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Abstract: Self-evaluation empowers students to progress independently and adapt their
pace according to their unique circumstances. A critical facet of self-assessment and per-
sonalized learning lies in furnishing learners with formative feedback. This feedback,
dispensed following their responses to self-assessment questions, constitutes a pivotal
component of formative assessment systems. We hypothesize that it is possible to generate
explanations that are useful as formative feedback using different techniques depending
on the type of self-assessment question under consideration. This study focuses on a
subject taught in a computer science program at a Spanish distance learning university.
Specifically, it delves into advanced data structures and algorithmic frameworks, which
serve as overarching principles for addressing complex problems. The generation of these
explanatory resources hinges on the specific nature of the question at hand, whether theo-
retical, practical, related to computational cost, or focused on selecting optimal algorithmic
approaches. Our work encompasses a thorough analysis of each question type, coupled
with tailored solutions for each scenario. To automate this process as much as possible,
we leverage natural language processing techniques, incorporating advanced methods of
semantic similarity. The results of the assessment of the feedback generated for a subset of
theoretical questions validate the effectiveness of the proposed methods, allowing us to
seamlessly integrate this feedback into the self-assessment system. According to a survey,
students found the resulting tool highly useful.

Keywords: online learning; formative feedback; natural language processing; semantic
similarity; large language models

1. Introduction
Autonomous learning [1] enables learners to take control of their own learning process.

A critical aspect of autonomous learning is self-regulation. Students set their own goals,
plan their study strategies, and monitor their progress. Because of this need to track
progress during the learning process, technology has played a significant role in facilitating
autonomous learning. Online resources, educational apps, and digital platforms provide
students with access to a vast repository of information and interactive tools to support
their learning journeys.

Incorporating autonomous learning into educational institutions often requires a shift
in teaching methods and assessment strategies. Educators become facilitators and mentors,
guiding students and providing resources rather than delivering lectures. Self-assessment
methods may shift toward more formative and qualitative approaches, focusing on the
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demonstration of knowledge and skills rather than standardized tests. Autonomous learn-
ing is a powerful framework that encourages learners to become self-directed, motivated,
and adaptable individuals, ready to thrive in a rapidly changing world. However, the de-
sign of a plan for this form of learning must take into account that different learners require
different levels of support, so it is important to maximize the available resources so that all
learners can find a way forward.

With these considerations in mind, in this work, we develop and apply an AI-based
methodology to automatically generate explanatory comments in self-assessment tests,
together with the evaluation of linguistic models and the improvement of an educational
tool, which is validated through student satisfaction.

Self-assessment tools [2,3] are of paramount importance in the process of autonomous
learning, acting as a guide that directs students in their process of self-regulation and
self-monitoring. They not only allow students to objectively measure their progress but
also encourage constant reflection on their strengths and areas for improvement, which
impact cognitive and affective learning processes [4]. These tools foster autonomy by
empowering students to make informed decisions about their study strategies, adjust their
goals based on their progress, and become active agents in their own learning. Furthermore,
by promoting self-reflection, self-assessment tools cultivate meta-cognitive skills that are
essential for deep and lasting learning.

Self-assessment tools can take different forms depending on the context in which
they are used and their purpose. Among them are rubrics, checklists, peer assessments,
and self-assessment tests and quizzes. The usefulness of self-assessment tests or quizzes [5]
has been known for many years. Multiple-choice quizzes offer a quick and structured way
to evaluate factual knowledge and comprehension.

Two critical aspects of self-assessment tools are their ability to adapt to the learner’s
needs and the level of feedback they provide. On the one hand, personalization [6] in
self-assessment tools is essential to maintain learner interest and motivation. Both the
difficulty of the questions and the learner’s history must be taken into account in order to
offer questions that improve their knowledge without exceeding their capabilities. On the
other hand, feedback not only provides students with insight into their current knowledge
level but also facilitates their knowledge enhancement and brings them closer to achieving
their goals.

Formative feedback [7–9] is provided throughout the learning process, aiming to guide
and inform learners in real time to identify areas for improvement and make necessary
adjustments in their learning strategies. Various forms of feedback can be provided during
the self-assessment process. The most common one informs learners about the correctness
of their answers. While this type of feedback plays a crucial role in verifying accuracy,
it lacks the capacity to enrich learners’ knowledge or offer deeper insights into potential
misconceptions. A more enlightening type of feedback is sometimes called supplementary
instructional feedback or formative feedback. Apart from confirming the accuracy of the
response, it provides tailored feedback explaining the rationale behind an incorrect answer
and the validity of a correct one.

Technological advances have ushered in a new era in educational resources. From in-
teractive online platforms to augmented reality tools and adaptive learning systems, tech-
nology has revolutionized the way students access and engage with educational content.
Technology has expanded the reach of education, transcending geographic boundaries and
making learning accessible to a large portion of the population. The utilization of cutting-
edge advancements in natural language processing and artificial intelligence techniques
has the potential to drive significant breakthroughs in educational tool development. The
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automation of information generation, facilitated by these techniques, enables us to tailor
these tools more precisely to the specific context and subject in which they are employed.

These considerations form the foundation of our proposal. We created a tailored
self-assessment tool designed for an advanced computer science course focusing on data
structures and algorithms. This course is offered in two programs at a distance learning
university. The tool was provided to students during the 2023–2024 academic year and
has been well received by them. It has the potential to significantly enhance the learn-
ing process by offering detailed explanations for both correct and incorrect responses.
Specifically, our emphasis is on automating the generation of explanations for theoretical
questions. To achieve this, we harnessed cutting-edge natural language processing models
and techniques.

The main contributions of this work can be summarized as follows:

• We designed a methodology to automatically generate explanations for the different
options in the self-assessment of theoretical questions, with foundations that can
be extracted from available documents. This methodology, which was applied to a
computer science subject on advanced data structures and algorithms, can be applied
to any other subject for which the same type of source materials are available.

• Different language models based on neural networks were evaluated to select the
most suitable paragraphs as explanations for why an option is correct or incorrect as
an answer to a question.

• We performed a comprehensive evaluation of the explanations generated with each of
the models, comparing them and using them to generate a database of explanations.

• The results of this research were used to improve a self-assessment tool in which the
explanations were integrated, expanding the feedback provided to students.

• We evaluated student satisfaction with the tool using a questionnaire that included
questions related to different aspects of the tool and, in particular, the usefulness of
the explanations provided by the tool.

The remainder of this paper is organized as follows. Section 2 presents the related
works. Section 3 describes the context in which our proposal was developed, including the
subject under consideration and the self-assessment tool ASSET, and provides a description
of the methodology. Section 4 describes the evaluation framework, the results of the
feedback generated using different models, and the results of the questionnaire on the self-
assessment bot, conducted among the students of the course where it was used. Section 5
discusses the results obtained. Finally, Section 6 draws the main conclusions and discusses
future work.

2. Related Works
In this section, we outline several studies relevant to various aspects of our proposal.

First, we examine proposals that emphasize the importance of self-assessment and feedback
in learning. Next, we explore studies on various methods for generating formative feedback,
which is the main focus of our proposal. Lastly, we introduce the semantic similarity
techniques in natural language processing and artificial intelligence that are employed in
this work.

2.1. The Role of Feedback in the Learning Process

Self-assessment in higher education plays a key role in fostering student autonomy.
It allows students to critically evaluate their own learning progress and identify their
strengths and areas for improvement. This process not only enhances their academic
performance but also cultivates a deeper understanding of their learning objectives.
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Self-assessment is of particular importance in distance higher education, as it offers
a multitude of advantages in this context. Given this form of learning often takes place
independently, self-assessment allows students to monitor their progress and needs. In this
way, students can adapt their study strategies to their individual needs and preferences
while optimizing their learning experience, level of knowledge, and academic results. In
addition, in the absence of immediate face-to-face feedback, self-assessment serves as a
valuable tool for students to measure their progress and mastery of course material, thereby
fostering motivation.

Research on self-assessment in higher education has examined its role in various
disciplines, highlighting its impact on learning and performance. The literature can be
grouped into three key areas: (1) the effect of self-assessment on learning outcomes, (2) the
role of feedback in self-assessment, and (3) systematic reviews and models of feedback
in self-assessment.

2.1.1. Effect of Self-Assessment on Learning Outcomes

Several studies have explored how self-assessment influences students’ academic
performance and self-regulated learning (SRL).

Ifenthaler et al. [10] conducted a study at a European university for a Bachelor’s
course in Economic and Business Education. Their results indicated that students use
self-assessments predominantly before summative assessments. Two distinct clusters based
on engagement with self-assessments were identified, and this engagement was positively
related to performance in the final exam. Yan [2] conducted a study with 98 students
enrolled in a one-year Master’s program at a teacher education institute in Hong Kong. He
concluded that self-assessment is a fundamental skill for self-regulated learning (SRL) and
occurs at each SRL phase with different patterns. Similar conclusions have been drawn
in other fields, such as mathematics [11], computer science [12], and engineering [13], to
name a few.

While these studies affirm the positive relationship between self-assessment and
academic achievement, they also highlight variations in its effectiveness depending on
discipline and context.

2.1.2. The Role of Feedback in Self-Assessment

Self-assessment is inherently linked to feedback, which helps students refine their
understanding and validate their learning progress. In undertaking self-assessment, stu-
dents inherently seek validation and insight from external sources to refine their ideas and
improve their understanding. The feedback loop generated through self-assessment not
only provides valuable information about areas of improvement but also validates areas of
strength, reinforcing positive learning behaviors. In addition, effective feedback improves
the accuracy of self-assessment by providing learners with specific and practical guidance
on how to refine their skills and knowledge. Thus, in the self-assessment framework,
feedback emerges as a dynamic component that not only validates self-perceptions but also
guides academic progress.

Several studies have addressed the importance of the feedback provided by self-
assessment tools [14,15]. These studies suggest that feedback not only enhances self-
assessment accuracy but also fosters deeper engagement with learning materials.

2.1.3. Systematic Reviews and Models of Feedback in Self-Assessment

Given the increasing significance of feedback in self-learning environments, several
studies have synthesized existing research to develop feedback models and frameworks.

In their first review, Lipnevich and Panadero [16] presented fourteen models of feed-
back, studying the empirical evidence under each of them. In their later review, the
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authors [8] compared and organized different typologies of feedback, considering feedback
aspects such as content, function, presentation, and source.

Several studies have highlighted the importance of formative feedback in different con-
texts. Spady and Karge [17] examined the relationship between formative self-assessment
and student performance and self-efficacy in online graduate courses. The qualitative
results reflected a positive relationship between formative self-assessment and academic
performance, and the authors concluded that formative self-assessment provides online ed-
ucators with a tool to improve course effectiveness. Gálvez-López [18] examined formative
feedback from a multicultural point of view. Since today’s environment of globalization has
led to the emergence of multicultural classrooms, the author presented a literature review
of the current state of knowledge of the role culture plays in the provision of formative
feedback, including cultural differences, potential conflicts, and mitigation strategies. Fi-
nally, Yan et al. [9] reviewed work related to students’ perceptions of self-assessment tools.
Although the results were inconclusive, they did show some interesting trends, such as the
importance of formative feedback in students’ perceptions.

2.2. Methods for Creating Feedback

The methods for automatically providing feedback vary depending on the type of
feedback being considered. Based on the purpose of feedback, a possible classification
adopted in different works [19,20] may be the following: informative, corrective, suggestive,
formative, and motivational. Corrective feedback directly informs the learner about the
correctness or incorrectness of their response or course of action. Suggestive feedback
includes hints and guiding questions, as well as materials to review. Informative feedback
involves messages that provide additional information about the task being evaluated.
Motivational feedback aims to encourage the learner to continue working on the problem.

Feedback can be one of several types simultaneously. For example, a multiple-choice
question that provides an explanation next to the “True/False” answer given is an example
of both corrective and informative feedback. This is the case with the feedback presented
in this paper.

A key aspect of the effectiveness of the feedback and the adherence of students to
the use of the tools is the clarity of the information provided [21–23]. For feedback to be
effective, it must be frequent, timely, sufficient, and appropriately detailed. It should also
have a clear relationship with the purpose of the task and the evaluation criteria. It must
also be clear, understandable, and focus primarily on learning, not just evaluation. Feedback
is most effective when it aids learners in recognizing their mistakes and addressing any
misconceptions. Learners can seek out the necessary feedback themselves, but providing
support in this process can greatly enhance their persistence in mastering a subject.

Different approaches have been used to generate feedback in online learning envi-
ronments [24]. These approaches can be grouped into three main categories: (1) response-
based comparison, which compares student responses with a predefined correct answer;
(2) graphical aids, such as dashboards and visual representations, which help students
interpret feedback, and (3) NLP-based techniques, which employ natural language process-
ing (NLP) to analyze responses and generate insights. Concerning NLP-based approaches,
Trausan-Matu et al. [25] developed a tool to analyze chat conversations and online forums,
identifying topics and semantic similarities. Similarly, Ono et al. [26] applied text mining to
provide instant feedback in a foreign language course.

2.2.1. Feedback in Programming and Ontology-Based Approaches

Several studies have focused on feedback in programming education. For exam-
ple, Keuning et al. [27] examined techniques for providing feedback on coding exercises,
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primarily analyzing programming steps or comparing results. Duong et al. [28] used
programming code similarity analysis to generate formative feedback in introductory
programming courses.

Ontology-based feedback approaches have also been explored [29,30]. Many feedback
systems rely on pre-coded responses or expert-provided solutions [20], which require signif-
icant manual effort and limit their adaptability. Other models [29] customize feedback based
on learner characteristics, leveraging ontology construction. Additionally, Chang et al. [31]
demonstrated the use of data mining to extract rules from tutoring sessions and represent
them in the Web Ontology Language (OWL).

2.2.2. Modern NLP-Based Feedback Generation

Despite their outstanding performance in many NLP tasks, large language models
(LLMs), such as GPT and BERT, have limitations in generative tasks, as they may generate
plausible but incorrect responses and sometimes fail to accurately recognize or rectify subtle
errors in complex contexts. For this reason, we have resorted to another way of using
these models.

We focus on generating feedback explanations for a fundamental area of computer
science: algorithms and data structures. Rather than using LLMs to generate explanations
directly, we aim to leverage them for the precise selection of paragraphs from a reference
text that can serve as explanations. This approach mitigates the risk of producing incorrect
explanations by ensuring that the selected content is accurate and relevant. Araujo et al. [32]
presented a preliminary study of the potential of semantic similarity for the selection of
texts related to self-assessment questions.

Our proposal differs from those mentioned above in several aspects, including the area
of application, i.e., theoretical questions related to algorithms and data structures. Al-
though other proposals have also focused on computer science, most of them provided
feedback on coding exercises. It also differs in the methodology used, as it does not use clas-
sical methods such as ontologies but rather LLMs. Yet, unlike other systems that use LLMs
to directly obtain the feedback, we use them to make a precise search for the paragraphs of
a reference text that serve as an appropriate explanation of the question at hand.

2.3. Semantic Similarity and Language Models

Natural language processing (NLP) has become a cornerstone technology in a world
where electronically formatted information extends into all domains, including translations,
medical reports, news, and web pages. In recent years, NLP techniques have undergone
a profound transformation, largely due to the widespread adoption of deep neural net-
works [33–35]. These advances have led to unprecedented levels of performance in many
applications. The introduction of these models allows problems to be modeled end to end,
eliminating the need for feature engineering, which was essential in previous machine
learning models, each tailored to a specific task. This change has significantly improved
efficiency and performance, marking a major milestone in the field of NLP and opening up
new possibilities for the automation and improvement of various processes in linguistic
data handling.

A very useful tool in language processing is the analysis of semantic similarity [36]. Se-
mantic similarity is the degree to which two texts convey the same information. Measuring
semantic similarity is a challenging task that has many applications, such as informa-
tion retrieval, text summarization, question answering, text analytics, sentiment analysis,
and more.

Approaches for Semantic Similarity Computation
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The computation of semantic similarity has been explored through multiple method-
ologies, which can be broadly categorized into ontology-based approaches, knowledge
graph-based methods, corpus-based methods, and neural network-based models.

Ontology-Based Methods: Ontologies, such as WordNet [37], provide structured
representations of concepts and their relationships within a domain. These structured
resources enable the calculation of semantic similarity by leveraging various metrics,
such as path length, information content, and feature overlap [38]. While ontology-based
methods provide a solid foundation for similarity computation, they often rely on manually
curated structures, limiting their scalability and adaptability to broader contexts.

Knowledge Graph-Based Methods: Knowledge graphs, such as DBpedia [39], ex-
tend the idea of ontologies by structuring entities and their relationships into large-scale
networks. These methods employ techniques such as graph traversal, graph embedding,
and graph neural networks to assess entity similarity [40]. Compared to ontology-based
methods, knowledge graphs offer a more dynamic and scalable approach, as they can
integrate information from multiple sources and continuously evolve. However, they
still rely on predefined entity relationships, which may limit their adaptability to highly
nuanced linguistic contexts.

Corpus-Based Methods: Corpus-based techniques determine semantic similarity
using large collections of texts from specific domains. Words and phrases are represented
as high-dimensional vectors, and similarity is measured using methods such as vector
space models, latent semantic analysis (LSA), and topic modeling [41]. While corpus-based
methods capture statistical patterns in language use, their effectiveness is constrained by
the size and diversity of the training corpus, making it challenging to generalize across
different contexts.

Neural Network-Based Methods: The advent of word embeddings has revolutionized
semantic similarity computation. Early models such as Word2Vec and GloVe learned word
representations from contextual co-occurrence, significantly improving performance in
capturing word meaning. More recently, transformer-based models, such as BERT [42],
RoBERTa [43], and GPT [44], have further advanced the field by generating contextualized
word representations that dynamically adjust based on the surrounding text. These models
have surpassed previous approaches in their ability to capture subtle nuances of meaning
and contextual dependencies, making them particularly effective for complex NLP tasks,
including semantic similarity [45].

Comparative Analysis and Justification for Our Approach

In this paper, we employ semantic similarity methods based on language models such
as BERT (Bidirectional Encoder Representations from Transformers) and BETO (Spanish
BERT). These methods capture the context and semantics of words and use an encoder–
decoder architecture to generate vector representations. Semantic similarity is measured
using the cosine similarity between word vectors.

The LLMs we use have been trained with large amounts of text data and can effectively
identify relationships between words, phrases, and sentences, even when they are expressed
in different ways. This deep understanding enables LLMs to accurately measure semantic
similarity, making them invaluable for applications such as the one we present in this work.

In our study, we select BETO, BERT, and RoBERTa due to their strong performance in
Spanish-language NLP tasks and their well-documented robustness in handling linguistic
nuances specific to Spanish. BETO, a Spanish-specific BERT model, is particularly relevant
given its pre-training on large-scale Spanish corpora, which ensures a better understanding
of syntactic and semantic structures compared to multilingual models. Similarly, we include
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BERT and RoBERTa to leverage their strong contextual representation capabilities while
ensuring adaptability to domain-specific fine-tuning.

We deliberately opt against using GPT-based embeddings due to the inherent risks
associated with generative models, particularly hallucinations, which are undesirable in
our task. Given the sensitivity of misinformation detection, we prioritize models that focus
strictly on representation learning rather than generation, thereby minimizing the potential
introduction of spurious or misleading information.

Although we acknowledge the advancements in transformer-based architectures, our
selection is guided by the need for reliability, interpretability, and performance in Spanish-
language contexts. Future work may explore additional models, but ensuring factual
accuracy and avoiding unintended distortions remains our primary concern.

3. Materials and Methods
To contextualize the study of automatic feedback generation presented in this paper,

in this section, we first describe the subject for which automatic feedback generation is
designed, as well as the context in which it is taught. We also present the original tool into
which the automatically generated feedback is incorporated.

3.1. The Subject

We focus our research on a computer science topic: algorithms and advanced data
structures. This subject is central to the curriculum of computer science degrees.

In computer science, structures represent how data are stored and organized to execute
operations efficiently. The data, considered as elements within a specific data structure, can
range from simple entities, like integers or strings, to more intricate structures. Common
data structures include representations of familiar organizational formats, such as lists,
queues, or stacks. However, these structures are covered in a preceding course that also
explores the analysis of algorithmic costs. Within the subject under consideration, the
topics explored include various data structures, such as hash tables, which efficiently
associate keys with values for searches; graphs, which facilitate the representation of data
and their connections; and heaps, which are utilized to represent priority queues, where
higher-priority elements are extracted before lower-priority ones.

The subject also introduces several algorithmic schemes, such as the greedy approach,
which is suitable for problems with a criterion enabling direct solution construction without
revisiting previous decisions. However, this method is not universally applicable. Another
scheme covered is divide and conquer, which involves the division of complex problems
into simpler ones, and the backtracking scheme, which explores all potential solutions
until it is established that they cannot be valid. Additional algorithmic schemes included
in the subject are dynamic programming, which is tailored to problems allowing the
reuse of previously calculated solutions, and the branch and bound scheme, which prunes
potential solutions once it is proven that they cannot surpass an existing alternative. Each
topic is taught by presenting the general case and illustrating it with an algorithm for a
specific problem. Subsequently, other classic problems applying the structure or scheme
are showcased for a comprehensive understanding.

Figure 1 shows an illustration of the above-described contents of the computer science
subject under consideration. We can see that they are organized around two fundamental
parts: (1) the teaching of programming and (2) algorithmic schemes and data structures.

The subject is taught in a large Spanish distance learning university. Specifically, it
is taught in the first semester of the second year of two computer science degrees. Since
it is a distance learning university, it has a large number of students, around 300. It also
has students of different nationalities and ages, since distance learning allows students to
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combine studies with work. Specific details about the demographics of the students who
used and evaluated the tool presented here are included in Section 4.

Figure 1. Scheme of the course’s contents on algorithms and advanced data structures.

3.2. The Self-Assessment Tool

In previous work, we created a self-assessment tool called ASSET (self-Assessment
Students’ System with Explanations for their Training), which has been very popular among
students. This tool integrates self-assessment functions (multiple-choice questions) with
topic-focused navigation, allowing the simultaneous display of the core subject topics and
their interconnections, along with self-assessment options for each of these topics. Since its
creation, ASSET has been improved by incorporating mechanisms aimed at personalizing
and adjusting the challenges presented to the student [46–48]. The next step was the
generation of explanations about the answers chosen by the student so that ASSET would
become more of a formative tool, not just an assessment tool.

The ASSET tool, which was originally designed as a web-based tool, has recently
moved to the Telegram instant messaging platform. This change has led to enhanced
ease of access and has enabled significant improvements in the personalization of the tool.
Figure 2 shows the bot in Telegram.

A study session consists of an interactive exchange between the user and the bot.
The user asks for exercises on a topic and, in response, the bot presents a selection menu,
as shown in Figure 2. The user can navigate through the hierarchy of concepts related to
the subject and choose a concept to practice.

By choosing a learning concept, such as the data structure “graphs”, the tool sends
exercises, which can include images and text, to the user (see Figure 3). It also presents
several potential answers. The user has the option to skip the exercise and try another
one or select one of the possible answers. In the latter case, the tool provides information
on whether the chosen answer is correct and offers the option of asking for feedback
(see Figure 4).

The personalization mechanisms [48] involve two main aspects. First, the tool takes
into account the learner’s historical usage to avoid presenting them with questions they
have already answered correctly and to focus on areas where they need reinforcement.
Figure 5 shows a tool menu offering options to retry failed or skipped exercises, request
the next exercise, or obtain statistics on the learner’s performance in relation to exercises
related to a particular concept. In addition, the user has the option of resetting the exercise
history for each concept.
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Figure 2. Main menu in the Telegram bot.

Figure 3. Example of a question in the Telegram bot.

Figure 4. Asking the bot for feedback.
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Figure 5. Bot options for deciding what action to take on a received question.

Second, we developed mechanisms to objectively evaluate the difficulty of the ques-
tions based on the results of the exams in which they were originally set. The percentage of
students who answered each question correctly in the exams provides information on the
difficulty of the question, allowing the tool to present the questions to the user in increasing
order of difficulty.

As the tool maintains a personalized memory of interactions with each student, it
enables study sessions to resume from where they last stopped. This feature provides
students with the flexibility to study at their own pace.

Figure 6 shows the information flow of our proposal. The left part of the figure shows
the process of generating explanations. Starting from the question under consideration
and a set of texts on the same topic as the question, LLMs are used to generate a concise
representation of the information in the form of embeddings. Semantic similarity techniques
are then used to select the most appropriate explanations for the question. The right part of
the figure represents the elements involved in the use of the self-assessment bot. When a
question is provided to the user, they select one of the possible answer options. The bot
then provides two forms of feedback: an indication of whether the answer is correct and an
explanation of the reasons for the correctness or incorrectness. In the following sections, we
explain the mechanisms we designed to generate the collection of explanations associated
with each question and possible answer.

3.3. Methodology for Feedback Generation

We now present the methodology used for generating feedback.
Self-assessment questions, along with associated information, are stored in XML for-

mat. This information includes response options, the correctness of each option, feedback,
and a set of labels characterizing the question type. Table 1 shows the set of consid-
ered labels and their interpretations. These labels include aspects related to the question
type—theoretical, practical, or associated with computational cost—and the topic that is
the focus of the question, such as data structures or algorithms. Each question can be
assigned multiple labels.

These labels provide the user with the selected question type. Furthermore, they
enable us to design feedback generation tailored to each question type. Therefore, we begin
by categorizing question types based on the algorithm used for generating feedback. After
explaining the most appropriate way to generate feedback for each question type, we focus
on automatically generating feedback for different types of theoretical questions using
natural language processing technologies.
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Figure 6. General workflow of the proposal.

Table 1. Hierarchy of labels associated with the main topics and aspects of the field we use to
classify them.

PRACTICAL: Practical matter
THEORETICAL: Question of a theoretical nature
COST: Algorithmic cost
DS: Question related to data structures in general

HEAPS: Heaps
GRAPHS: Graphs
HASH: Hash tables

SCHEME: Question related to algorithmic schemes in general
SCH_SEL: Algorithmic schema selection

GREEDY: Greedy scheme
TASK_SCHE: Greedy algorithm for scheduling
PRIM: Prim algorithm
KRUSKAL: Kruskal algorithm
DIJKSTRA: Dijkstra algorithm

D&C: Divide and conquer scheme
QUICKSORT: Quicksort algorithm

DP: Dynamic programming scheme
BA: Backtracking scheme
B&B: Branch and Bound scheme

3.3.1. Question Types

The initial distinction in question types lies in whether they are theoretical or practical.
Theoretical questions can be explained based on recommended subject texts and are the
primary focus of this study. Practical questions, on the other hand, involve the application
of algorithms or data structures to specific data.

The proposal in this paper is not directly applicable to practical issues requiring
code execution since it is based on the retrieval of information related to the question
under consideration. Therefore, we use another method to generate feedback for practical
questions that focuses on presenting the algorithm’s trace applied to the problem data.

Within theoretical questions, which are the focus of this work, two aspects are further
distinguished: the formulation of the question and the topics within the subject they
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address. Regarding formulation, we observed that most questions fall into one of the
following categories:

• SPECIFIC SUBJECT: Questions that present different claims about a specific topic. For
example, the following question states several possibilities related to the branch-and-
bound scheme:
During the execution of a branch-and-bound scheme, a solution is found that is better than
the best existing solution at that time and that improves the optimistic estimate of the top of
the heap. This implies that:
(a) The algorithm has definitely found the solution. (T)
(b) The bound is updated and the exploration is continued because we are not finished. (F)
(c) The top of the heap is updated and the exploration is continued because we are not fin-
ished. (F)
(d) None of the other options is correct. (F)

• SCHEME SELECTION: Questions regarding the most suitable algorithmic approach
to minimize temporal or spatial costs to solve a problem. For instance, the greedy
algorithm is highly effective in addressing problems where the goal is to optimize a
specific parameter. Nevertheless, its application is not always feasible. Addressing
such problems requires a thorough analysis of how each algorithmic approach could
be implemented, whether it would be appropriate, and what the associated costs
might be. An illustration of such a query is as follows: There are n cubes numbered from
1 to n. Each cube has a different letter printed on each of its faces, although different cubes may
have repeated letters. Given a word of length n, we want to place the total number of cubes
consecutively to form the given word. Which of the following algorithmic schemes is the most
appropriate to solve this problem?
(a) Dynamic programming. (F)
(b) Divide and conquer. (F)
(c) Branch and bound. (F)
(d) Backtracking. (T)

• COST: Questions related to the algorithmic costs associated with various data struc-
tures or algorithms. An example of such a question is as follows: Among the following,
what would be the minimum cost of an algorithm that, given a vector C[1..n] of distinct
unordered integers and an integer S, determines whether there exist two elements of C such
that their sum is exactly S:
(a) O(n). (F)
(b) O(n2). (F)
(c) O(n log n). (T)
(d) O(n2 log n). (F)

3.3.2. Feedback Generation

Based on the question type and whether the option chosen by the user is correct
or incorrect, a query is generated. To generate feedback, semantic similarity methods
are applied, allowing the identification of paragraphs from reference documents that are
most closely related to the query, i.e., those most similar. Specifically, the following cases
were identified:

• SPECIFIC SUBJECT:

– The chosen option is true: The query consists of the question text and the op-
tion text.

– The chosen option is false: The query consists of the text of the question only. Since
the option is false, adding it to the query would introduce noise, lowering the
performance of the system.
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In both cases, the most relevant paragraphs are retrieved from the documentation for
the subject corresponding to the specific topic of the question.

• SCHEME SELECTION:

– The chosen option is true: The query consists of the question text and the op-
tion text.

– The chosen option is false: A generic query is composed of terms aimed at selecting
explanations of the type of problems for which the scheme is most appropriate,
such as “scheme XX applies to problems”, ”the type of problems for which
the scheme is most appropriate”, “this schema is appropriate for”, “is valid for
problems”, etc. The purpose of this explanation is to clarify why the selection of
this particular scheme was not the correct one.

In both cases, the most relevant paragraphs are retrieved from the documentation for
the topic mentioned in the option text.

• COST: In this case, it is necessary to distinguish whether the question is about the cost
of an algorithm or operation using a particular schema or data structures, or whether
it is an open-ended cost issue that mentions different schemes or structures.

– The question refers to a specific schema or data structure: The query is formed with
the main text of the question and the corresponding option, and the selected
answer is classified as correct or incorrect. In addition, specific cost-related terms
are added to help in the selection of the most relevant paragraphs: “cost”, “O(”,
“order of”, “search space”, and ”bounded”. The objective is to select a paragraph
from the reference texts in which the cost of the algorithm under consideration
is explained.

– The question does not specify the subject matter or includes several subjects: The query
is constructed as in the previous case, but now, the most relevant paragraphs
are retrieved from the documentation for all the topics involved, also adding the
specific cost-related terms.

In order to compute the similarity between the queries constructed and the reference
texts associated with the corresponding topic or topics in each case, we use language
models that allow us to represent the texts to be compared and to calculate the similarity
between them. Figure 7 shows a scheme of this process.
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Figure 7. Scheme of the process used to select the most relevant paragraph for feedback.
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From the question and each of its possible answers, the topics involved are identified.
With these topics, the parts of the reference text related to the question are selected. Both the
query and the documents that can provide feedback are transformed into a compact numer-
ical representation or embedding. For this, we use a pre-trained language model trained on
large amounts of text. Specifically, we use the BERT model in Spanish (BETO) [49], adapted
to the specific task of sentence similarity. From these vector representations, semantic
similarity calculations can be applied. In this way, the paragraphs most similar to the
question are selected as feedback.

Specifically, the process involves the following steps:

• Tokenization: Both texts are tokenized into smaller units, such as words or subwords.
This step is essential to convert the texts into a format that the model can understand.

• Embedding: Each tokenized word or subword is then embedded into a high-
dimensional vector space using a pre-trained BERT model. BERT captures contextual
information, which implies that the embeddings represent the meaning of words
based on their context in the sentence.

• Pooling: The embeddings for each text are aggregated or pooled to generate a fixed-
size representation for the entire text. Common pooling methods include mean pooling
or max pooling.

• Cosine Similarity: The cosine similarity is then calculated between the two text repre-
sentations. Cosine similarity measures the cosine of the angle between two vectors,
providing a measure of similarity irrespective of the magnitude of the vectors.

We used the Hugging Face Transformers library [50] to perform the previous steps.
The similarity metric used is represented by Equation (1):

Similarity(a, b) = 1 − cos(θ) = 1 − a · b
||a||||b|| (1)

We tested other similarity metrics, such as the Euclidean and Manhattan distances,
but they did not improve the results of the cosine similarity.

We tested three freely available BETO-based pre-trained language models, adapted to
semantic similarity-related tasks:

• hiiamsid/sentence_similarity_spanish_es: This is a sentence-transformer model that maps
sentences and paragraphs to a dense 768-dimensional vector space. This model can be
used for tasks such as clustering or semantic similarity. Its main advantage is that it
has been specially trained for the Spanish language. This model takes as a basis the
BETO model (dccuchile/bert-base-spanish-wwm-cased) [51], a BERT model trained
on a large corpus in Spanish.

• hackathon-pln-es/paraphrase-spanish-distilroberta: This is also a sentence-transformer
model that maps sentences and paragraphs to a dense 768-dimensional vector space.
The model was developed during the Hackathon 2022 NLP—Spanish, organized
by the hackathon-pln-es Organization (https://huggingface.co/hackathon-pln-es
accessed on 24 February 2025). It follows a teacher–student transfer learning approach
to train a bertin-roberta-base-Spanish model using parallel EN-ES sentence pairs.
The strongest available pre-trained English Bi-Encoder (paraphrase-mpnet-base-v2)
was used as the teacher model, and the pre-trained Spanish BERTIN was used as the
student model.

• jfarray/Model_dccuchile_bert-base-spanish-wwm-uncased_50_Epochs: This sentence-
transformer model maps sentences and paragraphs to a 256-dimensional dense vector
space and can be used for tasks like clustering or semantic search. It is a Spanish BERT
model trained on a large Spanish corpus. Its size is similar to that of BERT-Base and
was trained using the Whole Word Masking technique.

https://huggingface.co/hackathon-pln-es
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Each of the selected language models was employed to search for paragraphs to be
presented as feedback based on their similarity to the query. The chosen paragraphs were
then arranged in descending order of similarity, and for each model, the top five paragraphs
most similar to the constructed query were examined.

For the five paragraphs provided by each linguistic model, an evaluation was per-
formed to determine their relevance and potential as feedback. The selected paragraphs
were then examined manually. A decision is made on which of them are relevant (REL-
EVANT), i.e., those that could serve as an explanation for the answer to the question
under consideration. Among the relevant ones from the three models, if any existed,
the most appropriate one was chosen to be used as an explanation for the corresponding
question (SELECTED).

4. Results
In this section, we evaluate the results of our proposal from two different angles.

First, we quantitatively evaluate the ability of the selected models to generate adequate
explanations as feedback by comparing them using different metrics. Then, we present
data on the use of the tool, as well as the results of a student questionnaire about the tool
and the explanations it provides.

First, we describe the evaluation metrics used to analyze the results of the system and
compare the different models.

4.1. Evaluation Metrics

For evaluation purposes, data were collected for each question and model, such as the
number of relevant paragraphs. If the ultimately selected feedback paragraph was among
the five, its position in the top list was registered. The position of the first paragraph that
was relevant for feedback was also recorded. These data allowed us to compute various
metrics regarding the quality of the method.

The metrics used for the system evaluation are some of those most commonly em-
ployed to assess information retrieval systems. Actually, the selection of candidate para-
graphs for use as feedback was the result of an information retrieval process based on
semantic similarity. The metrics used were the following:

• Precision at K (prec@K): Prec@K is used to evaluate the relevance of the top-K items
retrieved by a system. It measures the proportion of relevant items among the top-K
items. It is computed as shown in Equation (2):

P@K =
Number o f relevant items in top K

K
(2)

• Hit rate (HR): The HR is the fraction of queries for which the correct answer is
included in the recommendation list of length K. The hit rate is 1.0 if there is at least
one relevant document among all the top-K retrieved documents. If there are no
relevant documents, the hit rate is 0. In our case, this measure is important because it
indicates each model’s ability to provide at least one paragraph as feedback.
We calculated two alternative values for the HR in each model. The first, HR_SEL
(selected hit rate), was more restrictive and counted as a success when the paragraph
ultimately selected for feedback was among those retrieved by the model. The second,
HR_REL (relevant hit rate), considered it a success if any relevant paragraph was
retrieved for potential feedback, even if it was not ultimately selected.
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• Mean reciprocal rank (MRR): The MRR is the multiplicative inverse of the rank of the
first correct answer. It is computed as shown in (3) as the average of the reciprocal
ranks of results for a sample of queries Q:

MRR =
1
|Q|

|Q|

∑
i=1

1
ranki

(3)

where |Q| denotes the total number of queries and ranki denotes the rank of the first
valid result. This measure is also important as it provides an approximation of the
quality of the ranking of responses provided by each model. In our case, we considered
the paragraph selected to be used as an explanation as valid.

4.2. Evaluating Feedback Generation

Next, we present the aggregated results for these metrics. Table 2 displays the results
obtained for precision at 5 (Prec@5). In this table, the first row corresponds to the number
of instances of each topic group. The first column shows the overall results for all questions.
The following columns show prec@5 for questions corresponding to broad topics for
which there are enough cases to have significant results: algorithmic schemes (Scheme),
the selection of the most appropriate scheme (Sch_sel), data structures (DS), and algorithmic
cost (Cost).

Figure 8 shows the corresponding graphical representation. We can observe that
the values obtained were quite high for an information retrieval task, with the overall
result above 25% for the hackathon-pln-es model. Prec@5 values of around 25% indicate
that approximately one-quarter of retrieved paragraphs were relevant. In other words,
on average, one or two useful paragraphs were retrieved for each query. We need to
consider that the values obtained for information retrieval (IR) tasks were typically much
lower than those in classification tasks. This is due to inherent differences in the tasks. IR
tasks involve retrieving all relevant documents from a potentially vast collection, making
it challenging to achieve complete recall. The emphasis is on minimizing false positives.
In contrast, classification tasks focus on accurate class assignments among a usually small
number of classes.

When comparing the considered models, we can see that the hackathon-pln-es model
outperformed the other two. These results indicate that the teacher–student transfer
learning approach followed by this model may be advantageous over other techniques.
The hiiamsid model, which was the second-best-performing model, also uses a dense
768-dimensional vector. In last place was the jfarray model, which, unlike the previous
ones, uses shorter vectors of length 256. However, even for the latter, the values indicate
that it often retrieved useful paragraphs.

Regarding the considered topics, we can see that the results for questions about
selecting the most appropriate scheme to solve a problem stood out. We believe that this is
due to the fact that there are different alternative texts that can justify the application of
a certain schema to a problem, thus increasing the probability of retrieving one of them.
The worst results were obtained for data structures and computational cost. In the case of
data structures, the situation was the opposite of that for schema selection. In many cases,
we are dealing with specific definitions or detailed features of the structure that have only
one possible explanation. In the case of computational cost, besides the fact that there are
considerably fewer instances, it was not possible to find explanations of erroneous cost
propositions in the reference texts. In any case, this is not the most appropriate metric
for evaluating our system, since for many questions, the five relevant paragraphs to be
retrieved do not exist in the reference texts.
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Table 2. Precision@5 for the considered models. The first column corresponds to the overall value.
The other columns show the results for some of the highest-level topics for which there are more than
35 questions. The first row shows the number of instances in each group. Sch_sel stands for scheme
selection and DS for data structures.

Model Overall Topic
Scheme Sch_sel DS Cost

Instances 182 133 53 58 36
hackathon-pln-es 0.270 0.249 0.415 0.181 0.111

hiiamsid 0.219 0.235 0.577 0.155 0.135
jfarray 0.176 0.150 0.279 0.090 0.081

Figure 8. Precision@5 for the considered models. Graphical representation of the data in Table 2.

The next metric considered was the hit rate, HR, which is related to both the paragraph
selected for system feedback (selected) and the presence of any relevant text that is useful
for feedback (relevant). The HR is more meaningful than Prec@5 for the task considered
here because it reflects the effectiveness of finding at least one adequate explanation, which
is what is of interest in our context.

Table 3 shows the HR values for the different models when considering the presence
of the selected text as an explanation for feedback (HR_SEL) and the presence of any
valid paragraph as an explanation for feedback (HR_REL) as a hit. Figure 9 shows the
corresponding graphical representation. As expected, the HR_SEL values were lower than
the HR_REL values, which is a less demanding metric. However, the differences were
not very marked, especially in the case of the best-performing models, hackathon-pln-es
and hiiamsid.

Table 3. Hit rate (HR) and mean reciprocal rank (MRR) for the considered models. The HR is
presented for both the selected text and any relevant text. The MRR is presented for the selected text.

Model HR_SEL HR_REL MRR
hackathon-pln-es 0.719 0.802 0.610

hiiamsid 0.652 0.719 0.525
jfarray 0.462 0.635 0.343

However, all models exhibited considerably strong performance. The hackathon-pln-es
model provided the selected paragraph, considered the most suitable, as an explanation
in over 70% of cases, and in over 80% of cases, it provided a useful explanation. Even the
model that ranked last, jfarray, obtained a useful explanation in over 60% of cases.

Figures 10 and 11 depict the HR considering the selected explanation (Figure 10) and
any valid explanation (Figure 11) for the different topics related to the subject. Topics with
fewer than five questions were discarded as the results were not considered meaningful.
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Figure 9. Hit rate (HR) and mean reciprocal rank (MRR) for the considered models. Graphical
representation of the data in Table 3.

We can observe that the results are similar in both charts, which are logically higher
when considering the presence of any valid explanation as a hit. For most topics, the results
were remarkable. This was the case for schema selection, hash tables, connected components of a
graph, and adjacency lists. These are topics for which the questions usually have explanatory
paragraphs in the reference texts. The lowest values corresponded to questions related
to computational cost. These questions sometimes relate to problems that are not in the
reference texts and, although the cost analysis process is similar to that of other problems
that indeed appear, the final cost is different. The results for certain algorithmic schemes,
such as the backtracking, divide-and-conquer, or greedy algorithms, were also lower than those
for other topics. An analysis of the error cases in these topics showed that instances where
no adequate explanations were found were frequently related to the computational cost of
the algorithm under consideration.

Next, we considered the MRR. As mentioned above, it provides an approximation of
the quality of the ranking of responses provided by each model. Instead of considering only
whether relevant documents were retrieved, MRR considers the position of the first relevant
document in the list of hits. Table 3 also includes the overall values of this metric for the
different models (fourth column). We can see that for the hackathon-pln-es and hiiamsid
models, the MRR exceeded 60% and 50%, respectively. This indicates that, on average,
in more than 50% of cases, the system retrieved a relevant document in a relatively high
position in the result list. Specifically, this means that, in more than 50% of the queries
performed, the first relevant document retrieved appeared among the first results returned
by the system.

Figure 10. Hit rate (HR) considering the selection of a text as an explanation as a hit with the
hackathon-pln-es model for different topics.



Electronics 2025, 14, 1034 20 of 30

Figure 11. Hit rate (HR) considering the retrieval of a relevant text as an explanation as a hit with the
hackathon-pln-es model for different topics.

Figure 12 shows the MRR results using the best model, hackathon-pln-es, for the different
topics with more than five questions. We can see that the results are similar to those of the
HR, although somewhat lower, since here, it was not only measured whether a relevant
paragraph was found but also its position. As in the case of the HR, the results for some
topics, such as hash tables, for which the MRR value exceeded 80%, stand out.

Figure 12. Mean reciprocal rank (MRR) considering the retrieval of a relevant text as an explanation
with the hackathon-pln-es model for different topics.

Finally, Figure 13 shows the number of relevant paragraphs retrieved by each model
for each position of the five considered, including the case of not having retrieved any. We
can observe that the model hackathon-pln-es did not retrieve any relevant paragraphs in only
20% of cases. That is, in 80% of cases, it retrieved at least one useful paragraph as feedback.
We can also see that the three models retrieved a relevant paragraph in the first position
in a high percentage of cases: in about 80% of the cases for the hiiamsid model, about 80%
for the hackathon-pln-es model, and about 75% for the jfarray model. The number of cases
in which two relevant paragraphs were retrieved was logically lower but still high in 40%
of cases for the hackathon-pln-es model. In about 20% of cases, three relevant paragraphs
were retrieved by the hiiamsid and hackathon-pln-es models. In very few cases, four or five
relevant paragraphs were retrieved by all models, which was expected since there were not
many relevant paragraphs in the reference texts.

Considering the most representative metrics, HR and MRR, we observed that the
hackathon-pln-es and hiiamsid models, which utilize larger vectors, delivered results that were
reliable enough to use the chosen explanations as feedback. This is especially noteworthy
when we define the hit rate as the inclusion of any relevant paragraph, even if it was not
the exact one that was selected.
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Figure 13. Number of questions for which each model retrieved a relevant paragraph as an explana-
tion of the question at each position.

Furthermore, the results for both the HR and MRR were particularly high for certain
topics, such as hash tables, connected components, and scheme selection, which involve
specialized terminology. The poorest results were linked to questions about algorithmic
cost, where the correct answer was sometimes missing from the reference text, and a similar
one was insufficient.

4.2.1. Error Analysis

When analyzing the most frequent errors encountered during the evaluation, the first
observation was that all the models encountered similar difficulties. The main source of
errors was the lack of information in the reference texts about the specific algorithm to
which a question referred. For example, consider the following question: you have a vector,
v, that stores integers in strictly increasing order, and you want to find out if there is any element
that satisfies v[i] = i. What would be the most efficient strategy to solve the problem?

The algorithm for this particular problem was not in the reference texts and the
feedback generated consisted of examples of other problems that are solved using the same
scheme in this problem, which is almost a divide-and-conquer problem.

Another common source of errors was questions related to cost. In some cases, these
questions referred to problems for which the cost did not appear in the reference texts.

Another source of difficulty was questions referring to multiple topics rather than a
specific one. In such cases, noise tended to degrade the results, as the best explanations
were sometimes not among the first five selected paragraphs.

Finally, sometimes the explanations were less precise when trying to explain why an
option was false, as the reference texts presented correct cases.

4.2.2. System Efficiency

The system demonstrated high efficiency in evaluating the semantic similarity between
each of the 232 questions and a set of five reference paragraphs for each of them. A key
advantage of this approach is that it does not require training, significantly reducing
computational overhead. The execution times for the complete set of questions varied
depending on the model used. Specifically, the hiiamsid model processed the dataset in
195.87 s, the hackathon-pln-es model in 120.87 s, and the jfarray model in 132.49 s. These
results highlight the system’s ability to perform large-scale similarity evaluations in a
reasonable time frame, making it a practical solution for real-world applications.
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4.3. Data on the Use of the Tool by Students

The tool was used during the 2023–2024 academic year by students in the course,
spanning four months from November 2023 to February 2024, when the semester ended.
As mentioned earlier, teaching was carried out online. The total number of students across
the two computer science degrees where the tool was implemented was 291, with 85% male
and 15% female students. There was also a diverse range of nationalities (Italy, Germany,
Morocco, Romania, Cuba, and Colombia), although the majority, 95%, were Spanish. Due
to data protection reasons, we do not have specific age data, but generally, the age of
students at our university (across all degrees) is considerably higher than that of students
attending in-person universities, with only one-third of them being under 30 years old.

Although the number of students enrolled in the course, including those of the two
degrees in which it is taught, was 291, it should be taken into account that the dropout rate
in distance learning is usually very high due to personal circumstances (work, family, etc.).
In fact, only 142 students took the exam, among whom, with high probability, were those
who actually used the tool.

It is common in many surveys that students with better academic performance are
more likely to participate. However, despite being aware of the limitations and possible
bias of the results, we consider that the responses collected provide valuable information
that serves as a starting point for further improvement, although, of course, we will also
try to extend the information collected to a larger number of students.

We verified that the tool had been used by 77 students, which means that more than
50% (specifically 54.2%) of students who actually took the course used the tool. Taking
into account that, in many cases, students prepare for the course just before the exam, we
consider that this is a high percentage of use.

Figure 14 shows a histogram of the number of students who answered a certain number of
questions. We can see that 26 users made limited use of the tool, answering only between 0 and
9 questions. However, the remaining 51 users, representing more than 66% of all users, showed
a good degree of adherence. Although the degree of use varied, a substantial (28, representing
more than 36%) answered more than 50 out of the 107 questions contained in the tool.

Figure 14. Histogram of the number of students who answered N questions.

4.4. Students’ Perceptions of the Tool

To gauge student perception, we conducted a survey consisting of seven questions, as
detailed in Appendix A. Figures 15–20 present the results of the anonymous questionnaire
completed by the students.

Nineteen students participated in the survey, representing approximately 25% of
students who used the tool (77, as explained above).
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The first aspect considered was the overall utility of the tool. As shown in Figure 15,
the majority of students found the tool very or quite useful, with no students indicating
that they found it unhelpful. Similarly, virtually all students considered the tool easy to
use, as shown in the results presented in Figure 16.

Figure 15. Utility of the tool as perceived by students.

Figure 16. Ease of use of the tool as perceived by students.

Another aspect students were asked to rate was the effectiveness of the personalization
mechanisms, including the incremental difficulty of the questions and the recording of
usage history. Figure 17 shows the results. Regarding whether questions on a specific topic
were presented in increasing order of difficulty (Figure 17a), there was more disparity in
opinions, as some studies have shown that students’ perceptions do not always align with
actual results [52]. In our case, the difficulty associated with each question was objectively
calculated based on students’ relative successes in exams from previous courses where
the question had been used. We also inquired about the usefulness of the tool, presenting
questions in a personalized manner and avoiding repetition of questions already answered
correctly by students, which required maintaining a usage record for each user. In this case,
as shown in Figure 17b, there was a high level of agreement among students who found
it very useful. We can see that in terms of the usage record, opinions were much more
uniform than those related to the difficulty of the questions.

Regarding the concepts for which the tool proved most useful, we can see in Figure 18
that there was a wide range of opinions, although aspects related to computational cost
and graphs stand out.

We also inquired about the usefulness of the explanations regarding answer corrections,
and the results are shown in Figure 19. The majority of students found it very useful (58%)
or quite useful (32%), with only 11% considering it of limited usefulness.

Finally, we queried students about the type of questions for which explanations are most
useful, and the results are presented in Figure 20. It should be noted that for this question,
students could select more than one response. We observed that, for general topics, questions
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related to computational cost calculation stood out, whereas for questions related to data
structures and algorithmic schemes, the results were evenly distributed. Similarly, we ob-
served that the results were the same for both theoretical and practical questions. Additionally,
students found explanations for incorrect answers particularly useful, as expected.

(a) (b)

Figure 17. Evaluation of personalization mechanisms. (a) Appropriateness of the increasing order of
difficulty of the questions for each topic. (b) Usefulness of recording the usage history of the tool by
each student.

Figure 18. Topics or concepts for which the tool is most useful.

Figure 19. Usefulness of the explanations provided by the tool in terms of the correctness of the answers.



Electronics 2025, 14, 1034 25 of 30

Figure 20. Types of questions for which explanations are most useful.

5. Discussion
Self-assessment tools are integral to modern education, offering students valuable

insights into their knowledge gaps and facilitating their learning journeys. Feedback plays
a pivotal role in this process, guiding learners in real time to identify areas for improvement
and adjust their learning strategies accordingly. While traditional feedback methods focus
on correctness, supplementary instructional feedback provides deeper insights into learners’
misconceptions and the rationale behind correct answers.

Technological advancements, particularly in natural language processing (and artifi-
cial intelligence in general), present promising opportunities for enhancing educational
tools. By automating the generation of explanations tailored to specific subjects, these ad-
vancements enable more personalized and effective feedback mechanisms. Our proposed
self-assessment tool, designed for an advanced computer science course, offers detailed
explanations for both correct and incorrect responses.

While LLMs, such as GPT, have demonstrated remarkable capabilities in generating
text across different domains, their use for generating feedback automatically without
supervision presents significant challenges. One primary concern is the potential inclusion
of erroneous or misleading responses. Language models operate by learning patterns from
vast datasets, which may contain inaccuracies or biased information. In the context of
providing feedback, this poses a risk of generating responses that are actually incorrect or
inappropriate. Moreover, feedback often requires contextual understanding and domain-
specific knowledge, aspects that may be beyond the capabilities of current language models.
Therefore, utilizing LLMs for automatically generating feedback without supervision is not
advisable, highlighting the necessity of human oversight to ensure quality and relevance
in this process. Therefore, to leverage the most advanced language representation tools
while ensuring that the explanations provided to students are highly reliable, we used
semantic similarity techniques to extract the most appropriate paragraphs from a text as
explanations for a given question.

Our exploration of different neural language models for automatically generating ex-
planations revealed significant differences in performance. The hackathon-pln-es model con-
sistently outperformed others, followed closely by the hiiamsid model. Both models share a
larger representation than the third model. These variations in performance highlight the
importance of model selection in achieving accurate and relevant feedback generation.

Furthermore, we found that the nature of the questions greatly influences the results.
Questions related to algorithmic schemes and data structures yielded higher precision and
recall rates than those concerning computational cost. This discrepancy underscores the
challenge of retrieving relevant explanations for more nuanced or specialized topics within
the field of computer science.
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We also surveyed students who had used the tool to gauge the usefulness of various
aspects. Overall, the results indicated that students highly valued the different features we
developed, especially the customization of the proposed questions and the provision of
explanations for answer correctness. In particular, students found the explanations very
helpful when they encountered failed questions.

One limitation of our study is its focus solely on theoretical issues, which make up
approximately 50% of the questions. Nowadays, it is feasible to leverage large language
models like ChatGPT to generate explanations for any question type. However, this would
need to be accompanied by suitable verification mechanisms to ensure the accuracy of the
feedback provided.

In our approach, we employed a controlled deployment of some of the latest language
models to select paragraphs that can serve as explanations. These explanations are not
erroneous as they originated from a textbook on the subject matter that has been validated
by the teaching team.

6. Conclusions
In this work, we developed a system that generates explanations for questionnaire

responses by selecting relevant paragraphs from reliable sources that provide justifications
for the answers. The system is based on semantic similarity techniques that use large
language models (LLMs) to represent the texts whose similarities are being compared.
Since the explanations are drawn from reference texts, the risk of generating incorrect
explanations is reduced, which can occur with other generative models. The system,
which focuses on theoretical questions, performs an additional classification of the types of
questions presented in the given environment to conduct more refined searches for similar
paragraphs. The evaluation of the relevance of the selected explanations shows that some
models provide an adequate explanation in up to 80% of cases.

The key contributions of our work include the development of a methodology for
automatically generating explanations by leveraging neural language models to select
relevant paragraphs from available documents. We conducted extensive evaluations of
the different models, culminating in the integration of the explanations into our self-
assessment tool, thereby enhancing feedback for students. Notably, our evaluation metrics
demonstrated the effectiveness of these models in retrieving relevant explanations.

Future Work

We plan to continue advancing along these lines, improving the automatic generation
of explanations from different perspectives.

The main limitations of the model relate to its dependence on reference texts and the
exclusion of practical questions in the process of generating explanations, and we intend to
make progress in overcoming these limitations.

In the process of generating explanations through semantic similarity, the selection
of reference texts closely related to the given question is crucial to ensure the relevance
and accuracy of the explanation provided. If the texts retrieved are too general or contain
irrelevant information, noise is introduced into the process, which negatively impacts the
clarity and usefulness of the answer given to the learner. To mitigate this problem, it is
essential to employ information retrieval strategies that prioritize reliable and contextually
relevant sources. There are several strategies for retrieving appropriate texts. For example,
in specific contexts, as in our case, Augmented Retrieval Generation (RAG) techniques
can be used, combining linguistic models such as BERT or RoBERTa with efficient search
mechanisms such as BM25 or FAISS to locate textual fragments highly relevant to the given
question. In the future, we intend to explore these possibilities.
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Another line of improvement we will explore is tuning the models with specific texts
on algorithms and data structures.

We also want to explore other ways of employing large ChatGPT-type language
models, which would also allow us to address practical issues. The responses of these
generative models are not guaranteed to be reliable, so we would check them with natural
language processing techniques and accredited reference texts, such as those used in this
work. In addition, we also want to advance the personalization of the tool, allowing
users, for example, to select whether they want the explanations summarized, detailed, or
presented with simple texts.

Other lines of research that we intend to explore include the integration of the tool
in LMSs like Moodle, the improvement of the presentation of explanations by including
resources such as images and animations, and the extension of the tool to other languages.

We also intend to validate it by generating self-assessment tools for other subjects.
This will help us test the tool on a larger population of students.
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Appendix A. Self-Assessment Tool Questionnaire
The questionnaire includes the following questions:

1. Do you think the tool has helped you improve your knowledge of the subject? (Very
much|Quite a lot|A little|Not at all).

2. Did you find it easy to use? (Very much|Quite a lot|A little|Not at all).
3. Do you think that the questions for each concept are correctly presented in increasing

order of difficulty? (Very much|Quite a lot|A little|Not at all).
4. Do you think it’s useful that the tool keeps a memory of the exercises you answered?

(Very much|Quite a lot|A little|Not at all).
5. For learning what topics or concepts did you find the tool most useful? (Cost|Graphs|

Heaps|Hash tables|Greedy scheme|Divide and conquer|Dynamic programming|
Backtracking|Branch and bound).

6. Do you consider the explanations offered by the tool about the solutions to the
different questions useful? (Very much|Quite a lot|A little|Not at all).

7. For what questions do you consider the explanation offered helpful? (Cost|Data
structures|Algorithmic schemes|Theoretical questions|Practical questions|Correct
questions|Failed questions).

8. Any comments or suggestions you would like to share with us to help us improve
the application?
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Appendix B. Examples of Explanations Generated for a Specific Question
Here are some examples of the answers provided by the models to a specific question.
Let us consider the language model hiiamsid and the following question related to

the branch-and-bound algorithm, which is TRUE: During the execution of a branch-and-bound
algorithm, a solution is found that is better than the best solution existing at that time and that
improves the optimistic estimate of the top of the mound. This implies that the algorithm has
definitely found the solution.

Five paragraphs are obtained, and the first two are as follows:
SIMILARITY = 0.678

We can write the general branch-and-bound scheme for a minimization problem as follows: The
algorithm accumulates in a heap the elements that, once completed, can be solutions to the problem.
In the heap, they are kept sorted by an optimistic estimate. . .

RELEVANT
SIMILARITY = 0.611
Branch and bound is also a scheme for exploring an implicit directed graph. In this scheme,

the nodes are not explored following the sequence in which they have been generated, as done in the
backtracking scheme, but the function to be optimized is used to establish preferences between the
nodes to be explored. The path is now directed by the most promising active node, so that. . .

RELEVANT
SELECTED
The hackathon-pln-en model also selects the same paragraphs, although the associated

similarity values are different, with 0.678 for the first paragraph and 0.611 for the second
one. In the case of this question, the same is true for the remaining model, jfarray.

The specific similarity values are not taken into account (they are not comparable
across different models), except for selecting the five most relevant within each model and
establishing an order among them. In the previous example, both paragraphs are relevant
and could be useful as feedback. However, the second one was selected as it provides a
clearer explanation of why the statement is TRUE. However, the first would also have been
perfectly valid.
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