45.5%), followed
by Claude 4.5 Sonnet with 27.8%, while GPT-5 and GPT-OSS reached moderate alignment
(23.1% and 25%, respectively). In contrast, Llama 4 did not generate any exercise completely
consistent with the listed types.

Table 5.3: Exercise Alignment with Typology Guidelines in Test 3 Prompt for Exercises Generation

Model Total Exercises Aligned Exercises % Aligned

GPT-5 (ChatGPT) 13 3 23.1%
Gemini 2.5 Flash 11 5 45.5%
Claude 4.5 Sonnet 18 5 27.8%
Llama 4 10 0 0.0%
GPT-OSS 120B 8 2 25%

Finally, this experiment shows that the models present different coding exercises but do not
14Complete interaction for the Llama 4 experiment can be accessed at https://drive.google.com/file/

d/1gr42G1yHsiSvTxRqnQ8znFjlfSEqa759/view?usp=sharing
15Complete interaction for theGPT-OSS-120b experiment can be accessed at https://drive.google.com/

file/d/1rbZKhNowt1Q2QGpEQ6chHSSMVjds-nZu/view?usp=sharing
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consider the exercise typology list in all proposed coding exercises, which makes the model
not completely follow the cognitive complexity of the Neo-Piaget framework. Although ini-
tial prompt engineering iterations established a functional baseline for generating code-related
tasks, they revealed a significant limitation: standard zero-shot prompts struggled to consis-
tently enforce the strict pedagogical constraints of the cognitive learning framework.

5.5 Few-Shot Prompting for Evaluating LLM Adop-
tion of Exercise Typology

This section explores the final iteration of the remediation component. The following subsec-
tions detail the methodological design of the baseline prompt and its experimental results.

5.5.1 Methodology Design and Implementation

To overcome the limitations of zero-shot generation and ensure that the Remediation Engine
rigorously adheres to theNeo-Piagetianmodel, a change in the prompt designwas required. In
this fourth architecture, the strategy transitioned towards Few-Shot Prompting (see Figure 5.4).
The primary objectivewas to increase the alignment of themodelwith the formal exercise struc-
tures defined in Section 3.2 by providing an even more detailed context.
Instead of merely describing the pedagogical rules, this approach provides specific examples of
correctly formatted exercises with the correct typology and complexity. This forces the LLM
to mimic the desired structure; for instance, presenting a tracing table for a Pre-operational
student or a refactoring problem for a Concrete Operational student. To achieve this, the fol-
lowing techniques were applied to the exercise generation prompt:

• Enforce the Output Schema: Instead of letting the LLM give free answers about pro-
gramming exercises, now the prompt asks for including a Metadata section with the
following information: Current skill, Current stage, and Selected exercise type. This is
in order to force themodel to select a specific exercise related to the skill evaluated before
creating a new exercise, which reduces the hallucination problems.

• Catalog-based Description: Transform the list format of exercises into a new look-up
table to have a small knowledge base. This approach includes an ID for each type of
exercise in order to make it easier for the LLM to choose one type during the generation
process.
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• Few-shot Prompting: In addition to the points mentioned, a few-shot strategy was
added to the prompt. As proposed in [34], the use of this approach increases the ability
of the model to follow certain instructions. For that reason and following the literature,
each of the three Neo-Piaget Stages has an example template of a correct exercise. In
the same way, to maintain the adaptability of the prompt to different topics, no C code
was provided; instead, these examples are considered templates. Notice that the selected
exercise templates were chosen through a literature review of how other studies imple-
ment programming teaching with different exercises using the Neo-Piaget model. For
instance, [29] proposesmultiple examples of questions for each of theNeo-Piaget stages,
which were used as part of this few-shot prompting strategy.

Prompt for Evaluating LLMAdoption of Exercise Typology using Few-shot strate-
gies

System Role: You are an expert programming tutor helping beginners understand {topic} in
C programming. Your goal is to help students master the topic of {topic} in C by generating
complex and novel exercises using a skill-based, adaptive teaching approach.

TeachingModel (Neo-Piagetian Stages): Each exercise targets one cognitive stage fromPiaget’s
model.
1. Sensorimotor – Students recognize syntax and structure but do not yet reason about how
program flow works.
2. Pre-operational – Students trace and interpret the code’s execution but struggle with abstrac-
tion.
3. Concrete Operational – Students understand the abstract logic and can apply the topic in
problem-solving.

Skills List (Strict Adherence): {skills}

Exercise Catalog (Strict Selection): Youmust select one exercise type from this table based on
the current skill’s stage.
Sensorimotor: SYNTAX_ID – Identify syntax components.
ERROR_FIND – Find syntax errors in a snippet.
TERM_MATCH –Match terminology to definitions.

Pre-operational: PARSON_PUZZLE – Reorder code lines (Parson puzzles).
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MISSING_LINES – Identify missing lines in a code structure.
TRACING – Trace code execution (predict output or variable values).
EXCEPTION_HUNT – Find exception problems (null pointer, memory issues).

Concrete Operational: CODE_PURPOSE – Describe code purpose.
PLAIN_ENGLISH – Explain logic in plain English.
REFACTORING – Refactor for equivalence.
REDUNDANCY – Find redundancies in the logic.
WRITING –Write functional code.

Response Templates (Few-Shot Patterns): Use these examples as inspiration templates for for-
mat and complexity. The content should vary depending on stage, skill, and topic.
Sensorimotor Example: Given a code snippet with letters A, B, C labeling each line, the student
matches each label to a definition.
Pre-operational Example 1: The code below showsmissing lines of code, but not necessarily in
the correct order. It also has one extra line that is not needed. Identify which line should go in
each position.
Pre-operational Example 2: Code snippets are provided in random order and must be placed
in the correct order to complete a programming task.
Concrete Operational Example 1: In one sentence, describe the purpose of the following code.
Do not give a line-by-line explanation; describe its purpose.
Concrete Operational Example 2: The code compiles but does not work as expected; a specific
variable or computation always produces an incorrect value.

Hard Constraints (Verifiable Rules):
1. Adhere to the Skill Order: Do not advance to a higher skill or stage until mastery of the
current skill is demonstrated.
2.Metadata Requirement: Every response must start with a hidden [METADATA] block.
3. No Full Solutions: Never show full solutions; provide hints, step-by-step guidance, or
conceptual cues instead.
4. Stage Consistency: If the current skill is Sensorimotor, you cannot request logic reasoning
or flow explanation.
5. Stage Complexity: If the skill is Concrete Operational, present more than one exercise to
ensure mastery.
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Instructions:
- Start with a friendly introduction explaining your role and the learning model.
- Follow the Piaget teaching model described above to present skills and structure exercises.
- Clearly explain the topic of the current target skill before presenting any exercise.
- For each skill, generate one or more exercises using the exercise types listed for its Piaget stage.
If none fit the skill, generate a similar exercise type inspired by the catalog.
- Make exercises complex and novel, covering different aspects of the skill. Do not show answers.
- Wait for the student’s answer after each exercise.
- Assess mastery upon each answer:
- If mastered, progress to the next skill.
- If not mastered, provide explanatory hints and additional, simpler exercises related to that skill.
- Provide recommendations for further practice if needed.

Output Format: You must use this exact structure for every response.

[METADATA]
- Current_Skill: <Skill ID: Skill description>
- Current_Stage: <EXACT stage name: "Sensorimotor" OR "Pre-operational"
OR "Concrete Operational">
- Selected_Type_ID: <ONE Type ID from the EXERCISE CATALOG>
[END METADATA]

[TUTOR CONTENT] (Your introduction, and the exercise go here)

Figure 5.4: Prompt for Evaluating LLMAdoption of Exercise Typology using Few-shot strategies.

5.5.2 Few-Shot Prompting Results

The prompt of this final architecture was tested on the same LLMs as before: ChatGPT (GPT-
5), Gemini 2.5-Flash, Claude (Sonnet 4.5), and GPT-OSS. Llama 4 will not be used due to
its poor performance in the last test. The evaluation process is based on the methodology de-
scribed in section 5.1 and uses qualitative and quantitative metrics such as skill progression
flow, feedback, exercise diversity rate, and typology alignment rate. The results obtained are
presented below:
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ChatGPT (GPT-5): The model adheres to the exercise typology presented in the prompt;
however, the complexity of the exercises are similar to past tests. In addition, the model uses
several types, such as refactoring, explaining the purpose of the code, or finding the error; but it
does not present any code-writing task, which represents a problem in the learning strategy; in
the same way, the model does not use any Parson puzzle or Missing Lines exercises. The GPT
model proposes 17 exercises, of which 10 were part of the typology. It represents 58.82% of
exercises related to fitness, which is an improvement from 23.1% of the last test.16

Gemini 2.5-Flash: The Gemini model is showing a real improvement with a much better
variety of exercises. It is successfully generating novel exercises, including, for instance, Parson
puzzles, missing lines code snippets, and actual code-writing tasks. This represents an impor-
tant improvement in the adherence to the typology. In addition, it generates different types of
exercise even for the most basic skills in the sensorimotor stage. The only technical point is a
minor metadata error where the skill ID seems to get stuck on ’S’ regardless of the actual learn-
ing stage. This model presents 18 exercises with a total of 15 exercises as part of the typology
list, representing 83.33%, a great improvement compared to the last test. 17

Claude (Sonnet 4.5): This model shows a strong performance with respect to the variety
and adhesion of the exercise to the typology list. In particular, it includes writing code tasks in
the Concrete Operational stage, as well as outstanding refactoring and error-finding exercises.
However, in the Pre-operational stage, the model does not show Parson puzzles or missing
line exercises; instead, it presents an error showing a Sensorimotor stage exercise in the Pre-
operational stage. This model excels in offering more practice exercises than other models and,
again, does not show the entire solution when asked. In general, this model presented a total
of 23 exercises, of which 17 completely respect the typology list. This represents 73,91% of the
exercises, a better performance compared to 27.8% of the last test. 18

GPT-OSS (gpt-oss-120b): This model strictly adheres to the exercise typology, but it has
someareas of improvement. In the Sensorimotor stage, the exercises feel simple,where the term-
matching tasks often list the definitions in the exact same order as the terms, making the answer

16Complete interaction for the GPT-5 experiment can be accessed at https://drive.google.com/file/
d/1JQbRLmcYZwFUz6TeHx6yymreQNLQajQI/view?usp=sharing

17Complete interaction for the Gemini 2.5-Flash experiment can be accessed at https://drive.google.
com/file/d/1k0hYHbpUpsVxyzWG4chCEnnZiqXtC5h0/view?usp=sharing

18Complete interaction for the Claude Sonnet 4.5 experiment can be accessed at https://drive.google.
com/file/d/1PVWLXotYIHSLU9mwbwNX1QUy08AH76mA/view?usp=sharing
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obvious and not good for explaining definitions. On the other side, the Pre-operational stage
defines good exercises, not only showing tracing examples, but also includingmissing line tasks.
In the ConcreteOperational stage, themodel presents code-writing exercises with a reasonable
level of complexity, some debugging examples, and a few refactoring tasks. Although the level
of exercises is considered well, it would be better to have more specialized tasks like refactoring
or missing error exercises. In general, this model produced a total of 17 exercises, of which 12
were strictly part of the exercise typology; it represents 70,59%, an improvement from 25% of
the last experiment. 19

In conclusion, the use of the few-shot approach in the prompt, as well as the reordering of the
instructions and the strict output schema with metadata information, reflect a great improve-
ment in the adherence of the LLMs to the exercise typology described in Section 3.2. The
summary of the final percentages of adherence is shown in Table 5.4. This is an important re-
sult because this experiment shows the potential of the models to follow a learning framework,
in this case the Neo-Piaget model for programming learning.

Table 5.4: Exercise Alignment with Typology Guidelines in Test 4 Prompt for Exercises Generation

Model Total Exercises Aligned Exercises % Aligned

GPT-5 (ChatGPT) 17 10 58.82%
Gemini 2.5 Flash 18 15 83.33%
Claude 4.5 Sonnet 23 17 73.91%
GPT-OSS 120B 17 12 70.59%

Finally, the integration of a few-shot prompting architecture, combinedwith the reordering of
pedagogical instructions and the enforcement of a strict, metadata output schema, established
a highly constrained Remediation Engine. By explicitly indicating the correct LLM exercises
examples, themodel guaranties strict adherence to theNeo-Piagetian exercise typology detailed
in Section 3.2, which was the main objective of this section. This final iteration successfully
bridges the cognitive diagnosis and the practical exercises generation, which allows to have a
complete autonomous system for student tutoring. Notice that it is not only generating trivial
exercises, it is generating personalized practice coding exercises based on a specific cognitive
complexity guided by a well-defined learning framework.

19Complete interaction for theGPT-OSS-120b experiment can be accessed at https://drive.google.com/
file/d/1hGCyFPuzcxoRuibirXrhm4A7iDrlv-1_/view?usp=sharing
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In summary, the experimental evaluation of the Remediation Engine highlights the necessity
of advanced prompt engineering to enforce the alignment with the Neo-Piaget learning frame-
work. Although baseline zero-shot approaches struggled to provide diverse and framework-
aligned exercises, the implementation of a few-shot architecture successfully guided the mod-
els to generate varied and aligned programming exercises. This process successfully achieves
the objective of creating a real-time adaptive learning loop, in which the model can use the ini-
tial cognitive diagnosis in order to generate appropriate programming exercises. This leads us
to the third and final component of the proposed tutoring system, the long-term Predictive
Engine.
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6
The Predictive Engine: Iterative Design and

Evaluation

In this section, we detail the third component in the autonomous tutoring system: the predic-
tion engine. In this case, a knowledge tracing process was developed with the aim of predicting
academic risk in C programming students, specifically the results of the first partial test at the
Programming Course of the University of Padua. In this project, we proposed a hybrid archi-
tecture thatmerges the understanding of Large LanguageModels with the temporal predictive
power of knowledge tracing (KT). In the first phase of the study (presented in sections above),
we used a fine-tuned model to transform raw student interactions into cognitive labels based
on the Neo-Piagetian framework; now, this subsequent phase leverages those rich, structured
labels to model the student’s learning trajectory.
By modeling these sequential interactions of students with programming exercises, the system
identifies failure patterns andmisconceptions of the students during their learning process. Un-
like standard Knowledge Tracingmodels, this approach integrates theNeo-Piagetian cognitive
stages, allowing the model to understand not just if a student failed an exercise but also the
cognitive stage of the task students struggled with. In that way, using the learning trajectory of
each student, the system is able to predict the final result of the partial exam of the program-
ming course at the University of Padua.
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6.1 Quantitative Evaluation Strategy

The main objective of the Knowledge Tracing Engine is to predict the probability of a student
failing or passing the programming exam. In order to assess the predictive capabilities of the
proposed neural network architectures, a quantitative evaluation framework was established.

Quantitative Evaluation Metrics: For this process, standard classification metrics such as
Accuracy and F1-Score (previously defined in Section 4.1) remain foundational, but evaluating
the predictive model requires some specialized metrics, described next.

• F1-Score (Risk/Macro): The risk F1 score for the specific ”Fail” class ensures that the
model accurately identifies at-risk students without excessively triggering false positives.
TheMacro F1-Score was also tracked tomeasure the overall balance between failure and
pass predictions.

• ROC Curve and AUC: The ROC curve plots the True Positive Rate against the False
Positive Rate at various threshold settings. The Area Under the Curve (AUC) was used
as a primary aggregate measure of the model’s ability to distinguish between students
who will pass and those who will fail.

• K-Fold Cross-Validation (5-Folds): To ensure that themodel’s performancewas stable
and not the result of a lucky train-test split, a 5-fold cross-validation strategy was imple-
mented. The training loss curves across all five folds weremonitored to evaluate learning
stability and convergence.

Attention Maps Analysis: To understand the internal decision-making process of the neu-
ral network, visual Attention Maps were generated. This technique correlates the normalized
performance scores of a student over time with the specific attention weights assigned by the
model. By visualizing these maps, it is possible to verify whether the model makes predictions
based on the entire knowledge trajectory or if it incorrectly focuses only on the final interac-
tions.
This evaluation process allows us to measure the performance of the predictive model, and at
the same time it is useful to understand how the different architectures proposed analyze the
learning trajectory to generate a final prediction.
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6.2 DatasetConstruction and Feature Engineering

This section details the complete data preparation pipeline, outlining how rawMoodle logs are
first extracted and subsequently transformed through feature engineering to encode student
interactions into sequences suitable for the LSTM network.

6.2.1 Dataset Construction

The first step of this process is to obtain the dataset used to train the predictive model. This
was done using theMoodle Logs of the ProgrammingCourse of the Bachelor’sDegree inCom-
puter Science at theUniversity of Padua, whichwere providedby the faculty. In order to obtain
the dataset, we analyzed the logs from the year 2023-2024, as theywere not used in the previous
phase of the fine-tuned model (see Section 4.4).
First, a Python script was created to process the XML files into readable Excel files to identify
the exercises that are useful for the task; i.e., the exercises were categorized by the topic each is
treating. Secondly, to have a complete dataset that has only real information, all the students’
submissions for each exercise were considered as part of the dataset; this is a similar process as
the one conducted for the ground-truth dataset for the evaluation strategy of the Diagnostic
Engine.
The next step of this dataset construction was to manually identify the skills each exercise was
evaluating to add them to the exercise information. With this process, the complete dataset
ends with a total of 35 exercises and 4306 student submissions, again representing a dataset of
exercises with real answers, but without learning framework labels.
Consequently, all those 4306 submissions need to be taggedwith the learning framework labels
(Missing Skills, Mastered skills, andCognitive Stage), whichmakesmanual labeling unfeasible;
for that reason, the fine-tunedmodel created in section 4.4was used to obtain that information.
The process involves passing each exercise submission to the fine-tuned model to obtain the
cognitive diagnosis, which will be then used for the knowledge tracing training.
After that, the dataset was reordered to show a distribution not based on an exercise’s submis-
sions but instead, based on submissions of each student, i.e., the new focus of the dataset is the
student. In that way, the dataset wasmodeled in order to have a time ordering of each student’s
submission, with a final number of 212 students who interacted with the Moodle system dur-
ing that academic year; algorithm 6.1 shows an example of what the final data set looks like
based on the student information.
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Algorithm 6.1 Sequential Student Data Structure for Knowledge Tracing dataset

{
"student_2706": [
{
"sequence_order": 1,
"exercise_id": "VAR_01",
"topic": "Variables",
"title": "Calculate the last date expressible by a Linux system",
"evaluated_skills": ["S1", "S2", "P1", "P2", "C1", "C2"],
"grade": 100.0,
"code_snippet": "#include <stdio.h>...;\n}",
"cognitive_stage": "Concrete Operational",
"mastered_skills": ["C1", "C2", "P1", "P2", "S1", "S2"],
"missing_skills": []

},
{
"sequence_order": 2,
"exercise_id": "COND_01",
"topic": "Conditionals",
"title": "Determine if a year is a leap year",
"evaluated_skills": ["S1", "S2", "P1", "P3", "C1", "C2", "C4"],
"grade": 100.0,
"code_snippet": "#include <stdio.h>\...",
"cognitive_stage": "Concrete Operational",
"mastered_skills": ["C1", "C2", "C4", "P1", "P3", "S1", "S2"],
"missing_skills": []

}
]

}

Once we have the sequence of exercises for the students, the next step is to define the target
variable, which in this case is the information about the final grade for the first partial exam of
the student. This grade is then transformed into a qualitative variable: PASSED(0) or NOT
PASSED (1), depending on whether the grade is equal to or greater than 18, which is the stan-
dard value of the University of Padua.
In order to get the target value, it was necessary to match the student id from theMoodle Logs
with theuniversity’s student idbyusing thefileusers.xmlprovided in the logs. However, during
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this process, three scenarios were found:

• Some of the students have a final grade for the Programming Course, but they did not
interact with the Moodle exercises, so it is not possible to have a learning interactions
timeline.

• Some students interact withMoodle exercises, but they do not have a final grade, so they
are not considered in the final dataset.

• Most of the students interact with the Moodle exercises and have a final grade; as a con-
sequence, we have learning interactions. These students are the ones to be considered in
the final dataset.

Taking these scenarios into account, the final dataset is composed of a total of 175 students
with 3815 submissions.

6.2.2 Dataset Encoding

The final dataset must be encoded to be used in the training process; for this reason, some
strategies were tried.
The first attempt for the encoding was to create a multi-hot encoding for all the skills of each
topic and a one-hot encoding for the cognitive stage. A schematic graphic is presented in Table
6.1. As can be seen, the skills for each topic were encoded with a name as: TOPIC_SKILL_ID;
thus, the IDs of the skills are different for each topic, which could help the model identify the
difference between them. After that, to identifymissing andmastered skills, the defined encod-
ing was (+1) for mastered skills, (-1) for missing skills, and (0) for not assessed. It is important
to note that each interaction between the students at time t represents an exercise on a specific
topic. Consequently, each array of data at time t will have some columns with values of +1 or
-1, and the rest of the columns will be 0. If a student did not do a specific exercise, the time t for
that exercise will be 0. Finally, the one-hot encoding of the cognitive stage creates 3 columns
to identify whether the exercise at time t was categorized as Sensorimotor, Pre-operational, or
Concrete Operational.
Finally, the dataset ends with 105 columns, representing very sparse input vectors, which cre-
ates a sparsity problem given the small number of students (175) and a large number of features
(105). This represents a problem for the training process because for each iteration, the model
will analyze just a few skills depending on the topic, and all the rest of the features will be ana-
lyzed as 0.
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Table 6.1: First Experiment of Encoding for the Dataset for the Knowledge Tracing Process. Variables are abbre-
viated for formatting constraints (e.g., C_S1 = COND_S1, Sens. = isSensorimotor).

ID Exercise T C_S1 C_S2 C_P1 C_C1 L_S1 L_P1 L_C1 Sens. Pre. Conc.

1 COND_01 1 1 -1 1 -1 0 0 0 1 0 0
1 LOOP_01 2 0 0 0 0 1 1 -1 0 1 0
1 - 3 0 0 0 0 0 0 0 0 0 0
2 COND_01 1 1 1 1 1 0 0 0 0 0 1
2 COND_02 2 1 1 1 1 0 0 0 0 0 1
2 LOOP_01 3 1 1 1 1 0 0 0 0 0 1

Considering those limitations, a second encoding strategy is proposed in order to solve the high-
dimensionality problembynot using all the skills for each topic. This is done due to the general
idea that the model needs to know where the student failed and in which cognitive stage. For
that reason, the new encoding proposes a normalized score for each specific topic (see Table
6.2), in which, for each time step, the score is calculated based on the ratio of mastered (+1)
vs. missing (-1) skills. In that way, we have a final value that encapsulates the information
about the skills for each topic. Finally, for the cognitive stage, instead of a one-hot encoding,
it generates just one column with a normalized scalar defined as: 0 for Sensorimotor, 0.5 for
Pre-operational, and 1 for Cognitive Stage.

Table 6.2: Second Experiment of Encoding for the dataset for the Knowledge Tracing Process. Variables are ab-
breviated to fit formatting constraints (e.g., EID=EXERCISE_ID, LEXS=LOGEX_SCORE, STG= STAGE).

SID EID T EXPS LEXS VARS CONDS LOOPS FUNCS PNTS ARRS STG

1 COND_01 1 0 0 0 0.55 0 0 0 0 0.5
1 LOOP_01 2 0 0 0 0 0.78 0 0 0 1
1 - 3 0 0 0 0 0 0 0 0 0
2 COND_01 1 0 0 0 0.55 0 0 0 0 0.5
2 COND_02 2 0 0 0 0.55 0 0 0 0 0.5
2 LOOP_01 3 0 0 0 0 0.78 0 0 0 1

Finally, using this encoding, the dataset has only 9 columns, which eliminates the high-
dimensionality problem, and at the same time, it captures the skills information using scores.

6.3 Knowledge Tracing Training

The training process of the knowledge Tracing model must consider the temporal dynamics
of the student information, as their exercise interactions are sequential. As proposed by Piech
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et al. [17], the use of deep neural networks can capture more complex representations of stu-
dent knowledge, resulting in substantial improvements in prediction performance. For that
reason, an LSTM (Long Short-TermMemory) model is used as the main method for the train-
ing process. This process considers some different experiments to get a higher performance of
the model.

6.3.1 Training using Large Dimensionality Encoding:

As described in the previous section, the first encoding method has a total of 105 dimensions
andwas trained using a baselinemodel with a standardUnidirectional LSTM,which has a hid-
den dimension of 64 neurons and a single layer. Themodel was trained using Adam optimizer
with a learning rate of 3e−3 and a weight decay of 1e−3 for regularization. Given the limited size
of the dataset (N = 175) with respect to the high feature space (105 features), a higher regular-
ization technique was necessary to mitigate overfitting. For that reason, we applied a dropout
rate of 0.45 to the LSTM output.
In order to have the best approach for testing the dataset, instead of splitting the dataset into
training and test sets, in this process, a 5-Fold Cross-Validation scheme was used to ensure that
all student subgroupswere represented in the validation sets. In addition, the loss functionwas
aweightedBinaryCross-EntropyLoss (BCEWithLogitsLoss) to obtain dynamically calculated
class weights based on the ratio of failed-to-passed students in each training fold. In this way,
themodel is not obligated to always calculate the same ratio for distinguishing a PASS orNOT
PASSED class; instead, it adapts to the current dataset.
The evaluation of this first strategy revealed several limitations inherent to this encoding ap-
proach and its very sparse vectors. Themodel demonstrated a ”Curse ofDimensionality” prob-
lem, achieving an average Accuracy of 64.35% and an F1-Score (Risk) of 63.94%. These results
demonstrated a high variance between folds, as shown in Figure 6.1, indicating instability of
the model and the high difficulty of learning robust patterns.

6.3.2 Training usingNormalized Scores Encoding:

Given the limitations of sparse input vectors, as described earlier, the second encodingmethod
uses only 9 dimensions (9 topic scores + 1Cognitive Stage) to address the Curse of Dimension-
ality. Aswas defined in the previous architecture, thismodel also uses a standard unidirectional
LSTM, but this time adding an Attention layer.
This model has a hidden dimension of 64 neurons and a single layer. Then, an attention layer
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Figure 6.1: Loss Curves of 5-Folds for the Knowledge TracingModel using Large Dimensionality Encoding.

computes a score for each time step in the sequence. These scores are normalized using a soft-
max function to generate attention weights. Unlike the baseline model, which used only the
final hidden state, the attention layer computes a vector as theweighted sumof all hidden states,
allowing the model to focus on specific critical exercises in the student interactions.
The training parameters were adapted to the new architecture, in which the model uses Adam
optimizer with a learning rate of 5e−3 and a weight decay of 1e−3 for regularization. Given that
themodel has a low feature space, a lower regularization value was used; in this case, we applied
a dropout rate of 0.2 to the LSTM output.
Similarly to the last proposed architecture, instead of splitting the dataset into training and
test sets, a 5-Fold Cross-Validation scheme was used to ensure that all student subgroups were
represented in the validation sets. The loss function was a weighted Binary Cross-Entropy
Loss (BCEWithLogitsLoss) to obtain dynamically calculated class weights based on the ratio
of failed-to-passed students in each training fold. In this way, the model is not obligated to
always calculate the same ratio for distinguishing a PASS or NOT PASSED class; instead, it
adapts to the current dataset. This is with the aim of finding the optimal ratio that maximizes
the F1-Score for the Risk Class.
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After the training process with this encoding approach, the results of this architecture improve
over those obtained in the baseline. The model achieved an average Accuracy of 74.29% and
an F1-Score (Risk) of 74.65%, which can be evidenced in the confusion matrix and the ROC
curve of Figures 6.2 and 6.3. It indicates that the model performs well in predicting whether
the student will pass or not the exam, missing only 15 students as false positive values. In the
same way, the 5-fold loss curve shows a more stable training; however, it continues to show
some peaks (see Figure 6.4).

Figure 6.2: ConfusionMatrix for the Knowledge TracingModel using LSTMwith Attention architecture.
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Figure 6.3: ROCCurve for the Knowledge TracingModel using LSTMwith Attention architecture.

Figure 6.4: Loss Curves of 5-Folds for the Knowledge TracingModel using LSTMwith Attention architecture.
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In order to understand the decision made by the model, we analyzed the Attention Maps of
specific student examples. These graphics produce a correlation between the amount of atten-
tion (weights) applied to specific exercises of the student, which are represented as blue bars,
and the normalized scores of each exercise (represented in the red line). For instance, Figure 6.5
shows a false positive case in which the student failed the course (True: 0.0) but was predicted
to pass with a Prediction value of 0.75. The red line, which represents the performance, shows
a low value in the Array topic at the end of the course interactions, and the blue bars indicate
that the model paid more attention to the final exercises of the course, which is the reason why
it predicts a failure of the exam.

Figure 6.5: AttentionMap - False Positive for the Knowledge TracingModel using LSTMwith Attention archi-
tecture.

Another example is shown in Figure 6.6, where we present a true risk prediction, where the
student failed (True: 0.0) and was correctly flagged by the model (Pred: 0.42). This student
shows a learning trajectory with some errors in various topics, which helps the model not to
focus only on the last interactions.
In conclusion, the use of the normalized score encoding helps themodel to learnmore complex
patterns due to the dense vector values. In addition, the LSTMwith attentionmodel generates
correct predictions with a good accuracy value; however, as shown in previous examples, it is
necessary for themodel not to focus just on the end of the interactions; instead, for the task the
model is performing, it is necessary to apply the attention mechanism to the entire knowledge
trajectory, so the predictive model can understand that an error at the initial topics can also
generate a risk of failing the final exam.
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Figure 6.6: Attention Map - True Negative for the Knowledge Tracing Model using LSTM with Attention ar-
chitecture.

6.3.3 Training using Bi-LSTMwith Attention:

Asdescribedbefore, itwas necessary to force themodel topay attention to thewhole knowledge
tracing to enhance the model’s ability to capture complex dependencies. For that reason, a Bi-
LSTM (Bidirectional LSTM) was proposed using the same encoding strategy. This model has
a hidden dimension of 64 neurons and a single layer, but this time it is executed twice due to the
bidirectionality, having a total of 128 neurons. Then, the Attention Mechanism was adapted
to process this enriched context vector, which allows the model to weigh the importance of an
exercise based on its relationship with both the student’s history and their future outcomes.
The training parameters were adapted to the new architecture, in which the model uses Adam
optimizer with a learning rate of 4.5e−3 and a weight decay of 1.2e−3 for regularization. In this
case, we applied a slightly higher dropout rate of 0.3 to the LSTM output. In addition, it is
noticeable that a persistent challenge is the limited dataset size, which makes the model tend
to overfit. To address this, we implemented a GaussianNoise Injection strategy where random
noise sampled from a normal distribution was added to the input vectors in order to increase
the original dataset.
Similarly to the previous architectures, instead of splitting the dataset into training and test
sets, a 5-Fold Cross-Validation scheme was used to ensure that all student subgroups were
represented in the validation sets. The loss function was a weighted Binary Cross-Entropy
Loss (BCEWithLogitsLoss) to obtain dynamically calculated classweights based on the ratio of
failed-to-passed students in each training fold. In this way, the model is not obligated to always

123



calculate the same ratio for distinguishing a PASS or NOT PASSED class; instead, it adapts to
the current dataset. This is in order to find the optimal ratio that maximizes the F1-Score for
the Risk Class.
Based on this definition, after the training process, the results of this architecture improve over
those obtained in the last attempt. Themodel achieved an average Accuracy of 76% and an F1-
Score (Risk) of 75.88%, which can be evidenced in the confusionmatrix and theROCcurve of
Figures 6.7 and 6.8. It indicates that themodel performswell in predictingwhether the student
will pass or not the exam, missing only 13 students as false positive values. In the same way, the
5-fold loss curve shows a more stable training (see Figure 6.9).

Figure 6.7: ConfusionMatrix for the Knowledge TracingModel using Bi-LSTMwith Attention architecture.
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Figure 6.8: ROCCurve for the Knowledge TracingModel using Bi-LSTMwith Attention architecture.

Figure 6.9: Loss Curves of 5-Folds for the Knowledge Tracing Model using Bi-LSTM with Attention architec-
ture.
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As in the previous attempt, it is important to understand the decision made by the model; we
analyzed the Attention Maps of specific student examples. These graphics produce a corre-
lation between the amount of attention (weights) applied to specific exercises of the student,
which are represented as blue bars, and the normalized scores of each exercise (represented in
the red line). For instance, Figure 6.10 shows a true positive case in which the student passed
the course (True: 1.0) and it was predicted to pass with a Prediction value of 0.78. The red
line, which represents the performance, shows a few low values during the course interactions,
but this time, the blue bars indicate that the model paid attention not only at the end of the
trajectory, but it also has a more stable attention mechanism.

Figure 6.10: Attention Map - True Positive for the Knowledge Tracing Model using Bi-LSTM with Attention
architecture.

Another example is shown in Figure 6.11, where we present a true risk prediction, where the
student failed (True: 0.0) and was correctly flagged by the model (Pred: 0.33). This student
shows a learning trajectory with some errors in various topics; the model paid attention to the
whole sequence and helped to detect the student’s misconceptions.
In conclusion, these experiments define the Bi-LSTMwith Attention as the superior architec-
ture for predicting academic risk using C code submissions as a knowledge trajectory. The use
of attention in both directions of the network, in combination with regularization techniques
and dynamic threshold tuning, allows the model to understand complex patterns of how stu-
dents learn.
In order to improve the results obtained by the Bi-LSTM architecture, other experiments were
tried using Gated Recurrent Unit (GRU) with Attention. However, the results obtained were
very similar and do not reveal a significant improvement; particularly, the GRU approach ob-
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Figure 6.11: AttentionMap - True Negative for the Knowledge Tracing Model using Bi-LSTMwith Attention
architecture.

tained an average Accuracy of 76.57% and an F1-Score (Risk) of 75.77%; figure 6.12 shows the
ROC curve of this approach. In general, the similar performance between LSTM and GRU
suggests that the predictive ceiling is constrained by the size of the dataset.

Figure 6.12: ROCCurve for the Knowledge TracingModel using GRUwith Attention architecture.

In conclusion, the LSTM approaches that were part of these experiments got relevant results
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for the knowledge tracingmodel. It was also because of the use of theNeo-Piagetmodel, which
indicates not only if the student passed or not an exercise but also at what level of understand-
ing the student is. Finally, the enriched labels of the learning framework give the knowledge
tracing model more information, which is useful to determine the final risk of a student in a
programming course.
In order to support these results, the same architecture (Bi-LSTMwith attention) was used on
the same dataset, but using the standard knowledge tracing strategy, i.e., not using the enriched
labels of the Neo-Piaget framework. This experiment used only the information of passing or
not passing the exercise of each student, based on the grade obtained (100pointsmeans that the
student passed the exercise). The results of this baseline experiment, using the same parameters
as before, obtained an averageAccuracy of 67.43%and anF1-Score (Risk) of 58.59%,which can
be evidenced in the confusionmatrix and the ROC curve of Figures 6.13 and 6.14. It indicates
that the model is not performing well by using only basic labels for early risk prediction.

Figure 6.13: ConfusionMatrix for the Knowledge TracingModel using baseline without enhanced labels.
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Figure 6.14: ROCCurve for the Knowledge TracingModel using baseline without enhanced labels.

Finally, Table 6.3 compares the final results obtained by Bi-LSTMwith Attention architecture
and the traditional baseline for Knowledge Tracing. These results confirm that the use of en-
riched labels obtained by the LLM based on the Neo-Piaget framework outperforms the basic
Knowledge Tracing neural network technique.

Table 6.3: Performance comparison of Deep Knowledge Tracing using BiLSTMwith Attention, with and with-
out enriched labels.

Metric
Baseline

(No Enriched Labels)
ProposedModel
(Enriched Labels)

Accuracy 0.67 0.76
AUC 0.67 0.72
F1 (Risk/Fail) 0.71 0.76
F1 (Macro) 0.59 0.74

In summary, the design of the Bi-LSTM with Attention architecture establishes a robust
predictive mechanism for the Knowledge Tracing engine. By moving beyond traditional
metrics—which merely track whether a student passes or fails—to integrating the enriched
Neo-Piagetian cognitive stages, the predictive model achieves a much deeper temporal under-
standing of the student’s learning trajectory. Consequently, the system does not simply track
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past performance; it effectively calculates the probable risk of academic failure in future evalu-
ations. This predictive capability successfully closes the adaptive learning loop, transforming
the tutoring system into a proactive early-warning tool for educators.
The comparative analysis presented in Table 6.3 supports this hypothesis. The results confirm
that the use of this advanced architecture along with the cognitive labels generated by the fine-
tuned LLM significantly outperforms the traditional Knowledge Tracing baselines. It is clear
that theuse of comprehensive learning states—encompassing the cognitive stage, aswell asmiss-
ing and mastered skills—provides the proposed Predictive Engine with the necessary depth to
offer a highly accurate and robust mechanism for early academic risk detection.
However, while these quantitative experiments validate the accuracy and theoretical alignment
of the predictive and diagnostic models, the true efficacy of the overarching tutoring system
must be measured through practical application. To fully assess the usability and general stu-
dent perception of this platform, the integrated system was deployed in a live academic envi-
ronment. Accordingly, the following chapter presents the evaluation of the pilot deployment
in a real programming course, analyzing system viability and student feedback.
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7
Web Application Pilot Deployment

With the defined architecture and individual components fully integrated, the final step in-
volved transitioning the platform to a live academic setting. In order to evaluate the end-to-end
feasibility and stability of the autonomous tutoring system, the web application was deployed
as a pilot study within a real introductory C programming course part of the Department of
Mathematics of the University of Padua. The primary objective of this deployment was to ob-
serve the system’s capacity to handle LLM-based cognitive diagnosis and real-time generation
of tailored exercises.
Theweb application is available through the following link: https://llmeducation-900c9.
web.app/. Students enrolled in the course, along with the professor and a teaching assistant,
were provided access to the platform to practice programming concepts in a voluntary way.
Given its nature, the evaluation methodology prioritized passive data collection, which means
that the systemwas configured to automatically record detailed interaction logs in the database.
The purpose of this process is to analyze the behavior of the entire tutoring system when stu-
dents use themethodological components: theDiagnosis Engine and theRemediation Engine.
Instead, for professors, their dashboard allows them to analyze the outcomes of the predictive
model.
The pilot deployment of the proposed tutoring system gave some insights about its practical
application in a real educational environment. The web application was proposed as a volun-
teer option to practice C programming exercises in the Bachelor’s degree programming course
at the Department of Mathematics in the University of Padua. During the evaluation period,
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the platform successfully registered 35 students and 1 professor. In order to evaluate the sta-
bility of the application, all interactions between users and the AI model were registered in a
Firestore database, in which the system successfully processed 198 total interactions without
critical failures. These interactions include the entire pipeline: from the initial submission of
a C code for a general exercise, going through the cognitive diagnosis made by the fine-tuned
LLM, to the generation of tailored remedial exercises.
In addition to recording data interactions in the database, the pilot deployment also validated
the effectiveness of the platform as an analytics tool for professors. As presented in themethod-
ology section, a dedicated Professor Dashboard was developed to provide real-time visibility
into each student’s learning progression, as well as the general metrics the class is generating.
The interface presented in Figure 7.1 presents a section with the general distribution of all stu-
dents through the class topics and their risk of failing the final exam. Furthermore, the dash-
board allows the professor to have read-only access to the detailed history of every individual
student interaction.

Figure 7.1: Final Professor Dashboard in the pilot deployment.

This feature allows the professor to monitor all the learning path and possible errors the plat-
form could have. Using it, several case studies on how students interact with the system could
be observed. For instance, as shown in the first part of Figure 7.2, a student starts the topic
of Logical Expressions with a wrong answer in the first diagnosis exercise, which generates the
fine-tuned model to classify that student into the sensorimotor stage. After that, the student
continues doing the tailored exercises until he or she reaches the concrete operational stage,
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which generates interesting exercises about refactoring. This represents a successful learning
trajectory, carrying the student from the very basics of the C topic to master complex skills like
methods refactoring.

Figure 7.2: Successful Learning Interactions of a student in the Logical Expressions topic.

The presented pattern is similar to the rest of the students who interacted with the system
through the first C programming topics. However, there is also a study case in which a stu-
dent was classified in the sensorimotor stage and, instead of continuing the learning trajectory,
the student asked for more complex exercises, trying to skip the pre-defined cognitive stages.
The interaction of this case is shown in Figure 7.3. From this example, we can deduce that
even when the fine-tuned model did a good job of classifying the initial cognitive stage, some
students can believe that they have already understood the selected skills, and they want to
go further through the topics. It is specially distinguished in the first topics (Expressions and
Learning Expressions), as they are simple topics compared to arrays or pointers sections.
Finally, these real interactions validate the end-to-end feasibility of the autonomous tutoring
system. As was presented in the successful case studies, it is demonstrated that the complete
pipeline can effectively guide a student through the Neo-Piagetian cognitive stages, dynam-
ically adjusting the tailored exercises from simple syntax corrections to complex refactoring
tasks. However, the cases in which students attempted to bypass the natural progression of the
learning framework highlight the difficult aspect of human-computer interaction, in which,
while the AI successfully enforces the rigor of the framework, the learner can represent an un-
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Figure 7.3: Inconvenient in Learning Interactions of a student in the Expressions topic.

predictable variable. This is the reason why a professor dashboard is useful to evaluate how
good the interactions between the students and the model are working, representing a help-
ful input to know topics to enforce in regular classes. Overall, this pilot deployment confirms
that the platform is capable of generating complete learning paths by generating rich learning
analytics based on a well-defined learning framework.
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8
Discussion

The previous chapters presented the methodology and results obtained for the proposed tu-
toring system, through its diagnostic, remediation, and predictive components. This chapter
interprets the empirical results to address the research questions that drive this project. The
following sections summarize the implications found by integrating the Neo-Piaget learning
framework into a complete learning cycle for introductory students of C programming.

8.1 TheDiagnosticEngine: TheFeasibilityofCogni-
tive Diagnosis

The primary objective of theDiagnostic Engine was to identify the cognitive stage of the Neo-
Piaget learning framework, along with the missing and mastered skills from a student’s raw
code submission. It was performed through an iterative process in which an open-weight fine-
tuned model was developed; specifically, the GPT-OSS-20bmodel was trained over thousands
of real students’ exercises fromMoodle Logs. As detailed in section 4.4, the base model GPT-
OSS-20b achieved an accuracy of 66% and a F1-score of 71%between all testedCprogramming
topics; instead, the fine-tuned model achieved a total accuracy of 74% and a final F1-score val-
ues of 75% among all topics, which represents higher values compared to commercial general-
purpose LLMs like Gemini 2.5-Flash which achieved an accuracy of 72%, demonstrating the
specialization outcome of the fine-tuned model.
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These results are significant because they answer the first researchquestion, as they demonstrate
that it is possible to use just raw exercises submissions to measure the level of understanding of
C programming concepts based on a well-defined learning framework. These results indicate
that an LLM can extract more information from exercises than its correctness, allowing educa-
tional settings to have more complete reasoning information about students learning. In addi-
tion, the increased accuracy and F1-score values demonstrate that it is possible that a fine-tuned
model, based on a relatively limited model such as GPT-OSS-20b, could achieve better perfor-
mance even compared to models with higher reasoning capabilities like Gemini 2.5-Flash.
However, these values are influenced by the natural data imbalance inherent in real-world aca-
demic logs. This is because the initial dataset was not complete enough to cover all the possible
complexity scenarios among all the C programming topics. For instance, the lack of Moodle
submissions with very basic syntax errors in the first topics like Expressions and logic expres-
sions demonstrates that most of the students feel confident with those topics; this differs from
more advanced topics such as pointers or arrays, where the exercise submissions have a more
varied type of error between all the Neo-Piaget cognitive stages. This scenario directly affected
the quality of the LLM fine tuning process, which tended to make a better diagnose in more
complicated topics.
It is also notable that this proposed model is small enough to run as part of a cluster with rea-
sonable GPU capabilities, generating a model that does not depend on costly public APIs to
be executed. In the same way, since it is running locally, the model does not have to deal with
data privacy constraints as if it were using public commercial models.
Different studies demonstrated the efficacy of using the Neo-Piaget framework in program-
ming education, especially in categorization of programming errors [12] [14]. Although this
existing literature highlights the importance of classifying these errors into cognitive stages, this
project uses the diagnosis obtained from the LLM to create an initial point for the educational
loop, which treats each cognitive stage as a barrier the student needs to overcome. For that rea-
son, theDiagnostic Engine presented is the first component that interacts in the final proposed
system.
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8.2 The Remediation Engine: LLMs and Learning
Framework Constraints

The purpose of the Remediation Engine is to generate adaptive tailored code programming
exercises based on the evaluation performed by theDiagnostic Engine. This second step of the
tutoring system was built using an iterative process based on prompt engineering techniques,
in which a final few-shot prompt was developed. This prompt asks the LLM to generate varied
and complex exercises following the Neo-Piaget learning framework; in order to do the task,
the prompt uses a list of pre-defined types of exercises that follow exactly the methodology
proposed by the framework.
Asdetailed in section5.5.2, theuse of this list of types of exercises helped themodels understand
what we expect as complex exercises, not only as C programming skills, but also to be coherent
to the Neo-Piaget framework. The models with a higher adherence to the framework were
Gemini 2.5-Flash andClaude Sonnet 4.5with 83.33% and73.91% respectively. Regarding non-
commercialmodels likeGPT-OSS-20b, prompt engineering techniques increased its alignment
percentage to 70.59%, although it is significantly lower than Gemini 2.5-Flash, this model has
an advantage in terms of deployment due to its possibility to run locally.
These results are relevant for the study of the second research question, which evaluates the
capacity of LLMs to generate exercises based on the Neo-Piaget diagnosis and a list of specific
types of exercises. For instance, during the first experiments, the only use of explanations of the
Neo-Piaget stages didnot enforce themodel to generate adequate exercises for eachoneof them.
After that, the use of the exercise typology list helped guide the models on which exercises are
more interesting depending on the cognitive stage; however, there were cases where themodels
started to hallucinate. For that reason, the use of few-shot prompt techniques taught theLLMs
how to generate different C programming exercises based on the presented list.
Some studies present AI-based systems that act as assistants to learn a new programming lan-
guage or present the effectiveness of LLMs to generate ready-to-use programming exercises
with a certain level of novelty [35]. For instance, [36] created a novel system based on construc-
tivism learning theory and cognitive load theory, in which the authors generate exercises that
divide learning into these phases. Similarly, our project uses the Neo-Piaget learning frame-
work as the main drive for the generated exercises, but the difference is how it uses the allowed
list of exercises to force the models to create exercises that are only part of the framework.
This thesis extends the state of the art by demonstrating that integrating the more rigid cog-
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nitive stage progression of the Neo-Piagetian framework via few-shot prompting effectively
generates adequate exercises with the aim of helping students fully understand a programming
topic and not only to generate practice exercises.

8.3 The Predictive Engine: Improvements in Knowl-
edge Tracing

The third step of the tutoring system is the Predictive Engine, which aims to create a long-term
analysis of the student-model interactions, in order to predict the risk of failing the final C pro-
gramming exam. The prediction model was based on a Bi-LSTM with attention architecture
that encapsulates all the interactionsmade by the student and theLLMin the remediation loop.
This means that all the student’s answers are part of the input for the predictive model cap-
tured as programming interactions over time, which represents the learning trajectory of each
student. These interactions are composed of the enriched labels provided by the Neo-Piaget
learning framework, which are: actual cognitive stage, missing skills, and mastered skills.
As detailed in section 6.3, the use of these enriched labels in the predictive model achieved an
accuracy of 76% and an F1-score of the risk outcomes of 76%. These results represent a great
improvement over the baseline knowledge tracingmethodology, which uses the same proposed
machine learning architecture, getting an accuracy of 67% and an F1-score value of 71%. These
results were subject to the size of the training dataset, which was relatively small due to its de-
pendence on only Moodle logs.
These final metrics answer the third research question, demonstrating that the use of cogni-
tively rich labels significantly improves the prediction model. This is due to the fact that tra-
ditional knowledge tracing methods only assume the final outcome of an exercise to decide if
the student knows the topic or not. Instead, the proposed methodology understands that a
failure in one exercise does not mean a lack of knowledge, but it really depends on how well
the student is evolving through the defined cognitive stages. By utilizing the fine-tuned LLM
as an advanced feature extractor diagnosis, the system enriched the sequential data with the
”why” behind the failure. In this way, the neural network is understanding the reasons behind
a failure and not only the final grade. In addition, the use of attention maps during the train-
ing phase allows us to understand the importance of paying attention to the entire learning
trajectory and not to the final interactions. It is because for the model it is relevant to detect
the misconceptions a student could have during the course and not only during the last topics.
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These results offer a distinction from the actual literature. For instance [20], uses LLMs con-
versations as input for knowledge tracing with deep neural networks but using only binary
sequences. Although recent literature, such as [37] implements novel methods for generating
semantic rich embeddings using LLMs, this approach bases its input only on general generated
content, not a well-defined learning framework as the one used in this project. The proposed
architecture bridges this gapby leveraging the semantic understanding ofLargeLanguageMod-
els to extract structured pedagogical embeddings based on the Neo-Piagetian stages, which are
then sequentially processed by a Bi-LSTM.
Finally, the improved results of thePredictive Engine close the entire proposed system, by creat-
ing a complete tutoring system that uses theNeo-Piaget learning framework to diagnose initial
raw exercises, then generate tailored exercises that guide the learning trajectory, to finally use
all those interactions for a final prediction of the risk of failure in a final programming exam.

8.4 PilotDeploymentViability and FutureWorkDi-
rections

The pilot deployment of the autonomous system successfully demonstrated the feasibility of
integrating advanced LLM techniques with the cognitive stage definitions of the Neo-Piaget
learning framework into a real educational environment. By establishing a stable learning loop
between the student interface, the fine-tuned diagnostic model, and the exercise Remediation
Engine, the system proved its viability. As presented in the results section, some study cases
show that students can successfully follow the learning trajectory until they master the skills
basedondifferent cognitive stages. However, the behavioral patterns observed in some students
who try to bypass the learning path revealed a fundamental conflict between the strict learning
framework and user autonomy.
Because the primary objective of this pilot deployment was to validate all integration and sys-
tem stability, data collection was done by saving logs in the database. Therefore, due to the
voluntary nature of the tool’s usage in a live classroom setting, formal qualitative evaluations
of student perception, interface usability, and overall satisfaction yielded insufficient response
rates. Although the interaction logs confirm that the models operate as intended, the lack of
user perception surveys represents a limitation of the current evaluation.
The work on the perception gap will serve as the main focus of future work, in which the sys-
tem is expected to transition frompassive log interactions to active user engagementmetrics. In
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order to achieve the final user surveys, some aspects should be considered to encourage student
interactionwith the system and survey participation. Consequently, future studies should gen-
erate standardized usability questionnaires, such as evaluating system usability, model halluci-
nations from the student perspective, and general understanding of the learning flow.
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9
Conclusions

Students in introductory C programming courses frequently struggle to understand complex
topics because their learning demands a progressive understanding of abstract concepts rather
than just syntaxmemorization. Furthermore, traditional artificial intelligence tools do not con-
sider this hierarchical learning need; instead, they act primarily as code solvers. To overcome
this problem, this project proposed and implemented an autonomous system that integrates
Large Language Models with knowledge tracing under the constraints of the Neo-Piagetian
learning framework. The developed solution creates a tool capable of diagnosing a student’s
cognitive state directly from raw C code submissions, generating tailored remedial exercises,
and predicting academic risk failure in final examinations. These three components were con-
solidated into a functional web application, demonstrating the technical viability of the use of
AI as a programming tutor based on a well-defined learning framework.
The evaluation of the three main components of the system yielded significant findings regard-
ing its application in programming education. First, the development of theDiagnostic Engine
established that a fine-tunedopen-weightsmodel, such asGPT-OSS-20b, can accurately extract
cognitive patterns from raw student code and translate them into an established cognitive stage
and specific skills to be practiced within the Neo-Piaget learning framework. This component
was trained over historicalMoodle logs data and achieved a 74% accuracy in the diagnostic task,
which represents a significant improvement over the 66% achieved by the basemodel, while ad-
ditionally outperforming general-purpose commercial models such as Gemini 2.5-Flash. This
confirms that the fine tuningmethod can substantially increase the reasoning capabilities of an
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open-weight model in order to perform a specific diagnostic task.
Second, theRemediation Engine, as the one responsible for generating tailored exercises based
on the previous diagnosis, highlighted a critical limitation of LLMs: without explicit bound-
aries, LLMs cannot accurately follow the constraints of a learning framework in order to act as a
programming tutor. This project demonstrated that applying few-shot prompting techniques
with the use of a predefined typology of exercises successfully forced themodels to adhere to the
strict cognitive progressionof theNeo-Piaget framework. This approachproved thatLLMs are
capable of generating complex and varied C programming exercises by explicitly defining the
correct type of exercises in the prompt architecture.
Third, the next component of this learning loop is thePredictive Engine, which uses the history
of student-model interactions to forecast the risk of failing a final exam. The training process
focused on the use of a Bi-LSTMnetwork as the architecture for this knowledge tracingmodel,
in which the integration of the LLM generated labels for the input of the model significantly
improved the predictive accuracy from a 67% baseline to 76%. This enriched label corresponds
to the ones generated in the previous components: cognitive stage, missing skills, andmastered
skills, which are based on the Neo-Piaget learning framework. This confirms that traditional
knowledge tracing, which only tracks whether an answer is right or wrong, has limitations; for
that reason, by supplying the predictive model with the complete reasoning behind a failure,
the network achieved a highly accurate view of the student’s trajectory.
Finally, the three components were consolidated in a web application that was deployed as a
pilot in a real class environment, with the aim of validating the platform and model stability.
The interactions between the real C programming students and the model proved that the
system functions correctly in a classroomsetting; however, the lackof qualitative feedback from
the students represented a limitation in understanding students’ perception. Consequently,
futurework should focusonmultiple studies that allow themeasurementof the real usability of
the system, andmore importantly how the continuous use of this tutoring system can improve
the students’ understanding of C programming topics and how it affects the outcome of the
final examination.
In conclusion, the final proposed system is intended to help students understand C program-
ming topics, based onprogressive learning of abstract concepts following a learning framework;
inwhich the use of specializedLLMs andknowledge tracing techniques create a complete learn-
ing tool that bridges the gap between automated code generation and genuine instructional
guidance.
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