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Abstract. Understanding code is a major challenge for beginning programming
students, especially as Large Language Models (LLMs) have made code genera-
tion easier than understanding. Despite the availability of various assessment
instruments, many approaches still analyze this skill through isolated tasks and
results based solely on correct answers or grades. To address this problem, this
work proposes the Three-Dimensional Comprehension (3DC) model, a multi-
dimensional approach to diagnosing code comprehension. To operationalize
the model, the LIFC process was developed, integrating multiple assessment
instruments and tasks to collect and triangulate evidence generated by students
during program reading and interpretation activities. The proposal also defines
the LOAD diagnostic profiles, which represent different comprehension patterns
observed among beginning students. Preliminary results indicate that integrating
multiple pieces of evidence enables the identification of specific difficulties that
traditional assessments based solely on final performance cannot adequately
capture. Thus, the 3DC model seeks to support more detailed diagnoses and
more targeted pedagogical interventions in introductory programming education.

1. Introduction

Although code comprehension is a historically recognized problem, the use of Large
Language Models (LLMs) has introduced a new scenario that has widened the gap between
producing code and effectively understanding it, as identified by |[Andersen-Kiel and|

[Linos| (2024).

Several teaching strategies are found in the literature to improve code comprehen-
sion. Among them, some gain greater relevance in this new scenario, with an emphasis on
[Zavala and Mendozal (2017)), suggesting the importance of first mastering the reading and
comprehension of programs before subsequently manipulating and writing them. These
strategies provide a set of instruments and tasks that aim to measure and improve the
reading and interpretation of the program.

The works [Lister et al] (2004), [Wyrich et al] (2023)), and [Cavalcanti and An{
(2025)) identify some of these instruments, which typically use tasks such as predict-
ing program output, tracing execution, identifying errors, explaining code snippets, and
debugging programs. Using multiple such tasks in the comprehension assessment process
provides a more comprehensive view of the student, as stated by [Feitelson| (2021])).

DOI: 10.5753/shie.2026.26889 190



XV Congresso Brasileiro de Informatica na Educagdo (CBIE 2026)
Anaisdo XXXVII Simposio Brasileiro de Informatica na Educacdo (SBIE 2026)

As a contribution, this work proposes the 3DC model, a multidimensional approach
to analyzing code comprehension among novice students. To this end, the model uses the
LIFC process, which combines different assessment instruments to identify comprehension
profiles and diagnose the main difficulties presented by students.

Although LLMs have reduced barriers related to code generation and modification,
understanding such codes appears to remain an unaddressed gap. This gap is reinforced

by the analysis conducted by [Lehtinen et al](2023), in which 27% of the students were
unable to answer simple questions about their own code developed.

This scenario reinforces the need to investigate approaches capable of encouraging
and assessing comprehension in a deeper and more multidimensional way, especially in a
context in which writing code is no longer necessarily evidence of understanding.

To address this gap, this study is guided by two research questions: “How can
novice students’ code comprehension be modeled to represent different learning pro-
files?”, and “How can novice students’ code comprehension be diagnosed through multiple
assessments?”.

The remainder of this paper is organized as follows. Section 2] presents the theo-
retical background on code comprehension and discusses related multidimensional per-
spectives. Section [3] introduces the Three-Dimensional Comprehension (3DC) model
and its diagnostic profiles. Section 4| describes the LIFC process, which operationalizes
the proposed model through a structured sequence of assessment activities. Section [5]
presents the experimental methodology adopted in the study, while Section [6] discusses
the preliminary results obtained from the application of the proposed approach. Finally,
Section[7] presents the conclusions, limitations, and directions for future work. The artifacts
produced in this study are available in a public repositoryﬂ

This research was conducted according to CNS Resolution No. 510/2016 for

research in the Humanities and Social Sciences and was approved by the Research Ethics
Committee under CAAE No. 92096425.5.0000.5185.

2. Background

In the literature, several works support the idea that students should first learn to read code
and then write new code. For example, [Zavala and Mendoza (2017) empirically showed
that students should sequentially master the reading and interpretation of programs, code
manipulation, and, finally, code writing.

The systematic review presented by [Wyrich et al.| (2023)) indexed 95 studies related
to code comprehension since 1979, with about half of them (51.6%) published from 2015
onward. This review identified that no formal consensus has been established on the
definition of “Code Comprehension”. In each work, the construct is defined on the basis
of the respective metrics used to assess it. As a result, several experiments were found to
measure comprehension in different ways, making it difficult to compare these studies.

However, most of the analyzed works (81%) require participants to “provide infor-
mation about the code”, with emphasis on the study by [Shneiderman and Mayer] (1979),

Thttps://github.com/valeriacavalcanti/sbie_2026
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which presented a cognitive model that integrates semantic and syntactic aspects in pro-
grammers’ tasks, serving as inspiration for other works that later emerged in this area.

The code is not an ordinary text and requires specific cognitive processes from the
reader, involving the recognition of structures, behavior prediction, mental simulations,
and the recognition of functional abstractions. Given this cognitive complexity, several
studies have investigated how programmers understand code and which mental processes
are involved in this activity. [Pennington| (1987) conducted this analysis and concluded that
programmers first understand how instructions are executed and later, with greater effort,
for example, during maintenance tasks, understand what the program does.

These studies contributed to consolidating the idea that program reading is not
based solely on syntactic understanding of the language, but also on the ability to organize
information across multiple levels of abstraction, integrating structural, semantic, and
functional aspects during the reading and analysis of programs.

Based on the perspective of [Feitelson| (2021)) that code comprehension should not
be represented by a single skill, task, or assessment metric, and considering that each of
these tasks generates evidence based on distinct cognitive aspects involved in reading and
interpreting programs, multidimensional models emerge in this context to analyze code
comprehension.

Among the multidimensional models found in the literature, the “Block Model”
by (2008) stands out. This model maps the evidence produced by students into
dimensions, namely “Text surface”, “Program execution”, and “Functions”, while consid-
ering levels of granularity, namely “Atoms”, “Blocks”, “Relations”, and “Macrostructure”.
The dimensions represent different ways of understanding the code, while the levels of
granularity represent the size or complexity of the element being analyzed. In this context,
comprehension no longer considers only performance in isolated tasks, but instead inter-
prets multiple interdependent competencies evidenced by students during programming
activities.

The “Block Model” was proposed to support the planning and analysis of program-
ming education, organizing different perspectives for reading and analyzing programs.
The model made a significant contribution to consolidating code comprehension as a
multidimensional phenomenon, in addition to inspiring several studies in the area.

However, the model provides limited support for the individualized diagnosis of
difficulties presented by novice students during program reading. Although it makes it
possible to identify dimensions and levels of granularity involved in program reading,
the “Block Model” does not define how to integrate evidence produced by multiple
assessment instruments, nor how to transform this evidence into diagnostic profiles capable
of representing students’ specific difficulties.

In view of these limitations, this work is motivated by the need to gather evidence
produced in different code reading, analysis, and interpretation activities, considering mul-
tiple cognitive competencies associated with code comprehension. From this perspective,
the next section presents the 3DC model, proposed to integrate different dimensions of
code comprehension and support the construction of more detailed diagnoses of novice
students’ difficulties.
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3. 3DC Model

Grounded in works that introduced the cognitive dimensions explored in this research,
such as[Pennington| (1987)), in which code comprehension results from the construction
of two models, namely the “Program Model” and the “Situation Model”; (2008),
which introduced a multidimensional model for analyzing program comprehension; and
(2023), which states that building a coherent mental model of code requires the
levels of understanding “Problem Level”, “Program Level”, and “Their Relationship”.

Considering that there is no formal definition in the literature, this work defines
code comprehension as: “the ability to interpret the structure of code, understand how it
behaves during execution, and relate this behavior to the problem that seeks to solve”.

The “Three-Dimensional Comprehension” (3DC) model assesses competencies
specifically related to the reading, interpretation, and analysis of code produced by novice
programming students or by third parties. This model is defined as a multidimensional
construct resulting from the integration of the following dimensions.

» Syntactic: Represents the recognition of the program’s textual structure. That is,
the ability to recognize, interpret, and use the lexical and grammatical elements of
a programming language correctly.

* Control-Flow: Represents the understanding of the program’s dynamic execution.
That is, the ability to build a mental model of code execution by following the
control flow, state evolution, branches, repetitions, function calls, and the effects of
instructions on memory.

* Functional: Represents the understanding of the program’s functional purpose.
That is, the ability to understand the problem, the functional objective, and the
computational intent of a piece of code, relating it to the problem domain.

The cognitive competencies associated with each dimension serve as references
for interpreting the evidence produced by the students during the programming activities.
Based on this evidence, it is possible to identify the difficulties frequently presented by
novice students.

This model adopts multiple instruments as complementary sources of evidence.
Thus, code comprehension can be characterized in a broader and more multidimensional
way, allowing different diagnostic profiles of code comprehension among novice students
to be represented.

For example, a student may correctly recognize syntactic structures without being
able to predict the program’s behavior during execution, whereas another may partially
understand the functionality of the code while still showing difficulties in the detailed
interpretation of specific structures.

To support more targeted pedagogical interventions, the 3DC model maps the fol-
lowing diagnostic profiles resulting from the intersections among the model’s dimensions.

 Literal Textual Comprehension (L): In this profile, the student understands
the problem and correctly recognizes syntactic elements but reads the code in
a linear and static way, without adequately constructing the Notional Machine
[Wilson et al. 2024]. This limitation makes the debugging process almost intuitive
or based on trial and error.

193



XV Congresso Brasileiro de Informética na Educagéo (CBIE 2026)
Anaisdo XXXVII Simpésio Brasileiro de Informatica na Educacéo (SBIE 2026)

* Operational Comprehension (O): In this profile, the student understands the
syntax of the code and is able to simulate its execution through tracing, but has
difficulty relating the observed behavior to the domain or functional purpose of the
problem. As a consequence, the student has difficulty recognizing patterns, reusing
solutions, and adapting the same logic to similar problems.

* Algorithmic Reasoning (A): In this profile, the student is able to understand
the algorithmic strategy used to solve the problem, recognizing relationships be-
tween computational structures and solution patterns. However, the student shows
syntactic weaknesses that limit code maintenance, especially correction.

* Deep Code Comprehension (D): The student integrates the three domains and
is able to explain, trace, modify, correct, and transfer the program logic to new
contexts.

Figure[T|presents the intersections between the model dimensions and the associated
LOAD diagnostic profiles.

G Literal Textual Comprehension

Control-Flow

Q Operational Comprehension

e Algorithmic Reasoning

Functional Syntactic

@ Deep Code Comprehension

Figure 1. LOAD Diagnostic Profiles in the 3DC Model.

In summary, through the integration of instruments, the observed evidence is
mapped through the competencies of each dimension. The 3DC model seeks to transform
observations produced during programming activities into diagnostic profiles capable of

supporting more targeted pedagogical interventions. Figure [2] presents an overview of
3DC.

@ Evidences
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Dimensions Intervention
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Profiles

Figure 2. Overview of the 3DC Model.

In this context, assessment instruments are no longer used only for assigning grades,
but instead function as sources of cognitive evidence about students’ code comprehension.
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Thus, rather than classifying comprehension only as “correct” or “incorrect”, or through
a taxonomy, the 3DC model seeks to identify which aspects of comprehension are more
developed and which require attention.

Once the 3DC Model has been presented, the question remains as to how this
information can be observed and organized in practice. In this context, the next section
presents the LIFC process, responsible for operationalizing the proposed model.

4. LIFC Process

This process is based on the premise that understanding code is not only about
“knowing how to explain” (QLCs, [Lehtinen et al. 2023]]) or “verbalizing” (Think-aloud,
[Teague and Lister 2014]) what one is thinking, but rather being able to demonstrate such
understanding through observable actions. In this context, the choice of instruments was
guided by the principle of minimizing subjective judgments and the problems arising from
communication in the natural language.

The methodology is organized into phases without feedback, such as whether
the student was “right or wrong”. In this way, the learning effect during the analysis is
eliminated. The idea is to measure the current state, not learning during the assessment
process. Since students do not know how they performed, they move on to the next phases
carrying their conceptions (correct or incorrect), thus avoiding the bias of demotivation.

The LIFC process (Leveling, Inference, Functionality, and Comparison) opera-
tionalizes the 3DC model through a structured protocol for collecting, organizing, and
triangulating evidence produced by students during code reading, analysis, and modifica-
tion activities. It is described as follows:

* Leveling (L): This first phase is inspired by the work of [Lister et al.| (2004),
which investigated the level of programming knowledge and problem-solving
ability through the application of a multiple-choice questionnaire. Similarly, it is
also necessary to examine the hypothesis that the student may be “guessing” an
alternative. In addition, it is necessary to verify whether the presence of the correct
alternative acted as a trigger for the student to answer correctly;

* Inference (I): Unlike the previous phase, the objective here is to force the student
to seek the answer without the visual support of alternatives, that is, only by reading
the code. This phase was inspired by the work of [Hannebauer et al.| (2018)), which
presented a code with gaps that needed to be filled only by analyzing the context.

* Functionality (F): In this phase, it is necessary to connect a set of clues that
determine the overall objective of the code. The intention is to assess the student’s
ability to verify whether the behavior of the code satisfies the proposed problem,
inspired by [Banweer and Trytten| (2024)). If the student states that it does, they must
perform a guided refactoring of the code. If the student states that it does not, they
must present the corrected code. These maintenance tasks were inspired by the
work of (20T15).

* Comparison (C): In this phase, inspired by [[zu and Mirolo| (2020), the student must
analyze a correct reference code, which solves the problem presented, together with
other code pieces. For each code presented, the student must perform a comparative
analysis to determine whether the code presented is functionally equivalent to the
reference code.
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As a way of observing specific cognitive competencies in a more controlled and
interpretable manner, LIFC analyzes how students interpret basic computational structures,
referred to as “Computational Patterns”, explored in introductory programming courses
through different instruments and across different phases.

The “Pattern” is the object of analysis, and the same “Pattern” can generate different
evidence depending on the task applied by the instrument. For example, the accumulator
Pattern can be analyzed through tracing, debugging, code comparison, or test genera-
tion tasks, producing evidence related to the Syntactic, Control-Flow, and Functional
dimensions of 3DC.

The choice of instruments to be used in each phase is essential for capturing the
essence of the 3DC Model. Figure [3] shows the LIFC phases, with emphasis on the
“Accumulator” Pattern used as an example.

& @e )
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Figure 3. The LIFC Process.

4.1. Interpreting Evidence

In this work, diagnosis represents the process of interpreting the evidence produced by
the students, whereas the LOAD profiles represent the results inferred from this process.
In this case, the diagnosis is not based on a single instrument, nor is it based on a single
correct or incorrect answer. Profiles are identified based on the evidence produced in
the different phases of the process. Thus, recurring difficulties associated with certain
cognitive competencies make it possible to infer weaknesses related to the dimensions of
the 3DC model.

For example, students who demonstrate syntactic mastery but consistently have
difficulty predicting the program’s dynamic execution tend to show characteristics associ-
ated with the “Literal Textual Comprehension” profile. Likewise, students who are able to
perform tracing correctly but have difficulty understanding the functional purpose of the
code show evidence associated with the “Operational Comprehension” profile.

In LIFC, the evidence produced by the students is interpreted using diagnostic
rubrics associated with cognitive competencies. In this context, rubrics function as support
mechanisms for identifying recurring evidence patterns related to the dimensions of the
3DC model. Thus, the same activity can produce syntactic, operational, and functional
evidence at the same time.

196



XV Congresso Brasileiro de Informatica na Educagdo (CBIE 2026)
Anaisdo XXXVII Simposio Brasileiro de Informatica na Educacdo (SBIE 2026)

For example, in an activity involving the accumulator pattern, a student may cor-
rectly follow the update of the variable “t ot a1” during program execution, demonstrating
evidence related to the “Control-Flow” dimension. However, the student may have diffi-
culty perceiving that the code is calculating, for example, the total sum of values in a list,
indicating weaknesses associated with the “Functional” dimension.

In this way, rubrics help transform observable evidence into inferences used in the
construction of diagnostic profiles. Rather than representing only performance, the process
seeks to interpret how different cognitive competencies interact during programming
activities.

5. Experimental Methodology

Before conducting the experiment with students, an exploratory evaluation was performed
with expert professors, with the aim of analyzing the conceptual clarity, diagnostic coher-
ence, and pedagogical feasibility of the proposal. Three professors with more than 15 years
of experience in the introductory programming education participated in this evaluation.
They assessed the 3DC model, the LOAD profiles and the LIFC process as coherent,
understandable, and potentially useful to support the diagnosis of code comprehension.

The experiment with students was organized into four sequential stages, following
the structure of the LIFC process. Each stage was designed to produce evidence related to
the Syntactic, Control-Flow, and Functional dimensions of 3DC, as follows:

1. Stage 1 (Leveling): Students answered objective multiple-choice questions related
to basic programming structures. The objective of this stage was to identify
initial evidence related to syntactic interpretation, code execution, and functional
understanding of small program snippets.

2. Stage 2 (Inference): In the second stage, students performed fill-in-the-gap activi-
ties in incomplete code snippets. The objective of this stage was to analyze students’
ability to infer missing code segments from the context of the code, producing
evidence related to the Syntactic and Control-Flow dimensions.

3. Stage 3 (Functionality): In the third stage, the students received the statement of a
computational problem and examples of input and output. Initially, participants
were asked to produce new test cases for the given problem. Then, they received a
reference code and had to analyze whether it would correctly solve the proposed
problem. This reference code could be semantically correct or not; that is, it
contained no syntactic error. If students considered the code correct, they performed
a guided maintenance activity. If they considered the code incorrect, they were
asked to carry out an activity involving the correction of logical errors.

4. Stage 4 (Comparison): In the fourth and final stage, the students participated
in a functional equivalence analysis activity. In this activity, they received the
correct code for the proposed problem and had to compare it with different im-
plementations related to the same problem. The different implementations were
based on superficial changes, redundancies, and logical errors. The objective of
this stage was to investigate evidence related to algorithmic abstraction, functional
equivalence, and knowledge transfer.

A total of 35 novice programming students participated in the experiment. All
participants were enrolled in an introductory Python-based Computer Science (CS1) course
and had already studied fundamental programming concepts and control flow structures.
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The study was organized into four stages. Stage 1 consisted of 12 multiple-choice
questions (67 patterns), while Stage 2 used four code snippets containing fill-in-the-gap
activities (25 patterns). Stage 3 was divided into three sub-stages, each containing two
programming problems, totaling 14, 24, and 12 patterns, respectively. Finally, Stage 4
involved functional equivalence analysis activities using five code implementations for
each problem, generating 46 patterns. This distribution allowed the same concepts to be
observed from different perspectives throughout the LIFC process.

The LOAD profiles were assessed based on the recurrence of evidence produced by
the students throughout the different stages of the experiment, considering the Syntactic,
Control-Flow, and Functional dimensions of the 3DC model. To support the application
of the experiment, a computational tool was developed to collect the evidence produced
during the tasks in each stage. This tool is intended exclusively for research purposes and
is not yet available to the public. It will be released in a future version after undergoing
further refinement and validation.

The experiment was conducted in a controlled environment, and the students did
not have access to the Internet or any other type of devices. As a form of motivation, the
result was factored into the course assessment.

6. Results

Before analyzing the results, the responses produced by the students in the different stages
of the LIFC process were transformed into observable evidence of code comprehension.
To this end, each activity in the experiment was previously analyzed with the aim of
identifying the “Computational Patterns” required for its completion. The selection of
patterns was considered the predominant cognitive objective of each stage, so only elements
directly related to task comprehension were used in the analysis.

Each identified pattern was associated with one of the dimensions of the 3DC model:
Syntactic, Control-Flow, or Functional. The students’ responses were then analyzed to
verify whether they presented evidence of mastery or difficulty in the evaluated patterns.
Thus, the unit of analysis used in this study was not the individual question but the
evidence produced about each pattern throughout the different stages of the experiment.
This strategy made it possible to aggregate evidence from different tasks within the same
model dimension, enabling a more comprehensive analysis of the code comprehension of
the participants.

Based on the evidence collected, it was possible to calculate the proportion of
correct and incorrect answers produced by the students in each dimension of the 3DC
model throughout the different stages of the LIFC process. Since each stage was designed
to observe distinct manifestations of code comprehension, the analysis of the percentages
of correct answers makes it possible to investigate how participants’ performance varies
as the tasks require increasing levels of interpretation, validation, diagnosis, maintenance,
and abstraction.

Fig. @] presents the individual performance of the students in the three dimensions
of the 3DC model. Overall, the Syntactic dimension showed the highest accuracy rates,
with high values for most of the participants. This result suggests that students find it easier
to recognize and interpret syntactic elements of the language.
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Figure 4. Student Performance in the 3DC Dimensions

On the other hand, the Control-Flow and Functional dimensions showed greater
variability among students. This indicates that some participants encountered difficulties in
understanding the dynamic execution of programs and, especially, in relating code behavior
to the problem it seeks to solve.

It is also possible to observe that while some students showed high and balanced
performance across the three dimensions, others obtained good results only in the syntactic
dimension. This behavior reinforces the multidimensional nature of code comprehension
and suggests the existence of different comprehension profiles among the participants, as
proposed by the 3DC model. These findings also suggest that comprehension skills evolve
at different rates, highlighting the importance of assessing each dimension independently
rather than relying on a single global measure.

To complement the visual analysis presented in the heatmap, Figure[5] presents the
distribution of the students’ performance in each dimension of the 3DC model through
boxplots. Descriptive statistics are presented in Table[I] Although the heatmap allows one
to observe the individual behavior of participants, the boxplot provides an aggregated view
of the distribution of results, highlighting measures of central tendency and dispersion.
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Figure 5. Distribution of Student Perfor- tics across the 3DC di-
mance Across 3DC Dimensions mensions.

It can be observed that the Syntactic dimension showed the highest median and
mean performance among the three dimensions, indicating that, in general, students
demonstrated greater mastery of competencies related to the interpretation of code structure.
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In contrast, the Control-Flow and Functional dimensions showed lower means and medians,
as well as a greater dispersion in the results. The presence of extreme values in these
dimensions indicates that some students had significant difficulties in understanding the
dynamic execution of programs and relating their behavior to the functional objective of
the problem.

These results corroborate the evidence observed in the heatmap and reinforce that
code comprehension is not distributed homogeneously across the dimensions of the 3DC
model, revealing different levels of proficiency among the participants.

After the aggregated analysis of the dimensions of the 3DC model, an individual
analysis was carried out with the aim of illustrating how the evidence produced throughout
the LIFC process can be used to infer LOAD profiles. Unlike previous analyzes, which
present general class trends, this evaluation seeks to demonstrate how the recurrence and
stability of evidence make it possible to build more detailed diagnoses of a specific student’s
code comprehension. The following example illustrates how the proposed taxonomy was
applied to categorize the students’ responses. Due to space limitations, not all responses
are presented.

The student analyzed showed a performance of 86.2% in Syntactic, 48.5% in
Control-Flow, and 24.3% in Functional, revealing a significant difference among the three
dimensions. Although the student demonstrated strong mastery of competencies related to
the interpretation of the code structure, the performance in competencies associated with
understanding the execution of the program and the functional purpose was substantially
lower.

The analysis of the LIFC stages showed that several correct answers obtained in the
initial activities were not confirmed in later stages, especially when tasks started to require
inference, diagnosis, maintenance, and functional comparison. In addition, persistent
difficulty and instability were observed in several patterns associated with the Control-
Flow and Functional dimensions, whereas the syntactic patterns remained consistently
confirmed.

Overall, these pieces of evidence suggest characteristics compatible with the Oper-
ational (O) profile, in which the student is able to adequately recognize syntactic elements
of the code, but has difficulty constructing a consistent mental model of its execution and
relating this behavior to the computational problem that the program seeks to solve.

Using the minimum-dimension criterion, most students were classified as L (46%)
or O (40%), while 14% were classified as A and none as D. Since the LOAD profile is
defined solely by the student’s lowest-scoring dimension, these results depend directly on
the adopted classification strategy. Investigating alternative classification methods is left
for future work.

7. Conclusions

This work presented the Three-Dimensional Comprehension (3DC) model, a multidi-
mensional proposal for representing and diagnosing code comprehension among novice
programming students. Unlike approaches that assess this ability through isolated tasks or
solely based on final performance, the model organizes the evidence produced by students
into three complementary dimensions: Syntactic, Control-Flow, and Functional.
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To operationalize the model, the LIFC process was proposed, integrating different
assessment instruments into a structured sequence of code reading, inference, functional
analysis, and code comparison activities. Based on this evidence, the LOAD diagnostic
profiles were defined, allowing interpreting recurring patterns of comprehension and
difficulty presented by the students.

The results obtained indicate that code comprehension does not manifest itself
homogeneously across the evaluated dimensions. Overall, students performed better in the
Syntactic dimension, while more significant difficulties were observed in the Control-Flow
and Functional dimensions. In addition, individual analysis showed that the evidence
produced at different stages of the process can reveal difficulty patterns that would not be
identified by traditional assessments based only on correct answers or final scores.

In response to RQ1, the results suggest that code comprehension can be represented
through a multidimensional model capable of characterizing different learning profiles.
Regarding RQ2, the results indicate that the integration of multiple instruments and
evidence allows more detailed and interpretable diagnoses of students’ difficulties to be
constructed.

As its main contribution, this work proposes a structured way to transform observ-
able evidence produced during programming activities into more informative pedagogical
diagnoses. The 3DC model, the LIFC process, and the LOAD profiles are expected to
support teachers and researchers in identifying specific code comprehension difficulties
and in planning more targeted pedagogical interventions.

In future work, we intend to expand the experimental application with a larger
number of participants and continue investigating the stability of the LOAD profiles. We
also intend to correlate the results with development activities. Finally, we will recommend
pedagogical interventions for each LOAD profile.

8. Threats to Validity

This study presents some limitations. The main threat is related to the interpretation of the
evidence used to represent the dimensions of the 3DC model and infer the LOAD profiles,
since this process involves decisions based on rubrics and on the mapping of Computational
Patterns. In addition, factors such as motivation, attention, and interpretation of the problem
statements may have influenced some of the students’ responses.

9. Statement on the Use of Artificial Intelligence

During the preparation of this article, the ChatGPT tool was used to support grammatical
review, reorganization of textual passages, and suggestions to improve the writing of the
article. All decisions related to study design, data analysis, interpretation of results, and
conclusions were made by the authors.
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